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Chapter 1

Over the past few years, Artificial Intelligence (AI) has become an increasingly integral part 
of our daily lives. It has transformed the way we listen to music, drive our cars, and search 
for information online [1,2]. AI mimics ‘intelligent behavior’ and sometimes even exceeds 
human capabilities when performing specific tasks [3]. Beyond the applications of AI in daily 
life, there is the hope that AI may contribute to resolving the healthcare crisis of soaring costs 
and staff shortages [4]. To this extent and to improve patient outcomes, many AI applications 
have been developed in the last 20 years, ranging from reducing administrative workload 
to supporting decision-making and diagnosing diseases [5,6]. Despite the rise in academic 
publications on the development of AI tools for clinical purposes [7], the number of applications 
implemented in clinical practice is small [8]. The lack of AI tool implementations also applies 
to the clinical domains of perioperative and critical care medicine, where patients face a high 
risk of complications and a large proportion of hospital expenses are made [9, 10].

Accurately predicting patient outcomes using AI may reduce the impact and costs of these 
complications by allowing more timely diagnosis and intervention, ultimately being of value to 
clinicians, patients, and society. This dissertation therefore focuses on the clinical applicability 
of AI-based prediction tools to impact perioperative and critical care. To contribute to the safe 
and effective implementation of AI in perioperative and critical care, the challenges related to 
human factors, data heterogeneity, model validity and performance, and ethical considerations 
are studied throughout the model development and implementation lifecycle.

1.1.	 Artificial Intelligence and Machine Learning in Healthcare
Artificial Intelligence is the umbrella term for a wide range of mathematical algorithms, including 
Machine Learning models. These models learn from various data types to perform specific 
tasks. Such tasks range from image segmentation for tumor treatment planning and providing 
patient conversation summaries to predicting patient outcomes [11-13]. This dissertation 
focuses on clinical outcome prediction (e.g., the risk of intensive care unit readmission or 
postoperative infection) to support healthcare professionals in decision-making. To perform 
this prediction task, the model is fed with thousands of historical patient records for which 
it is known whether the clinical outcome of interest occurred. As a result of this so-called 
‘supervised learning’, the model can predict the probability of the outcome occurring as a 
prognostic tool for new incoming patients.

In perioperative care, postoperative infections greatly impact other adverse patient outcomes, 
hospital length of stay, quality of life, and costs [14]. To be able to identify patients with 
postoperative infections sooner, predicting the risk of infection after surgery may result in 
earlier diagnosis, and treatment, potentially resulting in reduced hospital length of stay and 
improved patient outcomes. The AI tool PERISCOPE was therefore developed by the start-up 
Healthplus.ai in collaboration with the Leiden University Medical Center. PERISCOPE provides a 
7-day and 30-day risk prediction of infection directly after surgery and summarizes all relevant 
infection-related patient factors to support physicians and nurses in identifying patients at 
risk of infection. 
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To allow integration into the daily workflow, PERISCOPE is developed to be integrated into the 
local hospital electronic health record (EHR). See Figure 1 for an example PERISCOPE dashboard 
for a fictive patient. While the development of AI tools comparable to PERISCOPE is not novel, 
the road from development to implementation to be of clinical value to clinicians and patients 
needs further research. In this dissertation, the development and evaluation of PERISCOPE 
is a central theme, but the findings may often apply to other AI tools in the clinical domain.

1.2.	 The AI for healthcare development and evaluation trajectory
With the rise of AI for clinical applications, numerous frameworks have been established to guide 
the development and evaluation of safe and effective tools before implementation into clinical 
practice [7, 15]. The central aim of these frameworks is to ensure proper methodology steps for 
developing and validating AI tools. Ranging from data preparation and validation in different 
settings to software application development, clinical impact evaluation, implementation, 
regulatory compliance, and monitoring. Furthermore, the field of fair-AI focusses on identifying 
and mitigating biases in underlying data, predictions, and decision-making. Unfair use of AI 
mostly impacts minority groups and can increase healthcare disparities.

Figure 2: AI development and evaluation trajectory key elements, specified for PERISCOPE, adapted from [7]. 
Bold items in the ‘key elements’ list are the specific parts covered in this dissertation. EHR = electronic health 
record, GDPR = general data protection regulation, MDR = medical device regulation.
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This dissertation is mostly centered around developing the AI tool PERISCOPE. We aimed to cover 
the phases analogous to those of drug research for PERISCOPE, to enable safe implementation 
into clinical practice (Figure 2) [7]. As PERISCOPE is a commercial tool that needs to comply 
with the European Medical Device Regulation (MDR), we identified several gaps that could 
be added to the framework. These gaps include cost-effectiveness studies to evaluate the 
(potential) impact on patient outcomes and costs, software application development, user 
interface testing through usability research, integration into the EHR, and long-term evaluation 
of patient outcomes and costs. While all the key elements are conducted or planned for 
PERISCOPE, this dissertation does not cover all parts of the trajectory in full.

1.3.	 AI model evaluation metrics
Different evaluation metrics are used to quantify the performance of AI tools for predicting 
patient outcomes in phase I and II (Figure 2). To evaluate model performance in a population, 
the predictions are compared to a ‘ground truth’, i.e., the label. In PERISCOPE, this implies that 
the predictions of postoperative infections are compared to whether a patient developed an 
infection after surgery according to the established diagnostic criteria. Predictive models are 
usually evaluated amongst three domains (Figure 3): 1) discrimination (main metric: Area under 
the receiver operating characteristic curve (AUROC), 2) calibration (main metric: calibration 
slope and intercept), and 3) clinical utility (main metric: net benefit) [16]. 

Figure 3: Quantitative evaluation domains for clinical prediction tools with main outcome measure(s) and 
example graphs [19, 20].

1
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A wide array of other model performance metrics has been determined [17, 18], this dissertation 
is centered around these three metrics as they are established to be most important for informing 
decisions with prediction scores between 0-100%. A specific classification threshold is chosen 
to determine when a prediction is positive or negative for classification models resulting 
in a binary outcome (e.g., to prescribe antibiotics or not). The choice of the classification 
threshold determines for example the sensitivity and specificity of the model as determined 
by the confusion matrix including the true and false positive and negative predictions [19].

1.4.	 Research questions
This dissertation’s overall aim is to investigate the potential of AI in predicting outcomes in 
perioperative and critical care. The three specific research questions are as follows:

1.	 What are the human and data-related challenges associated with developing and integrating 
AI-based prediction models into clinical practice?

2.	 How can we ensure the validity and fairness of AI-based prediction models across various 
clinical settings?

3.	 How effective is AI in predicting patient outcomes, and how does its performance compare 
to physicians?

1.5.	 Data sources
Various data sources are used throughout this dissertation, including observational EHR data 
from three hospitals in the Netherlands and Belgium, including 253,010 surgical patient records 
in total, and the open-source EHR database MIMIC-IV [21]. The focus is on observational, 
routinely collected EHR data in tabular format. Furthermore, questionnaire data was collected 
amongst intensive care unit physicians, surgeons, and surgeons in training.

Table 1: Used data sources throughout this dissertation. EHR = Electronic health record.

Chapter Data type Source Total dataset size

3 Questionnaires Leiden University Medical Center and 
the Amsterdam University Medical 
Center

64 questionnaires

5 Observational EHR data Leiden University Medical Center 59,106 procedures

6 Observational EHR data Leiden University Medical Center, 
Radboud University Medical Center, 
Hospital Oost Limburg (Belgium)

253,010 procedures

7 Observational EHR data 
and questionnaires

Leiden University Medical Center 2,280 procedures and 
544 questionnaires

8 Observational EHR data Leiden University Medical Center, 
MIMIC-IV [12]

15,482 procedures
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1.6.	 Outline: The AI development lifecycle
The chapters of this dissertation align with the phases identified in Figure 2. Initially, an 
introduction to AI in perioperative care with current applications, challenges, and opportunities 
is presented in chapter 2.

Phase 0: Preparations prior to model development
Before starting to develop AI-based prediction models for clinical application, the clinical problem 
should be defined in collaboration with relevant stakeholders, leading to a predicted outcome 
of interest. Whether AI is the appropriate technology to address the clinical problem, both data 
challenges as well as end-user acceptance of this new technology should be studied. As part 
of ‘phase 0: Preparations prior to model development’, chapter 3 covers a pre-implementation 
survey study among intensive care unit physicians to investigate their perspectives on AI and 
their current clinical decision-making behavior. In chapter 4, an essential challenge of using 
AI In clinical practice is covered i.e., the difficulty in identifying patients for the outcome of 
interest in readily available EHR data. This chapter is focused on the different methods used 
to identify patients with (postoperative) infections in prediction and surveillance studies.

Phase 1: AI model development
The next step is to develop and optimize an AI model on high-quality EHR data. Preparing patient 
data and evaluating data quality requires a lot of data exploration, mapping, and cleaning. 
Furthermore, the predicted outcome of interest (in the PERISCOPE case that is ‘postoperative 
infections’) should be identified in the data where we face the challenge of under-registration 
of complications in EHRs. ‘Phase I: AI model development’ aligns with chapter 5, where a 
feasibility study of PERISCOPE is presented with internal validation results and a validation 
of the label definition of postoperative infections.

Phase 2: Assessment of AI performance and reliability
After the development of the AI model, extensive validation should be performed to assess AI 
performance and reliability in different settings. Traditionally, external validation of prediction 
models is performed by directly applying the model to new, unseen data. However, data 
heterogeneity and differences in patients and protocols may require updating of AI models 
to achieve comparable performance to internal validation results. Therefore, the external 
validation and updating of PERISCOPE (Phase II: Assessment of AI performance and reliability) 
is presented in chapter 6 in a multicenter validation setting.

Phase 3: Clinical testing of AI
Whether the AI model outperforms the ‘state-of-the-art’, i.e., the established way of working 
including other predictive modeling tools is studied in the phase of clinical testing of AI. 
Ultimately, the impact of AI tools on patient outcomes and costs is investigated in clinical trials. 
While no clinical trials have yet been for PERISCOPE, ‘phase III: Clinical testing AI’ is touched 
upon in chapter 7, where the performance of PERISCOPE is compared to those of physicians.

1
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Phase 4: Implementing and governing AI
The implementation of AI in clinical practice requires specific considerations in terms of e.g., 
regulatory approvals, integration in the workflow, and monitoring of model performance. 
Furthermore, while AI aims to improve patient outcomes, careful consideration of its ethical 
implications and governance is essential to prevent exacerbating health disparities. The fair 
application of AI (phase IV: implementing and governing AI) is discussed in chapter 8 where 
two distinct use cases are presented along the theoretical frameworks provided for AI fairness 
evaluation.

1.7.	 Terminology
The field of AI is bothered with an abundance of definitions and terminology. Important 
definitions with synonyms throughout this dissertation are provided in Table 2.

Table 2: Definitions and synonyms

Definition Synonym Explanation

AI Artificial Intelligence (AI) is the broad field of advanced algorithms 
that mimic human thinking and behavior (e.g., pattern recognition). 
AI can be used for many applications, but this dissertation focuses 
on predictive, supervised models that aim to predict a certain 
outcome of interest.

AI tool AI-based 
clinical 
decision 
support 
system, AI 
system

An AI application aimed to be used to support human decision-
making. Includes the AI model, as well as the software and user 
interface. Can be either used as a clinical decision support system 
to classify patients to support a specific decision, or to inform 
decision-making by providing a risk score between 0-100%.

Bias In the context of AI, bias refers to systematic errors in the data or 
algorithms that can lead to inaccurate predictions or decisions.

CE-certification CE certification indicates that a product meets the European 
Union’s health, safety, and environmental protection requirements. 
The “CE” marking is mandatory for a wide range of products sold 
within the European Economic Area, including medical devices 
using AI software (Software as a Medical Device).

EHR Electronic health records are real-time digital patient records. 
Information is only made available to authenticated users. They 
typically contain a broad view of a patient’s medical history and are 
used in daily clinical decision-making.

Fairness There is no consensus on the definition of AI fairness (see chapter 
8). In general, the field of fair AI strives to reduce health disparities 
in minority patient groups.

Label The annotation of data instances (e.g., patients) to be positive or 
negative for the outcome of interest (e.g., postoperative infection). 
Labels are necessary for a model to learn the relation between 
input data and the outcome of interest, as well as to validate model 
performance.

[continued on next page]
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Table 2: [continued]

Definition Synonym Explanation

ML Machine Learning (ML) is a subform of AI and includes for example 
tree-boosting and deep learning models. Instead of being explicitly 
programmed to perform specific tasks, ML algorithms identify 
patterns and relationships within data, allowing the system to 
improve its performance over time through experience.

Model (Predictive) 
algorithm

Mathematical structures that are used to understand and make 
predictions based on data. It uses historical data to identify 
patterns and relationships to make predictions or decisions about 
new, unseen data. Can be a statistical or artificial intelligence-
based (i.e., machine learning) model.

PERISCOPE PERISCOPE is an AI tool developed by Healthplus.ai to predict the 
risk of postoperative infections within 7- and 30-days of surgery 
using routinely collected electronic health record data.

Updating Model updating strategies adapt existing models to improve 
performance in new patient populations. This may include 
retraining the model as well as recalibrating it.

Validation Model validation is performed to assess the performance (in terms 
of discrimination, calibration, and clinical utility (figure 3) in the 
development dataset (internal validation) and external datasets 
(external validation). External validation is performed to assess the 
generalizability of the model in a distinct temporal, geographical, 
or domain setting [21].

1
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