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Chapter 9

This dissertation’s overall aim was to investigate the potential of Al to be of clinical value,
specifically in perioperative and critical care, along the phases of the Al development and
evaluation trajectory. Nonetheless, the findings of this research can be adopted outside
the perioperative and critical care domain, and its broader implications will be discussed. |
reflect on 1) the human and data-related challenges encountered in this dissertation, 2) how
to establish valid and fair use of Al-based prediction models, and 3) the effectiveness and
performance in predicting patient outcomes, specifically when compared to physicians. Lastly,
a future outlook and research recommendations are provided.

9.1. Human and data-related challenges for integrating Al into
clinical practice

Introducing Al tools into clinical practice comes with a broad range of challenges related to
human factors (chapter 3), model explainability [1], data and label quality (chapter 4), model
generalizability (chapter 6), ethics and fairness (chapter 8), the implementation process [2],
legislation and regulation [3], and information technology infrastructures [4]. In this section,
| discuss the contributions of this dissertation to addressing human factors and data-related
challenges, specifically on how these challenges apply to PERISCOPE. PERISCOPE was the main
use case throughout this dissertation, predicting the risk of postoperative infection within
7- and 30-days of discharge that will be integrated into the electronic health record (EHR).

9.1.1. Human factors: Physicians’ perspectives on using Al in clinical practice

The majority of current available Al tools aim to provide decision support to a certain ‘intended
user’ and will not work autonomously over the coming years [5]. These intended users, in this
dissertation mostly healthcare professionals, will therefore interact with the Al tool to be of
support in their decision-making. Several human factors should be considered to achieve
effective interaction between healthcare professionals and Al tools. A review of human factors
influencing the interaction of healthcare professionals and Al identified five relevant domains:
1) medical expertise, 2) technological expertise, 3) personality, 4) cognitive biases, and 5)
trust [6]. To address these aspects of the intended user group in the pre-implementation
phase and to investigate how the Al tool should be best integrated into the clinical workflow,
end-users should be closely involved throughout the process. In chapter 3, intensive care
unit (ICU) physicians from two hospitals were questioned on their perspectives on the future
use of an Al tool predicting ICU readmission risk. A promising 86% (n=55) of respondents
believed that Al could support them in theirwork as a physician and that they were willing to
incorporate Al in their clinical practice.

However, physicians at the site where the model was developed were more familiar with Al
and more in favor of the ICU readmission prediction tool compared to the physicians from the
non-development site. This finding may imply that the adoption of Al tools in non-development
centers and middle-to-lower-income countries may be more challenging due to a familiarity- and
knowledge gap. To ensure that Al tools are accepted and used safely by theirintended users,
there is a need to educate clinicians and ensure that the right tools are developed for the right
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questions [7]. To effectively advance clinicians’ knowledge concerning the opportunities and
pitfalls of using Al in healthcare, | see two crucial steps: 1) including foundational Al courses
in medical curricula [8] and 2) publishing comprehensive overview papers for each clinical
domain (see for an example chapter 2).

Aterm often used when discussing barriers and facilitators for adapting Al tools into clinical
practice is ‘trustworthiness’ [9, 10]. Just as people need to trust the cars they drive or the apps
they use for money transfers, clinicians must have confidence in Al tools before allowing them
to influence their decision-making. The multi-faceted issue of trustworthiness involves ethical,
social, and technical considerations. Terms that are repeatedly linked to trustworthiness are
Al interpretability and explainability. While often used interchangeably, the distinction has
been made that Al interpretability refers to human understanding of the output and working
mechanisms of the Al tool, whereas Al explainability refers to techniques used to explain
predictions made by complex, ‘black-box’ Al tools [11]. In chapter 3, respondents indicated that
they want to be able to see on which patient factors a prediction is based, indicating the need
for Al explainability. Many methods have been developed to provide Al model ‘explainations’
i.e., show the most important predictors per patient [12]. However, using explainable Al may
introduce the false idea that there is causality instead of a correlation between predictors
and the outcome [13]. If not instructed properly, this may lead to the acting of clinicians to
predictors that are not causally related to the outcome (e.g., a patient has a high predicted risk

be used with caution. Some even state that “we should stop explaining Al models for high
stakes decisions and use interpretable models instead” [14]. | argue that explainable Al may be
of value in determining the clinical basis supporting the prediction and discovering potential
errors in input data, such as done in chapter 6. However, this requires the training of clinicians
and providing ‘warnings’ in user interfaces that explain the concepts behind it.

9.1.2. Data: Leveraging Al by using routinely collected electronic healthcare data

On the technical side are the challenges associated with using EHR data for training and
validating Al-based prediction models, as well as for making predictions after the Al tool is
deployed. Unlike evidence-based medicine, which relies on prospective randomized controlled
clinical trials to conclude, Al predominantly uses retrospective observational patient data to
attain sufficient sample sizes for model development [15, 16]. By learning from thousands
to millions of patient records, Al-based prediction models can utilize this vast amount of
data to predict outcomes across a broad spectrum of patients. However, poor data quality is
more the norm than the exception, often resulting in biased predictions. This phenomenon is
commonly referred to as “garbage in, garbage out” [17, 18]. | want to emphasize the importance
of evaluating data quality before starting modeling endeavors, for example using the recently
published METRIC framework [19].
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Due to the heterogeneity in data collection and storage methods between hospitals, scaling Al
tools across hospitals requires manual labor and limits transferability. For example, different
coding systems for medication use may be used. The increasing adoption of common data
models such as Fast Healthcare Interoperability Resources (FHIR) and Observational Medical
Outcomes Partnership (OMOP) is enhancing data transferability [20, 21]. However, for the scaling
of PERISCOPE across FHIR hospitals we encountered that manual data mapping was still required.
With the rise of generative Al and large language models, this process could be supported,
for example by selecting the appropriate diagnostic codes for postoperative infections [22].
Furthermore, adhering to the FAIR (Findable, Accessible, Interoperable, Reusable) principles
would enable a more standardized, interoperable data environment enabling smoother and
more efficient scalability of Al tools like PERISCOPE across healthcare systems.

Another significant challenge in using observational data for Al is the lack of reliable labels
to train and validate models on. For the PERISCOPE Al tool, we needed to identify (i.e., label)
patients with postoperative infections based on retrospective, observational EHR data. A
reliable labeling method aiming to be close to the ‘ground truth’ is essential to 1) let the model
learn the correct relationships between input data and the outcome of interest, 2) validate
model performance by comparing the prediction to the label, and 3) monitor real-life model
performance once deployed in the hospital (Figure 1).

Figure 1. lllustration of how labels used in predictive modeling can be derived automatically or by manual chart
review from retrospective, observational electronic health record (EHR) data. The labels should represent the
‘ground truth’ as accurately as possible to prevent errors in determining baseline incidences, model training,
model validation, and performance monitoring.

Complication registries are frequently used for labeling, surveillance, and monitoring quality
improvement efforts [23]. However, the high underreporting rate of complications highlights the
need for alternative methods [24, 25]. Performing manual labeling through EHR chart review is
standard practice for many Al tools. The limitations of manual labeling are discussed in chapter
4, where we reviewed automated labeling methods to identify patients with postoperative
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infections. We learned that there are no unified definitions for postoperative infections and
that only a few prediction modeling studies used alternative methods to manual chart review
for labeling. The latter contributes to the lack of scalability of Al tools as it is infeasible to
perform manual chart reviews for thousands to millions of patients per hospital.

For PERISCOPE, we collaborated with surgical, infectious disease, and intensive care specialists
to develop a clinically relevant definition of infections that allowed automated labeling using
EHR data. This comprehensive definition, which included complication registrations, surgical
interventions, and pharmacological treatments, was validated against human chart reviews in
chapter 5. It is important to recognize that achieving 100% accurate labeling from observational
datais nearly impossible. For example, even with outcomes like mortality, patients who return
to their home country may pass away there, and these deaths may not be recorded in the
EHR of the country they initially visited. The absence of reliable ‘ground truths’ is a pervasive
challenge in medical research, not justin Al model development, often due to inter- and intra-
rater variability in diagnoses. To ensure reliable labeling, | propose the following steps: 1)
involve clinical and data experts, along with established guidelines, to define the outcome
of interest and corresponding criteria, 2) assess multicenter EHR data for completeness and
quality regarding the defined criteria, 3) iteratively refine the definition with clinical and data
experts, and 4) validate the definition against manual chart reviews, acknowledging that
manual review is also susceptible to errors.

9.2. Valid and fair use of Al-based prediction models across various
clinical settings

When scaling Al tools to different clinical settings and hospitals, it is crucial to ensure that
they are locally valid. This means that the tool must make accurate predictions for the specific
hospital population. Additionally, it is important to ensure that the tools are fair, avoiding
the exacerbation of health disparities among marginalized groups. In this dissertation, the
steps towards locally valid and fair Al tools were studied. First, the PERISCOPE Al tool was
developed and internally validated as a proof-of-concept at the Leiden University Medical Center
(chapter 5). Second, the PERISCOPE Al tool was externally validated and locally updated in two
additional hospitals (chapter 6). With the growing use of Al tools in decision-making, model
fairness has become a focal point in debates on healthcare disparities, particularly regarding
how biased data and biased predictions may impact marginalized patient groups. However,
this field is complicated with numerous definitions and evaluation methods to assess fairness
(chapter 8). The steps towards valid and fair clinical Al prediction models are discussed in
this section. Additionally, | address the certification and regulatory issues involved with the
use of Al tools in clinical practice.

9.2.1. How do we define the valid use of Al tools?
In a perfect world, although unrealistic, the following equation would hold;

ZiN=o |Vi_yi| =0
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where . is the predicted class [0,1] and y, the true outcome (label) of a patient i. As no model
can predict perfectly, the predictive performance in terms of discriminative performance,
calibration, and clinical utility should be assessed during model validation (see chapter
1, Introduction, Figure 3). The term ‘model validation’ is used throughout the literature on
prediction model development. However, the term validation is used inconsistently, sometimes
referring to tuning the model, tuning, and testing the model, or only testing the model [26]. The
distinction is often made between internal and external validation [27], or further categorized
as internal, internal-external if several hospital datasets are used during development, and
external validation [28, 29]. During internal validation, model performance is assessed on the
development dataset to determine the risk of overfitting and reproducibility of results [30].
During external validation, model performance is evaluated using unseen data, either from
different time periods or geographical locations, to assess its generalizability and transferability
to other clinical settings. However, achieving a truly ‘validated prediction model’ may not be
possible [30]. Temporal and geographical variations in patient populations, novel therapeutic
strategies, and data measurement procedures mean that even after external validation, there
remains uncertainty about how a model will perform in a new setting [31].

While the goal is still often to achieve ‘global validity’, i.e., a model that can generalize across
various settings without the need for local adjustments or further validation, findings from
chapter 6 highlight the importance of focusing on ‘local validity’. This approach accounts for
‘domain shift,” which includes differences in case mix, disease incidence, treatment pathways,
and data collection methods.

9.2.2. Validation and updating steps

As stated in the previous paragraph, the truly ‘validated model’ does not exist. In this dissertation,
we investigated the validation and updating steps to allow for assessing local validity before
implementing an Al-based prediction model in a clinical setting (chapter 6). Implementing Al-
based prediction models without local validations can result in a dramatic drop in performance.
This was sadly illustrated by a widely implemented sepsis prediction model, leading to a high
rate of false negatives and false positives [32]. While local validating and updating of Al-based
prediction models are resource intensive, | see this as a vital step for currently available Al
tools like PERISCOPE. Acquiring a sufficient sample size and high-quality data for validation
and model updates can be challenging [15]. However, these challenges must be addressed
when planning to implement a model, as high data quality is also essential for successful
deployment. Failing to assess data quality and model performance before implementation
increases the risk of performance degradation.

We distinguished the validation and updating steps for Al-based prediction model development:
phases 1 (Al model development) and 2 (assessment of Al performance and reliability) before
going live in clinical practice (Table 1). Once deployed, it is vital to monitor model performance
to account for changes in input data (i.e., data drift) and assess the need for model retraining
orrecalibration [33]. To allow for global models that can be adapted to site-specific needs,
other options like membership models and federated learning could be explored [34, 35].
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Table 1. Model validation and updating steps in phase 1 and 2 of the model development and evaluation

trajectory
Validation and
Phase Site updating steps Explanation Goal
Al model Development 1.Internal Training and validating the Evaluating model
development site validation model on different subsets robustness and risk of
and of the development dataset overfitting
validation (cross-validation) or using
resampling techniques
(bootstrapping)
2.Temporal Splitting the train and Evaluating
external validation dataset based on generalizability over
validation time, where the most recent time

Assessment Implementation 3.Geographical

of Al site external
performance validation
and
reliability
4.Model
updating

Assessment Implementation 5.Local

of Al site validation

performance 6.Prospective

and ¢ ,

reliabilit underwater
y validation

dataset is used for validation

Applying the model directly
to all available data from the
implementation site

Based on the geographical
external validation results,
either retraining and/or
recalibrating the model. Use
atemporal split for creating
an updating and validation
dataset.

Evaluate the final, updated
model as done in step 1.

Evaluate the final model
‘underwater’ (ie, not shown
to the end-user) on live data
before implementation in the
clinical setting

Evaluating the
generalizability of
the modelto a new
clinical setting and
determining the need
for model updating

Optimize performance
and adapt the model to
a local setting

Assess final model
performance

Assess model
robustness on

live incoming data
that may differin
completeness and
quality compared to
retrospective data

Figure 2. Pubmed results from 1983-2024 for “fairness” AND “prediction™.

1 Available on: pubmed.ncbi.nlm.nih.gov/?term=prediction+AND+fairness&filter=years.1983-2024
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9.2.3. Fairness

Besides the validity of Al-based prediction models, the concept of ‘fairness’ has become a
debate for using these models in clinical practice (Figure 2). It seems that with the rise of Al-
based prediction models, fairness gained more attention compared to ‘classical’ predictive
models that have already been developed and in use for the last decades. In chapter 8,
we aimed to structure the transition of Al fairness from theory to practice, as the field is
complicated with numerous definitions and evaluation metrics. Twenty-seven different fairness
evaluation metrics were identified, many of which are incompatible with one another and
may not be statistically or epidemiologically appropriate for the medical domain [36]. | see
the rising attention to fairness over the past few years three-folded: 1) Al-based or informed
decision-making is becoming integrated into our society, which may cause more harm than
good to certain minority groups, 2) there is an increased awareness of (racial) biases within
and outside the medical domain (e.g., the “toeslagenaffaire” in the Netherlands [37]) that may
be exacerbated when building predictive models based on a biased dataset, and 3) for ‘black-
box’ Al-tools that include protected attributes such as Race or socioeconomic status, it is for
end-users impossible to determine on what, potentially biased factors a prediction is based.

The fundamental problem in ensuring fair Al-based decision-making, is the biases present in
the data used for developing the algorithm [38]. For example, a sepsis prediction algorithm is
developed forthe ICU. Due to the underrepresentation of patients from certain demographic
groups, the Al tool might perform well in the majority group (e.g., White men) and perform
worse in other groups (e.g., Black women). This could lead to delayed diagnoses in the minority
group, and therefore increase health disparities. Another example is the use of proxy labels
to predict patient outcomes. ‘Postoperative infection diagnosis’ is a proxy for postoperative
infection incidence. Underdiagnosing in certain groups may result in algorithmic biases, and
consequently unfairness.

In medical applications, patients often benefit most from an accurate prediction and not a higher
or lower prediction which is often true for non-medical applications. This so-called ‘non-polar’
decision-making in the medical domain results in most fairness metrics being irrelevant [39].
In some applications, it may however be worth performing bias mitigation measures to reduce
health disparities. For example, to allocate scarce resources to marginalized patient groups.
Furthermore, | recommend using the framework from chapter 8, addressing discriminative
performance, calibration, and clinical utility, to evaluate whether the model underperforms in
certain groups and to evaluate the effect of bias mitigation measures. Al models may perform
worse in minority groups, which can only be identified when addressing model performance in
these groups [40, 41]. However, before evaluating model fairness, it is fundamental to assess
and address biases in the training data [42]. The complexity of the effort to address unfairness
is that patients can belong to multiple patient groups and can be of, for example, mixed race.
How to incorporate this in the fairness debate should be further investigated.
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9.2.4. Certification of Al models: enhanced safety or blocked innovation?

To guide and guard the safe use of Al tools in clinical practice and beyond, developers need
to comply with the applicable regulations for their region. As PERISCOPE was developed to
be used as a ‘software as a medical device’, specific certifications needed to be acquired
[43]. The research performed in this dissertation (chapter 4, 5 and 6) was used as clinical
evidence to obtain CE certification under the Medical Device Regulation (MDR) [44]. The CE
certificate was a requirement to sell PERISCOPE as a medical product to European hospitals and
therefore essential to allow use outside the research setting [45]. Over five years of research,
development, and quality assurance work resulted in the CE certification of PERISCOPE. The
work of this dissertation mostly contributed to the ‘clinical evaluation’ part of PERISCOPE’s
technical documentation, where we established the ‘benefit-risk ratio’ (i.e., the potential
benefits of using PERISCOPE outweigh the risks) and whether it was suitable for its intended
purpose. Furthermore, to ensure the digital safety of PERISCOPE, both ISO13485 certification
for quality management systems and 1IS027001 for cybersecurity certification were obtained.
Additional regulations must also be considered, such as the GDPR in Europe and its less
stringent counterpart, HIPAA, in the United States [46, 47]. The recently enacted European Al
Actintroduces new regulations for ‘high-risk’ devices, which include all medical Al tools [48].
For PERISCOPE to enter the US market, it will also need to secure approval from the Food and
Drug Administration (FDA).

This abundance of legislation developers of Al tools have to comply with, is causing a major
hurdle in getting Al tools to market as medical devices [49]. There seems to be a trade-off
between innovation speed and ensuring safety, where start-ups need several rounds of funding
and a high level of expertise to even kick off deployment. Once the required certifications are
achieved, post-market surveillance should be performed which means that the performance
and potential adverse events must be monitored. | estimate that 20-40% of start-up resources
(financial, employees, time) are spent on developing and maintaining a quality management
system and acquiring the required certifications. While these regulations are essential to
ensure the safety of new and existing Al tools intended to be used in clinical settings, the
current system is blocking innovation. | recommend investing in one comprehensive and
comprehensible guideline where all the requirements and steps are detailed and outlined
to be followed by Al developers in healthcare. Dedicated notified bodies, the instances that
audit and determine whether a company complies with the legislation, should be assigned
to allow and assist in the certification process.

9.3. Al effectiveness and performance

For Al tools to be of value in perioperative and critical care, they should be effective (i.e., high-
performing) in predicting patient outcomes. In this section, | reflect on PERISCOPE’s ability to
predict postoperative infections (chapter 6). Furthermore, the comparison between PERISCOPE
and physicians made in chapter 7 is discussed. This dissertation does not examine the direct
impact of Al tools on decision-making and patient outcomes. Several implementation challenges
were encountered that delayed or hindered the integration of Al tools like PERISCOPE into
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clinical practice. Therefore, | address the implementation challenges and the clinical trials
required to evaluate the effectiveness of Al tools within real-world healthcare settings to go
from development to clinical usefulness.

9.3.1. Performance of models in perioperative and critical care: global versus local
models

Following the steps in Table 1, PERISCOPE achieved, after updating, a discriminative performance
(area underthe receiver operating characteristic curve (AUROCQ)) » 0.8, a well-fitted calibration
curve, and a net benefit higher than default strategies in three distinct hospitals (chapter 6).
Based on these results, we deemed PERISCOPE’s performance sufficient to allow for clinical
implementation. However, there are no hard cut-offs to determine if an Al tool is suitable for
clinical use, where there is heterogeneity in when the AUROC is perceived as ‘good’ [50]. To
evaluate PERISCOPE in the CE certification process, we established that the average predictive
performance for postoperative infections, across both statistical and Al models, was an AUROC
of 0.7. We established this as our performance benchmark as PERISCOPE’s performance should
exceed the current standard. PERISCOPE will therefore not be implemented for specialties not
meeting this benchmark based on local validation results.

Systematic reviews on Al-based prediction models in surgical and critical care found that
80.6% (n=29) and 85.2% (n=421) of studies, respectively, relied solely on internal validation
with small datasets [51, 52]. It is time to move beyond publishing just the internal validation
results of Al-based prediction models intended for clinical use, as these results offer limited
scientific and practical value. | recommend conducting at least one external validation with
an adequate sample size, with or without model updating, before publishing the results [53].
What an adequate sample size is depends on several factors, including the anticipated outcome
event rate [54]. Furthermore, reporting standards like the TRIPOD-Al and DECIDE-Al guidelines
should be followed to ensure complete reporting of performance outcomes (discriminative
performance, calibration, and clinical utility) and otherimportant study characteristics [55, 56].

PERISCOPE’s updating approach for creating local models is also seen for other applications,
such as intensive care unit readmission prediction [57]. Updating models to create local versions
is slowly becoming more standard practice [58], in contrast to previously developed, often
classical statistical predictive models. When developing predictive models, we aim to capture
the underlying ‘disease model’, which should be transferable between sites when applying the
model to a similar population [59]. For example, suppose a model is trained and validated to
accurately predict infection risk at site A, which includes a large and diverse patient population
and high-quality predictors. In that case, it should ideally capture transferable relationships
between the predictors and the outcome of postoperative infection. We would then expect these
relationships to hold when the model is applied at site B. However, we often observe a drop
in performance when transferring a prediction model to a new site. This ‘failure to transport’
predictive models between sites can be accounted for by the ‘process model’ representing
the site-specific changes in data collection methods, patients, and treatment pathways [59].
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Others have distinguished the types of uncertainty causing a drop in performance as aleatoric
and epistemic uncertainty [60]. Aleatoric uncertainty refers to the stochastic or random
nature of factors influencing whether an outcome occurs or not. Aleatoric uncertainty will
always remain regardless of how much information the model has about the underlying
phenomenon. For example, in two patients with the same characteristics, one will get an
infection and the other does not. The other type of uncertainty is epistemic uncertainty, which
is reducible by gathering more data orimproving the model’s architecture. When there is high
epistemic uncertainty, for example, due to differences in local data acquisition methods, the
generalizability of the model is often affected. Local models are tailored to the specific patient
population, potentially reducing epistemic uncertainty in those areas by focusing on more
relevant data. However, local models can still suffer from epistemic uncertainty if the sample
size of local datasets is sparse.

9.3.2. Doctor versus algorithm

To assess whether end-users may benefit from Al-based prediction tools, comparisons between
human prediction and predictive algorithms have been made [61]. For PERISCOPE, we questioned
51 surgeons (in training) from various specialties to predict the risk of infection within 30 days
of surgery and compared them to the predictions of PERISCOPE (chapter 7). 544 predictions
were collected, for which PERISCOPE performed on par with the clinicians in terms of AUROC.
However, when surgeons expressed uncertainty in their predictions, PERISCOPE had higher
performance. Notably, while most participants were experienced and skilled surgeons,
PERISCOPE also surpassed the performance of the younger surgeons-in-training involved in
the study. However, the sample sizes of these subgroups were small, where further research
is needed to investigate the potential of PERISCOPE to be of benefit in decision-making.
Discussing the results of this study with the participating surgeons, they indicated that they
made a thorough assessment before making their estimate and that it would be helpful for
them to have a readily available prediction to support their decision-making. The next crucial
step is to evaluate the ‘doctor + the algorithm’ to determine the influence on decision-making
and ultimately on patient outcomes.

9.3.3. Implementation challenges for integrating Al into clinical practice

Compared to other clinical domains like radiology and pathology, the uptake of Al tools in
perioperative and critical care remains slow [8, 62]. The literature has widely discussed the
barriers and facilitators forimplementing Al tools in clinical practice [2, 8, 63, 64]. In chapter
2, we identified several barriers to the safe implementation of Al, including variations in study
quality that can lead to potential biases and reduced generalizability, as well as technological,
regulatory, explainability, and data-related challenges. This is not an extensive list as ethical,
financial, social, and legal factors also play an important role [64]. The acknowledgement of
these challenges is important to go from research projects to real-life deployment. However,
| want to emphasize that over the past few years, there has been a noticeable shift in the
attitudes of hospitals, EHR providers, clinicians, and governments toward Al implementation.
Additionally, these stakeholders have increasingly allocated more resources to support the
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integration of Alin healthcare. Where in 2021 mostly academic hospitals were investigating the
potential of Al'in clinical care, an increasing number of non-academic hospitals are currently
enabling Al implementations by dedicating resources [65, 66]. Multidisciplinary teams within
hospitals are essential to allow successful implementation. | recommend involving a project
leader, the IT department (including EHR and data (science) experts), the financial department
(to determine the business case), the legal department, and the medical staff that will be the
end users. Optionally, the ethical department, patient organizations, and medical technology
department could be of value to enhance safe implementation.

To enhance the clinical adoption of Al tools, implementation research is of majorimportance [8].
Implementation research focuses on eight different outcomes: 1) acceptability, 2) appropriateness,
3) feasibility, 4) fidelity, 5) adoption, 6) penetration, 7) implementation cost, and 8) sustainability
[2, 67]. While implementation research was not the focus of this dissertation, the next step
for Al tools like PERISCOPE is to study clinical impact as well as implementation outcomes. |
distinguish challenges for effective implementation of Al tools in perioperative and critical care
categorized into clinical and human factors, technical, and regulatory (Table 2). The regulatory
and financial challenges are mostly focused on the development of Al tools by the industry
(e.g., start-ups), as different regulations apply to in-house development.

Table 2: Implementation challenges per phase of the Al development and evaluation trajectory.

Clinical and human factors Regulatory & financial
Phase challenges Technical challenges challenges
Preparations e Determining the clinical e Collect data of e Acquire funding
prior to model outcome of interest that ~ acceptable qualityand e Comply with relevant
development can be identified in EHR sufficient sample size regulations (GDPR, MDR,
data for labeling and from EHR databases FDA, Al act, etc.) before
validating it starting data extraction
and exploration
Al model e |Important risk factors e Ensuringthatbiasesin e Data privacy (e.g.,
development forthe outcome may data do not affect model  comply with, 1IS027001)
not be available (of fairness
sufficient quality) in the e Ensuring model
data explainability
Assessment of e Determining when a e Developing a user e Determining potential
Al performance model is of sufficient interface that is easy cost-effectiveness
and reliability performance and is fair and self-explanatoryto e Acquire sufficient
‘enough’ to be safe to use resources for

usein clinical practice e Transition from usingthe  certification processes
model on retrospective (industry) and expertise

data to live data for within the hospital on
prospective, underwater  relevant regulations
testing

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

Clinical and human factors Regulatory & financial
Phase challenges Technical challenges challenges
Clinical testing e Designing appropriate  ® Implementing Al user e Acquire funding to
of Al studies to evaluate interface in EHR perform clinical trials
impact where

randomized controlled
trials are not always
suitable

e Evaluating
implementation
outcomes

Implementing e Training of end-users e Scaling product to other e Havinga convincing

and governing e Effective integration in hospital settings and business case
Al the workflow datasets, including e Arrange reimbursement
local data and model from healthcare
validations. insurance companies
e Live data may be e Complete certification
of less quality than process

retrospective data

e Monitoring of real-life
performance and input
data, and determining
steps to take when
performance drops

9.3.4. From performance to impact

As described in the previous paragraph, implementation research is of major importance to
go from statistically highly performing Al-based prediction models to clinical impact. Here, |
further discuss the types of evidence that should be collected to assess the impact of Al tools
on clinical outcomes (Figure 3). Conducting these studies will allow us to determine whether
Al can truly make a difference in perioperative and critical care, areas where high complication
rates remain a significant concern for patients, healthcare providers, and hospitals.

The highest level of clinical evidence is gathered through, preferably multiple, randomized
controlled trials (RCTs) [68]. In the realm of evaluating Al tools for clinical purposes, 86 RCTs
have been performed, of which only 6% (n=5) in perioperative care and 1% (n=1) in critical
care [69]. Half of these studies focused on clinical outcome prediction, two on intraoperative
hypotension prediction, and one on sepsis prediction [70-72]. While the results of these
trials were positive, it is not possible to determine from these few studies whether Al-based
prediction models have a high impact on patient care, as the outcomes evaluated mostly were
focused on diagnostic yield or performance [69].

For RCTs evaluating the impact of Al-based prediction models, randomization can take place
on a patient level, end-user level, or department level. The latter is often done through a so-
called stepped-wedged cluster randomized trial design. Here it is randomized per department
when the toolis implemented in a stepped approach (after a defined time step, one additional
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department is implemented). Stepped-wedged trials are applied when individual randomization
is not possible or not desirable [73], which is often true for Al tools that are integrated into the
EHR. The different departments are exposed to the Al tool in a stepped approach to control for
adoption bias and temporal changes in the background patient characteristics [74].

Cost-effectiveness or cost-utility analyses may help determine the potential for the Al tool to
have a positive impact on patient outcomes and costs. Once Al tools are deployed beyond
these research settings, it is important to monitor and evaluate the tool’s effectiveness on
patient outcomes and costs. Furthermore, a Health Technology Assessment (HTA) evaluating
the clinical, economic, ethical, and social implications to determine its overall value and
impact on healthcare delivery should be performed in this stage which can help get the Al
tool costs reimbursed [75].

Figure 3. Studies conducted throughout the Al development and evaluation trajectory with corresponding levels
of evidence. HTA = Health technology assessment.

For PERISCOPE, the next steps are to conduct a cost-effectiveness study, followed by real-life
implementations. Stepped-wedged randomized clinical trials will be performed to evaluate
the impact of PERISCOPE on various outcomes. Ideally, the quadruple aim should be met,
including 1) reduction of costs, 2) improvement of population health, 3) improvement of
patient experience, and 4) improvement of healthcare team well-being [76]. To achieve a
substantial impact on these four domains we might need further product development in terms
of for example providing tailored decision support on diagnostic and treatment decisions.
The current version of PERISCOPE has, however, significant potential to support clinicians in
their daily work by assisting with triage and reducing the time needed to assess a patient’s
overall infection status.

Lastly, | want to highlight that most of the currently available Al tools can only be applied in
highly technologically advanced, high-income countries. This may increase global healthcare
disparities, but there is also the opportunity for Al tools to assist in lower-resource settings in
middle and low-income countries [77]. For example, Al tools have been developed to predict
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deterioration in pediatric care units for use in Africa [78]. | see this as an important direction
for Al-based prediction models to improve healthcare globally.

9.4. The future of Al in perioperative and critical care
In this section, | shortly elaborate on the prospect of Al in perioperative and critical care and
beyond, before providing recommendations for future research.

9.4.1. Prospect

Al-based prediction models are gradually making their way into clinical settings. However, in the
coming years, they are expected to serve primarily as decision-support tools or informational
aids, rather than replacing clinicians in perioperative and critical care environments. In other
domains, such as radiology, Al tools may already surpass human performance in diagnosing
and treatment planning. However, the complex decision-making required in perioperative
and critical care is expected to remain in the hands of humans for the foreseeable future. To
achieve its potential, | outline the prospects for different aspects related to the clinical use
of Al'in Table 3.

Table 3: Prospect for effective use of Al tools in clinical settings

Domain Prospect

Hospital Each hospital will have a dedicated Al team focusing on 1) procurement and
evaluation of existing Al tools, 2) policy and governance of using Al tools, 3)
informing departments and healthcare professionals, and optionally 4) developing
Al tools forin-house use in collaboration with clinicians.

Industry Start-ups and other companies will collaborate closely with EHR vendors to ensure
integration in the workflow and start certification processes as soon as possible.

Education Training nurses and physicians as part of the standard curriculum for the safe use of
Al tools in clinical practice.

Global Health  Expanding the use of Al tools to low resource settings, for example in diagnosis and
early warning detection [78] to fight healthcare disparities [79].

Data Complying with the FAIR principles (findable, accessible, interoperable, and
reusable), including adhering to data standards (e.g., FHIR, OMOP [20]), will improve
both data quality and transferability.

Certification Notified bodies will be dedicated to the comprehensive certification process for
Al tools to be employed as “software as a medical device”. Specific guidance is
outlined to simplify the steps towards certification.

Insurance Insurance companies will start reimbursing the use of Al tools when positive HTA
results are reported

Ethics Ethicists, patients, and end-users will be included throughout the model
development process, where fairness is a central theme.
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9.4.2. Recommendations for future research

The recommendations for future research categorized by the three research questions of this
dissertation are summarized in Table 4. The recommended research directions are focused
on the three research questions of this dissertation.

Table 4. Recommendations for future research

Research focus Future research

Data and e Human-focused implementation research
human-factors o Investigate how users interact with explainable Al (i.e., human-machine
interface) and how trust affects decision-making
o Study the effect of educating physicians on the safe use and adoption of Al
tools
o Keepinvolving clinicians and other stakeholders before, during, and after
implementation
e Leveraging EHR data for better prediction making
o Move away from manual labeling practices and investigate the potential of
large language models to assist in automated labeling
o Focus on data quality and assess potential biases in data

Validity and e Ensure local validity before implementing in clinical practice
fairness o Make local data quality assessment standard practice in combination with
local validations
o Investigate membership and federated learning models to go from local models
to locally adapted models from one overarching model
e Address fairness issues with a focus on underlying data biases
o Investigate simplified fairness measures and frameworks further to reduce
health disparities in alignment with regulatory efforts
o Assess fairness for patients that belong to multiple minority groups or are for
example mixed-race

Effectiveness o Focus on external validations and clinical trials to prove local validity and clinical
impact
o Ensure effective clinical trial designs to determine the effect on patient
outcomes, implementation outcomes, and costs
o Perform cost-effectiveness and HTA studies
o Monitor post-market performance and potential adverse events

9.5. Conclusion

To conclude, the potential of Al in predicting perioperative and critical care patient outcomes is
gradually being realized by addressing human and data-related challenges and implementing
rigorous model validation and updating processes. Following these steps, the Al tool PERISCOPE
was developed to assist clinicians in managing postoperative infections. PERISCOPE demonstrated
high predictive performance after locally updating the Al-based prediction model and performed
on parwith experienced clinicians. The evidence for the clinical validity of Al-based prediction
models in perioperative and critical remains sparse, and future studies should focus on
evaluating the real-life impact on implementation outcomes, patient outcomes, and costs. To
ensure that Al-based decision-making does not increase health disparities, fairness issues
regarding subgroup performance should be evaluated per use case. By prioritizing data and
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label quality, local validity, and implementation strategies, Al tools could transform clinical
decision-making and improve patient care globally.
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