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General Discussion

The general aim of this thesis was to explore the application and potential value
of natural language processing (NLP) in healthcare. More specifically, we stud-
ied the development and validation of NLP models in different settings, showing
promising results but also highlighting challenges that need to be overcome for
responsible implementation in clinical practice. Furthermore, we assessed the
value of two NLP models in a pilot study. In this chapter, the main findings will
be discussed and recommendations for further research will be provided.

9.1 Promising applications

NLP provides many opportunities for application in healthcare. We examine
which NLP tasks hold most promise for healthcare settings. We then shift our
focus to the different data sources within the healthcare environment, analyzing
how NLP can be applied to these datasets to improve care delivery. An overview
of promising applications is presented in Table 9.1.

9.1.1 Opportunities of various NLP tasks

Classification

Classification is the most common task in clinical natural language process-
ing[1], which is also reflected in the studies presented in this thesis. The models
we developed vary in performance, which may be due to several causes, of which
the amount of training data is an important one. To be able to generalize to new
data, a model needs to have seen a representative number of examples per
class during training. The classification model for distinguishing negative from
non-negative patient experiences (Chapter 4) had a lower performance than
the model for distinguishing neutral from positive, which might be explained
by the low number of examples for the negative experiences. Thus, we should
be critical about the feasibility of training a classification model from scratch in
settings with a low number of examples per label. However, clear guidelines on
how much data is needed is lacking. Recent advances in NLP, such as the intro-
duction of pretrained language models, have made it possible to train models
with less training data[2-4]. The latest transformer models, such as GPT3 and
later versions and Llama2, even allow for zero-shot and few-shot learning, where
the model is provided zero training data or just a few examples[5,6].
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Topic modeling

In Chapters 4 and 6 we had large, unlabeled datasets of patient experiences and
social media data, that were subject to change over time. Topic modeling proved
useful in both these settings: in the patient experiences setting (Chapter 4 and
7), it led to the identification of three new action points by the care team; in the
statin setting (Chapter 6), the primary topics aligned with previous findings,
such as low adherence due to adverse effects or preference for lifestyle alter-
natives. However, some topics uncovered novel points of discourse, such as the
role of statins in improving COVID-19 outcomes, which could be interesting for
future research. Within healthcare, multiple studies have used topic modeling to
uncover patient perspectives from social media data with similar findings[7-11].

Other settings where topic modeling has proven useful are, for example, auto-
matic phenotyping of patients using EHR data[ 12,13]. However, topic modeling
is mostly useful for data exploration and as part of an analysis pipeline. Without
any postprocessing, the topic descriptions are difficult to interpret and thus not
suitable for settings where a clear label is needed. Often, the resulting topics are
used as input to a classification model, using topic modeling for dimensionality
reduction[12,13]. The recent introduction of large language models (LLMs)
might offer a solution to the lack of interpretability by being able to describe
the contents of the different topics[14]. This might improve the applicabili-
ty of topic modeling on text data in a healthcare context. Furthermore, large
language models might be able to take over the full topic modeling pipeline, as
these models have unprecedented summarization capabilities. To date, only one
study performed this comparison. This study shows that LLMs can be a robust
substitute for current topic modeling techniques, although extensive prompt
engineering is necessary to extract useful topics[15].

Summarization

The task of summarizing texts has seen a huge jump in performance with the
introduction of LLMs. At the time of writing the scoping review (Chapter 2),
most studies used extractive summarization, entity extraction, and classifica-
tion to filter and sort the information relevant for a summary, although this did
not lead to natural, narrative summaries. The introduction of LLMs has made
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all these previous techniques obsolete for summarization purposes. Our pilot
study with Autoscriber (Chapter 8) shows the high quality of these summaries:
medical students are positively surprised by the quality of the summaries and
a majority wants to use this technique in their work. In the past few months,
several similar studies have been published, showing promising performance of
LLMs in creating discharge summaries[16] and clinical information letters for
patients[17,18], and summarizing radiology reports[ 19-21], patient-doctor dia-
logues[20,22-241], and the many handovers between shifts or departments hap-
pening within the hospital every day[25]. Many of these opportunities address
the current administrative burden in healthcare, while potentially improving the
quality of the collected data because of increased consistency, structure, and
objectiveness. These opportunities are not without challenges and risks, which
will be discussed in Section 9.3.1. Furthermore, the major challenge related to
summarization is the difficulty in creating a reference standard. This topic will
be discussed in Section 9.2.1.

9.1.2 Opportunities of various data sources

In this thesis, we focused on three data types: clinical data, patient-generated
data, and social media data. Within the literature, clinical data such as EHR data
is the most common data source used within the clinical NLP field[26]. As most
information about the patient is captured within free text EHR data, a large focus
within the clinical NLP field has been to use this data to develop patient risk
classification and prediction models[27]. In our acute care utilization setting
(Chapter 3) we show that models trained on only free-text data perform simi-
larly to models trained only on structured data, without the need for extensive
preprocessing. This finding is in line with other studies, underlining the value
of free text data relative to structured data[28,29]. A future research question
would be if the use of free text EHR data allows for easier transfer of models
between organizations. There are, however, many challenges related to the use
of EHR data, which we will discuss in Section 9.2.1. A new type of clinical data
is the recorded and transcribed clinical conversation. With the introduction
of large language models, it has become possible to leverage the value of this
data type. Apart from the previously discussed summarization capabilities of
these models, the application of LLMs on clinical conversational data leads to a
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new level of granularity in clinical data. Having complete transcripts of clinical
conversations might lead to more, in-depth and structured data about disease
trajectories and patient presentations of various diseases, potentially paving
the way for improved clinical decision support. No literature is available on this
topic yet.

Another popular data source due to its accessibility is social media data. We
investigated different ways in which social media data might improve clin-
ical practice in our statin setting (Chapter 6) and patient messages setting
(Chapter 5). In the former, social media was used to gain insights into public
views on statins. The results of this study can be used to inform clinicians which
topics to discuss when talking to patients about statins. In the latter, we used
continued pretraining on Reddit data, aiming to improve the performance of
a pretrained language model on identifying depression concerns from patient
messages. In this case, this process did not improve the overall performance
of the model. With respect to direct value for healthcare, social media allows
for extracting patient perspectives, coping strategies, and even adverse drug
events[30-33]. Furthermore, social media data is being used to pretrain (large)
language models such as Llama 2[5].

A relatively underused data type is patient-generated data, such as patient ex-
perience data and patient messages. The potential benefits of this data type are
underlined in our patient experience and patient messages settings (Chapters
3,4, and 7). We see that capturing free-text patient experiences leads to new
insights, which can be turned into concrete points of improvement, thus having
the potential to directly improve patients’ experiences. In Chapter 5, we see
that patient messages show signs of distress that can be used to identify de-
pression concerns. These settings show the value of this data type, along with
the value of using NLP to take away the burden of analyzing all the incoming
data from healthcare professionals. Especially patient messages are underused,
while these could be very valuable in creating triggers for mental health issues
or other acute care needs. Recent studies mostly highlight the burden, potential
value, and characteristics of this data type, but examples in clinical practice are
lacking[34-37]. Recent studies use LLMs to create patient-focused chatbots or
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create draft replies to patient messages, with mixed results [38,39]. Although
it might have the potential to make healthcare organizations more accessible
to patients and free up time from healthcare professionals, this has not been
shown in large-scale evaluations.

Table 9.1: an overview of the most promising applications of NLP in healthcare.

Data source & task Application

Clinical data & summarization Use NLP models with summarization capabilities
to automatically generate clinical notes, discharge
letters, and summaries of patient files.

Clinical data & classification Use BERT and LLMs to train classifiers in settings
with a small amount of training data.
Train classification models on free-text data
to simplify the transfer of models between
organizations.

Patient-generated data & classification  Apply classification models to patient messages
to create triggers for mental health or acute care
needs.

Patient-generated data & summarization Use NLP models with summarization capabilities to
provide relevant information to patients.
Social media data & topic modeling Use topic modeling techniques in combination with

LLMs to extract general perspectives about health-
related topics from social media data.

9.2 Challenges during development

In the course of developing NLP models for the settings outlined in Chapters 3
to 6, we faced multiple challenges that hindered their adoption in clinical set-
tings. This section details these challenges, including issues related to data, bias,
explainability, and deployment. See Figure 1 for an overview.

9.2.1 Data

As with other types of machine learning, NLP models are only as good as the
data they are trained on. Especially in healthcare, access to large amounts of
high-quality data is a huge challenge. This challenge encompasses the quality of
the data itself, its availability and accessibility, and the choice of a trustworthy
reference standard.
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Data quality

Most clinical NLP models are trained on EHR data, which is not primarily col-
lected for research or development purposes but to create a complete record
of clinical information and proceedings[40]. The lack of standardized methods
to create free-text clinical notes in combination with the wide variety in the
human use of language leads to large heterogeneity of free-text clinical data
between clinicians, departments, and organizations[40]. A recent study report-
ed differences in medical coding practices between two organizations due to a
different billing system, affecting clinicians’ incentive to code[41]. Furthermore,
diagnostic coding systems such as ICD-10 are primarily used for billing purposes
and thus may not always correspond to the actual diagnosis[42]. Other studies
report high rates of missing problems in the problem list, especially if physicians
are overstretched[43,44]. In our acute care utilization case (Chapter 3), an
extra preprocessing step was added to reduce the large number of redundant
notes that were found in patients’ records[45,46]. However, NLP might pro-
vide a solution to this challenge. Many studies use NLP to improve the quality
and structure of EHR data, such as extracting the presence of symptoms or the
medication dosage and linking terms to ontologies (e.g. UMLS[47],1CD-10[48],
or SNOMED-CT[49])[50].

Data availability

An essential aspect of developing NLP tools for healthcare is having data avail-
able for training purposes. Within the healthcare context, data availability can be
challenging due to the challenges around data sharing. This holds for structured
data, but even more so for text data as it is not always possible to fully anonymize
the data. As seen in Chapters 2 through 8, this means most studies include data
from a single institution. This trend is seen across the whole clinical NLP field,
with most studies using proprietary data[1,50]. In the past few years, many
solutions have been proposed to tackle this challenge. Federated learning is a
technique where the machine learning model is trained on data from multiple
organizations, but instead of the data leaving the organizations to be collected
in a central location, the model ‘travels’ from organization to organization[51].
Another promising solution is the development of synthetic data, where a model
is trained to create new data that is very similar to the training data. Using this
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technique, a hospital can create a new dataset that is shareable with other or-
ganizations, without sharing actual patient data[52,53].

Reference standard

Reference standards are essential for supervised NLP methods requiring labeled
data, but also for evaluating the output of unsupervised methods. While some
settings will have very clear reference standards (such as in-hospital mortality),
finding a trustworthy reference standard is a challenge in many settings. Apart
from reference standard issues related to data quality and data availability as
discussed in the previous sections, other challenges arise when a reference stan-
dard is not present. In our patient messages setting (Chapter 5) we manually
labeled a large dataset of patient messages as concerning or not concerning.
We defined ‘concerning’ with a group of clinicians and created an extensive an-
notation guideline. Even so, the inter-annotator agreement was 0.38, which is
considered moderate. Such a score is not uncommon in the healthcare domain.
A study describing the development of a large corpus of annotated clinical con-
versations reports similar scores, especially for entities such as symptoms and
conditions[54]. The topic of inter-annotator agreement or inter-rater reliability
has been described repeatedly in medical literature[55,56]. However, it takes
on a different meaning when these labels are not just used for quality control,
but for training Al models that might take over tasks from trained clinicians.
Although in some cases a single truth can be unveiled, in many cases trained clini-
cians will have irreconcilable disagreements about ground truth labels. A growing
body of research recognizes the importance of including these differing opinions
in the development process to improve the generalizability of the model and,
most importantly, decrease bias[57,58]. Furthermore, a recent paper argues
that machine learning in healthcare should strive to move past the quality and ac-
curacy of current clinical practice[59]. They recommend using objective ground
truth metrics such as mortality or patient centered metrics such as perceived
pain and, where possible, taking ambitious steps to elevate existing standards.

9.2.2 Bias
With the current large-scale development of NLP models in healthcare, we must
pay attention to who is benefiting from these models and who is potentially
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harmed. Especially when using patient-generated data, we must be conscious
of the differences in access to certain communication methods and patients’
ability to express themselves. In the evaluation of our patient experience model
(Chapter 7), we found that patients who filled out the questionnaire had a
higher level of education. Furthermore, of the patients that completed the
questionnaire, patients who were male and who had a low level of education
more often responded with only one word. In our patient messages setting
(Chapter 5), our cohort consisted of mostly White and Asian, privately insured
patients. In this last example, we risk perpetuating existing biases in the (lack
of) recognition of depression in different populations. Both examples show the
need to critically reflect on who has access to the tools we develop[60-62].

A more recent problem in relation to bias is the data that (large) language
models are trained on. Our own RedditBERT model (Chapter 5) was trained
on Reddit data, which is not representative for patients in general. Autoscriber
(Chapter 8) uses GPT3.5, which has a bias towards dominant values from the
United States because of the available data for training[63]. A recent paper
reviewed the current clinical language models and found that almost all of them
were trained on the MIMIC-IIl dataset[64]. This dataset contains data from the
intensive care unit of the Beth Israel Deaconess Medical Center, an academic
medical center in Boston, which will not be representative for large parts of
healthcare[59]. There are many ways to mitigate bias, including guidance ethics,
increasing diversity of Al developers, and increasing diversity within the data.
Guidance ethics is a method developed in The Netherlands that uses a multis-
takeholder perspective to uncover the potential effects of the model, aiming
to strengthen the positive effects while mitigating the negative effects[65]. An
essential part of guidance ethics is including a representative and diverse group
of people to include different perspectives, which is also important for the Al
community as a whole. We discuss this topic in our commentary ‘Picture a data
scientist’, providing several recommendations[66]. Lastly, several initiatives
are working on creating datasets that include a diverse representation of the
population. The All of Us research program is a great example, with more than
80% of its participants belonging to groups that have historically been under-
represented in biomedical research[67].
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9.2.3 Clinically relevant metrics

Many papers presenting NLP models do not publish performance metrics that
are clinically relevant. Within the machine learning community, it is standard
practice to report metrics such as the precision and recall based on the perfor-
mance of the model on an unseen test set. Obviously, these statistical perfor-
mance metrics do not consider how the model will be used in clinical practice
and if the output of the model is clinically useful and which actions can sub-
sequently be taken[42,59,68]. Furthermore, these metrics do not provide a
comprehensive view of whether an NLP model will deliver value in healthcare
settings, making it challenging to discern which models are promising for further
development and which ones may not be useful. For every setting, researchers
should critically assess which performance metrics are relevant and in line with
clinical goals and workflows. Good examples of clinically relevant metrics include
decision curve analysis[69] and the number needed to benefit[70]. A recent
paper proposed an extensive evaluation framework for healthcare chatbots,
including an evaluation of the interface and interaction with the user, and high-
lighting the importance of manual evaluations by end users[71]. Ultimately,
value must be evaluated in a clinical trial, which will be discussed in Section
9.3.3. However, the metrics suggested here can provide valuable insights during
development.

A
Data E Bias ! Metrics S
Challenges: Challenges:

- Differences in access to healthcare and + Lack of reporting on clinically relevant
representation within the data performance metrics

Challenges:

«+ Dealing with the heterogeneity and incompleteness
of data
- Training models on data from multiple organizations + Lack of diversity within the Al community Solutions:

+ Finding or creating a trustworthy reference standard Solutions: - Include metrics that take into account the clinical

Solutions: goal and clinical workflow, such as:

- Integrate guidance ethics into the development
« Use NLP to improve quality process + Decision Curve Analysis

« Apply federated learning and create synthetic data « Use or create a dataset with a diverse « Number needed to benefit
- Use objective ground truth or patient centered labels representation + Manual evaluations by end users

- Take ambitious steps to elevate the current standard + Moake sure to create a diverse development team,
representative of different perspectives

Figure 1: an overview of the challenges during development of NLP models for healthcare.

9.3 Value for clinical practice

Although the promise of applying natural language processing to healthcare
is undeniable and vast amounts of NLP tools are developed, scientific reports
on the value of these tools when deployed in clinical practice are lacking. Our
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scoping review (Chapter 2) highlights this in the realm of digital scribes, and
similar patterns are observed in other areas[72]. Among the models discussed
in Chapters 2 through 6, two have been developed into applications, either by
integration with existing systems or as standalone tools. This section discusses
the definition of value for clinical practice, how to create value with NLP appli-
cations, and how to evaluate this in clinical practice (see Figure 2).

Defining Evaluating
Two common definitions of value in healthcare: To evaluate the value of NLP in clinical practice:
+ Value-based healthcare: value = outcome/cost /\/ « Clinical trials should include outcomes
+ Quadruple aim: improve clinical outcomes, reflecting the success of implementation
reduce costs, enhance patient & provider « The return-on-investment should be
experience vulue investigated

« Special attention should be payed to methods
for rigorous clinical evaluation of LLMs

Creating

Essential requirements for creating value:
« Aclear need

« Integration into clinical workflow

« Engineering effort

Figure 2: an overview of defining, creating, and evaluating value.

9.3.1 Defining Value in Healthcare

A first step in investigating the value of NLP for healthcare is defining what
value for healthcare encompasses. The most widespread approach to value for
healthcare has been the value-based healthcare (VBHC) approach introduced
by Porter and Teisberg[73]. They argue that value within healthcare should be
defined around the patient and can be calculated as follows:

Outcome
Value = ———
Costs

These outcomes go beyond traditional metrics such as medical procedures or
tests and encompass a broader spectrum of factors such as patient-reported
outcomes (PROs), functional status, quality of life, and long-term health out-
comes. Thus, VBHC focuses on weighing the impact of healthcare interventions
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on patients’ health status and overall well-being against their costs. Another
common approach towards assessing value within healthcare is the Quadruple
Aim[74,75]. This approach describes value in similar terms as VBHC, including
patient outcomes, costs, and patient experience, but also adds an extra dimen-
sion: clinician experience (see Figure 3).

%

Improve clinical
P Reduce costs

outcomes
-
. N—
! Quadruple aim =
Enhance patient Enhance clinician
experience experience

Figure 3: the four dimensions of the Quadruple Aim.

In terms of these definitions of value for healthcare, the promise of NLP lies in
several dimensions. The first and most straightforward dimension is the clinician
experience. With an increasing rate of clinician burnout and decreased job sat-
isfaction, there is an urgent need for improvement[76-80]. With the promise
of taking over tasks such as writing discharge letters, generating clinical notes,
and replying to patient queries, NLP might have a serious impact [81]. Fur-
thermore, several studies have shown the ability of NLP to perform diagnostic
tasks[82,83]. These developments could lead to a decrease in resources needed
for diagnostic work-up. It is still speculative at this point in time whether costs
and patient outcomes improve, since large, high-quality clinical trials are lacking.

9.3.2 Creating Value with NLP Applications
Within this thesis, we did not reach the clinical trial stage with any of the NLP

models. However, we performed two pilot studies, and together with findings

213



Chapter 9

from the literature they highlight essential requirements for creating value with
NLP applications: a clear need, integration into the clinical workflow, and engi-
neering effort.

A clear need

Both the AI-PREM (Chapter 7) and Autoscriber (Chapter 8) originated from
clear needs from clinical practice. As pointed out in recent research, it is cru-
cial to distinguish between ‘machine learning on healthcare data’ and ‘machine
learning for healthcare problems’[59]. While the former advances the field
theoretically, it is the latter that tends to create actual value in healthcare. De-
velopers and researchers need to step away from primarily developing models
for settings where large datasets and labels are readily available and engage with
healthcare professionals to find the right problems[42]. This is a fundamental
step towards realizing clinical value.

Integration into the clinical workflow

A recent commentary states that the key to achieving meaningful impact with
Al is focusing on behavioral change and thus on changing routines and care
processes[84]. For the AI-PREM and Autoscriber, significant effort was invest-
ed in determining how they would fit into the existing clinical workflows. This
process involved extensive discussions with a multidisciplinary team over many
iterations. In the past few years, a few useful guidelines have been published,
describing the process from idea to implementation in healthcare[85,86]. These
guidelines specifically pay attention to integrating the model into the clinical
workflow.

Engineering effort

Another essential requirement for workflow integration is the engineering effort
needed to develop an application or integrate into an existing application. For
the AI-PREM, we chose to integrate it into an already existing dashboard, while
Autoscriber is currently a standalone web application that will soon be able to
integrate with the EHR. These engineering efforts demand considerable effort
and expertise and are currently often neglected in development projects[59].
To achieve widespread clinical value, it is essential to simplify these engineer-
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ing steps. In radiology, for example, several companies have begun offering ‘Al
platforms’ that provide plug-and-play functionality for various Al applications,
facilitating large-scale integration into hospital systems[87,88].

9.3.3 Evaluating Value

Since high-quality, large-scale clinical trials with NLP models are lacking, it is
important to reflect on how to best evaluate the value of these models in clin-
ical practice[81]. As discussed in our scoping review (Chapter 2), many stud-
ies lack error analyses, and clinical validation or utility assessments are almost
non-existent. These assessments are paramount in gaining clinicians’ trust in
these models. A few recent perspectives provide guidance on how to evaluate
Al in clinical practice. First, clinical trials should include outcomes that reflect
the success of implementation[89]. These include the compatibility with the
workflow, the adoption rate, and the cost of implementation, which are crucial
for understanding the success or failure of an Al tool.

Furthermore, with the current shortages in healthcare, an essential aspect of
Al tools to consider during evaluation is the return-on-investment. A recent
paper developed a return-on-investment calculator to inform decision making
for an Al-powered radiology diagnostic imaging platform[90]. The calculator
compares the current workflow to the updated workflow after deployment of
the Al tool and provides insights into aspects such as time savings, effects on
clinical outcomes, healthcare services provided, and the total cost. Of course,
assumptions need to be made for aspects where data is unavailable. However,
insights on the return-on-investment of Al tools will become increasingly im-
portant with a growing supply of tools.

Lastly, the introduction of LLMs poses considerable challenges to the evalua-
tion of these tools due to their generative nature. Challenges include the lack
of clearly defined evaluation metrics, variation in the design of human evalua-
tions, and incorporating the human-LLM interaction into the evaluation[68].
In response to this, we recently published guidance, describing three tiers of
clinical LLM validation (see Box 1) [91]. There are two recent examples of rig-
orous evaluations of LLMs in healthcare. The first study evaluated the value of
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a tool that automatically generates notes from clinical conversations[23]. The
tool was implemented in clinical practice and available for 10.000 physicians and
staff. The authors evaluated the output of the tool automatically and manually,
investigated the effect of the tool on several EHR logging metrics (e.g. time
spent in the EHR after working hours), and collected patient and physician
experiences. The second study evaluated several adapted LLMs on four clinical
summarization tasks[92]. Apart from performing similar extensive automatic
and manual evaluations of the summaries, they also investigated the potential
medical threat that errors could pose. These two studies provide important
examples on how to rigorously evaluate LLMs in clinical settings.

Box 1. Three tiers of medical Large Language Model validation[91]

1. General validation

General validation assesses general LLM quality independent of the per-
formed task. Important outcomes at this stage may be the LLM’s robustness
to different formulations of the same prompt and the readability of the
LLM output.

2. Task specific validation

Task specific validation assesses the LLM performance on task specific out-
comes. For example, for summarization it may be the consistency with
source material and coverage of important clinical concepts.

3. Clinical validation

Clinical validation assesses the LLM performance on specific healthcare
outcomes. The validation goals at this tier will depend on the clinical objec-
tives and intended use, such as improved health outcomes, higher patient

satisfaction or reduction in administration time.

9.4 Future outlook
9.4.1 Large language models
The field of natural language processing has changed inconceivably over the

past few years. Recent studies describe the promising performance of LLMs
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in extracting information, drafting responses to patients, summarizing patient
records, and even for prediction tasks[68,93]. A notable breakthrough was
reported in a recent study by Google, where an Al system was capable of con-
ducting a comprehensive diagnostic (chat) dialogue with patients, achieving
diagnostic accuracy that surpassed that of trained physicians[83]. While LLMs
have demonstrated significant potential, the translation of these capabilities
into practical healthcare benefits remains largely unproven. Moreover, LLMs
introduce several new challenges that need attention. These challenges include
their generative nature and the hallucinations this may lead to, the energy con-
sumption necessary for training and inference, and concerns about data priva-
cy[64,94]. The latter might be even more pressing than before, because of the
accessibility of tools such as ChatGPT. Educating healthcare professionals on the
basics of Al and how they might use these tools is crucial to ensure appropriate
and safe use.

Given these challenges and the current uncertainties inherent in new technol-
ogies, we should keep a critical stance towards the use of LLMs while also rec-
ognizing the potential opportunities they may offer. There are some interesting
examples of tools that use LLMs as part of their NLP pipeline, using their lan-
guage generation capabilities in combination with information retrieval models
or curated datasets to control the possible outputs[95,96]. As stated in Section
9.3.4, such tools should be rigorously evaluated before use in clinical practice. It
is clear, however, that the introduction of large language models has completely
changed the field of NLP and will greatly impact how we practice healthcare in
the coming years.

9.4.2 Role of companies

As discussed in our scoping review (Chapter 2), the current role of commercial
companies within the field is ambivalent. On one hand, companies are often not
transparent about the development and validation of their models. On the other
hand, they play an essential role in turning promising technologies into software
applications that can be used in clinical practice. With legislation such as the EU’s
Medical Device Regulation and the Al-act, this process is lengthy and expensive.
Furthermore, during this process input from many different experts is needed.
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To make sure promising NLP models end up as reliable software products, good
collaboration between researchers and companies is needed. Creating a pipeline
where healthcare organizations work on proof-of-concepts, which, if successful,
are further developed into software products by companies could be beneficial
to all parties involved. Validation and impact assessment by independent re-
searchers should be a mandatory part of this pipeline, recognizing the dynamic
nature of the field with continuous improvements.

Furthermore, electronic health records (EHR) vendors should play an import-
ant role in these developments. Since the launch of ChatGPT, EHR vendor Epic
has greatly invested in integrating this technique into their EHR[97]. However,
the largest Dutch EHR vendor, has yet to facilitate easy integration of Al. Gov-
ernments and healthcare organizations should actively think about what this
landscape should look like and the accompanying demands this should place
on EHR vendors.

9.5 Recommendations

For hospitals

For developers

Develop a strategy for Al in general. This
should include objectives for the use of Al,
roles and responsibilities for development
and deployment, and policy on how and when
to engage with companies.

Invest in robust infrastructure to facilitate the
deployment of NLP tools.

Include all relevant expertise for every devel-
opment and implementation project. If you
do not have this expertise internally, make
sure to involve independent external experts.

Educate your healthcare professionals on the
basics of LLMs, how to use them responsibly,
and the associated risks.

Be steered by the needs from healthcare,
instead of the availability of data.

Include clinical expertise from the start to get
in-depth knowledge about the meaning of the
data and the clinical workflow.

Critically reflect on the necessity to use com-
plex NLP models. Sometimes less is more.

Rigorously evaluate your NLP models using
established reporting standards and evalua-
tion frameworks.
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9.6 Conclusion

The field of natural language processing has seen inconceivable progress over
the past five years, and with it the possibilities for application in healthcare. Al-
though we identify many promising applications in this thesis, challenges related
to data quality and availability, bias, and a lack of insights in clinically relevant
metrics remain. These challenges hinder the further development or imple-
mentation of many NLP models in healthcare. To turn NLP models into valuable
additions for clinical practice, we should pay more attention to working on the
right problems, reporting on clinically relevant metrics, lowering the engineering
effort needed to integrate a model into the clinical workflow, and performing
thorough clinical impact evaluations. If these challenges are addressed, NLP may
significantly improve clinician experience, patient experiences and outcomes,
reduce costs, and keep healthcare accessible and affordable.
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