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In general, it is promising that a high number of machine learning models have been 
developed that potentially might be of relevance in medicine. However, only a few of these 
models are actually implemented. One of the most important reasons for this discrepancy 
is the lack of trust by the clinician in models, either because they are non-transparent with 
unclear algorithms and aims, or because some of these models actually act opposite to clinical 
reasoning. Because non-implemented models are irrelevant and a waste of energy and 
resources, machine-learning models for medical applications should be developed according 
to principles that allow implementation. This thesis addressed several of these principles and 
is therefore relevant for patient, clinicians and the society in general.

B.1 Relevance for patients

Patients directly benefit from a high quality of care. If a machine-learning model outperforms 
a clinician, implementation of this machine-learning model may lead to an increase in quality 
of medicine. Important gains are more accurate and earlier diagnosis, as well as treatment 
tailored to the individual. In Chapter 5 and 6, we developed a machine-learning model that 
may aid the patient by early recognition of central hypovolemia and, consequently, start of 
treatment in an early stage thereby potentially avoiding detrimental effects such as brain 
ischemia. Though the developed model can be of direct relevance to the patient, it is not 
transparent, limiting understanding how the model comes to a prediction with the associated 
risk of not being implemented in clinical practice. Therefore, it is important to test this model 
extensively and under various conditions, to ensure that clinicians can rely on the model, 
trust the model and therefore are at ease before implementing the model. In Chapter 4, we 
developed a machine-learning model that can predict the outcome of traumatic brain injury 
patients after six months within six hours after admission. Although not investigated in this 
study, it can be imagined that treatment may be altered based on the probable outcome, 
which may directly benefit the patient. Therefore, the next step is to study if such a prediction 
can be updated during hospitalization, after which clinicians can base treatment intensity on 
such a prediction to improve patient outcome. Both studies may improve care and benefit 
patient health, but this mandates further clinical evaluation.

B.2 Relevance for clinicians

A machine-learning model may assist clinicians in numerous ways. By automating standard 
tasks such as the evaluation of imaging data, a machine-learning model may severely decrease 
the workload of clinicians. For instance, the clinician may see only a selection of images that 
are classified by an algorithm as containing potential disease. Due to the lower workload, 
clinicians may distribute their time differently, e.g. by spending more time on contact with 
patients. Since machine-learning models can analyse more patient cases than a clinician will 
see in his/her whole life, classification can also be based on an even wider range of ‘expertise’. 
Machine-learning models may also give additional insight into underlying physiology. 
Especially unsupervised machine-learning models have this potential, for instance by finding 
clusters in patients with similar symptoms but different responses to treatment. Such grouping 
may lead to new insights for the clinician regarding related physiology. This thesis addressed 
several crucial steps such as data quality (Chapter 2) and parameter identification (Chapter 
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3). By focusing on these steps, model quality and implementation may improve, resulting in 
the discussed beneficial effects for clinicians. However, numerous other crucial steps are not 
yet addressed and should be evaluated further, starting with ethics and legislation as they 
may severely hamper implementation.

B.3 Relevance for society

The cost of healthcare keeps increasing, resulting in a burden on society. In Chapter 4-6, we 
developed machine-learning models that may lead to earlier and more effective treatment. 
Such models are based on physiology-based parameters and artefact-free data, addressed in 
Chapter 2 and 3. As a result, the cost of healthcare may decrease by for instance 1) less time 
spend in the hospital by the patient, 2) automatization of tasks and subsequent lowering of 
the number of clinicians, and 3) screening by patients themselves at home. Home-screening 
might benefit society because it may result not only in a lower number of unnecessary 
physician visits but also in less patients with a disease that do not go to a physician. Since 
these outcomes are hypothetical, research should first be focused on safety and efficacy of 
machine learning models for home screening and healthcare in general.




