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Abstract
In hospital environments, in-time decision-making is critical to improving patient outcomes and efficiency.
However, many decisions are often made too late in the process, resulting in delays and misuse of resources.
This research investigates how Process Predictive Modelling (PPM) models can be developed and evaluated to
incorporate clinical impact and thus support earlier decisions within hospital workflows. Focusing on not only
retrospective models, but also on real-world applications and integration into clinical practice.

We examine three use cases from St. Antonius Hospital: (1) predicting admissions from the Emergency
Department, (2) predicting the risk of Acute Kidney Injury during cardiac surgery, and (3) predicting discharge
timing and aftercare needs.
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1. Motivation

In hospital settings, many decisions (such as patient admissions, diagnoses, and discharge planning) are
often made late in the care process. These delays can lead to inefficiencies in logistics, unnecessary
waiting times, and the length of a hospital stay. While artificial intelligence (AI) and machine learning
have been widely applied to clinical data, most research in this area focuses on improving accuracy
using retrospective datasets, without considering the timing or implementation of predictions into the
actual care process.

This research is motivated by the need to shift the focus from purely technical metrics to real-world
clinical impact. We aim to explore how Process Predictive Modelling (PPM) can be used to predict
decisions earlier within the hospital workflow. By adding predictive models within the clinical process,
we seek to improve patient outcomes and hospital efficiency.

Through three real use cases from the St. Antonius hospital (see section 2 for more information
about the use cases), we investigate how PPM can support healthcare professionals in making earlier
decisions. The goal is to develop Al systems that not only perform well in terms of traditional metrics
but also lead to measurable improvements in clinical practice.

2. Use cases

The core idea of this research is to develop and evaluate PPM models to support earlier and more
effective clinical decision-making within hospital workflows. In our case, we focus on three. For each
of the three identified use cases, we develop PPM models:
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« ED admission: A model that predicts, during a patient’s stay in the Emergency Department
(ED), whether the patient will be admitted. This allows logistics, such as ward bed allocation, to
begin earlier in the process and hopefully improves the time at the ED for the patient.

+ Acute Kidney Injury (AKI): A model that uses frequency data from heart-lung machines during
cardiac surgeries to predict the likelihood of a patient developing AKI. By detecting early warning
signs, clinicians can be alerted in time to lower the risk.
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+ Discharge: A model that predicts (1) when a patient is likely to be discharged and (2) the most
probable discharge destination. This supports better resource planning from the ward.

ED admission use case

When patients arrive at the ED, doctors must decide whether to send them home or admit them to the
hospital for further treatment. However, this decision often isn’t made right away and is made after the
clinicians are 100% sure the patient will not go home. This leads that the logistics of e.g. preparing a bed
on the ward, is done very late in the process. This late notification of admission lead to overcrowding
in the ED and less efficient use of hospital beds.

To improve this process, we developed a model that predicts whether a patient is likely to be admitted.
If this prediction is made accurately and early, hospitals can start preparing for the admission sooner,
for example by reserving a bed in the appropriate department. These supports should smooth patient
flow, reduce waiting times, and improve the overall efficiency.

AKI use case

AKl is a sudden loss of kidney function that can happen after major surgeries, especially heart surgeries
involving heart-lung machines. AKI can lead to serious health complications and longer hospital stays
if not recognized and treated early. However, warning signs of AKI are often subtle and may be missed
until damage has already occurred.

To address this, we want to create a model that predicts the likelihood of a patient developing AKI
during or directly after cardiac surgery. It uses process data collected from heart-lung machines that is
already available during surgery but never used for predictions and analysis before (to our knowledge).

The model can alert clinicians when a patient is at risk of AKI before current symptoms become
clear. This allows for taking preventive measures earlier, ultimately improving patient outcomes and
supporting clinical decision-making during critical care processes.

Discharge use case

In certain hospitals, patients may need additional support after discharge, such as home care, rehabilita-
tion, or hospice services. This is referred to as aftercare. Organising aftercare requires coordination
with external care providers and various administrative tasks, which are managed through a separate
process known as the transfer process. Ideally, the patient care process (spanning from admission to
medical discharge) should be aligned with the transfer process (which begins when aftercare needs are
identified and continues until discharge). This alignment ensures that all aftercare arrangements are
completed when the patient is medically discharged.

From my dataset (October 2021 - December 2024) from the Internal Medicine department at St.
Antonius Hospital, there are 5000 admissions, of which 1200 patients required aftercare. Among
these, 800 experienced prolonged stays. On average, these patients stay 5.6 days beyond their medical
discharge date, totaling approximately 4500 extra hospital days, or 2000 days per year. Additionally,
aftercare needs are accurately registered on time and 50% of cases, and medical discharge dates in just
60% of instances.

Prolonged hospital stays create several challenges. First, they delay access to specialized aftercare
facilities, where patients can receive more targeted care. Secondly, occupied hospital beds hinder the
admission of new patients, contributing to bed shortages and longer waiting times. Finally, prolonged
stays increase hospital costs, placing additional strain on healthcare resources.

Currently, the process for arranging aftercare begins with nurses placing an order in the electronic
health record (EHR), which is then added to the transfer nurses” working list. This typically occurs in
the morning on weekdays. Transfer nurses review these patient files, visit the patients, and assess their
aftercare needs, discussing them with families and other healthcare professionals. The different types
of aftercare include services such as rehabilitation, long-term care, and specialized outpatient services.



Transfer nurses may inform aftercare facilities in advance about potential admissions, depending on
when they anticipate that a patient will be ready for discharge, to increase efficiency. However, to make
a formal reservation at an aftercare facility, the (1) exact medical discharge date and (2) specific aftercare
requirements must be confirmed. Since at least one of these two is often unknown, reservations are
delayed until the day of medical discharge, leading to prolonged hospital stays.

3. Research goal

The goal of this thesis is to reduce waste (time, wrong decisions, resources, etc.) in hospital workflows
by supporting clinical staff in making the right decision at the right time. The research questions are:

1. What are the clinically relevant outcomes that should guide decision support models in hospital
workflows?
a) Which outcomes matter for patients?
b) Which outcomes matter for healthcare professionals?
¢) Which outcomes matter for the hospital?
2. How can predictive models be trained and optimized to support these outcomes?
a) How can models be developed while optimizing a problem-specific developed metric?
b) When multiple outcomes are relevant, how can the different models be combined to support
decision-making effectively?
3. What is the real-world impact of implementing models in clinical practice?
a) How do these models influence the outcomes of the patients, healthcare professionals, and
hospital?
b) How are these impacts perceived by patients, nurses, and other stakeholders?

4. Method

To address the research goal, a three-phase approach is used for the use cases: (1) Understanding of the
use case, (2) Developing Al models, and (3) Implementing the models to validate.

Phase 1: Understanding the use case

To achieve clinical impact, the first step involves gaining a deep understanding of the hospital process in
question. This includes mapping the entire workflow, identifying all relevant stakeholders (e.g., nurses,
physicians, transfer staff, external parties), and determining where in the process predictive support
could make a meaningful difference. Key questions to explore include:

« What kind of prediction would be most helpful?
« At what point in time would such a prediction need to be made?

« How accurate, early, or interpretable would it need to be to change decision-making?

This step is carried out through close collaboration with clinical staff to understand not just the
data, but also the practical constraints and decision points within the process. Rather than beginning
with advanced analysis, this phase focuses on qualitative insights that lead to a clear, use-case-specific
definition of clinical value. This may result in custom metrics that guide both model development and
evaluation.



Phase 2: Developing models

Once the process and its needs are well understood, PPM models are developed using hospital data.
Crucially, the models are evaluated not only on standard metrics (such as accuracy or AUROC), but also
on the clinical impact criteria defined in Phase 1. Where possible, these criteria are also incorporated
during model training.

Each use case may require different modelling strategies. For example, in the discharge use case,
separate models may be needed to predict the discharge date and the aftercare. In some cases, multi-
objective or multi-target models can address these dependencies within a single framework. The
insights gathered in Phase 1 help inform which model and inputs are most relevant for input to the
model.

Phase 3: Implementation and validation

True validation of clinical impact requires testing the models in practice. However, full integration
of Al models into hospital systems is often complex and subject to regulatory, ethical, and technical
constraints. Therefore, this phase is approached in stages:

+ Shadow testing performed first, where model predictions are generated in real time but not yet
used for decision-making.

« Selective implementation follows, targeting specific wards, clinicians, or workflows to test impact
in a controlled way.

« Full integration, where possible, allows for real-time/daily predictions to inform care decisions,
but is likely limited to use cases that are ethically and operationally ready (e.g., ED admissions).!

5. Related work

The current focus of my work is the Discharge use case. So, in the next section, we will describe the
gaps between existing models and the clinical usefulness of this use case.

Predicting discharge

Numerous studies have focused on the early prediction of aftercare requirements. There are studies [1]
that treat it as a binary prediction task, predicting home-based versus non-home-based aftercare for
patients who undergo a specific kind of surgery. Other studies see it as a multi-classification task. For
instance, in [2], patients who are admitted to the ICU are classified, after 24 hours, into four outcomes:
home, death, nursing home, or rehabilitation. Additionally, in [3], a prediction is made for patients
following a specific treatment to determine their outcome: home, rehabilitation, or nursing home.
Although some studies are clear about the time of the prediction, e.g., only the data of the first 24 hours
is used in [2], other studies refer to the data as "admission data”, not being specific if data until discharge
is considered. Other research [4] [5] underscores the importance of timing, showing that predictions
made later in the process are generally more accurate due to the availability of more comprehensive
information.

The prediction of hospital LOS has also been an important area of research. Some studies simplify
the prediction task, transforming it into a classification task. For instance, in [6], LOS is classified into
short stay (0 to 7 days) and long stay (more than 7 days). Others predict the LOS (usually in terms of
the number of days) for target patient groups [7], or surgery patients [8]. Similarly to the aftercare
needs predictions, some research is not specific about the time of the prediction. However, there are
studies [9] that perform such prediction clearly after 24 hours of admission.

Dynamic prediction models have also been explored, such as those in [10] and [11], which update
LOS predictions daily based on the latest data, focusing on whether the patient will be discharged on

'In use cases such as AKI prediction, where clinical risk is high, more validation is required before any implementation can be
ethically justified.



the same day. Extending this approach, [12] applies the most recent data to predict whether a patient
will be discharged today, tomorrow, or the day after, providing a slightly broader target compared to
earlier studies.

Gaps in research

Most research [2] [1] [6] [7] [9] [8] [3] focuses on one aspect of the problem. They focus on the technical
aspects and use standard metrics, such as accuracy and MAE, to optimize predictive models. They also
limit the research to optimizing one prediction model only. As most research relies on public datasets
and does not have direct access to the healthcare environment, it also fails to evaluate the efficiency of
such models in real settings.

Completed research

In our recent work, we have addressed some of the identified gaps. Specifically, in [13] we proposed a
novel metrics to measure the clinical impact of predictive models, moving beyond standard performance
metrics. Furthermore, in [14] we developed and evaluated two prediction models that are optimized
with respect to this clinical impact measure.

6. Open questions

While the first draft of the thesis offers a clear structure, several questions remain:

1. How to, methodologically and/or in a data-driven manner, identify the prediction time that
provides the highest clinical impact?

2. How to balance the earliest prediction time for higher clinical impact with prediction accuracy?

3. How to implement (multi-target) prediction models to optimize for clinical impact?

4. How to correctly consider domain knowledge to measure clinical impact? Coming from example
discussions to a more general approach.

5. Each prediction made would lead to a recommendation of action to support the decision process.
How to evaluate if such recommendations are "good”? We can already think on measuring if it is
the right recommendation, if it was given on the right time. There is no general framework in
recommendation systems on how to do this.
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