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Abstract | i

Abstract

Current diabetes care practices provide the same amount of care to everyone,
regardless of individual needs. The high coverage of continuous glucose
monitors (CGMs) in the Type 1 Diabetes (T1D) population can facilitate the
implementation of need-based care, which could potentially largely benefit
both clinics and patients. This master’s thesis develops and evaluates a
simulation model to explore patient flow in T1D clinics using need-based
booking, as well as a user interface for running the simulation and collecting
output data. The model also serves as a tool for optimizing input parameters
for this system. Utilizing Agent-Based Modeling (ABM) and Discrete Event
Simulation (DES), the study includes basic validation to ensure reliability.
Findings suggest that the model has been perceived as useful as a tool to
discover suitable configurations of a need based booking system when used
ina T1D clinic, as well as to communicate and visualise potential benefits and
e [ecks of using a need-based system for T1D patients.

Keywords

Simulation modeling; Need-based healthcare; Type 1 Diabetes Mellitus;
Patient population management; Precision Medicine.
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Sammanfattning

Nuvarande diabetesvardsmetoder erbjuder samma vard till alla, oavsett
individuella behov. Den hoga tackningen av kontinuerliga glukosmétare
(CGMs) i befolkningen med Typ 1-diabetes (T1D) kan underlatta inforandet
av behovsstyrd vard, vilket potentiellt kan gynna bade Kkliniker och
patienter i stor utstrdckning. Denna masteruppsats utvecklar och utvarderar
en simuleringsmodell for att utforska patientflodet i T1D-kliniker med
behovsstyrd bokning, samt ett anvandargranssnitt for att kora simuleringen
och samla in utdata. Modellen fungerar ocksa som ett verktyg for att optimera
inmatningsparametrar for detta system. Genom att anvénda agentbaserad
modellering (ABM) och diskret handeslestyrd simulering (DES) inkluderar
studien grundldggande validering for att sékerstélla tillforlitlighet. Resultaten
tyder pa att modellen har uppfattats som anvandbar som ett verktyg for att
upptéacka lampliga konfigurationer av ett behovsstyrt bokningssystem i kliniker
for T1D, saval som kommunicera och visualisera potentiella fordelar och
e [eKter av att anvanda behovsstyrda bokningssystem for patienter med T1D
diabetes.

Nyckelord

Simulering;  Behovsstyrd  vard; Typ 1  Diabetes  Mellitus;
Patientpopulationshantering; Precisionsmedicin.
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1 Introduction

Diabetes mellitus is a critical global health challenge, demanding e cient
management to mitigate its multifaceted issues. 5% of Sweden's population
has diabetes, prevalence is increasing and costs are projected to increase in the
short term [2, 3]. Rising costs and austerity requirements in healthcare can be
assumed to further amplify the challenges that all sectors are subject to, which
warrants rapid incorporation of tools that can alleviate the burden on these
systems and make them more robust. In Sweden, present-day diabetes care
is generalised, making little di erence between individuals by default, despite
the guidelines from the Swedish National Board of Health and Welfare that
care should be tailored to the individual [2]. Swedish law, the Health and
Medical Services Act (2017:30), states in Chapter 3, 1Y that the one with
greater need shall be given precedence for care [4]. Also, The American
Diabetes Association includes in their de nition of precision medicine for
diabetes the identi cation of patients who do not require as much treatment
as others [5]. Out of the 21 regions in Sweden, 17 are deemed to be in large
need or very large need of improvements in their care for diabetes patients [6].
Only 1/3 of Type 1 Diabetes (T1D) patients and 40% of Type 2 Diabetes (T2D)
patients reach their blood sugar targets. Inadequate glucose control for a PwD
can lead to deteriorating health, reduced quality of life and shortened lifespan:
The mortality risk among people with T1D compared to people without is 2-5
times higher, based on an analysis of six western countries [7].

Diabetes self-management has been revolutionised by the advent of CGMs on
an individual level [8, 9]. Currently, mostly T1D patients are recommended
to wear CGMs, but they can be bene cial for T2D patients as well [10, 2].
However, this alone is not su cient for everyone to achieve successful diabetes
management, as it depends on many factors, and di erent individuals have
di erent ability, motivations and resources to invest in it [11].

The potential bene ts of intelligent application of CGM data to improve
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practices of clinics on a systemic level remain largely underexplored and
unexploited, but can have signi cant e ects on both clinic optimisation and
patient outcomes [12].

CGM data is normally only used by HCPs to analyse recent blood glucose
data at point-of-care for each patient. Utilising aggregated data from all of the
clinic's patients for population management purposes could make use of the
already existing data to create an equitable system where everyone is given the
necessary support to reach their glycaemic targets. To implement need-based
booking and usher in a new era of CGM-centric care, new tools are required.

Need-based booking can be achieved by analysing recent CGM data of a
clinic's patient population, and stratify them according to need of medical
attention. This can facilitate care providers to provide care to those who
need it, when they need it. Such an approach could Il this gap in diabetes
care [13]. Need-based scheduling of patients is not only possible, but also
warranted by applicable guidelines and law. However, none of the existing
need-based scheduling systems have been used extensively in practice, nor at
scale. The application of new tools can have unforeseen consequences, and
should thus be thoroughly evaluated before being deeply integrated in the real
world. Simulations can serve as a method for evaluation before su cient real
world data is available. Therefore, a simulation tool for prospective health
technology assessment of need-based scheduling has been developed.

The studies to date is abundant with various healthcare simulations, but it is
void of prospective health technology assessments of new ways to use CGM
data for speci cally population health management of diabetes patients. This
thesis contributes to the knowledge corpus by developing a simulation tool,
which can be used to investigate the potential systematic possibilities, bene ts
and issues of incorporating a need-based booking system in T1D clinics.
Based on the simulation model that has been developed, this project aims
to answer the questiongdow can need-based booking algorithms be used
to facilitate need-based care for a clinic's patientgthd further: How can
resources and work ows at a clinic be con gured to optimise the e cacy for
patient and clinic management?
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1.1 Purpose and Goals

The purpose of this thesis is to develop a tool that can optimise the implementation
of a need-based scheduling system in diabetes clinics, as well as show the long
term e ects of such an implementation. This can potentially optimise clinics'
operations to spend resources where and when they are needed. If successful,
this could help clinics reach national care outcomes targets, provide more
cost-e ective care and aid in the prevention of diabetes-related complications.
Also, more PwDs could receive the support they need to better manage their
disease, which would help many live a longer and more qualitative life.

The goal of this thesis is to develop and validate a simulation model, including
a User Interface (Ul), of a need-based scheduling system in diabetes care with
relevant input and output parameters. This is speci cally expressed in the
following sub-goals:

1. Develop a simulation model based on a speci ¢ need-based booking
system and its algorithms, speci cally OneTwo PRIO, as a tool to
optimise its input parameters.

2. Develop a Ul to visualise how a need-based scheduling system would
a ect the operational e ciency of clinics over time in terms of sta ng
requirements, time expenditure of appointments and patient population
management.

3. Develop and validate the simulation model and to use it to explore
bene ts and challenges with using such a system in clinical practice.

1.2 Delimitations

The simulation model is not intended to represent and simulate a natural
phenomenon or process. Its main purpose is to set up an environment in
which con gurations can be made, based on which the e ects over time can be
approximated, as part of a proactive technology assessment of a need-based
booking system in T1D clinics. The scope is limited to Swedish working
practices in care of diabetes mellitus type 1, and focuses solely on the time
spent on appointments. Other activities that clinicians normally conduct are
not part of this simulation.
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1.3 Ethical Considerations

Some patient data have been used to inform this thesis work. This data was
provided by the hosting company, collected within the terms of an ethical
approval for conducting research.

1.4 Structure of the thesis

Chapter2. Backgroundpresents the information that is relevant to understand
the contents of this thesis project, such as T1D management practices, as
well as di erent simulation modelling paradigms and their application in
healthcare. Chapte8. Methodology describes how the simulation was
developed, including a full description of the resulting model and the validation
activities that were conducted. ChapterResultspresents the results of the
model development, the Ul, and the validation activities. Lastly, Chdpter
Discussionprovides rationale, considerations and discussion about the project
as a whole.
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2 Background

This chapter begins by discussing the key points of diabetes mellitus as
a disease, including its management and treatment. Following this, the
simulation paradigms utilised in this thesis are presented in detail. Lastly,
it provides an overview of the state-of-the-art simulations and related work in
the healthcare eld.

2.1 Management of Diabetes Mellitus

Diabetes mellitus is a chronic endocrine (and for T1D, also autoimmune)
disease which entails that the body's own insulin production is reduced or
non-existent [14]. In the case of T2D, cells can also exhibit resistance to
insulin uptake. Without insulin, the body cannot regulate blood sugar levels
by itself, requiring external administration of insulin. Too high blood sugar
levels results in nerve and cardiovascular damage over time, and too low can
be acutely fatalGlucose controls a general term relating to how well a PwD
reaches their glycaemic targets. In 2022, the annual report from Swedish
National Diabetes Register (NDR) found that 92% of T1D patients wore
CGMs [3].

Living with T1D means having to consider the blood sugar e ects of one's
food, exercise and stress, and consistently having to control for those factors
with an appropriate dose of insulin or sugar. All PwDs have a higher mortality
risk than healthy people, but a poor glucose control increases that risk
[2, 7]. There is also a correlation between diabetes and increased depression
occurrence [15].

2.1.1 Operationalisation of Glucose Control

HbAlc is the current gold standard of measuring glycaemic status over a long
period of time [16, 17]. HbAlc is the concentration of glycated hemoglobin,
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which correlates to average blood glucose over the past few months. It has to
be measured from blood samples in the lab. However, HbAlc does not capture
all aspects of glucose control on a moment-to-moment basis, which is likely
why several other metrics have surfaced lately.

The widespread adoption of CGMs has made 7 parameters commonplace,
including but not limited tdime in range time in hyperglycaemic rangand

time in hypoglycaemic rangeas the blood glucose levels can be monitored
continuously [18, 19]. The Ambulatory Glucose Pro le (AGP) is used to
visualise variations in blood glucose levels over time, and is the primary tool
for CGM data analysis used by clinicians today.

A large group of researchers have condensed these metrics into a one-
dimensional value, called the Glycemia Risk Index, which can summarise
a patient's glucose control in a single number [20]. Similarly, a novel
operationalisation of glucose control has been developed at OneTwo Analytics,
in which glycaemic control is re ected in a single score between 0-100 through
analysis of CGM data. This novel operationalisation of glycaemic control and
accompanying scheduling algorithm is used to stratify patients according to
their need of care, taking into consideration a clinic's prerequisite conditions.

2.1.2 Diabetes Population Management in Sweden

Patients are commonly called for a medical appointment one to two times per
year, regardless of need of support, unless they report issues themselves [21].
Booking and scheduling of patients is normally done by medical secretaries
or nurses. While nurses are highly involved in the pathology which they
are treating and can thus make clinical decisions when booking, secretaries
book based on information in the reports they get from the patient's previous
appointment. The patient population is managed with Electronic Health
Record (EHR)-systems, where the nurse or secretary inputsidi¢al target

daté' for each patient, which denotes when the patients should return for their
next appointment. The target date is decided upon after each appointment,
which is typically set at around 6 months ahead of time. This date is used to
follow up whether each patient has received medical attention within the time
frame that has been deemed appropriate.

This system does not provide an overview of the patient population. Decisions
about at what frequency patients should receive care is made in-the-moment
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by their HCPs, guided by clinic guidelines. Under such circumstances, it is
naturally di cult to accurately assess and compare what patient needs more
assistance than others.

Patients' CGM data are used to review their blood sugar variations at each
appointment, rather than continuously monitoring their status and making
decisions based upon the long term data.

2.1.3 Diabetes Population Management with OneTwo
PRIO

OneTwo PRIO is a software as a medical device that suggests the order
at which patients should be booked. It utilizes aggregated recent CGMs
data, previously reported appointments, and limit values chosen by the clinic
as inputs. PRIO employs a proprietary, clinically validated algorithm to
analyze various aspects of the CGMs data from the past 30 days, generating a
normalized three-dimensional score. This score is consolidated into a single
composite score between 0 and 100, which is then categorized into one of three
color-coded categories: red, yellow, or green. A score below 40 results in a
red categorization, above 79 in a green categorization, and scores in between
fall into the yellow category.

The clinic using PRIO sets four interval thresholds: "minimum appointment

interval,” "low glucose control appointment interval,” "standard appointment
interval,” and "maximum appointment interval." These intervals, along with

the composite score and time since the last clinic visit of each patient,
determine the patient's PRIO class, ranging from 10 to 1. Patients with a
lower numerical class are prioritized for scheduling before those with a higher
numerical class. Figure 2.1 provides a visual explanation of this classi cation
system.

Through this system, it orders patients in a list from most to least in need of
a medical check-up, where patients in the red category are recommend for
scheduling more frequently than patients in the yellow or green. However,
the system ensures that patients in the yellow and green categories are also
scheduled before their maximum interval has passed, or sooner if all red-
category patients have recently attended appointments.
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Figure 2.1: Class diagram. Numbers in red: 1 points to the line representing the
minimum appointment interval. 2, 3, 5 are the low glucose control, standard and
maximum appointment intervals, respectively. 4 denotes the maximum interval minus
1. The black numbers inside the rectangles ranging from 1 to 10 denote priority class.

Patients lacking su cient data are managed based on their medical target
date, treating them similarly as they would be under current practices, i.e.,
the medical target date becomes its own interval threshold. Additionally,
PRIO visualizes the distribution of glucose control within a clinic's patient
population and among HCPs working at the clinic. This overview facilitates
equal work distribution and e cient planning within the clinic.

2.2 Simulation Modeling

Simulation modeling can be employed for various reasons, including the
exploration of a system's costs, risks, and time requirements [22]. Simulations
aid in understanding complex systems by providing a simpli ed representation
of the real world. Including all elements of a real-world system in a model
would be di cult, costly, and unnecessary. Therefore, a system is abstracted
into its most essential parts relevant to the problem statement. This abstraction
allows for focused analysis and experimentation, facilitating insights that
inform decision-making and optimization.

2.2.1 Agent-Based Modeling

Agent Based Model (ABM) is a bottom-up modelling approach commonly
used to simulate a population of autonomous, individual agents whose actions
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give rise to emergent behaviour of a non-linear system[23]. This approach
simulates some or all of a system's constituent parts in order to analyse the
system itself. By doing so, one does not have to be able to express and
solve a system'’s behaviour analytically using di erential equations, which can
sometimes be impossible; Rather than solving the Lotka-Volterra predator-
prey equations, one could instead de ne the behavior of the predator and
prey respectively using an ABM to see the same patterns. Each agent in
the population are assigned properties and interactions that can either be
deterministic or stochastic, which determines how they interact with their
environment and amongst themselves.

As an example, for every month that passes, suppose there is a baseline
0.00001% risk for each individual in a given population to develop cancer.
This risk can uctuate for each agent depending on lifestyle factors such as
drug, exercise and food habits. Some individuals may start leading a more
healthy or unhealthy life due to the in uence of others and public information
campaigns. Given that the parameters in such a model are ne-tuned to
substantiated data, one could explore the e ect of governmental messaging
on cancer incidence, among other things.

ABM is often used in communicable disease simulation, to explore how
disease spreads. An example from literature is a model for measles prevention,
where each agent has attributes such as age, vaccination status, contact
patterns, and propensity to abide by public health interventions, such as staying
in quarantine upon infection [24].

When properly executed, ABMs can be powerful tools that capture the
complexities of real-world systems, generating insights that would otherwise
be di cult to obtain. They are typically used when a system is too complex
to be described by singular parts and is more suited for descriptive and
explanatory analysis rather than predictive analysis, in areas such as sociology
and ecology. However, what is true of most models, nding the right level
of abstraction and complexity can be di cult. As ABMs normally simulate
from a micro-level, the computational costs associated with running complex
models are high. ABMs in particular are often criticised for the di culty of
validating them [23, 25]. Without having a large amount of data to develop and
validate an agent-based model, it will more than likely not add value. The fact
that ABMs do not rely on veri able analytical methods and equations results
in them being prone to be built upon arbitrary, fallacious and unsubstantiated
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claims.

2.2.2 Discrete Event Simulation

Discrete Event Simulation (DES) is normally used to simulate process ows,
where a process is abstracted to discrete sequences of events. Event blocks,
such agjueueor delayare placed in a sequence that corresponds to the real
process to be modelled. Delay-blocks can be associated wétboarce the
settings of which determine the capacity of that process ow.

As an example, Figure 2.2 shows a simple model of vaccinating for COVID.
Theresources nurses - in this example come from tNerseResourcePool
Patients arrive at theourceat a speci ed rate, after which they entegaeue

At the seizeblock, a nurse has to be assigned and not currently working in
order to accept a new patient into ttielayblock, where both the patient and

the nurse spend a speci ed amount of time. After that amount of time has
passed, the patient is released to a sectatayblock and the nurse is free to
accept a new patient. After spending about 15 minutes under supervision, the
patient goes home through temk block, given that they still feel well. If the
patient is unwell (usually determined by a probability function) they geiie
block, which takes them to, for example, a hospital, which can be modelled in
an entirely separate process. These principles can be used to make ever more
complex DES models of everything from an assembly-line to global logistics.

Figure 2.2: A simple discrete event simulation model of the COVID vaccination
process. Image is a screenshot from AnyLogic.
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Figure 2.3: Example of discrete event simulation model of patient ow through an
emergency department [1].

Another example from Ahalt et al. uses DES to simulate a patient ow through
an emergency department, as seen in Figure 2.3 [1]. The patient rst goes to
separate waiting rooms depending on if they are a child or an adult, and the
emergency severity index determines whether they bypass the waiting room.
The "Bed Time" A and B are for severe cases, and they are always open, while
C and D are for less severe cases and have limited opening hours. At the
"Decision Time" block, a physician decides whether the patient is admitted
for further care or is discharged.

DES modelling allows for examination and exploration of hypothetical scenarios
in complex system, or for identi cation of bottlenecks and resource optimisations.
A common application is to assess the impact of an increased in ux of
patients on the system and determine the necessary resources (e.g., beds,
personnel, medication) required to handle that in ux. However, as system
complexity increases, errors tend to propagate, necessitating more accurate
data for e ective modeling. Validating the model can be challenging and time-
consuming, requiring thorough testing to ensure accuracy.

2.2.3 Hybrid Simulation Models

Hybrid simulations combine di erent modeling techniques to leverage their
strengths and mitigate their weaknesses. Typically, these simulations integrate
system dynamics modeling, DES, and ABM [26]. Complex systems often
require multiple approaches to be adequately represented [27]. Anylogic is
the most commonly used simulation software for developing hybrid models
that incorporate DES and ABM [28], likely because it supports native and
seamless integration of these modalities.

While hybrid simulation models o er signi cant advantages, they also present
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several challenges and limitations. One primary challenge is the increased
complexity inherent in combining multiple modeling techniques. Developing
and maintaining such models requires a high level of expertise and can be
time-consuming, as it involves integrating di erent paradigms with potentially
con icting assumptions and methods.

2.2.4 Other Simulation Modalities

System Dynamics simulation is, in contrast to ABM, a macro-level simulation
paradigm. Rather than de ning entities on a micro scale, processes are
abstracted to stocks and ows of resources/entities within the system (e.g.,
patients, medical materials, pathogens, etc.). Stocks represent the available
pool of the simulated variable, whereas ows de ne how fast and to where
those resources go. This approach is particularly useful for understanding the
behavior of complex systems over time and for examining feedback loops and
time delays within the system.

Monte Carlo simulation is a paradigm that uses brute force calculations to
arrive at a conclusion. It relies on repeated random sampling to obtain
numerical results, often used to understand the impact of risk and uncertainty
in predictive models. By performing a large number of simulations, Monte
Carlo methods can approximate the probability distributions of potential
outcomes and provide insights into the variability and sensitivity of the system
being studied.

A novel type of simulation, called Generative Agent-based Simulation, de nes
the personality, wishes and desires of agents and extends large language
models to them [29]. This yields truly autonomous agents, and makes them
behave in surprising and unexpected ways. Such a model was recently made
of a healthcare context, where virtual doctor agents got increasingly better at
treating and diagnosing disease over time [30].

2.3 Simulation Models in Healthcare

The area of applying simulation models in a healthcare context has grown
immensely the past decades. Prompting "simulation AND healthcare" on the
Pubmed database results in 223 articles from 2003, and 2,540 from 2023.
Applications of simulation modeling in healthcare vary greatly depending on

area. Areview of DES used in healthcare found that the distribution of areas of
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healthcare being modeled with DES was 31.5%, 31%, 24.5%, 6% and 5.5% for
general/primary care, inpatient clinics, emergency departments, multi-facility
and the entire healthcare system respectively [31]. Also, patient scheduling
and sta scheduling appeared in 9.5% and 13% of cases respectively. A critical
review that covered all reviews of simulations within appointment scheduling
in healthcare found that ABM and DES are the most commonly used methods
in that context [32]. Furthermore, the reviewed articles mainly focused on
reducing costs, decreasing patient and/or HCP waiting time and workforce
utilisation.

The SIMULATE checklist derived by Marshall et al. in 2015 is a framework
for evaluating whether a problem in healthcare should be addressed with
simulation modeling [33]. In summary, it poses eight questions about the
problem whether it: isSystemic; contains nonlinednteractions; envelops

a Multilevel perspective; cannot Bgnderstood with analytical methods; has
feedback. oops; incorporates multiple stakeholdedgénts) whose behavior
and interactions in uence the systemilisne-dependent; consideesnergent
outcomes. If the answer to all questions yes the problem is likely suitable

for simulation modeling. Other frameworks that are guiding simulation model
development in healthcare are the ODD protocol and ISPOR framework
[34, 35]

Simulation models are well suited to model the application of precision
medicine [36]. DES in healthcare settings has been demonstrated to be
e ective in optimising clinic work ows and resource utilisation [37].

ABM simulations of the pathophysiology of diabetes have previously been
done in various forms [38]. A blood glucose dynamics simulation has been
modelled in at least one study [39]. The e ect of clinic visits on blood glucose
levels does not seem to have a de nitive answer in the literature, but there is
evidence that interaction with healthcare professionals tends to have a positive
e ect on diabetes management [40, 41].

A hybrid model of ABM and DES has been implemented in healthcare,
including hospital agents, disease agents, and patient agents, to support the
nationwide implementation of whole genome sequencing in lung cancer using
AnyLogic [42].
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2.3.1 Simulation for Health Technology Assessment

Health Technology Assessments (HTAS) are conducted for technologies that
have been or are to be applied in a healthcare setting, to inform decision-
makers about the e ects of the technology in question [43]. It is done
through a systematic process that typically evaluates factors such as clinical
e ectiveness, costs and unintended consequences of any type of health technology.
Kolomisky-Rabas et al. highlight simulations as a method for prospective
HTAs, which are done earlier in the development process than normal HTAs
[44]. This involves carefully selecting data as a foundation to the simulation
models, adhering to evidence-based medicine principles. This way, potential
adopters may see the bene cial aspects of technology, while the manufacturer
can gain insights about the technology performance at an early stage of
development.

2.4 Related Work

Timely Interventions for Diabetes Excellence (TIDE) is a software that,
similarly to PRIO, determines which PwDs in a patient population are in need
of medical attention using CGM data [45]. Clinicians can use it to distinguish
the patients who are in need of medical advice, based on ags generated by
TIDE. Chang et al. have developed a model and interface for capacity planning
for users of TIDE [46]. It is a proof-of-concept of how a dashboard could
be designed to interactively explore and visualise how the use of a precision
medicine software would a ect the workforce demand of a clinic. Although
simple, it represents one part of what this project aims to achieve by simulating
PRIO.

The di erent software that are widely used in diabetes care in Sweden today
are, apart from EHR systems, Glooko, Abbot's LibreView, Dexcom Clarity
and Medtronic's CarelLink [47, 48, 49, 50]. These serve as an interface
between the CGM data of a clinic's patients and their HCPs. They mainly
have the functionality to visualise the data in graphs and AGPs, so that
HCPs quickly can discern actionable information about their patients’ glucose
control.

No previous work on the simulation and application of this thesis work has
hitherto been found. Inspiration for how to model patients, disease and
hospital management will be taken from previously cited sources and the
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ones mentioned below. Most existing models related to diabetes simulate the
disease progression and try to approximate costs for diabetes comorbidities
[38]. These models have little relevance for this project. The blood glucose
dynamics model may too complex for this application but can provide insights
into how blood glucose could be modelled more abstractly [39].
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3 Methodology

This section describes the process of developing the simulation model and how
itis set up. First, the problem statement is de ned. Then the conceptual model
and design of the model is explained, as well as considerations included in the
model. Lastly, the validation activities conducted for the model are described.
Figure 3.1 shows the process of building the model from problem statement
to results.

3.1 Problem Statement

As has been stated in the Introduction chapter, purpose of the model is to
explore e ects of need-based booking on patient ow and clinic capacity, and
to facilitate optimisation of the input parameters of need-based booking system
for safe, reliable and e cient use to the maximum bene t of both the patient
population and the clinic. With this is mind, what entities to include and
exclude was de ned based on what is necessary to represent the system on
an appropriate abstraction level.

3.2 Conceptual Model

The real-world system that has been modelled, consists of mainly four actors:
PwDs; HCPs; and diabetes clinics and their booking systems. In reality, each
one of these are complex enough to warrant their own separate simulation
models, which would not only be impossible, but not necessarily yield better
results. Therefore, they were abstracted to their constituent parts that are
relevant for the purpose of this model. Table 3.1 outlines what features were
included in the model.
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Figure 3.1: A diagram explaining the process of developing the model.

3.2.1 Person with Diabetes

Diabetes is a complex disease, the progression and dynamics of which have
been attempted to be modelled in previous studies. Blood glucose is a ected
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by a wide range of things, such as physical activity, food intake and the
constituents of that food, stress and insulin. These dynamics were not included
in the model. The features of importance in this case are CGM-readings
(abstracted as the 3-dimensional and composite scores), how the scores change
over time and the frequency of the PwDs medical consultations.

Figure 3.2: Diagram over factors a ecting a person with diabetes, including what
features to include and exclude in the conceptual model.

3.2.2 Healthcare Professional

"Healthcare professionals” relates to assistant nurses, nurses, doctors, medical
secretaries, etc. Atlarger clinics, itis common that medical secretaries manage
the bookings and medical records. However, medical secretaries were not
included in the model, but nurses and doctors were. The HCPs handle a
variety of tasks besides directly meeting with patients. The only tasks that
were included were scheduling appointments and meeting with patients. HCPs
also have a schedule and available capacity.

3.2.3 Clinic

The clinic is a physical space where appointments normally take place.
This includes waiting rooms, examination rooms, equipment. It is also the
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Figure 3.3: Diagram over the activities a healthcare professional working with
diabetes engage in, including what features to include and exclude in the conceptual
model.

workplace of HCPs. Since tele-medicine solutions are on the rise, in-person
meetings is getting increasingly rare for routine consultations but remain
important for examinations. The clinic was simply abstracted as a process
ow with either physical or digital consultation appointments.
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Figure 3.4: Diagram over a diabetes clinic's operations, including what features to
include and exclude in the conceptual model.

3.2.4 Booking System

A booking system in Swedish diabetes clinics today rely on the medical target
date. This is de ned by a HCP after each appointment, and determines when
the patient should come for their next appointment. The booking system was
modelled to perfectly mirror the outputs of the PRIO system. The inputs,
however, are simply the scores of the whole patient population. It was also
made possible to run the simulation with solely medical target dates.
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Figure 3.5: Diagram over how PRIO interacts with a clinic, persons with diabetes
and healthcare professionals.

Table 3.1: This table outlines what features from the real world entities are included
in the simulation model.

Model Abstractions

Category Feature Included? | Comment
Person with Diabetes| Lifestyle No Lifestyle on both micro and macro
scale a ect blood glucose
Blood glucose No Changes in blood glucose
dynamics
CGM-readings No Prerequisite for PRIO algorithm tp

generate scores.
Wearing of CGM Yes Traditional CGMs last for 10-14
days, after which they have to b
replaced. Included but optional.
Continued on next pag

D

11
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Table3.1 continued from previous page

Category Feature Included? | Comment

30 day CGM Yes Only generates scores if there are at

window least 15 days of available CGM data
over the last 30 days. Included but
optional.

PRIO scores Yes Used to stratify patients into glucose
control categories.

Changes in score Yes Varying scores re ectthe variability
in CGM-readings. Included but
optional.

E ect of medical Yes Getting medical support may a ect

attention on glucose control. Included buyt

glucose control optional.

Manual injections No Patients who do not have insulin
pumps rely on manual injections.

Insulin pumps No The use insulin pumps, especially
sensor controlled pumps, seem
correlate to better glucose contrpl
the most [51]. There are patients
with pumps in the dataset used, but
they are not di erentiated.

Time since last Yes Patients should go for medical

appointment check-up at regular intervals.
Tracked and used in PRIO.

Healthcare Professional All types of HCPs No The included HCPs are nurses apd
doctors.

Scheduling  of Yes Patients are scheduled once a week

appointments for the next week.

Appointments Yes Patients meet with their clinician
for a check-up. Includes physical
and digital appointments, but not
telephone contact. This is the only
time-consuming activity included in
the model.

Medical support Yes Incorporates various forms qf
treatment. Only included as
an optional eect that aects
variations in score.

Telephone No HCPs call patients for follow-up.

contact

Examinations No

Interventions No

Treatment advice No

Continued on next page

to
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Table3.1 continued from previous page

Category Feature Included? | Comment

Medical records No Stores patient information and
appointment notes.

Other activities No Workshops, in-service training,
development of practice etc.

Clinic Electronic Health No Stores medical records.

& Medical

Record system

Physical space No Examination rooms, waiting rooms,
service desk, etc.

Sta ng Yes De nes the available workforce
over time.

Clinic conditions Yes Stang, appointment durations
appointment intervals and
appointment type procedures.

PRIO CGM-data No Processes historical CGM-data into
processing Scores.

Scores Yes A 3-dimensional score based an

o

hypoglycemia, hyperglycemia an
variability from CGM-data.

Score Yes The lowest among the Scores.
Queuing Yes Orders the patient population
by score and time since las
appointment.

Clinic Yes Input to PRIO that re ect clinic
con gurations conditions. These are de ned hy
appointment intervals, appointment
role rotation, and appointment type

rotation.
Appointment Yes Suggests HCP role, appointment
handling type and appointment duration.

3.3 Simulation Model Development

The simulation model was created by following standard good practice of
iterative conceptualisation and model development. At rst, a prototype
was built from the most basic parts of the system as a proof-of-concept
implementation in the software environment. Thereafter, the real-world
systems were analysed, whereupon a conceptual design was conceived based
on the resulting conceptual model. The model was set up as per the conceptual
design. From there, model building and veri cation testing was conducted in

an iterative loop until all parts of the model produced the expected results.
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Lastly, validation was done through a sensitivity analysis and expert opinion.
The model is described with inspiration from the ODD (Overview, Design
concepts, Details) protocol developed by Grimm et al. [34]

3.3.1 Materials

AnyLogic 8.8.6 (The AnyLogic Company, Chicago, lllinois, United States)

was used as the modelling environment. Visual Studio Code (Microsoft
Corporation, Redmond, Washington, United States) was the python programming
environment for data analysis. Python 3.13 (Python Software Foundation,
Wilmington, Delaware, United States) along with the libraries pandas 2.2
(Lambda Foundry, Brooklyn, New York, United States), matplotlib 3.8.4
(Matplotlib), NumPy 1.26.4 (NumPy, Austin, Texas, United States) and
Seaborn v.X (Micheal Waksom, United States). The conceptual models and

Ul sketches were made in Figma (Figma, San Fransisco, California, United
States).

3.3.2 Conceptual Design

From the selection made in the conceptual model, the necessary agents and
how they should interact was conceived. The model was made to consist of
the following agents:

" Pwd - represents PwDs.
" Hcp - represents the HCPs with subclasses Nurse and Doctor.

" Prio - simulating the data input, analysis, storage and output of the PRIO
system.

" Clinic appointment DES process - A simple division between physcial
and digital appointments, and the patients' assigned HCP are the ones
who attend to them.

A rst iteration of the model was created to function as a foundation for the
subsequent development. This version incorporated the need-based scheduling
algorithm in AnyLogic which could communicate with Hcp agents. Simplistic
Pwd agents were created that could be run through the PRIO algorithm.
Figure 3.6 shows the structure of this initial model. As the model grew more
complex, unforeseen issues arose, and hitherto unconsidered interactions were
discovered, which resulted in rethinking of model design. Speci cally, the
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system for capacity and scheduling were changed repeatedly over the course
of development.

Figure 3.6: High-level diagram of initial model structure.

At the most high-level description of the model, each Pwd agent is placed in
a queue in the Prio agent. Prio generates a recommendation for the Pwd's
next appointment details, which include duration of the next appointment and
the Hcp that will attend the appointment. Every week, an event is called,
whereupon Prio reads through the ordered list of Pwds from the top to the
bottom and calls for their respective Hcps to book the Pwds for an appointment.
The Hcps book Pwds until their capacity for the week is exhausted. All Pwds
that have been booked are moved from the ordered queue list to a separate list
of booked Pwds. Each Pwd is aware of the next appointment date, if it has
been booked. The booked date is checked against the current date every day,
and if they are the same, the Pwd attends the appointment with their assigned
Hcp agent. Time since last appointment for that PwD is then reset to 0, and
will thus, regardless of glucose control, be placed far back in the queue. Figure
3.7 shows this process.

3.3.3 CGM Data

A dataset of TID CGM data over time gathered over 4 years (n=378) was
used to analyse patterns in changes to and distributions of scores in a diabetes
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Figure 3.7: The high-level process of Pwds being booked and going to appointments
that occurs every simulated week. The numbers indicate the sequence of events. The
dotted lines represent asynchronous events.

population. The dataset contained 48,472 entries of daily average values that
were previously derived from CGM-data. The columns in the dataset were the
following: Patient ID; Logged date; Number of sampled CGM measurements
that date; Low blood glucose index; High blood glucose index; Glycemic
variability percentage; Hypo score; Hyper score; Variability score; And lowest
daily score. Figure 3.8 shows a sample of these data.

Figure 3.8: A sample from the data used to analyse changes in glucose control over
time.

This dataset was compounded into average 30-day scores for each patient and
cleaned of missing values and entries with insu cient amount of sampled days
(<15 days). The time series of measurements were harmonised to the same
start date. The entries that had less than 3 consecutive months where ltered
out, and the hypo, hyper and variability score values were averaged for each
unique ID.
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This data was plotted in a histogram, showing the distribution of scores in
the population, as can be seen in Figure 3.9. They were all approximated
with truncated triangular distributions in the simulation software as the default
baselines used for the three scores in the patient population. The probability
density function for a truncated triangular distribution is de ned as follows:

2(x_a) 1 ;
b aec aFw Fn Tl x<c
_ 20 %) 1 ,
f(x) 3 & ab gFW FO) ifc x u
-0 otherwise

wherea is the minimum valueb is the maximum valueg is the mode] is
lower truncation boundy is upper truncation bound, and

(x_a)? ;
® a0 @ 3 ifa x c
(b _x) ;
F ) = 1 ®ab o ifc<x b
EO if x<a
1 if x>b

Figure 3.9: Distributions of the three scores from the dataset, based on individual
averages.
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The parameters for each of the three scores:
" Hypo baselinea=6;b=99;c=83;1 =20;u =110
" Hyper baselinea=17;b=100;c=74;l =20;u =105
"~ Variability baselinea = 30;b=100;c=87;1 =35;u=115

To approximate the changes in score over time, the dataset was preprocessed
the same way as before, except that the score of each patient was not averaged.
Instead, the di erences in each score between months was calculated. Then,
they were plotted in histogram, as seen in Figure 3.10. The monthly changes
in the scores are close to normally distributed, all close to around zero. The
changes in hypo score has a lower tail to the right. These were used to
de ne how the scores change in the model. The real-world distributions were
approximated with normal distributions, from which the model takes a change

in score. The probability density function of a normal distribution is given by

f(xj; )= —|91=eTr

where isthe mean and is the standard deviation. The approximations were
produced by inputing the means and standard deviation as indicated in the
Figure 3.9, ergo:

" Hypo changes: = 0:65 =11:95
" Hyper changes: =0:31, =6:85
" Variability changes: =0:35 =7:52

From publicly available data from NDR, it was found that 96% of people living
with type 1 diabetes wear CGMs. This was used to determine the amount of
Pwds with unknown score in the simulations.

3.3.4 Clinic Operational Data

Operational data from a Swedish diabetes clinic served as a foundation for
initial inputs to the simulation. These statistics included the di erent kinds

of patient contacts that were had and how many of each kind of contact that
doctors and nurses conducted each month between October 2022 to September
2023. The dierent forms of patient contact are by telephone, by a video
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Figure 3.10: Distribution of monthly score changes from the dataset.

call and physical meeting in the clinic. Over the course of a year, these
amounted to 1329, 13 and 742 respectively for doctors, and 174, 173 and
1069 respectively for nurses. During this time, the equivalent full time sta ng

of working doctors and nurses was about 1.75 and 4 respectively, i.e. there
were several doctors but they did not work full time. To nurses, standard in-
person appointments are booked for 60 minutes and digital appointments for
30 minutes. Doctors tend to see their patients between 30-45 minutes. All
these durations include note-taking and documenting in the patients' records.

Thus, in total, nurses spent 1155.50 hours on meeting patients over the course
of that year, while doctors spent up to 566.25 hours. On average, each
nurse spent 288.90 hours on 310.5 appointments. Each doctor spent on
average 323.57 hours on 431.43 appointments. No-shows was estimated to
approximately 6% of all appointments. Telephone contacts was not included
in the simulation. These data served as baseline parameters for building the
model.
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3.3.5 Model Description

In this section, the most important entities, variables, parameters and in the
model are described.

Entities, Variables and Scales

This subsection accounts for how the entities were de ned, what state variables
they were assigned, what they can sense - i.e. variables contained in themselves
or in other entities that they are aware of - and how they interact with other
agents. They sense and interact through functions. Only variables that serve a
function in the simulation are accounted for, not variables that exist to record
data or that serve a similar purpose. The full documentation of the model can
be provided upon request.

Pwd agent
They live in an agent population callguivds Table 3.2 shows the state
variables that de ne each Pwd agent.

Pwds can sense their own Score, time since last appointment, next appointment,
assigned doctor and nurse. In Main, they can sense whether their Scores and
wearing of CGMs are set to dynamic or not and a value re ecting tendency
for no-show. They also sense the thresholds of moderate and good glucose
control. Pwds sense nothing pertaining to the Hcps or Prio agents.

The Pwds only have mutual interaction with their assigned Hcps when they
go for an appointment, at which point their NextAppointment is completed.
Upon completing an appointment, Prio is noti ed, which sets the parameters
of the next appointment. Pwds do not interact between each other.

Table 3.2: This table summarises the PwD state variables.

Pwd State Variables

Variable(s) Type Explanation
hypo_score, hyper| int, range [0-| The lowest of these is th8coreof each
score, variability_score | 100], optionally | agent. Upon toggling dynamic scores, this

dynamic value will uctuate around their respective

baselinesvery month that passes.
hypo_baseline, int, range [15-| Serves as a baseline for their respective
hyper_baseline, 95], optionally | scoresfor each agent.
variability _baseline dynamic
Continued on next page
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Table3.2 continued from previous page

Variable(s) Type Explanation

Score int, range [0-| Compsoite of the three scores aboye.
100], optionally| Measure of glucose control. Together
dynamic with MSLVdecidesrioClass Determines

what glucose control category state the
agentisin.

PatientStatus OptionList, range| Flags for whether a Pwd is waiting to he
[waiting, booked,| booked, has a booked appointment or ig at
queuing], an appointment.
dynamic

MSLV double, range [0{ Acronym for "Months since last visit"
inf), dynamic Represents amount of months since the

agent attended an appointment.

PrioClass int, range [1-10],| Aects how soon the agent will be
dynamic scheduled for an appointment.

QueueNumber int, range [1-inf),| The current queue number in the PR|O
dynamic queue.

hasCGM boolean, range Iftrue, Scorewill contribute to determining
[true, false],| PrioClass If false, Scoreis not used and
optionally agent enters glucose control category state
dynamic Unknown

MedicalTargetDate int, range [0-inf),| Agents withMSLV higher than this number
static will have a highPrioClassif hasCGMis set

to false.

AssingedNurse Nurse, range The Nurse agentassigned to a specig
[N/A], static agent.

AssignedDoctor Doctor, range| The Doctor agentassigned to a speci ¢
[N/A], static agent.

PreviousAppointment, | Appointment Contains information about the

NextAppointment (custom class)| characteristics of the agents previous
dynamic and next appointemnts.

GlucoseControlStateCharbtateChart, statici Based on composite Score and hasCGM,

changes state to either poor, moderate,
good or unknown.

Hcp

There are two subclasses to HtjurseandDoctor, both of which have their

own populations. Their state variables are simply a list of assigned patients, a
list of booked patients waiting for an appointment and their weekly schedule,
as seen in Table 3.3.

Hcps sense all of their state variables, as well as the total time they have spent
on seeing patients. They are aware of the NextAppointment details and the
Score of the Pwds in their patient list, as well as whether their patients wear
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CGM or not. They also know about the amount of hours to put in the schedule

from Main.

They interact with Pwds by scheduling and attending appointments. Scheduling
determines when the Pwds will go to an appointment, and completing appointments
lIs out the appointment details and resets their time since last visit to 0.

Table 3.3: This table summarises the HCP state variables.

Hcp State Variables

Variable

Type

Explanation

PatientList

Pwd ArrayList, static

A list with references to all of the agent!
assigned Pwds.

booked_patients

Pwd
dynamic

ArrayList,

A list with references to the agent]
assigned patients that are booked for
appointment.

time_capacity

double, range [0, inf),
optionally dynamic

De nes the agent's weekly capacity fg
booking appointments in terms of time.

slot_capacity

double, range [0, inf),
optionally dynamic

De nes the agent's weekly capacity fg
booking appointments in terms of slots.

fullSchedule boolean, [true, false]| True if there is not enough capacity t
dynamic schedule a next appointment. Eventual r
time is carried over to the next week.
Prio

an

=

=

(o]

est

Simulates the data analysis and functions of the PRIO system. PRIO is
represented by a single agent in the model. See Prio's state variables in Table

3.4.

Prio is aware about almost all input parameters, all Hcps, Pwds and completed
appointments. Ituses the score, time since last visit, hasCGM and MedicalTargetDate

variables of all the Pwds.

The input parameters that Prio can sense are

the appointment frequency thresholds, the glucose control thresholds, the
appointment duration assigned to each glucose control category and HCP role,
the appointment type rotations and appointment role rotations.

Prio assigns a queue order and class to all Pwds, de nes details of the next
appointments and triggers booking of appointments. It assigns Hcps to each
Pwds and updates and determines the order in which the Hcps' patients are to
be booked. The Pwds that are included in the booked list are removed from
the queue list until the appointment is completed, which depends on how many
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patients the Hcps can book.

Main

Vaguely represents the clinic. It contains the input variables, parameters and
con gurations, Pwd population, Hcp populations, the Prio agent and DES
process. It also serves as a connection between the agents in the model. The
whole Ul resides within the Main agent.

Table 3.4: This table summarises the Prio state variables.

Prio State Variables
Variable Type Explanation
prio_queue Pwd ArrayList, | A list with references to all of the Pwds,
dynamic ordered by the PRIO algorithms.
booked_list Pwd ArrayList, | A list of all the patients that are booked for
dynamic an appointment.
completed_appointmentsAppointment Collects all the completed appointments
ArrayList, dynamic

This model does not consider the spatial dimension. The model time was set
to days, resulting in a standard simulation speed of 1 day/second.

Process Overview

The model was built to be event-driven in continuous time. On simulation
startup, it is paused before any events can occur. The user can input variables
in a Ul. Upon the press of a "Run" button, the Init() function is executed, which
sets up the necessary systems based on the input parameters. Once a day - in
simulation time - two events are triggered:

(1) The Prio queue list loads the whole Pwd population, assigns each Pwd with
a PrioClass and reorders the queue list.

(2) each Pwd's time since last visit is increased by a day and they check if
today's date has a scheduled appointment, in which case they go to the clinic.

Every week the Hcps book their assigned patients that are at the top of the
Prio queue list for the coming week, until there are no more free slots or
free time in their capacity for that week. The Pwds' that are booked gain the
PatientStatus "booked". For each month that passes "locally" for a Pwd, i.e.
when its "months since last visit" is increased by 1, the scores for that Pwd are
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recalculated if dynamic scores are toggled on. Every week, after all the Hcps
have booked their appointments, Prio checks for bottlenecks and ine ciencies
in the system.

When a Pwd goes to an appointment, it enters the DES process ow in
the Main agent, where Hcps are available during working hours to receive
them. The Pwd is assigned the PatientStatus "queuing”. There, it checks if
the appointment is digital or physical and goes to the corresponding service
block. It waits in the queue of the service block until its assigned Hcp is
available, at which point it enters the delay block and stays there for the
duration previously speci ed by Prio. Upon exit of the service block, functions
for completing the appointment are triggered in both the Pwd and Hcp. The
Pwd's NextAppointment is de ned by Prio.

For every year that passes, the simulation stops and displays key output results
of that year. When the simulation resumed, it saves all output variables to an
Excel le.

The processes that have some stochastic elements are actual durations of
appointments (as opposed to what is recommended by Prio), changes in score
and probability for a Pwd not showing up for an appointment. Furthermore,
starting values of scores and time since last appointment of Pwds are also taken
from pseudorandom distributions, which a ects the initial distribution of prio
classes in the patient population. What Hcps are assigned to what Pwds is
randomly, but evenly, distributed among all the available Hcps. Which Pwds
that wear CGM is determined by a generated random number.

The key outputs of the simulation were made to be various graphs and
comparative numbers. Functions and datasets were created to present what
information was deemed interesting for the purpose of the model. To visualise
the need-based e ects, the amount of appointments, as well as total time
spent spent in appointments, overall and per glucose control category (good,
moderate, poor, unknown) over the course of the simulation run were displayed
both as numbers and in bar charts. Also, a stacked time chart was created to
display the changes over time of the distribution of glucose control categories
in the Pwd population. A chart with score on the X-axis and months since
last visit on the Y-axis was made, in which all Pwds appear as separate dots,
and where the background of the plot-area is a Prio class chart, and is updated
during runtime. Two histograms showing the distribution of months since last
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visit, one over the whole population, and the other divided by glucose control
category, show how many in the Pwd population have waited a long time to
receive medical attention. As for operational e ciency, charts showing how
much time each Hcp has spent on appointments can be compared to baseline
Figures for a clinic, to see if a con guration can yield e ciency improvements.

A chart showing the upcoming planned appointments are divided among the
nurses and doctors can show whether any of the Hcp roles are bottlenecks in
a given con guration.

Initialisation

At the start of a simulation run, all agents are initialised with starting values
and con gurations.

Main - All the input values and options are decided in the Main agent. From
there, the amount of Pwds, Nurses and Doctors are decided upon. The Init()
function is run to set up appointment role and type rotations, create graphs and
weekly schedules for the Heps.

Pwd - Hypo, hyper and variability scores are initialised from a truncated
triangular distribution from which the composite Score is calculated. Time
since last visit is taken from a uniform distribution. Whether a Pwd wears

a CGM is determined by a percentage chance. They have the PatientStatus
"waiting" by default.

Hcp - The capacity is lled as per con gurations.

Prio - The rst appointment of each Pwd is de ned, specifying duration,
Hcp type and appointment type. It assigns responsible nurses and doctors
to each Pwd from a uniform distribution of the amount of nurses and doctors
respectively.

Input Data

The model has required and optional inputs. See Table 3.5 for input parameters
and variables.
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Table 3.5: This table summarises all global variables and input parameters in the

model.

Global Input Variables and Parameters

Variable/Parameter Type & Units Explanation
GoodGlucoseLimit int, score Determines the score threshold betwegen

good and moderate glucose control

ModerateGlucoseLimit | int, score Determines the score threshold between
moderate and poor glucose control

MaxAppointmentFreq int, months The amount of months that have to pass
without a patient going to an appointment
to be of the highest priority in the PRIO
algorithm.

Standard int, months The amount of months that have to pdss

AppointmentFreq without a patient going to an appointment
to be of high priority within their glucose
control category in the PRIO algorithm.

LowGlucose int, months The amount of months that have to

AppointmentFreq pass without a patient with poor glucose
control going to an appointment to be of
moderately high priority

MinAppointmentFreq int, months The amount of months that have to pass
without a patient going to an appointment
to not be of the lowest priority.

nNurses int, number Amount of nurses on the clinic.

nDoctors int, number Amount of doctors on the clinic.

nurseTimeCapacity double, hours Determines how much time is available
for appointments each week for nurses.
Is set either as average hours per month
separately, or the average hours per month

over the whole year.

doctorTimeCapacity

double, hours

Same as above, but for doctors.

nurseSlotCapacity double, slot Determines how many slots are available
for appointments each week for nurses.
Is set either as average slots per mo
separately, or the average slots per mo
over the whole year.

doctorSlotCapacity double, slot Same as above, but for doctors.

nurse int, minutes These are three values that determine

AppointmentLenghts duration of appointments with Pwds with
poor, moderate or good glucose control.

doctor int, minutes Same as above, but for doctors.

AppointmentLenghts

RoleList list, string Rotation of roles (doctor or nurse) that wi

be attend a patient's next appointment.

Continued on next pag
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Table3.5 continued from previous page

Variable/Parameter Type & Units Explanation

TypeList list, string Rotation of digital or physical appointment.

NoShowTendency double, percent Percentage chance that a patient will not|go
to a scheduled appointment. Optional.

DynamicScores boolean Toggles whether the scores of the patients
are static or dynamic.

DynamicCGM boolean Toggles  whether  patients  should

dynamically wear CGMs or not. |
not, each patient will constantly wear or
not wear a CGM.
Generallmprovement double, score Sets how much a patient's mean glucgse
control is aected by going to an
appointment.

only_target date boolean Toggles whether Prio should have Pwgds
being scheduled the same or by glucgse
control.

custom_score percent Sets the score baselines in patient

_distribution population to unknown, poor, moderate pr

good based on speci ed percentages.

3.4 Analysis of Model Outputs

The model was evaluated with veri cation and validation activities.

3.4.1 Verication Process

The model was developed and veri ed iteratively. If an output did not align
with the expected results, it was adjusted or rebuilt until it performed as
intended. Debugging was primarily done by outputting values and their
corresponding states to the console, allowing real-time monitoring during
simulation runs. Additionally, unit tests were made throughout the development
process ensure that individual components functioned correctly in isolation.
Visualisations and a tool were built within the simulation Ul to allow for
scrutiny of what the model produced. The tool allows the user to select single
Pwd agents to see their score changes over time, time since last appointment
over time and in the moment variables during runtime. The Prio queue list
was displayed in the Ul, in order to display how it behaved. Histograms of the
scores and the changes of them was created to ascertain that they did not stray
too far from observed data.
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3.4.2 Validation Process

The validation of the model serves to ascertain that the outputs of the
simulation model represents the real world, and thus the degree of usefulness
of it.

Sensitivity Analysis

A sensitivity analysis was conducted on the most important input variables.
This was done by running 100 simulations over 5 simulated years with di erent
random seeds for each simulation, while varying the inputs within a speci ed
range. The input values and resulting outputs were saved in a .csv format. 50
runs were simulated with static glucose control, and 50 runs with dynamic
glucose control. This was achieved by creating functions that randomly sets
variables within a range, runs the simulations as fast as possible, and saves
the variables to an Excel le at each simulated year, that are all activated
with the click with the click of a button. The input variables are speci ed

in Table 3.6, and the outputs in Table 3.7. Polynomial ridge regression and
logistic regression analyses were performed using python and the scikit-learn
library, recording the Rand regression coe cients for each input variable
with respect to each output variable. The three most in uential inputs were
identi ed and analyzed in detail to understand their impact on the simulation
outcomes.

Table 3.6: Parameter values and ranges for sensitivity analysis.

Parameter Baseline Value| Range
MaxAppointmentFreq 12 [6, 18]
StandardAppointmentFreq 6 [3, 9]
LowGlucoseAppointmentFreq 4 [2, 6]
MinAppointmentFreq 3 [1, 5]
nNurses 2 [1, 5]
nDoctors 2 [1, 5]
nPatients 1000 [500, 1500]
PoorLength 60 [45, 75]
ModerateLength 45 [30, 60]
GoodLength 30 [15, 45]
NurseAvailableTime 100 [80, 120]
DoctorAvailableTime 100 [80, 120]
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Table 3.7: Outputs tested in sensitivity analysis.

Output Description

avgAppointmentsNurse | Number of appointments handled by nurses
avgAppointmentsDoctor | Number of appointments handled by doctors
avgAppointmentsCategory Appointments per glucose control category

avgNurseHours Total hours worked by nurses
avgDoctorHours Total hours worked by doctors
lostTimeNurse Time nurses spent without appointments
lostTimeDoctor Time doctors spent without appointments

CategoryMaxWaitingTime Maximum waiting time experienced by a patient per glucose
control category
CategoryMinWaitingTime| Minimum waiting time experienced by a patient per glucose
control category

Bottleneck Indicates if there is a bottleneck in the system

Ine cient Indicates if the con guration is too e cient or ine cient

Expert Opinion

The model was validated by professionals in the diabetes care eld, by asking
about the perceived relevance, accuracy and usefulness of its outputs in a semi-
structured interview. Based on input parameters, the participants evaluated
whether the workload, patient score distributions and dynamics of glucose
control change are reasonable over a set period of time. The interviews were
recorded and transcribed, after which key takeaways from the answers of each
question was compounded and summarised.

The test and interview question were designed with inspiration from the
Uni ed Theory of Acceptance and Use of Technology (UTAUT) framework
and the concept of perceived usefulness [52, 53, 54].

The structure of the user testing was as follows:

1. Demonstration of the simulation model - show the inputs, run an
experiment, show outputs.

2. Participant involvement and exploration - modify the inputs as per
wishes of the participants and run experiments.

3. Record semi-structured interview with the questions in the lists below.

4. Analysis of interview responses.
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Questions about Perceived Usefulness

" How valuable do think these simulations can be in helping to communicate
the bene ts of a need-based patient population management system such
as PRIO? What do you think the bene ts are? Consider both decision-
makers and clinician perspectives.

" Do you think the simulation model can help detect risks associated with
implementing a need-based patient population management system such
as PRIO? What do you think the risks are?

" Do you think the model could help inform policy-making and healthcare
planning at a clinic-level? How?

Question about Perceived Relevance

" How relevant do you think the model is in showing how current
challenges in diabetes care management could be addressed?

~ How well does the model communicate the bene ts of need-based
booking?

" How relevant do you nd the model in the context of integrating systems
need-based booking in healthcare?

Questions about Perceived Accuracy

" To what degree do you think the model produces accurate results in
terms of time spent on meeting with patients and clinician workload?

" Doyou think the variations seenin uctuating scores are accurate? Why,
why not?

" What are your opinions on the assumptions and simpli cations present
in the model? Do you think they compromise the model's accuracy?
How?
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4 Results

This chapter presents the simulation model that has been developed, how it
can be used, as well as the results of the validation activities consisting of
sensitivity analysis and expert opinion user tests and interviews.

4.1 Simulation Model

In order to run the model, the input parameters need to be speci ed. Then,

upon running the simulation, the user can decide whether to use dynamic
scores and dynamic CGM, and if no-shows are to be included. Then, the run

button is pressed, and the simulation starts running. During runtime, the user
can explore how the graphs change over time, as well as interact with various
functions. After a year in model time has passed, the simulation will pause, at

which time the user can explore the results. This section explains each these
steps in detail.

4.1.1 User Interface & Model Outputs

This section is a walkthrough of the Ul, presented in an order that is in line
with intended use. The usage of this model consists of three phases. Phase
1 involves con guring the input parameters. Phase 2 consists of running the
simulation and observing transient changes at runtime. Phase 3 is to explore
the outputs in excel.

Phase 1: Con guration and inputs. Upon starting the simulation, the user is

met with a view containing various input parameters, as shownin g 4.1. The
simulation ID serves as the label under which the results will recorded and
saved. The load inputs button sets all the parameters to the last saved values,
and the save button saves the current values. The checkboxes "Autoload" and
"Autosave" enable the automatic loading of the last saved values on startup
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and the automatic saving of values upon running the model, respectively.

In this view, four appointment interval sliders determine the target interval
of appointments based on Pwd agent's score, and must be set in decreasing
values in the order from left to right as shown in the gure; the system ensures
that these parameters cannot be set erroneously. A "Medical Target Date"
checkbox standardises the target frequency of appointments to six months
for everyone, regardless of glucose control. A "Dynamic Scores" checkbox
activates the function that makes the glucose control score of everyone in the
population uctuate, but the glucose control of the population will remain
largely the same on average over time. A "Score Improvement" slider, e ective
only if the corresponding checkbox is selected, increases patients' baseline
glucose control upon completing an appointment. A "No-show Tendency"
slider sets a probability that patients will not show up for an appointment,
resulting in wasted time. Finally, the "Run" button initialises and starts the
simulation run with the con gured settings.

From the main menu view, there are the three sub-views capacity, appointment
and patient setup, containing additional input parameters that can be accessed
with their respective button. Figure 4.2 show the capacity setup, where the
user can choose if the available capacity will be based on available hours,
slots, or both. Further, the user can choose in what form the capacity should
be inputted, per month, or average per month. The choice of "total hours/total
slots" means that the values re ect a whole clinic's capacity, including all
the available nurses and doctors. The "individual hours/slots" means that the
values re ect the amount of time spent by each nurse and doctor. "Average
hours/slots” re ect the yearly average of time/slots for appointments per
month.

In appointments setup (Figure 4.3), the user chooses caregiver and appointment
type sequence rotation, which is done via drop-down lists under the headings
"HCP sequence" and "Appointment type sequence” that contain "Nurse”,
"Doctor”, and "N/A", as well as "Physical”, "Digital” and "N/A" respectively.

If the system is set to the rotation "Nurse, Nurse, Doctor", the patients will see

a doctor every third appointment. Also, there are input elds for duration of
appointments per glucose control category, which can be di erent for nurses
and doctors. The e ect of these are that the Hcp agents will spend the speci ed
amount of time on their Pwd agent's appointments depending on the glucose
control category they are in at the time of scheduling.
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