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Abstract

The recent challenges presented by the Coronavirus pandemic (COVID-19) are examples for the need to improve the
soundness and resilience of hospital management. Digital Twin technique seems to be a relevant means to attend these
needs. It consists of virtual representations of real assets and/or processes that are used to understand, predict and optimize
their operation and efficiency. The present work sets out to investigate the usefulness of this technique for hospital
management and points out the process of developing a digital twin framework dedicated to real-time monitoring of
patients’ pathways and predicting their near future. It aims to handle irregular, unusual and unexpected behaviors that may
happen in hospitals and helps to make the right decision to mitigate the unpredictability situation. Different issues related to
the way of developing, initializing and synchronizing the digital twin are discussed in this paper.

Keywords: Digital Twin; patients’ pathways; Online Simulation; Real Time Monitoring; Predictive Simulation.

1. Introduction

Nowadays, ensuring business resilience has proven to
be increasingly challenging since the business environ-
ment is becoming more and more unpredictable. In
fact, for several years to now, many exceptional events
have reminded us of the vulnerability of companies
to major disasters or losses, whose consequences for
people, assets and the environment are sometimes dis-
astrous; such as the recent health crisis that the world
is currently living in.

Organizations are requiring new methods and tools
to cope or recover their performance and efficiency
after disruptive events. The hospital is one of these
organizations. Indeed, we have recently noticed this
Coronavirus (COVID-19) pandemic. The hospital man-

ager needs to manage the patients’ pathways and their
evolution over time in order to strengthen their re-
silience in the face of major risks.

At this stage, it is worth to notice that the quality
and the relevance of the decisions that should be taken
are strongly linked to the visibility that these decision-
makers have on the given situation and its future de-
velopment. Hence, monitoring the patients’ pathways
in real time is one of the most important aspects that
deliver crucial information to the hospital staff and
managers. This information helps to determine and
assess the efficient medical and administrative services
that can be used to provide the right care for each indi-
vidual patient at the right time and in the right location
(Huang et al., 2016) (Karakra et al., 2019). In the in-
dustrial domain, there are different techniques used
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for monitoring the physical systems and for predicting
their near future. Digital Twin (DT) approach is one
of them and has gained much importance in recent
years. It defined as (physical and/or virtual) machines
or computer-based models that are simulating, emu-
lating, mirroring, or “twinning” the life of a physical
entity, which may be an object, a process, a human,
or a human-related feature. It is more than a simple
model or simulation (Barricelli et al., 2019). It seems
to provide a valuable means to collect timely informa-
tion that fully describes a potential or actual physical
situation (Grieves and Vickers, 2017).

Although the objectives of DT are very ambitious,
scientific research in the healthcare field compared to
what is published in the manufacturing field is scarce
and still at its early development stage (Barricelli et al.,
2019). There is no methodological framework to struc-
ture and guide the design of a digital twin according to
hospital decision maker needs.

Since this work sets out to investigate the useful-
ness of digital twin for hospital management and its
practical considerations. It contributes to set the first
foundations of a new framework called HospiT’Win. It
figures out the process of building a DT for monitor-
ing and predicting the patients’ pathways in real time.
This process includes the way of initializing the DT,
synchronizing the DT twin with the real world, and
then predicting their near future.

This paper is structured as follows: Section 2 pro-
vides a survey of the recent digital twin applications in
the healthcare domain. The core contribution of this
paper, namely HOSPIT’WIN approach, is presented in
Section 3. We report on an evaluation of this approach
in Section 4 before we conclude with lessons learned
and an outlook to future research directions in Section
5.

2. State-of-the-Art

In recent years, a considerable literature has grown
up around the concept of Digital Twin. This interest
is mainly due to its potentials to reduce the cost of
system verification and testing, to produce tailored
decision support information and alerts to users, and
to predict changes in physical system over time (Madni
et al., 2019). Even though the terminology has changed
over time, Digital Twin can be loosely described as
a simulated “real” environment, based on a strong
two-way interactions between the digital and physical
worlds and using a set of well-aligned, descriptive and
executable models with the aim to support decision-
making during design, operation stages (Roland Rosen,
2018).

To date, DT has been successfully implemented in
different industries, notably manufacturing, aerospace,
defense, manufacturing and building construction.
These applications differ on the level of their focused
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functional description. Some of them were applied
on the product/component level (as to screen out un-
wanted product functionality and features), others fo-
cused on operation level (as for learning a new business
practice or for assessing a new treatment), and oth-
ers point up the process level (as for predicting the
near future of the traffic) and/or the system level (as
for providing early and timely insights into system
behavior).

Currently, there are also different ongoing re-
searches that illustrate the importance of applying the
DT in the healthcare domain. (Martinez-Velazquez
et al., 2019) suggest a DT platform of the human heart
called “Cardio Twin”. The main idea behind this twin
could be summarized by collecting data from differ-
ent sources. Such as, sensors, medical records, social
networks from all. This collecting data is processed us-
ing different techniques to detect if the patient suffers
from heart diseases such as Ischemic Heart Diseases
(IHD) or a Stroke. The future work for this research is
to extend the Cardio platform to help in the prevention
of the mentioned diseases by reducing the risk factors
associated with these diseases. Another DT of heart de-
veloped within the “Living Heart” project powered by
the French software firm Dassault Systemes. It consists
on the first simulated real-life heart that serves as a
common technological base for education and training,
clinical diagnosis and prevention of heart disease. For
instance, it can be used as tool guide device design and
treatment planning in cardiac diseases such as steno-
sis, regurgitation, or prolapse of the aortic, pulmonary,
tricuspid, or mitral valve (Baillargeon et al., 2014).

Within a broader scope, the Virtual Physiological Hu-
man (VPH), an EU initiative project, aims to develop
an integrated model of human physiology at multiple
scales from the whole body through the organ, tissue,
cell and molecular levels to the genomic level (Viceconti
et al., 2008). VPH is intended to support the develop-
ment of patient-specific computer models and their
application in personalized and predictive healthcare
(Kohl and Noble, 2009). In the same vein, (Ayache,
2019; Ayache et al., 2011) propose a digital represen-
tation of the patient’s anatomy and physiology based
on executable models whose parameters can be learnt
automatically from real clinical, biological, behavioral,
and environmental data. The virtual patient can then
be used to better quantify the observations, to simulate
the evolution of a pathology, and to plan and simulate
an intervention to optimize its effects. At another level,
(El Saddik et al., 2019) present an ecosystem of the DT
for health and well-being. This DT is capable of track-
ing and helping a person in case of an emergency even
if that person is alone and suffers from heart diseases
such as [HD. In a related matter, (Liu et al., 2019) pro-
pose a cloud-based framework for the elderly health-
care services using the digital twin, named CloudDTH.
This DT framework aims to support the monitoring
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and real-time feedback for the elderly to manage their
long-term lifecycle healthcare. Machine learning algo-
rithms are implemented for fast simulations in order
to predict crisis situation.

For a broader market sector, MyHealthAvatar is a EU
research project attempting to create a digital repre-
sentation of patient health status called a digital avatar.
This avatar plays a role like a personal digital health
related collection bag, carried by individual citizens
throughout their lifetime capable of sustaining in a
meaningful manner all collected information. This in-
formation is related to multilevel personal health data
that is collected from heterogeneous data sources such
as clinical data, genetic data, and medical sensor data
from all(Kondylakis et al., 2015). (Barricelli et al., 2020)
propose an extension to SmartFit which is a compu-
tational framework exploiting wearable sensors and
internet applications. The extension is able to monitor
a team of athletes, predict their condition during train-
ing and then suggest changes in behavior to increase
performance and health conditions.

From healthcare organizational perspective, a recent
work carried out by GE Healthcare company has im-
plemented a predictive real-time platform in a new
“command center" department for the Johns Hopkins
Hospital in Baltimore (INFORMS, 2017). It aims at pre-
dicting patient activity and planning capacity according
to demand based on a DT of patient pathways and using
prescriptive and predictive analytics, machine learning,
natural language processing, and computer vision for
better decision-making. These analytics provide hos-
pital staff members with several accurate and timely
insights on bed assignments or whether a unit needs
assistance or an influx of patients coming into the hos-
pital. Similar work has also been pursued by Siemens
Healthineers company (Scharff, 2018) in which med-
ical unit DT was developed. It sets out to optimize
the operational scenarios and layouts of a medical unit
which may suffer from increasing patient demand, ag-
ing infrastructure and/or lack of space by instantly
evaluating various options before implementation of
the right solution to transform care delivery. This DT
is drawn upon workflow simulation and 3D computer
model enabling the building of a dynamic and com-
prehensive model which integrate patient pathways,
staff scheduling and movements. Similarly,(Augusto
et al., 2018) propose a framework for modelling and
simulation in the form of an offline DT to evaluate the
performance of emergency units in the case of major
crisis such as earthquake, tsunami, terrorist attack.

Table 1 provides a comparative study of these vari-
ous DT applications according to their uses and their
functional description level.

The present studies confirm the effectiveness of the
digital twin healthcare (DHT) to pave the way for an
efficient path for patients to access safe, effective new
treatments and cares and to reduce costs. However,

as far as we know, and as noticed in several other
studies related to this topic (Barricelli et al., 2019), DTH
projects are still partial and focus particularly on the
virtual patient and well-being. Up to now, far too little
attention has been paid to the role of DT for hospital
management which is the main subject of this paper.

3. Proposed approach: HospiT’Win

Today, managing growing patient demand, decreasing
of waiting times and delays, enhancing resilience to
sustain required operations under both expected and
unexpected conditions are common challenges that
most hospitals are suffering (Karakra et al., 2018). To
overcome theses challenges, we propose a digital twin
of patients’ pathways for the hospital of the future
called HospiT’'Win. It is used to convey key information
to decision makers in real-time. It is a high-fidelity
and dynamic virtual representation of patients’ path-
ways inside the healthcare organization. It works based
on Discrete Event Simulation (DES) which is a well-
recognized method for modelling and analyzing health
care services (Zeigler, 2014).

As illustrated in figure 1, HospiT’Win has three main
components: the Real world, the virtual world, and
the connection between them. In the real world, there
are patients’ pathways that represent the core objec-
tive of this work. These pathways are considered as
the processes that each patient follows from entry into
a hospital or a medical unit until discharge. They are
seen as timelines on which every event relating to treat-
ment can be entered, including consultations, diagno-
sis, treatment, medication, and preparing for discharge
from hospital (Dictionary, 2011).

The virtual world is a composite of a Digital Twin for
monitoring (DTM), and a Digital Twin for Predicting
(DTP). The cloud database has been used to bridge the
gap between the two worlds. It allows the synchroniza-
tion of states of the enacted digital twin with patients’
pathways. For example, each time an event is detected
in these pathways, information about this event will
be injected in the database in real time. For 3D repre-
sentation and monitoring the patients’ pathways, DTM
could be used for this purpose.

First of all, DTM will be initialized with the current
state of the real patients’ pathways from the database,
then it will be synchronized with the database to reflect
any new event that may happen in these pathways.

For predicting the future, the DTP could be used for
this purpose. Firstly, DTP will be initialized with the
current state of the real patients’ pathways from the
database. Then, it will be running at clock speed faster
than the real world speed to anticipate the near future.

The predictive model in HospiT'Win is not a classical
simulation model as in (Augusto et al., 2018). Actually,
it is a half connected model. Which means this model
is connected with patients’ pathways for continuously
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Figure 1. Proposed approach: HospiT’Win

updating its statistics and probabilities. Hence, in this
approach, initializing and synchronizing the DTM and
the DTP with real patients’ pathways are two funda-
mental methods that guarantee the quality and the
accuracy of the provided information and insights.

In this work, we consider the initialisation as the start-
ing step before synchronizing the model with the real
world. It means starting the model with a “non-empty
or idle state”. In our case, starting the model in the
same state as the real patients’ pathways in the hospi-
tal (Bergmann et al., 2011). Actually, this is different
from the traditional simulation where the simulation
model starts with an empty or idle state (Hanisch et al.,
2005). In this approach, there are four related sets
of data:(1) R represents a set of activities in the real
hospital (2) V represents a set of activities in the vir-
tual hospital Model (DTM or DTP) (3) IDsR represents
a globally unique set that is used to keep track of the
patient IDs in the real hospital Model (4) IDsV repre-
sents a globally unique set that is used to keep track
of the patient IDs in the virtual Model. To clarify this
approach, the following notations will be used:

« 1 represents a real world activity, where r € R and
r={(activity name, current number of patients in this
activity, IDsR )}.
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Algorithm 1 Initialization

Require: RealWorldClock,numberOfPatientPerActivity,j,i
1: procedure startInit(R,V)
2:  fori= 0 toR.length do

3 ]« 0

4 numberOfPatientPerActivity « (R.r[i]).numberOfPatients
5 while j<numberOfPatientPerActivity do

6: create ((V.v[i]).IDsV[j],(R.r[i]).IDsR[j])

7 je—(+1)

8 end while

9 (V.v[i]).numberOfPatients « (R.r[i]).numberOfPatients

10:  end for
11:  DTMClock « RealWorldClock
12: end procedure

> i, j array indices

> To cover all the activities in the real hospital
> It will be used to loop through the IDs array
> Get the number of patients for each activity

> Create virtual patient in activity v[i]
> Updated to read the ID of the next patient

> Update the number of patients in activity v[il

> Assign the DTM clock to the real world clock

- | R |, return the number of activities in the set R. In
algorithm 1, to remove the confusion R.length has
been used as a synonym to the | R [.

- v represents a virtual world activity, where v € V
and v={(activity name, current number of patients
in this activity, IDsV )}.

+ | V|, return the number of activities in the set V.

In this presented work, five activities have been con-
sidered; Waiting Line (WL), Registration Desk (RD),
Waiting Room (WR), Exam Room 1 (ER1), and Exam
Room 2 (ER2). Consider that in the real hospital at
14:30:00, there are three patients on the waiting line,
one patient at the registration desk, two patients in
the waiting room, one patient in exam room 1, and no
patients in the exam room 2. The sets R,V, and IDs
before running the DTM has the following values: R=
{(WL,3,{123, 234, 3451), (RD, 1, {678}), (WR, 2,{490,
530}) ,(ER1, 1,{773 }), (ER2, 0,{})}, and V= {(WL, 0,{}),
(RD, 0,{}), (WR, 0,{}) ,(ERy, 0,{}), (ER2, 0,{})}.

As can be noticed, all of the activities in set V are
empty since the DTM is off and not running till now.
While the sets R and IDsR are not empty, the set R has
the same number of patients at each activity in the real
hospital, and the set IDsR contains the IDs of those
patients. For example, there are three patients on the
waiting line, and the IDs of those patients are (123, 234,
345), and so on. Consider the state of the real hospital
at this moment, it does not change, and we need to run
the DTM. In this case, the values of the set V had to
update from empty to have the same values of set R
with the same IDs. Such as; V= {(WL,3,{123, 234, 345}),
(RD, 1, {678}), (WR, 2,{490, 530}) ,(ER1, 1,{773 1), (ER2,
0,{}3}. Algorithm 1 shows the process of initializing
the DTM to have the same state as the real world (real
patients’ pathways) state.

Technically, one can use a database table to imple-
ment the two sets R and IDs. Such as, the header of
this table could be {TablelD: int, PatientIDs : text, Pa-
tientLocation: int, ...}. The first step of algorithm 1 is
to call a Reset procedure. This Procedure is responsible

for pulling the patient information from the database
and creating virtual patients in the DTM model cor-
responding to their information that was pulled from
the database, such as their IDs and their locations at
each activity. The loop in the algorithm 1 in line 5 is
responsible for creating virtual patients in DTM cor-
responding to their real twins in the real hospital by
taking in consideration their IDs and the current ac-
tivities where they exist. Line 11 in the algorithm is
responsible for initializing the DTM clock with the real
world clock.

3.2. Synchronisation

In this work, we consider the synchronization as the
second step after the initialization where the virtual
patients’ pathways must have the same state as the
real patients’ pathways at each point of time (at each
detected event). The quality and reliability of DTM
depends on the quality of synchronizing the DTM with
the real world. In other words, DTM must have the
same state as the real world in the real time. Based
on the defined sets ( R and V) in section 3.1. The setV
must have the same values as the set R at each detected
event. For example, each time the set R is updated,
the set V must be updated too, at the same time. In
the synchronization approach, there are three cases
which must be considered: (1) new patient enters to
the hospital (2) the patient moves from one activity to
another (3) the patient leaves the hospital.

When the real patient enters the hospital, a virtual
patient must be created at the entrance door of the
DTM (the set V) corresponding to this patient (algo-
rithm 2, line 4). Also, a random next destination will
be assigned to this patient to keep walking, even if this
destination is wrong. When the real patient arrives at
the next destination, this virtual patient will be syn-
chronized to have the same location as the real patient
(algorithm 2, line 5). In case the real patient leaves the
hospital, the virtual patient must be removed from the
DTM (algorithm 2, line 7). The problem is when the real



patient moves between the activities (algorithm 2, line
9). In case the DTM receives an event; the real patient
has started to move from activity called X to wher-
ever. The virtual patient corresponding to this moving
real patient must start to move. To synchronize those
two patients, the synchronization point will be deter-
mined when the real patient arrives at the next activity.
Due to the fact, this DTM depends on Discrete Events
(DE). For this reason, the synchronization will happen
only in one case when DTM receives an event from
the real hospital. In this synchronization approach,
three different scenarios are discovered when the pa-
tient moves between the hospital’s activities:(1) Real
patient is faster than virtual patient (2) Real patient is
slower than virtual patient (3) Wrong destination/path:
the virtual patient does not know the next destination
until the real patient arrives. For example, the virtual
patient goes to activity called X (wrong activity), while
the real patient goes to the activity called Y.

Algorithm 2 shows the process of synchronizing vir-
tual patients’ pathways with real patients’ pathways.
It illustrates an overview of the main functions that
needed to be used. The implementation of these func-
tions may differ from one programmer to another. Dif-
ferent shortcuts have been used in this algorithm such
as: VP stands for virtual patient, CreateVP stands for
create virtual patient, RemoveVP stands for remove the
virtual patient and SynchVPLocation means synchro-
nizing the location of the virtual patient to have the
same location of the real patient.

Algorithm 2 Synchronization

Require: EventType
1: procedure StartSynch()
2 EventType «— waitRealWorldEvent()
IF EventType= Enter Then
VP « CreateVP(HospitalEntrance, RP__ID)
AssignNextDistPath(VP)
ELSE IF EventType= Exit Then
RemoveVP (VP)
ELSE
SynchVPLocation (VP)
10: END IF
11: end procedure

> Enter, Exit, or Move

For the SynchVPLocation procedure, there are two
different approaches that could be used to do the syn-
chronization: removing and creating patient approach, ac-
celerate patient approach. By applying the first approach,
when the real patient arrives at activity called activ-
ity X, while the virtual patient is still walking to the
same activity. In this case, the virtual patient must be
removed from the model and created again at activity
X with the same ID. This case represents the scenario
when the real patient is faster than the virtual patient.
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In case the virtual patient arrives at the activity X while
the real patient is still walking. In this case, the virtual
patient must be blocked from starting the activity until
the real patient arrives at the same activity. This case
represents the scenario when the real patient is slower
than the virtual patient. The third scenario, if the real
patient and the virtual patient went to two different
activities. In this case, the virtual patient must be re-
leased to the same location of the real patient. This
could be solved by removing the virtual patient from
the model and creating him/her in the same location
as the real patient. The problem in this approach is
removing and creating the patient leads to loss of all
the statistics related to this patient. Also, the model
maybe crashed due to many calls for the removal and
creating procedures for the same patient. For this rea-
son, this paper recommends the usage of accelerate the
patient approach to keep the statistics of each patient
and to save the model from crashed. In this case, if
the real patient is faster than the virtual patient, the
virtual patient must be accelerated to the same location
as the real patient. If the virtual patient is faster, the
virtual patient had to block from starting the activity
until the real patient arrives at the same activity. In
case of a different direction, the virtual patient must be
released to the same location of the real patient. This
could be solved by accelerating the virtual patient to
the same location of the real patient.

4. Experimental Approach
4.1. Experimental Platform

Since we are in the research phase, we believe that
connecting the proposed approach with a real hospital
at this phase is too risky due to many reasons. First,
the need to validate the proposed models before con-
necting with the real hospital. For example, validate
their structures and behaviors. Second, validate the
functionality of DTM and the returned control feedback
from DTP. Third, the need for not disrupting the hospi-
tal activities during the period of testing the proposed
approach. For these reasons, we designed an emulator
to be an experimental platform that mimics a fictional
hospital. This hospital behaves as the real one. To
validate the monitoring and the prediction features for
the illustrating approach, we connected the DTM with
the developed emulator. For example, each time an
event is detected in the emulator, this event is pushed
into the DTM. WITNESS simulation tool has been used
to develop this emulator, and FlexSim discrete event
simulation tool has been used to develop the DTM and
DTP.

In this work, two types of models have been ex-
plained in detail. These models are considered as the
first step before developing the HospiT’Win. These
models are Replay Model and prospective Model. The
future work of this research is to disconnect this DTM



68 | oM International Workshop on Innovative Simulation for Healthcare, INISH 2020

from the emulator, customize it and connect it with
the real hospital.

4.2. Case study

This case study represents data that came from a fic-
tional hospital. Even if the scenarios in this study are
realistic and represent a real world hospital, the data
is not. In this experiment, two types of data have been
collected as represented in the set D. D= {Patients_ IDs,
Virtual__Sensors_ IDs}. This data represents the ID of
the patient and the ID of the sensor that detected this
patient. Those sensors are called virtual sensors be-
cause they exist in the emulator and not in the real
world. In this experiment, we know the location of
each patient from the sensor ID that detected this pa-
tient. Each sensor is located in a fixed position in the
emulator. More details about the location of these sen-
sors exist in the section 4.3.

4.3. Emulator: Fake Hospital

To achieve the objective of this research without inter-
rupting, affecting, or disrupting the daily activities of
the hospital, WITNESS simulation tool has been used
as an emulator to build the fake hospital. First, the
emulator has been fed by the architectural layout of the
hospital. Second, fixed resources and human resources
have been located inside the emulator. To reflect the
reality, stochastic distribution has been used to gener-
ate patients in different time slots, to move patients
with different speed (fast, slow, and average) and in
different pathways, and to set the duration of each
activity.

In the emulator there are different types of patients
coming from source to sink. Source has been used to
generate patients inside the model (called hospital en-
trance), sink has been used to remove patients from the
model (called hospital exit). During the journey of the
patients from the hospital entrance to the hospital exit,
there are different discrete points where the patients
pass through. These discrete points are considered as
fakes sensors. For each activity inside the hospital,
there are two sensors; one detects the patient when
he/she arrives at the activity, and the second one de-
tects the patient when he/she goes outside the activity.
At each sensor, there is a database query that writes the
event information in the database. This information
represents the ID of the patient detected by this sensor,
the ID of the sensor that detected this patient, and the
detection time (time stamp for this event). Figure 2,
illustrates the developed emulator.

4.4. Replay Model and Prospective Model

To start developing DTM and DTP, offline models are
essential. The offline models will be used in the vali-
dation phase before the connection with the real world.

e amaa =
giO H

BT

(a) Architectural layout with fixed resourc

(b) Emulator

Figure 2. The architectural layout and the emulator for the fake hos-
pital

Figure 3. Replay Model (3D design view and process flow)

To do the validation, historical data is needed. To gen-
erate this data, the emulator has been run to generate
a log file of events for two months. This file contains
the following set of data {patient ID, Timestamp, Event
Description}.

Replay model is an offline virtual representation
model that used to replay log file events.FlexSim dis-
crete event simulation tool is used to build this model.
Actually, this model must behave nearly the same as
the log file. For example, patients come to the hospital
corresponding to the arrival time that exists in the log
file, and the duration time for each activity for each
patient must be the same duration time in the log file,
In addition to all of that, the virtual patient must follow
the same pathways that were discovered in the log file,
and so on. Figure 3 illustrates the replay model.

The main reason for building the replay model is to
validate the structure and the behavior of the model
before connecting it with the real world. Actually, it is
used to check if the actual execution of this model as
recorded in the event log.

Prospective Model is a virtual representation model
used to simulate the process using distributions of ran-
dom variables (time, walking speed, rules, etc.) rather
than using a log file. This model runs based on the
patients’ profile. In other words, this model is based
on the static mathematical distribution laws that were
discovered from the log file. One of the main differ-
ences between the replay model and the prospective
model is that the execution of the replay model must be
as recorded in the event log file, while the execution of
the prospective model is based on the statistical math-
ematical functions that were discovered from the log
file. The second difference is the replay model is used
as a reference model to validate the prospective model.



This point has been explained in section 4.5. For the
3D design and the process flow, the replay model and
the prospective model are the same. The third and
the important difference between the two models, the
replay model controlled by a specific period of time;
the start point of the replay model is the start date in
the log file, and the model stays running until reach
the last date in the log file (works for two months in
this experiment), while the prospective model is not
limited to any date and time, the model could be run
from the past and accelerated to the near future. Figure
4, shows the time line for the replay model and the
prospective model.

Past Actual Time Future

Replay Model Time

T
11272019 8:06:02 AM 202812019 6:19:26 PM

Prospective Model

Figure 4. Time line: the difference between the replay model and the
prospective model

4.5. Validation Process of the Replay Model and
Prospective Model

To validate the replay model, a log file has been used
as a reference. Based on a common selected set of
indicators, the comparison between the log file and the
replay model has been done as illustrated in figure 5 (a).
To validate the prospective model, the replay model has
been used as a reference model, and the comparison
between the replay model and the prospective model
has been done based on a selected set of indicators as
illustrated in figure 5 (b).

Description

Indicators
ind_1 Incoming patient at Hospital

& = replay model —logfile < absolute gap e Outgoing patients from Hospitl

&
T ind_4
ind_5 Min duration  time for activity i
ind_6 max duration time for activity i

ind_7
t =
+ & = Prospective model —replay model < absolute gap ind_9 Average number of patients at activity i

(b) Comparison between the the replay model and the prospective model

Incoming patient at activity i
Outgoing patients from activity i

() Comparison between the log file and the replay model

Patients in process for activity i
Average duration time at activity i

ind 10 Average length of stay

(c) Indicators used for validation

Figure 5. Validation

Figure 5 (c) demonstrated the different indicators
selected by the authors to validate the models. These
indicators could be different from one hospital to an-
other. The hospital manager, including other hospital
staff can participate in the selecting process for these
indicators. In this work, we decided to say this model
is valid if the difference between the reference model
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and the second model has an epsilon value (absolute
gap) less than this range [-0.05, +0.05]. For example,
if the incoming number of patients in the replay model
in two months is 962, and the incoming number of
patients in the prospective model for the same period
is 942. In this paper, this indicator is valid because
the difference between the incoming patients in the
two models is in this range [913.9, 1010.1] which is ac-
ceptable compared with the predefined threshold range.
Algorithm 3 shows the process of validation that was
used in this experiment.

In algorithm 3, each indicator must pass the test to
say this model is valid. If one or more indicators did
not pass the test, that means this model is not valid
except if the committee decides to say this model is
valid for whatever reasons. In this experiment all of
the indicators have been validated and passed the test.

4.6. Transformation Process:
and DT for Predicting

DT for monitoring

After validating the Replay model and the prospective
model, now is the time for connecting these models
with the real world. For this reason, the Replay model
must be transformed to the monitoring model and the
Prospective model must be transformed to the pre-
dictive model. To do this transformation, the replay
model must be connected to the emulator instead of
replaying the log file. In this experiment, the replay
model listening to the events came from the emulator
and reflected these events inside the model at the same
time. For example, if there is a patient generated by the
emulator at the entrance, the replay model must create
a virtual patient at the entrance. If the patient goes
to the registration desk in the emulator, the virtual
patient must go to the registration desk in the replay
model. The replay model in this case works based on
the event received from the emulator in real time. We
can call this model DTM instead of the replay model.
To reflect the reality. The time of the DTM has to be
synchronized with the time of the emulator, so that
the DTM and the emulator have the same time (hours:
minutes: seconds date). All of the events that came
from the emulator to the DTM are kept and saved in the
cloud database tables, so that we can use these events
in the DTP. Figure 6 shows the DTM connected with
the emulator.

“76:30:36 pm

(a) Digital Twin for Monitoring at 6:30:36 PM (b) Emulator: Fictional Hospital at 6:30:36 pm

Figure 6. Digital Twin For Monitoring
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Algorithm 3 Validation Process

Require: maxRange, minRange, passTestCounter, indicatorsLength
1: function IsValid(IndicatorsList, ReferenceModel, Model)

2 passTestCounter +— O

> Number of indicators pass the validation test
> Number of indicators to validate
> To cover all of the indicators in the list

> All indicators must be confirmed

> Valid model

> Not valid model

3:  indicatorsLength « IndicatorsList.length

4 for each indicator € IndicatorsList do

5: maxRange « ReferenceModel.value + (0.05 * ReferenceModel.value)
6: minRange « ReferenceModel.value — (0.05 * ReferenceModel.value)
7: IF Model.value< maxRang and Model.value > minRange

8: passTestCounter « (passTestCounter + 1)

9: END IF
10:  end for

11: IF passTestCounter = indicatorsLength then

12: return 1

13:  ELSE
14: return 0

15:  END IF

16: end function

In figure 6 (a), DTM has the same state and behavior
as the emulator in figure 6 (b). There are no patients
on the waiting line and at the registration desk. Also,
the number of patients in the waiting room is eight,
and each room of the exam rooms has one patient.
Furthermore, the emulator and the DTM have the same
time 6:30:36 PM 5/31/2020 and 3:22:14 PM 4/24/2020.

For predicting the future, the prospective model
works based on a static mathematical distribution that
was discovered from the log file (static data from the
previous period), as mentioned in section 4.4. This
makes the model not dynamic and could not reflect the
current situation since it works based on historical data.
To solve this issue, the static mathematical distribution
transformed into the dynamic mathematical distribu-
tion and in real time. For example, each time the virtual
patient in DTM finished the activity, the mathematical
distribution of the prospective model must be updated
to consider this activity. Instead of using just histori-
cal data, we fed the prospective model with real time
data. To do this, an empirical distribution has been
used. In this configuration, the prospective model is
transformed into a DTP.

4.7. Switching from DTM to DTP

In this work, to anticipate the near future for the pa-
tients’ pathways, real time empirical distribution has
been used. The process starts from the DTM. For exam-
ple, the DTM starts monitoring the patients’ pathways.
In case an unexpected event is detected by this model,
the DTP will run. The prediction steps are summarized
as the following: (1) initialize the DTP with the current
state of the emulator from the cloud database (2) syn-
chronize the clock of the DTP to be the same clock for
the emulator (3) run the DTP at a speed faster than the
real world clock.

2:30:43PM 5126/2020

1:30:53 PM 5/26/2020

(a) Current state of the hospital at 1:30:53 PM (b) Predicted state of the hospital after one hour

Figure 7. Initializing and running the DTP to predict the next coming
hour

Figure 7 illustrates an example for running the DTP,
in figure 7 (a) At 1:30:53 PM, the DTP has been initial-
ized with the current state of the hospital. In figure 7
(b) The DTP has been run based on the current state to
anticipate the state of the hospital after one hour. For
more clarification, the following sets of data represent
the current state of the hospital and the anticipated
states after one hour. Each set represents a set of ac-
tivities with the corresponding number of patients at
each activity: Hospital states at 1:30:53 PM = {(WL,0),
(RD, 1), (WR, 1), (ER1, 1), (ER2, 1)}. Predicted states
after one hour = {(WL,1), (RD, 1), (WR, 1),(ER1, 1), (ER2,
0)}.

5. Conclusion and Future Work

Recent developments in the field of Digital Twin Health-
care have led to a renewed interest in modelling and
simulation methods to help optimize healthcare de-
livery services. On this basis, we have investigated
this emergent technique for monitoring the patients’
pathways in real time and then for predicting their
near future. In this paper, we have shown the pro-
cess of developing our digital twin framework named
HospiT’Win based on the use of a discrete event sim-
ulation method. An experimental platform has been



used to validate this process. In addition, this paper
has discussed the way of initializing and synchronizing
the digital twin for monitoring (DTM) and the digital
twin for predicting (DTP) with the real hospital. Future
research on this work aims to extend this experiment
to use a local medical unit instead of an emulator, and
to explore if there are any further issues that could be
found and need to be solved.
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