
Cite this article: Dosi, C., Iori, M., Kramer, A., Vignoli, M. (2019) ‘Computational Simulation as an Organizational 
Prototyping Tool’, in Proceedings of the 22nd International Conference on Engineering Design (ICED19), Delft, The 
Netherlands, 5-8 August 2019. DOI:10.1017/dsi.2019.116

ICED19

INTERNATIONAL CONFERENCE ON ENGINEERING DESIGN, ICED19 
5-8 AUGUST 2019, DELFT, THE NETHERLANDS 

 

ICED19 1 

 

COMPUTATIONAL SIMULATION AS AN ORGANIZATIONAL 
PROTOTYPING TOOL 
 
Dosi, Clio; Iori, Manuel; Kramer, Arthur; Vignoli, Matteo 
 
University of Modena and Reggio Emilia 
 

ABSTRACT 
This case study deals with a redesign effort to face the overcrowding issue in an Emergency Department 
(ED). A multidiscinary group of healthcare professionals and engineers worked together to improve the 
actual processes. We integrate the simulation modeling in a human-centered design method. We use the 
simulation technique as a learning and experimentation tool into a design thinking process: the 
computational descrete event simulation helps explore the possibile scenarios to be prototyped. We used 
the simulation to create a virtual prototyping environment, to help the group start a safe ideation and 
prototyping effort. Virtual prototyping injected into the organizational context the possibility of 
experimenting. It represented a cognitive low-risk environment where professionals could explore 
possible alternative solutions. Upon those solutions, we developed organizational prototyping tools. Top 
management and head physicians gained confidence for a more grounded decision making effort and 
important choices of change management and investments have been made. 
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1 INTRODUCTION
In the last years, emergency departments (ED) attracted considerable attention of researchers mainly due
to its practical and theoretical importance, complex structure and unpredictable nature. ED are charac-
terized by being very flexible facilities able to admit patients with different levels of injuries/diseases
and treatment requirements. ED overcrowding is a more and more urgent phenomenon (Trzeciak and
Rivers, 2003), recognized as a relevant issue to be faced both from the medical community and the
engineering community (Hoot and Aronsky, 2008).
Simulation modeling has been extensively used to improve health-care systems (see, e.g., Günal and
Pidd 2010; Gul and Guneri 2015; Brailsford et al., 2017; Salmon et al., 2018). In the ED setting, the
engineering community contributed to face the overcrowding issue by supporting the medical commu-
nity with simulation studies, that applied scenarios to test results of organizational decision taken at
different levels (Hulshof et al., 2012), from systemic level decisions (e.g. Brailsford et al., 2004), to
organizational level decisions. In the last 40 years several studies have thus approached the ED over-
crowding topic recurring to the simulation tool, although with different intentions, different simulation
techniques and different approaches (e.g., Paul et al., 2010 for a review). Despite the significant and
arising number of studies dealing with the ED overcrowding topic, and despite the fact that medical
and managerial communities accept the important role of simulation studies, nowadays the simulation
community recognize that there are still barriers to implement the results of the studies (see e.g., Fone
et al., 2003). This approach to simulation is affirmed and replicated in the ED overcrowding studies:
the engineer runs a sequence of what-if scenario dealing with different areas of interventions and the
decision-maker considers the final result and how she could adapt it and implement it into the system
upon which she can take decisions.
At the same time, the increasing interest in managing ED considering the needs of all the stakeholders
involved leads to studies on health-care design. In this context, the focus on redesigning organizational
processes in health-care, as a way to increase efficiency and patient satisfaction, is growing and new
methods to measure the consequences of innovation on health services have been developed (Herzlinger
2006; Madsen et al., 2006; Prada 2008). To meet the real needs of health-care organizations, engineers
and managers have focused their attention on organization design with the aim of reducing the gap
between theory and practice (Romme 2003; Weick 2003; Mohrman 2007).
Recently, design thinking (Brown 2008; Martin 2010; Dosi et al., 2018) has taken on an important
role among organizational design professionals, and the idea that designers can place human needs at
the center of the innovation project. There are many cases in which design has been applied to health
processes (e.g., Bate and Robert 2007; Bevan et al., 2007; Bessant and Maher 2009; Iedema et al., 2010;
Starnino et al., 2016; Dosi et al., 2017) and it is an interesting opportunity to understand how, through
design thinking, the collaboration between medicine, engineering and management can produce positive
results for society. The design thinking process applied to the organizational processes is configured as
a model of co-creation and involvement of all the stakeholders in the design (Cottam and Leadbeater
2004; Freire and Sangiorgi 2010). Designing (or re-designing) health-care processes from the patient’s
point of view is certainly a key concept in health sector improvement efforts. Innovation arises in the
involvement of patients, doctors, nurses, process engineers and technologists in a shared process of
innovation based on learning (Franchini et al., 2017) rather than applying best practices (Bate and Robert
2006; Jelinek et al., 2008). In this process, designers are asked to answer to the needs expressed by the
all the actors involved in the change, and that is why the approach is defined as a human-centered design
method. Designing around the users involved in the process reduces the risk related to innovation, and at
the same time the chance of seeing the proposed solutions implemented increases (McCreary, 2010). In
particular, the work team finds itself empathizing with the design challenge, and adapting its activities
to the context factors that characterize the design process in question (Hempe et al., 2012).
In the presented case study, we integrate the simulation modeling in a human-centered design method.
The case study deals with an ED overcrowding and we used the simulation technique as a learning and
experimentation tool into a design thinking process.
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2 INTEGRATING THE SIMULATION MODELING IN A HUMAN-CENTERED
DESIGN METHOD

2.1 How design thinking hosts simulation modeling
All Design Thinking projects have in common an iterative cycle of 4 exploration phases that is repeated
throughout the project: (i) comprehension, (ii) abstraction, (iii) ideation and (iv) solution. In the compre-
hension phase, the team empathizes with the context, through the understanding of the design challenge
and the organization in which it operates. At this stage, qualitative research tools, such as semi-
structured interviews and participatory observation, or quantitative research, such as questionnaires and
data analysis can be used. In this phase, an in-depth analysis of the literature is also conducted aimed
at acquiring relevant relations for the context, recurring problems and general solution ideas (Romme,
2003).
In the abstraction phase, the design team creates an abstract model of what is understood and defines the
needs of the stakeholders. The main process modeling tools, such as BPMN - Business Process Model
and Notation, system dynamics, agent based and discrete event modeling, are also used (Vignoli et al.,
2011) and designing tools such as context map or needs map.
In the ideation phase, the team is aimed at generating, through brainstorming, bodystorming and other
creative methods, the greatest number of possible solutions for the context in question. In this phase
selected concept solutions are built in a prototype.
In the last phase we return to the field, to verify the emotional, cognitive and functional response of the
organization to the prototypes made, and then restart the cycle.
Each phase is connected with the previous and the following phases, as the team members first assume
a divergent exploratory attitude to generate a wide range of concepts and later converge into a smaller
set of solutions, in an iterative way.
It is not necessary that the phases are carried out in the order presented. If the materials and ideas to
build a prototype are already available, then one could, for example, move directly to the solution phase
and vice-versa. Since in many cases the process starts from solutions already implemented, the team
can decide to start from the solution phase by testing small variations to the existing solution to verify
the effects of the changes on the organization.
In our work, we applied the four phases previously described aiming at improving patients and workers
satisfaction. First, in the comprehension phase we collected key information by using different methods.
Initially, a database containing historical data has been provided by the ED staff. In addition to that,
key information such as patients flow through the ED and patient and ED staff needs has been collected
by interviews and observation. Regarding this phase, the data collection and analysis performed are
detailed in Section 3.1.
Then, in the second phase, the abstraction, the information obtained during the comprehension phase
have been analyzed and integrated into a digital twin DES model with the objective of representing
and understanding the ED operation under study as well as identifying the system weaknesses and
improvement points to be tackled. Once the model built it should be validated (see Section 3.2). In our
case, the validation has been done by the ED expert team. Then, after the model was validated it was
possible to advance to the third phase of the design thinking process, the ideation. In the ideation phase,
the previously proposed DES model has been used as a tool for proposing possible changes in the ED
organization aiming at meeting the needs by tackling the weaknesses and improving points identified.
Since the application and evaluation of changes in practice are very risky, a preliminary evaluation of
the expected impact of the changes in practice have been done through the DES model. Hence, once the
simulation model is built and validated, the use of this tool allows a fast and cheap what-if scenarios
proposition and evaluation (see Sections 3.3 and 3.4). Indeed, this is one of the main advantages of
using a digital twin simulation model.
Finally, after an extensive experimentation phase, a solution is selected to be implemented in practice
and the impacts in the system are then evaluated and confronted with the expected results. This per-
formance evaluation has the objective of evaluating the method effectiveness and is, usually, used as
starting point of another design thinking cycle.
In general words, the design thinking process involves the problem comprehension and abstraction,
and solution proposition and evaluation aiming at answering the needs by all the actors involved in the
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change. In particular, the problem abstraction and solution proposition phases implicate in the use of
innovative and advanced methods. In this sense, activities such as semi-structured interviews, partici-
patory observation, data collection and analysis, and the use of simulation modeling techniques can be
used aiming at understanding, modeling and proposing improvement changes to the system.

2.2 How simulation modeling is interpreted by designers
The classical approach of simulation studies concentrate the multidisciplinary relationship around the
simulation model itself, considering the implementation as a later stage and thus leaving the whole
implementation issues to the decision makers. Differently, we used the simulation to create a digital
twin, which is a virtual prototyping environment, to help the group start a safe ideation and prototyping
effort (Liedtka, 2015). The concept of digital twins emerges in the industry 4.0 era and is characterized
by being a virtual replica of a system responsible for modeling its data, functionality and communication
interfaces (Schluse et al., 2018).
Virtual prototyping is the solution we used to project the design group into the state of possible, before
involving them into an organizational prototyping activity. Virtual prototyping injected into the organi-
zational context the possibility to experiment. It represented a (cognitive) low-risk environment where
professionals could explore possible alternative solutions. It enabled the organization to take courage
and identify possible paths that are worth investing energies to improve their performance. Top manage-
ment and head physicians gained confidence for a more grounded decision making effort and important
choices of change management and investments.

3 CASE STUDY
We investigate an ED located in the north of Italy which cover a region with approximately 1 million of
inhabitants. The aforementioned ED admitted more than 62500 patients in the first 9 months of 2017. A
discrete event simulation (DES) model is integrated with a design thinking process aiming at improving
the ED key performance indicators (KPI) and at the same time to improve professionals’ quality of work.
We created an ad-hoc group with professionals of the ED department that were involved in the design
process and decision making. The group met once every 10 days and the hospital top management were
involved in the advancements once every 3 months. We approached the context with a design thinking
process, sided with simulation-driven studies of the context. The DES model acts as a tool to help the
understanding of the current system and to investigate possible changes in order to attain performance
improvements.

3.1 Patient flow and data analysis
Before presenting our simulation model, we present some basic information required by it as input
data. These are mainly the process flow under study and input data such as patient arrival rates,
patient urgency distributions, resources availability, schedules, service times distribution and queue
rules, among others. In order to retrieve these information, we applied two different techniques: (i)
data collection and analysis, and (ii) observation. The former allows obtaining the required inputs by
analyzing historical data, i.e., studying what happened in the past. The second approach usually is used
when historical data is scarce or do not permits obtaining the main inputs needed. In our case, a consis-
tent database containing data from January to September 2017 is available, but some information related
to the service times cannot be obtained straight from this database.
Once the main flow was identified, the data requirement for setting-up the DES model emerges. Initially,
basic information such as resource availability and personnel schedules have been make available by the
ED staff. The queue rules currently used in the studied ED have been identified during the observation
phase and by interviews performed with experts. In the one hand, quantitative information concern-
ing the distributions about patients arrival rates, urgency and exams requirements have been directly
retrieved from the database, as well as information about service times of additional exams such as lab-
oratory and x-ray. On the other hand, information about some services execution times, which could not
be directly obtained from the database, were obtained by in loco observation and by interviewing ED’s
staff. Figures 1a and 1b illustrate the profiles of the urgency distribution and the arrival distribution per
hour of the day, respectively. Then, a DES model is set-up with the objective of replicating the reality.
Hence, the next step is the model validation.
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(a) Urgency distribution of arrivals (b) Arrival distribution per hour of the day

Figure 1. Data analysis - patients’ arrival and urgency distributions

3.2 Model validation
The validation phase is crucial before using a simulation model. This process is even more crucial when
historical data is scarce. For more details about model validation we address the reader to the work of
Robinson (1997). Our model validation phase is simplified because we used consistent data retrieved
from the ED database. Our validation process is aligned with the one used by Aringhieri (2010). Before
validating our model, we identified the KPI of interest that are correlated with the needs identified at
the comprehension phase. Namely, the length of stay (LoS) and waiting time (WT) to first visit have
been considered. LoS and WT are commonly used as KPI in the literature (see, e.g., Marshall et al.,
2005; Santibáñez et al., 2009; Cabrera et al., 2011). Our reference values for the LoS and WT have
been obtained directly from the available database and are shown in Figure 2.

(a) Average WT per urgency code (b) Average WT per urgency and arrival time

Figure 2. Average waiting times for the first visit

In addition, we also consider outliers as a KPI. By outliers we mean the percentage of patients who
wait more then a given threshold of time. This threshold depends on the patient’s priority, based on
their urgency, and on the ED internal, regional and national regulations. The reference thresholds were
established as: 240 and 120 minutes for patients of white and green urgency codes, respectively.
Thus, the model has been validated by comparing the actual system indicators (measured based on the
available historical data) with the results obtained by the proposed simulation model of the current ED
setting. In the one hand, the historical results represents the average for the first 9 months of 2017. On
the other hand, the simulation results were obtained by running the simulation model 10 times. Each
run simulates 1 month of ED work. The obtained average results are presented in Table 1. Column In
indicates the average number of patients arriving per day; columns WT1st and LoS show the average
waiting time for the first visit and the average length of stay (in minutes), respectively; finally, column
Outliers (%) show the percentage of patients, by priority, which exceeded the threshold time for waiting
the first visit.
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Table 1. Model validation results

Scenario In WT1st LoS Outliers (%)

green white

Past 237.03 83.27 206.43 9.62 14.67
Simulation 238.23 70.52 208.60 3.88 25.47

As can be seen in Table 1, the obtained values for WT1st and outliers are not as accurate as we would.
This is mainly due to the lack of important quantitative data concerning the service times. Although
this, the model has been validated by ED managers and staff involved in the work.

3.3 Scenarios proposition
This section presents a set of scenarios proposed aiming at improving the ED performance, measured
based on KPI. The scenarios were proposed based on the needs and on the weaknesses and possible
intervention points identified. In this sense, the following major problems have been identified: (i) many
patients of white urgency code arriving to the ED actually do not need any emergency service; (ii) the
transport of blood samples required by the laboratory exams is very inefficient and usually requires a
large amount of time; (iii) and to most of the patients laboratory exams are required, but only during the
first visit in the current setting.
Concerning the first point, the mentioned patients stay in the waiting room until the first visit. Usually,
after this visit they are dismissed without requiring any extra examinations. Since their priorities are low
these their waiting times tend to be high, thus impacting to the increasing in the average waiting times
and in the number of outliers. Regarding to the second and third points, most of the additional exams
require the results of laboratory exams to be performed. Therefore, if they are required only after the
first visit and if the transportation time is high, then the laboratory examination becomes a bottleneck of
the system, resulting in a increase in the average patients’ LOS. To tackle these weaknesses, some goals
have been established, namely: (i) dynamically change the patient’s queue priority, based on his current
waiting time; (ii) reduce the number of non eligible patients arriving at the ED; (iii) and reduce the lead
time, i.e., the sum of waiting, transportation and examination times, need for laboratory examinations.
The achievement of the first goal would permit to reduce the number of outliers, reducing the number
of patients non eligible to the ED (second goal) would positively impact in the average waiting times,
and making the laboratory work faster and more efficiently would lead to a reduction in the average LoS
of the patients. To attain the previous goals, the following practical actions could be associated with
them: (i) implementation of an alert system to support the dynamic priority rule; (ii) improving triage
process to immediately dismiss non eligible white urgency code patients and (iii) to require laboratory
exams to a certain group of patients during the triage process; (iv) and implementing a more efficient
(and continuous) transportation system compared with the current one.
Based on the discussion above, we defined the following parameters to characterize our proposed sce-
narios: 1) patients with green or white urgency codes can go to the head of the queue for the first visit if
their current waiting time exceeds τg and τw minutes, respectively; 2) patients with white urgency code
are more likely to be non eligible to the ED, one could assume that e% of them could be directed to
more appropriated facilities; 3) l% of the laboratory exams could be required during the triage process;
and 4) the lead time for laboratory exams are reduced in r minutes.

Table 2. Parameters

Parameter Chosen values

τg 60, 90, 120, 210
τw 120, 180, 210
e 5, 10, 15, 20
l 10, 15, 20, 50, 60, 75, 100
r 10, 15, 20, 25, 30

Table 2 shows the parameters chosen. By combining them we establish our notion of scenario. Hence,
let us define a scenario S = (τg ,τw,e, l,r) as a combination of parameters. For example, a scenario
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S = (120,−,5,−,10) means that the priority for green coded patients changes if their waiting time
exceeds 120 minutes; 5% of white urgency code patients are dismissed during the triage process; and the
lead time for laboratory exams is 10 minutes shorter. The “−" sign state that the current configuration is
not changed. Based on this observation, Table 3 presents the proposed scenarios. Scenarios with id C are
those proposing a new dynamic priority rule for the first visit queue. Scenarios of type D and E simulate
an improvement in the triage process. The former implies in requiring a percentage of laboratory exams
during the triage process, while the latter seeks reducing the number of non-eligible patients in the ED.
Scenarios G simulates the reduction in the laboratory lead-time. Finally, the last scenarios, labeled Cb,
are formed by combining scenarios C, D, E and G.

Table 3. Proposed scenarios

Id

Parameters

Id

Parameters

Id

Parameters

τg τw e l r τg τw e l r τg τw e l r

C.1 ( 90, 180, –, –, – ) D.1 ( –, –, –, 50, – ) E.1 ( –, –, 5, –, – )

C.2 ( 210, 210, –, –, – ) D.2 ( –, –, –, 60, – ) E.2 ( –, –, 10, –, – )

C.3 ( 60, 120, –, –, – ) D.3 ( –, –, –, 75, – ) E.3 ( –, –, 15, –, – )

C.4 ( 90, –, –, –, – ) D.4 ( –, –, –, 100, – ) E.4 ( –, –, 20, –, – )

C.5 ( 60, 180, –, –, – ) D.5 ( –, –, –, 10, – ) Cb.6 ( –, –, –, 10, 15 )

C.6 ( 60, 210, –, –, – ) D.6 ( –, –, –, 15, – ) Cb.7 ( –, –, –, 20, 15 )

C.7 ( 120, –, –, –, – ) D.7 ( –, –, –, 20, – ) Cb.8 ( –, –, –, 10, 20 )

G.1 ( –, –, –, –, 10 ) Cb.1 ( 120, –, 10, 50, – ) Cb.9 ( –, –, –, 15, 20 )

G.2 ( –, –, –, –, 15 ) Cb.2 ( 120, –, 10, 20, – ) Cb.10 ( –, –, –, 20, 20 )

G.3 ( –, –, –, –, 20 ) Cb.3 ( 120, –, 10, 50, 30 ) Cb.11 ( –, –, –, 10, 30 )

G.4 ( –, –, –, –, 25 ) Cb.4 ( 120, –, –, 50, – ) Cb.12 ( –, –, –, 15, 30 )

G.5 ( –, –, –, –, 30 ) Cb.5 ( 90, –, 10, 50, – ) Cb.13 ( 120, –, 15, –, – )

Cb.14 ( –, –, –, 50, 30 )

Cb.15 ( 120, –, 15, 50, 30 )

In addition to the scenarios shown in Table 3, other ones involving the addition of new medical resources
as doctors and nurses, the change in the personnel work shift and priorities changes along the process
have been proposed. However, after preliminary experiments, these scenarios have been classified as
unpractical by the ED managers, thus not included in our analysis.

3.4 Scenarios evaluation
In this section, we present and evaluate our proposition by simulating the scenarios presented in Section
3.3. The DES model was implemented using the software AnyLogic 8.1.0 (https://www.anylogic.com/)
for Microsoft Windows 10. We refer to Grigoryev (2015) for a generic tutorial on the AnyLogic soft-
ware. The experiments were executed in a personal computer equipped with an Intel core i7-7500U
2.70GHz processor and 12GB of RAM.
Each proposed scenario was simulated 10 times, and each run simulates 30 days of working in the ED.
We compare the average results over these runs with those obtained by the 10 times 30 days simulations
of the current ED setting on Table 1. As comparison reference values, we used the same KPI described
previously in Section 3.2 (namely, LoS, the WT1st and the number of outliers) to evaluate the scenarios
in Table 3. In addition, for the simulated results we also show the average results for the WT for the last
visit (WTlast). Tables 4 and 5 summarize our experiments. The values in boldface indicate a significant
KPI change by the referenced simulated scenario when compared with the current simulated setting.
The results in Table 4 show that the scenarios of type C have a direct impact in the outliers indicator.
This is expected because the queue priorities for patients with a long WT changes when this value
approximates the outliers thresholds values.
The results in Table 4 show that the scenarios of type C have a direct impact in the outliers indicator.
This is expected because the queue priorities for patients with a long WT changes when this value
approximates the outliers thresholds values. Scenarios D and G act directly on the system bottleneck,
i.e., the laboratory exams. It can be observed that the average LoS is reduced in most of the cases
which is also an expected result. The scenarios of type D consider that a percentage of laboratory
exams are required during the triage process. Since this service is performed without requiring the
patient presence, a saving time for waiting its results is attained, thus impacting positively in the LoS
indicator. Scenarios G work similarly because the laboratory results would be ready earlier than in the
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Table 4. Results obtained for scenarios of types C, D, E and G

(a) Type C - dynamic priorities

Scenario In WT1st WTlast LoS
Outliers (%)

green white

Curr. setting
238.23 70.52 54.94 208.60 3.89 25.48

simulation

C.1 237.41 66.98 53.73 204.02 3.26 23.29
C.2 237.41 69.38 51.15 204.07 4.31 8.75
C.3 236.56 69.10 55.11 206.74 3.73 23.91
C.4 237.43 72.54 43.40 199.67 0.00 29.32
C.5 237.74 69.19 55.63 207.54 1.61 23.88
C.6 237.30 69.28 55.33 207.00 1.23 23.70
C.7 237.34 69.64 53.76 205.97 0.24 23.98

(b) Type D - laboratory exams required during triage

Scenario In WT1st WTlast LoS
Outliers (%)

green white

Curr. setting
238.23 70.52 54.94 208.60 3.89 25.48

simulation

D.1 236.45 69.34 52.61 194.42 4.14 23.60
D.2 237.65 69.06 52.78 191.92 3.80 24.31
D.3 236.71 68.35 51.28 186.85 3.81 23.89
D.4 237.55 70.93 53.84 185.97 3.91 25.70
D.5 236.93 71.01 56.32 207.67 4.58 26.42
D.6 237.35 69.79 54.12 202.90 4.37 25.63
D.7 237.91 68.05 51.76 198.47 3.34 23.25

(c) Type E - non-eligible patients

Scenario In WT1st WTlast LoS
Outliers (%)

green white

Curr. setting
238.23 70.52 54.94 208.60 3.89 25.48

simulation

E.1 235.74 67.67 53.93 203.98 3.52 24.27
E.2 237.58 62.91 47.23 195.00 2.81 20.45
E.3 231.47 59.93 45.19 190.78 2.77 20.75
E.4 228.00 53.88 40.25 182.05 1.97 16.73

(d) Type type G - laboratory exams faster

Scenario In WT1st WTlast LoS
Outliers (%)

green white

Curr. setting
238.23 70.52 54.94 208.60 3.89 25.48

simulation

G.1 237.19 69.31 54.43 202.25 3.77 23.76
G.2 236.73 68.39 53.74 199.30 3.56 24.37
G.3 236.44 68.26 53.34 197.83 3.63 23.22
G.4 236.65 69.08 53.09 196.80 3.24 24.47
G.5 237.65 69.37 54.03 195.42 4.12 24.62

Table 5. Results for scenarios of type Cb - combination of scenarios

Scenario In WT1st WTlast LoS
Outliers (%)

green white

Curr. setting
238.23 70.52 54.94 208.60 3.89 25.48

simulation

Cb.1 234.79 65.38 51.49 191.07 0.04 22.27
Cb.2 232.98 63.22 47.81 192.54 0.13 22.10
Cb.3 233.35 61.38 45.72 174.29 0.08 20.10
Cb.4 237.96 72.13 53.14 197.02 0.14 26.26
Cb.5 237.28 75.92 45.11 194.79 0.02 32.06
Cb.6 235.70 67.66 53.50 196.74 3.82 23.02
Cb.7 237.08 68.93 53.61 195.86 3.64 24.97
Cb.8 236.35 69.50 52.04 195.50 4.49 24.28

Scenario In WT1st WTlast LoS
Outliers (%)

green white

Curr. setting
238.23 70.52 54.94 208.60 3.89 25.48

simulation

Cb.9 237.68 69.94 52.41 195.33 4.02 24.99
Cb.10 236.62 69.20 52.68 194.46 4.23 23.79
Cb.11 236.45 69.78 51.58 192.45 3.95 24.23
Cb.12 238.40 69.15 53.92 192.68 3.73 24.38
Cb.13 230.39 56.55 44.46 187.19 0.08 18.18
Cb.14 236.83 67.97 53.17 185.73 3.65 24.24
Cb.15 230.62 57.56 41.69 168.37 0.12 18.84

current setting. Scenarios E act directly in the quantity of patients arriving at the the ED, thus obtaining
improving values for most of the KPI.
With regard to the results for the combined scenarios presented in Table 5, it can be noticed that all of
them were able to improve the average LoS. This is mainly due to the fact that these scenarios combine
the best characteristics from scenarios of type C, D, E and G. In particular, scenarios Cb.3 and Cb.15
present a reduction in the LoS of 16% and 19%, respectively.

4 CONCLUDING REMARKS
We designed a solution for a major Emergency Department (ED) of Italy, through the use of a simulation
modeling tool integrated into a design process. Literature recognize the value of computer simulation
as a tool that models different solutions by means of what-if scenarios, but at the same time recognizes
that a major drawback of computer simulation is the low implementation ratio of the solutions identi-
fied with this tool. From the other side, design processes and techniques such as prototyping let involve
different stakeholders in the design process and increase the chances of implementation success, but
hardly involve rigorous numerical approaches. The case study presented did not allow for strong orga-
nizational changes as the involved ED was concerned about the impact of changes and they needed to
develop confidence toward the future.
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In our ED redesigned effort we embedded the simulation technique in a design process. We used the
simulation tool to create a virtual prototyping environment, to help the group to start a safe ideation and
prototyping effort. Virtual prototyping injected into the organizational context increases the possibility
of experimenting. It represented a cognitive low-risk environment where professionals could explore
possible alternative solutions. Once the state of possible was brought into the group of health-care pro-
fessionals, we developed organizational prototyping tools, by prototyping with them possible solutions
that followed the paths identified by the computational simulation.
The proposed solutions were evaluated by comparing the obtained results with the ones of current
setting through KPI. As the results seemed promising, the top management and head physicians gained
confidence for a more grounded decision making effort and important choices of change management
and investments have been made.
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