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a b s t r a c t 

Overcrowding is a phenomenon that affects Emer gency Departments (EDs) worldwide determining a 

harmful impact on the healthcare provided. Because of the wide variety of different patient paths, in 

the literature the ED processes are usually modeled making significant assumptions, and neglecting fun- 

damental aspects. Such assumptions could make sense for strategic or tactical decisions but nowadays 

the objective most frequently required by practitioners is the optimization of already available resources. 

To deal with this problem, we need to act at the operational level, with a particular attention to resource 

allocation in real time since arrivals and activities to be performed are known only over time. In this 

paper we present the case study of an Italian ED to investigate if an online allocation algorithm based 

on prioritization combined with a prediction tool can improve the ED performance, alleviating the over- 

crowding. Then, we propose several policies for the online allocation of the ED resources, which take 

into account the real-time state of the ED and the prediction of the next activities provided by an ad 

hoc process mining model. The proposed approach is validated and analyzed on the case study through 

a fine-grained simulation model. Results suggest that if the decisions of allocating resources for the ex- 

ecution of activities take into consideration the probably subsequent activities, then there is a room for 

improvement for the average door-to-doctor time, ED Length-of-Stay, and resource utilization. 

© 2023 Elsevier Ltd. All rights reserved. 
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. Introduction 

An emergency department (ED) is a hospital unit specialized for 

roviding 24-hour emergency care to unscheduled patients. The ED 

taff has the task of performing initial treatments for a broad spec- 

rum of pathologies and injuries with different urgency. Such treat- 

ents require the execution of several activities using shared (and 

sually scarce) human and equipment resources, which need to be 

oordinated to deal with a patient flow that varies for volume and 

atient characteristics throughout the day, along the week, and ac- 

ording to the seasons. These aspects make resource management 

omplex, which can have a direct impact on patients’ health. 

The management of the EDs is a problem destined to grow 

n complexity because of an increasing demand without a corre- 

ponding increase in resources. The reason is the aging population 
� This manuscript was processed by Associate Editor Prof. Benjamin Lev. 
∗ Corresponding author. 

E-mail addresses: davide.duma@unipv.it (D. Duma), roberto.aringhieri@unito.it 

R. Aringhieri) . 
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fhigh-income countries, since the main users of this health ser- 

ice are elderly people. For instance, admissions in EDs grew over 

0% from 1992 to 2006 in the United States [1] , while in Italy peo-

le aged 65 or older are destined to increase by 33% in the next 

0 years [2] . 

A phenomenon that affects the EDs worldwide is the over- 

rowding, which nowadays reaches crisis proportions [3,4] . Exces- 

ive number of patients waiting or treated in the hallways, long 

atient waiting times, ambulances diverted, and patients that leave 

ithout being seen (LWBS) are all effects of the ED overcrowd- 

ng [5] . Consequently, this phenomenon could have dangerous con- 

equences on the safety of patients, as it has been shown that as 

D crowding increases, waiting times and medical errors also in- 

rease. Then the overcrowding is the cause of worse patient out- 

omes [6] . Some studies found a correlation between the mortal- 

ty rate of ED patients when the ED is overcrowded. In [7] the in-

idence of patients with delayed resuscitation efforts in crowded 

ays has been estimated through an odds ratio of 2.0, with an 

ven higher incidence of mortality. In [8] an overall inpatient mor- 

ality has been lowered from 1.5% to 1.3% in correspondence of 

 decrease of the Door-To-Doctor Time (DTDT) and ED Length-of- 

tay (EDLOS). Other undesirable consequences are a stronger stress 
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Fig. 1. Flowchart of a general patient path. 
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mong the ED staff [9] and higher costs because of the decreased 

roductivity [10] . 

In the real world, such a problem is usually addressed providing 

 real-time measure (e.g., the NEDOCS) that estimates the level of 

rowding. However, the limits of such measures have been shown 

n [11] , besides the fact that they are just used as an alarm bell

or exceptional and unsystematic interventions while an issue such 

s the ED overcrowding should be addressed with structural solu- 

ions. 

One of the most widely used methodologies in the OR&MS lit- 

rature for modeling the ED process is simulation [12–14] , which 

llows scenario analysis for the improvement of the performance 

aking into account stochastic aspects of the ED environment. Al- 

hough most of the solutions try to determine at a strategic-tactical 

evel how many resources need to be added to eliminate bottle- 

ecks [15,16] , the medical literature (as well as the experience of 

he case study that we present in this paper afterwards) suggests 

hat usually there are not enough public funds to put into prac- 

ice an increase in resources [10,17] . Therefore, the decision maker 

eeds some supports for optimizing the existing human and equip- 

ent resources. This has led in recent years to an increase in re- 

earch work at the operational level, focusing almost exclusively on 

he scheduling and allocation of human resources [18,19] . 

In this paper we deal with the real-time resource allocation, 

hat is the online decision problem arising at the online opera- 

ional level since arrivals and activities to be performed are known 

nly over time. These sources of uncertainty require the adoption 

f policies for assigning the available human and equipment re- 

ources to a dynamic list of patients requiring to be treated. To 

his scope, online allocation algorithms could be used to allocate 

he ED resources in real-time in such a way to deal with uncer- 

ainty. This type of algorithms lies within the more general class of 

ulti-stage optimization algorithms, for which online optimization 

s a suitable methodology to deal with both dinamicity and uncer- 

ainty, through sequential decisions to be taken over time [20] . Fur- 

hermore, we can exploit updated information about the current 

se of resources and patients waiting or undergoing treatments, 

ith a lookahead approach. However, such an approach requires a 

ne-grained knowledge of the patient paths. 

We illustrate a flowchart representing the general path of a pa- 

ient within an ED in Fig. 1 . Generally, such a framework differs 

mong different EDs only for the set of the Tests & Care activities 

exams, therapies, and observations), whose competence could be 

f the ED or another ward (e.g., specialist visits are usually per- 

ormed in the corresponding ward). After the arrival, the patient is 

riaged by a nurse and they waits for the admission, which starts 

ith the first medical visit. From that point the patient enters 

ithin an activity cycle organized as follows: after the visit, the 

hysician can prescribe a sequence of Tests & Care activities to be 

xecuted before a revaluation, until the physician decides that the 

atient can be discharged or hospitalized. 

One of the main factors of uncertainty of such an emergency 

athway is the lack of knowledge regarding the sequence of the ac- 
2 
ivities to which the patient will undergo: the ED staff knows only 

 part of the next activities of their treatment after the first visit 

or re-evaluation visit). Since different activities involve different 

esources, this makes more complex their allocation. The missing 

nowledge of the subsequent activities could be given by a predic- 

ion tool capable to provide more information, such as a classifica- 

ion of the patients in accordance with the predicted future need 

f activities and resources. Further, the prediction tool could sup- 

ort the decision process as depicted in the Figs. 2 and 3 , which

etraces the same framework in Fig. 1 . For the sake of simplicity, 

e do not consider urgency codes in this example but they are 

aken into account in the proposed approach. 

In Fig. 2 , every patient is represented with a certain number of 

ircles marked with the same ID number in order to show the pos- 

ible waiting in multiple queues simultaneously: each circle indi- 

ates that the patient is waiting for an activity, that could be a visit 

r a Tests & Care activity. In the absence of additional information, 

ll patients who are waiting for a visit (i.e., the first medical visit 

r a revaluation visit) are indistinguishable. Conversely, the order 

n which they will be visited could have a different impact on the 

esource bottlenecks. 

In Fig. 3 , we show how a generic prediction tool could classify 

he patients that are waiting for the (first or revaluation) visit on 

he basis of their characteristics and their already performed activ- 

ties. For each cluster of patients (grouped in a dashed circle), the 

ool could provide several indices such as probability of the need 

f a certain activity in the next Test & Care sequence or the prob- 

bility to be discharged at the end of that visit. Such probabilities 

ould be taken into account to avoid or limit the bottlenecks on 

he resources. For instance, if two patients with non-urgent codes 

nd similar waiting times are in the queue for the medical visit, 

nd one of them has a high probability to require a resource with 

 long queue, then it should not make sense to visit them firstly, 

ince they will continue to wait for a long time after the visit. 

onversely, if a patient that is occupying a critical resource (e.g., 

 stretcher) has a high probability to be discharged after the next 

isit, it could be useful to give them the priority in order to release 

uch a resource. 

The effectiveness of the standard process discovery approaches 

o mine a process model that is adequate with respect to these 

eeds is investigated in [21] . Because of its limitations, an ad hoc 

rocess discovery algorithm called Hybrid Activity Forest (HAF) has 

een proposed in [22] . The HAF consists of a set of Hybrid Activ- 

ty Trees (HATs), each one of them is associated to a subset of pa- 

ient characteristics (e.g., main symptom, age, urgency, sex, arrival 

our, ...) and it is capable to make accurate predictions on the ba- 

is of the already performed activities at the ED. The information 

ontained by a HAT could be useful in the real-time resource al- 

ocation, since it allows the estimation of the probability of subse- 

uent activities to be performed by a patient in the next minutes 

r hours. 

The aim of this work is to investigate if an online allocation ap- 

roach combined with a prediction tool can improve the ED perfor- 
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Fig. 2. Patient flow in a general ED without prediction about the next activities to be performed. 

Fig. 3. Patient flow in a general ED exploiting the information provided by a prediction tool. 

m

i  

w

t

E

W

f

O

l

r

t

T

b

h

l

p

d

t

p

(

c

i

s

t

r

d

s

p

e

E

I

i

r

t

e

l

a

u

I

f

S

e

f

2

s

m

t

o

fl

s

i

w

a

p

g

a

ance, alleviating the inherent phenomenon of the ED overcrowd- 

ng. In this paper, we present a real case study of an Italian ED and

e propose an online allocation framework for the resource alloca- 

ion in real time, which takes into account the current state of the 

D and the prediction of the next activities provided by the HAF. 

e analyze the impact of an online algorithm based on such a 

ramework, embedding it within a fine-grained simulation model. 

ur approach falls in the general class of online algorithms with 

ookahead formalized in [23,24] , in which the instance revelation 

ule that provides deterministic information previews in addition 

o the partial available information is given by a prediction model. 

o the best of our knowledge, an analysis of online approaches 

ased on prediction for the real-time resource allocation of the ED 

as never been addressed in literature. 

We would like to remark that the fine granularity of our simu- 

ation model is due to the need of replicating the activities of the 

atients in accordance with their pathways and the interdepen- 

ence between activities and the resources utilization. To model 

he patient flow through the ED in such a way to analyze the im- 

act of an online algorithm, we use a Discrete Event Simulation 

DES) methodology as suggested in [23,25] , in which events oc- 

ur at a particular time instant and marks a change of the state 

n the system. However, we use the Agent-Based Simulation (ABS) 

emantics to model straightforwardly the pathways of patients and 

he tasks of the human resources having a behavior that is not rep- 

esentable by a simple resource pool, such as the time for han- 

over, the assignment of the same resource to a patient to en- 

ure continuity in the treatment, or a limited availability in certain 

hases of the work shift. 

This paper is organized as follows. A literature review about the 

xisting OR&MS approaches to deal with the improvement of the 

D performance at the operational level is presented in Section 2 . 

[

3 
n Section 3 we introduce the case study of an Italian ED, reporting 

ts organization and describing the available data. In Section 4 we 

esume our work presented in [21,22] in which process mining 

echniques are exploited to obtain a model capable to predict the 

volution of the patient paths. In Section 5 we propose an on- 

ine allocation framework that provides several policies to oper- 

te on different possible bottlenecks of the patient flow. The sim- 

lation model that embed such policies is described in Section 6 . 

n Section 7 we provide a quantitative analysis to prove the ef- 

ectiveness of the proposed online allocation framework. Finally, 

ection 8 closes the paper. 

In this paper, we used the so-called singular they , which is an 

picene (gender-neutral) third-person pronoun, and its derivative 

orms. 

. Literature survey 

In this section we present a literature review about the OR&MS 

tudies that deal with the problem of improving the ED perfor- 

ance. After an overview of the main optimization methods used 

o address the real-time allocation of the ED resources, we focus 

ur attention on the simulation methodologies used to model the 

ow of patients in the ED. Furthermore, the novelties of our re- 

earch with respect to the existing studies are highlighted. 

In recent years, the lack of funds in EDs has led to an increase 

n research on how to optimize the resources already available, 

hich takes place mainly at the operational level. A first type of 

ttempt lies at the Emergency Medical System (EMS) level, where 

atients are transported by ambulances to the EDs of a certain 

eographical area choosing the destination with the aim of bal- 

ncing the workload among the EDs and reducing waiting times 

26–29] . The second type of attempt concerns the resource man- 
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gement within the ED. Here we can identify two classes of deci- 

ion problems, that is (i) the shifts of the human resources and (ii) 

he resource allocation. 

The first class can be generally placed at the offline operational 

evel, since decisions about the number of physicians [30–34] , 

urses [32–35] , and other medical health personnel [34] and their 

hifts are taken at least few days before the actual execution of the 

ctivities. 

In the second class of problems, equipment resources are fixed, 

hile human resources have been already organized in shift and 

eed to be allocated. This class can be divided into two subclasses, 

hat is the offline and online optimization of the ED resource al- 

ocation. While the former deals with the a priori assignment of 

esources to certain areas of the ED or categories of patients, in ac- 

ordance with fluctuation in demands throughout the week or the 

ear [36] , the latter deals with the real-time resource allocation as 

atients arrive and require the same limited resource, taking deci- 

ion based on the current state of the ED system. 

Most of the research about the real-time ED resource alloca- 

ion focus on the dynamic patient-physician assignment process, 

hich has a crucial role. The trade-off between patient satisfac- 

ion and efficiency is analyzed in [37] through a queuing system 

ith stochastic arrival times and visit durations to evaluate the im- 

act of patient-centered and facility-centered policies for general 

alk-in clinics, including EDs. In [38] a queueing theory frame- 

ork is introduced to evaluate different policies to allocate physi- 

ians to patients, using deadlines to model the maximum DTDT 

nd feedback to balance the access to the visit room to different 

lasses of patients. In [39] authors design a DES model to evalu- 

te the performance of different queue management policies for 

he access to the visit room, that is giving priority to patients with 

he higher urgency codes and/or those that have to undergo the 

rst visit or the revaluation visit, which have different probabili- 

ies to be discharged after such visits. Optimization is used to find 

he best value of parameters that determine a prioritization, with 

he aim of minimizing the DTDT of non-urgent patients. The study 

s extended in [40] , providing a scenario analysis that proves the 

omination of the accumulating priority queues over pure prior- 

ty queues with respect to several Key Performance Indices (KPIs). 

he allocation of the physician to patients is also optimized in [41] , 

here a DES model is used to find the optimal parameter set- 

ings of the allocation rule with the aim of limiting the physician 

orkload and minimizing both the DTDT and the EDLOS. A greedy 

euristic based on priority queue and a general variable neighbor- 

ood search for the scheduling of the patients with different ur- 

encies to physician is proposed in [42] . For the same problem, 

n [43] an integer linear program is formulated and evaluated on 

n ED modeled through a queueing network, taking into account 

he expected residual consultation times of patients waiting for a 

isit, which are estimated from real data. 

Although the dynamic patient-physician assignment could be 

ne of the most impactful online decision problems, interviews 

ith ED staff of the presented case study revealed that there may 

lso be other activities and resources that can congest the patient 

ow. Some examples could be the exhaustion of the SSO beds, 

hich implies the occupation of the beds used for the medical vis- 

ts, or the increase of patients in the waiting room and corridors of 

he ED, which must be monitored periodically by nurses, slowing 

he performance of other activities, such as blood tests or thera- 

ies. 

Nevertheless, to the best of our knowledge the unique work 

hat addresses the problem of the real-time allocation of both 

uman and equipment resources of an ED is [44] . The authors 

ropose an online scheduling of the beds and 6 different tasks 

medical assessment, vital signs & electrocardiogram, take bloods, 

athology test, administer treatment, review & discharge) based on 
4 
pdated information available every time a patient arrives at the 

riage or ends a task. The ED system is modeled as a two-layer 

ssignment and sequencing problem, considering the dependency 

etween them: the patient-bed assignment is modeled as a par- 

llel machine scheduling environment with machine groups, then 

he task-resource allocation is modeled as a flexible job shop ac- 

ordingly. Because of the lack of data about activity records, au- 

hors develop five possible patient paths, under the assumption 

hat they are deterministic since patients arrive. 

In this paper we propose an online allocation approach based 

n a dynamic prioritization of queues for the real-time alloca- 

ion of physicians, nurses, a X-ray technician, three different exam 

achines, beds (divided into visit rooms and short-stay obser- 

ation units), and stretchers, which are used for executing more 

han 7.800 possible patient paths involving 17 different ED ac- 

ivities, that is replicated from real data. The proposed dynamic 

rioritization consists on a greedy algorithm that tries to allevi- 

te the effect of possible bottlenecks, considering the resources 

vailability on the short term. The idea beside the algorithm is 

o determine a prioritization depending also on the probability 

hat patients will require some resources in the next minutes or 

ours. Such a probability can be estimated through the knowl- 

dge about the possible path evolutions provided by a prediction 

odel. 

Another novelty of our method lies in considering as a factor of 

ncertainty not only the arrival time of patients and their type, 

ut also the evolution of their pathway over time, that is what 

appens in the reality. We take into account the interdependence 

etween their events, which is predicted and optimized exploiting 

he knowledge provided by a process mining model, that is the 

rst attempt in the context of the real-time ED management. 

Due to inherent uncertainty of ED processes, simulation models 

re widely used for supporting decision making [12–14] . An inter- 

wining of different levels of causal dependencies should be con- 

idered when modeling such a complex system, in order to mimic 

he volatile behaviors of the EDs with the challenging objective of 

ptimizing their patient flow on the basis of selected KPIs from 

oth a patient and an efficiency perspective [45] . Furthermore, its 

xplainability and the possibility of visualizing the impact of deci- 

ions on entire ED system is appreciated by practitioners [46] . 

DES is the most common methodology in the literature of the 

atient flow optimization at the ED. DES models are generally used 

o its appropriateness in replicating the ED processes and guaran- 

ee the reliability of the results [47] , considering events (patient ar- 

ivals, activity executions, change of the staff shift, etc.) that occur 

ver time in accordance with theoretical or empirical distributions. 

BS is alternatively used to DES in studies that focus on the inter- 

ctions between independent agents, since it allows the modeling 

f particular patient pathways [14] or the organizational behavior 

f the ED staff when performing activities that involve patients or 

ther healthcare personnel [13] . 

Prior simulation models often introduce assumptions to deal 

ith their limits at different levels. While DES models often con- 

ider human resources as non-interacting pools, that involves a 

ignificant simplification from the point of view of efficiency, ABS 

odels suffer from the difficulty of calibrating at the macroscopic 

evel the result of the interactions between the agents modeled at 

he microscopic level. Furthermore, because of the wide variety of 

ifferent patient paths within the ED process and the missing of 

ata or tools to mine them, in the above studies the ED processes 

or a part of them) are modeled making significant assumptions 

nd neglecting fundamental aspects, such as the interdependence 

etween activities and accordingly the access to resources. Such 

ssumptions could make sense for strategic or tactical decisions, 

ut could lead to misleading results when it comes to managing a 

omplex process in real time. 
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Fig. 4. Patient accesses during the day divided for urgency code. 
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Fig. 5. Example of a spaghetti process model mined through a standard approach 

(Heuristic Miner). Nodes with letters refer to the activities listed in Table 1 , while 

arcs indicate the possible sequences of activities. Such a process model is not simple 

and memoryless. 
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Then, we introduce a novel DES model that replicates with a 

igh-granularity the possible patient paths and simultaneous ac- 

ess to multiple resources. In addition, we adopt the semantics of 

BS to model some management behaviors of the medical staff

hat can lead to an increase in overcrowding under specific circum- 

tances, which have been defined and modeled in accordance with 

he suggestions of the ED staff, as reported in Section 6 . 

. The case study 

As case study for showing the applicability and the effective- 

ess of the proposed approach, we used the data collected by the 

D of Ospedale Sant’Antonio Abate di Cantù, in Italy. For all 88 272 

n 2013–2015, the ED recorded accesses information about main 

ymptom (between 31 options), urgency code (from 1 to 5, similar 

o those of the Emergency Severity Index adopted for the triage in 

he United States [48] ), personal data, arrival mode (autonomous 

r by ambulance), and a set of timestamps about the activities ex- 

cuted within the ED (completion of triage, exam reporting time, 

tart of short-stay observation, etc.). Further information have been 

rovided by the head of the ED about the number of beds (4) and

hort-Stay Observation (SSO) units (5) and their location in the 

isit rooms (ordinary rooms, shock room, and minor codes ambu- 

atory (MCA)), the number of stretchers (10) the management set- 

ings for the specialist visits and exams (whose competence may 

e the ED or other wards with precise scheduling rules and timeta- 

les for access). The human resources vary during the shifts of the 

ay and between weekdays and weekend as follows: 1–3 physi- 

ian(s), 4–6 nurses, and 0–1 technician. 

The accesses have different fluctuations throughout the day, 

mong the days of the week, and among the seasons, but also 

mong the urgency classes. Among all these fluctuations, those 

hat have the higher impact occur in different time windows of 

he same the day, with a peak of non-urgent patients in the busi- 

ess hours (8:0 0–20:0 0), as shown in Fig. 4 . In such hours we can

bserve different arrival rates: for instance, the average number of 

ccesses in the time window 9:0 0–10:0 0 is approximately three 

imes that of 7:0 0–8:0 0, and the 50% more than 11:0 0–12:0 0. Even

ith an adequate staff scheduling, a very variable number of care 

equests must be met during different hours of the day and in 

ithin short time limits. A Markov model of the arrival process 

f this ED has been discussed in a previous work [49] . 

.1. Organization of the emergency department 

After the triage and the waiting for the admission, the patient 

s visited in one of the visit rooms by a physician. The shock room 

s reserved to patients with urgency code 1 and certain symptoms 

e.g., myocardial infarction, stroke, polytrauma, etc.) that require 

 particular equipment (e.g., defibrillator, surgical table, anesthe- 

ia machine, etc.). The MCA ambulatory is instead used from 8:00 

o 16:00 in the weekdays for the treatment of the large fraction of 

atients with emergency code 4–5, who usually require few and 
5 
hort treatments in addition to the first visit. In all the other cases 

he ordinary visit rooms are used. 

At the end of the medical visit, the physician can prescribe ther- 

pies, tests or observations. All therapies, the X-ray exams and the 

SO are competence of the ED, while specialist visits, computer to- 

ographies (CTs) and ecographies are executed in other wards ac- 

ording to a preferential track with respect to other patients. Fur- 

hermore, from a management point of view it is important to 

ighlight two different ways of using SSO: the first have a fixed 

uration due to the monitoring of the patient, the second is a tem- 

orary occupation of the unit waiting for the patient to be hospi- 

alized when there are no beds in the ward of their destination. 

e notice that they both require an SSO unit and the supervision 

f nurses and physicians. 

After completing the treatments prescribed, the patient is reval- 

ed again by the same physician (or another that made the han- 

over with the previous one), which establish if continuing with 

ther treatments or discharging the patient, which could go home 

r be transferred to another ward or hospital. At any time, the pa- 

ient can also decide to interrupt their path and be discharged on 

heir own responsibility, both before the visit (LWBS) and during 

he treatments. 

Table 1 summarizes all the activities for the treatment of a pa- 

ient within the ED. The first and the second column indicate an 

dentifier for each activity and its description, respectively. Then, 

e classify the activities into 5 classes called Triage, Visit, Tests & 

are, Revaluation, and Discharge . In the fourth column the compe- 

ence of the activity (ED or extra-ED) is indicated. An estimation 

f the average durations is reported in the fifth column, that is 

n information provided by the ED head for all the activities such 

hat the start and/or the end timestamps are not available in the 

D data-set, otherwise indicated with “� ”. The last nine columns 

ndicate the main human and equipment resources necessary for 

erforming the activities (note that nurses and stretchers could be 

lso occupied by patients waiting for an activity). 

. Prediction model 

In this section we summarize the features of the prediction 

odel based on the HAF introduced in [22] , which is obtained de- 

eloping an ad hoc process discovery approach for the same case 

tudy addressed in this paper. Nevertheless, we would like to re- 

ark that this approach can be easily generalized to other EDs. 
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Table 1 

Activities in a patient path, average durations and resources involved ( P = physician, N = nurse, X = X-ray technician, E = extra-ED human resource(s), B V = visit 

room bed, B O = SSO unit, S = stretcher, M X = X-ray machine, M O = other extra-ED machine). Symbol 
√ 

indicates the need of a resource for all patients and 
√ ∗ for 

patient with codes 1–2 or with walking difficulties, while # indicates resources shared simultaneously with other patients during the execution of the activity. 

id description activityclass comp. 

avg dur. 

(min) resources 

P N X E B V B O S M X M O 

A Triage Triage ED 5 
√ √ ∗

B Medical Visit Visit ED 15 
√ √ √ 

C Shock-Room Visit ED 15 
√ √ √ 

D MCA Visit Visit ED 15 
√ √ √ 

E Pediatric Fast-Track Discharge extra 1 
√ √ 

F Therapy Tests & Care ED 2 
√ √ ∗

G Laboratory Exams Tests & Care ED 3 
√ √ ∗

H X-Ray Exams Tests & Care ED 3 
√ √ ∗ √ 

I Computed Tomography Tests & Care extra 10 
√ ∗ √ √ ∗ √ 

J Ecography Tests & Care extra 15 
√ ∗ √ √ ∗ √ 

K Specialist Visit Tests & Care extra 15 
√ ∗ √ √ ∗

L SSO Tests & Care ED � # # 
√ 

M Pre-hosp. SSO Tests & Care ED � # # 
√ 

N Revaluation Visit Revaluation ED 10 
√ √ √ 

O Hospitalization Discharge ED 1 
√ 

P Discharge (Ordinary) Discharge ED 1 
√ 

Q Interruption Discharge - 0 
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As depicted in Fig. 5 , the ED process has the characteristics 

f a spaghetti process that is an unstructured process in which 

he huge variety of sequences of events affects the trade-off be- 

ween the main quality criteria of the discovered process model, 

hat is simplicity, precision, generality and fitness [50] . Since the 

ack in the process mining literature of an algorithm suitable for 

ur purpose [21] , an ad hoc process discovery algorithm has been 

roposed in [22] . For each group of patients with enough similar 

aths, that is they have a consistent probability to perform the 

ame subsequence of activities after the first visit, the algorithm 

uilds a HAT, which is a tree that represents activities as nodes and 

rcs indicate the consecutiveness between activities with weights 

qual to the frequency, and special leaves are (small) graphs that 

eneralize infrequent behaviors. 

From a non trivial pre-processing of the ED data-set described 

n Section 3 , the corresponding event log has been generated. The 

AF takes in input the event log and two parameters: the cluster- 

ng gain ratio g ∈ (0 , 1) and the pruning threshold � ∈ N . The for-

er is a parameter that is used to cluster the patients in groups 

aving similar pathways in accordance with their characteristics 

main symptom, urgency code, age, etc.) and it defines how much 

he behavior of the patient paths of different clusters should dif- 

er. Then, for each cluster a HAT is built according to the pruning 

hreshold parameter � , which indicates the minimum level of sta- 

istical significance to represent the consecutiveness between two 

ctivities in a certain point of the pathway. Fixed a cluster of pa- 

ients, such a parameter allows us to determine a tree structure 

ith all the sub-pathway of those patients from the first visit to 

ertain points, for which we have enough historical data to make 

rediction without overfitting the process model. The remaining 

ub-pathways (i.e., the last subsequence of activity with a num- 

er of occurrences less than � ) represents infrequent behaviors that 

ould be considered for purposes such as the generation of new 

nstances when modeling the ED process (e.g., for simulation) but 

hat are not consistent for prediction. An example of HAT is re- 

orted in Fig. 6 : square nodes indicate the most frequent activ- 

ties (S is the triage plus the first visit and X is the discharge),

hile pentagon nodes represent a graph that generalizes infre- 

uent path evolutions (as shown for the leaf at the end of the se- 

uence SGGH). 

The HAF can be used as a prediction model, associating to each 

atient the HAT corresponding to their cluster. Each time the pa- 

ient undergoes an activity, they moves accordingly on that HAT, 
6 
nd the probability of the occurrence of a certain activity in the 

uture can be efficiently computed using the weights on the arcs of 

orresponding the sub-tree. Once a pruning threshold � has been 

et, from a statistical perspective it is reasonable to predict the fu- 

ure activities of patients, whose pathway is represented by square 

odes through the tree, while the arrival on a pentagonal node in- 

icates that we are in correspondence of an infrequent pathway 

hat we can not predict precisely. 

From an implementation point of view, the HAF can be con- 

erted to a table, readable in input by the simulation model pre- 

ented in Section 6 and accessible by the online allocation algo- 

ithm proposed in Section 5 . Each row represents a different com- 

ination of a cluster and a past activity sequence while each col- 

mn represents all the possible next activities. For each pair “row 

nd column” are reported two probability values, that is the prob- 

bilities that a patient will undergo the activity in the column (i) 

efore the next revaluation visit, and (ii) before the end of their 

ath in the ED. Several examples of these probabilities are shown 

n Table 7 of the work illustrated in [22] . 

. Online resource allocation 

In this section we present a general framework capable of rep- 

esenting different policies for the ED real-time resource allocation. 

uch policies are managed by a decision maker , which is able to 

onsult in real time the activities to be performed and the waiting 

ime of each patient. The decision maker operates on the list of 

atients waiting for the execution of an activity. This means that 

atients doing some activities (e.g., medical visit, laboratory and 

-ray exams, specialist visit, ...) are not in the list and they will be 

e-inserted as soon as their current activity finishes. On the basis 

f all this information, every time a resource becomes available, 

he decision maker consults the list of waiting patients ranked in 

eal time: the first of the list is the next to be served in accordance

ith a fixed policy among those that we present in this section as 

ollows. In Section 5.1 we define a baseline policy that broadly 

eplicates the allocation used in the real case study, expressing 

ith quantitative criteria the practical sense of the ED staff in tak- 

ng decisions. Then, in Section 5.2 we propose an online alloca- 

ion framework for the real-time resource allocation, which ex- 

loits the knowledge acquired by the prediction model presented 

n Section 4 providing five different policies that differs for the def- 

nition of a prioritization score . 
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Fig. 6. HAT of the cluster of patients with dyspnea arriving on a weekday by ambulance, obtained fixing g = 0 . 2 and � = 30 . 
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.1. The baseline policy 

After several interviews with the medical staff, we have com- 

iled a list of criteria to lead the allocation of the ED resources. 

he main criterion is the urgency code c. Patients with urgency 

ode c = 1 have always the priority on patients with c > 1 . Patients

ith urgency code c = 2 and c = 3 have priority on patients with

 > 2 and c > 3 , respectively. Finally, patients with code c = 4 and

 = 5 (the so called minor codes ) have the lowest priority even if

hey are usually treated without any difference. 

Unfortunately, the strict application of these rules would result 

n a possible starvation situation for less urgent codes in the more 

rowded hours of the day: in those cases, such constraints could be 

elaxed allowing patients with lower priority to be treated before 

he others on the basis of the common sense of the ED staff. 

In order to replicate such a common sense as a systematic rule 

ithin the baseline policy, we assign to each patient a priority in- 

ex � that is equal to min { c, 4 } (e.g., the initial urgency code) at

he moment of their insertion in the list of patients waiting for ac- 

ivities managed by the decision-maker. The decision-maker checks 

nd updates the priority of patients in real time as follows: 

• if c ≥ 4 and the next activity belongs to the visit class, then �

is set to 3 after t � minutes elapsed from the insertion in the 

list; 
• if c = 3 and the next activity belongs to the visit class, then �

is set to 2 after 2 t � minutes elapsed from the insertion in the

list; 
• if c ≤ 2 , then � = c all the time. 

The issue of estimating the value of t � is addressed in 

ection 7.1 . The decision-maker allocates the available resources to 

he patients waiting for an activity in increasing order of �. At 

ach step, the subset of patients S � with priority � is selected. 

f two or more patients with urgency code c ≤ 2 are in S �, the

esources are assigned with an extension of the First Consultation 

riority Rule , that is to perform before the execution of (i) shock- 

oom visits, (ii) first visits, (iii) revaluation visits, and (iv) other ac- 

ivities. Otherwise for c ≥ 3 , the most promoted activities are (i) 

evaluation visits, (ii) first or MCA visits, and (iii) other activities. If 

wo patients in S � need to undergo the same activity, the decision- 

aker selects the patient with the higher waiting time. 
7 
.2. An online allocation framework 

Our online allocation framework is based on a greedy algorithm 

apable to allocate a resources in accordance with a patient prior- 

tization based on two levels, an upper level ensuring fairness and 

 lower that focuses on efficiency. This prioritization is used for all 

he ED activities and is continuously updated with respect to the 

ime spent in the queue and the activities to be performed, which 

re revealed over time. 

As well as the baseline policy reported in Section 5.1 , at the first

evel we define a priority among patients that is based on their ur- 

ency codes c and waiting times w since their last insertion in the 

ecision maker list Q , that is at the completion time of the pre-

ious activity. For each patient p ∈ Q , the following waiting index 

p ∈ N 0 is computed: 

p = 

⌊ 

w 

m c 

⌋ 

, (1) 

here m c is a constant time fixed to normalize the waiting times 

ith respect to the urgency, with m 1 < m 2 < m 3 < m 4 = m 5 . At

his point, the subsets S ψ 

, ψ = 0 , 1 , . . . , of patients p such that

p = ψ , are considered in decreasing order of ψ in order to en- 

ure a fair allocation of resources among patients with similar 

aiting times with respect to their urgency in order to guarantee 

heir safety. Then, patients within each set S ψ 

are prioritized at the 

ower level. 

At the second level, a policy � is fixed in order to avoid bottle- 

eck caused by a possible critical resource. We check the availabil- 

ty of that resource in real time and we try to optimize its utiliza- 

ion to lower the level of crowding. The idea is to promote the exe- 

ution of those activities involving patients that will occupy critical 

esources through a prioritization score �� ∈ [0 , 1] . Then, for pa- 

ients p with the same waiting index the value of �p 
�

establishes 

heir priorities promoting the activities of those with the higher 

alues of the score. We notice that the prioritization score is used 

o prioritize patients waiting for all activities. Differently from the 

aseline policy, there is not a priority among types of activities to 

e respected (as in the extended First Consultation Priority Rule ): 

eyond urgencies and waiting times, which are considered in both 

ases, the proposed online algorithm promotes the allocation of re- 

ources only among patients with different scores. The rationale 

ehind this choice is to promote a more flexible allocation of re- 

ources, in order to deal with the critical ones. In addition, we 
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emark that the only resource shared between the medical visits 

first and revaluations) and the other activities is the nurse: if such 

 resource is not a bottleneck then the patients waiting for the first 

isit and the other patients can be seen as in different queues, oth- 

rwise nurses can be assigned to both the type of patients, which 

s different from the current policy of the case study. 

While for a part of patients in Q one or more subsequent ac- 

ivities after the next one are known, they are uncertain for the 

est of patients. In fact, the trace of a patients is not known at the

eginning of the process of care but its evolution is revealed over 

ime: at the end of the first or the revaluation visit, we are aware

f what will be the next activities of the patient until the next 

evaluation visit, as shown in Fig. 1 . Therefore, when patients are 

aiting for an activity of the Visit or Revaluation class, we could 

stimate the probability of undergoing a certain activity after the 

ext visit computing its frequency on the HAT of their cluster, as 

eported in Section 4 . To this end, we use for each cluster of pa-

ients: 

• a HAT, called H check , with minimum absolute frequency � on the 

tree edges sufficiently high to have statistical relevance is used 

to check if probability of the evolutions of a certain path can be 

estimated: let P 

S and P 

F be respectively the set of patients for 

which such checking is successful or has failed; 
• a HAT, called H comp , with � = 1 is used to compute frequencies

of next activity for patients in P 

S ; 
• a function P : A → [ 0 , 1 ] that given a certain activity Y ∈ A of a

patient p gives the relative frequency P (Y ) of the occurrence of 

Y , that is computed using H comp if p ∈ P 

S , or it is set equal to

the the frequency of the past cases of patients in P 

F during the 

simulation, otherwise. 

The rationale behind the different computation of P (Y ) when 

p ∈ P 

S or p ∈ P 

F is that in the former case we have a sufficient

umber of cases belonging to the same cluster in historical data 

o estimate the further activities of such a patients based on their 

ubsequence of already undergone activities, while in the latter 

ase we are not able to exploit the knowledge of the prediction 

ool. For this reason, when p ∈ P 

F we estimate the required prob- 

bility as follows 

 (Y ) = 

|{ p ′ ∈ P 

F 
past : p 

′ underwent to Y }| 
|P 

F 
past | 

here P 

F 
past is the set of patients in P 

F that preceded the patient 

p, regardless of their cluster. Let X, Y ∈ A be two activities among

hose reported in Table 1 . We extend the function P as follows: 

• P (X ∨ Y ) indicates the probability that either X , Y , or both oc-

cur; 
• P (X < Y ) indicates the probability that both activities X and Y 

occur, with X appearing at least once before the first occurrence 

of Y . 

In accordance with the analysis of the ED staff, we identified 

 different policies � determining 5 different prioritization scores 

� at the lower level. Each score is based on the probability of 

he occurrence of a certain activity A p , which is 0 or 1 when the

ext activity is not in the Visit or Revaluation class, otherwise it is 

stimated using the function P . 

When A p / ∈ { B, C, D, N} , the five prioritization scores are defined

s follows. 

�E – Exit score 

The rationale of this policy is to foster those patients whose 

robability to be discharged after the first or revaluation visit in 

rder to reduce the EDLOS and the number of patients in the hall- 

ays and in the SSO area of the ED. 
8 
Observe that such patients slow the work of the nurses because 

hey increase the time dedicated to the supervision task. Further- 

ore, the exit of patients that occupy a stretcher or a SSO unit 

llows the allocation of that resource to another patient. 

Patients have a priority that is equal to the probability to exit 

fter the next activity (i.e., activities B, C, D, N in Table 1 ). 

The score of the patient p is defined as follows: 

p 
E 

= P (O ∨ P ∨ Q ) . (2) 

�X – Extra score Some activities (i.e., activities H, I, J, K in 

able 1 ) can not be performed always but only during a period 

f time, typically from the early morning to the late evening. 

The rationale of this policy is therefore to avoid a patient being 

orced to wait for such activities all night long. This can be ob- 

ained by promoting those patients requiring such activities before 

heir closing time. 

This can result in a significantly reduction of the EDLOS. 

Conversely, if a patients needs one of these activities during 

he closing time, the ED can treat them without haste but with- 

ut stopping their care. 

The score of the patient p is defined as follows: 

p 
X 

= 

{ 

max { P (H ∨ I ∨ J ∨ K) , μ} if 0 ≤ f end − t ≤ δ, 
min { 1 − P (H ∨ I ∨ J ∨ K) , μ} if f start − t > 0 , 

μ otherwise , 
(3) 

here t is the instant in which the decision maker is allocating 

he resources, f start and f end are the open and closing time of the 

xtra-ED activities, δ is a parameter set to indicate how much time 

efore the closing time we want to promote the activities of pa- 

ients needing activities H, I, J and K, and μ ∈ (0 , 1) is a parameter

et to fix a default score for patients for which the estimated prob- 

bility is not sufficiently high/low to establish a discriminant in ac- 

ess to the resources. We remark that when the extra-ED resources 

re accessible and the time left until closing is greater then δ, all 

atients have the same default score μ, then the prioritization is 

iven only by the upper level (i.e., �p ). 

�O – Observation score SSO units (beds) are a critical resource 

ue to their limited amount; further, when such resources are all 

usy, patients have to be observed on stretchers in the hallways or 

isit rooms, slowing down the other ED activities. 

Furthermore, activities L (ordinary SSO) and M (pre- 

ospitalization SSO) are different: the former is a period of 

ime on which the patients need to be observed by the medical 

taff, the latter is just a temporary accommodation waiting for a 

ed in a ward of the hospital. 

For this reason, the ending of the activity L depends on the 

tarting time, while the ending of the activity M depends on ex- 

genous factors. 

The rationale of this policy is to manage patients that have to 

ndergo the activity L, trying to start it as soon as possible when 

he number u of free SSO units is over a certain threshold u + , and

o promote the activities of other patients when u is under a criti- 

al threshold u −. 

The resulting score is defined as follows: 

p 
O 

= 

{ 

P (L ) if u ≥ u 

+ , 
1 − P (L ) if u ≤ u 

−, 

0 otherwise . 
(4) 

�S – Stretcher score The rationale of this policy is to promote 

he release of stretchers by patients that need to undergo a generic 

ctivity X having an higher probability to be discharged or to oc- 

upy a SSO unit after that. The score is defined as follows: 

p 
S 

= 

{
P (L ∨ M ∨ O ∨ P ∨ Q ) if p ∈ P str , 

0 otherwise , 
(5) 

here P str is the set of patients that occupy a stretcher. 
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Algorithm 1: Online resource allocation. 

Input : Policy �; set of all waiting patients Q ; multiset of all 

available resources ( R, m ) ; set of all available 

physicians D. 

1 begin 

2 foreach p ∈ Q do 

3 compute �p as in Equation (1); 

4 if A p ∈ { B, C, D, N} then compute �p 
�

as in 

Equations (2)-(6); 

5 else compute �p 
�

as in Equations (7)-(11); 

6 end 

7 ψ max = max p∈Q �p ; 

8 foreach ψ = ψ max , ψ max − 1 , . . . , 0 do 

9 S ψ 

= { p ∈ Q : �p = ψ} ; K ← |S ψ 

| ; 
10 foreach k = 1 , . . . , K do 

11 p ′ ← p with the k th highest value of �p 
�

in S ψ 

; 

12 (R, m 

′ ) ← multiset of resources required by p ′ ; 
13 if A p ′ ∈ { B, C, D } then d p ′ ← randsel(D) ; 

14 else 

15 if A p ′ = N then d p ′ ← physician previously 

assigned to p for the first visit; 

16 end 

17 if m 

′ ≤ m and ( A p ′ / ∈ { B, C, D, N} or d p ′ ∈ D) then 

18 if A p ′ ∈ { B, C, D } then 

19 assign d p ′ to p ′ ; 

20 Q ← Q \ { p ′ } ; m ← m − m 

′ ; 
21 allocate to p ′ the required resources (eventually 

including d p ′ ); 

22 if A p ′ ∈ { B, C, D, N} then D ← D \ { d p ′ } ; 
23 end 

24 end 

25 end 

26 end 
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�H – Hospitalization score We are considering patients need- 

ng a SSO unit waiting for their hospitalization because beds are 

ot available in the destination ward. 

Such patients could be treated without haste but without stop- 

ing because of they have a usually long EDLOS, most of which is 

aused by the impossibility to be hospitalized at the end of their 

aths (independently on the ED efficiency). Once the physician has 

stablished and booked the hospitalization, usually a series of ac- 

ivities are performed in preparation for treatment in the destina- 

ion ward. Apparently, there is any reason to perform these ac- 

ivities in priority over other patients (except for the urgency al- 

eady addressed at the higher prioritization level), conversely such 

 choice could worsen the EDLOS of other patients. 

The rationale of this policy is to promote those patients having 

ower probability of needing a pre-hospitalization in the SSO units. 

The score is defined as follows: 

p 
H 

= 

{
1 − P (M < N) if p / ∈ P str , 

1 otherwise . 
(6) 

We exclude patients that are occupying a stretcher because they 

re a critical resource. 

Conversely, after the (first or revaluation) visit the activities of 

 patient until the next revaluation visit are known. In these cases, 

e are able to assign more appropriate score values based on the 

nown activities that a patient has to undergo until the next reval- 

ation visit. Let 	 be the set of the next known activities, then the 

orresponding scores are trivially computed as follows: 

p 
E 

= 0 , (7) 

p 
X 

= 

{ 

1 if 0 ≤ f end − t ≤ δ and 	 ∩ { H, I, J, K} � = ∅ , 
0 if f start − t > 0 and 	 ∩ { H, I, J, K} � = ∅ , 
μ otherwise , 

(8) 

p 
O 

= 

{
1 if u ≥ u 

+ and L ∈ 	, 

0 otherwise , 
(9) 

p 
S 

= 

{
1 if p ∈ P str and 	 ∩ { L, M, O, P, Q} � = ∅ , 
0 otherwise , 

(10) 

p 
H 

= 

{
0 if p / ∈ P str and M / ∈ 	, 

1 otherwise . 
(11) 

Fixed a policy and the parameters of its score (that is a choice 

hat could be taken after performing a quantitative analysis as that 

resented in Section 7.2 ), a summary of our online approach is 

ormally described in Algorithm 1 . This procedure is invoked ev- 

ry time a resource is released or a new patient is added in the 

aiting list Q . The available resources at that moment are defined 

hrough the multiset (R, m ) , where m : R → N 0 indicates for each

esource set R , that is those listed in Table 1 , the amount avail-

ble. In the first part of the algorithm (lines 3–7) all the waiting 

ndices �p and the prioritization scores are updated. In the second 

art (lines 8–24) the algorithm scans the subsets S ψ 

in decreasing 

rder of ψ , that is from that with the higher normalized waiting 

imes to that with the lower one. Then, within each S ψ 

, patients 

re scanned in decreasing order of �p 
�

. For each patient p ′ , we de-

ne the multiset (R, m 

′ ) (line 13), where m 

′ : R → { 0 , 1 } indicates

he resources necessary for the execution of the next activity A p ′ . 
urthermore, if the next activity is a first visit (line 14) one of the 

vailable physician d p ′ is selected randomly and is candidate to be 

ssigned to p ′ (if D = ∅ then d p ′ is a dummy physician that will

ail the allocation check at line 18), otherwise if the next activity 
9

s a revaluation visit (line 16) d p ′ is defined as the physician pre- 

iously assigned during the first visit (or a substitute one if the 

ork shift is changed). The allocation is made if all available re- 

ources are sufficient and, in the case of a revaluation visit, if the 

ssigned physician is available (lines 18–20). Finally the list and the 

vailable resources are updated (lines 21–23). 

For the sake of simplicity, in Algorithm 1 we consider all physi- 

ians and nurses eligible for all activities in which these types of 

esources are required. Actually, the allocation algorithm allocates 

nly physicians and nurses that have the competence of a certain 

ctivity (e.g., only triage nurses can perform A and only the physi- 

ian in the MCA can perform D), as described in Section 6 . Simi-

arly, beds are distinguished and allocated in accordance with the 

ype of visit room in which the visit is performed. 

. The simulation model 

In order to evaluate the impact of our approach, we need a 

ool that is able to replicate the possible (uncertain) behaviors of 

he ED under different situations, and to embed the policies pre- 

ented in Section 5 as subroutines. In [25] , the authors propose a 

ramework based on DES to address the issue of modeling a com- 

lex real world system in which several stochastic processes are 

nvolved. In such an environment, online algorithms can be tested 

n a large number of different instances of the problem in order 

o provide a quantitative analysis based on the average case, which 
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Fig. 7. Statechart of the agent Patient . 
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Fig. 8. Statechart of the agent Physician . 

Fig. 9. Statechart of the agent Nurse . 
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an be used to estimate a set of performance indices for the deci- 

ion support [51] . 

Although we model the ED process using a DES approach, we 

se an ABS semantics because it allows the tracking of the behav- 

or of each agent acting in the simulated environment [52] , and a 

et of rules describes the agent behavior and its interaction [53] . 

herefore, we illustrate the proposed model through the descrip- 

ion of each agent. The rules modeling the agent behavior are rep- 

esented by a statechart. The first agent type is the patient, whose 

tatechart reproduces the general pathway structure, in accordance 

ith the diagram in Fig. 1 . Then, three types of agent describes the

uman resources of the ED, whose statecharts represent the work 

hift and the execution of their tasks. Finally, the fifth agent im- 

lements the decision maker and its possible policies described in 

ection 5 . 

Patient. The patient population is reproduced from the event 

og: an agent is created for each access to the ED from the data-

et and relevant information for the replication of its path (i.e., ur- 

ency code c, trace, arrival time, and several activity durations) are 

ollected as agent attributes. Although in some particular cases the 

atient’s urgency code could change during their stay at the ED, 

or the lack of simplicity we always consider the urgency code as- 

igned during the triage. Each agent progresses in their path within 

he ED in accordance with its trace, following the statechart shown 

n Fig. 7 . 

The agent is on the healthy state until the arrival time. Then it 

oves on the wait-for-activity state – the first of the 3 states rep- 

esenting the general life-cycle of each activity – sending a mes- 

age to the decision-maker and waiting for its reply indicating the 

llocation of the needed resources. The second state is the activity- 

xecution , which has duration defined by the estimations provided 

y the ED staff or mined by the ED data-set, and depending on 

he activity type as reported in Table 1 . After a timeout, the agent

asses on the activity-follow-up state, which represents a period of 

nactivity after the visit or a therapy of urgent patients (duration 

s set to 0 in the other cases). 

The follow-up duration depends on the activity X and on the 

rgency code, then it is implemented through a triangular distri- 

ution of minimum 0, modal value ζ X 
c and maximum 2 ζ X 

c . The 

alue of ζ X 
c is mined from the data-set except for particular cases 

n which it can be assessed with a good approximation (e.g., pa- 

ients that leave the ED after that activity) and computing the av- 

rage value for each urgency code c. 

At the end of an activity life-cycle, the agent can be in three dif-

erent situations. The first is the depletion of activities of the trace, 

hen it passes on the discharged state. The second situation hap- 

ens when the patient needs a revaluation visit but all the med- 

cal reports concerning their previous treatment are not available 

e.g., the X-ray technician does not send the report): in such a case 

he patient lies in the wait-for-report state until all the reports are 

vailable. The last situation includes all the other cases, for which 

he patient passes on the wait-for-activity state and is ready to un- 

ergo the next activity of the trace. 
10 
While the actual sequence of activities of a patient is deter- 

ined by the trace in the event log and is simulated as described 

bove, the timing is a consequence of the allocation policy. For this 

urpose, several information is continuously updated to keep track 

f (i) the activities already executed, (ii) the current waiting time 

or the next activities, (iii) the next known activities (i.e., all those 

ntil the next first/revaluation visit), and (iv) a pointer to the HAT 

sed to predict the activities after the next first/revaluation visit. 

Physician. Each physician is represented by an agent with an 

ttribute that indicates its competence (visit rooms, MCA, or SSO) 

nd with a schedule defining its working shift. First and revalu- 

tion visits are performed by the agents with competence visit 

ooms or MCA, depending on the type of visits that it executes, 

hile the SSO competence indicates the supervision of the patients 

hat occupies the SSO units. The agent passes between the rest and 

vailable states in accordance with a schedule which define the 

tart and the end of the working shift. When the agent is available 

nd receives a message by the decision-maker indicating a task and 

ts duration, it goes on the work state, on which it stay until the 

xpiration of a timeout. Furthermore, at the beginning of the shift, 

he handover state models a certain time λbeg of inactivity due to 

he receipt of medical records. Conversely, λend minutes before the 

hift end, the agent can be assigned only to urgent patients with 

 ≤ 2 , or taken over previously, as commonly happens in reality. 

he statechart is reported in Fig. 8 . 

Nurse. The agent is implemented as well as the physician. An 

ttributed indicates the competence (triage, SSO, MCA or general). 

riage and SSO competences indicate that such agents could ex- 

cute only the tasks of triage and supervision of the SSO units, 

espectively. The MCA and general competence includes several 

asks, such as first and revaluation visits (supporting the physi- 

ian), therapies, test collection for examination, and assistance in 

ther exams or specialist visits for patients with walking difficul- 

ies. The MCA and general competence are mutually exclusive, that 

s the nurse take care of the patients doing the first visit in the 

CA or in the general visit room. The moving time of the nurse 

rom the execution place of an activity to another one is con- 

idered by adding a time d mov e to each nurse task. Furthermore, 

gents have an additional task on the supervision of patients wait- 

ng in the triage waiting room and corridor, which is executed each 

minutes and have duration equals to n A p d sup /n A nur , where d sup is 

he average duration for assisting a patient during the supervision 

ask, while n A p and n A nur are the number of patients and nurses in 

he considered area of competence A , that is waiting room, ED 

allways or SSO units. The statechart is shown in Fig. 9 . 

X-ray technician. The agent is implemented similarly to the 

ther medical agents, but having only competence on the X-ray 
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Fig. 10. Statechart of the agent X-ray technician . 

Fig. 11. Statechart of the agent Decision-maker . 
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can. Since at nighttime no technician is working in the ED, we 

odel the on demand technician availability for patients with code 

 = 1 by adding a travel-to-ED state representing the travel of 

0 min reaching the ED. The statechart is illustrated in Fig. 10 . 

Decision-maker. When a patient needs to undergo an activity, 

he agent is informed by a message and such a request is inserted 

n a prioritized queue recording the patient ID, the request times- 

amp, the set of resources needed, the urgency code c and a score. 

The agent scans the queue in real time and chooses the patients 

o whom to assign the resources available at that moment. Such 

ecisions are taken in accordance with the online resource allo- 

ation policies reported in Section 5 , that is the baseline policy or 

lgorithm 1 with a fixed policy �. Then, the agent updates the set 

f the free resources and send a message to the agents represent- 

ng the patient and the human resources involved in the activity. 

The statechart of the agent is composed of a single state, and a 

ransition fired at each unit of time in order to update information 

nd to take decisions, as shown in Fig. 11 . 

The ABS semantic allows us to model the continuity of the 

are process because it is possible to identify individual resources 

i.e., single physician and nurses) simulating their interactions: the 

ame physician (or the one receiving the medical records during 

he handover) is always assigned to a patient for the activities that 

ollow its first medical visit, that is revaluation visits and discharge. 

The simulation model is implemented in such a way to be sen- 

itive to overcrowding. At the increasing of the number of patients 

aiting in some areas, the nurses with competence on such areas 

re busier in the supervision task, then less time is dedicated to 

he other activities and this feeds even more the level of crowding. 

urthermore, the occupation of certain resources restricts the use 

f others related to them (e.g., physicians need nurses to perform 

isits) and increases the occupation of other ones (e.g., stretchers 

r SSO units are not released until a physician is not assigned for 

he last revaluation visit before the discharge). Another important 

spect represented by the model is the behavior of the human re- 

ources during the beginning and the ending of their shift, which 

re critical periods that cause a bottleneck in the patient flow. 

. Quantitative analysis 

In this section we perform a quantitative analysis to study 

he impact of the online allocation approaches presented in 

ection 5 on several performance indices taking into account the 

erspectives of patients with different ur gency. To this purpose we 

eplicate the arrival process and all the characteristics of the pa- 

ients during the whole year 2016, and recorded by the ED of Os- 

edale Sant’Antonio Abate of Cantù described in Section 3 . The 
11
ime horizon of the simulation is one year, of which the first 7 

ays are used as warming up period, while statistics are collected 

n the remaining 359 days (2016 is a leap day). 

The proposed simulation model has been implemented using 

nyLogic 7.2 . All the results reported in this section are the average 

alues over 30 simulation runs starting from different initial con- 

itions randomly generated. The average time required for a single 

imulation run over the whole time horizon is 17.4 s. 

.1. Validation 

The activity durations are replicated from data when they are 

vailable (i.e., for first visits of urgent patients, specialist visits, and 

SO), otherwise we use the average durations suggested by the ED 

taff. We introduced further time parameters, as summarized in 

able 2 . Their values result from tuning of the simulation model 

n such a way to obtain the maximum fitness of the DTDT and the 

DLOS with respect to the real data, that is for the values reported 

n the second column of the table. 

The real case statistics and the results of the validation test are 

ompared in Table 3 . While the DTDTs of the simulation model are 

ery close to the real case, EDLOS present more significant devia- 

ions for non-urgent patients. Such differences are due to the huge 

omplexity of the ED system and the very high level of detail in 

odeling the patient behavior, which is not common in the litera- 

ure [19] . Furthermore, they are justified by a large lack of informa- 

ion and noise in the ED data-set, especially for some non-urgent 

atients (e.g., patients whose EDLOS includes also the night in the 

D waiting for a treatment). 

We would remark that the main purpose of our analysis is to 

valuate the sensitiveness of the model to online allocation ap- 

roaches. Conversely, we are not interested in the classical what-if 

nalysis for which a better fitness could be required. For these rea- 

ons, we can state that our simulation model is enough represen- 

ative of the ED with respect to the purposes of the quantitative 

nalysis. 

Table 2 

Parameters ranged during the model validation. 

Param. Value (min) Definition 

λbeg 15 physician handover duration 

λend 30 time at the end of physician shift with no 

new patients assigned 

d mov e 1 nurse moving time 

d sup 1 duration of the nurse supervision task per 

patient 

τ 30 time period of the supervision task 

t � 35 time for the re-prioritization (see Section 5.1 ) 

.2. Results 

In this section, we report the results of the quantitative analy- 

is performed in order to evaluate the sensitiveness of the model 

o the online allocation approaches proposed in Section 5 . The set- 

ing of the model validated in the previous section is the baseline 

olicy to which our online approaches are compared. 

The parameter for the normalized waiting time defined in 

q. (1) are the following: 

 1 = 1 min , m 2 = 10 min , m 3 = 120 min , m 4 = m 5 = 180 min
(12) 

or instance, it means that 1 min of waiting time for a patient with 

 = 2 are equivalent to 12 min and 18 min of waiting time for pa-

ients with c = 3 and c = 4 , respectively. 

The prediction exploited by the proposed online algorithm 

hrough the five different scores are obtained from the 2013–2015 
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Table 3 

Model validation (patients with urgency code c = 1 are visited without waiting). 

DTDTs (min) EDLOSs (h) 

urgency code 1 2 3 4 − 5 overall 1 2 3 4 − 5 overall 

real case - 21.6 86.7 81.5 70.1 14.9 7.7 5.0 2.8 5.2 

model (baseline) - 18.6 82.1 79.9 66.7 14.5 8.0 6.3 3.7 6.2 

Table 4 

Comparing online policies: DTDTs and EDLOSs (first column reports the score parameters). 

DTDTs (min) EDLOSs (h) 

urgency code 1 2 3 4 − 5 overall 1 2 3 4 − 5 overall 

baseline - 18.6 82.1 79.9 66.7 14.5 8.0 6.3 3.7 6.2 

�E - 11.2 41.4 54.8 37.5 15.6 9.3 4.7 2.8 5.4 

�X ( δ = 120 min, μ = 

1 
2 

) - 11.2 43.2 59.7 39.6 15.8 9.5 3.9 2.0 4.9 

�O ( u − = 3 , u + = 7 ) - 12.1 54.0 70.7 48.1 15.6 9.3 4.1 2.1 4.9 

�S - 11.9 51.3 69.1 46.3 15.7 9.3 4.0 2.2 4.9 

�H - 10.9 40.0 58.1 37.4 15.8 9.6 4.0 2.0 4.9 
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ata-set. We use this data-set and a HAF generated a priori as ex- 

lained in Section 4 . During the simulation, such a HAF is used to

stimate the scores defined in Section 5.2 , in accordance with the 

atient cluster that is identified at the triage. The setting of the 

d hoc process mining approach (described in Section 4 ) is g = 0 . 2

nd � = 30 , which generates a HAF with 18 clusters and 18 differ-

nt HATs. 

DTDT and EDLOS are the indices evaluated to analyze the ED 

erformance of the proposed online approaches. We also analyze 

he DTDTs in 6 different 4-hours frames of the day (frame F = 1

s 0:0 0–4:0 0, frame F = 2 is 4:0 0–8:0 0, etc) because of the high

ariability of demand throughout the day, as depicted in Fig. 4 . We 

lso identify a set of 46 overcrowding days , which are the days hav-

ng a maximum length of the admission queue (i.e., patients wait- 

ng for the first visit) longer than 10 patients in the baseline. 

The results reported in Table 4 prove the effectiveness of the 

roposed online allocation algorithm regardless of the policy and 

he score adopted. DTDTs are significantly reduced for each ur- 

ency class, especially for the most numerous class c = 3 saving 

he 51% of the time. This result supports the rationale behind 

he idea of prioritizing patients in a unique queue discussed in 

ection 5.2 : although the activities of the Visit and the Revalua- 

ion classes have the precedence on those of the Test & Care class 

n the baseline policy, the DTDTs are decreased by the online algo- 

ithm that relaxes this greedy rule in exchange for a more flexible 

esource allocation that results advantageous over time. 

The impact on the EDLOS provide a trade-off: urgent patients 

 c = 1 , 2 ) stay in the ED from 60 to 90 min more compared to the

aseline configuration, while the EDLOS of the other patients de- 

reases from 55 to 145 min. The explanation behind the increase 

f the time spent by urgent patients before the discharge could be 

n the differences between the prioritization rule defined by the 

riority index � in the baseline and the first level of prioritiza- 

ion of Algorithm 1 defined in Eq. (1) , which depend on the im-

licit choices of t � by the ED staff and the setting of m 1 , . . . , m 5 

n the proposed approach, respectively. In particular, the second 

hoice seems to have a propensity to promote the execution of 

he activities (except for first visits) of non-urgent patients with 

espect to the common sense of the ED staff in the real case. How- 

ver, the DTDT is the most important index when dealing with life- 

hreatening patients, that is approximately 0 for c = 1 (i.e., patients 

ith this code are visited and have an immediate first treatment as 

oon as they arrive at the ED as well as in the simulation model), 

hile for c = 2 the DTDT decreases from 35% to 41% compared 

o the baseline. Further parameter variation experiments (e.g., by 

arying the values of m c , c = 1 , . . . , 5 ) can provide a different bal-
12 
nce of average DTDTs and EDLOSs among the urgency classes to 

eet any time limits established by (national or regional) guide- 

ines or any preference established by the decision maker, as dis- 

ussed in Section 7.3 . 

On average, both DTDTs and EDLOS have a significant reduc- 

ion up to 44% and 21% respectively, that is maximized using the 

ospitalization score �H . This result leads us to think that hospi- 

alizations, which depend on the availability of beds by the other 

ospital wards, represent the most important bottleneck. Therefore 

n optimized management of SSO based on the concept of looka- 

ead offers the largest margin of improvement of the performance 

f the case study. 

In Table 5 we compare the results of the baseline with our 

nline allocation algorithm using the five proposed scores, focus- 

ng on DTDTs of patients arriving in the frame F = 3 (8:0 0-12:0 0),

hich is that with the high number of accesses. In the first part 

f Table 5 , average DTDTs over all days are reported showing an 

ven stronger impact of the proposed approach in peak hours: DT- 

Ts of patients with c ≤ 3 are reduced up to the 71% using the

xit score �E . In the second part of Table 5 , we focus only on the

vercrowding days . The proposed solutions seem to be very effec- 

ive to alleviate the overcrowding, preserving its effect compared 

o other days. The extra score �X has the best performance on av- 

rage in the most crowded days. This result suggests to promote 

he execution of activities that surely or probably precede special- 

st visits or exams with a closing hour when the level of crowding 

s high. Consequently, the policy defined by �X increases the num- 

er of patients that undergo these activities before closure, avoid- 

ng spending the night in the ED. 

The variation of the average DTDT during the six frames of the 

ay is illustrated in Fig. 12 . The impact of the online allocation al- 

orithm is evident in almost all the frames, especially in the peak 

ours (frames F = 3 and F = 4 ), and in the overcrowding days.

cores �X and �H give similar DTDTs. The former is slightly better 

n the central hours of the day, that is when the patients need- 

ng an extra-ED activity and have a higher priority. A side-effect 

an be observed after the closing time of those activities, when the 

ccumulated work to promote those patients causes an increasing 

f the DTDTs and better performance can be obtained using �H . 

n general, the online approach seems to be really effective when 

ealing with the peaks of demand, and flattening the average DTDT 

hroughout the day. 

In order to evaluate the impact of the proposed online ap- 

roaches on the queues and on the resources, we introduce an ad- 

itional set of performance indices in Table 6 . The impact of the 

ifferent scores on such indices can demonstrate if the prediction 
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Table 5 

DTDTs (min) in the frame from 8:00 to 12:00 (first column reportsthe score parameters). 

All days Overcrowding days 

urgency code 2 3 4 − 5 overall 2 3 4 − 5 overall 

baseline 25.2 95.9 101.4 83.7 41.8 205.2 158.5 156.0 

�E 8.8 26.9 61.6 34.6 14.7 69.3 144.7 83.3 

�X ( δ = 120 min, μ = 

1 
2 

) 9.3 28.3 64.5 36.3 12.0 57.6 135.9 74.4 

�O ( u − = 3 , u + = 7 ) 10.3 38.0 72.2 43.7 13.4 72.2 140.1 82.8 

�S 10.2 35.0 70.2 41.5 13.3 70.5 140.6 82.2 

�H 9.4 28.4 64.5 36.4 11.9 57.9 136.9 74.8 

Table 6 

Performance indices. 

Indices Definition 

q average number of patients/min in the pre-admission queue 

r average number of patients/min under treatment (post-admission) 

u str stretcher utilization 

γ number of overcrowding days 

Table 7 

Impact on queues and resource utilization (first column reports the score parameters). 

All days Overcr. days, F = 3 

q r u str q r u str γ

baseline 2.8 15.9 53.2% 5.9 21.0 63.8% 46 

�E 1.6 13.8 54.0% 3.4 18.1 59.6% 27 

�X ( δ = 120 min, μ = 

1 
2 

) 1.7 12.4 51.6% 3.1 15.8 56.2% 28 

�O ( u − = 3 , u + = 7 ) 2.0 12.6 51.0% 3.8 16.3 55.8% 30 

�S 1.9 12.5 50.3% 3.8 16.0 54.0% 31 

�H 1.6 12.5 52.2% 3.1 15.9 56.4% 28 

Fig. 12. Average DTDTs of patients in the frames F = 1 , . . . , 6 of the day (baseline 

in grey, �X in red, �H in blue). (For interpretation of the references to colour in 

this figure legend, the reader is referred to the web version of this article.) 
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Fig. 13. Length of the pre-admission waiting list in the ED during the week 1–7 

April. 
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erformed using the HAF is effective in predicting the occupation 

f the resources that are a bottleneck for the patient flow. Further- 

ore, the indices q and r provide information that could represent 

he perception of crowding by the ED staff, indicating how many 

atients on average are in the pre-admission waiting room ( q ) and 

n the rooms and the corridors dedicated to treatment ( r). 

In Table 7 we compare the different scores on the indices in- 

roduced in Table 6 with the baseline, reporting the average values 

ver all the year in the first part, and a focus on the frame F = 3

n the more crowded days in the second part. As expected, the exit 

core �E is able to reduce the queue in the pre-admission waiting 

oom, but a counter-intuitive aspect can be observed in correspon- 

ence of the overcrowding days, where the extra score �X and the 

ospital score � have lower values of q . Such indices decrease also 
H 

13 
he average number of patients in the rest of the ED, reducing the 

ense of crowding. Finally, the stretcher utilization is minimized by 

he stretcher score �S , whose impact is equivalent to have an extra 

tretcher when the ED is overcrowded. Finally, in the last column 

 γ ) it is shown that the use of the proposed online allocation al- 

orithm can reduce the days of overcrowding. 

Figs. 13 and 14 report respectively the trend of the number of 

atients in the waiting list queue and concurrently under treat- 

ent in the ED during a week. The week has been selected in such 

 way that the baseline has one overcrowding day (Thursday). Ex- 

ept for a limited period of time, the exit score �E dominates the 

aseline showing the capability of reducing the level of crowding 

n the ED. When the exit score �E performs slightly worse than the 

aseline in one of the two figures, we would remark that the sum 

f the number of patients in pre-admission queue and concurrently 

nder treatment is less than the same value for the baseline. 
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Fig. 14. Number of patients concurrently under treatment (between admission and 

discharge) in the ED during the week 1–7 April. 
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.3. General insights and practical considerations 

Results reported in the quantitative analysis offer various gen- 

ral insights, which go beyond the case study. First, we can state 

hat if the decisions of allocating resources for the execution of ac- 

ivities take into consideration the probably subsequent activities 

nd the necessary resources, then there is a significant room for 

mprovement for the DTDT, the EDLOS, and the resource utiliza- 

ion. 

Due to the high number of significant differences between the 

onsidered ED environments and a lack of publicly available data, a 

air comparison between our approach and those in the literature 

s not possible. However, we are able to provide general insights 

hat are in common with several prior works. According to Cildoz 

t al. [39] the First Consultation Priority Rule , included in our base- 

ine (as described in Section 5.1 ) and commonly used in practice, is 

ar from being the best solution. Although different KPIs has been 

efined, the common suggestion is that this practical rule should 

e replaced by policies that take into account the characteristics of 

atients in the queue and the probability of their discharge after 

he visit, in order to improve the patient flow. This fact further mo- 

ivates the need of a decision support system. Another interesting 

nalogy can be observed with [43] regarding the performance im- 

rovement when giving a higher priority to patients who are esti- 

ated to occupy fewer resources (i.e., only physicians in [43] vs. all 

he mentioned ones in this paper). The authors find a reduction of 

he overall DTDT and EDLOS up to 58% and 8%, respectively, com- 

ared to the First Come First Served policy. In addition this known 

nsight, our analysis shows that if we consider the probability of 

urther events in addition to the discharge (i.e., need of other activ- 

ties) and take into account also a prioritization for patients wait- 

ng for other resources (e.g., X-ray machine), then the use of other 

esources can be improved and both DTDTs and EDLOSs can be fur- 

her decreased. 

Results in Section 7.2 indicate that the hospitalization score 

rovides the best performances on ordinary days, but the over- 

ll average DTDT can be further improved using the extra-score 

n the overcrowding day . However, this comparison should not be 

onsidered as a general insight, since the characteristics of the ED 

nvironment and the prediction tool could lead to the preference 

f different policies. To determine the best policy to be adopted, 

 quantitative analysis like that proposed above should be per- 

ormed. After identifying the resources that could cause crowding 

n the specific ED, new policies or a combination of those proposed 

n this paper could be further investigated. Furthermore, an accu- 

ate choice of the values of parameters m c used to normalize the 

aiting time of patients with different urgency codes is strongly 

ecommended to guarantee an adequate level of safety and fair- 

ess, in compliance with medical guidelines and local regulations. 

or instance, (national or regional) guidelines could indicate a time 

imit for the DTDT, the EDLOS, or the time spent in a SSO unit. If

he performance indices obtained from the adoption of a certain 
14 
olicy do not satisfy one or more of these requirements, parame- 

ers m c should be tuned to obtain a different trade-off between dif- 

erent emergency codes, or between different phases of the path, 

hat is by setting values of m c that change according to the activ- 

ty for which the patient is waiting. In our case study, the ED staff

as given greater importance to the DTDT (decreased by the on- 

ine allocation algorithm) of patients with urgency code c = 2 than 

heir EDLOS (increased by the online allocation algorithm). In fact, 

he conditions of these patients are usually stabilized during the 

rst medical visit (otherwise their code is changed to c = 1 ) and

fter the visit they are constantly monitored by a nurse, which as- 

ist them even during treatments that do not require the same for 

on-urgent patients (e.g., they are accompanied to the ward where 

hey have to undergo the specialist visit) as indicated in Table 1 . 

From an implementation point of view, at the ED of Cantù, as 

ell as in most of EDs, the real-time resource allocation task could 

e supported by a software tool that reports for each patient the 

imestamps of the previous events (e.g., arrival time, visit comple- 

ion time, etc.) and the activity in which they is currently under- 

oing or waiting. Such information would be integrated within a 

ecision support tool integrating the HAF and Algorithm 1 , with 

he aim of automating the procedure and suggesting to which pa- 

ient to allocate the available resources. The final decision on every 

articular case would however be left to the decision maker. 

. Conclusions 

The aim of this work is to investigate if an online allocation ap- 

roach combined with a prediction tool can improve the ED perfor- 

ance, alleviating the inherent phenomenon of the overcrowding. 

e proposed an online allocation framework for the ED resource 

llocation, which takes into account the real-time state of the ED 

nd the prediction provided by an ad hoc process mining model. 

e analyzed the impact of an online allocation algorithm based on 

uch a framework, embedding them within a fine-grained simula- 

ion model that reproduces the operative context and the patient 

ow of an Italian ED. 

Using simple policies that exploit prediction provided by the ad 

oc process mining model, we are able to reduce significantly the 

uration of the process of care, and to have a less crowded envi- 

onment in which the medical staff can work better also from a 

ualitative point of view. Since the proposed scores are designed 

o have an impact on the queues or on the resources that we 

ant to optimize, the quantitative analysis proves the effective- 

ess of a prediction tool in combinations an online allocation al- 

orithm based on prioritization for the real-time ED resource allo- 

ation in order to improve the patient flow and alleviating the ED 

vercrowding. The policies acting on bottlenecks caused by hospi- 

alizations and activities performed in other wards (i.e., those de- 

ned by the hospitalization score and the extra score) result the 

ost effective for the case study. 

A general insight provided by this study is that if the decisions 

f allocating resources for the execution of activities take into con- 

ideration the probably subsequent activities and the necessary re- 

ources, then there is a significant room for improvement for the 

TDT, the EDLOS and the resource utilization. 

Possible extensions of this work are twofold, that is in terms 

f further scenario analysis and methodological. One of the main 

eatures of the process discovery approach proposed in [22] is the 

bility of representing the path of a certain group of patients. Ex- 

loiting such a feature, the simulation model proposed in this pa- 

er is suitable to perform several other scenario analysis, such as 

hose regarding the impact of self-referred patients that does not 

eed emergency care but they access the ED as a faster alternative 

o primary care. Such analysis would allow us to have a quantita- 

ive estimate of how much the wrong organization of the primary 
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are system can penalize the work in the emergency department. 

urthermore, the lack of data has led us to make assumptions on 

he durations of several activities, with some of them being sup- 

osed to be deterministic: a quantitative analysis based on differ- 

nt probability distributions would allow to investigate the impact 

n the stochasticity of durations on the dynamic resource alloca- 

ion and the study of online allocation approaches supported by 

rediction models based also on durations. From a methodological 

erspective, the online allocation algorithm could be generalized 

y defining different values of the standardization parameters m c 

epending on the next activity to be executed with the aim of re- 

ucing waiting times before most important activities. In addition, 

t would be important to study how to combine different policies 

nd their prioritization scores in such a way to obtain additional 

mprovements. 
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