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Abstract This paper treats the coordination of Emergency Medical Assistance (EMA) and
hospitals for after-hours surgeries of urgent patients arriving by ambulance. A standard hos-
pital approach during night-shifts is to have standby surgery teams come to hospital after
alert to cover urgent cases that cannot be covered by the in-house surgery teams. This ap-
proach results in a considerable decrease in staffing costs in respect to having sufficient
permanent in-house staff. Therefore, coordinating EMA and the hospitals in a region with
their outhouse staff with the objective to have as fast urgent surgery treatments as possible
with minimized cost is a crucial parameter of the medical system efficiency and as such
deserves a thorough investigation. In practice, the process is manual and the process man-
agement is case-specific, with great load on human phone communication. In this paper,
we propose a decision support system for the automated coordination of hospitals, surgery
teams on standby from home, and ambulances to decrease the time to surgery of urgent
patients. The efficiency of the proposed model is proven over simulation experiments.
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1 Introduction

Most hospitals that perform emergency surgery service provide also after-hours surgery for
urgent patients whose conditions are not critical but might result in increased probability of
morbidity or mortality. Out-of-hours is a period which is generally defined to be between 6
PM to 8 AM weeknights and the whole weekend, even though the definition might vary from
one hospital to another. The growing demand of simultaneous multiple patients for emer-
gency medical assistance (EMA) and urgent surgery treatment provided by hospitals puts a
strong focus on the combined EMA and hospital surgery treatment coordination effective-
ness and efficiency. The management of the hospital network and the emergency medical
assistance in each region, city or town is challenged to deal with the seemingly conflicting
objectives of fast, efficient and effective urgent patient response minimizing total system
cost and maximizing the quality of care.

In this paper, we develop a decision-support system for the coordination of EMA and
hospitals for after-hours urgent surgery patients. We assume that there are multiple hospitals

University Rey Juan Carlos, Madrid, Spain

This is the accepted manuscript version of the paper: Lujak M., Billhardt H., and Ossowski
S.: Distributed Coordination of Emergency Medical Assistance for Angioplasty Patients.
Annals of Mathematics and Artificial Intelligence, vol. 78(1), pp. 73-100. Springer (2016)
DOI: 10.1007/510472-016-9507-9

The published version can be accessed at:
https://link.springer.com/article/10.1007/s10472-016-9507-9



available for urgent cases surgery treatment and for each hospital there is a sufficient number
of in-house surgery teams needed to care for in-house and emergency patients safely. A
surgery team consists of the individuals needed to adequately staff one operating room (OR)
(e.g., a surgeon, an anesthetist, two nurses and a nurse anesthetist). Furthermore, we assume
that there is a number of surgery teams on standby from home, coming to hospital after alert.
The savings in staff expenditure between having sufficient staff in-house for urgent cases
in respect to having them taking call from home might be considerable (5). Hence, a good
balance between the efficiency and the flexibility in hospital and EMA network management
is a prerequisite for providing optimal care to patients.

The decision-support system proposed in this paper is based on the coordination of the
assignment of idle ambulances to pending patients, and a simultaneous assignment of ambu-
lances assisting patients in-situ to adequate hospitals together with the assignment of standby
out-of-hospital surgery teams to the same. The multi-objective optimization of arrival times
of multiple actors is solved for the minimization of patients’ surgery waiting times. Re-
sponding to a possibility of occurrence of multiple simultaneous patients and based on the
relative positions of the patients, surgery teams, and available hospitals, our approach is
based on a system’s view, not concentrating only on minimizing single patient delay, but
concentrating on the system best solution in respect to the (temporal and spatial) multitude
of patients. Simulated emergency scenarios demonstrate the efficiency of the coordination
procedure and significant decrease in the urgent patients waiting time to surgery treatment.

This paper is organized as follows. In Section 2, we describe the the State-of-the-Art
practice in the EMA coordination for urgent surgery patients. In Section 3 we formulate the
EMA coordination problem for urgent surgery patients arriving by ambulance. Section 4
describes briefly the proposed multi-agent architecture with the modified auction algorithm
for EMA urgent surgery coordination. Section 5 contains simulation results comparing the
proposed coordination approach and the benchmark urgent surgery coordination procedure
first-come-first-serve. We draw conclusions in Section 6.

2 State-of-the-Art practice and related work

The emergency medical system for the assistance of urgent surgery patients is made of the
following participants: out-of-hospital patients, hospitals with after-hours urgent and emer-
gency surgery option, Medical Emergency Coordination Center (ECC), ambulances staff,
and standby out-of-hospital surgery teams. Usually, each hospital has assigned to it one or
more out-of-hospital standby surgery teams positioned at alert outside hospital and obliged
to come to the hospital in the case of emergency. The reason for their outside hospital po-
sition are staffing costs which make a large portion of costs in surgical care services (6).
Significant cost savings can be achieved by increasing staffing flexibility (3) and assignabil-
ity to multiple hospitals.

The standard approach used in most of out-of-hospital after-hours urgent surgeries is
the following. Patients are diagnosed in the place of emergency: at their momentary out-of-
hospital location or at a health center without after-hours urgent surgery option. In both cases
the ECC applies First-Come-First-Served (FCFS) strategy and locates the nearest available
(idle) ambulance with ALS and dispatches it to pick up the patient. The use of ambulance
for urgent patients is proven to increase patient chances in respect to the use of private trans-
portation. The concrete example is infarct treatment (18) where ambulance should be con-
sidered a place for initial diagnosis, triage and emergency treatment since pre-hospital triage
in the ambulance reduces infarct size and improves clinical outcome (16). After the ambu-



lance arrives to the scene and diagnoses the urgency at patient’s momentary out-of-hospital
location, ambulance confirms the diagnosis to the ECC which has a real time information of
the states of ambulances. ECC sequently applies FCFS strategy for hospital assignment by
locating the nearest available hospital with operating room working after-hours. The hospital
then alerts the closest surgery team of the urgent surgery case.

The process for urgent surgery treatment coordination usually used in the ECCs is man-
ual and the management is based on case by case principles with high human load necessary
for telephonical arrangements to find a solution. This can significantly worsen the total delay
time for patients awaiting surgery. In the case of a simultaneous presence of multiple urgent
patients, hospitals and surgery teams located in multiple sites, support for optimized EMS
coordination based on information updated in real time is necessary for efficient surgery
planning and scheduling.

There is a vast Operations Research and Multi-Agent Systems literature in medical
emergency assistance coordination. There exist different ambulance deployment, relocation
and dispatch models, e.g., (9), operating room planning and scheduling, e.g., (3), and patient
scheduling solutions, e.g., (15). The proposed methods are mostly based on queuing theory,
simulations and mathematical programming, e.g., (8; 13; 14; 17).

Henderson in (8) outlines some of the key challenges EMS providers face, such as traf-
fic congestion, increasing call volumes, hospital diversion, and increasing transfer times at
emergency departments. Ingolfsson in (10) surveys research on planning and management
for emergency medical services. In (1), Bandara et al. study optimal dispatch of paramedic
units to emergency calls to maximise patients’ survivability. Their computational results
show that dispatching the closest vehicle is not always optimal and that dispatching vehicles
considering the priority of the call leads to an increase in the average survival probability of
patients.

Emergency medical assistance literature is abundant also in the multi-agent system com-
munity, e.g., (4; 11). Domnori et al. in (4) discuss the fitness of agent-based applications to
managing healthcare emergences and large scale disasters and their application to problems
where the main challenge is coordination and collaboration between components. Lépez et
al. in (11) propose a multiagent system using an auction mechanism based on trust to co-
ordinate ambulances for emergency medical services. The auction mechanism here is based
on three individual patient priority cases, where the winning ambulance is the one with the
best estimated arrival time and a good trust degree. Lujak and Billhardt in (12) proposed an
organization-based multi-agent application for emergency medical assistance (EMA) based
on a distributed relaxation method for the assignment problem called auction algorithm (2)
and the mechanism based on trust. The experiments results confirm the reduction of the
average response times of EMA services.

Considering out-of-hours emergency surgery, in (19) the balance between hospital costs
and patient safety was examined to determine the optimal size of emergency surgery teams
that are on-call after-hours, including medical and nursing staff. The study found that the use
of defined procedure-based safety intervals to plan on-call rosters can reduce the number of
staff rostered on-call without jeopardising patient safety. The key premise of this argument
is that fewer nighttime staff will be sufficient if patients wait a little longer for surgery, but
not so long as to exceed safety intervals.

For the ambulance assignment problem, not infrequently applied dispatching method
is first-come-first-served (FCFS) policy which is the method temporally discriminating pa-
tients and not considering the availability of hospitals or hospital staff. However, different
centralized and distributed Operations Research optimization methods can be applied for the
multi-agent task allocation and coordination problem encountered in this context. Since in



this scenario, scalability, robustness and flexibility are of outermost importance, distributed
methods, such as auction algorithm (2) are of preference. To the best of our knowledge, the
literature on integrated mutual coordination of EMA, multiple hospitals operating rooms and
out-of-hospital surgery teams is lacking which is the reason why in this paper we propose
an integrated solution model for this problem.

3 Problem formulation

In this paper, we treat the problem of after-hours out-of-hospital urgent surgery patient as-

signment to ambulance assistance, and consecutive patient transfer to adequate hospital with

minimal waiting time for surgery. We assume that after transferring a patient to hospital, am-

bulance is redirected to the base station where it waits for the next emergency patient call.
In Figure 1, we present patient delay time components:

e Call response and resource assignment time spent by the ECC (the time of analyzing the
problem and giving it the highest priority category deciding on the ambulance and the
hospital assignment);

e Mobilization of the ambulance and transportation time of the ambulance from its mo-
mentary position to the patient;

e Time of patient assistance in situ by ambulance staff;

e Transportation time of the ambulance with the patient to the hospital;

e Transportation time of the surgery team members from their momentary positions to the
hospital;

e Expected waiting time due to the operating room occupancy of other prior pending pa-
tient(s) in the hospital (if any).

Ambulance, hospital and cardiology team assigned to the ———————

—) - patient
) — —
— Patient reached by the ambulance -
I— —
— o First aid given to patient in situ
= y P—
<~ Patient in ambulance
— > reached hospital
7777777777777777777777777 < Cardiology team in
b E——) hospital

Operating room

— s available for treatment
} — p—

Fig. 1: Temporal sequence of six medical emergency events necessary for PCI treatment

Hesitation of patients to search for medical help together with the delays which are the
result of the manual centralized coordination of multiple actors in EMA sometimes might
average several hours and thus can prevent the early application of life-saving procedures
and contribute substantially to a diminished effectiveness of surgery treatment. In the case of
multiple simultaneous pending patients, the right combination and the individual choice of
the ambulances to be assigned can significantly improve overall patients’ chances and reduce



the resulting morbidity and mortality. After a patient gets assisted in situ by ambulance staff,
individually minimal expected time to surgery is the time resulting from the following three
parameters, Figure 1:

e transportation time of the ambulance with the patient from the initial patient location to
assigned hospital,

e transportation time of the surgery team to the same,

e expected waiting time until the operating hall gets available.

The patient’s and surgery team’s arrival time to the hospital depends on their distance
from the hospital and the driving conditions on the road. The availability of the operating
hall depends on the previous patients (if any) booked for the operation hall with higher or
equal urgency level to the patient in question.

In the case of multiple simultaneously appearing urgent patients, the objective is to find
the minimum of the sum of all the patient delay times such that the system results in as high
utilitarian value as possible. The objective is, therefore, twofold:

e to assign ambulances to simultaneous pending patients such that the assignment results
in the minimum average time of transport of ambulances to simultaneous patients mo-
mentary locations considering their individual maximum allowed waiting times,

e to assign ambulances with patients to hospitals minimizing the combined times of pa-
tients transport to hospitals, and arrival times of surgery teams positioned outside hospi-
tals, such that the difference between the expected arrival times of patients and surgery
teams to hospitals is minimum.

In the following, we give the multi-agent system model and the mathematical programming
definition of the problem inspired by (7).

3.0.1 Multi-Agent System representing EMS

Considering a time horizon made of 7" time periods, given are four distinct agent sets. Let
Z = {&1,...,&n, } be a pending patient set. Let ¥ = {11,...,9n,} be a set of surgery
teams, each one made of at least one surgeon, one anaesthetist, two nurses and an anaes-
thetist assistant. Let A = {a1, ..., an, } be the set of identical, capacitated ALS ambulance
vehicles to be routed and scheduled to assist patients based on one-to-one assignment and
let H = {ha,...,hn,} be after-hours urgent surgery-capable hospitals. Furthermore, all
agent sets are represented by points in the plane. Ny, N, N4, Nj and Ny, represent (not nec-
essarily equal) cardinality of each set respectively. Agents initial coordinates are positioned,
w.lo.g., in a square environment E = [0,1]> C R? of side length I > 0. The abbreviation
p(t) is used for the position of any kind of agent at time ¢t = 1,...,T; e.g., po(t) € FE
being the position of agent a € A at the beginning of each time period ¢t = 1,...,T, where
T is the last period of the planning time horizon we are interested in.

3.0.2 Mathematical Formulation

We concentrate on the problem of the minimization of the average total delay time of urgent
patients to get surgery treatment. No patient should be discriminated positively or negatively
for his/her location. In the case that there is only one pending patient in the system, then the
best ambulance is the ambulance which will arrive in the shortest time possible and the



problem is to find ambulance a € A, surgery team ¢ € ¥ and hospital h € H that in
combination minimize patient £, € = time to hospital:

. . . . |
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where hospital h¢, chosen for patient g, k =1,..., N, is

he, = arg min (hmax (t(fk, h), wmin t(v, h)),min Ph,gk) , 2
EHay av

and ¥, is a set of available surgery teams and H,, set of available hospitals with necessary
equipment. Furthermore, ¢(z, y) is travel time from position x to position y and py, ¢, avail-
able time periods of hospital h for patient £} and min py, ¢, is a first time period hospital h
will be free for patient £;. The objective for each patient £, € =, thus, is to choose a triple
(a, h, 1) minimizing Equation 1.

From the global point of view, multiple-patient problem is to assign patients in order to
optimize the global waiting time for the treatment for all patients, i.e., find assignments of
a € Aand h € H such that:

N, N,

min ;;1 t(a, &) + min kzz:l ( max (t(ﬁk, h), min ¢, h)) , min ph,sk> )
Waiting time or patient delay is the sum of the time needed for the arrival of the ambulance to
the patient, and the minimum value between the maximum of the arrival time of the patient
to hospital and the arrival time of surgery team to the same (if not in-situ), and the minimum
waiting time due to the pending patients booked for the operation room before patient £

4 Solution approach

To improve the response times of the emergency management system towards urgent surgery
patients, we present the dynamic resource assignment model for ambulances, surgery teams
and hospitals assignment to patients performed over iterative combinatorial auctions, e.g.
(2; 12). The proposed solution is founded on the collaborative multi-agent system (MAS)
organizational structure and MAS coordination model with four classes of agents seen as
autonomous and independent decision makers. There exists a determined sequence of steps
and message exchanges which is performed in order to resolve each urgent surgery case.
The agents are described based on their characteristics and states as follows:

Patient: Each patient agent £ € = represents a real pending urgent surgery patient in the
medical emergency assistance. When calling ECC, from his/her initial location, he/she gets
assisted in-situ by ambulance crew, and gets transferred to hospital where he/she receives
the urgent surgery treatment. Each patient is described over a tuple £ = {p¢(t), Ag, té"}
where A¢ is patient £ € = status which can be: pending patient waiting ambulance &y,
being assisted in-situ &,;5, moving in ambulance to hospital £, in hospital £;,,, and té”
is patient & detection time. The latter is defined as the time when the ECC is informed about
the incident. New patient requests continuously unfold over time and must be assigned in
real time to ambulances.

After-hour urgent surgery capable hospital: Hospital agents h € H collaborate with
ambulances and emergency coordinator to receive patients for treatment. Furthermore, they



are responsible of managing and coordinating their operation room(s) together with the
assignable surgery team(s). Hospitals can be described over a touple h = {pp, ph.e}.
where py, is the position and py, ¢ is the temporal availability of hospital » € H for patient
& € =, Itis assumed that each hospital has a booking list for urgent and emergency surgery,
i.e., information of the availability of the operation room within some future time. Hospitals
have at the disposal the updated assignability of surgery teams p,;  (¢) at every time period
teT.

Ambulance: Ambulance agents a € A represent ALS ambulance vehicles (ambu-
lances with advanced life support) together with their relative ambulance human crews.
Ambulances communicate to EC'C' agent for patient and base station assignment and to
hospitals for patient transfer. Furthermore, each ambulance is described over the touple
a = {pa(t), v([lav]g7 sa(t),ba(t)}, where pq(t) is the current position at time period
te(1,....,7) and v[[ﬁ,]g is the average velocity of ambulance a. sq(t) is its estimated
end-of-service time with the current patient, if any. The dummy value —1 is used when
the vehicle is free. bs(t) indicates the destination, i.e., the next station at which the ambu-
lance vehicle will stop. Ambulances statuses can be: idle ambulance a;, moving to incident
position, a;p, and ambulance moving to a hospital, ap. At every time period ¢, idle ambu-
lances a; are considered for commitment to pending patients £,,4, and in case no patient
assignment is made, they remain at their last assigned position.

In our model we assume that after arriving at patient location, the vehicle cannot be redi-
rected elsewhere until transferring the patient to the hospital. However, at any time before
getting to the patient location, the vehicle can be dispatched elsewhere.

Medical Emergency-Coordination Center: FCC receives emergency calls from pa-
tients and assigns the ambulance and hospital for each case, thus performing the high-level
management of the urgent surgery logistic procedure.

Surgery team: ) € ¥ is responsible of the urgent surgery treatment. The team’s mem-
bers are positioned outside of hospital, generally at different locations, and move towards
assigned hospital when needed. The combined arrival time to the hospital is the high-
est value of the members’ arrival times. The touple which describes each surgery team is
U = {py(t), py,n(t), by(t)} where py p(t) is the temporal availability of surgery teams
1 € W in hospital h € H. It is assumed that each surgery team has its expected time of
arrival to the hospital based on their momentary position p,,(¢) and the position of a hos-
pital). The status of a surgery team can be: idle 1);, moving to an assigned hospital 1,1,
in the assigned hospital ;5. In general, the team can be assignable to different number of
hospitals. Therefore, binary vector p., p(t) expresses the assignability of the team for each
time period ¢ € T" and for each hospital h € H. Traditionally each surgery team is assigned
to one hospital only. However, staff utilization and patient assistance can be significantly
improved if all the regional surgery teams are at the disposal of all the region’s hospitals.

4.1 Auction algorithm

The relaxation method for the assignment problem called auction algorithm (2) is used to
resolve the problem of the assignment of ambulances, hospitals and surgery teams to ur-
gent surgery patients. Auction algorithm is a coordination mechanism guaranteed to find the
best assignment solution for the system; furthermore, it is an effective method for solving
the classical assignment problem. It admits an intuitive economic interpretation and is well
suited for implementation in distributed and decentralized computing systems as is the one
in emergency medical assistance. Moreover, it is an iterative procedure related to a sales



auction where multiple bids are iteratively compared to determine the best offer for the
system, with the final sales going to the highest bidders. The original form of the auction
algorithm is an iterative method to find the optimal prices and an assignment that maximizes
the net benefit in a bipartite graph, the maximum weight matching problem (MWM). This
algorithm was first proposed by Dimitri Bertsekas (2).

In auctions, it is important that the number of bidders is equal or higher than the number
of bided objects. This is why, if the number of patients is lower than the number of ambu-
lances, and the number of hospitals, then patients bid for ambulances and hospitals in the
iterative auction algorithm based on the starting available patient assistance time described
above. Otherwise, i.e., if the number of ambulances is lower than the number of patients,
then ambulances bid for patients, and similarly higher number of hospitals bid for lower
number of patients.

In the patient hospital assignment, we consider all pending patients who called the am-
bulance and are waiting for ambulance or are in the process of ambulance assistance and/or
arriving to hospital but still haven’t reached the same. In the following, we present the al-
gorithm steps for hospital patient assignment. The assignment of ambulances to patients is
performed in a similar way.

In each iteration

e Each hospital receives updated pending patients virtual prices (those are dual variables
of the primal problem).

e Each hospital gives a bid based on the virtual prices of the patients.

e The hospital with the highest bid wins in the momentary iteration.

o If at the end of the bidding, all the patients received at least one bid and the bidding
hospitals don’t bid for the same patients, then there are no more unassigned patients.

e The algorithm updates the patients’ prices and continues in iterations until all the pa-
tients are assigned and all the conflicts are resolved.

If each surgery team is assignable to more hospitals, preferably all, then the combinatorial
result of multiple assignments gives a globally optimal solution while if each team is as-
signed only to one hospital, this can limit significantly the arrival time of the team to the
hospital and therefore, in the case of unexpected prolonged arrival times, jeopardize the
urgent surgery success.

The additional parameters of the simulation algorithm are NN, gim being the total num-
ber of patients in the simulation and N¢(¢) representing the number of patients assisted in
hospital until time period ¢ € [1, ..., T]. The complete simulation algorithm for emergency
medical assistance of angioplasty patients follows the proceeding steps.

Ateachtimet € [1,...,T]

While Ne(t) < N&™

e assign all pending patients &, to idle ambulances a; using auction algorithm;

e assign patients moving in ambulance to hospital £, to hospitals and standby surgery
teams considering the arrival times of the teams;

move ambulances a;;, to unassisted patients one step™;

move ambulances with assisted patients to hospitals one step™;

move surgery teams outside hospitals to assigned hospitals one step™;

when a patient gets assisted in hospital, inform ECC of the availability of ambulance;
introduce new patients based on the frequency of patient appearance.

* the step is calculated based on the average ambulance velocity and the duration of a time
period.



5 Simulation experiments

In this Section, we describe the simulation setting, experiments, and results. The average pa-
tient waiting times resulting from the proposed optimized reassignment model are compared
with the same based on the First-Come-First-Served principle used actually in many med-
ical emergency coordination centers (e.g., SUMMA 112 in Madrid, Spain) and described
previously.

In the simulation model, we follow a mesoscopic view of the emergency medical system
and without loss of generality, ambulance velocities are set to an average system value. To-
gether with the simplification of substituting the function of road travel time #(x, y) between
positions x = (x1,22) and y = (y1,y2) in Euclidean 2-space with Euclidean distance

d(x,y) =1/ Z?Zl (zi — yi)?2, we convert the road time minimization problem to Euclidean
distance minimization problem which is independent of a road network structure different
for each city and region.

5.0.1 Simulation setting

We test the proposed strategy of optimized reassignment of ambulances and hospitals to pa-
tients looking at the average patient waiting times in the case of multiple pending patients
and compare it with the benchmark First-Come-First-Served (FCFS) strategy of patient as-
signment. To demonstrate the scalability of our solution and possible application to small,
medium and large cities and regions, in all of the experiments we vary the number of ambu-
lances with ALS from 5 to 100 with increment 5 and the number of hospitals from 2 to 50
with increment 2. For simplicity and without the loss of generality, the number of surgery
teams in each experiment equals the number of hospitals. The medical emergency system
together with patients is positioned in the environment which dimensions are [0, 50]* C R.

Each simulation is run over 300 patients. The number of experimented setup configu-
rations combining different numbers of ambulances and hospitals with surgery teams sums
up to 500. For each configuration, we simulate 5 instances of different random positions of
ambulances, hospitals, surgery teams, and patients. Patients’ positions are modeled based on
the uniform distribution while patients’ appearance frequency varies from low (1 new pa-
tient every 10 time periods) over medium (1 new patient every 2 time periods) to saturated
one (1 new patient appearing in every time period). Time period can be considered here as a
minimum time interval in which the assignment decisions are made; usually it is from 1 to
15 minutes.

In the proposed optimized reassignment model, surgery teams can be dynamically (re-
)assigned to any hospital in every time period depending on the actual patient demand. Fur-
thermore, we assume that the hospitals have at the disposal sufficient number of operating
rooms so that the only optimization factor from the hospital point of view is the number of
available surgery teams. If there are more patients with the same urgency already assigned
waiting for treatment in the same hospital, they are put in a queue.

In the proposed model, surgery teams re-assignment to hospitals is performed as soon as
an idle ambulance arrives to a pending patient. The former is made having in consideration
all idle surgery teams, available hospitals, and new patients assisted by ambulances but still
out of hospital.

For the surgery team arrival times to hospitals, we tested two assignment strategies: the
first one minimizes the sum of the differences between the patients and the surgery teams
arrival times to hospitals at the global level, while the second one concentrates only on the



S % 35
@
g
2
“ g % A 40
£ D =
g4 ]
52 o 28 25
gfs Ecx
gES =.259g
£53 of 8
5§20 Eol |
0§ $ SsS 20
285 S 2
SE%15 S¢o1s
z38 286
EN0 10 580 15
§E ®E 10
[-Ny-% oo
80 PYe)
g g 5 10
§ s
< g
L4
0 5

50

10 20 30 40 50
Number of hospitals

Number of 0 3 %
ambulances 100 10 Nurnber of hospitals

Fig. 2: Average patient waiting time performance of optimized reassignment strategy in
respect to the FCFS strategy [%] for the frequency of appearance of 1 new patient every 10
time periods.

minimization of the arrival times of surgery teams to assigned hospitals independently of
the arrival times of the assigned patients to the same.

We present the results of the latter since it gives significantly lower patient waiting times
in all of the performed experiments. Even though the former considers a time window be-
tween surgery teams and patients arrival times, thus increasing the available time for surgery
teams to arrive to the hospital when the patient has still not arrived, this strategy showed in-
ferior to the minimization of arrival times of surgery teams without the reference to the
assigned patients times. The reason for this is that without forecasting capabilities of new
patients, the system is myopic towards new patients frequency appearance and positions and
on the long run, the system suffers significant delays.

In the following, we present the results of the simulation tests.

5.0.2 Simulation results

In the experiments, we test the performance of the proposed optimized reassignment strategy
in respect to the FCFS benchmark model. For each out of 500 configurations, we use 5
instances of different patient, surgery team, hospital and initial ambulance coordinates. We
compare the average patient waiting time of the proposed optimized reassignment method
tor with the same of the benchmark FCFS model trc rs. Relative performance function
P of the proposed in respect to the benchmark model is calculated as:

t —t
p=LOES T OR 100 | [%]. )
tor

The simulation results of the performance function P for the three simulated cases of
frequency of patient appearance of 1, 5, and 10 patients over 10 time periods are presented
in Figures 2, 3, 4, and Table 1. The Figures show the increase of performance in average as
the number of hospitals increases from slightly negative values up to more than 1000 % as
seen in Table 1.



S -{1000

= Iyt

RS £ %1000 -900
s g2

ES —

§ £ 1000 8% “[goo
S5 5o 800 |l
50 35 700
S 800 1

O
g =4 600 Js00
g 600 .
2z £5 =00
= B |
SE 400 SE 400

)

5 k- |
59 200 53 400
&8 §2 2004 100
g o 23
SE st o 200
4B % kS

© & 100

50 !
Numberof 60 s 0 4 10 20 30 40 50 o
ambulances 80 100 10 2% Number of hospitals Number of hospitals

Fig. 3: Average patient waiting time performance of optimized reassignment strategy in
respect to the FCFS strategy [%)] for the frequency of appearance of 1 new patient every 2
time periods.

1000

900

[%]

~ 1000

-800

[%]

-600

300

200

3
3
3
Average Patient Waiting Time Performance,
Optimized Reassignment vs. FCFS Strategy,

100

Average Patient Waiting Time Performance,
Optimized Reassignment vs. FCFS Strategy,

Number of 80 80 S0 0

ambulances 100 10

30 40 10 20 30 40 50
Number of hospitals Number of hospitals

Fig. 4: Average patient waiting time performance of optimized reassignment strategy in
respect to the FCFS strategy [%)] for the frequency of appearance of 1 new patient every
time period.

Observing the performance dynamics in respect to the varying number of hospitals, it
is evident from Figures 2, 3, and 4 that with a relatively low number of after-hour urgent-
surgery available hospitals, optimized reassignment gives similar results to the FCFS method.
As the number of the hospitals increases, the performance increases in average up to the
maximum of 38,52% for the frequency of patient appearance of 1 new patient every 10 time
periods, Figure 2, and up to more than 1000 % in the cases with higher frequency of patient
appearance, Figures 3 and 4.

Looking at the optimized reassignment performance dynamics in respect to the varying
number of ambulances, in Figures 2, 3, and 4, two regions are evident: the first one with
very low number of ambulances where the performance of the optimized reassignment is
significantly better than the FCFS method, and the other region where the values do not



change significantly in respect to the change of the number of ambulances. The performance
values of the first region steeply decrease to the steady values of the valey region. It can be
seen that as the frequency of patient appearance increases, thus the size of the region of
significantly higher performance when the number of ambulances is low, increases starting
at frequency 1/10 with 5 ambulances, in 5/10 frequency going up to 10 ambulances, and in
frequency 1/1 arriving to 20 ambulances, Figures 2, 3, and 4. This implies that the optimized
reassignment performance in respect to the FCFS method when the number of ambulances
is low improves as the frequency of patient appearance increases.

Table 1: Experiments minimum and maximum values of performance function P

Frequency of patient ap- 1/10 5/10 10/10
pearance

P min.value, [%] -2,92 | -80,47 -74,62
P max. value, [%] 38,52 | 1067,6 | 1004,1

From Figures 2, 3, and 4, it is also visible that when the number of hospitals is low,
minimum values of the optimized reassignment method performance increase as the patient
appearance frequency increases. The number of hospitals for which the first two cases show
strictly positive performance is 8, while for the case 3, it is 10. Proportionally to the increase
of the number of hospitals, there is a constant increase of performance up to the maximum
values as seen in Table 1.

Furthermore, as can be seen from Figure 2, when the frequency of new patient appear-
ance is relatively low, 1 over every 10 consecutive time periods, the performance of the pro-
posed optimized reassignment method increases in average proportionally to the increase
of the number of hospitals. However, when the number of hospitals is relatively low, i.e.,
lower than 8, the optimized reassignment approach does not necessarily give a better pa-
tient waiting time solution. The reason is that by reassignment of surgery teams, they move
from one hospital to the other, and are in the time of travel unavailable for patient assis-
tance which worsens the patient waiting time. However, when the number of ambulances
is relatively low, (lower than 20), the reassignment approach gives better results since with
high number of ambulances, their geographical distribution compensates for the availability
of surgery teams at all hospitals at all times and no additional combinatorial technique is
necessary to improve the assignment performance. With lower number of ambulances and
hospitals, since ambulances are not equally distributed in the area, the reassignment method
compensates for their unequal distribution thus giving better results. This tendency is even
more emphasized in the cases of higher new patient appearance frequency as seen in Figures
3 and 4 reaching up to more than 1000 % of improvement, Table 1.

6 Conclusions

In this paper, we proposed a heterogeneous multiagent system coordination model that facil-
itates a seamless coordination among the participants in the emergency medical assistance
for the minimization of delay times of after-hours urgent surgery patients. The proposed
model implies the change of the current functioning based on a manual coordination through
communications via phone calls, towards an automated coordination process where the ba-
sic decisions are taken (or proposed) by software agents. The proposed multi-agent system



model enables a better control of the availability of stand-by surgery teams and gives a
decision making tool for ambulance and hospital assignment.

In order to reduce the transfer and waiting times of after-hours urgent surgery patients,
we integrated in the multiagent model a multi-objective optimisation tool based on iterative
auctions for the minimization of ambulances and surgery teams arrival times. The proposed
solution results in the provably increased flexibility and responsiveness of the emergency
system.

Simulation results prove the efficiency of the proposed solution resulting in significantly
lower urgent surgery waiting times. The proposed auction mechanism enables spatially and
temporally optimized resource assignment in the cases with multiple patients.

In real life, assumption on ambulances’ equal velocities cannot be made so the estima-
tion of arrival times should be made based on the more sophisticated methods and tools as,
e.g., Google maps. For the usage of our technology, ambulances should have a GPS and a
navigator for localizing the patient and navigating the way to him/her. ECC should have a
digitalized map with localized ambulances, patients and hospitals and hospitals should have
a receptionist service or personnel for admittance of patients.

As a future work, we plan to develop heterogeneous MAS coordination model for par-
ticipants in Emergency Medical Assistance with integrated future patients forecast over a
receding horizon.
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