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Abstract—In the context of the Covid-19 pandemic the
pressure that is put on the medical systems is increasing
exponentially. Healthcare systems resources are in general
scarce, and hence they require policies that ensure the optimal
usage of beds and utilization costs. The aim of this study is to
explore how artificial immune system approaches for a multiqueuing model may aid the hospital managers improve their
resources. The proposed system outlines the route of Covid-19
patients in the intensive care unit (ICU), the compartmental
model proposes a reasonable composition of the ICU,
considering the queuing parameters, while the artificial
immune system optimizes the needed resources (beds plus
associated costs). The methodology was demonstrated through
a simulation based on real data collected from official sources.
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I. INTRODUCTION
The Covid-19 has rapidly turned into a pandemic. The
human race has faced several pandemics throughout history,
the greatest one, so far, being the influenza pandemic of
1918. As time passes, societies evolve, but also diseases
evolve. People migrate more, independently or in masses,
carrying along with them the pathogens. Through this
movement, the virus continues to evolve and mutate at a fast
rate, making it difficult for scientists to discover antibody
drugs [1]. As the virus spreads across the globe, the
intensive care units (ICUs) are starting to be overwhelmed.
Hospital managers must tackle with an increase in critical
bed care occupancy, usage costs, which imply also staff
management. On April 27, 2020, the number of Covid-19
infected patients was 2,995,636, with 1,907,055 active cases
from which around 3% (57,613 cases) were serious or
critical (https://worldofmeters.info/coronavirus - accessed
April, 27, 2020). Sadly enough, not all critical cases are
admitted to the ICU, due to the fact that the ICU capacity is
exceeded in many hospitals [2-4]. It has been shown that the
median time between the onset of the symptoms and the
clinical recovery is 6-8 weeks [5, 6]. A retrospective case
series study involved 1591 critically ill patients from
Lombardy, Italy. The patients were admitted between
February 20, 2020 and March 28, 2020. On March 25, 2020,
the reported median length of stay in the ICU was 9 days,

with a (6, 13) 95% confidence interval. In what regards the
median length of stay for patients that were discharged from
the ICU, the reported number was 8 days, with a (5, 12)
95% confidence interval. As for the people who passed
away in the ICU, the median length of stay was 7 days, with
a (5, 11) 95% confidence interval, [7].
A hospital manager may be faced with the awful situation
when she/he has to turn away patients, due to the fact that all
the critical beds from the ICU are occupied. This is the case
when the medical system is not sufficiently financed or is
the result of a poor resource administration. On the other
hand, we might be confronted with the case when we are
dealing with an over-provision of hospital beds, leading to a
waste of limited resources. In order for these issues to be
resolved, we must find a merger between sophisticated
analytical approaches and artificial intelligence (AI)
techniques, and through this merger to be able to develop
intelligent decision support systems that will aid hospital
managers make better decision and thus improve patient
care, while saving money. Different AI techniques have
been deployed in this manner and reported in state-of-the-art
literature. For instance, a multi-objective particle swarm
optimization together with a binary search representation
pattern for the bed allocation issue was proposed in [8].
Patient flow in a cost or capacity constrained medical
system was modeled through a non-homogeneous discrete
time Markov chain incorporating time-dependent covariates,
[9]. Some works tacked with introducing queuing models,
which are industry related, to the medical domain. The
M/PH/c and M/PH/c/N models were used for optimizing the
hospital bed allocation in a loss model, as well as on a
modified model which integrated an extra waiting room [10,
11]. Two approaches using evolutionary computation and
queueing models mix were developed in [12, 13].
Different from the above-mentioned papers, that use as
optimization method genetic algorithms for optimizing the
number of beds and costs for the Department of Geriatric
Medicine – St. George Hospital, London, in this study we
propose for the optimization of the Covid-19 pandemic bed
allocation and cost management, an artificial immune
system.
The aim of this paper is to propose an intelligent decision
support system based on a merger between an artificial
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immune system and a multi-compartmental queuing model.
The scope of the study is two-fold: first to propose a bed
allocation policy, and secondly to simulate financial
resource utilization. The patient flow is modeled using
queueing theory, having a Poisson process describing the
arrival of patients, the beds in the ICU are thought as
servers, and the duration of stay is shaped using a phasetype distribution. The artificial immune system is used for
the optimization of the bed allocation policy as well as for
the cost assessment.
The paper is organized in 6 sections. A brief review of the
nature-inspired metaheuristics is presented in the second
section. Section 3 summarizes the design of the intelligent
decision support system, Section 4 presents the experimental
results, whereas Section 5 deals with the corresponding
discussion. Section 6 presents the conclusions.
II. NATURE-INSPIRED METAHEURISTICS
In the last decades, a great number of nature-inspired (NI)
optimization metaheuristics were developed and used in
artificial systems. They model the intelligence of nature and
are use it to solve a huge diversity of classification and
optimization problems. It’s true that there is no algorithm
that can be considered the best for all types of problems.
However, some algorithms have superior performances in
terms of solution accuracy and convergence speed. Some of
these will be briefly described in the following paragraphs.
In literature, the NI algorithms are classified according to
several criteria [14] such as: trajectory of the search path
(trajectory based and population based), interaction of the
agents (attraction and non-attraction based), update method
(rule and equation based). The most common classification
is based on the source of inspiration according to which the
NI algorithms can be classified into: evolutionary
algorithms; swarm intelligence based bio-inspired
algorithms; non-swarm bio-inspired; physics and chemistry
phenomena based.
Let consider the case of an optimization problem (OP) in
the continuous space. The OP general form is min xS f ( x)
where f is the objective function to be minimized, S  R d
is the domain of the problem which can include also a list of
is the dimension of OP given by its
restrictions and
number of parameters. In case of population based NI
algorithms, a set of agents X  xi , i  1,  N  representing
the possible solutions of the OP are described by d –
dimensional vectors xi  xi1 ,  xid  S , i  1,  N . The
values of the OP parameters are encoded in the possible
solutions which are initialized with random values in the
problem’s domain S before starting the evolutionary
process. Depending on the modeled NI process, they
represent the position or the status of the agents. During the
evolution the vectors xi change accordingly to the specific
strategy used in the algorithm. The function to optimize f
is modeled by the fitness function which is evaluated for all
positions reached by xi . The evolution finishes when the
stop condition (either the number of iterations or another
condition related to the problem’s solution) is met. The
position in which an agent reached the best value of the
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fitness function is the solution of the problem.
A. Evolutionary algorithms
This category includes algorithms inspired by the
biological evolution which is modeled at a reduced scale.
Some algorithms in this category are: Genetic algorithm,
Differential evolution, and Artificial immune system.
One of the oldest and very efficient in this category is the
Genetic algorithm (GA), proposed by Holland in 1975 [15].
It is inspired by the population genetics, and the possible
solutions are encoded as chromosome strings. However, GA
versions using real encoding have been developed with
equally good results. In each generation chromosomes with
best fitness values generate offspring that replace
chromosomes with lowest values of the fitness function. The
genetic operators used for new generation creation are:
selection, crossover and mutation which is applied with a
probability distribution.
B. Bio-inspired algorithms
The bio-inspired algorithms are inspired from biological
systems and they model the behavior of some species to find
food, to avoid dangers or to perpetuate their species.
Depending on how the agents interact and generate a higher
level of intelligence than that of each individual, the bioinspired algorithms are classified as swarm and non-swarm
algorithms.
1) Swarm intelligence
The Swarm intelligence category includes: Particle
swarm, Multi swarm, Ant colony, Artificial bee colony,
Firefly, Bees swarm, Wolf search, Bacterial foraging and
many other algorithms.
The Particle Swarm Optimization (PSO) is inspired by
the bird or fish swarming intelligence and it one of the
oldest and most efficient NI algorithm which was proposed
by Kennedy and Eberhart in 1995 [16]. During the
evolution, the agents (particles) move in directions which
are mainly random, but the personal and group’s experience
is used to direct the particles toward better positions reached
be the position of the
particle in the
before. Let
iteration. The new position is computed as:
xi t  1  xi t   w  si t   c1  r1  xib  xi t  



c









 r2  x  xi t 
b

(1)
w is the movement inertia of all particles, c1 and c2 are
2

the personal and social learning coefficients, xib is the best
reached position of the i th particle, xb is the best position
reached by any particle and r1 , r2 are random values.
The Bacterial Foraging Optimization (BFO) algorithm
proposed by Passino in 2002 [17] model the social behavior
of E-coli bacterium for finding nutrients and avoid noxious
substances. The goal of bacteria is to maximize the
accumulated energy per time unit. During evolution bacteria
multiply if their strategy for finding nutrients is good, or die
if the accumulated energy is low. The evolution is described
by four nested loops: chemotaxis, swarming, reproduction
and elimination-dispersal. In the chemotactic step, the
bacterium performs two types of movement: a tumble in a
random direction and then a number of swims while the
fitness evaluation in the new position is better. The social
behavior is modeled in the swarming strategy – the cells can
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attract or repel each other depending on their status
(accumulated energy). The bacteria which accumulated a
greater quantity of energy divide into two new bacteria in
the reproduction step. The new bacteria are created in the
same position but they will move in different random
directions. The other bacteria, with lower accumulated
energy die. To avoid the convergence to local solutions, in
the elimination-dispersal step, a number of randomly chosen
bacteria are eliminated from colony and replaced by new
bacteria created in random positions. As in all the other NI
algorithms, the solution is given by the position in which a
bacterium reached its best healthy status.
2) Non swarm algorithms.
The algorithms included in this category are inspired by
biological processes but, in contrast to those in the previous
category, the swarming behavior of the agents is not used.
Some examples are: Dolphin echolocation, Flower
pollination, Fish school search, Cuckoo search.
The Flower Pollination algorithm (FPA) is inspired by
the reproduction process of flowers through pollination and
was proposed by Yang in 2012 [18]. The evolution model is
a little more complex in case of FPA. First, the pollination
can be done between the flowers of the same plant (selfpollination) or between the flowers of different plants
(cross-pollination). All these strategies are implemented in
the model described in [18, 19] by the following four rules:
- Cross-pollination and biotic pollination are considered as
global pollination, in which pollination vectors move
following a Levy distribution,





xit 1  xit  L x  xit 
xit

xit 1







th

where ,
are the positions of the i agent in the t
and t  1 iteration, x is the global best position and is
the step length computed by the Levy distribution [18],
- Self-pollination and abiotic pollination are considered as
"local" pollination:

xit 1  xit    xtj  xkt 

(3)

where  is a random value with uniform distribution and
, , j  k are two randomly chosen agents.
Developed initially for global optimization in the
continuous space, FPA has been shown to be even more
efficient [18] than PSO and GA algorithms at least in case of
some optimization problems.
Cuckoo Search (CSA) is also one of the most performing
NI algorithms, with similar or better performances than
those of PSO. It was proposed in 2009 by Yang and Deb and
it is inspired by the parasitic behavior of the cuckoo that lays
eggs in foreign nests [19, 20]. The possible solutions are
encoded as the nests positions - the agents in this case. The
movement strategy used in CSA consists of a random Levy
flight walk performed by a randomly selected cuckoo:
)
xi  t  1  xi  t     Levy    
where α is the step size,  is the entrywise multiplication
and Levy(λ) is the random step length drawn from a Levy
distribution [19]. Then the fitness function is evaluated in
the new position and it is compared to the fitness computed
in a randomly selected nest. If it is better, the selected nest is
replaced by a nest in the new position. In the discovery step,
a percent of nests are abandoned and replaced by nests
placed in randomly chosen positions. CSA uses long steps

which avoid the algorithm to be trapped in local solutions
and makes it more efficient than other NI algorithms.
C. Physics / chemistry phenomena based
This category includes algorithms as: Black hole,
Gravitational search, Harmony search, Intelligent water
drop, Water cycle or Fireworks, which are inspired by other
natural or artificial phenomena which does not shape the
behavior of living beings.
The Black Hole Algorithm (BHA) was proposed in 2013
[21] as a heuristic method for solving data clustering
problems. It is inspired by the black hole attraction
phenomenon. The star (agent) with the best value of the
fitness is considered to be the black hole (BH) which attracts
all the other stars. The movement equation is

xi  t  1  xi  t   r   xBH  xi  t   , i  1,...N

(5)

where x BH is the position of the black hole and r is a
random value. In fact, the black hole does not change its
position and it attracts the other stars until another star
became black hole because it reaches a better position.
Considering the fact that x BH is in fact the global best
position, BHA is considered by some authors [22] to be a
simplified version of PSO. In contrast to PSO where the
particles continue to swarm in the neighborhood of the best
position, in BHA, when a star is too close to the black hole,
it is absorbed and replaced by another star created in a
random position which increases the chances to discover a
better solution.
Another interesting algorithm is Fireworks (FWA),
proposed by Tan in 2010 [23] and improved in the next
years [24]. It is inspired by the explosion of the fireworks
and, what makes it different from many other NI algorithms
is that a selection strategy is involved in order to keep
constant the number of agents (fireworks). During evolution
each firework creates a number of descendants (sparks) by
explosion. Their number and position depend on some
dynamic parameters which are computed every iteration
(epoch) depending on the firework’s quality: Explosion
strength – the number of sparks, Explosion amplitude – to
avoid the convergence to local solutions and displacement.
Also, in FWA two types of sparks are created: regular and
Gaussian. The new spark’s position is computed by altering
a single randomly chosen coordinate of the parent firework.
The next generation of fireworks is selected and it includes
the best, the worst and a number of randomly chosen sparks
to keep the population size constant.
Apart from single objective optimization in the
continuous space, a great number of versions were
developed to solve real optimization problems. A special
case is that of the multi-objective optimization (MOO):

arg min xS  f1 ( x),... f n  x   , n  1 

(6)

Because the objectives cannot be minimized
simultaneously, the most convenient solution is to transform
the OP in single objective optimization by using convenient
weights for each objective. The correct approach is to
approximate a set of Pareto optimal solutions (Pareto front),
from which the most convenient is chosen depending on the
specific problem to be solved. This is based on the Pareto
dominance relation: a solution x1 dominates another
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solution x2 if the value of all objectives in x1 are not worse
than those in x2 and for at least one objective the value in
x1 is better than that in x2 . The Pareto front contains all the

strong Pareto optimal solutions x   S which are not
dominated by any other solution:
~ x '  S 
(7)
 f i  x '  f i  x*  i, 0  i  nANDi  f i  x '   f i ( x* ) 


D. Applications
The NI algorithms capabilities were demonstrated for
wide range optimization problems in many areas. Some
examples are presented below.
The Quantum-inspired Genetic Algorithm is applied in
[25] to find the sets of optimal parameters for the wind
disturbance alleviation in Flight Control Systems. The Polar
Bear optimization is used for intensification of the district
heating plant to work with maximum efficiency at the
lowest costs in [26]. The efficiency of seven NI algorithms,
including PSO, CSA, FPA and GA was evaluated in [27] for
the pharmaceutical tableting process optimization. In [28] is
presented an Enhanced Oil Recovery technique where NI
algorithms and reservoir simulation were used for the design
of polymer flooding process in terms of optimal
concentration, slug size and initiation time. A PSO based
simulation of the rescue process in case of forest fire is
proposed in [29]. A comparison of several NI algorithms
performances is presented in [30]. As optimization problem,
the video motion estimation is considered in the context of
streamlining video compression. In [31] PSO is used for
handling partial object occlusions in 3D objects tracking
procedure. A medical application proposed in [32] uses the
Spider monkey optimization algorithm for the parameters
tuning in a gradient boosting machines classifier for exudate
classification on fundus retinal images. NI algorithms are
often used for images registration, fusion, enhancement or
segmentation [33]. The resource constrained project
scheduling problem is addressed using the Bee algorithm in
[34], FPA and PSO in [35] and discrete CSA in [36].
III. MATERIALS AND METHODS
A. Queuing Model
Previous works have introduced M/PH/c and M/PH/c/N
queuing models in order to optimize the use of hospital
resources. They enable both the estimation of two queuing
parameters, i.e. the probability of lost demands and the
mean number of patients in hospital, and the balance
between the costs of empty beds against the cost of turning
patients away, through a cost function. A simple approach,
based on the direct estimation of several values regarding
the rejection probability and the associated costs, computed
for different parameters settings, has been used for the
optimization purpose. To overcome these computation
constraints, the current work proposes a flexible strategy for
the optimization of hospital bed occupancy, and associated
costs. Different from the previous approach, and taking into
account the diverse nature of the involved parameters (both
discrete and continuous), the proposed model uses artificial
immune systems (AIS) in order to optimize both the bed
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allocation and the associated costs. As before, the
mathematical model for the patient flow was developed by
combining elements of queuing theory with results from
compartmental models in conjunction with phase-type
distributions. An associated cost model is set up in order to
balance the costs associated with refusing patients and with
maintaining the necessary number of beds, using a basestock policy approach. The AIS based-approach enabled the
development of an additional “What-if” analysis, by means
of which different scenarios concerning various possible
options available for the hospital management were
explored. The novelty of this paper consists in providing the
medical staff a combined OR/AIS model which can be used
to simulate different possible situations, and thus enabling
the choice of an optimum decision. This approach
coherently and synergistically integrates queuing models,
compartmental models, and AIS aiming to support the
optimization of the beds and associated costs.
In this study we have used a M/PH/c queuing model,
having M as the Poisson arrivals, a phase-type service
distribution, and c as the number of servers (beds) [37]. In
the case of the COVID-19 pandemic, no queue is possible,
hence not allowed. If all the critical beds are occupied, the
patients that arrive at that moment in time cannot enter the
as the Poisson arrival rate. The
hospital. We denote
probability density function for the phase-type service is:

f t   i 1 i i e  it
l

(8)

together with the corresponding mean   i 1  i  i . We
l

have denoted l as the number of phases,  i as the mixing
proportions,

and

the

transition

rates

are  i ,

having i 1  i  1 .
l

Having a given time interval t, the average number of
arrivals during t is   t . The average number of arrivals, a,
during an average period of length of stay  is a     .
The likelihood to have j occupied beds is calculated by:
a j / j!
(9)
Pj 
c
 k  0 a k / k!
The probability of having all c beds occupied is:
Pc  Bc, a  

a c / c!



c

a k / k!
k 0

(10)

The above formula is the Erlang’s loss formula, which
gives the proportion of patients who cannot be treated by the
hospital [38]. We can state this fact if and only if the system
is in steady state.
One of the aims of our study was to use an artificial
immune system to estimate the above mentioned
parameters, c,  and  , so that we can determine the
appropriate fraction of refused patients, so the system does
not crash, B(c,a), the average duration spent in the hospital,
W    1  Bc, a  , as well as the average number of
patients in the ICU, L  a  1  Bc, a  .
Another aim was to estimate best medical care at the
minimum possible cost. Technically, we need to keep at a
minimum level with minimum costs the loss of potential
patients. The search is for the optimal values that can
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provide a compromise between treating costs and penalty
costs (cost of refusing a patient). Thus, we introduce two
new parameters: the hospitalization cost h per day per
unoccupied bed, and the penalty cost  per turned away
patients. Technically, we need to optimize the following
cost function:
g  c,  , , h,        B  c,    
(11)
h  c     1  b  c,    
The proposed model is as follows: Covid-19 infected
patients are admitted to sub-ICU care at first. Some of them
will get better with proper treatment, and will be discharged,
others will die before getting to the ICU. Another group of
patients will be admitted to the ICU. From here the patients
may recover or die there. Figure 1 presents the twocompartment model.





Figure 1. Two-compartment structure for Covid-19 patient treatment

The service time distribution can be discrete time or
continuous time stochastic [37].
B. Artificial Immune Systems Optimization
In order to optimize the Covid-19 patient management,
we have used artificial immune systems (AIS) to estimate
B(c, a), and also to minimize the cost function g(c). AIS are
inspired by the mechanism of the biological immune system.
AIS are divided into three subcategories: clonal selection,
negative selection, and immune network algorithms. In this
paper, we have used the clonal selection algorithm. Burnet
introduced the clonal selection algorithm through his works
published in 1957, and 1959 respectively, [39, 40].
The AIS starts with a population of general immune cells
which change themselves in response to a certain antigen.
The clonal strategy encompasses a population of antibodies,
each antibody representing a potential solution to an
optimization problem. The antibodies are subjected to
selection process that depends on their affinity towards the
antigen (problem). After the best antibodies are selected,
they undergo duplication and variation processes, which
improve their adaptive affinity to the antigen.
So, AIS are bio-inspired algorithms and have the
following elements: population of antigens, population of
clones, selection process according to their affinity towards
the antigen, cloning process of the best antibodies, random
mutation of the clones, and finally a replenishing process in
order to get out of local optima, [41-43]. Below it is shown
the AIS used throughout this study.
AIS algorithm
1. A population of antigens of size n is randomly
generated from a certain interval.
2. The best antibodies, or candidate solutions, are
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3.

4.
5.

6.
7.

chosen based on their affinity towards a certain
antigen, or in our case an evaluation of a cost
function.
The above selected antibodies are cloned
proportional to their affinity (e.g. the best antibody
has the most clones, etc.)
The clones are subjected to hypermutation process,
which is inverse proportional to their affinity.
The resultant clones, together with the initial
antibodies compete once again through a selection
process in order to remain in the next generation
population.
The low-affinity population members are replaced
through randomly generated antibodies.
The whole cycle is repeated until the termination
criterion is reached.

The convergence speed is in concordance with the
population size, n. In order to determine the appropriate
size, we have meta-heuristically tested population sizes
ranging from 50 to 200 antibodies, choosing in the end n =
150 antibodies, number which gave the best performance. In
what regards the number of generations, we have tested
from 50 generations to 200 generations. The best
performance was achieved for a population size of 150
antibodies and 100 generations.
Regarding parameter tuning, we have used the following
values: the cloning rate was set taking directly proportional
to the antibodies’ affinity, whereas for the hypermutation
process we have used the non-uniform (normally
distributed) mutation, with the mutation percentage of 0.35.
In our approach, an antibody is represented through a
vector c,  ,   with each antibody cell belonging to a
certain domain that matches real Covid-19 data. The affinity
measure is given by B(c, a). In order to resolve the second
aim of our study, that is to find the balance between the
patient admission and costs for refusing him, we had to
minimize the cost function g, using an antibody having the
form c,  , , h,   .
The AIS has been implemented in Python and run on 2.7
GHz Intel Core i5, 8 GB (RAM). The model can be used by
healthcare professionals simulate hospital bed allocation and
other cost, using different arrival policies, average lengths of
stay, bed occupancy, costs, etc.
C. ICU Covid-19 Patients in Italy and Lombardy Data
For the inventory policy we have used the official data
made available by the Italian Health Ministry on a daily
basis
at
6
PM
Central
Europe
Time
(https://pselab.chem.polimi.it/bollettino-pandemia-covid-19/
- accessed April 26, 2020) and the European Society of
Anesthesiology (https://www.esahq.org/esa-news/dynamicsof-icu-patients-and-deaths-in-italy-and-lombardy-due-tocovid-19-analysis-updated-to-30-march-day-38-evening/ accessed April 26, 2020). The data time span is from
February 22, 2020 to March 31, 2020. The ICU departments
had allocated, on average, 650 beds before the onset of
Covid-19 that is February 22, 2020. The number of ICU
beds increased to 1328, till March 30, 2020. The inpatient
management was the two-compartment model (sub-ICU and
ICU). The two-compartment model shown in Fig. 1 matches
27
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the reality.
For the mean arrival rate of Covid-19 patients in the ICU
department, based on the official data, we have divided the
time frame into two parts: for March 13 – March 23, 2020,
the mean arrival rate equals  = 200 patients per day, and for
March 23 – March 30, 2020, the mean arrival rate equals 
= 63 patients per day. The mean length of stay equaled  = 8
days, the maximum days spent in the ICU being 15 days.
Considering the general procedure in the health
management before the Covid-19 pandemic, we have
estimated the cost parameters as it follows [44]. Please take
note that these are just suppositions, since we did not have
access to the real data.
- the total cost per patient, comprising the bed (350 EUR),
treatment and personnel costs (1675 EUR), is 2025 EUR;
- the hospitalization cost is h = 350 EUR per day;
- we have computed the penalty cost as such: the total cost
of dispatching a patient multiplied by the average length
of stay in the ICU department. We have also considered
that the penalty cost is around 30% of the total cost of
turning away a patient, giving us the following estimation
of  = 1920 EUR for the first time frame (number of beds
= 800), and  = 3120 EUR for the first second frame
(number of beds = 1300).
IV. RESULTS
In this section, we will present the results that we have
obtained using the AIS optimization. A hospital manager
can optimize the available beds against the cost of turning
away patients. This is imperative, since in every country
there are outbreaks of Covid-19 infections, and also places
where the number of infected persons is low, thus not
needing extra ICU bed acquisition.
ICU Bed Occupancy Optimization in the Context of the
Covid-19 Pandemic
The experimental results presented in this subsection are
obtained by means of the AIS optimization so that to find
the ideal values for the c,  and, i.e. the probability of lost
demands B(c, a) is kept at a reasonable level. Since there is
no consensus regarding this level, we have considered a
threshold of 10% as the maximum rejection reasonable
level, implying an ICU bed occupancy ranging from 88 to
95%.
The value domains for the c,  and  for the first time
frame, were chosen as it follows:
- number of allocated beds c  [650, 800];
- arrival rate in the ICU   [180, 240];
- length of stay   [6, 12].
The results using the AIS approach are shown in Table I.
We can see from Table I that the AIS approach has
computed the minimum rejection probability, 3.4% of
patients being refused, and this can be achieved with 798
beds, an arrival rate around 180.2 patients/day, and an
average length of stay in the ICU of 6 days. We can see that
none of the simulated results was able to achieve a
reasonable rejection level. Please take note that this is only
an overall simulation, since the dynamics of Covid-19
patients is large, and the simulation regards the highest peak
of the outbreak. The number of beds and arrival rate
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comprises the data from all the hospitals in a supposed
country, taking as example Italy. So, each hospital manager
can optimize the number of beds and admission rate,
according to the given situation, and taking into account
whether the hospital is placed in an outbreak region or not.
The value domains for the c,  and  for the second time
frame were chosen as it follows:
- number of allocated beds c  [800, 1300];
- arrival rate in the ICU   [50, 75];
- length of stay   [6, 12].
The results using the AIS approach are shown in Table II.
We can see from Table II that the AIS approach has
computed the minimum rejection probability, 1.7% of
patients being refused can be obtained with 1275 beds, an
incoming rate around 52 patients/day, and an average length
of stay in the ICU of 6.3 days. We can see, that the
experimental results have improved, partly due to the fact
that the number of beds increased substantially, and partly
because the number of admissions dropped by 2/3. Again,
this is an overall simulation. It would be interesting to see
the situation per hospital and per region.
TABLE I. B(C,A) VALUES FOR DIFFERENT QUEUING MODEL
PARAMETERS
B(%)
c


798
180.2
6
3,4
789
182.6
7.07
3,8
761
185.8
6.01
4,3
750
183.1
6.21
5
723
186.9
6.15
5,9
745
187.2
6.34
6,0
TABLE II. B(C,A) VALUES FOR DIFFERENT QUEUING MODEL
PARAMETERS
B(%)
c


1275
52
6.3
1,7
1220
53,2
6,1
2
1218
52,1
6.8
3,1
1200
53,3
6.21
4,8
1212
52.8
6.18
5,2
1199
53,2
6.23
5,7
TABLE III. THE VALUES OF THE COST FUNCTION g FOR DIFFERENT
MODEL’S PARAMETERS FOR THE FIRST TIME FRAME
h
g
c



799
180
6
350
1900
5969170
795
180.51
6.01
350
1810
6081966
700
181.2
6.03
350
1835
6196883
765
180.3
6.1
350
1890
7572129
650
240
8
350
1800
12081100
TABLE IV. THE VALUES OF THE COST FUNCTION g FOR DIFFERENT
MODEL’S PARAMETERS FOR THE SECOND TIME FRAME
h
g
c



1275
52
6
350
2800
6862520
1328
50
6
350
3200
8633540
1300
52.1
6
350
3000
8765351
1250
56
6.2
350
3000
16576364
1265
56
6.1
350
2900
82796116

Regarding to the AIS optimization of the healthcare costs,
in Tables III and IV, we see the experimental results given
by the algorithm for the estimation of the c, , , h, and 
parameters, in order to obtain an optimal balance between
the cost function g and the equitable proportion of patients
that are turned away. We have used in the simulation the
value of the penalty cost which ranged from 1800 EUR to
1920 EUR, for the first time frame, and 2500 EUR to 3120
EUR for the second time frame.
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The AIS approach has shown that the cost function is
strongly dependent on the number of beds, arrival rate and
average time spent in the ICU. The best case hypothetical
scenario was found for 799 ICU beds, arrival rate of 180
patients per day, and average time spent in the ICU of 6
days, for the penalty cost of 1900 EUR.
Table IV depicts the experimental results for the second
time frame, in terms of the cost function.
The AIS approach has shown that the cost function is
strongly dependent on the number of beds, arrival rate and
average time spent in the ICU. The best case hypothetical
scenario was found for 1275 ICU beds, arrival rate of 52
patients per day, and average time spent in the ICU of 6
days, for the penalty cost of 2800 EUR. Juggling with real
data from each hospital, the managers really can optimize
the stock policy for the ICU departments.
In both time frames, we need to keep in mind that the
arrival rate is obviously characterized by stochasticity, and it
takes into account the specific outbreak of each zone. The
delay probability as well as the cost is sensitive to the
number of beds and arrival rate, and less sensitive to the
length of stay in the ICU unit, mainly because the real data
shows that no matter the outcome (survival or death), the
average length of stay in the ICU for a Covid-19 patient is
slightly the same.
Another conclusion that can be drawn is that the huge
difference between the holding and the penalty costs
determines the weight of the value of the rejection rate to
exceed the weight of the number of unoccupied beds.
Regarding these findings, a manager has to consider the
arrival rate of patients in her/his geographical area, thus
keeping the unoccupied beds at a minimal rate. Please take
note, that the costs are hypothetical, since there is no real
data available on this matter.
V. DISCUSSION
This present study aimed fulfilling two goals. The first
one was to find a merger between a standard queuing model
of the form M/PH/c for ICU bed occupancy, and an AIS
algorithm. Thus, the hospital managers may assess the
system’s parameters, in such a way that a reasonable
rejection level of Covid-19 patients is obtained, taking into
account the corresponding ICU admission rate and number
of beds, as well as the average time spent in the ICU.
The second aim was to use again the AIS algorithm to
optimize the resource usage in the ICU. For this, we have
considered a hypothetical base-stock policy that is often
used in inventory systems for expensive and slow-moving
items. Taking into account the nature of the problem, the
base-stock policy seemed suitable to be used. Through this,
the hospital manager can juggle with the number of ICU
beds, admission rate, average time spent in the ICU, as well
as the penalty and holding costs, and thus make the hospital
more cost effective.
Please keep in mind that this study in only indicative,
since the actual costs depend on each hospital in particular.
After analyzing the data, we can state that the merger
between an artificial intelligence algorithm and a queuing
model is fruitful, and it might truly come in handy to every
hospital manager, mainly because:
- it can encode in the antibody the whole information that
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is provided by the cost model, as well as the queuing
model;
- the methodology behind the AIS is easy to comprehend,
design, and use;
- this new method can be useful for different similar
situations.
Other approaches in the literature use genetic algorithms
(GA) instead of AIS [45], or Ant Colony Optimization
(ACO) [46]. It is possible that GA be implemented with
exact the same data used for our simulation. Then a
statistical comparison should be made between the two
results sets obtained. But this would be the goal of a new
study and a research paper.
VI. CONCLUSION
Queuing models have been used in healthcare systems in
order to optimize patient management. In recent years,
researchers all over the world have started to merge different
artificial intelligence techniques with analytical models, due
to their efficiency in optimization problems. These methods
are easy-to-understand, and easy-to-use. In this study we
have seen that this approach might be used in improving
patient management and healthcare cost in the Covid-19
pandemic.
We were interested in finding out whether the results
obtained by the current approach are similar to the results
obtained by a different optimization technique. Hence,
instead of using artificial immune systems, we have applied
a genetic algorithm to optimize Erlang’s loss formula and
found that the fine tuning of the hyperparameters are of
huge importance in the optimization process. Since, both
algorithms are meta-heuristics, the choice of the values for
the population size, clone population, mutation probability,
recombination probability etc., has an impact on the
outcome. Hence, for the genetic algorithms optimization, if
we were to use 150 as population size, the Wrights’ heuristic
crossover operator, uniform mutation, 0.35 recombination
probability, and 0.4 mutation probability, the obtained
results would be similar to the artificial immune system
approach. It is easy to comprehend that in order to see which
model performs better given a real situation, more parameter
choices must be explored. This is an interesting direction
which we are going to investigate, as more relevant data on
Covid-19 becomes available.
Future work should explore an extended queuing system
of M/PH/c/N, in which the hospital has a fixed maximum
capacity of N > c beds, thus reducing, or even in some cases
avoiding all together the patients’ denial, when all the ICU
beds are occupied. A possible alternative of a sub-ICU unit
with (N-c) beds might be a good solution. Also, other
optimization methods should be used, leading in the end to a
committee of such methods, which work together in finding
the optimal solution.
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