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Abstract. At the time of writing, more than seventy million people have
been infected by COVID19 and more than one and a half million have
died from the infection. A major challenge for health systems around
the world is to supply ventilators and Intensive Care Unit (ICU) beds
for those patients with the most severe symptoms of the infection. Un-
fortunately, during the COVID-19 pandemic, many countries face ICU
bed shortages. In situations of peak-demand, healthcare providers follow
predefined strategies to allocate the available ICU beds in the most ef-
ficient way. On these occasions, physicians and healthcare workers, who
swore an oath to treat the ill to the best of their ability, would have to
choose not to save some patients to ensure others survive. This decision
puts healthcare professionals in an ethically and emotionally challenging
situation in an already stressful environment. In this paper, we propose
an automatic approach for managing ICU beds in hospitals to i) create
the most effective ICU resource allocation, and ii) relieve physicians of
having to make decisions in this regard. The experimental results demon-
strate the effectiveness of our approach.
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1 Introduction

More than 70 million people have been infected by the newly discovered Coro-
navirus (COVID-19) and more than one and half million have died because of
COVID-19. If we consider the world’s population as 7.7 billion people 1, around
0.1 % of world’s population has now been infected by this virus 2.

Over the past few months, because of the dramatic increase in the number of
infected people, different countries have faced shortages in Intensive Care Units
(ICU) beds: there were not enough ICU beds for those who needed intensive care,
leading to deaths that could be avoided with adequate resources and effective
use of allocation techniques.

1 https://ourworldindata.org/world-population-growth
2 https://www.cnbc.com/2020/06/24/who-warns-coronavirus-still-hasnt-reached-its-

peak-in-americas.html

David C. Wyld et al. (Eds): SPPR, NECO, GridCom, ICCSEA, SCAI, UBIC, SEMIT, MLDS - 2020
pp. 87-97, 2020. CS & IT - CSCP 2020                                                 DOI: 10.5121/csit.2020.101908

https://doi.org/10.5121/csit.2020.101908
http://airccse.org/cscp.html
http://airccse.org/csit/V10N19.html


Fig. 1. Our proposed framework in a simple hospital scenario: there are five patients,
one hospital, and two ICU beds. Our proposed approach is able to prioritise the patients
and allocate the available ICU beds to the patients with the highest priority. For
instance, in this scenario, patients 3 and 4 have the highest priority.

Health systems all over the world follow predefined regulations to distribute
ICU beds to people based on different factors to determine whether an individual
should be saved or not. To the best of our knowledge, the decisions on how to
distribute ICU beds among patients are made by health workers and physicians.
Hence, as it is expected, any manual human-based process i) could be unfair
and be a decision based on emotion rather than logic ii) put unnecessary burden
(both emotionally and ethically) on the decision maker.

In this paper, we propose an automatic ICU beds allocation model. We as-
sume that ICU beds are resources and we can apply CPU (Central Processing
Unit)-allocation algorithms to manage them. We collected data from different
health systems around the world, and we present the different key criteria that
may affect the priority of a patient to receive an ICU bed. Next, using those
key criteria, we define the priorities of patients. Finally, with employing a re-
source allocation algorithm, we propose an ICU bed allocation algorithm useful
for pandemics and other peak demand scenarios. The contributions of this paper
are as follows:

– To the best of our knowledge, this is the first automatic ICU bed allocation
algorithm that could be used in the case of a pandemic.

– We present the key criteria that may affect the priority of patients for re-
ceiving ICU beds.

– The experimental results demonstrate the effectiveness of our proposed ap-
proach.

The rest of the paper can be organised as follows: We present the process of
defining a priority for a patient and our ICU beds allocation approach in Section
2. The experimental results are presented in Section 3, and our conclusion is in
Section 4.
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Table 1. The process of calculating Sequential Organ Failure Assessment (SOFA)
Score

Variable 0 1 2 3 4 Score(0-4)

Level of oxygen in blood > 400 < 400 < 300 < 200 < 100

Platelets 3 > 150 < 150 < 100 < 50 < 20

Liver function (Bilirubin) < 1.2 1.2 - 1.9 2.0 - 5.9 6.0 - 11.9 > 12

Low blood pressure (Hypotension) None MABP < 70mmHg Dop < 5 Dop 6-15 DOP > 15

Neurologic function 15 13 - 14 10 - 12 6 - 9 < 6

Kidney function (Creatinine) < 1.2 1.2 - 1.9 2.0 - 3.4 3.5 - 4.9 > 5

2 ICU Beds Management

In this section, we discuss our method to calculate a priority score; how we
allocate ICU beds to those patients; propose a survival rate factor; and provide
an example to show how our approach works in a potential scenario.

2.1 Patient Priority

In this subsection, we discuss the main criteria that different health systems
consider for prioritising their patients and we present a formula to define pa-
tients’ priorities. The general guidelines of health systems around the world for
managing ICU beds and ventilators suggest to focus on saving larger number
of patients and save those that have more potential years of life 4. Moreover,
in some countries, like the US, the priorities is given to homeless people, since
they do not have any place to safely self-quarantine and recover, and healthcare
workers, because they are valuable for health systems.

In this paper, in addition to considering the above mentioned factors, we also
consider the mortality risk assessment factor suggested in ventilator allocation
guidelines (New York state task force on life and the law New York state de-
partment of health 5). According to this guideline, the patient’s mortality risk
can be assessed by a clinical scoring system, i.e, Sequential Oral Failure Assess-
ment (SOFA). According to the guideline, SOFA can be assessed by Table 1. In
this table, each variable will be assigned by a score between zero (best score)
and four (worst score). A total score of 24 indicates a life threatening situa-
tion. According to this guideline, “the more severe a patient’s health condition
(i.e., higher the SOFA score) and worsening/no change in mortality risk (i.e.,
increase or little/no change in the SOFA score), the less likely the patient con-
tinues with ventilator therapy.” The patients’ status will be monitored regularly
during the 48 and 120 hours after allocating a ventilator to them to check their

4 https://www.nytimes.com/2020/03/12/world/europe/12italy-coronavirus-health-
care.html

5 https : //www.health.ny.gov/regulations/taskforce/
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SOFA score. Having the above mentioned factors, now we are able to propose
a regression based [6][7] priority assessment mechanism for prioritising patients
as follows:

Priorityit = w1 × PLi + w2 ×HWi + w3 ×HLi− w4 × SOFAi, (1)

where Priorityit is the priority of ith patient to receive an ICU bed and ventilator
in the time t; PLi indicates the potential years of life of ith patient and this could
be different in various countries based on the difference between age of patients
and average life expectancy in those countries. HWi denotes whether ith patient
is a healthcare worker (1) or not (0), HLi is 1 if ith patient is homeless and 0
if he/she is not, and SOFAi represents the SOFA score of ith patient. In this
formula, w1, w2, w3, and w4 are controlling parameters to control the effects of
our considered criteria. Finally, w4×SOFAi has a negative sign in this formula
to ensure a negative affect if ith patient has a higher SOFA (a severe health
condition).

Since PLi and SOFAi could be larger numbers than HWi and HLi, we
normalise them to the range between 0 and 1 by a feature scaling approach [4].
For instance, for PLi we have:

PL
′

i =
PLi −min(PL)

max(PL)−min(PL)
(2)

2.2 CPU Scheduling Algorithms

In this subsection, we present our proposed approach for ICU beds allocation
during a pandemic, e.g, COVID-19. We propose to use CPU scheduling algo-
rithms to manage ICU beds and consider a bed as a CPU resource. Gener-
ally, there are two types of CPU scheduling algorithms: Preemptive and Non-
Preemptive scheduling.

Preemptive scheduling algorithms allocate CPU resources to the processes
for a limited amount of time with a condition: if a processes with a higher
priority arrive in the waiting queue (a queue of processes which waiting for
receiving CPU resources), the allocated CPU resources will be taken away to
be allocated to the recent arrived high priority process. Algorithms like Round
Robin [1], Shortest Remaining Time First [1], preemptive version of Priority
algorithm belong to this category of CPU scheduling algorithms. However, in
non-Preemptive scheduling algorithms, an allocated CPU resource may not be
taken away from a process even if a process with a higher priority arrives in
the waiting queue. Shortest Job First and non-preemptive version of Priority
algorithm are examples of non-Preemptive CPU scheduling algorithms.

According to the mentioned ventilator allocation guidelines from New York
state task force, “at any point during the time trial, even before an official
assessment occurs, if a patient develops a condition on the exclusion criteria
list and there is an eligible patient waiting, then the ventilator is reallocated”.
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Table 2. Example Scenario. A smaller arrival time indicate that patient arrived earlier
than others.

Patient ID ti PLi HWi HLi SOFAi Required ICU Beds Occupancy Time Discharge Time

1 0 20 0 0 15 21 -

2 1 25 0 0 18 18 -

3 1 45 1 0 10 10 10

4 10 50 0 1 10 14 26

Hence, for managing ICU beds and ventilators, we need the same approach as
preemptive CPU scheduling algorithms. In this paper, we use the terms CPU
resources and ICU beds and processes and patients interchangeably.

2.3 Scheduling Approach

The toughest decision for healthcare worker is not only on how they should
distribute the ICU beds, but also taking back an ICU bed from a patient if
another patient with a higher priority presents. Sadly, this is a rule in many of
the health systems around the world to save the most valuable lives. This is a
very good indication that these ICU beds should be scheduled by preemptive
resource scheduling techniques. Hence, in this paper, we also follow the same
approach for our ICU bed scheduling process.

The preemptive scheduling algorithm that we employ for managing ICU beds
is preemptive priority scheduling [5]. According to this algorithm, the time of
receiving ICU beds for patients is not only based on resources burst time, but
also it is based on the priority of each patient, i.e., high priority patients receive
ICU beds earlier than others. In this regard, the patients with the same priority
will be served as first come first serve manner. In the rare case of having patients
with the same priority and the same arriving time, we also follow the New York
health guideline mentioned in Section 2 6: if these patients are adults and if
the number of ICU beds are less than the number of patients, we use a random
process (e.g., lottery) to allocate ICU beds to these patients.

2.4 Survival Rate Calculation

In this subsection, we propose a survival rate factor that could be used to evaluate
an ICU bed allocation mechanism from the point of view of the number of saved
patients. In this paper, we assume if a patient presents in a hospital and he/she
requires an ICU bed for his/her treatments, the maximum waiting time for
him/her would be one day, otherwise he/she would be transferred to another
hospital or sadly, he/she will die. Hence, we may evaluate the performance of
an ICU bed allocation model with respect to its survival rate that indicates

6 https : //www.health.ny.gov/regulations/taskforce/
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the number of high priority patients that it could save within a day after their
present in the hospital. We propose the following formula for calculating the
survival rate:

SR = (
HP

THP
) ∗ 100 (3)

where SR represents the survival rate of an ICU bed allocation mechanism, HP
denotes the number of high priority patients that were served with an ICU bed
within one day of their presentation in the hospital; and THP indicates the total
number of high priority patients that are presented in that hospital. Obviously,
a higher SR demonstrates the effectiveness of an ICU bed allocation approach.

2.5 An Example Scenario

Assume we have a hospital with one ICU bed. Four patients with serious health
conditions present to the hospital. In this scenario, ti represents the arrival time
of patients, where i = {1, 2, 3, 4}. Based on the result of medical examination of
these patients, we can assess their SOFA score (reported in Table 2).

In Table 2, each patient has a required ICU bed occupancy time. First of all,
this occupancy time is an estimation time and we only mention that here to sim-
plify our example. However, in a real-world scenarios, providing this estimation
time may be hard and sometimes impossible for many of the patients. Based
on this scenario, our patients arrive at times 0, 1, 1, and 10, respectively. Our
approach first assess the priority of each patient based on Formula 1. In this
example scenario, we assume all the controlling parameters are equal to each
other and their value is 0.25.

In time 0, we have only one patient (patient 1). Since, there is one ICU bed
available and there is not any other patients in the hospital, the ICU bed will
be allocated to him/her without assessing his/her priority. However, in time 1,
we have three patients. The ICU bed is already allocated to patient 1, but the
challenging step is to assess the priority of these patients for possible reallocation
of the ICU bed to the two new arrived patients. PL

′

i is 0, 0.33, 0.83 for patients
1, 2, and 3, respectively (according to Formula 2). Using the same feature scaling
formula for SOFA, the SOFA scores are 0.62, 1, and 0.25 for patients 1, 2 and
3, respectively. According to the Formula 1, the priorities are 0.15, -0.16, and
0.39 for patients 1, 2 and 3, respectively. As a result, the allocated ICU bed will
be taken away from patient 1 and will be reallocated to the patient 3, as this
patient has a higher priority than patients 1 and 2.

The health status of the patient 3 will be monitored, his/her priority score
will be recalculated over time and be compared against the priority of other
patients. In this example, we assume the SOFA score remains the same for
patients over the time. Hence, until the time 10 there are no other patient with
a higher priority than patient 3 and the ICU bed will serve him/her until this
time and until he/she is discharged from the hospital. At time 10, a new patient
arrives (patient 4). The priority of this patient is 0.5. Although patients 1 and
2 are waiting for the ICU bed, the free ICU bed will be allocated to patient 4

Computer Science & Information Technology (CS & IT)92



Fig. 2. ICU bed services for the top 15 priority Patients using our proposed model.

(since he/she has a higher priority). Until time 26, patient 4 continue to use the
ICU bed and will be discharged from the hospital at this time.

What happens to the patients 1 and 2? At time 26, either they were re-
ferred to another hospital, or unfortunately they did not succeed in receiving
any ICU services. However, the decision to not save them is not from a health-
care worker. This decision is based on an automatic approach, and it is based on
a fair and unemotional mechanism (similar to Association Rule Mining (ARM)
techniques [8]).

3 Experiments

Here, we test our proposed method on a sample dataset.

3.1 Experimental Setup

A sample dataset with 100 patients is created to test the model. For each pa-
tient, we randomly initialized the arriving time and values of factors mentioned
in Section 2.1. Next, we calculated the priority of each patient based on Formula
1. Then, for calculating the potential years of life, we calculated the difference
between the average life expectancy in Australia (82.50 7) and the age of each

7 https://www.worldbank.org/
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Fig. 3. ICU bed services for the top 15 priority Patients

Table 3. An Example Scenario. A smaller arrival time indicate that patient arrived
earlier than others. AWT and HPP are abbreviations for Average Waiting Time and
High Priority Patients.

Method AWT For All Patients Treated HPP AWT For HPP SR

Our Approach 215.5 15 17.2 27%

Shortest Job First Algorithm [1] 135.88 1 146.5 6%

First Job First Serve Algorithm [1] 189.2 2 194.6 0%

patient. We selected Australia as an example, and this approach could be ap-
plied on any other countries as well. Moreover, in this paper, we assume all the
controlling parameters in Formula 1 are equal to 0.25 [3] [2] and leave optimiz-
ing these weights with a proper optimization algorithm for our future work. In
addition, although our proposed method is capable for a dynamic situation and
deal with unknown required ICU bed occupancy time, in this paper, to simplify
our experiments, we assume a predefined time, which is a random number be-
tween one and seven, for each patient as their required ICU bed occupancy time.
Finally, We assume we have only one available ICU bed.

3.2 Experimental Results

Figure 2 illustrates the ICU bed services for top 15 high priority patients. In this
table, Process−ID, Arrival−Time, Orig−Burst−Time, Completion−Time,
Turnaround−Time, and Waiting−Time are indicating patient id, arrival time
to the hospital, the required ICU bed occupancy time, the discharge time, the
time that the patient received the ICU bed, and the time that the patient was
waiting for receiving an ICU bed.

According to Figure 2, our proposed method is capable of automatically man-
aging the patients based on their priorities. The reason behind the large waiting
time for some of the patients is that we assumed we only have one ICU bed.
In many of the hospitals around the world, there are several ICU beds that can
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be allocated to the patients, leading to reducing the waiting time, significantly.
Moreover, Figure 3 illustrates the completion time for some of the high priority
patients in our experiment. The higher priority patients have smaller completion
time indicating that our proposed model focuses more on saving patients with
higher priority.

In this paper, we also compare the performance of our proposed approach
with other CPU schedulers, i.e., shortest job first (SJF) and First Job First
Serve (FJFS) algorithms, with respect to average waiting time to be served
for all patients, the number of treated high priority patients, average waiting
time to be served for high priority patients, and SR (survival rate). In this
section, the term high priority refers to the top-15 patients that have the highest
priority among the all patients in our experiment (reported in Figure 2), and the
term ’Treated High Priority Patients’ indicates how many of these high priority
patients were among the top-15 first serve patients by the mentioned algorithms,
which can demonstrate the emphasise that an algorithm has on saving high
priority patients. The comparison results are reported in Table 3. According
to this table, although our proposed approach has the highest average waiting
time compared to SJF and FJFS algorithms, it first saves 15 out of 15 of the
top-15 high priority patients which this number is 1 and 2 for SJF and FJFS,
respectively.

Moreover, in our proposed approach, the average waiting time for the top-
15 high priority patients is 17.2, while this number is 146.5 and 194.6 for SJF
and FJFS, respectively. As our intention was to serve the high priority patients
earlier, the results reported in Table 3 indicates we are succeeded in achieving
this goal. It is worth mentioning that in any other on-demand scenarios, we can
change the priority criteria and consider other kind of factors, e.g., first saving
children or pregnant women.

Finally, we may compare our proposed approach with SJF and FJFS with
respect to SR. Table 3 demonstrates that our proposed approach has the highest
survival rate for the top-15 high priority patients and could serve 27% of them
within one day of their presentation in a hospital. It is worth mentioning that
this number is for a situation that we have only one ICU bed for 100 patients and
increasing the number of available ICU beds may increase SR of our proposed
approach, significantly.

4 Technology Ethics

In this section, we discuss the ethical concerns related to adopting our proposed
approach in a real-world health system. Just like adopting any other technology,
using the proposed ICU bed allocation approach in a real-world scenario requires
an extensive risk management process. As we are at the early stage of this line
of research, we strongly advise people to assess the existential risk of adopting
our proposed approach or any similar algorithm before practically employ that
in the health systems.
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5 Conclusion and Future Work

In this paper, we proposed an automatic ICU bed allocation method, which
can be used in a Pandemic or any other high demand situation. The goal of
this method is to make a fair ICU bed distribution among patients and relieve
health workers and physicians from making tough decisions to stop saving some-
one because of ICU bed shortages in hospitals during a pandemic or a high
demand situation. We discuss an example scenario to further explain our pro-
posed approach, and finally, tested it on a sample dataset of 100 patients. For
our future direction, we will focus on improving this approach by employing
more sophisticated methods to deal with large volumes of data, e.g., deep neural
network-based algorithms. Further, we plan to test our approach on real-world
hospital data to compare effectiveness of an automatic approach with a manual
and human-based mechanism. And at last, we also tend to extend this method
to a distributed ICU bed allocation algorithm which can deal with different ICU
beds in different hospitals.
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