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Abstract

:

The wide spread of Covid-19 has led to infecting a huge number of patients, simultaneously. This resulted in a massive number of requests for medical care, at the same time. During the first wave of Covid-19, many people were not able to get admitted to appropriate hospitals because of the immense number of patients. Admitting patients to suitable hospitals can decrease the in-bed time of patients, which can lead to saving many lives. Also, optimizing the admission process can minimize the waiting time for medical care, which can save the lives of severe cases. The admission process needs to consider two main criteria: the admission time and the readiness of the hospital that will accept the patients. These two objectives convert the admission problem into a Multi-Objective Problem (MOP). Pareto Optimization (PO) is a common multi-objective optimization method that has been applied to different MOPs and showed its ability to solve them. In this paper, a PO-based algorithm is proposed to deal with admitting Covid-19 patients to hospitals. The method uses PO to vary among hospitals to choose the most suitable hospital for the patient with the least admission time. The method also considers patients with severe cases by admitting them to hospitals with the least admission time regardless of their readiness. The method has been tested over a real-life dataset that consisted of 254 patients obtained from King Faisal specialist hospital in Saudi Arabia. The method was compared with the lexicographic multi-objective optimization method regarding admission time and accuracy. The proposed method showed its superiority over the lexicographic method regarding the two criteria, which makes it a good candidate for real-life admission systems.
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1. Introduction


The unprecedented spread of the Severe Acute Respiratory Syndrome Coronavirus 2 (Covid-19) epidemic across the world has pushed the healthcare systems to their limits  [1,2]. The main problem comes from having too many patients that need medical assistance at the same time [3]. Infected patients vary in their status regarding their stage in the infection and their previous illnesses, medically known as (comorbidities). Having an effective admission system for Covid-19 patients can alleviate the burden over hospitals through admitting patients to the most suitable hospital according to their status in real time. This can minimize the waiting time of patients and save patients with severe status. To our knowledge, few studies have been proposed to deal with this problem [4].



Identifying the most suitable hospital for a patient to be admitted automatically is not an easy task. This task has parameters that need to be considered, such as an assessment of patient status, assessment of hospital preparations, the time before admitting patients to hospitals, and time that patients need to reach the hospital. This transforms the admission problem into a Multi-Objective Problem (MOP). Solving MOPs needs multiple solutions that vary the degree of satisfaction to different objectives [5]. Identifying the best solution to the problem can be determined according to the current status of the problem.



Pareto Optimization (PO) has been one of the most common methods used to solve MOPs [6]. It tries to satisfy the whole objectives simultaneously. It generates a non-dominated set of solutions for MOPs, which cannot be further optimized. PO has been applied to solve MOPs in different fields, such as clustering [7,8,9] and hospital resource optimization [10,11,12] PO can be employed to solve the admission problem considering the different objectives of the problem as it has been used before in [13].



In this paper, a multi-objective algorithm is proposed to provide automatic identification of the appropriate hospital for Covid-19 patients according to their medical condition in real time. The main contributions of this paper can be summarized in:




	
Develop an effective multi-objective admission system for Covid-19 patients that admits patients to the most suitable hospitals in real time and considers the comorbidities of the patients.



	
The method considers two main criteria in the admission process: (1) the patient status regarding the hospital preparations and (2) the admission time (reach time and admission time). This method can minimize the in-bed time of patients as it directs each patient to the most suitable hospital.



	
Provide a mathematical representation of the problem and the main constraints that affect it.



	
Implement the method using the PO to vary among the conflicting objectives as admitting a patient to a non-suitable hospital in less time can result in transferring the patient to a different one.



	
Test the method over a dataset that combines a real-life part that has been provided by King Faisal specialist hospital in Saudi Arabia and a synthetic part. The real-life part had the clinical symptoms of the patients and their medical conditions when they arrived at the hospital. Meanwhile, the arrival rate, admission time, time to reach, and medical devices in different hospitals have been generated randomly to mimic the real-life situation.



	
Results show the efficiency of PO in obtaining the correct hospital for patients over the Lexicographic method [7]. Also, the method showed its effectiveness in obtaining the correct hospital in real time despite the increase in the number of hospitals.








The rest of the paper is organized as follows. Section 2 presents the recently published papers that focused on the problem under investigation. Section 3 presents a detailed description of MOPs, PO, and mathematical definitions of the admission problem and its constraints. Section 4 describes the proposed method, gives the pseudocode of the algorithm, presents a tracing example of the execution of the method over a specific patient, and gives a complexity analysis of the proposed algorithm. Section 5 shows a description of the dataset and the different experiments that have been conducted to prove the effectiveness of the proposed method. Finally, Section 6 presents a conclusion of the proposed method and future directions related to this problem.




2. Related Work


Using hospital resources is not a new problem, multiple researchers have proposed different solutions for this problem from different perspectives. Some researchers focused on optimizing hospital operation rooms to maximize the number of operations performed each year. Abedini et al. proposed a mechanism to produce a schedule that can ensure the number of patients in each stage does not exceed the number of beds in that stage, which minimized patients’ blocking [14]. Another perspective has been proposed for the optimization of the healthcare system, which focused on the internships of doctors in hospitals [15]. The authors proposed a method to control the admission of doctors of internships in hospitals according to two criteria: the needs of the regions that the hospitals existed into and the preferences of doctors. They applied a Multi-Objective Optimization (MOO) method to find the best solutions for the MOP.



Multiple studies have been proposed to control the patients’ admission to hospitals while considering the maximization of the number of patients to be served and the minimization of the waiting time of patients [10,16,17,18]. These studies focused on maximizing the use of beds in each hospital by generating a schedule that can guarantee the availability of beds and minimizing the hospitalization time of patients. The authors employed a MOO method to obtain the best schedule that can satisfy the different objectives assumed during the implementation. Due to the uncertainty of patients’ arrival to hospitals, those methods resulted in having multiple queues of waiting patients. Belciug et al. [19] proposed an improved use method to minimize the number of patients in the waiting queues. The authors applied an evolutionary-based model to manage the patients’ admission and bed allocation to minimize the number of patients in waiting queues.



From the perspective of admitting patients to hospitals, different studies have been proposed [4,20,21,22]. Anselmi et al. illustrated the importance of the fast response of an emergency system through the arrival time of ambulances on the number of deaths of patients [20]. Because of the importance of the admission problem, Pope et al. conducted research to identify the non-clinical factors that can affect the admission of patients [22]. Considering the previous method, it is clear that converting the admission problem into a MOP is new and has not been proposed before.



In the next section, a detailed description of MOPs and PO are given. Also, a mathematical representation of the admission problem and the proposed methodology to solve the problem are given.




3. Background


3.1. Multi-Objective Problems (MOPs)


A MOP can be described as a set of m objectives as:


  F = min [  f 1  ,  f 2  , … ,  f m  ] ,  



(1)




where m represents the number of objective functions of the MOP. Each objective can be described mathematically as a set of equality or inequality equations as [23]:


      H i   ( x )  = 0 ;  i = 1 , … , k ,     



(2)






      G j   ( x )  ≤ 0 ;  j = 1 , … , t ,     



(3)




where H represents the equality functions and the G represents the inequality functions. These functions assess the quality of solutions. Each parameter of an objective has a search space that can be described as:


     X i   l  ≤  X i  ≤  X  i  u  ;  i = 1 , … , n ,  



(4)




where n is the number of variables, l and u represent the lower and upper bounds of each parameter i respectively. There are a limited number of algorithms that can deal with MOPs, which include PO [6] and the lexicographic method [7]. The lexicographic approach starts with ordering the objectives of the problem according to their importance. Then, it tries to find the optimal solution for the problem according to the order of the objectives.




3.2. Pareto Optimization


PO is a common method that has been widely used to solve MOPs [6,8,12,23]. It tries to satisfy the whole objectives simultaneously. PO can compare among multiple solutions of a MOP based on different objectives and identify the non-dominated solutions or the Pareto Front (PF) solutions. The PF or non-dominated solutions are the solutions that cannot be further optimized. Optimizing one objective in the non-dominated solutions results in deteriorating the degree of optimization of other objectives.



PO applies the dominance concept between two solutions v and z by varying among the objectives in two solutions, in case all objectives in v are as good as in z and at least one objective in v is better than the same objective in z, then solution v is considered to dominate solution z. This comparison can be described mathematically as [5]:


      f i   ( v )   ≤   f i   ( z )  ;  ∀ i  ϵ  [ 1 , m ]         f i   ( v )   <   f i   ( z )  ;  ∃ i  ϵ  [ 1 , m ]  ,     



(5)




where v, z are two different solutions, and m represents the number of objectives. These two rules must hold to ensure that solution v dominates solution z.




3.3. Problem Definition


The admission problem of Covid-19 patients to hospitals can be formulated of two objectives: the first objective is concerned with the time that a patient needs to get admitted and the second objective is concerned with matching the patient status with the hospital medical preparations. The first objective has two main factors: the time that a patient needs to reach a hospital   t r   and the admission time of the patient to get the medical care   t  a d   . The second objective focuses on finding the hospital, equipped with the best medical devices   h  m d    compared with the patient comorbidities   p  c o m   . De Nardo et al. [24] have identified 11 comorbidities to prioritize the patients infected with Covid-19 virus. The proposed model has used seven comorbidities of them, which include diabetes mellitus, heart failure, chronic pulmonary disease, chronic liver disease, chronic kidney disease, Temperature, and   O 2   saturation. These comorbidities are used to evaluate the patient’s status to identify the devices that should be in a hospital to treat the patients.



The best solution to the problem can be identified as the hospital h with the least admission   h  t  a d    , reach   h  t r    times, and has the most suitable medical devices   h  t  m d     for the patient’s comorbidities   P  c o m   . The problem has a set of constraints, which can be summarized into the existence of a limited number of hospitals   h = { 1 , 2 , … , H }  , a limited number of medical devices in each hospital   m d = { 1 , 2 , … , M D }  , and the response time of the system to admit patients should not exceed a specific threshold.



To choose the best hospital for patient admission, the hospital should have the most suitable medical devices for the patient and does not require a long time to admit the patient. This clarifies the existence of two conflicting objectives that a solution needs to satisfy. The first objective is related to the admission time, which is a minimization function. The second objective is concerned with assessing how suitable the medical devices in a hospital compared with the patient status, which is a maximization function. According to this scenario, the problem can be defined as:


          T p   ( h )  = M a x i m u m  (  h  t  a d    ,  h  t r   )   M i n i m i z a t i o n ,           F p   ( h )  = M a t c h  (  h  m d   ,  P  c o m   )   M a x i m i z a t i o n .      



(6)







The first function is used to identify the nearest hospital to the patient location and has the least admission time based on two times: reach time   h  t  a d     and admission time   h  t r   . This function takes the maximum time of the two times (  h  t r   ,   h  t  a d    ) to determine the time needed for a patient to be admitted to hospital h. The second function is applied to identify the hospital that has the maximum number of medical devices needed to treat the patient. This ensures that the patient will have the whole medical care needed in one hospital. The matching function makes a comparison of the patient’s comorbidities with the medical devices of each hospital. PO can be applied to obtain the whole non-dominated solutions to the problem. The best solution will be determined from the non-dominated solutions based on each patient’s situation. To describe the main parameters used in the problem, Table 1 presents the notations of these parameters and their description.




3.4. Problem’s Constraints


From our perspective, the main constraints of the admission problem can be concluded into: (1) the number of available beds in a hospital at time t and (2) the admission time should be minimum. This analysis has been deducted based on multiple recent studies [17,25,26]. As we can see in each method, different constraints are considered. This returns to the problem itself and the perspective of the authors to the problem. The first constraint can be mathematically defined as:


   ∑  p ∈ P    p  c o m   ≤  h  m b    ∀ t ∈ T  



(7)







This function ensures that the total number of patients’ requests do not exceed the total number of beds in all the hospitals   M H B  . In case the number of requests exceeds the total number of beds, the patients’ requests are added to a queue to be handled later.



Another important constraint is the response time of the system to identify the most suitable hospital for the patient. This can be defined mathematically as:


   R  h p t   −  d  p t   ≤ α  ∀ p ∈ P ,  



(8)




where p represents the patient, h is the identified hospital, and   d  p t    is the demand of patient p at time t. This constraint ensures that patients should not wait for more than the threshold  α  to know to which hospital they would be admitted.





4. Methodology


4.1. The Objective Function


In the proposed method, the objective function is based on identifying the most suitable hospital regarding the patient’s status and the admission time. The admission time of a hospital H is computed as the maximum time   M a  x t    of reach time   H  1  t r     and admission time for the patient to get medical care   H  1  t  a d     . The patient status is represented by   P  c o m   , while the preparation of hospital   H 1   is denoted by   H  1  m d    . A matching criterion has been developed to identify each symptom with patient status. The match function generates a number that shows the degree of readiness that the hospital must receive the patient. For each hospital, a solution is constructed of hospital number, match value, and admission time. Based on the three criteria, the method varies among different hospitals.



The method considers patients with severe conditions as it directs those patients to hospitals with the least admission time regardless of the readiness of the hospital to the patient status. This can save the patient’s life because he/she needs immediate medical attention. For patients with non-severe cases, they are directed to hospitals with maximum match value and smallest admission time. The method considers the appropriateness of the hospital as the first objective to be optimized, then the admission time. The way to compute objective function for two hospitals   H 1 , H 2  , and the identification of the best hospital is given as:


     H  1  M a  x t    = M a x  ( H  1  t r   , H  1  t  a d    )        H  1 m  = M a t c h  (  P  c o m   , H  1  m d   )        H 1 = ( H  1 m  , H  1  M a  x t    )       H 2 = ( H  2 m  , H  2  M a  x t    )     











The   H 1   hospital can be identified to dominate   H 2   if the readiness value of   H 1   is bigger than or equal to the value of   H 2   and the admission time of   H 1   is less than or equal to the admission time of   H 2  . This can be represented mathematically as:


  H  1 m   ≥  H  2 m   a n d  H  1  M a  x t     ≤  H  2  M a  x t     



(9)








4.2. The Proposed Algorithm


PO has been applied to solve different MOPs. It can be used to determine the best hospital for a patient to be admitted according to (6). PO can obtain the best set of hospitals for patient admission based on the dominance criterion. The ability of PO to vary among different solutions based on multiple criteria allows the algorithm to obtain the best hospital that has the highest matching score and the least admission time.



The proposed Algorithm 1 starts with an admission request of a patient p with comorbidities   P  c o m   . The method traverses all the hospitals to evaluate the time to admit the patient and to assess the preparations of each hospital. The method considers the admission time to be the maximum time of admission time   t  a d    and time to reach the hospital   t r  . The matching function compares the patient’s comorbidities and medical devices in the hospital to assess the readiness of the hospital to admit the patient. Considering the two criteria, the algorithm uses the PO dominance to decide whether to add this solution to the non-dominated solutions or not. The algorithm ends with a set of best solutions stored in the non-dominated set. The method considers the severity of the patient so, it chooses the hospital with the least admission time regardless of the medical devices of the hospital. This ensures that the patient can have urgent medical care to prevent his status from sudden death. If the patient’s status is not severe, he/she will be admitted to the most suitable hospital for his status and with the least admission time. In the waiting time, the patient will be advised to stay in quarantine until admission time. A graphical representation of the steps of the proposed algorithm is shown in Figure 1.




4.3. A Tracing Example of the Algorithm


In the following, a tracing example is given for a certain patient that has comorbidities according to Table 2. The patient is diabetic with a mild increase in body temperature (37.8) and his   O 2   saturation is 96. The patient is not known to have any other diseases.



This example has been tested over nine hospitals that have medical preparations regarding kidney machines, ventilators, and Intensive Care Units (ICUs) according to Table 3. Also, Table 3 presents the time to reach and time to admit to the patient under the test. In our experiments, the time to reach and time to admit are stored in the patient record as these times differ for each patient. Table 3 has the number of available beds that can accept the patients, which is used to determine whether the hospital is full or not.



Table 4 presents a tracing example of the execution of the algorithm over the patient identified in Table 2 to the hospitals presented in Table 3. Table 4 gives in each row an execution step of the algorithm. It shows the iteration number, reach time of the patient to the hospital, admission time of the patient to the hospital, maximum of reach and admission times, match value of patient comorbidities and hospital preparations, and the best hospitals to admit the patient.






	Algorithm 1 Pseudocode of Pareto optimization algorithm applied for the hospital admission problem



	
	
Initialization.



	
 



	
Let the number of patients   P  n o   , number of hospitals   H  n o   , patient’s comorbidities   P  c o m   ,   B e s t S o l   to be the best solution,   h r   time for the patient to reach the hospital,   t  a d    the time needed for the patient to be admitted in the hospital, and empty the non-dominated set of solutions.



	
 



	
Main Loop.



	
 



	
for        p     =     1     ,     …     ,            P                n         o               do



	
 



	
      for         h     =     1     ,     …     ,            H                n         o                do



	
 



	
         Set   M a  x t    =  M a x (  h  t r   ,  h  t  a d    )  



	
 



	
         Set m=   M a t c h (  P  c o m   , H   ( h )   m d   )  



	
 



	
         Set   S o l   to be the set of (h, m,  M a  x t   ).



	
 



	
         Add   S o l   to non-dominated solutions according to dominance criteria of PO.



	
 



	
      end for



	
 



	
      if         P     (            p                s         t         a         t         u         s                 )          i     s          S     e     v     e     r     e    then



	
 



	
         Set   B e s t S o l   to be the hospital with the smallest admission time   M a  x t    regardless of the patient’s comorbidities and the hospital’s medical devices.



	
 



	
      else



	
 



	
         Set   B e s t S o l   to be the hospital with the highest matching score and least admission time.



	
 



	
      end if



	
 



	
end for



	
 



	
Return   B e s t S o l  













In iteration 1, the maximum time of reach and admission is 10 and the match value is 1 between patient and hospital. The hospital number is considered to be the best hospital and is added to the non-dominated solutions because there are no other solutions. At iteration 2, hospital number 2 has the same maximum time and match value so, the non-dominated list adds hospital number 2. At iteration number 3, hospital 3 has a maximum time of 8 and zero matching criterion. As hospital 3 has less time, it will be added to the non-dominated set without considering the zero-match value as this hospital could be valid for severe cases. The rules of accepting the previous hospital or not can be changed according to the real-life decision-makers. Iteration 4 has the same case as in iterations (1,2). At iteration number 5, the hospital is rejected as it has a maximum time greater than those in the non-dominated solutions. Hospitals number (6,7) are rejected as their maximum time is greater than the maximum time of hospital number 3. Hospital number 8 has been added to the non-dominated solutions and eliminated hospital number 3 as it has zero matches and has less maximum time than hospital number 3. At iteration number 9, the hospital dominates the hospitals (1,2,4) as it has the same match value and has less maximum time.



The previous Table 4 presented the tracing example of 9 hospitals, which has finished with identifying the best hospitals   8 , 9  . If the patient’s status is not severe, he/she will be admitted to hospital number 9, otherwise, he/she will be admitted to hospital number 8. Figure 2 depicts the tracing example by presenting the patient and the objective values of each hospital.




4.4. A Complexity Analysis of the Method


From the first look, the complexity analysis of the proposed Algorithm 1 can be evaluated as   P × H  , where P represents the number of patients and H represents the number of hospitals. In real-life, the P will represent only the patient that asks for the admission request and H will still represent the number of the whole hospitals. Therefore, the complexity analysis can be determined as the number of hospitals only.



In the next section, detailed numerical experiments will be given to assess the efficiency of the method over a real-life dataset.





5. Experimental Results


Several experiments have been conducted over a real-life dataset to evaluate the effectiveness of the proposed method in admitting Covid-19 patients to suitable hospitals. The algorithm was programmed in Scala in a Linux environment. The real-life dataset had been provided by the King Faisal specialist hospital for Covid-19 patients [27]. The dataset contained information about demography, exposure, vaccination history, and comorbidities of the admitted patients. A set of comorbidities has been chosen from the original dataset according to [24] to assess the medical status of patients. These comorbidities have been used to identify the medical devices needed for each set of comorbidities.



The admission times of hospitals and reach times of patients to hospitals have been generated randomly according to the Poisson distribution, which has been used before to mimic the random calls for emergency services in [28]. The medical devices in each hospital have been generated randomly according to normal distribution. The kidney machine has been identified to be necessary for patients that have chronic kidney disease or any serious kidney illnesses. The   O 2   Oxygen inhalation/Ventilator has been identified to be mandatory for patients that have   O 2   saturation less than 92 or have chronic pulmonary diseases. The ICU has been identified to be mandatory for patients that have chronic liver disease, comma, and Heart Failure. These criteria can be extended or changed concerning the new studies about Covid-19.



The dataset was constructed of 254 patients, each had 7 comorbidities. Table 5 presents different times (minimum time, average time, maximum time) that the algorithm needs to admit each patient to the most suitable hospital, where the time is evaluated in seconds. Results in Table 5 present that the algorithm can admit patients over the different number of hospitals in real time. Even the maximum time is suitable for real-life severe cases as it does not reach a single second.



Figure 3 presents a graphical comparison between the proposed algorithm using PO and the lexicographic method to vary among a different number of hospitals. The graph shows the average running time of the two methods, evaluated into seconds. The figure shows that the average running time of the lexicographic increases with the increase in the number of hospitals. However, the increase in the proposed method is very small even with the increase in the number of hospitals. This emphasizes the stability of the proposed method as it keeps a near steady performance despite the number of hospitals.



Additionally, the proposed method has been compared with the lexicographic method in terms of accuracy. The accuracy of the algorithm is computed by comparing the hospitals generated from each method to admit each patient with the correct hospital for admission identified manually. The accuracy can be mathematically represented as:


  Acc =   Total  number  of  correctly  directed  patients   Total  number  of   patients ’   requests   .  



(10)







Figure 4 presents the different comparisons between the two methods concerning the accuracy criterion. The evaluations have been made over different number of patients (100,150,200,254) and different number of hospitals (20,30,40,50,60). The figures show the high accuracy rates of the proposed method. The accuracy rates of the proposed method are very similar despite the number of patients and the number of hospitals. On-contrary, the lexicographic method accuracy rates suffer from a near steady decrease in the accuracy. This may return to its biasness to optimize one objective and provide a less degree of optimization for the other objectives.



From the previous discussion, it is clear that the admission problem is very critical to minimize the in-bed time of patients and to save the lives of patients with severe cases. The proposed method has identified two objective functions to formulate the admission problem. The method applied the PO algorithm to vary among different hospitals according to the two objective functions. The method has been tested over a real-life dataset and proved its efficiency in admitting patients to suitable hospitals in real time. This presents the proposed method to be valid for real-life healthcare admission systems, especially for the second wave of Covid-19.




6. Conclusions


Admitting patients to appropriate hospitals is an important problem. Optimizing this problem can save patients’ lives and minimizes the in-bed time of patients in hospitals. Identifying the appropriate hospital for a patient concerning his medical status is one of the important objectives for the admission problem. Also, minimizing the waiting time of patients can save their lives. These two objectives have converted the admission problem into a Multi-Objective Problem (MOP). Pareto Optimization is a common method that has been used to solve MOPs. The proposed method employed PO to vary among different hospitals to choose the most suitable hospital based on the patient medical status. The method aimed to minimize the waiting time and to identify accurately the most suitable hospital for each patient. It was tested over a real-life dataset obtained from King Faisal hospital. The performance was evaluated according to admission time and accuracy. The proposed method was compared with the lexicographic multi-objective optimization method and presented its superiority concerning the two criteria. The authors aim to apply meta-heuristic methods to prepare the method to be applied to towns with a huge number of hospitals.
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Figure 1. A depiction of the proposed method. 
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Figure 2. A graphical representation of the objective values of the hospitals after computing them relative to the patient’s status. 
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Figure 3. A comparison between Pareto optimization and the lexicographic method according to the average running time in seconds. 
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Figure 4. Comparisons between Pareto optimization and lexicographic algorithms according to accuracy over a different number of patients and hospitals. 
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Table 1. A description of the main parameters of the problem definition.
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	Parameter
	Description





	   h  t  a d     
	the time needed for a patient to be admitted in a hospital



	   h  t r    
	the time needed for a patient to reach a hospital location



	   h  m d    
	the medical devices possessed by a hospital



	   P  c o m    
	the comorbidities of a patient



	t
	the time at which the event happens



	   d  p t    
	the demand of patient p in time t



	   h  m b    
	the maximum number of beds in a hospital h



	   M H B   
	maximum number of beds in hospitals



	   R  h p t    
	the response time of the system to identify a hospital h for patient p
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Table 2. Patient’s comorbidities.






Table 2. Patient’s comorbidities.





	Diabetes Mellitus
	Heart Failure
	Chronic Pulmonary Disease
	Chronic Liver Disease
	Chronic Kidney Disease
	Temp
	   O 2    Saturation





	1
	0
	0
	0
	0
	37.8
	96
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Table 3. The medical preparations, reach times, and admission times of nine hospitals.
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	Num.
	Kidney Machine
	Ventilator
	Intensive Care Unit
	Time to Reach
	Time to Admit
	Available Beds





	1
	1
	1
	1
	3
	10
	39



	2
	1
	1
	1
	2
	10
	10



	3
	1
	0
	1
	3
	8
	34



	4
	0
	1
	1
	5
	10
	31



	5
	1
	1
	0
	5
	15
	9



	6
	1
	1
	0
	6
	12
	55



	7
	0
	0
	1
	4
	9
	3



	8
	1
	0
	1
	1
	6
	43



	9
	0
	1
	0
	1
	9
	16
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Table 4. A tracing example of admitting the patient considering the nine hospitals.
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	Iter. Num
	Reach Time
	Admission Time
	Maximum Time
	Match Value
	Best Solutions





	1
	3
	10
	10
	1
	(1)



	2
	2
	10
	10
	1
	(1,2)



	3
	3
	8
	8
	0
	(1,2,3)



	4
	5
	10
	10
	1
	(1,2,3,4)



	5
	5
	15
	15
	1
	(1,2,3,4)



	6
	6
	12
	12
	1
	(1,2,3,4)



	7
	4
	9
	9
	0
	(1,2,3,4)



	8
	1
	6
	6
	0
	(1,2,4,8)



	9
	1
	9
	9
	1
	(8,9)
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Table 5. Different times (seconds) needed to admit each patient to a hospital over a different number of hospitals.
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	Minimum Time
	Average Time
	Maximum Time





	Preto Optimization
	
	
	



	20 Hospitals
	0
	   3.68 ×  10  − 6     
	   0.000215   



	30 Hospitals
	0
	   6.59 ×  10  − 6     
	   2.05 ×  10  − 4     



	40 Hospitals
	0
	   7.53 ×  10  − 6     
	   2.46 ×  10  − 4     



	50 Hospitals
	0
	   7.71 ×  10  − 6     
	   2.26 ×  10  − 4     



	60 Hospitals
	0
	   1.23 ×  10  − 5     
	   2.48 ×  10  − 4     



	lexicographic Method
	
	
	



	20 Hospitals
	0
	   4.05 ×  10  − 6     
	   0.000226   



	30 Hospitals
	0
	   7.37 ×  10  − 6     
	   2.01 ×  10  − 4     



	40 Hospitals
	0
	   2.00 ×  10  − 5     
	   4.25 ×  10  − 4     



	50 Hospitals
	0
	   1.94 ×  10  − 5     
	   3.64 ×  10  − 4     



	60 Hospitals
	0
	   2.98 ×  10  − 5     
	   0.0016217   
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