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The patient waiting time to be transferred for hospitalization is the time that the patient waits between the decision to hospitalize and the actual admission to an inpatient hospital bed. One of the difficulties encountered in qualifying waiting time for inpatient bed is the inability of hospital information systems to measure it. Hospitals in France have a specialized bed allocation team. This team must manage the bed allocation problem between different hospital departments using phone communication to assign patients to the adapted service. This kind of communication represents a lengthy additional workload in which effectiveness is uncertain. This paper presents a new approach to automate bed management in downstream service. For that, we have implemented algorithms based on artificial intelligent integrated in an inpatient web platform using IoT-Beacons, which is implemented to improve and facilitate the exchange of availability information of downstream beds within the Lille university hospital center (LUHC).

Introduction

Today, worldwide in emergency departments ED, an increase in mortality, a prolonged length of stay, a decrease in the quality of care associated with an overcrowding situation can be detected [START_REF] Hammadi | Emergency overcrowding and hospital organization: Causes and solutions[END_REF]. Causes are multiple: (A) the organization of the upstream-ED, currently in France, upstream management resources are limited to the various regulation systems like CRRA (the center of the receiving and regulation calls) or CTA (call processing center), which regulate a minority of inputs (patients). The vast majority of other patients arrive spontaneously without any means of regulation. The optimization of upstream by developing models for anticipating spontaneous incoming patient flow based on data analysis therefore becomes necessary, in order to adapt internal resources and communication with upstream services accordingly. (B) the organization of the ED (intra-emergency), the difficulty of optimizing and scheduling care tasks into an environment classified as complex because it is simultaneously inaccessible, nondeterministic, dynamic and continuous [START_REF] Fatovich | Access block causes emergency department overcrowding and ambulance diversion in Perth, Western Australia[END_REF]. (C) The organization of the downstream-ED, particularly, the occupancy rate of the downstream service and the availability of hospital beds for non-programmed patients (patients with incidental finding) [START_REF] Morley | Emergency department crowding: A systematic review of causes, consequences and solutions[END_REF], [START_REF] Raghupathi | Big data analytics in healthcare: promise and potential[END_REF] are directly associated with the overcrowding situation in the ED [START_REF] Ackroyd-Stolarz | The association between a prolonged stay in the emergency department and adverse events in older patients admitted to hospital: a retrospective cohort study[END_REF], [START_REF] Fatovich | Access block causes emergency department overcrowding and ambulance diversion in Perth, Western Australia[END_REF]. Each stage (A, B and C) of the care process contributes with varying degrees to the overcrowding situation into the ED. Consequently, interventions to reduce and limit this situation must affect all stages of the patient's pathway: from upstream to downstream [START_REF] Morley | Emergency department crowding: A systematic review of causes, consequences and solutions[END_REF]. In this paper, we are interested in improving the downstream part into the adult emergency department (AED) of the Regional University Hospital Center (RUHC) of Lille (city of north of France). In fact, in downstream units, an empty bed does not necessarily mean an available bed. An available bed must be unoccupied, clean, disinfected, not reserved and well-equipped. Indeed, the crossing from an empty bed to an available one by a nurse requires on average 30 min. In this context, a bed management tool that ensures an optimal bed distribution and better controls the number of crowding patients in various departments is needed. Therefore, the review of the literature reveals that this problem is of present interest [START_REF] He | A systematic review of research design and modeling techniques in inpatient bed management[END_REF], [START_REF] Alassia | Validating the Access to an Electronic Health Record: Classification and Content Analysis of Access Logs[END_REF]. Given the complexity of the healthcare system and patient flow dynamics, deterministic approaches cannot be deployed. Although, the application of analytics, machine learning and artificial intelligence (AI) have become one of the most valuable assets for health system and for numerous companies and institutions. These techniques are used as the main methodologies for extracting and identifying actionable insights among complexes and unstructured data. In this context, the adoption of the IoT paradigm in the healthcare area is increasingly used, several experts determine that it plays an important role in the improvement and innovation of the healthcare services [START_REF] Khan | An e-Health care services framework for the detection and classification of breast cancer in breast cytology images as an IoMT application[END_REF]. These techniques allows the transformation of data into useful, significant and actionable insights to improve patient care, support decision making, provide high quality care, optimize the use of resources, reduce costs and even predict crisis situations (predictive analytics) hence determining the best action for current situation [START_REF] Raghupathi | Big data analytics in healthcare: promise and potential[END_REF], [START_REF] Bates | Big Data In Health Care: Using Analytics To Identify And Manage High-Risk And High-Cost Patients[END_REF], [START_REF] Wang | Exploring the path to big data analytics success in healthcare[END_REF]. Therefore, the application of these techniques is of utmost importance in healthcare, where a single decision can mean the difference between life and death [START_REF] Raghupathi | Big data analytics in healthcare: promise and potential[END_REF]. However, effective exploitation of these data requires perfect knowledge and mastery of advance technologies.

In this paper, we present a new approach to allocate beds/patients based on an automated bed management tool into the LUHC. This approach is based on two algorithms, the first algorithm is used to check the sufficiency of downstream bed (ASDB) in service 𝑖 using genetic algorithm (GA) and the second one is used to automate beds availability information (ABAI) by exploiting real-time data coming from the IoT which represented by beacons (IoT-Beacons) installed at the downstream beds. These IoT-Beacons can also help track patient movement in hospital services. This approach has not only a positive impact to find an available bed automatically within a reasonable time but also decreases a workload for bed allocation teams.

Methods

The approach presented in this paper is implemented in the adult emergency department (AED) of the LUHC which is one of the greatest health campuses in Northern Europe. It operates 24/7 and receives approximately 12 patients per hour on average. The AED contains different structures: short and long circuit, short-term hospitalization unit and five zones (A, B, C, D and E). Zone E, also called transfer zone, receives patients who need to be transferred outside the AED (internal transfer or external transfer), to be hospitalized in specialize hospital services. Currently, the patient waiting time in this zone (E) has a strong impact on the AED overcrowding situation, i.e. the longer the patients waiting time in this zone, the longer the patients upstream waiting time (patient who continue their health care process into the AED before their passage on zone E). This observation shows the importance of establishing a solution allowing the efficient allocation of patients in the downstream service (specialize hospital services outside the AED, in which the patient will continue its health care tasks), in order to avoid overcrowding situation in the transfer zone (zone E), consequently in the whole AED. A workflow model represents the patient pathway in the AED, implemented using BPMN language and presented full details is now published in [START_REF] Ajmi | Patient Pathway Workflow Model Identifying Overcrowding Indicators in Emergency Department[END_REF].

In this paper, we present a flexible approach to improve the AED management regarding its two main aspects: (a) verify in each service 𝑖 if there are enough of material resources, especially in terms of the number of beds, and (b) automate beds availability information.

(a) Genetic algorithm GA to verify the sufficiency of the number of beds in service 𝒊

To check the sufficiency of the number of beds in each service 𝑖 we present a queuing model that shape the flow of patients through the AED, and then we develop a GA to avoid both insufficiency and excess situations. The main aim of this algorithm is to control the number of beds in in each downstream service.

Parameters

𝜔 𝑖,𝑑 : the patient average length of stay per service 𝑖 per day 𝑑; 𝜎 𝑖 : the average arrival flow in service 𝑖; 𝜃 𝑖 : the number of beds in service 𝑖; ε i : a cost per day 𝑑 for an empty bed; τ : a penalty cost per transferred patient.

In this paper, we refers to a M/PH/c queuing model to describe the theoretical model in which we denote: 𝜎 Poisson (Markov) arrivals patient flow, 𝜃 the state number (which is the number of beds that can be occupied), the occupancy of these 𝜃 beds distribution is phase-type, which is a special case of a continuous-time Markov process (when a patient cannot be accepted by the service i , he is lost by the system "absorbing state").

A queue model is typically defined by two parameters: objective parameter which is that cannot be changed by the healthcare professional but change in some circumstances (epidemiology, demographics, etc) such as 𝜔 𝑖,𝑑 and 𝜎 𝑖 . The other parameter is the subjective parameter that can be changed by the healthcare professionals in some circumstances. According to this model, it is possible to calculate the probability 𝐴 𝑖 that all beds are occupied (i.e. the fraction of patients cannot be accepted in the service, consequently these patients are the transferred patients) in each service 𝑖. This probability is based on Erlang loss formula (also known as the Erlang B formula), Based on the 𝐴 𝑖 , the fitness function f i is calculated as follows:

Let us consider that τσ i A i is the cost of transferred patients and 𝜀 𝑑 {𝜃 𝑖 -𝜎 𝑖 𝜔 𝑖,𝑑 [1 -𝐴 𝑖 ]} is the cost of beds not used. Minimising f i that mean identify the optimum values of the parameters (𝜔 𝑖,𝑑 , 𝜎 𝑖 , 𝜃 𝑖 , 𝜀 𝑑 , τ) in order to estimate the optimal number of beds in each service 𝑖, In our case, we focus on finding the optimal values of 𝜔 𝑖,𝑑 , 𝜎 𝑖 and 𝜃 𝑖 while keeping a trade-off between 𝜀 𝑑 and τ. The optimization method chosen in this case involves the use of GA, with real chromosome coding, to estimate the optimum values of the parameters, especially the optimal number of beds in each service i. The main idea is to apply the different steps of GA, by choosing an empirical search interval for each of the above parameters based on real database of the AED provided by the LUHC. The performance of our GA depends on its components such as initial populations (chromosomes), number of generations, selection method (tournament, roulette, a mix of both, etc.), crossover and mutation operators, probability, etc. The pseudo code of the ASDB based on a GA is shown in the algorithm 1.

(b) Automate beds availability information

As mentioned in the literature, the occupancy rate of the downstream services and the availability of its beds for non-programmed patients have a highly impact on the ED overcrowding situation. In order to cope, an approach to automating downstream service bed availability information is needed. In this context, we have implemented an inpatient web platform using IoTbeacons (IWPB), which is implemented to improve and facilitate the exchange of availability information of downstream beds within the LUHC of Lille. This platform offers real-time access to various departments' data, which are equipped with Beacons. This data is presented in a clear and ergonomic way to emergency physicians (figure 1). Indeed, we have allotted a beacon for each bed, in the downstream service treated. Beacon technology is a current pervasive phenomenon that not only provides data transfer services, but also enables indoor positioning and navigation. In our approach, IoTbeacons ensure the procession and transmission of bed availability information in real time, thanks to the fact that constantly emits signals containing a unique identifier (UUID). To receive this information, an android application has been developed and installed on patient's smartphone. If the patient does not possess a smartphone (or he has an iOS smartphone), a borrowing smartphone with our application is possible from zone E. Upon patient arrival in zone E of the AED, an unique identifier is assigned to him, allowing to create the connection between IoT-Beacon, bed and patient when patient is assigned to a bed (figure 1). The application sends patients' position to our IWPB platform thanks to the Internet connection in its smartphone, thus ensuring the traceability of patient in real time. Figure 2 shows an example of patient assignment : Paul Gome is in bed A1-003. The IWPB manages the follow-up of patients who have already obtained availables beds in the corresponding service 𝑖 thanks to the IoT-beacons. Furthermore, if a bed is empty, it does not necessarily mean that it is available because the patient who is assigned to this bed may has gone for a radiology, MRI, etc. Thanks to the android application installed on the patients' smartphones, the IoT-beacons will be able to know the position of patients in hospital in real time. In addition, this mobile application notifies the IWPB about the real availability of beds, since a patient UUID disconnected from the LUHC Internet system means that the bed that was occupied by that patient is empty. 

. Example of a bed assignment display

This platform must be completed to take into account the management of the automation of downstream service bed allocation, and then present a complete decision support tool to emergency physicians. In this context, the ABAI is developed. It aims to schedule patients according to a predefined order of priority using list algorithm. The ABAI integrates the IoT-Beacons aspect and allows to create an automation bed allocation process. The originality of this algorithm is its capacity to adapt to dynamic hospital situations (overcrowding and normal situation). For example, in overcrowding situations the ABAI allows the assignment of patients to the inappropriate services in order to continue their care pathway, and then improve de AED situation. In the ABAI, every patient 𝑝 has an individual score s p that reflects its need to be assigned. The s p is calculated using equation 2.

s p = α CCMU AvⅇragⅇCCMU + β LOS p AvⅇragⅇLOS + μ CEN p AvⅇragⅇCEN (2)
Where CCMU, LOS and CEN represent respectively the clinical classification of patient into emergency which represents the computerized triage scale in France, the length of stay and cycles expected number. This score s p is considered as a dynamic rule and at each ABAI step the calculation of s p can give us a new score for each patient, which is crucial for the progress of the ABAI. For that reason, a weighting given successively to these parameters α=0.4, β=0.2, μ=0.4, which are chosen by the LUHC physicians. The higher the score s p , the higher patient's 𝑝 priority of assignment. These scores are used in the list algorithm included in the ABAI to schedule patients waiting in Zone E.

Results

To evaluate our approach, we start by testing the ASDB using a sample of real data of the LUHC collected over a period of four years, from June 2016 until June 2020 (figure 3).

Figure 3. Database of the AED of LUHC

Different versions of the ASDB were developed to determine the influence of each parameter on its performance. Figures 4 and5 summarise successively the fitness and the execution time (in seconds) according to the number of generation in the ASDB for three different selection types (tournament, roulette and tournamentroulette). Knowing that the number of generation varies between 10 and 300 the result shows that tournament selection is always better for both solutions quality and execution time. Table 1 shows that thanks to the first algorithm the minimum patient redirected percentage is 1% can be reached with 100 beds, arrival rate around 40.18 patients per day and a LOS equal 25 days. In addition, it is important to note that, from the evolutionary experiment, it showed that our system is exceedingly flexible since the same patient redirected percentage of 5% can be reached either with 10 beds or 20 beds, but it depends on different arrival rates and LOS (10.02/8.05 vs. 15.03/30.03). The particularity of the ABAI is its capacity to be executed in overcrowding situation or not. Therefore, in an overcrowding situation the ABAI allows the transfer of patients to downstream services different from the assigned downstream services (i.e. transfer for debottlenecking the AED situation, without endangering the safety of the patients). In order to evaluate our approach's level of performance, we applied our approach to find an available bed in two downstream services (Geriatric, Pneumology) of the LUHC for both normal and overcrowding situations. The choice of Geriatric and Pneumology downstream service was established because the patients transfer from zone E to these services is highly recurrent. The normal and overcrowding situation periods were deduced from the real data base, according to specific criteria such as : the influx of patients per hour, the average total waiting time and the total length of stays for patients in the AED. Table 2 shows the results obtained with our approach compared with those obtained in practice (according to the AED database used by the medical staff and the experience of doctors who are partners in this study). The results obtained with our approach, are issued via the IWPB. Indeed, the bed manager has a real time view on the availability of beds in the chosen downstream services (Geriatric, Pneumology). This is done thanks to the architecture of IWPB platform. Consequently, upon the arrival of patients in zone E, the bed manager can find a bed in one of these services in a shorter time compared to the actual practice. For example, the simulation period shows that, the application of our approach allowed us to decrease the average waiting time by approximately 40% and 35% in normal situations and by approximately 30% and in overcrowding situations respectively for the Geriatric and the Pneumology services. The difference in percentage gain in waiting time between the two services in the two situations (normal, overcrowding) shows firstly that our approach adapts according to the services, and secondly the importance of applying such an automatic downstream bed management tool that provides relevant information in real time to improve patient care in the hospital system. Tableau 2. Patient average waiting time in Zone E with and without our approach

Discussion

In the AED of LUHC, we noticed that patients are often dissatisfied, because of excessive waiting times from their admission to their transfer into specialized services. This is mainly due to a poor organization in intra and inter AED. In fact, the issue of bed management is not only limited to the implementation of algorithms and tools for the automatic visualisation and information of available beds. This situation must affect all stages of the patient's pathway: from upstream to downstream. The proposed algorithms contribute to the implementation of a bed management decision system by indicating the best desired destination for the patient, as well as the possible second choice destinations compatible with a correct and patient secure care. Our approach can lead to a decrease in the length of stay, duration and number of overcrowding situation in the ED and can also improve financial management as shown in several recent works. Nevertheless, this approach includes financial limits concerning the equipment of the different downstream-ED by beacons within a large hospital such as the LUHC.

Conclusions

In this paper, we used an approach combining metaheuristic (GA) and IoT-beacons to improve the inpatient management and resource utilization. The aim is to provide healthcare professionals with a technology support tool to automate bed allocation process. It is significant to highlight that our approach is presented as a decision-support system that reduces the workload of bed managers. To test the performance of our approach, we have implemented it in some hospital departments of LUHC. The results show that the use of evolutionary algorithms with IoT-Beacons to optimize the inpatient management is beneficial and practical. The future work of this research can be two-fold. First, predict the LOS of inpatient for each care unit done using a learning algorithm such as Q-Learning algorithm. Second, we can also include a multi agent systems to ensure an efficient collaboration between the different hospital systems inter and intra regions.
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 1 Figure 1. Architecture of IWPB platform
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 4 Figure 4. Comparison of solutions quality using different types of selection
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