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INTRODUCTION 1.Context

The management of key resources in healthcare centres has become a crucial matter for decision makers of the hospital. In particular, the bed occupancy ratio of a service is a useful performance indicator for the hospital. It is essential for caregivers to keep a small number of beds available to address emergencies while having too much unoccupied bed shows that the service is in overcapacity. A relevant management of beds will also have advantages for the patient, as it will improve the quality of care at the hospital and reduce the inpatients mean waiting time. The number of unoccupied beds to keep is the element in which management can rely to be responsive when unexpected events occur, such as the failure of a key device, or the departure of a surgeon. Other factors can impact the hospital attendance, like seasonality (epidemics such as flu in winter or heat waves in summer) or more persistent factors like the ageing of the population.

Before defining those figures it is essential to have a mid-term vision on the patients attendance to the hospital. The administration staff of the hospital needs to know the number of beds required to state on annual closing of beds during holidays or on the exceptional opening of extra beds for emergent patients. Industrial engineering and operational research approaches have been widely used to predict bed occupancy in hospital, and Discrete-Event Simulation (DES) have proven useful to manage resources in a process analysis. In this paper, we describe the development of a DES tool designed to predict bed occupancy ratios for a healthcare center taking into account the history of patients' attendance over the past years and predictions of future arrivals.

Related Work

The analysis of patients' stays in hospital is extensively covered in the literature. Predicting the attendance in a healthcare delivery structure allows managers to become proactive regarding resource management decisions. Forecasting models like time-series have been developed by [START_REF] Farmer | Models for Forecasting Hospital Bed Requirements in the Acute Sector[END_REF] to give health service planners this opportunity. Numerous analytical models were designed as decision support systems. For instance short-term bed occupancy can be predicted using autoregressive integrated moving average according to [START_REF] Abraham | Short-Term Forecasting of Emergency Inpatient Flow[END_REF]. Regression techniques also give good results [START_REF] Kumar | Predicting Bed Requirement for a Hospital Using Regression Models[END_REF] when predicting short-term bed demands for several classes of beds. Similarly [START_REF] Tan | Data-Driven Decision-Support for Process Improvement through Predictions of Bed Occupancy Rates[END_REF] implemented Principal Component Analysis and Multiple Linear Regression methods to alert an Emergency Department (ED) of bed crunching risk on the short-term.

Beyond analytical prediction, simulation models have proven to be useful for modelling the patients' flow and a decision's impact on a healthcare system. For instance, queuing networks have been used by [START_REF] El-Darzi | A Simulation Modelling Approach to Evaluating Length of Stay, Occupancy, Emptiness and Bed Blocking in a Hospital Geriatric Department[END_REF] to understand the behavior of bed blockers in a geriatric department. Complete hospitals models are quite rare and researchers often focus on a department in particular. For instance, [START_REF] Chavis | A Simulation Model of Patient Flow through the Emergency Department to Determine the Impact of a Short Stay Unit on Hospital Congestion[END_REF] studies the impact of a post-emergency unit on ED patient's length of stay. Indeed, EDs are probably the most studied department using simulation. A review done by [START_REF] Salmon | A Structured Literature Review of Simulation Modelling Applied to Emergency Departments: Current Patterns and Emerging Trends[END_REF] counts 254 journal or conferences publications and thesis using simulation to model ED between 2000 and 2016, with DES being the most used technique. Other techniques, like system dynamics (SD) or agent-based modelling (ABM) are more used when considering the interactions between ED and exterior factors. [START_REF] Cabrera | Optimization of Healthcare Emergency Departments by Agent-Based Simulation[END_REF]) modelled a Spanish ED with ABM to better characterise the operations of a complex system and [START_REF] Chong | Patient Flow Evaluation with System Dynamic Model in an Emergency Department: Data Analytics on Daily Hospital Records[END_REF] uses SD for its ability to account for the complex behaviour of such a service. However, when looking at the whole simulation area, [START_REF] Brailsford | Hybrid Simulation Modelling in Operational Research: A State-of-the-Art Review[END_REF] notes that models combining different techniques are becoming more and more popular.

Building a model of the hospital as a whole is a challenge. The model proposed by [START_REF] Ben-Tovim | Hospital Event Simulation Model: Arrivals to Discharge-Design, Development and Application[END_REF] simplifies the hospital's organisation to do so. The authors grouped together the ward into one unit, and did the same with surgical theatres. In [START_REF] Busby | Data-Driven Generic Discrete Event Simulation Model of Hospital Patient Flow Considering Surge[END_REF], DES is used to detail the links between ED, inpatients wards and surgical theatres. Such models are conceived to be generic and applicable to many hospitals.

Objective and Scientific Contribution

The objective of our work consists in proposing a decision-aid tool for hospital managers, allowing them to decide on the bed requirements for all medical units of a given hospital on a medium term horizon, using past hospitalization data such as medico-administrative data. The main contribution consists in the development of a data-driven DES model, allowing the user to test different resource scenarios and observe their consequences on bed occupancy prediction. The prediction of arrivals and length of stays will be done analytically and then passed to the simulation model. This model can be set up in different ways, to visualize the departure of a key resource at a precise time like the retirement of a surgeon, or a sudden influx of patients due to an unexpected epidemic. The scientific challenges are twofold:

• The model should consider all medical units: such tool is relevant if patient transfers are taken into account.

• The model should be fed with patient traces extracted from hospital data history to take into account patient's journey complexity. To do so we use a data mining approach to extract past patient traces that will be replayed in the model.

This paper is organised as follows. In Section 2 we present the modelling approach to create the forecast log and the simulation model. In Section 3 we present the results of the different experiments we ran. The analysis regarding those results are detailed in Sections 4. Conclusions and perspectives are given in Section 5.

MODELLING APPROACH

Modelling Hypothesis

The main objective of this paper consists in providing a simulation-based decision aid tool for hospital manager. This tool will help decide on bed allocation in a medium term horizon (next few months). The following hypothesis are taken into account:

• H1: A macroscopic model of the hospital is used. The lowest level of detail is the stay in a medical unit by a patient. To that extent, the patient journey in the hospital is modelled as a trace of stays in different medical unit between his/her admission and his/her discharge. Peripheral activities, such as transfers, tests and surgeries, are not explicitly modelled. • H2: We consider staffed-beds for resources. Each medical unit of the hospital has a predefined number of staffed-beds available. Human resources requirements are extrapolated from bed requirements. • H3: We consider that patients spending less than a day in a medical ward are not occupying a bed.

Indeed our main data source gives the length of stay of patients in days, causing wards with a low mean length of stay to be very easily overcrowded.

This model considers two main sources of patients:

1. Elective admissions patients. These are the patients already scheduled in the next few months. 2. Non elective and emergent patients. Such patients are admitted through the Emergency Department (ED) of the hospital, or directly in a medical unit under recommendation of the general practitioner or emergency services (e.g., Covid patients who are directly admitted in dedicated units).

For elective admissions patients, the model is fed using available data in the information system of the hospital. For non elective patients, we do not have any information apart from the previous admission. To model such patients, we build a case-mix of previous emergent patients and pick up randomly patients in this case-mix.
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Formal Model

Patients

We decided to divide the admissions into 2 groups: (i) patients admitted directly into a ward, and (ii) patients admitted through the Emergency Department. We considered patients of the first group as being "planned" by the hospital: although their origins are varied, direct admission show that these pathways are under control. On the other hand, patients admitted through the ED are managed on the run and the medical staff is reacting to their pathologies. The information available through the patient record are the following:

• Anonymous patient identifier, • Wards in which the patient have been admitted, • Date of admission in each ward, • Length of Stay (LoS) in each visited ward,

• Admission modalities and provenance.

From this we computed each patient's trace in the hospital, defined as the chronological succession of wards visited by a patient during his stay at the hospital.

We divided the available data in two subsets, patients admitted to the hospital through the ED (urgent patients), that we will be referring to as Data-set 1, and elective patients, similarly Data-set 2. We used those data-sets to compute several inputs for our simulation.

Medical Units

Medical Units (MU) are modelled as agents and their characteristics as parameters. Two kinds of parameters are used: constants giving information about the existing MU such as the capacity of the ward, and variable parameters used to keep track of the bed and staff demand. When a patient is admitted to a new ward, the ward's occupancy is incremented. The needed staff -doctors, nurses, and caregivers -is calculated by multiplying the occupancy by a theoretical ratio. Those ratios are given by a classification of wards established with health professionals.

Hospitalization Process Model

In our process, we use different sources for each patient type (elective and urgent). Following our hypothesis H1, the model is macroscopic, thus all medical units are modelled by a single delay block on AnyLogic. The only exception to this rule is the Emergency Department, which is placed after the urgent patient source. The patient is routed again to the unit's block if his stay is not finished, creating a loop on the medical unit block. When the stay is over, and all the medical units constituting the trace have been visited, the patient is discharged.

To account for the limited number of beds available, we designed a queuing process. A list of similar services was conceived for each unit. If the medical unit needed by the patient is full, we try to reroute the patient toward these services. The patient waits until a bed is available in a suitable unit. If no bed have been found after a week in the targeted services, the patients is routed to an unoccupied bed in a randomly chosen ward. This abusive choice is made in order to avoid the simulation from being blocked by an endless accumulation of patients. In similar situations, doctors would change the patient destination to ensure the care.

A poll of traces followed by emergency patients admitted during the first semester was created using the Data-set 1. This poll is used as a basis for the admissions of generated urgent patients, each generated agent will be randomly assigned a trace from this poll. We calculated admission rates for each day of the week from the daily number of admission in 2017/2018.

In the final version of our model, planned admissions will be entered in the simulation from the hospital's information system. However in the experiment presented here, we used the 2018 patients in Data-set 2 to create the elective patients' admission log.

EXPERIMENTS AND RESULTS

Our objective is to assess the efficiency of bed-allocation policies in response to predefined situations. After assessing the consistency of the model with the hospital normal activities, we will consider two different scenarios. An increase of arrivals through the Emergency Department and the sudden arrival of patients positive to Covid-19. The Covid+ patient pathway is described here-under.

Case Study

This project is a collaboration with Saint-Étienne's University Hospital (CHUSE). This hospital is composed of 1,795 hospitalisation beds, in 60 departments, located on 3 different geographical sites across the city. It is also the heart of a large territory healthcare network (Groupement Hospitalier de Territoire Loire in French). This large group of healthcare centres is designed to pool the hospitals' resources and facilitate the coordination of care inside a territory.

In this study we excluded the paediatric sector as it is managed independently from other services. The main preoccupation of the hospital is the prediction of the bed demand on the medium term, which could help to predict the impact of unexpected events or policies on bed occupancy levels.

Our objective with this simulation is to provide the hospital with a decision-aid tool. Nowadays, decisions of bed allocations or seasonal bed reductions are based on experience, demands from medical wards or financial perspectives. This visualisation tool will allow the hospital to centralise admission previsions and see how these policies impact the patient's flow. In the actual context of pandemic, we decided to focus on recovery and intensive care units that are facing an unpredicted surge of patients.

Parameters of the Studied Hospital

The layout of the model is displayed in Figure 1. We used four independent sources to generate patients. ED and MU are modelled by delay blocks, the occupancy of each ward is calculated by incrementing the corresponding parameter.

As explained in 2.2.3, two sources generate urgent and elective patients. ED LoS is modelled by by triangular distribution with a mean of 6 hours. Elective and urgent patients are served by the same MU block. LoS for each patient is calculated with probability distributions specific to the ward. Using Arena Input Analyzer software we fitted probability distributions and the corresponding parameters for each MU.

Another source is generating warm-up patients. All patients admitted to the CHUSE in 2018 and still present on the 1st of January 2019 are generated using this source to initialise the simulation. Pathways and lengths of stay in each MU are directly used in the simulation. These patients go through a MU block with fixed LoS passed as patient's parameters.

The last source generates Covid-19 patients. Their pathway is fixed, they are admitted to the general recovery unit after a short ED stay. The LoS in this MU is determined by a normal law with a 12 days mean and a standard deviation of 3 days. This is a rough approximation based on discussions with professionals and preliminary data. 10% of the patients are discharged to account for in-hospital mortality. Others are redirected to an intensive care units for a similar time. We consider that after this ICU stay, the patients are discharged from the hospital. 

Data

The data was extracted by the Department of Medical Information of the CHUSE. It includes all patients admitted to an adult care unit and discharged during the years 2017 and 2018. We also have the daily bed openings in 2018 for each ward to complete the model.

We used the data (Santé Publique France 2020) regarding patients admitted to a recovery unit in the Loire department for coronavirus with respiratory complications from 03/18/2020 to 04/20/2020. We decided to set the upper bound for arrival rate to 10 patients per day. To simplify and simulate a short epidemic outbreak, Covid patients arrival is programmed from 03/18/2020 for 2 weeks before being set back to 0.

Design of Experiments

We ran different experiments to test the simulation model summarized in Table 1. First we tested the model with real data by using the available log on 2017/2018. This validation scenario will be run with infinite capacities, Scenario 0, and finite capacities, Scenario 0'.

A second set of experiments (Scenarios 10-43) is proposed to study a daily admission rate increase. We used our generated data predicting the attendance on 2019 with a varying arrival rate of urgent patients. According to [START_REF] Bergonzoni | Les Etablissements de Santé -Edition[END_REF], ED attendance in France has annually increased by 3.5% on average since 1996. Thus we decided to consider 4 ED admission rates (observed average, 1%, 3%, 5% increases).

Experiments will be run with infinite and finite capacities to see the impact of the rerouting possibilities on occupation indicator. Then we will redefine the MR capacity to 90% and 110% of the mean occupation of the finite capacity scenario to experiment a sizing of the ward.

For the last set of experiments (Scenarios 50-54), we extended the simulation to the first semester of 2020 and added the Covid patients outburst. We make set the admission rate of Covid patients to 5 per day for two weeks. Again, we will test this at finite, Scenario 5, and infinite capacities. However, we will allow the entry of Covid patients, even when the ward is fully occupied. We will test two response policies: the rerouting of urgent and elective patients to another ward, and a 25% increase of capacity of the MR ward, independently and combined.

In scenario 0 we consider a 1-year warm-up period (2017). For all other scenarios, the warm-up period of the model is set to 6 months using the warm-up patients described here-above. 

Key Performance Indicators

The output variables of the simulation are the mean occupancy ratio of the "Multi-purpose Recovery" (MR) ward and the maximum occupancy over the studied period. The first figure will allow us to compare the global impact of the epidemic on the ward, while the second gives us the maximum amount of resources that are required to face the demand and thus quantify how the service is overwhelmed. Those indicators were calculated over different periods depending on the scenario. In scenario 0 we consider the year 2018, for scenarios 10-43 we consider the year 2019, and for scenarios 50-54 regarding Covid patients, the indicators were calculated between the 01-01-2020 and 06-30-2020.

Results

For each scenario we set 10 replications and calculated the mean and standard deviation of the two KPIs. The results are summed up in Tables 2, 3 and 4.

Validation Scenario

In this scenario we inject history log and compare the output of the simulation with real KPIs. The results in Table 2 show a Mean OR of 83.90%. This result is coherent with the real observed occupation rate. The maximum occupancy in the service is 16. This ward is required by a lot of patients and sudden surges can occur. However doctors and nurses will manage patients pathways to keep the number of patients under the Le Lay, Alfonso-Lizarazo, Augusto, Bongue, Célarier, Gonthier, Masmoudi, and Xie ward's capacity, explaining the small difference between the capacity (15) and the maximum occupancy (16).

Normal Activity Simulation

In scenarios 10, 20, 30 and 40 we notice that mean occupancy ratio is a lot smaller than the one in validation scenario, while the maximum occupancy across the 10 repetitions is higher (see Table 2). We believe this difference may be partly caused by the hypothesis Indeed, this hypothesis may conduce the model to accept patients too quickly into certain wards, thus reducing the global occupation rate in critical services. The increase of admissions through the ED has a small impact on the ward's occupancy, but is still noticeable.

Finite Capacities and Ward Resizing

The results are summed up in Table 3. First, we see that taking into account finite capacities leads to higher occupation rates for the MR ward. We can also notice that the increase in emergency patients arrival does not affect the mean OR enough to have an impact on the wards' target values for our sizing experiment (8 and 10 beds) on such a short period of time. When the capacity is fixed to 8 beds, we can see that the MR ward occupation rate is really close to 100%, leaving no beds available for unexpected patients. 

COVID Simulation

The massive arrival of patient logically causes an increase of the Occupancy Rate of the MR ward. At baseline, with a Covid patient arrival rate at 0, the system behaves as expected, with indicators similar to the one of scenario 1. The staff needed to respond to this surge is high as well.
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In Table 4 a daily arrival rate of 5 Covid patients overcrowds the ward, with an average maximum occupancy of 65 patients at the same time. The bed and staff requirements are high, at baseline our medical partner indicates that about 8 doctors and 40 nurses work in the MR ward with 15 beds. Without any action on the admission policy, the hospital would need the equivalent of 5 MR units fully staffed to treat all patients during the pandemics. We can see that the combination of a temporary increase of the capacity and the routing of non-covid patients to other units are significantly reducing the Mean OR. 

DISCUSSION

The main contribution of this paper is the conception of a digital twin of a health care centre, able to adequately mimic the behaviour of our partner hospital. We believe that our model can be a valuable decision-helping tool to estimate the resources needed for day-to-day operations and to assess the need for a special policy in the case of unpredicted events as we did in scenarios 50-54.

Although the results of the simulation are promising, we believe this model can be improved, in particular the wards' finite capacities and waiting queues. Indeed the relations between the ward can be more accurately described. For instance, a patient could be rerouted to another ward based on his diagnoses and the wards' specialities for instance.

Moreover, additional work should be done to clean the database and correct the problems posed by hypothesis H3. Indeed we noticed that wards highly demanded for short stays (less than 3 days in average) are not well modelled by our simulation, causing an accumulation of patients waiting for a bed, even in Scenario 0. We believe that obtaining more precise data for those few wards should help improve the model.

Response policies have been designed and tested to test our model. We believe that studying the actual response of the CHUSE to this crisis, with precise data on Covid patients' pathways, would improve this model. In addition, implementing dynamic surge policies, like allowing an admission without considering capacities under certain conditions would greatly improve the model.

CONCLUSIONS

In this paper, we described the creation of a simulation model of the hospital from patients' records. The study of patients' stays allowed us to build a macroscopic and representative model of the studied hospital. We produced a prospective analysis of patients arrivals on the year 2019 and the first semester of 2020. This allowed us to analyse bed occupancy when the hospital is running its usual activities.

Using data from the current coronavirus pandemic, we ran an experiment to demonstrate how this simulation could be used to assess the model's response to an unexpected variation of arrivals. We believe the results demonstrates how this tool can help the decision process concerning bed management policies when facing unexpected events. The strength of this data-driven DES model is its ability to account for the major part of the hospital. In addition, given a thorough data analysis, it can be used to test different organisations of the hospital in what-if scenarios, or applied to other health care centres.

We identified and detailed several perspectives of improvement that will help in providing a robust insight on the hospital current state and reassert its use as a decision-helping tool. First, implementing more realistic patients' pathways will improve the accuracy of the model in describing hospital's day-to-day activities. Secondly, the definition of dynamic surge responses is a necessary step analyze the impact of exceptional crises like Covid-19 epidemic. Once completed and reviewed by hospital's officials, a standalone version of the model is to be delivered as a decision-aid tool.

Figure 1 :

 1 Figure 1: Hospitalization process model representation.

Table 1 :

 1 Details of the experiments considered.

	Scenario	Finite	ED admission rate	MR sizing	Covid Response
		capacities			
	Scenario 0	No	-	-	-
	Scenario 0'	Yes	-	-	-
	Scenario 10	No	Observed average	Observed capacity	-
	Scenario 11	Yes	Observed average	Observed capacity	-
	Scenario 12	Yes	Observed average	90% Mean OR Sc11	-
	Scenario 13	Yes	Observed average 110% Mean OR Sc11	-
	Scenario 20	No	1% increase	Observed capacity	-
	Scenario 21	Yes	1% increase	Observed capacity	-
	Scenario 22	Yes	1% increase	90% Mean OR Sc21	-
	Scenario 23	Yes	1% increase	110% Mean OR Sc21	-
	Scenario 30	No	3% increase	Observed capacity	-
	Scenario 31	Yes	3% increase	Observed capacity	-
	Scenario 32	Yes	3% increase	90% Mean OR Sc31	-
	Scenario 33	Yes	3% increase	110% Mean OR Sc31	-
	Scenario 40	No	5% increase	Observed capacity	-
	Scenario 41	Yes	5% increase	Observed capacity	-
	Scenario 42	Yes	5% increase	90% Mean OR Sc41	-
	Scenario 43	Yes	5% increase	110% Mean OR Sc41	-
	Scenario 50	No	Observed average	Observed capacity	none
	Scenario 51	Yes	Observed average	Observed capacity	none
	Scenario 52	Yes	Observed average	Observed capacity	Reroute other patients
	Scenario 53	Yes	Observed average	Observed capacity	Temporary capacity increase
	Scenario 54	Yes	Observed average	Observed capacity	Sc 52 and 53

Table 2 :

 2 Occupancy ratio and maximum occupancy in the MR ward at infinite capacities.

		Mean OR (%) (std dev) Average maximum Occupancy (std dev)
	Scenario 0	83.90 (-)	16 (-)
	Scenario 10	52.19 (1.53)	18.0 (1.63)
	Scenario 20	52.94 (1.65)	18.2 (1.23)
	Scenario 30	54.00 (2.49)	18.7 (1.50)
	Scenario 40	54.48 (2.52)	18.1 (1.52)

Table 3 :

 3 Occupancy ratio and maximum occupancy in the MR ward with finite capacities.

		MR Capacity Mean OR (%) (std dev) Maximum Occupancy (std dev)
	Scenario 0'	15	84.84 (-)	15 (-)
	Scenario 11	15	58.94 (2.00)	15 (-)
	Scenario 12	8	99.97 (0.04)	8 (-)
	Scenario 13	10	88.75 (3.54)	10 (-)
	Scenario 21	15	57.38 (1.51)	15 (-)
	Scenario 22	8	99.95 (0.09)	8 (-)
	Scenario 23	10	91.72 (4.69)	10 (-)
	Scenario 31	15	59.86 (2.25)	15 (-)
	Scenario 32	8	99.98 (0.03)	8 (-)
	Scenario 33	10	92.31 (3.87)	10 (-)
	Scenario 41	15	60.40 (1.83)	15 (-)
	Scenario 42	8	99.96 (0.07)	8 (-)
	Scenario 43	10	91.57 (4.22)	10 (-)

Table 4 :

 4 Occupancy ratio and maximum occupancy in the MR ward with Covid patients.

		Mean OR (%) (std dev) Average maximum Occupancy (std dev)
	Scenario 0	83.9 (-)	16.0 (-)
	Scenario 50	60.8 (1.52)	65.0 (9.37)
	Scenario 51	69.0 (2.12)	63.3 (10.12)
	Scenario 52	67.1 (2.43)	62.5 (9.96)
	Scenario 53	66.2 (1.99)	59.5 (7.06)
	Scenario 54	64.6 (1.96)	61.5 (7.15)
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