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Abstract
Background 
In the present study we aimed to create a model able to predict the short-term need of hospital beds for COVID-19 patients, during Sars-CoV-2 outbreak.
Methods
We retrospectively revised data about all COVID-19 patients hospitalized at a University Hospital in Northern Italy, between 1st March and 29th April 2020. Several polynomial models (from first to fourth order) were fitted to estimate the relationship between the time and the number of occupied hospital beds during the entire period and after the local peak of the outbreak and to provide the prediction of short-term hospital beds demand. Model selection was based on the adjusted R2 (aR2) index and Likelihood Ratio Test (LRT).   
Results

We included 836 hospitalizations (800 COVID-19 patients). The median length of hospital in-stay was 12 days. According to the aR2, the fourth order models best fitted the data considering the entire time period. When only the data after the peak was selected, no statistical improvement was found adding terms of order 3 and 4 and lower order polynomial models were considered for the forecasting of the hospital beds demand. Both approaches had a decreasing trend in the number of occupied beds along with time, however, the quadratic one showed a faster reduction in the predicted number of beds required by patients affected by COVID-19. 
Conclusions 
We propose a model to predict the hospital bed requirement during the descending phase of COVID-19 outbreak, the validation of which might contribute to decision makers policy in the next weeks of pandemic.
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INTRODUCTION
The Coronavirus disease (COVID-19) pandemic is a worldwide health crisis and represents, for most health systems, the biggest challenge met in the last decades. At the time of this writing, COVID-19 has affected more than 100 million people globally with an overall mortality rate of 2% with relevant socio-economic effects.1,2
COVID-19 manifestations vary widely, ranging from complete absence of symptoms to critical, life-threatening illness.3,4 Beside the severity of the pathologic mechanisms triggered, the lack of scientific knowledge about this new pathogen, the unavailability of established treatment protocols and the overwhelming number of severely and critically ill patients contribute to disease mortality.5 Finally, a long-term post COVID-19 morbidity, with physical and psychological consequnces, is emerging as a further detrimental effect of this pandemic.6
Under these circumstances, the ability of health organizations to quickly adapt and shift available resources to treat COVID-19 plays an important role in offering the best available care. The need to urgently reduce the number of traditional in-patient wards and minimize the activity of out-patient clinics causes a collateral “Corona-effect”, which may detrimentally impact on the outcome of well-known acute and chronic pathologies such as stroke, myocardial infarction, chronic congestive heart failure, cancer, diabetes mellitus, and many others.7-10
Thus, a dynamic and continuous re-organization of health system is needed in order to optimize care to both COVID-19 patients and non COVID-19 patients. This task is very challenging, considering the uncertainty about the long-standing effectiveness of public health measures and their impact on the epidemiological trend of the pandemic.
To make informed decisions about the reorganization measures needed to take care of COVID-19 patients, scientific-based decisions-support instrument could be helpful. 
The present study aims to choose a model, based on the observed number of hospital beds occupied by COVID-19 patients, able to predict the short-term need for available beds Data from hospitalization of COVID-19 patients in an academic hospital in Northern Italy collected since the pandemic outbreak were exploited in the current analysis. 

MATERIALS AND METHODS

We performed a retrospective analysis on all the patients hospitalized at our University Hospital, a 700-bed academic hospital in Northern Italy, between 1st March and 29th April 2020.

We included: patients older than 18 years of age, admitted to the hospital, with a confirmed diagnosis of SARS-CoV-2 infection by reverse-transcriptase polymerase chain reaction (RT-PCR) of a nasopharyngeal or oropharyngeal swab. 
Information available at patients’ level were gender, age, admission and discharge dates, hospital ward and outcome (death, discharge/transfer). The number of available and occupied hospital beds in COVID-19 wards, distinguished by intensity of care, were registered daily in an aggregate way.
Data were anonymized to avoid the identification of single patients. 
Statistical analysis

Patients’ level data was used to provide descriptive statistics of the main characteristics of patients hospitalized for COVID-19. Patients’ socio-demographic variables were reported as absolute and relative frequencies for categorical variables, while for numerical ones the mean and the corresponding standard deviation (SD) or median and InterQuartile Range (IQR) and the range (min-max) were reported. The number of daily admissions and length of stay were calculated based on patients’ admission and discharge dates. 

The trend in the number of occupied hospital beds, overall and by ward’s type, was evaluated graphically to better visualize the shape of the distribution. 
Several polynomial models (from first to fourth order) were fitted to estimate the relationship between the time and the number of occupied hospital beds (outcome variable) considering the entire period (from March 1st up to 29th April). Higher-order models were not considered because, while they fit very well the current data, they may provide poorly accurate forecasting. Only the aggregated data was used for these analyses. The R2 index adjusted for the number of terms included in a model (aR2) was considered to assess the goodness of fit of the model. The model selection was based on the Likelihood Ratio Test (LRT). This test allows to evaluate if the goodness of fit of a model is improved after the addition of one or more explanatory variables. In the current application, the test is used to assess if the addition of a time term of higher order is needed to better explain the trend in the number of occupied beds.

To forecast the demand for hospital beds in the pandemic decreasing phase, the same analyses were performed considering the time period following the local peak, considered as the day with the highest number of hospitalizations for COVID-19. This cut-off was chosen because this latest period may be the most appropriate for forecasting. The 95% Prediction Intervals (PI) were estimated and the date of hypothetic “no bed required” to treat COVID-19 patients was evaluated as the time in which the number of beds is equal to zero according to the upper limit of the prediction interval to provide more conservative estimates.  Moreover, the range of the absolute value of the residuals (difference between observed and predicted number of beds occupied) was also evaluated to further understand the model performance. 
Sensitivity analyses were also performed considering only the last 15 days (incubation period) because it is plausible that the demand for hospital beds is related only to the last observations. To validate the performance of these models, we also compared the 7-days predicted beds’ demand with the real values observed from 30th April to 5th May. Particularly, we calculated the Root Mean Square Prediction Error (RMSPE), which provides an indication regarding the dispersion or the variability of the prediction accuracy; low values of RMSPE reflects small differences between observed and predicted hospital beds. 
All statistical analysis was performed using Statistical Analysis System Software (version 9.4; SAS Institute Cary, NC, USA) and R (version 3.5.1). 
Data availability

The data used to generate the results of the present study may be made available upon reasonable request.
RESULTS 

The demographic and clinical characteristics of the study population are shown in table 1. 
Eight hundred thirty-six hospitalizations, corresponding to 800 patients, with COVID-19 diagnosis were observed during the study period. Of 800 patients, 59% (N=472) were male and median age was 70.51 years, with 16% (N=128) of subjects aged eighty-five years or older. As shown in table 1, of 836 hospitalizations, two hundred twenty (26.32%) were unsuccessful with patients died in-hospital. At censoring, 125 patients were still hospitalized, while all others had been either discharged home or transferred to another hospital/care center. The median number of daily hospitalizations for COVID-19 was 12 and ranged from 2 patients/day to 50 patients/day.

The summary of available and occupied beds is shown in the Supplementary table. Data on April 26th are missing. The average number of available beds for COVID-19 patients was 18.5 and 18.6 respectively in the intensive and sub-intensive care units and 113.8 in the other wards, while the average number of occupied beds was 14.6, 15.1, and 96.0 for intensive, sub-intensive, and other wards respectively. 

Figure 1 illustrates the trend of the total number of available (upper grey line) and occupied (black line) beds during the study period.  On the left side overall hospital beds are charted while on the right side they are stratified by intensity level (ordinary, sub-intensive and intensive care units). The grey area indicates the empty beds as the difference between total and occupied hospital beds. 

The graph demonstrates that it is possible to distinguish three main phases: a first period in which the number of beds occupied increased (approximately until the 18th March), a second period characterized by a plateau (from 19th March to 2nd April) and a third period (from 03rd April) with a decreasing trend of hospital demand. The peak in the number of occupied beds was estimated on 26th March with 208 beds occupied, two weeks after the imposition of national quarantine (lockdown). Due to lower numbers of beds in Sub-intensive and Intensive Units, their time series shows more time fluctuations. The number of beds available in the hospital changed during this time because, based on clinical demand, number of wards available and their capacity varied. Figure 2 reports the observed number of occupied beds (dots) and the different lines describe the expected values derived by the fitted polynomial models.; Results are reported separately for the two time periods: the whole outbreak period and the time following the epidemic peak. In the first analysis, considering the entire time period available, it is possible to observe that the linear model is not suitable to describe the trend in the number of occupied beds while the other models seem to better capture the trend. However, compared to the quadratic and cubic polynomial models, the fourth order model seems to provide less accurate estimates of the number of occupied beds at the beginning and at the end of the time period, but it fits better near the hospitalization peak. Considering the period following the hospitalization peak, no significant difference is observed between models, whose curves are largely overlapping.

Table 2 shows aR2, the value of the -2 log likelihood (-2logL) and the p-value of the LRT comparing consecutive models in the two different time periods, indexes used to evaluate the models’ performance. Regarding the first period all models, except the linear one, fit the data in an optimal way since the values of the aR2 are very high, ranging from 0.875 of the polynomial of order 2 to 0.932 of the polynomial of order 4. The LRTs shows that the goodness of fit is significantly increased adding a time term of higher order in the model. When only the second time period (data after the peak) was considered, all models, including the linear one, fit optimally the data with value of aR2 ranging from 0.933 of the linear model to 0.941 of the quadratic and cubic models. The results of LRT suggest the inclusion of the quadratic time term in the model increases the goodness of fit (p-value 0.0201) while no statistical improvement was found adding terms of order 3 and 4.  

Two different forecasting scenarios based on linear and quadratic models were considered to understand the future beds’ demand (figure 3). Both approaches show a decreasing trend in the number of occupied beds along with time. Compared to the linear model, the quadratic one reflected a more optimistic scenario with a faster reduction in the number of beds required by patients affected by COVID-19. The quadratic model provided the best approximation of the relationship between time and occupied hospital beds as shown in figure 3 and confirmed by the aR2 value (0.941). Moreover, the absolute residuals ranged from 0 to 16 and from 0 to 14 beds in first and second order model, respectively, indicating a low difference between observed and estimated values. The day of no COVID-19 hospitalizations, estimated using the upper limit of prediction intervals, is forecasted to be achieved on the 11th June [3rd June, 95% PI 28th May-11th June] and 1st June [21st May, 95% PI 14th May-1st June] for linear and quadratic model, respectively. 
The sensitivity analysis based only on the last 15 days, showed that the linear model was adequate and terms of higher order didn’t add information (all LRT p-values >0.05). An adjusted R2 of 0.909 suggested that the data was well estimated.
The observed values in the period 30th April - 5th May were included in the Prediction Intervals for both models. On May 5th, the observed number of occupied beds was 83 while the predicted were 81 and 60 respectively by the linear and quadratic models, suggesting that the first order model is more suitable for prediction in the current setting, supporting the hypothesis of a too fast decreasing trend observed for the second order model. This finding is confirmed by both the RMSPE and maximum absolute difference in the predicted number of occupied beds, respectively  equal to5.35 and 9 for linear model and 8.52  and 17 for the quadratic model.. 

DISCUSSION

The sudden COVID-19 pandemic had a groundbreaking impact on National Health Systems. This was mainly related to the unexpected proportion of the outbreak, which made necessary to adjust our way of daily delivering in-hospital care. Many hospitals had to dedicate a large part of their beds to COVID-19 patients, with a collateral detrimental impact also on other than COVID-19 diseases. The availability of predictive models of near-future hospital-bed need for COVID-19 patients is an important part of the strive to optimize clinical efforts and support organizational adjustments. This is quintessential not only in the phase of increase of bed requirement, but also when the pressure is lowering to set up the better strategy for re-allocating resources to the management of non-COVID-19 patients. In the present study we aimed to build models of prediction for hospital beds need during the Italian outbreak. 
To achieve this goal, the local pandemic trend was initially analyzed allowing to identify three main time periods: a growth phase, a plateau period with a stable beds’ demand and a decline phase beginning on the 26th of March. The identified trend of hospitalizations, when considering the whole time period, is in line with that observed in Piedmont and Lombardy, the two regions in North-west Italy with the largest number of COVID-19 cases (first reported case; 20th February, 2020). The regional data based on a larger number of subjects published by the Italian Civil Protection suggests that the models chosen are quite accurate. Considering the whole time period (from 1st March until 29th April, 2020) the fourth order model was the one that best fit the data. However, when only the time period following the local peak was taken into account, the quadratic model resulted as having the best fit. To forecast near future hospital-bed demand, two scenarios, based on linear and quadratic models, were proposed. These results are potentially fit for different purposes. First, they might be used to estimate the date on hypothetic “no bed required”; according to our analysis, in the first weeks of June the number of COVID-19 patients will be close to zero. 
Perhaps more importantly, the model might provide short seven-day predictions, giving a potentially useful tool to the institution’s decision makers when considering future adaptive strategies. Finally, observing a deviation from the forecasted trajectory might alert the hospital and health authorities for changes in the epidemic dynamics (new outbreaks).
Our work has several limitations. First, the instrument developed is based on a single institution administrative data, even though the local epidemiological trend mirrors the overall trend observed in a larger context as the Piedmont region. Another limit is that the present model has been validated during the phase in which there is a trend of decreasing demand of hospital admissions when the public health measurements taken by the Italian government (such as the lockdown) were in place. The forecast produced apply as long as the external circumstances do not change and need to be reconsidered after the loosening of the lockdown, in the so-called phase 2.
The main strengths of our work are the following: firsts of all, the model proposed is based on aggregated data easily obtainable even in emergency conditions like during pandemic outbreaks. Secondly, it requires few statistical assumptions for its application. Despite its simplicity, the short term model’s prediction of the number of beds required to treat COVID-19 patients is quite accurate (maximum error for best fit model 9 beds) making the approach potentially useful and applicable not only to the specific context described in the paper but also for the analysis of other epidemic curve, as the seasonal influenza. Finally, because of its flexibility, the models can adapt to any shape of the observed data and can adapt quite quickly to a change of the trend. However, it is important to choose the most suitable time period of observed data to be used for the prediction. In particular, in the presence of peaks it is advisable to divide the time period  in two parts (before and after the peak) using only the latter observations for prediction to ensure a more suitable fit of the model.
In conclusion, the current study propose a simple method based on aggregated data able to provide good short-term prediction of the number of bed required to treat COVID-19 patients that may support health-care decision makers  probably not only in the current pandemic setting but also for other diseases.
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FIGURE LEGENDS
Figure 1. Hospital bed time series for all units together (on the left) and separately for ward type units (on the right). The black line indicates the occupied hospital beds while the grey area shows the available beds. 

Figure 2. Observed occupied hospital beds (black dots) and estimated polynomial models considering different order. The models were performed considering all the time periods and only data after the peak.  

Figure 3. Observed occupied hospital beds (black dots) and estimated forecasting linear and quadratic models with their 95% prediction intervals (colored bands). 

TABLES

Table 1. Characteristics of patients and hospitalizations. 

	Variable 
	N (%)

	
	N=800

	Gender
	

	Female
	328 (41.00)

	Male
	472 (59.00)

	Age (years)
	

	<65 
	312 (39.00)

	65-74
	170 (21.25)

	75-84
	190 (23.75)

	85+
	128 (16.00)

	Median [IQR]
	70.51 [24.20]

	
	N=836

	Outcome
	

	Death 
	220 (26.32)

	Others
	616 (73.68)

	Discharge
	298 (35.65)

	Transfer
	193 (23.09)

	Still hospitalized
	125 (14.95)

	Length of stay, day: Median [IQR]
	9 [10]


Table 2: Adjusted R2 and value of -2logL and the p-value of the LRT of the considered polynomial models in the two different time periods.
	Polynomial order
	1st March-29th April
	
	26th March-29th April
	

	
	aR2
	-2logL
	p-value
	aR2
	-2logL
	p-value

	First
	0.230
	636.3
	
	0.933
	235.4
	

	Second 
	0.875
	527.8
	<0.0001
	0.941
	230.0
	0.0201

	Third
	0.882
	523.2
	0.0320
	0.941
	229.0
	0.6065

	Fourth
	0.932
	489.5
	<0.0001
	0.940
	228.4
	0.8964
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