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ABSTRACT

Hospital census prediction has well-described implications for efficient hospital resource utilization, and recent
issues with hospital crowding due to CoVID-19 have emphasized the importance of this task. Our team has
been leading an institutional effort to develop machine-learning models that can predict hospital census 12
hours into the future. We describe our efforts at developing accurate empirical models for this task. Ultimately,
with limited resources and time, we were able to develop simple yet useful models for 12-hour census predic-
tion and design a dashboard application to display this output to our hospital’s decision-makers. Specifically,
we found that linear models with ElasticNet regularization performed well for this task with relative 95% error of

+/— 3.4% and that this work could be completed in approximately 7 months.
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INTRODUCTION

Management of inpatient hospital census and efficient use of hospital
resources have been perpetual challenges for hospital leaders world-
wide; both have been significantly exacerbated by the CoVID-19
(COVID) pandemic. Specific resource allocation challenges include
nurse and ancillary staffing, run time of operating theaters and radiol-
ogy equipment, and hospital bed allocation, among many others. Ac-
cordingly, the prediction of patient census, also known as
“inventory” or “occupancy,” has received significant research inter-
est over time.'™® The methods for accomplishing this task generally
fall into 1 of 2 categories: throughput-based models or empirical
models. The basis of most throughput-based models is queuing the-
ory, which models future inventory as a function of inflow, current

inventory, and service time. Using analogous hospital terminology,
future census is modeled as a function of admissions, current census,
and length of stay.’ Empirical models, on the other hand, need not
explicitly consider the flow of individual patients through a hospital,
but rather detect statistical relationships between predictor variables
and future hospital census using simple (linear regression, autoregres-
sive integrated moving average) or complex (neural network)
means.”® Some approaches have also combined both throughput-
based and empirical components.® Ultimately, there does not appear
to be consensus on which modeling techniques are most useful for
this task, nor does there appear to be a good understanding of how
models at various scales (ie, hospital unit versus department versus
whole-hospital census) translate between these different aggregations.
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Predicting adult acute inpatient census is important to balance
profitable use of hospital resources with the need to provide safe pa-
tient care and mitigate overcrowding. The term “adult acute” from
our knowledge is specific to our institution but represents a concept
that is common to most hospitals: a flexible pool of adult inpatient
beds that can include ICU or general care. This pool accounts for
the majority of inpatient census capacity. Before COVID, many hos-
pitals around the country were routinely close to or over capacity.
Once COVID arrived, many of these same hospitals quickly were
overwhelmed and needed to postpone elective procedures to free up
needed beds. However, this caused financial hardship that was often
unsustainable because elective procedures are a primary profit gen-
erator for most hospitals, further emphasizing the need for action-
able hospital census forecasts.”'® In this context, our group was
asked to develop predictions ranging from 4 hours to 7 days in the
future. The urgency to operationalize predictions led us to first focus
on 12-hour adult acute census predictions.

Literature on this topic has primarily described research efforts
at census prediction, but recently there has been growing interest in
operationalizing census prediction algorithms for real-time use by
hospital management."'~"3 In this manuscript, we describe the de-
velopment of these models and subsequent operationalization in a
dashboard available to our end user, which included hospital and di-
visional leadership and members of our inpatient command center.

Objective

To describe our preliminary efforts in developing and operationaliz-
ing a machine-learning model to predict hospital census 12 hours
into the future.

MATERIALS AND MIETHODS

We obtained 19 months of hourly hospital inpatient census data, in-
cluding breakdown by medical versus surgical census, and hourly
admissions and discharges for both subgroups. Our data ranged
from midnight, June 1, 2018, shortly after our hospital system mi-
grated from our legacy system to Epic’s electronic health record
(EHR), to 11PM on February 15, 2020, a date chosen to end before
the CoVID-19 pandemic began to influence our hospital’s opera-
tions. We hypothesized that forecasting during the pandemic would
require significant modifications to our models but also anticipated
a return to “normal” operations at some point in the future. For our
early models, we obtained data on the timing of physician admis-
sion, expected discharge date and discharge orders from our inter-
nally built unified data platform, which aggregates and houses data
from our EHR system.

Of the 15 000 hourly rows that comprised our dataset, the first
12 500 were selected as our training set, while the last 2500 (roughly
3 months) were designated the test set. Our data contained total
adult acute census by hour as well as a breakdown by medical and
surgical subsets, which were mutually exclusive and collectively ex-
haustive. We then performed exploratory data analysis to inform
feature engineering. We designed features that seemed relevant to
the structure of the data: day of the week; time of day; medical and
surgical census in the 3 hours, 8 hours and 24 hours prior; and the
number of medical and surgical admissions and discharges in the 3
hours, 8 hours and 24 hours prior. This hospital-level dataset with
the aforementioned features constituted our preprocessed data.

We then trained 2 models on this preprocessed data. One was a
linear model with ElasticNet regularization, with cross-validation to

optimize the regularization hyperparameters. The other one was a
tree-based model using gradient boosting. For the second model, we
selected a set of hyperparameters that were also optimized using
cross-validation. We also trained 2 naive models as a baseline for
comparison. These models just assumed the ratio of change was con-
stant at each time of the day, and equal to the average rate of census
change in our training set. The first naive model used the ratio of
change by time of day, the second naive model took both time of
day and day of the week into account. In the case of the first naive
model, to make a prediction at 8am for what the census will be 12h
later, we multiplied the current census by the average rate of in-
crease or decrease in census for the 8am-8pm time interval in our
training set. For all models, we measured the mean absolute error of
our predictions. To check that our models were not overfitting, we
tested the models against the most recent 3 months of census data
that were not included in our training set. Details on our analysis
can be found in our Supplementary Code Appendix.

Before selecting a model for operational use, our hospital admin-
istrator end users had specified an acceptable relative accuracy of
90% for the model. This was defined by the mean absolute error di-
vided by our average total AA census.

RESULTS

Our training period contained 15 000 hourly census data points.
Mean adult acute census was 524 (SD 42) patients. Mean medical
census was 303 (SD 24), while mean surgical census was 220 (SD
31) patients. These data are summarized in Table 1.

Exploratory review of the total hospital census suggested weekly
cycles and daily spikes embedded therein. Visual inspection of the
trends revealed that both the surgical and medical census fluctua-
tions contributed to the presence of the daily spikes, while the un-
derlying weekly trends appeared to be driven mainly by surgical
census fluctuations. Figure 1 demonstrates 4 representative weeks of
census data, with our predictions overlaid on the actual census.

Table 2 presents the results of our modeling approaches. Our lin-
ear model yielded census predictions that had a mean absolute error
of 10.1 patients; 95% of predictions were accurate to = 17.9
patients. With a mean census of 524 patients, this represented a rela-
tive accuracy of * 3.4%. The 2 naive approaches slightly underper-
formed our 2 approaches, with relative accuracies of 4.3% and
5.7%.

As our models appeared to have achieved a satisfactory level of
predictive accuracy, we then proceeded to operationalizing the mod-
els. To accomplish this, we set up a system using our institution’s
crontab and RShiny servers. Every hour, our code pulled the latest
data from a refreshed SQL data table, filtered the patient population
of interest, preprocessed the data for modeling, ran the model, and
displayed both the current numbers and the predictions using an in-
teractive RShiny application. Of note, for health systems using the
Epic EHR, data tables in Clarity, Epic’s main relational database to
support analytics, to our knowledge, are generally refreshed every
24 hours. This occurs after an extract, transform, and load process
from the Chronicles database that supports clinical operations.
Thus, certain workarounds may be needed to obtain hourly data of
model features. A mockup of our application-in-progress is shown
in Figure 2. Users could also see the historical accuracy of the model
and download the data files with historical data and predictions.

Notably, we were able to accomplish model training and dash-
board development with a relatively small team, including 1 part-
time data analyst devoted to data preprocessing and dashboard de-
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Table 1. General demographics/data set characterization

Mean = SD

(no. patients)

Maximum Minimum

(no. patients) (no. patients)

Total hourly census data points, N=15 000

Adult Acute Census 524+42 645 223
Medical Census Subset 303 =24 379 144
Surgical Census Subset 220*31 315 66

Note: Adult acute census in our hospital is composed of all nonintensive care medical and surgical inpatients across all subspecialties.

Predicted versus actual census (adult acute)
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Figure 1. Hourly census over 4 representative weeks. Two cyclical patterns are apparent: 1 daily, 1 weekly. Red line—actual adult acute census. Blue line—pre-

dicted adult acute census.

Table 2. Performance of various models

95% distribution of error (no. patients) Relative 95% error

Model Mean absolute error (no. patients)
Naive time of day 14.42

Naive time of day and day of week 9.98

Regularized linear 10.1
Gradient-boosted tree 9.96

+/—29.67 +/—5.7%
+/—22.66 +/—4.3%
+/-17.9 +/—3.4%
+/—19.82 +/—3.8%

sign, 1 part-time data scientist focused on model architecture and
training, 1 physician with informatics training overseeing project di-
rection, and several others providing consultative advice on various
issues. The work described in this article was accomplished in 7
months, and is currently in operation, as of July 2020, at our hospi-
tal’s command center, where 12-hour predictions are being planned
to inform allocation of certain on-site and on-call staff.

DISCUSSION

We describe our health system’s efforts to use machine-learning to
predict hospital census. In examining our hospital’s census data, we
noted predictable daily and weekly trends in hospital census. As
noted in existing literature, this suggests that patient flow to and
from hospitals seems to be characterized by some predictable fac-
tors, likely including work schedules of nursing homes, elective sur-
gery scheduling, a preference to discharge patients during midday,
and other factors which contribute to the predictable census fluctua-

tions shown in Figure 1. This, in turn, allows for accurate prediction
of hospital census using a straightforward linear model. Accurately
predicting future hospital census is valuable to our hospital’s
decision-makers who are seeking to maximize operational effi-
ciency. In particular, 1 current use case centers around the realloca-
tion of on-site general medical providers to flexible roles designed to
accommodate large influxes of patients. Although our gradient-
boosted tree model slightly outperformed our linear model, we did
not feel that the difference was clinically meaningful and, therefore,
would not justify increased resource demands for implementation.
Our aim would be for subsequent work to improve not only single-
hospital efficiency, but also system-wide efficiency for multihospital
healthcare systems. Accomplishing this would require predictions
specific to particular inpatient units, as specialty capabilities differ
between hospitals, and our leadership is interested in pursuing such
service-level predictions. We also hope to refine our models to better
account for the effects of COVID, which may continue to affect hos-
pital operations for some time. With respect to parameter updates,
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Figure 2. Mockup of hospital census dashboard application. Home screen view.

we intend to internally monitor prediction errors over time, solicit
user feedback on predictions via our dashboard, and perform
updates when either of these feedback channels suggest that the
model is underperforming.

While other literature on this topic has rigorously evaluated vari-
ous approaches to predicting hospital census, to our knowledge, this
is the first report describing the development and operationalization
of adult inpatient census with hourly updated predictions. The accu-
racy of our predictions appears comparable to other work that has
attempted whole-hospital census prediction at similar time intervals,
though our linear model achieves this with greater simplicity.” As
census prediction becomes of greater interest to other health sys-
tems, factors affecting replicability likely include the balance of sur-
gical versus medical inpatients and the mix of scheduled versus
urgent or emergent surgeries. The proportion of patients discharged
to subsequent care facilities versus to home may also influence the
timing of patient discharges, and therefore, overall census trends.
One factor favorably impacting replicability is the widespread use of
advanced EHRs, such as Epic, where structured data elements en-
able near-realtime predictive analytics.*

The naive approach performed relatively well, although slightly
worse than our 2 other approaches This is not surprising considering
the strong cyclicality of the data, as can be seen in Figure 1. As can
be seen in our Supplementary Appendix, the main variables by im-
portance are time of day and certain days of the week. However,
there are other variables that are also considered by the models,
which likely account for the improved performance compared with
the naive approaches. The ElasticNet approach did not perform
meaningfully worse than the best-performing gradient-boosting ap-
proach, so we opted for the ElasticNet approach for simplicity and
interpretability reasons. This approach would also allow to easily
add additional features in the future that could potentially be used

to predict census, such as weather or number of COVID-19 cases in
the community.

The main limitation of this study is our use of data from a single
tertiary referral center with a large surgical practice, which may not
generalize to other hospitals. Nonetheless, the features used in our
models reflect general hospital metrics that could be measured at
other institutions. Another limitation of our modeling approach is
its limited ability to adapt to large exogenous shocks, such as the
COVID pandemic. Because our model has relatively few features,
some of which rely explicitly on recent census history, accuracy,
while sufficient during “steady state” operations, likely suffers dur-
ing large-scale outlier events. We anticipate needing additional fea-
tures to capture such changes. Other limitations include the use of
only 2 years of data. In our situation, this was limited by the transi-
tion of hospital electronic medical records 2 years ago. Additionally,
our model as it is may not scale to predictions on longer time hori-
zons. We anticipate needing to include surgical and clinic schedule
volume information for predictions greater than 24 hours into the
future. Still, the simplicity of our models should facilitate relatively
quick implementation by other health systems looking to pursue
similar initiatives.

CONCLUSION

Hospital systems can use simple, empirical machine learning models
to accurately predict hospital census 12 hours into the future. These
models can be operationalized fairly quickly and with limited
resources, though obtaining hourly EHR data to feed the models
may require ad hoc solutions.
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