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Appendix A b Available Procedures and Orders Data

The procedures data included a textual description of the surgical procedure, the name of the
department performing the procedure, the duration of the procedure in minutes, a flag
indicating whether the procedure was planned or ladd-oni, and a flag indicating whether an ICU
bed was reserved for the procedure based on the pre-procedure clinical assessment by the
treating team. Only procedures that were completed prior to surgical unit check-in or within the
first day of admission to surgery, were included. The orders data included all orders given for
each admitted patient within the 24-hours that preceded the prediction time, omitting older and
less relevant past orders. The orders were then concatenated together into a one long textual
string that was interpreted using Natural Language Processing (NLP) tools, described below,
and converted into a list of binary variables.

Natural Language Processing (NLP)

Both the surgical procedures description text and the clinical and administrative orders given
for the patients were available as unstructured free text. To include these features in the models,
we used a bag-of-words approach to convert each feature into a list of binary dummy variables
of one to five terms each variable. For this, applying the text2vec package in R to the training
set, we derived a list of all possible combinations of one to five words from each textual feature.
Then, using a Lasso classification algorithm and with k-fold cross validation (applied only
within the training set) we selected the top binary features to represent each text field!. In this
manner, each order was converted into a list of 294 binary variables and each procedure

description-text was converted into a list of 401 binary variables.
!
!

'IFriedman J, Hastie T, Tibshirani R. Regularization Paths for Generalized Linear Models via Coordinate
Descent. Journal of Statistical Software 2010;33:1D22.!
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Appendix B - Effect of holidays on census

Variations in census were noted around major US holidays. In all holidays but Columbus Day,
there was a decrease in the number of patients both on the day before and on the day of the
holiday (on Columbus Day there was a four-patients increase in the number of patients, 95% -
2.3 - 10.3). For most holidays, in the time period of the week around each holiday (-3 days
before till +3 days after) there was a decrease in the overall number of patients (i.e. no
compensation after the holiday for the decrease in patients before the holiday). The holidays
with the greatest decrease in the number of patients were Christmas Day (-8.4 patients),
Thanksgiving Day (-8.2 patients), and Memorial Day (-6 patients). !
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Table B-1: Average change in census (with 95% Cl) in the three days preceding each holiday (-1 to
-3), the day of the holiday (Day 0), and the three days following each holiday (+1 to +3).
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Appendix C - Prediction of next-day discharges

As expected, the likelihood for discharge increased as patients stayed longer in the surgical-unit,
with almost all patients being discharged within one week from admission (93.2%, Figure C-1).
To predict which patients would be discharged within the next 24-hours, we took all the data
available on the procedure they underwent prior to admission, the duration of stay so far in the
surgical unit, and the orders given to them in the past 24-hours. From these, we extracted
features using an NLP engine (R text2vec package). We then used all available features to train a
Random Forest model, derived using training data from 09/01/2015 to 02/28/2019 and
validated on the data from 03/01/2019 to 02/29/2020. The model achieved an AUC of 0.84 and
was able to identify 59% of discharges with 90% specificity (PPV=82% and NPV of 74%) (Table
C-1). The factors that drove the model are shown in Figure C-2. The orders that were associated
with high-likelihood for discharge within the next day are shown in Table C-2.
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Figure C-1: Likelihood for discharge by day of admission in the surgical unit.
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