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Abstract
Purpose  We aimed to develop a machine learning algorithm that can accurately predict discharge placement in patients 
undergoing elective surgery for degenerative spondylolisthesis.
Methods  The National Surgical Quality Improvement Program (NSQIP) database was used to select patients that underwent 
surgical treatment for degenerative spondylolisthesis between 2009 and 2016. Our primary outcome measure was non-home 
discharge which was defined as any discharge not to home for which we grouped together all non-home discharge destina-
tions including rehabilitation facility, skilled nursing facility, and unskilled nursing facility. We used Akaike information 
criterion to select the most appropriate model based on the outcomes of the stepwise backward logistic regression. Four 
machine learning algorithms were developed to predict discharge placement and were assessed by discrimination, calibra-
tion, and overall performance.
Results  Nine thousand three hundred and thirty-eight patients were included. Median age was 63 (interquartile range [IQR] 
54–71), and 63% (n = 5,887) were female. The non-home discharge rate was 18.6%. Our models included age, sex, diabe-
tes, elective surgery, BMI, procedure, number of levels, ASA class, preoperative white blood cell count, and preoperative 
creatinine. The Bayes point machine was considered the best model based on discrimination (AUC = 0.753), calibration 
(slope = 1.111; intercept = − 0.002), and overall model performance (Brier score = 0.132).
Conclusion  This study has shown that it is possible to create a predictive machine learning algorithm with both good accu-
racy and calibration to predict discharge placement. Using our methodology, this type of model can be developed for many 
other conditions and (elective) treatments.
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Introduction

Decreasing the length of hospitalization can significantly 
reduce healthcare costs; each extra day in hospital costs 
roughly between $424 in Spain and $5220 in the USA 
depending on the type of hospital and the hospital’s loca-
tion [1]. Despite a recent trend toward early discharges 
after major orthopedic surgery, patients’ outcomes have 
largely remained similar [2, 3]. Recent studies have dem-
onstrated that a disproportionate part of patients’ total 
hospitalization is related to delays while patients wait to 
be discharged to a rehabilitation facility (RF) or skilled 
nursing facility (SNF) [4, 5]. Hwabejire et al. [6] consulted 
their institution’s case management department and found 
that 47% of prolonged hospitalizations were due to dif-
ficulties in RF placement. More importantly, prolonged 
hospitalization is a known risk factor for adverse events, 
such as venous thromboembolism and hospital-acquired 
infections [7, 8].

Some studies have looked at which variables affect dis-
charge to RF/SNF following spine surgery [9–12], and oth-
ers have developed grading scales which can help predict 
patient disposition [13–15]; however, to our knowledge 
there have been no studies utilizing machine learning algo-
rithms to help predict discharge placement. Preoperatively 
determining which patients are likely to require RF/SNF 
placement can reduce the risk of prolonged hospitalization 
and can potentially allow healthcare personnel to reserve a 
place in a RF/SNF well in advance of a patient’s discharge. 
This could therefore minimize many of the risks associ-
ated with extended hospital stay, allow for more efficient 
departmental planning, and can potentially increase surgi-
cal volume.

In this proof-of-concept application of machine learning 
for predicting disposition, we aim to develop a machine 
learning algorithm using the ACS-NSQIP database that 
can accurately predict discharge placement in patients with 
degenerative spondylolisthesis. Machine learning lies at 
the intersection of statistics and computer science and is 
increasingly being used in medicine to develop prediction 
models and decision-making tools from large datasets [16, 
17]. We selected degenerative spondylolisthesis because 
(1) this group represents a sizeable portion of the spine 
surgery population, (2) patients are relatively older and 
thereby at risk of discharge to RF/SNF, and (3) most sur-
geries are elective which means there is time to arrange an 
RF/SNF placement if we were to develop a useful predictive 
algorithm.

Methods

Patient selection

We selected all patients from the American College of 
Surgeons (ACS) National Surgical Quality Improvement 
Program (NSQIP) database (ACS-NSQIP database). The 
ACS-NSQIP database is a multi-institutional database 
that has previously been used in numerous spine stud-
ies [18–21]. The database consists of prospectively col-
lected patient demographics, comorbidities, laboratory 
values, and perioperative and postoperative outcomes in 
the 30 days following surgery. Unlike administrative data-
bases, the data are collected by trained reviewers leading 
to better registration of outcomes [22, 23]. The Ameri-
can College of Surgeon aims to ensure data reliability by 
training participating hospitals, ongoing education, and 
systematic audits.

We included patients who met the following criteria: 
(1) International Classification of Disease Ninth Revi-
sion (ICD-9) code 738.4 for acquired spondylolisthesis or 
ICD-10 code M43.10, (2) Current Procedural Terminol-
ogy (CPT) codes for decompression, fusion, or fixation, 
and (3) year of surgical treatment between 2009 and 2016. 
Ultimately, 9,338 patients were included for the develop-
ment of the algorithm.

Variable selection and data analysis

The primary outcome measure was non-home discharge 
which was defined as any discharge not to home for which 
we grouped together all non-home discharge destinations 
including rehabilitation facility, skilled nursing facility, 
and unskilled nursing facility. We performed a bootstrap 
stepwise backward logistic regression with the follow-
ing candidate variables: age [years], sex [male, female], 
body mass index (BMI) (kg/m2), race [Caucasian, Afri-
can–American, other], diabetes [no, oral medication, insu-
lin dependent], anti-hypertensive medication [yes, no], 
specialty [neurosurgery, orthopedics], ASA class [I, II, III, 
IV], elective surgery [yes, no], type of procedure [decom-
pression, fusion, decompression and fusion], approach 
[anterior, posterior], number of levels [1 or 2, 3 or more], 
preoperative white blood cell count (103/μL), preopera-
tive creatinine (mg/dL), preoperative platelets (103/mm3), 
preoperative albumin (g/dL), preoperative blood urea 
nitrogen(mg/dL), and preoperative sodium (mEq/L).

We subsequently used Akaike information criterion to 
select the most appropriate model with independently sig-
nificant variables based on the outcomes of the stepwise 
backward logistic regression [24]. This model included 
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age, sex, diabetes, elective surgery, BMI, procedure, num-
ber of levels, ASA class, preoperative white blood cell 
count, and preoperative creatinine.

Boosted decision tree, support vector machine, Bayes 
point machine, and neural network algorithms were trained 
with these variables to predict which patients were not dis-
charged home. We did a stratified 80:20 split of the dataset 
into a training set and a test set. We used the training set 
for algorithm training and assessment of performance by 
cross-validation (10 ×). The algorithms were subsequently 
used in the test set to make predictions on discharge place-
ment. The predictions were then compared with the actual 
outcomes of the test set to assess the performances outside 
the training set.

Model performance

Model performance was measured with the following three 
metrics: discrimination, calibration, and overall model 
performance.

Discrimination is the ability to distinguish patients dis-
charged to home from patients who were not discharged to 
home. We assessed discrimination with receiver-operating 
curves (ROC) and with the c-statistic. Models with discrimi-
nation similar to chance have a c-statistic of 0.5, and models 
with a perfect discrimination have a c-statistic of 1.0.

Calibration shows how well the model’s predicted prob-
abilities are in line with the actual observed occurrences in 
the test set. The calibration intercept measures whether the 
model is over- or underestimating the probabilities, and the 
calibration slope measures whether the predictor effects in 
the training and test set are the same. A perfect model has an 
intercept value of 0 and a slope value of 1. The Brier score 
was used to assess overall model performance. It combines 
discrimination and calibration and is calculated by obtain-
ing the mean-squared error between the probabilities given 
by the model and the actual observed values. Smaller Brier 
scores (closer to zero) indicate better overall performance. 
However, the Brier score must always take into account the 
prevalence of the outcome in the patient sample. Therefore, 
the null Brier score was determined by assigning probabili-
ties to every patient similar to the prevalence of the outcome.

Application

The model was subsequently developed into a web-based 
application making it accessible on smartphones, comput-
ers, and tablets. The application is designed to let the user 
input the necessary variables, calculate the scores using the 
selected algorithm, and output the results. Microsoft Azure, 
STATA 13 (StataCorp LP, College Station, TX, USA), 
RStudio version 1.0.153, and Python version 3.6 (Python 

Software Foundation) (Anaconda distribution) were used for 
data analysis, model creation, and application development.

Results

The non-home discharge rate was 18.6% for the 9338 
included patients. Median age was 63 (interquartile range 
[IQR] 54–71), and 63% (n = 5887) were female. Baseline 
characteristics are shown in Table 1. The c-statistics of the 
four models ranged from 0.733 for the boosted decision tree 
to 0.755 for the neural network (Table 2; Fig. 1). Calibra-
tion slope values ranged from 0.459 for the boosted decision 
tree to 1.111 for the Bayes point machine, while calibration 
intercept values ranged from − 0.015 for the boosted deci-
sion tree to 0.123 for the neural network (Table 2; Fig. 2).

Overall model performance, based on the Brier score, 
ranged from 0.132 for the Bayes point machine and neural 
network to 0.146 for the boosted decision tree. The null 
Brier model performance was 0.152. Considering the per-
formance in calibration and overall assessment, the Bayes 

Table 1   Baseline characteristics of patients, n = 9338

BMI = body mass index; ASA = American Society of Anesthesiolo-
gists

Variable All patients (n = 9338)

Median (IQR)
Age (years) 63 (54–71)
BMI (kg2/m2) 30 (26–34)
Creatinine levels (mg/dL) 0.86 (0.72–1.00)
White blood cell count (103/μL) 6.9 (5.7–8.3)

Number (%)
Female 5887 (63)
Race
 Caucasian 8369 (90)
 African–American 695 (7.4)
 Other 274 (2.9)

Procedure
 Decompression and fusion 5897 (63)
 Fusion 2857 (31)
 Decompression 584 (6.3)

ASA Class
 I 238 (2.6)
 II 4632 (50)
 III 4288 (46)
 IV 180 (1.9)

Diabetes
 Oral diabetics 1123 (12)
 Insulin dependent 494 (5.3)
 Elective surgery 9114 (98)
 Anti-hypertensive medication 5580 (60)
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Table 2   Machine learning 
model performance for 
discharge disposition prediction 
in patients undergoing 
surgery for degenerative 
spondylolisthesis

Method Metric Machine learning algorithm

Boosted 
decision tree

Support vec-
tor machine

Bayes point 
machine

Neural network

Discrimination c-statistic 0.733 0.742 0.753 0.755
AUC-PR 0.388 0.399 0.417 0.420

Calibration Calibration slope 0.459 0.994 1.111 0.970
Calibration intercept − 0.015 − 0.003  − 0.002 0.123

Overall Brier score 0.146 0.134 0.132 0.132
Null model brier score 0.152

Fig. 1   Receiver operating curve by model for prediction of discharge disposition
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point machine was chosen as the final model. The web 
application based on the Bayes point machine model can 
be accessed at https​://sorg-apps.shiny​apps.io/spond​ydisp​
ositi​on/.

Discussion

Unexpected non-home discharge is a potential cause for 
extended length of stay and subsequent adverse events for 
patients. We aimed to develop a machine learning algorithm 
to predict which patients are likely to have a non-home 
discharge.

Our model included age, sex, diabetes, elective surgery, 
BMI, procedure, number of levels, ASA class, preopera-
tive white blood cell count, and preoperative creatinine. 
Of the four tested machine learning algorithms, the Bayes 
point machine was considered the best model based on 

discrimination (AUC = 0.753), calibration (slope = 1.111; 
intercept = − 0.002), and overall model performance (Brier 
score = 0.132).

This study has limitations. First, despite ACS-NSQIP 
database being frequently used and the rigorous oversight, 
it comes with the inherent limitations of potential miscod-
ing and missing values. A study by Rolston et al. [25] found 
varying degrees of miscoding in neurosurgical outcomes. 
These inaccuracies may bias our outcomes and thus our 
algorithm. Furthermore, the database does not contain all 
the variables of interest that other studies identified as risk 
factors for non-home discharge. For instance, insurance sta-
tus, employment status, and preoperative patient-reported 
outcomes scores, which have all been established as impor-
tant predictors for discharge placement, were not available. 
Despite the lack of these variables and potential miscoding, 
the ACS-NSQIP database provides a large patient set, which 
is required for predictive algorithms, with a sizable number 

Fig. 2   Calibration curve by model for prediction of 30-day mortality in the test set

https://sorg-apps.shinyapps.io/spondydisposition/
https://sorg-apps.shinyapps.io/spondydisposition/
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of important variables. External validation of the algorithm 
is crucial to check its applicability. Second, although the 
database is constructed with data from 690 hospitals, the 
patient population may not be reflective of all the patients 
for which it’s intended, especially if this model were to be 
used outside the USA.

The variables included in our model have been identified 
through other studies examining risk factors for non-home 
discharges in degenerative spine surgery. Murphy et al. [26] 
found age, BMI, number of levels, ASA class, diabetes, and 
female gender to be predictors of not being discharged home 
after decompression without fusion. Abt et al. [27] similarly 
found age, BMI, ASA class, and diabetes to be predictors, 
but they found male gender rather than female gender was 
more likely to suggest a non-home discharge. Best et al. [11] 
concluded that age > 65 years was by far the greatest predic-
tor for non-routine discharge after fusion for intervertebral 
disk disorders. The only variables in our model not featured 
in these studies are preoperative white blood cell count and 
creatinine although preoperative creatinine has been identi-
fied as predictor of discharge status in other specialties [28, 
29]. While adding intraoperative and immediate postopera-
tive outcomes, e.g., operation time or complications, would 
likely have increased the model’s performance, we opted 
to include only preoperatively known variables. Otherwise, 
the prediction would lose much of its value considering the 
window of opportunity for all of the potential benefits—pre-
operative arrangements and education—would be gone. We 
envision the model being used after the visit to the surgeon 
and anesthesiologist, when all variables are known, in a 
preoperative visit with a nurse practitioner or case manage-
ment. This would allow for education and potentially initiate 
arrangements to be made.

Two previous studies tested predictive grading scales 
in all degenerative spine patients. McGirt et al. [13] con-
structed a grading system for extended length of stay, 
discharge to rehab, and hospital readmission after elec-
tive spine surgery. Their grading system included the 
variables age > 70 years, ASA class > III, Oswestry dis-
ability index, diabetes, non-independent ambulation, and 
non-private insurance. While age, ASA class, and diabetes 
are included in our model, and ambulation and insurance 
status were not available in the NSQIP database. Further-
more, they reported a c-statistic of 0.731 compared to our 
0.755. Slover et al. [14] tested the Risk Assessment and 
Prediction Tool—which stratifies patients into high and 
low-risk groups for non-home discharge after total joint 
replacement—on spinal fusion patients. This tool is based 
on points for age and sex—also present in our study—
combined with walking distance, use of gait aid, com-
munity support, and a caregiver at home. They did not 
report any c-statistic. Importantly, both these studies fail to 
report calibration metrics, which are essential to determine 

whether the predictive models/scoring systems are useful. 
While most studies being published on predictive models 
report c-statistics, many of them lack assessment of cali-
bration. A predictive model may be able to discriminate 
well between those who will be discharged home and those 
who will not, but give inaccurate risk estimates for indi-
vidual patients due to poor calibration. Clinically useful 
prediction tools need to discriminate well and be well cali-
brated in order to make an accurate risk assessment. [30]

In our study, the model with the best discrimination, the 
neural network, was inferior to the Bayes point machine 
with respect to calibration over the full range of predic-
tion (Fig. 2). Future studies on predictive models should 
assess calibration graphically and numerically to deter-
mine model performance.

Waiting on RF/SNF placement has been determined to be 
a major factor in delayed discharges [4, 6, 31]; unfortunately, 
simply increasing capacity is not the answer. Gaughan et al. 
[32] studied whether increasing the supply of nursing home 
beds would reduce the number of delayed discharges. They 
determined that this would only reduce delayed discharges 
by 6–9% and that this small effect would make this interven-
tion more costly instead of reducing cost. Implementation of 
our predictive model could potentially prevent some delayed 
discharges without incurring additional costs. However, 
implementation of predictive models in clinical practice is 
difficult and has not been done on a large scale yet, despite 
the multitude of models currently available [33, 34]. First 
and foremost, rigorous testing of a model’s predictive abil-
ity and external validation should be performed to prevent 
unintended consequences. Nonetheless, with the pressure 
of reducing costs, the obvious role that waiting time plays 
in delaying discharges, and the increasing use of predictive 
analytics by caregivers, implementing a model which can 
predict discharge placement may be worth pursuing.

Conclusion

This study has shown that it is possible to create a predictive 
machine learning algorithm with both good discrimination 
and calibration to predict discharge placement. Using our 
methodology, this type of model can be developed for many 
other conditions and (elective) treatments. Integrating these 
models into practice could potentially make hospitals more 
efficient, save unnecessary healthcare costs, and minimize 
adverse events for patients due to delayed discharges.
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