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Abstract

Study Design: Level III retrospective database study.

Objectives: The purpose of this study is to determine if machine learning algorithms are effective in predicting unplanned
intubation following anterior cervical discectomy and fusion (ACDF).

Methods: The National Surgical Quality Initiative Program (NSQIP) was queried to select patients who had undergone ACDF.
Machine learning analysis was conducted in Python and multivariate regression analysis was conducted in R. C-Statistics area
under the curve (AUC) and prediction accuracy were used to measure the classifier’s effectiveness in distinguishing cases.

Results: In total, 54 502 patients met the study criteria. Of these patients, .51% underwent an unplanned re-intubation. Machine
learning algorithms accurately classified between 72%-100% of the test cases with AUC values of between .52-.77. Multivariable
regression indicated that the number of levels fused, male sex, COPD, American Society of Anesthesiologists (ASA) > 2,
increased operating time, Age > 65, pre-operative weight loss, dialysis, and disseminated cancer were associated with increased
risk of unplanned intubation.

Conclusions: The models presented here achieved high accuracy in predicting risk factors for re-intubation following ACDF
surgery. Machine learning analysis may be useful in identifying patients who are at a higher risk of unplanned post-operative re-
intubation and their treatment plans can be modified to prophylactically prevent respiratory compromise and consequently
unplanned re-intubation.
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Introduction

Respiratory compromise is a potentially devastating com-
plication that is well recognized in anterior cervical dis-
cectomy and fusion (ACDF) surgery. Current research has
identified comorbidities and demographic risk factors asso-
ciated with re-intubation following these surgeries. Coagu-
lopathies, obesity, rheumatoid arthritis, and chronic
obstructive pulmonary disease (COPD) have been linked to
unplanned re-intubation among cervical spine surgery pa-
tients.1 Type II diabetes, operating time longer than 5 hours,
blood loss greater than 300 mL, and being female have also

been associated with increased risk of re-intubation after
ACDF.2,3 While much research has been conducted into
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recognizing these risk factors, no research has been performed
examining the value of machine learning and its ability to
predict unplanned intubation pre-operatively in patients un-
dergoing ACDF.

Machine Learning systems have been previously used
in several clinical research areas and proven effective in
predicting patient outcomes. Supervised Machine Learn-
ing algorithms such as logistic regressions and decision
trees have been shown to accurately predict post-operative
outcomes such as readmission and blood transfusion
needs.4,5 In orthopedics and spine surgery, machine
learning algorithms such as the random forest and decision
tree algorithms have proven useful in predicting length of
stay in shoulder arthroplasty patients and blood transfu-
sion after spine fusion surgery for adult spinal deformity
(ASD).5,6

The aim of this investigation is to utilize a set of rule-based
machine learning processes to determine which patients un-
dergoing ACDF surgery will also endure an unplanned in-
tubation. We hypothesize that the LR, DT, RF, GB, XGB, and
NN algorithms will be systematically effective models that can
predict the risk of an unplanned intubation following ACDF
surgery.

Methods

Data from the American College of Surgeon’s National
Surgical Quality Initiative Program (NSQIP) was queried to
select patients who underwent ACDF surgery between 2010
and 2018. As the data was already collected for general re-
search use and made publicly available before the study was
considered and completed, no informed consent was required.
Moreover, no institutional review board approval was nec-
essary as the patient data was deidentified. Patients who had
undergone ACDF non-electively were excluded from the
analysis. Demographic and comorbidity data were collected
from the NSQIP database, namely: obesity, number of spine
levels fused, diabetes, operating time longer than 250 minutes,
age older than 65 years old, gender, ascites, renal failure, race,
chronic obstructive pulmonary disorder (COPD), congestive
heart failure (CHF), American Society of Anesthesiologists
(ASA) Class, history of steroid use, disseminated cancer,
greater than 10 pounds weight loss before surgery, and history
of bleeding disorders, hypertension, albumin levels (AL-
BUM), SGOT levels (SGOT), alkaline phosphatase
(ALKPH), white blood cell count (WBC), hematocrit levels
(HCT), platelet counts (PLATE), partial thromboplastin time
(PTT), international normalized ration (INR), creatinine levels
(CREAT), sodium levels (SODM), and blood urea nitrogen
levels (BUN). Patients who were missing one or more cate-
gorical variables were excluded from the dataset. Patients with
the remaining missing quantitative variables were imputed
with the nearest neighbor algorithm that utilizes correlations
among patients to estimate the missing value of a patient
characteristic.7

A retrospective case control study was conducted. Six
machine learning algorithms will be tested: Logistic Re-
gression (LR), Decision Tree (DT), Random Forest (RF),
Gradient Boosting (GB), Extreme Gradient Boosting (XGB),
and a Neural Network (NN). DT algorithms utilize an
eponymous process to classify test cases into one of two cases.
RF algorithms utilize a collection of decision trees to help
classify data into binary outcomes. The decision tree process
follows an algorithm known as the Gini Index. The Gini index
analyzes the distribution of data and frequency of values to
design a set of decision trees with a high prediction accu-
racy.7-10 GB and XGB algorithms construct highly complex
decision trees that are more nuanced than DT and RF algo-
rithms to classify patients.11,12 Finally, NN algorithms utilize a
set of nodes arranged similar to neural connections in the
nervous system to predict whether a patient will be readmitted
or not.12-14 LR, DT, RF, GB, XGB, and NN algorithmic
classification analysis was conducted in Python’s SciKit
Machine Learning Package. The first group consisted of
patients who did not undergo unplanned intubation, while the
second group consisted of patients that underwent unplanned
intubation.15 The data was split into training and testing
groups where 70% of the data was allocated to train the
random forest algorithm, while the remaining 30%was used to
test the validity of the machine learning models.

Receiver operating curves (ROCs), prediction accuracy,
and Brier scores were calculated to measure the classifier’s
effectiveness in distinguishing cases. ROCs are useful for
calculating C-Statistics, also known as area under the curve
(AUC), through trapezoidal integration.16 ROC curves
show the trade-off between the true positive and true
negative identification capacities. Curves that inflect near
the top left of graph are highly effective in distinguishing
between the test cases as there is little trade-off in the true
positive and true negative identification ability of the al-
gorithm.17 Feature importance was determined in order to
identify the variables most responsible for the machine
learning’s distinction process. Prediction accuracy was
useful for determining how accurate the model was pre-
dicting all the test cases as a holistic metric.18 Brier scores
are a determination of the probabilistic accuracy for a given
algorithm. Brier scores close to 0 indicate strong proba-
bilistic accuracy, while Brier scores close to 1 indicate poor
probabilistic accuracy.19-21

Multivariate logistic regression analysis was conducted in
R (version 3.6.3). Demographic and comorbidity data were
used to predict risk factors for unplanned intubation. Odds
ratios along with 95% confidence intervals and associated P-
values were extracted from the regression data. The signifi-
cance level was set at .05.

Results

In total, 62 934 patients met the study criteria. Patients that
underwent emergent surgery or were missing one or more
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categorical variables were excluded from the dataset. Overall,
54 502 (86.7%) were ultimately included, and .51% (n = 238)
of these patients underwent a post-operative unplanned re-
intubation. A demographics table is shown in Table 1. There

was an average of 4.5 days between surgery and unplanned
intubation and a median of 2 days (25th Percentile: 0 days,
75th Percentile: 6 days).

The machine learning algorithms were able to accurately
classify between 71.7% and 99.6% of the test cases with AUC
values of between .52 and .77 and Brier scores between .004
and .18. The full results of the machine learning analysis are
shown in Table 2. The ROCs of the algorithms are shown in
Figure 1. The calibration curves that visualize the Brier scores
are shown in Figure 2.

The multivariate regression identified the factors linked
to unplanned intubation as the number of levels fused,
male sex, COPD, ASA > 2, increased operating time,
Age > 65, pre-operative weight loss, dialysis, and dis-
seminated cancer. The full results of the multivariate re-
gression are summarized in Table 3 and visualized in the
forest plot in Figure 3.

Table 1. Demographics and Comorbidity Information for the Patient Sample.

Total Group No Intubation Intubation P-value

BMI (kg/m2) 30.36 30.36 29.38 .0274
Diabetes 8615 (15.92%) 8549 (15.87%) 66 (27.73%) <.0001
Operating time (minutes) 127.31 127.08 178.58 <.0001
Smoking history 14 563 (26.92%) 14 488 (26.9%) 75 (31.51%) .1096
Age (years) 54.71 54.68 63.37 <.0001
% Male 26 816 (49.57%) 26 660 (49.5%) 82 (34.45%) <.0001
% Caucasian 43 427 (80.31%) 43 242 (80.33%) 185 (77.73%) .3141
CHF 107 (.2%) 104 (.19%) 3 (1.26%) .0002
COPD 2438 (4.51%) 2402 (4.46%) 36 (15.13%) <.0001
Dialysis 94 (.17%) 89 (.17%) 5 (2.1%) <.0001
ASA > 2 23 199 (42.88%) 23 023 (42.74%) 176 (73.95%) <.0001
Steroid use 1760 (3.25%) 1747 (3.24%) 13 (5.46%) .054
Dis. cancer 72 (.13%) 68 (.13%) 4 (1.68%) <.0001
Weight loss 76 (.14%) 72 (.13%) 4 (1.68%) <.0001
Bleeding disorder 565 (1.04%) 556 (1.03%) 9 (3.78%) <.0001
Hypertension 24 678 (45.61%) 24 519 (45.52%) 79 (33.19%) .0001
Album (g/dL) 4.14 4.14 4.01 <.0001
SGOT (u/sL) 25.35 25.35 25.93 .5991
ALKPH (U/L) 77.68 77.64 87.04 <.0001
WBC (109/L) 7.46 7.45 7.68 .2034
HCT (%) 41.74 41.75 40.86 .001
PLATE (109/L) 248.80 248.87 233.35 .0003
PTT (seconds) 29.19 29.19 29.76 .0399
INR (units) 1.01 1.01 1.02 .2842
CREAT (mg/dL) .91 .91 1.10 <.0001
SODM (mEq/L) 139.50 139.50 138.77 <.0001
BUN (mmol/L) 15.42 15.40 19.19 <.0001
Levels 1.72 1.72 2.02 <.0001
Total 54 102 53 864 238

Variable Key: body mass index (BMI) > 30 kg/m2 (obesity), diabetes history (diabetes), operating time (Op Time), smoking history (Smoke), age, sex, race,
congestive heart failure (CHF), chronic obstructive pulmonary disorder (COPD), dialysis history (Dialysis), American Society of Anesthesiologist Class (ASA),
steroid use history (Steroid), presence of disseminated cancer (Dis. Cancer), pre-operative weight loss greater than 10 pounds (weight loss), bleeding disorder
history (Bleed Disorder), hypertension history (hypertension), albumin levels (Album), aspartate aminotransferase test (SGOT), alkaline phosphatase test
(ALKPH), white blood cell count (WBC), hematocrit levels (HCT), platelet count (PLATE), partial thromboplastin time (PTT), international normalized ratio
(INR), creatinine levels (CREAT), sodium levels (SODM), blood urea nitrogen (BUN), and number of spine levels fused (levels).

Table 2. Performance of the Machine Learning Algorithms in the
Study.

Prediction Accuracy, % AUC Brier Score

LR 71.7 .766 .18
DT 99.2 .520 .008
RF 99.6 .678 .004
GB 99.5 .737 .005
XGB 99.6 .713 .004
NN 99.6 .701 .004

Key: LR, Logistic Regression; DT, Decision Tree; RF, Random Forest; GB,
Gradient Boosting; XGB, Extreme Gradient Boosting; NN, Neural Network.
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Discussion

While ACDF surgery is a common surgical procedure, one of
the most dangerous complications of ACDF is respiratory
failure, ultimately requiring an unplanned re-intubation.
Several research studies have been dedicated to identifying
these risk factors for unplanned intubations, which highlight
the need for a useful model to provide a risk assessment of
whether a patient that is planned to proceed with ACDF will
experience an unplanned intubation.

This study presents a set of machine learning algorithms
that can pre-operatively predict whether a patient undergoing
an ACDF will require re-intubation. The machine learning
algorithms were able to predict between 71.7% and 99.6% of
the test cases accurately with AUC values of between .52 and
.77. Based upon prediction accuracy, AUC, and Brier scores,
the Gradient Boosting algorithm was found to have performed

the best among all the algorithms tested. As such, an online
web calculator for predicting unplanned intubation was cre-
ated utilizing the Gradient Boosting algorithm: https://
acdfintubation.herokuapp.com/.

A multivariate logistic regression identified the number of
levels fused, male sex, COPD, ASA > 2, increased operating
time, age > 65, pre-operative weight loss, dialysis, smoking,
and disseminated cancer as variables that are significantly
correlated to unplanned re-intubation. These risk factors agree
with the trends in current literature; however, we found that
males were more at risk for intubation than females, contrary
to what Heyer et al reported.1-3

The results of the paper presented here indicate that ma-
chine learning algorithms show much promise for the pre-
diction of unplanned intubation after surgery and may aid in
patient selection for ACDF surgery. Patients who are at risk of
unplanned intubation can be better informed of the risks of
surgery and providers can better target patient care plans that
minimize the risk for an unplanned intubation after ACDF
surgery.21 This paper demonstrates the efficacy and impor-
tance of machine learning integration into clinical settings to
predict post-operative spine surgery complications.22

The measures of the machine learning models presented
here are consistent with the current literature. No research has
been conducted specifically on machine learning algorithms to
predict unplanned intubation in ACDF patients; however, a
few studies have analyzed the accuracy of machine learning
algorithms in predicting post-operative complications of spine
and shoulder procedures.5,6,23-25 Kalagara et al and Durand
et al predicted post-operative blood transfusion and read-
mission using similar models after lumbar laminectomies and
fusions. Their results yielded AUC values of .79 and .85 for
post-operative blood transfusion and AUC values of .81 and
.69 for readmission, respectively.4,5,26 The AUC and pre-
diction accuracies for both studies are comparable to the AUC
and prediction accuracies of the algorithms in this study,
indicating test cases could accurately be classified. A random
forest model to predict post-operative LOS after Total
Shoulder Arthroplasty (TSA) with an AUC of .77 was de-
veloped in Biron et al.’s study, which is in the upper ranges of
the AUC values presented in this paper.6 Furthermore, Hsieh
et al analyzed several machine learning algorithms and their
capacity to predict unplanned extubation in ICU patients. The
algorithms detailed in the study had AUC values of between
.58 and .91.25 The model presented in this paper falls in this
range as well.

The multivariate regression analysis results are in line with
current literature. A study on airway management following
ACDF conducted by Kim et al concurred with the study’s
findings that increased operating times were linked to higher
risk of unplanned re-intubation following the procedure.27

Moreover, a NSQIP analysis of re-intubation risk following
ACDF undergone by Wilson et al confirmed the study’s
findings that male sex, elderly age, and comorbidity burden

Figure 1. ROC Curve visualizing the AUC scores for each of the
algorithms.

Figure 2. Calibration Curve visualizing the Brier scores for each of
the algorithms.
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(dialysis, disseminated cancer, etc.) were associated with a
higher risk of unplanned re-intubation.28

There are several potential limitations inherent to this study.
First, the sample of patients undergoing ACDF may not have
been accurately representative of all the patients who undergo

ACDF. The NSQIP dataset is reliant on reporting from par-
ticipating hospitals. Thus, the sample 3of ACDF patients be-
tween 2010 and 2018 will be overrepresented with patients
from hospitals that have the infrastructure to maintain NSQIP
reporting standards.29 Furthermore, it is nearly impossible to

Table 3. Results of the Multivariate Regression. Odds Ratios, 95% Confidence Intervals, and P-values are provided.

Odds Ratio 2.5% Lower Bound 97.5% Upper Bound P-Value

Obesity .71 .54 .93 .01
Diabetes .80 .59 1.08 .10
Elevated op. time 2.44 1.71 3.48 <.001
Smoke 1.40 1.04 1.89 .03
Old age 2.53 1.90 3.36 <.001
Male 1.71 1.30 2.24 .00
Caucasian .90 .66 1.24 .52
CHF 2.15 .63 7.34 .22
COPD 2.08 1.42 3.04 <.001
Dialysis 4.84 1.86 12.62 <.001
ASA >2 2.32 1.68 3.20 <.001
Steroid use 1.17 .66 2.07 .60
Disseminated cancer 5.36 1.82 15.76 .002
Weight loss 4.68 1.57 14.00 .005
Bleed disorder 1.91 .96 3.78 .06
Hypertension 1.30 .96 1.76 .09
Levels fused 1.22 1.10 1.37 .0004

Key: CHF, congestive heart failure; COPD, chronic obstructive pulmonary disorder; ASA, American Society of Anesthesiologists Class.

Figure 3. A Forest Plot visualizing the results of the multivariate regression identifying risk factors for unplanned intubation following ACDF
surgery.
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quantify every factor that may pre-dispose to unplanned in-
tubation in anterior cervical spinal surgery and confounding
factors may exist among the sample under study. Therefore, the
model may not be perfectly accurate since it is based solely on
variables that can be quantified as continuous or categorical.

Conclusion

The models presented here achieved a high accuracy for re-
intubation following ACDF surgery. The results of this paper
prompt research into methodologies for introducing and as-
sessing machine learning analysis into the electronic medical
record system for use in clinical settings.
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