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Abstract
Study Design: Retrospective, case-control study

Objective: We aim to build a risk calculator predicting major perioperative complications
after anterior cervical fusion. Additionally, we aim to externally validate this calculator with an
institutional cohort of patients who underwent anterior cervical discectomy and fusion (ACDF).

Summary of Background Data: The average age and proportion of patients with at least

one comorbidity undergoing ACDF have increased in recent years. Given the increased morbidity
and cost associated with perioperative complications and unplanned readmission, accurate risk
stratification of patients undergoing ACDF is of great clinical utility.

Methods: This is a retrospective cohort study of adults who underwent anterior cervical fusion
at any non-federal California hospital between 2015-2017. The primary outcome was major
perioperative complication or 30-day readmission. We built standard and ensemble machine
learning models for risk prediction, assessing discrimination and calibration. The best-performing
model was validated on an external cohort comprised of consecutive adult patients who underwent
ACDF at our institution between 2013-2020.

Results: A total of 23,184 patients were included in this study; there were 1,886 cases of major
complication or readmissions. The ensemble model was well-calibrated and demonstrated an area
under the receiver operating characteristic curve (AUROC) of 0.728. The variables most important
for the ensemble model include male sex, medical comorbidities, history of complications, and
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teaching hospital status. The ensemble model was evaluated on the validation cohort (n=260) with
an AUROC of 0.802. The ensemble algorithm was used to build a web-based risk calculator.

Conclusion: We report derivation and external validation of an ensemble algorithm for
prediction of major perioperative complications and 30-day readmission after anterior cervical
fusion. This model has excellent discrimination and is well-calibrated when tested on a
contemporaneous external cohort of ACDF cases.

Abstract

Accurate risk stratification of patients undergoing ACDF is of great clinical utility. With a cohort
of 23,184 patients, we derive an ensemble machine learning algorithm for prediction of major
perioperative complications and unplanned readmission after ACDF. When externally validated on
an institutional cohort, the model displays excellent discrimination (AUROC 0.802).

Introduction

Anterior cervical fusion procedures such as anterior cervical discectomy and fusion (ACDF)
have grown in popularity due to excellent clinical outcomes, low risk of perioperative
complications, and reduced length of hospitalization.=4 The number of anterior cervical
fusion procedures is expected to grow rapidly for all indications.>® The average age

and percentage of patients with at least one medical comorbidity undergoing ACDF have
similarly increased.! Elderly patients with an increased comorbidity burden are at elevated
risk for perioperative complications.

Given the increased morbidity and cost associated with perioperative complications and
unplanned readmissions, it would be of utility to predict which patients are likely to

suffer complications. Accurate prediction of a patient’s complication risk would allow

for appropriate pre-operative counseling and risk stratification. Unfortunately, prediction

of complication risk after ACDF with conventional methods is challenging given the

low incidence of perioperative complications. Due to their ability to detect complex
non-linear relationships, machine learning (ML) methods have been increasingly applied

to spinal surgery in recent years.” ML models have been built for prediction of

outcomes after treatment for spinal pathology including degenerative disease, infection, and
malignancy.8-14 ML studies for prediction of outcomes after ACDF remain scarce.15:16

We primarily aim to build an ensemble ML model for prediction of major perioperative
complications or unplanned readmission after anterior cervical fusion. We hypothesize that
the ensemble model will identify risk factors for complications after anterior cervical fusion.
To determine the generalizability of the developed model, we aim to externally validate the
model on an institutional cohort of patients who underwent ACDF. Finally, we aim to use
the validated ensemble model to build a risk calculator to predict patient-specific risk for
adverse outcomes after ACDF.

Spine (Phila Pa 1976). Author manuscript; available in PMC 2024 April 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Shah et al. Page 3

Methods

Study design and subjects

This study is a retrospective review of patients using the California Office of Statewide
Health and Planning and Development (OSHPD) Patient Discharge Database (PDD),

a statewide discharge database containing admissions data for all non-federal hospital
admissions in California. Complications and future admissions for patients in this database
can be tracked regardless of whether the complication or readmission occurred at a different
hospital from where the index procedure was performed — so long as the hospital is a
non-federal facility in California. To build the derivation cohort, we included patients =18
years who underwent anterior cervical fusion between 2015 and 2017 using International
Classification of Diseases, Tenth Revision (ICD-10) procedure codes for this procedure.

Our institution is a non-federal hospital within California. In order to avoid any overlap
between the derivation cohort and the institutional validation cohort, we only included a case
in the validation cohort if it did not meet criteria for inclusion in the OSHPD PDD. We
included all adult patients who underwent ACDF at our academic medical center comprised
of two tertiary care hospitals between 2013-2015 and 2017-2020. Additionally, we included
patients who underwent ACDF between 2015-2017 only if they were not admitted (i.e.
same-day surgery). The cohort was identified by querying surgeon schedules and operative
notes. Our institutional review board approved a waiver of consent for this retrospective
study.

Outcome and other variables

The primary outcome measure was any major complication or 30-day readmission after
index anterior cervical fusion. Complications were identified by adapting the total joint
arthroplasty ICD-10 coding algorithm developed by the Centers for Medicare and Medicaid
(CMS).17.18 These complications include acute myocardial infarction, pneumonia, sepsis,
pulmonary embolism, surgical site bleeding, and wound infection. Myocardial infarction,
pneumonia, and sepsis must occur during the index admission or within seven days of start
of index admission. Pulmonary embolism must occur during the index admission or within
30 days of admission. Surgical site bleeding and wound infection must occur during the
index admission or within 90 days. Readmissions must occur within 30 days of discharge to
be included.18

Explanatory features collected for the cohort include patient demographic characteristics and
patient medical comorbidities using the CMS Condition Categories as defined by the CMS
Hierarchical Condition Category (HCC) risk adjustment model.

Model development

The derivation cohort was divided into a training cohort (comprising of 80% of the study
population) and a hold-out testing cohort (comprising of 20% of the study population).
An ML-based risk prediction model for major complications after ACDF was developed
using AutoPrognosis, which employs a Bayesian optimization algorithm to generate a
model as a weighted ensemble of ML pipelines. Each pipeline comprises design choices

Spine (Phila Pa 1976). Author manuscript; available in PMC 2024 April 01.
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for classification methods.® To train the ensemble model, we conduct 100 iterations of
the Bayesian optimization. During each iteration, the algorithm explores a new pipeline of
classification methods and their corresponding hyperparameters. Five-fold stratified cross-
validation was performed within the training set to evaluate performance of the ensemble
pipeline.

We built five standard ML models spanning different classes of ML modeling approaches:
logistic regression, gradient boosting, XGBoost, AdaBoost, and random forest. Logistic
regression is a linear classifier and random forest is a tree-based ensemble classifier;
AdaBoost, gradient boosting, and XGBoost are all boosting ensemble classifiers.20-23 We
implemented logistic regression, random forest, AdaBoost, and gradient boosting using the
scikit-learn Python library.24 XGBoost was built using the xgboost Python library.23 The
hyperparameters of each benchmark model were selected via grid search. For random forest,
AdaBoost, and gradient boosting models, the number and trees are chosen from the set {50,
100, 200, 300}. For XGBoost, the number of trees and maximum depth of each tree were
selected from sets {50, 100, 200, 300} and {2, 3, 4, 5}, respectively.

Performance metrics

Within the derivation cohort, we employed five-fold stratified cross-validation — where the
study population is split into a training cohort and hold-out testing cohort — to evaluate
discrimination and calibration for prognostic models.

Discrimination determines how well a model distinguishes patients who developed a
complication or readmission from those who did not. We assessed discrimination with

the area under the receiver operating characteristic curve (AUROC) and area under the
precision-recall curve (AUPRC). AUROC represents the probability that a model can
distinguish between patients who developed a complication and those who did not; a value
of 0.5 indicates random prediction and a value of 1 indicates perfect discrimination.2%:26
AUPRC may be assessed when analyzing an imbalanced dataset — one in which negative
cases far outnumber positive cases. Constructed by plotting positive predictive value
(precision) versus the sensitivity (recall), the precision-recall curve depicts a model’s ability
to correctly identify positive cases.2”-28 Random prediction will result in the baseline
AUPRC value, which is the proportion of true positive cases in the cohort. The higher the
AUPRC is compared to the random prediction value, the better the model identifies positive
cases.

Calibration is a measure of the agreement between predicted risk and the observed outcome
proportion in model’s predictions and the observed outcomes in the study population.

The calibration slope is a measure of prediction spread by the model, where a slope of

1 is consistent with perfect spread. A calibration intercept close to 0 indicates minimal
overestimation or underestimation of an outcome by the model.2%:30 The Brier score —

the mean squared error between the observed values and the predicted probabilities — is a
measure of both discrimination and calibration. A Brier score close to zero indicates low
deviation of the model’s predicted values from the observed probability and therefore a
more accurate model.3! The Brier score for the null model was calculated; the null model

Spine (Phila Pa 1976). Author manuscript; available in PMC 2024 April 01.
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assigns a probability for all patients equivalent to the prevalence of major complication in
the cohort.12

Feature importance and validation

We utilize a partial dependence function to measure the importance of an individual feature
to model performance by assessing the average effect in predicted risks when its value is
altered.22 The features found to be most important for model performance were collected for
each patient in the institutional validation cohort. The ensemble algorithm was then tested on
the validation cohort. Discrimination and calibration of the model on the validation cohort
were determined. Discrimination was assessed with AUROC and calibration was assessed
with the Brier score.

Risk calculator

The best-performing model on the testing cohort was deployed as a web-based application
with the open-access platform Heroku (San Francisco, CA).

Results

Baseline cohort demographics

A total of 23,184 patients met inclusion criteria for the derivation cohort. The median

age was 58 years; just over half of the patients (50.9%) were female. A plurality of

patients (39.8%) was privately insured and 34.4% were insured through Medicare. The

most common medical comorbidity present in the cohort was diabetes mellitus (4.5%),
followed by coronary atherosclerosis (3.2%) and chronic obstructive pulmonary disease
(3.1%). Four-hundred and ninety-five patients (2.1%) had prior medical complications
during hospitalizations, 491 (2.1%) had a history of cardiorespiratory complications, and
458 (2.0%) suffered prior implant complication. Four hundred and sixty-nine patients (2.0%)
had protein-calorie malnutrition and 422 (1.8%) had dementia. Four hundred and thirty-three
patients (1.0%) had prior musculoskeletal infection and 395 (1.7%) had metastatic cancer or
leukemia. A complete description of the cohort demographics is provided in Table 1. There
were 1,886 patients (8.1%) who suffered a major complication or readmission. The most
common complications observed were pneumonia, sepsis, pulmonary embolism, and acute
myocardial infarction (Table 2).

We performed a univariate analysis to determine whether patients who were treated

at a teaching institution had significantly different baseline characteristics compared to
those treated at a non-teaching institution. Patients treated at teaching hospitals were
significantly more likely to have the following comorbidities: diabetes mellitus, malignancy,
severe chronic kidney disease coronary atherosclerosis, angina pectoris, protein-calorie
malnutrition, and major depression and/or bipolar disorder (Supplementary Table 1).

The validation cohort was comprised of 260 patients who underwent ACDF. There were 10
patients (3.8%) with a major complication or 30-day readmission.

Spine (Phila Pa 1976). Author manuscript; available in PMC 2024 April 01.
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Model performances

The ensemble model was built with a weighted ensemble of eight ML pipelines
(Supplementary Table 2). This ensemble model demonstrates an AUROC of 0.728 + 0.011.
It is well-calibrated with a calibration slope of 1.399 and calibration intercept of —0.007.
The Brier score of the ensemble model is 0.071, compared to 0.074 for the null model.

The receiver-operating characteristic curve for the ensemble model is depicted in Figure 1.
The AUPRC of the ensemble model is 0.273 + 0.021; a random classifier would return an
AUPRC of 0.081 (Table 3). The precision-recall curve for the ensemble model is shown in
Figure 2.

Relative feature importance

The importance of each explanatory feature to model performance for the ensemble model
is displayed in Table 4. The features important for risk prediction in the ensemble model
include: male sex, musculoskeletal infection, implant complication, malnutrition, history of
medical complications, cardio-respiratory failure, teaching hospital status, metastatic cancer
or leukemia, chronic obstructive pulmonary disease (COPD).

Validation performance

The most important features for ensemble model performance were collected for the
validation cohort (Table 5). The ensemble model was tested on this cohort, resulting in
an AUROC of 0.802 and AUPRC of 0.259. The Brier score was 0.054 (Table 6). The
receiver-operating characteristic curve for the validation cohort is depicted in Figure 3.

Risk calculator

The ensemble model was used to build a web-based risk calculator that is available

for clinicians. The web application can be accessed at: https://risk-calculator-anterior-
cervc.herokuapp.com/. Users may input values for each explanatory feature and observe
the updated risk for major complication or 30-day readmission.

Discussion

The age and comorbidity burden of patients undergoing ACDF has increased with the
significant uptick in utilization of ACDF; many of these patients are at elevated risk of
perioperative complications with significant associated cost and morbidity.1:32:33 Accurate
pre-operative assessment of a patient’s risk of developing major perioperative complications
with unplanned readmission is thus of great utility. ML methods have been increasingly
employed in spinal surgery for prediction of outcomes such as surgical site infection,
discharge disposition, treatment failure for spinal infections, and mortality in metastatic
disease.912:13.34 Most risk prediction tools have been developed with multivariable logistic
regression; ML has been employed sparingly for evaluation of outcomes after anterior
cervical fusion. Arvind and colleagues employed an artificial neural network to predict risk
of specific complications and mortality after ACDF - identifying increased age, diabetes,
and tobacco use as predictive features for cardiac complications. Their model performed
well for prediction of cardiac complications and mortality; however, it performed poorly
for prediction of venous thromboembolism and wound complications.2® ML has also been

Spine (Phila Pa 1976). Author manuscript; available in PMC 2024 April 01.
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used to stratify patients for inpatient versus outpatient ACDF based on outpatient surgery
risk prediction.1® To our knowledge, no externally validated ML models for outcomes after
ACDF have been reported. The lack of external validation remains a pervasive problem in
the ML literature, limiting the generalizability of these models.3®

With a cohort of 23,184 patients, we report the development of a well-calibrated ML-based
ensemble model that predicts major perioperative complications and unplanned readmission
after anterior cervical fusion. With an AUROC of 0.728 and an AURPC of 0.273, this
model demonstrates moderate discrimination. Additionally, we externally validate this
model with a contemporaneous institutional cohort of patient who underwent ACDF. The
model performs excellently on the validation cohort with an AUROC of 0.802.

The most important feature for model performance is patient sex. Patient sex has been
previously shown to be predictive of major complications and readmission in those
undergoing anterior cervical fusion.36-38 We also show that comorbidities such as COPD,
metastatic cancer, and protein-calorie malnutrition are important contributors to the accuracy
of our ensemble model. In patients undergoing anterior cervical fusion, COPD has been
implicated as a predictor of unplanned readmission and post-operative complications such
as pneumonia.3®-41 This may be due to the dissection of the anterior cervical approach

and the necessary retraction of the airway and throat structures during anterior cervical
surgery, which may contribute to airway swelling, dysphagia, and possible aspiration events
that may trigger COPD exacerbations and pneumonia. A regression analysis on elective
cervical and lumbar spinal surgery showed that disseminated cancer is associated with
post-operative complication.42 Optimization of pre-operative nutritional status may reduce
risk of surgical site infection after posterior cervical fusion.#3 Neither metastatic cancer

nor malnutrition have been previously linked to poor outcomes in anterior cervical fusion
specifically, however. Age is an important feature to model performance, consistent with
multiple studies that have shown increasing age as predictive of major complications and
unplanned readmission after anterior cervical fusion,15:36:39.40,44,45

We find that a history of implant complication is important to model performance. Implant
complications may be associated with pseudarthrosis leading to screw breakage, screws
backing out of the plate, and failure of the construct leading to recurrent or worsened
symptoms. Revision cervical spinal surgery after implant failure is technically challenging
due to dissection through scar tissue and limited bone stock; it is associated with a
significantly higher risk of perioperative complications compared to the index surgery.*6
Additionally, history of complications in past hospital admissions (e.g. excessive transfusion
requirement, wound infection) is important to model performance. This is an intuitive
finding suggesting that past hospitalization-associated complications are likely correlated
with future complications.

Teaching hospital status is an important feature for ensemble model performance. Patients
undergoing cervical spine surgery at a teaching hospital are more likely to have increased
length of stay and mortality than those at non-teaching hospitals. In addition, resident
involvement in cervical fusion has been shown to be associated with increased blood
transfusion, pulmonary complication, and increased operative time.4”48 The medical

Spine (Phila Pa 1976). Author manuscript; available in PMC 2024 April 01.
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comorbidities of patients and complexity of cases at academic medical centers are often
greater than those at non-teaching hospitals, potentially increasing the likelihood of
complication. Indeed, we found that patients treated at a teaching hospital in our cohort
were more likely to have medical comorbidities than those not treated at a teaching facility.

This study has limitations, first of which is its retrospective design. The use of a de-
identified state database without access to underlying patient records limits the features and
outcomes that can be extracted. The OSHPD PDD does not provide access to important
risk factors such as pre-operative functional status, surgical technique, number of levels
treated, staged surgery, and frailty index. Reliance on ICD-10 diagnosis codes to assign
complications may underestimate complication rates compared to chart review. Specific
laboratory values such as serum albumin are not available for manual search, requiring
reliance on CMS-HCC Condition Categories that are comprised of groups of ICD-9/10
codes to determine presence of comorbidities such as malnutrition. This database does not
contain data on patient-reported functional outcomes, neurologic complications, or specific
implant-related complications. Additionally, the PDD does not allow for collection of data
on specific major complications that are associated with ACDF such as dysphagia and

C5 nerve root palsy. Modeling outcomes based on procedure type alone is a limitation
given the heterogeneous indications for ACDF procedures. Larger multi-institutional cohort
studies would allow for more granular analysis that can predict outcomes for specific
surgical indications and further evaluate the generalizability of this model. Finally, advanced
machine learning models sacrifice interpretability for improved predictive performance;
while we can determine the relative importance of a feature for model performance, this
analysis is unable to quantify the effect size of a given feature. The importance of a feature
is not necessarily reflective of the feature’s effect size. The importance of a given feature to
model performance may be due interactions with other features or how it separates data.

With a cohort of 23,184 patients, we have developed an ensemble ML algorithm that
predicts major perioperative complications and readmission after anterior cervical fusion.
This model is well-calibrated and identifies features important for prediction. Additionally,
this model is externally valid when on tested on a contemporaneous institutional cohort. By
providing accurate prognostic information, this tool may facilitate improved pre-operative
shared decision-making and appropriate patient selection. We also identify potentially
modifiable risk factors for complications such as malnutrition and COPD; pre-operative
optimization of these patient features may minimize the risk of developing complications
after ACDF. To encourage direct use of this algorithm by healthcare providers, we
incorporated this model into a web-based risk calculator. This tool may help define the
perioperative risk profile of an individual patient, which may be beneficial when determining
whether an ACDF should be performed at an ambulatory surgery center versus an inpatient
facility.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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With a cohort of 23,184 patients, we develop a well-calibrated novel
ensemble machine learning algorithm for prediction of major perioperative
complications and 30-day readmission after anterior cervical fusion.

When externally validated on a contemporaneous institutional cohort who
underwent ACDF, the ensemble algorithm displays excellent discrimination
with an AUROC of 0.802.

We built a web-based risk calculator with the ensemble model: https://
risk-calculator-anterior-cervc.herokuapp.com/. Users input values for each
explanatory feature and observe the updated risk for major complication or
30-day readmission.

This externally validated tool may facilitate improved pre-operative risk
stratification, determining the risk profile of an individual patient as well

as guiding whether a planned ACDF should be performed in an ambulatory
surgery center or the hospital setting.
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Table 1.
Derivation cohort characteristics
Variable All Patients (n = 23,184)
Median (IQR)
Age (years) 58 (51 -67)
Hospital volume t 276 (143 - 406)
Number (%)
Male 11,383 (49.1)
Race
White 17,824 (76.9)
Black 1,545 (6.7)
Asian / Pacific Islander 1,356 (5.9)
Native American 113 (0.5)
Other 2,130 (9.2)
Unknown 216 (0.9)
Insurance
Private 9,226 (39.8)
Medicare 7,967 (34.4)
Medi-Cal 3,258 (14.1)
Workers’ compensation 2,037 (8.8)
Other 696 (3.0)
Procedure performed at teaching hospital 4,283 (18.5)
Medical comorbidities
Diabetes mellitus 1,045 (4.5)
Coronary atherosclerosis 743 (3.2)
Chronic kidney disease 658 (2.8)
COPD 722 (3.1)
Metastatic cancer or acute leukemia 395 (1.7)
Morbid obesity 532 (2.3)
Protein-calorie malnutrition 469 (2.0)
Paraplegia 373 (1.6)
Quadriplegia 412 (1.8)
Dementia 422 (1.8)
Schizophrenia 407 (1.8)
Major depressive or bipolar disorder 589 (2.5)
Stroke 383 (1.7)
Vertebral fractures without spinal cord injury 501 (2.2)
Spinal cord injury 666 (2.9)
Cardiorespiratory failure or shock 491 (2.1)
Implant complication 458 (2.0)
Complications of medical care 495 (2.1)

IQR = Interquartile range; COPD = chronic obstructive pulmonary disease
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Major complications and 30-day readmission for derivation cohort

Table 2.

Major complications

All Patients (n = 23,184)

At least one complication or readmission
Pneumonia

Sepsis

Pulmonary embolism

Acute myocardial infarction

Surgical site bleeding or wound infection

Number (%)
1,886 (8.1)
581 (2.5)
348 (1.5)
95 (0.4)
67 (0.3)
39 (0.2)
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Table 3.

Model performance for ML and logistic regression models

Model AUROC AUPRC Brier score
Ensemble 0.728+0.011 | 0.273+0.021 | 0.071 +0.006
XGBoost 0.723+0.019 | 0.261+0.024 | 0.068 + 0.001

Gradient boosting | 0.722+0.015 | 0.258 +0.021 | 0.068 + 0.001
AdaBoost 0.719+0.013 | 0.256 +0.018 | 0.246 +0.002
Logistic regression | 0.717 £0.012 | 0.248 +0.021 | 0.069 + 0.001
Random forest 0.668 +0.016 | 0.162+0.012 | 0.080 +0.001
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Table 4.

Page 20

Relative feature importance for the ensemble model predicting complications and 30-day readmission after
anterior cervical fusion

Feature

Rank

Male sex

Implant complication

Teaching hospital

COPD

Dementia

Musculoskeletal infection
Protein-calorie malnutrition
Complication of medical care

Cardio-respiratory failure

Metastatic cancer of leukemia
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Validation ACDF cohort characteristics

Table 5.

Feature All Patients (n = 260)
Median (IQR)
Age (years) 54 (46 — 65)
Number (%)
Male 148 (56.9)
Implant complication 14 (5.3)
Quadriplegia 4(1.5)
Spinal cord injury 75 (28.8)
Dialysis 1(0.4)
Chronic kidney disease 16 (6.2)
Prior complication 4 (1.5)
Metastatic cancer or leukemia 2(0.8)
Cardio-respiratory failure 8(3.1)
COPD 6 (2.3)
Bacterial pneumonia 4 (1.5)
Stroke 1(0.4)
Vascular disease 12 (4.6)
Coronary atherosclerosis 7(2.7)
Other circulatory disease 8(3.1)
Major depression or bipolar disorder 77 (29.6)
Procedure performed at teaching hospital 260 (100)
Insurance
Private 204 (78.5)
Medicare 68 (26.2)
Medi-Cal 17 (6.5)
Other 12 (4.6)
Major perioperative complication or readmission 10 (3.8)

IQR = Interquartile range
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Table 6.

Derived model performance on validation ACDF cohort

Model AUROC | AUPRC | Brier score
Ensemble 0.802 0.259 0.054
Gradient boosting 0.718 0.128 0.094
AdaBoost 0.715 0.123 0.214
Random forest 0.638 0.128 0.080
Logistic regression 0.557 0.115 0.038
XGBoost 0.520 0.109 0.049
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