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Abstract

Study Design: Retrospective study at a single academic institution

Objective: The purpose of this study is to utilize machine learning to predict hospital length 

of stay (LOS) and discharge disposition following adult elective spine surgery, and to compare 

performance metrics of machine learning models to the ACS NSQIP prediction calculator.

Summary of Background Data: 3,678 adult patients undergoing elective spine surgery 

between 2014–2019, acquired from the Electronic Health Record (EHR).

Methods: Patients were divided into 3 stratified cohorts: cervical degenerative, lumbar 

degenerative, and adult spinal deformity groups (ASD). Predictive variables included 

demographics, BMI, surgical region, surgical invasiveness, surgical approach, and comorbidities. 

Regression, classification trees, and Least Absolute Shrinkage and Selection Operator (LASSO) 

were used to build predictive models. Validation of the models was conducted on 16% of patients 

(N=587), using area under the receiver operator curve (AUROC), sensitivity, specificity, and 
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correlation. Patient data were manually entered into the ACS NSQIP online risk calculator to 

compare performance. Outcome variables were discharge disposition (home vs rehabilitation) and 

LOS (days).

Results: Of 3,678 patients analyzed, 51.4% were male (n=1,890) and 48.6% were female 

(n=1,788). The average LOS was 3.66 days. 78% were discharged home and 22% discharged 

to rehabilitation. Compared to NSQIP (Pearson R2=0.16), the predictions of poisson regression 

(R2=0.29) and LASSO (R2=0.29) models were significantly more correlated with observed LOS 

(p=0.025 and p=0.004, respectively). Of the models generated to predict discharge location, 

logistic regression yielded an AUROC of 0.79, which was statistically equivalent to the AUROC of 

0.75 for NSQIP (p= 0.135).

Conclusion: The predictive models developed in this study can enable accurate preoperative 

estimation of LOS and risk of rehabilitation discharge for adult patients undergoing elective spine 

surgery. The demonstrated models exhibited better performance than NSQIP for prediction of LOS 

and equivalent performance to NSQIP for prediction of discharge location.

MINI ABSTRACT

Accurate preoperative identification of patients at risk for extended length of stay (LOS) 

and discharge to rehabilitation can provide substantial benefit for patients undergoing elective 

spine surgery. We built machine learning models that predicted both outcomes and compared 

performance metrics to that of the ACS NSQIP prediction calculator.

Introduction

Complications and delayed recovery following elective spine surgery can greatly impact 

patient quality of life and perception of improvement [1]. Given perioperative medical 

complication rates between 25–52% for highly invasive spine surgeries, such as long-

segment fusions for adult spinal deformity, patients may require extended hospital length of 

stay (LOS) and rehabilitation services postoperatively [2,3]. LOS is notable as a composite 

measurement of the postoperative course, as patients with systemic illnesses, elderly age, 

and those with hospital-acquired infections stay longer in the hospital [4,5]. Discharge to 

rehabilitation may be an avenue for patients requiring need for extended care and aid in 

return to function [6,7]. From a cost perspective, extended LOS has been identified as a 

reliable predictor for catastrophic costs over $100,000 following spine surgery, while usage 

of rehabilitation services can account for 30% of the cost of care [8–10]. Even in cases 

where rehabilitation discharge is not due to a complication, an alternative disposition to 

home incurs a substantial cost in a shared risk payment model and represents an important 

outcome. Hence, both extended LOS and discharge to rehabilitation care may reflect a 

combination of worsening patient morbidity, cost, and postoperative outcome.

Accurate preoperative identification of patients at risk for extended LOS and discharge to 

rehabilitation can provide substantial benefit, including more transparent communication 

on expected benefits and risks of surgery, postoperative planning, cost savings, preemptive 

administrative action, and optimization of modifiable patient risk factors [11–13]. Many 

studies have determined significant risk factors in spine surgery, but most have been unable 

to create robust predictive models due to small cohort sizes and limited granularity of patient 
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data [14,15]. Of the reported predictive models, few capture the breadth of elective spinal 

cases, normally focusing on single types of procedures, diagnosis, or patient groups [16]. A 

notable tool used for all types of surgeries is the American College of Surgeon’s National 

Surgical Quality Improvement Program’s (ACS NSQIP) online calculator, which utilizes 21 

inputted preoperative factors to predict both LOS and discharge status [17]. While met with 

moderate accuracy for general surgical procedures, numerous studies have shown that it does 

not provide accurate predictions for patients undergoing spine surgery [18–21].

The purpose of this study is to estimate LOS and likelihood of discharge to rehabilitation 

following adult elective spine surgery while creating a machine learning prediction tool 

to assess patient-specific risk, which cannot be accomplished using traditional statistical 

association or regression techniques. Comorbidities, demographic, and operative risk factors 

will be used to inform model training. Finally, we compare performance metrics of the 

predictive models for both LOS and discharge outcome to those of the ACS NSQIP 

prediction calculator.

Methods

Data Sources

Data were gathered retrospectively on patients undergoing spine surgery from the Electronic 

Health Record (EHR) at a single academic tertiary care institution from 2014–2019. 

Patient demographical information (age, gender, ethnicity), body mass index (BMI), and 

written procedure description were collected for all patients through automated data 

acquisition from the EHR. Patient diagnostic category and select medical comorbidities 

were determined by utilization of International Classification of Diseases, Volume 10 codes 

(ICD10) [22]. No identifying patient information was acquired. Information from the dataset 

was utilized to determine predictive factors for LOS and discharge to rehabilitation for adult 

patients undergoing elective spine surgery.

Study Sample and Selection Criteria

The study population consisted of adult patients undergoing elective spine fusions and/or 

decompressions of the cervical, thoracic, and lumbar spine. Patients with diagnosis that 

indicated a non-elective procedure were excluded. The criteria queued for exclusion 

included: age<18, malignancy, spinal infection, extradural and subdural abscess, spinal 

fractures/trauma, collapsed vertebra, spinal dislocation, preexisting neuromuscular disorders, 

and revision procedures [23]. Cases of missing BMI, demographical information, LOS, 

and unknown discharge location were removed. Patients were selected using the criteria 

provided in Supplementary Table 1 and Supplementary Table 2 and underwent further 

manual review of the procedure description notes.

Predictors and Outcomes

The study outcomes included LOS and discharge to rehabilitation or skilled nursing facility 

(SNF) following elective spine surgery. LOS was measured in days, while discharge 

disposition to rehab/SNF was captured as a binary variable (yes/no). Demographics, 
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comorbidities, and operative variables were used as predictors of LOS and discharge 

disposition.

Demographic variables included age (18–39, 40–49, 50–59, 60–69, 70–79, ≥80), gender, and 

race/ethnicity (Asian, Black, White, Hispanic/Latino, Other). BMI was classified as normal 

(BMI<25), overweight(25≤BMI<30), obese(30≤BMI<35), and morbidly obese (BMI≥35).

Operative variables included surgical approach (anterior alone, posterior alone, combined 

approach – same day, and combined staged approach), surgical invasiveness index (1–

2, 3–6, 7–12, 13–18, 19–24, ≥ 25), and diagnosis group (cervical degenerative, lumbar 

degenerative, and adult spinal deformity). Diagnoses were derived from ICD10 codes, 

while surgical invasiveness index and surgical approach were manually assessed based on 

textual information contained in the written procedure description. Of note, combined staged 

approach indicated when anterior and posterior components of the surgery were conducted 

during the same episode of healthcare but completed sequentially on different days. Surgical 

invasiveness is a robust indicator developed by Mirza et al. that is obtained by adding the 

number of vertebral levels receiving decompression, fusion, and/or instrumentation in the 

anterior and posterior approaches, with a scoring range between 0–48 [24]. The index was 

manually calculated for each individual patient in this study and has successfully predicted 

estimated blood loss, operative time, and surgical site infections in the reported literature 

[25].

Preoperative risk factors included cardiovascular, respiratory, smoking status, renal, 

metabolic, and other comorbidities as indicated by ICD10 codes (Supplementary Table 3). 

Cardiovascular risk factors included history of hypertension (HTN), heart failure, peripheral 

arterial disease (PAD), heart block, past stroke, cardiomyopathy, arrythmia, and myocarditis. 

Respiratory risk factors consisted of chronic obstructive pulmonary disease (COPD), 

dyspnea at presentation, asthma, and ventilator dependence. Smoking status was classified 

as current smoker, former smoker, and never smoker. Renal risk factors included acute 

renal failure, renal dialysis, and chronic kidney disease (CKD). Metabolic risk factors were 

diabetes and acute liver damage. Other comorbidities were cancer history, osteoporosis, 

inflammatory disease, insomnia, sleep apnea, depression, anxiety, gastroesophageal reflux 

disease (GERD), and opioid addiction disorder.

Development of Predictive Models

Regression, Decision Learning, and Least Absolute Shrinkage and Selection Operator 

(LASSO) were used to build predictive models. Of note, prediction models were optimized 

to output a numerical estimation of LOS and a percentage probability for discharge to 

rehabilitation. For discharge prediction, the models utilized included decision learning, 

logistic regression, and LASSO given a binary outcome. For LOS prediction, generalized 

linear regression (GLM): Poisson distribution was chosen given that LOS is a non-

parametric outcome, consists of independently associated count data, and is bounded at 

zero. Cohorts were split into 84% training and 16% validation cohorts. To assess diagnostic 

performance for numerical LOS predictions, correlation, root mean squared error (RMSE), 

and mean absolute error (MAE) were calculated. To assess diagnostic performance for 

Arora et al. Page 4

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

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



discharge prediction, area under the receiver operator curve (AUROC), sensitivity, and 

specificity were determined.

Comparison to ACS NSQIP Calculator and Statistical Tests

Patient data from the 16% validation cohort were manually entered into the online ACS 

NSQIP risk calculator, and NSQIP predictions for LOS and probability of discharge 

to rehabilitation were retrieved. Diagnostic performance, such as AUROC, sensitivity, 

specificity, correlation, RMSE, and MAE were calculated for the NSQIP predictions. 

Statistical tests were conducted to compare performance of the predictive models and 

NSQIP calculator. Correlation coefficients were compared via Fisher’s z-transformation, 

and model AUROCs were compared through DeLong’s test [26]. P-values less than 0.05 

were considered significant. Analysis was conducted in MATLAB version 2020b [27].

Results

Exploratory data analysis

Among 7,554 patients in the spine dataset, 3,678 patients met the inclusion criteria 

(Supplemental Digital Content Figure 1)). Of these, 22% were discharged to rehabilitation, 

and 15.5% had an extended LOS beyond seven days (Table 1 and Table 2). The average LOS 

was 3.7 days. Mean age was 60.1 years, with a nearly even male to female ratio (51.4 % vs 

48.6%). 71.1% of patients fell into BMI categories of overweight, obese, or morbidly obese. 

The most common surgical approach was posterior approach (61.5%), followed by anterior 

approach (15.3%). Surgical procedures conducted on the selected cohort are described in 

Table 3. The most common diagnosis group was lumbar degenerative, consisting of 50.1% 

of total procedures. Highly prevalent comorbidities in the cohort included hypertension 

(45.9%) and former smoking history (39.3%).

Predictive Models: Discharge Disposition

Three predictive models were created for prediction of discharge to rehabilitation. These 

included logistic regression (AUROC=0.79), LASSO (AUROC=0.79), and decision tree 

learning (AUROC=0.69). 84% of the cohort (N=3,091) were used to generate each model 

with validation on the remaining 16% (N=587). The NSQIP calculator produced an 

AUROC= 0.75 (Supplemental Digital Content Figure 2). Beta coefficients, odds ratios, and 

p-values for the logistic model, which had the highest AUROC, are displayed in Table 4. 

Significant variables that increased likelihood of discharge to rehabilitation included age, 

black race, BMI, surgical invasiveness index, arrhythmia, COPD, current smoker, diabetes, 

and depression. Variables that decreased likelihood of discharge to rehabilitation included 

male gender, Asian race, anterior approach, and combined same-day staged approach. Of 

the models trained to predict discharge location, the AUROC of 0.79 for both logistic and 

LASSO regression were statistically equivalent to the AUROC of 0.75 for NSQIP (p=0.135). 

At a predictive probability threshold of 0.16, the logistic regression model produced a 

sensitivity of 0.80 and a specificity of 0.64.
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Predictive Models: Length of Stay (LOS)

Two predictive models were created for numerical prediction of LOS. These included GLM: 

Poisson Distribution (R2=0.29, RMSE=5.94 days, MEA=1.66 days) and LASSO regression 

(R2=0.29, RMSE=7.28 days, MEA=1.72 days). 84% of the cohort (n=3,091) were used to 

train each model with validation on the remaining 16% (n=587). The NSQIP calculator 

produced a R2=0.16, RMSE=17.81 days, and MAE=1.84 days. Plots of predicted LOS vs 

observed LOS for each model and NSQIP predictions of the n=587 validation patients are 

displayed in Supplemental Digital Content Figure 3.

Model coefficients for GLM: Poisson distribution, which produced the lowest RMSE and 

MEA, are displayed in Table 5. Significant variables that increased LOS included age, black 

race, diagnosis of spine deformity, surgical invasiveness index, combined staged approach 

on a different day, PAD, arrythmia, former smoking history, COPD history, acute renal 

failure, diabetes, anxiety, GERD, and opioid addiction disorder. Significant variables that 

decreased LOS included male gender, diagnosis of cervical degenerative pathology, anterior 

approach, combined same-day staged approach, and inflammatory disease. Compared to 

NSQIP (R2=0.16), the predictions of GLM: Poisson distribution (R2=0.29) and LASSO 

(R2=0.29) models were significantly more correlated with observed LOS (p=0.025 and 

p=0.004, respectively).

Discussion

The goal of this study was to develop a machine learning model that could predict LOS 

and discharge location following adult elective spine surgery with a higher accuracy than 

the ACS NSQIP risk calculator. With a statistically significant R2=0.29 for predicting LOS 

and a statistically equivalent AUROC=0.79 for predicting discharge to rehabilitation, the 

predictive models are valuable tools that can be utilized preoperatively to assess patient risk. 

The logistic and GLM: Poisson regression models, with provided coefficients, can be easily 

translated for preoperative implementation.

The associations found within this study are concordant with those reported in the literature. 

The association between increasing age and BMI with perioperative complications and 

non-home discharges is well documented and demonstrates a more profound effect at higher 

ends of the spectrum [28,29]. Worse outcomes in women may be explained by the fact 

that women undergo surgery at more advanced diseased states compared to men [30]. 

Patients with diagnosis of adult spinal deformity represent a particularly disabled group 

with more functional limitations than those with other chronic medical conditions and have 

been associated with worse postoperative outcomes [31]. The relation between increasing 

surgical invasiveness index with increased LOS and likelihood of rehab discharge makes 

intuitive sense, as higher scores have been associated with multiple medical complications 

[32]. Risk factors such as arrythmias, COPD, and diabetes have been thoroughly reported to 

worsen perioperative morbidity [7,33]. As expected, there was overlap between risk factors 

that were significantly associated with discharge to rehabilitation and those associated with 

longer LOS.
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A unique feature of this study is the implementation of a large cohort (n=3,678) with 

granular patient data. Ability to stratify patients by diagnosis category and include novel 

variables pertaining to type of surgical intervention (surgical invasiveness index and staged 

surgery) may be credited for our ability to achieve higher predictive performance. The 

study alternate hypothesis was that diagnostic category would be an important independent 

predictor of LOS and discharge, and hence diagnostic category was modelled as a predictor 

variable. The results demonstrated that patients with adult spinal deformity were indeed 

significantly associated with extended LOS. Additionally, no studies have developed 

predictive models utilizing knowledge about type of surgical intervention, even though 

staged anterior and posterior procedures are routinely conducted and represent an increased 

chance for hospital acquired complications [34].

Existing predictive models have shown mixed ability to predict outcomes following elective 

spine surgery. Models such as NSQIP and the Risk Assessment Tool (RAT) use a 

combination of demographics, procedure codes, operative variables, and comorbidities to 

determine postoperative outcome following surgery [17,35]. Previous studies have validated 

NSQIP and RAT tools as having moderate utility in predicting complications and discharge 

location, with comparable AUROCs between 0.64 and 0.70 [36,37]. NSQIP predictions for 

LOS have shown to be highly inaccurate, and no studies have conducted validation within 

spine patients [38]. In this study, the predictive models outperformed NSQIP in predicting 

LOS and were equivalent to NSQIP in predicting discharge location. Compared to other 

studies that have developed predictive models for outcomes in spine surgery, this is the first 

to conduct a high level of stratification among patients, utilize a substantial sample size 

greater than N=300, and compare performance to a gold-standard [16].

The importance of this study is to develop more accuracy in our ability to predict LOS 

and discharge disposition to enable medical centers in calculating expected costs of care. 

Ideally, the predictive models can be used to generate predictions in the preoperative 

encounter. Especially for health systems utilizing bundled payment models, accurate 

predictive analytics on LOS and discharge outcomes can facilitate critical financial savings. 

Currently under bundled payment plans, patients requiring utilization of more-than-expected 

hospital services incur financial losses that are placed directly on the healthcare team 

and hospital system [39]. Resulting catastrophic costs and the inability for hospitals 

to afford high volumes of patients with poor outcomes necessitate usage of predictive 

analytics to maintain financial viability [10]. Preemptive identification of patients at risk for 

complications through the predictive models provided could ensure better cost management 

and treatment planning to reduce unnecessary suffering. Finally, accurate preoperative 

analytics can empower patient informed choice by increasing transparency on the expected 

benefits and risks of surgery.

A key limitation of this study is utilization of data from a singular institution. Although 

the predictive models developed may be less generalizable to other settings, the tradeoff 

is that single-institution data provides better granularity than that of multi-center datasets. 

Our goal was to build a predictive model that could incorporate granular variables such 

as surgical invasiveness index, diagnosis group, staged surgery, and numerous medical 

comorbidities – information used by few other predictive models. We intend our study to 
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be foundational for development of granular models derived from multiple data sources. 

Moreover, variables such as socioeconomic status, education, and income level have shown 

potential in improving predictive accuracy [40]. Measuring social support through the Risk 

Assessment and Prediction Tool (RAPT) presents a valuable future avenue [41]. Lastly, 

while this retrospective study utilized ICD10 codes to acquire components of patient data, 

some uncertainty on accuracy of ICD10 codes has been reported that could have resulted in 

an underestimation of risk factors [42].

Conclusion

This study utilizing n=3,678 patients facilitated development of predictive models that can 

preoperatively assess likelihood of discharge to rehabilitation and LOS following adult 

elective spine surgery. The models utilized highly granular data consisting of patient 

demographics, BMI, diagnostic category, surgical invasiveness index, surgical region, 

surgical staging, and patient comorbidities. Performance metrics from the predictive models 

were tested in comparison to the ACS NSQIP calculator. For prediction of LOS, the GLM: 

Poisson and LASSO models had a better accuracy than the ACS NSQIP calculator. For 

prediction of discharge location, the logistic regression model had a statistically equivalent 

accuracy when compared to the ACS NSQIP calculator.
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Key Points

• We utilized machine learning to develop predictive models that generated 

an estimation of LOS and likelihood of discharge to rehabilitation following 

adult elective spine surgery.

• The models utilized highly granular data consisting of patient demographics, 

BMI, surgical invasiveness index, surgical region, surgical staging, and patient 

comorbidities.

• While accuracy in prediction of discharge was same to that of the ACS 

NSQIP calculator, the models built outperformed NSQIP in predicting LOS.

• Compared to other studies that have developed predictive models for 

outcomes in spine surgery, this is the first to conduct a high level of 

stratification among patients, utilize a substantial sample size greater than 

N=300, and compare performance to a gold-standard.
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Figure 1: 
Patient Selection Map
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Figure 2: 
Receiver Operating Curve (ROC) for ACS NSQIP calculator and trained predictive models, 

which included: logistic regression, LASSO, and decision tree learning for discharge to 

rehabilitation. The AUROCs were 0.75, 0.79, 0.79, and 0.69, respectively.
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Figure 3: 
Predicted vs observed Length of Stay (LOS) for ACS NSQIP Calculator and Predictive 

models.
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Table 1:

Cohort demographics, interventions, comorbidities, stratified by discharge disposition

VARIABLE N (% of Cohort) Discharge to Home (%) Discharge to Rehab/SNF (%)

Population 3,678 (100.0%) 2,869 (78.0%) 809 (22.0%)

Age (Mean, SD) 60.1 ± 13.8 57.9 ± 13.9 67.7 ± 10.3

 18–39 349 (9.5%) 338 (96.8%) 11 (3.2%)

 40–49 424 (11.5%) 393 (92.7%) 31 (7.3%)

 50–59 804 (21.9%) 688 (85.6%) 116 (14.4%)

 60–69 1123 (30.5%) 849 (75.6%) 274 (24.4%)

 70–79 807 (21.9%) 513 (63.6%) 294 (36.4%)

 ≥80 171 (4.6%) 88 (51.5%) 83 (48.5%)

Gender

 Male 1890 (51.4%) 1576 (83.4%) 314 (16.6%)

 Female 1788 (48.6%) 1293 (72.3%) 495 (27.7%)

Ethnicity

 Asian 231 (6.3%) 178 (77.1%) 53 (22.9%)

 Black 171 (4.6%) 115 (67.3%) 56 (32.7%)

 White 2842 (77.3%) 2240 (78.8%) 602 (21.2%)

 Hispanic/Latino 310 (8.4%) 246 (79.4%) 64 (20.6%)

 Other 124 (3.4%) 90 (72.6%) 34 (27.4%)

BMI

 Normal BMI(BMI<25) 1062 (28.9%) 840 (79.1%) 222 (20.9%)

 Overweight(25≤ BMI<30) 1397 (38.0%) 1116 (79.9%) 281 (20.1%)

 Obese(30≤BMI<35) 787 (21.4%) 617 (78.4%) 170 (21.6%)

 Morbidly Obese (BMI≥35) 432 (11.7%) 296 (68.5%) 136 (31.5%)

Diagnosis

 Cervical Degenerative 990 (26.9%) 855 (86.4%) 135 (13.6%)

 Lumbar Degenerative 1844 (50.1%) 1592 (86.3%) 252 (13.7%)

 Spine Deformity 844 (22.9%) 422 (50.0%) 422 (50.0%)

Surgical Invasiveness

 1–2 978 (26.6%) 934 (95.5%) 44 (4.5%)

 3–6 622 (16.9%) 516 (83.0%) 106 (17.0%)

 7–12 922 (25.1%) 760 (82.4%) 162 (17.6%)

 13–18 616 (16.7%) 427 (69.3%) 189 (30.7%)

 19–24 247 (6.7%) 140 (56.7%) 107 (43.3%)

 ≥25 293 (8.0%) 92 (31.4%) 201 (68.6%)

Surgical Approach

 Anterior 561 (15.3%) 512 (91.3%) 49 (8.7%)
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VARIABLE N (% of Cohort) Discharge to Home (%) Discharge to Rehab/SNF (%)

 Posterior 2261 (61.5%) 1838 (81.3%) 423 (18.7%)

 Combined- Same Day 498 (13.5%) 374 (75.1%) 124 (24.9%)

 Combined - Staged Different Day 358 (9.7%) 145 (40.5%) 213 (59.5%)

Cardiovascular Risk Factors

 Hypertension 1690 (45.9%) 1201 (71.1%) 489 (28.9%)

 Heart Failure 110 (3.0%) 68 (61.8%) 42 (38.2%)

 Peripheral Arterial Disease 92 (2.5%) 60 (65.2%) 32 (34.8%)

 Past Myocardial Infarction 46 (1.3%) 34 (73.9%) 12 (26.1%)

 Heart Block 40 (1.1%) 24 (60.0%) 16 (40.0%)

 Past Stroke 51 (1.4%) 27 (52.9%) 24 (47.1%)

 Cardiomyopathy 39 (1.1%) 29 (74.4%) 10 (25.6%)

 Arrhythmia 526 (14.3%) 335 (63.7%) 191 (36.3%)

 Myocarditis 65 (1.8%) 45 (69.2%) 20 (30.8%)

Respiratory Risk Factors

 COPD 203 (5.5%) 109 (53.7%) 94 (46.3%)

 Dyspnea 32 (0.9%) 22 (68.8%) 10 (31.3%)

 Asthma History 453 (12.3%) 329 (72.6%) 124 (27.4%)

 Ventilator Dependent 20 (0.5%) 7 (35.0%) 13 (65.0%)

Smoking Status

 Current Smoker 242 (6.6%) 197 (81.4%) 45 (18.6%)

 Former Smoker 1445 (39.3%) 1066 (73.8%) 379 (26.2%)

 Never Smoker 1991 (54.1%) 1606 (80.7%) 385 (19.3%)

Renal Risk Factors

 Acute Renal Failure 94 (2.6%) 44 (46.8%) 50 (53.2%)

 Renal Dialysis 12 (0.3%) 5 (41.7%) 7 (58.3%)

 Chronic Kidney Disease 329 (8.9%) 192 (58.4%) 137 (41.6%)

Metabolic Risk Factors

 Diabetes 564 (15.3%) 381 (67.6%) 183 (32.4%)

 Acute Liver Damage 53 (1.4%) 37 (69.8%) 16 (30.2%)

Other Risk Factors

 Cancer History 581 (15.8%) 444 (76.4%) 137 (23.6%)

 Osteoporosis 297 (8.1%) 162 (54.5%) 135 (45.5%)

 Inflammatory Disease 114 (3.1%) 78 (68.4%) 36 (31.6%)

 Insomnia 60 (1.6%) 34 (56.7%) 26 (43.3%)

 Sleep Apnea 516 (14.0%) 356 (69.0%) 160 (31.0%)

 Depression 511 (13.9%) 342 (66.9%) 169 (33.1%)

 Anxiety 397 (10.8%) 280 (70.5%) 117 (29.5%)

 GERD 841 (22.9%) 575 (68.4%) 266 (31.6%)

 Opioid Addiction Disorder 40 (1.1%) 20 (50.0%) 20 (50.0%)
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Table 2:

Cohort demographics, interventions, comorbidities, stratified by Length of Stay (LOS)

VARIABLE N (% of Cohort) LOS<7 Days LOS≥7 Days

Population 3,678 (100.0%) 3,107 (84.5%) 571 (15.5%)

Age (Mean, SD) 60.1 ± 13.8 59.1 ± 14.2 65.2 ± 10.2

 18–39 349 (9.5%) 340 (97.4%) 9 (2.6%)

 40–49 424 (11.5%) 390 (92.0%) 34 (8.0%)

 50–59 804 (21.9%) 701 (87.2%) 103 (12.8%)

 60–69 1123 (30.5%) 905 (80.6%) 218 (19.4%)

 70–79 807 (21.9%) 632 (78.3%) 175 (21.7%)

 ≥80 171 (4.6%) 139 (81.3%) 32 (18.7%)

Gender

 Male 1890 (51.4%) 1667 (88.2%) 223 (11.8%)

 Female 1788 (48.6%) 1440 (80.5%) 348 (19.5%)

Ethnicity

 Asian 231 (6.3%) 204 (88.3%) 27 (11.7%)

 Black 171 (4.6%) 142 (83.0%) 29 (17.0%)

 White 2842 (77.3%) 2393 (84.2%) 449 (15.8%)

 Hispanic/Latino 310 (8.4%) 260 (83.9%) 50 (16.1%)

 Other 124 (3.4%) 108 (87.1%) 16 (12.9%)

BMI

 Normal BMI(BMI<25) 1062 (28.9%) 901 (84.8%) 161 (15.2%)

 Overweight(25≤BMI<30) 1397 (38.0%) 1204 (86.2%) 193 (13.8%)

 Obese(30≤BMI<35) 787 (21.4%) 652 (82.8%) 135 (17.2%)

 Morbidly Obese (BMI≥35) 432 (11.7%) 350 (81.0%) 82 (19.0%)

Diagnosis

 Cervical Degenerative 990 (26.9%) 935 (94.4%) 55 (5.6%)

 Lumbar Degenerative 1844 (50.1%) 1722 (93.4%) 122 (6.6%)

 Spine Deformity 844 (22.9%) 450 (53.3%) 394 (46.7%)

Surgical Invasiveness

 1–2 978 (26.6%) 966 (98.8%) 12 (1.2%)

 3–6 622 (16.9%) 589 (94.7%) 33 (5.3%)

 7–12 922 (25.1%) 834 (90.5%) 88 (9.5%)

 13–18 616 (16.7%) 504 (81.8%) 112 (18.2%)

 19–24 247 (6.7%) 138 (55.9%) 109 (44.1%)

 ≥25 293 (8.0%) 76 (25.9%) 217 (74.1%)

Surgical Approach

 Anterior 561 (15.3%) 534 (95.2%) 27 (4.8%)
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VARIABLE N (% of Cohort) LOS<7 Days LOS≥7 Days

 Posterior 2261 (61.5%) 2046 (90.5%) 215 (9.5%)

 Combined- Same Day 498 (13.5%) 428 (85.9%) 70 (14.1%)

 Combined - Staged Different Day 358 (9.7%) 99 (27.7%) 259 (72.3%)

Cardiovascular Risk Factors

 Hypertension 1690 (45.9%) 1354 (80.1%) 336 (19.9%)

 Heart Failure 110 (3.0%) 82 (74.5%) 28 (25.5%)

 Peripheral Arterial Disease 92 (2.5%) 65 (70.7%) 27 (29.3%)

 Past Myocardial Infarction 46 (1.3%) 37 (80.4%) 9 (19.6%)

 Heart Block 40 (1.1%) 32 (80.0%) 8 (20.0%)

 Past Stroke 51 (1.4%) 40 (78.4%) 11 (21.6%)

 Cardiomyopathy 39 (1.1%) 34 (87.2%) 5 (12.8%)

 Arrhythmia 526 (14.3%) 394 (74.9%) 132 (25.1%)

 Myocarditis 65 (1.8%) 55 (84.6%) 10 (15.4%)

Respiratory Risk Factors

 COPD 203 (5.5%) 143 (70.4%) 60 (29.6%)

 Dyspnea 32 (0.9%) 25 (78.1%) 7 (21.9%)

 Asthma History 453 (12.3%) 368 (81.2%) 85 (18.8%)

 Ventilator Dependent 20 (0.5%) 9 (45.0%) 11 (55.0%)

Smoking Status

 Current Smoker 242 (6.6%) 216 (89.3%) 26 (10.7%)

 Former Smoker 1445 (39.3%) 1163 (80.5%) 282 (19.5%)

 Never Smoker 1991 (54.1%) 1728 (86.8%) 263 (13.2%)

Renal Risk Factors

 Acute Renal Failure 94 (2.6%) 51 (54.3%) 43 (45.7%)

 Renal Dialysis 12 (0.3%) 6 (50.0%) 6 (50.0%)

 Chronic Kidney Disease 329 (8.9%) 237 (72.0%) 92 (28.0%)

Metabolic Risk Factors

 Diabetes 564 (15.3%) 439 (77.8%) 125 (22.2%)

 Acute Liver Damage 53 (1.4%) 38 (71.7%) 15 (28.3%)

Other Risk Factors

 Cancer History 581 (15.8%) 503 (86.6%) 78 (13.4%)

 Osteoporosis 297 (8.1%) 198 (66.7%) 99 (33.3%)

 Inflammatory Disease 114 (3.1%) 95 (83.3%) 19 (16.7%)

 Insomnia 60 (1.6%) 40 (66.7%) 20 (33.3%)

 Sleep Apnea 516 (14.0%) 404 (78.3%) 112 (21.7%)

 Depression 511 (13.9%) 398 (77.9%) 113 (22.1%)

 Anxiety 397 (10.8%) 312 (78.6%) 85 (21.4%)

 GERD 841 (22.9%) 642 (76.3%) 199 (23.7%)

 Opioid Addiction Disorder 40 (1.1%) 12 (30.0%) 28 (70.0%)
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Table 3:

Operative Procedures Conducted on Selected Cohort, Stratified by Spinal Region

VARIABLE N (% of Cohort)

Population 3,768 (100.0%)

Cervical

 ACDF, 1 level 85 (3.2%)

 ACDF, 2–3 level 441 (11.7%)

 ACDF, 4 level 35 (0.9%)

 Laminoforaminotomy 102 (2.7%)

 Laminectomy/Laminoplasty 257 (6.8%)

 Cervical fusion (posterior or anterior/posterior), 1–3 Level 237 (6.3%)

 Cervical fusion (posterior or anterior/posterior), 4–6 Level 206 (5.5%)

Lumbar

 Decompression, 1–2 level 885 (23.5%)

 Decompression, 3–4 level 73 (1.9%)

 Fusion (posterior or anterior/posterior), 1–4 level 883 (23.4%)

Thoracolumbar

 Fusion (posterior or anterior/posterior), 4–6 level 133 (3.5%)

 Fusion (posterior or anterior/posterior), 7–12 level 220 (5.8%)

 Fusion (posterior or anterior/posterior), >12 level 121 (3.2%)

*
ACDF = Anterior Cervical Discectomy and Fusion
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Table 4:

Logistic regression coefficients for prediction of discharge to rehabilitation

Variable Beta Coefficient Odds Ratio 95% CI P-Value

Intercept −5.25 -- -- -- <0.001

Age(categorical)* 0.67 1.96 1.75 - 2.19 <0.001

Gender

 Female Ref -- -- -- --

 Male −0.62 0.54 0.43 - 0.68 <0.001

Race

 White Ref -- -- -- --

 Asian 0.47 1.60 1.03 - 2.47 0.035

 Black 1.04 2.83 1.77 - 4.54 <0.001

 Hispanic/Latino 0.19 1.21 0.80 - 1.82 0.371

BMI** 0.23 1.25 1.11 - 1.41 <0.001

Diagnosis

 Lumbar Degenerative Ref -- -- -- --

 Cervical Degenerative 0.30 1.35 0.95 - 1.90 0.091

 Spine Deformity 0.00 1.00 0.67 - 1.50 0.981

Surgical Invasiveness Index*** 0.69 2.00 1.72 - 2.32 <0.001

Surgical Approach

 Posterior Ref -- -- -- --

 Anterior −1.31 0.27 0.17 - 0.42 <0.001

 Combined - Staged Same Day −0.54 0.59 0.40 - 0.86 0.007

 Combined - Staged Different Day 0.07 1.07 0.73 - 1.57 0.741

Cardiovascular Risk Factors

 Hypertension −0.02 0.98 0.78 - 1.23 0.867

 Heart Failure −0.18 0.83 0.45 - 1.54 0.562

 Peripheral Arterial Disease 0.27 1.31 0.68 - 2.53 0.422

 Past Myocardial Infarction −0.40 0.67 0.23 - 1.91 0.452

 Heart Block 0.29 1.34 0.55 - 3.29 0.521

 Past Stroke 0.69 1.99 0.90 - 4.40 0.091

 Cardiomyopathy −0.15 0.86 0.31 - 2.39 0.779

 Arrhythmia 0.53 1.71 1.27 - 2.30 <0.001

 Myocarditis −0.02 0.98 0.40 - 2.40 0.962

Respiratory Risk Factors

 COPD 0.67 1.96 1.31 - 2.94 0.001

 Dyspnea −0.59 0.55 0.16 - 1.87 0.341
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Variable Beta Coefficient Odds Ratio 95% CI P-Value

 Asthma History 0.08 1.09 0.78 - 1.51 0.621

 Ventilator Dependent 0.84 2.31 0.69 - 7.79 0.177

Smoking Status

 Never Smoker Ref -- -- -- --

 Current Smoker 0.54 1.72 1.07 - 2.76 0.024

 Former Smoker 0.16 1.17 0.94 - 1.47 0.165

Renal Risk Factors

 Acute Renal Failure 0.65 1.91 0.96 - 3.81 0.065

 Renal Dialysis 0.43 1.54 0.30 - 7.83 0.605

 Chronic Kidney Disease(CKD) 0.10 1.10 0.72 - 1.68 0.661

Metabolic Risk Factors

 Diabetes 0.35 1.42 1.06 - 1.90 0.019

 Acute Liver Damage 0.16 1.17 0.55 - 2.48 0.682

Other Risk Factors

 Cancer History 0.19 1.21 0.89 - 1.63 0.224

 Osteoporosis 0.31 1.36 0.97 - 1.92 0.074

 Inflammatory Disease −0.25 0.78 0.47 - 1.30 0.341

 Insomnia 0.82 2.27 1.00 - 5.15 0.050

 Sleep Apnea 0.05 1.05 0.78 - 1.43 0.733

 Depression 0.58 1.79 1.29 - 2.48 <0.001

 Anxiety 0.19 1.21 0.84 - 1.74 0.316

 GERD 0.12 1.13 0.89 - 1.45 0.317

 Opioid Addiction Disorder 0.24 1.27 0.54 - 3.01 0.582

*
Per 1 point category increase. 18–39=0, 40–49=1, 50–59=2, 60–69=3, 70–79=4, ≥80=5

**
Per 1 point category increase. BMI<25 = 0, 25≤BMI<30 =1, 30≤BMI<35 =2, BMI≥35=3

***
Per 1 point category increase. Index 1–2 = 0, 3–6=1, 7–12=2, 13–18=3, 19–24=4, ≥25=5
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Table 5:

Generalized Linear Model: Poisson Distribution coefficients for numerical prediction of Length of Stay(LOS)

Variable Coefficient Standard Error (SE) t-statistic P-Value

Intercept −0.15 0.05 −2.69 0.007

Age

 18–39 Ref -- -- --

 40–49 0.05 0.06 0.95 0.343

 50–59 0.17 0.05 3.37 0.001

 60–69 0.24 0.05 4.82 <0.001

 70–79 0.27 0.05 5.34 <0.001

 ≥80 0.42 0.06 6.80 <0.001

Gender

 Female Ref -- -- --

 Male −0.08 0.02 −3.74 <0.001

Race

 White Ref -- -- --

 Asian 0.02 0.04 0.38 0.705

 Black 0.23 0.04 5.19 <0.001

 Hispanic/Latino 0.07 0.03 1.95 0.051

BMI

 Normal BMI(BMI<25) Ref -- -- --

 Overweight(25≤BMI<30) 0.01 0.02 0.46 0.646

 Obese(30≤BMI<35) 0.04 0.03 1.38 0.167

 Morbidly Obese (BMI≥35) 0.05 0.03 1.44 0.149

Diagnosis

 Lumbar Degenerative Ref -- -- --

 Cervical Degenerative −0.17 0.04 −4.66 <0.001

 Deformity 0.14 0.04 3.43 0.001

Surgical Invasiveness Index

 1–2 Ref -- -- --

 3–6 1.06 0.04 24.88 <0.001

 7–12 1.25 0.05 27.64 <0.001

 13–18 1.25 0.05 24.57 <0.001

 19–24 1.43 0.06 22.05 <0.001

 ≥25 1.50 0.07 21.63 <0.001

Surgical Approach

 Posterior Ref -- -- --

 Anterior −0.38 0.04 −8.48 <0.001
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Variable Coefficient Standard Error (SE) t-statistic P-Value

 Combined - Staged Same Day −0.06 0.04 −1.72 0.085

 Combined - Staged Different Day 0.31 0.03 9.27 <0.001

Cardiovascular Risk Factors

 Hypertension 0.02 0.02 0.88 0.379

 Heart Failure −0.06 0.06 −1.07 0.284

 Peripheral Arterial Disease 0.18 0.06 3.21 0.001

 Past Myocardial Infarction 0.01 0.10 0.10 0.918

 Heart Block 0.00 0.08 −0.03 0.980

 Past Stroke −0.02 0.08 −0.27 0.786

 Cardiomyopathy −0.13 0.11 −1.20 0.230

 Arrhythmia 0.20 0.03 7.09 <0.001

 Myocarditis 0.05 0.08 0.64 0.521

Respiratory Risk Factors

 COPD 0.07 0.04 1.96 0.050

 Dyspnea −0.19 0.11 −1.78 0.075

 Asthma History 0.02 0.03 0.74 0.459

 Ventilator Dependent 0.14 0.09 1.49 0.135

Smoking Status

 Never Smoker Ref -- -- --

 Current Smoker 0.08 0.04 1.94 0.053

 Former Smoker 0.06 0.02 2.98 0.003

Renal Risk Factors

 Acute Renal Failure 0.30 0.06 5.38 <0.001

 Renal Dialysis 0.23 0.14 1.65 0.099

 Chronic Kidney Disease (CKD) 0.02 0.04 0.50 0.618

Metabolic Risk Factors

 Diabetes 0.13 0.03 4.85 <0.001

 Acute Liver Damage 0.03 0.07 0.36 0.722

Other Risk Factors

 Cancer History −0.01 0.03 −0.21 0.832

 Osteoporosis 0.04 0.03 1.32 0.186

 Inflammatory Disease −0.10 0.05 −2.07 0.038

 Insomnia −0.02 0.07 −0.27 0.790

 Sleep Apnea 0.03 0.03 1.24 0.214

 Depression 0.04 0.03 1.28 0.200

 Anxiety 0.10 0.03 3.15 0.002

 GERD 0.07 0.02 3.34 0.001

 Opioid Addiction Disorder 0.19 0.06 3.07 0.002
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