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ACKGROUND CONTEXT: Data regarding risk of failure of nonoperative management in

spinal epidural abscess (SEA) are limited. Given the potential for deterioration with treatment

failure, a tool that predicts the probability of failure would be of great clinical utility.

PURPOSE: We primarily aim to build a machine learning model using independent predictors of

nonoperative management failure. Secondarily, we aim to develop an open-access web-based

application that provides a patient-specific probability of treatment failure.

STUDY DESIGN/SETTING: Retrospective, case-control study.

PATIENT SAMPLE: Patients 18 years or older diagnosed with SEA at 2 academic medical cen-

ters and 3 community hospitals.

OUTCOMEMEASURES: Failure of nonoperative management.

METHODS: This is a retrospective cohort study of 367 patients with SEA initially managed non-

operatively between 1993 and 2016. The primary outcome was failure of nonoperative manage-

ment defined as neurologic deterioration, worsened back and/or radicular pain, or persistent

symptoms despite initiation of antibiotic therapy. Five machine learning algorithms were devel-

oped and assessed by discrimination, calibration, and overall performance.

RESULTS: Ninety-nine (27%) patients failed nonoperative management. Factors determined for

prediction of nonoperative management were: motor deficit, diabetes, ventral component of abscess

relative to thecal sac, history of compression or pathologic vertebral fracture, sensory deficit, active

malignancy, and involvement of 3 or more vertebral levels. The elastic-net penalized logistic

regression model was chosen as the final model given its superior discrimination, calibration, and

overall model performance. This model was incorporated into an open access web application.

CONCLUSION: By building a discriminative and well-calibrated model in a user-friendly and

open-access digital interface, we hope to provide a prognostic tool that can be used to inform clini-

cal decision-making in real-time. © 2019 Elsevier Inc. All rights reserved.
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Introduction

The variable clinical progression of spinal epidural

abscess (SEA) and its associated risk of precipitous neuro-

logic deterioration make it a challenging entity to man-

age.1,2 Due likely to an aging population, increased number

of spinal procedures, increased prevalence of diabetes mel-

litus, and intravenous drug use, as well as increased clinical

suspicion with subsequent imaging, the incidence of SEA

has increased in recent decades.1−6 Although surgical

decompression continues to be a common treatment of

SEA, medical management has seen increased popularity.3

Data regarding which patients will respond favorably to

medical management remain limited; this is an important

consideration given the potential for poor neurologic out-

comes observed in those who fail nonoperative manage-

ment.7 Recent studies have identified many patient factors

associated with treatment failure.7−9 These studies have

largely employed multivariable logistic regression and do

not provide open access tools for healthcare professionals

to predict outcomes.

Machine learning represents a set of techniques that allow

machines to learn and make predictions by recognizing pat-

terns in data. Unlike conventional regression methods,

machine learning allows for detection of complex nonlinear

relationships as well as multivariate effects.10,11 This can be

contrasted with traditional algorithms that are programmed

with a desired behavior.11 As Beam and Kohane explain, it

may be useful to view a predictive algorithm as lying on a

spectrum between fully human-guided and fully machine-

guided, where an algorithm is considered more machine-

guided as fewer human assumptions are placed on it.12 By

relying only on data to build nonlinear algorithms with the

greatest predictive capability, machine learning methods

have been shown to not only accurately predict outcomes or

detect disease but also to outperform logistic regression in

select cases.10,13−15 Although machine learning methods are

increasingly used in other medical disciplines, they have not

yet been applied for outcomes in musculoskeletal infections.

In the current study, we primarily aim to build a

machine-learning model using independent predictors of

failure of nonoperative management. Secondarily, we aim

to employ this predictive algorithm in an open-access web-

based application that provides a patient-specific probabil-

ity of management failure.
Methods

Study design and subjects

Our institutional review board approved a waiver of con-

sent for this retrospective study. We included patients who

were 18 years or older diagnosed with SEA by magnetic

resonance imaging or computed tomography (CT) admitted

to our health care system. We excluded patients who were

initially treated operatively.
We identified our cohort by performing a computer query

search of all patients admitted to our hospital system of 2 ter-

tiary academic medical centers and 3 regional community

hospitals between 1993 and 2016 for International Classifica-

tion of Diseases, Ninth and Tenth Revisions (ICD-9, ICD-

10) codes for SEA and synonyms (ICD-9 324.1 and ICD-10

G06.1). We also performed a search for Current Procedural

Terminology codes for “laminectomy for excision or evacua-

tion of intraspinal lesion other than neoplasm, extradural” for

the cervical, thoracic, lumbar, and sacral spine (current pro-

cedural terminology 63275 to 63278). This initial search

strategy yielded 2,756 unique patients, of which 1,053

patients were 18 years or older and began definitive treat-

ment for SEA in our system. We also ensured that included

patients had appropriate magnetic resonance imaging or CT

reports that confirm presence of SEA.

Of these 1,053 potentially eligible patients, 472 were ini-

tially treated nonoperatively. The initial treatment modality

was determined by the primary attending physician. Nonop-

erative management is defined as systemic antibiotic ther-

apy with or without CT-assisted percutaneous drainage.

Treatment groups were defined by the intention of the treat-

ing team; a patient was considered to have been treated

nonoperatively if the primary spine service—or the consult-

ing spine service if the primary team was not neurosurgery

or orthopaedic surgery—initially elected for nonoperative

management. We excluded patients who were treated non-

operatively for palliation or because they were too ill to

undergo a surgical procedure.

Finally, we excluded patients without documented treat-

ment failure if they had less than 60 days of follow-up since

initiation of treatment. We did so to avoid definitively

labeling patients as having been successfully treated nonop-

eratively without adequate follow-up. If patients had fol-

low-up of <60 days but already had been identified as a

treatment failure, they were included. This yielded 367

patients (Fig. 1).
Outcome and explanatory variables

The primary outcome measure was failure of nonoper-

ative management. Failure was defined as neurologic

deterioration, worsened back and/or radicular pain, or

persistent symptoms despite initiation of antibiotic ther-

apy that led to a change in management (eg, prolonged/

altered antibiotic course, CT-guided drainage, or surgical

management). If progression on serial imaging led to an

alteration in treatment by the primary team, this was also

considered failure.

Variables collected for the patients included demo-

graphics, signs and symptoms, duration of symptoms, labo-

ratory values, microbiology, radiographic characteristics,

as well as concurrent spinal and nonspinal infections

(Table 1). Motor status was determined using the American

Spinal Injury Association Scale.16 We define sensory

changes to include frank sensory deficit and subjective



Fig. 1. Flowchart detailing the inclusion and exclusion criteria that led to

the formation of our final study population. SEA = spinal epidural abscess.

Table 1

Baseline characteristics of study population n = 367

Variable n (%) | median (IQR)

Age (years) 59.0 (49.0−70.5)
Female sex 130 (35.4)

History

Intravenous drug use 72 (19.6)

Alcohol use 20 (5.4)

Smoking status*

Never 185 (51.1)

Current 99 (27.3)

Quit >1 y 78 (21.5)

Diabetes mellitus 52 (14.2)

Active malignancy 82 (22.3)

Hemodialysis 25 (6.8)

HIV positive 12 (3.3)

Spinal instrumentation in place 20 (5.4)

Spinal procedure in past year 60 (16.3)

History of pathologic or compression fracture 17 (4.6)

Symptoms and signs

Fever 83 (22.6)

Back pain 353 (96.2)

Motor deficit 54 (14.8)

Sensory changes 43 (11.7)

Symptom duration prior to presentation

<=72 h 70 (19.1)

72 h - 2 wk 155 (42.2)

>2 wk 142 (38.7)

Laboratory values*

Hemoglobin (g/dL) 10.7 (9.7−11.9)
WBC (103/uL) 10.4 (7.6−14.1)
Platelet (103/uL) 281.5 (196.0−389.2)
Absolute lymphocyte (103/uL) 1.26 (0.90−1.66)
Absolute neutrophil (103/uL) 6.54 (4.67−9.29)
Absolute eosinophils (103/uL) 0.10 (0.04−0.19)
Absolute basophils (103/uL) 0.020 (0.010−0.040)
Absolute monophils (103/uL) 0.59 (0.42−0.85)
Neutrophil to lymphocyte ratio 5.35 (3.24−8.42)
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paresthesias. The patient was considered to have motor or

nonmotor neurologic dysfunction only if these were new

symptoms at presentation.

Platelet to lymphocyte ratio 217.8 (150.0−319.3)
Erythrocyte sedimentation rate (mm/h) 87.0 (53.0−106.0)
C-reactive protein (mg/dL) 100.4 (31.8−163.9)
Albumin (g/dL) 3.10 (2.60−3.50)
Alkaline phosphatase (IU/L) 101.0 (75.2−141.0)
AST (IU/L) 24.0 (16.8−41.0)
ALT (IU/L) 23.0 (14.0−37.0)
Bilirubin, total (mg/dL) 0.50 (0.40−0.80)
Creatinine (mg/dL) 0.87 (0.70−1.10)
Blood urea nitrogen (mg/dL) 16.0 (10.0−23.0)
Calcium (mg/dL) 8.70 (8.30−9.10)
Prothrombin time (s) 14.3 (13.5−15.6)
INR 1.10 (1.10−1.30)
Partial thromboplastin time (seconds) 32.2 (28.3−37.8)

Three or more affected levels 162 (44.3)

Spine location

Cervical 43 (12.1)

Thoracic 105 (29.7)

Lumbosacral 241 (68.1)

Location of abscess relative to thecal sac*

Anterior 243 (66.8)

Posterior 59 (16.2)

Circumferential 26 (7.1)

Multiple locations 36 (9.9)

Organism

No growth 84 (22.9)

Methicillin-sensitive Staph aureus 124 (33.8)
Statistical analysis

The population was divided into a derivation and valida-

tion cohort by using a stratified 80:20 split. The derivation

(training) cohort was used for recursive feature selection to

determine the variables used for algorithm development.

Random forest algorithms with 10-fold cross validation

were used for the feature selection. Explanatory variables

are listed in Table 1; factors that have more than 30% miss-

ing data were excluded from feature selection. Variables

determined from the feature selection step were then used

to develop 5 machine learning algorithms: Elastic-Net

Penalized Logistic Regression, Stochastic Gradient Boost-

ing, Random Forest, Support Vector Machine, and Neural

Network. These models were chosen on the basis of prior

machine learning studies.17,18 The algorithms were trained

on the derivation set and tested with 10-fold cross valida-

tion repeated 3 times.19 In this method, the data was divided

into 10 equally sized folds. The models were trained on 9 of

the 10 folds (90% of the data) and tested on the remaining

fold (10%). This sub-process was repeated 10 times to test

on each fold while training on the remainder. Finally, the



Table 1 (Continued)

Variable n (%) | median (IQR)

Methicillin-resistant Staph aureus 38 (10.4)

Streptococcus 39 (10.6)

Bacteremia 213 (58.0)

Local spinal infections

Spondylodiscitis 212 (57.8)

Psoas/paraspinal abscesses 186 (50.7)

Vertebral osteomyelitis 50 (13.6)

Prevertebral abscess/retropharyngeal abscess 29 (7.9)

Discitis 20 (5.4)

Wound infection 15 (4.1)

Local nonspinal infections

Endocarditis 23 (6.3)

Nonspinal abscess cellulitis 20 (5.4)

Septic arthritis 18 (4.9)

Pneumonia/empyema 13 (3.5)

Failure of nonoperative management 99 (27.0)

* Rates of missing data were: Smoking status = 5(1.6%), Hemoglo-

bin = 9 (2.45%), Platelet = 11 (3.0%), Absolute lymphocyte = 57 (15.5%),

Absolute neutrophil = 51 (13.9%), Absolute eosinophil = 59 (16.1%),

Absolute basophil = 63 (17.2%), Absolute monophil = 56 (15.3%), Neu-

trophil to lymphocyte ratio = 57 (15.5%), Platelet to lymphocyte ratio = 58

(15.8%), Erythrocyte sedimentation rate = 50 (13.6%), C-reactive pro-

tein = 119 (32.4%), Albumin = 75 (20.4%), Alkaline phosphatase = 77

(21.0%), AST = 79 (21.5%), ALT = 95 (25.9%), Total bilirubin = 77

(21.0%), Creatinine = 9 (2.5%), Blood urea nitrogen = 8 (2.2%), Cal-

cium = 22 (6.0%), Prothrombin time = 67 (18.3%), INR = 82 (22.3%),

Partial thromboplastin time = 83 (22.6%), location of abscess = 3 (0.8%).
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overall process was repeated 3 times. Model performance

was examined by discrimination (receiver-operating curve,

c-statistic), calibration (calibration plot, calibration slope,

calibration intercept), overall model performance (Brier

score), and decision curve analysis.

Discrimination refers to the model’s ability to distinguish

patients who failed nonoperative management from those

who did not.20−23 Discrimination was assessed graphically

with the receiver-operating curve (ROC) and numerically

with the area under the receiver-operating curve (AUC).

Calibration measures how well the model’s predicted proba-

bilities correlate to the observed probabilities in the study

population; it was assessed graphically with calibration plots

and numerically with calibration slope and calibration inter-

cept.22,23 Overall model performance was assessed with the

Brier score, the mean squared error between the observed

values and the predicted probabilities.23,24 The calculated

Brier score was compared with the null model Brier score.

The null model Brier score was calculated by assigning a

predicted probability for all patients equivalent to the rate of

nonoperative management failure in the study population.

Decision curve analysis is a method based on the concept of

net benefit. Net benefit is defined as a function of true posi-

tives, false positives, the relative weight assigned to true

positives versus false positives, and the overall sample size.

By plotting the net benefit for all probability thresholds,

the result of any change in management on the basis of the

model can be compared with the default results of not

changing management for any patients or for changing
management for all patients.25 The final models were tested

on the validation cohort and assessed again by discrimina-

tion, calibration, and overall performance.

The predictions of the algorithm with the best perfor-

mance across these metrics was explained globally and

locally. Averaging across all patients in the derivation

cohort, the importance of each variable included in the

model was demonstrated globally to show their relative

importance.26 Next, at the individual patient level, local

explanations were provided to demonstrate which factors

supported and contradicted the prediction of failure of non-

operative management for each patient.27

Application development

The best algorithm was incorporated into an interactive

interface and deployed as an open-access web application

able to provide both predictions and patient-specific explan-

ations. R version 3.5.0 (The R Foundation, Vienna, Aus-

tria), RStudio version 1.0.153 (RStudio, Boston, MA,

USA), and Python version 3.6 (Python Software Founda-

tion, Wilmington, Delaware) were used for data analysis

and model creation and deployment.

Results

Demographic characteristics

Of the 367 patients in the cohort, 99 patients (27%)

failed nonoperative management. Fifty-four patients (15%)

had a motor deficit at presentation, and 43 patients (12%)

had sensory changes. With respect to medical comorbid-

ities, 82 patients (22%) had diabetes mellitus and 25 (6.8%)

had an active malignancy at the time of presentation. Sev-

enteen patients (4.6%) had a pathologic/compression frac-

ture at the affected levels. Two hundred and forty-three

patients (67%) had abscesses located ventral to the thecal

sac, 59 patients (16%) had abscesses located dorsally,

and 26 patients (7.1%) had abscesses that circumferentially

surrounded the thecal sac. Thirty-six patients’ (9.9%)

abscesses had components located in multiple locations rel-

ative to the thecal sac (Table 1). The median follow-up was

36 weeks.

Model performance and application

Using random forest algorithms with 10-fold cross vali-

dation in the derivation cohort, the following variables

were identified to include in final algorithm development:

motor deficit, diabetes mellitus, ventral component of

abscess relative to thecal sac, history of compression or

pathologic vertebral fracture, sensory dysfunction, active

malignancy, and 3 or more spine levels (Fig. 2B).

Discrimination refers to the model’s ability to distin-

guish between patients who failed and did not fail nonoper-

ative management20−23; models with perfect discrimination

have a c-statistic of 1. Calibration is a measure of how well



Table 2

Machine learning model performance on cross-validation of training set, mean (95% confidence interval), n = 295

Performance metric

Elastic-net penalized

logistic regression Neural network Random forest

Stochastic gradient

boosting Support vector machine

C-statistic 0.80 (0.76, 0.83) 0.78 (0.75, 0.82) 0.75 (0.72, 0.79) 0.79 (0.75, 0.82) 0.72 (0.66, 0.76)

Calibration intercept 0.16 (¡0.09, 0.42) 0.01 (¡0.20, 0.22) 0.92 (0.23, 1.61) 0.17 (¡0.09, 0.42) 1.10 (¡0.58, 2.78)

Calibration slope 1.19 (0.99, 1.40) 1.05 (0.87, 1.23) 1.35 (0.00, 2.71) 1.15 (0.95, 1.35) 1.86 (0.69, 3.03)

Brier score 0.15 (0.14, 0.16) 0.16 (0.15, 0.17) 0.18 (0.17, 0.19) 0.15 (0.14, 0.17) 0.17 (0.16, 0.18)

Null model brier score 0.20
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the model’s predicted probabilities compare to observed

probabilities in the study population. Calibration slope

measures the difference between predictor effects for the

model in training and testing sets; a calibration slope of 1

indicates that the predictor effects for the model are equiva-

lent in both sets. The Brier score is used to assess overall

model performance.23,24 The mean squared error between

observed values and predicted probabilities, Brier scores

closer to 0 indicate better models since this indicates a

lower error between predicted and observed values.

The AUC for the 4 machine-learning models ranged

from 0.56 for the Random Forest to 0.79 for the Elastic-Net

Penalized Logistic Regression in the testing set. The cali-

bration slope ranged from 0.08 for the Random Forest to

1.21 for the Elastic-Net Penalized Logistic Regression. The

Brier score ranged from 0.14 for the Elastic-Net Penalized

Logistic Regression to 0.18 for the Random Forest. The

Null Model Brier score was 0.20 (Table 3). Assessed

numerically by discrimination alone, the best model for

predicting failure of nonoperative management was the

Elastic-Net Penalized Logistic Regression. The receiver

operating curve for the Elastic-Net Penalized Logistic

Regression model is shown in Fig. 2A. The Elastic-Net

Penalized Logistic Regression was best calibrated over the

full range of predicted probabilities (Fig. 3A). Furthermore,

the Elastic-Net Penalized Logistic Regression had the low-

est Brier Score of the models. With superior discrimination,

calibration, and overall model performance, the Elastic-Net

Penalized Logistic Regression resulted in greater net benefit

than the default strategies of changing management for all

patients or for no patients for thresholds greater than 0.13

(Fig. 3B). We calculate positive predictive value, negative

predictive value, and accuracy at 3 threshold values

(Table 4).
Table 3

Machine learning model performance on testing set, n = 72

Performance metric

Elastic-net penalized

logistic regression Neural network

C-statistic 0.79 0.78

Calibration intercept 0.07 ¡0.13

Calibration slope 1.21 0.96

Brier score 0.14 0.15

Null model brier score 0.20
The Elastic-Net Penalized Logistic Regression model

was used to build a predictive algorithm for failure of non-

operative management. This was developed into a web

application that is available as an open access tool for clini-

cians. The web application can be accessed at: https://sorg-

apps.shinyapps.io/seanonop/ (Fig. 4).
Discussion

A better understanding of factors associated with nonop-

erative management failure in SEA would be of great util-

ity. Nonoperative management emerged as a viable

treatment strategy for SEA in recent decades, with several

reports of successful medical management.28−34 General

characteristics of patients in whom nonoperative manage-

ment have been proposed: a normal neurological exam,

extensive panspinal infection, complete paralysis for

>72 hours, poor surgical candidacy, or refusal of sur-

gery.1,4,28 Limited by relatively low case numbers in the

SEA literature, independent predictors of unsuccessful

medical management have been difficult to identify until

recently.

With a cohort of 51 patients who underwent nonoper-

ative management, Patel et al. identified 4 risk factors

predictive of treatment failure: diabetes mellitus, leuko-

cytosis greater than 12.5, positive blood cultures, and C-

reactive protein greater than 115.7 With a cohort of 142

nonoperatively managed patients, Kim et al. also identi-

fied 4 independent predictors of failure: age greater than

65 years, diabetes, methicillin-resistant Staphylococcus

aureus, and pretreatment motor deficit. They also pro-

vide a simplified algorithm for probability of treatment

failure.8
Random forest

Stochastic gradient

boosting Support vector machine

0.56 0.78 0.72

¡0.01 0.31 ¡0.17

0.08 1.16 0.87

0.18 0.14 0.17

https://sorg-apps.shinyapps.io/seanonop/
https://sorg-apps.shinyapps.io/seanonop/


Fig. 2. (A) Receiver operating curve for elastic-net penalized logistic regression; (B) Variable importance plots for elastic-net penalized logistic regression.

Fig. 3. The Elastic-Net Penalized Logistic Regression model was A) well calibrated over the full range of predicted probabilities and B) resulted in greater

net benefit than default strategies of changing management for all patients or no patients for thresholds greater than 0.13.
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Shah et al. built on these studies with a cohort of 367

nonoperatively managed patients, identifying 6 indepen-

dent predictors of failure.9 Motor deficit at presentation,

sensory changes, diabetes, active malignancy, and patho-

logic/compression fracture in affected levels were positive

predictors, whereas dorsal location of abscess relative to

the thecal sac was a negative predictor. These factors

encapsulate neurologic status at the time of presentation,

medical comorbidities, as well as local abscess anatomy.

Furthermore, they developed an algorithm that provides a
patient-specific risk of failure based on the presence or

absence of these 6 risk factors.9

Machine learning technology enables machines to learn

and make predictions through recognition of patterns in

large datasets.11 By capturing complex, nonlinear relation-

ships in data sets, machine learning represents an opportu-

nity for improving the accuracy of predicting clinical

outcomes.10 Machine learning algorithms have been

employed to aid decision-making in dermatology, ophthal-

mology, and oncology.13−15 Recently, machine learning



Table 4

Positive predictive value, negative predictive value, and accuracy at three

different threshold values

Threshold

Positive predictive

value

Negative predictive

value Accuracy

0.25 0.53 0.93 0.76

0.50 0.70 0.81 0.79

0.75 1.00 0.78 0.79
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algorithms have been developed to predict surgical site

infections as well as survival in patients with metastatic

bone disease.35−37 Machine learning techniques have not

been applied to SEA thus far. Previously performed studies

identifying independent predictors have all employed

regression modeling.7−9 Accurately predicting failure of
Fig. 4. Screenshot of the web-based application for a sample patient with diabetes

patient has a 29% probability of failing nonoperative management.
nonoperative management would be of great utility given

the risk of clinical deterioration and protracted time of anti-

biosis incurred through treatment failure.7

With a cohort of 367 patients with SEA managed nonop-

eratively, we have developed a machine learning algorithm

for prediction of failure of nonoperative management.

Assessment of discrimination, calibration, and overall

model performance led to the selection of the Elastic-Net

Penalized Logistic Regression model. By including the

largest cohort of nonoperatively managed patients with

SEA over a 26-year period across multiple tertiary care and

community hospitals, we are hopeful that our findings are

generalizable to a larger population.

Developing a discriminative and calibrated model for

predicting failure of nonoperative management is of
and SEA spanning three or more levels that is ventral to the thecal sac. This
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prognostic value and can be used to inform decision-mak-

ing in SEA. The clinical utility of the algorithm hinges not

just on the accuracy of the model but also on the ease of

use for clinicians. Previous studies reporting predictive

algorithms for nonoperative management failure have pro-

vided charts of the outcome’s probability listed for all con-

ceivable scenarios or the algorithm itself.8,9 Yet, charts or

equations are not as straightforward to apply in real-time as

digital applications are. To facilitate direct use of this algo-

rithm by healthcare providers, we incorporated the Elastic-

Net Penalized Logistic Regression model into an open

access digital interface. It must be emphasized that this

algorithm is not meant to supplant the role of clinical judg-

ment. The decision to manage SEA operatively versus non-

operatively is a complex one and must take into

consideration the broader clinical and psychosocial context

of the patient. Although, an algorithm cannot make the

determination of whether the dangers of failed nonoperative

management outweigh the benefits of avoiding surgery, an

algorithm that provides an accurate risk of failure can pro-

vide an important data point for the clinician.

This study has limitations, first of which is its retrospec-

tive design. Second, radiologic images were not always

available for review in our electronic medical record before

2007; thus location relative to thecal sac in these cases was

determined and classified solely from radiology reports.

Furthermore, the decision for nonoperative management

was not made with any clearly defined criteria; rather, it

was a decision made by the attending spine surgeon. This may

represent a source of selection bias. In any predictive model,

there is a concern for model overfitting. Including more varia-

bles with a small sample size can lead to overfitting. In

overfitting, the apparent performance of the algorithm on

the development set improves but the generalizability of

the algorithm to new samples decreases because the algo-

rithm focuses on the idiosyncrasies of the development

dataset rather than learning general principles. It is thus

important to perform future studies where this algorithm is

externally validated.

The utility of machine-learning models lies in their pre-

dictive nature, not in an explanatory capacity. Unlike in

logistic regression, the relative contributions of different

risk factors toward failure of nonoperative management are

not offered as odds ratios. Nonetheless, improving the accu-

racy of clinical predictions is of great utility so long as it is

used thoughtfully to translate into better clinical care. It

should be noted that the patient population used in this

study overlaps with the cohort reported in Shah et al.9;

however, we employ a novel methodology to predict treat-

ment failure and provide a web-application interface for

increased accessibility.

Finally, it is important to recognize that an algorithm −
whether it is machine learning or regression − is only as

trustworthy as the data it is built on. Systematic biases in

data collection and clinical decisions impact the patterns

that are detected by machine learning; this can adversely
affect underrepresented groups such as women, ethnic

minorities, and patients of lower socioeconomic status.11

Clinicians must be cognizant that algorithms can reflect

past biases. External validation of machine learning models

is also important to guard against institutional biases in a

single-system study. Future studies can seek to validate or

refute the models created in this analysis by using data

from multiple institutions or with prospective study

designs.
Conclusion

Using the largest cohort of nonoperatively managed

patients with SEA, we have built a robust machine learning

algorithm to predict failure of nonoperative management.

An accurate model is necessary but not sufficient to achieve

true clinical utility, however. We also report an open-access

web-based application that simplifies use of the algorithm

for clinicians, the first such tool for prediction of nonopera-

tive management failure in SEA.
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