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ARTICLE INFO ABSTRACT

Level of Clinical Evidence: 3 Ankle fractures are common orthopedic injuries with favorable outcomes when managed with open reduction and

internal fixation (ORIF). Several patient-related risk factors may contribute to poor short-term outcomes, and machine

Keywords:
ankle fracture learning may be a valuable tool for predicting outcomes. The objective of this study was to evaluate machine-learning
ankle ORIF algorithms for accurately predicting short-term outcomes after ORIF for ankle fractures. The Nationwide Inpatient Sam-

ple and Nationwide Readmissions Database were queried for adult patients > 18 years old who underwent ORIF of an
ankle fracture during 2013 or 2014. Morbidity and mortality, length of stay > 3 days, and 30-day all-cause readmission
were the outcomes of interest. Two machine-learning models were created to identify patient and hospital characteris-
tics associated with the 3 outcomes. The machine learning models were evaluated using confusion matrices and
receiver operating characteristic area under the curve values. A total of 16,501 cases were drawn from the Nationwide
Inpatient Sample and used to assess morbidity and mortality and length of stay >3 days, and 33,504 cases were drawn
from the Nationwide Readmissions Database to assess 30-day readmission. Older age, Medicaid, Medicare, deficiency
anemia, congestive heart failure, chronic lung disease, diabetes, hypertension, and renal failure were the variables asso-
ciated with a statistically significant increased risk of developing all 3 adverse events. Logistic regression and gradient
boosting had similar area under the curve values for each outcome, but gradient boosting was more accurate and more
specific for predicting each outcome. Our results suggest that several comorbidities may be associated with adverse
short-term outcomes after ORIF of ankle fractures, and that machine learning can accurately predict these outcomes.
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Ankle fractures are among the most common orthopedic trauma injuries
in the United States and are the most common fractures seen in the foot and

predict an outcome (17). A variety of different machine learning algo-
rithms exist, with no clear indication of which to use in a given situation.

ankle (1—4). Nonoperative management is effective for the majority of ankle
fractures, but a large percentage require open reduction and internal fixa-
tion (ORIF) (5—7). Outcomes following ORIF are generally favorable, but a
number of studies have identified risk factors for poor functional outcome
and short-term complications following surgery (8—12).

Machine learning is a powerful method for predicting outcomes that
has been used throughout a number of clinical specialties, ranging from
oncology to orthopedic surgery (13—17). Machine learning involves pro-
viding data to a computational algorithm for training. The training process
allows the algorithm to learn how certain input variables are related to an
outcome variable and to predict outcomes on new datasets the algorithm
has not yet encountered. Once trained, the algorithm can be applied to
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In the orthopedic literature, machine learning has been used in a
wide array of applications that have demonstrated it to be valuable in
the clinical setting. Studies have used machine-learning technology to
identify pathologic gait patterns, progression of osteoarthritis, and out-
comes following lumbar spine fusion (18—22). No studies, however,
have investigated machine learning as a tool for prediction of outcomes
following ankle fracture surgery. Machine learning may be of benefit to
the foot and ankle surgeon for identifying high-risk patients and poten-
tially poor outcomes. The objective of the present study was therefore
to evaluate the accuracy of 2 different machine-learning algorithms for
predicting short-term outcomes following ORIF of ankle fractures.

Materials and Methods
Patient Sample

This cross-sectional study used data from the 2013 and 2014 Nationwide Inpatient
Sample (NIS) and Nationwide Readmissions Database (NRD), both part of the Healthcare
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Cost and Utilization Project, Agency for Healthcare Research and Quality (23,24). Interna-
tional Classification of Diseases, Ninth Revision, Clinical Modification diagnosis codes were
used to identify all patients who were hospitalized with an ankle fracture diagnosis
(824.0 to 824.9). Procedure codes (79.30, 79.36, and 79.39) were then used to select
all ankle fracture patients who underwent ORIF. The NIS is made up of a 20% sample of all
national hospital admissions, and the NRD is made up of a 50% sample of all national
hospital admissions, so we expected our sample sizes to be different between the
2 databases.

Inclusion and Exclusion Criteria

Only adults >18 years old were included in the study. Unspecified fractures of the
ankle were excluded. Patients with a diagnosis related to an infected or failed orthopedic
implant were excluded from the study, as these were likely revision cases. Patients with
polytrauma, which included a diagnosis code of trauma to another region of the body, in
addition to the ankle fracture, were excluded. For the NRD cases only, patients admitted
during the month of December were excluded to allow enough follow-up time to capture
a 30-day readmission.

Variables and Outcomes

Three short-term outcomes of interest were investigated: inpatient morbidity and
mortality, length of stay (LOS) > 3 days, and 30-day all-cause readmission. Morbidity and
mortality and LOS were derived from the NIS, whereas 30-day all-cause readmissions
were derived from the NRD. Patients are not linked between the 2 databases.

Morbidity and mortality was defined by intraoperative complications, postoperative
complications that occurred during the same admission, and death that occurred during
the same admission. Intraoperative complications included accidental laceration or punc-
ture to the patient and hemorrhage complicating the procedure. Postoperative complica-
tions involved wound complications, infection, and complications related to the
gastrointestinal, urinary, respiratory, and cardiovascular organ systems.

The NIS and NRD include variables to describe various hospital and patient character-
istics. Insurance status was grouped into categories that included Medicare, Medicaid,
private insurance, self-pay, no charge, and other. The self-pay, no charge, and other insur-
ance categories were combined into a single categorical variable defined as “other insur-
ance.” For the teaching hospital variable, rural hospitals were considered nonteaching, as
very few rural teaching hospitals are part of the NIS and NRD.

Statistical Analysis and Machine-Learning Algorithms

All data were analyzed using R version 3.3.3 (R Foundation for Statistical Computing,
Vienna, Austria). Kolmogorov—Smirnov normality tests were performed on continuous
variables in each group compared to determine normality. Bivariate comparisons were
performed using independent sample unpaired Student’s ¢t tests for normally distributed
continuous variables, and the Wilcoxon rank-sum test was used to compare continuous
variables that had a non-normal distribution. Bivariate comparison of categorical varia-
bles between groups was done with the x° test. Statistical significance was taken at
p < 0.05.

The R package Caret was used to build machine-learning models. An initial data parti-
tion of both the NIS and the NRD was created, with 70% of the cases allotted to a training
dataset and 30% allotted to a testing dataset, with equal event rates in both the training
and testing datasets. A repeated cross-validation method was used for the training con-
trol, with 10 partitions and 3 repeats, and synthetic minority oversampling technique
was used to sample the training data. The synthetic minority oversampling technique
was used to mitigate the low event rate of each of our outcomes (25). Two machine-
learning classification algorithms were used: logistic regression and gradient boosting.
Variable importance is an output for the gradient-boosting algorithm, which is calculated
based on how much each variable improves the performance of the algorithm relative to
the other variables. Our independent variables for each model were age, elective surgery,
seX, insurance status, teaching hospital, deficiency anemias, congestive heart failure
(CHF), chronic lung disease, depression, diabetes, hypertension, obesity, peripheral vascu-
lar disease (PVD), renal failure, and open fracture. Insurance status was a 4-level factor
variable, with private insurance as the reference group. Each machine-learning model
was run separately for 3 outcome variables: morbidity and mortality, LOS >3 days, and
30-day readmission. After training, models were then tested on the test datasets. Confu-
sion matrices generated accuracy, sensitivity, and specificity, which were used as perfor-
mance metrics along with receiver operating characteristic (ROC) curves.

Results
Patient Sample
A total of 50,005 ankle fracture patients who underwent ORIF were

analyzed, with 16,501 coming from the NIS and 33,504 from the NRD.
Therefore, 16,501 patients were evaluated for developing an inpatient

Table 1

Summary of demographic, hospital characteristics, and short-term outcomes of the total
number of cases isolated from the 2013 and 2014 Nationwide Inpatient Sample and
Nationwide Readmissions Database

Characteristic NIS NRD
n 16,501 33,504
Age (y) 59.00 (46.00, 71.00) 59.00 (45.00, 71.00)
Elective surgery 2585 (15.7) 5015 (15.0)
Female 11,472 (69.5) 23,156 (69.1)
Insurance
Private insurance 5384 (32.6) 10,786 (32.2)
Medicaid 1676 (10.2) 3691(11.0)
Medicare 7037 (42.6) 13,896 (41.5)
Other insurance 2404 (14.6) 5131(15.3)
Teaching hospital 8958 (54.3) 17,798 (53.1)
Deficiency anemia 1711 (104) 3399 (10.1)
Congestive heart failure 971(5.9) 1711 (5.1)
Chronic lung disease 2707 (16.4) 5280 (15.8)
Depression 2365 (14.3) 4685 (14.0)
Diabetes 2894 (17.5) 5492 (16.4)
Hypertension 8536 (51.7) 16,595 (49.5)
Obesity 2893 (17.5) 5634 (16.8)
Peripheral vascular disease 502 (3.0) 1003 (3.0)
Renal failure 1306 (7.9) 2529 (7.5)
Open fracture 1416 (8.6) 2896 (8.6)
Morbidity and mortality 1136 (6.9) NA
Length of stay >3d 5569 (33.7) NA
30-Day readmission NA 1969 (5.9)

Abbreviations: NA, not applicable; NIS, Nationwide Inpatient Sample; NRD, Nationwide
Readmissions Database.
Data are median (interquartile range) or n (%).

complication or increased LOS, and 33,504 were evaluated for 30-day
readmission. A summary of patient and hospital characteristics is pro-
vided in Table 1. The rates of morbidity and mortality, LOS >3 days,
and 30-day all-cause readmission were 6.9%, 33.7%, and 5.9%, respec-
tively. A breakdown of morbidity and mortality by complication type is
presented in Table 2.

Risk Factors for Adverse Short-Term Outcomes

Several independent risk factors were identified for developing an
inpatient complication, increased LOS, or 30-day readmission following
ORIF of an ankle fracture (Table 3). Of the 17 independent variables ana-
lyzed, older age, nonelective surgery, Medicaid, Medicare, deficiency
anemia, CHF, chronic lung disease, diabetes, hypertension, obesity, PVD,
and renal failure were found to be statistically significant independent
risk factors for developing an inpatient complication. Older age, non-
elective surgery, Medicaid, Medicare, other insurance, teaching hospital,
deficiency anemia, CHF, chronic lung disease, depression, diabetes,
hypertension, obesity, PVD, renal failure, and open fracture were risk
factors for increased LOS. Finally, older age, male sex, Medicaid, Medi-
care, other insurance, nonteaching hospital, deficiency anemia, CHF,

Table 2
Breakdown of morbidity and mortality by complication type
(total cases, N=16,501)

Complication n (%)
Mechanical wound 24(0.1)
Postoperative infection 132(0.8)
Urinary 45(0.3)
Respiratory 357(22)
Gastrointestinal 52(0.3)
Cardiovascular 643 (3.9)
Intraoperative 16(0.1)
Death 29(0.2)
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Table 3
0Odds ratios for logistic regression models for each of the 3 outcome variables

Morbidity and Mortality (n = 16,501)

Length of Stay >3 Days (n = 16,501)

30-Day Readmission (n = 33,504)

Characteristic OR (95% CI) p Value OR (95% CI) p Value OR (95% CI) p Value
Age (y) 1.025 (1.0194 to 1.0307) <.0001 1.0273 (1.0248 to 1.0297) <.0001 1.013 (1.0092 to 1.0168) <.0001
Elective surgery 0.8328 (0.7003 to 0.9892) .0378 0.304 (0.2784 t0 0.3316) <.0001 0.9208 (0.809 to 1.0473) 2102
Female 1.1265 (0.9806 to 1.2945) .0927 0.9688 (0.9107 to 1.0307) 3158 0.8764 (0.7936 to 0.9678) .0092
Medicaid 1.6787 (1.3171 to 2.1363) <.0001 2.0977 (1.9014 to 2.3143) <.0001 2.3788(2.0319 to 2.7852) <.0001
Medicare 1.6651 (1.4029 to 1.9774) <.0001 1.5602 (1.4449 to 1.6849) <.0001 1.9732 (1.7281 to 2.2542) <.0001
Other insurance 0.9218 (0.7201 to 1.1747) 5138 1.3342 (1.2164 to 1.4631) <.0001 1.2614 (1.0741 to 1.4801) .0045
Teaching hospital 1.12 (0.9916 to 1.2654) .0684 1.2941 (1.2255 to 1.3667) <.0001 0.902 (0.8259 to 0.9853) .022

Deficiency anemia 1.2536 (1.0465 to 1.5018) .0142 2.0145 (1.8368 to 2.2105) <.0001 1.406 (1.2299 to 1.6078) <.0001
Congestive heart failure 1.9623 (1.5864 to 2.4358) <.0001 2.4553 (2.1549 to 2.8036) <.0001 1.7734 (1.4952 to 2.1081) <.0001
Chronic lung disease 1.2598 (1.0768 to 1.4738) .0039 1.3373 (1.2436 to 1.4382) <.0001 1.3893 (1.2403 to 1.5563) <.0001
Depression 1.0785 (0.9122 to 1.2746) 3758 1.2791 (1.1845 to 1.3812) <.0001 1.0798 (0.9562 to 1.2192) 0.2151
Diabetes 1.184(1.0221 to 1.3715) .0243 1.4268 (1.3281 to 1.533) <.0001 1.3276 (1.1869 to 1.4851) <.0001
Hypertension 1.6576 (1.4349 to 1.9153) <.0001 1.2371 (1.1609 to 1.3183) <.0001 1.3865 (1.2499 to 1.5379) <.0001
Obesity 1.5729 (1.3517 to 1.8307) <.0001 1.6869 (1.5711 to 1.8114) <.0001 1.0523 (0.9375 to 1.1807) .3866
Peripheral vascular disease 3.8876 (2.9444 to 5.1962) <.0001 1.3687 (1.1541 to 1.6268) 3.00E to 04 1.045 (0.8395 to 1.3034) .6945
Renal failure 1.5022 (1.2305 to 1.8372) 1.0x 107 1.7497 (1.5668 to 1.9559) <.0001 1.7735 (1.528 to 2.0608) <.0001
Open fracture 1.0547 (0.8482 to 1.3104) 6311 1.1671 (1.061 to 1.2837) .0015 1.3687 (1.1767 to 1.5921) <.0001

Abbreviations: CI, confidence interval; OR, odds ratio.
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Fig. 1. Variable importance of logistic regression and gradient boosting for predicting morbidity and mortality (n = 16,501). Abbreviations: CHF, congestive heart failure; HTN, hyperten-

sion; PVD, peripheral vascular disease.



R.K. Merrill et al. / The Journal of Foot & Ankle Surgery 58 (2019) 410—416 413

Female Gender

PVD

Open Fracture
Other Insurance
Depression
Teaching Hospital
Chronic Lung Disease
Diabetes

Renal Failure
Hypertension
Medicaid

CHF

Obesity
Deficiency Anemia
Medicare

Elective Surgery
Age

Logistic Regression

25 50 75

o

Gradient Boosted

100 25 50 75 100

o

Relative Importance

Fig. 2. Variable importance of logistic regression and gradient boosting for predicting length of stay >3 days (n = 16,501). Abbreviations: CHF, congestive heart failure; PVD, peripheral
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disease.

chronic lung disease, diabetes, hypertension, renal failure, and open
fracture were all risk factors for a 30-day readmission (Table 3).

Variable Importance for Model Prediction

Relative variable importance using the machine-learning algorithms
to predict the 3 different outcomes was analyzed. A summary of the rel-
ative importance of each variable in the 2 models for predicting morbid-
ity and mortality, LOS > 3 days, and 30-day readmission is presented in
Figs. 1, 2, and 3, respectively. Age, hypertension, Medicaid, Medicare,
and CHF were consistently among the top variables of importance for
prediction of the outcomes by each model.

Comparing Logistic Regression to Gradient Boosting

The gradient-boosting machine-learning model was substantially
more accurate than the logistic-regression model for predicting all 3
short-term outcomes, particularly morbidity and mortality and 30-day
readmission (Table 4). Additionally, sensitivity was greater for logistic
regression for each outcome, while specificity was higher for gradient
boosting for each outcome. The ROC area under the curve (AUC) values
were comparable between the 2 models, with the logistic regression
model having a slightly better value for predicting each outcome
(Fig. 4).

Discussion

The objective of the present study was to evaluate the accuracy of
machine learning to predict adverse events following ankle fracture
ORIF. Several studies have performed risk factor analysis for short-term
adverse events following ORIF for ankle fractures and found similar
results (8,10,11,26,27). Basques et al (26) conducted a database study
using the American College of Surgeons National Quality Improvement
Program to identify morbidity and readmissions within 30 days of ORIF
for ankle fractures. The authors found that diabetes, older age, American
Society for Anesthesiology (ASA) class >3, bimalleolar fracture, hyper-
tension, and dependent functional status were independent risk factors
for a short-term morbid event. Our results corroborate that comorbid-
ities such as diabetes and hypertension may place patients at higher
risk of morbidity following ORIF. Basques et al (26) are 1 of the only
groups that have investigated 30-day readmission following ORIF of
ankle fractures, and they found ASA >3 to be the only independent risk
factor for readmission.

Our results support these findings, because we identified, based on
logistic regression, several risk factors for developing morbidity and
mortality, having an LOS >3 days, or experiencing a 30-day readmis-
sion. Older age, Medicaid, Medicare, deficiency anemia, CHF, chronic
lung disease, diabetes, hypertension, and renal failure were the varia-
bles associated with a statistically significant increased risk of
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Fig. 3. Variable importance of logistic regression and gradient boosting for predicting 30-day readmission (n = 33,504). Abbreviations: CHF, congestive heart failure; PVD, peripheral vas-

cular disease.

developing all 3 of these postoperative adverse events (Table 3). PVD
increased the risk of developing morbidity and mortality by almost 4-
fold (odds ratio [OR] 3.89, p < .0001) but was not a statistically signifi-
cant predictor of 30-day readmission (OR 1.04, p=.69). Conversely,
open fracture was a risk factor for 30-day readmission (OR 1.37, p <
.0001) but not for morbidity and mortality (OR 1.05, p =.63). Female sex
(OR 0.88, p=.01) and teaching hospital status (OR 0.90, p=.02) were
associated with a reduced risk of readmission. The literature and our
results underscore the importance of evaluating patient comorbidities
and counseling patients on risks of adverse short-term outcomes when
opting to undergo ORIF for ankle fractures.

Variable importance identifies which variables hold the most relative
weight for model prediction. Variable importance provides different
information from an output such as an OR, in that it does not provide a
direct quantification for the association between a predictor variable and
an outcome (27). Rather, variable importance suggests which variables
are most important to a predictive model in accurately identifying an
outcome. Therefore, the variable importance may identify the most rele-
vant characteristics to consider when evaluating a patient preoperatively.
Although the 2 models differed in the variables found to be most impor-
tant for predicting each of the 3 outcomes, several overlapped between
the 2 and between those identified as independent risk factors by logistic
regression. Some of these variables included age, insurance status, hyper-
tension, and CHF (Figs. 1-3). These variables were consistently found to
be of importance to each of the 2 machine-learning models for predicting

all 3 outcomes. These findings, in conjunction with the results of the
logistic regression, highlight the impact that age, insurance, and certain
comorbidities may have on short-term outcomes after ORIF of ankle frac-
tures. Variable importance has not been reported in the orthopedic litera-
ture, but it has been reported in other areas of medicine, suggesting that
variable importance of a machine-learning model may provide additional
and useful information for identifying characteristics associated with
adverse outcomes (27).

Machine learning has become a popular method for building predic-
tive models in the field of medicine and has started to emerge as a risk
factor analysis strategy in orthopedics (18—22,27,28). The abundance of

Table 4

Accuracy, sensitivity, specificity, and receiver operating characteristic area under the
curve values for logistic regression and gradient boosted machine learning algorithms
used to predict 3 different outcomes

Morbidity and Mortality ~ Length of Stay >3 Days  30-Day Readmission

(n=16,501) (n=16,501) (n=33,504)
Algorithm Logistic Boosted Logistic Boosted Logistic ~ Boosted
Accuracy  0.7442 0.8517 0.7149 0.7244 0.7435 0.8479
Sensitivity 0.5753 0.3706 0.5778 0.5497 0.5356 0.3356
Specificity 0.7568 0.8871 0.7847 0.8134 0.7564 0.8798
AUC 0.7529 0.7364 0.7583 0.7580 0.7101 0.6979

Abbreviation: AUC, area under the curve.
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Fig. 4. Receiver operating characteristic curves for each machine learning model predicting (A) morbidity and mortality (n = 16,501), (B) length of stay greater than 3 days (n = 16,501),
and (C) 30-day readmission (n = 33,504). Abbreviations: AUC, area under the curve; GB, gradient boosting; LR, logistic regression.

different types of machine learning can make choosing the most accu-
rate algorithm difficult. One of the more commonly used statistical
methods for risk factor analysis is logistic regression. Logistic regression
is also a type of machine-learning algorithm, and it may therefore serve
as a good standard when assessing the performance of other machine-
learning algorithms (29,30). Kim et al (22) compared the predictive abil-
ity of artificial neural networks to logistic regression for identifying
adverse outcomes after posterior lumbar spine surgery. The authors
used the 2 algorithms to predict 4 different short-term outcomes: car-
diac complications, wound complications, venous thromboembolism,
and mortality. They evaluated the performance of the models using sen-
sitivity, specificity, and ROC-AUC. The artificial neural networks had
a greater sensitivity than logistic regression for detecting wound com-
plications and mortality, but both models had similar AUC values for all
4 types of complications (Table 4). The authors also compared each
model to ASA class as a benchmark predictor and found that each model
outperformed ASA with respect to AUC, sensitivity, and specificity.
These results suggest that logistic regression and artificial neural net-
works are comparable machine-learning models, with artificial neural
networks providing the benefit of increased sensitivity for certain
outcomes (22).

The present study compared a different type of machine learning, gra-
dient boosting, to logistic regression and found similar results to the pre-
sented literature. The gradient-boosting models had similar AUC to the
logistic-regression models but significantly outperformed the logistic-
regression models in terms of overall predictive accuracy and specificity.
Overall predictive accuracy is the percentage of correct predictions, and
it therefore provides a general picture of the performance of each model.
Gradient boosting led to a model that correctly predicted the 3 outcomes
more frequently than logistic regression. Gradient boosting may there-
fore provide the benefit of more accurately identifying patients who will
experience an adverse event following ORIF for ankle fractures. However,
if a user desires a model that has a higher sensitivity, and may therefore
be more tuned to including all patients with adverse events but having
more false positives, then an algorithm such as logistic regression may be
desirable. The context for which the model will be used must be consid-
ered and balanced with the performance statistics of each model.
Additional studies in other medical specialties suggest that other
machine-learning algorithms perform similarly to, or better than, logistic
regression (29,30). Such results, in tandem with our findings, demon-
strate the value of exploring different types of machine-learning algo-
rithms when building predictive models.
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Machine learning is a powerful tool that can be used by surgeons
and patients alike to identify those most at risk of experiencing adverse
events following particular types of surgery. Such information would be
invaluable for deciding who may be an optimal candidate for surgery,
and for when to modify or optimize the surgical care plan for high-risk
patients (16). Our findings illustrate that machine learning may be a
valid and powerful tool when building predictive models.

This study is limited primarily by the databases used. The NIS and NRD
are national databases that collect numerous variables but are not ortho-
pedic focused and do not contain orthopedic-specific variables. As such,
important details pertaining to ankle fractures, such as alignment or frac-
ture pattern, were not obtainable. A second limitation of the study is that
the 2 databases are not interlinked. Therefore we cannot determine if
there is an association between patients who experienced a complication,
derived from the NIS, and those who were readmitted, derived from the
NRD. Such information could provide valuable insight into the postopera-
tive recovery after ankle fractures. Last, the models developed in the study
were validated using these retrospective databases. Future studies should
aim to use and compare machine-learning models on prospective cohorts.

In conclusion, several patient characteristics and comorbidities were
identified as risk factors for developing morbidity and mortality, LOS
>3 days, or 30-day readmission. Some of the most consistent risk factors
included age, insurance status, hypertension, and CHF, among many
others. In comparing the performance of 2 machine-learning algorithms
for predicting outcomes, gradient boosting was found to be more accurate
and more specific than logistic regression, but the models had similar
ROC-AUC values. These results demonstrate the importance of evaluating
patients preoperatively for factors that may put them at higher risk of
developing an adverse event and suggest that machine learning can
accurately predict short-term outcomes after ORIF of ankle fractures.
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