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Background: We aimed to demonstrate that supervised machine learning (ML) models can better
predict postoperative complications after total shoulder arthroplasty (TSA) than comorbidity indices.
Methods: The American College of Surgeons—National Surgical Quality Improvement Program data-
base was queried from 2005-2017 for TSA cases. Training and validation sets were created by randomly
assigning 80% and 20% of the data set. Included variables were age, body mass index (BMI), operative
time, smoking status, comorbidities, diagnosis, and preoperative hematocrit and albumin. Complications
included any adverse event, transfusion, extended length of stay (>3 days), surgical site infection, return
to the operating room, deep vein thrombosis or pulmonary embolism, and readmission. Each SML algo-
rithm was compared with one another and to a baseline model using American Society of Anesthesiol-
ogists (ASA) classification. Model strength was evaluated by calculating the area under the receiver
operating characteristic curve (AUC) and the positive predictive value (PPV) of complications.
Results: We identified a total of 17,119 TSA cases. Mean age, BMI, and length of stay were 69.5 + 9.6
years, 31.1 £ 6.8, and 2.0 £ 2.2 days. Percentage hematocrit, BMI, and operative time were of highest
importance in outcome prediction. SML algorithms outperformed ASA classification models for predict-
ing any adverse event (71.0% vs. 63.0%), transfusion (77.0% vs. 64.0%), extended length of stay (68.0%
vs. 60.0%), surgical site infection (65.0% vs. 58.0%), return to the operating room (59.0% vs. 54.0%),
and readmission (64.0% vs. 58.0%). SML algorithms demonstrated the greatest PPV for any adverse
event (62.5%), extended length of stay (61.4%), transfusion (52.2%), and readmission (10.1%). ASA
classification had a 0.0% PPV for complications.
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Conclusion: With continued validation, intelligent models could calculate patient-specific risk for com-

plications to adjust perioperative care and site of surgery.

Level of evidence: Level IV; Case-Control Design; Diagnostic Study
© 2019 Journal of Shoulder and Elbow Surgery Board of Trustees. All rights reserved.

Keywords: Total shoulder arthroplasty; anatomic total shoulder arthroplasty; reverse total shoulder
arthroplasty; complication rate; risk assessment; machine learning; neural networks

The Bundled Payments for Care Improvement (BPCI)
Initiative (launched by the Center for Medicare & Medicaid
Innovation) emphasizes providing value-based care to
optimize surgical outcomes with lower operating costs.”’
However, allocating appropriate resources is highly intri-
cate and dependent on many variables. Total shoulder
arthroplasty, in particular, is a rapidly developing surgical
procedure that can be performed in an inpatient or outpa-
tient setting to effectively manage end-stage arthritis in a
cost-effective manner.”*>** Predicting short-term compli-
cations following this surgery is challenging but is an
important step toward performing this procedure safely and
minimizing hospital length of stay.

Machine learning (ML) is the science of utilizing
computerized neural networks to adapt to complicated data.
Regression algorithms can thereby be optimized to create
predictive algorithms for use, based on collected variables.
ML has a wide range of clinical applications ranging from
computer-aided diagnosis, drug discovery, and modeling
outcome data sets.*”° Recently, orthopedic surgery spe-
cialists have adapted this technology toward predicting
complications.'®'??

Both anatomic and reverse total shoulder arthroplasty
(aTSA and rTSA) are safe, elective procedures with low
overall morbidity.”” Despite this, several patient factors
have been identified that increase the risk of complica-
tions.'®”” To provide value-based care, patient selection
is vital for identifying these factors and allocating re-
sources appropriately to minimize the economic burden
when providing care.'”?® A generalizable and predictive
model specific to elective shoulder arthroplasty could be
valuable in helping physicians select candidates for sur-
gery, determine sites of operation, and appropriately
allocate resources to ensure safe performance of the
procedure.

The purpose of this study was to evaluate machine
learning algorithms in predicting postoperative complica-
tions after total shoulder arthroplasty, determine variables
most frequently used within the model, and compare
the effectiveness of these models to one based solely on
the American Society of Anesthesiologists (ASA)
physical status classification. We hypothesize that super-
vised machine learning (ML) models will better
predict postoperative complications after TSA than would
comorbidity indices.

Methods
Data collection

Data for the present study were collected from the American
College of Surgeons—National Surgical Quality Improvement
Program (ACS-NSQIP). This program prospectively collects data
on 274 variables from a growing network of 700+ hospitals.””
Surgical outcomes in the database are all recorded within 30
days of the indexed surgery. Institutional participation is voluntary
and exclusive to the United States. To ensure that data quality is
maintained, participating institutions must employ a clinical sur-
gical reviewer with a medical background to oversee this data
collection. This database has been externally validated.””** In
addition, the ACS routinely performs internal audits for quality
assurance.

Patient population

The ACS-NSQIP database was retrospectively queried between
the years 2005-2017 for all patients who were listed under the
CPT code 23472, which is used for shoulder replacement pro-
cedures that include both the humerus and glenoid, that is, total
shoulder arthroplasty. The same code is used whether the patient
had an anatomic total shoulder or a reverse total shoulder. The
International Classification of Diseases (ICD) codes were
reviewed manually. Both ICD-9 and ICD-10 codes were catego-
rized into osteoarthritis, theumatoid arthritis, posttraumatic/insta-
bility arthropathy, avascular necrosis, and fracture (Appendix 1).
Cases that could not be grouped into any of these categories were
excluded, for example, the codes corresponding to malignancy,
infection, or prosthetic loosening. All available preoperative and
intraoperative variables were individually analyzed for appropri-
ateness to be included in the model. Correlations of features to one
another were evaluated to determine any bias from feature se-
lection. Features selected for analysis included age, body mass
index, dependent functional status, smoking history, diabetes,
hematocrit and albumin laboratory levels, history of congestive
heart failure, dialysis, ascites, disseminated cancer, hypertension
requiring medication, dyspnea, steroid use, renal failure, bleeding
disorder, and recent weight loss (within 6 months). Cases with
missing features were excluded from the study.

Predictive model design

Designated labels were extended length of stay (>3 days), surgical
site infection, anemia requiring transfusion, deep vein thrombosis
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Figure 1  Generalized process of machine learning algorithms in calculation of complex models through minimization of error and

optimization of accuracy.

or pulmonary embolism, return to the operating room (OR), and
any adverse event. The cutoff for extended length of stay was
determined as the integer greater than the 75% quartile.'” Any
adverse event included the incidence of 1 or more of the following
complications within 30 days from surgery: surgical site infection,
anemia requiring transfusion, deep vein thrombosis or pulmonary
embolism, urinary tract infection, acute renal failure/compensa-
tion, sepsis, intubation-related event, pneumonia, myocardial
infarction, cerebrovascular event, cardiac arrest, and return to the
OR. Of note, incidence of readmission was recorded by the ACS-
NSQIP only from 2013 onward. Preoperative and intraoperative
features are as noted above. ASA classification was stratified by
the commonly used 6-level classification, and Frailty Index was
classified by the 5-factor modified index.'*"”

Statistical analysis

Machine learning algorithms were created using the Scikit-Learn
package of Python, version 3.7.2.*° The overall data set was split
into a training subset to design the predictive model and a vali-
dation subset to evaluate the metrics of the model. The training
subset consisted of a randomly assorted 80% of the overall data
set, whereas the validation set consisted of the remaining 20%.
Input features were selected as above and modeled per different
algorithms. Machine learning is employed through forward
propagation and calculation of loss/error within the training set,
and utilization of backpropagation to update model weights for
each adverse event. Several layers, or neural networks, are used to
increase the speed of calculation of this basic process. Finally, this
general process is reiterated until an optimum accuracy is reached,
and the accuracy of the model is evaluated using the validation
subset (Fig. 1). The following machine learning algorithms for

binary classifications were implemented and compared: logistic
regression, K-nearest neighbor, random forest, Naive-Bayes, de-
cision tree, and gradient boosting trees. Optimal hyperparameters
were iteratively selected from a random pool of candidates based
on the accuracy of the model. Ordinal features were incorporated
into the model using 1-hot-encoding, whereas nominal variables
were bucketed into 10 equally sized bins to minimize bias. Final
outcomes were model accuracy, area under the receiver operating
characteristic curve (AUC), and positive predictive value (PPV) in
predicting every single adverse event of each machine learning
algorithm with respect to all of the aforementioned labels. Ac-
curacy was defined as the sum of true-positive (correctly predicted
adverse events) and true-negative (currently predicted nonevents)
predictions divided by the sample size.

Results

An initial query of the database yielded 19,185 cases of
total shoulder arthroplasty. On applying the inclusion/
exclusion criteria, 17,119 cases remained. The baseline
characteristics of the resulting population is represented in
Table I.

The average length of stay was 2.0 & 2.2 days. The most
common complication was anemia requiring transfusion
(n = 471, 3%). Adverse events are further summarized in
Table II.

Training and validation sets consisted of 13,697 and
3,422 cases, respectively. A total of 22 features were used
to determine the optimal model in the prediction of 6
separate labels. A correlation matrix between features was
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Table I  Preoperative and intraoperative characteristics of
the included patient population
Mean/ Standard
Count deviation
Demographics
Age, yr 69.5 9.6
BMI 31.1 6.8
Gender =
Male 9626
Female 7493
Functional status =
Independent 16,682
Partially dependent 418
Totally dependent 19
Diagnosis
Osteoarthritis 13,725 =
Rotator cuff 1677
arthropathy
Fracture 856 =
Posttraumatic/ 428 =
dislocation
arthropathy
Avascular necrosis 338 =
Rheumatoid 95 =
Comorbidities
Smoking =
Yes 1786
No 15,333
Diabetes =
No 14,110
Non-insulin 2148
Insulin 861
Congestive heart =
failure
Yes 87
No 17,032
Dialysis =
Yes 63
No 17,056
Hypertension =
Yes 11,615
No 5504
Ascites =
Yes 2
No 17,117
Cancer =
Yes 29
No 17,090
Dyspnea =
At rest 58
Exertional 1,123
No 15,938
History of oral —
steroid use
Yes 848
No 16,271
Bleeding disorder —
Yes 462

(continued)

Table I  Preoperative and intraoperative characteristics of
the included patient population (continued)
Mean/ Standard
Count deviation
No 16,657
Weight loss —
Yes 29
No 17,090
Laboratory values
Hematocrit (%) 40.5 4.3
Albumin (g/dL) 4.0 0.3
Intraoperative
ASA classification —
1 279
2 7443
3 8940
4 456
5 1
Frailty Index
0 4920
1 8640
2 2557
3 709
4 273
5 20
Operative time (min) 111.2 44.0
Anesthesia —
General 16,544
Regional 351
MAC/1V 145
Other 79

BMI, body mass index; ASA, American Society of Anesthesiologists;
MAC/IV, monitored anesthesia care/intravenous.

Table II

Incidence of adverse events following total shoul-

der arthroplasty cases performed between 2005 and 2017

Count (n) Incidence (%)
Surgical site infection 63 0.37
Anemia requiring transfusion 471 2.75
Pneumonia 82 0.48
Deep vein thrombosis 59 0.34
Pulmonary embolism 55 0.32
Urinary tract infection 128 0.75
Cerebrovascular accident 18 0.11
Cardiac arrest 13 0.08
Myocardial infarction 38 0.22
Return to OR 187 1.09
Any adverse event 873 5.10
Extended length of stay' 3,641 21.27
Readmission’ 408 2.85

OR, operating room.

" Count of any adverse event were based on patients so that 1 patient
with multiple adverse events during admission will still be counted

once.

T Extended length of stay defined as 3 days or greater.

¥ Readmission only collected from

2013 onward.
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built to ensure the selected features were not intercorrelated
(Fig. 2).

Each machine learning algorithm was constructed with
the training data set and cross-validated with the validation
set. Algorithms were trained to minimize error and adjusted
corresponding feature weights to improve accuracy.
Importance of model weights for each label are ordered in
Figure 3. Percentage hematocrit, body mass index, and
operative time were weighted for highest importance in the
predictive models of all 6 labels. Percentage hematocrit was
the highest weighted for prediction of any adverse event,
extended length of stay, and anemia requiring transfusion.
Body mass index was the highest-weighted feature for
prediction of surgical site infection, return to OR, and deep
vein thrombosis or pulmonary embolism.

The accuracy and the AUC were evaluated with respect
to each model. For both any adverse event and transfusion
rate, the random forest classifier had the greatest accuracy
(95.4% and 95.6%, respectively), whereas logistic regres-
sion had the greatest AUC (71.0% and 77%, respectively).

For extended length of stay, logistic regression classifier
had the greatest accuracy (82.3%) and gradient boosting
trees had the greatest AUC (68%). The accuracies of the
models predicting surgical site infections, return to OR, and
deep vein thrombosis or pulmonary embolism (DVT/PE)
were not distinguishable (Table III). Logistic regression
classifier had the greatest AUC for the prediction of sur-
gical site infection and return to OR (65.0% and 59.0%,
respectively). Random forest classifier had the greatest
AUC for prediction of DVT/PE (58.0%) (Fig. 4). Logistic
regression classifier had the greatest AUC for prediction of
unplanned readmission (64.0%). Models constructed from
ASA classification alone had an AUC of 63.0% for any
adverse event, 60.0% for extended length of stay, 64.0% for
transfusion, 58.0% for surgical site infection, 54.0% for
return to OR, and 60.0% for DVT/PE. Models constructed
from Frailty Index alone had an AUC of 58.0% for any
adverse event, 58.0% for extended length of stay, 58.0% for
transfusion, 41.0% for surgical site infection, 54.0% for
return to OR, and 43.0% for DVT/PE.
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Feature Importance - Extended Length of Stay
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length of stay, (C) anemia requiring transfusion, (D) surgical site infection, (E) return to the OR, and (F) deep vein thrombosis or pul-
monary embolism. Prhct: preoperative hematocrit; Bmi: body mass index; optime: operative time; operyr: year of indexed surgery;
pralbum: preoperative albumin; hypermed: hypertension requiring medication; fnstatus2: functional dependency; anesthes: anesthesia
modality; bleeddis: bleeding disorder; discancr: disseminated cancer; hxchf: history of congestive heart failure; renafail: renal failure;
wtloss: greater than 10% weight loss within 6 months. OR, operating room.

The models were further evaluated through confusion
matrices (Fig. 5). Of note, both the random forest and AUC
alone model predicted 0 adverse events (true positives)
within our patient population. The decision tree model had
the fewest false negatives (222), followed by gradient-
based trees (236), and logistic regression (237).

Acceptable models (at least 1 model with an AUC
>70%) were evaluated further for the PPV of the model.
Logistic regression had the greatest PPV for prediction of
any adverse event, random forest for extended length of
stay, and gradient-based trees for anemia requiring trans-
fusion (Table IV). Conversely, ASA classification and
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Table III  Evaluation of machine learning algorithm accuracy (correctly predicted adverse events and nonevents divided by sample
size) in prediction of each label

AAE Extended Transfus. SSI Ret. OR DVT/PE
Logistic regression (%) 95.3 82.3 95.3 99.6 99.2 99.4
Gradient-boosting trees (%) 95.3 82.1 95.0 99.5 99.2 99.4
Random forest (%) 95.4 82.1 95.6 99.6 99.2 99.4
K-nearest neighbors (%) 95.1 78.5 95.5 99.6 99.2 99.4
Decision tree (%) 92.1 74.9 87.8 99.2 99.2 99.2
Naive Bayes (%) 6.0 20.8 6.4 13.0 36.0 38.1

AAE, any adverse event; Transfus, transfusion; SSI, surgical site infection; Ret. OR, return to operating room; DVT/PE, deep vein thrombosis or pulmonary

embolism.
Boldface indicates model with greatest accuracy for each label.

Frailty Index alone had no predictive value for any of the
previously mentioned events.

Discussion

Using variables that are routinely collected by the partici-
pating hospitals of the ACS-NSQIP database, our machine
learning algorithms were able to create accurate models for
the prediction of any adverse event, anemia requiring
transfusion, and extended length of stay. Although the
present models are limited in their prediction by the fea-
tures collected by this national database, the best model for
each of the above complications had an AUC greater than
70% and a PPV of 50% or greater. The remaining
complication rates (surgical site infection, DVT/PE, and
reoperation) had limited predictive value from these
models, which may be due to the limited incidence of each
complication or contributing factor outside the collected
features. In comparison, the ASA comorbidity index pro-
vided close to acceptable models (based on AUC analysis)
for any adverse event, transfusion, and extended length of
stay, but had no PPV of any of the above events. Given the
low incidence of complication, acceptable and accurate
models were achieved by predicting no adverse event
consistently; however, the correct prediction of adverse
events (greater PPV) was only achieved by ML models
using all data features. By implementing this ML algorithm
in preoperative evaluation, surgeons can gain an acceptable
representation of operative risk. Although not comprehen-
sive, this quick risk calculation may provide information
that can be used to make clinically informed decisions
regarding short-term complication risks in patients under-
going TSA. For example, the operative risk profile can be
used to assist in matching patients to the most appropriate
cost-effective site of care for total shoulder arthroplasty:
hospital inpatient, hospital outpatient, or ambulatory sur-
gery center.

Performance of TSA within outpatient ambulatory
surgical centers has become increasingly popular.” When
performed in the outpatient setting, cost is significantly

decreased from the patient perspective.'* However, these
benefits must be weighed with the greater risk burden
should complications arise without the infrastructure of
an inpatient hospital. In a recent survey of ASES mem-
bers, Brolin et al demonstrated that the largest barrier to
performing surgery in ambulatory surgical centers was
due to the concern for development of medical compli-
cations.” Additionally, surgeons incur additional financial
risk with partial ownership of the ambulatory surgical
center should a complication occur. Patient selection and
optimization has therefore become increasingly impor-
tant for valuable outcomes following surgery.'” Risk
stratification remains elusive to both surgeons practicing
in the inpatient setting and those in the outpatient setting,
and there is a need to improve upon this as the Bundled
Payments for Care Initiative policy spreads.” Comorbid-
ity indices, including the ASA classification, Charlson
Comorbidity Index, and Frailty Index remain common
tools associated with increased rates of complication;
however, they do not possess the sensitivity to predict
when adverse events may occur.'”"'"** As the present
study demonstrates, ML has the advantage of utilizing all
collected preoperative variables to formulate accurate
positive predictions of adverse events despite those
events’ low occurrence.

The present study emphasizes anemia requiring trans-
fusion as the most common cause of short-term complica-
tion following TSA. Heavy blood loss, subsequent anemia,
and transfusion will also increase patient length of stay
because of the need to monitor for acute reactions. Previous
research has cited a growing incidence of transfusion rate in
TSA between 2005 and 2009 from 4.9% to 7.1% using the
National Inpatient Sample database while an institutional
database found incidence to be 11.3%."” Grier and co-
authors matched patients receiving transfusion to a regu-
lar TSA cohort based on age and gender, and found that the
transfusion cohort had statistically greater rates of
myocardial infarction, pneumonia, systemic inflammatory
response syndrome or sepsis, venous thromboembolic
events, and cerebrovascular accidents at all time points, and
periprosthetic infection and mechanical complications up to
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Figure 4 Receiver operating characteristic (ROC) curve with area under curve calculation (legend) of each machine learning algorithm in
the prediction of (A) any adverse event, (B) extended LOS, (C) anemia requiring transfusion, (D) surgical site infection, (E) return to OR,
and (F) DVT/PE. KNN, K-nearest neighbor; AUC, area under the ROC curve; ASA, American Society of Anesthesiologists; OR, operating
room; LOS, length of stay; DVT/PE, deep vein thrombosis or pulmonary embolism.

2 years postoperatively.'”'> In corroboration with these
findings, it is not surprising that percentage hematocrit was
a heavily weighted feature to predict any adverse event,
extended length of stay, and transfusion within the present

study. Additionally, Padegimas et al classified a threshold
hematocrit of less than 39.6% that had a 90% sensitivity of
predicting need for intraoperative transfusion and an 11.0%
incidence of transfusion.”® Potentially biasing this finding
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Figure 5 Confusion matrix demonstrating true-positive (bottom right), true-negative (top left), false-positive (top right), and false-
negative (bottom left) predictions of any adverse event using each trained model on the validation data set using (A) logistic regression, (B)
decision tree, (C) gradient-based trees, (D) K-nearest neighbor, (E) random forest, and (F) logistic regression with ASA classification alone.
Within each matrix, the top left represents correct prediction of no adverse event (true negative), the bottom right represents correct
prediction of adverse event (true positive), the top right is incorrect prediction of adverse event (false positive), and the bottom left is
incorrect prediction of no adverse event (false negative). ASA, American Society of Anesthesiologists.

is the low percentage hematocrit of this population cohort
(40.5% £ 4.5%). ML offers the additional advantage of
combining other patient comorbidities and demographic
variables to stratify risk for transfusion. With this infor-
mation, surgeons may make better-informed decisions on

surgical site or need for interventions in limiting post-
operative bleeding. Patient optimization or use of tranexa-
mic acid may be a cost conscious method of counteracting
high risk in patients with greater likelihood of
transfusion.” %
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Table IV  Positive predictive value in prediction of adverse
events in acceptable models toward prediction of any adverse
event (AAE), extended length of stay (LOS), and need for
transfusion

AAE Extended LOS  Transfusion

Logistic regression 62.5 61.0 40.0
Decision tree 17.0 40.2 12.7
Gradient-based trees  57.9 59.4 52.2
Gaussian Bayes 7.20 30.3 4.5
K-nearest neighbors 16.7 45.2 22.2
Random forest 0 61.4 0
ASA class alone 0 0 0
Frailty Index alone 0 0 0

ASA, American Society of Anesthesiologists.
Boldface indicates greatest positive predicted value for respective
adverse event.

The ASA classification is routinely used to assess
operative risk and has been significantly correlated with
complication rates following TSA.'"*> The ASA classifi-
cation is also routinely used as part of the assessment for
the eligibility of navigating the patient to an outpatient
setting. Although it is logical that greater comorbidities
carry greater risks of complication, the present study found
that the ASA classification lacked the granularity by which
to predict adverse events as did a model constructed from
numerous features. Although the ASA classification is
simple and heavily used, the reliability of this metric is only
fair by interclass correlation within anesthetists.”’ Recently,
Fu et al corroborated similar findings that existing comor-
bidity indices could only provide moderate associations to
complication rate."” Alternatively, the Elixhauser Comor-
bidity Measure, constructed from ICD diagnosis codes, has
been shown to be an excellent model of prediction for
death, extended length of stay, and nonroutine discharge.”
The generalizability of this model may be limited by cor-
rect and routine classification of diagnosis codes. In addi-
tion, the count of many severe comorbidities (congestive
heart failure, dialysis, cancer, ascites, dyspnea at rest, and
weight loss within 6 months) was less than 100 within this
population cohort. Therefore, these comorbidities had
limited utility to the model, but that does not necessarily
indicate that comorbidities are not associated with adverse
events, as has been previously demonstrated.””" In addi-
tion, predictive models from comorbidity indices take
advantage of the low complication rate following TSA.
These indices may simply predict lack of complication with
reasonable accuracy yet have no positive prediction of
adverse events. Comorbidity indices, therefore, have
limited utility in risk assessment. Machine learning algo-
rithms, though in their infancy, demonstrate an appreciable
method to correctly predict the incidence of these adverse
events.

ML algorithms are increasingly becoming a recogniz-
able method for improved assessment of preoperative risk

within orthopedics.'®'?** Neural network models used for

prediction of adverse events in hip and knee arthroplasty
have achieved acceptable AUC values (>70%) for predic-
tion of renal, cardiac, and death.'® Although the current
population cohort lacked the count of these severe com-
plications, the present optimal model achieved a greater
AUC for the prediction of any adverse event (71% vs.
64%). Using a gradient-boosting algorithm, another study
was able to predict readmissions following laminectomy
with an AUC of 80.6%."" In comparing neural network
models to non-ML logistic regression and ASA classifica-
tion alone, Kim et al also found superiority within the
neural network model in prediction of complication rates.””
With respect to recent ML studies, the strength of the
present study is within the selection of several ML algo-
rithms to determine which model best predicts post-
operative complication risk. Although a logistic regression
algorithm was best fitted for prediction of any adverse event
and extended length of stay, the gradient-based trees model
had superior PPV for prediction of transfusion. Continued
validation and research of ML models may allow for the
implementation of risk calculation to make more informed
decisions regarding the optimization of the patient’s health
status before the surgical procedure, and the appropriate-
ness of patient-matching to the outpatient surgical
environment.

The ability of the present study to identify all possible
key indicators of adverse events is largely limited by the
features collected by the ACS-NSQIP database. The ACS-
NSQIP is largely deidentified and, therefore, several vari-
ables are unavailable for inclusion in the model, such as use
of tranexamic acid, surgeon experience, implants used,
patient medications, and/or changes in surgical techniques.
Importantly, complications and clinically relevant variables
were restricted to those reported by this database. Addi-
tionally, anatomic TSA was not able to be differentiated
from reverse TSA because of overlapping CPT codes, as
were revision cases prior to 2013. To limit bias from cod-
ing, diagnosis codes were reviewed, and patient cases were
excluded if not belonging to the above categories. In
addition, the present study is retrospective in nature, which
limits the control of variables. Institutions included within
the ACS-NSQIP database must staff clinical reviewers for
quality assurance of the data. Smaller, independent surgical
centers are unlikely to be represented within the database.
Selection bias therefore exists from patient cases selected to
be a part of the ACS-NSQIP database.

Conclusion

Machine learning accurately predicted postoperative
complications in a random sample of a national cohort
based on routinely collected preoperative variables and
outperformed models by comorbidity indices alone.
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With continued validation, intelligent models may be
used to calculate patient risk of complication and adjust
perioperative care and site of surgery accordingly.

Disclaimer

The authors, their immediate families, and any research
foundations with which they are affiliated have not
received any financial payments or other benefits from
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