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Abstract

Background: Total joint replacements are high-volume and high-cost procedures that should be monitored for cost and quality
control. Modelsthat can identify patients at high risk of readmission might help reduce costs by suggesting who should be enrolled
in preventive care programs. Previous models for risk prediction have relied on structured data of patients rather than clinical
notes in electronic health records (EHRs). The former approach requires manual feature extraction by domain experts, which
may limit the applicability of these models.

Objective: This study aims to develop and evaluate a machine learning model for predicting the risk of 30-day readmission
following knee and hip arthroplasty procedures. Theinput datafor these models come from raw EHRs. We empirically demonstrate
that unstructured free-text notes contain a reasonably predictive signal for this task.

Methods: We performed aretrospective analysis of datafrom 7174 patients at Partners Healthcare collected between 2006 and
2016. These data were split into train, validation, and test sets. These data sets were used to build, validate, and test models to
predict unplanned readmission within 30 days of hospital discharge. The proposed models made predictions on the basis of clinical
notes, obviating the need for performing manual feature extraction by domain and machinelearning experts. The notesthat served
as model inputs were written by physicians, nurses, pathologists, and others who diagnose and treat patients and may have their
own predictions, even if these are not recorded.

Results. The proposed models output readmission risk scores (propensities) for each patient. The best models (as selected on
a development set) yielded an area under the receiver operating characteristic curve of 0.846 (95% CI 82.75-87.11) for hip and
0.822 (95% CI 80.94-86.22) for knee surgery, indicating reasonabl e discriminative ability.

Conclusions: Machine learning models can predict which patients are at a high risk of readmission within 30 days following
hip and knee arthroplasty procedures on the basis of notes in EHRs with reasonable discriminative power. Following further
validation and empirical demonstration that the models realize predictive performance above that which clinical judgment may
provide, such models may be used to build an automated decision support tool to help caretakers identify at-risk patients.
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Introduction

Approximately 60% of total hip arthroplasties (THAS) and total
knee arthroplasties (TKASs) are covered by Medicare nationwide.
The Centersfor Medicare and Medicaid Services have focused
on total joint replacements as a high-volume and high-cost
procedure that should be monitored for cost and quality control
[1]. Therefore, bundled payment programs have been proposed
to decrease the cost of procedures, shorten length of stay, and
reduce the number of readmissions and revision surgeries for
THAs and TKAs without sacrificing quality of care [2,3].
Accordingly, bundled payment programs penalize service
providers for unscheduled or preventable readmissions [4]. In
Massachusetts, for example, Medicare penalized 78% of
hospitalsfor unschedul ed readmissions between 2015 and 2016
[5]. In this case, the average penalty for hospitals was 0.7% of
the Medicare reimbursement [5]. Models that can identify
patients at high risk of readmission might help reduce the total
costs and may also improve patient outcomes.

The increase in the use and availability of electronic health
records (EHRs) has encouraged researchers to develop and
evaluate predictive machine learning (ML) models exploiting
EHRs. ML models built over EHRs have now been explored
for many clinical predictive tasks, including diagnosis,
classification, risk stratification, and medical event prediction
[6-9]. A survey of thiswork is available in a study by Shickel
et a [10].

Concerning predicting readmission, Shadmi et a [11] developed
amodel for 30-day readmission using manually crafted features
derived from preadmission data. Similarly, Cai et al [12] used
logistic regression (LR) to predict readmission and other
outcomes for hospitalized patients. Nguyen et a [13]
demonstrated that incorporating EHR datafrom the full hospital
stay can improve 30-day readmission prediction, as compared
with incorporating EHR data from the day of admission alone.
The difference between our work and these previous effortsis
that we are specifically concerned with predicting readmissions
following surgery, rather than in general, which suggestsamore
focused approach and eval uation.

The idea of using ML to predict the risk of complications in
patientsfollowing surgery goesback at |east afew decades[14].
Recent efforts have demonstrated the general feasibility of
predicting target postoperative complications [15,16]. We do
not attempt to exhaustively review these efforts. To the best of
our knowledge, none of these efforts have taken an exclusively
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data-driven approach, without the need for manua feature
extraction, to predict the risk of any complications leading to
readmission following hip or knee arthroplasty. We aim to
addressthisgap in theliterature. These predictions can be made
passively and automatically with data from EHRs. If shown
superior to direct clinical judgments, these predictions might
eventually assist prioritization of proactive care and potentially
mitigate complications that lead to readmissions.

Thisisimportant, partly because of the high volume of surgeries.
In 2017, 700,000 knee replacement procedureswere performed
in the United States, and this number is likely to increase to
3.48 million surgeries by 2030 [17]. Given the rapid increase
in the number of arthroplasty procedures, the need for quality
and cost control in general and reducing readmissions and
revision surgeriesisincreasingly clear. Readmissions occur for
many reasons, but the 3 most common causes for readmission
are surgical site infection, ileus or obstruction, and bleeding
[4,17,18].

As noted above, there have been previous efforts to predict
readmission risk following hip or knee surgery; however, these
haverelied on structured predictors manually entered by domain
experts. Thisfeature extraction processisonerous and precludes
automatic and passive monitoring to identify at-risk patients.
Our main contribution in this work is the development and
evaluation of models for predicting postsurgery readmission
directly from EHRs using unstructured clinical notes. In
addition, we explored whether neural models induced over
clinician notes perform aswell or better than simple LR models
induced over structured tabular datain the EHRs.

Methods

Data Set

This is a retrospective analysis for which we used EHR data
corresponding to 10,534 patients. We received approval from
the ingtitutional review board (protocol number 2016P002062
at Partners Healthcare) to conduct this analysis. Subjects were
adults aged 18 years or older who were admitted for hip or knee
surgery between 2006 and 2016 for either inpatient or outpatient
care. These subjects were covered by Medicare, Medicaid, or
a private insurance. Our analysis included patients who
underwent hip arthroplasty (current procedura terminology
[CPT] codes: 27130, 27132, 27134, 27236, 27137, 27138,
27120, and 27125) or knee arthroplasty (CPT codes: 27445,
27446, 27447, 27486, and 27487) during this period. This
yielded a data set comprising 7174 patients (Figure 1).
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Figure 1. Cohort selection flow chart.
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We excluded patients who were aged above 90 years at thetime
of surgery because of the inherent high risk of complications
[19-21], implying that no model is needed for these cases. We
also excluded patients for whom no notes were present, which
may have induced asample bias, athough we do not havereason
to believe thisis the case. Figure 1 provides a cohort selection
flowchart.

Data Types

Our models exploited (textual) clinical notes to inform
predictions. We also considered the use of structured data
elements within EHRs for comparison, but we encoded this
automatically without domain and ML expertsin the loop.

Textbox 1. Categories of features from electronic health record data used.

Data Extraction and Encoding

Our primary data set consisted of clinical notes written by
clinicians (doctors, nurses, and other health care professionals).
These notes described patient demographics, procedures,
surgeries, medications, and other medical services rendered to
patients. In addition to the free text, notes sometimes contai ned
automatically generated tables (eg, list of laboratory tests).
Textbox 1 shows the EHR fields that were considered. In
addition to the notes corresponding to these, we often had
corresponding structured information. We describe how we
preprocess this in the following section.

Petient level:

«  Demographic information
«  Health history

o  Hedlth information

o Vital information

«  Laboratory test results

o Comorbidities

«  Medication information

« Radiology
o  Procedures
o  Surgica

«  Pathology
« Diagnosis
Hospital level:

«  Admission information

Encounter (visit)
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Structured Data Preprocessing

We extracted information pertaining to demographic, diagnostic,
encounter, health history, procedures, and medications from
patients' records (Textbox 1). Patient encounters are associated
with multiple diagnosis codes, including principal, secondary,
and other diagnoses. We considered al diagnosis codes when
determining whether a readmission was due to surgical
complications. We encoded medications and diagnoses as sparse
indicator vectors. To process diagnosis International
Classification of Diseases (ICD) codes, we mapped | CD-9 codes
to ICD-10. We retained only the first 3 ICD-10 characters to
reduce sparsity.

To encode variables extracted from the health history table, we
concatenated one-hot indicator vectors for all categorical
features with numerical values. We encoded laboratory tests
using indicator vectorsthat represent whether a patient received
a specific test. For information pertaining to patient health
history, we excluded variables that were missing from nearly
all (=99.9%) records (listed in the Multimedia Appendix 1). We
also encoded patient medications using indicator vectors. We
extracted admission-rel ated information from encounter records
(eg, visiting information from admission and discharge sources).
For continuous variables, we replaced missing values with
averages taken over all patients or encounters as appropriate.
This extraction and preprocessing yields, for each patient z, T
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encounter records that encode structured elements (%1 -+ 2r)

ordered by the encounter data, where Zi € R*0%%,

Clinical Text Processing

Patients are associated with alist of free-text notes ordered by
the encounter date. We tokenize them, then lowercase and stem
words, which are then represented viaindicator vectors (V). All
notes are concatenated with a specia delineating marker

<NOTESEP>, yielding asinglenoteof size {01 where

—_\T .
Leoncar = Le=1Le | yepresents the number of words in note for
encounter t.

Task Definition

We partitioned the data set at the patient level into train,
validation, and test setswith aratio of 70:15:15 (Table 1). These
setsare mutually exclusive with respect to patients (ie, the same
patient never appears in more than one set). Demographic
statistics for training, validation, and testing sets are reported
in the Multimedia Appendices 2-4, respectively. We defined
the set of patients who experienced complications following
surgery that led to readmission within 30 days using |CD codes.
Specifically, we define this asthe set of patientswho underwent
hip or knee surgery and who were subsequently admitted as
inpatients within 30 days of their discharge under any of the
ICD-9 and 1CD-10 complication codes: ICD-9 codes: 996, 996
{03,1-4,57,6,66,67,7,71-73,75-79} , 997, 998 and | CD-10 codes:
T84{0X-7X, 81-86,89,9X} XA.

Table 1. The number of patientsin training, validation, and testing data sets.

Data sets Hip Knee
Male (n=1641), n Female (n=1658), n Male (n=1702), n Female (n=2173), n
Train 1131 1190 1164 1481
Validation 262 238 267 335
Test 248 230 271 357

We labeled patients who met this criterion as having been
readmitted due to complications following surgery (y=1). We
assumed that all other patients were not readmitted due to
complications (y=0). Thereis an inherent classimbalance[22]

here; most patients do not experience complications that lead
to readmission, that is, there are far fewer positive than zero
instances. We report readmission prevalence for hip and knee
surgeriesin Table 2.

Table 2. Proportion of positive class (30-day readmission because of surgery complications) for hip and knee surgeries.

Subset Hip Knee
Train 0.092 0.097
Validation 0.122 0.1
Test 0.115 0.116
BoW) representations (analogous to the indicator vectors
Models (Bow) rep (analog

We evaluated 2 standard neural models trained on the data set,
detailed bel ow. In addition, weimplemented asimple LR model
to serve as areference.

Text is encoded into fixed-size representations for downstream
modules using an encoder. We experimented with a few such
encoders: Simple and unstructured count-based bag-of-word
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encoding tests and medi cations) and neural encodersthat operate
over embeddings of text and learn to represent notesviarepeated
projection or recurrent modules.

Linear Models (Over Bag of Words)

For our linear model, we used I;- and |,-regularized LR over

BoW representations of patient notes or the structured data
associated with a given patient encounter. We considered 4
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different representations of patient notes and structured data
associated with a given patient encounter.

BoW variants:

- Binary BoW encodes the existence of a given word in a
note as a one-hot vector.
«  Count BoW encodes the total number of occurrences of a

given word in anote, that is, Zt-: Zit: %1,

«  Term frequency—inverse document frequency scales word
counts inversely to the frequency with which they appear
in documents, emphasizing comparatively rare words.

«  Finaly, we experimented with encoding text viainferred
topic
distributionsusing Latent Dirichlet Allocation (LDA) [23].
In this variant, we encoded texts as vectors that encode the
proportions of (latent) topics present within them, as
estimated via LDA. We report results for LR models that
fit text and structured data.

Neural Encoders

Standard neural modelsfirst project wordsto lower-dimensional
embeddings (eg, 300 dimensions initialized to pretrained
embeddings). These embeddings are then passed through an
encoder modul e before making predictions. We considered the
following modules for inducing fixed-length representations of
embedded variable-sized textua inputs:

1. Average: Project and then average inputs. Specifically, we
first passed embeddings through alinear layer that projects
them onto a 256-dimensional space and then applied an
element-wise nonlinearity (ReLU).

2. Bidirectional long short-term memory (BiL STM) network:
We ran a single-layer BiLSTM [24] model over the
embedded sequence using a hidden layer size of 256 (128
dimensions for each direction).

Recurrent networks (such as BiLSTM) yield variable-sized
outputs that must be collapsed into a fixed-length vector. To
this end, we adopted a standard max-pooling layer over the
outputs of the 256 filters or hidden units. We also explored
aggregation via attention mechanisms [25], which allowed
models to upweight contextualized representations of specific
inputs, accordingly, these have greater influence over the
induced fixed-length vector. In the standard attention layer, the
model learnsto score each encoder hidden state h; for the input
token t according to itsrel evance for the downstream prediction.
Scores are normalized into a distribution a, and a fixed-length
vector is induced by taking a weighted sum over the hidden

states emitted from the RNN: 2 % | We also explored
applying attention to the feedforward (projection) encoder.

In addition, we evaluated hierarchical representation learning
over clinician notes[26]. Our data contain reports from different
visits. Therefore, we can consider two-level representations:
visit level and patient level. An encoder can provide a
representation of individual visits, and then these encoded
segments can be combined (eg, via a second recurrent neural
network) to form a second-level representation of the patient.
The latter summarizes all visits. This is referred to as a
hierarchical representation. For this, we passasingle BiLSTM
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to embed each patient’s notes separately (using attention), and
then we run another BiLSTM over the aggregated patient-level
representation of individual notes (associated with its own
attention distribution) to yield a fixed-length vector.

Finally, we presented preliminary results using bidirectional
encoder representations from transformers (BERT) [27] as
another text encoding strategy. Specifically, we used the clinical
BERT [28] instantiation of the model that wastrained on clinical
notesfromthe MIMIC |11 dataset. BERT isadeep bidirectional
model that conditions on both left and right context to provide
contextualized representations of words. BERT and similar
large pretrained transformer models [29] have achieved good
results across many natural language processing data sets and
tasks in general; specifically, they have yielded improvements
for 30-day readmission tasks on the MIMIC data set [30].

Class I mbalance

Most patients do not experience complications that result in
rehospitalization within 30 days. Therefore, the resulting data
setsareimbal anced, which can be problematic for standard ML
models. We experimented with multiple strategies to counteract
the class imbalance, including imposing class weights,
undersampling the magjority class, and oversampling the minority
class. Undersampling provided consistent results across data
sets and the period of history considered, whereas other
strategies proved unstable.

Multitask Learning

The most straightforward approach to predicting 30-day
readmission due to complications following hip and knee
arthroplasties would be to treat them as an entirely separate
class of surgeries and build independent models for each type
of surgery. However, intuitively one might expect the
information in EHRs to be similar for complications resulting
from the respective types of surgery. We can exploit this to
improve predictive performance by using multitask learning
[31], inwhich some parameters are shared between modelsfor
related tasks.

Performance Metrics

To quantify the performance of the modelsin predicting 30-day
readmission associated with surgical complications, we used
the area under the receiver operating characteristic (AUROC)
curve and accuracy, sensitivity, specificity, and precision, also
known as positive predicted value (PPV), at particular
thresholds. These are calculated using true positive (TP), false
positive (FP), true negative (TN), and false negative (FN) as
follows:

Recall (also known as sensitivity)=TP/(TP+FN)
Specificity=TN/(TN+FP)

Precision (also known as PPV)=TP/(TP+FP)
Accuracy=(TP+TN)/(TP+TN+FP+FN)

In practice, one would need to select an operational threshold
with corresponding sensitivity and specificity appropriate for
the intended use of the model.

To quantify model performance independent of a particular
choice of threshold, we report precision versusrecall, and recall
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versus (1-specificity) and areas underneath the corresponding
curves for these constructed by sweeping thresholds (for
predicting 1 vs 0) over the predicted probabilities and record
corresponding metrics. The area under these can be taken as a
scalar quantifying model performance.

Experimental Setup

Before any experimentation, we separated the datainto training,
validation, and testing sets. The validation data were used for
tuning the models and for selecting the final candidate model.
The testing set was used for the final evaluation but was not
used in any way during the model development and tuning.

Figure 2. A schematic feature encoding scheme. Structured data, when
former using either indicators or an encoder module, whereas we packed
are encoded using a sparse (indicator) representation and then optionally
concatenation.

£
|
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Data Availability

Data supporting this study are not publicly available because
of the inherently sensitive nature of the data.

Results

Wetuned all hyperparameters on the validation data set. Results
achieved under the best models are presented for both hip and
knee surgeries as measured on the validation set for (1) text
only and (2) structured data only, shownin Figure 2. Theresults
are reported for both the validation and test data sets, wherewe
expect better performance on the former given that we selected
hyperparameters based on this. We reported the results for
independent models and multitask models over text and
structured data separately.

used, comprises both categorical and numerical elements. We encoded the
the latter into a dense vector of values. Unstructured data (ie, textual notes)
run through an encoder module. Colors are stylistics only. The “+” denotes

Prediction
module

[T T

-

T\

+

A

T 1]

T

Encoder

Encoder

Multiple visits

+

1

|

==

Unstructured data

Clinical notes

Categorical Numerical

The best independent model for predicting 30-day readmission
due to any complications following a hip surgery over the
validation data set using text is the feedforward average model
with attention mechanism (AUROC=0.894; 95% ClI
0.859-0.930); for knee surgeries, the ssimplefeedforward average
model performs better (AUROC=0.946; 95% Cl 0.929-0.964).
Similarly, the best independent model for predicting 30-day
readmission due to any complications following hip and knee
surgeries using structured data is an LR model with L1
regularization with an AUROC of 0.665 (95% Cl 0.589-0.732)
and 0.689 (95% CIl 0.630-0.749), respectively.
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However, the best multitask model for predicting 30-day
readmission because of any complications following a hip or
knee surgery over text was a feedforward average model with
an AUROC of 0.858 (95% CI 0.802-0.915) and 0.937 (95% ClI
0.916-0.960), respectively. Similarly, the best multitask model
trained over structured data was an LR model with L2
regularization (A=0.001) with an AUROC of 0.676 (95% Cl
0.617-0.738) following hip surgery and an AUROC of 0.664
(95% CI 0.591-0.738) following a knee surgery.
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Similarly, the BERT model for predicting 30-day readmission
due to any complications following a hip or knee surgery
achieved an AUROC of 0.735 (95% CI 0.701-0.785) and 0.820
(95% CI 0.782-0.843), respectively. Therefore, an independent
feedforward model over text was selected as the final model to
be evaluated for prediction of 30-day unplanned readmission

Mohammadi et al

following knee surgery. Similarly, an independent feedforward
model with an attention mechanism developed over text was
selected as the model to be evaluated for prediction of 30-day
unplanned readmission following hip surgery (Figures 3 and
4).

Figure3. Precision-recall curve (Ieft) and areaunder the receiver operating characteristic (AUROC; right) curve for hip validation set. Individual model
text (blue), structured (orange), multitask models’ text (dashed blue), and structured (dashed orange).

1.0 AP=0.51
AP=0.20
AP=0.46
0.8 AP=0.19
0.6
=
2
& 0.4
0.2
0.0

0.4 0.6

True positive rate

0.0 0.2

i0f{ = ——
0.8 i
') r
= 0.6 }
o 1
u 0.4
E
=
0.2 AUROC=0.89
| AUROC=0.66
b AUROC=0.86
[}
0.0l ! AUROC=0.66
0.0 0.2 0.4 0.6 0.8 1.0

False positive rate

Figure 4. Precision-recall curve (left) and area under the receiver operating characteristic (AUROC; right) curve for knee validation set. Individual
model text (blue), structured (orange), multitask models’ text (dashed blue), and structured (dashed orange).
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We al so experimented with a combination of text and structured
data (Figure 2). We have not included the results of this
experiment in this study because the predictive performance is
worse than what we achieved using the text alone. This may
seem counterintuitive, but the notes here are relatively rich in
information having been manually composed to convey salient
information; athough these are also noisy at times. It is aso
entirely possible that alternative feature encodings or model
architectureswould result in improved model performance with
structured data.
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We applied the best models (as selected on the validation set)
to the test set, realizing an AUROC of 0.846 (95% CI
0.823-0.871) for hip and 0.822 (95% CI 0.809-0.862) for knee
surgery.

These AUROCs indicate that the model discriminates between
high- and low-risk patients reasonably well. Operationally, such
models might conceivably be used to rank patients with respect
to their risk of requiring readmission owing to surgical
complications and then to provide proactive care (presumably
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prioritizing limited resources) accordingly. This use would
suggest capitalizing on the risk scores and corresponding
rankings induced by these directly.

Alternatively, one might seek to establish a binary threshold
over model outputs, indicating whether or not action needs to
betaken. The appropriate threshold will depend on theintended
use of such apredictive signal, which in turn would depend on
theclinical actionsat one’sdisposal and the resources available
to take these actions.

Hypothetically, we might entertain 2 settings: first, we prioritize
recall (ie, sensitivity) to identify patients who will need to be
readmitted without further intervention at the expense of
false-positives and, second, we instead prioritize precision (ie,
PPV) mindful of minimizing false-positives. These 2 settings
might correspond, respectively, to a provider who has plentiful
resources to provide proactive care (and so false-positives are
less of a concern) and a provider who has quite limited
resources, which need to be allocated carefully to mitigate
false-positive cases.

With this in mind, we selected somewhat arbitrary but
illustrative target metrics of 0.95 sensitivity for the former
setting and 0.50 precision for the latter. We then selected
corresponding thresholds on the validation data and report the
results achieved using these on the test data set. Using the first
(high-recall) threshold (recal|=0.95; precision=0.36 on validation
data), themodel for readmissions dueto complicationsfollowing
knee surgery achieved 0.79 recall and 0.27 precision on test
data (classifying everyone as positive achieves perfect recall
and 0.12 precision). The higher precision threshold
(precision=0.50; recall=0.86 on validation data) yields a
sensitivity of 0.70 and a precision of 0.40 on test data. For hip
surgery, the results are 0.86 recall and 0.22 precision for the
high-sensitivity threshold (compared with perfect recall and
0.21 precision) and 0.53 recall and 0.54 precision for the
high-precision threshold. We provide results for additional
thresholds in Multimedia Appendices 5 and 6.

Theclinical utility of such modelswould, again, depend on how
predictions were used in practice.

Related Studies

Previous work has introduced models intended to predict the
risk of readmissions because of complications following
colorectal, cardiac, and abdominal surgeries. For example,
Martin et a [32] evaluated predictive factors of hospital
readmission rates for 266 patients undergoing abdominal
surgical procedures. Wick et a [33] studied the factors
associated with readmission using 7 years of datafrom 10,882
patientswho had undergone colorectal surgery. A recent review
reveal ed that the previous predictive models included variables
such as patient comorbidities and records of previous
hospitalizations [34]. A few other efforts have examined
variables associated with severity of illness, laboratory tests,
clinical notes from the EMR, and overall health status [33].

The American College of Surgeons National Surgical Quality
Improvement Program (ACS-NSQIP) has developed a
web-based surgery risk prediction tool that uses structured
patient data and LR models to predict risks of complications
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due to surgery [35]. Edelstein et al [36] evaluated how well
ACS-NSQIP can predict 30-day complications following knee
and hip replacement surgeries. Mesko et al [37] identified
variables predictive of readmission following hip or knee
arthroplasty. These approachesrely on asmall set of predefined
predictors crafted by domain experts that must be manually
entered for individuals.

Discussion

Unplanned hospital readmissionsimpaose burdens on the health
care system. It is imperative for providers to improve routine
follow-up protocols and provide better continuity of care with
primary care physicians and other clinicians[38]. Readmission
risk prediction models, such as those considered here, might
provide insights that could aid decision makers in reducing
rehospitalizations and readmissions by identifying patientswho
might be prioritized to receive proactive care.

Hospital readmissions are a key performance indicator used to
measure the quality of care and cost effectiveness of the services
provided. In the state of Massachusetts, TKAs and THAs
corresponded to a relatively high rate of readmissions from
2010 to 2012 with 3.92% [39]. According to the Nationwide
Readmission Database [40] for 224,465 patients participating
inthe database, the 30-day readmission rate for TK Asisbetween
3% and 4% depending on Medicare and non-Medicare
beneficiaries. A model developed by Urish et a [41] reported
that the overall median cost for each 30-day readmission was
US $6753 (SD 175), constituting 36% of the overall inpatient
cost for 30 days from the index procedures, which is quite
significant. Clair et al [42] reported the average cost of
readmission dueto surgical complications after THA and TKA
asUS $22,775 and US $24,183, for a 90-day readmission with
an average readmission time of 31 and 29 days, respectively.
The reported costs can be decreased significantly if an
appropriate prevention plan isimplemented for high-risk patients
that are recognized by the adoption of our modeling approach.

We have evaluated several ML algorithms that predict the risk
of 30-day readmission following hip and knee arthroplasties by
using real-world (unstructured and structured) EHR data
obtained from the Partners Heal thcare organization. On the basis
of the procedure report, the proposed model is able to detect
at-risk patients in cases even when there is no sign of
complications immediately following the surgery. As evidence
for this observation, we reproduce 2 deidentified procedure
examples in the Multimedia Appendices 7 and 8.

Thisstudy has several limitations, both technical and conceptual .
First, we have not evaluated the models' predictive performance
by comparing predictionswith risk of complications of patients
as assessed by surgeons or other health care personnel. This
may prove to be astrong baseline, but to the best our knowledge,
none of the readmission studies used this baseline. However,
the fact that risk prediction tools (which rely on manual feature
extraction for individual patients) have been studied extensively
in this domain suggests a desire for predictive decision aids.

Second, this was a retrospective study using a convenience
sample of patient EHR data, which has inherent limitations.
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Third, although we have demonstrated that ML models can
realize reasonably strong overall discriminative performance
(in terms of AUROC), translating this into a useful tool in
practice would require specifying athreshold that might trigger
action. We evaluated a few such hypothetical thresholds but
did not have a clinical basis for these values at the time.
However, it is likely that this would depend on the setting in
which such models were used.

Fourth, we performed a naive imputation for missing values,
but advanced techniques, including Bayesian [43] and neural
system attribution approaches [44], may improve execution.
We also excluded variableswith a high portion of missing values
(=99%) in patient records; according to domain expertsinvolved
in this project, a few of these excluded variables are likely to
be clinically relevant. Fifth, we converted the medications and
laboratory results into indicator vectors, which may result in
information loss, though thiswas a choice madein consultation
with domain experts. Sixth, we used amanually handpicked set
of ICD codes to create labels, that is, to categorize patients as
experiencing complications or not; these ICD codes may be
incomplete and may introduce unknown biases in our positive
samples. Seventh, we excluded patients aged >90 years from
our analysis, as we consider such patients to be inherently at
high risk.

Finally, the smaller BERT models we used are limited by the
size of the document (512 words), whereas most reports here
are longer than the limit. In addition, we do not have resources
to pretrain BERT on our data set. That said, we tried to follow
the clinical BERT methodology to make predictions at the
sentence level first and then aggregate the predictions, but this
approach did not perform better than the existing neural encoders
on our tasks. Although we believethat amore careful application
of BERT may result inimprovements, it is not a straightforward
task, one that needs more research and is not the main goal of
the paper.

Mohammadi et al

Conclusions

We presented an ML approach to predict the risk of 30-day
readmission following hip or knee arthroplasty using data
directly gleaned from EHRs. Previous work on this important
problem relied on manually crafted and engineered features,
which neither scale nor alow automated surveillance of patients.

We found that our architecture and implementation using the
text only (ie, the clinician notes) yielded predictive performance
across tasks comparable with approaches using a combination
of structured data and text. This suggests that the text contains
rich information useful for predicting readmissions. In thiscase,
we also found that adopting a multitask approach (sharing
parameters between the modelsfor complicationsfollowing hip
and knee surgeries) did not improve model performance.

We did not aim to identify the specific complication that a
patient is comparatively likely to experience. Instead, we offer
apatient risk stratification model intended to be used to identify
high-risk patients (ie, those most likely to be readmitted) once
aclinically meaningful threshold is established. Patients deemed
at high risk of readmission because of complications may be
scheduled for additional near-term revisits, and in general, be
provided with additional proactive care and monitoring. For
example, for those identified as high-risk patients, the clinic
that is implementing this tool might have a nurse follow-up
scheduled for the patient to ensure a continuum of care. This
type of risk stratification followed by a nurse intervention in
high-risk patients has been shown to produce favorable
outcomes, including decreased hospitalizations and cost of care
for patients regardless of the complication type [45].

We hope that this initial effort inspires additional work on
automatically predicting the risk of readmission because of
complications ensuing from hip and knee surgeries because
such models have the potential to reduce costs and, more
importantly, improve patient outcomes.

Acknowledgments

All the authors have read, edited, and approved the manuscript. The content of the manuscript has not been published or submitted

for publication elsewhere.

Conflictsof Interest
None declared.

Multimedia Appendix 1

Variables dropped from consideration because of a high proportion of missing values (>99.9%).

[DOCX File, 14 KB-Multimedia Appendix 1]

Multimedia Appendix 2

Training set demographic.
[DOCX File, 17 KB-Multimedia Appendix 2]

Multimedia Appendix 3

Validation set demographic.
[DOCX File, 14 KB-Multimedia A ppendix 3]

https://medinform.jmir.org/2020/11/e€19761

JMIR Med Inform 2020 | vol. 8 |iss. 11 | 19761 | p. 9
(page number not for citation purposes)


https://jmir.org/api/download?alt_name=medinform_v8i11e19761_app1.docx&filename=1994bad60b5bbe76f37228ac48858f43.docx
https://jmir.org/api/download?alt_name=medinform_v8i11e19761_app1.docx&filename=1994bad60b5bbe76f37228ac48858f43.docx
https://jmir.org/api/download?alt_name=medinform_v8i11e19761_app2.docx&filename=3aaab5c29e83c84c20f3f6ddc1f3d8d1.docx
https://jmir.org/api/download?alt_name=medinform_v8i11e19761_app2.docx&filename=3aaab5c29e83c84c20f3f6ddc1f3d8d1.docx
https://jmir.org/api/download?alt_name=medinform_v8i11e19761_app3.docx&filename=38363c0d0fdfb6c8b212b7269f6c1561.docx
https://jmir.org/api/download?alt_name=medinform_v8i11e19761_app3.docx&filename=38363c0d0fdfb6c8b212b7269f6c1561.docx
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS Mohammadi et al

Multimedia Appendix 4

Testing set demographic.
[DOCX File, 17 KB-Multimedia Appendix 4]

Multimedia Appendix 5

Sample of points on validation set area under the receiver operating characteristic curve for the best model developed on knee
surgery.

[DOCX File, 18 KB-Multimedia Appendix 5]

Multimedia Appendix 6

Sample of points on validation set area under the receiver operating characteristic curve for the best model developed on hip
surgery.

[DOCX File, 18 KB-Multimedia Appendix 6]

Multimedia Appendix 7

Surgical texts example: surgery with complication.
[DOCX File, 14 KB-Multimedia Appendix 7]

Multimedia Appendix 8

Surgical texts example: surgery without complication.
[DOCX File, 14 KB-Multimedia Appendix 8]

References

1.  NaminAT, Jdai MS, Vahdat V, Bedair HS, O'Connor MI, Kamarthi S, et al. Adoption of new medical technologies: the
case of customized individually made knee implants. Value Health 2019 Apr;22(4):423-430 [FREE Full text] [doi:
10.1016/j.jval.2019.01.008] [Medline: 30975393]

2. Mears SC, Edwards PK, Barnes CL. How to decrease length of hospital stay after total knee replacement. J Surg Orthop
Adv 2016;25(1):2-7. [Medline: 27082881]

3. Hart A, Bergeron SG, Epure L, Huk O, Zukor D, Antoniou J. Comparison of US and Canadian perioperative outcomes and
hospital efficiency after total hip and knee arthroplasty. JAMA Surg 2015 Oct;150(10):990-998. [doi:
10.1001/jamasurg.2015.1239] [Medline: 26288005]

4. Desai NR, Ross JS, Kwon JY, Herrin J, Dharmargjan K, Bernheim SM, et a. Association between hospital penalty status
under the hospital readmission reduction program and readmission rates for target and nontarget conditions. JAm Med
Assoc 2016 Dec 27;316(24):2647-2656 [FREE Full text] [doi: 10.1001/jama.2016.18533] [Medline: 28027367]

5. Unplanned hospital readmissions remain a problem in Mass. Worcester Business Journal. 2016. URL : https://www.
whjournal .com/article/unplanned-hospital -readmi ssions-remain-a-problem-in-mass [accessed 2019-04-25]

6. Lipton ZC, Kale DC, Elkan C, Wetzell R. Learning to diagnose with Istm recurrent neural networks. arXiv 2015:- epub
ahead of print [FREE Full text]

7.  Ranganathan R, Perotte A, Elhadad N, Blei D. Deep survival analysis. arXiv 2016:- epub ahead of print [FREE Full text]

8. Rakomar A, OrenE, Chen K, Dai AM, Hajaj N, Hardt M, et al. Scalable and accurate deep learning with electronic health
records. NPJ Digit Med 2018;1:18 [FREE Full text] [doi: 10.1038/s41746-018-0029-1] [Medline: 31304302]

9.  YuC, Fe W, Ping Z. Risk Prediction With Electronic Health Records: a Deep Learning Approach. In: Proceedings of the
2016 International Conference on Data Mining. 2016 Presented at: SIAM'16; December 12-15, 2016; Barcelona, Spain.
[doi: 10.1137/1.9781611974348.49]

10. Shickel B, TighePJ, Bihorac A, Rashidi P. Deep EHR: asurvey of recent advancesin deep learning techniquesfor electronic
health record (EHR) analysis. | EEE JBiomed Health Inform 2018 Sep; 22(5):1589-1604. [doi: 10.1109/jbhi.2017.2767063]

11. Shadmi E, Flaks-Manov N, Hoshen M, Goldman O, Bitterman H, Balicer RD. Predicting 30-day readmissions with
preadmission electronic health record data. Med Care 2015 Mar;53(3):283-289. [doi: 10.1097/M L R.0000000000000315]
[Medline: 25634089]

12. Cai X, Perez-Concha O, CoieraE, Martin-Sanchez F, Day R, Roffe D, et a. Real-time prediction of mortality, readmission,
and length of stay using electronic health record data. JAm Med Inform Assoc 2016 May;23(3):553-561. [doi:
10.1093/jamia/ocv110] [Medline: 26374704]

13.  Nguyen OK, Makam AN, Clark C, Zhang S, Xie B, Velasco F, et al. Predicting all-cause readmissions using electronic
health record datafrom the entire hospitalization: model devel opment and comparison. JHosp Med 2016 Jul;11(7):473-480
[FREE Full text] [doi: 10.1002/jhm.2568] [Medline: 26929062]

https://medinform.jmir.org/2020/11/e19761 JMIR Med Inform 2020 | vol. 8| iss. 11 | €19761 | p. 10
(page number not for citation purposes)

RenderX


https://jmir.org/api/download?alt_name=medinform_v8i11e19761_app4.docx&filename=70e1abcf182dd959d61dbb04073e8bd3.docx
https://jmir.org/api/download?alt_name=medinform_v8i11e19761_app4.docx&filename=70e1abcf182dd959d61dbb04073e8bd3.docx
https://jmir.org/api/download?alt_name=medinform_v8i11e19761_app5.docx&filename=77c58a714958fdcb3dff23d26918ba97.docx
https://jmir.org/api/download?alt_name=medinform_v8i11e19761_app5.docx&filename=77c58a714958fdcb3dff23d26918ba97.docx
https://jmir.org/api/download?alt_name=medinform_v8i11e19761_app6.docx&filename=5eddb4dd2d54cd6f5ecbec6c9d8a3498.docx
https://jmir.org/api/download?alt_name=medinform_v8i11e19761_app6.docx&filename=5eddb4dd2d54cd6f5ecbec6c9d8a3498.docx
https://jmir.org/api/download?alt_name=medinform_v8i11e19761_app7.docx&filename=76bd1d8e903fb8677e7018e43b8267ff.docx
https://jmir.org/api/download?alt_name=medinform_v8i11e19761_app7.docx&filename=76bd1d8e903fb8677e7018e43b8267ff.docx
https://jmir.org/api/download?alt_name=medinform_v8i11e19761_app8.docx&filename=e56068000dc230390dec2b3d37945aca.docx
https://jmir.org/api/download?alt_name=medinform_v8i11e19761_app8.docx&filename=e56068000dc230390dec2b3d37945aca.docx
https://linkinghub.elsevier.com/retrieve/pii/S1098-3015(19)30066-X
http://dx.doi.org/10.1016/j.jval.2019.01.008
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30975393&dopt=Abstract
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27082881&dopt=Abstract
http://dx.doi.org/10.1001/jamasurg.2015.1239
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26288005&dopt=Abstract
http://europepmc.org/abstract/MED/28027367
http://dx.doi.org/10.1001/jama.2016.18533
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28027367&dopt=Abstract
https://www.wbjournal.com/article/unplanned-hospital-readmissions-remain-a-problem-in-mass
https://www.wbjournal.com/article/unplanned-hospital-readmissions-remain-a-problem-in-mass
https://arxiv.org/abs/1511.03677
https://arxiv.org/pdf/1608.02158.pdf
https://doi.org/10.1038/s41746-018-0029-1
http://dx.doi.org/10.1038/s41746-018-0029-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31304302&dopt=Abstract
http://dx.doi.org/10.1137/1.9781611974348.49
http://dx.doi.org/10.1109/jbhi.2017.2767063
http://dx.doi.org/10.1097/MLR.0000000000000315
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25634089&dopt=Abstract
http://dx.doi.org/10.1093/jamia/ocv110
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26374704&dopt=Abstract
http://europepmc.org/abstract/MED/26929062
http://dx.doi.org/10.1002/jhm.2568
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26929062&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS Mohammadi et al

14.

15.

16.

17.

18.

19.

20.

21

22.

23.
24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

35.

36.

37.

38.

Lette J, Colletti BW, Cerino M, McNamaraD, Eybalin M, Levasseur A, et a. Artificia intelligence versuslogistic regression
statistical modelling to predict cardiac complications after noncardiac surgery. Clin Cardiol 1994 Nov;17(11):609-614.
[doi: 10.1002/clc.4960171109] [Medline: 7834935]

FitzHenry F, Murff HJ, Matheny ME, Gentry N, Fielstein EM, Brown SH, et al. Exploring the frontier of electronic health
record surveillance: the case of postoperative complications. Med Care 2013 Jun;51(6):509-516 [FREE Full text] [doi:
10.1097/MLR.0b013e31828d1210] [Medline: 23673394]

Cristina S, Wang MF, Rabert J. Data-driven Temporal Prediction of Surgical Site Infection. In: AMIA Annual Symposium
Proceedings. 2015 Presented at: AMIA'15; November 12-15, 2015; Chicago, USA.

Gregory MM. Patient Education: Total Knee Replacement. UpToDate. 2017. URL: https://www.uptodate.com/contents/
total -knee-repl acement-beyond-the-basi cs/print [accessed 2020-10-21]

Dixon T, Shaw M, Ebrahim S, Dieppe P. Trendsin hip and kneejoint replacement: socioeconomicinequalitiesand projections
of need. Ann Rheum Dis 2004 Jul;63(7):825-830. [doi: 10.1136/ard.2003.012724] [Medline: 15194578]

SooHoo NF, Lieberman JR, Ko CY, Zingmond DS. Factors predicting complication rates following total knee replacement.
JBone Joint Surg Am 2006 Mar;88(3):480-485. [doi: 10.2106/JBJS.E.00629] [Medline: 16510811]

Parvizi J, Mui A, Purtill 33, Sharkey PF, Hozack WJ, Rothman RH. Total joint arthroplasty: when do fatal or near-fatal
complications occur? J Bone Joint Surg Am 2007 Jan;89(1):27-32. [doi: 10.2106/JBJS.E.01443] [Medline: 17200306]
Memtsoudis SG, Della Valle AG, Besculides MC, Esposito M, Koulouvaris P, Salvati EA. Risk factors for perioperative
mortality after lower extremity arthroplasty: a population-based study of 6,901,324 patient discharges. J Arthroplasty 2010
Jan; 25(1):19-26. [doi: 10.1016/j.arth.2008.11.010] [Medline: 19106028]

Byron CW, Kevin S, CarlaEB. Class Imbalance, Redux. In: 11th International Conference on Data Mining. 2011 Presented
at: ICDM'11; December 11-14, 2011; Vancouver,BC, Canada. [doi: 10.1109/icdm.2011.33]

David M, Andrew YN, Michael 1J. Latentdirichletallocation. JMach Learn 2003:1022.

Schuster M, Paliwal K. Bidirectional recurrent neural networks. IEEE Trans Signal Process 1997;45(11):2673-2681. [doi:
10.1109/78.650093]

Bahdanau D, Cho K, Bengio Y. Neural machine tranglation by jointly learning to align and trandlate. arXiv 2014:- epub
ahead of print [FREE Full text]

Zichao Y, Diyi Y, Chris D. Hierarchical Attention Networks for Document Classification. In: Proceedings of the 2016
Conference of the North American Chapter of the Association for Computational Linguistics: Human Language Technologies.
2016 Presented at: NAACL HLT'16; June 12-17, 2016; San Diego, California. [doi: 10.18653/v1/n16-1174)]

Devlin J, Chang M, Lee K, Toutanova K. Bert: pre-training of deep bidirectional transformers for language understanding.
ArXiv 2018:- epub ahead of print [FREE Full text]

Huang K, Jaan A, Ranganathan R. Clinicalbert: modeling clinical notes and predicting hospital readmission. ArXiv 2019:-
epub ahead of print [FREE Full text]

Vaswani A, Shazeer N, Parmar N, Uszkoreit J, Jones L, Gomez AN, et al. Attention is all you need. ArXiv 2017:- epub
ahead of print [FREE Full text]

Johnson AE, Pollard TJ, Shen L, Lehman LH, Feng M, Ghassemi M, et al. MIMIC-I11, afreely accessible critical care
database. Sci Data 2016 May 24;3:160035 [FREE Full text] [doi: 10.1038/sdata.2016.35] [Medline: 27219127]

Rich C. Multitask learning. Mach Learn 1997;28(1):75. [doi: 10.1007/978-1-4615-5529-2 5]

Martin RC, Brown R, Puffer L, Block S, Callender G, Quillo A, et al. Readmission rates after abdominal surgery: therole
of surgeon, primary caregiver, home health, and subacute rehab. Ann Surg 2011 Oct;254(4):591-597. [doi:
10.1097/91a.0b013e3182300a38] [Medline: 22039606]

Wick EC, Shore AD, Hirose K, Ibrahim AM, Gearhart SL, Efron J, et al. Readmission rates and cost following colorectal
surgery. Dis Colon Rectum 2011 Dec;54(12):1475-1479. [doi: 10.1097/DCR.0b013e31822ff8f0] [Medline: 22067174]
Kansagara D, Englander H, Salanitro A, Kagen D, Theobald C, Freeman M, et al. Risk prediction models for hospital
readmission: a systematic review. JAm Med Assoc 2011 Oct 19;306(15):1688-1698 [FREE Full text] [doi:
10.1001/jama.2011.1515] [Medline: 22009101]

BilimoriaKY, Liu Y, Paruch JL, Zhou L, Kmiecik TE, Ko CY, et al. Development and evaluation of the universal ACS
NSQIP surgical risk calculator: adecision aid and informed consent tool for patients and surgeons. JAm Coll Surg 2013
Nov;217(5):833-42.e1 [FREE Full text] [doi: 10.1016/j.jamcollsurg.2013.07.385] [Medline: 24055383]

Edelstein Al, Kwasny MJ, Suleiman L1, Khakhkhar RH, Moore MA, Beal MD, et al. Can the american college of surgeons
risk calculator predict 30-day complications after knee and hip arthroplasty? J Arthroplasty 2015 Sep;30(9 Suppl):5-10.
[doi: 10.1016/j.arth.2015.01.057] [Medline: 26165953]

Mesko NW, Bachmann KR, Kovacevic D, LoGrasso ME, O'Rourke C, Froimson MI. Thirty-day readmission following
total hip and knee arthroplasty - apreliminary singleinstitution predictive model. JArthroplasty 2014 Aug;29(8):1532-1538.
[doi: 10.1016/j.arth.2014.02.030] [Medline: 24703364]

Brown JR, Sox HC, Goodman DC. Financial incentives to improve quality: skating to the puck or avoiding the penalty
box?JAm Med Assoc 2014 Mar 12;311(10):1009-1010 [FREE Full text] [doi: 10.1001/jama.2014.421] [Medline: 24618957]

https://medinform.jmir.org/2020/11/e19761 JMIR Med Inform 2020 | vol. 8] iss. 11 | 19761 | p. 11

(page number not for citation purposes)


http://dx.doi.org/10.1002/clc.4960171109
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=7834935&dopt=Abstract
http://europepmc.org/abstract/MED/23673394
http://dx.doi.org/10.1097/MLR.0b013e31828d1210
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23673394&dopt=Abstract
https://www.uptodate.com/contents/total-knee-replacement-beyond-the-basics/print
https://www.uptodate.com/contents/total-knee-replacement-beyond-the-basics/print
http://dx.doi.org/10.1136/ard.2003.012724
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15194578&dopt=Abstract
http://dx.doi.org/10.2106/JBJS.E.00629
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16510811&dopt=Abstract
http://dx.doi.org/10.2106/JBJS.E.01443
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17200306&dopt=Abstract
http://dx.doi.org/10.1016/j.arth.2008.11.010
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19106028&dopt=Abstract
http://dx.doi.org/10.1109/icdm.2011.33
http://dx.doi.org/10.1109/78.650093
https://arxiv.org/pdf/1409.0473)
http://dx.doi.org/10.18653/v1/n16-1174
https://arxiv.org/pdf/1810.04805.pdf
https://arxiv.org/abs/1904.05342
https://arxiv.org/pdf/1706.03762.pdf
https://doi.org/10.1038/sdata.2016.35
http://dx.doi.org/10.1038/sdata.2016.35
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27219127&dopt=Abstract
http://dx.doi.org/10.1007/978-1-4615-5529-2_5
http://dx.doi.org/10.1097/sla.0b013e3182300a38
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22039606&dopt=Abstract
http://dx.doi.org/10.1097/DCR.0b013e31822ff8f0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22067174&dopt=Abstract
http://europepmc.org/abstract/MED/22009101
http://dx.doi.org/10.1001/jama.2011.1515
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22009101&dopt=Abstract
http://europepmc.org/abstract/MED/24055383
http://dx.doi.org/10.1016/j.jamcollsurg.2013.07.385
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24055383&dopt=Abstract
http://dx.doi.org/10.1016/j.arth.2015.01.057
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26165953&dopt=Abstract
http://dx.doi.org/10.1016/j.arth.2014.02.030
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24703364&dopt=Abstract
http://europepmc.org/abstract/MED/24618957
http://dx.doi.org/10.1001/jama.2014.421
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24618957&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS Mohammadi et al

39.

40.

41.

42.

43.

45,

Zawadzki N, Wang Y, Shao H, Liu E, Song C, Schoonmaker M, et al. Readmission due to infection following total hip
and total knee procedures: a retrospective study. Medicine (Baltimore) 2017 Sep;96(38):e7961 [FREE Full text] [doi:
10.1097/M D.0000000000007961] [Medline: 28930833]

www. NRD Overview. Agency for Health Research and Quality. 2020. URL: https://www.hcup-us.ahrg.gov/nrdoverview.
jsp [accessed 2020-11-09]

Urish KL, QinY, Li BY, BorzaT, Sessine M, Kirk P, et al. Predictors and cost of readmission in total knee arthroplasty.

J Arthroplasty 2018 Sep;33(9):2759-2763 [FREE Full text] [doi: 10.1016/j.arth.2018.04.008] [Medline: 29753618]

Clair AJ, Evangelista PJ, Lajam CM, Slover JD, Bosco JA, lorio R. Cost analysis of total joint arthroplasty readmissions
inabundled payment careimprovement initiative. JArthroplasty 2016 Sep;31(9):1862-1865. [doi: 10.1016/j.arth.2016.02.029]
[Medline: 27105556]

Sterne JA, White IR, Carlin JB, Spratt M, Royston P, Kenward MG, et al. Multiple imputation for missing datain
epidemiological and clinical research: potential and pitfalls. Br Med J 2009 Jun 29;338:b2393 [FREE Full text] [doi:
10.1136/bmj.b2393] [Medline: 19564179]

Lipton ZC, Kale DC, Wetzel R. Modeling missing datain clinical time series with rnns. Mach Learn Healthcare 2016:-
[EREE Full text]

Inouye, Wagner DR, AcamporaD, Horwitz RI, Cooney LM, Tinetii ME. A controlled trial of anursing-centered intervention
in hospitalized elderly medical patients: the Yale Geriatric Care Program. J Am Geriatr Soc 1993 Dec;41(12):1353-1360.
[doi: 10.1111/j.1532-5415.1993.tb06487.x] [Medline: 8227919]

Abbreviations

ACS-NSQIP: American College of Surgeons National Surgical Quality Improvement Program
AUROC: areaunder the receiver operating characteristic
BERT: bidirectional encoder representations from transformers
BiLSTM: bidirectional long short-term memory

BoW: bag of words

CPT: current procedural terminology

EHR: electronic health record

FN: false negative

FP: false positive

ICD: International Classification of Diseases

LDA: Latent Dirichlet Allocation

LR: logistic regression

ML: machinelearning

PPV: positive predicted value

THA: total hip arthroplasty

TKA: total knee arthroplasty

TN: true negative

TP: true positive

Edited by C Lovis; submitted 30.04.20; peer-reviewed by SVeeranki, J Kim; comments to author 21.06.20; revised version received
08.09.20; accepted 13.09.20; published 27.11.20

Please cite as.

Mohammadi R, Jain S Namin AT, Scholem Heller M, Palacholla R, Kamarthi S Wallace B

Predicting Unplanned Readmissions Following a Hip or Knee Arthroplasty: Retrospective Observational Sudy
JMIR Med Inform 2020;8(11):€19761

URL: https.//medinform.jmir.org/2020/11/€19761

doi: 10.2196/19761

PMID: 33245283

©Ramin Mohammadi, Sarthak Jain, Amir T Namin, Melissa Scholem Heller, Ramya Pal acholla, Sagar Kamarthi, Byron Wallace.
Originally published in IMIR Medical Informatics (http://medinform.jmir.org), 27.11.2020. This is an open-access article
distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which
permits unrestricted use, distribution, and reproduction in any medium, provided the original work, first published in IMIR
Medical Informatics, is properly cited. The complete bibliographic information, a link to the original publication on
http://medinform.jmir.org/, as well as this copyright and license information must be included.

https://medinform.jmir.org/2020/11/e19761 JMIR Med Inform 2020 | vol. 8| iss. 11 | €19761 | p. 12

RenderX

(page number not for citation purposes)


https://doi.org/10.1097/MD.0000000000007961
http://dx.doi.org/10.1097/MD.0000000000007961
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28930833&dopt=Abstract
https://www.hcup-us.ahrq.gov/nrdoverview.jsp
https://www.hcup-us.ahrq.gov/nrdoverview.jsp
http://europepmc.org/abstract/MED/29753618
http://dx.doi.org/10.1016/j.arth.2018.04.008
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29753618&dopt=Abstract
http://dx.doi.org/10.1016/j.arth.2016.02.029
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27105556&dopt=Abstract
http://europepmc.org/abstract/MED/19564179
http://dx.doi.org/10.1136/bmj.b2393
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19564179&dopt=Abstract
http://proceedings.mlr.press/v56/Lipton16.pdf
http://dx.doi.org/10.1111/j.1532-5415.1993.tb06487.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=8227919&dopt=Abstract
https://medinform.jmir.org/2020/11/e19761
http://dx.doi.org/10.2196/19761
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33245283&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

