Arthroplasty Today 22 (2023) 101166

ARTHROPLASTY
TODAY

Contents lists available at ScienceDirect

Arthroplasty Today

journal homepage: http://www.arthroplastytoday.org/

Original research

Preoperative Prediction and Risk Factor Identification of Hospital
Length of Stay for Total Joint Arthroplasty Patients Using Machine
Learning

Jaeyoung Park, PhD ?, Xiang Zhong, PhD ™ *, Emilie N. Miley, DAT, ATC ¢,
Chancellor F. Gray, MD ¢
2 Booth School of Business, University of Chicago, Chicago, IL, USA

b Department of Industrial and Systems Engineering, University of Florida, Gainesville, FL, USA
€ Department of Orthopaedic Surgery and Sports Medicine, University of Florida, Gainesville, FL, USA

ARTICLE INFO ABSTRACT

Article history:

Received 31 March 2023
Accepted 24 May 2023
Available online xxx

Background: The aim of this study was to improve understanding of hospital length of stay (LOS) in
patients undergoing total joint arthroplasty (TJA) in a high-efficiency, hospital-based pathway.
Methods: We retrospectively reviewed 1401 consecutive primary and revision TJA patients across 67
patient and preoperative care characteristics from 2016 to 2019 from the institutional electronic
health records. A machine learning approach, testing multiple models, was used to assess predictors
of LOS.
Results: The median LOS was 1 day; outpatients accounted for 16.5%, 1-day inpatient stays for 38.0%, 2-
day stays for 26.4%, and 3-days or more for 19.1%. Patients characteristically fell into 1 of 3 broad cat-
egories that contained relatively similar characteristics: outpatient (0-day LOS), short stay (1- to 2-day
LOS), and prolonged stay (3 days or greater). The random forest models suggested that a lower Risk
Assessment and Prediction Tool score, unplanned admission or hospital transfer, and a medical history of
cardiovascular disease were associated with an increased LOS. Documented narcotic use for surgery
preparation prior to hospitalization and preoperative corticosteroid use were factors independently
associated with a decreased LOS.
Conclusions: After TJA, most patients have either an outpatient or short-stay hospital episode. Patients
who stay 2 days do not differ substantially from patients who stay 1 day, while there is a distinct
group that requires prolonged admission. Our machine learning models support a better under-
standing of the patient factors associated with different hospital LOS categories for TJA, demonstrating
the potential for improved health policy decisions and risk stratification for centers caring for complex
patients.
© 2023 The Authors. Published by Elsevier Inc. on behalf of The American Association of Hip and Knee
Surgeons. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/lice
nses/by-nc-nd/4.0/).
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Introduction

Total joint arthroplasty (TJA) is one of the most successful and
highest-value surgical procedures in any area of medicine [1] in
terms of improvement in quality-adjusted life years for healthcare
dollars spent. The growth in TJA surgical volume continues despite
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the recent novel coronavirus pandemic [2], and TJA remains one of
the highest expenditures for the Centers for Medicare & Medicaid
Services (CMS). With the high spending impact of TJA, CMS intro-
duced alternative payment models to promote incentives for cost-
effective and high-quality care [3]. Additionally, many relevant
healthcare policies have encouraged arthroplasty surgeons to
reduce hospital stays and postdischarge adverse events (eg, emer-
gency room visits, readmissions, and acute care resource utiliza-
tion). Specifically, length of stay (LOS) has been substantially
decreased, leading to notable cost savings [4-6]. Meanwhile, quality
of care for shortened LOS is debatable: 1 study did not identify an
association between a shorter stay with the risk of readmission [7],
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while another recent study argued that excessive efforts in the LOS
reduction might cause insufficient care and an increased read-
mission rate [8]. A growing interest in shifting arthroplasty care to
low-cost sites of care has also increased the need to understand the
effects of this streamlined process on outpatient and short stays.
For instance, what portion of patients require (and what patient
factors necessitate) a prolonged LOS after TJA and may be best
served with care in a true “hospital” setting? And, among higher-
functioning patients, who is suitable for an ambulatory surgical
center?

In 2018, CMS altered the inpatient only list, removing total knee
arthroplasty (TKA) and allowing the CMS patients to be billed under
either an inpatient admission or in the outpatient setting. CMS
followed this initial move with removal of total hip arthroplasty
(THA) in 2020. This change created considerable confusion for
healthcare providers [9-11], with no clear standard on who should
be billed in which setting, which gave an impetus to identify which
patients are more likely to require an inpatient level of care. From a
risk-adjustment and the CMS audit perspective, an improved un-
derstanding of patient care factors that drive the LOS could improve
perioperative decision-making on all sides of the care experience.

To assist in evidence-based decision-making, strategic health-
care policy, and improved clinical outcomes, machine learning
approaches can be applied. Several previous studies have utilized
machine learning models to predict and identify factors associated
with LOS [12-15]. However, these studies typically exploit a
dichotomized outcome to predict a prolonged hospital stay (eg, 4-
day or 5-day LOS) or same-day discharge. Since improved surgical
techniques, anesthetics, and care algorithms have reduced the
hospital LOS [4-6], these models might not reflect current practice
and may provide limited insights. Therefore, new models consid-
ering the practice change are needed to assist providers in guiding
whether a patient should be outpatient vs inpatient and who needs
prolonged care.

In this study, we hypothesized that machine learning ap-
proaches can create a useful predictive model for LOS categories in
patients receiving a primary or revision TJA. We first sought to
understand how LOS categories might be categorized (ie, 0-, 1-, 2-,
3-day LOS, or short vs long stay). We included various patient
factors obtained from patients’ electronic health record (EHR) for
machine learning model development and identified associated
prediction factors to support evidence-based health policy
decisions.

Material and methods
Patient population

This retrospective observational study was approved by the
institutional review board of the participating institution. The
study participants were required to 1) experience elective THA or
TKA procedures, which included primary, revision, and removal TJA
(excluding trauma cases) between 2016 and 2019 at our institution,
and 2) live in the primary service areas during the study period to
ensure that adequate preoperational care was documented in the
EHR. For the first criterion, the procedures were identified using
current procedural terminology and International Classification of
Diseases-10 codes (see Table A.l1 in Appendix A). We did not
differentiate THA and TKA patients because health policy associ-
ated with hip and knee arthroplasty tends to move in unison [6,16]
and the major determinants of care do not have a significant
distinction based on literature [17]. We also did not differentiate
procedure types, as in our data set, over 90% of patients received a
primary procedure, and our model-based investigation suggested
that “procedure type” was not identified as a significant predictor

for LOS. For the second criterion, in addition to the zip code, we
checked for a history of encounters with primary care, internal
medicine clinics, and orthopaedic clinics at the institution before
their procedures. We also excluded patients discharged to a skilled-
nursing facility among Medicare patients based on the 3-day rule
[18] to reduce the model bias. As a result, 1168 unique patients and
their 1401 hospitalizations were identified. Each hospitalization
was considered as an index hospitalization due to a long time span
between 2 consecutive hospitalizations (ie, an average of 261.5
days; interquartile range of 89.5-364.0).

Outcomes

Patients’ hospital LOS was recorded as a discrete variable in the
EHR. One- or two-day LOS is defined as patients staying either 1- or
2-midnights, respectively. We assumed the LOS outcomes have
ordinal characteristics, meaning a longer hospital stay implies a
greater burden of disease or disability. Because there is no gold
standard for LOS categorization in the literature, we built multiple
predictive machine learning models using different LOS categori-
zations: 1) 0,1 or 2, and 3 days or more; 2) 0, 1, and 2 days or more;
and 3) 0, 1, 2, and 3 days or more. Based on the variable selection
results and the model performances, the LOS categorization 0, 1-2,
and 3 days or more was chosen for further analysis. These cate-
gories were denominated as outpatient, a short stay, and a pro-
longed stay, respectively. The outpatient category included patients
booked as inpatients but then sent home on the same day.

Covariates

We utilized preoperatively obtainable information to support
care planning. The 6 categories were incorporated for this study as
follows: 1) demographic and socioeconomic characteristics, 2)
comorbidities, 3) prior-to-hospitalization care characteristics, 4)
preoperative care characteristics during hospitalization, 5) vitals at
admission, and 6) presurgical patient-reported outcome measures,
including the Patient-Reported Outcomes Measurement Informa-
tion System-10 [19], the Hip Disability and Osteoarthritis Outcome
Score Joint Replacement [20], and the Knee Injury and Osteoar-
thritis Outcome Score Joint Replacement [21]. A total of 67 variables
were identified (Table A.2).

Of these 67 variables, 49 variables had less than 2% missing
values, and 18 variables had 16%-29% missing values, including Risk
Assessment and Prediction Tool (RAPT) scores [22], body mass in-
dex at admission, interval between prelab and procedure, hemo-
globin and hematocrit in preoperative laboratory testing, and
several patient-reported outcome measures. The absence of RAPT
was also inputted into the prediction model as a derived variable to
indicate the missingness. The missingness might be related to the
LOS (ie, missing not at random) because patients who are emergent
cases or transferred from satellite facilities tend to stay longer;
these patients do not get RAPT scores collected in our system’s
workflow. While the RAPT score helps with decision-making and
care coordination for a planned elective surgery, it is less useful in
such inpatient settings [23]. The missing values were imputed us-
ing multivariate imputation by chained equations [24]. The distri-
butions after the missing imputation are depicted in Table A.2.

After the imputation, variables weakly associated with the
outcome were filtered out in univariate analyses using a cutoff P-
value <.1. The associations were examined using the analysis of
variance for continuous variables and the chi-square test for cate-
gorical variables. A less strict criterion (P-value < .1) was employed
considering the potential joint associations between multiple var-
iables and the outcome [25]. Furthermore, stepwise variable
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selection based on Akaike information criterion of the ordinal
regression was conducted to reduce multicollinearity [26].

Model construction

Using the selected variables, we built prediction models for the
ordinal outcome with 2 different approaches: threshold and
ordinal decomposition [27,28]. The threshold approach estimates
the thresholds that separate unobserved latent continuous values
of the ordinal outcome, such as the ordinal regression. In contrast,
the ordinal decomposition approach creates multiple binary pre-
diction models and assigns the category with the maximum like-
lihood to the sample. Any machine learning model for classification
can be applied for this approach, and we chose the support vector
machine and the random forest (RF) models to account for the
nonlinear effects of the covariates. For the support vector machine
model, we used a radial kernel and tuned the cost hyperparameter.
For the RF model, the conditional permutation scheme was used to
reduce the potential for multicollinearity [29,30]. We tuned the
numbers of variables randomly picked at each split, called mtry,
with values chosen among 3, 4, and 5. For model evaluation, we
assessed all the models based on the prediction accuracy and the
Kendall rank correlation coefficient that measures the ordinal as-
sociation [31]. To avoid overfitting, repeated 4-fold cross-
validations were conducted.

Risk factor analysis

We identified important factors from the RF model that pro-
vided the best prediction based on the mean decrease in accuracy
[32]. This metric measures the decrease in accuracy when a
particular variable is excluded, indicating variable importance. In
this study, factors that had a positive mean decrease in accuracy for
each model were considered significant.

Software

All statistical analyses in this study were performed in the R
version 4.0.3 environment [33] and used the following R packages:
mice [24], MASS [34], e1071 [35], randomForest [36], and
pROC [37].

Results
Patient characteristics

Among the 1401 samples identified, patients were predomi-
nantly white (n = 1087, 77.6%), and more than half of patients were
women (n = 784, 56.0%). The average age was 66.4, and the inter-
quartile range was from 60 to 73. TKA and THA procedures
accounted for 58.6% (n = 821) and 41.4% (n = 580), respectively. TJA
procedures consisted of primary (n = 1279, 91.3%) and revision or
removal (n = 122, 8.7%).

Outcomes and covariates

The median LOS was 1 day; outpatients accounted for 16.5% (n =
231), 1-day stays for 38.0% (n = 533), 2-day for 26.4% (n = 370), and
3-day or more for 19.1% (n = 267). Table A.2 presents 67 covariates’
characteristics by the 4 LOS categories, that is, 0, 1, 2, 3 and more
day(s), and the results of the univariate analyses for the 3 different
LOS categorizations, as defined in the Outcomes section. The uni-
variate analyses using the analysis of variance and the chi-square
test after imputing missing values identified 50 variables signifi-
cantly associated with the LOS. Many significant care characteristics

showed monotonic increase/decrease trends across the LOS cate-
gories (see Table A.2). For instance, patients who had lower RAPT
scores tended to stay longer (average scores for outpatients and 1-,
2-, and 3-day stays were 10, 9.3, 8.6, and 8.2, respectively). This
finding justifies treating the outcome of LOS as ordinal. Addition-
ally, stepwise variable selection was conducted, and 21 variables
were considered as the final input covariates for machine learning
model development (see Table A.3). Combining 1- and 2-day stays
as a short stay was attributed to the monotonicity and similar
predictors (eg, preoperative nonsteroidal antiinflammatory drug
[NSAID] and RAPT), leading to increased statistical power.

Model performance

Using the identified variables, several machine learning models
were constructed and assessed based on accuracy and Kendall rank
correlation. As depicted in Table 1, the RF models using the ordinal
decomposition approach outperformed any linear models (accu-
racy: 0.744-0.749 vs 0.710-0.737; Kendall rank correlation: 0.489-
0.513 vs 0.445-0.481). We also constructed prediction models for
the other LOS categorizations, that is, do not combine 1- and 2-day
stays, and combine 2-day stay with 3 or more days, and both had
inferior performances (accuracy: 0.617-0.721; Kendall rank corre-
lation: 0.423-0.475; see Table A.4). This suggests that the 2-day-
stay patients tend to have similar characteristics to the 1-day-stay
ones, compared with the prolonged stay ones.

Risk factor analysis

Important variables were identified from the combination of the
2 RF models, the outpatient (Model 1) and the prolonged hospital
LOS (Model 2; Fig. 1b). For Model 1, preoperative NSAID during
hospitalization was remarkably important, followed by prior-to-
hospitalization narcotic for surgery preparation and preoperative
hematocrit to name a few (see Fig. 1a). In contrast, top important
variables for Model 2 are listed as follows: RAPT, age, and the
absence of RAPT (see Fig. 1b). The 2 models shared some important
variables (eg, preoperative NSAID and RAPT, Table 2), whereas
other variables were not in common, for example, preoperative
hematocrit values and prior-to-hospitalization NSAID for surgery
preparation in Model 1, Table 3; age and number of no-shows
before hospitalization in Model 2, Table 4.

Discussion

This study highlighted patient features unique to different LOS
categories to assist the entire care team in understanding what may
drive a need for outpatient, short stay, and prolonged inpatient

Table 1
Model performance of the threshold model and the ordinal decomposition models
for the 3 categories (ie, outpatient, short stay, and prolonged stay).

Models Kendall rank

correlation (avg., IQR)

Accuracy (avg., IQR)

Threshold model
Ordinal regression
Ordinal decomposition models
Logistic regression 0.737 (0.723-0.751)
SVM with a radial kernel 0.736 (0.721-0.751)
Random forest (mtry = 3) 0.749 (0.735-0.763)
(
(

0.710 (0.698-0.723)  0.445 (0.417-0.475)
0.481 (0.446-0.511)
0.479 (0.456-0.512)
0.513 (0.495-0.542)

Random forest (mtry = 4) 0.746 (0.733-0.761) )

Random forest (mtry = 5) 0.744 (0.731-0.758) )

0.499 (0.472-0.530
0.489 (0.463-0.515

Avg, average; LOS, length of stay; mtry, the numbers of variables randomly sampled
as candidates at each split; IQR, interquartile range; SVM, support vector machine.



4 J. Park et al. / Arthroplasty Today 22 (2023) 101166

a
0.004 -
>
9]
©
3 0.003 -
)
©
£
¥ 0.002 -
©
o
v
[}
C 0.001 -
C
©
()
=
0000 - T s e e
PR S-S S N S S S} N
S EIFTIE LS
3§ 9§ &% Ty d Rl 8§
QO & S S5 s P L FIETR
Yy & ¢ 5 § S S & O & &
FSFE RIEHIFT
S8 AN &
& & L .$ &
S T S & 5 N~
& NI S
& S ©

b

3e-04 -

2e-04 -

1e-04 -

Mean decrease in accuracy

0e+00 -

Figure 1. Important variables identified from (a) Model 1 and (b) Model 2. The mean decrease in accuracy measures the accuracy decreases when a particular variable is excluded,
indicating variable importance. A higher value is better. Asterisk (*) indicates a covariate before hospitalization; adm, admission; HR, heart rate; missing ind, missing indicator; pain

mng, pain management; preop, preoperative; surg prep, surgery preparation.

admission arthroplasty. Such a distinction has profound implica-
tions on health policy associated with delivering arthroplasty care.
It can also be useful for care planning and management (eg, site of
care, discharge planning, and bed utilization).

As there is no gold standard for LOS categorization, this study
attempted to investigate the similarity of patients with different
LOS categories. The distributions of covariates by the LOS categories
in Table A.2 and the model performances in Table 1 suggest that 2-
day stay patients had more shared characteristics with 1-day stay
patients than prolonged stay patients. This finding reveals that 1- or
2-day LOS patients represent a distinct population, with more in
common with each other than with either outpatients or prolonged
stay patients. This can be valuable information for patient care
decision-making and health policy design; centers that can
accommodate outpatients and short-stay patients could cater to
the vast majority of even complex arthroplasty patients, as seen in
our tertiary care center.

Model performance

We identified that the RF model with the ordinal decomposition
had the best performance based on the 2 metrics. The nonpara-
metric model was successful in delineating the nonlinear

relationships between the LOS and the covariates, which is hard to
be captured by the linear models. In terms of accuracy, the RF
model correctly predicted the LOS with a near 3-quarter chance.
Furthermore, the model reflected the order of the LOS categories
fairly based on the Kendall rank correlation [38]. For the hard-to-
distinguish cases, the model would be less likely to incorrectly
predict a prolonged stay rather than a short stay for an actual
outpatient.

Risk factor analysis

The 2 chosen RF models, Model 1 and Model 2, shared some risk
factors while also having unique risk factors (Table 2). Regarding
the shared risk factors, preoperative NSAID during hospitalization
was a pivotal indicator to determine the 3 categories. The
percentage of patients who received NSAIDs preoperatively is
significantly higher in the short-stay group (outpatients: 79, 34.2%;
short-stay patients: 816, 90.4%; prolonged-stay patients: 200,
74.9%; P < .001). However, caution is warranted when attempting to
interpret this result, as NSAID prescriptions that are coded in the
system might not accurately reflect the actual dose and usage due
to many NSAIDs being available over-the-counter.

Table 2
Risk factors identified in both the outpatient prediction model and the prolonged hospital length of stay model and their distributions by the 3 length of stay categories.
Risk factors Outpatient (n = 231, 16.5%) Short stay (n = 903, 64.4%) Prolonged stay (n = 267, 19.1%) P-value
Comorbidities
Cardiovascular 12 (5.2) 138 (15.3) 61 (22.8) <.001
Prior-to-hospitalization care characteristics
Narcotic® - pain management 37 (16.0) 245 (27.1) 90 (33.7) <.001
Narcotic® - surgery preparation 220 (95.2) 728 (80.6) 180 (67.4) <.001
Preoperative care characteristics
NSAID 79 (34.2) 816 (90.4) 200 (74.9) <.001
Corticosteroid 186 (80.5) 594 (65.8) 143 (53.6) <.001
RAPT score 10 (9-11) 9.1 (8-10.5) 8.4 (7-10) <.001
Absence of RAPT 21(9.1) 117 (13.0) 89 (33.3) <.001

NSAID, nonsteroidal antiinflammatory drug; RAPT, Risk Assessment and Prediction Tool.
Continuous variables are expressed as mean and interquartile range. The categorical variables are expressed in terms of n (%). A P-value less than .05 indicates a significant

difference between the 3 groups and is bold.
2 Events within 3 months prior to hospitalization.
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Table 3

Risk factors identified only in the outpatient prediction model and their distributions by the 2 length of stay categories.

Risk factors Outpatient (n = 231, 16.5%) LOS 1+ (n = 1170, 83.5%) P-value Rank of importance
in the model
Comorbidities
Depression 34 (14.7) 305 (26.1) <.001 10
Respiratory 2(0.9) 59 (5.0) .008 13
Prior-to-hospitalization care characteristics
NSAID? - surgery preparation 116 (50.2) 436 (37.3) <.001 2
Preoperative care characteristics
Hematocrit <.001 3
Low 59 (25.5) 554 (47.4)
Normal 171 (74.0) 609 (52.1)
High 1(04) 7 (0.5)
Vitals
Weight at admission (kg) 191.3 (162.0, 218.5) 199.6 (164.5, 230.0) .008 9
Heart rate at admission (mmHg) 174 12
<60 28 (12.1) 144 (12.3)
60-100 202 (87.4) 999 (85.4)
>100 1(04) 27 (2.3)

LOS, length of stay; NSAID, nonsteroidal antiinflammatory drug.

Continuous variables are expressed as mean and interquartile range. The categorical variables are expressed in terms of n (%). A P-value less than .05 indicates a significant
difference between the 2 groups and is bold. The rank of importance in the model is obtained from the random forest model.

2 Events within 3 months prior to hospitalization.

Additionally, a lower RAPT score served as a significant predic-
tive factor of an increased LOS; outpatients had the highest aver-
aged RAPT score, and those with prolonged-stay patients had the
lowest RAPT (outpatient: 10.0; short stay: 9.0; prolonged stay: 8.2;
P <.001), which is consistent with existing studies [39,40]. Also, an
unexpected admission or hospital transfer implied by the absence
of RAPT was predictive of an increased LOS (outpatient: n = 21,
9.1%; short stay: n = 117, 13.0%; prolonged stay: n = 89, 33.3%; P <
.001). Furthermore, patients who had experienced cardiovascular
disease stayed longer (outpatient: n = 12, 5.2%; short stay: n = 138,
15.3%; prolonged stay: n = 61, 22.8%, P < .001).

Patients who had documented narcotic use to prepare for the
TJA within 30 days prior to hospitalization contributed to a
decreased LOS. Most outpatients received the medications during
that period, whereas just two-thirds of prolonged-stay patients did
(outpatient: n = 220, 95.2%; short stay: n = 728, 80.6%; prolonged
stay: 180, 67.4%; P < .001). This result is likely associated with
higher postacute care utilization in the prolonged-stay group,
which would not receive postoperative pain prescriptions at a
presurgical visit. In addition, preoperative corticosteroid use
factored in a decreased LOS (outpatient: n = 186, 80.5%; short stay:
n = 594, 65.8%; prolonged stay: n = 143, 53.6%; P < .001).

Model 1 uniquely stressed the association between the
outpatient group and the following covariates: normal

Table 4

preoperative hematocrit values, NSAIDs for surgery preparation
before hospitalization, less weight, and no depression (Table 3).
Specifically, 3-quarters of the outpatients had normal hematocrit
values, while half of the 1+ day stay patients had low hematocrit
values (outpatient: n = 171, 74.0%; short or prolonged stay: n =
554, 47.4%; P < .001). Use of NSAIDs prior to surgery preparation
before hospitalization was also predictive of the outpatients
(outpatient: n = 116, 50.2%; short or prolonged stay: n = 436,
37.3%; P < .001).

Model 2 distinctively identified the following covariates as
predictive of the prolonged stay: younger age, many no-shows
before hospitalization, no preoperative corticosteroid, sleep ap-
nea, and no preoperative session attendance (Table 4). Younger
patients (age <61) stayed longer and might be more likely to be
admitted due to other underlying conditions such as trauma in-
juries, rheumatoid or other inflammatory arthritides rather than
osteoarthritis, and osteonecrosis. Additionally, the exclusion
criteria related to the 3-day rule may have resulted in identifying a
younger age as one of the risk factors. More investigation into the
effect of age on LOS needs to be performed. Furthermore, having
many no-shows prior to hospitalization not only worsened clinical
resource utilization but was also associated with a prolonged stay
(outpatient or short stay: n = 163, 14.3%; prolonged stay: n = 81,
30.3%; P < .001).

Risk factors identified only in the prolonged hospital length of stay model and their distributions by the 2 length of stay categories.

Characteristics LOS 0-2 (n = 1134, 80.9%) Prolonged stay (n = 267, 19.1%) P-value Rank of importance in the model
Demographics and socioeconomic characteristics
Age,y 474 2
<61 305 (26.9) 84 (31.5)
62-67 318 (28.0) 74 (27.7)
68-73 276 (24.3) 59 (22.1)
74+ 235 (20.7) 50 (18.7)
Comorbidities
Sleep apnea 23 (2.0) 25(94) <.001 6
Prior-to-hospitalization care characteristics
No. of no-show >1 163 (14.3) 81 (30.3) <.001 5
Preoperative care characteristics
Attended preoperative sessions 141 (12.4) 14 (5.2) .001 11

LOS, length of stay.

Continuous variables are expressed as mean and interquartile range. The categorical variables are expressed in terms of n (%). A P-value less than .05 indicates a significant
difference between the 2 groups and is bold. The rank of importance in the model is obtained from the random forest model.
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Limitations

First, as this study was a single-center retrospective study, the
patient cohort might not represent the national patient popula-
tion. Also, EHRs possess various care and patient characteristics
but can only offer limited samples compared to all-payer claims
databases [41]. Using data from different institutions or distrib-
uted research networks could improve model generalizability
[42]. Additionally, the data only contained discretized LOS. If the
actual admission and discharge time can be provided, different
modeling choices (eg, survival analysis) can be possible. In this
study, we tested several hypotheses regarding LOS categorization
options; the selected categorization may be prone to change as
care practices continue to evolve and care efficiencies improve.
Finally, this study did not differentiate primary, revision, or
removal TJA procedures and did not differentiate knee and hip
procedures. Studies have shown that different types of procedures
shared similar risk factors for the increased LOS (eg, comorbidity)
for both TKAs and THAs [43]. Our study also revealed that by
including the indicator of procedure type as an additional pre-
dictor, the prediction performance was not improved (see
Table A.5). The future work could separate primary vs revision and
removal TJA procedures and separating TKA and THA procedures,
upon obtaining sufficient samples to ensure statistical power.

Conclusions

In this study, we thoroughly examined the relationship between
TJA patients’ LOS and various covariates obtained from the EHR
using machine learning models. The 3-category-based RF model
(distinguishing between true “outpatients,” short-stay—1-2 day-
s—admissions, and prolonged inpatient stays of 3 or more days)
provided the patient factors associated with different levels of care
requirement for TJA. As joint arthroplasty care continues to evolve,
patients may benefit from receiving highly efficient and cost-
favorable care in designed “short-stay” arthroplasty centers, with
only a select few requiring care in the hospital setting (patients
with poor social support as evidenced by low RAPT, for instance, or
patients with prolonged preoperative narcotic use).
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Table A1
CPT codes and ICD-10 codes for total hip and knee arthroplasty.

Total joint arthroplasty CPT codes ICD-10 codes
Total hip arthroplasty 27120, 27125, 27130, 27132, 27134, 27137, 27138, 27090, 27091 796.64
Total knee arthroplasty 27440-27447, 27486-27488 796.65

CPT, current procedural terminology; ICD-10, International Classification of Diseases-10.



Table A.2

Characteristics and statistical tests based on the LOS categorizations.

Characteristics

LOS 0 (n = 231, 16.5%)

LOS 1 (n = 533, 38.0%)

LOS 2 (n = 370, 26.4%)

LOS 3+ (n = 267, 19.1%)

P-value (LOS cat 1:

P-value (LOS cat 2:  P-value (LOS cat 3:

0/1-2/3+) 0/1/2+) 0/1/2/3+)
Demographics and socioeconomic
characteristics
Age,y <.001 .004 .002
<61 86 (37.2) 134 (25.1) 85 (23.0) 84 (31.5)
62-67 69 (29.9) 151 (28.3) 98 (26.5) 74 (27.7)
68-73 45 (19.5) 136 (25.5) 5 (25.7) 59 (22.1)
74+ 31(13.4) 112 (21.0) 92 (24.9) 50 (18.7)
Sex-male 105 (45.5) 263 (49.3) 135 (36.5) 114 (42.7) .826 .002 .002
Race .002 003 <.001
Black 22 (9.5) 66 (12.4) 64 (17.3) 56 (21.0)
Other 19(8.2) 38(7.1) 8 (10.3) 11 (4.1)
White 190 (82.3) 429 (80.5) 268 (72.4) 200 (74.9)
Non-Hispanic 217 (93.9) 504 (94.6) 345 (93.2) 260 (97.4) .088 .830 132
Marital status <.001 <.001 <.001
Married 165 (71.4) 348 (65.3) 211 (57.0) 147 (55.1)
Other or unknown 17 (7.4) 33(6.2) 22 (5.9) 11 (4.1)
Single/divorced/separated/widowed 49 (21.2) 152 (28.5) 137 (37.0) 109 (40.8)
Insurance <.001 <.001 <.001
Medicaid 6 (2.6) 23 (4.3) 6 (7.0) 35(13.1)
Medicare 80 (34.6) 288 (54.0) 200 (54.1) 138 (51.7)
Other 6 (2.6) 18 (3.4) 6 (4.3) 7 (2.6)
Private or managed care 139 (60.2) 204 (38.3) 128 (34.6) 87 (32.6)
Income .002 .002 .004
<40,000 48 (20.8) 161 (30.2) 123 (33.2) 101 (37.8)
40,000-60,000 88 (38.1) 179 (33.6) 110 (29.7) 78 (29.2)
>60,000 95 (41.1) 193 (36.2) 137 (37.0) 88 (33.0)
Rural 17 (7.4) 58 (10.9) 5(9.5) 31(11.6) 269 313 374
Smoking status .009 .043 034
Current 16 (6.9) 44 (8.3) 32 (8.6) 33(124)
Former 77 (33.3) 213 (40.0) 150 (40.5) 115 (43.1)
Never 138 (59.7) 276 (51.8) 188 (50.8) 119 (44.6)
Alcohol dependence 9(3.9) 17 (3.2) 12 (3.2) 15 (5.6) 193 642 349
Illicit or cardiotoxic drug use 2(0.9) 13 (24) 10(2.7) 11(4.1) 073 131 151
Comorbidities
Renal 1(04) 7(1.3) 12 (3.2) 17 (6.4) <.001 <.001 <.001
Cardiovascular 12 (5.2) 81(15.2) 57 (15.4) 61 (22.8) <.001 <.001 <.001
Hypertension 112 (48.5) 280 (52.5) 216 (58.4) 164 (61.4) .015 004 .001
Sleep apnea 4(1.7) 9(1.7) 10 (2.7) 25(9.4) <.001 .001 <.001
Diabetes 22 (9.5) 65 (12.2) 62 (16.8) 62 (23.2) <.001 <.001 <.001
Endocrine 2(0.9) 3(0.6) 7(1.9) 11 (4.1) .002 .006 .002
Malignancy or cancer 6(2.6) 13 (24) 17 (4.6) 12 (4.5) 489 .106 213
Depression 34 (14.7) 120 (22.5) 95 (25.7) 90 (33.7) <.001 <.001 <.001
Hematologic 0(0.0) 0(0.0) 0(0.0) 11 (4.1) <.001 .001 <.001
Respiratory 2 (0.9) 16 (3.0) 14 (3.8) 29(10.9) <.001 <.001 <.001
Prior-to-hospitalization care characteristics
NSAID? - pain management 55 (23.8) 153 (28.7) 86 (23.2) 67 (25.1) .685 143 244
NSAID? - surgery preparation 116 (50.2) 220 (41.3) 133 (35.9) 83 (31.1) <.001 <.001 <.001
Corticosteroid® 42 (18.2) 112 (21.0) 5 (23.0) 62 (23.2) 362 283 470
Narcotic® - pain management 37 (16.0) 136 (25.5) 109 (29.5) 90 (33.7) <.001 <.001 <.001
Narcotic® - surgery preparation 220 (95.2) 457 (85.7) 271(73.2) 180 (67.4) <.001 <.001 <.001
Chemotherapy® 0 (0.0) 0(0.0) 0 (0.0) 1(0.4) 119 .549 236
Radiation® 0 (0.0) 1(0.2) 1(0.3) 2(0.7) 246 447 414
No. of orthopaedics care visits” .058 331 123
<3 99 (42.9) 224 (42.0) 167 (45.1) 128 (47.9)

(continued on next page)
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Table A.2 (continued )

0]

Characteristics

LOS 0 (n = 231, 16.5%)

LOS 1 (n = 533, 38.0%)

LOS 2 (n = 370, 26.4%)

LOS 3+ (n = 267, 19.1%)

P-value (LOS cat 1:

P-value (LOS cat 2:

P-value (LOS cat 3:

0/1-2/3+) 0/1/2+) 0/1/2/3+)
4-5 94 (40.7) 212 (39.8) 141 (38.1) 80 (30.0)
6+ 38 (16.5) 97 (18.2) 62 (16.8) 59 (22.1)
MyChart status-active 146 (63.2) 341 (64.0) 208 (56.2) 136 (50.9) .007 .001 .001
No. of no-show >1° 22 (9.5) 70 (13.1) 1(19.2) 81 (30.3) <.001 <.001 <.001
Noncompliance 34 (14.7) 80 (15.0) 8 (15.7) 72 (27.0) <.001 .026 <.001
Flu vaccine status” 75 (32.5) 159 (29.8) 123 (33.2) 92 (34.5) .604 .355 .537
Preoperative care characteristics
Days between preoperative labs and 5.6 (0, 10) 44 (0, 8) 7 (0, 8) 3.5(0,6) <.001 .001 <.001
operation
Hemoglobin <.001 <.001 <.001
Low 56 (24.2) 195 (36.6) 161 (43.5) 147 (55.1)
Normal 174 (75.3) 336 (63.0) 207 (55.9) 120 (44.9)
High 1(04) 2(0.4) 2 (0.5) 0(0.0)
Hematocrit <.001 <.001 <.001
Low 59 (25.5) 229 (43.0) 174 (47.0) 151 (56.6)
Normal 171 (74.0) 300 (56.3) 193 (52.2) 116 (43.4)
High 1(04) 4(0.8) 3(0.8) 0 (0.0)
Hemoglobin alc 4(1.7) 10(1.9) 16 (4.3) 12 (4.5) 185 .020 .049 -
Attended preoperative sessions 42 (18.2) 67 (12.6) 32(8.6) 14 (5.2) <.001 <.001 <.001 >
NSAID 79 (34.2) 498 (93.4) 318 (85.9) 200 (74.9) <.001 <.001 <.001 i
Corticosteroid 186 (80.5) 393 (73.7) 201 (54.3) 143 (53.6) <.001 <.001 <.001 ol
Narcotic 231 (100.0) 532 (99.8) 370 (100.0) 267 (100.0) 759 443 .653 2
ASA score >2 117 (50.6) 375 (70.4) 312 (84.3) 227 (85.0) <.001 <.001 <.001 N
RAPT score 10.0 (9.0, 11.0) 9.3(8.0,11.0) 8.6 (7.0, 10.0) 8.2(7.0,10.0) <.001 <.001 <.001 S
Absence of RAPT 21(9.1) 66 (12.4) 51(13.8) 89 (33.3) <.001 <.001 <.001 é
Vitals )
Body mass index at admission (kg/m?) 469 293 372 <
<18.5 3(1.3) 6(1.1) 2(0.5) 4(1.5) §
18.5-<25 39(16.9) 85 (15.9) 48 (13.0) 39 (14.6) S
25-<30 68 (29.4) 186 (34.9) 121 (32.7) 73 (27.3) N
30-<40 93 (40.3) 205 (38.5) 149 (40.3) 111 (41.6) ’g
40+ 28 (12.1) 51(9.6) 50 (13.5) 40 (15.0) N
Weight (kg) =
At admission (a) 191.3 (162.0, 218.5) 197.0 (166.0, 222.7) 200.4 (162.3, 234.8) 203.8 (165.0, 239.2) .012 011 019 g
Within 1 y prior to admission (b) 191.9 (163.0, 216.8) 197.3 (167.8, 224.2) 200.5 (160.0, 235.8) 203.0 (164.5, 235.6) .032 024 .049 K
Difference between (a) and (b) -0.5(-4.1,3.4) -0.3(-5.4,3.7) -0.1(-6.5,4.3) 0.7 (-6.1,6.8) 672 .807 .847
Blood pressure (mmHg)
Systolic BP at admission 920 901 .984
<120 59 (25.5) 133 (25.0) 87 (23.5) 61 (22.8)
120-<130 50 (21.6) 101 (18.9) 72 (19.5) 55 (20.6)
130-<140 52 (22.5) 122 (22.9) 3 (22.4) 58 (21.7)
140+ 70 (30.3) 177 (33.2) 128 (34.6) 93 (34.8)
Diastolic BP at admission 402 .030 .028
<80 153 (66.2) 363 (68.1) 288 (77.8) 190 (71.2)
80-<90 54 (23.4) 111 (20.8) 52 (14.1) 48 (18.0)
90+ 24 (10.4) 59 (11.1) 30 (8.1) 29(10.9)
Pulse pressure at admission .046 .001 .004
<40 19(8.2) 67 (12.6) 38(10.3) 26 (9.7)
40-60 124 (53.7) 249 (46.7) 143 (38.6) 114 (42.7)
>60 88 (38.1) 217 (40.7) 189 (51.1) 127 (47.6)
MAP at admission 369 153 144
<70 34 (14.7) 84 (15.8) 79 (21.4) 51(19.1)
70-100 177 (76.6) 394 (73.9) 261 (70.5) 184 (68.9)
>100 20 (8.7) 55 (10.3) 0(8.1) 32(12.0)
SPO2 at admission <95% 20 (8.7) 59 (11.1) 30(8.1) 31(11.6) 534 531 336
Heart rate at admission (mmHg) .001 <.001 <.001



<60 28 (12.1) 81(15.2) 41 (11.1) 22(82)

60-100 202 (87.4) 448 (84.1) 319 (86.2) 232 (86.9)
>100 1(04) 4(0.8) 10 (2.7) 13 (4.9)
Presurvey responses

PROMIS-10
Global health T score-physical 41.7 (37.4, 44.9) 40.5 (34.9, 44.9) 37.5 (324, 42.3) 37.8 (324, 42.3) <.001 <.001 <.001
Global health T score-mental 51.2 (45.8, 56.0) 49.5 (43.5, 56.0) 47 0 (41.7, 53.3) 46.5 (41.1, 50.8) <.001 <.001 <.001
Survey questionnaire (1)¢ 3.5(3.0,4.0) 3.2 (3.0, 4.0) 0 (2.0, 4.0) 3.0 (2.0, 4.0) <.001 <.001 <.001
Survey questionnaire (2) 3.3(2.0,4.0) 3.1 (2.0, 4.0) 7 (2.0, 3.0) 2.7 (2.0, 3.0) <.001 <.001 <.001
Survey questionnaire (3) 2.7 (2.0,3.0) 2.6 (2.0,3.0) (2 0, 3.0) 24 (2.0,3.0) .006 <.001 <.001
Survey questionnaire (4) 3.3(3.0,4.0) 3.3(3.0,4.0) 1(3.0, 4.0) 3.0 (3.0, 3.0) <.001 <.001 <.001
Survey questionnaire (5) 3.6 (3.0, 4.0) 3.6 (3.0, 4.0) 3(3.0,4.0) 3.3(3.0,4.0) <.001 <.001 <.001
Survey questionnaire (6) 3.7 (3.0,4.0) 3.5(3.0, 4.0) 3(3.0,4.0) 3.3(3.0,4.0) <.001 <.001 <.001
Survey questionnaire (7) 3.8(3.0,5.0) 3.5(3.0,4.0) 2 (2.0, 4.0) 3.2 (2.0,4.0) <.001 <.001 <.001
Survey questionnaire (8) 3.6 (3.0, 4.0) 3.4 (3.0, 4.0) 1(3.0, 4.0) 3.1(2.0,4.0) <.001 <.001 <.001
Survey questionnaire (9) 4.0 (3.0, 5.0) 3.9(3.0, 5.0) 7 (3.0, 4.0) 3.6 (3.0, 4.0) <.001 <.001 <.001
Survey questionnaire (10) 3.1(2.0,4.0) 2.8 (2.0, 4.0) 5 (2.0, 3.0) 2.5(2.0,3.0) <.001 <.001 <.001

Disease specific functional score from 48.4 (42.3,57.1) 47.8 (39.6, 57.1) 43 9 (34.2,53.0) 43.9 (34.2, 53.0) .005 <.001 <.001

HOOS or KOOS!

LOS, length of stay; cat, category; NSAID, nonsteroidal antiinflammatory drugs; CAM, confusion assessment method; ER, emergency room; SBP, systolic blood pressure; DBP, diastolic blood pressure; PROMIS, patient-reported
outcomes measurement information system; KOOS, Knee Injury and Osteoarthritis Outcome Score; HOOS, Hip Injury Disability and Osteoarthritis Outcome Score.
Continuous variables are expressed as mean and interquartile range. The categorical variables are expressed in terms of n (%). A P-value less than .1 indicates a significant difference between the 2 group and is bold.

2 Events within 3 months prior to hospitalization.

b Events within 1 year prior to hospitalization.

€ Survey questionnaire: (1) In general, how would you rate your physical health; (2) To what extent are you able to carry out your everyday physical activities; (3) How would you rate your pain on average; (4) How would you
rate your fatigue on average; (5) How often have you been bothered by emotional problems such as feeling anxious, depressed, or irritable; (6) In general, would you say your health is; (7) In general, how would you rate your
satisfaction with your social activities and relationships; (8) In general, would you say your quality of life is; (9) In general, how would you rate your mental health including your mood and your ability to think; (10) In general,
please rate how well you carry out your usual social activities and roles.

94 For an individual sample, only a single disease specific functional score (HOOS or KOOS) was included depending on the type of surgery.
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Table A.3
Final model input covariates by the LOS categorization.

Characteristics LOS cat 1 (0/1-2/3+) LOS cat 2 (0/1/2+) LOS cat 3 (0/1/2/3+)

Demographics and socioeconomic characteristics
Age,y (0]
Sex-male
Race
Non-Hispanic [0}
Marital status
Insurance (0]
Income
Rural
Smoking status
Alcohol dependence
Illicit or cardiotoxic drug use
Comorbidities
Renal [0} (o} 0
Cardiovascular [0}
Hypertension
Sleep apnea [0} (o} (0]
Diabetes
Endocrine [0} 0
Malignancy or cancer
Depression [0}
Hematologic (0] 0
Respiratory (e]
Prior-to-hospitalization care characteristics
NSAID? - pain management 0]
NSAID? - surgery preparation (6] (0}
Corticosteroid®
Narcotic® - pain management [0} [0}
Narcotic® - surgery preparation (0] 0
Chemotherapy*
Radiation®
No. of orthopaedics care visits”
MyChart status-active (e]
No. of no-show >1" [0} (0]
Noncompliance
Flu vaccine status”
Preoperative care characteristics

Days between preoperative labs and operation [0}
Hemoglobin
Hematocrit [0} [0} (0]
Hemoglobin alc
Attended preoperative sessions (0] (0] 0
NSAID 0 0] (0]
Corticosteroid [0} [0} 0
Narcotic
ASA score >2 (6] (6] (0]
RAPT Score (6] (6] (0]
Missing indicator of RAPT [0} [0} 0
Vitals
Body mass index at admission (kg/m?)
Weight (kg)
At admission (a) (0] (0] 0

Within 1 y prior to admission (b)
Difference between (a) and (b)
Blood pressure (mmHg)
Systolic BP at admission
Diastolic BP at admission (o]
Pulse pressure at admission
MAP at admission
SPO2 at admission <95%

Heart rate at admission (mmHg) [0} (e} 0
Presurvey responses
PROMIS
Global health T score-physical (e}
Global health T score-mental [0} 0
Survey questionnaire (1)
Survey questionnaire (2) 0
Survey questionnaire (3)
Survey questionnaire (4) (0]
Survey questionnaire (5)
Survey questionnaire (6) [0} 0
)

Survey questionnaire (7
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Table A.3 (continued )

Characteristics LOS cat 1 (0/1-2/3+) LOS cat 2 (0/1/2+) LOS cat 3 (0/1/2/3+)

Survey questionnaire (8)
Survey questionnaire (9)
Survey questionnaire (10)
Disease specific functional score from HOOS or KOOS

LOS, length of stay; cat, category; NSAID, nonsteroidal antiinflammatory drugs; CAM, confusion assessment method; ER, emergency room; SBP, systolic blood pressure; DBP,
diastolic blood pressure; PROMIS, patient-reported outcomes measurement information system; KOOS, Knee Injury and Osteoarthritis Outcome Score; HOOS, Hip Injury
Disability and Osteoarthritis Outcome Score.
After the variable selection phases, model input covariates were identified for each outcome setting.

¢ Events within 3 months prior to hospitalization.

b Events within 1 year prior to hospitalization.

€ Survey questionnaire (1) In general, how would you rate your physical health; (2) To what extent are you able to carry out your everyday physical activities; (3) How would
you rate your pain on average; (4) How would you rate your fatigue on average; (5) How often have you been bothered by emotional problems such as feeling anxious,
depressed, or irritable; (6) In general, would you say your health is; (7) In general, how would you rate your satisfaction with your social activities and relationships; (8) In
general, would you say your quality of life is; (9) In general, how would you rate your mental health including your mood and your ability to think; (10) In general, please rate
how well you carry out your usual social activities and roles.

Table A.4
Model performance of the threshold model and the ordinal binary decomposition models for the 4-category setting.
Models Different 3 categories (LOS cat 2: 0/1/2+) Four categories (LOS cat 3: LOS 0/1/2/3+)
Accuracy (avg., sd) Kendall rank correlation (avg., sd) Accuracy (avg., sd) Kendall rank correlation (avg., sd)
Threshold model
Ordinal regression 0.721 (0.022) 0.475 (0.038) 0.506 (0.023) 0.470 (0.034)
Ordinal decomposition models
Logistic regression 0.637 (0.022) 0.459 (0.037) 0.535 (0.022) 0.457 (0.037)
SVM with a radial kernel 0.617 (0.025) 0.423 (0.042) 0.508 (0.024) 0.423 (0.043)
Random forest (mtry = 3) 0.632 (0.021) 0.441 (0.038) 0.541 (0.023) 0.453 (0.041)
Random forest (mtry = 4) 0.628 (0.019) 0.432 (0.034) 0.534 (0.021) 0.447 (0.034)
Random forest (mtry = 5) 0.622 (0.020) 0.425 (0.036) 0.530 (0.022) 0.445 (0.039)

avg, average; LOS, length of stay; cat, category; mtry, the numbers of variables randomly sampled as candidates at each split; sd, standard deviation; SVM, support vector
machine.
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Table A.5
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Model performance including the indicator of procedure type for the 3 LOS categorization of interest (ie, outpatient, short stay, and prolonged stay).

Models

Accuracy (avg., IQR)

Kendall rank correlation (avg., IQR)

Threshold model
Ordinal regression

Ordinal decomposition models
Logistic regression
SVM with a radial kernel
Random forest (mtry = 3)
Random forest (mtry = 4)
Random forest (mtry = 5)

0.714 (0.696-0.731)

0.734 (0.717-0.749)
0.730 (0.714-0.746)
0.745 (0.726-0.762)
0.743 (0.729-0.759)
0.739 (0.723-0.759)

0.450 (0.422-0.471)

0.484 (0.452-0.517)
0.450 (0.421-0.482)
0.498 (0.464-0.527)
0.494 (0.470-0.519)
0.484 (0.456-0.511)

LOS, length of stay; avg, average; mtry, the numbers of variables randomly sampled as candidates at each split; IQR, interquartile range; SVM, support vector machine.



	Preoperative Prediction and Risk Factor Identification of Hospital Length of Stay for Total Joint Arthroplasty Patients Usi ...
	Introduction
	Material and methods
	Patient population
	Outcomes
	Covariates
	Model construction
	Risk factor analysis
	Software

	Results
	Patient characteristics
	Outcomes and covariates
	Model performance
	Risk factor analysis

	Discussion
	Model performance
	Risk factor analysis
	Limitations

	Conclusions
	Conflicts of interest
	References


