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Background and Objectives: Total knee arthroplasty (TKA) is widely performed to

improve mobility and quality of life for symptomatic knee osteoarthritis patients. The

accurate prediction of patients’ length of hospital stay (LOS) can help clinicians for

rehabilitation decision-making and bed assignment planning, which thus makes full use

of medical resources.

Methods: Clinical characteristics were retrospectively collected from 1,298 patients

who received TKA. A total of 36 variables were included to develop predictive models for

LOS by multiple machine learning (ML) algorithms. The models were evaluated by the

receiver operating characteristic (ROC) curve for predictive performance and decision

curve analysis (DCA) for clinical values. A feature selection approach was used to identify

optimal predictive factors.

Results: The areas under the ROC curve (AUCs) of the nine models ranged from 0.710

to 0.766. All the ML-based models performed better than models using conventional

statistical methods in both ROC curves and decision curves. The random forest classifier

(RFC) model with 10 variables introduced was identified as the best predictive model.

The feature selection indicated the top five predictors: tourniquet time, distal femoral

osteotomy thickness, osteoporosis, tibia component size, and post-operative values of

Hb within 24 h.

Conclusions: By analyzing clinical characteristics, it is feasible to develop ML-based

models for the preoperative prediction of LOS for patients who received TKA, and the

RFC model performed the best.

Keywords: machine learning, predictive model, cross-validation, hospital stay, total knee arthroplasty

INTRODUCTION

Total knee arthroplasty (TKA) has been confirmed the most efficient treatment
for improving outcomes of knee diseases such as end-stage osteoarthritis (1).
Specifically, the increasing incidence rate of degenerative knee diseases requires an
upsurge of demand for total knee replacement surgery in Chinese population (2, 3).
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Considering the operation cost of ∼$8,000–10,000 for each
patient in our center, a great economic burden on the medical
care system may be expected in the next decades. Despite several
parts that make up per patient’s entire surgery expense, the length
of hospital stay (LOS) accounts for the pivotal proportion of
its increase. The accurate prediction of patients’ LOS can help
clinicians for decision-making and bed assignment planning,
which thus makes full use of medical resources and decreases
wasted hospital stays.

In recent years, fast-track arthroplasty has been conducted
in some centers and showed great feasibility and safety (4, 5).
Youssef F et al. reported multiple variables were associated with
increased hospital LOS following primary TKA including age
≥80 years and Hispanic race and reviewed measures designed to
decrease LOS (6). Nina et al. reported a mean LOS of 3.0 nights
following the application of the fast-track rehabilitation protocol
(7). In one meta-analysis of enhanced recovery after hip and knee
arthroplasty, the mean LOS ranged from 2.0 to 8.5 days among
10 studies enrolled (8). However, to our knowledge, fast-track
arthroplasty has been rarely applied in Chinese hospitals, and
few studies have focused on the LOS after TKA in the Chinese
population. Lo CK et al. reviewed 1,622 primary total knee
replacements performed in Hong Kong and the mean length of
hospital stay was 6.8 days (9). It is highly necessary to generalize
the use of fast-track arthroplasty in China, and a predictive
system for LOS will be the starting point.

There are no reported reliable models for predicting LOS of
patients after TKA. Usingmachine learning (ML) algorithms, this
study aims to investigate the potential indicators and develop
effective predictive models for LOS in patients that received TKA.

MATERIALS AND METHODS

Study Population
From June 2016 to June 2019, 1,298 patients who received TKA
in Peking Union Medical College Hospital were retrospectively
analyzed. The inclusion criteria included the following: (1)
diagnosed with osteoarthritis independently by two orthopedic
doctors which met surgery indication, (2) received unilateral
primary TKA that was performed by our team, (3) accurate
records of previous medical history, and (4) underwent bone
density test within 90 days before operation. Patients who
met one of the following criteria were excluded: (1) revision
arthroplasty; (2) severe complications that could extremely
prolong the LOS, such as dislocation, serious infection, and
pulmonary embolism; (3) incomplete records; (4) transferred to
other hospital after surgery; and (5) a second surgery within 30
days after the first one. The Ethics Review Board of Peking Union
Medical CollegeHospital has approved this study, and all patients
provided signed informed consent.

Surgical Procedure
After being diagnosed with osteoarthritis in our hospital, patients
who meet the surgery indication are given a booklet on
perioperative information of knee surgery to make sure they are
informed of their illness. Once patients choose to receive TKA,
a preoperative evaluation is performed about 2 weeks before

surgery, including necessary imaging examination, bone density
test, serum hemoglobin (Hb), erythrocyte sedimentation rate
(ESR), hematocrit (HCT), etc. For patients with Hb <9.0 g/dl, an
extra supplement of iron and erythropoietin is required (10, 11),
and surgery is considered and performed only whenHb≥9.0 g/dl
lasts for at least 1 week.

All patients enrolled in this study underwent standard TKA
performed in the supine position by three orthopedists from
Peking Union Medical College Hospital with more than 30-
year experience. Tourniquet was commonly used during the
operation, and the pressure was set at 60 kPa. Posterior cruciate
stabilizing (PS) prosthesis was used in the operation. Physical
exercise and continuous passive motion exercise device (CPM)
were applied on postoperative day 1 until discharge, which were
performed twice daily according to standard guidelines (12).

Study Variables
A total of 36 variables were used for modeling analysis in
this study. The patient-related characteristics included sex,
age, body mass index (BMI), smoking status, alcohol abuse
history, past surgical history, inpatient surgery history, and
comorbidities. Comorbidity burden was considered based
on the Clinical Modification of the ninth version of the
International Classification of Diseases (ICD-9-CM) codes and
the comorbidity distribution in our studied population. It was
made up of several categories, each corresponding to a group
of specific diagnoses, including the following: heart diseases,
pulmonary diseases, liver diseases, renal diseases, peripheral
vascular diseases, digestive diseases (excluding bleeding),
cerebrovascular diseases, neoplastic diseases, ophthalmological
disease, connective tissue diseases, hypertension, diabetes
mellitus, hyperlipidemia, and osteoporosis. All the above
mentioned clinical information was collected before surgery. The
diagnosis of osteoporosis was confirmed by senior orthopedists
reviewing the result of the bone density test.

The perioperative factors we analyzed included serum Hb,
HCT, ESR, anesthesia method (general anesthesia, general
anesthesia plus nerve block and others), intraoperative blood loss
(IBL), actual blood loss (ABL), blood transfusion volume (BTV),
tourniquet time (TQT), postoperative drainage volume (PDV),
femoral component size (FCS), tibia component size (TCS),
insert thickness (IT), distal femoral osteotomy thickness (FOT),
and tibial plateau osteotomy thickness (TOT). Preoperative Hb
(pre-Hb), HCT (pre-HCT), and ESR (pre-ESR) were tested
within 24 h before surgery, while postoperative values of Hb
were within 24 h (post-Hb-1) and 48 h (post-Hb-2) after surgery,
respectively. The prostheses used were mainly provided by two
different manufacturers. According to the size of the prostheses,
patients were divided into a small group (<25%), normal group,
and large group (>75%). All patients were hospitalized longer
than 4 days, so some intraoperative and early postoperative
indicators such as post-Hb-1 were included.

ABL was estimated with the Gross equation and, thus, could
be acquired by adding the autologous blood transfusion and the
allogenetic blood transfusion. The specific calculationmethod for
the Gross equation is as follows: 2∗PBV × (pre-operative HCT
– post-operative HCT)/(pre-operative HCT + post-operative
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HCT). Finally, patients were divided into two groups according
to the median days of LOS.

Development and Validation of ML Models
The ML algorithm is a very useful tool on data mining and
has been widely applied in medicine (13, 14). In the process
of supervised ML, the algorithm learns from the labeled data.
After understanding the data, it will determine which label
should be assigned to the new data based on the pattern, and
then associate the pattern with the unlabeled new data. In this
study, seven typical supervised ML algorithms were used to
develop predictive models for LOS in patients who received
TKA, namely adaptive boosting (ADB), artificial neural network
(ANN), K-nearest neighbor (KNN), decision tree (DT), gradient
boosting decision tree (GBDT), random forest classifier (RFC),
and extreme gradient boosting (XGB) (15–21). In addition, two
conventional methods, logistic regression (LR) and multinomial
naïve Bayes (MNB), were used for comparing with ML models.
Many machine learning algorithms perform best on normally
distributed datasets, and LOS was following a non-normal
distribution and log-transformed before analyses.

Before constructing the models, data preprocessing is
necessary for continuous variables. Therefore, min–max
normalization was used for MNB, while z-score normalization
was used for others (22). The highest number of missing values
was in the variable “tourniquet time,” which had missing values
in 3.2% of the items. The missing data was within the acceptable
range and solved by imputing median values (23, 24).

Considering a large number of variables introduced, the
5-fold cross-validation strategy was used to avoid overfitting.
All patients were randomly split into five subsets, one of which
worked as the validation cohort and the other four as the training
cohort for each iteration. This process was repeated five times,
and so, each subset acted once as a validation cohort. In the end,
the optimal model of each algorithm was returned. To evaluate
the models, the area under the receiver operating characteristic
(ROC) curve (AUC) was used to compare predictive ability, while
decision curve analysis (DCA) was performed to investigate
clinical usefulness.

Feature Selection
Given the invisible function between the variables and the
response in most of the ML algorithms in our study, a
classifier evaluator was used to measure each variable’s predictive
contribution for feature selection. For each constructed model,
a list of variables with ranks was returned. The higher the
rank, the greater the predictive contribution to the model. The
top 10 variables among the excellent models were shown. In
addition, the AUCs of each model with a different number
of variables introduced were also calculated to help select the
optimal dimension.

Statistical Analysis
All statistical analyses and ML model development were
performed using Python programming language (version 3.7,
Python Software Foundation). The continuous variables were
expressed as median with interquartile range (IQR) because

TABLE 1 | Patients’ clinical characteristics.

Characteristics Mean/count (SD/%)

Age, years 67.6 (9.3)

Sex

Male 1,022 (78.7)

Female 276 (21.3)

Body mass index (BMI) 26.8 (3.8)

Smoking history 106 (8.2)

Alcohol abuse history 56 (4.3)

Comorbidities

Osteoporosis 429 (33.1)

Hypertension 699 (53.9)

Hyperlipidemia 123 (9.5)

Diabetes mellitus 244 (18.8)

Hematological diseases 27 (2.1)

Ophthalmological disease 57 (4.4)

Renal disease 55 (4.2)

Heart disease 188 (14.5)

Digestive disease 89 (6.9)

Connective tissue disease 74 (5.7)

Pulmonary disease 68 (5.2)

Neoplastic disease 58 (4.5)

Cerebrovascular disease 100 (7.7)

Liver disease 43 (3.3)

Preoperative Hb, g/dl 13.2 (12.4)

Preoperative HCT, % 39.1 (3.3)

Preoperative ESR, mm/h 15.8 (12.7)

Blood transfusion 24 (1.8)

Tourniquet time, min 82.1 (11.7)

Insert thickness, mm 9.7 (2.6)

Distal femoral osteotomy thickness, mm 9.8 (1.2)

Tibial plateau osteotomy thickness, mm 8.7 (1.2)

Length of hospital stay, days 8.4 (4.6)

of their non-normality tested by the Shapiro–Wilk method,
while the classified variables were expressed as frequency with
percentage. The comparisons of continuous variables between
subgroups were conducted by theMann–WhitneyU-test, and the
classified subgroups were compared by chi-square test (Fisher’s
exact test was used when necessary). Student’s t-test was applied
for the comparisons of AUCs between different models. A two-
sided P-value <0.05 was considered significant for all analyses.

RESULTS

Demographic Characteristics
All 1,298 patients’ clinical characteristics are listed in Table 1.
The mean of LOS was 8.4 days. In total, the mean BMI was
26.8 and 1,022 (78.7%) patients were male. One hundred and six
(8.2%) patients reported smoking cigarettes in the year before
admission for TKA. Fifty-six (4.3%) patients had an alcohol
abuse problem. The most common comorbidities identified
were osteoporosis (429, 33.1%), hypertension (699, 53.9%), and
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FIGURE 1 | Receiver operating characteristic (ROC) curves for nine models. ADB, adaptive boosting; ANN, artificial neural network; KNN, K-nearest neighbor; DT,

decision tree; GBDT, gradient boosting decision tree; RFC, random forest classifier; XGB, extreme gradient boosting; LR, logistic regression; MNB, multinomial naïve

Bayes.

diabetes mellitus (244, 18.8%). Twenty-four (1.8%) patients
received blood transfusion.

Predictive Performance of ML Models
As shown in Figure 1 andTable 2, the RFCmodel performed best
in the ROC curve (AUC = 0.766, 95% CI: 0.714–0.817), which
presented a similar AUC value to XGB (AUC = 0.762, 95% CI:
0.710–0.814, P = 0.850), GBDT (AUC = 0.758, 95% CI: 0.705–
0.810, P = 0.668), and ADB (AUC= 0.757, 95% CI: 0.704–0.809,
P = 0.647), but was superior to ANN (AUC = 0.717, 95% CI:
0.662–0.772, P= 0.012), DT (AUC= 0.713, 95% CI: 0.657–0.768,
P = 0.006), and KNN (AUC = 0.710, 95% CI: 0.655–0.766, P
= 0.004). All ML models performed better than the two models
using conventional LR (AUC = 0.701, 95% CI: 0.645–0.757, P <

0.001) andMNB (AUC= 0.684, 95%CI: 0.627–0.741, P< 0.001).

Clinical Usefulness of ML Models
In the decision curve (Figure 2), all models we developed
performed much better than the two extreme lines except
ADB, which overlapped with the extreme lines in most of the
thresholds. Almost under all reasonable circumstances, XGB,
RFC, and GBDT showed higher net benefits than the other
models. The clinical usefulness of conventional LR andMNB was
also inferior to most of the ML models.

Variable Importance
For each model, all variables were ranked based on their
contributions to the predictive performance. In Figure 3, the
10 top-ranked variables were shown according to their mean
ranks among the most potential models (RFC, XGB, and GBDT),
which demonstrated better performance in both ROC and
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decision curves than the other models. The 10 variables were
as follows: tourniquet time, distal femoral osteotomy thickness,
osteoporosis, tibia component size, post-Hb-1, intraoperative
blood loss, femoral component size, insert thickness, anesthesia,
and age.

TABLE 2 | Predictive performance (AUC) of 8 models and using several variables

alone.

Model AUC No. of optimal dimensions

Mean SD 95% CI P-value

ADB 0.757 0.026 0.704–0.809 0.647 21

ANN 0.717 0.028 0.662–0.772 0.012 7

DT 0.713 0.028 0.657–0.768 0.006 5

GBDT 0.758 0.026 0.705–0.810 0.668 18

kNN 0.71 0.028 0.655–0.766 0.004 19

LR 0.701 0.028 0.645–0.757 <0.001 28

MNB 0.684 0.029 0.627–0.741 <0.001 19

RFC 0.766 0.026 0.714–0.817 – 18

XGB 0.762 0.026 0.710–0.814 0.850 19

Dynamic Application Based on RFC
Since the RFC model achieved highest AUC value with fewer
number of variables introduced than XGB and GBDT (Figure 4
and Table 2), the RFC algorithm was considered for developing
a dynamic application for predicting the LOS of each patient
in the clinic. It can be noted that the RFC model’s AUC
value reached the plateau with 10 variables introduced and
did not change a lot from the 10 (AUC = 0.760) to the 17
variables (AUC = 0.766; Figure 5). Thus, a dynamic application
based on the RFC model with the 10 variables introduced
was developed. The optimal cutoff point to distinguish LOS
<8 days and LOS ≥8 days was 0.522 according to the
maximal Youden’s index in the RFC model. Three hundred
patients were randomly drawn from each group of LOS <8
days and LOS ≥8 days. Using the RFC model application, a
patient’s risk probability plus 95% CI of LOS ≥8 days can be
obtained immediately when imputing information of the 10
variables we identified, and each patient’s predictive probability
was standardized by the following formula: (probability –
0.522)/standard deviation (Figure 6). The x-axis represents each
patient, while the y-axis represents the standardized probability
score from the RFC model.

FIGURE 2 | Decision curve for nine models. ADB, adaptive boosting; ANN, artificial neural network; KNN, K-nearest neighbor; DT, decision tree; GBDT, gradient

boosting decision tree; RFC, random forest classifier; XGB, extreme gradient boosting; LR, logistic regression; MNB, multinomial naïve Bayes.
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FIGURE 3 | Ranks of the top 10 variables for the prediction of length of hospital stay (LOS). Variables were ranked using a classifier-specific evaluator based on

machine learning algorithms. Each variable was ordered according to their mean ranks. The lower rank represents more contributions to the prediction of LOS. For

example, tourniquet time was ranked 1st, 2nd, and 3rd in GBDT, RFC, and XGB, respectively. TQT, tourniquet time; FRT, femoral resection thickness; TCS, tibia

component size; IBL, intraoperative blood loss; FCS, femoral component size; IT, insert thickness.

DISCUSSION

TKA is widely performed to improve mobility and quality of life
for symptomatic knee osteoarthritis patients. More than 500,000
knee replacements are performed annually in the USA (25). This
number is projected to grow by 673% from 2005 to 2030 (26).
A greater number of frail older people with complex comorbid
conditions now receive knee arthroplasty. Implementation of
fast-track arthroplasty resulted in a shorter length of hospital stay
and reductions in complications, while readmissions and costs
are reduced (27).

In our study, incorporating a total of 36 variables from 1,298
patients, we firstly developed predictive models for LOS after
TKA in a Chinese population. Seven representative supervised
ML algorithms and two conventional methods were applied. In
the ROC curve (Figure 1), all ML-based models showed much
higher AUC values than two models using conventional methods
(LR and MNB), and four of them (RFC, XGB, GBDT, and
ADB) performed significantly better than the others. Also, in
the decision curve (Figure 2), most of the ML models presented
much more clinical values and could make patients benefit
more. Thus, from the two aspects of predictive ability and
clinical usefulness, ML algorithms performed better than the
conventional methods. According to this study, RFC, XGB,
and GBDT were identified as the most excellent and potential
algorithms for model development because of their better
performance in both ROC and decision curves.

Prediction performance is crucial to predictive models,
indicating the ability to distinguish between positives and
negatives, which can be evaluated and compared by the AUC
values. However, the models with high AUC might not be
clinically useful (for example, the ADB model in our study).
Thus, it is also important to assess the models’ clinical utility
by DCA, which can consider the net benefits of all patients
(28). All ML models presented much higher net benefits than
the treat-none and treat-all lines. This means that, according to
the predictive outcome of the ML models, clinicians could take
necessary interventions for those who were predicted to have
longer LOS, such as more observations, intensive care, more
active medical strategies, and reasonable bed assignment plans,
to maximize the net benefits of all patients. Obviously, the three
models we identified, RFC, XGB, and GBDT, were more useful
for clinical decision-making and more beneficial to the patients
(Figure 2).

Previous studies have found several factors that might be
associated with longer LOS by conventional statistical analysis. In
our study, feature selection strategy was used. Based on the mean
ranks of each variable among the three most potential models, we
identified the top 10 variables that contributed most to predictive
performance (Figure 3).

Patients with longer tourniquet time showed longer LOS in
our study. A systematic review found that tourniquet use reduced
intraoperative blood loss (198ml) and operating time (5min)
(29). However, Mizner et al. (30) found that quadriceps strength
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FIGURE 4 | Predictive performance of the random forest classifier (RFC) model at each number of variables. ADB, adaptive boosting; ANN, artificial neural network;

KNN, K-nearest neighbor; DT, decision tree; GBDT, gradient boosting decision tree; RFC, random forest classifier; XGB, extreme gradient boosting; LR, logistic

regression; MNB, multinomial naïve Bayes.

was 62% less than pre-operative values when measured 4 weeks
after TKA. Liu et al. (31) found that tourniquet patients had
significantly less quadriceps muscle activity on EMG for the first
6 months postoperatively as well as increased pain on days 2
and 4 post-operatively compared with non-tourniquet patients.
This result may be explained by the fact that the ischemic
conditions brought about by the use of a tourniquet could induce
sustained local reactive hyperemia lasting several hours after
the tourniquet deflation (32, 33). Another possible alternative
explanation is that the increased fibrinolytic activity associated
with tourniquet-induced ischemia promotes bleeding into the
local tissues following the procedure (34, 35). Patients who are
still in pain and are not functioning well after surgery are usually
kept in the hospital until they are fit enough to be sent home.

Today, orthopedic surgeons could offer TKAs to older and
more complex patients (36, 37). This is mainly attributed to
the recent advances in medical management and the faster
rehabilitation processes. Some older patients are more medically
complex requiring longer hospital stays for medical optimization
prior to discharge. This is manifested in this study as age was
associated with a prolonged LOS and it was in accordance with
other studies (4, 38, 39) on LOS after TKA.

ASA provides a classification system for the fitness of a patient;
however, it does not take into account all relevant comorbidities
possibly associated with a prolonged LOS. A previous study
about comorbidities with longer LOS included neurological
comorbidities (40), preoperative anemia (41), cardiac disease,
and pulmonary disease (4). In our study, based on our experience
at the community hospital and expert opinion, we included
16 kinds of relevant comorbidities. An important finding of
the present study was that an increased LOS was associated
with osteoporosis. One half of US women and a fifth of
men over 50 years suffer an osteoporotic fracture during
their lifetime (42). As the population ages, more patients
with osteoporosis will require orthopedic procedures, including
arthroplasty. A range of adverse outcomes are more likely to arise
in the osteoporotic patient after TKA including intraoperative
fracture, periprosthetic osteolysis with implant migration, and
postoperative periprosthetic fracture (43). This finding may help
us to prioritize the optimization of bone strength and quality
in perioperative.

Patients who use bigger tibia component, femoral component,
or thicker distal femoral osteotomy thickness were likely
to stay longer in hospital. Nagai K et al. (44) found that
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FIGURE 5 | Predictive performance (AUCs) of the random forest classifier (RFC) model at each number of variables.

postoperative active flexion angle was negatively correlated with
the osteotomized bone thickness of femoral medial posterior
condyle (R = −0.37, P = 0.012); it means osteotomized bone
thickness significantly affected the postoperative active knee
flexion in the early term after PS TKA. Yue B et al. (45)
found that Chinese females have a significantly narrower distal
femur than white females. Furthermore, the osteoarthritic knees
requiring TKA, which have been measured by many studies, are
deformed according to different disease stages and frequently
have anatomical dimensions different from normal knees (46,
47). These studies suggested that a greater range of femoral
implant sizes may be necessary to accommodate femoral aspect
ratio variations specific to Asian knees.

According to the median LOS of 8 days, this study divided
the LOS into two groups: <8 and ≥8 days. Short hospital stay
reduces the risk of intrahospital infection and reduces the costs.
In China, there is a shortage of medical resources. Actually,
Beijing and Shanghai with the most advanced medical resources
and techniques have attracted a large proportion of patients
living in other regions of China. Our care system is struggling
to improve the quality of health care while treating more
patients. This LOS model can better help patients understand

hospital stay duration and help doctors make care decisions
and reasonable bed assignment plans. This also revealed that
the promotion of fast-track arthroplasty in China would be
very meaningful.

Based on the best model (RFC with 10 variables introduced),
we developed a dynamic application, which is available
to all clinicians and patients. Using the application, the
LOS of each patient can be precisely predicted, returning
the probability of LOS ≥8 days. Thus, the application
and our study would be the starting point of popularizing
fast-track arthroplasty in Chinese hospitals, which is
expected to save a large amount of medical expenses in
the future.

Besides clinical indications, several methodological
innovations should also be noted in this study. ML algorithms
have been proven to be superior to conventional statistics
on data mining, which was also consolidated by our study.
To our knowledge, very few previous studies have developed
ML-based models for predicting LOS. Our study demonstrated
the feasibility of using ML algorithms. In the future, this novel
tool can be used for developing more predictive models for
clinical application.
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FIGURE 6 | Three hundred patients were randomly drawn from each group of LOS <8 days and LOS ≥8 days. Predictive probability calculated for 300 patients (150

<8 days, 150 ≥8 days).

There were also several limitation points that should be noted.
First, LOS is affected by psychological, economic, social, and
multiple medical factors of patients. It is difficult to draw a clear
causal relationship. Second, this study is based on retrospective
data; thus, data or systematic bias could not be totally avoided.
Third, we only enrolled patients in our hospital. To develop
more reliable predictive models that can be applied in Chinese
hospitals, multicenter cohorts are required in the future.

CONCLUSIONS

Using ML algorithms, it is feasible to predict the LOS of patients
who received TKA. The RFC with 10 variables introduced
was considered to be the optimal model and an application
based on it was developed to help in clinical decision-making,
which may promote the application of fast-track arthroplasty in
Chinese hospitals.

DATA AVAILABILITY STATEMENT

The raw data supporting the conclusions of this article will be
made available by the authors, without undue reservation.

ETHICS STATEMENT

The studies involving human participants were reviewed
and approved by Peking Union Medical College
Hospital Ethics Committee. The patients/participants
provided their written informed consent to participate in
this study.

AUTHOR CONTRIBUTIONS

CH and JL: conception and design. CH and YW: provision of
study materials or patients. CH, YC, and XC: collection and
assembly of data. CH and XC: data analysis and interpretation.
All authors: manuscript writing and final approval of
the manuscript.

FUNDING

This study was funded by the National Natural Science
Foundation of China (Nos. 81630064 and 81871786). The funder
had no role in this study.

REFERENCES

1. Lawrence RC, Felson DT, Helmick CG, Arnold LM, Choi H, Deyo

RA, et al. Estimates of the prevalence of arthritis and other rheumatic

conditions in the United States: Part II. Arthritis Rheum. (2008) 58:26–

35. doi: 10.1002/art.23176

2. Yan CH, Chiu KY, Ng FY. Total knee arthroplasty for primary knee

osteoarthritis: changing pattern over the past 10 years. Hong Kong Med J.

(2011) 17:20–5. Available online at: https://www.hkmj.org/abstracts/v17n1/

20.htm

3. Starks I, Wainwright TW, Lewis J, Lloyd J, Middleton RG. Older

patients have the most to gain from orthopaedic enhanced recovery

programmes. Age Ageing. (2014) 43:642–8. doi: 10.1093/ageing/a

fu014

4. Jorgensen CC, Kehlet H, Lundbeck Foundation Centre for Fast-track Hip,

Knee Replacement Collaborative Group. Role of patient characteristics

Frontiers in Surgery | www.frontiersin.org 9 March 2021 | Volume 8 | Article 606038

https://doi.org/10.1002/art.23176
https://www.hkmj.org/abstracts/v17n1/20.htm
https://www.hkmj.org/abstracts/v17n1/20.htm
https://doi.org/10.1093/ageing/afu014
https://www.frontiersin.org/journals/surgery
https://www.frontiersin.org
https://www.frontiersin.org/journals/surgery#articles


Han et al. Length of Hospital Stay

for fast-track hip and knee arthroplasty. Br J Anaesth. (2013) 110:972–

80. doi: 10.1093/bja/aes505

5. Kehlet H. Fast-track hip and knee arthroplasty. Lancet. (2013) 381:1600–

2. doi: 10.1016/S0140-6736(13)61003-X

6. El Bitar YF, Illingworth KD, Scaife SL, Horberg JV, Saleh KJ. Hospital

length of stay following primary total knee arthroplasty: data from the

nationwide inpatient sample database. J Arthroplasty. (2015) 30:1710–

5. doi: 10.1016/j.arth.2015.05.003

7. Mathijssen NM, Verburg H, van Leeuwen CC, Molenaar TL, Hannink

G. Factors influencing length of hospital stay after primary total knee

arthroplasty in a fast-track setting. Knee Surg Sports Traumatol Arthrosc.

(2016) 24:2692–6. doi: 10.1007/s00167-015-3932-x

8. Zhu S, QianW, Jiang C, Ye C, Chen X. Enhanced recovery after surgery for hip

and knee arthroplasty: a systematic review and meta-analysis. Postgrad Med J.

(2017) 93:736–42. doi: 10.1136/postgradmedj-2017-134991

9. Lo CK, Lee QJ, Wong YC. Predictive factors for length of hospital stay

following primary total knee replacement in a total joint replacement centre in

Hong Kong. Hong Kong Med J. (2017) 23:435–40. doi: 10.12809/hkmj166113

10. Alsaleh K, Alotaibi GS, Almodaimegh HS, Aleem AA, Kouroukis CT. The

use of preoperative erythropoiesis-stimulating agents (ESAs) in patients who

underwent knee or hip arthroplasty: a meta-analysis of randomized clinical

trials. J Arthroplasty. (2013) 28:1463–72. doi: 10.1016/j.arth.2013.01.024

11. Munoz M, Acheson AG, Auerbach M, Besser M, Habler O, Kehlet

H, et al. International consensus statement on the peri-operative

management of anaemia and iron deficiency. Anaesthesia. (2017)

72:233–47. doi: 10.1111/anae.13773

12. Pope RO, Corcoran S, McCaul K, Howie DW. Continuous passive motion

after primary total knee arthroplasty. Does it offer any benefits? J Bone Joint

Surg Br. (1997) 79:914–7. doi: 10.1302/0301-620X.79B6.0790914

13. Thrall JH, Li X, Li Q, Cruz C, Do S, Dreyer K, et al. Artificial intelligence and

machine learning in radiology: opportunities, challenges, pitfalls, and criteria

for success. J Am Coll Radiol. (2018) 15:504–8. doi: 10.1016/j.jacr.2017.12.026

14. Deo RC. Machine learning in medicine. Circulation. (2015) 132:1920–

30. doi: 10.1161/CIRCULATIONAHA.115.001593

15. Ngiam KY, Khor IW. Big data and machine learning algorithms

for health-care delivery. Lancet Oncol. (2019) 20:e262–

73. doi: 10.1016/S1470-2045(19)30149-4

16. Gonzalez GH, Tahsin T, Goodale BC, Greene AC, Greene CS. Recent advances

and emerging applications in text and data mining for biomedical discovery.

Brief Bioinform. (2016) 17:33–42. doi: 10.1093/bib/bbv087

17. Breiman L. Random forests. Mach Learn. (2001) 45:5–32.

doi: 10.1023/A:1010933404324

18. Freund Y, Schapire RE. A short introduction to boosting. Jinko Chino

Gakkaishi. (1999) 14:1612.

19. Freund Y, Mason L. The alternating decision tree learning algorithm. ICML.

(1999) 99:124–33.

20. Chen T, Guestrin C. Xgboost: a scalable tree boosting system. In: Proceedings

of the 22nd ACM Sigkdd International Conference on Knowledge Discovery and

Data Mining. New York, NY: ACM (2016). p 785–94.

21. Peterson L. K-nearest neighbor. Scholarpedia. (2009) 4:1883.

doi: 10.4249/scholarpedia.1883

22. Shalabi LA, Shaaban Z, Kasasbeh B. Data mining: a preprocessing engine. J

Comput Sci. (2006) 2:735–9. doi: 10.3844/jcssp.2006.735.739

23. Wei R, Wang J, Su M, Jia E, Chen S, Chen T, et al. Missing value imputation

approach for mass spectrometry-based metabolomics data. Sci Rep. (2018)

8:663. doi: 10.1038/s41598-017-19120-0

24. Zhou XH, Eckert GJ, Tierney WM. Multiple imputation in public health

research. Stat Med. (2001) 20:1541–9. doi: 10.1002/sim.689

25. Kurtz S, Ong K, Lau E, Mowat F, Halpern M. Projections of primary

and revision hip and knee arthroplasty in the United States from 2005

to 2030. J Bone Joint Surg Am. (2007) 89:780–5. doi: 10.2106/JBJS.F.

00222

26. Helmick CG, Felson DT, Lawrence RC, Gabriel S, Hirsch R, Kwoh CK, et al.

National Arthritis Data, Estimates of the prevalence of arthritis and other

rheumatic conditions in the United States. Part I. Arthritis Rheum. (2008)

58:15–25. doi: 10.1002/art.23177

27. Khoo CK, Vickery CJ, Forsyth N, Vinall NS, Eyre-Brook IA. A prospective

randomized controlled trial of multimodal perioperative management

protocol in patients undergoing elective colorectal resection for cancer. Ann

Surg. (2007) 245:867. doi: 10.1097/01.sla.0000259219.08209.36

28. Vickers AJ, Elkin EB. Decision curve analysis: a novel method

for evaluating prediction models. Med Decis Making. (2006)

26:565–74. doi: 10.1177/0272989X06295361

29. Zhang W, Li N, Chen S, Tan Y, Al-Aidaros M, Chen L. The effects of a

tourniquet used in total knee arthroplasty: a meta-analysis. J Orthop Surg Res.

(2014) 9:13. doi: 10.1186/1749-799X-9-13

30. Mizner RL, Petterson SC, Stevens JE, Vandenborne K, Snyder-Mackler L.

Early quadriceps strength loss after total knee arthroplasty. The contributions

of muscle atrophy and failure of voluntary muscle activation. J Bone

Joint Surg Am. (2005) 87:1047–53. doi: 10.2106/00004623-200505000-

00016

31. Liu D, Graham D, Gillies K, Gillies RM. Effects of tourniquet use on

quadriceps function and pain in total knee arthroplasty. Knee Surg Relat Res.

(2014) 26:207. doi: 10.5792/ksrr.2014.26.4.207

32. Authier B. Reactive hyperemia monitored on rat muscle using

perfluorocarbons and 19F NMR. Magn Reson Med. (1988)

8:80–3. doi: 10.1002/mrm.1910080109

33. Maffulli N, Testa V, Capasso GJJ. Use of a tourniquet in the internal fixation of

fractures of the distal part of the fibula. A prospective, randomized trial. J Bone

Joint Surg Am. (1993) 75:700–3. doi: 10.2106/00004623-199305000-00009

34. Angus PD, Nakielny R, Goodrum DT. The pneumatic tourniquet

and deep venous thrombosis. J Bone Joint Surg Br. (1983)

65:336–9. doi: 10.1302/0301-620X.65B3.6841407

35. Nakahara M, Sakahashi H. Effect of application of a tourniquet on

bleeding factors in dogs. J Bone Joint Surg Am. (1967) 49:1345–

51. doi: 10.2106/00004623-196749070-00010

36. Cram P, Lu X, Kaboli PJ, Vaughan-Sarrazin MS, Cai X, Wolf BR,

et al. Clinical characteristics and outcomes of Medicare patients

undergoing total hip arthroplasty, 1991-2008. JAMA. (2011)

305:1560–7. doi: 10.1001/jama.2011.478

37. Jain NB, Higgins LD, Ozumba D, Guller U, Cronin M, Pietrobon R, et al.

Trends in epidemiology of knee arthroplasty in the United States, 1990–2000.

Arthritis Rheum. (2005) 52:3928–33. doi: 10.1002/art.21420

38. Holm B, Kristensen MT, Myhrmann L, Husted H, Andersen

LO, Kristensen B, et al. The role of pain for early rehabilitation

in fast track total knee arthroplasty. Disabil Rehabil. (2010)

32:300–6. doi: 10.3109/09638280903095965

39. Jonas SC, Smith HK, Blair PS, Dacombe P, Weale AE. Factors influencing

length of stay following primary total knee replacement in a UK specialist

orthopaedic centre. Knee. (2013) 20:310–5. doi: 10.1016/j.knee.2012.07.010

40. Ong PH, Pua YH. A prediction model for length of stay after total

and unicompartmental knee replacement. Bone Joint J. (2013) 95-B:1490-

6. doi: 10.1302/0301-620X.95B11.31193

41. Jans Ø, Jørgensen C, Kehlet H, Johansson PI, Lundbeck Foundation

Centre for Fast-track Hip and Knee Replacement Collaborative Group.

Role of preoperative anemia for risk of transfusion and postoperative

morbidity in fast-track hip and knee arthroplasty. Transfusion. (2014) 54:717–

26. doi: 10.1111/trf.12332

42. Nicodemus KK, Folsom AR, Anderson KE. Menstrual history and risk of hip

fractures in postmenopausal women. The Iowa Women’s Health Study. Am J

Epidemiol. (2001) 153:251–5. doi: 10.1093/aje/153.3.251

43. Russell LA. Osteoporosis and orthopedic surgery: effect of bone health

on total joint arthroplasty outcome. Curr Rheumatol Rep. (2013)

15:371. doi: 10.1007/s11926-013-0371-x

44. Nagai K, Muratsu H, Matsumoto T, Maruo A, Miya H, Kuroda R,

et al. Influence of intra-operative parameters on postoperative early

recovery of active knee flexion in posterior-stabilized total knee

arthroplasty. Int Orthop. (2013) 37:2153–7. doi: 10.1007/s00264-013-

2018-y

45. Yue B, Varadarajan KM, Ai S, Tang T, Rubash HE, Li G. Differences of knee

anthropometry between Chinese and white men and women. J Arthroplasty.

(2011) 26:124–30. doi: 10.1016/j.arth.2009.11.020

46. Ho WP, Cheng CK, Liau JJ. Morphometrical measurements of resected

surface of femurs in Chinese knees: correlation to the sizing of current

femoral implants. Knee. (2006) 13:12–4. doi: 10.1016/j.knee.2005.

05.002

Frontiers in Surgery | www.frontiersin.org 10 March 2021 | Volume 8 | Article 606038

https://doi.org/10.1093/bja/aes505
https://doi.org/10.1016/S0140-6736(13)61003-X
https://doi.org/10.1016/j.arth.2015.05.003
https://doi.org/10.1007/s00167-015-3932-x
https://doi.org/10.1136/postgradmedj-2017-134991
https://doi.org/10.12809/hkmj166113
https://doi.org/10.1016/j.arth.2013.01.024
https://doi.org/10.1111/anae.13773
https://doi.org/10.1302/0301-620X.79B6.0790914
https://doi.org/10.1016/j.jacr.2017.12.026
https://doi.org/10.1161/CIRCULATIONAHA.115.001593
https://doi.org/10.1016/S1470-2045(19)30149-4
https://doi.org/10.1093/bib/bbv087
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.4249/scholarpedia.1883
https://doi.org/10.3844/jcssp.2006.735.739
https://doi.org/10.1038/s41598-017-19120-0
https://doi.org/10.1002/sim.689
https://doi.org/10.2106/JBJS.F.00222
https://doi.org/10.1002/art.23177
https://doi.org/10.1097/01.sla.0000259219.08209.36
https://doi.org/10.1177/0272989X06295361
https://doi.org/10.1186/1749-799X-9-13
https://doi.org/10.2106/00004623-200505000-00016
https://doi.org/10.5792/ksrr.2014.26.4.207
https://doi.org/10.1002/mrm.1910080109
https://doi.org/10.2106/00004623-199305000-00009
https://doi.org/10.1302/0301-620X.65B3.6841407
https://doi.org/10.2106/00004623-196749070-00010
https://doi.org/10.1001/jama.2011.478
https://doi.org/10.1002/art.21420
https://doi.org/10.3109/09638280903095965
https://doi.org/10.1016/j.knee.2012.07.010
https://doi.org/10.1302/0301-620X.95B11.31193
https://doi.org/10.1111/trf.12332
https://doi.org/10.1093/aje/153.3.251
https://doi.org/10.1007/s11926-013-0371-x
https://doi.org/10.1007/s00264-013-2018-y
https://doi.org/10.1016/j.arth.2009.11.020
https://doi.org/10.1016/j.knee.2005.05.002
https://www.frontiersin.org/journals/surgery
https://www.frontiersin.org
https://www.frontiersin.org/journals/surgery#articles


Han et al. Length of Hospital Stay

47. Yip DK, Zhu YH, Chiu KY, Ng TP. Distal rotational alignment of the Chinese

femur and its relevance in total knee arthroplasty. J Arthroplasty. (2004)

19:613–9. doi: 10.1016/j.arth.2003.11.008

Conflict of Interest: The authors declare that the research was conducted in the

absence of any commercial or financial relationships that could be construed as a

potential conflict of interest.

Copyright © 2021 Han, Liu, Wu, Chong, Chai and Weng. This is an open-access

article distributed under the terms of the Creative Commons Attribution License (CC

BY). The use, distribution or reproduction in other forums is permitted, provided

the original author(s) and the copyright owner(s) are credited and that the original

publication in this journal is cited, in accordance with accepted academic practice.

No use, distribution or reproduction is permitted which does not comply with these

terms.

Frontiers in Surgery | www.frontiersin.org 11 March 2021 | Volume 8 | Article 606038

https://doi.org/10.1016/j.arth.2003.11.008
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/surgery
https://www.frontiersin.org
https://www.frontiersin.org/journals/surgery#articles

	To Predict the Length of Hospital Stay After Total Knee Arthroplasty in an Orthopedic Center in China: The Use of Machine Learning Algorithms
	Introduction
	Materials and Methods
	Study Population
	Surgical Procedure
	Study Variables
	Development and Validation of ML Models
	Feature Selection
	Statistical Analysis

	Results
	Demographic Characteristics
	Predictive Performance of ML Models
	Clinical Usefulness of ML Models
	Variable Importance
	Dynamic Application Based on RFC

	Discussion
	Conclusions
	Data Availability Statement
	Ethics Statement
	Author Contributions
	Funding
	References


