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Abstract

Background:  Total  hip  arthroplasty  (THA)  and  hemiarthroplasty  are  common  treatments  for
severe hip  joint  disease.  To  predict  the probability  of  re-admission  after  discharge  when  patients
are hospitalized  will  support  providing  appropriate  health  education  and  guidance.
Methods:  The  research  aims  to  use  logistic  regression  (LR),  decision  trees  (DT),  random  forests
(RF), and artificial  neural  networks  (ANN)  to  establish  predictive  models  and  compare  their
performances  on re-admissions  within  30  days  after  THA  or  hemiarthroplasty.  The  data  of  this
study includes  patient  demographics,  physiological  measurements,  disease  history,  and  clinical
laboratory  test  results.
Results:  There  were  508  and  309 patients  in  the  THA  and  hemiarthroplasty  studies  respectively
from September  2016  to  December  2018.  The  accuracies  of  the  four  models  LR,  DT, RF,  and  ANN
in the THA  experiment  are 94.3%,  93.2%,  97.3%,  and  93.9%,  respectively.  In  the hemiarthroplasty
experiment,  the accuracies  of  the four  models  are  92.4%,  86.1%,  94.2%,  and  94.8%,  respectively.
Among these,  we  found  that  the  RF  model  has  the  best  sensitivity  and  ANN  model  has  the  best
area under  the  receiver  operating  characteristic  (AUROC)  score  in  both  experiments.
Conclusions:  The  THA  experiment  confirmed  that  the performance  of the RF  model  is  better
than the  other  models.  The  key factors  affecting  the  prognosis  after  THA  surgery  are creatinine,
sodium,  anesthesia  duration,  and  dialysis.  In  the  hemiarthroplasty  experiment,  the  ANN  model
showed more  accurate  results.  Poor  kidney  function  increases  the  risk of  hospital  re-admission.
This research  highlights  that  RF  and  ANN  model  perform  well  on the hip  replacement  surgery
outcome  prediction.
©  2022  FECA.  Published  by  Elsevier  España,  S.L.U.  All rights  reserved.
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Aplicación  de  los  métodos  de  aprendizaje  automatizado  para predecir  el  reingreso

al hospital  durante  los 30 días  posteriores  a la artroplastia  total  de  cadera

y  la hemiartroplastia

Resumen

Objetivos:  La  artroplastia  total  de  cadera  (total  hip  arthroplasty  [THA])  y  la  hemiartroplastia
son tratamientos  comunes  para  tratar  problemas  graves  de  la  articulación  de  la  cadera.  El  poder
predecir  la  posibilidad  de reingreso  de  un paciente  contribuirá  a  poder  ofrecerle  una  adecuada
educación  y  orientación  sanitaria  durante  su  hospitalización.
Métodos:  Esta  investigación  llevó  a  cabo  Regresiones  Logísticas  (Logistic  Regression  [LR]),
Árboles  de  Decisión  (Decision  Trees  [DT]),  Bosques  Aleatorios  (Random  Forests  [RF])  y  Redes
Neuronales Artificiales  (Artificial  Neural  Networks  [ANN])  a  fin de establecer  modelos  predic-
tivos y  comparar  su  eficacia  en  los  reingresos  durante  los  30  días  posteriores  a  la  THA  o  la
hemiartroplastia.  El  presente  estudio  engloba  los  datos  demográficos,  las mediciones  fisiológi-
cas, los antecedentes  clínicos  y  los  resultados  de los  análisis  clínicos  de  los pacientes.
Resultados: Se  estudiaron  508  pacientes  de  THA  y  309  de  hemiartroplastia  desde  septiembre
de 2016  hasta  diciembre  de 2018.  El  índice  de precisión  mostrado  por  los  cuatro  modelos  LR,
DT, RF y  ANN  en  el  experimento  de THA  alcanzó  respectivamente  el 94,3%,  el 93,2%,  el  97,3%  y
el 93,9%.  En el  experimento  de  hemiartroplastia,  el índice  de precisión  de los cuatro  modelos
fueron del  92,4%,  del 86,1%,  del  94,2%  y  del  94,8%,  respectivamente.  Entre  estos,  descubrimos
que el modelo  RF  mostró  la  mejor  sensibilidad  y  el modelo  ANN  mostró  la  mejor  puntuación
acerca del área  bajo  la  característica  operativa  del  receptor  (area  under  the  receiver  operating

characteristic  [AUROC])  en  ambos  experimentos.
Conclusiones:  Nuestra  experiencia  de  THA  confirmó  que  el  rendimiento  de RF  era  mejor  que  el
de los  demás  modelos.  Los  factores  clave  que  inciden  en  el pronóstico  tras  la  cirugía  de THA
son la  creatinina,  el sodio,  la  duración  de  la  anestesia  y  la  diálisis.  En  los  resultados  en  la  hemi-
artroplastia,  el  modelo  ANN  mostró  resultados  más  precisos.  La  alteración  del  funcionamiento
renal  incrementa  el  riesgo  de reingreso  en  el hospital.  La  presente  investigación  subraya  que
los modelos  RF  y  ANN  funcionan  bien  con  respecto  a  la  predicción  del  resultado  de  la  cirugía
de reemplazo  de  cadera.
©  2022  FECA.  Publicado  por  Elsevier  España,  S.L.U.  Todos  los derechos  reservados.

Introduction

Previous  research  has established  that hip  replacement
surgery  accounts  for  a large  proportion  of  surgical  pro-
cedures,  and  the demand  for  this  surgery  is increasing.1

Total  hip  arthroplasty  (THA) and  hemiarthroplasty  are com-
mon  treatments  for  severe  joint  disease.  In  THA  both  the
femoral  head and acetabulum  are  replaced,  while  hemi-
arthroplasty  only  replaces  the  femoral  head  of  patients  with
joint  disease.2 Under  the Diagnosis  Related  Groups  (DRG)
policy,  hospitals  are  held  responsible  for  all  the  treatment
costs  of  the  disease.  The  THA  and  hemiarthroplasty  cases
form  part  of  wider  DRG  cases  in Taiwan.  Therefore,  it is
advantageous  to  establish  models  for monitoring  medical
quality.

It  is well  known  that  the outcomes  vary  for  THA  and
hemiarthroplasty  given  different  reasons  or  indications  for
the  procedures.  Hemiarthroplasty  is generally  reserved  for
older,  sicker  patients  that  suffer  from  femoral  neck  frac-
tures,  whereas  total  hip  arthroplasty  patients  are more
heterogeneous,  being  often  younger,  healthier  and  more
active.  Recent  evidence  reports  that hemiarthroplasty  has
worse  outcomes  compared  to  THA  in terms  of the incidence
of  re-admission  within  90  days  of discharge  and  all  causes  of
complications.3 Unplanned  re-admissions  after  surgery  not

only  expose  potential  medical  quality  issues  but  also  con-
sume  healthcare  resources.  Most  solutions  to  reduce  the
re-admission  rate  aim  to  strengthen  pre-discharge  health
education  and  post-discharge  follow-up.4,5 Evidence  shows
that  because  these  interventions  were  delivered  near  or
after  discharge  and  the care  plan  was  not  graded,  the
improvements  in patients’  outcomes  were  limited.  If physi-
cians  can  identify  high-risk  groups  early  in patients’  hospital
stays,  this will  help  to  formulate  the next  medical  plan.

Other  studies  have  shown  30-day  re-admission  rates
of  2.2---6.8% in THA  patients.6,7 Regardless  of  the surgi-
cal  approach,  the re-admission  rate  within  30  days  of  the
first  hip  replacement  surgery  was  8.4%.8 The  Centers  for
Medicare  and  Medicaid  Services  (CMS)  Quality  Index  empha-
sizes  a  30-day  re-admission  target,  which  is consistent  with
Taiwan’s  health  insurance  policy.  Therefore,  the 30-day  re-
admission  rate  is  a reasonable  time  interval  to  evaluate
medical  results.  One  study  has explored  the  factors  that
influence  the quality  of  the  prognosis  for  hip replacement.
In  geriatric  hip  fracture  patients,  advanced  age,  gender
(being  male),  and  decreased  body mass  index  (BMI)  are
risk  factors  in 30-day  mortality  studies.9 Another  study
showed  that  patients  with  end  stage  renal  disease  (ESRD)
and  chronic  kidney  disease  (CKD)  have  a poor  prognosis
following  hemiarthroplasty  surgery.10 Kidney  function  often
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Figure  1 Experiment  flow  diagram  in  the study.

begins  to  change  before  a  patient  is  diagnosed  with  ESRD  or
CKD.  Early  intervention  can  be  facilitated  if postoperative
conditions  can  be predicted  before renal  disease  diagnosis.

Existing  research  recognizes  the  key  role  of  machine
learning  methods  in predicting  patient  outcomes  and  to
establishing  clinical  decision-making  tools.  Data  from  sev-
eral  studies  suggest  that  the  random  forest  and  least
absolute  shrinkage  and  selection  operator  (LASSO)  regres-
sion  achieved  good  performance.11,12 The  specific  objective
of  this  present  study  was  to  establish  a predictive  model
of  re-admission  within  30  days  after  THA  or  hemiarthro-
plasty.  This  project  utilized  logistic  regression  (LR),  decision
trees  (DT),  random  forests  (RF),  and artificial  neural  net-
works  (ANN)  to  construct  prediction  models  and  explored
the key  factors  related  to  patient  outcomes.  The  study
was  designed  to  assist  medical  staff  in the  early  predic-
tion  of  re-admissions  in hospitalized  patients  undergoing
hip  replacement  surgery  and to  remind  physicians  to  make
plans  accordingly  during  the  hospitalization  period.  In  order
to  reduce  the  re-admission  rate,  medical  staff  could  follow
this  clinical  reference  to  strengthen  the  implementation  of
graded  care for groups  at high-risk  of re-admission.

Methods and  materials

Data  collection

The  data  collected  was  based  on  the  Health  Information  Sys-
tem  database  provided  by  a teaching  hospital  in  Taiwan  from
September  2016  to December  2018.

Inclusion  and exclusion  criteria

Inclusion  criteria  were  patients  who  underwent  THA  or
hemiarthroplasty  as  primary  surgery.  The  exclusion  criteria
were  patients  without  clinical  laboratory  test  results,  such
as  renal  function,  coagulation  function,  and  electrolytes,
before  surgery  but  during hospitalization.  Fig. 1  presents  518
and  320  subjects  in the THA  and  hemiarthroplasty  datasets,
respectively.  Of  these  10  and  11  were  excluded  from  each
respective  study  based  on  missing  clinical  laboratory  test
results.

Data  analysis  and ethical  considerations

All data  were  pre-processed  to  eliminate  all  identifi-
able  personal  information.  This  retrospective  research
was  approved  by  the  Institutional  Research  Board  (Ethi-
cal  Committee  of Tungs’  Taichung  MetroHarbor  Hospital,
No.  107078).

This  article  aimed  to  explore  the application  of  machine
learning  models  to  predict  re-admissions  that  occur  within
30  days  of  discharge  after  THA  or  hemiarthroplasty.  Since
many  researchers  have utilized  gender,  physiological  mea-
sures,  and  disease  history  to  measure  the  likelihood  of
re-admission  after surgery,13---16 we  collected  the  above-
mentioned  variables.  In  addition,  we  collected  other
important  variables  such  as incidence  of blood  transfusion,
accidental  fall  (leading  up  to  the  surgery),  and  duration  of
anesthesia.
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Experimental  analysis

MATLAB  R2019a  was  used for  model  training.  The  research
process  used  by  the authors  is  shown  in Fig.  1.  The  data  were
normalized  using  min---max  normalization  to  avoid  unit  dif-
ferences  (such  as  age  versus  glucose  level)  or  numerals  of
different  sizes,  which  can  confound  the results  of  statistical
analysis.  We  applied  the  oversampling  method  based  on  the
synthetic  minority  oversampling  technique  (SMOTE)  to  stan-
dardize  the  imbalanced  datasets  to  a ratio  of  1:1.  SMOTE  is
a  preprocessing  method  used to  adjust  the distribution  of
groups  in  the  dataset  to  avoid  under-representation  issues
due  to  imbalanced  data.  The  data  were  divided  into  training
and  testing  datasets  in  a ratio of  7:3  (shown  in Appendix  A).

The  authors  used  LR,  DT, RF,  and ANN  to  compare  their
predictive  capabilities.  LR is  a statistical  model  for basic
binary  classification  using  the  logistic  function.17 The  DT
approach  is a tree-like  structure  used to  aid  decision  making,
consisting  of  a decision  diagram  and its  possible  conse-
quences,  including  resource  costs  and  utility.18 The  RF
approach  is an ensemble  learning  method  based  on  multiple
decision  Trees.19 The  ANN  approach  is  a kind of percep-
tron  with  a learning  function  formed  by  imitating  biological
neural  networks.  The  ANN method  is  more  flexible  than  LR
because  the decision  boundary  can be  nonlinear  and can  be
used  to solve  problems  that  are  more  difficult  to  solve  with
rule-based  programming.17

Measures  of model  performance

A  confusion  matrix  was  conducted  to  examine the  model
classification  results  with  true  positives  (TP),  true  negatives
(TN),  false  positives  (FP),  and  false  negatives  (FN).  Accu-
racy  was  determined  by  the proportion  of  correct  results
among  all  predicted  results  (Eq.  (1)). Precision  was  deter-
mined  from  the positive  predictive  value  which  refers  to  the
proportion  of  positive  results  in tests  that  are true  positives
(Eq.  (2)). Sensitivity  was  determined  from  the proportion
of  actual  positive  samples  that  received  a positive  result
(Eq.  (3)).  When  the sensitivity  is  low,  it means  that  many
patients  who are  re-admitted  within  30  days  are misclassi-
fied  as  non-readmission  cases.  The  F1-score  (Eq.  (4)) is  the
harmonic  mean  of  the  precision  and sensitivity.  The  area
under  the  receiver  operating  characteristic  (AUROC)  score
is  a  statistical  performance  measure  used  in  classification.
The  various  measures  are summarized  below:

Accuracy  =
(TP +  TN)

(TP +  TN +  FP +  FN)
(1)

Precision  =
TP

(TP  +  FP)
(2)

Sensitivity  =
TP

(TP  +  FN)
(3)

F1-score  =
2 ∗  TP

(2  ∗  TP  +  FP  +  FN)
(4)

Results

Participant  characteristics

There  were  508  patients  in the THA  dataset,  of which  49.6%
were  women.  The  average  age in the  ‘‘non-readmission
group’’  was  59.58 years  old.  In the ‘‘re-admission  within
30  days’’  group  it was  very  nearly  the same  at 59.21
years  old. In the  hemiarthroplasty  dataset,  there  were  309
patients  (68.3%  women)  with  average  ages  of  77.32  years
and  77.91  years  in  the  non-readmission  and  re-admission
groups,  respectively.  The  rate  of  re-admission  within  30  days
was  3%  (14/508)  in the THA  dataset  and 7% (21/309)  in the
hemiarthroplasty  dataset.

T-tests,  Fisher’s  exact  tests,  and  chi-square  tests  were
used  to  compare  the  differences  between  re-admission
within  30  days  and  non-readmission.  Table  1  reports  a
general  overview  of  the characteristics  of  the datasets,
including  social  demographics,  physiological  measures,  dis-
ease  history,  and  clinical  laboratory  test  results.  As  can  be
seen  in  Table  1,  there  are significant  differences  in anes-
thesia  duration  (p  =  0.045),  creatinine  levels  (p  < 0.001),  and
sodium  levels  (p  = 0.010)  between  the  two  groups  in the THA
dataset.  There  is  no difference  between  the two  groups  in
the  hemiarthroplasty  dataset.

Prediction  of outcome

Total  hip  arthroplasty

In  the  THA  experiment,  692  cases  were  used for training,
and  296  were  used  for  testing.  The  confusion  matrix  of
the  THA  testing  dataset  in the four algorithm  models  is
shown  in Appendix  B.  We  compared  the accuracy  of  the
four  models.  The  LR, DT, RF,  and  ANN models  classified  indi-
viduals  correctly  in 94.3%,  93.2%,  97.3%,  and 93.9%  of  the
cases,  respectively.  The  comparison  results  of  this exper-
iment  show  that  RF  had  the greatest  accuracy  (0.973),
sensitivity  (0.973),  precision  (0.973),  and F1-score  (0.973).
The  AUROC  score  of  the testing  dataset  in the ANN  model
with  15  hidden  layers  had  the  highest  score  of  0.989  with
a  sensitivity  score  of  0.912,  precision  score  of  0.964,  and
F1-score  in 0.938.  These  results  are shown  in Fig.  2 and
Table  2.

The  simple LR analysis  is  shown  in  Appendix  C.  Dialysis
(OR  =  37.923,  95%  CI = 2.247---640.051,  p-value  = 0.012),
creatinine  levels  (OR  =  1.933,  95%  CI  = 1.177---3.175,
p-value  = 0.009),  and  sodium  levels  (OR  = 0.816,  95%
CI  =  0.698---0.954,  p-value  =  0.011)  were  significant  indepen-
dent  variables.  The  multiple  LR  is  shown  in Appendices
D  and  E.  Using  the conditional  forward  method,  anes-
thesia  duration  (OR  =  1.010,  95%  CI  =  1.001---1.020,
p-value  = 0.038),  sodium  levels  (OR  = 0.794,  95%
CI  =  0.676---0.932,  p-value  =  0.005),  and  dialysis  (OR  =  7.352,
95%  CI  = 3.015---953.953,  p-value  = 0.007)  were  the sig-
nificant  predictors  of 30-day  re-admission.  When  using
the  conditional  backward  method,  anesthesia  duration
(OR  =  1.010,  95%  CI = 1.001---1.020,  p-value  = 0.030),  sodium
levels  (OR  =  0.816,  95%  CI  =  0.703---0.948,  p-value  =  0.008),
and  creatinine  levels  (OR  =  2.022,  95%  CI = 1.208---3.384,
p-value  = 0.007)  were  the  significant  predictors  of  30-day
re-admission.
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Table  1  Characteristics  of patients  who  received  THA  or  hemiarthroplasty  operation.

Variable  THA  p-Value  Hemiarthroplasty  p-Value

Non-
readmission
(n  = 494)

Readmission
within  30  days
(n  =  14)

Non-
readmission
(n  =  288)

Readmission
within  30  days
(n = 21)

Age  59.58  (13.64)  59.21  (13.37)  0.921  77.32  (10.46)  77.91  (11.53)  0.807
BMI 25.88  (4.40) 25.47  (5.42) 0.732 23.20  (3.68)  23.46  (2.48)  0.750

Sex

Female 245 (49.6%) 7  (50.0%) 0.976 196  (68.1%) 15  (71.4%) 0.748
Male 249 (50.4%)  7 (50.0%)  92  (31.9%)  6  (28.6%)

Dialysis

No 493 (99.8%)  13  (92.9%)  0.054† 280 (97.2%)  20  (95.2%)  0.474†

Yes  1  (0.2%)  1 (7.1%)  8 (2.8%)  1  (4.8%)

CKD

No 485 (98.2%)  13  (92.9%)  0.246  252 (87.5%)  18  (85.7%)  0.737
Yes 9  (1.8%)  1 (7.1%)  36  (12.5%)  3  (14.3%)

CAD

No 488 (98.8%)  14  (100%)  1.000† 281 (97.6%)  20  (95.2%)  0.434†

Yes  6  (1.2%)  0 (0%)  7 (2.4%)  1  (4.8%)

DM

No 419 (84.8%)  11  (78.6%)  0.460† 196 (68.1%)  14  (66.7%)  0.895
Yes 75  (15.2%)  3 (21.4%)  92  (31.9%)  7  (33.3%)

HTN

No 310 (62.8%)  9 (64.3%)  0.907  115 (39.9%)  6  (28.6%)  0.303
Yes 184 (37.2%)  5 (35.7%)  173 (60.1%)  15  (71.4%)

Blood transfusion

No  278 (56.3%) 8  (57.1%)  0.949  148 (51.4%)  9  (42.9%)  0.450
Yes 216 (43.7%)  6 (42.9%)  140 (48.6%)  12  (57.1%)

Fall accident

No  478 (96.8%)  14  (100%)  1.000† 103 (35.8%)  10  (47.6%)  0.276
Yes 16  (3.2%)  0 (0%)  185 (64.2%)  11  (52.4%)

Glucose  119.86  (48.43)  114.57  (51.18)  0.687  157.42  (79.04)  165.86  (120.05)  0.651
Anesthesia duration  165.71  (38.73)  186.79  (40.13)  0.045*  147.59  (35.41)  154.52  (52.87)  0.405
Creatinine 0.70  (0.38)  1.15  (1.70)  <0.001*  1.16  (1.39)  1.11  (1.56)  0.867
Potassium 3.89  (0.38)  4.06  (0.57)  0.101  3.93  (0.53)  3.81  (0.46)  0.289
Sodium 139.14  (2.72)  137.21  (3.51)  0.010*  136.82  (3.58)  136.00  (6.43)  0.342
INR 0.97  (0.07)  0.96  (0.04)  0.385  1.01  (0.14)  0.99  (0.05)  0.662
PT 10.14  (0.64)  9.99  (0.35)  0.398  10.46  (1.40)  10.33  (0.49)  0.678
APTT 27.38  (2.27)  26.89  (2.30)  0.427  26.76  (3.28)  26.45  (2.86)  0.674

Continuous variables were expressed as means and standard deviations. THA, total hip arthroplasty; BMI, body mass index; CKD, chronic
kidney disease; CAD, cardiac artery disease; DM, diabetes; HTN, hypertension; INR, international normalized ratio; PT, prothrombin
time; APTT, activated partial thromboplastin time.

* p-Value <  0.05.
† Fisher’s exact test.

Both  duration  of  anesthesia  and  sodium  levels  are sig-
nificant  predictors  in the forward  and  backward  regression
selection  methods.  The  different  factors  between  the for-
ward  and  backward  regression  are  dialysis  and  creatinine
levels.  These  two  factors  indicate  poor  renal  function  and
both  p-values  are less  than  0.05  in the  simple  LR  analysis.
Therefore,  the risk  factors  used  are anesthesia  duration,
sodium  levels,  and poor  renal  function.

The  AUROC  score  of the  decision  tree  testing  dataset
is  0.933.  The  final  model  has 6 independent  variables  as

predictors:  creatinine  levels,  potassium  levels,  glucose  lev-
els,  dialysis,  CKD,  and  age.

Hemiarthroplasty

In  the hemiarthroplasty  experiment,  404  cases were  used for
training,  and  172  were  used  for  testing.  The  confusion  matrix
of  the  hemiarthroplasty  testing  dataset  in  the four  algorithm
models  are shown  in Appendix  F.  Table 3  shows  that  the  ANN
model  had  the  highest  accuracy  at  0.948,  while  the RF  model
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Figure  2  The  AUROC  score  in  the  THA  testing  dataset  was  0.982,  0.933,  0.976,  0.989  in the four  algorithm  models.

Table  2  The  results  of  the  four  algorithm  models  in the
THA  testing  dataset.

Algorithm  Accuracy  Sensitivity  Precision  F1-score

LR  0.943  0.939  0.946  0.942
DT 0.932  0.926  0.938  0.932
RF 0.973  0.973  0.973  0.973
ANN  0.939  0.912  0.964  0.938

had  an  accuracy  of 0.942.  The  RF  and LR  models  showed  the
best  sensitivity  (0.919),  while  the ANN  model  had the  best
precision  (0.987)  and  F1-score  (0.946).  The  ANN  model  had
the  highest  AUROC  score  across  the  testing  dataset  at 0.955,
and  the  DT  the  lowest  (0.860)  (Fig.  3).  The  simple  LR anal-
ysis  is  shown  in  Appendix  G without  significant  independent
variables.

Discussion

As  mentioned  in  the literature  review,  the DRG  policy  aims  to
reduce  the  financial  burden  on  medical  insurance  and  make
the utility  of  medical  resources  more  efficient.  In prognosis
indicators,  the incidence  of  surgery-related  complications
after  the  hip  replacement  was  6.94%,  and  it  was  affected
by  the  surgical  method.20 Complications  are numerous  and
do not  necessarily  lead  to hospitalization,  so  complications
were  not  included  in the  study  results.

Meanwhile,  the 30-day  and  90-day  mortality  rates  after
hip  replacement  were  0.30%  and  0.65%,  respectively.21 In
Taiwan,  elderly  patients  over  80  years  old have  a  7-day  mor-
tality  rate  of  0.6%  after that  surgery.22 It can  be  seen  that
the  mortality  rate  may  be  lower  regardless  of  age,  so  this
indicator  has not  been  included  to  in this  study.

Based  on  the literature  and  international  guidelines,
the  assessment  results  of this  study  focus  on  30-day

Table  3 The  results  of the four  algorithm  models  in  the
hemiarthroplasty  testing  dataset.

Algorithm  Accuracy  Sensitivity  Precision  F1-score

LR 0.924  0.919  0.929  0.924
DT 0.861  0.849  0.869  0.859
RF 0.942  0.919  0.963  0.941
ANN 0.948  0.907  0.987  0.946

re-admissions.  Our  study  found that  the 30-day  re-admission
rate  for hemiarthroplasty  (7%)  is  higher  than  THA  (3%).
A  report  has  shown  that  among  the  treatment  results  of
patients  with  hip fractures,  the re-admission  rate  within  90
days  of  hemiarthroplasty  was  significantly  higher  than  that
of  THA  (p  <  0.001).3

The  present  study  was  designed  to compare  the  per-
formance  of  four types  of  machine  learning  (LR,  DT, RF,
and  ANN).  DT  is a non-parametric  method,  and  the path
can  be  transformed  into  a  hierarchical  model  of  if-then-
rules.  RF  reforms  the issue  of  overfitting  the training  set
in  DT,  and  is  generally  better  than  DT.19 Backpropagation  is
used  for  supervised  learning  and  recursively  updates  weights
to  reduce  errors.23 The  application  of  machine  learning  in
orthopedics  continues  to  increase,  and  most  papers  focus
on  the  fields  of  osteoarthritis  detection  and prediction,
bone  and  cartilage  image  segmentation,  and  spine  pathol-
ogy  detection.24 In addition,  there  is  a  Bootstrap  aggregation
model  based  on  a  DT and  an  extreme  gradient  enhancement
model  to  predict  the probability  of  hip  fracture.25

The  results  of  this  study  indicate  that  LR,  DT, RF,  and
ANN  models  are  suitable  for  predicting  the  likelihood  of  re-
admission  within  30  days.  In the THA  dataset,  the  accuracy
of  the RF  model (0.973)  is  greater  than  that  of  ANN  (0.939),
LR  (0.943),  and DT (0.932),  while  ANN  is  0.948  and  RF  is  0.942
in the hemiarthroplasty  dataset.  The  authors  are inclined  to
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Figure  3  The  AUROC  score  in the  hemiarthroplasty  testing  dataset  was  0.940,  0.860,  0.942,  0.955  in  LR, DT, RF,  and  ANN,
respectively.

use  accuracy  to compare  the  performance  of  the four models
rather  than  ROC  analysis  because  of the  discreteness  of  the
data.26 At  present,  these  four  models  are  complementary  to
the  medical  field.

A  comparison  of  the  findings  with  those  of  previous
studies  confirms  that  LR  is  generally  applicable  to  dis-
ease  prediction.  The  marked  difference  in our study  is
the  inclusion  of  clinical  laboratory  test  results  in  addi-
tion  to  the  machine  learning  methods.  Previous  studies
looked  at  postoperative  complications  using  e.g. LASSO  and
enhanced  regression  to  predict  30-day  mortality  and  car-
diac  complications  after  THA,12,27 or  used a  self-developed
questionnaire  to predict  complications  using  binary  LR
analysis.28 One  study  used  the patient’s  cognitive  assess-
ment  process  to  predict  postoperative  hip  disability  and
osteoarthritis  by  building  a  machine  learning  model  with
LASSO.29 The  major difference  between  this  current  work
and  other  studies  is  the  addition  of  clinical  laboratory  test
results  on  the  day of admission.  As  a result,  risk  assess-
ment  and  prediction  of prognosis  can be  carried  out on
the  day  of  admission,  providing  useful  insights  into  clinical
care.

In  the  THA  group,  it was  found that  creatinine  levels,
potassium  levels,  glucose  levels,  dialysis,  CKD,  and  age are
related  factors  that  affect  the depth  of  decision  tree branch-
ing.  This  finding  is similar  to  previous  studies  that  showed
that  advanced  age,13,14 diabetes,15 renal  insufficiency,13

CKD,16 prolonged  hospitalization  time  and  greater  than  two
emergency  re-admissions  are important  predictors  for  total
hip  replacement.14

THA  and  hemiarthroplasty  surgery  are sufficiently  dif-
ferent  that  their prognoses  cannot  be  compared  with  each
other.  In fact,  it is  more  important  to  ascertain  the key  fac-
tors  of hemiarthroplasty  because  its prognosis  is  worse  than
that  of  THA.  Previous  studies  were  limited  to patients  with

hip fractures.  In  a study  on  femoral  neck  fractures,  a  mul-
tivariate  LR  model  adjusted  for  age,  gender,  and  treatment
methods  found  that  ESRD  (OR = 3.09)  and  CKD  (OR  =  1.43)  had
an  increased  risk  of  re-admission  within  90  days.10 It  can be
seen  from  the  DT  of  our  hemiarthroplasty  experiment  that
creatinine  levels, glucose  levels,  sodium  levels,  potassium
levels,  APTT,  INR,  dialysis,  and  age  are  all  related  factors
affecting  the outcome.

Our  findings,  while  preliminary,  suggest  that  the key
factors  for  THA  and hemiarthroplasty  are different.  The
re-admission  rate  of  hemiarthroplasty  patients  with  coag-
ulation  dysfunction  (APTT  <  23.42  sec,  INR  < 1.12)  is  higher.
It  is  necessary  to  identify  high-risk  groups  early  and provide
corresponding  intervention  measures.  The  present  results
are  significant  in at  least two  major  respects.  First,  the
utility  of  the clinical  laboratory  test  results,  gender,  and
disease  history  of  the  patient  at  the  time  of  admission  is
effective  for  prediction.  Secondly,  whether  machine learn-
ing  algorithms  are non-parametric  methods,  linear  models,
or  neural  networks,  they  all  have  good  predictive  capa-
bilities  when using  representative  features.  The  AUROC
score  of  the testing  dataset  all  reached  0.93  or  more
in  the THA  experiment,  while  all  reached  0.86  in the
hemiarthroplasty.

In  clinical  practice,  we  apply  machine  learning  to  find
more  accurate  predictive  models, screen  out  important  risk
factors,  and  conduct  preliminary  research  on preventive
measures.  Future  research  could  be  directed  toward  improv-
ing  patient  health  status  and focusing  on  renal  insufficiency,
as  well  as  paying  attention  to  preoperative  assessment  of
patients’  electrolyte  status.  Furthermore,  due  to  the  small
sample  size  of  our  study,  caution  must  be  applied,  as  the
findings  might  not be  extrapolated  to  all  patients.  Further
research  should  be undertaken  to  investigate  the  big  data
across  hospitals  to establish  a  generalized  model.
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Conclusion

This  study  set  out  to  explore  the application  of  machine
learning  models  to  predict  re-admissions  within  30  days
of  discharge  after  two  types  of  hip  replacements.  The
THA  experiments  confirmed  that  the  AUROC  score was
0.982,  0.933,  0.976,  0.989,  and  the hemiarthroplasty  exper-
iments  showed  that  it was  0.940,  0.860,  0.942,  0.955  in
LR, DT,  RF,  and  ANN,  respectively.  The  current  data  gener-
ally  highlights  the  applicability  of  the  four  kinds  of  machine
learning.

In  the  THA dataset,  the highest  accuracy  among  the  four
models  is 97.3%  in the  RF  model.  It was  found  that  the
key  factors  associated  with  re-admissions  within  30  days
are  creatinine  levels,  sodium  levels,  anesthesia  duration,
and  dialysis  from  the multivariate  LR. In  the  hemiarthro-
plasty  dataset,  the accuracies  of  the  ANN model  and  the RF
model  were  similar  to  each  other  being  94.8%  and  94.2%,
respectively.  Although  no  significant  key  factors  were  found
in  simple  LR, creatinine  level  is the most  important  factor
in  the  RF  model.

The analysis  of  independent  variables  undertaken  here,
such  as  demographics,  physiological  measurements,  anes-
thesia  duration,  and disease  history,  especially  the  results
of  clinical  laboratory  tests,  has  extended  our  knowl-
edge  of  model  features.  However,  the scope  of this
study  was  limited  in terms  of  the  subject  number  of  re-
admissions  within  30  days.  Although  the  current  study
is  based  on  a  small  sample  of  participants,  the  find-
ings  suggest  that  RF  and ANN  have  good  predictive
capabilities.
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