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ABSTRACT

Objective The aim of this study was to develop prediction
models for patients with total hip arthroplasty (THA) and
total knee arthroplasty (TKA) to predict the risk for surgical
complications based on personal factors, comorbidities
and medication use.

Design Retrospective cohort study.

Setting Tertiary care in outpatient clinic of university
medical centre.

Participants 3776 patients with a primary THA or TKA
between 2004 and 2018.

Primary and secondary outcome

measures Multivariable logistic regression models were
developed for primary outcome surgical site infection (SSI),
and secondary outcomes venous thromboembolism (VTE),
postoperative bleeding (POB), luxation, delirium and nerve
damage (NER).

Results For SSI, age, smoking status, body mass index,
presence of immunological disorder, diabetes mellitus,
liver disease and use of non-steroidal anti-inflammatory
drugs were included. An area under the receiver operating
characteristic curve (AUC) of 71.9% (95% CI=69.4% to
74.4%) was found. For this model, liver disease showed to
be the strongest predictor with an OR of 10.7 (95% Cl=2.4
to 46.6). The models for POB and NER showed AUCs

of 73.0% (95% Cl=70.7% to 75.4%) and 76.6% (95%
Cl=73.2% to 80.0%), respectively. For delirium an AUC of
85.9% (95% CI=83.8% to 87.9%) was found, and for the
predictive algorithms for luxation and VTE we found least
favourable results (AUC=58.4% (95% Cl=55.0% to 61.8%)
and AUC=66.3% (95% Cl=62.7% to 69.9%)).
Conclusions Discriminative ability was reasonable for
SSl and predicted probabilities ranged from 0.01% to
51.0%. We expect this to enhance shared decision-making
in considering THA or TKA since current counselling is
predicated on population-based probability of risk, rather
than using personalised prediction. We consider our
models for SSI, delirium and NER appropriate for clinical
use when taking underestimation and overestimation

of predicted risk into account. For VTE and POB, caution
concerning overestimation exceeding a predicted
probability of 0.08 for VTE and 0.05 for POB should be
taken into account. Furthermore, future studies should

STRENGTHS AND LIMITATIONS OF THIS STUDY

= This study included multivariable logistic regression
models to predict postoperative complications after
primary total hip and knee arthroplasty based on
personal factors, comorbidities and medication use.

= The present study was conducted and reported
according to the transparent reporting of a multi-
variable prediction model for individual prognosis or
diagnosis guidelines.

= Purposive selection of predictors by clinical reason-
ing and literature search.

= Limitations include only internal validation of the
prediction models by bootstrapping.

= Used data were not primarily registered for research
purposes, and therefore, their detail and accuracy
could be less than optimal.

evaluate clinical impact and whether the models are
feasible in an external population.

INTRODUCTION
Joint replacement is a recommended inter-
vention for people with end-stage hip or knee
osteoarthritis." Whether surgery is the best
solution depends on many individual factors
such as severity of the disease, level of experi-
enced pain and discomfort, medication use,
personal circumstances, comorbid diseases
and intended type of surgery.”* Because the
decision to have surgery or not is complex,
a shared decision-making (SDM) process is
warranted. This process allows patients and
clinicians to discuss treatment options consis-
tentwith the patient’s values and preferences.”
Information on most likely prognosis
is central in this dialogue as the clinician
provides guidance and information about
expected outcomes, including the risk on
surgical complications, when facing the
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decision to pursue or forgo surgery. However, providing
personalised information about the risk on surgical
complications, based on personal characteristics of the
patient, is challenging. Available evidence often consists
of average outcomes and current guidelines on predic-
tion of outcome still recommend counselling predicated
on population-based probability of risk, rather than using
personalised prediction.® This is remarkable, as discussing
potential personal risks is an important aspect of SDM.”®

To overcome this problem, models that can predict
postoperative complications are frequently developed
and applied. Several universal surgical prediction models
have already been developed based on a big national
database.” However, before applying these models to
orthopaedic surgical procedures, performance and accu-
racy on the specific surgical field needs to be determined.
For total joint arthroplasty, this is performed by Trickey
et al'® As shown by Trickey et al, and others, patients
at risk of not benefitting from total hip arthroplasty or
total knee arthroplasty (THA or TKA) can be identified
using prediction models based on preoperative data
like demographic factors, and pain scores, and physical
functioning measured with patient reported outcome
measures.'” " Another study developed a preoperative
prediction model to predict residual reports on pain,
functional outcome and treatment success for individual
patients after TKA.'* Also useful electronic risk calcula-
tors predicting complications and mortality for patients
and clinicians are available for specific populations.'*’
In one study, data of patients registered in the Medicare
database, the federal health insurance programme for
individuals aged >65 years, are used for development
of a risk calculator. However, the exact patient charac-
teristics of the study population are not reported and
the effect of the predictors remain unclear.'® Harris et
al developed prediction models with machine learning
techniques models to determine demographic and clin-
ical predictors for prediction of postoperative compli-
cations and mortality. The authors were able to identify
predictor variables for their three most accurate models
predicting a postoperative renal complication, cardiac
complication and death. However, used predictor vari-
ables in the models can only be found for their three
most accurate outcomes.'” Further research is warranted
to identify relevant predictors for different postoperative
outcomes. In another study, regression models are based
on the results of univariate analyses on a broad range
of data as demographics, comorbidities and laboratory,
or test values of a mainly male veteran population, and
the authors reported suboptimal performance scores for
prediction of most outcomes.'” Generalisability of predic-
tion models based on specific patient populations may be
limited, and further evaluation of potential risk factors is
needed to validate prediction models for complications
after primary total hip and knee replacement.

As it is known from literature that personal factors
including demographic characteristics and comorbidities
have an impact on surgical complications,” these assumed

caused relationships might therefore serve as basis for a
risk prediction model. Therefore, the aim of this study is
to develop a prediction model for clinicians and patients
with hip or knee osteoarthritis considering surgery,
by predicting risk for surgical complications based on
personal factors, comorbidities and medication use.

METHODS
Study design and setting
For this retrospective cohort study, we established a
cohort of patients who underwent primary THA or TKA
between 2004 and 2018 at the Orthopaedic Department
of Radboud university medical center Nijmegen, the
Netherlands. Data sets were merged into one centralised
database based on patient number, birthdate and date of
surgery.

This study was performed and reported in line with
transparent reporting of a multivariable prediction model
for individual prognosis or diagnosis guidelines.18

Data collection

Data used for this study were extracted from (electronic)
medical records of Radboudumc, Dutch Arthroplasty
Register (LROI) and Radboudumc registry of complica-
tions. We primarily extracted comorbidities and medica-
tion use from medical records. These data were extracted
based on coding and were obtained by three researchers
(LS, TvW and AT) by use of a standardised operating
procedure, and stored in a centralised platform (Castor
Electronic Data Capture).19 Data about patient charac-
teristics like age, sex, body mass index (BMI), smoking
status, American Society of Anesthesiologists (ASA) clas-
sification and diagnosis for surgery were extracted from
LROI. Furthermore, date of surgery, type of surgery
(primary or revision), surgery side and type of implant
were extracted.”” From the register of complications we
extracted all surgeries and complications which occurred
within 1 year after THA or TKA.*' In this registry, surgery-
related orthopaedic complications were registered as well
as other medical complications.”® All complications were
registered by location code combined with a code for the
nature of the complication.21 Some registrations were
unclear and could refer to one of predefined complica-
tions and were therefore checked in medical records by
LS. For all included location and nature of complication
codes per surgical complication, see online supplemental
eTable 1.

Inclusion and exclusion criteria

Patients were eligible for inclusion in the cohort if the
surgery concerned primary THA or TKA. We defined
primary THA or TKA as the first time a total prosthesis is
placed. Revision arthroplasty was defined as any change
(replacement, removal or addition) of one or several
components of the joint prosthesis.”’ We expected revi-
sion arthroplasty to influence risk for complications
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negatively, therefore revision arthroplasty was excluded
for this study.

Outcome (dependent variables)

Prediction models were developed over the pooled THA
and TKA data for six predefined surgical complications.
Primary outcome was surgical site infection (SSI), and
secondary outcomes included venous thromboembolism
(VTE), postoperative bleeding (POB), luxation, delirium
and nerve damage (NER). All prediction models were
developed based on primary THA and TKA data, except
for the models for luxation and NER which were devel-
oped based on primary THA data. These surgical compli-
cations are uncommon in TKA.

Predictors (independent variables)

In total 16 predictor candidates were selected based on
evidence from previous reports and clinical reasoning in
relation to the outcomes. These included patient char-
acteristics, comorbidities and medication use (as speci-
fied in online supplemental eTables 2 and 3). Note that
we made a purposive selection from the 16 predictors
candidates to serve as predictors for the different surgical
complications.

Comorbidities extracted from medical records were
categorised according to the English National Health
Service (NHS). The NHS considered these categories
relevant comorbid categories in terms of outcome predic-
tion.” Medication use was reduced to the active substance
of the drug and was categorised to drug groups according
the Dutch pharmacotherapeutic compass.

Sample size

It is recommended that at least five events are collected
for each predictor that is evaluated in multivariable
regression analysis.”* * An event was defined as the least
frequent outcome status, which in our case was the pres-
ence of surgical complication. In the Netherlands, the
estimated risk of a complication like SSI is 3%2°; there-
fore, in order to develop a model with six predictors, at
least 30 events were required, and so a sample size of at
least 1000 patients was required.

Missing data

Data were checked for completeness by investigating
patterns of missingness to assess presence of a non-
random element. Incomplete data were double-checked.
Missing data were imputed using multiple imputation, as
the omission of patients who have one or more predictor
variables missing from analysis can cause considerable loss
of precision and might bias the results.”” > The number
of imputations was set to 10. The imputation was checked
for accuracy by visual inspection and frequencies.

Statistical analysis methods

Model development

Evidence from literature, clinical reasoning and
eyeballing guided selection of predictors to be included
in the models. Eyeballing was done by evaluation of

potential higher frequencies of predictors in relation
to the outcome.” All selected predictors were entered
into a multivariable logistic regression model, using the
occurrence of a surgical complication as outcome vari-
able. The prediction model was pooled over the imputed
data sets.”

Internal validation

To reduce risk of overfitting, we internally validated
the model using bootstrapping. In this step, B-boot-
strap samples of B=1000 were drawn with replacement
from original data, which reflects drawing samples from
underlying population. Due to the drawing with replace-
ment, a bootstrapped data set allows for containing the
same original cases. Other validation methods resample
without replacement and thereby such validation data
sets are produced through a prespecified number of
surrogate data sets, and each of the original cases will
be left out exactly once, which results in a smaller data
set. Since our data set is not very large, we decided to
use bootstrapping as internal validation method. Boot-
strapping was performed to estimate the performance in
future patients, and to adjust the model by the calculated
shrinkage factor so that future predictions will be less
extreme.”*

Performance of the model
We quantified measures of performance, discrimina-
tion and calibration. Overall model performance is the
distance between predicted and actual outcome.” To
quantify overall model performance, we assessed Brier,
Brier  , and Nagelkerke’s R For Brier, squared differ-
ences between actual outcome and predictions were
calculated. Brier can range from 0 for a perfect model to
0.25 for a non-informative model with 50% incidence of
the outcome. Brier . is scaled by its maximum under a
non-informative model and range between 0% and 100%.
Nagelkerke’s R* is a measure of explained variation.”
The ability of the model to discriminate between those
with and without the outcome was quantified as the area
under the receiver operating characteristic curve (AUC).
This can range from 50% (no discriminative capacity)
to 100% (perfect discriminative capacity). The discrimi-
native capacity was interpreted as reasonable when AUC
was >0.70 and good when AUC was >0.80.%* Calibration of
the model is the agreement between predicted probabil-
ities (probability of an event calculated with the model)
and observed frequencies of outcome (accuracy) and
was assessed by visually inspecting the calibration plot.*®
Furthermore, we computed Hosmer and Lemeshow
(H-L) goodness-of-fit as a quantitative measure of calibra-
tion. A high H-L statistic is related to a low p value, and
indicates a poor fit.**

All statistical analyses were performed using R V.3.5.3.
Packages vim, mice, rms, pROC and generalhoslem were
used.
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Complication register database
1991-2018 THP (n: 4071), TKP {n: 1959)

- Date of complication - Date of birth - Gender
Manuel data enter in Castor from ~ Nature of complication code ~ Smoking status ~ Diagnose Manuel data enter in Castor from
(electronic) patient record - Location of complication code - Length= - Fixation method (electronic) patient record
2003-2019 (n: 2595) - Weight* - Surgical approach 2003-2019 (n: 5954)
- Comorbid conditions - Medication use -BMI* - Revisions - Comorbid conditions - Medication use
- Length® - Previous surgery - ASA classification™® - Length® - Previous surgery
- Surgery side

LROI database
2007-2018 THP (n: 3557), TKP [n: 1465)

- Weight® - Surgery side
- BMI* |

- Weight*
| - BMI* - Bone impaction

- ASA classification® |

Combined knee dataset import
into Castor
(n: 2595)

Complete knee dataset in Castor
(n: 2595)

Clean up knee database
- Classify medication use and
comorbid disease

N

Clean TKP dataset
(n:1282)

Y

Removed cases
(n: 1313)
- Surgery before 2004
- Revision surgeries
- Duplicates
- Other than total knee prosthesis

Figure 1

| - ASA classification® grafting

Combined hip dataset import
into Castor
(n: 5954)

Complete hip dataset in Castor
(n: 5954)

Clean up hip database
- Classify medication use and
comorbid disease

~

Removed cases
(n: 3460)
- Surgery before 2004
|—D - Revision surgeries
- Duplicates
Clean THP dataset - Other than total hip prosthesis
(n: 2494)

Flow chart for inclusion and exclusion of patients. Variables indicated with an asterisk* were primarily extracted

from the LROI database. When these data were missing, the data were extracted from the (electronic) medical record. Castor
Electronic Data Capture is indicated by Castor. ASA, American Society of Anesthesiologists; BMI, body mass index; LROI,
Dutch Arthroplasty Register; THP, total hip replacement; TKP, total knee replacement.

Patient and public involvement

Patients were involved in the design of the study which
included consultation during grant writing and advice in
setting up the study design. Furthermore, patients were
involved in the process of incorporating the prediction
models in a patient decision aid. Focus groups were held
and patients and clinicians together were asked for their
opinion regarding incorporation of the models in the
preoperative process.

RESULTS

Participants

In total 3776 patients with primary THA or TKA were iden-
tified as eligible for the present study. Of these patients,
2494 patients underwent THA and 1282 patients under-
went TKA. See figure 1 for participant flow. Baseline char-
acteristics of the final cohort are presented in table 1.

Model development

The number of missing values per predictor are shown in
table 1. For the majority of potential predictors, there was
only a small quantity of missing data; however, smoking
status was missing in 24.7%. After imputation, all patients
were available for multivariable modelling. There were
no missing values in surgical complications.

Model specification

According to our selection of predictor candidates per
outcome (depicted in online supplemental eTable 4),
we entered all selected predictors in the model. For SSI,
these predictors were: age, smoking status, BMI, presence
of an immunological disorder, diabetes mellitus, liver

disease and use of non-steroidal anti-inflammatory drugs.
We found a significant influence of age, immunological
disorder, diabetes mellitus and liver disease of which
the presence of liver disease showed to be the strongest
predictor with an OR of 10.7 (95% CI=2.4 to 46.6). The
bootstrap yielded a shrinkage factor of 0.984, which was
used to adjust the regression coefficients. Table 2 shows
the adjusted prediction models and ORs that estimates
the risk for SSI and secondary outcomes. For original
prediction models and adjusted coefficients, see online
supplemental eTable 5.

Model performance
Brier, Brier , , and Nagelkerke’s RQ, to assess overall
performance of the model for SSI, were 0.010, 0.026 and
0.081, respectively.

The discriminative performance of the model for SSI is
shown in figure 2. The AUC was 71.9% (95% CI=69.4%
to 74.4%), which indicates reasonable discriminative
ability. Predicted probabilities ranged between 0.01% and
51.0%, with a mean of 1.0% (SD=1.5%). Calibration was
poor, indicated by significant H-L statistic (p<0.001). The
corresponding calibration plot that represents the accu-
racy of the model is shown in figure 3. The calibration
plot showed quite accurate prediction, especially when
the risk is low. The model underestimates the risk with a
predicted probability >0.10.

The performance, discrimination and calibration of
SSI and secondary outcomes are presented in table 3.
The predictive algorithms for POB and NER showed
reasonable discriminative values (AUC=73.0 and 76.6)
and explained fraction of variance by a Nagelkerke’s R”
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Table 1 Patient characteristics
Missing Total population  Total hip replacement Total knee

Patient characteristics values (n=3776) (n=2494) replacement (n=1282)
Age, mean (SD), years 0.10% 60.2 (15.8) 57.7 (17.0) 65.1 (11.7)
Gender: female, no. (%) 0.10% 2298 (60.9) 1468 (58.9) 829 (64.7)
BMI, mean (SD), kg/m? 2.60% 27.5 (5.2) 26.6 (4.7) 29.3 (5.6)
Smoking: yes, no. (%) 24.70% 498 (13.2) 341 (13.7) 157 (12.2)
ASA classification, no. (%) 0.40%

| 839 (22.2) 669 (26.8) 170 (13.3)

Il 2091 (55.4) 1314 (52.7) 777 (60.6)

I 829 (22.0) 500 (20.0) 329 (25.7)
Diagnosis hip, no. (%) 0.40%

Arthrosis 1599 (64.1)

Rheumatoid arthritis 68 (2.7)

Dysplasia 241 (9.7)

Osteonecrosis 228 (9.1)

Other 349 (14.0)
Diagnosis knee, no. (%) 0.90%

Arthrosis 1037 (80.9)

Rheumatoid arthritis 123 (9.6)

Other 111 (8.7)
Side affected: right, no. (%) 0.30% 1915 (50.9) 1257 (50.4) 658 (51.3)
Surgical complications, no. (%) 0%

Surgical site infection 38 (1.0 25 (1.0) 13 (1.0)

Venous thromboembolism 26 (0.7 17 (0.7) 9 (0.7)

Postoperative bleeding 47 (1.2 28 (1.1) 19 (1.5)

Luxation 32 (0.8 31(1.2) 1(0.1)

Delirium 24 (0.6 20 (0.8) 4 (0.3)

Nerve damage 24 (0.6 21 (0.8) 3(0.2)

ASA, American Society of Anesthesiologists; BMI, body mass index.

of 0.072 and 0.086, respectively. The prediction model for
delirium showed good discriminative value (AUC=85.9)
and explained fraction of variance of 0.193. The models
for luxation and VTE showed least favourable results
on discrimination (AUC=58.4 and 66.3, respectively)
and explained fraction of variance of 0.010 and 0.047,
respectively.

The receiver operating characteristic curves and cali-
bration plots for secondary outcomes are presented in
online supplemental eFigure 1.

DISCUSSION

The prediction models developed in this study are aimed
for personalised counselling and SDM in orthopaedic
outpatient clinics. With our models, risk for SSI, VTE,
POB, luxation, delirium and NER can be predicted by
patient characteristics, comorbidities and medication use.
For SSI, predicted probabilities range between 0.01% and
51.0%, which makes the model useful in adding relevant

personalised information for adequate SDM compared
with the previously used population-based probability
of risk of 3%.%° However, it is important to state that the
model showed moderately accurate prediction, especially
when the risk is low. The model underestimates the risk
with a predicted probability >10%. Therefore, predicted
probabilities exceeding 10% should be interpreted with
caution. Furthermore, other performance measures were
moderate-to-reasonable, indicating moderate overall
performance of the model for SSI. We found similar
results for other outcomes, except for the model for luxa-
tion; this model seriously underestimates the risk for luxa-
tion and could therefore not be used for personalised
counselling.

Our results are comparable with the results of a recent
meta-analysis on impact of comorbidities on SSI in THA
or TKA. The authors stated diabetes and liver disease
to contribute to a higher risk for SSL® Another study
with similar discriminative capacity found BMI, use of
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Figure 2 Receiver operating characteristic curve of the

prediction model for surgical site infection area under the
curve=71.9% (95% Cl=69.4% to 74.4%).

immunosuppression, ASA score, procedure duration
and prior surgeries as risk factors for SSL.** Some of these
predictors did not contribute to a higher performance in
our model and were therefore not included. We addition-
ally found age to be a significant predictor for SSI. For
the already available prediction model based on data of
veterans with osteoarthritis of Harris et al, independent
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Figure 3 Calibration plot with the actual probability
against the predicted probability for the model for surgical
site infection. The triangles indicate quantiles (g=10) of
patients with a similar predicted probability of success. The
grey diagonal line represents perfect agreement between
predicted and actual probability.

variables of the model cannot be compared for SSI
since these results have not been reported.'”” We found
a slightly better c-statistic (AUC) of 0.72 compared with
0.66 in their boosted model. Similar variables as those
used in our models were used for the development of
other models predicting postoperative complications as
well, such as the models of Harris ef al. Unfortunately, a
direct comparison of the predictive capacity of these vari-
ables between the models of Harris et aland our models is
not possible, as the postoperative outcomes used in their
prediction models were different to the postoperative
outcomes used in our models.'” Also comparison with
Bozic et al, is difficult since applicability to non-Medicare
population is questionable, as they also describe in their
discussion.'®

Based on literature we expected use of thrombopro-
phylaxis, such as platelet aggregation inhibitors, direct
oral anticoagulants, low-molecular-weight heparin and/
or vitamin K antagonists to be important predictors for
POB. However, we could not demonstrate this finding in
our model.** This is perhaps due to low frequencies of
these predictors in our participants with POB and due
to improved preoperative care regarding anticoagulant
therapy. Our model for delirium included comparable
predictors as other studies; they showed that age and pre-
existing cognitive impairment are important predictors
for delirium.” ** Our model confirms this finding. Kalis-
vaart et al, developed a comparable model based on acute
and elective hip surgery patients and found comparable
predictors. The authors additionally found acute admis-
sion as predictor for delirium.” We cannot confirm this
in our model since we focused on primary THA and TKA
and these interventions are not primarily preferred in
acute admissions due to hip fracture. The AUC indicates
that our model is more accurate in estimating the risk for
delirium (85.9 vs 73).%

For VIE we only found obesity and thromboembolic
event as significant risk factors.”* This can be explained
by the fact that the recurrence rate is high after earlier
thromboembolic events.”® We could not demonstrate
diabetes to be a significant predictor for VTE.” For the
risk of luxation, it is known that causes of dislocation are
multifactorial and also caused by non-patient modifi-
able factors such as implantrelated, surgery-related and
hospital-related factors. It is unclear to what extent these
factors contribute to the occurrence of luxation, but we
expect these factors to be of influence the model.*** For
these reasons, and the poor performance of the model
for luxation, we consider this model of insufficient quality
for use in patient information documents. Since we aimed
our models to support preoperative SDM, we only used
patient-related variables as these variables are considered
modifiable.” *!

Strengths and limitations

A strong point is that we thoroughly created a big data
set and we used state-of-the-art statistics for our analyses.
Furthermore, the simplicity of our models is a strength
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Table 3 Model performance

Surgical site Venous Postoperative Nerve
infection thromboembolism bleeding Luxation Delirium damage
Brier score 0.010 0.007 0.012 0.012 0.006 0.008
Brier_ .. 0.026 0.007 0.010 0.003 0.027 0.012
Nagelkerke’s R? 0.081 0.047 0.072 0.010 0.193 0.086
AUC (95% Cil) 71.9 66.3 73.0 58.4 85.9 76.6
(69.4t0 74.4) (62.7 to0 69.9) (70.7 to 75.4) (55.0t0 61.8) (83.8t0 87.9) (73.2 to 80.0)
H-L statistic (p value) p<0.001 p<0.001 p<0.001 p<0.001 p<0.001 p<0.001
Predicted possibilities
Mean 0.010 0.007 0.012 0.012 <0.001 0.008
SD 0.015 0.007 0.012 0.004 0.012 0.010
Range 0.001-0.510  0.003-0.147 0.001-0.090 0.005-0.045 <0.001-0.147 0.001-0.072
Shrinkage factor 0.984 0.986 0.989 0.941 0.993 0.987

AUC, area under the curve; H-L, Hosmer and Lemeshow .

because we used predictors collected in usual care. The
predictors are easy to assess and thereby easy to imple-
ment in care. Several limitations in this study should
be noted. We retrospectively analysed prospectively
collected data. These data were not primarily registered
for research purposes and therefore their detail and accu-
racy could be less than optimal. Moreover, changes in
reporting systems took place during the studied period,
for instance the introduction of electronic medical
records. It is known that changes in coding practice may
change completeness of data.”” * Although researchers
performed data collection thoroughly, data about comor-
bidities and medication use could be missed because
it was reported elsewhere. Moreover, we expect a small
quantity of underreporting regarding comorbidities
since physicians and anaesthesiologists perchance make
a selection of important comorbidities in their report.
We tried to correct for this limitation by including medi-
cation use since all drugs are registered in preoperative
anaesthesia report. Also, data from 2004 until 2018 were
used. In this period preoperative care has been changed.
To evaluate the effect of this change on our outcome,
we checked our patterns of complications and found
no differences in this period. Furthermore, due to a low
estimated event rate (1%-3%) we needed a large popu-
lation to have enough events to include predictors into
our models. However, since not all predictors were signifi-
cantin our final models, we expect that inclusion of more
predictors would not lead to a considerably different
model, as also discussed above. The models were devel-
oped based on pooled THA and TKA data. It is expected
that the influence of patient characteristics, comorbidi-
ties and medication use is comparable for both THA and
TKA.* The influence of comorbidities on outcomes is
studied together quite often.” Furthermore, we tested this
assumption by performing the analysis on THA and TKA
data only. The models with corresponding performance
measures were still consistent with the main analysis.

Another limitation is that we only performed internal vali-
dation by bootstrapping, and were not yet able to deter-
mine external validity and clinical impact of the models.
For clinical impact it is also important to determine the
minimal clinically important difference of the outcomes.

CONCLUSION

Clinical prediction models were developed to contribute
to more unbiased and accurate counselling in consid-
ering THA or TKA and are expected to be useful for iden-
tifying patients at risk for surgical complications. For SSI,
the discriminative ability was reasonable and predicted
risk varied between 0.01% and 51.0%. We expect the
individual predicted risk to enhance SDM and support
a well-founded choice. We consider our models for SSI,
delirium and NER appropriate for clinical use when
taking underestimation and overestimation of predicted
risk into account. For clinical use of the models VTE
and POB, caution concerning overestimation exceeding
predicted probability of 0.08 and 0.05 (data presented
in calibration plots in online supplemental eFigure 1),
respectively, should be taken into account. Future studies
should evaluate clinical impact and whether our models
are feasible in an external population.

Supplementary information

In the online supplemental file, an Excel file with the
prediction models calculator is provided, see online
supplemental appendix 2. The decision aid including the
prediction models is published in Dutch at the website of
the Radboud university medical center.
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