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S U M M A R Y

Background: Several clinical prediction models that aim to guide decisions about the
management of periprosthetic joint infections (PJIs) have been developed. While some
models have been recommended for use in clinical settings, their suitability remains
uncertain.
Methods:We systematically reviewed and critically appraised all multi-variable prediction
models for the treatment of PJI. We searched MEDLINE, EMBASE, Web of Science, and
Google Scholar from inception until 1st March 2024 and included studies that developed or
validated models that predict the outcome of PJI. We used PROBAST (Prediction model
Risk Of Bias ASsessment Tool) to assess the risk of bias and applicability. Model perform-
ance estimates were pooled via random effect meta-analysis.
Results: Thirteen predictive models and seven external validations were identified.
Methodological issues were identified in all studies. Pooled estimates indicated that the
KLIC (Kidney, Liver, Index surgery, Cemented prosthesis, C-reactive protein) score had fair
discriminative performance (pooled c-statistic 0.62, 95% CI 0.55e0.69). Both the s2 (0.02)
and I2 (33.4) estimates indicated that between-study heterogeneity was minimal. Meta-
analysis indicated Shohat et al.‘s model had good discriminative performance (pooled c-
statistic 0.74, 95% CI 0.57e0.85). Both the s2 (0.0) and I2 (0.0) indicated that between
study heterogeneity was minimal.
Conclusions: Clinicians should be aware of limitations in the methods used to develop
available models to predict outcomes of PJI. As no models have consistently demonstrated
adequate performance across external validation studies, it remains unclear whether any
available models would provide reliable information if used to guide clinical decision
making.
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Introduction

Periprosthetic joint infections (PJIs) are associated with
troubling rates of morbidity and mortality [1]. While only 1e2%
of patients undergoing primary total joint arthroplasty will
develop a PJI, the increasing volume of arthroplasty proce-
dures being performed means that tens of thousands of these
complications occur each year [2]. Unfortunately, prognosis for
these patients has not improvedmeaningfully over the past two
decades [3]. Selecting the appropriate approach to surgical
management of PJI must balance restoration of function and
the likelihood of eradicating the underlying infection [4].
Failure rates of surgical debridement for acute PJIs and one- or
two-stage exchanges for chronic PJIs greatly differ depending
on the host, type of implant and causative micro-organism [5],
and require a tailored surgical approach.

Several predictive models that aim to guide patients and
clinicians in decisions about the management of PJI have been
developed. While some of these models have been recom-
mended for use in clinical settings [6], their suitability for
clinical use remains uncertain. To address this uncertainty, we
conducted a systematic review to identify studies developing
or validating multi-variable models that provide individual-
level predictions of treatment outcomes in patients with a
PJI. We aimed to describe and appraise these studies, while
summarizing the discrimination and calibration of each model.

Methods

This systematic review is reported in line with the trans-
parent reporting of multi-variable prediction models for indi-
vidual prognosis or diagnosis checklist for systematic reviews
and meta-analyses (TRIPOD-SRMA) [7]. The protocol was pro-
spectively registered on PROSPERO (CRD42021281125).

Data sources and study selection

We searched MEDLINE, EMBASE, Web of Science, and Google
Scholar from inception until 1st March 2024, for studies report-
ing multi-variable models predicting the outcome of surgically
managed PJIs. Detailed search queries for each database are
outlined in Supplementary Tables S1eS5. We manually
reviewed the reference lists of eligible studies, and reviewed
studies that have referenced all eligible studies since their
publication. All citations were uploaded to Covidence (Veritas
Health Innovation) to identify duplicates and facilitate
screening. Each study record was independently assessed for
inclusion by two reviewers (E.N., C.S.) against the eligibility
criteria.

Study eligibility criteria

We included all studies that reported on the development or
validation of a multi-variable model that aimed to predict the
outcome of surgically managed PJIs. To ensure that all included
studies aimed to guide patients and clinicians in decisions about
the optimal strategy for surgical management of an infection,
we excluded models that were designed to be implemented
after commencing a specific approach to surgical management.
We excluded studies that examined specific predictive factors,
rather than estimating the probability of an outcome for an
individual patient. Studies that aimed to validate an available
model without reporting any statistical measures of perform-
ance (e.g., calibration or discrimination) were excluded.
Finally, we excluded conference abstracts, pre-prints, and
studies published in languages other than English.

Data extraction and risk of bias

Data extraction was conducted by one reviewer (E.N.) and
cross-checked by a second reviewer (C.S.). Risk of bias
assessment of each eligible study were both undertaken inde-
pendently by two reviewers (E.N. and S.R.). Data extraction
was conducted using a standardized form based on the
Checklist for critical Appraisal and data extraction for sys-
tematic Reviews of prediction Modelling Studies (CHARMS) [8].
When a study described the development of multiple models in
different sub-populations or using different statistical
approaches, data was extracted separately for each model.
When a study validated the same model in the same population
across several follow up periods, we extracted data relating to
the longest follow up period. For external validations using
data from multiple sites, the combined estimates from all sites
were extracted.

Risk of bias was assessed using the Prediction model Risk Of
Bias Assessment Tool (PROBAST) [9]. We considered studies to
be at an overall low risk of bias when all domains were con-
sidered low risk, and at an overall high risk of bias when any
domain was identified as high risk. When a study reported on
the development or validation of more than one eligible model,
risk of bias was assessed separately for each model.

Data analyses

We reported descriptive statistics to summarize the key
characteristics of all eligible models. Random effect meta-
analysis was used to provide summary estimates when per-
formance measures were available from at least two inde-
pendent datasets. This included both performance measures
derived external validations and those derived from internal
validations Estimates derived from development datasets were
not included in meta-analyses. When confidence intervals (CIs)
were not reported, the number of events and number of par-
ticipants was used to approximate 95% CIs [10]. Heterogeneity
was quantified using s2 and I2 statistics. Analyses were con-
ducted using the metamisc package in R version 4.3.2.

Results

Of the 2845 studies screened, 16 studies were eligible for
inclusion in this review [11e26]. (Figure 1). These studies
reported on the development of 13 unique predictive models,
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Figure 1. PRISMA flow diagram.
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and the external validation of four of these models. Most of
these tools were developed using data from single institutions
(N ¼ 10, 77%) (Table I). Three models (23%) were developed
using data from multiple centres, two (15%) of which were
trained on data from sites across multiple countries. While
most models were developed in the USA (N ¼ 8, 62%), a small
number of models were developed from centres based in Spain
(N ¼ 1, 8%), Russia (N ¼ 1, 8%) and Belgium (N ¼ 1, 8%). All
included models were designed using data extracted from
hospital medical records or institutional records.

Among models developed using standard statistical model-
ling techniques, five (63%) were derived from logistic regres-
sion models, while three (37%) were derived from Cox models.
Among models that employed machine learning methods, the
methods employed included neural network (N ¼ 1, 20%),
random forest (N ¼ 2, 40%) and elastic net regularization (N ¼
1, 20%), and classification trees (N ¼ 1, 20%). All models aimed
to predict a composite endpoint relating to successful treat-
ment or infection eradication, though these endpoints were
defined heterogeneously across studies. Most looked at an
outcome period of at least one year (N ¼ 11, 85%), however,
one model included at follow up periods of only 60 days (N ¼ 1,
8%). For derivation cohorts, the median sample size was 618
(range: 48e1438) and the median number of events was 165
(range: 14e543). The median number of events per candidate
predictor (EPV) was 4 (range: 1e7). None of the model deri-
vation studies reported a sample size calculation.

Target populations

Most models identified in this review were designed to pre-
dict treatment outcomes in patients with infections of either
hip or knee prostheses (N¼ 7, 54%), though somewere designed
exclusively for infections of knee prostheses (N¼ 4, 31%) or hip
prostheses (N¼ 2, 15%). Most models were designed for all type
of PJIs, though one model was developed specifically for acute
infections, and another was designed specifically for patients
with a late acute haematogenous infection. Six (46%) of the
included models were designed to be implemented regardless
of the planned approach to surgical management, while five
(39%) models specifically predicted outcomes following
debridement, antibiotics, irrigation and retention (DAIR) and
two (15%) specifically predicted outcomes following two-stage
revision. No model was designed to specifically predict out-
comes of infection treatedwith a one-stage revision procedure.

Predictive variables

Across eligible models, the most commonly used variables
were body mass index (BMI) (N ¼ 11, 85%), age (N ¼ 8, 62%),



Table I

Characteristics of studies reporting on the development of models predicting treatment success in patients with prosthetic joint infection

Author (year) Model

name

Follow up Type of

surgery

Infection

type

Joint Modelling

method

Centres Sample

size

Events Candidate

predictors

EPP Internal

validation

Reporting on

model performance

Discrimination Calibration

Buller et al.
(2012)

Buller 34 monthsa DAIR with
liner
exchange

All Both Cox hazard
model

1 309 149 13 6 Boot strapping Yes No

Kheir et al.
(2018)

Kheir �12 months All Unclear Both Logistic
regression

2 1438 543 29 5 None Yes Yes

Klemt et al.
(2022)

Klemt
neural

�36 months All Unclear Knees Neural
network

1 618 165 77 7 Cross-validation Yes Yes

Klemt et al.
(2022)

Klemt
forest

�36 months All Unclear Knees Random
forest

1 618 165 43 3 Cross-validation Yes Yes

Klemt et al.
(2022)

Klemt
elastic

�36 months All Unclear Knees Elastic net 1 618 165 43 3 Cross-validation Yes Yes

Klemt et al.
(2021)

Klemt
hip

�24 months All Unclear Both Logistic
regression

1 1081 293 43 3 Random split Yes Yes

Klemt et al.
(2021)

Klemt
Knee

�24 months All Unclear Both Logistic
regression

1 1081 293 56 5 Random split Yes Yes

Morcillo et al.
(2020)

Morcillo �24 months DAIR All Hips Logistic
regression

1 48 25 56 5 None Yes Yes

Sabry et al.
(2014)

Sabry 40 monthsa Two-stage All Knees Cox hazard
model

1 314 105 16 1 Boot strapping Yes No

Shohat et al.
(2020)

Shohat �12 months DAIR Acute
and
late
acute

Both Random
forest

27 1174 405 27 3 Cross-validation Yes No

Tornero et al.
(2015)

KLIC 2 months DAIR Acute
infection

Both Logistic
regression

1 222 52 52 7 None Yes No

TIkhilove et al.
(2015)

Tikhilov 10 weeks First step
of two-stage

All Hips Classification
trees

1 217 78 50 1 None No No

Wouthuzen-
Bakker
et al. (2019)

CRIME-80 �24 months DAIR Late
acute

Both Cox hazard
model

27 340 153 34 4 None No No

DAIR, debridement antibiotics irrigation retention; EPP, events per predictor parameter.
a Mean follow up in the study sample.

E
.
N
a
u
fa
l
e
t
a
l.

/
Jo

u
rn
a
l
o
f
H
o
sp
ita

l
In
fe
ctio

n
162

(2025)
53

e
61

56



Model
Morcillo

Klemt Neural network
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Buller

Study
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Klemt et al (2022)

Tornero et al (2015)

Klemt et al (2022)

Klemt et al (2022)
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Kheir et al (2018)

Buller et al (2012)
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Figure 2. Forest plot of model discrimination for model development studies.
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smoking status (N¼8, 62%), theexchangeofmobile components
during DAIR (N ¼ 8, 62%), male gender (N ¼ 8, 62%), number of
previous surgeries (N ¼ 7, 54%), renal failure (N ¼ 7, 54%),
alcohol use (N¼ 6, 46%), presence of enterococcus species (N¼
6, 46%) and the level of c-reactive protein (CRP) (N ¼ 6, 46%)
(Supplementary Table S5). Predictors relating to the micro-
biology of a given infection were included in 11 (85%) models,
though the variables used to include microbiological findings
varied substantially between models. The median number of
candidate predictor parameters included in each model was 43
(range: 13e77). Continuous variables were categorized or
dichotomized in most models (N ¼ 8, 62%), and only one (8%)
model was developed through processes that explicitly allowed
for non-linearity when modelling continuous predictors.

Internal validation

Eight (62%) of the models were internally validated. Another
three (23%) of the models provided performance measures only
from the development dataset, and two (15%) models did not
provide any appropriate statistical measures of performance.
Internal validations were performed using a random split (N ¼
2, 15%), bootstrapping (N ¼ 2, 15%), and cross-validation (N ¼
4, 31%). Among studies that were internally validated, all
Table II

Characteristics of external validations of models predicting treatment

Model name Author (year) Follow up Type of

surgery

Type of

infection

CRIME-80 Chalmers (2021) �24 months DAIR Late acute
Kheir Monarrez (2021) �12 months All All
KLIC Chalmers (2021) �24 months DAIR Acute
KLIC Jimenez-Garrido

(2019)
2 months DAIR Acute

KLIC Liukkonen (2023) �12 months One-stage Acute
KLIC Liukkonen (2023) �12 months DAIR Acute
KLIC Lowik (2019) 2 months DAIR Acute
KLIC Morcillo (2020) �24 months DAIR All
Shohat Sancho (2022) �24 months DAIR Acute and

late acute

DAIR, debridement antibiotics irrigation retention; KLIC, kidney, liver, inde
provided a mean c-statistic as a measure of discrimination,
none of these studies reported corresponding CIs. The per-
formance of these model in the internal validations ranged
from amean c-statistic of 0.65e0.84 (Figure 2). Calibration was
assessed in seven (54%) internal validation datasets.
External validation

Nine studies reported on the external validation of at least
one predictive model, though only four of the unique models
were validated across these studies (Table II). The KLIC (Kid-
ney, Liver, Index surgery, Cemented prosthesis, CRP) model,
which was developed by Torerno et al. [18], was externally
validated in six distinct datasets. No other model was validated
in more than one external dataset. Cohorts used for external
validation had a median sample size of 159 (range: 48e386),
the median number of events was 52 (range: 9e164). Seven
(78%) of these validations were conducted in cohorts from
single centres and two (22%) were conducted in data frommore
than one site. All external validations provided a mean c-sta-
tistic as a measure of discrimination, but only three (33%) of
these studies reported corresponding confidence intervals.
Model discrimination in external datasets ranged from a mean
success in patients with prosthetic joint infection

Joint Sample

size

Events Reporting on model

performance

Discrimination Calibration Other

Hip and knee 256 52 Yes No No
Hip and knee 380 164 Yes No No
Hip and knee 256 52 Yes No No
Hip and knee 30 9 Yes No No

Hip and knee 123 29 Yes Yes No
Hip and knee 159 58 Yes Yes No
Hip and knee 386 148 Yes No No
Hip 48 25 Yes No No
Hip and knee 64 25 Yes Yes No

x surgery.
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Study Dataset Events Sample C-statistic (95% CI)
Chalmers (2021) External validation 52 256 0.65 (0.55 to 0.75)

Jimenez-Garrido (2019) External validation 9 30 0.76 (0.57 to 0.95)

Lowik (2019) External validation 148 386 0.64 (0.59 to 0.69)

Liukkonen (2023) External validation 58 159 0.53 (0.44 to 0.63)

Liukkonen (2023)* External validation 29 123 0.58 (0.46 to 0.69)

Morcillo (2020) External validation 25 48 0.72 (0.57 to 0.87)

Pooled estimate 321 1002 0.62 (0.55 to 0.69)

No. studies = 6 τ2 = 0.024 I2 = 33.39%

Figure 3. Meta-analysis of model discrimination for KLIC score.

0.4 0.5 0.6 0.7 0.8 0.9 1No. studies = 2 τ2 = 0.0 I2 = 0.0%

Study Dataset Events Sample C-statistic (95% CI)
Shohat et al (2020) Internal validation 405 1174 0.74 (0.71 to 0.77)

Sancho (2022) External validation 25 64 0.69 (0.56 to 0.82)

Pooled estimate 430 1238 0.74 (0.57 to 0.85)

Figure 4. Meta-analysis of model discrimination of model developed by Shohat et al.
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c-statistic of 0.53e0.77 (median: 0.65), which was generally
lower than that reported in internal validation studies. Only
three (33%) models had measures for model calibration in an
external validation dataset reported.
Meta-analysis of predictive models

Two models had been validated in multiple independent
datasets. Our meta-analysis of the KLIC score used pooled
estimates of model discrimination from six external validation
studies involving 1002 patients (Figure 3). Measures reported in
the initial model development paper were excluded from this
analysis as these were derived from the original training
dataset. Pooled estimates indicated that the KLIC had fair
discriminative performance (pooled c-statistic 0.62, 95% CI
0.55e0.69). Both the s2 (0.024) and I2 (33.39) estimates
Table III

Risk of bias summary e model development

Model Risk of bias

Participants Predictors Outcome

Buller High Unclear High
Kheir High High Unclear
Klemt neural High Unclear Unclear
Klemt forest High Unclear Unclear
Klemt elastic High Unclear Unclear
Klemt hip High Unclear Unclear
Klemt Knee High Unclear Unclear
Morcillo High Unclear High
Sabry High Unclear High
Shohat High Unclear High
KLIC High Unclear High
Tikhilov High High High
CRIME-80 High Unclear High

KLIC, kidney, liver, index surgery.
indicated that between-study heterogeneity was minimal.
Meta-analysis of the machine learning model developed by
Shohat et al. [17] used pooled estimates of model discrim-
ination from one external validation and one internal vali-
dation, involving a total of 1238 patients (Figure 4). Although
the model has good discriminative performance and the I2 (0%)
showed minimal between-study heterogeneity, pooled esti-
mates were imprecise (pooled c-statistic 0.74, 95% CI
0.57e0.85), and the s2 ¼ 0.0. No measures of model calibration
could bemeta-analysed, as they were not reported in sufficient
detail across the available validation studies.

Risk of bias and applicability

All model development studies, and all external validations
were assessed as being at high risk of bias (Tables III and IV). All
studies were at risk of bias due to reliance on retrospectively
Applicability

Analysis Participants Predictors Outcome

High Low Low Low
High Low High Low
High Low Low Low
High Low Low Low
High Low Low Low
High Unclear Low Low
High Unclear Low Low
High Low Unclear High
High High Unclear Low
High Low Unclear Low
High Low Low High
High Unclear High High
High Low Low Low



Table IV

Risk of bias summary e external validation

Author Model Risk of bias Applicability

Participants Predictors Outcome Analysis Participants Predictors Outcome

Chalmers KLIC High High Unclear High Low High Low
Chalmers CRIME-80 High High Unclear High Low High Low
Jimenez-Garrido KLIC High Unclear High High Low Low High
Liukkonen - one stage KLIC High Unclear High High Low Low Low
Liukkonen - DAIR KLIC High Unclear High High Low Low Low
Lowik KLIC High Unclear High High Low Low High
Monarrez Kheir High Unclear Unclear High Low Low Low
Morcillo KLIC High Unclear High High Low Low High
Sancho Shohat High High High High Low High Low
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collected data to identify participants. When assessing bias due
to inappropriate methods of analysis during model develop-
ment, no models adequately accounted for complexities in
their study data (e.g., accounting for competing risks) and 10
(77%) models handled continuous predictors inappropriately.
Furthermore, only two (15%) of the models and none of the
external validations appropriately accounted for missing data.
Risk of bias assessments also highlighted substantial issues with
reporting, with all studies not reporting enough information to
respond to at least one signalling question. In total, five models
(38%) had at least some concerns about applicability.

Common reason for concerns about applicability included
reliance (or potential reliance) on intra-operative micro-
biological data as predictors (N ¼ 5, 38%) or predicting out-
comes measured over a period that was too short to adequately
guide treatment decisions (N ¼ 2, 15%).

Discussion

Management of PJI aims to maximize each patient’s chance
of eradicating the infection while minimizing the burden
associated with invasive surgical intervention. Ideally, deci-
sions would be made with access to reliable information about
each individual patient’s chance of successful treatment. This
systematic review identified 13 predictive models that aimed
to provide clinicians and patients with individualized infor-
mation to guide decisions about the optimal management of
PJI. Although these models have been made widely accessible,
this review identified important limitations with how each of
these models were developed and highlighted that, to date,
none of these models has demonstrated strong predictive
performance across external validation studies.

The most common predictive variables used in these models
were BMI, age, smoking status, the exchange of mobile com-
ponents during DAIR and male gender. This aligns with previous
systematic reviews examining individual risk factors for treat-
ment failure among patients with PJI [27,28]. While most of
these variables would be routinely available to treating clini-
cians if these tools were implemented in practice, half of the
tools identified relied upon (or potentially relied upon) intra-
operative microbiological data. As intra-operative cultures
are not available to clinicians when making decisions about the
most appropriate surgical management for a particular
patient, this limits the clinical applicability of many of the
available predictive models. Even when all included predictive
variables would be routinely available, most models
categorized continuous predictors or assumed a linear rela-
tionship with the outcome, rather than attempting to appro-
priately specify the functional form of these relationships. This
is known to negatively impact model performance [29]. Future
efforts to develop improved models should ensure appropriate
selection and handling of predictive variables to improve the
performance and clinical applicability of these models.

Another common concern was the reliance on inappropri-
ately small samples during model development, with no models
being developed in cohorts with more than seven events per
candidate predictor parameter. Reliance on such small samples
often results in models that are overfit to the development
data, which may result in clinicians overestimating how reli-
able a model is when applied to new patients [30]. This concern
is supported by our finding that estimates of discrimination
reported in development datasets were generally higher than
those reported in internal or external validations. Given the
heterogenous nature of patients treated for PJI across centres
and countries, external validation is particularly important to
ensure that models perform well outside of the context in
which they were developed. Unfortunately, only four of the 13
models identified had been externally validated, and all
external validation studies were assessed as being of high risk
of bias. Several studies purporting to externally validate pre-
dictive tools in this area were excluded in the screening process
as they did not provide any measures of model performance
[31e34].

To date, only one model e the KLIC score [18] e has been
externally validated across multiple external cohorts. Our
pooled estimates indicate that this score has moderate dis-
criminative performance. Until new models are developed, or
existing models can be externally validated across cohorts, this
indicates that the clinical value of available tools remains
highly uncertain. Without access to reliable and precise pre-
dictions of treatment outcomes for individual patients, deci-
sion making is likely to be guided by broader, population-level
information about outcomes of particular treatment
strategies.

There are limitations of this study. We only identified peer
reviewed studies written in English. Furthermore, even when
meta-analysis for measures of discrimination was possible, it
was necessary to impute CIs for most studies. Finally, due to
the limited number of studies eligible for meta-analysis, we
were unable to explore sources of heterogeneity in the per-
formance of these models through methods such as meta-
regression.
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In conclusion, clinicians should be aware of important
methodological issues with all available studies reporting on
the development or validation of predictive models that aim to
guide the treatment of PJI. None of the 13 models identified in
this systematic review have consistently demonstrated strong
predictive performance across multiple external validation
studies. Until additional external validations are conducted,
the reliability of predictions made by available models is
uncertain if they were to be used to guide clinical decisions
making. Future research is needed to address these limitations
by developing new models in line with methodological best
practice and by ensuring that both new and existing models are
rigorously externally validated prior to being considered for
implementation in clinical settings.
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