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Abstract
Background  Periprosthetic joint infection leads to significant morbidity and mortality after total knee arthroplasty. 
Preoperative and perioperative risk prediction and assessment tools are lacking in Asia. This study developed the first 
machine learning model for individualized prediction of periprosthetic joint infection following primary total knee 
arthroplasty in this demographic.

Methods  A retrospective analysis was conducted on 3,483 primary total knee arthroplasty (81 with periprosthetic 
joint infection) from 1998 to 2021 in a Chinese tertiary and quaternary referral academic center. We gathered 60 
features, encompassing patient demographics, operation-related variables, laboratory findings, and comorbidities. 
Six of them were selected after univariate and multivariate analysis. Five machine learning models were trained with 
stratified 10-fold cross-validation and assessed by discrimination and calibration analysis to determine the optimal 
predictive model.

Results  The balanced random forest model demonstrated the best predictive capability with average metrics of 
0.963 for the area under the receiver operating characteristic curve, 0.920 for balanced accuracy, 0.938 for sensitivity, 
and 0.902 for specificity. The significant risk factors identified were long operative time (OR, 9.07; p = 0.018), male 
gender (OR, 3.11; p < 0.001), ASA > 2 (OR, 1.68; p = 0.028), history of anemia (OR, 2.17; p = 0.023), and history of septic 
arthritis (OR, 4.35; p = 0.030). Spinal anesthesia emerged as a protective factor (OR, 0.55; p = 0.022).

Conclusion  Our study presented the first machine learning model in Asia to predict periprosthetic joint infection 
following primary total knee arthroplasty. We enhanced the model’s usability by providing global and local 
interpretations. This tool provides preoperative and perioperative risk assessment for periprosthetic joint infection and 
opens the potential for better individualized optimization before total knee arthroplasty.
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Background
An escalating number of total knee arthroplasty (TKA), 
the definitive treatment for end-stage knee osteoarthri-
tis, is being performed due to the aging population [1]. 
Periprosthetic joint infection (PJI), the most common 
complication leading to TKA revision, results in signifi-
cant morbidity and mortality, with one-year and five-
year mortality rates reaching up to 10.6% and 25.9% 
respectively [2–4]. Other than inferior clinical outcomes 
like pain and poor function, PJI also increases hospital 
resource utilization due to the complexities of revision 
surgery, extended antibiotic treatment, and prolonged 
hospital stays [4, 5]. The number of PJI is forecasted to 
increase due to the rise in the number of TKA performed. 
By 2030, the anticipated total annual hospital cost in the 
United States for PJI following TKA is estimated to reach 
$1.1  billion, posing a substantial economic burden [6]. 
Strategies to reduce and optimize the management of PJI 
in TKA would thus provide significant patient- and soci-
ety-level benefits.

In order to minimize the chance of having PJI and 
optimize TKA care, it is crucial to assess preoperative 
and perioperative risk factors. The evaluation facilitates 
the development of targeted strategies to avoid PJI and 
enables risk prediction on an individual case basis. While 
preoperative assessment and perioperative management 
are performed to screen for and optimize risk factors in 
clinical practice, the interaction and relative contribution 
of these risk factors to PJI are not well described. An inte-
grated model that can combinedly assess patients’ risk 
factors and make relevant risk predictions would hence 
be useful in counseling patients and supporting clinical 
decision-making, especially in assessing an individual’s 
subsequent risk of PJI.

Machine learning (ML) is a subset of artificial intelli-
gence that learns from historical data to identify patterns 
and make logical decisions with improvement along the 
learning process [7]. It is rapidly gaining prominence in 
the orthopedics field due to its promising potential in 
discerning underlying patterns within data in complex 
and non-linear tasks [8]. It has demonstrated its utility 
in the analysis of PJI [9], for example, the prediction of 
the failure rate of debridement, antibiotics, and implant 
retention for PJI and the prediction of recurrent PJI fol-
lowing revision TKA [10, 11]. These prediction models, 
however, did not encounter significant data imbalance, 
which occurs in the scenario of PJI prediction among the 
primary TKA population as the number of PJI (minor-
ity class) exists in small numbers among the whole pri-
mary TKA population. Such data imbalance complicates 

pattern detection for many standard ML classifiers, 
which often assume balanced training data and strug-
gle with the inadequate number of positive samples in 
this context [12]. In this study, we explored the use of 
advanced ML algorithms, such as the balanced random 
forest algorithm, to address the challenges posed by the 
imbalanced data set. In each iteration of this classifier, a 
bootstrap sample was drawn from the minority class by 
random sampling with replacement. Then, the major-
ity class was downsampled to form a balanced bootstrap 
sample for inducing a classification tree. The predictions 
of all trees were aggregated to reach the final prediction 
[13]. The imbalance problem could possibly be solved by 
using balanced subsamples (Fig. 1).

Recent attempts to use ML or statistical methods to 
stratify the risk of PJI following primary TKA are con-
strained in that they are developed based on Caucasian 
and Western world data [14–19]. However, these models 
may not be relevant to Asians due to geographic or ethnic 
differences in the occurrence of the disease. For example, 
the reported prevalence of rheumatoid arthritis in China 
is lower than that in the United States and Europe [20]. 
This divergence in rheumatoid arthritis prevalence would 
possibly influence its significance as a PJI risk factor and 
its relative contribution to the overall number of PJIs in 
Asians. Similarly, many other geographic or ethnic dif-
ferences may also contribute to the inadaptability of the 
previous ML models in Asia, for example, the difference 
in the definition of obesity with a lower body mass index 
(BMI) cut-off, and older age at which TKA is performed, 
to name but a few [21, 22]. Due to this shift in demo-
graphics, the limited factors employed by previous mod-
els may not fit well in the Asian population.

Considering these difficulties and limitations, this 
study aimed to develop a comprehensive ML model that 
provides an individualized and systematic prediction of 
PJI risk following primary TKA in Asia, identifying pre-
dictors while navigating through the imbalanced classifi-
cation task of PJI with improved ML algorithms. A broad 
range of potential risk factors were examined to identify 
the most relevant ones and combined into one unifying 
model.

Methods
Patient cohort
This study was approved by the Institutional Review 
Board of the University of Hong Kong/Hospital Author-
ity Hong Kong West Cluster (IRB/ REC reference num-
ber: UW23-328) and was conducted in accordance with 
the Declaration of Helsinki. A retrospective analysis of 
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patients presented to Queen Mary Hospital, a tertiary 
and quaternary referral academic center in Hong Kong, 
between 1998 and 2021 was conducted. In this cohort 
study, patients receiving primary TKA were studied with 
a mean follow-up time of 8.6 ± 3.9 years, examining the 
association between the exposure to different risk fac-
tors or protective factors and the risk of developing PJI 
after TKA. Data retrieval was performed using the elec-
tronic patient record (ePR) system of Hong Kong pub-
lic hospitals and its accompanying retrieval system, the 
Clinical Data Analysis and Reporting System (CDARS, 
Hospital Authority, Hong Kong). TKA was identified 
with the ICD-9-CM procedure codes 81.41 and 81.54 
(total knee replacement), and further supplemented by 

detailed patient record analysis. The inclusion criteria 
were ipsilateral, staged, or simultaneous bilateral TKAs, 
with complete operations documentation and at least one 
year of clinical follow-up, resulting in 3710 cases of TKA. 
Non-primary (e.g. revision) and partial (e.g. unicompart-
mental, bicompartmental) knee arthroplasty procedures 
were excluded. The final cohort of 3,483 cases of TKA 
remained for the model development. The cohort selec-
tion process is outlined in Fig. 2.

Among the final cohort, cases were divided into the 
infected class (PJI developed following TKA) and non-
infected class (no evidence of PJI following TKA). 
Possible PJI cases were identified via ICD-9-CM and 
ICD-10-CM diagnosis codes 996.66 and T84.5 (infection 

Fig. 1  A diagram illustrating the balanced random forest algorithm’s concept. Red dots represent the minority class, whereas blue dots represent the 
majority class
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Fig. 2  A flowchart illustrating the cohort selection process

 



Page 5 of 15Chong et al. BMC Musculoskeletal Disorders          (2025) 26:241 

and inflammatory reaction due to internal joint prosthe-
sis), as well as V54 and Z47 (other orthopedic aftercare/ 
follow-up care). These cases were retrieved by manual 
chart review and assessed according to the 2013 Inter-
national Consensus Meeting criteria, which is a modified 
definition from the Musculoskeletal Infection Society 
criteria of PJI, to confirm the PJI status [23]. Cases with 
confirmed PJI status were classified as the infected class, 
while cases without confirmed PJI status were classified 
as the non-infected class.

Feature collection and preprocessing
60 features, including patient demographics (e.g. age, 
gender, ethnicity, and American Society of Anesthesiol-
ogy (ASA) score), operation-related variables (e.g. opera-
tive time, anesthesia type, and indication for operation), 
laboratory findings (e.g. preoperative albumin, hemoglo-
bin, and the international normalized ratio), and comor-
bidities (e.g. diabetes mellitus (DM), anemia, and septic 
arthritis) were retrieved from the aforementioned hospi-
tal systems (ePR and CDARS). The characteristics of the 
cohort were summarized in Table 1.

We used Python (version 3.11.0; Python Software 
Foundation, Wilmington, DE, USA) along with the librar-
ies Scikit-learn (version 1.2.2), NumPy (version 1.21.5), 
and Pandas (version 1.4.4) for data preprocessing, sta-
tistical analysis, model development, and evaluation. 
Missing data was imputed with the mean for continuous 
variables and mode for discrete variables (Supplementary 
Table 1). The effect of outliers was reduced by Winsoriza-
tion. MaxAbsScaler was applied to rescale continuous 
variables by their maximum absolute value.

For feature selection, we conducted a univariate analy-
sis using logistic regression with an alpha level of 0.05, 
selecting features with p-values < 0.05. We then per-
formed an iterative multivariate analysis using logistic 
regression, where in each iteration, the feature with the 
maximum p-value was removed if it exceeded 0.1. The 
final set of predictors obtained from the iterative mul-
tivariate analysis had p-values < 0.05, as summarized in 
Table 1.

Model development
In this research, we employed five supervised ML algo-
rithms: (1) balanced random forest, (2) gradient boost-
ing machine, (3) logistic regression, (4) Gaussian Naïve 
Bayes, and (5) support vector machine to predict the risk 
of PJI following primary TKA. These five candidate algo-
rithms were inspired by prior studies that demonstrated 
strong discriminative capability in prediction tasks. A 
stratified 10-fold cross-validation method was used to 
train all five models on the same dataset with hyperpa-
rameters tuned and assess their performances.

Performance evaluation
All models’ performances were evaluated by several met-
rics in each iteration: the area under the receiver oper-
ating characteristic curve (AUC), balanced accuracy, 
sensitivity, specificity, F1 score, Brier score, calibration 
slope, and calibration intercept. For discrimination, 
AUC was mainly used to evaluate the model. It is the 
area under a probability curve plotted with true positive 
rates against false positive rates, representing the degree 
of predictive capability. The AUC ranges from 0 to 1. 
A model with an AUC higher than 0.7 is considered to 
have good performance with clinical significance, while 
an AUC of 1 is considered perfect [24]. For calibration, 
a calibration plot with calibration slope and intercept 
was used for evaluation. The ideal model has a calibra-
tion slope of 1 and a calibration intercept of 0 [25]. For 
the rest of the metrics, all metrics range from 0 to 1 with 
a higher score indicating better performance, except for 
the Brier score, which reflects better performance when 
approaching 0. Among the metrics, we put more empha-
sis on the AUC and balanced accuracy during perfor-
mance assessment due to the imbalanced nature of the 
classification task. An average of the scores in each itera-
tion resulted in the final performance of the model. The 
model with the best performance among the five trained 
models was selected as our final model.

Model interpretability
In attempting to increase the transparency and interpret-
ability of the final prediction model, both global and local 
explanations were provided. A global explanation was 
delivered through SHapley Additive exPlanations (SHAP) 
summary plots, and local explanations for individual 
TKA cases were delivered through SHAP waterfall plots.

Results
Cohort characteristics
A total of 3,483 cases of TKA were studied. In the cohort, 
81 (2.3%) TKAs developed PJI. Most of the patients were 
Chinese (98.2%) and female (73%). The mean age was 
70.4 ± 10.0 years, with a mean BMI of 27.8 ± 4.6  kg/m2. 
A significant proportion of the cohort was ASA class 2 
(57.5%) and ASA class 3 (30.9%). The mean duration of 
TKA operations was 116.6 ± 75.8  min, with spinal anes-
thesia being the most employed anesthesia type (48.9%), 
followed by general anesthesia (35.4%) as the second 
most utilized anesthesia option. Primary osteoarthritis 
was the major indication for operation (92.6%). The mean 
preoperative hemoglobin level was 12.8 ± 1.4  g/dL. Cer-
tain comorbidities showed a notably higher prevalence 
among our cohort: hypertension (71.3%), DM (41.3%), 
and hyperlipidemia (11.3%). The other comorbidities 
had substantially lower prevalence in the study group 
(Table 1).
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Characteristics Primary total knee arthroplasty cases 
(N = 3483)

P-values
Univariate analysis Multivariate 

analysis (Final 
iteration)

Patient demographics
Age (years) 70.4 ± 10.0 < 0.001
Male gender 939 (27.0%) < 0.001 < 0.001
Ethnicity Chinese 3421 (98.2%); Other Asians 33 

(0.9%); Non-Asians 29 (0.8%)
0.436

American Society of Anesthesiology score ASA 1, 146 (4.2%); ASA 2, 2002 (57.5%); ASA 
3, 1077 (30.9%); ASA 4, 3 (0.1%); Missing, 
255 (7.3%)

ASA > 2: 0.016 ASA > 2: 0.028

Body mass index (kg/m2) 27.8 ± 4.6 0.148
Operation-related variables
Laterality Left 1458 (41.9%); Right 1457 (41.8%); Bilat-

eral 568 (16.3%)
0.229

Operative time (minutes) 116.6 ± 75.8 < 0.001 0.018
Preoperative length of stay (days) 1.2 ± 1.8 0.081
Anesthesia type
  General anesthesia 1233 (35.4%) 0.002
  Spinal anesthesia 1703 (48.9%) 0.003 0.022
  Combined-spinal epidural anesthesia 428 (12.3%) 0.987
  Epidural anesthesia 22 (0.6%) 0.497
  Other 97 (2.8%) 0.861
Indication for operation
  Primary osteoarthritis 3226 (92.6%) < 0.001
  Rheumatoid arthritis 114 (3.3%) 0.826
  Neoplasm 56 (1.6%) < 0.001
  Secondary osteoarthritis 89 (2.6%) 0.008
  Other 32 (0.9%) 0.157
Laboratory findings
Preoperative albumin (g/L) 42.3 ± 3.3 0.014
Preoperative hemoglobin (g/dL) 12.8 ± 1.4 0.058
Preoperative international normalized ratio 1.0 ± 0.1 0.028
Preoperative absolute lymphocyte count (×109/L) 1.8 ± 0.6 0.102
Comorbidities
Diabetes mellitus 1438 (41.3%) 0.742
  Uncomplicated 1339 (38.4%) 0.469
  Complicated 99 (2.8%) 0.258
Hypertension 2482 (71.3%) 0.157
Hyperlipidemia 392 (11.3%) 0.692
Anemia 215 (6.2%) 0.002 0.023
Thrombocytopenia 16 (0.5%) 0.018
Agranulocytosis 12 (0.3%) 0.006
Neoplasm 339 (9.7%) 0.056
  Non-malignant 206 (5.9%) 0.565
  Malignant 133 (3.8%) 0.027
Renal disease 109 (3.1%) 0.995
  Renal failure 60 (1.7%) 0.999
  Renal impairment 49 (1.4%) 1.000
Liver disease 90 (2.6%) 0.523
Heart failure 107 (3.1%) 0.751
Chronic ischemic heart disease 251 (7.2%) 0.716
Atrial fibrillation 137 (3.9%) 0.914
Dysrhythmia 53 (1.5%) 0.831

Table 1  Characteristics of the cohort
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Significant predictors
By univariate analysis, 16 features (p < 0.05) were selected 
for an iterative multivariate analysis. Six significant fea-
tures (p < 0.05) were selected as our final set of predictors: 
operative time, male gender, ASA > 2, spinal anesthesia, 
history of anemia, and history of septic arthritis (Table 1).

Model performance
The AUC of the models ranged from 0.963 to 0.701. 
The balanced random forest model achieved the high-
est AUC, showing excellent discriminative capabil-
ity among the five models. The balanced accuracy of 
the models ranged from 0.920 for the balanced random 
forest model to 0.644 for the support vector machine 
model. The sensitivity ranged from 0.938 to 0.572, with 

the highest sensitivity achieved by the balanced random 
forest model. The specificity ranged from 0.902 for the 
balanced random forest model to 0.564 for the logistic 
regression model (Table  2). Overall, the balanced ran-
dom forest model demonstrated the best discrimination 
performance among all five models, showing stable and 
robust performances across all ten folds of cross-valida-
tion (Fig. 3), hence being selected as our final model. In 
terms of calibration, the balanced random forest model 
had a calibration slope of 1.362 and a calibration inter-
cept of -0.009, suggesting a slightly moderate risk estima-
tion (Fig. 4; Table 2).

Table 2  The average discrimination and calibration performance of the five models across all ten folds of cross-validation
Metrics Balanced

Random
Forest

Gradient
Boosting
Machine

Logistic
Regression

Gaussian
Naïve
Bayes

Support
Vector
Machine

AUC 0.963 0.931 0.728 0.719 0.701
Balanced Accuracy 0.920 0.844 0.654 0.655 0.644
Sensitivity 0.938 0.889 0.744 0.708 0.572
Specificity 0.902 0.800 0.564 0.602 0.717
F1 score 0.314 0.174 0.074 0.076 0.084
Brier score 0.097 0.198 0.432 0.395 0.287
Calibration slope 1.362 2.431 1.198 -0.854 1.264
Calibration intercept -0.009 -0.034 -0.005 0.043 -0.007
AUC = Area under the receiver operating characteristic curve

Characteristics Primary total knee arthroplasty cases 
(N = 3483)

P-values
Univariate analysis Multivariate 

analysis (Final 
iteration)

Myocardial infarction 17 (0.5%) 1.000
Angina pectoris 36 (1.0%) 0.857
Atherosclerosis 38 (1.1%) 0.241
Peripheral vascular disease 6 (0.2%) 0.052
Asthma 90 (2.6%) 0.450
Chronic obstructive pulmonary disease 38 (1.1%) 0.900
Cerebrovascular disease 85 (2.4%) 0.460
Organic brain syndrome 14 (0.4%) 0.258
Epilepsy 13 (0.4%) 0.976
Hemiplegia 10 (0.3%) 0.996
Alzheimer’s disease 12 (0.3%) 0.999
Dementia 7 (0.2%) 0.999
Depression 110 (3.2%) 0.359
Psychosis 79 (2.3%) 0.385
Anxiety 54 (1.6%) 0.999
Tuberculosis 156 (4.5%) 0.384
Rheumatoid disease 181 (5.2%) 0.689
Septic arthritis 21 (0.6%) 0.002 0.030
Systemic lupus erythematosus 11 (0.3%) 0.995
*Bolded p-values are p < 0.05

Table 1  (continued) 
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Model interpretability
The SHAP summary plots provided a global explanation 
of the model decision, visualizing the feature importance 
of each feature (Figs.  5 and 6). In descending levels of 
significance, the model used operative time (OR, 9.07; 
95% CI, 1.47–56.14; p = 0.018), male gender (OR, 3.11; 
95% CI, 1.97–4.90; p < 0.001), ASA > 2 (OR, 1.68; 95% CI, 
1.06–2.67; p = 0.028), spinal anesthesia (OR, 0.55; 95% CI, 
0.33–0.92; p = 0.022), history of anemia (OR, 2.17; 95% 
CI, 1.11–4.24; p = 0.023), and history of septic arthritis 
(OR, 4.35; 95% CI, 1.15–16.41; p = 0.030) as predictors. In 
general, all predictors were risk factors for PJI except spi-
nal anesthesia, which was a protective factor.

We presented two local SHAP waterfall plots for a 
high-risk and a low-risk patient respectively, illustrat-
ing the individual patient-level explanations for the final 
model predictions (Figs.  7 and 8). The 8th TKA patient 
in our cohort was a low-risk patient with a predicted PJI 
risk of 33.3% (Fig. 7). In this individual case, being a male 
was the most significant risk factor, whereas spinal anes-
thesia administration and TKA lasting for 70  min (0.08 
after rescaling) were the two most important protective 
factors. In another example, the 32nd TKA patient in our 
cohort was a high-risk patient with a predicted PJI risk 
of 93.9% (Fig. 8). In this individual case, TKA lasting for 
117 min (0.134 after rescaling) and non-spinal anesthesia 

administration were the two most important risk factors, 
whereas being a female was the most significant protec-
tive factor.

Discussion
Model performance
This study developed the first PJI prediction model based 
on the Chinese population, marking the first such model 
in Asia. Recent studies have attempted to stratify PJI risk 
following primary TKA by statistical or ML-based meth-
ods with the use of Western world data [15, 16, 19, 26] 
(Table 3). In particular, our ultimate ML model employ-
ing the balanced random forest algorithm exhibited 
superior performance compared to prior models, dem-
onstrating its exceptional discriminative capability and 
potential for identifying patients with an elevated PJI 
risk. After extensive investigation of potential predictors 
to ensure the comprehensiveness of our study, our model 
concentrated on six selected predictors that are most rel-
evant to the Chinese population. This design allows for 
easy adaptation by other hospitals, as it necessitates min-
imal data variable collection.

Among the five candidate algorithms, our study dem-
onstrated that the balanced random forest algorithm 
stands out as an optimal solution for addressing the 
imbalanced classification problem in predicting PJI 

Fig. 3  Performance of the balanced random forest model, showing the confusion matrices and receiver operating characteristic curves for all ten folds 
of cross-validation. In the confusion matrices, TKA with PJI was classified as Class 1, and TKA without PJI was classified as Class 0
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following primary TKA. This algorithm was specifically 
designed to address the imbalance issue by utilizing bal-
anced subsamples.

Significant predictors
The existing literature supports the six selected pre-
dictors. In this study, operative time emerged as the 
strongest predictor with a longer duration found to 
be associated with higher PJI risk. With a 15-min-
ute increase in operative time, an 18% (95% CI, 11–26) 
increased PJI risk was found by a retrospective study of 
11,840 primary TKAs performed between 2014 and 2017 
[27], and a 9% (95% CI, 4–13) increased deep wound 
infection risk was found by a registry-based study of 
56,216 primary TKAs performed between 2001 and 2009 
[28]. The underlying mechanism may be multifactorial. 
As a result of a longer operative time, an open TKA inci-
sion wound is more likely to be contaminated by airborne 
bacteria [29, 30], and tissue desiccation around incisions 

is more likely to occur [31], which delays wound heal-
ing and increases infection risk [32]. A longer tourniquet 
duration may also prolong wound hypoxia and increase 
infection risk [33].

In accordance with prior works, we found that the 
male gender played the second most significant role in 
predicting PJI risk following primary TKA. Male gen-
der was revealed to be a significant PJI risk factor in an 
analysis of 64,566 TKAs from the New Zealand Joint 
Registry performed between 1999 and 2012 (OR, 1.84; 
95% CI, 1.24–2.73) [34] and an analysis of 56,216 TKAs 
from an American registry performed from 2001 to 
2009 (HR, 1.89) [35]. The underlying mechanism is con-
troversial. Male gender itself and its hormonal factors 
might or might not be a direct risk factor for PJI, but it is 
undoubtedly associated with multiple behavioral factors 
that remain unrecorded in an electronic health system. 
For example, males in Asian populations, traditionally 
assuming the role of primary breadwinners, tend to adopt 

Fig. 4  A calibration plot of the balanced random forest model
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a more sedentary lifestyle, encounter greater exposure to 
occupational environments with suboptimal hygiene like 
construction sites, and expose more to alcohol and smok-
ing, etc. These factors tend to be more prevalent in males 
than females and were not accounted for in this study 
[36, 37].

ASA score was the third significant predictor of PJI 
risk following primary TKA. This score, evaluated by an 

anesthetist preoperatively, serves as an indicator of the 
patient’s physical status and plays a role in estimating 
comorbidity and preoperative risk. ASA > 2 indicates the 
presence of significant systemic disease [38]. We found 
that an ASA score > 2 was associated with an increased 
risk of PJI following TKA. This observation was consis-
tent with prior studies. In a meta-analysis, ASA score > 2 
was concluded to be a high-risk factor for PJI (OR, 2.06; 

Fig. 6  A SHAP summary dot plot, showing the impact of each predictor on the model output. A positive SHAP value represents an increase in PJI risk, 
whereas a negative SHAP value represents a decrease in PJI risk. For continuous feature (operative time), the feature value ranges from red to purple to 
blue, with red dots indicating a higher value of the feature, and blue dots indicating a lower value. For discrete features (the rest of the predictors), the 
feature value is represented by red and blue dots, with red dots indicating the presence of the feature, and blue dots indicating the absence of the feature

 

Fig. 5  A SHAP summary bar plot, ranking the average importance level of each predictor on the model prediction in descending order
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95% CI, 1.77–2.39) [38]. In another multivariable analy-
sis, ASA class 2 was found to have a 1.2 lower hazard 
ratio than ASA > 2 for PJI following total hip arthroplasty 
[39]. ASA score may also serve as a comprehensive indi-
cator encompassing the influence of age-related comor-
bidities on PJI risk. The inclusion of ASA as a risk factor 
addresses the exclusion of age as a direct risk factor in 
our model, as multiple studies have indicated that age 
alone does not exhibit significant predictive value for PJI 
risk after adjusting for confounding variables [40–42]. 
These findings highlight the importance of considering 
broader health status factors, which ASA score reflects, 
when assessing the risk of PJI following TKA.

Apart from risk factors, spinal anesthesia was the only 
protective factor identified among all predictors. Schol-
ten et al. [43] reported a lower association between spinal 
anesthesia and early PJI following TKA in comparison to 
general anesthesia, which has an odds ratio of 2.0 (95% 
CI, 1.0–3.7) relative to spinal anesthesia. Similar results 
were obtained from several studies [44–46]. Although 
the underlying mechanism is not fully understood, the 
association between spinal anesthesia and less blood 
loss, fewer blood transfusions required, and less inci-
dence of hyperglycemia are some possible reasons for its 
protective nature against PJI because these factors sup-
press immunity [43, 47, 48]. Besides, due to the limited 

operative time allowed by spinal anesthesia, it may also 
imply that the TKA operation went smoothly without 
unexpected complications. Therefore, it was also in echo 
with our above finding that longer operative time was a 
risk factor for PJI.

While the identified predictors are familiar to ortho-
pedic surgeons, the interplay between these factors and 
their relative contribution to PJI remains understudied. 
Our model represents a novel approach by integrating 
these significant parameters into a unified risk prediction 
tool. By accounting for the complex interactions among 
predictors, our model offers rapid and personalized pre-
dictions tailored to individual patients’ cases.

Among the selected predictors, three of them (opera-
tive time, spinal anesthesia, and history of anemia) were 
potentially modifiable. By applying our model to real 
clinical settings, we could identify high-risk patients and 
their modifiable risk factors preoperatively. For example, 
in a male patient with an ASA score above 2, surgeons 
should pay attention to the possibly heightened risk of 
PJI. In addition to standard preoperative health assess-
ment, they can further optimize the patient by pay-
ing particular attention to the reduction of operative 
time, choice of anesthesia (spinal anesthesia if possible), 
and necessity of correcting anemia for a period before 
TKA. Patients could also make a thorough preoperative 

Fig. 7  A local SHAP waterfall plot of the 8th TKA patient. The number on the left of each predictor is the input value, with 0 representing the absence 
of predictors, and 1 representing the presence of predictors. For continuous feature, the input value of the operative time was rescaled from the original 
duration. The impact of predictors on the model output was ranked in descending order of significance, with spinal anesthesia being the strongest pre-
dictor and septic arthritis being the least important predictor in this TKA case. Red arrows represent an increase in PJI risk, whereas blue arrows represent 
a decrease in PJI risk. The sum of the base value (E[f(X)] = 0.5) and SHAP values of all predictors is the predicted probability (f(x) = 0.333) which is less than 
the base value. Hence, he was classified as class 0 with a low PJI risk of 33.3%
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treatment decision by weighing TKA risks against ben-
efits through the analysis of their non-modifiable risk fac-
tors. For instance, a male patient, with a history of septic 
arthritis, and a high ASA score, should be informed of 
the relatively high risk of PJI. If his knee arthritis is rel-
atively tolerable or he is in low demand, then TKA may 
not be in his best interest. The model could be applied 
not only in the preoperative period but also postopera-
tively, where it may help identify high-risk patients who 
may need enhanced monitoring and screening for poten-
tial PJI development, allowing earlier diagnosis and, con-
sequently, earlier treatment. With this model, practice 
changes are therefore possible to further reduce the risk 
of PJI, a shared decision can also be reached between 
surgeons and patients who are now better informed of 
the potential risk, and high-risk patients could be closely 
monitored for potential PJI development. Potentially, this 

could translate into overall better clinical outcomes of 
TKA and reduce clinical expenditure on managing PJI.

Limitations
Our study has its limitations. Machine learning’s ‘black 
box’ nature limits transparency in its predictions, 
which can hinder user understanding [49]. Although 
we employed SHAP values to enhance interpretability, 
they only partially clarified the model’s decision-making 
[50]. Future work could incorporate additional methods, 
alongside SHAP, for a deeper insight into the model. Fur-
thermore, we studied a long period, during which prac-
tices may have varied and data documentation could be 
incomplete. Our study also conducted in a highly spe-
cialized academic center that emphasizes preoperative 
health optimization for TKA. This might introduce con-
founding temporal factors and biases with some known 
risk factors, like DM, BMI, etc., being relatively treated 
and downplayed, hence not reaching statistical signifi-
cance in our study [51–53]. Future analysis on temporal 
effects and these risk factors is encouraged. In addition, 
the highly imbalanced dataset may affect the calibra-
tion performance [25], and contribute to a high number 
of false positives. However, since the primary objective 
is to flag high-risk patients for preoperative optimiza-
tion, the model prioritized sensitivity even at the cost of 

Table 3  Model performances of prior studies and this study
Author Year Algorithm AUC
Yeo, I. [19] 2023 Artificial neural network 0.840
Tan, T.L. [16] 2018 Logistic regression 0.830
Bilimoria, K.Y. [26] 2013 Logistic regression 0.817
Espindola, R. [15] 2022 Logistic regression 0.730
This study / Balanced Random Forest 0.963

Fig. 8  A local SHAP waterfall plot of the 32nd TKA patient. The number on the left of each predictor is the input value, with 0 representing the absence 
of predictors, and 1 representing the presence of predictors. For continuous feature, the input value of the operative time was rescaled from the original 
duration. The impact of predictors on the model output was ranked in descending order of significance, with operative time being the strongest predic-
tor and septic arthritis being the least important predictor in this TKA case. Red arrows represent an increase in PJI risk, whereas blue arrows represent a 
decrease in PJI risk. The sum of the base value (E[f(X)] = 0.5) and SHAP values of all predictors is the predicted probability (f(x) = 0.939) which is higher than 
the base value. Hence, she was classified as class 1 with a high PJI risk of 93.9%
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false positives. Further multi-center studies with a larger 
cohort could allow external validation and recalibra-
tion to enhance model’s generalizability and accuracy. 
Nevertheless, our model provides a solid foundation for 
further investigation and collaboration among Asian cen-
ters. Moreover, to align with existing studies using a one-
year follow-up to capture most high-risk period PJIs, we 
adopted a one-year threshold [10, 15, 54, 55]. While this 
may limit detection of late-onset PJIs, our extended mean 
follow-up of 8.6 years mitigates this limitation. Further 
studies with longer minimum follow-up periods could 
provide further insights into late-onset PJI risk. Future 
work can expand on this ML architecture for predicting 
not only PJI but also other arthroplasty complications, 
particularly rare complications with imbalanced datas-
ets, such as implant fracture, instability, and bone cement 
implantation syndrome [56–58], since we demonstrated 
the feasibility of applying this ML architecture to tackle 
imbalanced prediction tasks.

Conclusion
We developed the first ML model for individualized pre-
diction of PJI following primary TKA in Asia, identifying 
operative time and gender as the strongest predictors. 
This study demonstrated the excellent performance and 
potential of the balanced random forest algorithm in 
solving imbalanced classification difficulties. Global and 
local patient-level interpretations were also provided 
to increase the transparency and interpretability of the 
model. Potential areas for further preoperative and peri-
operative optimization were highlighted by the model.
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