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Background: Preoperative diagnosis of periprosthetic joint infection (PJI) is crucial for guiding treatment strategies and improving
patient outcomes. This study aims to develop a new diagnostic model for the preoperative diagnosis of PJI based on serum and
synovial fluid markers and further validate its effectiveness.

Methods: We retrospectively collected data from patients admitted for joint revision surgery between January 2018 and
October 2022, selecting serum and synovial fluid markers as variables for the study. The most suitable diagnostic markers were
selected using LASSO regression, and eight machine learning (ML) models were constructed based on the selected markers. The
diagnostic performance and clinical utility of the ML models were assessed using receiver operating characteristic curves, calibration
curves, decision curve analysis, and clinical impact analysis. Finally, the best model was compared to existing diagnostic standards
using an external validation cohort.

Results: A total of 376 cases were analyzed (263 in the training cohort and 113 in the validation cohort), with 111 cases (29.52%)
diagnosed as PJI. The ML models included SE-IL6, SE-CRP, ESR, SF-IL6, PMN%, DD, and ALB. The eXtreme Gradient Boosting
model was the optimal model, achieving an area under the curve of 0.998 (95% CI 0.993-1) in the test set, outperforming other
models. It also recorded the lowest Brier score of 0.062 and the highest F1 score of 0.985. In the external validation cohort, the
accuracy, sensitivity, and specificity of the ML diagnostic model were higher than those of the MSIS 2013 and ICM 2018 diagnostic
criteria.

Conclusion: Our newly developed ML diagnostic model can assist clinicians in rapidly and accurately diagnosing PJI before surgery
and has potential value for timing decisions regarding two-stage revisions. It has high economic value and clinical applicability.
Keywords: periprosthetic joint infection, machine learning, diagnostic model, preoperative diagnosis, synovial fluid, inflammatory
markers

Introduction

Periprosthetic joint infection (PJI) is one of the catastrophic complications leading to the failure of joint replacement
surgery, with an incidence of approximately 1-3%, and it is showing an upward trend.'” It is well known that early
detection of infection is closely linked to PJI prognosis. However, hidden clinical signs, false-negative cultures due to
antibiotics or poor sampling make preoperative identification of PJI difficult.>* While improved sampling and specimen
handling reduce negative culture rates, pathogen immune evasion can still result in false negatives.” Additionally,
complex sampling and specimen handling increase the risk of contamination, adding financial strain on patients and
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treatment burden on doctors. Therefore, establishing rapid and convenient non-microbiological diagnostic strategies is
the future goal for PJI diagnosis.

Systemic inflammatory markers like C-reactive protein (CRP) and erythrocyte sedimentation rate (ESR) are important
in diagnosing infections, and have been incorporated into the diagnostic criteria for PJI by the Musculoskeletal Infection
Society (MSIS) and the International Consensus Meeting (ICM). However, their specificity for PJI diagnosis remains
limited, as they are often affected by non-infectious inflammatory conditions.® Moreover, in chronic PJI or infections
caused by low-virulence organisms, elevations in ESR and CRP are often mild or absent. Our previous studies have also
shown that these markers cannot be used as stand-alone indicators and must be interpreted in conjunction with other
diagnostic parameters.*”® In contrast, synovial fluid markers have become increasingly important in clinical diagnosis
due to their site-specificity and high diagnostic efficiency.'® However, aspiration of joint fluid may sometimes fail due to
dry tap, making PJI assessment difficult."' With the increase in new markers and relevant clinical data, diagnosing PJI
has become more complicated, especially in smaller hospitals or clinics, where testing for certain diagnostic markers
remains limited by technology and resources. Identifying key, user-friendly diagnostic markers from numerous complex
indicators and clinical data, and applying them to PJI diagnosis, remains a major research focus.'> Although the
Musculo-Skeletal Infection Society (MSIS) and International Consensus Meetings (ICM) criteria are widely adopted,
their diagnostic accuracy is still limited. Although the MSIS and ICM criteria are widely adopted, their diagnostic
accuracy is still limited. For instance, the MSIS 2011 criteria demonstrated a specificity of up to 99.5%, but with
a sensitivity of only 79.3%; the sensitivity of the ICM 2013 criteria was similarly limited at 86.9%. While the ICM 2018
criteria have shown improved sensitivity and specificity (both exceeding 95% in some studies), their reliance on
intraoperative cultures may lead to delays in treatment and uncertainty in preoperative diagnosis.'® Although advanced
imaging techniques such as MRI have been explored, they remain costly and are prone to metal artifact interference.
Even with metal artifact reduction sequences (MARS), the image quality of MRI is often suboptimal.'* Moreover, MRI
is time-consuming, associated with multiple contraindications, and expensive. Similarly, FDG-PET using fluorodeox-
yglucose as a tracer shows highly variable results across studies, has a high cost, and carries risks of contrast allergy and
other limitations.'” In addition to serological and synovial fluid inflammatory markers, baseline patient data (such as
body mass index [BMI], albumin [ALB], and blood cell count) are also closely related to infection status, but their
diagnostic specificity and sensitivity for PJI are limited when used alone, which has led to their underutilization in
clinical decision-making.'®!” Thus, utilizing real clinical data with advanced algorithms to identify optimal marker
combinations, analyze their weight in PJI diagnosis, and quantify the probability of infection presents a more effective
strategy for future PJI diagnosis and second-stage revision timing.

Machine learning (ML), as a form of artificial intelligence, can identify relationships between data, generates
algorithms, and fine-tunes parameters to enhance the predictive accuracy of models, ultimately assisting in decision-
making for future data.'®'® Some studies have developed ML-based models for PJI prediction and diagnosis, showing its
potential in addressing the challenges of PJI diagnosis. However, these models are difficult to apply for early pre-
operative prediction, as they include some uncommon tests and rely on intraoperative and postoperative data.”’ > It is
widely recognized that accurately differentiating PJI from aseptic cases preoperatively would greatly reduce patient
suffering and prevent the waste of medical resources and costs. Thus, we aim to focus on developing a diagnostic model
based on preoperative indicators to distinguish PJI from aseptic failure, providing better support for clinicians in making
preoperative surgical decisions.

This study aims to retrospectively collect preoperative serum, synovial fluid markers, and baseline data from PJI
patients based on MSIS, ICM, and European Bone and Joint infection society (EBJIS) criteria and data accessibility
principles. Key variables will be identified, and various ML models will be employed to develop a novel preoperative PJI
diagnostic model. Model interpretability and clinical applicability will be improved using Shapley Additive Explanations
(SHAP), with continued evaluation of its clinical utility and accuracy in a prospective clinical cohort. We hope that this
accessible, low-cost, and widely applicable preoperative diagnostic strategy to assist clinicians in rapidly and accurately
diagnosing PJI and selecting the optimal timing for second-stage revision, enabling timely and appropriate treatment for

patients.
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Materials and Methods

Collection and Extraction of Patient Data

We retrospectively reviewed clinical data from our institution’s database for patients admitted for joint revision surgery
between January 2018 and October 2022. Patients requiring revision due to infection or aseptic failure were included
(with ethical approval from the hospital’s committee [N0.20187101]) and randomly split into training and test cohort in
a 7:3 ratio. We excluded other conditions that could interfere with the diagnosis of PJI. (Figure 1) The study was carried
out following the STROBE guidelines and the STARD requirements, adhering to the latest version of the Declaration of
Helsinki. Since the data used for analysis had identifiable information removed, patient consent for clinical data use was
not required. Patients meeting the MSIS 2013 criteria were diagnosed with PJI, while aseptic failure refers to revision
surgeries performed for reasons other than infection, such as wear, loosening, dislocation, instability, adverse local tissue
reactions, or other causes.

As previously mentioned, this study aims to develop a PJI diagnostic model based on preoperative indicators to assist
clinicians in preoperative management and decision-making, while ensuring the model’s clinical usability. Following the
principle of easy accessibility of preoperative indicators, and referencing MSIS,** ICM,***> EBJIS standards,”® as well
as prior literature, we selected the following preoperative indicators for further screening: Serum (SE) markers:
neutrophil percentage (N%), lymphocyte percentage (L%), platelets (PLT), ESR, SE-CRP, D-dimer (DD), serum
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Exclusion Criteria
Patients with inflammatory diseases such as rheumatoid arthritis;
Patients with peripheral artery and vein diseases of the lower limbs, such as thrombosis, lower limb
arteriovenous inflammation, etc.;
Patients with obvious bruising, petechiae, hematomas, or a history of hypercoagulability in the
lower limbs;
Patients with infectious diseases in other organs, such as pneumonia, urinary tract infections, etc.;
Malignant tumors;
Autoimmune diseases;
Incomplete case information.

Figure | Flowchart of the study.
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Interleukin 6 (SE-IL6), and albumin (ALB). Synovial fluid (SF) markers: polymorphonuclear cell percentage (PMN%)
and SF-IL6. We also gathered demographic data from patients, including sex, age, weight, and BMIL.

Model Development and Statistical Analysis

In the training cohort of this study, we applied Least Absolute Shrinkage and Selection Operator (Lasso) regression to
select variables. Cross-validation was used to determine the relationship between various A values and binomial deviance.
As A increased, unimportant variables with coefficients reduced to zero were excluded, allowing us to identify key
variables and assess their importance. To maximize the diagnostic performance, we built eight models using the selected
variables, including: Support Vector Machine (SVM), Neural Network (NNET), Random Forest (RF), eXtreme Gradient
Boosting (XGB), K-Nearest Neighbors (KNN), Logistic Regression (LR), Gradient Boosting Machine (GBM),
Classification and Regression Trees (CART).

In the test cohort, the diagnostic performance of each model was assessed by plotting ROC curves and analyzing the
AUC to evaluate the model’s ability to distinguish between binary samples. An AUC closer to 1 indicates stronger
discriminatory power. Calibration curves were generated to evaluate whether the predicted probabilities accurately reflect
the actual probability of events, with curves approaching the y=x line indicating higher prediction accuracy. The decision
curve analysis (DCA) can help assess the utility of the model in practical decision-making and is used to evaluate its
clinical applicability. The F1 score is the harmonic mean of precision (the proportion of true positives among predicted
positives) and recall (the proportion of true positives among all actual positives). A higher F1 score indicates a more
accurate model. Accuracy, sensitivity, and specificity were also included in our model evaluation.

Although ML models perform well in predictive tasks, their internal decision-making processes are often opaque and
difficult to interpret, leading clinicians to potentially distrust the model’s output and limiting its clinical adoption. We
applied SHAP to visualize the model’s output by calculating the contribution of each included variable to the diagnostic
prediction and providing visual explanations for individual cases. In SHAP analysis, the raw output value of the model
for each individual sample is represented as f(x), which corresponds to the log-odds in a binary classification model.
A positive f(x) indicates that the model tends to classify the sample as “PJI”, while a negative f(x) suggests a tendency
toward “aseptic failure”. By applying the sigmoid function (P = 1 / (1 + e*{-f(x)})), f(x) can be transformed into
a probability value, allowing comparison with a diagnostic threshold for binary classification decisions.

Prospective Validation of the Model
We prospectively included patients who underwent joint revision surgery between January 2022 and August 2024 for
external validation of the diagnostic model (Clinical Trial Registration No. ChiCTR1800020440, Ethics Approval
No. 2021-257) (Figure 1). Currently, there is no gold standard for PJI, but patients in whom bacteria are detected
(preoperatively, intraoperatively) are generally considered to have PJI. Therefore, in this section, we used positive
bacterial cultures from preoperative and intraoperative specimens as the diagnostic standard for PJI. Bacterial detection
methods included routine cultures (tissue or synovial fluid), special cultures (eg, tuberculosis, fungi), pathological
examination, polymerase chain reaction, gene chip, nucleic acid probe technology, and next-generation sequencing.
All patients provided informed consent.

The ML models developed in this study were compared with the widely used MSIS 2013 and ICM 2018 criteria. The
diagnostic performance of the ML models was externally validated using metrics such as sensitivity, specificity, and
accuracy.

Statistical Analysis

Continuous variables with a normal distribution are presented as mean + standard deviation (SD), and statistical
significance between two groups is determined by parametric #-tests. Otherwise, variables are described using inter-
quartile range (IQR) and compared using the Mann—Whitney U-test. Categorical variables are presented as the number
and percentage of patients in each category, and statistical significance is determined using the y*test or Fisher’s exact
test. A P value <0.05 is considered statistically significant. All statistical analyses and plots were performed using
R 4.2.1.
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Results

Demographic Data

In this study, we excluded a total of 42 patients (Figure 1). A final total of 376 cases were included, of which 111
(29.52%) were diagnosed with PJI. Results showed no significant differences in demographic characteristics (sex, age,
weight, BMI) between the PJI and aseptic failure groups. Serum markers (SF-IL6, SE-CRP, ESR, PLT, N%, DD) and
synovial fluid markers (SF-IL6, PMN%) were significantly higher in the PJI group compared to the aseptic failure group,
while ALB and L% also exhibited significant differences (Table 1). The study population (N=376) was randomly divided
into a training cohort and a test cohort in a 7:3 ratio for the construction and validation of the prediction model. Table 2
shows that there were no statistically significant differences in patient characteristics between the training and test cohort.

Key Variable Selection and Diagnostic Performance Comparison of Multiple Models
In the process of variable selection using Lasso regression, the Lambda. st parameter was applied to increase the penalty,
ensuring that the selected variables had higher clinical significance. The final key variables selected included SE-IL6, SE-
CRP, ESR, SF-IL6, PMN%, DD, and ALB, with their coefficients reflecting their importance and relevance in PJI
diagnosis (Figure 2A and B; Supplementary Table 1).

The seven selected variables were applied to the ML model for PJI diagnosis and validated on the test cohort. By
plotting ROC curves and analyzing AUC for eight machine learning models—XGB, NNET, RF, SVM, KNN, LR,
GBM, and CART—XGB achieved a higher AUC of 0.998 (95% CI 0.993-1) in the test cohort, demonstrating
superior discrimination for PJI compared to the other models, although they also showed good discriminatory ability
(Figure 3A and B). To further evaluate the clinical utility of the model at different thresholds in a clinical setting,
we constructed and analyzed calibration curves, Brier scores, and DCA. The calibration curve of the XGB model
was closer to the “ideal calibration line” (diagonal) compared to other models, indicating that XGB’s predicted
probabilities were more reliable. The Brier scores of the different models further supported this result: XGB had the
lowest Brier score of 0.062, meaning its predictions were closest to the actual outcomes (Figure 3C). The DCA
curves showed that XGB demonstrated superior clinical applicability (Figure 3D). Additionally, we evaluated
different ML models using metrics such as F1 score, sensitivity, and specificity. XGB achieved the highest F1
score of 0.985, accurately diagnosing the disease (high precision) and identifying most patients (high recall), thereby

Table 1 Comparison of Demographic and Clinical Characteristics Between PJl and Aseptic Failure Patients

Variables Total(N=376) Aseptic Failure(N=265) PJIIN=111) P value
Sex, N (%) 0.828
Male 176 (46.8%) 125 (47.2%) 51 (45.9%)

Female 200 (53.2%) 140 (52.8%) 60 (54.1%)

Age (y), Median (QI, Q3) 66.00(59.00, 74.00) 66.00(58.00, 73.00) 67.00(59.50, 74.50) 0.555
Weight (kg), Median (QI, Q3) 60.00(54.38, 70.00) 60.00(55.00, 70.00) 60.00(53.50, 69.00) 0.747
BMI (kg/m2), Median (QI, Q3) 23.77(20.86, 25.81) 23.63(20.80, 25.92) 23.88(21.12, 25.37) 0.725
SE-IL6 (ng/mL), Median (QI, Q3) 4.82(4.16, 6.42) 4.35(4.06, 5.15) 8.06(6.29, 12.58) <0.001
SE-CRP (mg/mL), Median (QI, Q3) 5.76(3.92, 17.23) 4.49(3.43, 6.52) 26.20(12.95, 87.45) <0.001
ESR (mm/h), Median (QI, Q3) 32.00(16.00, 62.11) 27.00(15.00, 52.00) 57.13(23.00, 89.00) <0.001
SFIL-6 (ng/mL), Median (QI, Q3) 5.00(2.38, 11.06) 3.33(2.05, 7.98) 12.35(7.53, 20.32) <0.001
PMN?%, Median (QI, Q3) 55.33(32.82, 71.41) 52.40(12.00, 60.76) 74.62(55.31, 84.44) <0.001
PLT (10°/L), Median (QI, Q3) 172.00(124.00, 234.29) 147.87(120.00, 216.34) 209.00(168.50, 255.02) | <0.001
N%, Median (QI, Q3) 61.60(55.89, 68.62) 59.90(54.50, 66.60) 65.19(58.85, 72.60) <0.001
L%, Median (QI, Q3) 24.95(17.90, 30.02) 26.00(18.80, 30.78) 22.70(15.77, 28.40) 0.006
DD (mg/mL), Median (QI, Q3) 0.68(0.33, 1.37) 0.50(0.27, 0.83) 1.74(1.19, 2.12) <0.001
ALB (g/L), Median (QI, Q3) 40.00(36.00, 44.00) 42.00(38.00, 45.00) 34.00(31.00, 38.00) <0.001

Note: Statistically significant (P-value < 0.05).

Abbreviations: PJl, periprosthetic joint infections; BMI, body mass index; N%, neutrophil percentage; L%, lymphocyte percentage; PLT, platelets; ESR,
erythrocyte sedimentation rate; SE-CRP, Serum C-reactive protein; DD, D-dimer; SE-IL6, serum interleukin 6; ALB, albumin; PMN%, polymorphonuclear

cell percentage; SF-IL6, synovial fluid interleukin 6.
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Table 2 Comparison of Demographic and Clinical Characteristics Between Train

and Test Cohorts

Variables Total (N=376) Trian (N=263) Test (N=113) P value
Sex, N (%) 0.301
Male 176 (46.8%) 121 (46.0%) 55 (48.7%)

Female 200 (53.2%) 142 (54.0%) 58 (51.3%)

Age (y), Median (QI, Q3) 66.00(59.00, 74.00) 66.00(57.50, 73.00) 66.00(60.00, 74.00) 0.300
Weight (kg), Median (QI, Q3) 60.00(54.38, 70.00) 60.00(55.00, 70.00) 60.00(53.00, 69.00) 0.306
BMI (kg/m?), Median (QI, Q3) 23.77(20.86, 25.81) 23.83(21.25, 25.98) 23.39(20.43, 25.01) 0.141
SE-IL6 (ng/mL), Median (QI, Q3) 4.82(4.16, 6.42) 4.69(4.16, 6.41) 5.07(4.15, 6.42) 0.449
SE-CRP (mg/mL), Median (QI, Q3) 5.76(3.92, 17.23) 5.98(3.98, 16.80) 5.73(3.87, 17.70) 0.904
ESR (mm/h), Median (QI, Q3) 32.00(16.00, 62.11) 35.00(16.50, 61.50) 29.00(16.00, 64.00) 0.371
SF-IL6 (ng/mL), Median (QI, Q3) 5.00(2.38, 11.06) 5.00(2.74, 10.96) 5.01(2.21, 11.44) 0.633
PMN%, Median (QI, Q3) 55.33(32.82, 71.41) 55.54(13.51, 70.32) 54.70(39.81, 74.52) 0.458
PLT (10%/L), Median (QI, Q3) 172.00(124.00, 234.29) | 174.00(124.00, 232.03) | 171.00(128.08, 235.00) 0.961
N%, Median (QI, Q3) 61.60(55.89, 68.62) 60.90(55.91, 69.15) 62.02(55.60, 67.30) 0.840
L%, Median (QI, Q3) 24.95(17.90, 30.02) 25.83(18.30, 30.64) 22.88(15.80, 28.94) 0.078
DD (mg/mL), Median (QI, Q3) 0.68(0.33, 1.37) 0.66(0.32, 1.37) 0.69(0.35, 1.40) 0.995
ALB (g/L), Median (QI, Q3) 40.00(36.00, 44.00) 40.00(35.00, 44.00) 40.00(37.00, 44.00) 0.528

Note: Statistically significant (P-value < 0.05).

Abbreviations: PJl, periprosthetic joint infections; BMI, body mass index; N%, neutrophil percentage; L%, lymphocyte percentage; PLT, platelets;
ESR, erythrocyte sedimentation rate; SE-CRP, Serum C-reactive protein; DD, D-dimer; SE-IL6, serum interleukin 6; ALB, albumin; PMN%,
polymorphonuclear cell percentage; SF-IL6, synovial fluid interleukin 6.

reducing misdiagnoses and missed diagnoses. XGB’s sensitivity of 0.971, specificity of 1.000, and accuracy of 0.991
were also superior to those of other models (Table 3). Overall analysis indicates that XGB can be regarded as the

best-performing model in our study.

A
14 12 11 12 9 8 7 7 5 2 1 1 1 B 13 13 8 4
ﬁ: - i i o I ’ ‘ I
- ' ' .‘ n
i i ..
~ ! : /
- i i
i i
i i )
8 =] i | [ 1
B . ] 2
3 L g g
= L s g~
o= i i .’ )
: g g
= e _| i ' g
/S : : .0'
1 I
i i .. <
< i i
i -
i i —
i i -
[ | [ | I T T T T
-8 -6 -4 =2 0 -8 -6 -4 -2
Log(Lambda) Log(Lambda)

Figure 2 Demographics and variable characteristics selection using LASSO regression. (A) Binomial bias versus log (Lambda) in the LASSO regression model. The dashed
line on the left indicates Lambda.min (the minimum value of Lambda) and the dashed line on the right indicates Lambda. I st (the maximum value within one standard error of
Lambda.min). The numbers at the top of the figure indicate the number of variables included in the model at each Lambda value. (B) LASSO coefficient trajectories for
selected variables under log (Lambda). Unimportant coefficients shrink to zero as Lambda increases. Y-axis denotes the coefficient of the variable and x-axis denotes log
(Lambda).

Abbreviations: Lasso, Least Absolute Shrinkage and Selection Operator.

https: Journal of Inflammation Research 2025:18

10258



Chen et al

A Train ROC curve B Test ROC curve
1.00{ o 1.00
0.75 0.75
g 0.50 Z 0.50
= =
b 5
172} 2]
0.25 == SVM (AUC=0.991,95%C1(0.983-1.000) 0.25 == SVM (AUC=0.983,95%CI1(0.966—1.000)
== NNET (AUC=1.000,95%CI(1.000-1.000) == NNET (AUC=0.980,95%C1(0.954-1.000)
— RF  (AUC=1.000,95%CI(1.000-1.000) — RF  (AUC=0.997.95%CI(0.993-1.000)
— XGB (AU 00,95%C1(1.000-1.000) — XGB (AUC=0.998,95%CI(0.993-1.000)
— KNN (AU 148,95%C1(0.924-0.972) — KNN (AUC=0.92595%CI(0.868-0.982)
== LR (AUC=0.990,95%C1(0.983-0.998) = LR (AUC=0.988,95%C1(0.975-1.000)
0.00 — GBM (AUC=1.000,95%CI(1.000-1.000) 0.00 — GBM (AUC=0.994,95%C1(0.986-1.000)
— CART (AUC=0.961.95%C1(0.933-0.990) — CART (AUC=0.930.95%CI1(0.870-0.990
0.00 0.25 0.50 0.75 1.00 0.00 0.25 050 0.75 1.00
1-Specificity 1-Specificity
4
. <
1004 ’ -

. \—\

0.8
1

Standardized Net Benefit

Observed Event Percentage

50 \
- =
<
Model — SVM
—— SVM  (0.0675) —— NNET
~s— NNET (0.1159), — RF
& | — XGB
251 —o- RF (0.0593) S 7 kNN
—— XGB  (0.0620), — LR
— GBM
—— KNN  (0.0701), —— CART
=]
—— LR 0.1159) S 7 All
—— None
. —— GBM  (0.0806)
04 ~ T T T T T 1
. : , — CART _(0.2920) 0.0 02 0.4 0.6 08 10
0 25 50 75 100
Bin Midpoint High Risk Threshold

Figure 3 Evaluating the diagnostic performance of different models. (A and B) ROC curves of the training and test sets for evaluating the ability of the eight machine
learning models to discriminate between PJI and aseptic failures. The AUC values and their 95% confidence intervals are displayed in the figure. (C) Calibration curves
showing how well the predicted probabilities of the eight models match the actual observed events. The Brier scores obtained by each model are shown on the right side of
the figure. XGB obtained better Brier scores 0.062. (D) Decision Curve Analysis evaluates the clinical net benefit of each model at different risk thresholds.
Abbreviations: AUC, area under curve; ROC; receiver operating characteristic; SVM, Support Vector Machine; NNET, Neural Network; RF, Random Forest; XGB,
eXtreme Gradient Boosting; KNN, K-Nearest Neighbors; LR, Logistic Regression; GBM; Gradient Boosting Machine; CART, Classification and Regression Trees.

SHAP Interpretation of the Model

To improve model interpretability and avoid the black-box phenomenon in machine learning, we applied SHAP to
explain XGB’s decision-making process. SHAP allows for quantifying the contribution and importance of each feature in
the model’s predictions and reveals how each feature influences predictions at the individual sample level. Figure 4A
shows the feature importance of the seven variables based on SHAP values and their impact on the prediction results.
High values of SE-IL6 and DD were significantly positively correlated with PJI, while high values of ALB were
negatively correlated with predicting PJI. SE-IL6, SE-CRP, SF-IL6, DD, and ALB had a greater impact on the model’s
prediction results, while ESR and PMN% had relatively smaller effects (Figure 4A and B). Additionally, we randomly
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Table 3 Performance Metrics of Eight Models in the Test Cohort

Model | AUC (95% CI) Sensitivity | Specificity | Accuracy | PPV | NPV | Fl Score
NNET | 0.980 (0.954-1.000) | 0.912 0.988 0.965 0.969 | 0.963 | 0.939
RF 0.997 (0.993-1.000) | 1.000 0.963 0.974 0.919 | 1.000 | 0.958
SVM 0.983 (0.966—1.000) | 0.912 0.950 0.939 0.886 | 0.962 | 0.899
XGB 0.998 (0.993-1.000) | 0.971 1.000 0.991 1.000 | 0.988 | 0.985
KNN 0.925 (0.868-0.982) | 0.912 0.863 0.877 0.738 | 0.958 | 0.816
LR 0.988 (0.975—-1.000) | 0.882 1.000 0.965 1.000 | 0.952 | 0.938
GBM 0.994 (0.986—1.000) | 1.000 0.938 0.956 0.872 | 1.000 | 0.932
CART | 0.930 (0.870-0.990) | 0.853 0.988 0.947 0.967 | 0.940 | 0.906

Abbreviations: Cl, confidence interval; PPV, positive predictive value; NPV, negative predictive value; SVM, Support Vector
Machine; NNET, Neural Network; RF, Random Forest; XGB, eXtreme Gradient Boosting; KNN, K-Nearest Neighbors; LR,
Logistic Regression; GBM; Gradient Boosting Machine; CART, Classification and Regression Trees.

selected two typical examples to demonstrate the interpretability of the model: one PJI patient with a high SHAP
prediction score (0.73) (Figure 4C), and another aseptic failure patient with a low SHAP score (—0.335) (Figure 4D).

Prospective Validation

To ensure the reliability of the model in future clinical applications, we prospectively collected 81 patients as an external
validation cohort, of which 25 were diagnosed with PJI (Figure 1). The variable characteristics of the patients are shown
in Supplementary Table 2. Our proposed machine learning model achieved an accuracy of 95.06%, with sensitivity and

specificity of 92.00% and 96.43%, respectively, in the prospective dataset. In comparison, the MSIS 2013 criteria had an
accuracy, sensitivity, and specificity of 83.13%, 70.37%, and 89.29%, respectively, while the ICM 2018 criteria had an
accuracy, sensitivity, and specificity of 92.59%, 84.00%, and 96.43%, respectively. In summary, the machine learning
model demonstrated higher accuracy and sensitivity in preoperative diagnosis compared to the MSIS 2013 and ICM 2018
criteria, with similar specificity (Table 4).

Discussion

The diagnosis of PJI has always been one of the main challenges in clinical practice, and with societal development and
population growth, the incidence of PJI has been rising annually.>” Currently, two-stage revision surgery is still one of the
primary approaches to treating PJI, but infection must be fully controlled preoperatively.'” Therefore, whether PJI
patients can be diagnosed early and rapidly determines the timing for clinicians to initiate prompt anti-infection treatment
and proceed with two-stage revision surgery, thereby improving the success and cure rates of the surgery.”® This study’s
ML-based preoperative PJI diagnostic model, built using patient baseline data, preoperative serum, and synovial fluid
markers, achieved high sensitivity (92.00%) and specificity (96.43%), outperforming the traditional MSIS 2013 criteria
(sensitivity of 70.37% and specificity of 89.29%) and the ICM 2018 criteria (sensitivity of 92.59%, specificity of
96.43%). This provides a new reference for the preoperative diagnosis of PJI, helping doctors formulate more accurate
treatment strategies.

Currently, the PJI diagnostic criteria established by associations such as MSIS, ICM, and EBJIS are widely used, but
the combination of indicators in these standards is primarily based on expert consensus and literature reviews, lacking
systematic evaluation of various diagnostic combinations.?’ Diagnostic indicators may carry different weights in different
cases, and existing diagnostic thresholds can sometimes lead to ambiguous results in borderline patients. In this study, we
used ML to identify relationships among various indicators and their importance in diagnosing PJI, ultimately selecting
seven key variables and constructing the model based on their weights. Additionally, unlike traditional diagnostic criteria
based on set thresholds, our model dynamically calculates the contribution of each indicator to PJI diagnosis through
functional relationships, enhancing its ability to diagnose complex cases. Studies have shown that the application of ML
models has demonstrated accurate PJI diagnostic capabilities and promising clinical potential. Both the Yuh-Jyh Hu team
and the Puyi Sheng team have used machine learning to develop PJI diagnostic tools that are comparable to existing
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Figure 4 SHAP interpretation of XGB machine learning model. (A) A scatter plot based on SHAP values shows the contribution of each variable to PJI diagnosis. The X-axis
represents SHAP values, the Y-axis represents variable names, and the color indicates the contribution range of the variables (from low to high). (B) The average SHAP
values of each variable reflect their relative importance in the PJl diagnosis model. (C and D) Individual SHAP force plots for a PJ! patient (C) and an aseptic failure patient
(D). The SHAP values represent the diagnostic features of individual patients and the contribution of each variable to diagnosing PJI. f(x) represents the predicted probability
of being diagnosed with PJl, with values closer to | indicating a higher likelihood of Pl diagnosis; a negative f(x) indicates that the patient’s features are pushing the model’s
diagnosis toward aseptic failure. E[f(x)] is the baseline value of the model when no sample input is provided. The length of the arrows indicates the degree to which the
diagnosis is influenced by each variable—the longer the arrow, the greater the impact.

Abbreviations: XGB, eXtreme Gradient Boosting; SHAP, Shapley Additive Explanations; PJI, periprosthetic joint infections; ESR, erythrocyte sedimentation rate; SE-CRP,
Serum C-reactive protein; DD, D-dimer; SE-IL6, serum interleukin 6; ALB, albumin; PMN%, polymorphonuclear cell percentage; SF-IL6, synovial fluid interleukin 6.

diagnostic standards.”*** However, since a large number of indicators and clinical data were initially included in the
model development, their diagnostic models often involve more than a dozen indicators, which requires comprehensive
clinical data and increases the financial burden on patients. Additionally, some diagnostic models include indicators that

Table 4 Diagnostic Performance of the ML Model Versus Traditional Criteria for PJI (External Validation)

Criteria PJI(N=25) Aseptic(N=56) | Accuracy | Sensitivity | Specificity | PPV NPV

TRUE | FALSE | TRUE | FALSE

MSIS 2013 19 8 50 6 83.13% 70.37% 89.29% 76.00% | 86.21%
ICM 2018 21 4 54 2 92.59% 84.00% 96.43% 91.30% | 93.10%
ML model 23 2 54 2 95.06% 92.00% 96.43% 92.00% | 96.43%

Abbreviations: PJl, periprosthetic joint infections; PPV, positive predictive value; NPV, negative predictive value; MSIS, Musculo-Skeletal
Infection Society; ICM, International Consensus Meetings; ML, machine learning.
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impose high demands on hospital equipment and skilled personnel, especially in resource-limited primary care settings,
making it difficult for these models to be applied in routine clinical practice.’ Currently, intraoperative and postoperative
diagnostic indicators are still a crucial part of existing PJI diagnostic standards. Zhang et al demonstrated that sonication
fluid culture from antibiotic-loaded bone cement spacers shows high specificity (94%) in determining infection eradica-
tion after two-stage revision surgery; however, its utility in early preoperative assessment of infection remains limited.*
Similarly, PJI diagnostic models reported in studies also rely on intraoperative and postoperative indicators, which
prevents clinicians from accurately diagnosing patients preoperatively, potentially leading to missed optimal intervention
windows or even misdiagnosis.zo’zz’z‘uf’ In this study, to address the above limitations, we referenced the MSIS, ICM,
and EBJIS diagnostic criteria and prioritized selecting preoperative indicators that are easy to use in clinical practice. We
developed a preoperative diagnostic model that is easy to detect and implement, offers high diagnostic accuracy, and does
not rely on microbiological testing.

After LASSO screening, SE-IL6, SE-CRP, ESR, SF-IL6, PMN%, DD, and ALB were selected for model develop-
ment. Serum ESR and CRP, as systemic inflammatory markers, are widely included in PJI diagnostic criteria due to their
ease of access, low cost, and widespread use globally."® In this study, serum ESR and CRP were included in the final
diagnostic model, and according to SHAP, serum CRP contributed more to disease diagnosis than ESR. This may be due
to CRP’s high sensitivity to infection and inflammatory responses as an acute-phase protein, whereas ESR is more easily
affected by other factors.'>*!' This is consistent with previous research findings, where ESR’s sensitivity and specificity
for PJI are lower than those of CRP.?*3? IL6 is produced by immune cells such as monocytes and macrophages and is
one of the most important mediators of the acute inflammatory response.*® Previous studies have shown that IL6 levels
have good specificity and sensitivity in diagnosing PJI. However, SE-IL6 can be influenced by other systemic
inflammations, while SF-IL6 has greater site-specificity.'® Our previous research also found that combining SE-IL6
and SF-IL6 for diagnosing PJI demonstrated higher diagnostic performance. This is similar to the findings of this study,
where both SE-IL6 and SF-IL6 significantly contributed to PJI diagnosis.* Synovial PMN% is listed as one of the
diagnostic markers in the ICM 2018 criteria, and it was also included in the final diagnostic model we developed.?
A meta-analysis has shown that D-dimer exhibits lower sensitivity and specificity compared to fibrinogen, and its overall
diagnostic performance is inferior to traditional markers such as CRP and ESR. However, in our model, the combined
use of D-dimer with CRP, ESR, and other indicators significantly enhanced the overall diagnostic accuracy for PJI,
highlighting its clinical value as a supportive biomarker.*> Infection, especially bacterial infection, triggers an inflam-
matory response, which stimulates the activation of the fibrinolytic and coagulation systems, ultimately resulting in
elevated DD levels.*® In the ICM 2018 criteria, DD is considered one of the important diagnostic markers for PJI
infection, which is consistent with our study’s finding that DD contributes significantly to PJI diagnosis.”> Additionally,
our ML model found that ALB, a biochemical marker for assessing nutritional status, is closely associated with the
occurrence of PJI. ALB values were negatively correlated with PJI diagnosis, possibly due to infection leading to
a negative nitrogen balance and increased protein consumption in patients. Furthermore, a decrease in ALB often
indicates compromised immune function, which may exacerbate the infection.>” In summary, this study identified the
most important diagnostic indicators, combining serum and synovial fluid markers. The model was constructed by
assigning different weights to each diagnostic test based on their diagnostic ability and characteristics in PJI diagnosis,
ultimately improving the model’s diagnostic performance. Furthermore, we visualized the ML model using SHAP, which
revealed the contribution of each indicator to PJI diagnosis. This provides a reference for clinical testing and improves
the model’s acceptance in clinical practice. In external validation, our model’s preoperative diagnostic performance
surpassed that of MSIS 2013 and ICM 2018, enabling clinicians to make better surgical decisions.

Naturally, this study also has some limitations. Due to the widespread acceptance of the 2013 MSIS criteria, we used
these standards as the basis for diagnosis. However, there is currently no gold standard for diagnosing PJI, which may
lead to missed or incorrect diagnoses, potentially impacting our study results. This is a harsh and challenging situation
that all studies evaluating diagnostic tests for PJI infection likely need to address. Furthermore, this is a retrospective
study, with patients mainly from Southwest China, and it lacks external validation cohorts from multiple centers. This
may introduce regional limitations and potential bias, although the results of this study are promising. Although we have
prospectively validated the model in an independent cohort and preliminarily confirmed its satisfactory predictive
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performance and stability, large-scale, multicenter prospective studies are still warranted to further evaluate its accuracy
and clinical applicability. Lastly, to minimize confounding factors, we excluded patients with underlying diseases that
affect inflammatory factor expression. However, this may limit the generalizability of our findings, as real-world practice
may involve different conditions.

Conclusion

Our ML model constructed using SE-IL6, SE-CRP, ESR, SF-IL6, PMN%, DD, and ALB demonstrated good differentia-
tion between PJI and aseptic failure in both internal and external validation. The indicators used in our model are easy to
obtain and low-cost, allowing for more accurate preoperative diagnosis. This enables clinicians to make informed
decisions before resorting to more expensive and invasive tests, offering high economic value and clinical applicability.
The ML model has the potential to become a valuable tool for supporting preoperative PJI diagnosis and surgical
decision-making.
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