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This retrospective study leverages machine learning to determine the optimal timing for fracture 
reconstruction surgery in polytrauma patients, focusing on those with concomitant traumatic brain 
injury. The analysis included 218 patients admitted to Qilu Hospital of Shandong University from 
July 2011 to April 2024. Demographic data, physiological status, and non-invasive test indicators 
were collected. Feature selection via the Boruta and LASSO algorithms preceded the construction of 
predictive models using Random Forest, Decision Tree, K-Nearest Neighbors, Support Vector Machine, 
LightGBM, and XGBoost. The Random Forest model excelled in the training set, with an AUC-ROC of 
0.828 and accuracy of 0.745, and sustained high performance in the validation set (AUC-ROC: 0.840; 
Accuracy: 0.813). The final model was informed by eight critical factors, including the Glasgow Coma 
Scale score, calcium levels, D-dimer, hemoglobin, platelet count, LDL-cholesterol, prothrombin time-
international normalized ratio, and prior surgeries. SHAP and LIME algorithms were utilized for model 
interpretation, elucidating the importance and predictive thresholds of the variables. The application 
of machine learning in this study provided precise predictions for optimal surgical conditions and 
timing in polytrauma patients with traumatic brain injury and fractures. This study’s findings provide 
a foundation for personalized surgical planning, potentially reducing postoperative infections and 
improving patient prognoses.

Polytrauma, involving multiple bodily systems and organs, is a severe form of injury that frequently includes 
traumatic brain injury (TBI) and fractures1. Patients with concomitant traumatic brain injury and fractures 
require an integrated treatment approach to optimize their prognosis2–5. Postoperative infection is a common 
complication of surgery, with severe cases potentially leading to patient mortality or long-term disability6–8. 
The appropriate timing of surgery is crucial for several reasons: it can reduce the complexity of fracture 
reconstruction, minimize or prevent surgical site infections, and is instrumental in the recovery of limb function 
and the rehabilitation of brain injuries9–12. Current research suggests that fracture care should not be delayed 
unnecessarily, and the significance of physiological response to surgical decision-making has become more 
evident13–15. Fracture repair surgery should be carried out as soon as possible after adequate resuscitation and 
stabilization. Therefore, determining the optimal timing for fracture reconstruction surgery in patients with 
traumatic brain injury and fractures is essential for reducing the risk of postoperative infection and improving 
patient outcomes.

Despite clinical guidelines and experience-based decision-making, these processes often lack personalization 
and do not fully consider the specific circumstances of each patient16–18. With the rapid development of machine 
learning technology, its application in the medical field has become increasingly widespread, particularly in 
supporting complex clinical decisions. Machine learning algorithms can process vast amounts of clinical data, 
identify key factors affecting surgical conditions and timing and patient prognosis, and provide more precise and 
personalized recommendations for clinical decision-making19–21.

This study aims to utilize machine learning technology to initially explore the optimal conditions and timing 
for fracture reconstruction surgery in patients with traumatic brain injury and fractures due to polytrauma, in 
order to reduce the risk of postoperative infection. We designed seven different machine learning algorithms 
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to analyze and predict various independent variables affecting postoperative infection, including patients’ 
baseline characteristics, types of injuries, and surgical features. Through this study, we aim to provide clinicians 
with a useful tool to help them better determine the timing of surgery, potentially improving patient treatment 
outcomes. Additionally, this study may offer new perspectives and methods for future clinical practice and 
research.

Methods
Study population
The study population consisted of polytrauma patients admitted to the Emergency Surgery Department of Qilu 
Hospital, Shandong University, from July 2011 to April 2024, including those with traumatic brain injury and 
surgically treated fractures, totaling 218 patients. Inclusion criteria were as follows: 1. Diagnosed with traumatic 
brain injury, combined with limb and pelvic fractures requiring surgery, 2. Initial care and fracture reconstruction 
surgery were conducted at our institution, 3. Age equal to or greater than 16 years old. Exclusion criteria included: 
1. Patients with a history of significant trauma leading to disability, 2. Concurrent severe underlying diseases 
making them unable to tolerate surgery, 3. Interruption of the diagnostic and treatment process, including 
patients discharged without receiving fracture reconstruction surgery and died in the emergency department 
or while hospitalized without having the surgery, 4. Patients with pathological fractures, 5. Incomplete medical 
record documentation, including incomplete patient information and missing surgical records. Patients were 
categorized into the Infection group and the Non-Infection group based on the occurrence of postoperative 
nosocomial infection events.

Ethical clearance was granted for this research by the Research Ethics Committee of Qilu Hospital, Shandong 
University, which waived the requirement for informed consent due to the study’s retrospective design. 
Adherence to the Declaration of Helsinki’s ethical guidelines was maintained throughout the research process. 
The Research Ethics Committee of Qilu Hospital, Shandong University, approved the study (KYLL-202405-044).

Predictive variables
The collected patient data encompassed demographic characteristics, physiological status at admission, and 
non-invasive test indicators at admission and the day prior to surgery. Demographic features included age, 
sex, smoking and alcohol consumption status. Variables related to the admission status comprised heart 
rate, respiratory rate, blood pressure, shock index (pulse rate divided by systolic blood pressure), level of 
consciousness as measured by the Glasgow Coma Scale (GCS score ranging from 3 to 15), and fracture site. 
Non-invasive test indicators included D-dimer levels, prothrombin time-international normalized ratio (PT-
INR), hematocrit (hct), and lactate levels (lac) upon admission, as well as low-density lipoprotein cholesterol 
(LDL-C), serum calcium (Ca2+), percentage of neutrophils (neu%), lymphocyte count (lym), hemoglobin (hgb), 
and platelet count (plt) one day before surgery. In our treatment process, we have incorporated to some extent 
the philosophies of "Damage Control Orthopedics (DCO)“and”Safe Definitive Orthopedic Surgery (SDS)". 
Consequently, we have included the number of surgical interventions prior to the repair of “major fractures”, 
encompassing all procedures conducted in the operating room13. Intraoperative or postoperative variables were 
not assessed as candidate input variables, emphasizing the development of a preoperative predictive model to 
aid in therapeutic decision-making.

Outcomes
The primary outcome of this study was the incidence of postoperative nosocomial infections. These infections 
encompassed postoperative pneumonia (POP), surgical site infections (SSI), and sepsis, with other infections at 
various body sites also taken into account.

According to the Centers for Disease Control and Prevention (CDC), SSI is defined as superficial or deep 
infections occurring within 30 days post-surgery22. For this study, we focus on nosocomial infections within the 
period of patients’ hospitalization.

The diagnosis of POP is based on the CDC’s diagnostic criteria, which include evident pneumonia or 
pulmonary infiltration on chest X-ray, accompanied by fever (> 38 °C), abnormal white blood cell count (< 
4000/mL or > 12,000/mL), or positive blood culture results23.

Sepsis is defined by the Third International Consensus Definitions for Sepsis and Septic Shock (Sepsis-3) 
as a life-threatening organ dysfunction caused by a dysregulated host response to infection, characterized by a 
confirmed or suspected infection and an increase in the Sequential Organ Failure Assessment (SOFA) score of 
2 or more points from baseline24.

Data preprocessing
Before the analysis, the dataset was subjected to essential cleaning and preprocessing steps.Within the dataset, 
hgb feature exhibits a missing value rate of 0.92%, while the PT_INR, LDL_C, and Ca2 + features each have a 
missing value rate of 3.67%. The lac feature presents the highest rate of missing value at 4.59%. All these missing 
value rates are below the threshold of 5%. For addressing missing values, multiple imputation was conducted 
utilizing the “mice” package25, with a random forest algorithm employed to estimate the potential missing data 
entries. The details of missing data and the outcomes after imputation are shown in Supplementary Figure S1.

Feature selection and model development
The dataset was randomly partitioned into a training set (70%) and a validation set (30%), there are no statistically 
significant differences between the training set and the validation set for any variables (Supplementary Table 
S1). In the feature selection phase, the Boruta algorithm and LASSO algorithm were integrated to identify 
key variables. Initially, these algorithms were independently applied to the training set to pinpoint significant 
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features. The intersection of features selected by both methods was then determined to ensure the importance 
and stability of the selected features within the model framework. Six machine learning algorithms, namely 
KNN, Decision Tree, Random Forest, XGBoost, LightGBM, and SVM, were engaged to assess the predictive 
capacity of patient data concerning postoperative infection rates. Implementation of each model was facilitated 
by the R language’s mlr3 package. For each machine learning algorithm, a tenfold cross-validation approach was 
applied on the training set to refine the algorithms and subsequently appraise their predictive efficacy. A suite of 
metrics were employed to evaluate the performance of each model, including classification accuracy (classif.acc), 
area under the receiver operating characteristic curve (classif.auc), Brier score (classif.brier), and classification 
error (classif.ce). The model that exhibited the most promising results on the training set was advanced for 
validation on the validation set.

Model interpretation
The SHAP (SHapley Additive exPlanations) framework was applied to explore the explainability of the 
optimal model, quantifying the influence of each feature on the model’s output and offering insights into 
variable significance. A variety of visualizations, such as variable importance plots, beehive plots, and variable 
dependence plots generated through SHAP values, were instrumental in providing an intuitive understanding 
of the contribution and functional mechanisms of each feature relative to the model’s output. Additionally, Local 
Interpretable Model-agnostic Explanations (LIME) were implemented to deliver explanations for individual 
predictions made by the model, particularly for continuous variables. This approach translates continuous features 
into binary variables based on their optimal thresholds, thereby facilitating a more granular comprehension of 
the decision-making process at the level of individual patients.

Statistical analysis
Demographic and initial trait comparisons among study participants were conducted utilizing the Pearson chi-
square test for discrete variables and the Student’s t-test for those with a continuous nature. The Shapiro-Wilk 
test assessed data normality. Presented data include means with standard deviations for normally distributed 
continuous variables, medians with interquartile ranges for non-normally distributed ones, and frequencies or 
proportions for categorical data. Differences were detected through independent samples t-tests, Mann-Whitney 
U tests for non-parametric data, and chi-square tests as appropriate. Statistical processing was executed with 
SPSS software (version 26.0), with a significance level set at 0.05. Tools for data analysis and web application 
development comprised RStudio (version 2023.12.0), the R programming language (version 4.3.2), and SPSS 
(version 25).

Results
Patient characteristics
From July 1, 2011, to April 1, 2024, a total of 218 eligible patients were included in the retrospective study. 
Demographic and clinical characteristics of the patients at admission are detailed in Table 1. 84 cases developed 
postoperative nosocomial infections, with 60 diagnosed with pneumonia, 8 with surgical site infections, 10 with 
sepsis, and 6 with infections at other body sites, including 4 cases of abdominal infections and 2 cases of urinary 
system infections. There were no statistically significant differences in age, gender, smoking, drinking history and 
fracture site between patients with postoperative infections and those without. However, there were statistically 
significant differences in admission body temperature, heart rate, shock index, and GCS score between the two 
groups (p < 0.001, p = 0.004, p = 0.023, p < 0.001, respectively). Patients were randomly assigned to the training 
set (n=153) or the validation set (n=65).

Feature selection
In the training set, by comparing the infected and non-infected groups, variables showing significant differences 
in demographic characteristics, physiological status at admission (including body temperature, heart rate, 
shock index, and GCS score), and non-invasive test indicators on admission and the day before surgery were 
subjected to feature selection using the Boruta and Lasso algorithms. The intersection of the results from both 
algorithms was taken, yielding a total of eight variables. These included the Glasgow Coma Scale (GCS) score, 
calcium (Ca), D-dimer, hemoglobin, platelet count, low-density lipoprotein cholesterol (LDL-C), prothrombin 
time-international normalized ratio (PT-INR), and the number of surgeries prior to the primary fracture site 
reconstruction. The results are illustrated using a Venn diagram (Fig. 1). Additionally, no significant collinearity 
was observed among these eight variables.

A multivariable logistic regression analysis was conducted on the selected eight variables. The results indicated 
that the GCS score (Odds Ratio, OR=0.85, p=0.011), D-dimer (OR=1.12, p=0.003), hemoglobin (OR=0.97, 
p=0.014), and PT-INR (OR=33.12, p=0.036) are independent risk factors for the occurrence of postoperative 
infection events, as detailed in Table 2.

Model performance
This study employed a variety of machine learning algorithms, including Random Forest, Decision Tree, 
K-Nearest Neighbors, Support Vector Machine, LightGBM, and XGBoost. After performing 10-fold cross-
validation on the training set, we evaluated the performance metrics of each model. The results indicated that the 
Random Forest model exhibited the best performance on the training set with an AUC-ROC of 0.828, accuracy 
of 0.745, Brier score of 0.177, and classification error of 0.255. In contrast, the Decision Tree performed the 
worst with an AUC-ROC of 0.646. The Random Forest model demonstrated superior predictive accuracy. Table 
3 presents a comparative result of the six models on the training dataset. Figure 2 illustrates the area under the 
receiver operating characteristic curve (AUC) and decision curve analysis (DCA) for each model.
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Validation set performance
Based on the performance on the training set, the Random Forest model was selected as the optimal model. 
Table 4 displays the model’s performance on the validation set, which also showed good performance with a 
classif.auc of 0.840, classif.acc of 0.813, and classif.bbrier of 0.157, demonstrating similar excellent performance 
and generalization capability as seen in the training set. The confusion matrix and ROC curve (Fig. 3) present 
the performance of the Random Forest model on the validation set.

Model visualization and interpretation
To enhance the transparency and interpretability of the model, we utilized the SHAP algorithm for visual 
interpretation of the Random Forest model. For physicians and patients, understanding the importance and 
correlation of risk factors is a key issue that requires explanation.

The variable importance plot (Fig. 4-a) shows that GCS, D-dimer, and hemoglobin (hgb) are the factors 
that most significantly affect the incidence of nosocomial infections. The contribution of the GCS score is 
significantly higher than that of other variables, with the widest range of SHAP values, indicating its decisive 
role in distinguishing between high-risk and low-risk patients. D-dimer can reflect the body’s inflammatory and 
coagulation status, with high levels typically associated with increased infection risk. The role of hemoglobin in 
oxygen transport and its association with tissue oxygenation and healing processes make it an important variable 
in the model.

The beeswarm plot (Fig. 4-b) further elucidates the role of each variable. A SHAP value above zero indicates 
an increased risk of nosocomial infection, while a value below zero suggests a reduced risk. The color of the 
dots represents the value of the variable. A higher GCS score (yellow) typically results in a negative SHAP value, 
indicating that a higher GCS score is associated with a lower risk of postoperative nosocomial infection. Higher 
levels of D-dimer correspond to higher SHAP values, indicating that elevated D-dimer levels are associated with 
increased infection risk, which is consistent with clinical experience. The mixed yellow and purple colors of 
hemoglobin suggest a more complex relationship between hemoglobin levels and infection risk.

The variable dependence plot (Fig. 4-c) shows the relationship between predicted risk and feature values. The 
plot clearly demonstrates that higher GCS scores are associated with lower infection probabilities, and that the 
infection risk associated with D-dimer increases nearly exponentially with concentration. Multiple surgeries may 
increase infection risk through cumulative physiological stress. However, the relationships between infection 

Variables Total (n = 218) Non-infection (n = 134) Infection (n = 84) p-value

Sex, n (%) 1

 male 153 (70) 94 (70) 59 (70)

 female 65 (30) 40 (30) 25 (30)

Age, Median (Q1,Q3) 47.5 (31, 58) 46.5 (33, 57) 48 (29.5, 58.25) 0.905

T, Median (Q1,Q3) 36.9 (36.5, 37.3) 36.8 (36.4, 37.18) 37 (36.77, 37.5)  < 0.001

HR, Median (Q1,Q3) 83 (78, 97.75) 81 (78, 90) 86 (80, 110) 0.004

RR, Median (Q1,Q3) 19 (17, 21) 19 (17, 20) 20 (17, 21) 0.07

SBP, Median (Q1,Q3) 127 (115.25, 140) 127 (117, 140) 125.5 (110, 140) 0.329

DBP, Mean ± SD 78.35 ± 12.33 78.19 ± 12.06 78.62 ± 12.82 0.804

PP, Median (Q1,Q3) 49 (41, 56.75) 49 (42, 58) 48 (39, 53.25) 0.214

SI, Median (Q1,Q3) 0.66 (0.58, 0.78) 0.64 (0.57, 0.75) 0.7 (0.6, 0.82) 0.023

GCS, Median (Q1,Q3) 15 (13, 15) 15 (15, 15) 13 (4.75, 15)  < 0.001

SMOKE, n (%) 0.875

 No 148 (68) 92 (69) 56 (67)

 Yes 70 (32) 42 (31) 28 (33)

DRINK, n (%) 1

 No 136 (62) 84 (63) 52 (62)

 Yes 82 (38) 50 (37) 32 (38)

Upper Limb Fracture, n (%) 0.823

 No 124 (56.9%) 74 (55.2%) 50 (59.5%)

Yes 94 (43.1%) 60 (44.8%) 34 (40.5%)

Lower Limb Fracture, n (%) 0.555

No 76 (34.9%) 43 (32.1%) 33 (39.3%)

 Yes 142 (65.1%) 91 (67.9%) 51 (60.7%)

Pelvic Fracture, n (%) 0.986

 No 170 (78.0%) 104 (77.6%) 66 (78.6%)

 Yes 48 (22.0%) 30 (22.4%) 18 (21.4%)

Table 1.  Patient characteristic. T temperature, HR heart rate, RR respiratory rate, SBP systolic blood pressure, 
DBP diastolic blood pressure, PP pulse pressure, SI shock index, GCS galsgow coma scale.
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risk and other variables such as hemoglobin (Hgb), PT-INR, PLT, blood calcium, and LDL-C are not as intuitive 
in the variable dependence plot, prompting us to conduct further investigations.

To further explore the relationship between predicted risk and feature values, we used the LIME algorithm 
for interpretation of continuous variables, providing unique predictive probabilities for individual samples and 
assessing variable importance, while also determining the predictive thresholds for key variables. Each feature’s 
weight is represented in blue or red, depending on whether it is beneficial to the outcome—red indicates a 
reduction in the risk of postoperative infection, while blue indicates an increase. Figure 5 provides four examples, 
showing that when the following conditions are met, patients are less likely to experience postoperative infections:

GCS score is higher than 12 upon admission.
LDL-C levels are between 1.79 and 2.31 mmol/L upon admission.
Blood calcium levels are between 2.11 and 2.22 mmol/L upon admission.
Preoperative hemoglobin (Hgb) levels are between 105 and 122 g/L.
Preoperative prothrombin time-international normalized ratio (PT-INR) is between 1.04 and 1.11.
Preoperative D-dimer levels are less than or equal to 0.92 ug/ml.
Preoperative platelet (PLT) levels are between 142 and 273 × 10^9/L.

Fig. 1.  The process of variable elimination and assessment of multicollinearity. GCS galsgow coma scale, Hgb 
hemoglobin, PLT platelet, PT-INR prothrombin time-international normalized ratio, beforsur the number of 
surgical interventions before the repair of “major fractures”. (a) Variables are selected via the Boruta algorithm. 
Green and yellow represent the selected variables, red represents the variables that have been removed, and 
blue denotes the“shadow variables”provided by the Boruta algorithm. (b) The Lasso method is engaged in the 
selection process. (c) Eight variables were determined by the Boruta and Lasso algorithms. (d) A correlation 
matrix using either Spearman or Pearson coefficients is constructed for continuous clinical variables, with red 
representing positive correlations and blue representing negative correlations, and the deeper the color, the 
stronger the correlation. The bottom left cell of each corresponding upper right circle provides the correlation 
coefficient. An ‘ × ’ denotes p > 0.05, representing no statistical significance. Although some variables appear to 
have large correlation coefficients, they do not have statistical significance.
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The number of surgical interventions prior to the repair of “major fractures”does not exceed one.
By identifying the optimal conditions under which the risk of postoperative infections is minimized, these 

thresholds enable a more personalized and data-driven approach to surgical planning. This method allows for 
the prediction of whether today is the best day for surgery based on the patient’s non-invasive test results, which 
is particularly valuable in the context of fluctuating timing that are often present in polytrauma patients. Through 

a b

Fig. 2.  The results of area under the receiver operating characteristic curve (AUC) and decision curve analysis 
(DCA) in each model. (a) ROC Curves: This graph presents the Receiver Operating Characteristic (ROC) 
curves for various machine learning models, assessing their ability to discriminate between patients with 
and without postoperative infections. The x-axis represents the false positive rate (1—Specificity), while the 
y-axis indicates the true positive rate (Sensitivity). The curves illustrate the trade-off between sensitivity and 
specificity at various threshold settings. (b) Decision Curve Analysis (DCA): The adjacent graph displays the 
DCA curves for the same set of models, which is a measure of the net benefit of a diagnostic test at different 
threshold probabilities. The x-axis shows the threshold probability, and the y-axis represents the net benefit, 
calculated as the difference in the proportion of patients correctly identified as having the condition versus the 
proportion incorrectly identified.

 

learner_ id classif.auc classif.acc classif.bbrier classif.ce

RandomForest 0.8280794 0.7452381 0.1768715 0.2547619

DecisionTree 0.6458810 0.6442857 0.2519558 0.3557143

Kknn 0.8133413 0.7042857 0.1982615 0.2957143

Svm 0.7902937 0.7852381 0.1738229 0.2147619

Lightgbm 0.8121508 0.7438095 0.1833978 0.2561905

Xgboost 0.6686389 0.6442857 0.2285539 0.3557143

Table 3.  Performance evaluation of different machine learning models in the training dataset.

 

Variables Non-infection(N = 92) Infection (N = 57) OR (95% CI) p-value

GCS 14.2 ± 2.5 11.1 ± 4.9 0.85 (0.75–0.96) .011

 Ca 2.1 ± 0.2 2.1 ± 0.2 1.04 (0.10–10.75) .972

D-dimer 3.2 ± 4.5 7.8 ± 8.2 1.12 (1.04–1.21) .003

 Hgb 115.4 ± 22.4 97.2 ± 18.4 0.97 (0.95–0.99) .014

 PLT 215.2 ± 104.2 264.5 ± 184.8 1.00 (1.00–1.01) .105

 LDL.C 2.0 ± 0.7 1.7 ± 0.7 0.87 (0.44–1.74) .703

 PT-INR 1.1 ± 0.1 1.2 ± 0.2 33.12 (1.25–879.38) .036

Surgery* 0.3 ± 0.6 0.6 ± 0.9 1.38 (0.78–2.47) .271

Table 2.  The association of selected variables with infection using multivariable logistic regression in the 
training set. *GCS galsgow coma scale, Hgb hemoglobin, PLT platelet, PT-INR prothrombin time-international 
normalized ratio, Surgery: The number of surgical interventions prior to the repair of “major fractures”.
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multiple measurements and predictions, combined with the experience of surgeons, the surgery date can be 
continuously optimized to approach the optimal surgery date, thereby reducing the occurrence of postoperative 
nosocomial infection events. The LIME algorithm can calculate the probability of postoperative infection from 
the patient’s examination results, providing a tool for surgeons to assess the surgical urgency and risk on an 
individual basis. This capability is crucial for making informed decisions that can improve patient outcomes 
and safety.

Discussion
The primary objective of this study was to employ machine learning models, in conjunction with key clinical 
indicators, to provide precise predictions for the optimal timing of surgery in patients with polytrauma involving 
traumatic brain injury and fractures. The study particularly focused on factors that may influence the risk of 
postoperative nosocomial infections and their role in surgical decision-making.

The Random Forest model demonstrated exceptional performance on both the training and validation 
datasets, underscoring the potential of machine learning methods in supporting clinical decision-making. The 
model’s high accuracy and AUC-ROC values indicate that the selected features are effective in distinguishing 
patient groups at varying risk levels. Furthermore, analysis of SHAP values allowed for the identification of 
key features with the most significant impact on predictive outcomes, offering valuable insights for clinicians. 
Visualization through SHAP and LIME revealed the relationship between the selected features and the risk of 
postoperative infection. Notably, certain physiological and biochemical indicators played a decisive role in the 
predictions. These findings highlight the importance of considering these indicators in the surgical decision-
making process. The results of this study provide clinicians with a robust tool to assess the timing of surgery 
and potential risks, enabling the formulation of more precise individualized treatment plans through the 
identification of critical features and their optimal thresholds.

This study delves into the role of non-invasive indicators in the context of surgical decision-making. The 
Glasgow Coma Scale (GCS) score is a gold standard for assessing the severity of traumatic brain injury. A lower 
GCS score indicates more severe neurological damage, often associated with longer hospital stays and a more 
complex pathophysiological process. Current research has illuminated the crosstalk between the brain and bone, 
where traumatic brain injury have a positive impact on bone regeneration and fracture healing26,27. However, 
the co-occurrence of traumatic brain injury and fractures can exacerbate traumatic brain injury (TBI) and 
neuroinflammation, further worsening cerebral edema and motor disorders, thereby hindering neurological 
recovery28,29. Like the GCS score, the head AIS (Abbreviated Injury Scale) is also a commonly used indicator for 

a b

Fig. 3.  Confusion matrix and ROC curve for the random forest model on the validation set.

 

classif.auc classif.acc classif.bbrier classif.ce

Traning Set 0.828079 0.745238 0.176872 0.2547619

Validation Set 0.840000 0.812500 0.157178 0.1875000

Table 4.  Model performance of the random forest on training set and validation set.
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evaluating the severity of head injuries in polytrauma patients. However, due to the absence of head AIS data in 
the medical records of our hospital, we were unable to include it into our study.

In the critical care of trauma patients, a low GCS score is an independent risk factor for pneumonia30. Previous 
studies utilizing machine learning to predict postoperative pneumonia have confirmed the significant role of 
GCS in such predictions31,32. Early fracture fixation in patients with head injuries does not increase the risk of 
neurological complications. In fact, among patients who receive early fracture stabilization, there is a quicker 
return to activity and a reduced risk of pulmonary complications33. An analysis of 734 TBI cases indicated that 
extracranial complications, such as pneumonia, sepsis, and coagulopathy, are crucial in determining the overall 
outcome. Early fracture stabilization and patient mobility may help reduce these extracranial complications34.

Coagulopathy at the time of admission is associated with an increased risk of complications, including 
pneumonia, acute renal failure, multiorgan failure, infection, sepsis, and mortality. Compared to acidosis, 
coagulopathy at admission is a stronger predictor of infection, sepsis, and death35. The incidence and mortality 
of pneumonia in patients with coagulopathy on admission are significantly higher than in those without, making 
the inclusion of D-dimer and PT-INR in our study meaningful. Yuan et al.36 found that approximately 18.6% 
of patients with traumatic brain injury exhibit coagulopathy, with D-dimer and PT-INR being closely related to 
the severity of brain injury. Admission PT-INR can serve as a predictive indicator of prognosis in patients with 
severe traumatic brain injury37. PT/INR is also a commonly used indicator to distinguish sepsis38. D-dimer is 
an indicator of excessive fibrinolysis in the early stages of trauma. Venous thromboembolism (VTE) is the most 
common diagnosis in patients with plasma D-dimer levels > 5000 ng/mL, followed by cancer and pneumonia. 
When plasma D-dimer levels are extremely high, the frequency of VTE, cancer, and pneumonia increases39. 
D-dimer is a significant risk factor for postoperative infection at the surgical site in elderly patients with 
intertrochanteric fractures40. A study on the impact of the trauma triad of complementopathy, endotheliopathy, 
and coagulopathy on clinical outcomes in severe polytrauma patients showed that elevated D-dimer levels are 

a b

c

Fig. 4.  SHAP-based interpretation for the Random Forest model. (a) Variable importance ranked by SHAP 
values. (b) The beeswarm plot elucidates the role of each variable. (c) The variable dependence plot shows the 
relationship between predicted risk and feature values.
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associated with a higher incidence of infectious complications and MOF41. Furthermore, high D-dimer levels 
also predict a poorer prognosis in traumatic brain injury42–44.

In existing research, a lower preoperative hemoglobin (Hgb) level before orthopedic surgery increases the 
risk of postoperative local infection45. This study incorporates preoperative Hgb levels, revealing that anemia 
has certain predictive value for postoperative local and systemic infections and emphasizes the significance of 
resuscitation in patients with multiple injuries. Additionally, Gonzalez et al.46 confirmed that anemia is a risk 
factor for sepsis and septic shock after hip fracture surgery. Anemia in severe traumatic brain injury increases 
the likelihood of pneumonia and acute lung injury ALI/ARDS47. Anemia is one of the modifiable risk factors 
for SSI; correcting hemoglobin may reduce the possibility of postoperative SSI48. Moreover, it has been reported 
that higher perioperative hemoglobin concentrations in patients with orthopedic diseases are associated with 
shorter hospital stays and lower mortality rates. Therefore, it is necessary to maintain patients’ hemoglobin 
levels at a normal or slightly higher level to reduce the incidence of SSI. The role of platelets in thrombosis is 
well known; excessively high platelet levels may lead to serious consequences of postoperative DVT. Recent 
research shows that platelets contain a large number of soluble and cell-related immune regulatory molecules, 
which can enhance or suppress immune responses in various environments. Platelets store pre-formed and 
synthesized transforming growth factor-β, interleukin-1, platelet-derived growth factor, and CC chemokine 
ligand 5, which can significantly affect immune responses. Platelets express Toll-like receptors and actively bind 
to microorganisms, sometimes directly causing cytopathic effects on bacteria49. Salehpour et al.’s research also 
shows that platelet count is positively correlated with the GCS and GOS scores of patients with severe traumatic 
brain injury, suggesting that platelets may have a protective effect on the neurological function of patients with 
severe traumatic brain injury.

Fig. 5.  Local interpretable model-agnostic explanations (LIME) of the random forest model. This figure 
provides an interpretation of the random forest model’s predictions through LIME, which offers insights 
into how individual features influence the likelihood of postoperative infection outcomes for patients. 
The horizontal axis represents the impact of each feature on the probability of the outcome, with blue bars 
signifying features that are associated with an increased risk of postoperative infection. Conversely, red bars 
denote features that are linked to a decreased risk of infection. The length of each bar corresponds to the 
magnitude of influence on the outcome probability, quantifying the feature’s contribution as a proportion of 
the overall change in predicted risk.
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Calcium (Ca) plays a pivotal role in coagulation, cardiac output, and peripheral vascular resistance. It is a key 
component of the trauma resuscitation and coagulation cascade, reflecting, to some extent, the effectiveness of 
resuscitation in patients with multiple injuries50. The addition of hypocalcemia to the“lethal triad”of hypothermia, 
acidosis, and coagulopathy forms the"diamond of death"in trauma51. A significant proportion (85% to 94%) of 
trauma patients undergoing massive transfusion exhibit hypocalcemia52, which is intrinsically linked to the 
negative outcomes associated with the components of the lethal triad. Hypocalcemia has both direct and indirect 
effects on each aspect of the lethal triad, supporting the potential role of calcium as the fourth component in the 
proposed diamond of death. Hypocalcemia is a common occurrence in trauma patients following severe bleeding 
associated with injury, and necessary transfusions and resuscitation efforts can exacerbate hypocalcemia. The 
serious consequences of hypocalcemia in trauma patients have been repeatedly demonstrated, with associated 
morbidity and mortality51. An analysis of the TraumaRegister DGU database from a multicenter cohort revealed 
a parabolic relationship between non-dependent ionized calcium (iCa2 +) levels and coagulation dysfunction, 
transfusion requirements, and mortality in major trauma patients. Both hypocalcemia and hypercalcemia are 
independently associated with coagulation disorders and transfusion53.

Low-density lipoprotein cholesterol (LDL-C) affects hematopoiesis, promoting the quantity of circulating 
monocytes and pro-inflammatory activation54. A study focusing on patients with low-energy femoral neck 
fractures indicated that elevated LDL-C may lead to avascular necrosis of the femoral head55. In elderly patients 
with hip fractures, both high and low levels of LDL-C are associated with increased mortality rates and reduced 
ability to walk independently56. An epidemiological observation and Mendelian randomization study confirmed 
a negative causal relationship between LDL-C levels and bone mineral density (BMD)57. Another Mendelian 
randomization study examining the causal relationship between plasma lipids and sepsis identified elevated 
LDL-C as a risk factor for sepsis58. Incorporating LDL-C into predictive models for postoperative infection holds 
potential value.

The number of surgical interventions prior to the repair of “major fractures”reflects, to some extent, the 
extent of damage to other secondary areas of the patient’s body, including the brain, bones, and soft tissues. 
Our study supports the notion of minimizing the number of surgeries for major trauma. According to the"two-
hit"hypothesis, multiple surgeries may increase physiological stress and immune suppression in patients, thereby 
increasing the risk of infection. In addition to the fracture site, associated diseases and injuries can also affect 
the decision-making for the definitive fixation of "major fractures."Each surgery may introduce new sources of 
infection. A lower number of surgeries is associated with a reduced risk of surgery-related complications and 
improved overall patient prognosis59,60.

This study is a single-center retrospective study that relies on existing medical records and data. Although 
we have carefully selected key variables through a rigorous screening process, the limitations in sample size 
may have affected the model’s generalizability and may not have covered all clinically relevant factors affecting 
the timing of surgery and the risk of postoperative infection. The lack of detailed descriptions of patient in the 
medical records caused us to give up further analysis of TBI (Traumatic Brain Injury) types, which diminished 
the accuracy of our model’s analysis for specific TBI injury cases. However, this was beneficial in terms of the 
model’s general applicability. Future studies should consider prospectively collecting more comprehensive data, 
including head AIS and detailed classifications of TBI, to enhance the model’s ability to interpret individual 
characteristics of TBI patients. The absence of descriptions of ISS and AIS scores in the medical records 
precluded us from incorporating these two indicators into the study. We acknowledge that injury characteristics 
and other time features may represent potential limitations to the analysis, but we believe that the selected 
variables effectively reflect the physiological status of patients and provide valuable information for clinical 
decision-making. Multiple injuries are complicated. However, if too many factors are considered, the model 
will have the defects of overfitting and bloating, which will weaken the value of this study. Predictive models 
can bring convenience and assistance to surgeons, but the professional judgment of surgeons should not be 
ignored. Therefore, we tried our best to incorporate the fewest and most effective predictor variables in this 
study. The lack of external validation further limits the universality of our results, necessitating further testing 
of the model’s predictive performance on an independent dataset. The insufficiency of long-term follow-up data 
also limits the assessment of patients’ long-term prognosis and recovery. Therefore, future research should adopt 
a prospective design, expand the sample size, conduct multicenter validation, and consider more comprehensive 
clinical variables and long-term follow-up to enhance the accuracy and practicality of the model.

Guided by the"Safe Definitive Orthopaedic Surgery (SDS)"principle61, we emphasize the importance of 
performing fracture repair surgery as soon as possible after adequate resuscitation has stabilized the patient’s 
vital signs to reduce pulmonary, local, and systemic infectious complications. Utilizing machine learning models, 
we can promptly assess the physiological status of patients and proceed with fracture repair surgery in a timely 
manner. Moreover, the non-invasive indicators included in our predictive model are easily obtained clinically, 
providing tangible assistance for clinical decision-making for physicians.

Data availability
The datasets generated during and/or analysed during the current study are not publicly available due to legal 
and privacy issues but are available from the corresponding author on reasonable request.
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