
Early risk stratification for in-hospital mortality and
6-month unfavourable prognosis after injury in
traumatic brain injury: machine learning models for
clinical decision support
Yongfeng Wang 

Nantong University
Jianjie Xu 

Nantong University
Wei Shi 

Affiliated Hospital of Nantong University
Ze Song 

Tongzhou District People’s Hospital of Nantong
Yixiang Guan 

Hai’an People’s Hospital
Haoliang Wu 

Qidong People’s Hospital
Hua Zhang 

Qidong People’s Hospital
Peizhe Jiang 

Nantong University
Rui Jiang 

Affiliated Hospital of Nantong University
Qianqian Liu 

Affiliated Hospital of Nantong University

Research Article

Keywords: traumatic brain injury, machine learning, prognostic prediction, external validation, clinical
decision support

Posted Date: November 9th, 2026

https://doi.org/10.21203/rs.3.rs-11197260/v1
https://doi.org/10.21203/rs.3.rs-11197260/v1


DOI: https://doi.org/10.21203/rs.3.rs-11197260/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

Additional Declarations: No competing interests reported.

https://doi.org/10.21203/rs.3.rs-11197260/v1
https://creativecommons.org/licenses/by/4.0/


1 
 

Early risk stratification for in-hospital mortality and 6-month unfavourable prognosis after injury in 

traumatic brain injury: machine learning models for clinical decision support 

Yongfeng Wanga†, Jianjie Xua†, Wei Shib, Ze Songc, Yixiang Guand, Haoliang Wue, Hua Zhange, 

Peizhe Jianga, Rui Jiangb*, Qianqian Liub* 

†Yongfeng Wang and Jianjie Xu contributed equally to this work. 

*Correspondence: Qianqian Liu, ntfyliuqianqian@163.com; Rui Jiang, ntfyjiangrui@ntu.edu.cn 

Correspondence address: Department of Neurosurgery, Affiliated Hospital of Nantong University, 

No. 20 Xisi Road, Nantong, Jiangsu 226001, China 

a Nantong University, Nantong, Jiangsu, China 

b Department of Neurosurgery, Affiliated Hospital of Nantong University, Nantong, Jiangsu, China 

c Department of Neurosurgery, Tongzhou District People’s Hospital of Nantong, Nantong, Jiangsu, 

China 

d Department of Neurosurgery, Hai’an People’s Hospital, Nantong, Jiangsu, China 

e Department of Neurosurgery, Qidong People’s Hospital, Nantong, Jiangsu, China 

Acknowledgments 

The authors thank the participating medical institutions and the clinical, research, and data 

management staff for their support in case data collection, patient follow-up, data organisation, and 

study implementation. 

Author contributions 

Yongfeng Wang and Qianqian Liu conceived and designed the study. Wei Shi, Hua Zhang, 

Haoliang Wu, Ze Song, and Yixiang Guan provided the study data. Peizhe Jiang checked the data. 

Yongfeng Wang, Qianqian Liu, Jianjie Xu, and Peizhe Jiang directly accessed and verified the 

underlying individual participant data used in this study. Patient follow-up was conducted by Qianqian 

Liu, Rui Jiang, and Yixiang Guan. Yongfeng Wang and Jianjie Xu were responsible for data analysis, 

model development, and figure preparation, and verified the consistency between the results reported in 

the manuscript and those generated by the analytical code. Yongfeng Wang and Jianjie Xu drafted the 

original manuscript. Qianqian Liu interpreted the results. Qianqian Liu and Rui Jiang supervised the 

study and reviewed and edited the manuscript. Qianqian Liu and Wei Shi were responsible for funding 

acquisition and project administration. All authors reviewed or critically revised the manuscript, 

approved the final version, and agreed to be accountable for the integrity and accuracy of the work. 

 



2 
 

Abstract 
Purpose 

To develop and externally validate machine-learning models using routinely available early 
admission data for in-hospital death and 6-month unfavourable prognosis after injury in traumatic brain 
injury (TBI). 

Methods 

This retrospective multicentre prognostic study included patients aged ≥15 years admitted within 12 
h after TBI at four Chinese hospitals from November 2020 to October 2025. Two hospitals were used 
for development and two for independent external testing. Predictors included age, neurological 
assessments, laboratory measurements, and head computed tomography (CT) findings. Laboratory 
measurements were standardised using Value/upper limit of normal (ULN). Models were selected 
internally and evaluated using discrimination, classification, calibration, and decision curve analysis. 

Results 

The in-hospital death analysis included 2260 patients (523 deaths, 23.1%); the 6-month unfavourable 
prognosis after injury analysis included 1512 discharge survivors with available follow-up (254 
unfavourable outcomes, 16.8%). For in-hospital death, CatBoost using features selected by Lasso-
Logistic regression achieved external area under the receiver operating characteristic curve (AUROC) 
0.903 (95% confidence interval [CI], 0.883–0.922), area under the precision–recall curve (AUPRC) 
0.800 (95% CI, 0.760–0.844), sensitivity 82.0%, positive predictive value (PPV) 71.1%, and F1 score 
76.2%. For 6-month unfavourable prognosis after injury, logistic regression using features selected by 
XGBoost-based recursive feature elimination with cross-validation (RFECV-XGBoost) achieved 
external AUROC 0.906 (95% CI, 0.873–0.936), AUPRC 0.727 (95% CI, 0.642–0.823), sensitivity 
81.1%, PPV 72.5%, and F1 score 76.6%. 

Conclusion 

Both models maintained consistent cross-centre predictive performance and may support early risk 
stratification and treatment planning after TBI. Prospective multicentre evaluation is still needed before 
implementation. 

Keywords: traumatic brain injury; machine learning; prognostic prediction; external validation; 
clinical decision support 
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Introduction 

Traumatic brain injury (TBI) is a common traumatic condition mainly caused by traffic accidents, 

falls from height, and simple falls [7]. Despite advances in the clinical management of TBI and related 

research, mortality and disability remain high [13, 19]. The Glasgow Coma Scale (GCS) remains 

widely used for neurological assessment after TBI [19]. However, the GCS primarily reflects the level 

of consciousness and has limited prognostic value when used alone [21]. Therefore, a more 

comprehensive prognostic assessment should integrate neurological findings with additional clinical, 

laboratory, and imaging information [21]. 

In recent years, artificial intelligence has been widely applied to disease diagnosis and prognostic 

prediction [27]. Existing studies have shown that machine learning can integrate multidimensional 

information, including clinical characteristics, laboratory measurements, and imaging findings, thereby 

providing new approaches for disease diagnosis and prognostic prediction [11, 14, 16]. Meanwhile, the 

validation of prediction models in different populations and their clinical application value have also 

received increasing attention [3, 10, 28].  

Nevertheless, some existing models still have limitations, including reliance on samples from a 

single centre, lack of external validation, and a focus on a single prediction outcome [10, 20]. In this 

study, we used routinely available early admission clinical data [31] to develop and validate prediction 

models for in-hospital death and 6-month unfavourable prognosis after injury in patients with TBI. 

Model performance and generalisability were evaluated in an external test set. Calibration curves [34] 

and decision curve analysis (DCA) [5, 35] were used to further assess the models. For each outcome, a 

final model was selected based on overall performance during internal evaluation, and model-specific 

interpretation methods were used to evaluate the contribution of key features to the prediction results. 

Materials and Methods 

Study design and participants 

We retrospectively included patients with TBI admitted to the Affiliated Hospital of Nantong 

University (Centre A), Tongzhou District People’s Hospital of Nantong (Centre B), Qidong People’s 

Hospital (Centre C), and Hai’an People’s Hospital (Centre D) between November 2020 and October 

2025. Data from Centres A and B constituted the development set, whereas data from Centres C and D 

constituted the external test set for evaluation of model performance and generalisability. 

All variables used for model development were obtained from the electronic medical record systems 

of the participating hospitals. We initially collected 76 variables, including age, sex, medical history, 

GCS score, Rotterdam CT score [18], and laboratory measurements (Tables S1 and S2 in Online 

Resource 1). Because clinical deterioration and unfavourable outcomes can occur in patients with GCS 

scores of 13 to 15, these patients were not excluded [29]. 

The outcomes of this study were in-hospital death and 6-month unfavourable prognosis after injury. 

In-hospital death was defined as death during hospitalisation or an irreversible moribund state 

characterised by absent spontaneous respiration and dependence on life support, with death judged to 

be imminent by the treating clinicians. The analysis of 6-month unfavourable prognosis after injury 

was restricted to patients who survived to hospital discharge. Prognosis was assessed using the 

Glasgow Outcome Scale (GOS) [12]. A GOS score of 4 or 5 was classified as favourable prognosis, 
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indicating the ability to live independently, whereas a GOS score of 1 to 3 was classified as 

unfavourable prognosis, indicating death or inability to live independently. Six-month prognosis after 

injury was obtained from telephone follow-up or electronic medical records. Patients without available 

6-month outcome information were considered lost to follow-up and were excluded from the analysis. 

The inclusion criteria were as follows: (1) admission within 12 h after TBI, including patients 

transferred from other hospitals; and (2) age 15 years or older. The general exclusion criteria were as 

follows: (1) acute infectious disease; (2) patients receiving chemotherapy for a malignant tumour; (3) 

active immune system disease; (4) haematologic disease that did not affect coagulation or haemostasis 

but might interfere with the interpretation of inflammation-related routine blood test indicators; (5) 

severe concomitant injuries to other body regions at the time of TBI that could directly lead to death or 

paralysis; (6) preexisting limb movement disorder before TBI; (7) refusal of treatment by the patient or 

family despite the presence of spontaneous respiration, heartbeat, or other vital signs and a reasonable 

opportunity for treatment; (8) no definite intracranial injury on head CT or poor-quality head CT 

images that prevented accurate assessment of TBI; (9) transfer from another hospital without available 

initial examination data; (10) pregnancy; and (11) absence of spontaneous respiration or heartbeat at 

admission. Additional outcome-specific exclusion criteria are described in Supplementary Method S1. 

No formal sample-size calculation was performed; all eligible patients meeting the predefined 

criteria during the study period were included. 

Ethics 

This retrospective multicentre study was conducted in accordance with the Declaration of Helsinki 

and reported in accordance with the TRIPOD+AI statement [4]. The study protocol was approved by 

the Ethics Committee of the Affiliated Hospital of Nantong University (approval number: 2026-K041-

01). Because of the retrospective nature of the study, the requirement for written informed consent was 

waived by the committee. 

Data processing 

Variables with more than 20% missing values were excluded (Supplementary Tables S1, S2). 

Additional variables were excluded based on availability, data accuracy, and redundancy, including 

selected demographic variables, baseline vital signs, medical history, injury mechanism, and redundant 

imaging variables (Supplementary Method S1).  

The remaining variables were used for model development. To account for differences in laboratory 

reference ranges, we recorded the reference ranges corresponding to each patient’s blood test results 

during data collection. Before model development, laboratory measurements were standardised using 

the Value/upper limit of normal (ULN) method [23, 26] (Supplementary Method S2, Supplementary 

Table S9). Because both the original measurements and their corresponding reference ranges were 

unavailable for missing laboratory values, these values could not be standardised using the Value/ULN 

method. Therefore, complete-case analysis was used, and only patients with complete data for variables 

retained for model development were included in the analysis [36]. To assess the potential impact of 

excluding patients with incomplete data, we compared event rates before and after exclusion in each 

centre and in the development and external test sets and calculated standardised mean differences 

(SMDs) [37]. The assessment showed no substantial imbalance (Supplementary Tables S3, S4); only 
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thrombin time (TT) in Centre B in the in-hospital death dataset showed a mild distributional shift 

(SMD = 0.130), slightly above the commonly used reference threshold of 0.10 (Supplementary Tables 

S5, S6). 

Model development and performance evaluation 

Fig. 1 shows the model development and evaluation workflow for the two outcomes. Feature subsets 

were selected using two methods: (1) XGBoost-based recursive feature elimination with cross-

validation (RFECV-XGBoost) [2, 9] and (2) logistic regression with an L1 regularisation penalty 

(Lasso-Logistic regression) [6, 33]. Detailed parameter settings are provided in Supplementary Method 

S3. 

 
Fig. 1 Study workflow and technical framework for model development. Multicentre data from four medical institutions 

were processed using complete-case analysis after removing variables with more than 20% missing data and standardising blood 

test results using the Value/ULN method. Centres A and B formed the development dataset, whereas Centres C and D formed the 

external test dataset. For each outcome, feature subsets selected using RFECV-XGBoost and Lasso-Logistic regression were 

separately combined with nine machine-learning algorithms. Candidate models were evaluated using discrimination and 

classification metrics, DCA, and calibration curves, followed by final model selection and explanation. TBI: traumatic brain 
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injury; ULN: upper limit of normal; RFECV-XGBoost: XGBoost-based recursive feature elimination with cross-validation; 

Lasso-Logistic regression: logistic regression with an L1 regularisation penalty; LGBM: Light Gradient Boosting Machine; 

XGBoost: Extreme Gradient Boosting; CatBoost: Categorical Boosting; AdaBoost: Adaptive Boosting; RF: Random Forest; DT: 

Decision Tree; LR: Logistic Regression; SVM: Support Vector Machine; MLP: Multilayer Perceptron; AUROC: area under the 

receiver operating characteristic curve; AUPRC: area under the precision–recall curve; PPV: positive predictive value; NPV: 

negative predictive value; DCA: decision curve analysis 

For the in-hospital death prediction model, because the number of positive events was relatively high 

(Table 1), the development set (Centres A and B) was divided into a training set and an internal test set 

at a ratio of 7:3 using stratified sampling; the training set was further divided into a sub-training set and 

an internal validation subset. Feature selection and hyperparameter optimisation were performed within 

the training set; the internal validation subset was used for early stopping, where applicable, and 

classification threshold determination, whereas the internal test set was reserved for internal evaluation. 

Bayesian optimisation [30] combined with 5-fold stratified cross-validation was used for 

hyperparameter tuning, with area under the receiver operating characteristic curve (AUROC) 

maximisation as the objective; the classification threshold was optimised rather than fixed at 0.5, with 

the optimal threshold determined by maximising the F1 score on the precision–recall curve [8, 32] 

(Supplementary Method S4). 

For the prediction model for 6-month unfavourable prognosis after injury, patients who died in 

hospital and those without available follow-up information were excluded. Because of the relatively 

small number of positive events (Table 2), no separate internal test set was created; instead, the entire 

development set was used as the training set. Bayesian optimisation [30] combined with 5-fold 

stratified cross-validation was used for hyperparameter optimisation, with AUROC maximisation as the 

objective. After the optimal hyperparameters were determined, out-of-fold (OOF) predicted 

probabilities were generated using 10 repeats of 5-fold stratified cross-validation, and the optimal 

classification threshold was determined by maximising the F1 score on the precision–recall curve [8, 

32] (Supplementary Method S4, Table S18). 

Both models used class-weight-based cost-sensitive learning during training [1, 24], with class 

weights based on the ratio of negative to positive samples and adjusted during hyperparameter 

optimisation (Supplementary Method S4). 

For model performance evaluation, the in-hospital death prediction model was internally validated 

using the internal test set, whereas the prediction model for 6-month unfavourable prognosis after 

injury was internally evaluated using out-of-fold predictions generated from repeated stratified cross-

validation. Both models were externally validated using the independent external test set. Model 

performance was evaluated using AUROC, area under the precision–recall curve (AUPRC), accuracy, 

sensitivity, specificity, positive predictive value (PPV), negative predictive value (NPV), and F1 score. 

Calibration curves [34] and DCA [5, 35] were used to assess calibration and clinical utility, 

respectively. Final model selection was based on internal evaluation only. For in-hospital death 

prediction, models with relatively high sensitivity were first considered, with greater emphasis placed 

on PPV; discrimination, overall classification performance, calibration, and decision-curve 

performance in the internal test set were used as supporting considerations. For the prediction model 

for 6-month unfavourable prognosis after injury, models with relatively high PPV values were first 
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considered, with greater emphasis placed on sensitivity; overall classification performance, calibration, 

and decision-curve performance based on out-of-fold evaluation were used as supporting 

considerations. The external test set was not used for model selection. 

Statistical analysis 

Statistical analyses were performed using the analytic datasets for model development. Continuous 

variables were reported as mean (standard deviation [SD]) or median (interquartile range [IQR]) 

according to their distributional and variance characteristics, and categorical variables were reported as 

counts (percentages). Between-group comparisons were performed using the independent-samples t 

test, Welch’s t test, one-way analysis of variance, Mann–Whitney U test, Kruskal–Wallis rank-sum test, 

χ² test, or Fisher’s exact test according to variable type, data distribution, number of groups, and 

homogeneity of variance (Supplementary Method S5). GCS was summarised and analysed as mean 

(SD). All tests were two-sided. P values were reported descriptively to characterise between-dataset 

differences and were not used as the sole basis for assessing clinical importance or for making model-

development decisions. 

All statistical analyses, data processing, and model development were performed in Python 3.12.10. 

The multilayer perceptron (MLP) model was implemented using the PyTorch framework. 

Results 

Baseline characteristics 

A total of 2260 patients were included in the in-hospital death prediction analysis, of whom 523 

(23.1%) had the in-hospital death outcome. A total of 1512 patients were included in the prediction 

analysis for 6-month unfavourable prognosis after injury, of whom 254 (16.8%) had an unfavourable 

prognosis. Table 1 shows the baseline characteristics and outcome event distributions of patients 

included in the in-hospital death prediction model: 1027 patients were included in the training set, 441 

patients in the internal test set, and 792 patients in the external test set. Table 2 shows the baseline 

characteristics and outcome event distributions of patients included in the prediction model for 6-month 

unfavourable prognosis after injury: 1068 patients were included in the training set and 444 patients in 

the external test set. The external test sets for both models had higher proportions of in-hospital death 

and 6-month unfavourable prognosis after injury than the corresponding training sets (Tables 1, 2). 

Feature subsets 

After data preprocessing, 38 candidate variables were included in both the in-hospital death 

prediction task and the prediction task for 6-month unfavourable prognosis after injury. To reduce the 

risk of model overfitting caused by variable redundancy, feature selection was performed in the 

corresponding training data using the RFECV-XGBoost algorithm and Lasso-Logistic regression, and 

the corresponding feature subsets were ultimately determined (Fig. 2, Supplementary Fig. S1, Table 

S10, Table S11). Correlations among variables in the selected feature subsets are shown in 

Supplementary Fig. S2. 
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Fig. 2 Feature-selection processes for the two prediction outcomes. a RFECV-XGBoost feature-selection curve for in-hospital 

death prediction. The curve with circular markers shows the mean 10-fold cross-validation AUC across different numbers of 

retained features. The circle and square indicate the optimal and final selected subsets, respectively, which overlap at 17 features 

(AUC = 0.9649); the horizontal dashed line indicates the maximum mean AUC. b, c Lasso-Logistic regression coefficient path 

and 10-fold cross-validation AUC curve for in-hospital death prediction. d Stability-based feature-selection curve from repeated 

RFECV-XGBoost for 6-month unfavourable prognosis after injury. The light-grey curves represent individual RFECV runs, and 

the curve with circular markers represents the mean cross-validation AUC. The square indicates the stability-selected subset of 23 

features; the horizontal dashed line indicates the mean RFECV AUC at the same feature count (0.9251). e, f Lasso-Logistic 

regression coefficient path and 10-fold cross-validation AUC curve for 6-month unfavourable prognosis after injury. In b, c, e, 

and f, the orange and green vertical dashed lines indicate Lambda Min and Lambda 1-SE, respectively; the upper axes in c and f 

indicate the numbers of non-zero coefficients, and error bars indicate standard errors. AUC: area under the curve; RFECV-

XGBoost: XGBoost-based recursive feature elimination with cross-validation; Lasso-Logistic regression: logistic regression with 

an L1 regularisation penalty; Lambda Min: the λ value corresponding to the maximum mean cross-validation AUC; Lambda 1-

SE: the more strongly regularised λ value with mean cross-validation 

In-hospital death prediction models 

The feature subsets selected using RFECV-XGBoost and Lasso-Logistic regression were separately 

combined with 9 machine-learning algorithms, resulting in 18 in-hospital death prediction models. 

Relative feature importance across the nine candidate models constructed using the RFECV-XGBoost 

and Lasso-Logistic regression feature subsets is shown in Supplementary Figs. S3 and S4, respectively. 

In the training set, AUROC ranged from 0.943 to 0.969 and AUPRC from 0.754 to 0.896 (Fig. 3, 

Supplementary Table S13). In the internal test set, AUROC ranged from 0.911 to 0.968 and AUPRC 

from 0.691 to 0.860 (Fig. 3, Supplementary Table S14). 
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Fig. 3 ROC curves of the in-hospital death prediction models across different datasets. a–c Summary of ROC curves in the 

training set (a), internal test set (b), and external test set (c) for the nine models constructed using features selected by RFECV-

XGBoost. d–f Summary of ROC curves in the training set (d), internal test set (e), and external test set (f) for the nine models 

constructed using features selected by Lasso-Logistic regression. The diagonal dashed line represents no discriminative ability. 

ROC: receiver operating characteristic; AUC: area under the curve; CI: confidence interval; LGBM: Light Gradient Boosting 

Machine; XGBoost: Extreme Gradient Boosting; CatBoost: Categorical Boosting; AdaBoost: Adaptive Boosting; RF: Random 

Forest; DT: Decision Tree; LR: Logistic Regression; SVM: Support Vector Machine; MLP: Multilayer Perceptron 

In the internal test set, among models with relatively high sensitivity, the CatBoost model developed 

using features selected by Lasso-Logistic regression achieved the highest PPV (70.8%), with a 

sensitivity of 86.1%, an AUROC of 0.964 (95% CI, 0.947–0.979), an AUPRC of 0.849 (95% CI, 
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0.788–0.911), and an F1 score of 77.7% (Table 3). DCA showed positive net benefit across clinically 

relevant threshold probabilities, while calibration curves showed some deviation between predicted 

probabilities and observed event rates but overall acceptable agreement (Fig. 4, Supplementary Fig. 

S7). Taking these results together, this model was selected as the final in-hospital death prediction 

model. 

In the external test set, the selected model maintained consistent cross-centre predictive 

performance, with an AUROC of 0.903 (95% CI, 0.883–0.922), AUPRC of 0.800 (95% CI, 0.760–

0.844), sensitivity of 82.0%, PPV of 71.1%, and F1 score of 76.2% (Table 3, Supplementary Table 

S15). External decision curve and calibration analyses further supported the clinical utility and 

calibration performance of the selected model (Fig. 4, Supplementary Fig. S7). The final model was 

interpreted using SHapley Additive exPlanations (SHAP) analysis (Fig. 4) [17]. 
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Fig. 4 Clinical net benefit, calibration performance, and SHAP interpretation of the final in-hospital death prediction model. 

The final model was CatBoost constructed using features selected by Lasso-Logistic regression. a Calibration curve in the 

internal test set. b Decision curve analysis in the internal test set. c Calibration curve in the external test set. d Decision curve 

analysis in the external test set. e SHAP feature-importance ranking based on mean absolute SHAP values. f SHAP summary dot 

plot. g–m SHAP dependence plots for GCS (g), brain herniation (h), Rotterdam CT score (i), Glu (j), FIB (k), number of dilated 

pupils (l), and Cr (m). In the Cr dependence plot, the horizontal axis was truncated at the 99th percentile; the complete plot is 

shown in Fig. S9. n, o Individual-level SHAP explanation plots. DCA: decision curve analysis; SHAP: SHapley Additive 

exPlanations; CatBoost: Categorical Boosting; Lasso-Logistic regression: logistic regression with an L1 regularisation penalty; 

GCS: Glasgow Coma Scale; Glu: blood glucose; FIB: fibrinogen; Cr: serum creatinine 

Prediction models for 6-month unfavourable prognosis after injury 
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The feature subsets selected using RFECV-XGBoost and Lasso-Logistic regression were separately 

combined with 9 machine-learning algorithms, resulting in 18 prediction models for 6-month 

unfavourable prognosis after injury. Relative feature importance across the nine candidate models 

constructed using the RFECV-XGBoost and Lasso-Logistic regression feature subsets is shown in 

Supplementary Figs. S5 and S6, respectively. In the out-of-fold evaluation, AUROC ranged from 0.908 

to 0.941 and AUPRC from 0.592 to 0.713 (Fig. 5, Supplementary Table S16). Among models with 

relatively high PPV values, the logistic regression model developed using features selected by RFECV-

XGBoost achieved the highest sensitivity (80.3%), while maintaining a PPV of 62.2%, an AUROC of 

0.937, an AUPRC of 0.690, and an F1 score of 70.1% (Table 4). DCA showed positive net benefit 

across a range of threshold probabilities, while the calibration curve showed some overprediction but 

overall acceptable agreement between predicted probabilities and observed event rates (Fig. 6, 

Supplementary Fig. S8). Taking these results together, this model was selected as the final prediction 

model for 6-month unfavourable prognosis after injury. 

 
Fig. 5 ROC curves of the prediction models for 6-month unfavourable prognosis after injury across different datasets. a, b 

Summary of ROC curves based on OOF predictions in the training set (a) and predictions in the external test set (b) for the nine 

models constructed using features selected by RFECV-XGBoost. c, d Summary of ROC curves based on OOF predictions in the 

training set (c) and predictions in the external test set (d) for the nine models constructed using features selected by Lasso-

Logistic regression. The diagonal dashed line represents no discriminative ability. ROC: receiver operating characteristic; AUC: 

area under the curve; CI: confidence interval; OOF: out-of-fold; LGBM: Light Gradient Boosting Machine; XGBoost: Extreme 

Gradient Boosting; CatBoost: Categorical Boosting; AdaBoost: Adaptive Boosting; RF: Random Forest; DT: Decision Tree; LR: 

Logistic Regression; SVM: Support Vector Machine; MLP: Multilayer Perceptron 

In the external test set, the selected logistic regression model developed using features selected by 

RFECV-XGBoost maintained consistent cross-centre predictive performance, with an AUROC of 
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0.906 (95% CI, 0.873–0.936), an AUPRC of 0.727 (95% CI, 0.642–0.823), sensitivity of 81.1%, 

specificity of 87.7%, PPV of 72.5%, and an F1 score of 76.6% (Table 4, Supplementary Table S17). 

External DCA demonstrated positive net benefit across a range of threshold probabilities, and 

calibration analysis showed generally close agreement between predicted and observed risks, with 

some deviation at the extremes of the probability range. Model interpretation was performed using 

logistic regression coefficients and relative feature importance (Fig. 6, Supplementary Fig. S8). 

 
Fig. 6 Clinical net benefit, calibration performance, and interpretation of the final prediction model for 6-month 

unfavourable prognosis after injury. The final model was logistic regression constructed using features selected by RFECV-

XGBoost. (a) Calibration curve based on OOF predictions in the training set. (b) Decision curve analysis based on OOF 

predictions in the training set. (c) Calibration curve in the external test set. (d) Decision curve analysis in the external test set. (e) 

Regression coefficients of the logistic regression model refitted on the complete development set using the selected feature set. 

(f) Corresponding relative feature importance based on the absolute regression coefficients normalised to sum to 100%. DCA: 

decision curve analysis; LR: Logistic Regression; RFECV-XGBoost: XGBoost-based recursive feature elimination with cross-

validation; OOF: out-of-fold 

Sensitivity analyses 

Sensitivity analyses using raw laboratory values showed no consistent superiority of either 

representation across the two outcomes (Supplementary Tables S19 and S20; Supplementary Fig. S10). 



14 
 

Discussion 

In this study, the selection of the final models was guided by the different clinical implications of the 

two outcomes rather than by the superiority of any single performance metric. For in-hospital death, 

models with relatively high sensitivity were first considered to support identification of patients at high 

risk, and greater emphasis was then placed on PPV to improve the reliability of positive predictions and 

reduce false-positive classifications [25]. For 6-month unfavourable prognosis after injury, models with 

relatively high PPV values were first considered, and greater emphasis was then placed on sensitivity to 

reduce missed identification of patients at risk of poor functional recovery [22] and support earlier 

rehabilitation planning [15] and follow-up. Therefore, although some candidate models performed 

better on individual metrics, the selected models were considered more appropriate for the intended 

clinical use of each outcome based on their overall performance and outcome-specific clinical 

priorities. 

Compared with many previous TBI prognostic studies, the present study evaluated both outcomes 

and used an independent external test set to assess model performance [20]. In addition, model 

evaluation incorporated calibration and DCA alongside discrimination and classification metrics, 

providing a broader assessment of predictive reliability and potential clinical utility. 

Notably, the model for 6-month unfavourable prognosis after injury showed some performance 

differences between OOF evaluation and external testing, particularly a higher PPV in the external test 

set. This difference may be mainly related to two factors. First, internal performance was estimated 

using repeated stratified cross-validation and aggregated out-of-fold predictions rather than direct 

resubstitution [3]. Second, the positive event rate was substantially higher in the external test set than in 

the development set (Table 2), and PPV is sensitive to outcome prevalence. Therefore, the higher 

positive event rate in the external test set likely increased the PPV. The model also showed favourable 

discrimination and sensitivity in the independent external test set, supporting its performance across 

centres. 

This study has several limitations. First, although the models were evaluated in an independent 

external test set, differences in case composition, clinical workflows, and data recording practices 

across centres may still affect their generalisability. In addition, although comparisons before and after 

complete-case selection showed no substantial imbalance in event rates or variable distributions, 

residual selection bias cannot be completely excluded. Second, the models were developed using early 

admission data and did not incorporate serial neurological assessments, laboratory measurements, or 

follow-up imaging during hospitalisation; therefore, they primarily reflect risk during the early 

admission period. Third, the number of positive events for 6-month unfavourable prognosis after injury 

was relatively limited. Although cross-validation and regularisation were used to reduce the risk of 

overfitting, and cost-sensitive learning was used to address class imbalance, the limited number of 

events may still have affected estimate stability. Fourth, although laboratory measurements were 

standardised using the Value/ULN method to account for differences in laboratory reference ranges, 

sensitivity analyses using raw laboratory values did not demonstrate a clear performance advantage of 

the standardised representation. This may partly reflect the fact that all participating centres were 

located within the same geographical region, where between-centre heterogeneity in laboratory 
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reference ranges and testing practices may have been relatively limited. Therefore, the potential benefit 

of the Value/ULN approach in settings with greater inter-regional or inter-institutional variation 

remains to be evaluated. Larger prospective multicentre cohorts are needed to further assess model 

stability, calibration, generalisability, and clinical utility. 

Overall, machine-learning models based on routinely available early admission data showed 

favourable predictive performance for both outcomes during internal evaluation and independent 

external validation, supporting their potential value for early risk stratification in patients with TBI. 
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Table 1 Baseline characteristics of patients included in the in-hospital death prediction analysis, by dataset. 

Variable Training (N=1027) Internal Test (N=441) External Test (N=792) p value 

GCS, mean (SD) 11.0 (4.3) 10.9 (4.4) 8.7 (4.5) <0.001 

Age, Median (IQR) 64.0 (55.0, 71.0) 63.0 (56.0, 71.0) 66.0 (58.0, 72.0) 0.002 

WBC, Median (IQR) 1.24 (0.91, 1.66) 1.24 (0.93, 1.63) 1.41 (1.04, 1.81) <0.001 

NEUT%, Median (IQR) 1.17 (1.08, 1.22) 1.17 (1.09, 1.22) 1.15 (1.02, 1.23) 0.074 

MONO%, Median (IQR) 0.42 (0.33, 0.51) 0.42 (0.34, 0.52) 0.56 (0.42, 0.72) <0.001 

NEUT#, Median (IQR) 1.50 (1.05, 2.06) 1.52 (1.03, 2.05) 1.60 (1.11, 2.17) 0.107 

MONO#, Median (IQR) 0.56 (0.40, 0.80) 0.56 (0.41, 0.75) 0.85 (0.62, 1.19) <0.001 

EOS#, Median (IQR) 0.06 (0.02, 0.15) 0.06 (0.02, 0.12) 0.08 (0.02, 0.20) <0.001 

BASO#, Median (IQR) 0.01 (0.00, 0.04) 0.01 (0.00, 0.10) 0.30 (0.17, 0.50) <0.001 

RBC, Median (IQR) 0.81 (0.74, 0.88) 0.81 (0.74, 0.89) 0.77 (0.70, 0.84) <0.001 

RDW-SD, Median (IQR) 0.81 (0.77, 0.85) 0.81 (0.77, 0.85) 0.82 (0.78, 0.87) <0.001 

PDW, Median (IQR) 1.01 (0.92, 1.04) 1.01 (0.91, 1.03) 0.67 (0.59, 0.84) <0.001 

PLT, Median (IQR) 0.57 (0.47, 0.70) 0.60 (0.49, 0.74) 0.61 (0.48, 0.73) 0.012 

Hb, Median (IQR) 0.85 (0.77, 0.92) 0.85 (0.78, 0.92) 0.79 (0.72, 0.86) <0.001 

AST, Median (IQR) 0.81 (0.59, 1.19) 0.83 (0.61, 1.15) 0.78 (0.59, 1.12) 0.368 

ALT, Median (IQR) 0.56 (0.40, 0.82) 0.58 (0.42, 0.83) 0.57 (0.42, 0.80) 0.629 

ALB, Median (IQR) 0.76 (0.71, 0.81) 0.77 (0.71, 0.82) 0.80 (0.73, 0.87) <0.001 

Cr, Median (IQR) 0.55 (0.47, 0.65) 0.55 (0.47, 0.66) 0.58 (0.48, 0.69) 0.001 

K, Median (IQR) 0.73 (0.66, 0.78) 0.72 (0.65, 0.78) 0.69 (0.61, 0.75) <0.001 

Na, Median (IQR) 0.95 (0.94, 0.97) 0.95 (0.94, 0.97) 0.96 (0.94, 0.97) 0.275 

Cl, Median (IQR) 0.97 (0.94, 0.99) 0.97 (0.94, 0.99) 0.95 (0.93, 0.98) <0.001 

Glu, Median (IQR) 1.39 (1.14, 1.79) 1.37 (1.12, 1.75) 1.49 (1.20, 1.88) 0.001 

INR, Median (IQR) 0.69 (0.65, 0.74) 0.70 (0.66, 0.75) 0.72 (0.66, 0.83) <0.001 

APTT, Median (IQR) 0.74 (0.68, 0.80) 0.74 (0.67, 0.81) 0.70 (0.63, 0.79) <0.001 

FIB, Median (IQR) 0.58 (0.46, 0.70) 0.58 (0.46, 0.71) 0.53 (0.40, 0.65) <0.001 

PT, Median (IQR) 0.86 (0.82, 0.94) 0.88 (0.84, 0.95) 0.88 (0.84, 0.95) 0.001 

TT, Median (IQR) 0.83 (0.80, 0.87) 0.83 (0.79, 0.87) 0.87 (0.81, 0.95) <0.001 

D-dimer, Median (IQR) 20.18 (7.52, 60.14) 22.77 (7.38, 64.00) 30.88 (10.52, 78.32) 0.002 

Number of reactive pupils    <0.001 

  0, n (%) 167 (16.3%) 73 (16.6%) 262 (33.1%)  

  1, n (%) 28 (2.7%) 16 (3.6%) 40 (5.1%)  

  2, n (%) 832 (81.0%) 352 (79.8%) 490 (61.9%)  

Number of sluggish pupils    0.004 

  0, n (%) 854 (83.2%) 362 (82.1%) 618 (78.0%)  

  1, n (%) 118 (11.5%) 52 (11.8%) 78 (9.8%)  

  2, n (%) 55 (5.4%) 27 (6.1%) 96 (12.1%)  

Number of dilated pupils    <0.001 

  0, n (%) 906 (88.2%) 389 (88.2%) 583 (73.6%)  

  1, n (%) 55 (5.4%) 23 (5.2%) 96 (12.1%)  

  2, n (%) 66 (6.4%) 29 (6.6%) 113 (14.3%)  

Number of constricted 

pupils 

   0.613 

  0, n (%) 1007 (98.1%) 431 (97.7%) 780 (98.5%)  

  1, n (%) 7 (0.7%) 5 (1.1%) 8 (1.0%)  

  2, n (%) 13 (1.3%) 5 (1.1%) 4 (0.5%)  

Rotterdam CT score    0.002 
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  1, n (%) 32 (3.1%) 14 (3.2%) 11 (1.4%)  

  2, n (%) 257 (25.0%) 120 (27.2%) 192 (24.2%)  

  3, n (%) 443 (43.1%) 191 (43.3%) 310 (39.1%)  

  4, n (%) 144 (14.0%) 59 (13.4%) 129 (16.3%)  

  5, n (%) 138 (13.4%) 50 (11.3%) 135 (17.0%)  

  6, n (%) 13 (1.3%) 7 (1.6%) 15 (1.9%)  

Anisocoria    0.003 

  NO, n (%) 843 (82.1%) 361 (81.9%) 602 (76.0%)  

  YES, n (%) 184 (17.9%) 80 (18.1%) 190 (24.0%)  

Cerebral contusion and 

laceration 

   <0.001 

  NO, n (%) 297 (28.9%) 149 (33.8%) 318 (40.2%)  

  YES, n (%) 730 (71.1%) 292 (66.2%) 474 (59.8%)  

PBSI    <0.001 

  NO, n (%) 986 (96.0%) 427 (96.8%) 692 (87.4%)  

  YES, n (%) 41 (4.0%) 14 (3.2%) 100 (12.6%)  

Cerebellar injury    0.011 

  NO, n (%) 988 (96.2%) 413 (93.7%) 769 (97.1%)  

  YES, n (%) 39 (3.8%) 28 (6.3%) 23 (2.9%)  

Brain herniation    <0.001 

  NO, n (%) 879 (85.6%) 362 (82.1%) 600 (75.8%)  

  YES, n (%) 148 (14.4%) 79 (17.9%) 192 (24.2%)  

Death    <0.001 

  NO, n (%) 844 (82.2%) 362 (82.1%) 531 (67.0%)  

  YES, n (%) 183 (17.8%) 79 (17.9%) 261 (33.0%) 
 

Data are mean (SD), median (IQR), or n (%). Laboratory variables are presented as Value/ULN ratios. P values compare the 

training, internal test, and external test sets and were interpreted descriptively; they were not used as the sole basis for 

determining clinical significance. Death: in-hospital death; GCS: Glasgow Coma Scale; SD: standard deviation; IQR: 

interquartile range; ULN: upper limit of normal; WBC: white blood cell count; NEUT%: neutrophil percentage; MONO%: 

monocyte percentage; NEUT#: neutrophil count; MONO#: monocyte count; EOS#: eosinophil count; BASO#: basophil count; 

RBC: red blood cell count; RDW-SD: red cell distribution width-standard deviation; PDW: platelet distribution width; PLT: 

platelet count; Hb: haemoglobin; AST: aspartate aminotransferase; ALT: alanine aminotransferase; ALB: albumin; Cr: serum 

creatinine; K: serum potassium; Na: serum sodium; Cl: serum chloride; Glu: blood glucose; INR: international normalised ratio; 

APTT: activated partial thromboplastin time; FIB: fibrinogen; PT: prothrombin time; TT: thrombin time; PBSI: primary 

brainstem injury. 
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Table 2 Baseline characteristics of patients included in the prediction analysis for 6-month unfavourable prognosis after injury, by 

dataset. 

Variable Training (N=1068) External Test (N=444) p value 

GCS, mean (SD) 12.3 (3.4) 10.6 (4.0) <0.001 

Age, Median (IQR) 63.0 (55.0, 70.0) 64.0 (56.0, 71.0) 0.134 

WBC, Median (IQR) 1.19 (0.89, 1.56) 1.34 (1.00, 1.73) <0.001 

NEUT%, Median (IQR) 1.18 (1.09, 1.22) 1.19 (1.07, 1.25) 0.058 

MONO%, Median (IQR) 0.42 (0.34, 0.52) 0.61 (0.46, 0.76) <0.001 

NEUT#, Median (IQR) 1.45 (1.01, 1.96) 1.53 (1.10, 2.12) 0.013 

MONO#, Median (IQR) 0.55 (0.40, 0.76) 0.85 (0.62, 1.14) <0.001 

EOS#, Median (IQR) 0.04 (0.02, 0.12) 0.06 (0.02, 0.18) 0.007 

BASO#, Median (IQR) 0.01 (0.00, 0.03) 0.30 (0.10, 0.50) <0.001 

RBC, Median (IQR) 0.82 (0.76, 0.89) 0.77 (0.71, 0.84) <0.001 

RDW-SD, Median (IQR) 0.81 (0.77, 0.85) 0.82 (0.78, 0.87) <0.001 

PDW, Median (IQR) 1.01 (0.93, 1.03) 0.69 (0.59, 0.83) <0.001 

PLT, Median (IQR) 0.58 (0.48, 0.72) 0.62 (0.51, 0.76) <0.001 

Hb, Median (IQR) 0.86 (0.79, 0.93) 0.79 (0.73, 0.85) <0.001 

AST, Median (IQR) 0.75 (0.58, 1.06) 0.75 (0.56, 1.07) 0.906 

ALT, Median (IQR) 0.57 (0.40, 0.80) 0.58 (0.42, 0.80) 0.207 

ALB, Median (IQR) 0.77 (0.72, 0.82) 0.80 (0.74, 0.87) <0.001 

Cr, Median (IQR) 0.54 (0.45, 0.64) 0.56 (0.48, 0.67) 0.001 

K, Median (IQR) 0.73 (0.67, 0.78) 0.69 (0.63, 0.76) <0.001 

Na, Median (IQR) 0.96 (0.94, 0.97) 0.96 (0.94, 0.97) 0.727 

Cl, Median (IQR) 0.97 (0.94, 0.99) 0.95 (0.93, 0.98) <0.001 

Glu, Median (IQR) 1.31 (1.10, 1.61) 1.36 (1.08, 1.71) 0.213 

INR, Median (IQR) 0.69 (0.65, 0.72) 0.68 (0.64, 0.76) 0.494 

APTT, Median (IQR) 0.74 (0.67, 0.79) 0.67 (0.62, 0.73) <0.001 

FIB, Median (IQR) 0.61 (0.52, 0.72) 0.56 (0.47, 0.68) <0.001 

PT, Median (IQR) 0.86 (0.82, 0.91) 0.87 (0.83, 0.92) 0.002 

TT, Median (IQR) 0.83 (0.79, 0.86) 0.86 (0.80, 0.92) <0.001 

D-dimer, Median (IQR) 17.36 (6.65, 41.37) 19.41 (7.73, 47.42) 0.221 

Number of reactive pupils   <0.001 

  0, n (%) 58 (5.4%) 63 (14.2%)  

  1, n (%) 31 (2.9%) 22 (5.0%)  

  2, n (%) 979 (91.7%) 359 (80.9%)  

Number of sluggish pupils   <0.001 

  0, n (%) 894 (83.7%) 331 (74.5%)  

  1, n (%) 120 (11.2%) 54 (12.2%)  

  2, n (%) 54 (5.1%) 59 (13.3%)  

Number of dilated pupils   <0.001 

  0, n (%) 1025 (96.0%) 388 (87.4%)  

  1, n (%) 37 (3.5%) 41 (9.2%)  

  2, n (%) 6 (0.6%) 15 (3.4%)  

Number of constricted pupils   0.418 

  0, n (%) 1050 (98.3%) 439 (98.9%)  

  1, n (%) 6 (0.6%) 2 (0.5%)  

  2, n (%) 12 (1.1%) 3 (0.7%)  

Rotterdam CT score   0.147 
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  1, n (%) 41 (3.8%) 10 (2.3%)  

  2, n (%) 306 (28.7%) 136 (30.6%)  

  3, n (%) 533 (49.9%) 196 (44.1%)  

  4, n (%) 117 (11.0%) 50 (11.3%)  

  5, n (%) 70 (6.6%) 50 (11.3%)  

  6, n (%) 1 (0.1%) 2 (0.5%)  

Anisocoria   0.020 

  NO, n (%) 910 (85.2%) 356 (80.2%)  

  YES, n (%) 158 (14.8%) 88 (19.8%)  

Cerebral contusion and laceration   <0.001 

  NO, n (%) 319 (29.9%) 184 (41.4%)  

  YES, n (%) 749 (70.1%) 260 (58.6%)  

PBSI   <0.001 

  NO, n (%) 1052 (98.5%) 410 (92.3%)  

  YES, n (%) 16 (1.5%) 34 (7.7%)  

Cerebellar injury   0.607 

  NO, n (%) 1032 (96.6%) 432 (97.3%)  

  YES, n (%) 36 (3.4%) 12 (2.7%)  

Brain herniation   <0.001 

  NO, n (%) 1011 (94.7%) 379 (85.4%)  

  YES, n (%) 57 (5.3%) 65 (14.6%)  

Unfavourable   <0.001 

  NO, n (%) 941 (88.1%) 317 (71.4%)  

  YES, n (%) 127 (11.9%) 127 (28.6%) 
 

Data are mean (SD), median (IQR), or n (%). Laboratory variables are presented as Value/ULN ratios. P values compare the 

training and external test sets and were interpreted descriptively; they were not used as the sole basis for determining clinical 

significance. Unfavourable: 6-month unfavourable prognosis after injury; GCS: Glasgow Coma Scale; SD: standard deviation; 

IQR: interquartile range; ULN: upper limit of normal; WBC: white blood cell count; NEUT%: neutrophil percentage; MONO%: 

monocyte percentage; NEUT#: neutrophil count; MONO#: monocyte count; EOS#: eosinophil count; BASO#: basophil count; 

RBC: red blood cell count; RDW-SD: red cell distribution width-standard deviation; PDW: platelet distribution width; PLT: 

platelet count; Hb: haemoglobin; AST: aspartate aminotransferase; ALT: alanine aminotransferase; ALB: albumin; Cr: serum 

creatinine; K: serum potassium; Na: serum sodium; Cl: serum chloride; Glu: blood glucose; INR: international normalised ratio; 

APTT: activated partial thromboplastin time; FIB: fibrinogen; PT: prothrombin time; TT: thrombin time; PBSI: primary 

brainstem injury; CT: computed tomography. 
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Table 3 Performance of the final in-hospital death prediction model across datasets. 

Metric Training set Internal test set External test set 

AUROC (95% CI) 0.967 (0.953–0.978) 0.964 (0.947–0.979) 0.903 (0.883–0.922) 

AUPRC (95% CI) 0.896 (0.860–0.926) 0.849 (0.788–0.911) 0.800 (0.760–0.844) 

Accuracy (95% CI) 92.8% (91.3%–94.3%) 91.2% (88.4%–93.7%) 83.1% (80.4%–85.7%) 

Sensitivity (95% CI) 84.7% (79.2%–89.6%) 86.1% (78.5%–93.7%) 82.0% (77.4%–86.2%) 

Specificity (95% CI) 94.5% (93.0%–96.0%) 92.3% (89.5%–95.0%) 83.6% (80.4%–86.6%) 

PPV (95% CI) 77.1% (72.2%–82.3%) 70.8% (63.8%–78.9%) 71.1% (67.2%–75.4%) 

NPV (95% CI) 96.6% (95.5%–97.7%) 96.8% (95.1%–98.5%) 90.4% (88.2%–92.5%) 

F1 Score (95% CI) 80.7% (76.7%–84.7%) 77.7% (71.5%–83.6%) 76.2% (72.7%–79.5%) 

Brier Score (95% CI) N/A 0.061 (0.051–0.072) 0.124 (0.113–0.134) 

Performance estimates are presented with 95% CIs; accuracy, sensitivity, specificity, PPV, NPV, and F1 score are expressed as 

percentages. Training-set performance was estimated from cross-validated out-of-fold predictions. AUROC: area under the 

receiver operating characteristic curve; AUPRC: area under the precision–recall curve; PPV: positive predictive value; NPV: 

negative predictive value; CI: confidence interval
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Table 4 Performance of the final prediction model for 6-month unfavourable prognosis after injury across datasets. 

Metric Training set (OOF) External test set 

AUROC (95% CI) 0.937 (0.911–0.959) 0.906 (0.873–0.936) 

AUPRC (95% CI) 0.690 (0.597–0.773) 0.727 (0.642–0.823) 

Accuracy (95% CI) 91.9% (90.3%–93.4%) 85.8% (82.4%–89.2%) 

Sensitivity (95% CI) 80.3% (73.0%–87.2%) 81.1% (73.7%–87.9%) 

Specificity (95% CI) 93.4% (91.8%–94.9%) 87.7% (83.8%–91.3%) 

PPV (95% CI) 62.2% (54.5%–69.6%) 72.5% (64.6%–79.7%) 

NPV (95% CI) 97.2% (96.1%–98.3%) 92.1% (88.7%–95.0%) 

F1 Score (95% CI) 70.1% (63.8%–75.8%) 76.6% (70.3%–82.2%) 

Brier Score (95% CI) N/A 0.105 (0.084–0.126) 

Performance estimates are presented with 95% CIs; accuracy, sensitivity, specificity, PPV, NPV, and F1 score are expressed as 

percentages. Training-set performance was estimated from OOF predictions generated using repeated stratified cross-validation. 

OOF: out-of-fold; AUROC: area under the receiver operating characteristic curve; AUPRC: area under the precision–recall 

curve; PPV: positive predictive value; NPV: negative predictive value; CI: confidence interval 
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