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Summary eBioMedicine
Background Accurate and equitable prediction of trauma-related in-hospital mortality is critical for guiding clinical 2026;126: 106206
decisions and optimising trauma care resources. Traditional severity scoring systems like the Injury Severity Score  PvPlished Online o
(ISS) do not account for demographic factors, potentially limiting their fairness and generalisability across diverse ;‘;tlpé/ /:; ;i;gz/ ;2‘6
populations. 106236
Methods We developed and externally validated an artificial intelligence (AI) model based on ISS and integrated

demographic features (age and sex) to predict in-hospital mortality after trauma. Data from the Korean Trauma Data

Bank were used for model development and internal validation, comprising 121,418 patients with trauma aged >15

years treated at 19 trauma centres in South Korea (2017-2022). External validation was performed on an

independent cohort of 7458 patients from five trauma centres (four in South Korea and one in Australia,

2022-2024). The primary outcome was trauma-related in-hospital mortality. Predictive performance was assessed

using area under the receiver operating characteristic curve (AUROC), sensitivity, specificity, accuracy, and

balanced accuracy. Fairness was evaluated by comparing AUROC differences across age (<65 vs >65 years) and

sex (female vs male) subgroups.

Findings The ISS-based AI model incorporating age and sex achieved high predictive performance (internal
validation AUROC, 0.934; external validation AUROC range, 0.901-0.920), outperforming conventional ISS-based
methods. The model also demonstrated improved fairness, showing reduced AUROC differences across
subgroups (age: 0.068 vs 0.091; sex: 0.021 vs 0.046 for AI model vs ISS, respectively).
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Interpretation Scaling an ISS-based AI model through demographic integration yielded accurate, fair, and
generalisable predictions of trauma-related in-hospital mortality. This approach may enhance trauma care
decision-making and enable more equitable resource allocation across diverse clinical settings.
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Research in context

Evidence before this study

Accurate prediction of in-hospital mortality in patients with
trauma is essential for guiding clinical decision-making and
allocating limited healthcare resources. The Injury Severity
Score (ISS) has long been used as the standard for anatomical
injury severity quantification, but it is limited by its overly
simplified structure and lack of demographic considerations.
Prior artificial intelligence (Al) models using raw AlS codes
(Region-1999) or conventional groupings (Region-6) offered
either high complexity or low resolution. Although several
machine learning models have been developed to improve
trauma prognostication, many lacked scalability, fairness
evaluation, or external validation across different
populations. We searched PubMed and Embase up to May
2025 using terms such as “trauma”, “mortality prediction”,
“machine learning”, “artificial intelligence”, “deep learning”,
“injury severity score”, and "demographic fairness”. Few
studies have integrated patient demographic factors into
anatomical injury-based Al models and validated them using
large-scale, real-world, multinational datasets.

Added value of this study

This is the large-scale, multinational study to demonstrate
that integrating demographic variables (age and sex) into a
Region-46-based Al model significantly improves predictive
accuracy and fairness for trauma-related in-hospital
mortality. The model was trained on over 120,000 patients

Introduction

Trauma is a leading cause of death and disability
worldwide, particularly among young and middle-aged
adults." In-hospital mortality represents a critical
outcome reflecting both injury severity and the quality
of acute clinical care.” Accurate and timely prognosis
prediction enables optimal resource allocation and
informed clinical decisions, potentially improving pa-
tient outcomes.’

with trauma from South Korea and externally validated on
7458 patients across five independent centres in South Korea
and Australia. The proposed deep neural network (DNN)
model achieved superior performance (internal AUROC:
0.934; external AUROC: 0.901-0.920) compared to
conventional 1SS-based models and alternative anatomical
encodings. It also demonstrated lower prediction bias across
age and sex subgroups and showed generalisability across
healthcare systems. The study provides rigorous validation of
a demographically scaled, anatomically detailed Al model for
trauma prognosis.

Implications of all the available evidence

This study supports a paradigm shift from traditional 1SS-
based stratification to Al-driven mortality prediction models
that incorporate both anatomical detail and patient-specific
demographic features. By using a balanced anatomical
representation (Region-46) and adding age and sex, the
proposed model achieves high accuracy, fairness, and
external validity. These findings suggest that such models
can be incorporated into trauma workflows and healthcare
data integration platforms to support early prognostication
and optimise clinical decision-making across diverse
healthcare environments. This approach may enhance
equitable trauma care and facilitate data-driven triage across
local, national, and global trauma systems.

To date, the Injury Severity Score (ISS), derived
from the Abbreviated Injury Scale (AIS), has been the
standard method for quantifying anatomical injury
burden.** However, ISS aggregates detailed AIS injury
codes into only six broad anatomical regions (Region-6),’
equally weighting injuries that have substantially
different prognostic implications. For example, ISS as-
signs equivalent weight to a pancreatic injury and a rib
fracture if they share the same AIS severity score, despite
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their markedly different clinical consequences.*” At the
other extreme, directly using the original AIS injury
descriptors (Region-1999)—which individually encode
each injury—preserves extensive detail but introduces
significant computational complexity and risks of model
overfitting.®

To overcome these limitations, our group previously
developed Region-46, a balanced anatomical encoding
scheme transforming the original AIS injury descriptors
into 46 clinically meaningful anatomical categories.® By
providing a middle ground between the excessive
simplicity of Region-6 and the computational complexity
of Region-1999, Region-46 has shown potential as a su-
perior set of input features for Al-based mortality predic-
tion models.* Although initial AI models using Region-46
demonstrated improved predictive accuracy, our previous
work was limited by a relatively small dataset (n = 37,762)
and lacked comprehensive external validation.®

The current study, therefore, builds upon this
foundation by systematically addressing five key
research questions. First, does the predictive advantage
of the Region-46-based AI model over Region-6— and
Region-1999-based models, and conventional ISS-
based approaches persist when trained on a substan-
tially larger nationwide dataset (>120,000 patients)?
Second, does this substantial increase in training data
significantly enhance the predictive accuracy of the
Region-46-based AI model compared with our previous
smaller-scale dataset?® Third, does incorporating de-
mographic variables (patient age and sex) further
improve predictive accuracy beyond anatomical injury
features alone? Fourth, does the Region-46-based Al
model demonstrate fair (unbiased) performance across
demographic subgroups?”'® Fifth, does the predictive
performance of the Region-46-based AI model gener-
alise effectively across diverse clinical settings?

By explicitly addressing these critical questions, this
study aims to establish an accurate, robust, general-
isable, and fair Al-driven framework for trauma prog-
nosis prediction, ultimately contributing to improved
clinical decision-making and trauma care outcomes.

Methods

Data source and ethical considerations

This cohort study adhered to the TRIPOD + Al
(Transparent Reporting of a Multivariable Prediction
Model for Individual Prognosis or Diagnosis extended
for Artificial Intelligence) guidelines' for model devel-
opment and validation, with the completed checklist
provided in Table S1.

For model development and internal validation, data
were obtained from the Korean Trauma Data Bank
(KTDB), a nationwide registry that includes all 17
regional trauma centres—representing the highest level
of trauma care in South Korea—and two affiliated
educational trauma centres. The KTDB dataset included
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patients with trauma registered between 2017 and 2022
(dataset identification number: K2024-03-2-02-29).

To assess generalisability, external validation was
performed using five independent datasets collected in
2023 from four regional trauma centres in South Kore-
a—Chonnam National University Hospital (CNUH),
Cheju Halla General Hospital (CHGH), Chungbuk Na-
tional University Hospital (CBUH), and Gachon Uni-
versity Gil Medical centre (GUGC)—and from one Level
I trauma centre in Australia, Westmead Hospital (WH),
with data collected between 2022 and 2024.

Ethical approval for the use of KIDB data was
granted by the Institutional Review Board of the Na-
tional Emergency Medical Centre. The requirement for
informed consent was waived due to the retrospective
nature of the study and the use of deidentified data.
External validation using independent datasets was
approved by the IRBs of each participating institution:
CHGH (CHH-2024-L03), CBUH (CBNUH 2024-10-
017), GUGC (GFIRB2024-357), CNUH (CNUH-2024-
016), and WH (2024/PID0326). Notably, the approval
from CHGH encompassed both the analysis of the
national KTDB dataset and the clinical validation data.
All study procedures were conducted in accordance
with applicable national regulations and institutional
ethical standards. The requirement for informed con-
sent was waived in accordance with relevant ethical
guidelines for secondary use of administrative data.

Patient selection

Patients from both the KTDB dataset and the external
validation cohorts were screened using identical inclu-
sion and exclusion criteria. Eligible patients were those
aged 15 years or older who were admitted to the hospital
following a traumatic injury. Patients were excluded if
they died in the emergency department prior to admis-
sion, were discharged home without hospitalisation,
were transferred to another facility without hospital
admission, had duplicate episodes, or had cardiopul-
monary resuscitation (CPR) or do-not-resuscitate (DNR)
orders denied at the initial site of care.

Additionally, patients with missing key variables
(age, sex, or AlS-based injury codes) were excluded to
ensure completeness of the model inputs. Cases lack-
ing either injury or discharge timestamps were also
removed because these variables were essential to
confirm that each record represented a valid hospital-
isation episode following trauma. These exclusions
were applied to maintain data integrity and ensure
reliable outcome labelling. In the development and in-
ternal validation cohort (n = 228,116 before exclusion),
540 (0.2%) missing age, 3262 (1.4%) missing AIS
codes, 1376 (0.6%) missing injury time, and 1156
(0.5%) missing discharge time were excluded. In the
external validation cohort (n = 12,473 before exclusion),
5 (<0.1%) missing age, 6 (<0.1%) missing sex, 359
(2.9%) missing AIS codes, 422 (3.4%) missing injury


http://www.thelancet.com

Articles

time, and 797 (6.4%) missing discharge time were
excluded. No imputation techniques were applied, and
all analyses were performed using complete cases only.
Biological sex was recorded at the time of admission
based on official electronic health records and national
trauma registry data.

After applying these criteria, a total of 121,418 adult
patients with trauma were included from the KTDB for
model development and internal validation. An addi-
tional 7458 patients were included in the external vali-
dation dataset, comprising 672 from CNUH, 1773 from
CHGH, 721 from CBUH, 1203 from GUGC in South
Korea, and 3089 from WH in Australia. The overall
patient selection process is illustrated in Fig. 1.

Key questions: data scaling, demographic
integration, fairness, and generalisability
Complete lists of injury descriptors and anatomical
categories used as input features for the Region-1999-,
Region-6-, and Region-46-based AI models are pro-
vided in Table S2.

Specifically, the Region-1999-based Al model used
binary (one-hot) encoding of all 1999 individual AIS
injury descriptors, resulting in highly detailed but
sparse anatomical data. In contrast, the Region-6-based
Al model aggregated these detailed descriptors into six
broad anatomical regions (head/neck, face, thorax,
abdomen, extremities, and external), substantially
reducing data dimensionality at the potential cost of
clinically meaningful anatomical detail. The Region-
46-based AI model balanced these extremes by
consolidating AIS descriptors into 46 anatomically
coherent and clinically relevant categories, thus aiming
to optimise both predictive accuracy and computational
efficiency. We introduced a scheme (Region-46) by
regrouping AIS codes into 46 organ-specific categories

and Internal cohort

KTDB (n=228,116)

|

to better reflect organ-level severity. Codes associated
with frequently injured or clinically significant organs
were aggregated under named organ categories, with
the highest AIS score retained per organ. Less
frequently encountered or clinically less relevant in-
juries were retained within their broader anatomical
region. The full Region-46 classification is presented in
Table S3. For example, in the head region, AIS codes
were subdivided into intracranial haemorrhage, sub-
dural haemorrhage, and epidural haemorrhage due to
their clinical relevance, while less critical injuries were
grouped as “head” or “skull.” Facial injuries lacked se-
vere or high-frequency codes and were thus grouped
under “face.” In the neck, codes were categorised by
structure—vascular, oesophageal, tracheal, and cervical
spine—while other injuries remained under “neck.”
Thoracic injuries were assigned to specific categories
such as thoracic vessels, bronchus, diaphragm, heart,
lung, and ribs, while remaining codes were labelled as
“thorax.” Abdominal injuries were assigned to organs
including the liver, spleen, pancreas, stomach, and
kidneys, among others, with less frequent injuries
classified under “abdomen.” Upper extremity injuries
were grouped together since all had AIS scores below 4
and were generally less severe. For the lower extrem-
ities, the pelvis was treated as a distinct category due to
its clinical significance, while other injuries remained
under “lower extremity.” Finally, injuries coded under
the external region were grouped as “external” due to
the absence of high-severity codes.

The primary outcome was in-hospital mortality. This
study addressed five clinically relevant and Al-related
critical questions, focussing on AIS-based prediction
of in-hospital mortality. First, to determine whether the
Region-46-based AI model maintained its predictive
advantage over Region-6-based, Region-1999-based,

External validation cohort
Total (n=12,473)
Korea : CNUH (n=1,782), GUGC (n=3,371), CBUH (n=1,332), CHGH (n=2,382)
Australia : WH (n=3,606)

!

Excluded
After emergency department care
(n=22),

(n=19,340), (n=5,261)
After hospital admission

- discharged (n=2,785), transferred (n=58,378), absconded (n=254), etc (n=69)
CPR denied or DNR at initial site (n=2)
Age < 15 years (n=10,727)
Incomplete information (n=6.334)

- age (n=540), sex (n=0), AlS codes (n=3,262), injury time (n=1,376), discharge time (n=1,156)
Duplicate episodes (n=3,526)

Excluded
After emergency department care
ged (n=0), (n=0),
After hospital admission
ged (n=142), (n=2,848),
CPR denied or DNR at initial site (n=0)
Age < 15 years (n= 416)

(n=0)

(n=3), etc (n=8)

Incomplete information (n=1,589)
- age (n=5), sex (n=6), AIS codes (n=358), injury time (n=422), discharge time (n=797)
Duplicate episodes (n=11)

l Final cohort
Final cohort Total (n=7,458)

KTDB (n=121,418)

Korea : CNUH (n=672), GUGC (n=1,203), CBUH (n=721), CHGH (n=1,773)
Australia : WH (n=3,089)

Fig. 1: Patient Selection Flowchart for KTDB and external validation datasets.
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and ISS-based models when applied to a larger dataset,
we trained and comparatively evaluated each model
using the expanded KTDB cohort of 121,418 patients
with trauma. For comparison, mortality prediction
based on the ISS was performed using both a rule-
based approach (labelling mortality by ISS thresholds)
and a logistic regression model that combined the ISS
score with age and sex. Second, to quantify predictive
performance gains resulting from an increased dataset
size, we compared the current Region-46-based Al
model (trained on 121,418 patients; 2017-2022) directly
against our previously published model (trained on
37,762 patients; 2014-2019). Third, to evaluate whether
the addition of demographic variables (patient age and
sex) provided incremental predictive value beyond
anatomical injury features alone, we trained two vari-
ants of the Region-46-based Al model—one including
and one excluding demographic variables—and
compared their performance. Fourth, to assess the
fairness of predictions across demographic subgroups
defined by age (<65 vs >65 years) and sex (female vs
male), we conducted subgroup analyses. Fairness was
quantified by comparing differences in area under the
receiver operating characteristic curve (AUROC) across
these demographic categories between the Region-
46-based Al model (with demographic inputs) and
conventional ISS-based methods. For the ISS-based
model, the optimal classification threshold was deter-
mined using Youden’s ] statistic,”” and subgroup fair-
ness was evaluated based on this threshold.
Additionally, we evaluated the Equalised Odds (EO)
difference as a fairness metric.”” This measure quan-
tifies disparities in false positive rates (FPRs) and false
negative rates (FNRs) between demographic groups,
where smaller differences indicate higher fairness.”
Fifth, to assess model generalisability, we performed
external validation on independent cohorts from four
South Korean trauma centres and one Australian Level
I trauma centre across all comparative analyses.

Machine learning model development and
evaluation

We included 121,418 patients with trauma from the
KTDB (113,433 survivors [93%], 7985 non-survivors
[7%)]), divided into training (80%; n = 97,134) and
testing (20%; n = 24,284) cohorts. For model develop-
ment, the KTDB dataset was stratified by trauma centre
and survival status, then randomly divided into training
and testing cohorts in an 8:2 ratio.' To address class
imbalance, the Synthetic Minority Over-sampling
Technique (SMOTE) was applied to the training set to
generate synthetic samples of the minority (deceased)
class.” The testing cohort was reserved exclusively for
internal evaluation. External validation was conducted
using independent datasets that were not involved in
model training or internal testing. These data were used
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solely to evaluate out-of-sample performance and assess
the model’s generalisability across institutions and
geographic settings, in accordance with best practices
in prediction modelling research.’® External validation
comprised 7458 patients from five centres with full
cohort details in Table S4. To further assess model
generalisability, centre-specific performance metrics
were estimated with 2000 bootstrap iterations to obtain
95% confidence intervals.”

Seven machine learning algorithms were evaluated:
adaptive boosting (AdaBoost), random forest (RF),
gradient boosting machine (GBM), light gradient
boosting machine (LightGBM), extreme gradient
boosting (XGBoost), logistic regression (LR), and deep
neural network (DNN).®* Hyperparameters were
optimised for each model, with predictive performance
assessed via five-fold cross-validation.”* The optimal AI
model was selected primarily based on balanced accu-
racy and AUROC, given the pronounced class imbal-
ance. Model performance was further evaluated using
the area under the receiver operating characteristic
curve (AUROC), area under the precision-recall curve
(AUPRC), sensitivity, specificity, accuracy, precision,
and balanced accuracy. Balanced accuracy and AUROC
served as the main selection criteria, while the
remaining metrics provided complementary insights
into classification performance. AUROC and AUPRC
quantified overall discriminative ability, particularly
under imbalanced outcome distributions. Sensitivity
(true positive rate) and specificity (true negative rate)
measured performance in identifying positive and
negative outcomes, respectively. Accuracy represented
the proportion of correctly classified cases, and preci-
sion indicated the proportion of true positives among
predicted positives. To statistically compare model
performance, bootstrap hypothesis testing (2000 itera-
tions) and Delong’s test were performed to evaluate
whether the area under the receiver operating charac-
teristic curve (AUROC) of the best-performing model
significantly differed from those of the other models.”**
The bootstrap procedure generated empirical distribu-
tions of AUROC differences to estimate p-values, while
DeLong’s test provided analytic p-values. A two-sided p
value < 0.05 was considered statistically significant.

To enhance model interpretability, SHapley Additive
exPlanations (SHAP) analysis was conducted to quantify
the contribution of each input variable to the DNN
model’s mortality predictions.” SHAP values were
computed using the KernelExplainer algorithm with a k-
means summarised background of the training data. The
target dataset for explanation consisted of 2000 randomly
selected samples from the test set. For each prediction,
SHAP values were derived to estimate how individual
features—46 anatomical indicators (Region-46 frame-
work) and two demographic variables (age and sex)—in-
fluenced the predicted probability of in-hospital mortality.
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Calibration and decision curve analysis

To assess model calibration and clinical utility, three
post-hoc calibration methods—Platt scaling, Beta cali-
bration, and isotonic regression—were applied using
an out-of-fold strategy based on cross-validated training
predictions.” Each method was fitted on the out-of-fold
predicted probabilities from the training data and sub-
sequently evaluated on both the internal test set and the
external validation cohorts. Calibration curves were
generated to assess the agreement between predicted
and observed probabilities, and decision curve analysis
(DCA) was performed to evaluate the net clinical benefit
across a range of threshold probabilities.”” All analyses
were conducted to ensure consistent calibration and
decision performance across datasets.

Association between predicted risk and in-hospital
mortality

Cox proportional hazards regression analyses were con-
ducted to evaluate the association between Al model-
predicted mortality risk and observed in-hospital mortal-
ity, using both unadjusted and adjusted models (for age
and sex).* Patients predicted to be deceased were stratified
into tertiles according to predicted risk: T1 (lowest), T2
(intermediate), and T3 (highest). Hazard ratios (HRs) and
95% confidence intervals (Cls) were calculated for each
tertile. Adjusted models provided insight into the inde-
pendent predictive value of Al-derived risk categories,
controlling for demographic factors.

Statistical Analysis

Survivor and non-survivor groups were compared using
x> tests, Fisher’s exact test, Mann-Whitney U tests, or
independent t-tests, as appropriate. Cox proportional
hazards regression models assessed associations be-
tween predicted risk and observed mortality, adjusting
for age and sex. Normality of continuous variables was
assessed using the Kolmogorov—Smirnov test and vi-
sual inspection of histograms and Q-Q plots. Homo-
geneity of variance was evaluated using Levene’s test.
Based on these assessments, independent t-tests were
used for normally distributed variables with equal var-
iances, while the Mann—Whitney U test was applied for
non-normally distributed data. Analyses used Python
3.10, with significance at two-sided p < 0.05.

Role of funders

The funder had no role in study design, data collection,
analysis and interpretation, or the writing of the
manuscript.

Results

Study cohort characteristics and dataset
composition

Demographic characteristics and AIS scores for the
KTDB cohort and aggregated external validation cohorts

are summarised in Table S5. Overall, deceased patients
were significantly older and exhibited higher AIS scores
across all anatomical regions compared to survivors in
both the train/test and external validation cohorts (all
p < 0.001 [Mann—Whitney U test]). While male sex was
significantly associated with mortality in the train/test
cohort (p < 0.001 [y? test]), this association was not
observed in the external validation cohort (p = 0.140 [y
test]). A total of 121,418 patients were included in the
train-test dataset and 7458 patients in the external
validation dataset. The overall in-hospital mortality rate
was 7% in the train-test cohort and 6% in the external
validation cohort. Median age was 57 in KTDB and 52
in external validation cohort. Median ISS was 8 in
KTDB, and 4 in external validation cohort. Male was
65% in KTDB, 35% in external validation cohort.
Institution-specific demographic characteristics and
detailed AIS scores for external validation cohorts are
provided in Table S6.

Region-46-based Al model with age and sex vs.
conventional 1SS

The predictive performances of seven machine learning
models trained using Region-46 anatomical features
combined with demographic variables (age and sex), as
well as two conventional ISS thresholds (>16 and >25),
is summarised in Table S7. Across all evaluation data-
sets—training  (five-fold cross-validation), internal
testing, and external validation—the DNN consistently
exhibited the highest predictive accuracy. The archi-
tecture of the proposed DNN is summarised in
Figure S1. The final DNN model included 48 input
features (46 from Region-46 and two demographic
variables), and consisted of two fully connected hidden
layers (64 and 32 nodes) with LeakyReLU activation,
dropout, and L2 regularisation. During five-fold cross-
validation, the Region-46-based DNN model incorpo-
rating age and sex achieved superior AUROC (0.930
[SD, 0.005]) and balanced accuracy (85.4% [SD, 0.006])
compared with other algorithms. This performance
advantage was maintained on the internal KTDB test
set (AUROC, 0.934; balanced accuracy, 86.0%)
(Figure S2). External validation cohorts further
confirmed the robustness of the DNN model, with
AUROCs of 0.920 (Korea) and 0.902 (Australia),
consistently outperforming all ISS-based approaches.

Region-46 vs. Region-6 vs. Region-1999 DNN
models with age and sex

We conducted additional cross-validation to identify the
optimal algorithms and hyperparameters for Region-6-
and Region-1999-based Al models combined with de-
mographic variables, confirming that the DNN consis-
tently demonstrated superior performance across these
configurations. Predictive results from these models are
summarised in Table S8. During five-fold cross-valida-
tion, the Region-46-based DNN model incorporating
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age and sex demonstrated superior predictive accuracy
(AUROC, 0.930 [SD, 0.005]; balanced accuracy, 85.4%
[SD, 0.006]) compared with the Region-6-based
(AUROC, 0.922; balanced accuracy, 84.8%) and Region-
1999-based models (AUROC, 0.896; balanced accuracy,
81.1%). This advantage persisted in the internal test
dataset (Figure S3), with the Region-46-based model
again showing superior results (AUROC, 0.934;
balanced accuracy, 86.0%). Similar trends were
observed in external validation cohorts, where the Re-
gion-46-based DNN consistently outperformed both
Region-6 and Region-1999 models. Specifically, in the
Korean external validation set, the Region-46-based
model achieved an AUROC of 0.920 (balanced accuracy,
83.7%), surpassing Region-1999 (AUROC, 0.905;
balanced accuracy, 82.3%) and Region-6 (AUROC,
0.901; balanced accuracy, 82.3%). Likewise, in the
Australian cohort, the Region-46-based model showed
higher performance (AUROC, 0.902; balanced accu-
racy, 81.5%) compared to Region-6 (AUROC, 0.893)
and Region-1999 (AUROC, 0.872).

Impact of dataset expansion and demographic
variable inclusion

Predictive performance of the current Region-46-based
DNN model was compared with our previously pub-
lished model,* which was trained on a smaller dataset
(n = 37,762) without age and sex (Table S9 and
Figure S4). We first evaluated the impact of expanding
the training dataset from 37,762 patients to 121,418
patients while excluding demographic variables (age
and sex). This dataset expansion alone improved overall
predictive performance, increasing AUROC from 0.881
to 0.897 and balanced accuracy from 80.5% to 81.8%.
Subsequently, we assessed the effect of incorporating
age and sex into the larger dataset (n = 121,418), which
further enhanced predictive accuracy, raising AUROC
from 0.897 to 0.914 and balanced accuracy from 81.8%
to 83.0%. Institution-specific results confirmed this
pattern: at GUGC, AUROC improved from 0.904
(smaller dataset) to 0.919 (larger dataset), and further to
0.928 after adding demographic variables. Similarly, at
WH, AUROC increased from 0.824 (smaller dataset) to
0.861 (larger dataset), and further rose to 0.902 with the
addition of age and sex. These analyses demonstrate
distinct and cumulative improvements from dataset
expansion and the inclusion of demographic variables.

Model calibration and clinical utility

Calibration analyses demonstrated that all three post-
hoc methods improved the reliability of predicted
probabilities compared with the uncalibrated model.
Among them, isotonic regression achieved the most
consistent and well-aligned calibration across both in-
ternal and external datasets. In contrast, Platt and Beta
calibration exhibited mild residual or unstable patterns.
These results suggest that the non-parametric nature of
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isotonic regression allowed more flexible correction of
the DNN’s overconfident probability outputs, particu-
larly in the context of a highly imbalanced dataset
(survival:death ~ 93:7).7%

Decision curve analysis (DCA) performed on both the
internal test and external validation datasets further
confirmed the clinical advantage of calibration. The
isotonic-calibrated Region-46 DNN model consistently
provided higher net clinical benefit across a wide range of
threshold probabilities compared with the uncalibrated
version. This finding demonstrates clinical applicability for
mortality risk assessment. Collectively, these results indi-
cate that post-hoc calibration substantially enhanced both
the predictive reliability and the clinical utility of the model.

To visually illustrate these improvements, Fig. 2
present the calibration curves of the uncalibrated and
isotonic-calibrated DNN models in the internal test and
external validation sets, respectively. Fig. 3 shows the
DCA results comparing the calibrated and uncalibrated
DNN models using the internal test and overall external
validation datasets. Furthermore, Fig. 4 provides the
DCA results for each of the five individual external
validation centres, highlighting the consistent clinical
benefit of calibration across diverse institutional co-
horts. The detailed performance metrics of the cali-
brated models are summarised in Tables 1-6. The
calibrated DNN demonstrated strong generalisability
across different hospitals. In the overall external vali-
dation, the model achieved an AUROC of 0.920 for the
Korean cohort and 0.901 for the Australian cohort.
When analysed by individual centres, the model
maintained stable discrimination and classification
balance, with balanced accuracy ranging from 74.6% to
89.1% and AUROC ranging from 0.819 to 0.961
(Table 6). These results indicate that the model’s per-
formance remained consistent across trauma centres of
varying sizes and regional characteristics, supporting its
reliability and applicability in diverse clinical settings.

Model interpretability analysis

We performed a comprehensive interpretability analysis
using SHAP values to elucidate the contribution of in-
dividual features to the DNN’s mortality prediction.
Fig. 5 depicts the overall feature-importance distribution,
while Table S11 lists detailed SHAP statistics for each
variable. The five most influential predictors were AIS
(cerebrum subdural), age, AIS (head), AIS (lower ex-
tremity), and AIS (pelvis). Notably, these factors are
consistent with clinically recognised determinants of
trauma-related mortality, thereby reinforcing the clinical
plausibility of the DNN’s learnt feature representations.

Model fairness evaluation by age and sex
subgroups

Model fairness was assessed by comparing differences
in AUROC between age (<65 vs >65 years) and sex
(female vs male) subgroups for the Region-46-based
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Fig. 2: Calibration curves of the DNN model using Region-46 features with age and sex before and after isotonic calibration in the internal

test set (A) and external validation set (B).

DNN model incorporating age and sex, relative to the
conventional ISS-based approach (Table S10). In both
internal testing and external validation cohorts, the
Region-46-based DNN model showed reduced perfor-
mance disparities across subgroups compared with ISS.
Specifically, for the external validation dataset, the dif-
ference in AUROC between age subgroups was notably

smaller in the DNN model (0.0679) compared with ISS
(0.0909). Similarly, differences between female and
male patients were substantially lower in the DNN
model (0.0212) than with ISS (0.0462). The results
indicate the Region-46-based DNN model, integrating
demographic factors, provides more equitable pre-
dictions across age and sex subgroups compared with
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conventional ISS-based risk stratification. We conducted
additional analyses to evaluate the statistical significance
of performance differences across subgroups. Specifically,
we compared the performance of both the ISS and the Al
model by age and sex. The results showed that both
models demonstrated significantly different performance
between patients aged <65 years and those aged >65
years. In contrast, no significant performance differences
were observed between male and female groups for either
model. Notably, in the external validation cohort, the ISS
exhibited a significant difference in performance between
sexes, whereas the Al model maintained consistent per-
formance regardless of sex. Although significant differ-
ences were observed across age groups, the consistently
decreasing trend in performance disparities across com-
parisons may indicate an improvement in model fairness.
As a complementary analysis, model fairness was further
evaluated using the EO difference, with the optimal ISS
threshold (Youden’s J = 16) applied for subgroup com-
parison. In the external validation cohort, the Region-
46-based DNN model showed smaller EO differences
across both age (0.164 vs 0.197) and sex (0.183 vs 0.202)
subgroups compared with ISS-16, indicating more
balanced error rates and improved fairness across de-
mographic groups. Although minor variations were
observed in the internal test set, the overall trend sup-
ported the superior fairness of the DNN model.

Stratified mortality risk by model prediction
Table S12 presents the HRs and adjusted HRs (aHRs)
for in-hospital mortality according to model-predicted
mortality probability tertiles. In the KTDB cohort
(n=93,317), the unadjusted HRs for tertiles T1, T2, and
T3 were 1.30 (95% CI, 1.22-1.40), 2.53 (2.38-2.70), and
16.11 (15.38-16.87), respectively. After adjustment for
age and sex, these remained strongly significant: aHRs
were 126 (1.17-1.35), 2.43 (2.28-2.59), and 15.32
(14.62-16.05), indicating a strong association between
higher predicted mortality probability and increased
observed mortality. External validation cohorts from
Korea (n = 4319) and Australia (n = 3089) demonstrated
consistent trends. Mortality risk increased significantly
across tertiles in both unadjusted and adjusted models.
For example, in the Korean cohort, adjusted HRs for
T1, T2, and T3 were 1.73 (1.25-2.40), 3.71 (2.79-4.95),
and 17.24 (13.87-21.44), respectively. Similarly, the
Australian cohort exhibited adjusted HRs of 1.03
(0.64-1.67), 2.21 (1.43-3.39), and 12.23 (8.86-16.87),
respectively.

Web-based application for trauma mortality risk
estimation
We have developed a user-friendly, web-based application
that implements our trauma mortality risk prediction
model (Fig. 6).

The calculator is publicly accessible at (http://ai-wm.
khu.ac.kr/AIS_Trauma_Mortality).
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Fig. 3: Decision curve analysis of the proposed model in the internal test set (A) and external
validation set (B).

Discussion

Key findings

This study provides evidence supporting five key find-
ings regarding Al-based prediction of trauma mortality.
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Sensitivity Specificity Precision Accuracy Balanced accuracy AUROC AUPRC p-value (Bootstrap) p-value (DeLong)
Test dataset (KTDB)

1SS-16 81.2% 86.3% 29.4% 85.9% 83.7% 0.890 0.487 <0.001 <0.001
ISS-25 61.3% 96.0% 52.0% 93.7% 78.7%

LR (ISS + age + sex) 84.1% 84.6% 27.7% 84.6% 84.3% 0.914 0.542 <0.001 <0.001
AdaBoost 82.8% 84.7% 27.7% 84.6% 83.8% 0.922 0.637 <0.001 <0.001
RF 85.8% 83.7% 27.0% 83.8% 84.7% 0.927 0.614 <0.001 <0.001
GBM 82.8% 84.7% 27.7% 84.6% 83.8% 0.917 0.619 <0.001 <0.001
LightGBM 82.7% 84.6% 27.4% 84.5% 83.7% 0.918 0.625 <0.001 <0.001
XGBoost 82.0% 85.8% 28.9% 85.5% 83.9% 0.919 0.629 <0.001 <0.001
LR 85.5% 85.1% 28.7% 85.1% 85.3% 0.930 0.647 <0.001 <0.001
DNN 86.8% 85.8% 30.1% 85.9% 86.3% 0.934 0.667 Ref. Ref.

Abbreviations: AUPRC, Area Under the Precision—Recall Curve; AUROC, area under the receiver operating characteristic curve; ISS, Injury Severity Score; AdaBoost, adaptive boosting; RF, random forest;
GBM, gradient boosting machine; XGBoost, extreme gradient boosting; LR, logistic regression; DNN, deep neural network; SD, standard deviation; KTDB, Korean Trauma Data Bank. Data represents
(with SD for cross-validation). Performance metrics (sensitivity, specificity, accuracy, balanced accuracy, and AUROC) for predicting in-hospital mortality are reported. Models were trained and internally
validated using the KTDB dataset (five-fold cross-validation and internal test set, 2017-2022). Results in bold indicate the best-performing model for each dataset. Ref. indicates the reference model

used for pairwise statistical comparisons (p-values).

Table 1: Performance of calibrated machine learning models and ISS threshold for in-hospital mortality prediction using Region-46 features with age and sex in Test dataset

(KTDB).

First, the Region-46-based Al model maintained su-
perior predictive performance over Region-6—, Region-
1999—, and ISS-based methods when trained on a large
nationwide dataset exceeding 120,000 patients,
demonstrating robustness and scalability. Second,
among the machine learning algorithms evaluated, the
Deep Neural Network (DNN) exhibited statistically su-
perior discriminative performance compared with the
other models. This finding suggests that the DNN was
particularly well suited for modelling complex, non-
linear feature interactions among numerous injury
severity—related variables, effectively capturing latent
patterns associated with in-hospital mortality even in
tabular data settings. Third, expanding the training
dataset to more than 120,000 patients further enhanced

predictive accuracy, confirming the scalability and sta-
bility of the Region-46-based DNN model when applied
to a large nationwide cohort. Fourth, incorporating de-
mographic variables (age and sex) alongside anatomical
injury features resulted in meaningful performance
improvements, highlighting the clinical value of
comprehensive, patient-specific risk assessment. Fifth,
the AI model exhibited reduced prediction bias and
greater fairness across demographic subgroups, spe-
cifically age and sex, compared with conventional ISS-
based methods. Finally, external validation using
diverse, independent datasets from multiple trauma
centres in South Korea and Australia confirmed the
generalisability and reliability of the Region-46-based
Al model across different clinical contexts.

Sensitivity Specificity Precision Accuracy Balanced accuracy AUROC AUPRC p-value (Bootstrap) p-value (DeLong)
External validation dataset (Korea)
1SS-16 81.3% 83.5% 27.4% 83.4% 82.4% 0.881 0.380 <0.001 <0.001
1SS-25 63.2% 94.6% 47.3% 92.4% 78.9%
LR (ISS + age + sex) 80.6% 83.9% 27.7% 83.7% 82.3% 0.896 0.391 0.001 0.001
AdaBoost 71.6% 89.0% 33.3% 87.8% 80.3% 0.898 0.575 <0.001 <0.001
RF 80.3% 88.4% 34.5% 87.8% 84.3% 0.922 0.602 0.690 0.675
GBM 72.6% 89.4% 34.3% 88.2% 81.0% 0.898 0.576 <0.001 <0.001
LightGBM 72.6% 89.5% 34.5% 88.3% 81.0% 0.899 0.586 <0.001 <0.001
XGBoost 72.6% 89.8% 35.2% 88.6% 81.2% 0.902 0.589 <0.001 0.002
LR 76.5% 89.0% 34.6% 88.1% 82.7% 0.911 0.594 0.003 0.009
DNN 78.1% 89.6% 36.4% 88.8% 83.8% 0.920 0.628 Ref. Ref.

Abbreviations: AUPRC, Area Under the Precision-Recall Curve; AUROC, area under the receiver operating characteristic curve; ISS, Injury Severity Score; AdaBoost, adaptive boosting; RF, random forest;
GBM, gradient boosting machine; XGBoost, extreme gradient boosting; LR, logistic regression; DNN, deep neural network; SD, standard deviation; KTDB, Korean Trauma Data Bank. Performance metrics
(sensitivity, specificity, accuracy, balanced accuracy, and AUROC) for predicting in-hospital mortality are reported. Models were trained and internally validated using the KTDB dataset (five-fold cross-
validation and internal test set, 2017-2022) and externally validated on independent datasets from four South Korean trauma centres (CNUH, GUGC, CBUH, CHGH; 2023). Data represents (with SD for
cross-validation). Results in bold indicate the best-performing model for each dataset. Ref. indicates the reference model used for pairwise statistical comparisons (p-values).

validation dataset (South Korea).

Table 2: Performance of calibrated machine learning models and 1SS threshold for in-hospital mortality prediction using Region-46 features with age and sex in external
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Sensitivity Specificity Precision Accuracy Balanced accuracy AUROC AUPRC p-value (Bootstrap) p-value (DeLong)
External validation dataset (Australia)

1SS-16 65.4% 89.5% 21.1% 88.5% 77.4% 0.842 0.256 0.005 0.004
ISS-25 49.6% 97.0% 41.4% 95.1% 73.3%

LR (ISS + age + sex) 91.6% 68.5% 25.8% 90.6% 80.0% 0.894 0.338 0.623 0.605
AdaBoost 72.4% 90.6% 24.9% 89.9% 81.5% 0.903 0.563 0.687 0.717
RF 72.4% 89.8% 23.3% 89.1% 81.1% 0.908 0.489 0.173 0.197
GBM 72.8% 89.5% 30.1% 88.5% 81.1% 0.899 0.533 0.950 0.920
LightGBM 74.8% 89.4% 23.2% 88.8% 82.1% 0.901 0.516 0.966 0.996
XGBoost 72.4% 90.1% 23.9% 89.4% 81.3% 0.900 0.509 0.974 0.916
LR 717% 90.9% 25.1% 90.1% 81.3% 0.900 0.554 0.755 0.746
DNN 74.0% 89.4% 23.1% 88.8% 81.7% 0.901 0.541 Ref. Ref.

Abbreviations: AUPRC, Area Under the Precision-Recall Curve; AUROC, area under the receiver operating characteristic curve; ISS, Injury Severity Score; AdaBoost, adaptive boosting; RF, random forest;
GBM, gradient boosting machine; XGBoost, extreme gradient boosting; LR, logistic regression; DNN, deep neural network; SD, standard deviation; KTDB, Korean Trauma Data Bank. Performance metrics

(sensitivity, specificity, accuracy, balanced accuracy, and AUROC) for predicting in-hospital mortality are reported. Models were trained and internally validated using the KTDB dataset (five-fold cross-
validation and internal test set, 2017-2022) and externally validated on independent datasets from four South Korean trauma centres (CNUH, GUGC, CBUH, CHGH; 2023) and one Australian trauma
centre (Westmead Hospital; 2022-2024). Data represents (with SD for cross-validation). Results in bold indicate the best-performing model for each dataset. Ref. indicates the reference model used for
pairwise statistical comparisons (p-values).

Table 3: Performance of calibrated machine learning models and 1SS threshold for in-hospital mortality prediction using Region-46 features with age and sex in external

validation dataset (Australia).

Clinical implication

The proposed Al-based model is particularly well-suited
for routine clinical adoption due to its utilisation of the
existing AIS framework, requiring minimal additional
data input. Although physiological parameters are
crucial indicators of a patient’s condition, most trauma
registries capture only a single snapshot of vital signs,
which may not reflect the dynamic changes that occur
during patient transport. Physiological data are inher-
ently time-dependent and can vary significantly be-
tween prehospital and hospital settings. In contrast, our
model does not rely on transient clinical variables such

While these parameters are undoubtedly important, the
model’s independence from them allows for stable
prognostic estimation, robust performance over time,
and consistent communication across institutions.
Therefore, our model may serve as a reliable foundation
for future, more comprehensive models that incorpo-
rate dynamic physiological data. Moreover, the inte-
gration of demographic variables—specifically patient
age and sex—enhances predictive accuracy and simul-
taneously addresses fairness concerns associated with
demographic biases in clinical decision-making.* An
Al model that incorporates all 46 AIS body regions and

as physiological measurements or laboratory results.

accounts for non-linear relationships

may more

Sensitivity Specificity Precision Accuracy Balanced accuracy AUROC AUPRC p-value (Bootstrap) p-value (DeLong)
Test dataset (KTDB)
DNN (Region-1999) 88.1% 71.5% 17.9% 72.6% 79.8% 0.908 0.654 <0.001 <0.001
DNN (Region-6) 85.8% 84.4% 27.9% 84.5% 85.1% 0.923 0.584 <0.001 <0.001
DNN (Region-46) 86.8% 85.8% 30.1% 85.9% 86.3% 0.934 0.667 Ref. Ref.
External validation dataset (Korea)
DNN (Region-1999) 86.8% 72.2% 19.2% 73.2% 79.5% 0.905 0.631 0.113 0.118
DNN (Region-6) 74.8% 89.6% 35.5% 88.6% 82.2% 0.901 0.505 <0.001 <0.001
DNN (Region-46) 78.1% 89.6% 36.4% 88.8% 83.8% 0.920 0.628 Ref. Ref.
External validation dataset (Australia)
DNN (Region-1999) 83.7% 83.7% 16.8% 83.4% 80.4% 0.872 0.506 0.018 0.035
DNN (Region-6) 71.7% 88.7% 21.4% 88.0% 80.2% 0.892 0.534 0.132 0.114
DNN (Region-46) 74.0% 89.4% 23.1% 88.8% 81.7% 0.901 0.541 Ref. Ref.
Abbreviations: AUPRC, Area Under the Precision-Recall Curve; AUROC, area under the receiver operating characteristic curve; SD, standard deviation; KTDB, Korean Trauma Data Bank. Performance
metrics (sensitivity, specificity, accuracy, balanced accuracy, and AUROC) for DNN models trained using different anatomical feature encodings (Region-1999, Region-6, Region-46), all including patient
age and sex as input features. Models were trained and internally validated on the KTDB dataset (2017-2022) using five-fold cross-validation and an internal test set and externally validated using
independent datasets from four trauma centres in South Korea (2023) and one trauma centre in Australia (Westmead Hospital; 2022-2024). Data shown as means (with SD for cross-validation). Bold
indicates the best-performing model for each dataset. Ref. indicates the reference model used for pairwise statistical comparisons (p-values).
Table 4: Performance of calibrated DNN Models Using Region-1999, Region-6, and Region-46 Features With Age and Sex for Predicting In-Hospital Mortality.
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Sensitivity ~ Specificity Precision  Accuracy Balanced AUROC  AUPRC  p-value p-value
accuracy (Bootstrap) (DeLong)
All
w/o age and sex with large dataset (n = 121,418) 75.5% 88.8% 29.6% 88.0% 82.2% 0.896 0.548 <0.001 0.001
w/age and sex with large dataset (n = 121,418) 76.9% 89.5% 31.4% 88.8% 83.2% 0.914 0.574 Ref. Ref.
CNUH (Korea)
w/o age and sex with large dataset (n = 121,418) 89.8% 89.6% 56.4% 89.6% 89.7% 0.965 0.825 0.454 0.444
wj/age and sex with large dataset (n = 121,418) 87.5% 90.8% 58.8% 90.3% 89.1% 0.961 0.801 Ref. Ref.
GUGC (Korea)
w/o age and sex with large dataset (n = 121,418) 82.2% 85.7% 40.8% 85.3% 83.9% 0.919 0.729 0.289 0.307
wj/age and sex with large dataset (n = 121,418) 79.8% 86.4% 41.4% 85.7% 83.1% 0.928 0.728 Ref. Ref.
CBUH (Korea)
w/o age and sex with large dataset (n = 121,418) 64.0% 81.4% 20.4% 80.2% 72.7% 0.801 0.455 0.320 0.332
w/age and sex with large dataset (n = 121,418) 74.0% 75.3% 18.2% 75.2% 74.6% 0.820 0.444 Ref. Ref.
CHGH (Korea)
w/o age and sex with large dataset (n = 121,418) 55.8% 95.3% 22.9% 94.4% 75.6% 0.852 0.359 0.344 0.333
w/age and sex with large dataset (n = 121,418) 58.1% 96.8% 30.9% 95.8% 77.5% 0.876 0.424 Ref. Ref.
WH (Australia)
w/o age and sex with large dataset (n = 121,418) 70.1% 87.7% 19.6% 87.0% 78.9% 0.862 0.477 0.001 0.001
wj/age and sex with large dataset (n = 121,418) 74.0% 89.4% 23.1% 88.8% 81.7% 0.901 0.541 Ref. Ref.
Abbreviations: AUPRC, Area Under the Precision-Recall Curve; AUROC, area under the receiver operating characteristic curve; DNN, deep neural network. Performance metrics (sensitivity, specificity,
accuracy, balanced accuracy, and AUROC) comparing the previously published DNN model trained on a small KTDB dataset (n = 37,762; 2014-2019) without demographic variables (age and sex), against
the current DNN models trained on a larger KTDB dataset (n = 121,418; 2017-2022), evaluated with and without age and sex. Model performance was assessed on external validation datasets from four
South Korean trauma centres (2023) and one Australian trauma centre (Westmead Hospital; 2022-2024). Ref. indicates the reference model used for pairwise statistical comparisons (p-values).
Table 5: Performance Comparison of calibrated Current DNN Models Using Region-46 Features: With and Without Age and Sex, for Predicting In-Hospital Mortality.

accurately reflect clinically significant injury patterns.
In contrast, the conventional six-region Injury Severity
Score (ISS) assigns equal weight to injuries across
diverse anatomical regions and considers only the
three most severely injured regions, thereby excluding
potentially relevant injuries such as rib fractures, spi-
nal injuries, pancreatic trauma, or pelvic fractures.
While this design helps prevent overfitting and aligns
with the assumptions of traditional regression-based
models, it inherently limits the model’s ability to
capture the full complexity of trauma severity. Given
its accuracy, simplicity, and generalisability, our AI
algorithm presents a viable alternative to the conven-
tional ISS and could be readily incorporated into
standard electronic health record (EHR) systems at
trauma centres.

Comparison with prior research on injury severity
models

Our previous Al model utilising the 46-region AIS
structure showed modest but consistent improvements
over the traditional six-region method.® The current
study expands upon these findings by demonstrating
significant enhancement in predictive accuracy and
reduced bias through larger datasets and incorporation
of demographic variables. Previous study highlighted
that elderly patients with low ISS scores could still face
high mortality risks,* emphasising age as a critical
prognostic factor inadequately captured by ISS alone. A
systematic review indicated declining conventional ISS
performance as dataset size increased (AUROC
0.77-0.87 for datasets >10,000).” Our findings align
with and extend these results, demonstrating consistent

Centre Sensitivity Specificity

Precision

Accuracy Balanced accuracy AUROC

AUPRC

CNUH (Korea)
GUGC (Korea)
CBUH (Korea)
CHGH (Korea)
WH (Australia)

87.4 (80.5-93.9)
79.9 (73.2-86.4)
73.9 (61.0-85.7)
58.2 (42.9-72.7)
74.0 (66.4-81.2)

90.7 (88.3-93.0)
86.4 (84.3-88.5)
75.3 (71.9-78.5)
96.8 (95.9-97.6)
89.4 (88.2-90.5)

are shown as mean (95% Cl) estimated by 2000 bootstrap iterations.

58.7 (50.4-67.2)
41.4 (35.3-47.8)
18.1 (13.0-23.6)
30.9 (21.1-41.3)
231 (19.1-27.3)

0.961 (0.943-0.976
0.928 (0.901-0.951

90.3 (88.1-92.4) (
(

0.819 (0.743-0.888
(
(

857 (83.6-87.7)
75.2 (71.8-78.1)
95.8 (94.9-96.8)
88.8 (87.7-89.9)

89.1 (85.4-92.5
83.2 (79.5-86.6
74.6 (67.9-80.8
77.5 (69.8-84.8
817 (77.8-85.3)

0.876 (0.806-0.938
0.901 (0.869-0.930)

0.803 (0.719-0.873)
0.730 (0.652-0.798)
0.449 (0.304-0.586)
0.432 (0.275-0.580)
0.542 (0.455-0.627)

Abbreviations: AUPRC, Area Under the Precision-Recall Curve; AUROC, area under the receiver operating characteristic curve; DNN, deep neural network; Cl, confidence interval. All performance metrics

Table 6: Centre-specific external validation results of the calibrated DNN model using Region-46 features with age and sex.
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AIS (cerebrum subdural)
Age

AlS (head)

AIS (thorax)

AIS (lower extremity)
AlS (pelvis)

Sex

AIS (intracerebral)
AlS (rib)

AlS (cervical spine)
AlS (liver)

AlS (upper extremity)
AIS (skull)

AlS (face)

AIS (lung)

AlS (abdomen vessel)
AlS (cerebrum epidural)
AIS (thoracic vessel)
AlS (lumbar spine)
AIS (spleen)

AIS (small bowel)

AIS (mesentery)

AIS (kidney)

AIS {(cerebrum)

AIS (thoracic spine)
AlS (external)

AlS (heart)

AlS (intracerebellar)
AlS (abdomen)

AIS (neck vessel)

AlS (colon)

AIS (cerebellum epidural)
AIS (diaphragm)

AlS (stomach)

AlS (pancreas)

AIS (omentum)

AlS (bladder)

AlS (cerebellum)

AlS (neck)

AlS (rectum)

AIS (pericardium)

AlS (thorax esophagus)
AIS (bronchus)

AlS (duodenum)

AlS (neck esophagus)
AlS (neck trachea)
AlS (thorax trachea)

AIS (cerebellum subdural)

.

L
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Fig. 5: Global feature importance of the proposed model derived from SHAP analysis.
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Fig. 6: Web-based application for trauma mortality risk estimation showing the user interface for data entry (A) and the output page

displaying the predicted mortality probability (B).

advantages of an anatomically and demographically
driven AI model over conventional ISS, especially
within large and diverse patient cohorts. Unlike previ-
ous Al models incorporating complex physiological and
laboratory data,’** our approach provides robust pre-
dictive accuracy and enhanced fairness based on stable,
routinely available clinical data.

Deep learning vs. tree-based ensembles in large-
scale tabular trauma registries

While tree-based ensembles are often considered state-
of-the-art for tabular datasets,” our results suggest that
DNNs offer a robust and competitive alternative in the
context of large-scale trauma modelling. This is likely
attributable to our substantial sample size (n > 120,000)
and the unique structural characteristics of AIS codes.
Unlike the axis-aligned splits inherent in tree-based
models, the DNN architecture is well-suited to
learning  distributed representations of  high-
dimensional, hierarchically organised injury patterns
and their complex, non-linear interactions.® The
consistent performance of our DNN across multiple

www.thelancet.com Vol 126 April, 2026

independent external validation cohorts, alongside its
stability in AUPRC—a critical metric given the inherent
class imbalance of trauma mortality—underscores its
clinical utility and generalisability.” Consequently, for
large-scale registries employing structured clinical
encodings like AIS, DNNs provide a powerful frame-
work for capturing the intricate injury profiles
encountered in multi-system trauma.

Limitations and future work

This study has several limitations. First, the retrospec-
tive, registry-based design may introduce selection bias
and data-entry errors. Prospective validation and real-
time integration into clinical workflows are therefore
necessary to verify clinical utility and address data
quality concerns. Despite being limited to 19 hospitals,
the Korean Trauma Data Bank (KTDB) encompasses
data from all 17 Regional Trauma Centres (RTCs) and
two trauma education centres. The RTC system was
established in 2012 through a national initiative by the
Korean government to reduce preventable trauma-
related mortality, supported by substantial public
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funding. These RTCs are designated as the highest-
level trauma centres in South Korea and are priori-
tised destinations for patients with severe trauma.
Currently, 17 RTCs operate across the country,
ensuring regional distribution and accessibility. Addi-
tionally, two trauma education centres, both located in
Seoul—the largest metropolitan area in South Kore-
a—contribute to the system. Collectively, these 19
centres offer near-comprehensive nationwide coverage
and are considered representative of the trauma care
system in South Korea. Second, the Region-46
anatomical encoding lacks international stand-
ardisation, potentially limiting interoperability across
different healthcare systems. Future international
collaborative efforts to standardise this schema could
broaden its applicability and adoption. Third, our model
relies exclusively on anatomical injury and de-
mographic variables, omitting important physiological
and temporal clinical information. Incorporating pre-
hospital data, physiological parameters, and comorbid-
ities would enhance predictive accuracy and real-time
clinical relevance. Fourth, dependence on AIS coding
restricts the model’s generalisability to designated
trauma centres. The AIS coding system necessitates the
involvement of experienced coders working in close
collaboration with medical staff, which may impose a
financial burden on non-trauma centres. Indeed, AIS
coding is susceptible to human error, which can affect
the accuracy and reliability of trauma data. Extending
validation to non-trauma centres or facilities with
limited resources could further support broad clinical
adoption. Fifth, Injury severity is a multidimensional
construct that goes beyond mortality. It includes func-
tional disability, hospital length of stay, healthcare
costs, surgical needs, and rehabilitation requirements.
Future artificial intelligence models may incorporate
these diverse outcomes to enable more comprehensive
and clinically relevant severity assessments. Sixth,
Regarding the timing of the model’s practical applica-
tion in the clinical workflow, both limitations and po-
tential exist. Obtaining an exact ISS or AIS score
requires a certain amount of time, which may delay
implementation in acute settings. Accurate calculation
of full ISS and AIS scores requires experienced coders
and access to comprehensive clinical information, such
as radiologic reports and operative findings. These re-
quirements may pose practical barriers to the rapid
implementation of the model in real-world settings.
However, in our country, most trauma surgeons receive
formal training in AIS coding, and tentative ISS and
AIS scores are often available early in the clinical
course. The feasibility and utility of applying the model
using preliminary AIS data warrant further investiga-
tion in future studies. We anticipate that this model will
support clinicians even during the acute phase of pa-
tient care. In addition, we are currently developing an
Al model capable of generating AIS codes from CT

images and text-based reports. The present study is part
of a broader initiative to develop an Al-augmented
trauma care system. Seventh, the decreased AUROC
observed in age and sex subgroup analyses may be
limited by insufficient statistical power. Although sig-
nificant differences were observed across age groups, a
consistent downward trend in performance disparities
across all subgroup comparisons may indicate
improving model fairness. In the external validation
cohort, the increase in p-values for both age (<0.001 vs.
0.001) and sex (0.036 vs. 0.219) further supports this
possibility. Notably, the Al model—designed with fair-
ness in mind—demonstrated smaller EO differences
across all subgroups in the external validation set. In
contrast, it exhibited larger EO differences in the age
subgroup analysis within the KTDB test set. These
findings highlight the need for further investigation in
larger and more diverse populations to more accurately
assess and ensure fairness in model performance.
Eighth, we prioritised sensitivity over precision, as
avoiding ‘missed’ high-risk patients is clinically more
critical than minimising false positives in mortality
prediction. This aligns with our prior findings.” We
suggest using calibrated probability scores to enable a
staged response; this optimises resource allocation
while ensuring high-level surveillance for all patients at
risk. Finally, despite comprehensive external validation,
evaluations in more diverse clinical contexts remain
essential. Future studies should prioritise evaluating
the model across varied healthcare settings to ensure
robust generalisability. As a next step, we developed a
user-friendly, web-based calculator that implements our
predictive model. This tool enables clinicians and re-
searchers to input AIS codes, along with patient age
and sex, to estimate trauma mortality risk. By providing
open access to this calculator, we aim to facilitate
external validation, promote broader research applica-
tions, and support clinical decision-making. We believe
that this translational approach will enhance the real-
world impact of our findings and contribute to the
improvement of trauma care systems. From a longer-
term perspective, the model has the potential to
contribute to the enhancement of the entire trauma
care system, including interhospital transfers, rehabili-
tation, and follow-up care.

Conclusion

In this nationwide cohort study, the Region-46-based
Al model demonstrated superior predictive perfor-
mance compared with traditional ISS and other
anatomical encoding methods, particularly when
enhanced by demographic variables (age and sex). The
proposed Al model, trained on a large-scale dataset and
externally validated in diverse international trauma
populations, offers accurate, fair, and generalisable
prediction of trauma-related mortality. Given its
simplicity, clinical interpretability, and ease of
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integration into existing hospital information systems,
this model represents a promising alternative to con-
ventional ISS, supporting improved risk stratification
and clinical decision-making in trauma care. We expect
that our AI model will contribute to advancing the
trauma care system and refining scoring methodolo-
gies, thereby enhancing prognostic accuracy and ulti-
mately reducing preventable mortality.
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