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Artificial intelligence (AI) is being increasingly applied in healthcare to improve patient care and clinical 
outcomes. We previously developed an AI model using ICD-10 (International Classification of Diseases, 
Tenth Revision) codes with other clinical variables to predict in-hospital mortality among trauma 
patients from a nationwide database. This study aimed to externally validate the performance of the 
AI model. Validation was conducted using a multicenter retrospective cohort study design, analyzing 
patient data from January 2020 to December 2021. The study included trauma patients based on 
specific ICD-10 codes, with other clinical variables. The performance of the AI model was evaluated 
against conventional metrics, including the ISS, and the ICISS (ICD-based ISS), using sensitivity, 
specificity, accuracy, balanced accuracy, precision, F1-score, and area under the receiver operating 
characteristic curve (AUROC) analyses. Data from 4,439 patients were analyzed. The AI model 
demonstrated high overall performance, achieving an AUROC of 0.9448 and a balanced accuracy of 
85.08%, thereby outperforming traditional scoring systems such as ISS, or ICISS. Furthermore, the 
model accurately predicted mortality across datasets from each hospital (AUROCs of 0.9234 and 
0.9653, respectively) despite significant differences in hospital characteristics. In the subset of patients 
with ISS < 9, the model showed a robust AUROC of 0.9043, indicating its effectiveness in predicting 
mortality, even in cases with lower-severity injuries. For patients with ISSs ≥ 9, the model maintained 
high sensitivity (93.60%) and balanced accuracy (77.08%), proving its reliability in more severe injury 
cases. External validation demonstrated the AI model’s high predictive accuracy and reliability in 
assessing in-hospital mortality risk among trauma patients across different injury severities and 
heterogeneous cohorts. These findings support the model’s potential integration into emergency 
departments and offer a significant tool for enhancing patient triage and treatment protocols.
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AVPU	� Alert/Verbal/Painful/Unresponsive
KTAS	� Korean Triage and Acuity Scale
ED	� emergency department
ICU	� intensive care unit
KTDB	� Korean Trauma Data Bank
TRIPOD	� Transparent Reporting of a Multivariable Prediction Model for Individual Prognosis or Diagno-

sis
STROCSS	� Strengthening the Reporting of Cohort, Cross-sectional, and Case–Control Studies in Surgery
SRRs	� survival using survival risk ratios
Ps	� probability of survival
RTS	� Revised Trauma Score
CNUH	� Chonnam National University Hospital
CHH	� Cheju Halla General Hospital
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Trauma is one of the leading causes of in-hospital deaths and has been a burden on patients and healthcare 
providers1. Estimating severity and predicting prognosis is a prerequisite for reducing this burden, as it 
enables clinicians to allocate resources more effectively and prioritize interventions such as angioembolization 
or surgery2,3. Despite advances in trauma care, the ability to accurately predict outcomes in trauma patients 
remains a challenge. To date, several scoring systems have been used to estimate trauma mortality and severity, 
such as the Injury Severity Score (ISS), International Classification of Diseases, Tenth Revision–based Severity 
Score (ICISS), or Trauma and Injury Severity Score (TRISS)4–6. However, the performance and availability of the 
conventional metrics remain limited7–9.

Recent AI models designed to predict in-hospital mortality have demonstrated potential to aid critical 
decision-making processes, although their integration into routine clinical practice remains limited10,11. We 
previously developed and trained an AI model that leveraged the International Classification of Diseases, Tenth 
Revision (ICD-10) coding system to predict in-hospital mortality in trauma patients, with promising results11. 
This model has demonstrated its efficacy within a comprehensive national database, exhibiting substantial 
accuracy, sensitivity, and specificity against established trauma-scoring systems11. This model was initially 
trained and tested on a comprehensive National Emergency Department Information System (NEDIS) dataset 
encompassing over 778,111 patients from more than 400 hospitals across South Korea. With an impressive 
area under the receiver operating characteristic curve (AUROC) of 0.9507, the model achieved not only high 
sensitivity and specificity but also demonstrated significantly balanced accuracy when compared to traditional 
trauma scoring systems.

However, the generalizability of any AI model must be tested through rigorous external validation before it 
can be used reliably in clinical practice. This study aimed to externally validate an ICD-10-based AI model for 
predicting in-hospital mortality in trauma patients using a multicenter retrospective cohort study. By leveraging 
datasets from heterogeneous centers, this study sought to assess the generalizability and accuracy of the AI 
model across different settings, patient populations, and practices. Trauma prediction models have clinical 
applicability across various points in the trauma care system, such as for triage in the emergency department and 
prognosis during hospitalization. The focus of our study is to predict in-hospital mortality, providing a critical 
prognostic tool at the point of admission or during early care stages, which can inform resource allocation and 
treatment prioritization.

Materials and methods
Validation of AI model for predicting in-hospital mortality in diverse hospital settings
In this study, we validated our previously trained AI model for predicting in-hospital mortality11. In the previous 
study11, we constructed a 9-layer deep neural network model (DNN) and incorporated a comprehensive set of 
variables, including age, gender, intentionality of injury, mechanism of injury, presence of emergent symptoms, 
and the Alert/Verbal/Painful/Unresponsive (AVPU) scale12, in addition to the initial and altered Korean Triage 
and Acuity Scale (KTAS)13, specific ICD-10 codes (international version), and categorized procedure codes 
for surgical or interventional radiology procedures. The DNN comprised an input layer, followed by 7 fully 
connected (FC) hidden layers with 512, 256, 128, 64, 32, 16, and 8 nodes, respectively, and an output layer. 
Dropout with a rate of 0.3 and L2 regularization were applied to the FC hidden layers to prevent overfitting. 
Based on the one-hot encoding process for all variables, we integrated 866 ICD-10 codes (beginning with letters 
S or T) to derive 914 distinct input features for the AI model, as summarized in Supplementary Table 1. The 
KTAS serves as a standardized severity triage tool in emergency department (ED) to minimize complexity and 
uncertainty, categorizing patients into five levels: level 1, resuscitation; level 2, emergent; level 3, urgent; level 
4, less urgent; and level 5, non-urgent13. According to the NEDIS policy, KTAS assessments are performed 
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by certified personnel within two minutes of ED admission, with alterations made as necessary based on the 
patient’s condition prior to transition to the operating room, intensive care unit (ICU), or general ward. For 
ICD-10 codes, we used 866 codes starting with S or T. Procedure codes required for billing through the National 
Health Insurance Review & Assessment Service, covering surgical and angioembolization interventions, are 
more specifically categorized as follows and summarized in Supplementary Table 2: head procedures, vascular 
torso procedure, abdominal torso procedures, chest torso procedures, heart torso procedures, and extracorporeal 
membrane oxygenation.

Our AI model was constructed with seven fully connected layers serving as hidden layers, and it features 
an output layer that provides the probability of patient mortality. In a previous study, we trained the model 
using 778,111 patients from the NEDIS dataset, which was collected from 2016 to 2019 from 400 + hospitals in 
South Korea. The model provided an AUROC of 0.9507, with 87.68% sensitivity, 86.25% specificity, and 86.97% 
balanced accuracy. In this study, we validated the model using 4,439 patients from two regional trauma centers 
in South Korea. The training set for the development of the AI model comprised all types of EDs in South Korea, 
while the external validation set comprised two regional trauma centers.

Study design and dataset for external validation of AI model
This study was conducted at two regional trauma centers in South Korea, corresponding to level 1 trauma centers 
in the US. This study was approved by the relevant institutional review board approval was obtained, and the 
requirement for informed consent was waived because of the observational nature of this study. All patient data 
were coded anonymously to ensure privacy and confidentiality. Institutional review board (IRB) approval was 
obtained from Cheju Halla General Hospital and Chonnam National University Hospital (IRB numbers: CHH-
2023-L16-01 and CNUH-2022-L02-01, respectively).

This multicenter retrospective cohort study was conducted in accordance with the TRIPOD (Transparent 
Reporting of a Multivariable Prediction Model for Individual Prognosis or Diagnosis) statement14and STROCSS 
(Strengthening the Reporting of Cohort, Cross-sectional, and Case–Control Studies in Surgery) criteria15. The 
dataset was collected from the Korean Trauma Data Bank (KTDB) data of two regional trauma centers in South 
Korea from January 2020 to December 2021. This study aimed to externally validate the AI model for predicting 
in-hospital mortality in trauma patients. The primary outcome of our study was the in-hospital mortality rate.

The inclusion criteria for the study were as follows: (1) trauma patients identified by a diagnostic code starting 
with S or T according to the Korean version of the ICD-10; (2) patients who were admitted to the ICU or a general 
ward directly from the ED; and (3) patients who were admitted to the ICU or a general ward following surgery or 
a procedure initiated in the ED. According to the KTDB policy, patients were excluded from the KTDB for the 
following reasons: (1) absence of a diagnostic code starting with S or T; (2) presence of diagnostic codes related 
to frostbite (T33-T35.6), intoxication (T36-T65), or unspecified injuries or complications (T66-T78, T80-T88). 
To focus the analysis on in-hospital mortality, we excluded patients who (1) died in the ED or were transferred to 
another facility before admission (n = 686) and (2) were transferred to another facility or left the hospital against 
medical advice after admission (n = 2,061). Consequently, the data of 4,439 patients were used for the external 
validation of the model. The selection process is illustrated in Fig. 1.

In South Korea, regional trauma centers are the highest-level trauma centers, corresponding to Level-1 
trauma centers. CNUH, as the highest-level tertiary university hospital in the region, experienced a high patient 
transfer rate. However, transfers to other tertiary hospitals were rare (3%, 52/1,726), with approximately 97% 
of transferred patients sent to lower-level hospitals, likely for conservative treatment rather than critical care.

Statistical analysis
All statistical analyses were performed using R version 4.1.2 (R Foundation for Statistical Computing, Vienna, 
Austria). Proportions were compared using the chi-squared test or Fisher’s exact test, as appropriate. Statistical 
significance was set at p< 0.05. AI models were implemented using Python (version 3.7.13) with TensorFlow 
(version 2.8.0), Keras (version 2.8.0), NumPy (version 1.21.6), Pandas (version 1.3.5), Matplotlib (version 3.5.1), 
and Scikit-learn (version 1.0.2). The performance of the prediction model was evaluated using seven metrics: 
sensitivity, specificity, accuracy, balanced accuracy, precision, F1-score, and AUROC. Sensitivity is a crucial 
measure of the ability to correctly identify positive cases, which is particularly important in serious conditions 
(e.g., death) in trauma, to avoid missing positive cases. Balanced accuracy accounts for both sensitivity and 
specificity, making it useful when dealing with imbalanced datasets, whereas AUROC provides a summary 
of model performance across all thresholds, which is helpful for comparing models in a general sense. In the 
evaluation of our AI model, calibration was assessed on the dataset using the Brier score16, calibration slope, 
and calibration intercept. To further ascertain the clinical utility of the model, we performed decision curve 
analysis17.

Conventional metrics for comparison
For comparison with traditional metrics, we employed ISS4, and ICISS5. ]. ICISS calculates the probability of 
survival using survival risk ratios (SRRs)5. In our previous study, we determined the SRR for each diagnostic 
code and applied these SRRs in the current study. We performed a correlation analysis to evaluate variability and 
complementarity between models. Models with low correlations are more likely to capture different patterns in 
the data, making them useful for improving predictive accuracy across diverse data points18–21.

Results
Patient characteristics
Notably, patients excluded due to death in the ED, being transferred, or leaving against medical advice were 
predominantly found at Chonnam National University Hospital (CNUH) compared to Cheju Halla General 
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Hospital (CHH) (61.4% (2204/3585) at CNUH vs. 15.1% (543/3058) at CHH, p < 0.001). Other patient 
characteristics, according to hospital and mortality rates, are summarized in Table 1. The in-hospital mortality 
was significantly higher at CNUH (8.8% vs. 3.2%, p < 0.001). Significant differences were observed in terms of 
vascular procedures (3.5% at CHH vs. 5.3% at CNUH, p = 0.008), abdominal procedures (2.2% at CHH vs. 5.6% 
at CNUH, p < 0.001), head procedures (0% at CHH, 0.4% at CNUH, p = 0.004). Initial KTAS levels showed 
significant differences across levels 1 (0.8% at CHH vs. 3.2% at CNUH), 3 (59.6% at CHH, 37.1% at CNUH, 
p < 0.001), 4 (20.6% at CHH vs. 37.9% at CNUH, p < 0.001), and 5 (0.0% at CHH, 2.8% at CNUH, p < 0.001). 
Further analysis showed the difference in intentionality and mechanisms of injury. The AVPU scale responses, 
alert (91.7% at CHH vs. 88.9% at CNUH, p = 0.004), semi-coma (3.1% at CHH vs. 4.4% at CNUH, p = 0.036), and 
coma (1.0% at CHH vs. 2.7% at CNUH, p < 0.001), as well as sex distribution (62.3% male at CHH vs. 73.6% at 
CNUH, p < 0.001) demonstrated significant differences. For all cases, including both hospitals, the comparison 
of patient characteristics between surviving and deceased patients is summarized in Supplementary Table 3. The 
comparison of patient characteristics between patients with ISS < 9 and ISS ≥ 9 is summarized in Supplementary 
Table 4. The distribution of ICD-10 codes between the two hospitals is summarized in Supplementary Table 5. 
A comparison of ICD-10 codes between deceased and surviving patients is summarized in Supplementary Table 
6. The comparison of ICD-10 codes between patients with ISS < 9 and ISS ≥ 9 is summarized in Supplementary 
Table 7.

Validation results: AI model performance
Our AI model for predicting in-hospital mortality demonstrated high accuracy across the entire dataset 
(Table 2). The TRISS could not be calculated for 156 patients due to factors such as intubation and injuries to 

Fig. 1.  Patient selection flow chart: This flowchart illustrates the process of selecting patients for the study 
from the Korean Trauma Data Bank (KTDB) in two hospitals.

 

Scientific Reports |         (2025) 15:1100 4| https://doi.org/10.1038/s41598-025-85420-5

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Hospital

Cheju Halla General Hospital Chonnam National University Hospital

Total Survived Deceased Total Survived Deceased

(N = 3058) (N = 2960) (N = 98) (N = 1382) (N = 1261) (N = 121)

Mortality rate 98 (3.2%) 121 (8.8%)

Age (year) 53.4 ± 21.5 52.8 ± 21.4 71.9 ± 17.1 49.0 ± 23.8 47.9 ± 23.9 60.2 ± 20.4

Procedure code

 Head procedure 74 (2.4%) 48 (1.6%) 26 (26.5%) 34 (2.5%) 8 (0.6%) 26 (21.5%)

 Torso procedure-vascular 108 (3.5%) 91 (3.1%) 17 (17.3%) 73 (5.3%) 61 (4.8%) 12 (9.9%)

 Torso procedure-abdomen 68 (2.2%) 51 (1.7%) 17 (17.3%) 78 (5.6%) 54 (4.3%) 24 (19.8%)

 Torso procedure-chest 88 (2.9%) 78 (2.6%) 10 (10.2%) 32 (2.3%) 22 (1.7%) 10 (8.3%)

 Torso procedure-heart 0 (0.0%) 0 (0.0%) 0 (0.0%) 5 (0.4%) 4 (0.3%) 1 (0.8%)

 ECMO 2 (0.1%) 0 (0.0%) 2 (2.0%) 2 (0.1%) 1 (0.1%) 1 (0.8%)

Initial KTAS

 Level 1 24 (0.8%) 10 (0.3%) 14 (14.3%) 44 (3.2%) 10 (0.8%) 34 (28.1%)

 Level 2 580 (19.0%) 538 (18.2%) 42 (42.9%) 262 (19.0%) 196 (15.5%) 66 (54.5%)

 Level 3 1823 (59.6%) 1791 (60.5%) 32 (32.7%) 513 (37.1%) 497 (39.4%) 16 (13.2%)

 Level 4 630 (20.6%) 620 (20.9%) 10 (10.2%) 524 (37.9%) 519 (41.2%) 5 (4.1%)

 Level 5 1 (0.0%) 1 (0.0%) 0 (0.0%) 39 (2.8%) 39 (3.1%) 0 (0.0%)

 Not classified 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%)

 Missing data 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%)

Altered KTAS

 Level 1 34 (1.1%) 12 (0.4%) 22 (22.4%) 53 (3.8%) 14 (1.1%) 39 (32.2%)

 Level 2 427 (14.0%) 386 (13.0%) 41 (41.8%) 331 (24.0%) 269 (21.3%) 62 (51.2%)

 Level 3 2549 (83.4%) 2514 (84.9%) 35 (35.7%) 943 (68.2%) 926 (73.4%) 17 (14.0%)

 Level 4 47 (1.5%) 47 (1.6%) 0 (0.0%) 54 (3.9%) 51 (4.0%) 3 (2.5%)

 Level 5 1 (0.0%) 1 (0.0%) 0 (0.0%) 1 (0.1%) 1 (0.1%) 0 (0.0%)

 Missing data 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%)

Intentionality

 Accidental, unintentional 2792 (91.3%) 2710 (91.6%) 82 (83.7%) 1091 (78.9%) 1003 (79.5%) 88 (72.7%)

 Suicide, intentional self-harm 65 (2.1%) 64 (2.2%) 1 (1.0%) 4 (0.3%) 3 (0.2%) 1 (0.8%)

 Assault, violence 77 (2.5%) 76 (2.6%) 1 (1.0%) 2 (0.1%) 2 (0.2%) 0 (0.0%)

 Other specified 0 (0.0%) 0 (0.0%) 0 (0.0%) 116 (8.4%) 109 (8.6%) 7 (5.8%)

 Unspecified 48 (1.6%) 45 (1.5%) 3 (3.1%) 160 (11.6%) 135 (10.7%) 25 (20.7%)

 Missing data 76 (2.5%) 65 (2.2%) 11 (11.2%) 9 (0.7%) 9 (0.7%) 0 (0.0%)

Injury mechanism

 Car accident 331 (10.8%) 324 (10.9%) 7 (7.1%) 106 (7.7%) 95 (7.5%) 11 (9.1%)

 Bicycle accident 67 (2.2%) 67 (2.3%) 0 (0.0%) 34 (2.5%) 32 (2.5%) 2 (1.7%)

 Motorcycle accident 236 (7.7%) 227 (7.7%) 9 (9.2%) 93 (6.7%) 70 (5.6%) 23 (19.0%)

 Traffic accident-pedestrian, train, airplane, ship, etc. 237 (7.8%) 216 (7.3%) 21 (21.4%) 100 (7.2%) 70 (5.6%) 30 (24.8%)

 Traffic accident-unknown 0 (0.0%) 0 (0.0%) 0 (0.0%) 4 (0.3%) 3 (0.2%) 1 (0.8%)

 Fall 626 (20.5%) 616 (20.8%) 10 (10.2%) 193 (14.0%) 171 (13.6%) 22 (18.2%)

 Slip 716 (23.4%) 679 (22.9%) 37 (37.8%) 234 (16.9%) 217 (17.2%) 17 (14.0%)

 Struck by person or object 212 (6.9%) 209 (7.1%) 3 (3.1%) 295 (21.3%) 286 (22.7%) 9 (7.4%)

 Firearm/cut (sharp or object)/piece 253 (8.3%) 252 (8.5%) 1 (1.0%) 263 (19.0%) 258 (20.5%) 5 (4.1%)

 Machine 107 (3.5%) 107 (3.6%) 0 (0.0%) 18 (1.3%) 18 (1.4%) 0 (0.0%)

 Fire, flames, or heat 69 (2.3%) 65 (2.2%) 4 (4.1%) 9 (0.7%) 9 (0.7%) 0 (0.0%)

 Drowning or nearly drowning 3 (0.1%) 3 (0.1%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%)

 Poisoning 0 (0%) 0 (0.0%) 0 (0.0%) 0 (0%) 0 (0.0%) 0 (0.0%)

 Choking, hanging 0 (0.0%) 0 (0.0%) 0 (0.0%) 1 (0.1%) 1 (0.1%) 0 (0.0%)

 Other-rape, electric 129 (4.2%) 128 (4.3%) 1 (1.0%) 26 (1.9%) 25 (2.0%) 1 (0.8%)

 Unknown 72 (2.4%) 67 (2.3%) 5 (5.1%) 6 (0.4%) 6 (0.5%) 0 (0.0%)

 Missing data 0 (0%) 0 (0.0%) 0 (0.0%) 0 (0%) 0 (0.0%) 0 (0.0%)

Emergency presentation

 Yes 3020 (98.8%) 2922 (98.7%) 98 (100.0%) 1382 (100.0%) 1261 (100.0%) 121 (100.0%)

 No 36 (1.2%) 36 (1.2%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%)

 Unspecified 2 (0.1%) 2 (0.1%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%)

AVPU scale

Continued
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the extremities. Therefore, we did not use TRISS to evaluate model performance. The model’s performance is 
illustrated in Fig. 2(A), showing an AUROC of 0.9448, outperforming traditional scoring systems such as ISS 
(AUROC of 0.8807) and ICISS (AUROC of 0.7978). The model achieved a sensitivity of 89.95%, surpassing ISS-
16 (78.08%), ICISS (76.71%), and ISS-25 (53.88%). The AI model’s specificity was 80.21%, balancing sensitivity 
and specificity better than traditional models. The balanced accuracy of our model was the highest at 85.08%. 
Additionally, our model’s precision was 95.39%, indicating exceptional reliability and precision in predictions. 
Overall, the AI model outperformed ISS and ICISS across various datasets, including hospital and injury severity 
variations. (Fig. 2. A-I) Supplementary Table 8 provides a comparative analysis with other machine learning 
models.

AI model performance in patients with ISS < 9
For patients with lower-severity injuries (ISS < 9), the AI model continued to demonstrate commendable 
accuracy (Fig. 2B,E,H). Figure 2B shows an AUROC of 0.8979, significantly better than ISS (AUROC = 0.5455) 
and ICISS (AUROC = 0.5). As summarized in Table  2, our model balanced sensitivity and specificity better, 
with a sensitivity of 40.0% compared to zero sensitivity for ISS and ICISS. The model’s balanced accuracy was 
68.74%, indicating precise risk stratification for less severe injuries. The model also showed exceptional precision 
(99.01%), minimizing false positives and optimizing resource allocation and patient management in emergency 
care. Characteristics and predictive probabilities for deceased patients with ISS < 9 are summarized in Table 3.

AI model performance in patients with ISS ≥ 9
For patients with more severe injuries (ISS ≥ 9), the AI model’s capability was highlighted again (Fig. 2C,F,I). 
Figure  2C shows an AUROC of 0.9143, superior to ISS (AUROC = 0.8171) and ICISS (AUROC = 0.7164). 
Table 2 shows a high sensitivity of 93.63%, indicating strong performance in identifying in-hospital mortality. 
Although specificity was 60.56%, lower than traditional metrics, the balanced accuracy of 77.09% suggests a 
favorable equilibrium between sensitivity and specificity. This balance is crucial for high-risk patients, where 
accurate risk identification is essential. The lower specificity compared to ISS-16, ISS-25, and ICISS is offset by 
the higher sensitivity, preventing potentially fatal oversights in patient care.

Correlation of ISS and ICISS vs. our AI model
Figure 3 shows the correlation between the AI model’s predictive probabilities and traditional scoring systems: 
ISS and ICISS. The regression for ISS versus the AI model yielded a slope of 15.62, an intercept of 4.97, and a 
moderate R-squared value of 0.34 (Fig. 3A). For ICISS versus the AI model, the regression showed a negative 
correlation with a slope of −0.37, an intercept of 0.96, and an R-squared value of 0.25 (Fig. 3B).

Calibration of AI model and decision curve analysis
Figure  4A shows the calibration of the AI model, with a Brier score of 0.10, indicating good accuracy. The 
calibration slope of 0.89 and intercept of −3.10 reflect the model’s calibration accuracy. The R-squared value of 
0.52 indicates the model explains a substantial portion of the variance in observed outcomes.

Figure 4B presents the decision curve analysis for the AI model, ISS and ICISS. The AI model shows the 
highest net benefit around threshold probabilities of 8.8% (mortality at CNUH) and 3.2% (mortality at CHH), 
indicating significant clinical advantages in decision-making processes, particularly at low threshold probabilities 
for intervention. Traditional scoring systems show lower net benefits across the same threshold range.

Discussion
In this study, we leveraged a large, diverse cohort to externally validate an ICD-10-based AI model pre-trained 
on a comprehensive national dataset of over 778,111 patients11. Despite notable heterogeneity between the two 
hospitals, our AI model exhibited outstanding performance. This study highlights several key points in evaluating 
medical AI applications. Firstly, the two hospitals had distinct characteristics. One hospital, situated on an island 

Hospital

Cheju Halla General Hospital Chonnam National University Hospital

Total Survived Deceased Total Survived Deceased

(N = 3058) (N = 2960) (N = 98) (N = 1382) (N = 1261) (N = 121)

 Alert 2803 (91.7%) 2758 (93.2%) 45 (45.9%) 1229 (88.9%) 1190 (94.4%) 39 (32.2%)

 Drowsy 128 (4.2%) 115 (3.9%) 13 (13.3%) 55 (4.0%) 43 (3.4%) 12 (9.9%)

 Semi-coma 95 (3.1%) 76 (2.6%) 19 (19.4%) 61 (4.4%) 25 (2.0%) 36 (29.8%)

 Coma 32 (1.0%) 11 (0.4%) 21 (21.4%) 37 (2.7%) 3 (0.2%) 34 (28.1%)

 Unknown response 0 (0%) 0 (0.0%) 0 (0.0%) 0 (0%) 0 (0.0%) 0 (0.0%)

 Sex (male) 1904 (62.3%) 1847 (62.4%) 57 (58.2%) 1017 (73.6%) 922 (73.1%) 95 (78.5%)

 Injury severity score 8.2 ± 7.3 7.7 ± 6.6 20.9 ± 13.1 8.5 ± 8.9 7.0 ± 7.0 24.9 ± 9.9

 Injury severity score < 9 1695 (55.4%) 1682 (56.8%) 13 (13.3%) 821 (59.4%) 819 (64.9%) 2 (1.7%)

Table 1.  Patient characteristics and comparison between hospitals according to in-hospital mortality. KTAS, 
Korean Triage and Acuity Scale; ECMO, extracorporeal membrane oxygenation, AVPU, alert/verbal/pain/
unresponsive.
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with few nearby alternatives, had a high transfer rate (48.2%), while the other, inland and surrounded by many 
hospitals, had a low transfer rate (9.2%). It underscores the importance of considering the generalizability of 
AI models across various data distributions. We anticipate that our model will be applicable in diverse clinical 
settings. Secondly, we validated the AI model for patients with low ISS (< 9). Elderly patients and those with 
multiple comorbidities are at increased risk of mortality even from minor injuries, which traditional ISS cannot 
estimate. Our AI model demonstrated potential as an alternative to conventional metrics such as ISS and 
ICISS in predicting mortality. Despite its higher predictive performance for mortality, ISS is based on various 
measures, including organ damage and potential for recovery. The complementary nature of ISS, ICISS, and our 

Model Sensitivity Specificity Accuracy Balanced accuracy Precision F1-score AUROC

Total dataset in both hospitals

 AI model 0.8995 0.8021 0.8069 0.8508 0.9539 0.8954 0.9448

  ISS-16 0.7808 0.8665 0.8623 0.8237 0.9498 0.8951 0.8807

   ISS-25 0.5388 0.9642 0.9432 0.7515 0.9493 0.9460 0.8807

 ICISS 0.7671 0.7440 0.7452 0.7556 0.9421 0.8169 0.7978

Patients with ISS < 9 in both hospitals

 AI model 0.4000 0.9372 0.9340 0.6686 0.9905 0.9604 0.8979

 ISS 0.0000 1.0000 0.9940 0.5000 0.9881 0.9911 0.5455

 ICISS 0.0000 1.0000 0.9940 0.5000 0.9881 0.9911 0.5000

Patients with ISS ≥ 9 in both hospitals

 AI model 0.9363 0.6056 0.6407 0.7709 0.9062 0.7089 0.9143

 ISS-16 0.8431 0.6725 0.6906 0.7578 0.8947 0.7498 0.8171

 ISS-25 0.5784 0.9122 0.8768 0.7453 0.894 0.8840 0.8171

 ICISS 0.6618 0.7376 0.7296 0.6997 0.8722 0.7781 0.7164

Total dataset at CHH

 AI model 0.8469 0.7919 0.7937 0.8598 0.9656 0.8598 0.9234

 ISS-16 0.6327 0.8733 0.8656 0.7530 0.9592 0.9041 0.8168

 ISS-25 0.4592 0.9645 0.9483 0.7119 0.9483 0.9535 0.8168

 ICISS 0.5204 0.8416 0.8313 0.6810 0.9535 0.8824 0.6905

Patients with ISS < 9 at CHH

 AI model 0.4615 0.9334 0.9298 0.6975 0.9883 0.9568 0.8987

 ISS-16 0.0000 1.0000 0.9923 0.5000 0.9847 0.9885 0.5110

 ISS-25 0.0000 1.0000 0.9923 0.5000 0.9847 0.9885 0.5110

 ICISS 0.0000 1.0000 0.9923 0.5000 0.9847 0.9885 0.5000

Patients with ISS ≥ 9 at CHH

 AI model 0.9059 0.6056 0.6244 0.7558 0.9363 0.7190 0.8969

 ISS-16 0.7294 0.7066 0.7080 0.7180 0.9232 0.7831 0.7621

 ISS-25 0.5294 0.9178 0.8936 0.7236 0.9254 0.9069 0.7621

 ICISS 0.5647 0.7300 0.7197 0.6474 0.9095 0.7908 0.6446

Total dataset at CNUH

 AI model 0.9421 0.8262 0.8364 0.8842 0.9363 0.8670 0.9653

 ISS-16 0.9091 0.8508 0.8559 0.8799 0.9355 0.8809 0.9351

 ISS-25 0.6033 0.9635 0.9319 0.7834 0.9314 0.9317 0.9351

 ICISS 0.8512 0.7762 0.7828 0.8137 0.9193 0.8267 0.8629

Patients with ISS < 9 at CNUH

 AI model 0.0000 0.9451 0.9428 0.4725 0.995 0.9682 0.8761

 ISS-16 0.0000 1.0000 0.9976 0.5000 0.9951 0.9963 0.6868

 ISS-25 0.0000 1.0000 0.9976 0.5000 0.9976 0.9963 0.6868

 ICISS 0.0000 1.0000 0.9976 0.5000 0.9976 0.9963 0.5000

Patients with ISS ≥ 9 at CNUH

 AI model 0.9580 0.6054 0.6804 0.7817 0.8571 0.7088 0.9303

 ISS-16 0.9244 0.5737 0.6482 0.7490 0.8389 0.6789 0.8381

 ISS-25 0.6134 0.8957 0.8357 0.7546 0.8357 0.8357 0.8381

 ICISS 0.7227 0.7959 0.7804 0.7593 0.8237 0.7940 0.7593

Table 2.  Predictive performance of AI model, ISS, and ICISS. AI, artificial intelligence; ISS, Injury Severity 
Score; ICISS, ICD-10–based Injury Severity Score; AUROC, area under the receiver operating characteristic 
curve; CHH, Cheju Halla General Hospital; CNUH, Chonnam National University Hospital.
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AI model is highlighted by their wide distribution and variance. Thirdly, our AI model can predict mortality 
risk as soon as a diagnosis is made, even before surgery, making it useful at the admission stage in emergency 
rooms. The model can be used in various hospital stages and is especially beneficial in non-trauma centers, given 
its nationwide applicability. Nonetheless, prospective validation in real-world emergency department settings 
is necessary, as assigning ICD codes may be limited during the initial stages of care, and some injuries are 
only diagnosed intraoperatively. Additionally, further validation in non-trauma centers is required to assess the 
model’s generalizability and feasibility in broader clinical environments.

Fig. 2.  Comparative ROC curves of our AI model and traditional models (ISS and ICISS) for predicting 
in-hospital mortality (A) from the entire dataset, (B) among patients with ISS < 9 from the entire dataset, 
(C) among patients with ISS ≥ 9 from the entire dataset, (D) from the CHH dataset, (E) among patients with 
ISS < 9 from the CHH dataset, (F) among patients with ISS ≥ 9 from the CHH dataset, (G) from the CNUH 
dataset, (H) among patients with ISS < 9 from the CNUH dataset, and (I) among patients with ISS ≥ 9 from the 
CNUH dataset.
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Several systematic reviews have reported AI models for predicting in-hospital mortalities. Zhang reported 
that only 12% of studies performed external validation22, which is crucial for model robustness, identifying 
overfitting, unveiling hidden biases, and assessing real-world applicability. The appropriate methodology for 
external validation remains unclear. For example, Gorczyca et al. used the Nationwide Readmission Database23, 
while Kwon et al. validated an AI model using a single hospital dataset24. Our study used two diverse cohorts, 
potentially increasing the AI model’s robustness. A reporting guideline for AI is under development25, indicating 
the need for further discussion on external validation methodologies.

The primary outcome was in-hospital mortality, focusing on patients with low ISS (< 9). Deceased patients 
were predominantly older with high comorbidities. Our AI model accurately predicted deaths that traditional 
metrics missed, although it also had false negatives. The vulnerability of older patients with severe comorbidities 
to trauma needs further investigation. Recent studies have also used in-hospital mortality as a primary outcome, 
regardless of hospital stay duration26–30. In the real world, distinguishing trauma-related mortality is challenging. 
Our model discriminated mortality well, even in patients with low ISS, where age and comorbidities contribute 
to specific patient vulnerabilities.

Our AI model focused on in-hospital mortality. However, injury severity also includes tissue damage extent, 
hospitalization need, intensive care, treatment cost, treatment complexity, treatment length, temporary or 
permanent disability, and quality of life31. The comparison with ISS may not be entirely fair because the ISS does 
not include a physiological component, which limits its ability to comprehensively predict mortality. However, the 
ISS remains the most widely used conventional tool for evaluating injury severity and is the standard assessment 
tool in Korean regional trauma centers. Our study aimed to overcome the limitations of conventional tools, 
such as the ISS, by leveraging AI technology to provide a more robust and accurate prediction of in-hospital 
mortality. Our model addresses one aspect of injury severity—mortality—and aims to complement rather than 
replace conventional prediction models such as ISS. Notably, TRISS showed poor performance in previous 
studies in the US8and South Korea9. TRISS was not calculated for 156 patients who transferred from other 
hospitals and intubated without checked GCS, limiting its reliability. Vital signs at admission, used in TRISS, 
may not reflect the initial patient condition accurately. Our model development excluded vital signs due to their 
insignificance in predicting outcomes, highlighting TRISS’s limitations in different clinical settings. Given that 
there were patients with uncheckable TRISS, an alternative AI model seems to be more useful. Notably, in our 
study, deceased patients with ISS < 9 showed a high TRISS (over 97%).

In our previous study, we did not consider dataset diversity during model development, leading to several 
critical issues. AI models trained on biased data may produce outcomes that favor certain groups while 
disadvantaging or discriminating against others. The NEDIS dataset encompasses various types of hospitals, 

Figure 2.  (continued)
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including trauma centers, non-trauma centers, and small hospitals. This is because the AI model was derived 
from a nationwide dataset. Consequently, the models may exhibit poor performance in specific situations 
or with certain inputs, highlighting the need for evaluation in real-world scenarios. Our AI model, derived 
from a comprehensive dataset, exhibited excellent performance in the context of trauma centers due to the 
data diversity in NEDIS. Christie et al. demonstrated that machine learning provided excellent discrimination 

Fig. 3.  Correlation between the predictive probabilities of in-hospital mortality as assessed by the AI model 
and three traditional scoring systems: (A) ISS, and (B) ICISS.
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of trauma mortality in diverse settings, including hospitals in the US and South Africa, with a high AUROC 
exceeding 0.9 in both cohorts30. The validation results of the diverse cohorts in our study were excellent as well.

In this study, we used a cutoff value of 9 on the ISS for minor trauma and analyzed the validation 
performances. Specifically, we intended to investigate the AI model’s discriminative power in patients with 
minor injuries, focusing on those with ‘very minor’ injuries, and tested our AI model accordingly. However, 
we also recognize the importance of evaluating the model with a more widely accepted definition of major 

Fig. 4.  Calibration and decision curve analysis: (A) Calibration of the DNN on the dataset. (B) Decision curve 
analysis of DNN, ISS, and ICISS.
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trauma using a cutoff value of 16. Using the cutoff value of 16, the results show that our AI model consistently 
demonstrates high sensitivity, specificity, and balanced accuracy across all datasets, outperforming traditional 
models. This consistent performance highlights the AI model’s potential as a reliable tool for improving patient 
triage and treatment protocols.

Our study had several limitations to be addressed in future work. First, our AI model did not incorporate 
significant confounders such as the precise extent of injuries, initial treatment, fluid resuscitation, infection 
control, or insurance. These factors can substantially influence the mortality outcomes of trauma patients. The 
exclusion of these confounders is a limitation of the NEDIS dataset used in this study. Future studies should 
aim to include these confounders to provide a more comprehensive analysis. Bias and risk of bias are important 
considerations when developing and validating AI models, particularly when applying them across diverse 
patient populations. Factors such as sex, age, or socioeconomic status can influence injury outcomes and 
model performance. Although we did not stratify results by sex in this study, we recognize this as a potential 
limitation. Future work should include subgroup analyses to evaluate performance across demographic groups, 
ensuring fairness and generalizability of the model. Addressing these biases is essential when transferring AI 
models to different clinical settings to avoid inequities in care. Using more appropriate datasets that capture 
these variables will be crucial for improving the accuracy and generalizability of the AI model. Second, the 
high rate of exclusion of patients may have caused selection bias. Nonetheless, the performance of the AI model 
was excellent even in hospitals where the number of excluded patients was 61.4%. Due to the excellent health 
insurance system in South Korea and the low medical costs for trauma patients, hospital stays can be long. 
Therefore, some trauma centers transfer patients to lower-level hospitals after acute care and stabilization. 
Although CNUH exhibited a high transfer rate, most transferred patients were sent to lower-level hospitals for 
conservative treatment, minimizing the possibility that the most severe trauma patients were transferred out 
and excluded from the study. However, CHH is located in an island area with only four other hospitals, which 
contributes to its lower transfer rate. Further prospective studies are required to mitigate this bias. Third, the 
ICD-10 and procedure codes in each hospital were used for billing and not for evaluating accurate diagnoses. 
Nonetheless, the ICD-10–based model can complement the weaknesses of ISS. AI can detect consistent patterns 
of human behavior. Fourth, we included children because our previous AI model incorporated children’s data. 
Future tailored models for pediatric trauma patients are needed to improve accuracy and performance in this 
subgroup. Fifth, we did not consider serious injuries to the extremities, such as vascular injuries or extensive 
soft tissue damage. Future studies are needed to evaluate the impact of extremity injuries on mortality. Sixth, 
the calibration slope of 0.89, although close to 1.0, indicates slight miscalibration. This finding suggests that the 
model tends to slightly underestimate or overestimate probabilities at certain ranges. Additionally, the intercept 
of −3.10 and the R-squared value of 0.52 highlight areas for further improvement in calibration and overall 
accuracy. Despite achieving a moderate Brier score of 0.10, future efforts should focus on refining calibration 
to enhance the model’s generalizability and robustness in real-world clinical settings. Finally, beyond validation 
research, a prospective study on the clinical decision support system is required for the practical use of AI. 
Future research should focus on prospective studies to evaluate how the AI model can be integrated into clinical 
workflows. Additionally, further investigations are needed to explore the model’s performance across different 
healthcare settings and populations. These steps will help in refining the AI model and ensuring its robustness 
and generalizability in various clinical environments. Furthermore, determining the appropriate application of 
the model at various time points in the chain of care is crucial for identifying feasible predictors that are available 
at those specific stages. This will help align the model with real-world clinical workflows and ensure its utility in 
supporting relevant decisions, rather than relying solely on extensive data to drive performance improvements. 
Future work should focus on identifying practical predictors for early-stage decision-making in emergency 
departments while maintaining model accuracy and clinical relevance.

Conclusion
The external validation of the ICD-10–based AI model exhibited excellent performance. The AI model derived 
from a large nationwide dataset outperformed performance compared to conventional prediction models, 
despite the significant diversity of each cohort. It appears to serve as both a complement and alternative to the 
traditional model. Leveraging pre-existing big data is useful for development, validation, and implementation.

Data availability
Data availability statement: The dataset used in this study contains potentially sensitive patient information 
and, therefore, will be made available upon reasonable request to ensure compliance with ethical guidelines and 
institutional privacy policies.

Code availability
The code and input matrix files for the relevant analysis can be accessed at the following link: ​h​t​t​p​s​:​/​/​g​i​t​h​u​b​.​c​o​
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