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Abstract

Background and Objectives: Major trauma ranks among the leading causes of mortality
and handicap in both developing and developed countries, consuming substantial health-
care resources. Its unpredictable nature and diverse clinical presentations often lead to
rapid and challenging-to-predict changes in patient conditions. An increasing number of
models have been developed to address this challenge. Given our access to extensive and
relatively comprehensive data, we seek assistance in making a meaningful contribution
to this topic. This study aims to leverage artificial intelligence (AI)/machine learning
(ML) to forecast potential adverse effects in major trauma patients. Methods: This retro-
spective analysis considered major trauma patient admitted to Chi Mei Medical Center
from 1 January 2010 to 31 December 2019. Results: A total of 5521 major trauma patients
were analyzed. Among five AI models tested, XGBoost showed the best performance
(AUC 0.748), outperforming traditional clinical scores such as ISS and GCS. The model
was deployed as a web-based application integrated into the hospital information system.
Preliminary clinical use demonstrated improved efficiency, interpretability through SHAP
analysis, and positive user feedback from healthcare professionals. Conclusions: This
study presents a predictive model for estimating recovery probabilities in severe burn
patients, effectively integrated into the hospital information system (HIS) without complex
computations. Clinical use has shown improved efficiency and quality. Future efforts will
expand predictions to include complications and treatment outcomes, aiming for broader
applications as technology advances.

Keywords: major trauma patient; prognosis; recovery; mortality; artificial intelligence;
machine learning; hospital information systems

1. Introduction
Major trauma arouses widespread concern among healthcare professionals and the

general public across all age groups worldwide [1–3]. The diversity and variability of
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major trauma also pose numerous challenges for clinical practitioners. Predicting trauma
outcomes aids clinicians in prioritizing patients and delivering timely, effective treatment.
Various scoring systems have been employed to forecast prognosis and mortality in these
cases [4,5]. The Injury Severity Score (ISS), New Injury Severity Score (NISS), Revised
Trauma Score (RTS), and Trauma and Injury Severity Score (TRISS) stand as widely em-
ployed scoring systems in clinical practice [6]. In addition, the GCS scoring system is also
used to assess the prognosis of the nervous system [7].

An evolving body of literature underscores the significance of personalized diagnostic,
prognostic, and therapeutic tools in steering the cost-effective care of patients post-traumatic
injury [8].

Nevertheless, the aforementioned scoring methods offer only constrained clinical
predictive insights and may not adeptly address the dynamic nature of evolving medical
conditions and the varied consultation needs expressed by patients and their families. This
can result in a communication and information gap between healthcare providers and
patients or their family members. The issues they are most concerned about, besides the
severity of the injuries, are the prospects of recovery and discharge in the future.

In recent years, trends in big data, AI, and machine learning have been flourishing,
and many scholars have applied them to trauma patients [8–12]. Indeed, AI applications in
clinical medicine, such as complication prediction, have already yielded rich and exciting
results. For example, in fields like surgery [13–15], internal medicine [16,17], and obstet-
rics [18], there have been excellent papers and studies published. As clinical physicians,
this is something we are pleased to see. However, in the practical application to local
patients, we have encountered an awkward situation of mismatched data and results that
are not applicable.

Given this situation, there is an important and essential need to create more real-
time and high-quality trauma prediction tools that align with the demands of modern
precision and personalized medicine. We aim to develop a predictive model that can
be integrated with the Hospital Information System (HIS) and combined with a visual
interface to facilitate communication with patients and their families. The contribution
of the recovery prediction is to provide early reminders about the need for ongoing care
and rehabilitation, helping patients and families prepare in advance. Consequently, our
research endeavors to build a predictive model for major trauma patients, especially on the
focus of recovery possibilities, employing AI/ML methodologies. This will be based on an
extensive database of trauma patients from a Taiwanese trauma center.

2. Materials and Methods
2.1. Study Design, Setting, and Samples

All inpatients with major trauma from 2010 to 2019 were included. Overall,
5521 cleaned cases were used in the study.

The study was approved by the Institutional Review Board of the Chi Mei Medical
Center (IRB Serial No.: 11206-015; 12 July 2023). All methods were carried out following
relevant guidelines and regulations. Informed consent from patients was waived due to
the retrospective nature of the study.

Figure 1 illustrates our research flow.
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Figure 1. Research flow.

2.2. Feature and Outcome Variables

The outcome variable is defined as “whether a major trauma patient achieves recovery
within 2 months after the injury”. This refers to patients who are successfully discharged
home, excluding those transferred to nursing facilities or placed in long-term care.

11 feature variables, based on literature review and clinical experience, include:

(1) Demographics: gender (male or female), age
(2) Arrival Information: mode of arrival (BIBA (Brought in by Ambulance) or PAT (Pri-

vately Arranged Transport))
(3) Injury Severity: GCS (Glasgow Coma Scale), ISS (Injury Severity Score)
(4) Clinical Intervention: endotracheal intubation
(5) Vital Signs: SBP (Systolic Blood Pressure), DBP (Diastolic Blood Pressure), RR (Respi-

ratory Rate), HR (Heart Rate)
(6) Hospital Days (Length of Stay)

Since the hospital length of stay is not known at the time of patient admission, the
prediction model was actually developed using the remaining 10 variables.

2.3. Model Building and Performance Evaluation

All available variables were included in the predictive models without feature selection
preprocessing to maximize overall model performance. The data were randomly divided
into a training set (70%) and a testing set (30%) using stratified sampling. To address the
class imbalance caused by the relatively small proportion of non-recovery cases in the
training set, we employed a synthetic minority oversampling technique (SMOTE) [19].
Five distinct machine learning algorithms were used to model each outcome: (1) logistic
regression, (2) random forest, (3) LightGBM, (4) XGBoost, and (5) MLP. A grid search with
five-fold cross-validation was conducted on the training dataset to identify the optimal
configuration for each model. Finally, the performance of the models was evaluated on
the testing dataset using accuracy, sensitivity, specificity, and the area under the receiver
operating characteristic curve (AUC) as performance metrics.
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2.4. Implementation and Deployment of the Best Models

The model that achieved the highest AUC value was selected as the best one and then
utilized to develop a web-based prediction application, which was deployed in clinical
settings to assist physicians’ decision-making. The application was implemented using
Microsoft Visual Studio® (version 17.7).

3. Results
3.1. Demographics

From 1 January 2010 to 31 December 2019, a total of 5521 major trauma adult patients
(≥20 years old) were enrolled in the study. Table 1 presents the demographic and clinical
characteristics of major trauma patients, categorized by recovery and non-recovery out-
comes. In total for recovery cases, the mean age was 54.14, and most patients were males
(62.54%); approximately 84.54% of patients were admitted via BIBA, while around 15.46%
arrived through PAT; the mean length of hospital stays is 14.35 days.

Table 1. The demographic and clinical characteristics of recovery and non-recovery.

Variable Non-Recovery
n = 1562

Recovery
n = 3959 p-Value

Age (years), mean ± SD 59.11 ± 19.26 54.14 ± 20.09 <0.001
Gender, n (%)

Female 498 (31.88%) 1483 (37.46%) <0.001
Male 1064 (68.12%) 2476 (62.54%)

Mode of Arrival (to the ED), n (%)
BIBA 1429 (91.49%) 3347 (84.54%) <0.001
PAT 133 (8.52%) 612 (15.46%)

GCS, mean ± SD 10.24 ± 4.78 13.70 ± 2.66 <0.001
ISS, mean ± SD 26.02 ± 12.15 20.83 ± 6.52 <0.001

Endotracheal Intubation, n (%) 213 (13.63%) 139 (3.51%) <0.001
SBP, mean ± SD 141.67 ± 47.86 146.63 ± 34.80 <0.001
DBP, mean ± SD 82.81 ± 26.33 86.26 ± 18.51 <0.001
RR, mean ± SD 16.85 ± 5.52 17.77 ± 2.89 <0.001
HR, mean ± SD 87.99 ± 27.01 88.80 ± 18.10 0.276

Hospital Days, mean ± SD 22.92 ± 24.76 14.35 ± 14.92 <0.001
Notes. ED = Emergency Department, BIBA = brought in by ambulance, PAT = privately arranged transport,
GCS = Glasgow Coma Scale, ISS = injury severity score, SBP = systolic blood pressure, DBP = diastolic blood
pressure, RR = respiratory rate, HR = heart rate.

3.2. Machine-Learning Modeling Results

Overall, 70% of the data were randomly split for model training, and 30% for
model evaluating (testing). Table 2 compares the classification performance of five
algorithms—XGBoost, Logistic Regression, Random Forest, LightGBM, and MLP—by
reporting their respective accuracy, sensitivity, specificity, and AUC. XGBoost achieves the
highest accuracy (0.716) and the highest AUC (0.748), suggesting that it provides a strong
balance between true-positive recognition and overall discrimination capability. Although
Random Forest and XGBoost share the highest sensitivity (0.751), XGBoost maintains a
notably higher specificity (0.627) compared to the other models, indicating its superior
ability to correctly identify negative cases. Logistic Regression, Random Forest, and MLP
each yield comparable accuracies (ranging from 0.708 to 0.709) and similar sensitivities
(0.750–0.751), but their specificity values (0.601–0.603) and AUCs (0.731–0.743) do not sur-
pass those of XGBoost. LightGBM, though offering a sensitivity of 0.750, shows a slightly
lower specificity of 0.591 and an AUC of 0.738. Overall, XGBoost emerges as the most
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robust performer, combining high accuracy, competitive sensitivity, and leading specificity
and AUC.

Table 2. Recovery model performance.

Algorithm Accuracy Sensitivity Specificity AUC

XGBoost 0.716 0.751 0.627 0.748
Random Forest 0.709 0.751 0.603 0.743

LightGBM 0.705 0.750 0.591 0.738
Logistic

Regression 0.708 0.750 0.601 0.732

MLP 0.709 0.750 0.603 0.731

3.3. Interpreting the Feature Importance

Furthermore, for a better interpretation of how each feature contributes to the as-
sociated outcome, we performed a SHAP (SHapley Additive exPlanations) analysis for
each best AI model. In the SHAP global explanation plot, dots in red and blue indicate
higher and lower feature values, respectively. A dot distribution to the left of the horizontal
axis point 0 represents a negative correlation to the outcome, while a distribution to the
right represents a positive correlation. The y-axis indicates the feature name, in order
of importance from the top to the bottom of the plot. The wider the dots of the feature
distributed are, the greater is the influence of the feature on the outcome. Figure 2 depicts
the global explanations of the best model using a SHAP plot.

Figure 2. SHAP plot for the best model of recovery (XGBoost).

From an overall perspective, GCS exerts a notably strong influence on outcome predic-
tion, as reflected by its wide range of SHAP values. Higher GCS values (indicated in red)
tend to shift the predicted outcome to one side of the axis, whereas lower GCS values (in
blue) push it in the opposite direction, highlighting the pivotal role of coma scores within
this clinical context. Age and ISS also exhibit distributions spanning both negative and
positive regions, implying that their specific values and interactions with other features
may either increase or decrease the likelihood of adverse outcomes. For example, higher
ISS values (in red) typically drive the prediction toward one side, suggesting that more
severe injuries are associated with a lower probability of recovery and discharge.
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In summary, the SHAP plot indicates that GCS, age, and ISS are the three most in-
fluential predictors of the recovery outcome. Vital signs and the mode of transport also
contribute moderately to the prediction results. Specifically, higher GCS scores, younger
age, lower ISS scores, the presence of endotracheal intubation, male gender, and patients
transported by ambulance are associated with higher recovery rates. Conversely, patients
with lower heart rates and respiratory rates are less likely to recover. The finding that males
are more likely to recover may be due to the generally younger average age of male pa-
tients, which increases their likelihood of recovery. This comprehensive analysis of feature
importance helps clinicians and researchers better understand how each variable impacts
the model’s predictions, thereby enhancing its interpretability and clinical applicability.

3.4. Performance Comparison of AI Models

Based on the results in Table 2, XGBoost was selected for further comparisons with
well-defined clinical scores due to its best performance across all metrics. As shown in
Table 3, the AI prediction model (XGBoost) performs the best in predicting the outcomes
of major trauma patients, with an accuracy of 0.716, sensitivity of 0.751, specificity of
0.627, and an AUC of 0.748. This indicates that the XGBoost model achieves a good
balance between correctly identifying positive samples (sensitivity) and distinguishing
negative samples (specificity), with its higher AUC value demonstrating stronger overall
predictive capability.

Table 3. Comparison of the prediction accuracy of AI model, Injury Severity Score and Glasgow
Coma Scale in predicting outcomes of patients with major trauma.

Outcomes and Predictive
Models Accuracy Sensitivity Specificity AUC p-Value

AI prediction (XGBoost) 0.716 0.751 0.627 0.748
Injury Severity Score 0.713 0.771 0.567 0.689 <0.001
Glasgow Coma Scale 0.663 0.657 0.678 0.719 <0.001

Note: the p-value resulting from the DeLong test was obtained to assess the statistical significance of the perfor-
mance difference between the two models.

In contrast, the Injury Severity Score (ISS) has an accuracy of 0.713, sensitivity of 0.771,
specificity of 0.567, and an AUC of 0.689. Compared to the XGBoost model, its AUC is
significantly lower. The higher sensitivity of the ISS means it can better identify high-risk
patients, but its lower specificity suggests that it may misclassify some negative cases as
positive (false positives).

The Glasgow Coma Scale (GCS) shows a lower predictive performance, with an
accuracy of 0.663, sensitivity of 0.657, specificity of 0.678, and an AUC of 0.719. Compared
to XGBoost and ISS, the prediction accuracy and AUC of the GCS are also significantly
lower, indicating its less effective ability to predict the outcomes of major trauma patients.

Overall, the XGBoost model outperforms both the ISS and GCS across all metrics,
including accuracy, sensitivity, specificity, and AUC, providing more accurate predictions
for clinical decision-making.

3.5. Development, Deployment, and Preliminary User Evaluation of the Prediction System

To clarify the feasibility and acceptance of our AI models, we developed an AI re-
covery prediction system based on the best model and deployed it for trauma patients
to assist physicians in making decisions. Figure 3 shows a snapshot of the AI system (a
probability ≥50% indicates a high probability of a recovery outcome). The model was built
using Python (v3.9.1) programming language, and the web-based prediction system was
developed using an MS Visual Studio® with VB (v17.7).



Diagnostics 2025, 15, 1582 7 of 12

Figure 3. Two snapshots of the AI prediction system with the best model.
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We then demonstrated the AI system to the pilot users (three specialist nurse practi-
tioners, one intensive care unit (ICU) physician, and one trauma specialist physician) and
received positive feedback (mean satisfaction ≥4.0 on a 5-point scaled question). They
viewed it as a useful tool for the timely identification of high-recovery probability patients.
Based on the probability displayed in the system, healthcare staff can consider appropriate
treatment plans to optimize medical resource utilization and effectively communicate with
patients and their families, serving as a suitable shared decision-making (SDM) tool. This
approach significantly improves the quality and efficiency of trauma patient care.

4. Discussion
In our study, XGBoost stands out as the most robust performer, offering high accuracy,

strong sensitivity, and leading specificity and AUC. Next, we generated the SHAP plot for
the top-performing recovery model (Figure 2). We found that a higher GCS, lower ISS, and
younger age all predict better recovery outcomes, which aligns with general expectations
and previous studies [20].

Vital signs and modes of transport also play a moderate role in prediction. Specifically,
endotracheal intubation, male gender, and transport by ambulance are associated with
higher recovery rates. These findings highlight the importance of early emergency care and
the chain of survival [21,22].

The higher recovery likelihood in males may be attributed to their generally younger
average age, which enhances their chances of recovery [23].

According to Table 3, our predictive model (XGBoost) outperforms GCS and ISS in
both accuracy and specificity. This advantage likely stems from incorporating additional
parameters, such as age and vital signs upon arrival, along with accounting for the quality
of initial emergency care.

Furthermore, regarding the user experience of healthcare professionals, we obtained
encouraging results from the satisfaction survey. Users believed that our system helps
accelerate the prediction of medical conditions. We believe that this system is helpful in
integrating a variety of meaningful information to make rapid preliminary judgments.

Next, we conducted a thorough review of several relevant and comparable studies. In
fact, the application of information technology in the field of trauma medicine began quite
early. As far back as 1988, Clarke et al. [24] developed a computerized decision support
system designed to assist ATLS-trained surgeons in the initial definitive management
of patients with penetrating abdominal injuries immediately following resuscitation and
stabilization. Over time, in the early 21st century, Becalick and Coats introduced predictive
models incorporating nonlinear methods to complement the limitations of purely linear
approaches, such as the Injury Severity Score (ISS) [25].

Over the past three decades, the performance of computer hardware and software
has advanced dramatically. Various AI-based image processing and diagnostic systems
have been applied across multiple areas of trauma care. Exciting research has been pub-
lished across various fields, including knee trauma [26], facial trauma [27], pediatric head
trauma [28], and chest trauma [29,30].

And in the diagnosis and treatment of trauma in various organ systems, researchers’
studies have been emerging like bamboo shoots after a spring rain. Keller et al. examined
the potential benefit of artificial intelligence regarding clinical decision-making in the
treatment of wrist trauma patients [31]. Peng et al. focused their research on traumatic
hemorrhage [32], while Lyu et al. introduced applications related to spinal cord trauma [33].
Additionally, Galwankar discussed the use of artificial intelligence in managing blunt chest
trauma [34].
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Moreover, we conducted a comprehensive comparison of our study with other similar
research endeavors, which we have succinctly summarized in Table 4.

Table 4. A comparison with similar studies.

Study This Study [35] [36]

Patient number 5521 921 961

Types of Patient Origin
Adult inpatient with major
trauma (database built by

our trauma center)

Korean National
Emergency Department

Information System
(NEDIS) data set

Major trauma at their
hospital + a database in the

United States

Outcome

Recovery (whether a major
trauma patient achieves

recovery within 2 months
after the injury)

In-hospital mortality Sepsis

Study method Five machine leaning
methods

Various machine learning
models with an ensemble

approach via 5-fold
cross-validation

Six machine leaning
methods

Real world implementation

Yes
A predictive application

with AI models was
implemented and
integrated into the

existing HIS

Yes
Deployed their final AI

model on a public website

Yes
Medical providers can

access the application by
clicking on the URL

provided in the study

Input data

10 patient demographic
features: including ISS,

GCS, vital signs, BIBA or
PAT, endotracheal

intubation

10 patient demographic
features: including Korean

Triage and Acuity Scale,
GCS, vital signs

12 patient demographic
features: including ISS,

GCS, vital signs, smoking,
trauma part, lab. data

Testing results (AUC) Recovery
(0.731–0.748)

In-hospital mortality
(0.7675)

Sepsis
(0.787–0.932)

Year 2025 2023 2025

Based on the above comparison, each study utilized appropriate data and methods
to predict the condition of patients with major trauma, achieving exciting results. Lee
et al. [35] and Sun [36] conducted impressive investigations into trauma-related mortality
and complications.

However, during the process of searching relevant literature, we found that researchers
worldwide have rarely developed predictive models for the recovery probability of major
trauma patients. We utilized a large number of patients and extracted useful data to develop
this predictive model, which was practically applied in clinical work and integrated with
the hospital’s medical record system. From the perspective of supporting clinical decision-
making, a model with an AUC greater than 0.7 is considered to have good reference value.
Additionally, our prediction tool is primarily designed to assist in decision-making and to
facilitate communication between healthcare providers and patients. In clinical practice,
when the predicted probability of recovery is less than 50%, medical staff will inform the
family members to make early preparations, such as consulting long-term care facilities
or arranging rehabilitation plans. The feedback from internal staff questionnaires was
encouraging, primarily because it helped improve communication between physicians and
patients’ families, thereby enhancing overall service satisfaction.
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In our study, recovery is defined as being successfully discharged home, excluding
those transferred to nursing facilities or placed in long-term care. However, we were unable
to accurately define the patients’ ability to perform daily activities independently after
being discharged home, which is a significant limitation of this study. Therefore, we will
next attempt to further track the patient’s recovery after a successful discharge and return
home. This will be conducted using objective scoring methods, such as the ADL score, in
order to better reflect the patient’s functional status and vocational capabilities.

Secondly, although the database built by our department contains a large number of
patients and extensive information, it still cannot cover all the necessary or meaningful data.
This limitation prevented our AI predictive model from achieving optimal performance.
Fortunately, we are pleased to find that the model received positive feedback in practical
applications, which can be considered the greatest clinical significance of this study.

Furthermore, when using our institution’s self-constructed database, data integration
does not pose a significant issue. However, to conduct multi-center validation, it is neces-
sary for all collaborating institutions to jointly establish a standardized and interoperable
database. This would allow for scaling up the dataset and enhancing its value for validation
purposes. This initiative is also part of an ongoing plan by the government authorities.

In terms of future prospects, we first aim to enhance our data extraction techniques to
obtain more accurate and comprehensive meaningful data. We also plan to improve our
experimental design to achieve higher predictive accuracy. Of course, these results must be
repeatedly validated through clinical practice, with the hope of bringing greater benefits to
healthcare professionals and patients.

5. Conclusions
This study aims to provide a predictive model for estimating the recovery probability

of patients with major trauma, to assist medical professionals in making informed prognos-
tic assessments and responding to the concerns of anxious family members. Furthermore,
we successfully developed and smoothly integrated a web-based predictive application into
the existing hospital information system (HIS) without the need for complex computational
processes. This model has been practically utilized by clinical healthcare professionals, and
it has been found to significantly enhance work efficiency and quality.

Next, we will attempt to predict various outcomes, including a range of complications
as well as positive and negative treatment results. We believe that with the continued
advancement of information technology in the future, we will be able to develop better
predictive models to assist in more aspects.
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