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Prediction of sepsis among patients with major
trauma using artificial intelligence: a multicenter
validated cohort study
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I Prospective Cohort Study

Background: Sepsis remains a significant challenge in patients with major trauma in the ICU. Early detection and treatment @
crucial for improving outcomes and reducing mortality rates. Nonetheless, clinical tools for predicting sepsis among patients with
major trauma are limited. This study aimed to develop and validate an artificial intelligence (Al) platform for predicting the risk of sepsis
among patients with major trauma.

Patients and methods: This study involved 961 patients, with a prospective analysis of data from 244 patients with major trauma
at our hospital and a retrospective analysis of data from 717 patients extracted from a database in the United States. The patients
from our hospital constituted the model development cohort, and the patients from the database constituted the external validation
cohort. The patients in the model development cohort were randomly divided into a training cohort and an internal validation cohort at
a ratio of 8:2. The machine-learning algorithms used to train models included logistic regression, decision tree, extreme gradient
boosting machine (eXGBM), neural network (NN), random forest, and light gradient boosting machine (LightGBM).

Results: The incidence of sepsis for the model development cohort was 43.44%. Twelve predictors, including gender, abdominal
trauma, open trauma, red blood cell count, heart rate, respiratory rate, injury severity score, sequential organ failure assessment
score, Glasgow coma scale, smoking, total protein concentrations, and hematocrit, were used as features in the final model. Internal
validation showed that the NN model had the highest area under the curve (AUC) of 0.932 (95% Cl: 0.917-0.948), followed by the
LightGBM and eXGBM models with AUCs of 0.913 (95% Cl: 0.883-0.930) and 0.912 (95% CI: 0.880-0.935), respectively. In the
external validation cohort, the eXGBM model (AUC: 0.891, 95% ClI: 0.866-0.914) had the highest AUC value, followed by the
LightGBM model (AUC: 0.886, 95% ClI: 0.860-0.906), and the AUC value of the NN model was only 0.787 (95% ClI: 0.751-0.829).
Considering the predictive performance for both the internal and external validation cohorts, the LightGBM model had the highest
score of 82, followed by the eXGBM (81) and NN (76) models. Thus, the LightGBM has emerged as the optimal model, and it was
deployed online as an Al application.

Conclusions: This study develops and validates an Al application to effectively assess the susceptibility of patients with major
trauma to sepsis. The Al application equips healthcare professionals with a valuable tool to promptly identify individuals at high risk of
developing sepsis. This will facilitate clinical decision-making and enable early intervention.
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Background

Sepsis is a life-threatening condition that occurs when the body’s
response to infection damages its tissues and organs!''l. Patients
with trauma who are in the ICU have a higher risk of developing
sepsis due to their weakened immune system and exposure to
severe strikes. Studies have shown that sepsis is a common
complication in patients with critical trauma in the ICU, with its
prevalence ranging from 30.4%!%! to 33.3%!3!. Septic trauma can
lead to organ dysfunction and failure, septic shock, and early
death™°!. Its mortality rate among inpatients is high, ranging
from 19.5% to 26.7%!'®), and its associated healthcare cost
remains high!”!. The epidemiology and financial burden of sepsis
in patients with trauma in the ICU highlight the need for early
detection and effective treatment of this condition.

The risk factors for sepsis among patients with trauma in the
ICU include age, abnormal vital signs, comorbidities, severe
injury, immunosuppression, and invasive procedures>®?!, These
factors could increase the risk of infection and subsequent sepsis.
While identifying these risk factors is important for developing
effective prevention and treatment strategies, the complexity of
their interactions limits predictive accuracy. In addition, there
was no single, universally applicable biomarker or algorithm that
could accurately identify patients who will develop sepsis. To
overcome these issues, several clinical prediction models have
been developed to identify patients at a high risk of developing
sepsis, such as the predictive score for sepsis risk in patients with
trauma proposed in 2019'* and the model for predicting the risk
of sepsis in ICU-admitted patients with trauma in 20231, The
models facilitate prompt identification of patients at risk of sepsis,
enabling personalized intervention and early treatment.
Nonetheless, the predictive performances of these models need to
be improved due to limited accuracy'®. Further, they were not
externally validated®'%!, and their generalizability may be lim-
ited. In addition, traditional statistical models may not fully
capture these complexities, thus leading to suboptimal predic-
tions and less effective clinical decision-making™ !,

Artificial intelligence (AI) has emerged as a powerful tool for
medical prediction, and it offers several advantages in healthcare.
By leveraging machine-learning algorithms and big data analysis,
Al has the potential to revolutionize medical prediction and
improve patient outcomes. One key advantage of Al in medical
prediction is its ability to process and analyze vast amounts of
complex data quickly and accurately!'™!2, This enables Al to
make accurate predictions and identify potential risks or out-
comes of various medical conditions. Another advantage of Al is
its potential to enhance clinical decision-making*!. AT models
can be trained on large datasets for diverse patient populations,
allowing for more personalized and precise predictions. By con-
sidering several factors and variables, Al can provide clinicians
with valuable insights and recommendations to guide treatment
plans and interventions. In addition, Al may assist healthcare
professionals in the early detection and diagnosis of diseases. By
analyzing data from various sources, Al algorithms can identify
subtle patterns or indicators of diseases at an early stage and
enable timely intervention and treatment.

Therefore, the development of an Al platform for sepsis among
patients with major trauma in the ICU is essential for improving
their outcomes and reducing the burden of sepsis. The purpose of
this study is to develop and validate a mobile application to
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HIGHLIGHTS

The light gradient boosting machine (LightGBM) model
demonstrated superior prediction performance with high
area under the curve (AUC) values.

Web-based artificial intelligence (AI) application provides
healthcare professionals with a valuable tool for early
sepsis detection.

A comprehensive scoring system incorporated nine evalua-
tion metrics to assess prediction performance.

The external validation cohort confirmed the reliability of
the LightGBM model.

Free and accessible online Al application facilitates prompt
identification of high-risk individuals and intervention
strategies.

evaluate the risk of sepsis among patients with major trauma in
the ICU using machine-learning algorithms.

Patients and methods

Patients and study design

This study included 961 patients. The data of 244 patients
admitted to the ICU due to major trauma [injury severity score
(ISS) > 16] at our hospital between March 2017 and June 2021
were prospectively analyzed, while those of 717 patients were
extracted from a publicly available database in the United
States!'*l. The 244 patients from our hospital constituted the
model development cohort, and the patients from the database
constituted the external validation cohort for the models. Patients
were excluded if they (1) had an ISS of less than 16, (2) had
trauma for more than 1 week before ICU admission, (3) only had
a trauma site, (4) were younger than 18 years, (5) were pregnant,
and (6) were discharged from ICU or died within 24 h after
admission. If a patient had multiple admissions to ICU, the first
admission was analyzed in this study. The patients from our
hospital were randomly divided into the training and internal
validation groups at a ratio of 8:2. The data of the training group
were used to train and optimize the models, whereas the data of
the internal validation group were used to internally validate the
models. The data of the 717 patients with critical trauma
extracted from the database were used for external validation of
the model. Patients who were admitted to the ICU due to trauma
were enrolled for analysis. The study design and patient selection
flowchart is provided in Figure 1.

The study protocol was approved by the Ethics Committee
Board of our hospital, and informed consent was obtained from
each patient to review their medical records. This study was
conducted in accordance with the Declaration of Helsinki. The
use of the database was approved by the medical center™*, and
we successfully completed the relevant courses on accessing the
database and obtained a certificate. The work has been reported
according to the STROCSS criterial"*! (Supplemental Digital
Content 1, http://links.lww.com/JS9/C871).

Primary outcome

The primary outcome of the study was the diagnosis of sepsis
during ICU hospitalization. In addition, the occurrence of sepsis
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Figure 1. Study design and patient selection flowchart. DT, decision tree; eXGBM, extreme gradient boosting machine; LightGBM, light gradient boosting machine;
LR, logistic regression; NN, neural network; RF, random forest; ISS, injury severity score.
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Patient’s baseline clinical characteristics and comparison of clinical characteristics stratified by sepsis.

Sepsis
Characteristics Overall No Yes P
n 244 138 106
Demographics
Gender (female/male, %) 53/191 (21.7/78.3) 38/100 (27.5/72.5) 15/91 (14.2/85.8) 0.018
Age [years, mean (SD)] 45.09 (13.68) 45.01 (14.09) 45.20 (13.20) 0.918
BMI [kg/m?, mean (SD)] 24.38 (3.79) 24.22 (4.09) 24,59 (3.38) 0.445
Smoking (no/yes, %) 124/120 (50.8/49.2) 78/60 (56.5/43.5) 46/60 (43.4/56.6) 0.057
Trauma information
Trauma mechanism (%) 0.762
High fall 55 (22.5) 28 (20.3) 27 (25.5)
Traffic collision 145 (59.4) 83 (60.1) 62 (58.5)
Penetrating trauma 8 (3.3 5 (3.6) 3(2.8)
Others 36 (14.9) 22 (15.9) 4(13.2
Head trauma (no/yes, %) 165/79 (67.6/32.4) 87/51 (63.0/37.0) 78/28 (73.6/26.4) 0.108
Thoracic trauma (no/yes, %) 128/116 (52.5/47.5) 77/61 (55.8/44.2) 51/55 (48.1/51.9) 0.288
Abdominal trauma (no/yes, %) 196/48 (80.3/19.7) 120/18 (87.0/13.0) 76/30 (71.7/28.3) 0.005
Brain or spinal cord trauma (no/yes, %) 133/111 (54.5/45.5) 72/66 (52.2/47.8) 61/45 (57.5/42.5) 0.480
Open trauma (no/yes, %) 188/56 (77.0/23.0) 117/21 (84.8/15.2) 71/35 (67.0/33.0) 0.002
Comorbidities
Hypertension (no/yes, %) 205/39 (84.0/16.0) 111/27 (80.4/19.6) 94/12 (88.7/11.3) 0.117
Diabetes (no/yes, %) 226/18 (92.6/7.4) 130/8 (94.2/5.8) 96/10 (90.6/9.4) 0.406
Coronary heart disease (no/yes, %) 239/5 (98.0/2.0) 134/4 (97.1/2.9) 105/1 (99.1/0.9) 0.540
Cerebral vascular disease (no/yes, %) 236/8 (96.7/3.3) 133/5 (96.4/3.6) 103/3 (97.2/2.8) 1.000
Chronic pulmonary disease (no/yes, %) 238/6 (97.5/2.5) 136/2 (98.6/1.4) 102/4 (96.2/3.8) 0.456
Liver disease (no/yes, %) 236/8 (96.7/3.3) 132/6 (95.7/4.3) 104/2 (98.1/1.9) 0.479
Renal disease (no/yes, %) 240/4 (98.4/1.6) 135/3 (97.8/2.2) 105/1 (99.1/0.9) 0.809
Medication use
Aspirin (no/yes, %) 238/6 (97.5/2.5) 133/5 (96.4/3.6) 105/1 (99.1/0.9) 0.356
Warfarin (no/yes, %) 243/1 (99.6/0.4) 1371 (99.3/0.7) 106/0 (100.0/0.0) 1.000
Beta blockers (no/yes, %) 241/3 (98.8/1.2) 135/3 (97.8/2.2) 106/0 (100.0/0.0) 0.346
Laboratory examination
Total protein [g/l, mean (SD)] 50.50 (9.03) 51.40 (9.59) 49.34 (8.16) 0.078
Serum sodium [mmol/l, mean (SD)] 140.52 (4.89) 140.09 (4.70) 141.09 (5.10) 0.114
INR [mean (SD)] 1.29 (0.31) 1.27 (0.33) 1.31 (0.27) 0.361
Hematocrit [mean (SD)] 0.30 (0.17) 0.32 (0.21) 0.28 (0.06) 0.073
Red blood cell count [ x 10"/l mean (SD)] 3.29 (0.73) 3.39 (0.72) 3.17(0.73) 0.021
Amylase [U/l, mean (SD)] 126.50 (154.50) 125.07 (179.66) 128.37 (114.55) 0.869
Lipase [U/l, mean (SD)] 172.98 (511.78) 166.45 (588.21) 181.48 (393.16) 0.821
Lactate dehydrogenase [U/I, mean (SD)] 424,57 (518.74) 385.70 (630.35) 475.18 (315.81) 0.182
Vital signs
Pa0, [mmHg, mean (SD)] 136.78 (56.46) 136.40 (56.63) 137.28 (56.51) 0.904
PaCO, [mmHg, mean (SD)] 38.73 (6.57) 38.74 (6.68) 38.72 (6.47) 0.979
pH [unit, mean (SD)] 7.41 (0.06) 7.41 (0.06) 7.41 (0.07) 0.830
Systolic blood pressure [mmHg, mean (SD)] 86.87 (13.76) 86.60 (12.97) 87.22 (14.78) 0.729
Diastolic blood pressure [mmHg, mean (SD)] 71.77 (12.56) 70.96 (12.15) 72.82 (13.07) 0.254
Heart rate [BPM, mean (SD)] 88.30 (18.34) 85.75 (17.33) 91.63 (19.16) 0.013
Respiratory rate [BPM, mean (SD)] 17.71 (3.86) 16.69 (3.38) 19.05 (4.05) <0.001
Severity of disease
ISS [mean (SD)] 25.91 (7.73) 23.29 (6.30) 29.31 (8.12) <0.001
SOFA [mean (SD)] 5.37 (3.61) 3.76 (2.55) 7.47 (3.72) <0.001
GCS [mean (SD)] 13.07 (3.27) 14,17 (2.13) 11.63 (3.88) <0.001
Length of ICU stay [days, mean (SD)] 15.77 (28.90) 8.72 (9.09) 24.93 (40.92) <0.001

BMI, body mass index; BPM, beats per minute; GCS, Glasgow coma scale; INR, international normalized ratio; ISS, injury severity score; SD, standard deviation; SOFA, sequential organ failure assessment.

was explicitly documented in medical records. According to the
Sepsis-3.0 guideline of the international consensus on sepsis (third
edition, 2016), sepsis refers to life-threatening organ dysfunction
resulting from an inflammatory response imbalance caused by
infection!. The diagnostic criteria for sepsis are a quick sequential
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organ failure assessment (QSOFA) score of at least 2 or a sequential
organ failure assessment (SOFA) score of at least 2 due to infection-
induced rapid sequential organ dysfunction!'®. More detailed
information is summarized in Supplementary File 1 (Supplemental
Digital Content 2, http:/links.lww.com/]S9/C872).


http://links.lww.com/JS9/C872

Sun et al. International Journal of Surgery (2025)

Data collection

This study used 39 variables, including demographic character-
istics [gender, age, body mass index (BMI), and smoking], trauma
information (trauma mechanism, head trauma, thoracic trauma,
abdominal trauma, brain or spinal cord trauma, and open
trauma), comorbidities (hypertension, diabetes, coronary heart
disease, cerebral vascular disease, chronic pulmonary disease, live
disease, and renal disease), medications use (aspirin, warfarin,
and beta blockers), laboratory examination findings [total pro-
tein, serum sodium, international normalized ratio (INR),
hematocrit, red blood cell count, amylase, lipase, and lactate
dehydrogenase], vital signs (PaO,, PaCO,, pH, systolic blood
pressure, diastolic blood pressure, heart rate, and respiratory
rate), severity of disease (injury severity score (ISS), sequential
organ failure assessment (SOFA) score!'”>'8], and Glasgow coma
scale (GCS)™*™1), and length of ICU stay. The first examination
was performed after admission to the ICU. Using data from the
first examinations in the ICU to predict the risk of sepsis offers
significant advantages; early intervention is a key advantage, and
healthcare providers can identify individuals at higher risk of
sepsis at an early stage. The severity of disease score was used by
independent clinicians to evaluate the trauma severity of each
patient. Basic characteristics and clinical data were extracted
from the electronic medical records.

Data preparation

In this study, we employed the SMOTETomek resampling
strategy to mitigate the effects of imbalanced data distribution
and produce a robust model””!. SMOTETomek is a hybrid
resampling technique that combines the Synthetic Minority
Oversampling Technique and Tomek Links Undersampling.
Furthermore, we used a data preprocessing pipeline to ensure that
the data were transformed in a consistent and reproducible
manner to enhance the accuracy and reliability of our machine-
learning models. Data preprocessing pipelines were used to pre-
pare the data for machine-learning algorithms in scikit-learn.
These pipelines integrate multiple data preprocessing steps into a
single object, which can transform the data in a uniform and
reproducible manner. To ensure the consistency of the outcome
classes (sepsis vs. no sepsis) in the sub-datasets and datasets, we
adopted a stratified strategy. Preprocessing was carried out based
on the features of the training set to prevent data leakage.

Modeling and validation

Binary classification problems are commonly encountered in
clinical settings and addressed using various models. In this study,
we used several models, including logistic regression (LR), deci-
sion tree (DT)?Y?2! extreme gradient boosting machine
(eXGBM)?3l neural network (NN)2*2°1 random forest
(RF)1¢! and light gradient boosting machine (LightGBM)2°.,
The details of the machine-learning algorithms used in the present
study are summarized in Supplementary Table S1 (Supplemental
Digital Content 3, http:/links.lww.com/JS9/C873). To ensure
consistency, each model was provided with the same input fea-
tures. This study also used grid and random hyperparameter
searches to identify the optimal hyperparameters for each model,
using the area under the curve (AUC) as the optimization metric.
To prevent overfitting and underfitting, we set wide upper and
lower bounds for the hyperparameters during the search, such as
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a decision tree depth between 2 and 100. The algorithms were
implemented using Python (version 3.9.7), and hyperparameter
tuning was conducted using scikit-learn (version 1.2.2).

To assess the predictive performance of the models, this study
used accepted and commonly used metrics, including AUC with
100 bootstraps, calibration curve, density curve, accuracy, pre-
cision, recall (sensitivity), F1 score, Brier score, and log loss. We
used decision curve analysis to evaluate the clinical net benefit of
each model. Density curves®”! can have various shapes and sizes,
and they provide a rapid visual representation of the probability
of sepsis among patients with and without sepsis. Accuracy is the
proportion of correct predictions, precision is the proportion of
true positives out of the total number of positive predictions,
recall is the proportion of true positives out of the total number of
actual positives, and the F1 score is the harmonic mean of the
precision and recall. The confusion matrix?®! was used to cal-
culate the accuracy, precision, recall, and F1 score. In addition,
the Brier score*”3% and log loss value™®®! were used to evaluate
the quality of classification model predictions. Feature impor-
tance was also used to analyze the contribution of each feature to
the model output wusing SHAP (SHapley Additive
exPlanations)?%*132], More detailed information is summarized
in Supplementary File 1 (Supplemental Digital Content 2, http://
links.lww.com/JS9/C872).

Development of web-based artificial intelligence application

To deploy the machine-learning model as a web-based artificial
intelligence application, a suitable cloud platform selection, vir-
tual machine setup with appropriate specifications, installation of
necessary software and dependencies, loading of the trained
model, and web-based interface development were essential. We
developed a user-friendly application using GitHub (https://
github.com/) to estimate the risk of sepsis among patients with
major trauma admitted to the ICU. Streamlit (https://share.
streamlit.io/) was the most suitable cloud platform for hosting the
application. The code for the Al application is available at https://
github.com/Starxueshu/sepsispredictionshap. More detailed
information on the design of the Al application and comparison
of human and machine performance in predicting sepsis is sum-
marized in Supplementary File 1 (Supplemental Digital Content
2, http://links.lww.com/]S9/C872).

Statistical analysis

The continuous variables are summarized as the mean and
standard deviation (SD), while the categorical variables are pre-
sented as proportions. The categorical variables were compared
using the Chi-squared test, while the continuous variables were
compared using the Student #-test or Wilcoxon rank test. All
statistical analyses were carried out using R (version 4.1.2). Two-
sided P values less than 0.05 denoted statistical significance.

Results

Basic characteristics of the patients

The model development cohort included 244 patients with a
mean age of 45.09 years; 78.3% were male. The most common
trauma mechanism was traffic collision (59.4%), and patients
had a heavy trauma burden, with thoracic trauma and brain or
spinal cord trauma accounting for 47.5% and 45.5%,
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Figure 2. The area under the curve for each model with 100 bootstraps. DT, decision tree; eXGBM, extreme gradient boosting machine; LightGBM, light gradient
boosting machine; LR, logistic regression; NN, neural network; RF, random forest.

respectively. Open trauma accounted for 23.0% of the cases. The
most common comorbidity was hypertension (16.0%), followed
by diabetes (7.4%). However, the comorbidity burden was not
heavy, as the prevalence of most comorbidities was below 10.0%.
Despite this, the severity of the disease was significant, with a
mean ISS of 25.91, a mean SOFA score of 5.37, and a GCS of
13.07. The incidence of sepsis was 43.44% (106/244) for the
patients with major trauma in the ICU. Additional details on
patient medication use, laboratory examination findings, and
vital signs are summarized in Table 1. Based on subgroup analysis
(Supplementary File 1, Supplemental Digital Content 2, http:/
links.lww.com/JS9/C872), 12 predictors, including gender,
abdominal trauma, open trauma, red blood cell count, heart rate,
respiratory rate, ISS, SOFA score, GCS, smoking, total protein
concentrations, and hematocrit, were used as features in the
final model.

Model evaluation in the internal validation cohort

Among the six models, the NN model showed the best AUC value
(0.932,95% CI: 0.917-0.948), followed by the Light GBM model
(0.913, 95% CI: 0.883-0.930) and eXGBM model (0.912, 95%
CI: 0.880-0.935) (Fig. 2 and Table 2). The NN model also had
the best accuracy (0.837), precision (0.864), recall (0.792), F1
score (0.826), Brier score (0.104), and log loss (0.326), indicating
favorable predictive performance in the internal validation

(Fig. 3). The LightGBM model had the second-best AUC value
(0.913 [95% CI: 0.883-0.930]), accuracy (0.816), precision
(0.826), F1 score (0.809), Brier score (0.125), and log loss
(0.388). The eXGBM model exhibited a predictive performance
comparable to that of the LightGBM model. The calibration
curves demonstrated that the models, especially the NN,
eXGBM, RF, and DT models, were sufficiently optimized; their
curves were close to the perfectly calibrated line (Supplementary
Fig. 1A, Supplemental Digital Content 4, http:/links.lww.com/
JS9/C874). Supplementary Figure 1B (Supplemental Digital
Content 4, http://links.lww.com/JS9/C874) shows the histogram
with the x-axis indicating the mean predicted probability and the
y-axis indicating count. To obtain a quick visual understanding
of the distributions of the mean predicted probabilities for the
patients with and without sepsis, a density curve was plotted for
each model (Fig. 4). It showed that the NN, LightGBM, and
eXGBM models had favorable discrimination; the graph for the
patients without sepsis was left skewed, and that for the patients
with sepsis was right-skewed. Figure 5 shows a plot of the net
benefit of each model against the threshold probabilities. The net
benefit was calculated as the difference between the true positive
and false positive rates and weighted by the threshold probability.
All the models showed clinical utility, with the NN, eXGBM, and
LightGBM models showing greater net benefit than the other
models. The NN model had the highest score (51), followed by
the LightGBM (43) and eXGBM (37), in the internal validation

Prediction performance of all machine-learning models in the internal validation group.

Models AUC (95% Cl) Accuracy Precise  Recall F1score Brierscore Logloss Calibration slope Intercept-in-large
LR 0.898 (95% Cl: 0.866-0.924) 0.776 0.842 0.667 0.744 0.168 0.518 2.797 0.067
DT 0.757 (95% Cl: 0.718-0.796) 0.776 0.810 0.708 0.756 0.173 0.531 0.861 0.009
eXGBM 0.912 (95% Cl: 0.880-0.935) 0.816 0.826 0.792 0.809 0.131 0.415 1.199 0.262
NN 0.932 (95% Cl: 0.917-0.948) 0.837 0.864 0.792 0.826 0.104 0.326 1.384 -0.008
RF 0.883 (95% Cl: 0.855-0.914) 0.796 0.818 0.750 0.783 0.156 0.486 1.947 0.088
LightGBM  0.913 (95% Cl: 0.883-0.930) 0.816 0.826 0.792 0.809 0.125 0.388 0.966 0.096

AUC, area under the curve; Cl, confident interval; DT, decision tree; eXGBM, extreme gradient boosting machine; LightGBM, light gradient boosting machine; LR, logistic regression; NN, neural network; RF,

random forest.
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(Supplementary Fig. 2A, Supplemental Digital Content 5, http://
links.lww.com/JS9/C875).

Model evaluation during the external validation

A total of 717 patients with major trauma were included for
analysis from the database, and their characteristics are sum-
marized in Supplementary Table 2 (Supplemental Digital Content
6, http://links.lww.com/JS9/C876). The incidence of sepsis for
this cohort was 43.51%, which was similar to that of the model
development cohort (43.44%). The three models with the highest
AUCs were eXGBM (AUC: 0.891, 95% CI: 0.866-0.914),
LightGBM (AUC: 0.886, 95% CI: 0.860-0.906), and RF (AUC:
0.881, 95% CI: 0.841-0.902) (Supplementary Table 3,
Supplemental Digital Content 7, http:/links.lww.com/JS9/
C877). The eXGBM model outperformed other models in terms
of accuracy, F1 score, log loss, and intercept-in-large value. The
eXGBM model also had the highest score (44), followed by the
DT model (39) and the LightGBM model (39), for the external
validation (Supplementary Fig. 2B, Supplemental Digital Content
5, http://links.lww.com/JS9/C875), whereas the NN model only
had a score of 25.

On assessing the predictive performance for the internal and
external validation cohorts, the Light GBM model had the highest
score (82), followed by the eXGBM model (81) and NN model
(76) (Fig. 6). Based on the internal and external validation results,
the LightGBM model was identified as the optimal model for
predicting sepsis in patients with major trauma in this study
(Supplementary Table 4, Supplemental Digital Content 8, http:/
links.lww.com/JS9/C878). The SHAP showed that the most
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important five features were respiratory rate, SOFA, GCS, ISS,
and total protein in the training group (Fig. 7A) and the internal
validation group (Fig. 7B).

Deployment of the Al application

The optimal predictive model developed in this study has been
deployed online and is accessible at the following link: https://
sepsispredictionshap-j3zbv3hfkttrgr7vvezvv7.streamlit.app/.
Users can freely access the application and utilize the model to
predict the probability of sepsis by inputting the relevant infor-
mation and selecting appropriate model parameters (Fig. 8A, B).
For instance, a male patient who is a smoker and has no
abdominal or open trauma has an ISS of 24, SOFA score of 4,
GCS score of 6, red blood cell count of 2.28 x 10'%/Ll heart rate of
73 beats per minute, respiratory rate of 20 breaths per minute,
hematocrit of 0.23, and total protein concentration of 38.93 g/l.
Based on this information, the model categorizes this patient into
the high-risk group, with a predicted probability of 76.52% of
developing sepsis. Additionally, the application provides corre-
sponding interventional strategies based on the predicted risk.
Figure 8C shows the risk report for the patient, and Figure 8D
provides the model introduction for the Al application. A com-
parison of human and machine performance in predicting sepsis
is summarized in Supplementary File 1 (Supplemental Digital
Content 2, http:/links.lww.com/JS9/C872). A detailed video
tutorial on how to use the AI application is available in
Supplementary File 2 (Supplemental Digital Content 9, http://
links.lww.com/JS9/C879).
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Figure 4. Density curve for each model. A. logistic regression; B. decision tree; C. extreme gradient boosting machine; D. neural network; E. random forest; F. light
gradient boosting machine. The red indicates patients with sepsis, and the yellow indicates patients without sepsis.

Discussions
Principal findings

This study developed and validated a mobile AT application for
sepsis in patients with major trauma. The application used 12
variables as model predictors, and the Light GBM model showed
good reliability and predictive performance according to the
comprehensive scoring system during the internal and external
validation. The machine-learning algorithms enabled the devel-
opment of accurate prediction models, and the international
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external validation of the model further strengthened its validity
and applicability to other settings. Thus, the AI application
developed in this study may be useful in guiding clinicians to
identify patients with a high risk of sepsis and implement early
intervention strategies to improve their outcomes.

Risk factors for sepsis among patients in the ICU

Sepsis is a major cause of morbidity and mortality among patients
in the ICU, and patients with trauma are susceptible to sepsis. The
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incidence of sepsis among patients in the ICU is relatively high;
the incidence was 43.44% among patients with major trauma in
the ICU. This was consistent with the results of previous studies
ranging from 30.4%!?! to 33.3%"! for patients with trauma in
the ICU. The heterogeneity of the population may explain the
variation because our study enrolled patients with major trauma.

Understanding the risk factors is important for developing
effective prevention and treatment strategies. Some studies
investigated the risk factors for sepsis in the ICUB33%L
Manandhar et al.®3 conducted a prospective observational
cohort study of 142 cases of neonatal sepsis in the neonatal ICU
and reported that a high number of IV cannula insertion days and
C-reactive protein (CRP) concentration were risk factors for the
development of sepsis based on multivariate analysis. Shibata
et al.®* found that older age, vital signs prognosticating sepsis,
and the presence of some comorbidities, such as diabetes mellitus,
ischemic heart disease, and chronic kidney disease, were potential
risk factors of sepsis after retrospectively analyzing the data of
patients with qSOFA scores of less than 2. For patients with
trauma in the ICU, the risk factors identified for sepsis include
age, comorbidities, severity of injury, emergency surgery, and

immunosuppression>®!. A national  population-based
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prospective study identified some independent risk factors for
posttraumatic sepsis, including male gender, advanced age, pre-
existing medical condition, GCS, ISS, abbreviated injury scale
score, number of injuries, number of red blood cell units trans-
fused, and number of operative procedures”®.. A study involving
140 patients showed good diagnostic values of soluble inter-
leukin-2 receptor, tumor necrosis factor-a, procalcitonin, and
their combination for sepsis in patients with a closed abdominal
injury and severe multiple abdominal injuries>®!,

Our study demonstrated that male gender, abdominal trauma,
open trauma, a lower red blood cell count, higher heart and
respiratory rates, higher ISS and SOFA scores, lower GCS,
smoking, lower total protein, and lower hematocrit were asso-
ciated with severe sepsis, especially among patients with major
trauma in the ICU. The findings were consistent with previous
studies, as gender>?! 1881281 GCSIZ3?1) heart rate!?,
albumin!, respiratory rate™®!, and number of red blood cell
units transfused'®’ have been identified to be associated with
sepsis among patients with trauma. Our study showed that
abdominal trauma, open trauma, and smoking were relevant to
sepsis. Patients in the ICU with open trauma or abdominal inju-
ries had a heightened risk of developing sepsis, possibly due to the
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increased likelihood of bacterial contamination and infection
associated with open wounds. The impaired skin barrier function
caused by the wound can facilitate the entry of pathogens into the
bloodstream, leading to the development of sepsis. Furthermore,
the use of invasive procedures and broad-spectrum antibiotics
can further disrupt the normal microbiome, creating an envir-
onment conducive to the growth of opportunistic pathogens.
Smoking can compromise the immune system, making it more
difficult for the body to fight off infections. Additionally, smoking
can damage the respiratory tract and impair lung function,
increasing the risk of pneumonia and other respiratory infections.

The previous experimental findings strongly supported the
notion that female sex hormones, namely estrogen, confer bene-
ficial effects in the aftermath of trauma-related hemorrhage, while
male sex steroids, such as Salpha-dihydrotestosterone, have
suppressive effects on immune and cardiac functions in the same
setting!®>”]. This may explain why male patients are more sus-
ceptible to sepsis following trauma than females. These striking
sex-specific differences in response to trauma-related hemorrhage
underscore the pivotal role of sex hormone concentrations in
shaping the host response to injury. Specifically, female sex hor-
mones appear to enhance the resilience of the organism in the face
of trauma-related hemorrhage!*®!, while male sex steroids may
impair the ability of the organism to mount a robust response to
the insult. These findings are consistent with the reports of recent
studies highlighting the importance of sex differences in the
pathophysiology and treatment of trauma and shock.
Furthermore, they suggest that therapeutic interventions target-
ing sex hormone pathways may hold promise for improving
outcomes in trauma and critical care settings®”].

476

Prediction model of ICU sepsis among trauma patients

According to previous studies, there were only two prediction
models that have been developed for predicting sepsis among
patients with trauma admitted to the ICU. Lu et al.*! developed a
predictive score for sepsis risk in 2019 for patients with trauma
using electronic medical record data. Clinical and laboratory vari-
ables of 684 patients with trauma were collected, and the model
was constructed using a logistic regression model based on seven
variables, including ISS, GCS, temperature, heart rate, albumin,
INR, and CRP with an AUC of 0.799 for the training group and
0.790 for the validation group. More recently, Li et al.'” devel-
oped a machine-learning model to predict the risk of sepsis in ICU-
admitted patients with trauma from the MIMIC-IV database on an
hourly scale. The model utilized data from up to 42 variables,
including demographics, vital signs, arterial blood gas, and
laboratory tests, and achieved good discrimination and calibration
performance with the AUC ranging from 0.83 to 0.88 within the
4-24-h prediction window in the test set. The models could help
identify patients at risk of sepsis promptly, enabling personalized
intervention and early treatment. Nonetheless, the predictive per-
formance of these models still needs improvement because none of
the models can obtain excellent predictive performance as the AUC
was not as high as 0.90. Next, external validation of the models
was not implemented; thus, their validity and applicability to other
settings were compromised. Finally, our study enrolled patients
with multiple injuries and an ISS above 16, and the population was
markedly heterogeneous. It should also be noted that our study
selected the optimal model among six, and external validation was
performed. Machine-learning algorithms have shown great poten-
tial in predicting sepsis among patients with trauma admitted to the
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ICU. Internal validation showed an AUC of 0.913 for the
LightGBM model; external validation also showed good perfor-
mance as the AUC value was still up to 0.886, indicating good
predictive performance. While the AUC value of the NN model was
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up to 0.932, it decreased to only 0.787 for the external validation,
indicating an unstable model. Thus, the LightGBM model was
identified as the most optimal for predicting sepsis among patients
with major trauma based on internal and external validation.
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Utilizing the Al application for clinical treatment guidance

Doctors, nurses, and other medical providers can access the
application by clicking on the URL provided in the study, and all
that is required is medical equipment connected to the Internet.
Upon accessing the application, users can obtain individualized
risk assessments for patients by simply inputting information and
submitting the data. Additionally, patients are stratified into
high-risk and low-risk groups for sepsis based on the optimal
threshold.

For high-risk patients, the following aspects are crucial. (1)
Early identification and management of sepsis, including mon-
itoring vital signs, conducting microbiological examinations,
stabilizing respiration, and continuously monitoring oxygenation
through pulse oximetry®!. In addition, endotracheal intubation
and mechanical ventilation should be performed when necessary
to meet the increased respiratory effort commonly associated
with sepsis®*. (2) For adult patients at risk of septic shock or
with a high likelihood of sepsis, it is recommended to administer
antimicrobial agents immediately!*®*!! ideally within 1 h of
sepsis identification. (3) In cases of infection caused by trauma,
thorough cleaning and debridement of the wound should be
performed to remove all contaminants, foreign bodies, and dead
tissue. (4) It is important to establish venous access as soon as
possible for high-risk sepsis patients. It is recommended to use
dynamic indicators to guide fluid resuscitation rather than relying
solely on physical examination or static indicators'*?. (5)
Supporting and monitoring organ function in critically injured
patients to prevent organ dysfunction. (6) Finally, a treatment
plan should be developed collaboratively by a multidisciplinary
team composed of specialists from critical care, emergency
medicine, surgery, and infectious diseases.

For patients with low-risk sepsis, (1) it is also essential to clo-
sely monitor and evaluate all aspects of their condition, including
performing neurological examinations, assessing consciousness
levels, and regularly checking vital signs’®!. (2) In addition,
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although the risk of developing sepsis is not high, preventing
other potential complications, such as deep vein thrombosis and
pneumonia, remains crucial. (3) Prompt surgical interventions
are necessary to address trauma sites, which may involve the
removal of cranial hematomas, initial external fixation of pelvic
fractures, and treatment of abdominal injuries. (4) Maintaining
the patient’s nutritional status through appropriate nutritional
support is vital for their recovery!*?!, (5) Furthermore, once the
patient’s condition stabilizes, early initiation of rehabilitation
therapy is important to promote functional recovery.

Furthermore, to enhance the utility of the AI application in
guiding clinical treatment decisions, we developed an individua-
lized risk report for patients using the SHAP method. For
example, if the risk report indicates that total protein, open
trauma, and GCS are the most important contributors to sepsis,
measures to improve total protein, address open trauma, and
control GCS are especially crucial for these individuals.

Limitations

Despite the strengths of this study, some limitations need to be
considered. First, some other variables, such as biological data,
were not included in the analysis, which may affect the accuracy
of the model. Second, our current prediction model remains sta-
tic, focusing solely on individual variables at a given point in time,
and it would be more advantageous to explore the dynamic
relationship between the time series variables and risk of sepsis.
The addition of new data may further optimize the model. We
also plan to regularly update and validate the Al model with new
data to ensure its ongoing effectiveness and relevance.
Additionally, our team will routinely maintain the Al application
to ensure its stability. Third, selection bias in comparing human
and machine predictive performance may be present, making
further extensive validation of the model essential.
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Conclusions

This study develops and validates an Al application to effectively
assess the susceptibility of patients with major trauma to sepsis.
The LightGBM model shows superior predictive performance,
and it may be a promising machine-learning algorithm for pre-
dicting sepsis. The Al application equips healthcare professionals
with a valuable tool to promptly identify individuals at high risk
of developing sepsis. This will facilitate clinical decision-making
and enable the early implementation of intervention strategies.
Ultimately, this development holds immense potential in elevat-
ing outcomes for critically injured patients.
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