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Background Minor head trauma is a frequent cause of emergency department visits, early identification and pre- 2025;82: 103192

diction of mild traumatic brain injury (mTBI) patients with abnormal brain lesions are vital for minimizing un-
necessary computed tomography (CT) scans, reducing radiation exposure, and ensuring timely effective treatment
and care. This study aims to develop and validate an interpretable machine learning (ML) prediction model using
routine laboratory data for guiding clinical decisions on CT scan use in mTBI patients.
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Methods We conducted a multicentre study in China including data from January 2019 to July 2024. Our study
included three patient cohorts: a retrospective training cohort (654 patients for training and 163 for internal testing)
and two prospective validation cohorts (86 internal and 290 external patients). Fifty-one routine clinical laboratory
characteristics, readily available from the electronic medical record (EMR) system within the first 24 h of
admission, were collected. Seven ML algorithms were trained to develop predictive models, with the random
forest (RF) algorithm used to optimize key feature combinations. Model predictive performance was evaluated
using metrics such as the area under the receiver operating characteristic curve (AUC), positive predictive value
(PPV), and F1 scores. The SHapley Additive exPlanation (SHAP) was applied to interpret the final model, while
decision curve analysis (DCA) was used to assess the clinical net benefit.

Findings In the derivation cohort, 599 (73.3%) patients had normal CT scans and 218 (26.7%) had abnormal CT scans.
The Gradient boosting classifier (GBC) model performed best among the seven ML models, with an AUC of 0.932
(95% CI: 0.900-0.963). After reducing features to 21 (8 biochemical test indicators, 3 coagulation markers, and 10
complete blood cell count indicators) according to feature importance rank, an explainable GBC-final model was
established. The final model accurately predicted mTBI patients with abnormal CT in both internal (AUC 0.926,
95% CI: 0.893-0.958) and external (AUC 0.904, 95% CI: 0.835-0.973) validation cohorts. In the prospective
cohort, final GBC model achieved AUC of 0.885 (95% CI: 0.753-1.000) and was significantly superior to
traditional TBI biomarkers GFAP (AUC: 0.745) and PGP9.5 (AUC: 0.794). DCA revealed that the final model
offered greater net benefits than “full intervention” or “no intervention” strategies within a probability threshold
range of 0.16-0.93. SHAP analysis identified D-dimer levels, absolute lymphocyte and neutrophil counts, and
hematocrit as key high-risk features.

Interpretation Our optimal feature selection-based ML model accurately and reliably predicts CT abnormalities in
mTBI patients using routine test data. By addressing clinicians’ concerns regarding transparency and decision-
making through SHAP and DCA analyses, we strengthen the potential clinical applicability of our ML model.
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Research in context

Evidence before this study

Head computed tomography (CT) scans are a common
diagnostic tool for patients with traumatic brain injury (TBI).
While several clinical decision rules and biomarkers exist to
identify mild TBI (mTBI) patients who require CT
examinations, the overutilization of head CT for low-risk
mTBI individuals remains a significant clinical issue, offering
limited benefit while exposing patients to unnecessary
radiation risks and economic burdens. We searched PubMed
for articles published up to November 18, 2024, using the
search terms “(mTBI or mild traumatic brain injury) and
(prediction model) and (CT or computed tomography)”
without language restrictions. Although several machine
learning (ML) prediction models for predicting CT
abnormalities in mTBI patients have been reported, these
studies often suffer from limitations such as overly subjective
variable selection and a lack of interpretability due to the
opaque “black box" nature of the models.

Added value of this study

In this study, we developed an interpretable prediction model
for CT abnormalities in a multicenter cohort of patients with
mTBI using a 21-feature based gradient boosting classifier
(GBC) algorithm. The final model demonstrated strong
performance in both internal and external validation,

Introduction

Traumatic brain injury (TBI) affects over 50 million
people annually and is one of the leading causes of
death and disability worldwide,"? with an estimated
global economic burden of $400 billion.’ Based on the
Glasgow Coma Scale (GCS), TBI is classified as mild,
moderate, or severe, with mild TBI (mTBI) accounting
for nearly 90% of cases.’ However, the delayed onset
and latent symptoms of mTBI patients often result in
underdiagnosis and underreporting, earning it the
designation of a “silent epidemic”. Computed tomog-
raphy (CT) scan is the standard imaging tool for
detecting life-threatening intracranial injuries in TBI,
such as hemorrhages or skull fractures. However, only
5.2-9.4% of mTBI patients have intracranial lesions,
and just 0.2-3.5% require surgical intervention.’
Therefore, accurately identifying mTBI patients who
need CT scans is essential for improving triage and
resource allocation.

provided greater net benefits compared to “full intervention”
or “no intervention” strategies, and outperformed traditional
TBI serum biomarkers and statistical prediction models
constructed with the same test feature parameters in
prospective application. SHapley Additive exPlanation (SHAP)
analysis identified key features driving the model’s
predictions, including D-dimer levels, absolute lymphocyte
and neutrophil counts, and hematocrit values at or above the
threshold.

Implications of all the available evidence

This study is the first prospective, multicenter investigation to
compare seven ML models for predicting radiological
abnormalities in a TBI cohort. Our final interpretable GBC
model, developed using automated Random Forest (RF)-
based feature selection, demonstrated strong sensitivity,
accuracy, and generalizability in identifying CT abnormalities
in mTBI patients. The model utilized 21 routine laboratory
variables, readily available within the first 24 h of hospital
admission via the laboratory information system (LIS). It was
interpreted using the SHAP method, offering both global
insights into the model’s overall functionality and local
explanations of individual predictions based on personalized
input data. These findings highlight the clinical potential and
value of our final model.

Currently, various diagnostic tools have been devel-
oped to assist clinicians in determining which mTBI
patients require a head CT scan, including the Canadian
Computed Tomography Head Rule (CCHR), the New
Orleans Criteria (NOC), the CHIP Prediction Rule, and
the NEXUS II criteria.” While these methods are highly
sensitive in detecting intracranial lesions, their speci-
ficity remains limited, and clinicians have inconsistent
assessments of their clinical outcomes.”® Emerging
research suggests that neurogenic biomarkers such as
S100B, neurofilament light chain (NFL), and Tau in
plasma and cerebrospinal fluid can aid in identifying CT
abnormalities, with the United States Food and Drug
Administration (U.S. FDA) recently approving glial
fibrillary acid protein (GFAP) and ubiquitin C-terminal
hydrolase-L1 (UCH-L1) as auxiliary tools for intracranial
injury evaluation” However, biomarker tests often
require expensive, large-scale equipment, suffer from
variability in diverse methods. Therefore, there is an
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urgent need for more advanced, convenient, and cost-
effective strategies to accurately identify TBI patients
who genuinely require CT imaging.

The rapid progress of artificial intelligence (Al),
particularly in machine learning (ML), has notably
advanced the use of vast electronic medical records
(EMR,) for early disease detection, differential diagnosis,
and prognosis prediction. These ML models, exceling in
analyzing multi-label, multi-modal clinical data, auto-
matically extracting key features, and performing com-
plex correlation analyses, improve the efficiency and
accuracy of diagnostic processes, attracting significant
interest from the medical community.® Specifically, in
the field of TBI, ML has been effective in predicting CT
scan abnormalities across different demographics,
including children,"* elderly patients® and those on
anticoagulants.'* However, the inherent opacity of these
algorithmic models has limited their widespread adop-
tion in clinical settings, as clinicians struggle to trust
them without clear, medically validated decision rules.

To enhance the interpretability of ML models, the
SHapley Additive exPlanation (SHAP) method, intro-
duced in 2017 and based on game theory, clarifies how
each feature influences model predictions.”® By
addressing the “black-box” nature of end-to-end algo-
rithms, SHAP increases trust in ML-driven predictions.
However, integrating ML into routine clinical practice
remains challenging due to uncertainties about its
impact on patient outcomes, often referred to as the “Al
Chasm”.** To bridge this gap, decision curve analysis
(DCA) provides data-driven support for ML models.
Commonly used to assess clinical utility, DCA balances
the benefits and risks of interventions at varying risk
thresholds, aiding clinical decision-making and opti-
mizing patient care.”

Routine laboratory indicators, a key component of
EMR system, are increasingly valuable for training ML
models in various diseases. For example, the ML model
using only laboratory data can be used to diagnose and
evaluate the prognosis of COVID-19 patients.' Pan et al.
used conventional laboratory data to construct a ML
model for the differential diagnosis of cardiac amyloid-
osis in patients with left ventricular hypertrophy.”
However, ML models specifically leveraging routine
test data for intracranial lesions after TBI remain
limited. Previous research?** has linked increased risk
of intracranial hemorrhage (ICH) progression in TBI
patients to abnormal coagulation tests, while elevated
white blood cell counts and the systemic immune-
inflammation index (SII)—which integrates neutro-
phils, lymphocytes, and platelets—have been strongly
associated with poor TBI outcomes. Yet, these studies
primarily rely on statistical analyses, often overlooking
complex interrelationships between features, thereby
limiting their clinical applicability. We hypothesize that,
with advanced ML methods, an optimized combination
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of routine laboratory parameters can provide sufficient
information to identify patients with CT abnormalities.

This study aims to develop and validate an inter-
pretable ML model using routine clinical laboratory data
to predict CT abnormalities in emergency department
mTBI patients. We constructed and evaluated various
ML algorithm models on a retrospective TBI dataset,
optimized feature combinations, and assessed the sta-
bility and diagnostic performance of these models in
external and prospective cohorts, from which the best
performer was selected as our final prediction model.
Subsequently, the accuracy of the final model in iden-
tifying TBI-CT abnormalities was compared with tradi-
tional TBI serum biomarkers and binary regression
statistical models for a comprehensive methodological
evaluation. Feature importance was analyzed visually
using SHAP values for model interpretation, and the
clinical utility of the model was assessed through DCA
based on the principle of net benefit.

Methods

Study population

Our study included three patient cohorts: a retrospective
training cohort and two prospective validation cohorts
(internal and external). Retrospective data from Wuhan
Yangtze River Shipping General Hospital, collected be-
tween January 2019 and March 2023, were used to train
and test the model. The trained model was then pro-
spectively validated at Wuhan Yangtze River Shipping
General Hospital (March 2023-January 2024) and
externally validated at Hubei Provincial Hospital of
Traditional Chinese Medicine (TCM) (July 2023-July
2024). Diagnostic and treatment procedures for mTBI
were consistent across both hospitals. The studies
involving human participants were reviewed and
approved by the Ethics Committee of our Hospital
(Approval No. YL2003033). Written informed consent
for participation was not required for this study in
accordance with the national legislation and the insti-
tutional requirements. The overall framework of this
study is illustrated in Fig. 1.

The inclusion criteria were as follows: (1) patients
with mTBI who were admitted to the emergency
department within 24 h after head trauma; (2) patients
received head CT scans within 24 h of admission. (3)
age >18 years old. The exclusion criteria were as follows:
(1) previous history of neurological and psychiatric dis-
eases (epilepsy, meningitis, hemorrhage, stroke); (2)
pregnant women; (3) patients with acute infectious
diseases; (4) patients with acute kidney injury and
chronic kidney disease; (5) patients with malignant tu-
mors; (6) spinal fracture; (7) data loss due to consulta-
tion, transfer, or any other medical reason. mTBI
patients are identified according to International Clas-
sification of Diseases, 9th revision (ICD-9) code 850 or
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Fig. 1: The overall framework of the study. (A) Importing dataset. (B) Data preprocessing. (C) Model development and feature optimization. (D)
Model evaluation and visualization. TCM: traditional chinese medicine; ALB: albumin; ALP: alkaline phosphatase; APTT: activated partial
thromboplastin time; PT: prothrombin time; BAS#: basophil count; EOS#: eosinophil count; GBC: gradient boosting classifier; LightGBM: light
gradient boosting machine; MLP: multi-layer perceptron; SVM: support vector machine; XGBoost: extreme gradient boosting; RF: random
forest; GFAP: glial fibrillary acidic protein; PGP9.5: protein gene product 9.5.

International Classification of Diseases, 10th Revision
(ICD-10) code S06.0.

All patients” CT head scan findings were reviewed
and classified as either normal or abnormal by experi-
enced imaging experts. All head CT scans were inde-
pendently reviewed by two imaging experts with 10
years of experience, and disagreements were resolved
through discussion or consultation with a senior expert.
Specifically, we assessed for subarachnoid hemorrhage,
cerebral contusion, subdural hematoma, intraventric-
ular hemorrhage, and/or punctate hemorrhage, as these
abnormalities have been associated with worsening

neurological status and poor prognosis in the litera-
ture.*** The study design is illustrated in Fig. 2.

Data collection
We collected laboratory test data and demographic
characteristics of mTBI patients from the hospital’s
medical record information. During the collection pro-
cess, features with over 70% missing values were
excluded in the following analyses to minimize the bias
caused by missing data.

Finally, 51 features were utilized to develop the
prediction models, including 28 biochemical test
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Fig. 2: Flow chart of the study design. mTBI: mild traumatic brain injury; ML: machine learning; GBC: gradient boosting classifier; SHAP: SHapley
Additive exPlanation; DCA: decision curve analysis; TBI: traumatic brain injury; GFAP: glial fibrillary acidic protein; PGP9.5: protein gene product

9.5.

indicators: albumin (ALB), alkaline phosphatase (ALP),
alanine transaminase (ALT), aspartate transaminase
(AST), blood urea nitrogen (BUN), calcium (Ca),
cholinesterase (CHE), cholesterol (CHOL), chlorine (Cl),
carbon dioxide (CO,), creatinine (CRE), cystatin C (Cys-
C), direct bilirubin (DBIL), gamma-glutamyltransferase
(GGT), globulin (GLB), glucose (GLU), high-density li-
poprotein cholesterol (HDL-C), indirect bilirubin (IBIL),
potassium (K), low-density lipoprotein cholesterol (LDL-
C), magnesium (Mg), sodium (Na), phosphorus (P),
total bile acids (TBA), total bilirubin (TBIL), triglyceride
(TG), total protein (TP), uric acid (UA); 6 coagulation
indicators: activated partial thromboplastin time
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(APTT), D-Dimer (D-D), fibrinogen (FIB), prothrombin
time (PT), prothrombin time international normalized
ratio (PT-INR), thrombin time (TT); 17 complete blood
cell count indicators: basophil count (BAS#), eosinophil
count (EOS#), hematocrit (HCT), hemoglobin (HGB),
lymphocyte count (LYM#), mean corpuscular volume
(MCV), monocytes count (MON#), mean platelet vol-
ume (MPV), neutrophil count (NEU#), plateletcrit
(PCT), platelet distribution width (PDW), platelet-large
cell rate (P-LCR), platelet (PLT), red blood cell (RBC),
red cell distribution width coefficient of variation (RDW-
CV), red cell distribution width-standard deviation
(RDW-SD), white blood cell (WBC). The proportions of
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missing data per variable are shown in Supplementary
Table S1.

Data processing

Missing value imputation

Missing data in medical datasets can lead to biased or
inaccurate results in data analysis and ML models. We
conducted a comparison of model performance using
various imputation methods such as K-Nearest
Neighbor (KNN) imputation, median imputation and
multiple imputation for missing values (Supplementary
Table S2). The principle of KNN imputation is to iden-
tify K data points that are spatially similar or close in the
data set through distance measurement, and then use
the average of their values to fill in the missing values
until generating a complete data set to ensure the
integrity of the data. Median imputation replaces
missing values by using the median of a feature. Mul-
tiple imputation establishes the interpolation function
through the known values, estimates the values to be
interpolated, and then adds different deviations to the
values to form multiple sets of optional interpolation
values, and generates multiple complete data sets to be
evaluated. The results of the best performance after
applying KNN imputation, therefore KNN filling
method was used to fill in the missing data in the
dataset. Among them, the Grid search method is used to
determine that the KNN filling result is optimal when
K=5.

Data standardization

StandardScaler which scales the data to a standard
normal distribution with the mean value of 0 and the
standard deviation of 1 was used to normalize the filled
data to ensure the consistency of scale between different
features, so as to avoid the bias caused by dimensional
differences between features and improve the stability
of the data and the accuracy of model training.

Unbalanced data processing

To address the challenge of unbalanced data between
the abnormal CT group and the normal CT group in the
training set, we applied Synthetic Minority Over-
sampling Technique (SMOTE)* using KNN to synthe-
size new data from a minority class until the desired
minority sample size is generated. This approach im-
proves the generalization ability and accuracy of the
model and reduces the overfitting of the model.

Model development and comparison

The retrospectively collected TBI cohort data were
randomly split into a training set (80%) and a test set
(20%). The training set was used for model develop-
ment, while the test set was reserved for internal vali-
dation. Seven ML algorithms—gradient boosting
classifier (GBC), light gradient boosting machine

(LightGBM), multilayer perceptron (MLP), support vec-
tor machine (SVM), voting classifier, extreme gradient
boosting (XGBoost), and random forest (RF)—were
used to build predictive models using the training data,
and these models were internally validated on the test
data. Five-fold and ten-fold cross-validation were con-
ducted on the internal validation cohort to prevent
model overfitting. The accuracy and generalization
ability of the final prediction model were further vali-
dated using an independent external dataset. Addition-
ally, the final ML model was tested in a prospective
cohort and compared with conventional TBI biomarkers
and logistic regression models.

In this work, we are particularly interested in the
GBC algorithm as it achieves the best discriminative
performances. GBC, which acts as an integrated classi-
fier, reduces errors by resampling and changing the
weight of a single weak learners to improve classifica-
tion accuracy. GBC predicts the probability that sample i
is 1 is p; and trains the model by exploiting the log-
likelihood loss as the loss function, where y; is the
true label.

The details are as follows:

loss= —% é(yi log(pi) + (1 - Yi)log(l —Pi))

Optimal feature selection

Feature importance was ranked using RF algorithm,
which calculates feature importance based on the Gini
index. The Gini index measures the concentration and
dependence of the features, helping to determine their
significance in model predictions. The Gini index for
node i in tree t is calculated as follows:

c
Ginij=1- z pfc

c=1

Where C = 2, it is expressed as the number of cate-
gories contained in the dataset, and p;. is the proportion
of samples belonging to the class ¢ in the node i of the tr
tree. For each feature f, its importance of node i in the
decision tree tr is the amount of Gini index change
before and after the branch of node i, where Gini; and
Gini, are the Gini index of the two new index nodes I
and r split from node i, respectively.

VIMj; = Gini; — Gini; — Gini,
If nodes with feature f have M in the decision tree,
then the importance of feature f in the decision tree tr is:
M
VIM,s = )" VIM;

i=1

www.thelancet.com Vol 82 April, 2025


http://www.thelancet.com

Articles

If RF has T decision tree, then the importance score
of feature f is calculated as follows:

T
VIMy = ) VIMys

tr=1

Finally, the normalized importance scores are ob-
tained for feature importance ranking.

. VIM
VIM; =———

Z VIMf'
f=1

To optimize feature selection, the number of features
was iteratively reduced in increments of 5 (from 51 to 6),
based on their importance. The predictive performance
of different feature combinations was evaluated during
this process.

Model evaluation indexes

To assess the diagnostic performance of the models, we
used several metrics, including the area under the
receiver operating characteristic curve (AUC), accuracy,
sensitivity, specificity, positive predictive value (PPV),
negative predictive value (NPV), and F1 score. The F1
score represents the harmonic mean of recall and pre-
cision. The formula for each evaluation metric is pro-
vided below.

(TP +TIN)
(TP+TN+FP+EN)

Accuracy =

TP

Hivity = recall = — 0
Sensitivity = reca TP+FN

TN
Speciﬁcity = m

TP

PPV = ision = ———

'V = precision TP+ FD

TN

NPV=——-
TN +FN

TP

F1 =2X

O S T Y 1(FP + FN)

TP: True Positive; TN: True Negative; FP: False
Positive; FN: False Negative.

The clinical utility of the final ML model was quanti-
tatively assessed using DCA.** The net benefit of the
model was compared against two default strategies: full-
intervention and  none-intervention. A  model
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demonstrating a consistently higher net benefit across a
broad range of threshold probabilities indicates superior
clinical applicability.
P,
1-P,

TPR: True positive rate; FPR: False positive rate; Pt: the
probability at the decision threshold, meaning the pre-
dicted probability of a certain outcome at which a clinician
would decide to take appropriate action (administer a
treatment, perform an invasive diagnostic test, etc.).

Net benefit=TPR — FPR x (

Model explanation

SHAP is an interpretable analysis method for ML
models, grounded in cooperative game theory. Its core
idea is to decompose the model’s output into the
contribution value of each feature.”” In this study, for
each input sample, all possible feature combinations
were considered to form a comprehensive feature space.
The marginal contribution of each feature was then
calculated across different combinations, representing
the change in model output when a feature was added.
The average marginal contribution, weighted by the
number of possible feature combinations and their
corresponding probabilities, was used to calculate each
feature’s Shapley value. This value explains whether the
feature acts as a protective or risk factor in the model’s
prediction.

Statistical analysis

All statistical analyses were used IBM SPSS (version
26.0), R (version 4.2.3), and Python (version 3.10.0).
Categorical data were represented as frequencies and
percentages [n (%)], and comparisons between groups
were made using Chi-square test and Fisher test. The
normality of continuous data was analyzed by using the
Kolmogorov—Smirnov and Shapiro-Wilk normality
tests. Quantitative data with a normal distribution were
expressed as mean and standard deviation (x + s) and
independent samples t-test was used for comparison
between the two groups. Non-normally distributed
continuous data were presented using median with
interquartile range (IQR), and rank sum tests were used
to compare groups. The bilateral test value of p < 0.05
was statistically significant.

Role of the funding source

The funders of the study had no role in study design,
data collection, data analysis, data interpretation, or
writing of the report.

Results

Patient characteristics

The retrospective dataset used for model training and
internal validation included data from 817 patients with
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mTBI, of which 599 (73.3%) had normal CT scans and
218 (26.7%) had abnormal CT scans. For the external
validation cohort, 198 patients (68.3%) had normal CT
scans and 92 (31.7%) had abnormal CT scans. For the
prospective validation cohort, 69 patients (80.2%) had
normal scans and 17 (19.8%) had abnormal scans. The
baseline characteristics of the retrospective cohort, pro-
spective validation cohorts (internal and external),
including age, gender, and data on CT scan outcomes
and 51 laboratory test items, are listed in Supplementary
Tables S3-S5, respectively.

Sensitivity analysis
KNN sensitivity experiment: In KNN, the choice of K
values is crucial for the final prediction results, so we
performed a hyperparametric sensitivity analysis
(Supplementary Table S6 and Supplementary
Figure S1A). It can be clearly that K = 5 produced the
best performance metrics (AUC = 0.932, Sensi-
tivity = 0.864, Specificity = 0.843, PPV = 0.870,
NPV = 0.835, Accuracy = 0.854, and F1 score = 0.867).
Oversampling sensitivity experiment: To assess the
model sensitivity to the imbalanced training dataset
input, different k_neighbors value were considered us-
ing SMOTE oversampling (Supplementary Table S7 and
Supplementary Figure S1B). The value of k_neigh-
bors = 5 was considered more superior, produced
promising results (AUC = 0.932, Sensitivity = 0.864,
Specificity = 0.843, PPV = 0.870, NPV = 0.835, Accu-
racy = 0.854, and F1 score = 0.867).

Model development

Based on the 51 routine test features, we conducted
sensitivity test on KNN imputation and SMOTE over-
sampling respectively. We found that K = 5 and
k_neighbors = 5 was optimal for the model. Then, we
used all 51 routine test features to train the seven ML
algorithms and compared their diagnostic performance,
as shown in Table 1. Among the models, GBC achieved
the highest AUC (0.932, 95% CI: 0.900-0.963), along
with optimal sensitivity, specificity, PPV, NPV, accuracy,

and F1 score. The MLP model had the lowest AUC
values (Fig. 3A).

Feature optimization
We then optimized the GBC model (Fig. 3B and
Supplementary Table S8). As shown in Fig. 3C and
Supplementary Figure S2, when using 21 features, the
GBC model’s AUC (0.926, 95% CI: 0.893-0.958) and
average precision (AP = 0.95) remained comparable to
the original full-feature model. These 21 features
included 8 biochemical test indicators, 3 coagulation
markers, and 10 complete blood cell count indicators
(Supplementary Figure S3). Therefore, this GBC model
with 21 features was selected as the final model. The
model implements specific parameters set in
Supplementary Table S9.

To prevent overfitting, five-fold and ten-fold cross-
validation were performed on the final GBC model, with
the results visualized in Supplementary Figure S4.

Comparison and validation of the final ML model
We evaluated the final model’s performance in the
prospective cohorts. As shown in Fig. 4A, the GBC
model achieved an AUC of 0.904 (95% CI: 0.835-0.973)
in the external cohort of Hubei Province Hospital of
TCM demonstrating strong generalization and robust-
ness across diverse sample distributions and data
attributes.

Moreover, we evaluated the diagnostic performance
of the GBC model against classic TBI markers and
statistical models in the prospective cohort at Wuhan
Yangtze River Shipping General Hospital, as shown in
Fig. 4B and Supplementary Table S10. The GBC model
(AUC = 0.885) significantly outperformed the serum
GFAP (AUC = 0.745, 95% CI: 0.552-0.937) and
PGP9.5 (AUC = 0.794, 95% CI: 0.618-0.971). Notably,
a binary logistic regression model developed using the
same 21 optimized feature parameters as the GBC
model achieved an AUC of 0.851 (95% CIL
0.767-0.935), which remained lower than that of the
final model (Fig. 4C).

Models AUC SE SP PPV NPV AC F1

GBC 0.932 + 0.03 0.864 0.843 0.870 0.835 0.854 0.867
LightGBM 0.929 + 0.03 0.864 0.806 0.844 0.829 0.838 0.854
MLP 0.913 + 0.04 0.924 0.796 0.847 0.896 0.867 0.884
SVM 0.920 + 0.03 0.864 0.815 0.851 0.830 0.842 0.857
Votingclassifier 0.921 + 0.03 0.856 0.852 0.876 0.829 0.854 0.866
XGBoost 0.924 + 0.03 0.864 0.843 0.870 0.835 0.854 0.867
RF 0.920 + 0.03 0.849 0.852 0.875 0.821 0.850 0.862

XGBoost: eXtreme gradient boosting; RF: random forest.

ML: machine learning; AUC: area under the receiver operating characteristic curve; SE: sensitivity; SP: specificity; PPV: positive predictive value; NPV: negative predictive
value; AC: accuracy; F1: F1 score; GBC: gradient boosting classifier; LightGBM: light gradient boosting machine; MLP: Multi-Layer Perceptron; SVM: support vector machine;

Table 1: Performance of the seven ML models.
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Clinical utility of the final ML model

As shown in Fig. 5, the DCA demonstrates that the net
benefit of the final GBC model is consistently higher
than both the full-intervention and none-intervention
strategies across a threshold probability range of
0.16-0.93. The model’s performance over this broad
range suggests substantial clinical utility, reinforcing its
potential to aid in clinical decision-making.

Model interpretation

To interpret the performance of our final model, we
used SHAP to gain insights into feature contributions.
The importance matrix graph (Fig. 6A) identified the
importance of features, highlighting D-dimer, lympho-
cyte count, neutrophil count and hematocrit as the top
four features with the most significant impact on model
predictions. Fig. 6B visualizes the positive (red) or
negative (blue) influence of each feature on the

>
w

predicted probability, showing that higher levels of D-
dimer and neutrophil count increase the risk of
abnormal CT, while higher lymphocyte count and he-
matocrit levels have the opposite effect. Additionally,
SHAP dependence plots for each feature are shown in
Supplementary Figure S5.

SHAP local explanation further illustrate how indi-
vidual features influenced the likelihood of abnormal
CT diagnosis (CT+ or CT-) for each patient. Fig. 7A and
B highlight the SHAP values of key variables for a
representative patient from the CT+ group and another
from the CT- group. The SHAP values for all 817 pa-
tients in the training set are displayed in Fig. 7C.

Discussion
In this study, we developed an abnormal CT warning
model for mTBI using seven ML algorithms and routine
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clinical test variables. All models achieved high perfor-
mance, with AUCs ranging from 0.913 to 0.932. Among
them, the GBC model performed the best, with the
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highest diagnostic performance, achieving an AUC of
0.932 (95% CI: 0.900-0.963), along with superior sensi-
tivity, specificity, PPV, NPV, accuracy, and F1 score.
Feature selection further improved the GBC model’s
performance, addressing the limitations of using raw
data, such as long training times, overfitting, and insta-
bility. SHAP and DCA results indicated that increased
levels of D-dimer and neutrophil count emerged as the
most important features for predicting abnormal CT
findings, and our final GBC model could have a positive
clinical benefit. Overall, our findings demonstrate that
ML algorithms can serve as a feasible and effective
approach for rapid triage of patients with varying risk
levels in emergency departments dealing with TBI.
mTBI is the most common form of TBI and a key
focus for early diagnosis and prognosis prediction using
ML. To the best of our knowledge, this is the first
published study to use routine clinical laboratory data to
differentiate between normal and abnormal CT scan
findings in mTBI patients. Previous ML models, such as
those based on EMR, natural language processing, and
risk scoring, have shown diagnostic accuracy ranging
from [0.80 to 0.99] in different TBI populations. In our
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study, the final GBC model achieved an AUC of 0.904 in
the independent validation cohort and 0.885 in the
prospective cohort, consistent with previous findings.
These findings suggest that the GBC demonstrates
strong repeatability and generalization capabilities. This
may be attributed to the structure of GBC algorithm,
which incrementally builds upon weak models (e.g.,
decision trees) to minimize prediction errors and
improve overall performance.” GBC has become widely
adopted in medical applications for its robustness in
handling classification tasks.?**
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In the early diagnosis and severity assessment of
TBI, traditional methods like the GCS and Glasgow
Outcome Scale (GOS) rely heavily on physician judg-
ment and the patient’s verbal responses. These ap-
proaches are subject to variability, especially in cases of
altered consciousness, impaired pain perception, or
communication difficulties. This underscores the need
for objective, reliable, and repeatable diagnostic tools
that minimize individual assessor bias. In this study, we
addressed this need by developing the final ML model to
assist in identifying CT abnormalities in mTBI
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subgroups. The use of data sources like CT images,
trauma markers, inflammatory indicators, and electric
medical records for training TBI prediction models has
grown rapidly. ML, with its ability to extract meaningful
insights from large datasets, has become a preferred
approach in medical research. However, the inclusion of
too many clinical parameters can introduce complex
interconnections between features, increasing the risk
of noise and redundancy, thereby reducing the model’s
accuracy and generalizability.*® To overcome this, we
used the RF algorithm for feature selection, ultimately
narrowing down to a GBC model with 21 key features,
creating a more streamlined and efficient prediction
tool. In our double-blind prediction experiment
involving mTBI patients with abnormal CT scans, the
final model outperformed both traditional TBI bio-
markers (GFAP and PGP9.5), as well as a binary logistic
regression model built using the same selected 21 fea-
tures. This highlights the superior diagnostic capability
and generalization of our ML approach compared to
conventional methods. Under the current influence of
diagnosis related groups (DRG) payment rules and
clinical pathways on laboratory medicine, ML technol-
ogy can be utilized to screen key laboratory features that
drive different TBI classifications, optimize the man-
agement of laboratory tests, control medical costs, and
simultaneously improve the efficiency and quality of
medical services.

Moreover, since the AUC method assumes a uni-
form distribution of threshold probabilities—which is
not always reflective of real-world scenarios—we
employed DCA to better estimate threshold probabili-
ties. This allowed us to assess the clinical trade-offs
between treating true positives and the potential
harms of false positives.”” Our analysis revealed that the
net benefit of the final ML model exceeded both the “full
intervention” and “no intervention” strategies when
threshold probabilities ranged from 0.16 to 0.93,
underscoring the model’s strong clinical utility.

As the use of ML in medicine has grown signifi-
cantly, offering a viable strategy for distinguishing
people at risk for TBI, another problem has arisen:
Many frontline clinicians face challenges understanding
the complex inner workings of these algorithms, leading
to a lack of trust in the results—known as the “black
box” problem.*' To address the interpretability of med-
ical ML models, SHAP has emerged as a prominent tool
for elucidating the significance of variables in medical
contexts. We employed the SHAP method to clarify the
decision-making mechanisms of the final GBC model,
identifying D-dimer, neutrophil count, lymphocyte
count, and hematocrit as the four most influential fea-
tures for diagnosing mTBI patients with abnormal CT
scans. Prior research corroborates that compromised
coagulation function is pivotal in post-traumatic com-
plications and is an established risk factor for mortal-
ity.”> Additionally, diminished levels of peripheral

neutrophils, lymphocytes, and monocytes are reliable
markers of trauma severity and indicators of a poor
prognosis.** These findings align with the prioritiza-
tion of features in our model. Furthermore, SHAP vi-
sualizations comparing mTBI patients (CT positive and
CT negative) revealed notable differences in feature
importance between groups, offering clinicians
enhanced diagnostic clarity and underscoring critical
laboratory parameters identified by our model.

Although developing a TBI prediction model based
purely on routine clinical test data has achieved prom-
ising results in our study as a novel attempt, several
limitations should be acknowledged. First, the model
was constructed using data from a single specialized
brain hospital, and external validation was limited to one
institution, which may affect its generalizability given
variations in laboratory methods and reference ranges
across centers. Second, while routine laboratory tests
such as complete blood count, biochemistry, and elec-
trolytes are often part of standard trauma evaluations,
their necessity in all patients with mTBI is debatable and
may limit the model’s clinical applicability. Third,
although laboratory tests offer objective biomarkers,
they may not provide a clear time or cost advantage over
head CT scans in emergency settings where rapid im-
aging and interpretation are available. Additionally, key
clinical indicators such as GCS, injury severity score
(ISS), and CT classification scores were not included, as
all participants had mild injuries. Finally, patient labels
were based on clinician-reported CT interpretations
rather than direct image analysis, and features with
substantial missing data were excluded, potentially
omitting valuable predictors. Future studies should
focus on multi-center validation, integration with im-
aging features, and prospective evaluation of clinical
utility and cost-effectiveness.

In conclusion, the interpretable ML model developed
based on routine clinical laboratory data serves as an
auxiliary diagnostic tool for resource-limited medical
institutions that may lack CT scanners and trained ra-
diologists. By identifying high-risk mTBI patients who
require CT evaluation, the model helps optimize
resource allocation, reduce diagnostic delays, and sup-
port early medical intervention. Designed for seamless
integration with hospital informatics systems using
structured laboratory data as input, our model has the
potential to enhance clinical decision-making and
improve patient outcomes, particularly in community
outpatient settings where advanced imaging technology
is unavailable. However, further evaluation is needed to
validate its effectiveness across a broader range of clin-
ical scenarios.
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