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ORIGINAL ARTICLE CLINICAL STUDIES

Machine Learning to Predict Three Types of Outcomes
After Traumatic Brain Injury Using Data at Admission:
A Multi-Center Study for Development and Validation
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Kazuya Matsuo,*" Hideo Aihara,>** Yoshie Hara, Akitsugu Morishita,*** Yoshio Sakagami, Shigeru Miyake?
Shotaro Tatsumi,”** Satoshi Ishihara? Yoshiki Tohma** Haruo Yamashita, and Takashi Sasayama?

Abstract

The difficulty of accurately identifying patients who would benefit from promising treatments makes it chal-
lenging to prove the efficacy of novel treatments for traumatic brain injury (TBI). Although machine learning
is being increasingly applied to this task, existing binary outcome prediction models are insufficient for the
effective stratification of TBI patients. The aim of this study was to develop an accurate 3-class outcome
prediction model to enable appropriate patient stratification. To this end, retrospective balanced data of
1200 blunt TBI patients admitted to six Japanese hospitals from January 2018 onwards (200 consecutive
cases at each institution) were used for model training and validation. We incorporated 21 predictors
obtained in the emergency department, including age, sex, six clinical findings, four laboratory parameters,
eight computed tomography findings, and an emergency craniotomy. We developed two machine learning
models (XGBoost and dense neural network) and logistic regression models to predict 3-class outcomes
based on the Glasgow Outcome Scale-Extended (GOSE) at discharge. The prediction models were devel-
oped using a training dataset with n=1000, and their prediction performances were evaluated over two
validation rounds on a validation dataset (n=80) and a test dataset (n=120) using the bootstrap method.
Of the 1200 patients in aggregate, the median patient age was 71 years, 199 (16.7%) exhibited severe TBI,
and emergency craniotomy was performed on 104 patients (8.7%). The median length of stay was 13.0
days. The 3-class outcomes were good recovery/moderate disability for 709 patients (59.1%), severe disabil-
ity/vegetative state in 416 patients (34.7%), and death in 75 patients (6.2%). XGBoost model performed well
with 69.5% sensitivity, 82.5% accuracy, and an area under the receiver operating characteristic curve of
0.901 in the final validation. In terms of the receiver operating characteristic curve analysis, the XGBoost
outperformed the neural network-based and logistic regression models slightly. In particular, XGBoost
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outperformed the logistic regression model significantly in predicting severe disability/vegetative state.
Although each model predicted favorable outcomes accurately, they tended to miss the mortality predic-
tion. The proposed machine learning model was demonstrated to be capable of accurate prediction of in-
hospital outcomes following TBI, even with the three GOSE-based categories. As a result, it is expected to be
more impactful in the development of appropriate patient stratification methods in future TBI studies than
conventional binary prognostic models. Further, outcomes were predicted based on only clinical data
obtained from the emergency department. However, developing a robust model with consistent perfor-
mance in diverse scenarios remains challenging, and further efforts are needed to improve generalization

performance.

Keywords: artificial intelligence; Glasgow Outcome Scale-Extended; machine learning; neural network;

traumatic brain injury

Introduction
There have been no significant advances in the treatment
of traumatic brain injury (TBI) in recent decades.’
Although mortality for patients with severe TBI has de-
creased slightly, which is primarily attributable to im-
provements in the emergency medical system, the
prevalence of severe disability and vegetative state has
increased. Moreover, the rate of favorable outcomes
has not been improved.> As a result, TBI remains the
leading cause of death among young people and the lead-
ing cause of death and disability in all age groups global-
ly.l’4 Further, the incidence of TBI is expected to
continue to increase.’ As such, various clinical trials
have been conducted to improve the prognosis of TBL®

However, despite promising pre-clinical results, most
randomized clinical trials on medical and surgical treat-
ments have failed to demonstrate effectiveness.'®’ The
failure of prospective trials to demonstrate statistical su-
periority for such treatments may be attributed to the in-
ability to identify patients who would benefit from novel
therapies accurately. Existing screening methods, such as
the Glasgow Coma Scale (GCS), should be insufficient
on their own for successful stratification in clinical trials
involving TBI patients with multiple underlying patho-
physiological mechanisms. The pathogenesis of TBI in-
volves not only primary brain injury from hematoma,
cerebral contusion, diffuse axonal injury, and diffuse
brain swelling, but also ischemia-reperfusion injury, in-
flammatory reaction, brain herniation, hypoxia, and hypo-
tension caused by extracranial injuries, and secondary
brain swelling resulting from these plrocesses.3’6

Machine learning techniques have been applied to
classify TBI patients appropriately in several studies, in-
cluding our previous study.® However, most of these
models only provide binary predictions, such as in-
hospital mortality, and are insufficient to describe patient
severity and thus contribute to effective stratification.”™'”
Currently, it remains unclear whether machine learning
models can predict more specific outcome categories to
stratify TBI patients more precisely.

The objective of this study was to develop an accurate
3-class outcome prediction model that can serve as the
basis for appropriate patient stratification in future TBI
studies. We only used clinical data obtained from the
emergency department (ED) to train machine learning
models based on multi-institutional retrospective data.

Methods

Ethical approval and data acquisition

The ethics committee of the Japanese Red Cross Kobe
Hospital approved this study (No. 247) and waived the re-
quirement for informed consent, as this was a retrospec-
tive observational study. In compliance with the Ethical
Guidelines for Medical and Health Research Involving
Human Subjects in Japan, participants in the study were
given the option to withdraw from the study at any
time through an opt-out method on institutional websites.
The data supporting this study’s findings are available
from the corresponding author upon reasonable request.
This study followed the transparent reporting of a
multi-variable prediction model for individual prognosis
or diagnosis guidelines.'®

Study design and participants

Data for 200 consecutive patients admitted for acute TBI
treatments to each of six hospitals in Hyogo, Japan, from
January 2018 onwards were collected retrospectively. To
enroll 200 patients from each institution, patient data
were collected until November 2021 at hospitals with
fewer TBI patients, and until May 2019 at hospitals
with more patients. Four of the six facilities are trauma
and acute critical care centers, while two are tertiary
care hospitals. All participating institutions offer 24-h
neurosurgical services and acute neurological care to
TBI patients, with board-certified neurosurgeons pro-
viding standard management according to the guidelines
and consensus.'”'® All information was obtained from
electronic health record systems or institutional trauma
registries.
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Inclusion criteria were: 1) male or female participants
(> 10 years of age); and 2) diagnosed with TBI requiring
hospitalization. Exclusion criteria were: 1) cardiopulmo-
nary arrest during transport or upon arrival; 2) pregnancy;
3) penetrating TBI; 4) lack of blood tests upon admission;
5) transferred after initial treatment at another institution;
6) chronic subdural hematoma; 7) injury preceded by
stroke; 8) refusal to participate in the study; and 9) pa-
tients with four or more missing data. Patients who met
the exclusion criteria were pre-screened, and a total of
1200 TBI patients were included in the study, with 200
consecutively admitted patients from each of the six hos-
pitals. Setting a target period and including all consecu-
tive cases within that period would have increased the
variability in the number of patients at each institution,

resulting in potential heterogeneity in the training data
and, consequently, significant bias during the develop-
ment and evaluation of the prediction model. Therefore,
we decided to use a balanced dataset in this study by in-
cluding a fixed number of consecutive TBI cases from
each institution, instead of opting for a universal data col-
lection period.

We randomly selected 10% of the 200 patients at each
hospital to construct the test dataset (comprising 120 pa-
tients in aggregate). The remaining 1080 patients were
randomly divided into validation (80 patients) and train-
ing (1000 patients) datasets (Fig. 1). The difference be-
tween the validation and test datasets was that the latter
consisted of equal numbers of TBI patients from all hos-
pitals, whereas the validation dataset was not stratified by

Included

Acute TBI patients over 10 years of age
who required hospitalization at six hospitals
between 2018 and 2020

‘ Trauma and acute critical care centers ‘

/'k_

[ Excluded
1) CPA during transport or upon arrival, 2) pregnancy, 3)
penetrating TBI, 4) lack of blood tests upon admission, 5)
transferred after initial treatment at another institution, 6)
chronic subdural hematoma, 7) injury preceded by stroke,
8) refusal to participate in the study, and 9) patients with
four or more missing data.

‘ Tertiary care hospital l

A

N\

Random sampling with stratification by outcome at each hospital

= [l |

Y

| 1080 patients with T8I | Test dataset
(n=120)
Random sampling stratified by outcome CRIMD: | 9DVS Dead
l . l 70 41 9

Used for final wvalidation with

Training dataset Validation dataset bootstrapping of the prediction

(n=1000) (n=80) performance of developed models.
GR/MD | SD/VS Dead GR/MD | SD/VS Dead

592 347 61 47 28 5

Used for the following three processes:
1) search for optimal hyperparameters,
2) development of XGBoost, DNN, and

Used for secondary validation with
bootstrapping of
performance of developed models.

the prediction

traditional logistic regression models,

and 3) initial cross-validation to
evaluate the performance of these
models.

FIG. 1.

Flow chart of patient inclusion and the process of developing and validating machine learning
models. CPA, cardiopulmonary arrest; DNN, dense neural network; GR, good recovery; MD, moderate
disability; SD, severe disability; TBI, traumatic brain injury; VS, vegetative state.
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hospital. The sample size was determined based on our
previous findings.® In the case of binary prediction, our
previous model showed that approximately 180 patients
from a single institution are sufficient to ensure good pre-
diction performance with an appropriate selection of clin-
ical factors. As a result, we assumed that 90% of the
obtained data should be used for training, and set the
number of patients collected from each institution to be
200. The six emergency hospitals were rigorously se-
lected based on their ability to provide high-quality TBI
care during the study period consistently, yielding a
total sample size of 1200 patients.

Predictive parameters

We developed prediction models incorporating the fol-
lowing 21 predictors—age; sex; six clinical findings, in-
cluding systolic blood pressure, GCS total score, GCS
motor score, the presence of spinal cord injury, the pres-
ence of major extracranial injuries and pupillary abnor-
malities; four laboratory parameters including
hemoglobin, glucose, C-reactive protein, and D-dimer
levels on blood tests; eight computed tomography (CT)
findings including acute subdural hematoma (ASDH),
acute epidural hematoma, traumatic subarachnoid hem-
orrhage (tSAH), cerebral contusion, mass lesion, midline
shift, basal cistern compression, and modified Rotterdam
CT score (Supplementary Table S1)'%; and emergency
craniotomy. These clinical parameters were obtained
upon initial presentation to the ED. The definition of
each clinical factor is presented in the Supplementary
Methods.

Outcome classification

Patient outcomes were evaluated based on the Glasgow
Outcome Scale (GOS) and GOS-extended (GOSE) at dis-
charge.’*?! The evaluating neurosurgeon determined and
rated the assessment items, such as social activities, abil-
ity to work as before, and maximum time for which the
patients could take care of themselves at home, based
on their in-hospital activities of daily living and need
for care. We defined three outcome categories for a pre-
dictive target: 1) GOSE 5 (lower moderate disability
[MD])-8 (upper good recovery [GR]) as good; 2)
GOSE 2 (vegetative state [VS])—4 (upper severe disabil-
ity [SD]) as poor; and 3) GOSE 1 as death.

Machine learning model development

Missing variables were imputed using the k-nearest
neighbor imputation method.*? In the k-nearest neighbor
imputation for missing variables, the admission hospital,
the presence of pneumocephalus, and the length of hospi-
talization were introduced in addition to the 21 learning
parameters. All 21 parameters were then standardized.
We used XGBoost and a dense neural network (DNN)

as machine learning approaches.”*** The optimal hyper-
parameters of the models were determined using auto-
mated Bayesian optimization implemented using the
Hyperopt library.?> During hyperparameter optimization,
we repeated the search for hyperparameters that maxi-
mize accuracy, sensitivity, F1 score, area under the re-
ceiver operating characteristic curve (AUROC), and
area under the precision-recall curve (AUC-PR). The pre-
diction model was designed to determine the prediction
probability for each of the three classifications, with the
classification with the highest probability serving as the
model’s response. Each evaluation index was calculated
using a confusion matrix obtained based on the predicted
and true classifications, and for indices other than accu-
racy, the macro-averages of the values of each outcome
class were used for evaluation. Thus, the construction
of this model did not require a probability threshold to
be set.’® Both the XGBoost and DNN models were
trained using an early stopping function, which termi-
nated training when the specified metrics reached the op-
timal values.

The following 10 hyperparameters of XGBoost were

optimized: “max_depth,” “min_child_weight,”
‘“‘gamma,”” ‘‘subsample,” ‘‘colsample_bytree,” ‘‘lamb-
da,” “‘alpha,” ‘‘max_delta_step,” ‘‘eval_metric,” and

learning rate. The number of decision trees was fixed to
100,000, and the value of ‘‘early_stopping_rounds”
was fixed to 100. The following 11 hyperparameters of
the DNN model were optimized: number of hidden lay-
ers, activation method for hidden layers, number of
units of hidden layers, dropout rate on input, dropout
rate on hidden layers, type of optimizer, learning rate
of the optimizer, usage of batch normalization on a hid-
den layer, batch size, L1 regularization weight, and L2
regularization weight. Regularization is a machine learn-
ing technique that adds a regularization term to loss func-
tions to reduce overfitting. L1 regularization adds an L1
penalty equal to the absolute value of the coefficient mag-
nitude. L.2 regularization adds an 1.2 penalty equal to the
square of the coefficient magnitude.

The training epoch was fixed to 1000 rounds, the pa-
tience for early stopping was fixed to 100, and the loss
metric was fixed to mean squared error. We adopted
the hyperparameter set that produced the highest and
second-highest values for the five predefined statistical
indicators during hyperparameter optimization for
model training on the training dataset, yielding 10
XGBoost and 10 DNN models in aggregate. Python ver-
sion 3.9, scikit-learn version 1.1.3, and XGBoost version
1.7.1 were used to develop and validate the machine
learning models. The DNN model was implemented
using Tensorflow version 2.6.0. A subset of the program
code generated for this study is available at GitHub and
can be accessed on https://gist.github.com/kkmatsuo/
75b8e1bcbe93¢59492d24f9af690ae46.
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Analysis of model performance

First, as initial validation of the developed models, we per-
formed three-repeated 10-fold stratified cross-validation
on the training dataset. For secondary validation using
the validation dataset, we selected the XGBoost and
DNN models with the top three AUC-PR scores as mea-
sured during the initial validation. Subsequently, we se-
lected the XGBoost and DNN models with the highest
AUC-PR scores on the validation dataset for further eval-
uation on the test dataset as final validation (i.e., test). We
also performed multinomial logistic regression to compare
prediction performances on the training, validation, and
test datasets.”’ This logistic regression model was
designed as a statistical method with no regularization or
penalization.”®** We performed bootstrap analysis 1000
times on the validation and test datasets to generate a
value distribution for each evaluation index.

Sensitivity, positive predictive value (PPV), accuracy,
F1 score, AUROC, and AUC-PR were used to evaluate
prediction performance. Except for accuracy, the aver-
ages of the respective prediction results for the three out-
come classes were employed as the evaluation indices
(i.e., macro-average). We compared the prediction per-
formances of representative XGBoost, DNN, and logistic
regression models using 3-class confusion matrices and
3-class ROC curves. No model updates (e.g., recalibra-
tion) were conducted throughout the modeling process
in response to the validation results. In addition, we
assessed the contribution of each predictor to the pre-
dicted outcome using SHapley Additive exPlanations
(SHAP) values.

Statistical analysis

Categorical variables were reported as frequencies
and percentages, whereas continuous variables were
reported as medians and interquartile ranges (IQRs).
For comparison between datasets, the chi-squared test
and Kruskal-Wallis one-way analysis of variance were
used to compare categorical and continuous variables.
In comparisons of patient characteristics between the
six hospitals, p values were adjusted using Bonferroni
correction. On the test dataset, we compared the
AUROC corresponding to each outcome class of the
best performing XGBoost and logistic regression models
using the DeLong test and calculated the p values.*®
Since the DeLong test cannot be applied to the macro-
averages of AUROC in multi-class classification, we
only presented 95% confidence intervals calculated
using the bootstrap method for the macro-averages of
multi-class AUROC. All p values were two-tailed, and
significance was set to p<0.05. All statistical analyses
were performed with EZR version 1.54 (Saitama Medical
Center, Jichi Medical University, Saitama, Japan), which
is based on R version 4.0.3. The “pROC”’ package was
used to calculate the p values of the DeLong test.”!

Results

Study participants

Figure 1 shows the study flowchart, including the num-
ber of patients corresponding to each outcome. Of the
1200 patients in aggregate, the median age was 71
years (IQR 51-81), 756 (63.0%) were male, 199
(16.6%) had severe TBI with GCS 3-8, 212 (17.7%)
had severe extracranial injuries, and 43 (3.6%) experi-
enced hypotension in the ED. The most common CT
findings were tSAH (56.8%) and ASDH (47.4%). Emer-
gency craniotomy was performed on 104 patients
(8.7%). The median length of stay was 13.0 (IQR 4.0-
28.0) days, and GOS ratings at discharge were as fol-
lows: GR in 514 (42.8%) patients, MD in 195
(16.3%), SD in 369 (30.8%), VS in 47 (3.9%), and
death in 75 (6.2%). Missing data were common for
D-dimer (n=236) and glucose (n=26; Supplementary
Table S2). Even after imputing missing values, patient
characteristics were similar (Supplementary Table S3).
Baseline characteristics were similar between training,
validation, and test datasets; however, a trend toward
more tSAH was observed in the test dataset and one to-
wards more pupillary abnormalities was observed in the
validation dataset (Table 1). The distributions of GOSE
and the 3-class outcomes showed similar trends on each
dataset (Fig. 2A, 2B). Patient characteristics differed
significantly among the six hospitals (Supplementary
Table S4).

Initial validation of the prediction models

on the training dataset

On the training dataset, cross-validation results showed
that the logistic regression model had the highest PPV
and F1 score, while the XGBoost had the highest sensi-
tivity, accuracy, AUROC, and AUC-PR. The complete
results of the 10 XGBoost, 10 DNN, and logistic regres-
sion models are shown in Supplementary Table S5.

Further validation of the prediction models
on the validation and test datasets
On the validation dataset, the secondary validation results
showed that the DNN with AUROC-maximizing hyper-
parameters had the highest sensitivity, PPV, accuracy,
and F1 score of 83.7%, 85.0%, 79.9%, and 84.0%, re-
spectively (Supplementary Table S6). The AUROC and
AUC-PR of the logistic regression model were the high-
est, at 0.908 and 0.882, respectively. XGBoost with
accuracy-maximizing hyperparameters and DNN with
AUROC-maximizing hyperparameters had the highest
AUC-PR among the XGBoost and DNN models—these
were employed for further validation.

The test results showed that XGBoost with accuracy
maximizing hyperparameters had the highest scores in
terms of all metrics, with sensitivity of 69.5%, PPV of
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Table 1. Baseline Characteristics of Patients With TBI in the Training, Validation, and Test Datasets

Characteristics Training (n=1200) Validation (n=80) Test (n=120) p value
Age, median (IQR), year 71 (50-81) 69.5 (53.8-81.3) 71 (54-82) .90
Male sex, n (%) 628 (52.3) 52 (65) 76 (63.3) 92
Pupillary abnormalities, n (%) 92 (7.7) 11 (14) 6 (5.0) .10
SBP, median (IQR), mm Hg 142 (123-165) 142 (126-162) 143 (131-170) S
Hypotension (SBP <90 mm Hg), n (%) 36 (3.0) 3 (3.8) 4 (3.3) .99
Major extracranial injury, n (%) 172 (14.3) 14 (17.5) 26 (21.7) 48
Spinal injury, n (%) 21 (1.8) 0 (0) 0 (0) 12
GCS eye score, median (IQR) 4 (3-4) 4 (3-4) 4 (3-4) .33
GCS verbal score, median (IQR) 4 (3.8-5) 4 (3-5) 4.5 (4-5) 29
GCS motor score, median (IQR) 6 (6-6) 6 (5-6) 6 (6-6) .80
GCS total score, median (IQR) 14 (12-15) 14 (11-15) 14 (13-15) .84
Severe TBI (GCS 3-8), n (%) 166 (13.8) 12 (15) 21 (17.5) .90
CT findings

AEDH, n (%) 91 (7.6) 6 (7.5) 17 (14.2) 17
ASDH, 7 (%) 471 (39.3) 36 (45) 62 (51.7) 58
Contusion, n (%) 308 (25.7) 22 (28) 39 (32.5) 75
TSAH, n (%) 579 (48.3) 36 (45) 67 (55.8) .08
Mass lesion, n (%) 122 (10.2) 9 (11) 18 (15) .64
Midline shift, n (%) 84 (7.0) 7 (8.8) 9 (7.5) 94
Absent cistern, n (%) 75 (6.3) 9 (11) 10 (8.3) 48
Modified Rotterdam CT score, median (IQR) 3 (2-3) 3 (2-3) 3 (2-3) .69
Laboratory findings

CRP, median (IQR), mg/dL 0.07 (0.02-0.34) 0.06 (0.03-0.13) 0.10 (0.03-0.27) 51
D-dimer, median (IQR), ug/mL 13.9 (4.2-41.7) 15.9 (6.7-44.2) 16.3 (4.8-46.5) 45
Glucose, median (IQR), mg/dL 139 (117-177) 136 (123-172) 146 (117-179) 12
Hemoglobin, median (IQR), mg/dL 13.0 (11.5-14.2) 13.0 (11.9-14.2) 13.3 (11.9-14.4) A7
Treatment and outcomes

Emergent craniotomy, n (%) 86 (7.2) 6 (7.5) 12 (10) .81
GR or MD, n (%) 592 (49.3) 47 (59) 70 (58.3) 98
SD or VS, n (%) 347 (28.9) 28 (35) 41 (34.2) .99
Dead, n (%) 61 (5.1) 5(6.3) 9 (7.5) 84
Length of stay, median (IQR), day 13 (4-28) 12 (3-28) 15 (4.8-26) .80

The p values are calculated using chi-squared test or Kruskal-Wallis one-way analysis of variance. Outcomes are assessed at discharge according to the

Glasgow outcome scale.

AEDH, acute epidural hematoma; ASDH, acute subdural hematoma; CRP, C-reactive protein; CT, computed tomography; GCS, Glasgow coma scale;
GR, good recovery; IQR, interquartile range; MD, moderate disability; SBP, systolic blood pressure; SD; severe disability; TBI, traumatic brain injury;

TSAH, traumatic subarachnoid hemorrhage; VS, vegetative state.

87.6%, accuracy of 82.5%, F1 score of 74.1%, AUROC
of 0.901, and AUC-PR of 0.803 (Table 2). The hyper-
parameters corresponding to the best models are provided
in Supplementary Table S7.

Based on 3-class ROC curve analysis, XGBoost was
observed to slightly outperform DNN and logistic regres-
sion models, except for SD/VS prediction on the valida-
tion dataset (Fig. 3 and Supplementary Fig. S1).
Comparison of the AUROC of the best XGBoost and lo-
gistic regression models on the test dataset revealed that
the XGBoost model significantly outperformed the logis-
tic regression model in predicting SD/VS (Supplemen-
tary Table S8). The 3-class confusion matrix analysis
demonstrated that, while all models tended to predict
GR/MD accurately, they tended to miss the prediction
of death, particularly on the test dataset (Fig. 4). These
analyses indicated that each prediction model behaved
differently depending on the scenario, and the prediction
targets on which it excelled did not appear to be consis-
tent. For instance, on the validation dataset, XGBoost
outperformed the other models in terms of PPV in pre-
dicting GR/MD and death, but it was less sensitive in pre-
dicting death.

Importance of the clinical predictors

According to the SHAP values of clinical parameters
based on the best XGBoost model on the test dataset,
GCS total score, age, and D-dimer contributed the most to
the prediction results (Fig. 5). Regarding imaging findings,
ASDH exerted the greatest impact on outcome prediction.

Discussion

This study revealed several new implications related to
the application of machine learning in TBI research.
First, we developed a more specialized machine learning
model to predict in-hospital outcomes following TBI
using three GOS-based classifications, and concluded
that the XGBoost model exhibited a high AUROC of ap-
proximately 0.90. However, there is still scope for im-
provement, particularly concerning the sensitivity of
death prediction, and developing a robust model with
consistent performance in diverse scenarios remains chal-
lenging. Additionally, even on the training dataset, which
was learned by the model, the best performing XGBoost
model’s prediction accuracy of 77.6% appeared to be
insufficient, suggesting that the models may not yet be
fully applicable to real-world settings. Next, although
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VS, vegetative state.
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traditional logistic regression performed well on the vali-
dation dataset, the machine learning-based model outper-
formed it in the other two validation tests. Therefore, the
machine learning-based models may have better general-
ization performance than logistic regression.

Our model achieved an AUROC of 0.90, which is a
good level of discrimination. However, its prediction per-
formance cannot be compared to that of any current
model. The proposed model tended to miss death predic-
tions, especially on the test dataset, resulting in a
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Table 2. Prediction Results for the Test Dataset With Bootstrapping of 1000 Repetitions
Model Sensitivity PPV Accuracy F1 score AUROC AUC-PR

XGBoost [Accuracy]
Logistic regression
DNN [AUROC]

0.616(0.614-0.618)
0.621(0.618-0.623)

0.709(0.706-0.712)
0.74(0.738-0.743)

0.695(0.693-0.697)  0.876(0.875-0.878)  0.825(0.824-0.826) 0.741(0.739-0.743)  0.901(0.9-0.902)
0.774(0.773-0.775)
0.741(0.74-0.742)

0.803(0.801-0.805)
0.742(0.74-0.744)
0.735(0.733-0.737)

0.637(0.635-0.639)
0.65(0.648-0.652)

0.863(0.862-0.864)
0.861(0.86-0.862)

The figures in bold indicate the highest value for each performance metric.
Models are sorted by AUC-PR. Maximized metric in hyperparameter tuning is indicated in parentheses after the model’s name (e.g., DNN [AUROC]).
Metrics are calculated using macro averages of results for each of the three outcome classes and are reported as means and 95% confidence intervals from

bootstrapping.

AUC-PR, area under the precision-recall curve; AUROC, area under the receiver operating characteristic curve; DNN, dense neural network; PPV, pos-

itive predictive value.

relatively low sensitivity of 69.5%. This seems attribut-
able to the difficulty of predicting death caused by the
worsening of underlying diseases, such as heart failure
or cancer, based solely on ED information. Post-
admission information can be a useful predictor; how-
ever, predicting outcomes only based on ED data would
be more helpful to subsequent treatment decisions. To
date, only a single study has predicted three categories
of outcomes after TBL.>? This study differs from the pres-
ent study in that the outcome categories were defined
somewhat loosely in terms of the types of discharge
disposition, rather than in terms of GOSE. Meanwhile,
several studies have developed machine learning-
based models to predict binary outcomes following
TBI, such as in-hospital mortality,g’m’l1’13’33’36 poor out-
comes at dis<:harge,8’14’37 and favorable outcomes after
six months.*®

These models suffer from certain limitations, such as
including patients with chronic subdural hematoma,** ex-
cluding patients with mild TBI,'**-*>-8 requiring infor-
mation on post-admission interventions'® or many
underlying conditions as learning parame:te:rs,ll’32’33 and
insufficient validation.®*'*'* An alternative approach
to address the multi-class classification problem is to
combine these binary classifiers separately. However,
if, for example, a binary prediction model for death is
combined with one for an unfavorable outcome, some pa-
tients will be assigned contradictory outcomes—they
may be predicted to die by one model but predicted to
have a favorable outcome by the other. This issue may
be resolved in the future if the prediction performance
of the models improves drastically.

However, another problem is that most recent studies
that make binary predictions define an unfavorable out-
come as GOS SD or VS or death. Thus, in the case of a
combined binary prediction model, if one constituent
model predicts survival and the other predicts an unfavor-
able outcome, a discrepancy is introduced into the re-
sponse regarding death because unfavorable outcomes
include death. The ability to predict outcomes using
more detailed categories may enable more effective per-
sonalized treatment. However, in our preliminary exper-
iments, it was difficult to predict more subdivided
outcomes accurately based solely on current clinical pa-

rameters (data not shown). As evidenced by the adoption
of binary prediction, which is a simpler classification
model than that proposed in the present study, in most
previous studies, it is difficult to predict outcomes with
greater subdivisions with high accuracy. To tackle this
issue, the introduction of novel biomarkers or more ad-
vanced image analysis appear to be required.

Next, although logistic regression performed well on
the validation dataset, the machine learning model out-
performed it in the other two validation tests. This contra-
dicts several studies that have indicated that machine
learning models provide no benefit over regression mod-
els. 123940 However, the machine learning models consid-
ered in these studies seem to have been inadequately
tuned,*” and the prediction targets of 6-month unfavor-
able outcomes (GOS <3) appear to be too facile to high-
light the advantages of machine learning'>—these would
only be perceptible in more challenging classification
problems or problems involving significantly more pre-
dictors. Nevertheless, we did not observe a large perfor-
mance difference between the logistic regression and
machine learning models; thus, this topic merits further
investigation. Based on previous studies, the utilization
of more outcome-relevant predictors should improve pre-
diction performance more effectively than increasing the
number of training samples ®!0-!1:13-33.35.36

Important predictors identified by machine

learning model

The two highest-ranked features determined by the best
XGBoost model were GCS total score and age, both of
which are well-established predictors of outcome. Thus,
it is reasonable that they contributed significantly.
D-dimer was the third most influential clinical factor in
predicting outcomes—in particular, it was more influen-
tial than GCS score or age in predicting death. Coagul-
opathy after TBI has been reported to occur in nearly
two-thirds of patients with severe TBI*! and is signifi-
cantly associated with progressive hemorrhagic injury
and increased mortality and disability rates at dis-
charge.*'*? Therefore, in this study, D-dimer most likely
represented the degree of coagulation abnormalities asso-
ciated with the severity of trauma. Since coagulopathy
after TBI is complicated by multiple mediating
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mechanisms, it is not yet clear which parameter is the
most informative.*'*> However, considering only pro-
thrombin time (PT) and activated partial thromboplastin
time (aPTT) may not be adequate to assess the degree
of coagulopathy,43 and D-dimer and fibrin/fibrinogen
degradation products (FDP) are associated with a higher
mortality risk than aPTT or platelet count.** Addition-
ally, FDP and D-dimer may be less susceptible to modi-
fication by oral anticoagulants than PT and aPTT.
However, this study did not examine the influence of
oral anticoagulants—this topic requires further research.

Second, pupillary abnormalities, which have been sug-
gested to be associated with outcome in previous studies,
exhibited a smaller association with outcome in this
study. This may be attributed to the following factors.
First, pupillary abnormalities were present in only 9.1%
of all patients. In addition to this, the present study may
have included pupillary abnormalities that differ in path-
ophysiology from pupillary abnormalities induced as
symptoms of brain herniation (e.g., pupillary abnormali-
ties due to traumatic optic neuropathy, original pupillary
abnormalities due to previous ocular surgery, or Horner’s
syndrome due to neck trauma). Thus, this observation
may not necessarily reflect brain herniation and may
have become relatively less important because other fea-
tures, such as the absent cistern or the Rotterdam CT
score, which reflect brain herniation similarly, are used
as features.

Potential clinical applications

of the proposed model

Based on data in the ED and the surgeon’s judgment of
the necessity of an emergency craniotomy, our model
can calculate the probability of three classes of outcomes
with and without craniotomy, which may help determine

the treatment strategy. In the future, we might be able to
apply this prognostic model as a severity index to iden-
tify subgroups of patients who would be most likely to
benefit from specific interventions. In recent major com-
missions, such neuroinformatics-based clinical decision
support in the field of TBI has been highly recommen-
ded for implementation.45

Limitations

The first major limitation of this study is that the outcome
was assessed in terms of GOSE at discharge. Patients
with severe disabilities at discharge may recover after
six months.*®*’ However, retrospective assessment of
outcomes at a pre-determined time, such as 14 days or
6 months post-injury, excludes mild TBI patients who
are discharged early and not followed comprehensively
in an outpatient setting, rendering data from these mild
TBI patients unavailable for model training. In this
study, we aimed to develop a highly generalizable predic-
tion model by minimizing restrictions on target patients
to reduce learning bias as much as possible. Conse-
quently, it was imperative to include data from mild
TBI patients in the dataset, and outcomes at discharge
were used for outcome assessment. In addition, there
may be inter-rater variation in the assessment of
GOSE.*® Further study is needed to determine the opti-
mal timing for prognostication. Second, this study in-
cluded patients who died of non-traumatic causes. It
might be reasonable to exclude patients who died of un-
derlying diseases from the training data.

Finally, all training data included in this study were
obtained from Japanese hospitals that provide standard
treatment for TBI. Japan has one of the highest aging
populations in the world, with more than a quarter of
the population being above 65 years in age.49
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Additionally, the median age of the patients in this study
was 71 years, which could be attributed to the participation
of several rural hospitals with higher-than-average elderly
populations..5 O Thus, prediction accuracy might be affected
corresponding to patient data obtained from low-resource
hospitals or non-Japanese populations.”’ Prospective stud-
ies with larger datasets including more young patients are

required to confirm the usefulness of our prediction model
and to develop a more robust alternative.

Conclusions
In this study, we developed the first machine learning-
based model to predict in-hospital outcomes after TBI
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using three GOS-based classifications. The XGBoost
model exhibited a high AUROC of approximately 0.90.
This model can potentially be more impactful in the de-
velopment of appropriate patient stratification methods
in future TBI studies than conventional binary prognostic
models. Further, outcomes were predicted based solely
on clinical data from the ED. However, there is still
scope for improvement, particularly concerning the sen-
sitivity of death prediction. Developing a robust model
with consistent performance in diverse scenarios remains
challenging, suggesting that the proposed models may
not yet be fully applicable to real-world settings. Addi-
tional innovations are required to improve generalization
performance.
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