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Abstract: Artificial Intelligence (AI) is increasingly uti-
lized for disease prediction by analyzing large and complex
datasets. Traditionally, AI-based traumatic brain injury (TBI)
prediction relies on multimodal data, including structured
information like test results and unstructured data such as
CT and/or MRI scans. However, physician conclusions in text
form at admission and discharge represent an underutilized
source of valuable insights into a patient’s condition. This
paper proposes a novel approach to classifying TBI severity
using these physicians’ written conclusions. We introduce
viTBI-BERT, a model built on the ViHealthBERT backbone,
incorporating pre-processing techniques such as acronym
normalization, special character removal, word segmentation,
and textual data augmentation. Following pre-processing, the
data is passed through the pre-trained ViHealthBERT model,
augmented with a fully connected layer and a softmax layer for
classification. Evaluated on three sets of medical notes from a
self-collected dataset of 503 Vietnamese patients, vil BI-BERT
achieved a sensitivity of 71% in classifying four levels of injury
severity. These findings demonstrate the potential of language-
based analysis, which, when integrated with structured clinical
and subclinical data, could further improve TBI classification
outcomes.

Keywords: Traumatic Brain Injury, Large Language Model,
Transformer, Classification.

I. INTRODUCTION

Traumatic brain injury (TBI) is a critical medical con-
dition resulting from external forces impacting the head,
leading to varying degrees of brain dysfunction. TBI can
be caused by various incidents such as traffic accidents,
falls, and sports injuries, with consequences ranging from
mild concussions to severe brain damage. TBI significantly
influences the patient’s quality of life and, in some cases,
leads to long-term disability or death.
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Current diagnostic and treatment procedures for TBI
involve a combination of clinical examinations, imaging
techniques such as CT scans or MRIs, and continuous
monitoring of the patient’s neurological status. However, the
overload situation and the limited experience of healthcare
professionals, particularly at remote medical facilities, may
cause errors in prognosis and treatment, exacerbate patient
outcomes, and increase healthcare costs.

In recent years, there has been a growing interest in ap-
plying Al models to enhance TBI diagnosis. Most existing
Al approaches have focused on analyzing structured clinical
information [1]. Some recent works focused on the medical
analysis of CT (Computerized Tomography) or MRI (Mag-
netic Resonance Imaging) brain images [2]. While these
models have shown promise in detecting abnormalities in
brain images, they often do not provide comprehensive
diagnostic conclusions, particularly regarding the severity
of the injury.

Accurate conclusions about the severity of TBI are
crucial, as they directly influence treatment decisions and
prognoses. For example, a conclusion like "Mau tu dudi
mang ciing man tinh ban ciu phai" ("Chronic subdural
hematoma, right hemisphere" in English) can indicate a
severe level of TBI. Meanwhile, a conclusion like "Mau
tu dudi mang cing tran dinh phai nghién rugu" ("Subdural
hematoma, right frontal-parietal, alcoholic" in English) may
correspond to a moderate TBI case. These conclusions typ-
ically appear at the end of the medical report. To our knowl-
edge, there is a gap in the research concerning the analysis
of diagnostic conclusions for determining the severity of
TBI. Existing studies have not explored the integration of
textual information from medical reports into Al models for
generating comprehensive diagnostic conclusions. On one
hand, no dataset containing the conclusions of TBI patients



is available for research purposes. On the other hand, if such
a dataset exists, the linguistic characteristics of the reports
must be taken into consideration.

This paper addresses the existing gap by investigating
text analysis models and their application in the field
of traumatic brain injury diagnosis. We propose a novel
approach that categorizes TBI into four severity levels:
mild, moderate, severe, and critical, based on the analysis
of Vietnamese textual conclusions in medical reports. This
study represents the first effort to employ text analysis for
TBI classification, aiming to enhance diagnostic accuracy
and improve patient outcomes. The proposed framework,
called viTBI-BERT, consists of two main blocks: a pre-
processing block that includes acronym normalization, spe-
cial character removal, word segmentation, and data aug-
mentation; and a classification block composed of a pre-
trained ViHealthBERT model [3], followed by an additional
fully connected layer and a softmax layer. The method is
validated on three sets of medical notes extracted from
our self-collected dataset, TBI_MH, showing promising
results.

In summary, the contributions of this paper are three-
fold.

o First, we introduce an original idea for TBI outcome
prediction using Vietnamese medical notes, which has
not been investigated in the literature.

e Second, we propose a framework, viTBI-BERT,
which leverages ViHealthBERT to analyze TBI Viet-
namese medical notes, incorporating specific pre-
processing steps.

« Finally, we validate our proposed framework on three
sets of TBI medical notes extracted from our self-
collected dataset.

The remainder of this paper is organized as follows. In
section II, we present some existing works for the automatic
prognosis of traumatic brain injury using machine learning.
In section III, we present the general framework, and
a detailed description of each component is presented.
Section IV presents the dataset and experimental results. We
conclude and give some ideas for future works in Section
V.

II. RELATED WORKS
1. Machine learning for TBI outcome prediction

Recent studies have explored using ML to predict TBI
outcomes. One study analyzed data from 1653 TBI patients
using algorithms like random forest (RF) and decision
tree (DT)[1], identifying key predictors such as the motor
component of the Glasgow Coma Scale (GCS), pupillary
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condition, and age. RF was found to be the best for short-
term mortality prediction, while a generalized linear model
(GLM) performed best for long-term survival prediction.
The study also highlights the potential of deep learning
(DL) for handling high-dimensional data but recommends
using simple models to avoid overfitting.

In 2020, Matsuo et al., similarly, [4] evaluated the effec-
tiveness of nine machine learning algorithms in predicting
outcomes for traumatic brain injury (TBI) patients. By
analyzing clinical data from 232 patients, the research
identifies the random forest and ridge regression models
as the most effective for predicting poor outcomes and
mortality. Key factors influencing predictions include age,
the Glasgow Coma Scale, and specific blood markers. The
findings suggest that modern machine learning techniques
hold promise for improving TBI prognosis, though further
validation is needed. Bruschetta et al. compared traditional
regression models with various machine learning (ML)
algorithms for predicting clinical outcomes in traumatic
brain injury (TBI) patients [5]. The study evaluates the
performance of a Classical Linear Regression Model (LM)
against a Support Vector Machine (SVM), k-nearest Neigh-
bors (k-NN), Naive Bayes (NB), Decision Tree (DT), and
an ensemble ML approach. The findings indicate that ML
algorithms, including ensemble methods, do not signifi-
cantly outperform traditional regression models when using
a limited set of predictor variables. Naive Bayes showed
the poorest performance among the models tested. The
study underscores the importance of rigorous comparisons
between traditional and ML approaches in TBI prognosis
and suggests further validation on more diverse datasets
incorporating dynamic predictors like neuroimaging data.

2. Deep learning for TBI outcome prediction

The study by Adil et al. (2020) focuses on developing
a deep learning model to predict outcomes after TBI,
particularly in low- and middle-income countries (LMICs)
[6]. Using clinical data from Uganda, the authors compared
the performance of deep neural networks, shallow neural
networks, and elastic-net logistic regression. Their results
showed that deep learning outperformed traditional methods
in specific metrics like AUROC and partial AUPRC, high-
lighting the potential of advanced algorithms in resource-
limited settings, though optimal algorithm choice depends
on the clinical context. Matthew et al. proposed a prognostic
model combining deep learning from head CT scans with
clinical data to predict long-term outcomes in patients
with severe traumatic brain injury (sTBI) [7]. In a cohort
of 537 patients, the fusion model demonstrated superior
performance over the established IMPACT model in pre-
dicting mortality and unfavorable outcomes on internal
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data. However, in external validation with 220 patients, the
fusion model did not significantly outperform the IMPACT
model. Despite the mixed results, the study underscores
the promise of integrating imaging and clinical information
for sTBI prognostication. Another study employs a deep
learning framework to evaluate the sensitivity of a CNN
model in detecting anatomical changes in brain MRI scans
related to traumatic brain injury (TBI) outcomes [2]. The
objective is to validate the model’s clinical relevance using
a dataset from the TRACK-TBI study, which includes 203
patients, and to analyze the model’s performance across
varying severity subgroups. Results indicate that the model
can identify latent predictive information from MR images
that is not captured in ground truth labels, suggesting
promise in classifying TBI-related MR images.

3. Language models for disease prediction

Large language models (LLMs) have demonstrated im-
pressive capabilities not only in the domain of natural lan-
guage processing but also in various other tasks. In medical
analysis, some early works have applied LLMs to enhance
the performance of existing deep-learning models within a
single modality. We present recent significant works that
apply LLMs to address medical-related problems.

In [8], raw clinical texts have been refined and augmented
by an LLM then combined with embedding computed from
tabular data from the Electrical Medical Report of Patients.
The final model, namely called CKLE, has been trained for
two health event prediction tasks in the field of cardiology,
heart failure prediction and hypertension prediction. Health-
LLM incorporated health records and medical knowledge
into a large model to ask relevant questions for a given
disease [9]. Med-BERT is an adaptation of the BERT
framework originally developed for the text domain to the
structured Electrical Health Records domain [10]. Hegsel-
mann et al. proposed TabLLM for the classification task
of tabular data [11]. Each feature in the tabular data was
converted into a natural language string using a manual
template, table-to-text, or LLM. Li et al. introduced LViT
that combined text description with images as input for
segmentation task [12]. In LViT, medical text annotation
is incorporated to compensate for the quality deficiency
in image data. Le et al. conducted an evaluation of TBI 6-
month outcome prediction using ChatGPT4 model [13] and
showed that it was less performant than the conventional
IMPACT model and that physicians.

Although there have been some attempts to use large
language models (LLMs) for disease prediction, to the best
of our knowledge, no studies have yet explored the use of
LLMs with medical notes from CT images of TBI patients.
In our work, we will utilize both pre- and post-CT medical
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notes from doctors, as well as a combination of these notes,
to predict the outcomes of TBI. We believe this is the
first initiative to explore the potential of LLMs for TBI
prediction using medical text.

III. PROPOSED METHOD FOR TBI PROGNOSIS
1. General framework

As aforementioned, our work focuses on analyzing the
medical notes of doctors from CT scans of TBI patients
and outputs one among four severity levels of TBI: mild,
moderate, severe, and critical. In this study, we propose a
framework for the prognosis of TBI using the medical text
of the doctors from CT scans as illustrated in Fig. 1. It is
composed of the following steps:

e Data splitting: First, raw data (i.e. medical notes of
physicians from CT scans of TBI patients) are split
into two subsets, one for training and one for testing.
In our work, we employ K folds (with K = 10) so
nine folds will be used for training and one fold will
be used for testing.

e Pre-processing: The raw medical notes must be pre-
processed before being input into the classification
model. We deploy two techniques: acronym normal-
ization and special character removal to convert raw
text to normalized text. This step is applied for both
training and testing datasets.

e Data augmentation: To enrich the training set, we
implement various techniques to create new medical
texts with the same meaning. This step is applied only
to the training dataset.

o Classifier training: We utilize the pre-train ViHealth-
BERT model to fine-tune the viTBI-BERT using an
augmented training dataset.

o Inference: The test samples are first pre-processed and
then inputted into the trained viTBI-BERT to infer the
severity level of the TBI.

Subsequently, we provide a detailed explanation of each
of these steps, providing a comprehensive view of our
methodology and the underlying rationale.

2. Pre-processing

a) Acronym normalization

In medical texts, acronyms are often used to quickly
denote specific conditions, symptoms, or medical proce-
dures. In our TBI dataset, a total of 77 acronyms have
been found in medical notes. For example, "CTSN" is
the acronym for "Chén thuong so ndo" (Traumatic Brain
Injury), "MTTN" is the acronym for "Mau tu trong nao"
("intracerebral hemorrhage"), TNGT means "Tai nan giao



Vol. 2025, No. 1, March

Figure 1. Proposed viTBI-BERT for outcome prediction after Traumatic Brain Injury from Vietnamese medical notes.

thong" ("traffic accident"). To ensure accurate interpretation
and improve consistency in the data, all acronyms must be
normalized.

In the medical text domain, Vo et al. proposed a method
to detect abbreviation in Vietnamese clinical texts [14].
However, this method does not encompass all acronyms
present in our dataset related to traumatic brain injury. Fol-
lowing the approach used in [3], we generate a dictionary
of 77 acronyms. This involves extracting all noun phrases
(NP) from the dataset using the underthesea POS tagger.
Consequently, we manually decrypt the data by clarifying
their meanings provided by expert doctors at 103 Military
Hospital. For example, acronyms such as "CTSN" are
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expanded to "Chén thuong so nio", and "MTMNC" is ex-
panded to "Mau tu ngoai mang cing" (epidural hematoma).

b) Special characters removal

Machine learning models often struggle to interpret
punctuation or special characters. In our dataset, the medi-
cal notes frequently contain various punctuation marks such
as exclamation points, apostrophes, and commas [15]. To
address this, we preprocess the medical notes by removing
all special characters and punctuation, including
"L, M, =", and

naowonn onn
L )
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c) Word segmentation

Word segmentation is a crucial pre-processing step in
natural language processing (NLP), especially for languages
like Vietnamese, which lack explicit word boundaries. In
our workflow, we perform word segmentation using the
RDRSegmenter, a component of the VNCoreNLP toolkit.
RDRSegmenter, developed by [16], is a Vietnamese word
segmentation tool that uses a rule-based approach to ac-
curately separate text into meaningful units. This tool is
part of VNCoreNLP, a comprehensive suite of NLP tools
for Vietnamese developed by Vu et al. [17]. Since Minh
et al. [3] used this method to pre-process the pre-training
data and also recommended it for fine-tuning tasks, we use
the same word segmenter for our downstream applications.
By incorporating these methods, we enhance the quality
and precision of our text processing pipeline, making it
well-suited for classification tasks. In our experiment, we
directly utilize the pre-trained RDRSegmenter for word
segmentation.

Figure 2 illustrates an example of pre-precessing raw
data "CD:CTSN:MTNMC+TKNS do tai nan sinh hoat
G7". In this sentence, "CD" is an acronym for "Chén
dong" ("concussion"), "CTSN" is an acronym for "Chén
thuong so nao" ("traumatic brain injury"), "MTNMC" is
an acronym for "Mau tu ngoai mang cung" ("epidural
hematoma"). "TKNS" means "Tu khi ndi so" ("intracranial
pneumatoma"). "G7" means "gid thd 7" ("7th hour"). After
normalizing all acronyms, we obtain "chin dong: chin
thuong so nao:mdu ty ngoai mang cing+tu khi ndi so
do tai nan sinh hoat gi¢ thd 7" ("concussion: traumatic
brain injury: epidural hematoma-+intracranial pneumatoma
due to domestic accident 7th hour"). This new data contains
special characters and punctuation. We remove all of these
and apply RDRSegmenter for word segmentation to finally
achieve: "chin_dong chin_thuong so nio mdu tu ngoai
mang_cung tu khi ndi so do tai_nan sinh_hoat gi6 thi 7".

3. Data augmentation

a) Augmentation methods

In image classification tasks, data augmentation enhances
data diversity through techniques such as rotation, transla-
tion, scaling, and noise addition. Similarly, text classifica-
tion employs augmentation to enrich text data, with nu-
merous studies developing automated methods to generate
and improve data quality. This approach improves model
accuracy, particularly for small datasets such as ours.

We will first present the EDA (Easy Data Augmentation)
techniques introduced by Wei and Zou [18] and apply them
to Vietnamese medical texts. The techniques include:
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o Synonym Replacement (SR): This technique involves
replacing non-stop words with randomly chosen syn-
onyms to create a new sentence. For our experiments,
we used the Vietnamese WordNet from [19] to find
synonyms and a Vietnamese stopword dictionary to
exclude stop words from the sentences.

e Random Swap (RS): Swapping two non-stop words
randomly n times.

e Random Insert (RI: Finding a random synonym of a
non-stop word and inserting it randomly n times in the
sentence.

e Random Delete (RD): Removing each word in the
sentence with a probability p.

The number of augmentations should be calibrated ac-
cording to the dataset size, as an excessive amount of
augmented data can result in overfitting. A notable limi-
tation of these methods is their inability to maintain the
contextual meaning of sentences. To overcome this, we
investigate more advanced techniques that preserve the
original sentence’s meaning.

e Back Translation (BT): This technique generates addi-
tional training samples by utilizing translators. It has
been used by various research teams to improve trans-
lation models [20][21]. The process involves trans-
lating the original text into another language and
then translating it back to the original language using
a different translator. In this work, we employ the
mtranslate library to implement the back translation
method, utilizing English, French, and Russian as
intermediate languages.

Table I presents the results of applying the Easy Data
Augmentation (EDA) method to the sentence: "chin_dong
nao do tai_nan giao_thong" (brain_injury due to traf-
fic_accident). Similarly, Table II shows the results of back-
translation applied to the sentence "chin dong: chin thuong
$O0 nao mau tu ngoai mang cing tu khi ndi s¢ do tai nan sinh
hoat gio thd 7" using three different intermediate languages.

Table 1
EXAMPLES OF EASY DATA AUGMENTATION METHODS
Augmented Sentence Type
chan_dong do tai_nan giao_thong (deleted "nao") | RD
chin_ddong dau_éc do tai_nan giao_thong SR
nao chan_dong do tai_nan giao_thong RS
chin_ddng ndo do dau tai_nan giao_thong RI

4. Classifier training

a) Model architecture

In our experiments, we employed monolingual domain-
specific pre-trained BERT models, designed specifically
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Figure 2. Example of pre-processing steps.

Table 11
EXAMPLE OF DATA AUGMENTATION USING BACK-TRANSLATION WITH
THREE LANGUAGES: ENGLISH, FRENCH AND RUSSIAN. WE ALSO
ADDED THE TRANSLATION OF THE AUGMENTED DATA FROM
VIETNAMESE TO ENGLISH USING GOOGLE TRANSLATOR.

Back-Translated Sentence

Chan dong ndo: chan thuong so ndo, tu mau
ngoai mang cung, tran khi ndi so do tai nan
gia dinh, gio thd 7 (Concussion: traumatic
brain injury, epidural hematoma, intracranial
pneumothorax due to domestic accident, 7th
hour)

Chan dong: chan thuong dau, tu mdu ngoai
mang cuing, tu khi ndi so do tai nan hang ngay
vao gio thit 7 (Concussion: head trauma, epidu-
ral hematoma, intracranial emphysema due to
daily accidents at 7 o’clock)

Chan dong: chan thuong so ndo, tu mdu ngoai
mang cung, tich tu khi ndi so do hau qua
cia mot sy kién trong doi vao giG thi 7
(Concussion: traumatic brain injury, epidural
hematoma, intracranial gas accumulation as a
result of a life event in the 7th hour).

Language
English

French

Russian

for Vietnamese healthcare text for the TBI outcome clas-
sification task based on medical notes. ViHealthBERT, a
highly effective baseline model for this domain, was rigor-
ously evaluated using various training strategies. It achieved
state-of-the-art (SOTA) results across three downstream
tasks: Named Entity Recognition (NER) for COVID-19 and
ViMQ datasets, Acronym Disambiguation, and Summariza-
tion [3].

In this study, we used the word-level version of Vi-
HealthBERT, which contains 135 million parameters and
utilizes a word-level tokenizer. This model follows the same
architecture as BERT}ase [22]. One of the key advantages of
using BERT-based Transformers for sequence classification
is their ability to capture the meaning and context of
the input sequence more effectively than traditional neural
networks. This capability stems from BERT’s pretraining
on a vast corpus of text, where it learns to predict missing
words or sentences based on their surrounding context.
This pretraining enables BERT to understand the rela-
tionships between different words and phrases within the
input, resulting in a more informative representation of the
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sequence.

The pre-trained model consists of 12 encoder-only Trans-
former layers [23], with 768 hidden units and 12 attention
heads. Each encoder layer has two main components: a
Multi-Head Self-Attention mechanism and a Feedforward
Neural Network. The attention mechanism allows the model
to weigh the importance of different words in the sequence,
capturing long-range dependencies. Mathematically, the
output of the Multi-Head Attention for a single head can

QK

be expressed as:
Vv )
Vi, )

where (), K, and V are the query, key, and value
matrices, respectively, and dj is the dimension of the key
vectors. In practice, the model employs multiple heads, each
with different learned parameters, allowing it to focus on
various parts of the input.

T

Attention(Q, K, V') = softmax (

After the attention mechanism, the output passes through
a feedforward network, which typically consists of two
linear transformations with a ReLU activation in between:

FEN(z) = max (0, W7 + by )W + bo 2)

where W1, Ws, by, and by are learned parameters.

As shown in Figure 1, we added an additional classifier
head. This classifier head operates on the [CLS] token
(Classifier token) in the last hidden layer output by the
pretrained BERT model. The [CLS] token is a special
token prepended to every input sequence, representing the
entire sequence for classification tasks. The classifier head
consists of a fully connected layer followed by a softmax
activation function, which produces probabilities for each
class label.

5. Inference

To gain deeper insights into the model’s decisions, we
employed Integrated Gradients (IG) [24], an explainable
Al technique. This method computes attribution scores for
each word in a clinical note, revealing which words most
significantly influenced the model’s predictions.
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Formally, let F' : R™ — R represent a deep neural net-
work, where F'(x) is the output for input . The attribution
of each input feature z; is given by:

do

3

Here, z is the input, 2’ is the baseline (neutral or zero
input), and « interpolates between z’ and z. The gradient
ag—gf) is computed at points along this path. The integral
can be approximated as:

OF (' + %(xf:n’))

al‘i

“

IG satisfies two properties: Sensitivity, ensuring non-
zero attributions when output changes are due to a sin-
gle feature, and Implementation Invariance, guaranteeing
identical attributions for functionally equivalent models.

IV. EXPERIMENTS
1. Dataset

In the literature, there is no dataset of medical notes of
traumatic brain injury. As a result, to validate our proposed
framework, we collected a dataset consisting of 503 patients
treated at the Military Hospital 103 in Hanoi, Vietnam,
in 2023. This dataset, referred to as TBI_MH (Traumatic
Brain Injury collected at Military Hospital), was carefully
curated to exclude records with incomplete information,
ensuring data accuracy. The patients had a mean age of
43.89 years with a standard deviation of 21.3 years. A
significant portion of the cohort, approximately 76.09%,
were male, as described in Table III and Figure 3.

Figure 3. Age groups and sex distribution of patients in the TBI_MH
dataset
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Table IIT
AGE AND SEX DISTRIBUTION IN TBI_MH DATASET

Category Subcategory | Percentage (%)
0-20 18.92
21-40 28.29
Age Group 41-60 25.70
61-80 22.11
81+ 4.98
Sex Male 76.10
Female 23.90

The dataset includes a comprehensive range of patient
data, covering demographic details, clinical indicators, lab-
oratory results, and CT (computed tomography) imaging
information. The demographic data encompasses age, sex,
and key patient identifiers. Clinical data provides insights
into health status, blood pressure, and temperature, along
with details on traumatic brain injuries as documented in
medical histories. The Glasgow Coma Scale (GCS) [25]
was assessed during physical examinations, and the dataset
also records related conditions such as stroke, diabetes,
hypertension, and cardiovascular diseases. CT scan data
plays a critical role in diagnosing traumatic brain injuries,
particularly through the use of the Rotterdam score [26].
Additionally, the dataset includes laboratory test results,
such as blood testing, serum biochemistry, electrolyte lev-
els, and electrocardiogram readings.

In this research, our focus is on analyzing the pre-
discharge and post-discharge medical notes provided by
doctors to assess patient severity using Al-based natural
language processing (NLP) techniques. Patient outcomes
were categorized into four severity levels (1 = Mild, 2
= Moderate, 3 = Severe, 4 = Critical) by experienced
clinicians and physicians, as illustrated in Table IV and
Figure 4. Table V illustrates some examples of medical
notes at pre-discharge and post-discharge for four severity
levels.

Table IV
OUTCOMES OF THE TBI_MH DATASET

Severity Level | Description | Number of Patients
1 Mild 39
2 Moderate 265
3 Severe 155
4 Critical 44

Before using this dataset for research, we obtained the
necessary approvals from the relevant organizational au-
thorities to ensure compliance with established data usage
protocols. The study’s methodology strictly adhered to the
guidelines and regulations governing research practices, and
ethical clearance was obtained from the hospital for access
to the dataset.



Figure 4. Outcomes distribution of TBI_MH Dataset

We consider three sets of medical notes extracted from
the raw TBI_MH dataset as follows:

1) PreMN_TBI_MH: The first dataset includes the
medical notes of doctors before the patient was ad-
mitted to the hospital.

2) PostMN_TBI_MH: The second dataset includes the
medical notes of doctors after the patient was dis-
charged from the hospital.

3) MN_TBI_MH: The third dataset is a combination
of both the pre-admission and post-discharge medical
notes.

Table VI provides a comprehensive summary of the
statistics related to the length of notes across three datasets
PostMN_TBI_MH, PreMN_TBI_MH, and MN_TBI_MH
by severity levels (Mild, Moderate, Severe, and Criti-
cal). The metrics include the number of medical notes,
along with descriptive statistics about their lengths: mean,
standard deviation (Std), minimum (Min), 25th percentile
(25%), median (50%), 75th percentile (75%), and maxi-
mum (Max). It is noted that the lengths of medical notes
at pre-discharge and post-discharge are similar on average.
However, the more severe the TBI, the longer the medical
notes tend to be.

We separate the dataset into the training set and the
testing set using K-Fold. Then the training set is augmented
to re-balance the samples among classes. Figure 5 shows
the distribution of original and augmented training sets.

2. Implementation details

a) Data Augmentation

According to Wei and Zou (2019) [18], for the SR,
RI, and RS methods, the number of changed words n is
calculated as n = « x [, where « is the percentage of
words to be replaced and [ is the sentence length. For the
RD method, the deletion probability p equals «, with «
defined by the user.
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Table V
EXAMPLE OF PRE- AND POST-MN_TBI_MH SET WITH SEVERITY
LEVELS
PreMN_TBI_MH PostMN_TBI_MH Severity
Xuat huyet duéi nhén | Xuat huyet dudi nhén liem Mild
liém dai ndo gdy hé 13 | dai ndo giy kin 13d xuong
dusi xuong mac trii tu | médc va vét thuong phan
mau dudi da quanh mi | mém cing chan bén trii
mit phii do tai nan giao | do tai nan giao théng gid
thong (Subarachnoid hem- | thi 3 da khau vét thuong
orrhage, open fracture of | ngy thi nhét (Subarach-
the left fibula, subcuta- | noid hemorrhage, closed
neous hematoma around | fracture of the 13d fibula
the right eyelid due to traf- | and soft tissue injury of
fic accident) the left leg due to a traffic
accident. The wound was
sutured on the first day.)
Mau tu dudi mang cing | Mau tu dudi mang cing | Moderate
tran dinh phai nghién rugu | tran dinh phai ddm mo
(Subdural hematoma right | khong thuin nhit ngoai
frontal parietal alcoholic) vi 13 dudi phdi phai
teo ndo tudi gia nghién
rugu (Right frontal subdu-
ral hematoma peripheral
heterogeneous opacity 13
right lower lung cerebral
atrophy senile alcoholism)
Mau tu dudi mang | Mau tu dudi mang cing Severe
cing man tinh bin | man tinh ban ciu phai
ciu  phdi  (Chronic | di phiu thuit bom rita
subdural hematoma | di léch § méau tu ngay
right hemisphere) thd nhit (Chronic subdu-
ral hematoma of the right
hemisphere was surgically
discharged and displaced
on the first day)
Chan thuong so nao nang | Chan thuong so nao nang Critical

mau tu dudi mang cing
ban cau trii xuit huyét
dudi nhén rai rac 2 bén
ciu v& xuong d4 phai do
tai nan giao thong g3 (Se-
vere traumatic brain in-
jury, left hemisphere sub-
dural hematoma, scattered
subarachnoid hemorrhage,
bilateral hemisphere frac-
ture of right petrous bone
due to traffic accident g3)

méau tu dudi mang cing
bin ciu trdii dip ndo
xudt huyét tran va thai
duong va dinh trdi xuit
huyét dudi nhén rai ric
2 bén ciu méu ty ngoai
mang cling va vo Xxuong
thai duong dinh phai vé
xuong thai duong bén
trdi xuong da phai than
xuong budém do tai nan
giao thong viém phdi do
a baumanii toan khang
(Severe traumatic brain
injury, left hemisphere
subdural hematoma,
brain  contusion, left
frontal and temporal
and parietal hemorrhage,
scattered subarachnoid
hemorrhage in  both
hemispheres, epidural
hematoma and  right
temporal-parietal bone
fracture, left temporal
bone fracture, right
petrous bone, sphenoid
bone body due to traffic
accident, pan-resistant A
baumannii pneumonia)
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Table VI
STATISTICS OF DIAGNOSIS LENGTH ACROSS DATASETS AND SEVERITY LEVELS
Dataset Severity Level | Count | Mean Std Min | 25% 50% 75% Max
Mild 39 16.59 9.45 5 10 14 22.50 48
Moderate 265 28.17 14.70 3 18 25 37 85
PostMN_TBLMH o c 155 | 3537 | 1834 | 7 2 30 3 141
Critical 44 49.45 2491 17 29.75 47 57.25 140
Mild 39 18.33 8.41 7 11 17 26 37
Moderate 265 29.09 14.30 5 19 26 36 86
PreMN_TBLMH - —Coc 155 | 3447 | 1496 | 6 | 2250 | 31 15 79
Critical 44 45.07 24.18 13 29.75 40.50 53.25 121
Mild 39 34.92 16.86 12 22 32 46 75
Moderate 265 57.26 28.30 11 36 52 74 171
MN_TBLMH Severe 155 | 69.85 | 3229 | 22 | 4450 | 61 | 9450 | 220
Critical 44 94.52 47.45 35 62.75 82.50 111.50 261
Table VII
HYPERPARAMETERS SETTING IN THE EXPERIMENTS.
Hyperparameter Value
Batch Size 16
Dropout Rate 0.2
Learning Rate 0.00005
Epoch 40
Number layers 1
Pretrained Model | word-level

Figure 5. Distribution of original and augmented training dataset

In this experiment, we used the number of augmentations
equal to 2 for each sentence. The augmentation techniques
applied include synonym replacement, random insertion,
random swap, and random deletion, with the following
parameters: ag = 0.1, ayj = 0.1, ayg = 0.1, and ;g = 0.1.
Additionally, back-translation is applied using intermediate
languages from a set of {English, French, Russian}. Figure
5 illustrates the distribution of a training fold before and
after applying the aforementioned augmentation methods.
It is noted that the original data across classes is quite
imbalanced, with the first and fourth classes having fewer
samples. After applying data augmentation, the number of
samples in each class becomes more balanced.

b) Classifier Training

viTBI-BERT is implemented in Python. To track and
fine-tune the model for optimal hyperparameters. After all,
we use the hyperparameters set as described in Table VII
below. The optimizer is AdamW, and the method to find
hyperparameters is Bayesian. The model training process
spans 40 epochs.

62

c) Inference

We applied the Integrated Gradients (IG) method to
evaluate the contribution of individual features to the
model’s predictions. As the baseline input, we used a zero
embedding vector, consistent with the approach described
in [24], which is widely adopted in text classification tasks.
For calculating and visualizing the results, we leveraged the
Captum library [27].

3. Evaluation Metrics

To evaluate the performance of the viTBI-BERT, we
use various metrics derived from the confusion matrix.
This matrix is essential for assessing the performance of
classifiers by including counts of True Positives (TP), True
Negatives (TN), False Positives (FP), and False Negatives
(FN). The following formulas define the evaluation metrics,
which help in determining the most suitable classification
method.

a) Accuracy

Accuracy measures the proportion of correct predictions
among the total number of cases examined. It is given by

5):
©) TP+ TN

A =
WY = TP Y TN+ FP+ FN

&)

b) F} score

The F} score is a harmonic mean of precision and recall,
providing a single metric for a model’s performance. It is
defined as (6):



B 2x TP
- 2xTP+FP+FN

Fy (6)
c) Precision

Precision measures the proportion of true positive pre-
dictions among all positive predictions made by the model.
It is calculated using (7):

TP

P .. -t
TeC1S10n TP+ FP

N

d) Recall

Recall, also known as sensitivity or the true positive
rate, measures the model’s ability to correctly identify true
positives. It is given by (8):

TP

Recall = —
= TPYFN

®)

4. Experimental results

a) Results on three datasets

Table VIII illustrates the average performance of
our proposed method on three sets: PreMN_TBI_MH,
PostMN_TBI_MH, and MN_TBI_MH. In terms of Sen-
sitivity (or Recall), viTBI-BERT achieved scores of 0.67,
0.68, and 0.71 on the three sets on average, respectively. It
is reasonable that the sensitivity on the PostMN_TBI_MH
set is higher than on the PreMN_TBI_MH set because the
information about the disease is more detailed and precise
when recorded after discharge, especially in cases involving
severe and critical patients. When combining both pre-
discharge and post-discharge medical notes, the sensitivity
increases to 0.71, which is 4% higher than using only
pre-discharge notes and 3% higher than using only post-
discharge notes.

Table VIII
COMPARISON OF PERFORMANCE METRICS ACROSS THREE DATASETS.
Set of data Precision | Recall | F7 score | Accuracy
PreMN_TBI_MH 0.72 0.67 0.67 0.68
PostMN_TBI_MH 0.71 0.68 0.67 0.68
MN_TBI_MH 0.71 0.71 0.74 0.71

To delve deeper, we extracted the model with the
highest accuracy, trained on the third fold using the
PostMN_TBI_MH dataset, as shown in Table IX. Figure
6 displays the confusion matrix, offering a comprehensive
view of the model’s classification performance. Figure 7
illustrates the training and testing accuracy over epochs,
clearly demonstrating the model’s learning progression.
Lastly, we utilized the model to create visualizations using
the Integrated Gradients method, emphasizing its inter-
pretability in practical applications.
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Table IX
PERFORMANCE METRICS FOR THE THIRD FOLD OF THE
PostMN_TBI_MH DATASET

Metric Value
Precision | 0.7861
Recall 0.8007
F1 0.7861
Accuracy | 0.7736

Figure 6. Confusion matrix for third fold of the applied method on
PostMN_TBI_MH.

Figure 8 illustrates the application of the Integrated
Gradients (IG) method to the medical note "chén_dc}ng nao
vét_thuong phin_mém dinh trdi do nga" (concussion soft
tissue injury, left parietal, due to fall). In this case, the true
label is 1 (moderate), and the model correctly predicted
the outcome. The words contributing most significantly
to the model’s decision are "chdn_dong" (concussion),
"vét_thuong" (injury), and "do_ngad" (due to fall). These
insights can potentially aid doctors in identifying critical
terms relevant to patient diagnosis.

Comparision with conventional machine learning meth-
ods We applied several traditional machine learning meth-
ods as described in [28], along with additional machine
learning models:

« Multinomial Naive Bayes: A probabilistic classifier
based on Bayes’ theorem, commonly used for text
classification tasks.

o Decision Tree Classifier: A simple, interpretable
model that splits data into branches based on feature

Figure 7. Training and testing progress of Fold 3
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Figure 8. Intepreation of the result using IG method.

values to make predictions.

« Logistic Regression: A linear model for binary or
multi-class classification that predicts probabilities us-
ing the logistic function.

o Stochastic Gradient Descent Classifier: A linear
classifier optimized using stochastic gradient descent,
suitable for large-scale and sparse data.

o Linear Support Vector Classifier: A linear SVM
implementation configured with Cramer-Singer multi-
class support (C' = 1) to handle multi-class classifica-
tion tasks.

¢ XGBoost Classifier: A high-performance gradient
boosting method.

These traditional models provide a baseline for compar-
ison with our proposed approach, with the results summa-
rized in Table X. The results demonstrate that our method
outperformed the others, while the Stochastic Gradient De-
scent Classifier also achieved relatively high performance.

5. Ablation study

a) Impact of pre-trained models

We compared the performance of viTBI-BERT using
three baseline pretrained BERT models: PhoBERTbase
[29], trained on general Vietnamese text, to evaluate the
impact of general linguistic knowledge, ViPubmedDeBER-
Taxsmall [30] and ViHealthBERT [3], a domain-specific
biomedical model to assess the benefits of specialized
pretraining. Using the same hyperparameters in Table VII,
we found that ViHealthBERT achieved the highest accu-
racy. The results are presented in Figure 9. Across all
experimented datasets, ViHealthBERT consistently enabled
viTBI-BERT to achieve higher accuracy.

b) Impact of pre-processing steps

We have conducted additional experiments along with
four different strategies to assess the impact of various
pre-processing techniques on model performance. These
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Figure 9. Performance comparison of various pre-trained on our three
datasets.

strategies are outlined below and their responding results
are indicated by Figures 10, 11, and 12.

o Strategy 1: Raw data without augmentation: In this
strategy, we use the original, unprocessed text data
without applying any additional preprocessing or data
augmentation. This serves as a baseline to assess the
effectiveness of subsequent preprocessing techniques.

o Strategy 2: Punctuation removal without augmen-
tation: In this strategy, we remove punctuation marks
from the text, keeping the data otherwise unchanged, to
assess how simplifying the text in this way impacts the
model’s performance. No data augmentation is applied
at this stage.

o Strategy 3: Acronym normalization without aug-
mentation: In this strategy, we replace acronyms in
the text with their full forms to enhance the model’s
ability to understand medical terminology in its com-
plete form. Again, no data augmentation is introduced
at this stage.

o Strategy 4: Full pre-processing without data
augmentation: This approach includes the com-
plete set of preprocessing techniques—punctuation
removal, acronym normalization, and other necessary
steps—without applying any data augmentation. This
allows us to evaluate the effects of the entire prepro-
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Table X
COMPARISION WITH CONVENTIONAL MACHINE LEARNING METHODS
Classifier PostMN_TBI_MH ] PreMN_TBI_MH MN_TBI_MH
Precision Recall F1 Score Accuracy Precision Recall F1 Score Accuracy Precision Recall F1 Score Accuracy

MultinomialNB 0.46 0.34 0.34 0.56 0.46 0.34 0.34 0.56 0.46 0.34 0.34 0.56
DecisionTreeClassifier 0.44 0.47 0.42 0.51 0.40 043 0.41 0.46 0.36 0.41 0.36 0.46
LogisticRegression 0.31 0.34 0.32 0.52 0.31 0.35 0.33 0.52 0.31 0.35 0.33 0.51
SGDClassifier 0.61 0.59 0.56 0.57 0.62 0.48 0.51 0.56 0.58 0.45 0.41 0.50
LinearSVC 0.64 0.56 0.52 0.57 0.35 0.42 0.38 0.51 0.46 0.50 0.51 0.56
XGBClassifier 0.33 0.32 0.31 0.47 0.44 0.44 0.42 0.50 0.38 0.36 0.33 0.40
viTBI-BERT (our) 0.71 0.68 0.67 0.68 0.72 0.67 0.67 0.68 0.71 0.71 0.74 0.71

cessing pipeline in isolation.

Figure 10. Results of applying several strategies on PreMN_TBI_MH
dataset.

Figure 11.
dataset.

Results of applying several strategies on PostMN_TBI_MH

We observed an improvement across four evaluation
metrics on all three datasets after applying each strategy.
This demonstrates the positive impact of the updated pre-
processing steps on the model’s performance. Compared to
the our final framework, the four strategies achieved lower
performance.

V. CONCLUSIONS

In this paper, we presented a new framework, viTBI-
BERT, for outcome prediction after traumatic brain injury
from medical notes of CT scan using a large language
model. Our framework consists of two main stages. The pre-
processing stage involves expanding all acronyms, removing
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Figure 12. Results of applying several strategies on MN_TBI_MH dataset.

special characters, augmenting data, and performing word
segmentation. This stage was executed using dictionary
mapping, EDA, back-translation, and RDRSegmenter tech-
niques. The processed data is then fed into the pre-trained
ViHealthBERT model, enhanced with an additional fully
connected layer and a softmax layer for classification. Our
framework was validated on three self-collected medical
note sets, comprising 503 patients across four severity
levels. Experimental results showed that the sensitivity
ranged from 0.67 to 0.68 and 0.71 on medical notes
collected before admission, after discharge, and from both
periods, respectively. Despite the limited amount of medical
notes, the framework was able to effectively distinguish the
severity of TBI. In the future, we plan to combine these
results with clinical tests and CT scan data for further
improvement of the framework.
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