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Abstract

Head injuries are a leading global cause of mortality and disability, highlighting the critical

need for advanced prognostic tools to inform clinical decision-making and optimize healthcare

resource utilization. For the first time, this study introduces a cutting-edge artificial intelligence

(AI) framework designed to predict mortality outcomes from head injury narratives. Leveraging

deep learning-based natural language processing techniques, the framework identifies and ex-

tracts key features from unstructured text describing injury mechanisms and patient conditions

to train predictive models. Validation was conducted on a diverse dataset of 1,500 head injury

cases using a stratified holdout approach, with 90% allocated for training and 10% for testing.

The one-dimensional convolutional neural network model demonstrated strong performance,

achieving averagely 85% accuracy, 74% correct mortality prediction, 88% correct survival pre-

diction, and an impressive area under the receiver operating characteristic curve of 0.91. This

work highlights the transformative potential of AI in harnessing narrative clinical data to en-

hance prognostic accuracy, paving the way for more effective, evidence-based management of

head injury patients.
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1 Introduction

Head injuries are a significant public health concern, contributing substantially to global mortal-

ity and long-term disability [1, 2]. According to the World Health Organization [3], neurological

conditions, including traumatic brain injuries, are the leading cause of disability-adjusted life

years and account for approximately 9 million deaths annually.

The complexity of head injuries, encompassing a wide spectrum of mechanisms, severities,

and clinical presentations, poses significant challenges for timely and accurate prognostication

[4, 5, 6, 7]. Effective prediction of outcomes, particularly mortality and neurological deteriora-

tion, is crucial for guiding clinical decisions, prioritizing interventions, and optimizing resource

allocation in often resource-constrained healthcare environments.

In the emergency setting, rapid and precise prognostication of head injuries is critical for

determining the urgency of surgical intervention, selecting appropriate neurocritical care strate-

gies, and counseling patients if possible and their families regarding expected outcomes. Given

the time-sensitive nature of emergency medicine, where every minute can influence survival

and neurological recovery, accurate risk stratification is essential for prioritizing neurosurgi-

cal consultations and initiating timely interventions. Early identification of patients at high

risk for deterioration enables clinicians to implement targeted management strategies, such as

intracranial pressure monitoring [8], hyperosmolar therapy [9], or decompressive craniectomy

[10], thereby improving overall patient outcomes.

Ultimately, improving prognostication in emergency medicine before surgery has profound

implications for both individual patient outcomes and broader healthcare efficiency. By refining

the ability to predict deterioration and surgical necessity, hospitals can allocate critical resources
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more effectively, reducing unnecessary interventions while ensuring that high-risk patients re-

ceive the urgent care they require. In an era of increasing healthcare demands, strengthening

prognostic strategies is essential to advancing trauma care and improving survival rates for

patients with severe head injuries.

The prognostication of head injuries in emergency medicine has garnered significant at-

tention in recent years, particularly with the development of clinical decision rules and the

evaluation of various risk factors that influence patient outcomes. One of the critical areas of

focus has been the impact of anticoagulation therapy on head injury outcomes. Grewal et al.

[11] conducted a population-based cohort study that highlighted the increased risk of intracra-

nial hemorrhage among older patients on anticoagulants, particularly warfarin, following head

injuries. Their findings suggested that these patients may experience worse outcomes compared

to those not on anticoagulants, emphasizing the need for careful monitoring and management

in emergency departments. Similarly, a systematic review by Minhas et al. [12] supported

the recommendation for CT scanning in all anticoagulated patients with minor head injuries,

regardless of symptoms, to mitigate the risk of missed intracranial injuries.

The evaluation of syncope as a precipitating factor for head injuries has also been explored.

Furtan et al.[13] found that while syncope did not significantly increase short-term mortality, it

was associated with higher long-term mortality rates. Their study corroborated the notion that

older age, intracranial bleeding, and lower Glasgow Coma Scale (GCS) scores at admission are

critical predictors of 30-day mortality in patients with head injuries. This aligned with findings

from other studies that emphasized the importance of these factors in prognostication [14].

In pediatric populations, the use of clinical decision rules to guide imaging and man-

agement has been a focal point. The Pediatric Emergency Care Applied Research Network

(PECARN) criteria, along with the Canadian Assessment of Tomography for Childhood Head

Injury (CATCH) and the Children’s Head Injury Algorithm for the Prediction of Important
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Clinical Events (CHALICE), have been validated for their effectiveness in identifying children

at risk for clinically significant traumatic brain injuries [15, 16, 17]. Bressan et al. [14] demon-

strated that the PECARN criteria had the highest sensitivity in identifying significant head

injuries, thus reducing unnecessary CT scans and associated radiation exposure. Furthermore,

the study by Gizli et al. [15] compared these criteria and reinforced their utility in emergency

settings, highlighting the need for selective imaging based on clinical presentation. The out-

comes associated with different types of skull fractures in pediatric patients have also been

investigated. Bressan et al. [18] found that isolated scalp hematomas in young children could

be indicative of significant intracranial injuries, necessitating careful evaluation.

Emerging research has also focused on the prognostic value of physiological parameters

in trauma patients. The reverse shock index multiplied by the GCS has been proposed as

a potential predictor of mortality in severe trauma patients with head injuries, suggesting

that integrating physiological metrics could enhance prognostic accuracy [19]. Furthermore,

Ramdheen and Naicker [20] highlighted the Revised Trauma Score as a more accurate predictor

of outcomes in patients with serious head injuries compared to traditional scoring systems.

Recent advances in artificial intelligence (AI) and natural language processing (NLP) have

unlocked new possibilities for extracting and analyzing information from unstructured text

[21, 22]. Deep learning-based NLP techniques, in particular, have demonstrated remarkable

success in diverse healthcare applications, from automated diagnostics to predictive modeling

[23, 24, 25, 26].

Traditional prognostic models for head injuries typically rely on structured data such

as age, GCS scores, imaging findings, and other physiological parameters [27, 28, 29, 30, 31,

32]. While these approaches provide valuable insights, they often fail to capture the nuanced

contextual information embedded in unstructured clinical narratives, such as the description of

injury mechanisms, circumstances of the incident, and the initial presentation of the patient.
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These narrative data, routinely documented in medical records, hold untapped potential for

improving prognostic accuracy.

This study represents a novel contribution as the first to develop an AI-powered framework

specifically designed to analyze narrative descriptions of head injury cases for mortality predic-

tion. Unlike previous approaches that primarily focus on structured datasets, our methodology

integrates free-text clinical narratives, capturing subtleties that may not be fully reflected in

numerical scoring systems. By incorporating real-world descriptions of injury mechanisms and

initial clinical impressions, our framework expands the predictive capacity of AI models, making

them more aligned with the complexities of head trauma management.

In this paper, we present the design, implementation, and evaluation of our AI framework,

marking the first application of NLP-driven deep learning models for prognosticating head

injury outcomes from unstructured clinical narratives. By leveraging the richness of narrative

data, we demonstrate how this innovative approach can complement and enhance traditional

prognostic models, offering a more holistic and accurate tool for head injury management. The

findings of this study not only highlight the untapped potential of narrative-based AI models but

also establish a new paradigm for integrating AI technologies into emergency and neurosurgical

workflows. Our work pioneers an approach that could transform risk stratification, inform

clinical decision-making, and ultimately improve patient outcomes in head trauma care.

2 Methods

2.1 Text data

A comprehensive dataset comprising narrative descriptions of head injuries from a cohort of

1,500 patients was obtained from London’s Air Ambulance Charity and utilized in this study.

These narratives, recorded by pre-hospital emergency teams, provide detailed contextual in-
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formation about injury mechanisms, initial clinical assessments, and early interventions. The

dataset serves as a rich source of unstructured clinical text, offering insights beyond traditional

structured data points.

Table 1 presents the demographic characteristics of the patient cohort along with the

mechanisms of injury, illustrating the diverse causes and population distribution. Table 2 details

the injury distribution and severity, highlighting the prevalence of various anatomical injuries

and their clinical impact. These descriptive statistics provide a foundation for understanding

the dataset composition, informing subsequent AI-driven prognostication efforts.

Table 3 presents a selection of representative injury narratives, illustrating the detailed

clinical descriptions recorded at the time of emergency care. Each example is accompanied

by the corresponding patient outcome, categorized as either survival or mortality following

surgical intervention. These narratives highlight the variability in injury mechanisms, severity,

and initial clinical assessments, providing valuable context for understanding how unstructured

text data can contribute to prognostic modeling.

This study was approved by the Research Ethics Committee of Queen Mary University

of London (QME25.0913).

2.2 Deep learning of textual information

Building on a prior study on text-based classification of pediatric dental diseases from panoramic

radiographs [26], this study explores three deep learning models for processing narratives of head

injuries. These are long short-term memory (LSTM) network [33], bidirectional encoder repre-

sentations from transformers (BERT) [34], and one-dimensional convolutional neural network

(1-D CNN) [35].

LSTM networks are a specialized type of recurrent neural network (RNN) designed to han-

dle sequential data more effectively by addressing the vanishing gradient problem, a common
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limitation in traditional RNNs. LSTMs excel at learning long-range dependencies, making

them particularly well-suited for tasks involving physiological signal analysis [36, 37], NLP

[38, 39], and speech recognition [40, 41]. Their ability to retain relevant information over ex-

tended sequences has made them a widely used architecture in applications requiring contextual

understanding over time.

Unlike standard RNNs, which struggle to preserve information over long sequences, LSTMs

incorporate a gating mechanism that regulates the flow of information through the network.

The model consists of three key gates: the forget gate, which determines which past informa-

tion should be discarded; the input gate, which decides what new information to store in the

cell state; and the output gate, which selects the information to pass to the next time step.

These gates work collectively to enable the network to selectively remember or forget informa-

tion, effectively capturing long-term dependencies while mitigating gradient decay issues. This

structure makes LSTMs particularly advantageous for modeling complex sequential patterns,

such as clinical narratives in medical datasets.

BERT is a deep learning model designed to process and understand natural language

with high contextual awareness. This model represent words independently of their context, and

captures deep bidirectional contextual relationships by considering both preceding and following

words in a sentence. This bidirectionality allows BERT to generate context-sensitive word

representations, making it particularly effective for complex NLP tasks such as text classification

[42], named entity recognition [43], question answering [44], and natural language inference

[45, 46].

At its core, BERT is built on the transformer architecture, which utilizes self-attention

mechanisms to process entire sequences in parallel rather than sequentially, as seen in RNNs

and LSTM networks. This design enables BERT to capture long-range dependencies between

words more efficiently, leading to superior performance in language understanding tasks. Unlike
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traditional sequence-based models, which process text in a left-to-right or right-to-left manner,

BERT applies bidirectional encoding, ensuring a more comprehensive understanding of sentence

structure and meaning.

BERT was pretrained on large-scale text corpora using two key self-supervised learning

objectives: masked language modeling (MLM) and next sentence prediction (NSP). In MLM,

a percentage of words within an input sentence are randomly masked, and the model learns

to predict these missing words based on the surrounding context. This forces BERT to de-

velop a deep contextual understanding of word relationships. In NSP, the model was trained

to determine whether a given sentence logically follows another, helping it grasp discourse-level

relationships between sentences. These pretraining strategies enable BERT to generalize effec-

tively across diverse NLP tasks, requiring only minimal fine-tuning on domain-specific datasets

to achieve state-of-the-art performance.

By leveraging its rich contextual representations and scalable transformer-based architec-

ture, BERT has significantly advanced NLP research and applications, outperforming previous

models in various benchmark evaluations. Its adaptability to domain-specific fine-tuning makes

it a powerful tool for specialized text analysis, including clinical and biomedical applications

where nuanced language understanding is critical.

For text classification using a 1D-CNN in this study, the network architecture is specifi-

cally designed to handle textual input and capture local dependencies within sequences. The

model begins with an input layer, corresponding to the channel dimension of the input integer

sequence. This ensures compatibility with the convolutional layers, which operate over sequen-

tial data. The input data are then embedded using a word embedding layer with a dimension

of 50, mapping discrete tokens into continuous vector representations that preserve semantic

relationships between words.

To extract contextual patterns from the text, multiple convolutional blocks are con-
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structed, each designed to capture different n-gram features representing varying contextual

dependencies in the data. Specifically, four convolutional blocks are created, corresponding to

n-gram lengths of 2, 3, 4, and 5. Each block follows a standardized structure, consisting of the

following components.

(a) A 1D convolutional layer, which applies 100 filters of size corresponding to the n-gram

length, enabling the network to detect key local features from the input text.

(b) Batch normalization, which stabilizes the learning process by normalizing activations,

improving convergence speed, and reducing internal covariate shift.

(c) A ReLU activation layer, which introduces non-linearity, allowing the model to learn

complex patterns in textual data.

(d) A dropout layer with a rate of 0.2, serving as a regularization technique to prevent

overfitting by randomly deactivating a fraction of neurons during training.

(e) A global max pooling layer, which reduces dimensionality by extracting the most salient

feature from each filter, ensuring that the most informative patterns are retained.

Each of these convolutional blocks operates independently on the word embedding layer,

extracting hierarchical representations of the input text. The outputs from all blocks are then

concatenated using a concatenation layer, combining the learned features from different n-

gram contexts into a unified representation. This architecture allows the model to capture

both short-range and long-range dependencies within the input sequences, enhancing its ability

to differentiate between textual patterns relevant to classification.

In the final stage, the concatenated feature representation is passed through a fully con-

nected layer, which maps the extracted features to class predictions. A softmax layer is then

applied to produce probability distributions over the target classes, enabling the network to

9

 . CC-BY 4.0 International licenseIt is made available under a 
perpetuity. 

 is the author/funder, who has granted medRxiv a license to display the preprint in(which was not certified by peer review)preprint 
The copyright holder for thisthis version posted February 21, 2025. ; https://doi.org/10.1101/2025.02.20.25322619doi: medRxiv preprint 

https://doi.org/10.1101/2025.02.20.25322619
http://creativecommons.org/licenses/by/4.0/


make categorical predictions. The overall architecture is structured to efficiently handle varying

n-gram lengths, ensuring that the network remains robust to different textual structures.

3 Results

The LSTM model architecture used in this study had a sequence input layer configured with an

input size of 1, followed by a word embedding layer with an embedding dimension of 50, which

transformed input tokens into dense vector representations. The LSTM layer with 100 hidden

units was included, set to output only the final hidden state (last mode) to process the entire

sequence. To facilitate classification, a fully connected layer was added, where the number of

units corresponded to the number of classes in the dataset. To enhance generalization and

prevent overfitting, a dropout layer with a rate of 0.2 was applied. Finally, a softmax layer was

used to classify the input into one of the two target classes (survival or mortality).

For training, the Adam optimizer was selected due to its computational efficiency and

adaptive learning rate properties, which helped accelerate convergence while maintaining sta-

bility. The cross-entropy loss function was used as the objective function, as it was well-suited

for classification tasks by measuring the difference between predicted and actual probability

distributions. The training process was conducted over a maximum of 600 epochs, allowing the

model sufficient time to learn complex patterns in the data.

A batch size of 128 was specified to balance computational efficiency and generalization,

ensuring stable gradient updates while maintaining a reasonable memory. To assess model

performance, accuracy was chosen as the primary evaluation metric, providing a straightforward

measure of classification correctness. Additionally, validation data was incorporated into the

training pipeline, enabling real-time monitoring of generalization performance. The model’s

weights were saved at the epoch yielding the best validation performance, preventing overfitting

and ensuring that the final model retained optimal predictive capability.
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The BERT-Base mode, comprising 108.8 million trainable parameters, was utilized for

the prediction task in this study. To process the textual data, a tokenizer was employed to

convert the raw text into sequences of integers, allowing the model to interpret and encode the

input. The tokenization process ensured that the text was formatted in a manner compatible

with BERT’s architecture, including padding shorter sequences and truncating longer ones to

maintain consistency across input samples.

After tokenization, the dataset was partitioned into training and validation sets. To

optimize training efficiency, the tokenized sequences were organized into mini-batches, which

facilitated parallel computation and efficient gradient updates. Mini-batching is a crucial step

in training large-scale models like BERT, as it balances computational efficiency with memory

constraints. Once the text data was prepared, the BERT model transformed the tokenized input

into feature vectors, extracting rich contextual embeddings that encapsulated the semantic

meaning of the text. These embeddings served as input features for both the training and

validation datasets, forming the foundation for the downstream prediction task.

To classify the BERT-derived feature vectors, a deep learning classification network was

constructed. The architecture included a feature input layer, followed by a fully connected

layer responsible for mapping the extracted feature vectors to class labels. A dropout layer was

incorporated to reduce overfitting by randomly deactivating a fraction of the neurons during

training, ensuring better generalization to unseen data. Finally, a softmax layer was used

to generate probability distributions over the target classes, enabling the model to produce

interpretable classification outputs. This classification network was specifically designed to

leverage the deep contextual representations learned by BERT, enhancing the model’s ability

to distinguish between outcome classes.

BERT’s training process was configured to ensure optimal model performance and stabil-

ity. A mini-batch size of 128 was chosen to balance computational efficiency with convergence
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speed. The Adam optimizer was employed to adjust model parameters dynamically, leveraging

adaptive learning rates for faster and more stable optimization. Training was conducted over

a maximum of 600 epochs, allowing the model sufficient time to learn from the data while

avoiding premature convergence. An initial learning rate of 0.0001 was selected to enable grad-

ual weight updates, reducing the risk of overshooting local minima. To maintain a consistent

data order and avoid introducing variability due to random permutations, data shuffling was

disabled during training. This configuration ensured that the model was exposed to data in a

controlled manner, facilitating stable convergence and reproducible results.

For the 1D-CNN model, training was conducted using the Adam optimizer, which was

chosen for its adaptive learning rate properties and efficient gradient-based optimization, en-

suring fast and stable convergence. A mini-batch size of 128 was used to balance computational

efficiency and training stability, allowing for smoother gradient updates while maintaining a

manageable memory footprint.

To optimize the model’s predictive performance, cross-entropy loss was employed as the

objective function, as it is well-suited for classification tasks and provides a measure of how well

the predicted probability distribution aligns with the actual class labels. The training process

included a validation phase, where a separate validation dataset was used to monitor the model’s

generalization ability and detect potential overfitting. After each training epoch, the model’s

performance on the validation set was assessed, and the network with the lowest validation loss

was saved to ensure that the final model retained optimal generalization capability rather than

overfitting to the training data.

The dataset contains 17 instances with missing class labels, which were treated as “NaN”

(not a number) to indicate the absence of a valid classification. To ensure the integrity of

model training and evaluation, these missing data points were excluded from the analysis.

Discarding incomplete records prevents potential biases or inaccuracies that could arise from
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imputed values, particularly in a high-stakes domain like mortality prediction. Additionally,

preprocessing steps ensured that only complete and reliable data were used, optimizing the AI

models’ ability to learn meaningful patterns from the available information.

Figure 1 presents histograms illustrating the class and word length distributions within the

training dataset, providing insights into data imbalance and text complexity. Similarly, Figure

2 visualizes the most frequently occurring words in the training and test datasets through word

clouds, highlighting key patterns and linguistic features within the text. Figure 3 shows the

training and validation/testing processes of the three AI models.

Table 4 shows the performance of the three AI models (LSTM, BERT, and 1D-CNN),

which was evaluated using key classification metrics, including accuracy (ACC), sensitivity

(SEN), specificity (SPE), precision (PRE), F1-score (F1), and area under the curve (AUC).

These metrics provide a comprehensive assessment of each model’s ability to predict mortality

(SEN) and survival (SPE) while also measuring their overall discriminative power. These

metrics, with the exception of AUC, are defined in Table 5 for reference. AUC is a measure of

the model’s overall discriminative ability.

4 Discussions

In terms of sensitivity, which reflects the model’s ability to correctly identify mortality cases,

the 1D-CNN model achieved the highest score at 73.91%, indicating that it was the most

effective at detecting mortality. In contrast, BERT exhibited the lowest sensitivity at 17.30%,

suggesting that it struggled to capture mortality-related patterns despite its strong performance

in other areas. The LSTM model had a moderate sensitivity of 60.87% but was outperformed

by 1D-CNN. Specificity, which is crucial for accurately predicting survival cases, showed a

different trend. BERT demonstrated exceptional specificity at 98.80%, making it highly reliable

in identifying patients who survived. Both LSTM and 1D-CNN also performed well in this
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regard, with specificity scores of 84.80% and 87.60%, respectively. However, the stark contrast

between BERT’s high specificity and low sensitivity highlights a major limitation, while it is

highly confident in predicting survival, it fails to identify a significant portion of mortality cases.

In contrast, 1D-CNN achieved a better balance between sensitivity and specificity, making it a

more reliable choice for real-world applications where both types of predictions are critical.

Precision, which measures how many of the predicted mortality cases were actually cor-

rect, further underscores the differences between the models. BERT recorded the highest pre-

cision at 85.00%, indicating that when it did predict mortality, it was highly confident in its

predictions. However, this high precision came at the cost of extremely low sensitivity, meaning

that it missed many true mortality cases. The LSTM model had the lowest precision at 42.42%,

while 1D-CNN demonstrated a better balance with a precision of 52.32%. Similarly, the F1-

score, which represents the harmonic mean of precision and sensitivity, was highest for 1D-CNN

at 0.61, followed by LSTM at 0.50. BERT had the lowest F1-score at 0.25, confirming that

its high precision was offset by poor recall of mortality cases. From a clinical perspective, the

1D-CNN model is the most suitable for real-world application, as it provides the best balance

between mortality detection and survival classification.

The first application of AI for mortality and survival prediction using narrative descrip-

tions of head injury cases addressed in this study represents a groundbreaking advancement

in trauma care and emergency medicine. this AI-driven approach leverages unstructured text

data from pre-hospital and emergency department records. These free-text narratives, often

recorded by paramedics and trauma teams, contain rich contextual information about injury

mechanisms, initial assessments, and clinical impressions that structured data alone may fail

to capture. Key innovations and practical benefits include the following.

(a) Enhanced early prognostication: AI-driven NLP models can extract critical details from

narrative descriptions that may indicate the severity of injury or likelihood of deteri-
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oration. By recognizing subtle linguistic patterns, such as descriptions of altered con-

sciousness, hypotension, or the mechanism of injury, AI models can provide real-time risk

stratification, helping clinicians anticipate high-risk cases before imaging or laboratory

results become available.

(b) Improved triage and resource allocation: In emergency and pre-hospital settings, accurate

risk assessment is crucial for prioritizing interventions and optimizing resource utiliza-

tion. AI-driven mortality prediction from text can assist in identifying critically injured

patients who require immediate neurosurgical evaluation, ICU admission, or transfer to

a specialized trauma center. Conversely, it may help avoid unnecessary escalations of

care for lower-risk patients, thus reducing overcrowding in emergency departments and

ensuring efficient use of hospital resources.

(c) Reducing subjectivity in clinical decision-making: Trauma assessment often involves clinician-

dependent judgments, which may vary based on experience, cognitive biases, or incom-

plete information at the time of evaluation. AI models trained on large datasets can

provide objective, data-driven insights to support clinical decision-making, reducing vari-

ability and improving consistency in mortality and survival predictions.

(d) Potential for integration with electronic health records: As hospitals and trauma centers

increasingly adopt electronic health record systems, AI-powered NLP models can be in-

tegrated to automatically analyze and summarize narrative reports, flagging high-risk

cases in real time. This integration can improve clinical workflow efficiency, ensuring that

critical cases receive prompt attention from trauma teams.

(e) Facilitating retrospective analysis and quality improvement: AI-driven analysis of histor-

ical trauma narratives enables researchers and healthcare administrators to identify pat-

terns in head injury outcomes, assess variations in clinical practice, and develop evidence-
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based guidelines for head trauma management. By continuously refining AI models with

new data, predictive accuracy and reliability can improve over time, leading to better

patient outcomes.

Despite its potential, the AI-driven approach to predicting mortality and survival based

on head injury narratives has several limitations, outlined below.

(a) Data quality and variability: Clinical narratives are often inconsistent, subjective, and

influenced by differences in documentation styles among healthcare providers, which may

affect model reliability. In emergency situations, the data entry clerk quickly reviews

patient records and identifies important keywords in the transcribed notes. By recognizing

key terms related to medical conditions or treatments, they help the system organize

critical patient information. When the data are further refined by including details on

severity, a deeper level of analysis becomes possible. This added detail would enhance

the accuracy of AI models, allowing them to make more precise predictions and support

better clinical decision-making in urgent care scenarios.

(b) Limited generalizability: The model was trained on data from a specific trauma system

(London’s Air Ambulance), and its performance may vary across different regions, hospi-

tals, or emergency settings with different documentation practices.

(c) Imbalance in mortality cases: Mortality cases are typically less frequent than survival

cases, potentially leading to biased predictions that favor the majority class.

(d) Lack of multimodal integration: Current models rely solely on text data, missing out

on complementary information from imaging, physiological parameters, and laboratory

results that could enhance predictive accuracy.

(e) Explainability and interpretability: AI models, especially deep learning-based approaches,
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often function as “black boxes”, making it difficult to interpret their reasoning, which

may limit clinical trust and adoption.

Given the limitations mentioned above, future research may focus on the following areas.

(a) Improving data standardization: Developing NLP techniques to handle inconsistencies in

clinical narratives can enhance robustness.

(b) Cross-center validation: Testing the model across multiple trauma centers and healthcare

systems can improve generalizability.

(c) Multimodal AI models: Combining textual data with imaging and physiological parame-

ters can lead to more comprehensive and accurate prognostication.

(d) Bias mitigation strategies: Implementing techniques such as data augmentation and cost-

sensitive learning can address class imbalance issues.

(e) Enhancing model interpretability: Using explainable AI approaches can make predictions

more transparent and clinically interpretable, facilitating adoption in real-world settings.

5 Conclusion

This study represents a pioneering application of AI in mortality and survival prediction using

narrative descriptions of head injury cases. By leveraging unstructured clinical text, the model

captures nuanced details often overlooked in structured data, enhancing early prognostication

and decision-making in emergency settings. The results demonstrate that deep learning-based

NLP models, particularly 1D-CNN, can achieve a strong balance between sensitivity and speci-

ficity, making them suitable for real-world deployment in trauma care. The findings highlight

the potential of text-based AI systems to support clinicians by providing objective risk assess-

ments that can improve triage efficiency and optimize resource allocation.
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Despite its promise, challenges such as variability in clinical documentation, data imbal-

ance, and the need for broader validation remain. Future research should focus on integrating

multimodal data sources, improving model interpretability, and ensuring adaptability across

different healthcare settings. By addressing these challenges, AI-driven prognostic models can

become valuable tools in trauma care, contributing to more timely interventions and better

patient outcomes.
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Table 1: Demographics and injury mechanisms. (SD = standard deviation, IQR = interquartile
range, RTA = road traffic accident.)

Age
Mean (SD) 41.8 (19.9)
Median (IQR) 38 (27, 56)

Sex, n (%)
Female 308 (20.5)
Male 1192 (79.5)

Mechanism, n (%)
Fall from ground level 170 (11.3)
Fall down stairs 186 (12.4)
Fall from height 254 (16.9)
Assault with punches/kicks 99 (6.6)
Assault with blunt weapon 45 (3.0)
Chop injury 3 (0.2)
Stab injury 13 (0.9)
Gunshot wound 6 (0.4)
RTA, car occupant 90 (6.0)
RTA, motorcyclist 84 (5.6)
RTA, cyclist or e-bike 119 (7.9)
RTA, scooter or e-scooter 7 (0.5)
RTA, pedestrian 318 (21.2)
Fall from moving vehicle 8 (0.5)
Hit by train 29 (1.9)
Struck by falling or moving object 21 (1.4)
Sporting injury 2 (0.1)
Other 3 (0.2)
Unknown 43 (2.9)

Penetrating injury, n (%)
No 1473 (98.2)
Yes 27 (1.8)
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Table 2: Injury distribution and severity.

Facial injury, n (%)
Orbit 360 (24.0)
Zygoma 289 (19.2)
Nose 196 (13.1)
Maxilla 312 (20.8)
Mandible 65 (4.3)

Head injury, n (%)
Basilar skull fracture 1274 (84.9)
Vault skull fracture 782 (52.1)
Extradural haematoma 246 (16.4)
Subdural haematoma 615 (41.0)
Subarachnoid haemorrhage 716 (47.7)
Intracerebral haemorrhage 105 (7.0)
Intraventricular haemorrhage 93 (6.2)
Brainstem injury 56 (3.7)
Cerebellar injury 40 (2.7)
Diffuse axonal injury 132 (8.8)

Injury Severity Score
Mean (SD) 24.4 (12.4)
Median (IQR) 22 (16, 30)
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Table 3: Narratives and outcome of head injuries.

Patient # Descriptions Outcome

1 base skull fx - complex; comminuted; ring; hinge;
open w/ tissue lossface skin/subcutaneous/muscle abra-
sioncerebrum hematoma epidural/extradural - tinycere-
brum pneumocephaluscerebrum hematoma intracere-
bral NFSvault skull fx - comminuted; compound w/
dura

alive

2 pneumothorax NFSlung contusion - bilateral NFSa-
drenal gland inj NFSliver inj NFSscalp lac; minor; su-
perficialdiffuse axonal injury w/ LOC >24hrs NFScere-
brum subarachnoid hemorrhage w/ coma ¿6hrscerebrum
intraventricular hemorrhagecerebrum single contusion

dead

3 vault skulll fx - closed; simple; undisplaced; diastatic;
linearorbit fx - inferior orbital rim - closed or NFSbase
skull fx w/o CSF leaknose fx - closed or NFSmaxilla fx

alive

4 cerebrum hematoma - subdural - large; massive; ex-
tensivecerebrum hematoma - intracerebral - largecere-
bellum subarachnoid hemorrhagebase skull fx w/o CSF
leakvault skulll fx - closed; simple; undisplaced; di-
astatic; linear

dead

5 base skull fx NFScerebrum subarachnoid hemorrhage
NFScerebrum hematoma epidural/extradural NFScere-
brum multiple contusion bilateral NFSvault skull fx NFS

alive

6 cerebrum mutliple contusion bilateral - extensive; mas-
sivebase skull fx NFScerebrum subarachnoid hemor-
rhage w/ coma >6hrscerebrum hematoma - subdural
- large; massive; extensive

dead

7 base skull fx w/ CSF leakvault skull fx NFSpneumoth-
orax NFSscapula fx - bodycerebrum multiple contusion
unilateral NFScerebrum hematoma - subdural - small;
moderate - bilateralmetacarpus fx - lateral fingerdistal
ulna fx - extra-articularradius shaft fx

alive
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Table 4: Performance metrics of AI models.

Model ACC (%) SEN (%) SPE (%) PRE (%) F1 AUC

LSTM 81.08 ± 0.00 60.87 ± 0.00 84.80 ± 0.00 42.42 ± 0.00 0.50 ± 0.00 0.81 ± 0.00
BERT 85.82 ± 1.91 17.30 ± 18.57 98.80 ± 1.70 85.00 ± 21.21 0.25 ± 0.24 0.79 ± 0.03
1D-CNN 85.47 ± 0.48 73.91 ± 0.00 87.60 ± 0.57 52.32 ± 1.14 0.61 ± 0.01 0.91 ± 0.00

Table 5: Performance measures used for evaluating the binary classification AI models. (TP
= true positive, mortality cases correctly identified as mortality; FP = false positive, survival
cases incorrectly classified as mortality; TN = true negative, survival cases correctly identified
as survival; FN = false negative, mortality cases incorrectly classified as survival.)

Measure Equation

Accuracy (ACC) TP+TN
TP+TN+FP+FN

Sensitivity (SEN) TP
TP+FN

Specificity (SPE) TN
TN+FP

Precision (PRE) TP
TP+FP

F1 score 2 × PRE×SEN
PRE+SEN

(a) (b)

Figure 1: Histograms of class distribution (a), where classes 1 and 2 denote survival and
mortality, respectively; and word lengths of training data (b).
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(a)

(b)

Figure 2: Word clouds of training (a) and test (b) data.
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(a) (b)

(c) (d)

(e) (f)

Figure 3: Training and validation processes and AUCs: 1D-CNN (a) and (b), LSTM (c) and
(d), and BERT feature based net (e) and (f), where solid and dotted lines indicate training and
validation, respectively.
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