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Hydrogen is emerging as a critical alternative in the global transition to sustainable energy. However, its
characteristics - such as high flammability, rapid diffusion, and low ignition energy - pose significant safety
challenges in the operation of hydrogen systems. To prevent future accidents, a thorough understanding of
hydrogen-related incidents is crucial. This work proposes a novel approach utilizing transformer-based multi-task
learning to simultaneously predict accident causes and consequences from unstructured accident narratives within
the Hydrogen Incident and Accident Database (HIAD 2.1). By fine-tuning a pre-trained BERT model, the accident
narratives are processed to identify root causes while estimating the potential consequences. The proposed multi-
task model uses shared representations, enabling efficient learning of both causal and consequence patterns from
historical hydrogen accidents. Our results show that multi-task learning enhances the model’s ability to generalize
across multiple prediction tasks, outperforming single-task models. By suggesting likely causes and consequences,
this methodology supports risk identification and assessment, contributing to the safer adoption of hydrogen
technologies.
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1. Introduction infeasible for large datasets (P. M. Ramos et al.
2022; Macédo, Moura, et al. 2022; Macédo,
Ramos, et al. 2022). Using state-of-the-art
transformer-based models like Bidirectional
Encoder Representations from Transformers
(BERT) (Devlin et al. 2018) allows for the
analysis of textual data while preserving
contextual relationships between words. With its

capability to model complex sentence structures

Fossil fuels remain the main source of energy,
contributing to global warming. Hydrogen
energy is an important solution to addressing
global warming challenges and supporting a new
energy model. With its versatility and zero-
carbon emissions, hydrogen stands out as a key
element in the transition to sustainable energy
systems (Yang et al. 2024). However, the unique

properties of hydrogen, such as low density, high
flammability, and explosive characteristics,
introduce significant safety risks throughout its
production,  storage,  transportation, and
utilization stages (Lu et al. 2024a). These risks
necessitate robust strategies for risk management
and accident prevention.

Accident narratives, often stored in
large industrial databases, are rich with
unstructured  textual information detailing
incidents, causes, and consequences. While these
narratives hold wvaluable insights, manual
analysis is time-consuming, error-prone, and

and capture subtle contextual nuances, BERT
enables the identification of patterns and
interdependencies such as in accident causes and
consequences (C. Liu and Yang 2023; Q. Liu,
Kusner, and Blunsom 2020).

This paper proposes a novel approach

using transformer-based multi-task learning
(MTL) to analyze unstructured accident
narratives from the Hydrogen Incident and
Accident Database (HIAD 2.1). Unlike
traditional methods that focus on single aspects
of  accident  analysis, our  approach
simultaneously predicts causes and
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consequences, using shared representations to
uncover patterns and interdependencies in
hydrogen-related incidents. By automating the
extraction and interpretation of textual data, this
methodology  offers  insights  for  risk
identification and contributes to the safer
adoption of hydrogen technologies.

2. Theoretical Background

The growing adoption of hydrogen technologies
has spurred research into improving safety and
mitigating risks. Lu et al. (2024) combined
Management Oversight and Risk Tree (MORT)
analysis with machine learning to identify
causative factors and predict risks of hydrogen
leakage. Their approach structured data from 23
real-world cases into a dataset of 30 predefined
factors, reducing subjectivity and enabling
effective risk modeling. Similarly, Luan et al.
(2024) employed a knowledge graph and
Bayesian network to structure accident data,
improving the accuracy of hydrogen risk
assessments by integrating historical information
with experts’ opinions.

While these studies rely on structured
datasets (e.g., created through systematic
methodologies like MORT or knowledge graphs)
to predict and analyze risks, a significant gap
remains in utilizing unstructured accident
narratives. Accident narratives, such as those
found in HIAD 2.1, often contain valuable
contextual information about causes and
consequences,  which  are  critical  for
understanding and preventing future incidents.
However, their variability in language and
format poses challenges for traditional analysis
methods.

Recent studies have explored multi-task
learning (MTL) techniques to enhance risk
analysis. Zhao et al. (2025) proposed a leakage
detection method for hydrogen-blended natural
gas pipelines, integrating Computational Fluid
Dynamics simulations with an MTL-LSTM
model. This approach simultaneously predicted
leak location and rate, improving detection
accuracy over traditional models. Similarly,
Desterro et al. (2023) developed an MTL-based
framework for nuclear power plant safety, using
a Multi-Task Deep Neural Network combined
with a Random Forest to predict the size and
location of Loss-of-Coolant Accidents with high
precision.

In the chemical industry, Guo, Ai, and
Luo (2024) introduced an MTL-based risk
assessment method, using the RoPLE model to
simultaneously predict risk category, probability,
and severity, enhancing dynamic risk evaluation.
Another relevant study, by Kim et al. (2023),
focused on rail safety, proposing a deep anomaly
detection system for rail fasteners using MTL.
Their model integrated segmentation and
denoising with a deep learning classifier,
achieving a 97.57% accuracy in detecting

anomalies, demonstrating the potential of
automated defect detection in industrial
applications.

Furthermore, Jia et al. (2022) applied
MTL to bearing fault diagnostics, developing a
one-dimensional convolutional neural network
(MAM-1DCNN) with an attention-guidance
mechanism and multi-scale feature extraction.
Their model effectively identified fault types and
working conditions, addressing the challenge of
reduced network performance when multiple
tasks are integrated.

These studies highlight the potential of
MTL techniques in accident analysis and risk
assessment, demonstrating improved predictive
accuracy and adaptability. Integrating such
methodologies into hydrogen safety analysis
could provide more comprehensive insights into
accident causation and prevention strategies.

3. Methodology

The proposed approach employs a fine-tuned
BERT model optimized for MTL to predict
causes and consequences from incident
narratives.

3.1. Dataset

HIAD 2.1 is a web-based platform designed to
provide accurate information about accidents and
incidents involving hydrogen. Its primary goal is
to assist stakeholders in understanding these
events, identifying preventive measures, and
facilitating the safe adoption of hydrogen
technology (Daniele, Jennifer Xiaoling, and
Moretto 2019). This provides a repository of
historical accident narratives that are used to
train and evaluate the proposed multi-task
learning model (Campari et al. 2023).

The dataset contains detailed narratives
of various hydrogen-related accidents. These
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narratives are organized and categorized using
unique identifiers and include information such
as text descriptions of the accidents, the presence
of injuries or fatalities, the cause of accidents,
and other critical attributes. The consequences of
each accident are categorized in this paper, based
on the information extracted from database, into
two types: minor damage and severe damage.
Incidents classified as having minor damage
involve injured individuals but no fatalities,
whereas those with fatalities are categorized as
severe damage. These categories are represented
as a two-dimensional binary vector, where the
first digit indicates the presence of severe
damage and the second indicates minor damage.
This encoding allows for incidents to exhibit
both minor and severe damage simultaneously,
for example, an accident that led only to injuries
is labeled as [1,0], while an accident that led to
injuries and fatalities is labeled as [1,1]-.

Initially, the events were classified into
eight categories based on their causes: Unknown,
System design error, Material/manufacturing
error, Installation error, Job factors, Human
factors, Management factors, and Environmental
factors. In this paper, events labeled as
“Unknown” or solely attributed  to
“Environmental factors” were excluded from the
analysis. The remaining categories were
regrouped into “Human factors” and “Non-
human factors.” Specifically, events marked with
“Job  factors,” ‘“Human  factors,” and
“Management factors” were classified under
“Human factors,” while “System design error,”
“Material/manufacturing error,” “Installation
error,” and “Environmental factors” were
categorized as “Non-human factors”.

3.2 Multi-Task Learning Framework

Our model is based on an MTL framework
utilizing BERT as the shared feature extractor.
BERT is a transformer-based deep learning
model  that  processes  textual  input
bidirectionally, capturing both left and right
contextual dependencies. The architecture
consists of multiple self-attention layers that
enable efficient representation learning from
unstructured text. Specifically, our
implementation employs BERT-base, which
consists of:

e 12 transformer layers (encoders)

e 768 hidden units per layer
e 12 self-attention heads
e 110 million parameters.

The training process was designed to
optimize the multi-task BERT model for
accident narrative analysis. A custom dataset
class was implemented to preprocess the textual
data, ensuring proper tokenization and structured
labeling. Specifically, BERT tokenizer was
applied to convert raw text into tokenized
sequences, including special tokens (such as
[CLS] and [SEP]) and attention masks and
binary labels were assigned separately for cause
and consequence classification tasks.

The model architecture consists of
shared BERT encoder that transforms input
sequences into dense vector representations, and
two task-specific classification heads, each
composed of a fully connected layer (768 x 1),
responsible  for  predicting causes and
consequences, respectively. In addition, dropout
layers were added to mitigate overfitting.

To train the model, the dataset was
divided into training (80%) and test (20%)
subsets. Training was conducted over multiple
epochs, using the AdamW optimizer and a
binary cross-entropy loss function. During each
training step, the following procedure was
followed:

e Tokenized input sequences, along with
corresponding attention masks, were
fed into the shared BERT encoder.

e The encoder output was passed through

the cause and consequence
classification layers.

e Separate loss values were computed for
each task and subsequently aggregated
to update model

backpropagation.

weights  via

After each epoch, predictions were
generated for the test dataset, and the model’s
performance was assessed using accuracy and
Fl-score for both classification tasks. Accuracy
offers a general measure of correctness,
reflecting the proportion of correctly classified
samples across all categories. However, it can be
misleading in imbalanced datasets, where the
model may perform well overall while failing on
minority classes. Thus, Fl-score is particularly
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useful in cases with class imbalance, as it
balances precision and recall, ensuring that both
false positives and false negatives are
considered. A high Fl-score indicates that the
model is making correct predictions across
different classes.

Moreover, to assess the effectiveness of
the MTL approach, we will compare its
performance with a single-task learning (STL)
model. The STL model consists of separate
BERT-based classifiers trained independently
for cause and consequence prediction, without
shared representations. By evaluating both
models using the same dataset and performance
metrics, we aim to analyze the benefits of
parameter sharing in MTL and its impact on
predictive accuracy. This comparison will
provide insights into whether MTL enhances
generalization and improves performance in
extracting causal relationships from accident
narratives.

4. Results and Discussion

The dataset comprised 221 samples for training
and 56 for testing. We conducted experiments
with different training durations (3, 5, 6, 10, and
15 epochs) to evaluate the impact of training
length on model performance. The best results
for cause (task a) and consequence (task b)
prediction using MTL and STL are summarized
in Table 1.

Table 1. Performance of multi-task model on test
data.

Model Task Accuracy Fl-score

a 93.67 95.02
MTL b 87.56 76.19
st @ 58.93 67.00
b 66.00 54.25

There was a significant performance in
the MTL experiment improvement for cause
prediction. The initial accuracy of approximately
54% with 3 epochs increased to over 93% after
10 epochs, with an Fl-score reaching 0.95. For
consequence prediction, the results exhibited
greater variability, with accuracy fluctuating
between 56% and 66% in the early epochs and
ultimately reaching 87% by the 10th epoch.
Precision and recall for consequences also
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showed higher instability, particularly in the
initial training cycles.

With  the STL, improvements
throughout training were more limited,
especially for consequence prediction. The initial
accuracy for causes was around 25% in the 3-
epoch test, remaining relatively constant. With 5
and 10 epochs, there was slight variation, but the
results did not reach the levels achieved by the
multi-task model. In terms of accuracy and F1-
score, the multi-task model consistently
outperformed  the  single-task  approach,
suggesting that the multitask learning strategy
facilitated more efficient knowledge transfer,
particularly in cause prediction.

The superior performance of the multi-
task model can be attributed to its ability to
leverage shared representations across tasks,
leading to improved generalization. The strong
improvement in cause prediction suggests that
shared learning benefits this task more
significantly, potentially due to the availability
of more consistent patterns in the data. However,
the greater variability in consequence prediction
indicates that this task might require additional
refinements, such as tailored loss weighting, data
augmentation, or architectural modifications to
enhance stability. These findings highlight the
advantages of multi-task learning in complex
predictive modeling and suggest directions for
further  optimization to  ensure  robust
performance across all prediction targets.

4. Conclusion

This study demonstrates how unstructured data
from HIAD 2.1 can be transformed into valuable
insights, highlighting its potential as a valuable
resource  for advancing hydrogen  risk
management and safety research.

The multi-task BERT model provides a
robust framework for analyzing hydrogen-
related accidents by simultaneously predicting
causes and consequences. The encoding of
binary consequence categories and the
regrouping of causal factors into human and non-
human categories enhance the interpretability of
the model.

The model’s ability to predict causes
accurately suggests that the shared encoder
effectively learns patterns relevant to causal
relationships. The difficulty in predicting
consequences aligns with previous findings in
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the literature, such as P. Ramos et al. (2024) and
P. M. Ramos et al. (2022) which underscores the
challenges in capturing complex causal
relationships and their downstream effects. The
variability observed in consequence prediction
suggests that additional contextual information
or external constraints might be necessary to
improve model robustness. Future research could
explore integrating domain-specific knowledge
or hybrid modeling approaches to address these
persistent challenges
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