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Abstract—The automatic classification of occupational accident
reports is pivotal for workplace safety analysis but is persis-
tently hindered by severe class imbalance and data scarcity. In
this paper, we propose ABEX-RAT, a resource-efficient frame-
work that synergizes generative data augmentation with robust
adversarial learning. Unlike computationally expensive large
language models (LLMs) fine-tuning, our approach employs a
two-stage abstractive-expansive (ABEX) pipeline: it first utilizes
a prompt-guided LLM to distill label-critical semantics into
concise abstracts, which are then expanded into diverse synthetic
samples to balance the data distribution. Subsequently, we train a
lightweight classifier using a random adversarial training (RAT)
protocol, which stochastically injects perturbations to enhance
generalization without significant computational overhead. Ex-
perimental results on the OSHA dataset demonstrate that ABEX-
RAT establishes a new state-of-the-art, achieving a Macro-F1
score of 90.32% and significantly outperforming both traditional
baselines and fine-tuned large models. This confirms that targeted
augmentation combined with robust training offers a superior,
data-efficient alternative for specialized domain classification.

Index Terms—Occupational Safety, Text Classification, Data
Augmentation, Large Language Models, Adversarial Training.

Fig. 1. The problem of category imbalance in occupational accident reports:
a case study of OSHA dataset.
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I. INTRODUCTION

The analysis of occupational accident reports is a cor-
nerstone of workplace safety management, providing critical
insights that help prevent future incidents [1]–[3]. Automatic
classification of these free-text narratives into predefined cat-
egories is a crucial task, as it enables large-scale statistical
analysis and the identification of risk patterns. However, this
task is fraught with challenges, chief among them being the
severe class imbalance inherent in real-world data [4], as
illustrated in Figure 1. Catastrophic but rare events (e.g., Fires
and Explosions) are vastly outnumbered by more common
accident types, leading to models that are biased towards the
majority classes and exhibit poor predictive performance on
the very incidents that may require the most urgent attention
[5]. While recent works have explored LLM-based agents for
safety monitoring [6], stable classification of rare accident
types remains an open challenge due to the lack of specialized
training data.

Prior research has predominantly focused on two paradigms
to address this challenge: model-centric adaptation and data-
centric augmentation. In the model-centric domain, researchers
have attempted to fine-tune pre-trained language models
(PLMs) such as BERT and RoBERTa [7], [8]. While these
models capture rich semantic features, they often struggle to
generalize when faced with extreme data scarcity for minority
classes [9]. To mitigate this, cost-sensitive learning strategies,
such as the focal loss [10] or re-sampling techniques like
SMOTE [11], have been employed to assign higher weights
to hard-to-classify examples. However, re-weighting schemes
alone cannot compensate for the fundamental lack of feature
diversity in underrepresented classes [12].

On the data-centric front, traditional data augmentation
techniques have been widely used [13], [14]. Yet, these
methods often produce low-quality samples that lack semantic
coherence. More recently, the advent of large language models
(LLMs) [15], [16] has opened new avenues for generative
data augmentation. LLMs demonstrate remarkable capability
in generating fluent and diverse text. However, our empirical
findings indicate that zero-shot performance of LLMs is often
suboptimal for specialized domains like occupational safety
due to the lack of domain-specific knowledge [17]. Further-



Fig. 2. The overall architecture of our proposed ABEX-RAT framework. The framework consists of three stages. Stage 1 (ABEX Data Augmentation): A
large language model (e.g., Qwen3) generates a concise abstract from each raw text, which is then expanded into multiple augmented samples by a BART-based
model. Stage 2 (Feature Extraction): A pre-trained embedding model converts all texts into dense semantic vectors. Stage 3 (RAT & Classification): A
lightweight MLP classifier is trained on these vectors using a total loss that stochastically combines a standard loss with an adversarial loss to improve model
robustness.

more, brute-force fine-tuning of these massive models for data
generation is computationally prohibitive for many industrial
applications [18].

Parallel to data augmentation, adversarial training (AT) has
emerged as a powerful regularization technique to enhance
model robustness and generalization [19]. Methods like the
fast gradient method (FGM) [20] and projected gradient de-
scent (PGD) [21] operate by introducing small perturbations
to the input embeddings, forcing the model to learn smoother
decision boundaries. While effective, standard AT methods
typically require multiple backward passes to generate per-
turbations, significantly increasing the training time cost [22].
Consequently, integrating AT into large-scale text classification
tasks remains a challenge, particularly when efficiency is a
priority.

To address these interconnected limitations—data scarcity,
semantic diversity, and training efficiency—we propose
ABEX-RAT, a novel framework that synergizes a sophisticated
data augmentation pipeline with a robust training strategy. In-
stead of relying on costly full-parameter fine-tuning of LLMs,
our approach first enriches the dataset using an abstractive-
expansive (ABEX) data augmentation process, inspired by
recent advances in generative models [23]. By leveraging a
prompt-guided LLM to distill core semantics and a generative
model to expand them [24], ABEX generates diverse, high-
quality synthetic samples specifically for minority classes.

Subsequently, to handle the augmented feature space ro-
bustly, we train a lightweight classifier using a computa-
tionally efficient random adversarial training (RAT) protocol

[22]. Unlike standard AT, RAT applies perturbations stochasti-
cally, thereby enhancing model robustness and generalization
without imposing significant computational overhead. This
synergistic approach effectively bridges the gap between the
need for diverse training data and efficient, robust model
optimization.

The main contributions of this work are summarized as
follows:

• We propose ABEX-RAT, a novel framework that syner-
gizes two components: the ABEX pipeline for generative
data augmentation to mitigate class imbalance, and the
RAT protocol for computationally efficient adversarial
training to enhance model robustness.

• We introduce a specialized prompt-based abstraction and
expansion mechanism that ensures the semantic con-
sistency of synthetic accident reports, addressing the
hallucinations common in direct LLM generation.

• We demonstrate that on the public OSHA dataset, our
method establishes a new state-of-the-art (SOTA), reach-
ing a Macro-F1 score of 90.32% and significantly outper-
forming traditional fine-tuned models, zero-shot LLMs,
and previous SOTA approaches.

II. METHODOLOGY

To address the challenges of classifying occupational acci-
dent reports—specifically the dual issues of data scarcity in
critical categories and severe class imbalance—we propose
the ABEX-RAT framework. This framework synergizes a
generative data augmentation pipeline with a computation-



Prompt Template for Abstraction Stage

# Instruction:
You are an expert in data augmentation. Convert the
provided ”Original Incident Report” into a short ”Abstract
Description” that must: (1) Retain the core event and intent;
(2) Remove non-essential details (names, dates, locations)
unless critical; (3) Crucially preserve the core meaning of
the ”Key Concepts” vital for category classification.
# Constraints:
Category: {category} | Key Concepts: {keywords} |
Style: Concise, factual summary.
# Task Execution:
Input: """ {full_text} """ → Output: [Abstract De-
scription]

Fig. 3. The specific prompt design used in the ABEX abstraction phase.
Placeholders are dynamically filled.

efficient robust training strategy. The overall architecture,
illustrated in Figure 2, operates as a three-stage pipeline: (1)
abstractive-expansive data augmentation to balance the dataset;
(2) embedding-based feature extraction; and (3) random adver-
sarial training for robust classification.

A. Stage 1: ABEX Data Augmentation

The core hypothesis of ABEX is that direct augmentation
of raw text often introduces noise or fails to capture the causal
logic of accidents. Therefore, we decompose the augmentation
process into two sequential steps: abstraction and expansion.

1) Prompt-Guided Abstraction: First, each raw accident
report, Traw, is distilled into a concise abstract, Tabs, using
a LLM. We utilize Qwen3-Instruct1 as the backbone. Unlike
generic summarization, our abstraction function A is guided
by a domain-specific prompt P designed to retain only the
label-defining semantics (e.g., hazard source, incident mech-
anism, and injury type) while discarding irrelevant stylistic
variations and potential personally identifiable information.

Tabs = ALLM,P(Traw) (1)

To ensure high-quality abstraction, we design a structured
prompt P that acts as a strict instruction set for the LLM.
As visualized in Figure 3, the prompt enforces constraints
on the output style and explicitly requires the preservation of
key concepts specific to the accident category. By constraining
the LLM to output a structured summary, we standardize the
semantic representation across heterogeneous report styles.

2) Diversity-Driven Expansion: Next, to generate synthetic
samples, we employ a pre-trained generative model2 [23] as
the expansion function E . This model takes the concise abstract
Tabs and hallucinates plausible, grammatically diverse full-text
variations, effectively reversing the abstraction process.

To explicitly address class imbalance, the number of gener-
ated samples is dynamically calculated. Let Nc be the number
of original samples in class c, and Nmax be the count of the

1https://www.modelscope.cn/models/Qwen/
Qwen3-235B-A22B-Instruct-2507

2https://huggingface.co/utkarsh4430/ABEX-abstract-expand

majority class. The expansion factor Rc for class c is defined
as:

Rc =

⌈
λ · Nmax

Nc

⌉
(2)

where λ ∈ (0, 1] is a hyperparameter controlling the degree of
balancing. This ensures that minority classes receive signifi-
cantly more synthetic samples:

{T (1)
aug , . . . , T

(Rc)
aug } = EBART(Tabs) (3)

B. Stage 2: Feature Extraction

Following augmentation, we adopt an efficient embedding-
based paradigm rather than fine-tuning the entire LLM [25].
We utilize Qwen3-Embedding model [26] as a fixed feature
extractor Φ. This model is optimized for semantic retrieval and
clustering, making it ideal for separating confusing accident
categories. Each text sample Ti is mapped to a dense vector
xi:

xi = Φ(Ti) ∈ Rd (4)

where d = 4096. This process yields a dataset of embedding-
label pairs, Demb = {(xi, yi)}, which serves as the static input
for the classifier. This design freezes the massive parameters of
the LLM, significantly reducing the memory footprint during
the training of the downstream classifier.

C. Stage 3: RAT Classification

The final stage trains a lightweight multi-layer perceptron
(MLP) classifier, f(x; θ), using the Random Adversarial Train-
ing (RAT) mechanism.

To improve robustness against minor lexical shifts in safety
reports without the heavy computational overhead of standard
adversarial training, RAT applies perturbations stochastically.
Following the fast gradient method (FGM) [20], we approx-
imate worst-case perturbations radv bounded by magnitude
ϵ. However, rather than computing gradients at every step,
a Bernoulli trial k ∼ Bernoulli(prat) determines whether the
adversarial loss is added for each batch:

Ltotal = Lstd + k · Ladv (5)

where Lstd and Ladv are the losses on clean and perturbed
embeddings, respectively. This stochasticity acts as a robust
regularizer, preventing the model from overfitting to the ad-
versarial examples themselves.

Furthermore, to directly combat the severe long-tail distri-
bution, we instantiate the base loss function L with the well-
established focal loss [10] rather than standard Cross-Entropy.
By utilizing a modulating factor γ to down-weight well-
classified easy examples, the focal-enhanced RAT objective
seamlessly handles both input-level perturbations and dataset-
level imbalance.



TABLE I
RESULTS COMPARISON WITH DIFFERENT METHODS. BOLDED VALUES INDICATE THE BEST PERFORMANCE.

Models Weighted-F1 (%) Macro-F1 (%)
Precision Recall Weighted-F1 Precision Recall Macro-F1

Traditional Methods
FastText [27] 88.62 88.59 88.59 68.29 68.52 68.39
BERT-base-uncased [7] 91.48 91.50 91.47 88.97 87.93 88.43
RoBERTa-base [8] 90.90 90.83 90.82 91.92 88.11 89.74
Llama3.1-8B-Instruct [28] 72.67 68.90 68.93 49.83 49.63 46.58
Ministral-8B-Instruct [29] 70.30 67.11 64.71 60.02 38.91 42.49
Qwen3-8B [30] 78.87 76.51 75.75 56.91 49.05 50.88

Large Language Models for Reasoning
DeepSeek-R1-Distill-Llama-8B [31] 77.03 50.56 47.17 69.41 40.81 40.22
Qwen3-8B-think [30] 82.73 77.40 74.13 72.91 60.52 61.65
DeepSeek-R1-0528-Qwen3-8B [31] 83.00 77.40 77.07 64.03 66.90 58.50

SOTA Models
Qwen3− 8BSFT 81.04 76.06 74.59 68.76 54.99 58.67
Qwen3-Embedding-8B [26] 91.85 91.95 91.76 73.86 69.96 71.64
INSTRUCTOR-CIT [4] 88.83 88.81 88.77 84.24 82.52 83.14
ABEX-RAT (Ours) 93.07 92.84 92.82 89.99 91.88 90.32

III. EXPERIMENTS

A. Experimental Setup

Dataset and Metrics: We evaluate our framework on the
OSHA dataset3 [3], containing 4,770 construction accident
reports across seven categories. Data is partitioned into a
stratified 8:1:1 split for training, validation, and testing to
preserve the real-world class imbalance. We report Weighted-
F1 for overall accuracy and Macro-F1 to rigorously evaluate
performance on the critical, long-tail incident types.
Implementation Details: Models are implemented in Py-
Torch and trained on a single NVIDIA RTX 4090 GPU.
The downstream classifier is a 2-layer MLP with ReLU.
Hyperparameters are set as follows: learning rate η = 10−4,
batch size B = 16, and epochs E = 100. For the RAT module,
we set prat = 0.5 and ϵ = 0.1. The focal loss uses γ = 3.0.
Baselines: We benchmark ABEX-RAT against three method
categories: (1) Traditional Fine-tuning: FastText, BERT,
and RoBERTa trained on raw data; (2) Zero-shot LLMs:
Llama3.1-8B-Instruct and Qwen3-8B to evaluate in-
trinsic domain knowledge without parameter updates; and (3)
Domain-Specific SOTA: INSTRUCTOR-CIT and a LoRA-
fine-tuned Qwen3-8BSFT [32], representing brute-force LLM
adaptation.

B. Main Results and Analysis

The quantitative comparison results are summarized in
Table I. Our proposed ABEX-RAT framework achieves a new
state-of-the-art performance on the OSHA dataset, recording
a Weighted-F1 of 92.82% and a Macro-F1 of 90.32%. These
metrics confirm that our synergistic approach robustly handles
the dichotomy between frequent and rare accident categories.

3https://github.com/qiao77/Injury-Narratives

ABEX-RAT outperforms the strongest traditional baseline,
RoBERTa-base, by 2.0% in Weighted-F1 and 0.58% in
Macro-F1. While the numerical margin in Macro-F1 appears
modest, it is critical to note that our method achieves this using
a lightweight MLP on fixed embeddings, avoiding the heavy
computational inference cost associated with full Transformer
models. The zero-shot performance of general-purpose LLMs
(e.g., Qwen3-8B) is substantially lower, lagging behind su-
pervised methods by over 40% in Macro-F1. This underscores
that despite their linguistic capabilities, generalist LLMs lack
the specific taxonomic knowledge required for precise occupa-
tional safety classification, validating the need for task-specific
supervision.

A pivotal finding is that ABEX-RAT surpasses the fine-
tuned Qwen3-8BSFT by a remarkable margin. This result
suggests that on small, imbalanced datasets, brute-force fine-
tuning of billions of parameters leads to severe overfitting
on majority classes. In contrast, our strategy of freezing the
LLM backbone + augmenting the data space + smoothing
the decision boundary proves to be a far more effective and
data-efficient paradigm. Furthermore, the 18.68% jump in
Macro-F1 over the Qwen3-Embedding baseline explicitly
isolates the contribution of our contributions, proving that the
high performance stems from the proposed augmentation and
adversarial training rather than merely the quality of the base
embeddings.

IV. DISCUSSION

A. Ablation Study: Decoupling Synergy

To evaluate individual component contributions, we com-
pared ABEX-RAT against two variants: w/o RAT (augmented
data with standard cross-entropy) and w/o ABEX (RAT on
original imbalanced data). As shown in Figure 4, w/o RAT
achieves an 86.68% Macro-F1, proving ABEX effectively



Fig. 4. Results of the ablation experiment.

Fig. 5. Normalized confusion matrix.

injects semantic diversity into minority classes, though it risks
overfitting synthetic patterns. Conversely, w/o ABEX yields
only 74.08% Macro-F1, highlighting that adversarial train-
ing cannot invent missing knowledge on sparsely populated
data manifolds. ABEX-RAT outperforms both with a 90.32%
Macro-F1. This synergy is particularly evident in Recall
(jumping from 84.70% to 91.88%), suggesting RAT effec-
tively smooths decision boundaries around ABEX’s synthetic
samples, significantly improving generalization on challenging
minority classes.

B. Fine-grained Performance Analysis

To further dissect classification performance, we analyze
the normalized confusion matrix (Figure 5). The diagonal el-
ements demonstrate robust recall across all categories, specif-
ically distinguishing the framework’s efficacy on the rarest
class, FIRES AND EXPLOSIONS (91.30%). This is a critical
improvement over baseline methods which often ignore this
category entirely due to sample scarcity. The analysis also
reveals semantically plausible misclassifications. For instance,
25% of TRANSPORTATION INCIDENTS are predicted as

Case 1: ABEX Generative Process

[Original] On August 12, Employee #1 was cutting a pipe...
sparks from the torch ignited residual gas...
[Abstraction] An employee was using a torch to cut

piping. Sparks ignited flammable residue, causing a flash
fire.
[Augmented] While performing hot work on a pipeline, a

worker triggered a flash fire when torch sparks contacted
combustible fumes.

Case 2: Error Correction

[Input] Employee #1 was standing on the tines of a forklift
to reach a shelf. He lost balance and fell approx 7 feet to
the concrete.

× RoBERTa: Transporta-
tion
(Bias: Over-reliance on ”forklift”)

✓ ABEX-RAT: Falls, Slips
(Correct: Captures ”fell 7 feet”)

Fig. 6. Case Study of the proposed framework. Top: Semantic consistency
of ABEX generation. Bottom: Robustness in correcting hard samples where
baselines fail due to keyword bias.

CONTACT WITH OBJECTS. A manual inspection reveals
these often involve vehicles striking pedestrians, which sits
at the semantic intersection of both categories. This suggests
that future work could benefit from multi-label modeling or
hierarchical classification to resolve such ambiguities.

C. Case Study

To intuitively understand the improvements, we visualize
real-world examples in Figure 6.

Case 1: The upper panel demonstrates the ABEX pipeline.
The abstractive step successfully strips dates, names while
retaining the causal chain. The expansion step then generates a
grammatically distinct variation that preserves these semantics,
effectively enriching the feature space for the Fire category.

Case 2: The lower panel illustrates a hard sample involv-
ing a forklift. The baseline RoBERTa model, likely biased
by the high-frequency keyword forklift, incorrectly predicts
TRANSPORTATION INCIDENT. However, ABEX-RAT cor-
rectly identifies the root cause as FALLS, SLIPS, TRIPS.
This indicates that our model has learned to attend to the
mechanism of injury rather than just surface-level nouns,
validating the robustness gain from adversarial training.

V. CONCLUSION

In this paper, we presented ABEX-RAT, a data-efficient
framework tailored for the high-stakes task of occupa-
tional accident report classification. By synergizing an LLM-
driven abstractive-expansive data augmentation pipeline with
a lightweight RAT protocol, we effectively mitigated the
dual challenges of extreme data scarcity and class imbal-
ance. Empirical evaluations on the OSHA dataset confirm
that ABEX-RAT establishes a new state-of-the-art, achieving
a Macro-F1 score of 90.32% and significantly outperform-
ing both traditional baselines and computationally expensive
large model fine-tuning. These findings validate that targeted



data enrichment combined with robust regularization offers
a superior, resource-efficient alternative to brute-force model
scaling for specialized domain applications. Future research
will extend this paradigm to multi-label scenarios and explore
hierarchical classification techniques to better resolve semantic
overlaps between closely related accident categories.
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