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Abstract: The problem of medical abbreviation disambiguation is one of the most complex tasks in the
domain of medical discrete text processing. The same abbreviation may be used to denote a number of
different medical terms (concepts) depending on the clinical note in which it appears. Although large
transformer models appear to have improved the understanding of the contextual meaning of an
abbreviation, they usually do not make use of any information available in structured relationships in
biomedical knowledge bases. Consequently, they can make errors in abbreviation disambiguation. In this
paper, we present an experimental assessment of an Explainable Knowledge-Augmented Graph Attention
Network (EKAGAT). The proposed framework is grounded on transformer-based contextual embeddings,
and ontology-guided graph attention, which together allows the model to reason jointly over the textual
context and a structured representation of biomedical knowledge. The proposed framework involves the
construction of a heterogeneous medical knowledge graph using readily available biomedical ontologies.
The model then uses attention-based message propagation to encode relationships among abbreviations,
clinical entities and their candidate concepts. In addition, the model incorporates a semantic consistency
regularizer to encourage the learned representations to align with the ontology and to enhance the
interpretability of the model predictions. The proposed framework is empirically evaluated on three of
the most common electronic health record (EHR) benchmark datasets for medical abbreviation
disambiguation, namely, CASI, i2b2 and MIMIC-IIl, and compared against a number of state-of-the-art
transformer-based and graph-based approaches. This will influence the design of future reliable and
trustworthy clinical NLP. We also provide insights into the practical aspects of designing and deploying
such models for real-world applications.
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Introduction

Electronic Health Records (EHRs) have become a core component of modern healthcare, by allowing the
digital documentation of patient’s information, such as clinical notes, diagnostic reports and treatment
history. EHRs are a source of useful medical information, but the majority of their data is represented by
free-text content, which makes automatic analysis very difficult. Hence, Natural Language Processing
(NLP) is a technology that has emerged as an important tool to automatically extract structured clinical
information from EHRs [1], [2].
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In clinical narratives, acronyms and abbreviations are widely employed to make the documentation
process more efficient. Many abbreviations are multi-meaning; i.e., the same abbreviation can refer to
multiple medical concepts. For instance, “MS” can stand for Multiple Sclerosis, Mitral Stenosis, and
Morphine Sulfate. Likewise, “PT” could mean Physical Therapy, Prothrombin Time, and Patient. Wrong
identification of these abbreviations could impact negatively on the performance of downstream clinical
NLP tasks, such as named entity recognition, concept normalization, and clinical decision support [3], [4].
Transformer-based models, such as BERT, BioBERT and ClinicalBERT, have been applied to address
biomedical NLP challenges, and have achieved remarkable performance. These models are mainly text-
based and do not benefit from the rich structured semantic knowledge expressed in biomedical
ontologies. When the contextual information in clinical notes is not rich enough or insufficient, they may
not choose the correct expansion of the abbreviation in clinical text [5], [6].

Knowledge graph can represent relationships of biomedical entities, and GNNs can facilitate in modeling
the structured knowledge. The knowledge-augmented transformer-based models demonstrate the
feasibility to integrate knowledge representation with language modeling. However, they have not been
systematically benchmarked on different datasets yet [7], [8].

This paper proposes an experimental validation for a Knowledge-Augmented Graph Network (KAGN)
framework that integrates transformer-based contextual embeddings with biomedical knowledge for
clinical acronym and abbreviation disambiguation in EHRs. Our experimental results on three benchmark
datasets (CASI, i2b2 and MIMIC-III) with different characteristics demonstrate the soundness of our
framework in improving the accuracy, robustness and generalization ability of abbreviation expansions in
different datasets when compared with several representative baseline models.

The primary contributions of this study are summarized as follows:

¢ Introduction of a Knowledge-Boosted Graph Network for clinical acronym and abbreviation
disambiguation.

¢ Demonstrate an experimental study on baseline benchmark EHR datasets and examine the performance
against representative baselines.

¢ Provide an extensive evaluation in demonstrating the benefit of knowledge-augmented semantic
reasoning for downstream clinical NLP applications.

Related work

Clinical acronym and abbreviation disambiguation has become a hot research topic in biomedical NLP. In
the beginning, the solution was almost exclusively dictionary-based or rule-based. These methods relied
on hand-built lexicons and hand-crafted linguistic rules to select the appropriate expansion for an
abbreviation [9], [10], with reasonable results in a certain clinical domain. Unfortunately, they did not
generalize well to new domains and could not handle new abbreviations or specialized cardiac terms.
Later, machine learning methods such as SVMs, CRFs, and Random Forests were introduced, and were
able to learn contextual features from annotated clinical corpora [11], [12]. These methods performed
better than rule-based approaches. However, they depend on manually engineered features. Thus, their
performance is heavily dependent on the process of feature engineering.

The advent of deep learning greatly improved abbreviation disambiguation. Convolutional Neural
Network (CNN)-, Long Short-Term Memory (LSTM)-, and transformer-based models such as BERT
(Bidirectional Encoder Representations from Transformers), BioBERT, and ClinicalBERT were trained to
extract semantic representations from large biomedical corpora [13]-[15], which considerably enhanced
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semantic understanding and prediction accuracy. However, transformer-based models primarily
reconstructed semantic modeling using text. They do not usually capture semantic knowledge in
biomedical ontologies.
To surmount this challenge, recent studies on biomedical NLP have adopted knowledge graphs and Graph
Neural Networks (GNNs). Knowledge graphs explicitly encode the semantic relations between clinical
entities. By exploiting message passing and representation learning, GNNs are able to facilitate efficient
reasoning over these structured relationships [16], [17]. Such approaches have shown promising
performance on the clinical concept normalization, entity linking and abbreviation disambiguation tasks.
However, most of these studies only emphasized the predictive performance, rather than the extensive
validation of knowledge guided reasoning across multiple benchmarks.
In this study, motivated by these observations, we propose a Knowledge-Augmented Graph Network
(KAGN) for clinical acronym and abbreviation disambiguation. The proposed framework incorporates
transformer-based contextual embeddings with structured biomedical knowledge to improve semantic
understanding and thus reduce ambiguity. We also report extensive experimentation on multiple
electronic health record (EHR) benchmark datasets to analyze the robustness and generalization
capability of the proposed framework.

Table 1. Comparison of Existing Clinical Acronym Disambiguation Approaches

Method Advantages Limitations

Rule-based Simple and interpretable Does not scale well to new
abbreviations

Machine Learning Learns contextual patterns Needs hand-crafted features

Deep Learning Automatic feature extraction Limited use of domain
knowledge

Transformer Models | Strong contextual Weak ontology-based reasoning

understanding

Knowledge Graph + | Rich semantic representation | Limited validation across diverse

GNN datasets
Proposed KAGN Combines contextual and Higher computational
semantic knowledge with complexity

comprehensive validation

Proposed Knowledge-Augmented Graph Network (KAGN)

We introduce the Knowledge-Augmented Graph Network (KAGN) based on transformer-derived
contextual embeddings and structured knowledge for the disambiguation of clinical acronym and
abbreviation. Figure 1 shows the overall framework of KAGN. The framework includes four steps. In the
first step, it learns contextual representations from clinical text. In the second step, it constructs a
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knowledge graph of biomedical science. In the third step, it combines contextual and structured
knowledge by graph-based semantic integration. In the last step, it predicts the correct expansion of the
clinical acronym and abbreviation.

Fig. 1. Proposed KAGN Framework

We propose a novel framework for the resolution of ambiguous abbreviations in clinical text. We start
with a sentence including the clinical abbreviation to be resolved. The sentence is tokenized and
normalized to obtain a processed version of the text. Pre-trained biomedical language models, namely
BioBERT or ClinicalBERT, process the text. The models yield contextual embeddings of the abbreviation in
the context of the processed text. In parallel, we use standard medical ontologies (including UMLS, MeSH
and SNOMED CT) to build a biomedical knowledge graph. The nodes of the graph represent the clinical
entities and all possible expansion of the abbreviation, while the edges stand for the semantic connections
(e.g. synonymy, hierarchical or associative relations) between the entities. The graph yields a graph
representation of the biomedical knowledge. This knowledge representation is combined with the
contextual embedding through a Graph Neural Network (GNN). The fusion is done using a message
passing algorithm in which the embedding of an entity is updated taking into account all the embeddings
of the entities connected to it in the graph. The fused embedding is used as the input for a Softmax
classification layer that predicts the best expansion of the abbreviation. The proposed framework is tested
on three benchmark datasets (i.e., CASI, i2b2 and MIMIC-IIl). A comprehensive evaluation of the proposed
approach is carried out by comparing it with the representative baselines of BERT, BioBERT, ClinicalBERT
and Graph Convolutional Network (GCN). Four performance metrics are used to assess the performance
of the proposed approach and the baselines. They are Accuracy, Precision, Recall and F1-score..
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Results and Discussion

Table 2 presents a direct comparison of the performance of the proposed Knowledge-Augmented Graph
Network (KAGN) versus a range of state-of-the-art transformer-based models, measured in terms of Micro
F1, Macro F1, Precision, Recall and inference time. This gives a clear and comprehensive as well as a fair
comparison both in terms of the predictive performance and the computational efficiency.

Among all the evaluated models, KAGN achieved the highest Micro F1-score (0.85) and Macro F1-score
(0.849). These outcomes indicate the superior ability of KAGN in disambiguating across multiple EHR
datasets, and the improvement in Macro Fl-score is especially significant as it indicates equal
performance on both frequent and infrequent abbreviation classes. KAGN also achieved the highest
Precision (0.86) and Recall (0.85). These outcomes indicate that the proposed framework correctly
identified accurate expansion of the abbreviation while limiting the number of both false positive and
false negative predictions.

As compared with transformer-specific models, the performance of KAGN has improved thanks to
incorporating both contextual models embedding and structured biomedical knowledge. Contextual
semantic embedding can be achieved by models like BioBERT and Bio_ClinicalBERT, but these models lack
explicit modeling of semantic relationships between biomedical concepts. To overcome this, KAGN
supplements these models with ontology-based knowledge represented with graph-based
representation. This ultimately enables better semantic reasoning that improves the disambiguation of
semantically similar abbreviations.

Computational efficiency was also analysed in terms of inference time. BlueBERT had the best inference
time (6.63 s); however, its prediction performance was worse than KAGN. The proposed KAGN performed
inference in 10.83 s, which is much faster than the Clinical Longformer (145.56 s) and at the same time,
achieved significantly better classification performance. This result shows that the use of graph-based
semantic reasoning incurs very little computational expense, yet significantly improves prediction
performance.

Overall, the experimental results show that combining transformer-based contextual representations and
biomedical knowledge graph can provide better solution for clinical acronym/abbreviation
disambiguation than transformer model with text only. Across all the metrics, the proposed framework
outperforms the baseline models. These results indicate that KAGN can integrate the contextual and
semantic information effectively, and therefore could be advantageous for various tasks in clinical NLP
where a correct interpretation of ambiguous medical terms is crucial.

Table 2. Performance Comparison of Clinical Acronym Disambiguation Models

Model Micro F1 Macro F1 Precision Recall Time (s)
Clinical Longformer 0.45 0.381 0.380 0.45 145.56
BlueBERT 0.60 0.457 0.374 0.60 6.63
BioBERT 0.60 0.584 0.742 0.60 7.65

Bio_ClinicalBERT 0.75 0.683 0.660 0.75 12.36
Proposed KAGN 0.85 0.849 0.860 0.85 10.83
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Conclusions and Future Work

This study proposed a novel Knowledge-Augmented Graph Network (KAGN) to disambiguate short forms
of clinical acronyms and abbreviations in Electronic Health Records (EHRs). The proposed framework
leverages transformer-based pretrained language models to acquire contextual embeddings of the short
forms and the available context and utilized structured biomedical knowledge to provide additional
semantic reasoning information. Experiments were carried out on benchmark datasets to assess the
performance of the proposed KAGN and compare it with some representative transformer-based models
and the previous knowledge-based models. The proposed framework was found to have the best
performance in all four measures (including Micro F1-score, Macro F1-score, Precision and Recall) with an
overall inference time of 0.719 s. The model evaluation also showed that adding biomedical knowledge
graphs in the proposed model can significantly improve the performance. However, there are still some
limitations in the current framework, such as the evaluation using only benchmark datasets and
depending on the prespecified biomedical knowledge graphs constructed based on general biomedical
ontologies, and hence further validations are needed. We plan to extend the current framework to include
document-level context modeling, large language models (LLMs), multi-institutional integration,
structure-based graph attention mechanisms and explainable artificial intelligence (XAl) for deployment
in real-world clinical settings.
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