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Summary
We introduced UmlsBERT, a contextual embedding model that integrates domain knowledge
during its pre-training process via a novel knowledge augmentation strategy.
The augmentation on UmlsBERT with the Unified Medical Language System (UMLS) Metathesaurus was performed in two ways:
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Figure 6:UMAP visualization of the clustering of the input
embeddings (a) of Bio_ClinicalBert (b) of UmlsBert.

• connecting words that have the same
underlying ‘concept’ (CUI) in UMLS
• leveraging semantic type knowledge in UMLS
to create clinically meaningful input
embeddings

Figure 2:Examples of: (a) Original input vector of BERT
model [3]. (b) Augmented input vector of the UmlsBERT
where the semantic type embeddings were available.

UmlsBERT can encode clinical domain knowledge into word embeddings and outperform existing domain-specific models on common namedentity recognition (NER) and on the MedNLI
natural language inference clinical tasks.

Firstly, we introduced a new embedding matrix
called ST ∈ Rd×Ds into the input embedding of
the BERT model, where d is BERT’s transformer
hidden dimension and Ds = 44 is the number of
UMLS semantic types that could be identified in
the vocabulary of our model (Figure 2).

Figure 4:Results of mean ± standard deviation of five runs
from each model on the test and the validation test; we use
the acronym Ac. for accuracy.

• UmlsBERT achieved the best results in 4 out of
the 5 tasks (Figure 4).
• It achieved the best F1 score in three i2b2 tasks
(2006, 2010 and 2012) (93.6%, 88.6% and
79.4%) and the best accuracy on the MedNLI
task (82.3%).

Introduction
Current biomedical applications of transformerbased models [1][2] have yet to incorporate structured expert domain knowledge from a knowledgebase into their embedding pre-training process.
We proposed the usage of clinical knowledge from
the UMLS Metathesaurus, a compendium of many
biomedical vocabularies (Figure 1), in the pretraining phase of a BERT-based model (UmlsBERT) in order to build ‘semantically enriched’ contextual representations.

Figure 1:An example search of the word ‘heart’ in the UMLS
Metathesaurus
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We observed that more meaningful input embeddings can be created, as the embeddings of the
words, that are associated with the same semantic
group, are forced to become more similar (Figure 6).

Conclusion
We presented UmlsBERT, a novel BERT-based architecture that included biomedical knowledge into
its pre-training process. Our experiments demonstrated that including domain knowledge is beneficial for our model as it outperformed other biomedical BERT models in various downstream tasks.
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Figure 3:An example of predicting the masked word ‘lungs’
(a) the BERT model tries to predict only the word lungs
(b) whereas the UmlsBERT tries to identify all words that
were associated with the same CUI:C0024109 (e.g lungs,
lung, pulmonary).

Secondly, we updated the loss function of the
Masked LM pre-training task to a binary cross
entropy loss in order take into consideration the
connection between words that share the same
CUI (Figure 3).

Figure 5:The 2 nearest neighbors for 6 words in three semantic
categories (two clinical and one generic).

Only UmlsBERT found the connections between the
highlighted and the initial words. These associations
were the result of changing the Masked LM training phase of UmlsBERT to a multi-label scenario by
connecting different words which share a common
CUI (Figure 5).
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