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Introduction



• Bidirectional Encoder Representations from Transformers (BERT) has become a 

standard building block for training task-specific NLP models.

• The original BERT model was trained on Wikipedia and BookCorpus.

• In specialized domains like biomedicine, past work has shown that using in-domain

text can provide additional gains over general-domain language models.





• A prevailing assumption is that out-domain text is still helpful and previous work 

typically adopts a mixed-domain approach, such as by starting domain-specific 

pretraining from an existing general-domain language model.

"We question this assumption"



• Successful transfer learning occurs when the target data is limit and the source 

domain is highly relevant to the target one.

• In fact, the majority of general domain text is substantively different from 

biomedical text, raising the prospect of negative transfer that actually hinders the 

target performance.

• Current biomedical NLP benchmark has limit coverage of  biomedical 

applications.  



• Contributions

1) Domain-specific pretraining from scratch substantially outperforms continual 

pretraining of generic language models ( PubMedBERT)

2) A comprehensive biomedical NLP benchmark from publicly-available datasets



Overview of BERT



Text representation

• Conversion raw text to a numerical form ( numeric vector)

One hot encoding Count vectorizer



• 2013 : Pre-trained word embeddings  -> Word2Vec

• Map a single word as a single vector

• Out of vocabulary problem 

• Do not take into account the word position

• No contextual representation
Word2Vec gives 
the same vector.



• BERT

• Transformer base –self attention

• No CNN , RNN

• Contextual representation



• Why the transformer ?

- sequence to sequence model problem  :

- Fixed-length of context vector

- Model could only prioritize the important of words that were most recently 

processed.   

→ loss information in  the long sequences ( long range dependencies)

https://www.analyticsvidhya.com/blog/2020/08/a-simple-introduction-to-sequence-to-sequence-models/

“The cat ran away when the dog chased it down the street”.



• Attention mechanism :

selectively concentrating on a few relevant things.

https://lilianweng.github.io/posts/2018-06-24-attention/

Attention allows the model to focus on the relevant parts of the input sequence as needed.



• Self attention

- attention mechanism relating different positions of a single sequence in order 
to compute a representation of the sequence.

- Create Query , Key , Value vectors for attention score calculation

https://theaisummer.com/transformer/
https://github.com/jessevig/bertviz



Lin, Zhouhan & Feng, Minwei & Dos Santos, Cicero & Yu, Mo & Xiang, Bing & Zhou, Bowen & Bengio, Y.. (2017). 
A Structured Self-attentive Sentence Embedding. 



• To address the problem of out-of-vocabulary words → Byte-Pair encoding (BPE) 

( Word piece tokenizer)



Single sentence task

Sentences pair task

10

• Input embedding



http://jalammar.github.io/illustrated-bert/

BERT Base: 
12 layers (transformer blocks)
12 attention heads
110 million parameters



• BERT Pretraining

1. Masked Language Modeling (MLM)

- randomly masked 15% of the words

http://jalammar.github.io/illustrated-bert/



2.Next sentence prediction (NSP)

some task require the model to  work with 2 sentences : QA , sentence similarity

http://jalammar.github.io/illustrated-bert/



Downstream task

Token classification Sequence classification



Methods



1.Biomedical Language Model Pretraining

1) Mixed-Domain Pretraining.

BioBERT:   PubMed abstracts and PubMed Central (PMC) full-text articles

Blue BERT:   both PubMed text and de-identified clinical notes from MIMIC-III

Sci-BERT: a random sample of 1.14M papers from Semantic Scholar ( full text)

- Note that in the continual pretraining approach, the vocabulary is the same as the 

original BERT model.



2) Domain-Specific Pretraining from Scratch

PubMedBERT ( abstract only / abstract + full text)



2.A Comprehensive Benchmark for Biomedical NLP

• General domain NLP benchmark

→ GLUE ( The General Language Understanding Evaluation)

• Biomedical domain NLP benchmark

→ BLUE ( The Biomedical Language Understanding Evaluation benchmark)

- cover only 5 tasks : lack QA task

- Mix biomedical and clinical application



• BLURB ( Biomedical Language Understanding & Reasoning Benchmark)

- Focus on PubMed-based biomedical applications and leave the exploration of the 

clinical domain, and other high-value verticals, to future work.

6 NLP 
tasks



3. Dataset and Tasks in BLURB 

3.1  Named Entity Recognition (NER)

classify named entities mentioned in unstructured text into 

pre-defined categories



• Token classification problem

BC5-chem : detect chemical ( drugs) entity      1 = inside entity     0 = outside

BC5-disease: detect disease entity 

https://huggingface.co/datasets/EMBO/BLURB/viewer/BC5CDR-chem-IOB/test
https://huggingface.co/datasets/EMBO/BLURB/viewer/BC5CDR-disease-IOB/test



https://huggingface.co/datasets/EMBO/BLURB/viewer/JNLPBA/test
https://huggingface.co/datasets/EMBO/BLURB/viewer/BC2GM-IOB/test

• NCBI-disease : detect disease entity

• BC2GM-disease: detect gene entity 

• JNLBPA : detect molecular biology entity 



3.2 Evidence-Based Medical Information Extraction (PICO)

- Token classification problem

- Token will be classified as PIO element 

https://huggingface.co/kamalkraj/BioELECTRA-
PICO?text=Those+in+the+aspirin+group+experienced+reduced+duration+of+headache+compared
+to+those+in+the+placebo+arm+%28P%3C0.05%29



3.3 Relation Extraction (RE)

- Sequence classification  

- Chempro :  interactions between chemical and protein entities.

UPREGULATOR (CPR : 3), DOWNREGULATOR (CPR : 4),  AGONIST (CPR : 5), ANTAGONIST (CPR : 

6), SUBSTRATE (CPR : 9)—as well as everything else.

Yifan Peng, Anthony Rios, Ramakanth Kavuluru, Zhiyong Lu, Extracting chemical–protein relations with ensembles of 
SVM and deep learning models, Database, Volume 2018, 2018, bay073, https://doi.org/10.1093/database/bay073

https://doi.org/10.1093/database/bay073


• DDI : drug-drug interaction

extract 4 types of relationship

• GAD : gene associated with disease

Herrero-Zazo M, Segura-Bedmar I, Martínez P, Declerck T. The DDI corpus: an annotated corpus with pharmacological substances and drug-drug 
interactions. J Biomed Inform. 2013 Oct;46(5):914-20. doi: 10.1016/j.jbi.2013.07.011. Epub 2013 Jul 29. PMID: 23906817.



3.4 Sentence Similarity

- Sentence regression task

- Biosses dataset : 100 pairs of PubMed sentences

- Score 0 (no relation) to 4 (equivalent meanings)

https://huggingface.co/datasets/biosses/viewer/default/train



3.5 Document Classification

- Sequence classification problem

- HOC dataset : 10 classes of cancer hallmark →multilabel classification 

https://www.repository.cam.ac.uk/bitstream/handle/1810/270037/BIOTXTM2016.pdf?sequence=1&isAllowed=y



3.6 Question Answering (QA)

- Sequence classification problem

- PubMedQA : set of QA about research questions 

label : yes/no/maybe

- BioASQ : question from a PubMed abstract

answer:  Yes /No

https://huggingface.co/datasets/EMBO/BLURB/viewer/PubMedQA/train



4. Task-Specific Fine-Tuning

- Cross-entropy loss for classification 
tasks 

- Mean square error for regression tasks 
- Hyperparameter search using the 

development set based on task-specific 
metrics. 

- Fine-tune the parameters of the task-
specific prediction layer as well as the 
underlying neural language model.



5. Experimental Settings

• We generate the vocabulary and conduct pretraining using the latest collection of 

PubMed5 abstracts: 14 million abstracts, 3.2 billion words, 21 GB. 

• Training is done for 62,500 steps with batch size of 8,192

• The training takes about 5 days on one DGX-2 machine with 16 V100 GPUs

• We use whole word masking , with a masking rate of 15%. 

• For comparison, we use the public releases of BERT , RoBERTa , BioBERT , SciBERT , 
ClinicalBERT , and BlueBERT .



BERT BERT-base  12 transformer layers and 100 million parameters

RoBERTa Same architecture as BERT, but uses a byte-level BPE as a tokenizer (same as 
GPT-2) and uses a different pretraining scheme.

BioBERT BERT + continual training with PubMed abstract, PMC fulltext

SciBERT Train from full text of papers  from the corpus of semanticscholar.org. 

ClinicalBERT continual pretraining from BioBERT

BlueBERT BERT + continual training with PubMed text and de-identified clinical notes from 
MIMIC-III



RESULTS



1.Domain-Specific Pretraining vs Mixed-Domain Pretraining



2. Ablation Study on Pretraining Techniques

Effect of vocabulary and WWM





3. Ablation Study on Fine-Tuning methods

The top layer in the BERT already 
captures many non-linear dependencies 
across the entire text span.



DISCUSSION
& 

CONCLUSION



• The prevailing assumption is that such mixed-domain pretraining is advantageous. 

• We show that this type of transfer learning may not be applicable when there is a 

sufficient amount of in-domain text, as is the case in biomedicine.

• Comparing clinical BERTs with PubMedBERT on biomedical NLP tasks show that 

even related text such as clinical notes may not be helpful, since we already have 

abundant biomedical text from PubMed.

• Our results show that we should distinguish different types of transfer learning and 

separately assess their utility in various situations.



• Comprehensive benchmarks and leaderboards are available for the general 

domains (e.g., GLUE and SuperGLUE), they are still a rarity in biomedical NLP. 

• In this article, we create the first leaderboard for biomedical NLP, BLURB—a 

comprehensive benchmark containing 13 datasets for six tasks

• To accelerate research in biomedical NLP, we release our state-of-the-art 

biomedical BERT models and set up a leaderboard based on BLURB.

• Future directions include further exploration of domain-specific pretraining 

strategies, incorporating more tasks in biomedical NLP, and extension of the 

BLURB benchmark to clinical and other high-value domains.



BULRB Leaderboard

Ref: BLURB Leaderboard (microsoft.github.io) Access Oct 14,2022

https://microsoft.github.io/BLURB/leaderboard.html
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