BioCATS: Concept Mention-Aware
Text-to-Text Transfer Transformer for Biomedical Literature

Mohammad Golam Sohrab
Artificial Intelligence Research Center (AIRC),
National Institute of Advanced Industrial Science and Technology (AIST),
Tokyo 135-0064, Japan
sohrab.mohammad@aist.go. jp

Abstract

Integrating biomedical knowledge information
like concept name a.k.a concept mention during
transfer learning is not a common fashion as it
needs an alignment of large-scale concepts with
unstructured biomedical text during pretrain-
ing. Existing learning objectives on biomedical
text mainly rely on masked language model-
ing or random span denoising where grafting
knowledge like integrating medical concepts
has never been explored nor been discussed
to facilitate the model pretraining. A prevail-
ing assumption is that such concept-aware pre-
training on biomedical text can be effective
in biomedical task-specific language models.
Based on this assumption, we introduce Bio-
CATS5, a biomedical domain-specific text-to-
text transfer transformer that integrates concept
related knowledge from the unified medical lan-
guage system (UMLS) during pretraining. Bio-
CATS5 leverages concept-aware denoising — an
out-of-the-box language model learning objec-
tive that is trained to reconstruct text by mask-
ing out the concept spans of the input sequence.
To facilitate the BioCATS pretraining, large-
scale concept mentions from UMLS are consid-
ered to align with PubMed abstract text to cre-
ate the pretraining dataset. A publicly available
comprehensive biomedical natural language
processing (NLP) benchmark datasets includ-
ing named entity recognition (NER), relation
extraction, question answering are evaluated.
Besides, the general language understanding
evaluation (GLUE) benchmark datasets are con-
sidered to show the adaptability of BioCAT5
in general domain tasks. We conduct a series
of experiments with ablation studies to vali-
date our proposed approach. The experiment
results show that the alignment of concepts
during pretraining is potentially significant for
biomedical NLP tasks, especially on the NER
datasets. Our code is publicly released on
GitHub (Available at: https://github.com/
aistairc/biocat5) under the Apache 2.0 Li-
cense.

1 Introduction

Pretrained Language Models (PLMs) such as
BERT (Devlin et al.,, 2019) and its differ-
ent variant including BioBERT (Lee et al,
2019), SciBERT (Beltagy et al., 2019), Clinical-
BERT (Alsentzer et al., 2019), BlueBERT (Peng
et al., 2019), PubMedBERT (Gu et al., 2021) in
biomedical literature have shown remarkable per-
formance in many natural language processing
(NLP) tasks. These are encoder only models and
are not an unified transfer learning method that
limits the model not to design for text generation
tasks such as summarization, translation, or ques-
tion answering. However, following the success of
encoder-only PLMs in several biomedical domain-
specific tasks — encoder-decoder-based sequence-
to-sequence models like BioBART (Yuan et al.,
2022), SciFive (Phan et al., 2021a) draw a sig-
nificant impact in biomedical corpora including
PubMed !, PubMED Central (PMC ?) etc.

To overcome the limitation of encoder-only
PLMs, text-to-text transfer transformer (T5) (Raffel
et al., 2020) overcomes the BERT-style limitation
by outputting a sequence of text for each input. In
an unified transfer learning like TS, a model is first
pretrained on an unsupervised data task with a lan-
guage model objective before fine-tuning it on a
task-specific datasets. During the pretraining with
PLMs where different objective functions includ-
ing masked language model (MLM), random span
masking, and de-shuffling are common practice
for text denoising technique. In MLM, predicting
entity or concept mention-aware span related infor-
mation during transfer learning is not a common
fashion as it needs to align by detecting a large num-
ber of knowledge base concept mentions a.k.a en-
tity mention with a large-scale unstructured dataset.
Such large-scale annotated dataset is not available

1ht’cps: //pubmed.ncbi.nlm.nih.gov/
2https://pmc.ncbi.nlm.nih.gov/

1425

Findings of the Association for Computational Linguistics: [JCNLP-AACL 2026, pages 1425-1439
November 6-10, 2026 ©2026 Association for Computational Linguistics


sohrab.mohammad@aist.go.jp
https://github.com/aistairc/biocat5
https://github.com/aistairc/biocat5
https://pubmed.ncbi.nlm.nih.gov/
https://pmc.ncbi.nlm.nih.gov/

Pre-training Data Creation —

PubMed Abstract

PublfQed
National m
Library
of Medicine

UMLS Knowledge Base

=

<extra_id_2> poisoning

Target Sequence

ConcentMappingBipeline <extra_id_1> <extra_id_2>

CUI Mention
Extraction

CUI Dictionary
Look-up

[ Concept Mention Aligned Articles ]

Formate assay in body fluids :
application in methanol poisoning|

Model Input ‘
@) ®)

BioCATS5 Pre-training

<extra_id_0> body fluids "<extra_id_1> methanol

Formate assay in <extra_id_0> : application in

Sentinel Masking on Input Sequence

Formate assay in body fluids : application in

BioCATS5 Fine-tuning

Input: NER Task

ncbi_ner: Identification of APC2 ,
a homologue of the adenomatous
polyposis coli tumour suppressor .

Identification of APC2 , a

|, homologue of the disease*
adenomatous polyposis coli tumour
*disease suppressor .

Input: Relation Extraction Task

chemprot_re: The effects of 0-5
mitiglinide (KAD-1229), a new
anti-diabetic drug, on @GENE$
and insulin secretion: comparison

with the @CHEMICALS .

Input: Question Answering Task

a—4>» 00 — W

bioasq: question: Is poly (ADP-
ribosylation) involved in

yes/no

transcriptional control? context:
Histone phosphorylation,
ubiquitylation, SUMOylation and
poly-ADP-ribosylation, regulation.

©

Figure 1: BioCATS Transfer Learning Architecture: (a) Pretraining Data Creation (b) BioCATS5 pretraining with
concept-mention aligned dataset (c) Fine-tuning with BioCAT5 over the downstream tasks

for transfer learning, therefore, it is common to
pretraining the entire model using data-rich unsu-
pervised learning on unlabeled data. To give shed
on this gap, we propose a novel domain-specific
Biomedical Concept mention-Aware Text-to-Text
Transfer Transformer, that packs more information
into the T5 model (Raffel et al., 2020) in biomedi-
cal domain, which we call BioCAT5.

BioCATS5 leverages concept mention-aware span
masking pretraining by leveraging the concept men-
tions from the unified medical language system
(UMLS) that facilitates over a million of biomedi-
cal concept unique identifiers (CUI). Among all
CUI in the unique concept name or string in
each language in the UMLS, Metathesaurus has
a unique identifier known as CUI. Concept spans
are sometimes referred to as entities mentioned in
the biomedical domain.

During transfer learning a model is first pre-
trained on a large-scale unsupervised data task and
the most successful approaches have been variants
of masked language models (MLMs), which are
denoising autoencoders that are trained to recon-
struct text by masking out a random subset of the
input sequence. Our baseline model, T5 investi-
gates different objective tasks, including masked
language model (MLM), random span, and de-
shuffling, where the model is limited to exploring
integrating knowledge like concept-aware denois-
ing during pretraining. Here, we push the limits of
this model by grafting UMLS’s concept name infor-
mation by mapping PubMed and UMLS’s metathe-
saurus data during pretraining.

Our implementation of the BioCATS model is
based on Huggingface transformers. To the best of
our knowledge, this is the first model to handle such
a large-scale CUI’s name alignment during pretrain-
ing. We aligned the PubMed abstract and UMLS
source vocabularies concept name to pretrain the
BioCATS5 model to shed light on this challenging
task. We are interested in measuring whether this
concept-aware dataset can enrich the downstream
tasks by leveraging the knowledge during pretrain-
ing.

Our contributions are summarized as follows:

* For BioCATS5 pretraining data creation, we
perform a large-scale concept’s or CUI's name
mapping that grafts medical knowledge dur-
ing model pretraining.

* We introduce encoder-decoder based
BioCATS5-base and BioCAT5-3B models
that leverage concept-aware language model
text denoising objectives by replacing the
traditional random span masking.

* Publicly available datasets are used and
compared with the state-of-the-art (SOTA)
biomedical models where the BioCATS5 out-
performed four out of five NER datasets.

2 Related Work

TS5 (Raffel et al., 2020) - the basic idea underlying
this work is to treat every text processing prob-
lem as a “text-to-text” problem, i.e. taking text
as input and producing new text as output. The
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model achieves SOTA results on many benchmarks
covering summarization, question answering, text
classification, and more.

Pretrained language models such as BERT (De-
vlin et al., 2019), BioBERT (Lee et al., 2019),
T5 (Raffel et al., 2020), Clinical BERT (Alsentzer
et al., 2019), SciBERT (Beltagy et al., 2019), Pub-
MedBERT (Gu et al., 2021) etc. are neural net-
works trained on large-scale datasets that can be
fine-tuned on task-specific datasets that shows a
remarkable success in a wide range of NLP tasks.

SciFive (Phan et al.,, 2021a), a biomedical
domain-specific text-to-text model that achieves
SOTA results in many downstream tasks includ-
ing NER, relation extraction (RE), question an-
swering (QA) etc. The findings based on SciFive
support that text-to-text (text generation) models
are highly versatile and broadly applicable within
domain-specific contexts. These models can be
used for common tasks which require a longer se-
quence of text as an output. BioBERT (Lee et al.,
2019) is a domain-specific language representation
model pretrained on large-scale biomedical cor-
pora. BioBERT has outperformed previous models
on biomedical NER, RE, and QA tasks.

PubMedBERT (Gu et al., 2021) This paper
challenge a prevailing assumption in pretraining
and show that domain-specific pretraining from
scratch can significantly outperform mixed-domain
pretraining such as continual pretraining from a
general-domain language model, leading to new
SOTA results for a wide range of biomedical
NLP applications. To further facilitate this study,
BLURB creates a diverse set of biomedical tasks
such as NER, RE, document classification, and QA.

BART-NAR-BERT (BnB) (Sohrab et al., 2024) —
a pretrained non-autoregressive S2S model, which
employs BERT as the backbone for the encoder
and decoder for natural language understanding
and generation tasks. The model outperformed
several SOTA models in non-autoregressive bench-
mark and has shown comparable performance in
autoregressive models. Since the model follows
a sequence-to-sequence manner, we also compare
our model over the language understanding tasks.

KATS5 (Sohrab and Miwa, 2024) — Knowledge-
aware Text-to-Text Transfer Transformer that in-
tegrates knowledge like entity and coreference
information during transfer learning by aligning
Wikipedia abstract and Wikidata triples to facilitate
the KATS pretraining. The experiment results show
that knowledge-aware pretraining is effective for

various downstream tasks. This work motivates us
to integrate medical concept-aware knowledge by
aligning biomedical unstructured text and UMLS
during model pretraining.

3 BioCATS

We consider TS5 (Raffel et al., 2020) as a baseline
encoder-decoder architecture close to the original
architecture of transformer (Vaswani et al., 2017)
to facilitate our BioCATS5 model. The entire trans-
fer learning of BioCATS can be decomposed into
three components: 1) Concept-aware Pretraining
Dataset, 2) Model Pretraining, and 3) Model Fine-
tuning. Figure 1 shows the overall transfer learning
architecture of BioCATS.

3.1 Concept-aware Pretraining Dataset

In the transfer learning architecture, the model first
needs to be pretrained on a large amount of unsu-
pervised data that teaches the model generalized
knowledge. With a language model objective, pre-
training dataset plays a significant role for model
generalizable knowledge. The TS model used the
Colossal Clean Crawled Corpus (C4) dataset for
pretraining by downloading about 750 GB of text
extracted from the Web. In contrast, our BioCATS
model is based on integrating knowledge like con-
cept name information during pretraining; there-
fore, it is a challenging task to integrate such knowl-
edge in a vast amount of unstructured text like the
PubMed abstract dump. One possible way is to
create such a concept-aware pretraining dataset by
aligning PubMed abstract and UMLS source vo-
cabularies. To create the concept-aware pretraining
dataset, we align PubMed abstract with the uni-
fied medical language system (UMLS) Metathe-
saurus data. The UMLS Metathesaurus is a large
biomedical thesaurus that is organized by concept,
or meaning. It links synonymous names from over
200 different source vocabularies . Among these
source vocabularies we use the 21 most popular
source vocabularies #. Based on 21 most popular
knowledge-bases, we extract all candidates CUI
and its term name along with its all associated
aliases or synonyms (i.e., atom) to create a map-
ping dictionary based on concepts. We then detect

3https://www.nlm.nih.gov/research/umls/
sourcereleasedocs/

“MSH, CSP, NCI, MTH, FMA, UWDA, NIH, HPO,
HGNC, OMIM, RXNORM, NDFRT, NCBI, MDR,
ICD9CM, ICD10CM, ICD10, CPT, GO, MEDLINEPLUS,
SNOMEDCT_US
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the mention based on conducting simple dictionary
look-up matching for each mention in the given
PubMed abstract text.

UMLS Data Preparation We download the full
release of UMLS2020AA> version and extract all
English entries based on the 21 most popular source
vocabularies from MRCONSO. RFF raw file. After pre-
processing, a list of 407,917 unique concepts (CUI)
are extracted to create UMLS synonym dictionary
where the dictionary size is 1,193,241. With this
dictionary string matching approach we align a to-
tal of 362,023,532 entities. We refer to Appendix A
for more details.

3.2 Model Pretraining

As an unsupervised objective during pretraining,
a model needs an objective function that does not
require labels but teaches the model generalizable
knowledge and will be useful to transfer that knowl-
edge into downstream tasks. Apart from casual
language modeling objectives for pretraining, re-
cently denoising a.k.a. MLM (Devlin et al., 2019)
shows better performance and becomes a standard
unsupervised learning objective in many natural
language processing (NLP) tasks. In the MLM
objective, the model is trained to predict missing
or corrupted tokens by adding <MASK> in the input
sequence. Inspired by BERT’s MLM objective, TS
follows a random span masking objective to cor-
rupt 15% of tokens in the input sequence where
all consecutive spans of dropped-out tokens are
replaced by a single sentinel token, a.k.a. unique
mask tokens. We adapt the TS masking strategies
and design an objective that samples concept re-
lated spans in the input sequence using 100 sentinel
tokens. For a given input sequence, each sentinel
token represents a unique mask token starting as
<extra_id_0>, ..., <extra_id_99> unlike
BERT’s MLM (Devlin et al., 2019) objective. In
concept masking objective in BioCATS, we ignore
15% text denoising but corrupt the text whenever
concept mentions appear in the text since concepts
are rare in the text.

Figure 1(b) shows a pretraining architecture
where the left-side of the figure 1(a) represents the
pretraining data creation by mapping PubMed ab-
stract and UMLS source vocabularies where the
italic bold texts body fluids, methanol, and
poisoning are aligned as concept mentions to

5https://download.nlm.nih.gov/kss/Z@ZOAA/
umls-2020AA-full.zip

further facilitate the concept-aware masking for
BioCATS. During self-supervised learning in Fig-
ure 1(b), a text input sequence is given where the
model tries to learn a target sequence using concept-
aware sentinel MLM. During sentinel masking in
BioCATS, unique mask tokens are used to cor-
rupt the input text by replacing the concept related
spans. Finally, the output sequence consists of the
dropped-out concept spans, delimited by the sen-
tinel tokens used to replace them in the input.

3.3 Model Fine-tuning

During task specific supervised training, BioCATS
follows the TS5 fine-tuning approach where the pro-
posed BioCATS treats every text processing prob-
lem as a test-to-text problem, i.e. giving text as
input to the model and producing new text as out-
put. Figure 1(c) shows a fine-tuning approach of
BioCATS. A full fine-tuning where all model pa-
rameters are updated during task-specific learning.
During fine-tuning on the base and 3B parameters
models, we initialize each task-specific dataset with
BioCATS5-base and BioCATS5-3B models.

4 Experiments

Our proposed BioCATS is an encoder-decode-
based generative model on the basis of domain-
specific biomedical literature. To judge the ef-
fectiveness of our models both in generative and
language understanding tasks, we employ popular
benchmark biomedical datasets grouped into three
different domain specific tasks including NER, QA,
and RE for generative tasks. In contrast to language
understanding task, we consider the General Lan-
guage Understanding Evaluation (GLUE) bench-
mark (Wang et al., 2018), consists of nine general
language understanding tasks since language un-
derstanding in biomedical literature is somewhat
missing.

4.1 Generative Datasets

To evaluate the BioCATS5 on generative datasets, we
conduct experiments on NER, QA, and RE tasks.

4.1.1 Named Entity Recognition

For named entity recognition (NER), we eval-
uate our models on five commonly used
datasets for biomedical NER including NCBI dis-
ease (Dogan et al., 2014), BC5CDR disease (Li
et al.,, 2016), BC5CDR chemical (Li et al.,
2016), BCACHEMD (Krallinger et al., 2015)
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Named Entity Recognition

Model NCBI-D BC5CDR-D BC5CDR-C BC2GM  INLPBA
- Encoder Model -

BERTqse (Phan et al., 2021b) 85.63 82.41 91.16 81.79 74.94
BioBERT},se (Phan et al., 2021b) 89.71 87.15 93.47 84.72 77.49
SciBERT (Gu et al., 2021) 88.25 84.70 92.51 83.36 78.51
ClinicalBERT (Gu et al., 2021) 86.32 83.04 90.80 81.71 78.07
BlueBERT (Gu et al., 2021) 88.04 83.69 91.19 81.87 77.71
PubMedBERT (Gu et al., 2021) 87.82 85.62 93.33 84.52 79.10
- Encoder-Decoder Model -

T5 (Phan et al., 2021b) 88.54 86.83 93.61 82.29 74.56
SciFive (Phan et al., 2021b)

+ base + PMC + PubMed 88.79 87.33 94.34 84.16 75.29
+ base + PubMed 87.96 87.44 94.35 83.92 75.60
+ base + PMC 89.39 87.23 94.18 84.29 75.89
+ large + PMC + PubMed 89.11 87.59 94.76 83.84 75.99
+ large + PubMed 89.17 86.98 94.66 83.60 76.08
+ large + PMC 88.46 87.62 94.61 83.57 77.55
- Encoder-Decoder Model -

BioCATS5 + base 87.39 84.71 89.32 82.37 74.93
BioCATS + 3B 90.07 88.52 93.78 88.95 88.43

Table 1: Performance comparison over the NER related datasets. NCBI-D/BC5CDR-D/BC5CDR-C represents
NCBI-Disease/BCSCDR-Disease/BCSCDR-Chemical datasets respectively. Bold and underlined denotes the best
and second-best scores within BioCATS and Baseline Models.

Question Answering
Model BioAsq PubMedQA
- Encoder -
BERTyqse (Gu et al., 2021) 74.44 49.96
BioBERT s (Gu et al., 2021) 81.14 60.24
SciBERT (Gu et al., 2021) 74.22 51.50
ClinicalBERT (Gu et al., 2021) 68.50 49.08
BlueBERT (Gu et al., 2021) 68.71 48.44
PubMedBERT (Gu et al., 2021) 87.56 55.84
- Encoder Decoder -
BioCATS5 + base 87.14 60.0
BioCATS5 + 3B 77.14 52.8

Table 2: Performance comparison over the QA datasets.

Relation Extraction
Model CP DDI GAD
- Encoder -
BERT-base (Gu et al., 2021) 71.5 793 79.6
BioBERT (Gu et al., 2021) 76.1  80.9 82.4
SciBERT (Gu et al., 2021) 75.0 812 81.4
ClinicalBERT (Gu et al., 2021) 720 782 80.5
BlueBERT (Gu et al., 2021) 71.5 778 79.2
PubMedBERT (Gu et al., 2021) 772 824 83.9
- Encoder Decoder -
T5-base (Phan et al., 2021b) 84.8 82.0 -
T5-large (Phan et al., 2021b) 854 83.0 -
SciFive-base (Phan et al., 2021b) | 88.8 83.2 -
SciFive-large (Phan et al., 2021b) | 87.9  83.7 -
- Encoder Decoder -
BioCATS + base 747 80.2 85.4
BioCATS + 3B 77.8 844 82.4

Table 3: Performance comparison over the relation ex-
traction datasets. ’-’ indicates a certain model with
corresponding dataset is not evaluated.

BC2GM (Smith et al., 2008a), and JINLPBA (Col-

lier et al., 2004). We follow the processing pipeline
and the train/validation/test split similar to (Lee
et al., 2019). For all NER tasks, we evaluate the
performance based on F1 score. Details of NER
datasets are stated in Appendix B.

4.1.2 Question Answering

Question answering (QA) involves generating an
answer if given a question and a sequence of text
containing the answer to that question. We evaluate
our models on QA tasks based on two datasets:
PubMedQA (Jin et al., 2019) and BioAsq (Nentidis
et al., 2020). The PubMedQA train/validation/test
set consists of 450/50/500 samples respectively. In
BioAsq, we use the official train/dev/test split of
670/75/140 questions by focusing on the yes/no
answers based on BioAsq task 7b.

4.1.3 Relation Extraction

Relation Extraction (RE) involves identifying rela-
tionships within text (i.e. gene-disease). We eval-
uate our models on three RE tasks: (1) the Chem-
ical Protein interaction corpus (ChemProt) (Isla-
maj Dogan et al., 2019), (2) Drug-Drug Inter-
action corpus (DDI) (Herrero-Zazo et al., 2013),
and (3) the Genetic Association Database corpus
(GAD) (Bravo et al., 2015). We follow the same
pre-processing technique as (Peng et al., 2019) and
each class in the RE datasets are evaluated on the
basis of F1-score.
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Model MNLI QQP  QNLI SST-2 COLA STS-B MRPC RIE Avg

392k 363k 108k 67k 85k 57k 35k 2.5k

ACC FI/ACC ACC ACC MCC PC. FI  ACC
OpenAlI GPT (Devlin etal, 2019) | 82.1 70.3 874 913 454 800 823 560 751
BERT (Devlin et al., 2019) 84.6 71.2 905 935  52.1 858 889 664 79.6
Optimus (Li et al., 2020) 83.4 90.9 90.8 924 573 888 873 697 825
BnB (Sohrab et al., 2024) 82.2 90.3 89.8 907 543 879 880 668 813
RoBERTa (Warner et al., 2025) 90.2 92.2 947 964 680 924 909 866 88.9
DeBERTav3 (Warner et al., 2025) 91.8 93.3 9.0 969 753 930 922 927 914
ModernBERT (Warner et al., 2025) | 90.8 9.7 952 971 714 928 917  92.1 90.5
T5-Base (Raffel et al., 2020) 87.1 89.4 937 952  51.1 894 907 80.1 846
T5-Large (Raffel et al., 2020) 89.9 89.9 948 963 612 899 924 872 864
BioCAT5
+Runl 89.5 91.7 93.8 961 612 892 885 646 843
+Run2 89.5 91.7 938 961 612 902 909 802 86.7

Table 4: Comparison of OpenAl GPT, BERT, Optimus, BnB, RoBERTa, DeBERTav3, ModernBERT, T5, and
BioCATS5 over the GLUE Tasks. ACC and P.C stand for accuracy and Pearson correlation coefficient, respectively.

4.2 Language Understanding Datasets

To fine-tune the model on GLUE tasks (Wang et al.,
2018), we consider applying our pretrained Bio-
CATS5 model over the eight most popular down-
stream tasks by ignoring the problematic nature of
the WNLI dataset in GLUE tasks.

4.3 Experimental Setups

BioCATS Pretraining During BioCAT5 pre-
training, we initialize the BioCAT5-base and
BioCAT5-3B with the Hugging Face SciFive-base
and T5-3B checkpoints respectively for continual
pretraining and updates the entire model parame-
ters during concept-aware text denoising objective
of our conceptually aligned dataset.

* BioCAT5-Base: We use a learning rate of
0.001, a linear warm-up of 2k steps, a gradi-
ent accumulation of 5 steps, and a maximum
sequence length of 512 tokens. The BioCATS
model is trained on 13.6B tokens, where we
employ a batch size of 61,440 tokens with a
maximum step of 222k steps which is around
3 times smaller than the original T5 model.
The BioCATS5 model is optimized end-to-end
using an Adafactor optimizer with a concept-
aware span denoising learning objective.

* BioCATS5-3B: We use the same learning rate
and warmup steps. BioCATS5-3B is a large
language model (LLM), because of compu-
tational complexity to train such a LLM, we
reduce the maximum sequence length of 256
tokens. However, the BioCAT5-3B model is
trained on 1.06B tokens, where we employ a
batch size of 40,960 tokens with a maximum
step of 26000 steps.

We refer to Appendix C for more details about
model hyper-parameters.

BioCATS Fine-tuning During fine-tuning with
BioCATS on downstream datasets, we mainly con-
sider single-task settings: a single model on a sin-
gle dataset is learned initializing from BioCATS5
checkpoint. In this setting, we add the dataset
name followed by the task separator : (for example,
“ncbi_ner :” for NCBI dataset) as a prefix to each
input sentence. We fine-tune on top of BioCATS5
for a maximum of 10-30 epochs based on the data
size in all our downstream tasks.

4.4 Experimental Results

In this section, we show that our BioConcept-aware
TS5 (BioCATS5) can effectively solve the structure
prediction tasks that match or exceed the previous
SOTA on multiple datasets. All our experiments
initialize from a pretrained BioCAT5 and to keep
our model as simple as possible, hyper-parameters
are the same across all experiments.

Performance on NER Table 1 shows the NER
performances where we grouped the results into
two folds: (1) Performance comparison of Bio-
CATS5 with the encoder-only models including
BERT, BioBERT, SciBERT, ClinicalBERT, Blue-
BERT, and PubMEdBERT and (2) Performance
comparison over the encoder decoder-based mod-
els including TSpuses TSiarges SciFlvep,se, and
SciFiveygrge. Our BioCAT5 base model shows
comparable performances among all the reported
scores. In contrast, the BioCATS5 3B param-
eter model outperforms all the encoder-only
and encoder-decoder approaches over the NCBI-
Disease(D), BCSCDR-Disease(D), BC2GM, and
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JNLPBA. It shows a little drop in BC5CDR-
Chemical(C) in comparison to the SciFive base and
large models, though it outperforms the encoder-
only models.

Performance on Question Answering In Ta-
ble 2, we compare our model based on encoder-
only models as encoder-decoder models in Table 1
are not evaluated over the PubMedQA dataset. For
BioAsq, as we focus on the 7b task on this dataset
here the encode-decoder models are missing to
evaluate this dataset. In this table, PubMedBERT
and BioBERT show its superiority over the other
models in BioAsq and PubMedQA datasets respec-
tively, where the proposed BioCATS5 achieved sec-
ond best score. We refer to Appendix D for more
details about the input and output format of NER,
question answering, relation extraction, and the
pretraining data format of our models.

Performance on Relation Extraction We eval-
uate our BioCATS5 over the ChemProt (CP), DDI,
and GAD datasets. In Table 3 the SciFive-large
model shows its superiority over the other models
including BioCATS5 in ChemProt. Our BioCATS
models achieve mixed performances, where the
BioCATS5 with base and 3B models shows its supe-
riority over the GAD and DDI datasets respectively.

4.4.1 Performance on GLUE

We compare our model against SOTA GLUE mod-
els. GLUE is not biomedical but rather it shows the
adaptability of our model in general domain tasks.
Table 4 shows the performance comparison of our
BioCATS5 over the eight different GLUE tasks in
different existing models. We employ the Opti-
mus evaluation script® to evaluate the scores and
select the best performance model. In this table, the
SOTA models on GLUE tasks such as ROBERTa,
DeBERTav3, and ModernBERT show its superior-
ity over all the other models including BioCATS.
These models are especially trained for general-
domain dataset. In this table, we report our results
on two runs based on two random seeds. BioCATS5
with first run shows little drop from our baseline T5
model which is trained on general-domain dataset.
In the second run, our model shows its superior-
ity over the T5. Our GLUE results suggest that it
overcomes the catastrophic forgetting that does not
severely harm the general capabilities of TS during
model pretraining.

https://github.com/ChunyuanLI/Optimus

Apart from SOTA models in GLUE tasks, the
BioCATS5 obtains a significant improvement over
the earlier contribution of different models includ-
ing OpenAl GPT, BERT, Optimus, and BnB.

4.5 Ablation Study

We conduct ablation studies to investigate the pro-
posed model performances in different scenarios in-
cluding 1) Random VS concept-aware masking, 2)
single-dataset vs multi-dataset, 3) language model
selection, 4) LLLM behavior, and 5) the effect of
multiple runs for model reliability over the differ-
ent downstream tasks.

4.5.1 Random VS Concept-Aware Masking

To evaluate the effectiveness of concept-aligned
masking over the random span masking we split
the pretraining dataset on the basis of 10% of the en-
tire PubMed abstract to conduct a small pretraining
ablation study. The continual pretraining over the
10% dataset is based on two aspects: 1) TS5-style
random-span masking and 2) proposed concept-
aligned masking, where we follow the same train-
ing and evaluation strategies for both aspects. The
models pretraining for random span and concept-
aware masking is conducted based on one single
epoch.

In random span masking, we follow the same
strategy like T5 by corrupting 15% random spans
in the input sequence where dropped-out spans are
replaced by the sentinel tokens. During continual
pretraining with random span masking the model
is initialized from the T5-base model. In contrast
to concept-aware text denoising during pretrain-
ing, the model is initialized from the same T5-base
model with same size of pretraining dataset, where
masking strategies are based on the concept related
spans in the given input sequence.

Table 5 shows the performance of random span
and concept-aware masking. In this table, we eval-
uate the models based on three learning rates such
as 2e-4, 3e-4, and 4e-4 over the four NER datasets
including BC5CDR-Disease, BCSCDR-Chemical,
BC2GM, and JNLPBA. The results show a steady
gain of concept-aligned masking over the random-
span masking in three different learning rates.

4.5.2 Effect of Single- VS Multi-dataset

During the fine-tuning on each task-specific dataset,
we add the dataset name as a prefix to each input
sentence (as mentioned in Figure 1(c)), therefore,
apart from single-task setting, the model can be
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Random Span Concept Span
Dataset 2e-4  2e4 3e4 | 2e4 3e4 4de4
BC5-D 828 83.0 83.0 | 836 832 832
BC5-C 90.1 89.0 887|903 90.1 90.4
BC2GM | 794 786 785 | 79.6 79.2 79.1
JNLPBA | 742 742 745 | 746 751 75.1

Table 5: Random-span VS Concept-aligned masking.
BC5-D, and BC5-C denote, BC5CDR-D, and BC5CDR-
C datasets respectively. Bold text indicates learning
rate-wise best performance.

Named Entity Recognition

Data Single-Dataset ~ Multi-Dataset

- BioCAT5-base -

NCBI-Disease 87.39  88.14(+0.75)
BC5CDR-Disease 84.71 85.23(+0.52)
BC5CDR-Chemical 89.32  93.71(+4.39)
BC2GM 8237  83.14(+0.77)
JNLPBA 7493  75.62(+0.69)

Table 6: Performance comparison on the single- vs
multi-dataset settings over the NER datasets.

further facilitated on multi-task setting by merging
several datasets into one to train a single model
that can cover many task-specific datasets. To
judge the effectiveness of multi-task learning in
contrast to single-task setting, first, we merge all
the NER datasets and fine-tune on top of the Bio-
CATS5 base model for 30 epochs. Table 6 shows
a comparison of single- vs multi-task fine-tuning
where the multi-dataset results show +0.75, +0.52,
+4.39, +0.77, and +0.69 improvements in the NCBI-
Disease, BCSCDR-Disease, BCSCDR-Chemical,
BC2GM, and JNLPBA datasets respectively in the
multi-dataset setting.

4.5.3 Large Language Model Selection

Our proposed BioCATS can be initialized from the
different variations of available google 3B param-
eters model to facilitate the continual pretraining
over the large language model (LLM). The Bio-
CATS5 + 3B model is initialized from the publicly
available umt5-x1 7 model which is a multilin-
gual T5-based LLM. To judge the effectiveness
of umt5-x1 over the t5-v1_1-x1 ® model, we split
the GLUE tasks into two scenarios: 1) MNLI, QQP,
QNLI, and SST2 as a datasets that contains more
than 10k training samples, and 2) COLA, STS-B,
MRPC, and RTE as smaller datasets where each
contain less than 10k training samples.

"https://huggingface.co/google/umt5-x1
8https://huggingface.co/google/t5-v1_1-x1

Model MNLI QQP  QNLI SST2
392k 363k 108k 67k
ACC FI/ACC ACC  ACC

t5-vi_1-x1 (3B) | 745 65.3 56.1 728

umt5-x1 (3B) 90.2 89.4 953  95.0

Table 7: Performance comparison over the larger
datasets from GLUE tasks.

Model CoLA STS-B  MRPC RTE
8.5k 5.7k 3.5k 2.5k
M.C PCorr Fl1 ACC
t5-v1_1-x1 (3B) 0.0 10.4 81.1 45.8
umt5-x1 (3B) 25.4 85.7 81.2 80.9

Table 8: Performance comparison over the smaller
datasets from GLUE tasks.

UMTS-3B BioCAT5-3B
Dataset E:1 E:2 E:3 E:1 E:2 E:3
NCBI-D | 662 727 787 | 71.1 782 79.6
BC5-D 175 748 77.1 | 61.8 75.0 79.1
BC5-C 25 867 458 | 742 86.0 86.1
BC2GM | 398 527 738 | 66.5 744 79.6
JNLPBA | 70.1 756 781 | 752 773 769

Table 9: UMT5-3B VS BioCATS5. Here E, BC5-D,
and BC5-C denote Epoch, BC5CDR-D, and BC5CDR-
C respectively. Bold text indicates epoch-wise best
performance.

Effect of Larger Datasets Table 7 shows LLMs
performances over the larger datasets from GLUE
tasks. The umt5-x1 shows a significant improve-
ment over the t5-v1_1-x1 model.

Effect of Smaller Datasets Table 8 shows LLMs
performances over the smaller datasets from GLUE
tasks. The umt5-x1 shows a significant improve-
ment and even shows its performance consistency
over the t5-v1_1-x1 model in four datasets.

4.5.4 Effect of LLM Behavior

To evaluate the LLM stability during the earlier
stage of fine-tuning, we consider the first three
epochs over the five NER datasets. In table 9, the
BioCAT5-3B model shows stable and steady per-
formances over the five datasets even at the very
early learning stage of the model in comparison to
the UMT5-3B parameter model.

4.5.5 Effect of Multiple Runs

Mostly reported results are based on single run
per downstream tasks since multiple runs based
on random seeds, different learning rates, or other
hyper-parameters etc. are computationally very
time consuming and expensive to judge the reliabil-
ity of the model. In Tables 10 and 11, we consider
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BioCAT5-3B

Dataset Runl Run2 Run3
BC5CDR-D 88.5 88.6 88.9
BC5CDR-C 93.8 90.2 90.0
BC2GM 89.0 88.9 89.7
JNLPBA 88.4 88.7 87.9

Table 10: Performance comparison over the multiple
runs of named entity recognition tasks.

Relation Extraction
ChemProt DDI GAD
74.7 78.1 82.5
73.7  80.2 854
743 795 85.4
76.7 84.4 82.1
77.8 84.0 824
76.9 825 80.5

Model Run

BioCAT5-base

BioCAT5-3B

W N =W N =

Table 11: Performance comparison over the multiple
runs of relation extraction tasks.

three different runs based on three random seeds in
NER and relation extraction tasks respectively. The
steady and comparable results on both tasks based
on different random seeds indicates the reliability
of the BioCAT5 performances.

4.6 Discussion

We present BioCATS, a novel, simple, and easy-to-
implement concept-aware span masking language
model S2S pretraining model that leverages mil-
lions of biomedical CUI aligning with PubMed
literature to better capture concept mention related
knowledge during pretraining. We demonstrate
strong performance of NER tasks and stable perfor-
mances in QA datasets. We evaluate BioCATS
with the most popular models including BERT,
BioBERT, SciBERT, ClinicalBERT, BlueBERT,
PubmedBERT T35, and SciFive over the ten popular
biomedical datasets. Experiment results show that
BioCATS5 outperformed in four datasets, where the
other SOTA models like SciFive, PubMedBERT,
and BioBERT outperformed in three, two, and one
datasets respectively.

During fine-tuning, SOTA models mostly train
the models for a long period of time by setting early
stopping criteria that leads to long and expensive
training time. In this study, we mainly set 10-30
epochs based on data size to address all the down-
stream tasks to mainly avoid longer and expensive
training time.

Apart from domain-specific biomedical domain,
we also compare our models in the general domain
datasets, especially in the most popular general lan-

guage understanding task to judge the effectiveness
of how our domain-specific model can further con-
tribute in the general downstream tasks like GLUE.
The results of BioCATS5 show the adaptability of
our model in general-domain language understand-
ing tasks. It shows the comparable or improved
performances over the base T5 model which in-
dicate the model still remembers the previously
learned task after being trained on a new biomed-
ical dataset. In our BioCATS pretraining for both
base and 3B parameter models, we aligned UMLS
concept with PubMed abstract only since align-
ing full-text articles from PubMed Central (PMC)
will substantially increase billions of words that
will cost a huge computational cost. The BioCATS5
shows its superiority over the NER datasets which
indicates the concept mention-aware masking is
aligned during the model pretraining that leads to
generalization of a knowledge enriched concept-
aware pretraining model. In contrast to relation
extraction and QA datasets, the BioCATS5 shows
comparable performance. It is expected since the
target output format of QA and relation extraction
datasets are based on yes/no and 0-5 numerical val-
ues respectively. Here our generative model fails to
show its superiority in comparison to the different
variation of BERT-based discriminative models.

5 Conclusion

This paper introduces an efficient BioConcept-
aware TS5 (BioCATS5) S2S method with encoders
and decoders that integrates concepts mentioned as
knowledge during pretraining. To introduce such
a concept-aware approach, we perform large-scale
alignments between PubMed abstract and UMLS
concepts to facilitate our pretraining BioCATS-
base and BioCAT5-3B models. The BioCAT5-base
and BioCAT5-3B models are trained based on our
concept-aware pretraining dataset. Experiment re-
sults show that the proposed model outperforms
almost all the NER related datasets where it shows
comparable performances over the question answer-
ing and relation extraction datasets.

In the future, we plan to extend our BioCATS
model into a larger parameter model with more
training steps and knowledge-aware data by lever-
aging biomedical dataset along with general do-
main dataset like Wikipedia. Besides, a mixture
masking objective function that includes random
span, entity-aware Wikipedia dataset, and concept-
aware biomedical dataset will be introduced.
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Limitations

The BioCAT5-3B model is trained only on 1.06B
tokens which is comparatively very small in consid-
eration to continual LLM pretraining. Therefore,
one may further train the models for a longer period
with more steps to achieve better concept-aware
representations.

Hyper-parameter tuning on large language mod-
els is computationally very costly, we choose 10-30
epochs depending on the training data size for the
fine-tuning tasks without conducting a wide-level
of empirical studies. Besides, the model perfor-
mances on the basis of different learning rates are
under explored.

BioCATS leverages concept-aware span mask-
ing pretraining by leveraging the concept mention
from the UMLS that facilitates over a million of
biomedical concept unique identifiers that replaces
the original TS5 random span masking. A mixture
of concept mention-aware span masking and ran-
dom span masking would be interesting, therefore,
one may further train the model by integrating ran-
dom span along with concept mention-aware span
masking to observe the performance.

The pretraining data is based on the
UMLS2020AA version, since UMLS is up-
dated regularly, therefore, creating pretraining
data with new releases is under explored. This
work is focused on transfer learning from model
pretraining to fine-tuning tasks, which is a
continual pretraining adaptation where scopes are
always there to improve the learning model with
more training data, new releases and concepts
alignment with newer versions of PubMed articles.
In addition, increasing source vocabularies where
we restrict our search space based on 21 most
popular biomedical source vocabularies among
more than 200 source vocabularies. So there is
always continual scope for the research community
to further improve the model performances
integrating with more resources and data.

Ethics Statement
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surveillance, or mislead any individual or group.
We do not perform any studies on other humans or

animals in this research.
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A Pretraining Data Preparation

We downloaded the full release of UMLS2020AA °
version. The unified medical language system
(UMLYS) Metathesaurus includes names and codes
from standard biomedical vocabularies including
SNOMED CT, RxNorm, LOINC, MeSH, CPT,
ICD-10-CM, MedDRA, Human Phenotype Ontol-
ogy, etc. and extract all English entries based on
the 21 most popular source vocabularies stated in
Table 12 to restrict our search space of a fill list of
UMLS vocabulary . After preprocessing, a list
of 407,917 unique concepts (CUI) are extracted to
create UMLS synonym dictionary where the dic-
tionary size is 1,193,241. From the UMLS2020AA
release, we processed 1219 xml. gz pubmed files
that aligned a total of 362,023,532 concept men-
tions based on string matching and generates 1219
JSON files equivalent to 29GB of text as an input
of the BioCAT5-base and BioCAT5-3B models. Ta-
ble 13 shows a concept-aware sequence masking
https://download.nlm.nih.gov/kss/2020AA/
umls-2020AA-full.zip

10https ://www.nlm.nih.gov/research/umls/
sourcereleasedocs/

and one sample pretraining JSON input out of 1219
JSON files is included in the GitHub data directory.

B Details on NER Datasets

* NCBI-Disease: The Natural Center for
Biotechnology Information Disease cor-
pus (Dogan et al., 2014) contains 793 PubMed
abstracts with 6892 annotated disease men-
tions linked to 790 distinct disease entities.
It consists of 5,424/923/940 samples in the
training/validation/test set.

BCS5CDR-Chemical and Disease: The BioCre-
ative V Chemical-Disease Relation cor-
pus (Smith et al., 2008b) is frequently used as
a NER corpus for detecting chemical (drug)
and disease entities which was created for
evaluating relation extraction of drug-disease
interactions based on 1500 PubMed abstracts.
We use the same pre-processed version of
BC5CDR chemical and BC5CDR disease
that are evaluated by BioBERT and SciFive.
The BC5CDR chemical and BC5CDR disease
datasets consist of 4560/4581/4797 samples
in the training/validation/test set.

BC2GM: The Biocreative II Gene Men-
tion corpus [53] consists of sentences from
PubMed abstracts with manually labeled gene
and alternative gene entities. Following prior
work, we focus on the gene entity annota-
tion. In its original form, BC2GM contains
15000 train and 5000 test sentences. We use
a pre-processed version of the dataset by fol-
lowing the processing pipeline of (Lee et al.,
2019) training/validation/test set that consist
of 12574/2519/5038 samples respectively.

* INLPBA: The Joint Workshop on Natural
Language Processing in Biomedicine and its
Applications (Collier et al., 2004) shared
task is a NER corpus on PubMed abstracts
where the entity types are protein, DNA, RNA,
cell line, and cell type. We follow the same
train/validation/test set (Crichton et al., 2017)
of 14690/3856/3856 samples respectively.

C Details on Model Hyper-parameters

Our implementation is based on the Hugging Face
encoder-decoder transformers. We used two differ-
ent computing infrastructure for the BioCAT5-base
and BioCA5-large models.
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¢ BioCAT5-Base: For the base model, NVIDIA
RTX 6000 ada with 48GB GDDR6 memory
is used. During pretraining four GPUs are
assigned where the batch size for each GPU
is set to 30 with a maximum sequence length
of 512 tokens. We initialized the BioCATS5
base model from the publicly available check-
point ''. We use a learning rate of 0.001, a
linear warm-up of 2k steps, a gradient accu-
mulation of 5 steps. The BioCATS model is
trained on 13.6B tokens, where we employ a
batch size of 61,440 tokens with a maximum
step of 221,600 steps which is around 3 times
smaller than the original TS model.

* BioCAT5-3B: BioCATS5-3B is a large lan-
guage model (LLM) and it is not compatible
to train the BioCATS5-3B model with NVIDIA
RTX 6000 ada (48GB GPU memory) comput-
ing resources. Instead, we used the NVIDIA
H200 SXM 141GB GPU for the continual
pretraining of BioCAT5-3B. During contin-
ual pretraining of BioCATS, 16 GPUs are as-
signed where the batch for each GPU is set to
10 with a maximum sequence length of 256
to reduce the computational complexity. The
model is initialized from the publicly avail-
able checkpoint '>. However, the BioCATS5-
3B model is trained on 1.06B tokens, where
we employ a batch size of 40,960 tokens with
a maximum step of 26,000 steps. We used the
same learning rate and warmup steps as like
the BioCAT5-base model.

The BioCATS5-base and BioCATS-3B models are
optimized end-to-end using an Adafactor optimizer
and updates the entire model parameters with a
concept-aware span denoising learning objective
on the training split of our conceptually aligned
dataset.

D BioCATS In/Output Representation

Tables 14, 15, and 16 show the input and out-
put format during fine-tuning with BioCATS5-base
and BioCAT5-3B on the downstream datasets.
We mainly consider single-task settings: a single
model on a single dataset is learned initializing
from the BioCAT5-base and BioCATS5-3B models.
In this setting, we add the dataset name followed

11https://huggingface.co/razent/
SciFive-base-Pubmed

Zhttps://huggingface.co/google/umt5-x1

UMLS Metathesaurus Vocabulary

Abbreviation Short Name
MSH Medical Subject Headings
CSP CRISP Thesaurus
NCI NCI Thesaurus
MTH Metathesaurus Names
FMA Foundational Model of Anatomy
UWDA Digital Anatomist
NIH NIH
HPO Human Phenotype Ontology
HGNC HUGO Gene Nomenclature
Committee

OMIM Online Mendelian Inheritance
in Man

RXNORM RXNORM
NDFRT NDFRT
NCBI NCBI Taxonomy
MDR MedDRA
ICDICM International Classification of
Diseases, Ninth Revision,

Clinical Modification

ICD10CM Clinical Classifications Software
Refined for ICD-10-CM

ICD10 Int. Classification of Diseases
and Related Health Problems,

Tenth Revision

CPT Current Procedural Terminology

GO Gene Ontology
MEDLINEPLUS MedlinePlus Health Topics
SNOMEDCT_US SNOMED CT, US Edition

Table 12: UMLS Metathesaurus vocabulary documenta-
tion that used during pretraining data preparation.

]

by the task separator : (for example, “ncbi_ner ’
for NCBI dataset) as a prefix to each input sentence.
We fine-tune on top of BioCATS for a maximum
of 10-30 epochs based on the data size in all our
downstream tasks.
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Input Sequence:
Concept Masking:
Target Sequence:

Formate assay in body fluids : application in methanol poisoning .
Formate assay in < extra_id_1 > : application in < extra_id_0 > < extra_id_2 > .
< extra_td_0 > methanol < extra_id_1 > body fluids < extra_id_2 > poisoning

Table 13: An example of concept-aware sequence masking.

NCBI-Disease
Input Sequence:

Target Sequence:
BCSCDR-Disease
Input Sequence:
Target Sequence:

BC5CDR-Chemical
Input Sequence:

Target Sequence:

BC2GM
Input Sequence:

Target Sequence:

JNLPBA
Input Sequence:

Target Sequence:

ncbi_ner: Identification of APC2 , a homologue of the adenomatous polyposis coli tumour
Suppressor .

Identification of APC2 , a homologue of the disease* adenomatous polyposis coli tumour
*disease suppressor .

bcScdr_disease_ner: Hemolysis of human erythrocytes induced by tamoxifen is related to
disruption of membrane structure .

disease* Hemolysis *disease of human erythrocytes induced by tamoxifen is related to disruption
of membrane structure .

bcScdr_chem_ner: Effect of intravenous nimodipine on blood pressure and outcome after acute
stroke .
Effect of intravenous chem* nimodipine *chem on blood pressure and outcome after acute stroke

bc2gm_ner: Accordingly , we designated this gene CTL1 ( capping enzyme RNAtriphosphatase
-like 1).

Accordingly , we designated this gene* gene CTL1 *gene ( gene* capping enzyme RNAtriphos-
phatase - like 1 *gene ) .

jnlpba_ner: Concomitant with this loss of a, a new Ets - 1 - containing complex * “ ¢ * * appeared

Concomitant with this loss of a , a gene* new Ets - 1 - containing complex *gene ‘ * gene* ¢
*gene ‘ * appeared .

Table 14: An example of input and output sequence of named entity recognition task.
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BioAsq
Input Sequence:

Target Sequence:

PubMedQA
Input Sequence:

Target Sequence:

bioasq: question: Does strenuous physical activity affect thyroid hormone metabolism? context:
The results of the present study in a unique experimental human model of maximal exposure to
altitude and physical exercise demonstrate that extreme HA and strenuous physical exercise are
coupled with specific endocrine adaptations. These include increased activity of the GH/IGF-
I axis and a low T(3) syndrome 3,5,3’-triiodothyronine (T3) and T4 levels increase during
strenuous exercise, and, at the end of the exercise bout, a decrease of T3 and T4 levels, with
an increase in TSH during the following 4-5 days, is seen. the obtained results indicate that in
intense exercise, causing the rapid development of fatigue, rapid increases in serum levels of
hormones of the pituitary-adrenocortical, pituitary-gonadal and pituitary-thyroid systems occur.
Mean levels of fasting plasma estradiol, luteinizing hormone, follicle-stimulating hormone,
free thyroxine and triiodothyronine were significantly lower in AR compared to ER and SE.
Reductions in plasma T4, T3 and T3/T4 ratio are probably due to inhibition of T4 secretion
and 5’-monodeiodination with possible conversion of T4 to reverse T3 (rT3). These processes
may represent a mechanism for regulation of thyroid hormone metabolism during strenuous and
extended flight. Strenuous endurance training seems to have minor changes on the function of
the thyroid gland. Depressed T4 levels in runners may rather be due to lowered TBG levels than
due to direct effect of training. brief strenuous swimming or moderate bicycle exercise had minor
or no effect on thyroid hormone concentrations when consideration was given to the attendant
hemoconcentration. thyroxine were determined in 26 men participating in a 90-km cross-country
ski race, before, immediately after, and on the following days Total thyroxine and free thyroxine
in serum were significantly increased at the end of the race, but had returned to the pre-raced
levels during the rest of the observation period. There are controversial results concerning thyroid
hormone metabolism during strenuous exercise in adult athletes and only scant data concerning
the impact of strenuous exercise on thyroid hormone metabolism in children and adolescents.
yes

pubmedqa: question: Juvenile ankylosing spondylitis—is it the same disease as adult ankylosing
spondylitis? context: Juvenile and adult forms of ankylosing spondylitis (AS) have been shown
to have different clinical presentation and outcome in Caucasians. We did this retrospective
analysis to see if similar differences exist in the Indian population. Case records of 210 Indian
patients diagnosed with AS according to modified New York criteria were reviewed. Data were
collected regarding age of onset, clinical features, drug treatment, and outcome at last follow-up.
Patients with onset before 17 years of age were classified as having juvenile AS (JAS) and the rest
with adult AS (AAS). There were 150 patients with AAS and 60 with JAS. The latter had higher
male preponderance, more frequent onset with peripheral arthritis, and greater involvement of
hip and knee joints. Valvular dysfunction was seen only in patients with JAS.

no

Table 15: An example of input and output sequence of question answering task.

ChemProt
Input Sequence:

Target Sequence:

DDI
Input Sequence:

Target Sequence:
GAD

Input Sequence:

Target Sequence:

chemprot_re: The effects of mitiglinide (KAD-1229), a new anti-diabetic drug, on @ GENE$
and insulin secretion: comparison with the @ CHEMICALS .
0

ddi_re: Prior administration of @ DRUGS has no clinically important effect on the neuromuscular
blocking action of @DRUGS.
0

gad_re: this study proposes that A/A genotype at position -607 in @ GENE$ gene can be used as
a new genetic maker in Thai population for predicting @ DISEASES$ development.
0

Table 16: An example of input and output sequence of relation extraction task.
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