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Abstract

Due to unique concepts, syntactic structure,
and vocabulary of specialized domains, it is
common to train specialized Language mod-
els (LMs) for their target domain. For exam-
ple, BioClinicalBERT is a specialized LM de-
signed for clinical applications. These special-
ized LMs are typically created starting with a
foundation model (such as BERT-base) which
has been pretrained for the general English do-
main, and then adapted to the target domain via
additional pretraining. Alternatively, LMs may
be pretrained from scratch on data from the
target domain. Both techniques are extremely
computationally expensive and as such, these
specialized LMs are often publicly released for
other researchers. For some domains, such as
the biomedical domain there are many, similar
models available, and as a developer, this raises
the question, which pretrained LM should I
choose? Alternatively, in novel domains for
which no specialized LMs exist, it raises differ-
ent questions: Is it worth the cost to pretrain a
LM from scratch? Should I adapt a general En-
glish model instead? Should I just use a general
English model without adaptive pretraining?
This is a particularly salient question when con-
sidering a limited budget. i.e. Should I pay
for compute time or for annotators to create a
larger dataset. In this paper we compare results
of nine LMs across nine datasets spanning the
clinical, scientific, and biomedical-related so-
cial media domains. From these comparisons
we make several conclusions that can simplify
the hyperparameter-tuning process and inform
researchers and developers in novel domains.
Broadly, these are that the effects of adaptive
fine-tuning are small. If an adapted model
exists in your domain, choose the one most
closely related to your task. If no model exists,
using a foundation model is likely sufficient.

1 Introduction

Named Entity Recognition (NER) is the task of
identifying salient terms in text, and is a core NLP

task performed within these larger systems, and as
such, improving NER is a vital step to improving
their effectiveness. Transformer (Vaswani et al.,
2017)-based language models (LM) have become
the state-of-the art for many NLP tasks, and despite
recent advancements in Large Language Models
(LLMs), smaller Language Models (LMs) such as
BERT (Devlin et al., 2018) remain the state-of-
the-art for low-level tasks such as NER. Although
smaller than the larger LLMs, these models are
still extremely computationally expensive to train
from scratch and as such are typically created for
maximum utility within the General English do-
main. However, specialized domains such as the
biomedical and clinical domains have unique con-
cepts, language, and grammatical structure (Nad-
karni et al., 2011) meaning these General English
models may not perform optimally without domain-
specific adaptation.

Evidence suggests that BERT models perform
better when pretrained on data closely related to
their target task (Lee et al., 2020; Alsentzer et al.,
2019; Gu et al., 2021; Peng et al., 2019), and pre-
vious work has compared several LMs across mul-
tiple datasets. For example, Peng et al propose
the Biomedical Language Understanding Evalua-
tion (BLUE) benchmark and compare the effects
of pretraining on PubMed and PubMed + MIMIC
using Large and Small BERT models. Gu et al
(Gu et al., 2021) propose the Biomedical Language
Understanding & Reasoning Benchmark (BLURB)
benchmark and compare six biomedical language
models and Base BERT over various tasks includ-
ing five NER datasets. These works serve as impor-
tant biomedical benchmarks to compare biomedical
LMs. We distinguish ourselves from these works
in focusing on understanding the effects of adap-
tive pretraining to answer practical questions such
as, what LM should I choose or is it worth it to
adaptively pretrain an LM for a novel domain? To
answer this, we collected and compared results of
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nine different LMs over nine popular NER datasets
in the clinical, scientific, and biomedical-related
social media domains.

We find that while domain-specific pretraining
does increase performance, the increase is less dra-
matic than expected, not across-the-board, and of-
ten not statistically significant. This is even true
for LMs trained from scratch for the target do-
main. Given the extremely high computational
costs, these results have important implications for
researchers working in novel domains without pre-
existing domain-specific LMs, and can help guide
the choice of a LM for researchers and developers
in domains with pre-existing domain-specific LMs.

2 Background

2.1 Training Language Models

LMs consist of an Encoder-Decoder architecture.
In this architecture, the encoder learns effective nu-
meric representations of the text, and the decoder
transforms those numeric representations into an
output useful for the target task. LMs are trained
in a sequence of steps: (1) Pretraining - train the
encoder to create numeric representations of text.
(2) Optional adaptive pretraining - adjust those
numeric representations for the target domain. (3)
Fine-tuning - train a decoder (and usually also ad-
just the weights of the encoder) to perform well on
a specific task and dataset.

Pretraining is a self-supervised step in which
the LM is trained on massive corpora containing
billions of words. The precise pretraining routine
varies depending on the specific LM (Devlin et al.,
2018; Liu et al., 2019; Brown et al., 2020; He
et al., 2020), however most follow a routine similar
to BERT (Devlin et al., 2018). BERT is jointly
trained using Masked Language Modeling (MLM)
and Next Sentence Prediction (NSP). MLM is per-
formed by masking words in a sentence, and using
the LM to predict the masked word. NSP is per-
formed by providing two text samples to BERT,
and training it to predict whether the second sen-
tence follows the first sentence.

Pretraining is by far the most computationally
expensive step of LM development, and creating a
LM from scratch often carries prohibitive costs. As
such, pretrained LMs are typically created for max-
imum utility and therefore trained for the general
English domain. These pretrained LMs are often
released as foundation models which are used by
researchers directly or adapted to other datasets via

adaptive pretraining.
In the optional adaptive pretraining step, the

LM is further pretrained (typically using the same
pretraining routine) on domain-specific corpora.
For example, BERT-Base which is pretrained for
the general English domain may adapted to the
biomedical domain by performing additional pre-
training using PubMed abstracts. While less com-
putationally expensive than initial pretraining, this
is still extremely computationally expensive (often
prohibitively expensive) and the adapted LMs are
commonly released for other developers in their
domain.

Fine-tuning is the last step in training a LM. In
this step, a task-specific decoder is attached to the
pretrained weights of the encoder portion of the
LM and the full model is trained to maximize per-
formance on the provided dataset. This is often the
only step performed by developers, who will select
a pretrained LM using online repositories such as
HuggingFace1, then train it on a specific dataset.
Common wisdom suggests you select a LM most
closely related to your target domain.

2.2 Biomedical Data Sources

Publicly available databases have been created to
enable research in biomedicine. Two of the most
popular text databases are PubMed, which con-
tains biomedical literature from online journals and
books, and MIMIC-III, which contains standard-
ized, de-identified clinical records.

The PubMed (Wheeler et al., 2007) and Pub-
MedCentral (Roberts, 2001) resources provided by
the National Center for Biotechnology Information
(NCBI) are repositories of scientific articles related
to the biomedical sciences. PubMed contains over
40 million article abstracts while PubMedCentral
contains nearly 12 million full-text articles.

The Medical Information Mart for Intensive
Care (MIMIC-III) (Johnson et al., 2016) is a vast,
freely-available database containing about 2 mil-
lion de-identified clinical records. MIMIC-III data
is sourced from critical care reports at Beth Israel
Deaconess Medical Center, a hospital in Boston,
Massachusetts. These clinical records report on
a variety of topics that include laboratory testing,
billing and administrative work, patient demograph-
ics, discharge summaries, radiology reports, chart
write-ups, and pharmacotherapy.

1https://huggingface.co/
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Domain Model General English Scientific Clinical Social Media

Wiki Books PubMed PubMed MIMIC MIMIC Twitter RedditCorpus full-text abstracts all-types discharge

General BERT x xEnglish

Scientific
Bi-B x x x x
Blue-B x x x
PMed-B x

Clinical
BiClin-B x x x x x
BiDis-B x x x x x
BlueB+M x x x x

Social Media BT x x x
BiRed-B x x x x x

Table 1: Language models and their pre-training data sources.

2.3 Pretrained Language Models for the
Biomedical Domain

The biomedical domain is a broad, well-studied
domain and as such has many pretrained LMs avail-
able for download. We divide the biomedical do-
main into three main sub-domains: (1) clinical
which relates to the medical aspects of biomedicine,
(2) scientific which relates to biology, chemistry,
genetic, and other scientific aspects of biomedicine,
and (3) social media which relates to consumer and
patient views and testimony related to biomedicine.
For these experiments, we selected nine differ-
ent LMs which cover these sub-domains. All
selected LMs except PubMedBERT are domain-
specific adaptations of the general English BERT-
Base model, and all but BERT Tweet are pretrained
in the same way as BERT (e.g. MLM and NSP).
Uniquely, PubMedBERT is trained from scratch for
the scientific biomedical domain. We describe each
evaluated LM below. To make the tables more com-
pact, we assigned abbreviations for each of these
LMs, which are listed in bold. Table 1 summarizes
their difference in training data sources.

BERT: BERT-Base is the original, general En-
glish model proposed by Devlin et al (Devlin et al.,
2018). It was pre-trained for the MLM and NSP
tasks using the Books Corpus (Zhu et al., 2015)
and English Wikipedia.

Bi-B: BioBERT (Lee et al., 2020) is initialized
from BERT-Base and adaptively pre-trained on
PubMed abstracts and PubMed full-text articles
from PubMed Central. In the biomedical domain,
Bi-B has significantly outperformed BERT on sev-
eral tasks including NER and relationship extrac-
tion (Lee et al., 2020; Gu et al., 2021), and was
therefore used as the initial weights for the next
two systems.

BiClin-B: BioClinicalBERT(Alsentzer et al.,
2019) is initialized from Bi-B and further pre-
trained on all clinical notes in the MIMIC-
III database. BiClin-B has been shown to be
slightly more effective for clinical tasks than Bi-B
(Alsentzer et al., 2019).

BiDis-B: BioDischargeSummaryBERT
(Alsentzer et al., 2019) is initialized from
BioBERT and further pre-trained on clinical notes
which are discharge summaries from MIMIC-III.
BiDis-B shows improvement over Bi-B for tasks
with corpora that deal specifically with discharge
summaries (Alsentzer et al., 2019).

Blue-B: BlueBERT (PubMed) (Peng et al.,
2019) is initialized from BERT-Base and further
pre-trained on PubMed abstracts. Blue-B pre-
training data (PubMed) is similar to that of Bi-B,
but excludes full-text articles. Blue-B has been
shown to perform similarly to Bi-B (Peng et al.,
2019).

BlueB+M: BlueBERT (PubMed+MIMIC)
(Peng et al., 2019) is initialized from BERT-Base
and further pre-trained on PubMed abstracts
and additionally clinical notes from MIMIC-III.
Therefore, this LM’s pre-training data is similar to
that of BiClin-B, but excludes full-text PubMed
articles. BlueB+M has been shown to outperform
Bi-B on clinical tasks (Peng et al., 2019).

PMed-B: PubMedBERT (Gu et al., 2021) is pre-
trained from scratch on PubMed abstracts. Un-
like the other LMs it is not adapted from BERT
Base. Theoretically, this should be hugely benefi-
cial because the vocabulary of a LM is fixed and
is determined from the initial pretraining corpus.
Whereas LMs adapted from general English may
need to represent specialized terms using subword
tokens, PMed-B can represent specialized terms
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natively because they are present in its specialized
vocabulary. PMed-B was shown to perform com-
parably or better than LMs like Bi-B and Blue-B
for biomedical tasks (Gu et al., 2021).

BT: BERTweet (Nguyen et al., 2020) is initial-
ized from BERT Base and further pre-trained on
Twitter data. BT is not adapted to the biomedi-
cal domain, but is instead adapted to the unique,
short-form, highly abbreviated nature of Tweets.
We include BT to try to determine what is more
important, social media structure or the biomedical
context. Instead of following the original BERT
pre-training procedure, BT’s adaptive pre-training
is modeled after the RoBERTa procedure (Liu et al.,
2019). This pre-training procedure is distinct in
two ways: masked tokens are changed each epoch
during MLM and no NSP is performed. BT was
shown to outperform similar LMs for NER in the
general social media domain (Nguyen et al., 2020).

BiRed-B: BioRedditBERT (Basaldella et al.,
2020) is initialized from Bi-B and further pre-
trained on text from health-related Reddit threads.
BiRed-B has shown good performance for biomed-
ical text mining in the social media domain
(Basaldella et al., 2020).

3 Datasets

We selected nine datasets which, like the selected
LMs span the clinical, scientific, and social me-
dia subdomains of biomedicine. The datasets are
summarized in Table 2 and brief descriptions are
provided below.

i2b2 2010: The i2b2 2010 Concepts, Assertions,
and Relations challenge (Uzuner et al., 2011) aimed
to create suitable NLP systems for the clinical do-
main. Its associated dataset consists of 426 de-
identified clinical notes from Partners Healthcare
and Beth Israel Deaconess Medical Center. For the
NER challenge, the clinical notes were annotated
for medical problems, treatments, and tests. The
challenge organizers provide a split of 170 training
notes and 256 test notes.

n2c2 2018: The n2c2 2018 Track 2 challenge
(Henry et al., 2020) focused on developing systems
to recognize adverse drug events (ADEs). The
dataset consists of 505 de-identified clinical notes
gathered from the MIMIC-III clinical care database.
For the NER challenge, the data was annotated for
entities related to medications and ADEs which
include: drug, strength, form, dosage, frequency,
route, duration, reason, and ADE. The challenge

organizers provide a split of 303 training notes and
202 testing notes.

BC5CDR: The BioCreative V Track 3
Chemical-Disease Relation (CDR) challenge (Wei
et al., 2016) was created to develop systems that
identify chemical-disease interactions. The CDR
corpus is composed of 1500 PubMed abstracts an-
notated for diseases and chemicals. The task orga-
nizers provide a split of 500 training, 500 valida-
tion, and 500 test abstracts.

BC7DCPI: The BioCreative VII Track 1 drug-
protein and chemical-protein interactions challenge
(Miranda et al., 2021) focused on identifying bio-
chemical entities for drug discovery. This dataset
is a collection of 5000 PubMed abstracts anno-
tated for genes and chemicals. The organizers
provide a split of 3500 training abstracts, 750 val-
idation abstracts, and 750 test abstracts. Back-
ground and large-scale background collections of
automatically-annotated abstracts were also re-
leased for further analysis.

NCBI: The NCBI disease corpus (Dogan and Lu,
2012) is a collection of PubMed abstracts designed
to test the efficacy of disease recognition systems.
In total, 793 PubMed abstracts were annotated for
disease mentions. While the corpus maintainers do
not provide a training-test split for the data, one
provided by (Crichton et al., 2017) has seen use in
biomedical benchmarks (Gu et al., 2021).

NLMChem: The NLM-Chem corpus (Islamaj
et al., 2021) was created for the BioCreative VII
Track 2 task on identifying chemical information
from full-text scientific publications. It contains
150 full-text PubMed articles annotated for chem-
ical mentions. The corpus maintainers provide a
split of 80 training documents, 20 validation docu-
ments, and 50 test documents.

BC7Med: The BioCreative VII Track 3 chal-
lenge (Weissenbacher et al., 2021) focused on iden-
tifying medication and dietary supplement men-
tions from social media data. The dataset con-
tains tweets from 212 different users’ timelines
annotated for drug name mentions. This dataset is
large, yet heavily imbalanced with only 0.2% per-
cent of the tweets containing medication mentions.
The challenge organizers provide a split of 89,004
tweets for training, 38,149 tweets for validation,
and 54,482 tweets for the test set.

COMETA: The Corpus of Online Medical Enti-
Ties (COMETA)(Basaldella et al., 2020) contains
biomedical entities from Reddit. It was originally
intended to evaluate entity linking systems and con-
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Dataset Domain Entity Types Data Source
BC5CDR Scientific Disease, Chemical PubMed abstracts
BC7DCPI Scientific Gene, Chemical PubMed abstracts

NCBI Scientific Disease PubMed abstracts
NLMChem Scientific Chemical Full-text PubMed articles
i2b2 2010 Clinical Problem, Treatment, Test De-identified clinical notes

n2c2 2018 Clinical Drug, Strength, Form, Dosage, Frequency, De-identified clinical notesRoute, Duration, Reason, ADE
BC7Med Social Media Medication Twitter data
COMETA Social Media Miscellaneous Biomedical Entities Reddit threads
ADEMiner Social Media ADE Twitter data

Table 2: Description of datasets and their sources used in evaluation.

tains 20,015 health-themed posts from Reddit an-
notated for biomedical entities found within the
SNOMED CT ontology (Donnelly et al., 2006).
These entities represent a wide variety of biomedi-
cal concepts including symptoms, diseases, chemi-
cals, genes, procedures, and more. To re-purpose
this dataset for NER, we identified the text spans
of the annotated entities and used them as the gold
standard. Unique to this dataset (due to its repur-
posing), all entities within this dataset received a
label of “Biomedical Entity” or None.

ADEMiner: The DeepADEMiner corpus
(Magge et al., 2021) is a combination of three dif-
ferent datasets (SMM4H 2017 (Sarker et al., 2018),
SMM4H 2019 (Weissenbacher et al., 2019), and
SMM4H 2020 (Gonzalez et al., 2020)) created for
identifying and normalizing ADEs from Twitter
data. There are a total of 33,246 tweets that are
annotated for ADE mentions. No official training-
testing split is provided.

4 Methodology

4.1 Data Processing

LM training requires a maximum of 512 token
length samples, so each dataset was processed
(chunked) into samples. For some datasets, a sam-
ple was clearly defined. This is the case for i2b2
2010, BC7Med, COMETA, and ADEMiner, where
annotations are contained on one line and there-
fore a sample is identified as a single line of text.
For other datasets, there is no clear distinction be-
tween samples because the text is annotated on a
character-level basis and no pre-defined sample de-
liminator is provided. For these datasets, which in-
clude n2c2 2018, BC5CDR, BC7DCPI, NCBI, and
NLMChem, we processed these datasets into sam-
ples using the ScispaCy sentence splitter (Neumann
et al., 2019) with the en_core_sci_sm model 2.

2https://allenai.github.io/scispacy/

All datasets were tokenized using each LM’s spe-
cific tokenizer (as specified by HuggingFace’s
Transformers.Autotokenizer library).

4.2 Language Model Architecture and
Training

NER was posed as a multi-class token classification
problem and performed by predicting a set of labels
for each token token in that sample. The set of
labels corresponds to the entity types of that dataset
plus a None class. The argmax is taken over the
set of labels to convert to a one-hot label encoding
for each token. For example, in the BioCreative
5 CDR dataset, a vector of <Disease, Chemical,
None> probabilities is predicted for each token, and
converted to a vector containing all zeros except
for a single one indicating the class.

We first performed a preliminary hyperparam-
eter search to determine the learning rate, batch
size, embedding dropout, and decoder architecture.
Manual analysis of these results and those reported
in the literature (Devlin et al., 2018; Alsentzer et al.,
2019; Michalopoulos et al., 2020) support that fine-
tuning with a learning rate of 1e-5, batch size of
16, and no embedding dropout produces LMs that
perform well for biomedical NER. Due to the pro-
hibitive costs of performing separate hyperparame-
ter searches for all LMs and all datasets, we reused
these hyperparameters for each LM across every
dataset. For similar reasons, we also fixed the neu-
ral network architecture across all datasets. All
BERT models have a distinct task-specific decoder,
meaning they predict only classes found within a
particular dataset. The decoder is a single densely-
connected layer with softmax activation.

4.3 Results Generation

Reported results are the micro-averaged F1 scores
averaged over 5-folds of cross-validation. For
datasets that provided training, test, and/or vali-
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dation splits, we combined all data into a single set
which we used for cross-validation. Each fold con-
sists of 70% for training, 10% for early stopping
and 20% for validation (testing). The data-split
was randomized but consistent across all compared
LMs. To maximize the number of training sam-
ples per fold, we used the early stopping split to
determine the optimal number of training epochs,
then we combined the training and early-stopping
data into a single training dataset and created the
final model used to predict on the validation set.
Preliminary analysis indicated this technique mod-
erately improved results. Early stopping monitored
micro-F1 with a patience of 5. The weights of each
LM were re-initialized between validation folds.

4.4 Statistical Significance
t-tests are a commonly used test of statistical signif-
icance (Demšar, 2006). They require a set of evalu-
ation results which are typically collected over each
round of cross-validation or over multiple datasets.
Paired tests provide more statistical power for de-
tecting differences than unpaired tests and therefore
care should be taken to ensure test sets are identical
for all systems during cross-validation. Briefly, a
t-test assumes that the two methods perform equiv-
alently (this is the null hypothesis), and any dif-
ference can be explained by random variation. To
test this, the t-test compares two distributions and
calculates a test statistic which is used to calculate
a p-value which indicates the probability of accept-
ing the null hypothesis. In this case, the probability
that the two systems are equivalent. Therefore, low
p-values indicate a low probability that the systems
are equivalent, meaning they are statistically sig-
nificantly different. α, a cut-off threshold for p is
used to draw conclusions. When p < α one can
conclude that the two systems are significantly dif-
ferent. α = 0.05 is commonly used and indicates
a 95% probability that the systems are different.
Since we are testing for a difference in the bet-
ter (greater than) or worse (less than) direction, a
two-tailed test is used.

Although t-tests are commonly used, they are
not well-suited for comparing results over cross-
validation or over multiple datasets. This is be-
cause the t-test assumes that the scores are indepen-
dent and normally distributed. The scores across
cross-validation are not independent because the
training sets of each round overlap and the results
may not be normally distributed. When compar-
ing across datasets the scores are independent, but

are not normally distributed. Several corrections
to t-tests have been proposed to account for the
non-independence of results (Nadeau and Ben-
gio, 2003; Grandvalet and Bengio, 2006; Santafe
et al., 2015). These tests update the estimate of
variance to account for the non-independence of
samples. An alternative to the t-test is the Wilcoxon
signed-rank test (Wilcoxon, 1945). This is a non-
parametric test which does not assume the data is
independent nor normally distributed. Like the t-
test, Wilcoxon produces both a test statistic and a
p-value which may be used to determine statistical
significance. Because of the few assumptions of
non-parametric tests, Wilcoxon tests are arguably
preferable to t-tests, even corrected t-tests (Demšar,
2006; Rainio et al., 2024) for comparing across
rounds of cross-validation and across datasets, how-
ever because they are non-parametric they require
more samples than parametric tests to make sound
statistical inference. Importantly, Wilcoxon cannot
produce a p-value less than 0.05 with only 5 sam-
ples, meaning, in our study it is impossible to con-
clude any two systems are different when compar-
ing across 5 rounds of cross-validation. Therefore,
we use Grandvalet and Bengio’s T-test for Cross-
Validation (Grandvalet and Bengio, 2006) as de-
scribed by Santafe et al. (Santafe et al., 2015) when
comparing two systems across rounds of cross-
validation and the Wilcoxon signed-rank test when
two systems comparing across datasets. For the T-
Test for Cross-Validation we use a corr = 0.35 be-
cause it is a middle value balancing over-estimating
and under-estimating statistical significance. To
compare multiple systems we use the Friedman test,
which is a non-parametric test designed for com-
paring multiple systems. While it is possible to use
repeated t-tests or Wilcoxon tests to determine dif-
ferences between many systems, repeated tests in-
crease the risk of error (Rainio et al., 2024; Demšar,
2006) across the whole family of tests (e.g. when
α = 0.05 there is a 95% chance of being correct,
but with 2 tests there is a 95% ∗ 95% = 90.25%
chance of being correct for all tests.

5 Results

Table 3 shows the micro-F1 performance aver-
aged over 5-fold cross validation for all LMs and
datasets. Each row indicates the results for a dataset
and each column indicates the results for a LM.
Bold values indicate the highest score for that
dataset. Rows are grouped by dataset type; first sci-
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Dataset
BERT Model

English Scientific Clinical Social Media

BERT Bi-B PMed-B Blue-B BiClin-B BiDis-B BlueB+M BT BiRed-B
BC5CDR 0.9540 0.9576 0.9518 0.9610 0.9545 0.9551 0.9555 0.2049 0.9579
BC7DCPI 0.8255 0.8274 0.8300 0.8293 0.8256 0.8260 0.8254 0.1349 0.8233
NCBI 0.8790 0.8693 0.8835 0.8765 0.8727 0.8670 0.8470 0.2081 0.8727
NLMChem 0.9354 0.8527 0.9691 0.9392 0.8513 0.8517 0.9347 0.1395 0.8521
i2b2 2010 0.8848 0.8883 0.8861 0.8927 0.8895 0.8893 0.8988 0.1607 0.8885
n2c2 2018 0.9142 0.9176 0.9224 0.9141 0.9178 0.9196 0.9183 0.0290 0.9180
BC7Med 0.5844 0.5894 0.5865 0.6151 0.6096 0.6078 0.6732 0.2957 0.6151
COMETA 0.6111 0.6108 0.6092 0.6127 0.6077 0.6074 0.6065 0.1359 0.6122
ADEMiner 0.5353 0.5289 0.5085 0.5193 0.5113 0.5192 0.5269 0.3104 0.5509
Mean 0.7915 0.7824 0.7914 0.7955 0.7822 0.7826 0.7985 0.1799 0.7878

Table 3: Validation set micro-averaged F1 scores averaged over 5-fold cross-validation.

entific, then clinical, then social media. Columns
are similarly grouped. The final row shows the
average performance of each LM over all datasets.
An important note is that these results are not neces-
sarily directly comparable to other reported results,
since these are the average micro-f1 of 5-fold cross
validation, not results on the provided test set (if
provided). From this table we can make several
observations:

Observation 1: BT performs poorly on all
datasets, even BC7Med and ADEMiner which con-
sist of Tweets. Recall that BT was trained on gen-
eral English Tweets and not on biomedical data.
This implies that modeling biomedical language
is more important than modeling the short-form
structure of Twitter. Therefore, when choosing a
LM it may be best to consider the domain first and
the target task’s structure second.

Observation 2: PMed-B performs the best for
most datasets, but it doesn’t have the highest aver-
age among all datasets. This is because it doesn’t
do as well as other LMs on social media datasets.
We suspect this is related to its difference in vo-
cabulary, but it may also be because it has never
been trained for the general English domain which
social media posts may most closely reflect. Fur-
thermore, although PMed-B performs the best for
most scientific datasets it is never statistically sig-
nificantly better than Bi-B or Blue-B (the other
scientific models), but it is statistically significantly
worse than both Blue-B (p = 0.0032 and Bi-B
(p = 0.0099) on BC5CDR.

Observation 3: The results for most datasets
are similar no matter what LM you choose (ex-
cept BT). For example, the scores for BC5CDR
(excluding BT) range from 0.9518 to 0.9610, a
difference of only 0.0092 = 0.92%. This pattern
of similar performance is observed in nearly all

datasets. For 4 out of the 9 datasets the difference
between best and worst performing (excluding BT)
is less than 1%, for 7 out of the 9, this difference
is less than 5%. The only large differences are
for NLMChem (11.78%) and BC7Med (8.88%).
Furthermore, when comparing the average perfor-
mance across all datasets (the Mean row), the dif-
ference between the best and worst performing (ex-
cluding BT) is only 1.63%. This observation is
supported by statistical significance testing. Using
Friedman’s test to compare the performance of all
LMs across all datasets reveals a statistically sig-
nificant difference between the LMs (p = 0.0017),
but when removing BT from the comparison, Fried-
man’s test calculates a p = 0.4061 revealing no sta-
tistically significant difference between any system
except BT when compared across all datasets.

Observation 4: BERT is the base model from
which all LMs (except PMed-B) are adaptively
pretrained. However, despite this, the change in
performance is minimal (excluding BT) for most
datasets; less than 2% for 7 out of 9 datasets, 3.37%
for NLMChem, and 8.88% for BC7MED. However,
when comparing one dataset at a time across cross-
validation scores, we found that at least one (but
never all) adaptively pretrained system significantly
improved upon BERT. This was true for all datasets
except for NCBI and ADEMiner. This indicates
that although significant improvement is possible
it is not guaranteed.

Observation 5: Common wisdom is to choose
a LM most closely related to your target domain.
However, the results in Table 3 show that P-MedB
(a scientific LM) performs the best for n2c2 2018
(a clinical dataset). Similarly for the social me-
dia datasets of BC7Med and COMETA, the best
performing systems are BlueB+M (a clinical LM)
and PMed-B (a scientific LM) respectively. At first
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glance this would imply that common wisdom is
not always advisable, however comparing across
folds of cross-validation for n2c2 2018 the p-value
between P-MedB and BiDis-B (the best perform-
ing clinical model) was p = 0.0686, indicating
no statistical significance between these systems.
Similar results of p = 0.5078 and p = 0.6720
were found for BC7Med and COMETA respec-
tively when comparing against BiRed-B (the best
performing Social Media LM). Therefore, common
wisdom stands. You should choose a LM that is
most closely related to your domain.

Observation 6: Similar LMs perform simi-
larly. Friedman’s test from observation 3 revealed
that no two LMs other than BT are statistically
significantly different when compared across all
datasets. Not surprisingly, using Friedman’a test
for within category performance across within cate-
gory datasets (e.g. clinical LMs - BiClin-B, BiDis-
B, BlueB+M - across all clinical datasets - i2b2
2010, n2c2 2108) also showed no statistical sig-
nificance. p = 0.1690 for biomedical systems on
biomedical datasets, p = 0.8948 for clinical sys-
tems on clinical datasets. Using Wilcoxon within
the social media datasets reveals a statistical signif-
icance p = 0.0039 due to BT’s poor performance.

We also compared within-category systems
across folds of cross-validation for each dataset
using t-test for cross-validation and found little
significant differences. There was a single signifi-
cant difference between scientific models on scien-
tific datasets which was on BC5CDR for which (as
previously noted) PMed-B performed significantly
worse than both Bi-B and Blue-B. Among clinical
systems there were no statistically significant dif-
ferences on n2c2 2018, but on i2b2 2010 we found
that BlueB+M is statistically significantly better
than BiClinB (p = 0.0192). Lastly, as expected for
all social media datasets BiRedB is statistically sig-
nificantly better than BT on all datasets (BC7Med
p = 0.0035; COMETA p = 0.0073, ADEMiner
p =< 0.0001).

6 Conclusions and Limitations

In this paper we performed a comparison of nine
different LMs on nine biomedical datasets span-
ning the scientific, clinical, and social media sub-
domains on the task of NER. We confirmed that
you should choose a LM most closely related to
your target domain, that models trained on similar
data will perform similarly, and that only moderate

improvements are gained by adaptive pretraining.
However, we were surprised by how little the dif-
ferences between systems typically were, partic-
ularly with respect to BERT versus its adaptively
pretrained counterparts, and most particularly by
PMed-B’s only slight improvement despite huge
computational costs.

Based on our observations we can make a few
suggestions:

1) As an NER developer in a specialized domain,
follow common wisdom and select a model most
closely related to your target task. It is unneces-
sary to generate and compare results across many
different LMs. Their performance difference will
very likely be statistically insignificant. This is a
relief particularly because NER is often a basic task
used within larger systems. It frees up time and
effort to focus on other system components and
other hyperparameter tuning.

2) As researcher in a novel domain for which no
adaptively pretrained models exist, you can proto-
type using BERT. Performance gains by adaptively
pretraining may improve results, but don’t expect a
dramatic change. If results are promising, then it
may be worthwhile to adaptively pretrain a model,
but if results are not promising, focus on develop-
ing a new technique or annotating more data.

3) Pretraining a model from scratch is not worth
the costs for all but the most important or widely-
used domains. It can improve performance but
adaptively pretraining is a comparable method that
is computationally more efficient.

We wonder if these results generalize to other
lower-level tasks, such as relationship extraction
or span detection, and if these results general-
ize to large language models (LLMs) such as
LLaMa (Touvron et al., 2023). Since LLMs are
recognized as being able to better generalize to
new data, we feel this is likely and believe that
these results suggest that using non-adapted founda-
tion models may be sufficient. This is particularly
salient since adapting pretrained LLMs is typically
prohibitively expensive for most researchers and
developers.

Lastly, we acknowledge limitations: (1) Signifi-
cance tests were performed across a small number
of samples which reduces their power of inference.
Furthermore, since they compare across a distribu-
tion of F1 scores they don’t take into account the
number of samples in each dataset. (2) LM and
dataset specific hyperparameter tuning could reveal
more stark differences between LMs.
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