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ABSTRACT
Language models (LMs) like BERT and GPT have revolutionized
natural language processing (NLP). However, privacy-sensitive do-
mains, particularly the medical field, face challenges to train LMs
due to limited data access and privacy constraints imposed by reg-
ulations like the Health Insurance Portability and Accountability
Act (HIPPA) and the General Data Protection Regulation (GDPR).
Federated learning (FL) offers a decentralized solution that enables
collaborative learning while ensuring the preservation of data pri-
vacy. In this study, we systematically evaluate FL in medicine across
2 biomedical NLP tasks using 6 LMs encompassing 8 corpora. Our
results showed that: 1) FL models consistently outperform LMs
trained on individual client’s data and sometimes match the model
trained with polled data; 2) With the fixed number of total data,
LMs trained using FL with more clients exhibit inferior perfor-
mance, but pre-trained transformer-based models exhibited greater
resilience. 3) LMs trained using FL perform nearly on par with
the model trained with pooled data when clients’ data are IID dis-
tributed while exhibiting visible gaps with non-IID data. Our code
is available at: https://github.com/PL97/FedNLP
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1 INTRODUCTION
The recent advances in deep learning have sparked the widespread
adoption of language models (LMs), including prominent exam-
ples of BERT [1] and GPT [2], in the field of natural language
processing (NLP). These LMs are trained on massive amounts of
public text data, comprising billions of words, and have emerged as
the dominant technology for various natural language processing
tasks, including text classification [3, 4], text generation [5, 6], in-
formation extraction [7–9], and question answering [10], [11]. The
success of LMs can be largely attributed to their ability to leverage
large volumes of training data. However, in privacy-sensitive do-
mains like medicine, data are often naturally distributed making it
difficult to construct large corpora to train LMs. To tackle the chal-
lenge, the most common approach thus far has been to fine-tune
pre-trained LMs for downstream tasks, using limited annotated
data [12]. Nevertheless, pre-trained LMs are typically trained on
text data collected from the general domain, which exhibits di-
vergent patterns from that in the medical domain, resulting in a
phenomenon known as domain shift. Biomedical texts are highly
specialized, containing domain-specific terminologies and abbrevia-
tions [13]. For example, medical records and drug descriptions often
include specific terms that may not be present in general language
corpora, and the terms often vary among different clinical institutes.
Also, biomedical data lacks uniformity and standardization across
sources, making it challenging to develop NLP models that can ef-
fectively handle different formats and structures. Electronic Health
Records (EHRs) from different healthcare institutions, for instance,
can have varying templates and coding systems [14]. So, direct
transfer learning from LMs pre-trained on the general domain can
suffer a drop in performance and generalizability when applied
to a different domain, as also demonstrated in the literature [15].
Therefore, developing LMs that are specifically designed for the
medical domain, using large volumes of domain-specific training
data, is essential. Another vein of research explores pre-training
the LMs on corpora collected from the clinical domain, e.g., Blue-
BERT [12], and PubMedBERT [16]. These LMs were pre-trained on
public biomedical dataset, e.g., PubMed literature data and Medical
Information Mart for Intensive Care (MIMIC III) dataset. These LMs
have shown superior performances compared to traditional deep
learning methods (e.g., RNN-based methods) in various clinical NLP
tasks, such as named entity recognition (NER), relation extraction
(RE), and question answering [16–18]. Nonetheless, it is important

https://doi.org/XXXXXXX.XXXXXXX
https://github.com/PL97/FedNLP
mailto:zhan1386@umn.edu
mailto:jusun@umn.edu
https://doi.org/XXXXXXX.XXXXXXX


KDD FL4Data-Mining ’23, August 7, 2023, Long Beach, CA, USA Trovato et al.

Figure 1: An overview of three learning schemes included in
this study.

to highlight that the efficacy of these pre-trained medical LMs heav-
ily relies on the availability of large volumes of task-relevant public
data, which may not always be readily accessible.

All these mentioned above represent the classical centralized
learning regime that involves aggregating data from distributed
data sites and training a model in a single environment. However,
this approach poses significant challenges in medicine, where data
privacy is crucial, and data access is restricted due to regulatory
concerns. Thus, in practice, people can only perform local training
with their own dataset – single-client training. The drawback comes
when the local dataset is small and often gives poor performance
when evaluating an external dataset – poor generalization. To take
advantage of the massively distributed data as well as improve the
model generalizability, federated learning (FL) was initialized in
2017 [19] as a novel learning scheme to empower training with a
decentralized environment and achieve many successes in critical
domains with data privacy restrictions [20–22]. In an FL training
loop, clients jointly train a shared global model by sharing the
model weights or gradients while keeping their data stored locally.
By bringing the model to the data, FL strictly ensures data privacy
while still achieving competitive levels of accuracy and perfor-
mance compared to a model trained with full data. Although FL has
shown promising results in general vision and language tasks, its
application in biomedical NLP is still limited. To close this gap, we
conduct a comprehensive study of two representative NLP tasks
to evaluate the feasibility of adopting FL with LM in biomedical
NLP. Our study aims to contribute to a better understanding of
the challenges and opportunities in FL for biomedical NLP and
provide insights into the development of more robust and secure
machine learning models for healthcare applications. Our major
contribution includes:

• We confirm the effectiveness of FL in LM for biomedical NLP.
In many cases, models trained using FL, specially pre-trained
BERT-based models, can often match the performance of cen-
tralized learning, a significant boost compared with single-
client learning.

• Larger model tends to be more resistant to the changes on FL
scales. With a fixed number of data, the performance of FL
models overall degrades as the clients’ size increases. However,

the effect diminished training on larger pre-trained models such
as BERT-based models and GPT-2.

• FL closely approximates centralized training performance under
IID data distribution, but a visible performance gap arises with
non-IID data, varying across FL algorithms.

2 METHODS
Task The NER and RE are two established tasks for information
extraction in the clinical NLP domain. Given an input sequence
of tokens, the goal of NER is to identify and classify the named
entities, such as diseases and genes, present in the text sequence. RE
is often the follow-up task that aims for discovering the relations
between pairs of named entities. For example, there is a gene-disease
relation (BRCA1-breast cancer) that can be identified in the sentence
"Mutations of BRCA1 gene are associated with breast cancer". The
NER and RE offer valuable insights for a range of applications,
including retrieving information, constructing knowledge graphs,
and answering questions. In our study, we consider RE as that: given
a sentence and the position/span of the two named entities, the
objective is to determine the relationship between the two named
entities.
CorporaWe compared federated learning with alternative training
schemes on 8 biomedical NLP datasets on two NLP tasks: NER (5
corpora) and RE (3 corpora). For all NER corpora, it follows the same
BIO notation to distinguish the beginning (B), inside (I), and outside
(O) of entities. We adopted most of the preprocessed corpora from
the paper of BioBERT [8], except for the 2018 n2c2 dataset (both
NER and RE). For all the datasets, we remove duplicated notes and
split the data into the train(80%), dev(10%), and test(10%). A sum-
mary of the dataset can be found in section 2 (detailed descriptions
of each dataset can be found in appendix B.2).

Table 1: Copora used in this study. The data splits are counted
based on the number of sentences.

Corpus ENtity/Relation Task Train Dev Test
2018 n2c2 [23] 8 entities NER 48727 6091 6091
BC2GM [24] gene NER 26006 3251 3251
BC4CHEMD [25] drug/chem NER 94170 11772 11771
JNLPBA [26] gene NER 29559 3695 3695
NCBI-disease [27] disease NER 10125 1266 1266
2018 n2c2 [23] disease RE 72786 9099 9098
EUADR [28] gene-disease RE 284 36 35
GAD [29] gene-disease RE 4097 531 512

Study design As shown in fig. 1, we explored three learning meth-
ods: 1) federated learning, centralized learning, and single-client
learning. To simulate the conventional learning scenario, we varied
the data scale and conducted the following experiments: centraliz-
ing all client data to train a single model (centralized learning) and
training separate models on each individual client’s data (single-
client learning). These notations will be retained in the experimen-
tation section.
Models To better understand the effect of network architecture
on FL, we chose models with various sizes of parameters range
from 20 M to 334 M, including transformer-based networks such as
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Bidirectional Encoder Representations fromTransformer(BERT) [1],
and Generative Pre-trained Transformer (GPT), as well as classical
recurrent networks BILSTM-CRF [30]. BERT-based models use a
transformer encoder and incorporate bi-directional information
acquired through two unsupervised tasks as a pre-training step
into its encoder. Different BERT models differ in their pre-training
source dataset and model size, deriving many variants such as
BlueBERT [12], BioBERT [8], and Bio_ClinicBERT [31]. BILSTM-
CRF [30] is the only model in our study that is not pretrained
and also not built upon transformers. It is a bi-directional model
designed to handle long-term dependencies, is used to be popular
for NER, and uses LSTM as its backbone. We select this model in
the interest of investigating the effect of federation learning on
models with smaller sets of parameters.

Table 2: Models used in this study. The model is fine-tuned
using pre-trained weights, if provided.

Model Param(M) pre-trained Source year
BiLSTM-
CRF [30]

20 - 2015

BERT [1] 109 Wiki+BooksCorpus 2018
BlueBERT [12] 334 PubMed 2019
BioBERT [8] 108 Wiki+BooksCorpus+PubMed+PMC 2020
ClinicBERT [31] 108 clinical notes 2019
GPT2 124 Wiki+news+books 2019

Training details Unless otherwise stated, our experiments adhere
to a consistent set of training protocols: we set the maximum token
as 512, whereby sentences exceeding this length will be trimmed,
leaving a uniform length of input tokens. We considered two dif-
ferent learning settings: learning from independent and identically
distributed (IID) data and learning from non-IID data. In the for-
mer case, we randomly split the data into k fold uniformly. For the
majority of our experiments, k was chosen as 10, while we also
varied the k from 2 to 10 to explore the impact of federation size.
In the latter setting, we consider learning from heterogeneous data
collected from different sources. This represents the real-world sce-
nario where complex and entangled heterogeneities are co-existed.
We pick the BC2GM and JNLPBA as two independent clients, both
are targeting at indentifying gene entity but collected from different
sources.
Reported evaluation For NER, we evaluate the model perfor-
mance using F1-score at the macro average level with both strict
and lenient match criteria. The strict match considers a pair as true
positive when the boundary of entities exactly matches with the
gold standard, while lenient match consider a pair as true posi-
tive whenever when there is an overlap between the boundaries
of predicted entities and the gold standard. For both NER and RE,
we repeat the experiment for three times and report the mean and
standard deviation.

3 RESULTS AND DISCUSSION
FL yeilds single-client learning on NER and RE, and some-
times performs comparably with centralized training. We
compare FL with centralized learning and single-client learning

Figure 2: NER results on 2018 n2c2

Figure 3: NER results on BC2GM

Figure 4: NER results on BC4CHEMD

Figure 5: NER results on JNLPBA

Figure 6: NER results on NCBI-disease
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Figure 7: RE results on GAD

Figure 8: RE results on EUADR

Figure 9: RE results on 2018 n2c2

using 6 models on NER (see fig. 2 ,fig. 3, fig. 4, fig. 5, and fig. 6),
and RE (see fig. 7, fig. 8, and fig. 11). On both tasks, FL almost
consistently outperforms single-client learning. The only excep-
tion is in fig. 8, where centralized learning yields FL when using
BERT and bio_ClinicalBERT. We believe this is due to the lack
of training data. As each client only owns 28 training sentences,
the data distribution, although IID, is highly under-represented,
making it hard for FedAvg to converge to the global minimum.
Surprisingly, centralized learning achieves quite reasonable good
performance even when the training data is limited (284 training
sentences), confirming that transfer learning from either the gen-
eral text domain (e.g., BERT and GPT2) or biomedical text domain
(e.g., blueBERT, bioBERT, bio_ClinicalBERT) is beneficial to the
downstream biomedical RE task. Another interesting finding is that
GPT-2 model always gives inferior results compared to BERT-based
models. We believe this is because GPT-2 is pre-trained on text
generation tasks that only encode left-to-right attention for the
next work prediction. However, this unidirectional nature prevents
it from learning more about global context which limits its ability
to capture dependencies between words in a sentence.

Figure 10: Performance of models with varied numbers of
clients.

Largermodel tends to bemore resilient to the increasing scale
of FL. In practice, there are two different learning scenarios. One is
called the "cross-silo", where the number of participants is small but
each site holds a large volume of data, while the other is called the
"cross-device", where more participants are joining and each site
only has a small amount of data. In the context of clinical settings,
"cross-silo" typically corresponds to collaborations among major
health institutions, where each site owns a large data repository.
Conversely, "cross-device" scenarios may involve collaborations
among smaller clinics or involve data from individualized patient
devices. Here we are trying to investigate the performance of FL
under the two different learning scenarios by varying the size of
the clients while fixing the number of total training data. There are
two interesting observations: 1) the classical BILSTM-CRF model
(20M) tends to perform better in the "cross-silo" setting, but quickly
degrade in performance as they enter the regime of "cross-device"
region, as shown in fig. 10; 2) the transformer-based model (≥
108M), which is over 5 sizes larger, is more resilient to the change
of federation scale.
FedAvg performs closely to FedProx under the non-IID set-
ting and is almost non-distinguishable when data is IID.Many
biomedical texts are very specialized as the different hospitals have
unique protocols when generating medical text (i.e. sublanguage
differences). Therefore, practical deployed FL systems should con-
sider this data heterogeneity. We simulate a real non-IID scenario
by emulating BC2GM and JNLPBA as two clients and jointly per-
form federated learning. We consider two FL algorithms including
FedAvg and FedProx, both are widely deployed in practice. For com-
parison, we also study the performance of two algorithms under
a simulated IID setting on 2018 n2c2 dataset. As summarized in
table 3, we found that FedAvg performs closely with FedProx when
data is non-IID distributed and is mostly undistinguishable when
data is IID distributed. Although FedProx overall performs better
than FedAvg, it is susceptible to the hyper-parameter ` which aims
to balance the local objective function and the proximal term. To
encapsulate, we see a gap between FL with centralized learning
(pool) when data is non-IID distributed, and the gap closed when
data from differentclients are IID distributed. Comparing across
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Table 3: Comparison of FedAvg with centralized learning
and Single client learning on 2018 n2c2 NER dataset using
bioBERT.

method ` IID non-IID
lenient strict lenient strict

Pool - 0.884±0.002 0.823±0.002 0.964±0.001 0.929±0.000
FedAvg - 0.879±0.002 0.818±0.003 0.934±0.003 0.884±0.003

1 0.855±0.003 0.790±0.005 0.880±0.001 0.772±0.002
0.5 0.868±0.001 0.809±0.002 0.881±0.002 0.777±0.001

FedProx 0.1 0.872±0.003 0.814±0.004 0.897±0.002 0.817±0.002
0.01 0.878±0.003 0.819±0.002 0.933±0.002 0.884±0.003
0.001 0.880±0.002 0.820±0.001 0.944±0.002 0.901±0.002

two FL algorithms, FedProx gets better strict matching results than
FedAvg, especially when data is non-IID distributed.

While seeing many promising results of FL for LMs, it is impera-
tive to acknowledge several limitations inherent in our study: 1) we
only study two FL algorithms under a non-IID setting, and we are
aware that personalized FL algorithms may handle the distribution
shift issues better. 2) we did not explore large language models
(LLM). The concerns most come from the following aspect. First,
many LLMs (e.g., GPT3 and GatorTron) are not open-source. Second,
simulated federated learning in a single environment requires a lot
of computation resources and a long training time. Third, for real-
world deployment, LLM poses a big challenge in communication as
FL typically requires frequent communication between server and
clients. To address these limitations and further advance our under-
standing of FL for LMs, our future study will focus on the real-world
implementation of FL and explore the practical opportunities and
challenges. We believe our study will offer comprehensive insights
into the potential of FL for LMs, which can serve as a catalyst for
future research aimed at developing more effective AI systems by
leveraging distributed clinical data in real-world scenarios.
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A RELATEDWORK
A.1 Natural language processing in medicine
NLP is playing an increasingly important role in the clinical domain.
A significant portion of pertinent clinical information is hidden in

unstructured data, NLP plays an important role in extracting target
information that can aid in clinical decision-making, administra-
tive reporting, and research [32] As two important clinical NLP
tasks, NER and RE can help extract important information such
as patient demographics, medical conditions, and treatments from
these records, thereby facilitating efficient information extraction.
Different NLP approaches have been developed in previous studies
to solve the NER and RE tasks, evolving from rule-based systems to
traditional machine learning methods to the latest LM fine-tuning
methods. Relevant to this study, the conditional random fields (CRF)
model that considers the likelihood of contextual interdependence
among words is found to be an effective method for the NER task.
Lei et al. developed a CRF model to extract clinical problems, pro-
cedures, laboratory tests, and medications from Chinese clinical
texts, and the model achieved better performance than the baseline
support vector machine model [33]. Xu, et al. proposed bidirectional
long short-term memory and conditional random field (Bi-LSTM-
CRF) model for medical NER tasks. The model contains three layers
and relies on character-basedword representations learned from the
supervised corpus. It obtained a 0.802 F1 score on the NCBI Disease
Corpus [34]. Zhou et al. developed the CancerBERT model using
the BERT pre-training and fine-tuning pipeline and obtained an
overall F1 score of 0.909 to extract eight types of cancer phenotypes
from the clinical texts [15]. Though satisfied performances could
be achieved, the cost of data annotation and computing resources
are demanding, especially for the LM pre-training and fine-tuning
methods. Roy et al. developed methods that add medical knowledge
into pre-trained BERT models for clinical relation extraction tasks,
and achieved state-of-the-art performance on the i2b2/VA 2010 clin-
ical relation extraction dataset [Incorporating medical knowledge
in BERT for clinical relation extraction ]. Basically, two pre-training
paradigms were applied for current LM pre-training, mixed-domain
pre-training and domain-specific pre-training from scratch [16].
For mixed-domain pre-training, the LMs are first pre-training on
the corpus of the general domain (e.g., Wikipedia), then keep pre-
training on the domain-specific corpus like PubMed articles. It’s
assumed that general domain text is still helpful for domain-specific
NLP tasks. ClinicalBERT and BlueBERT were developed under this
scheme and obtained excellent performances for clinical NLP tasks.
The domain-specific pretraining from scratch involves creating the
vocabulary and conducting pre-training using only domain-specific
texts. The PubMedBERT is representative of this scheme, and it
achieves even better performance compared to the mixed-domain
pre-training paradigm [16]. A recent study has shown that the
LM pre-training and fine-tuning method has better generalizability
than traditional machine learning and deep learning methods in
terms of a clinical NER task. The performance of LM only drops
6.6% when directly evaluated on the test dataset from another clini-
cal institute. However, the LM still needs to be further fine-tuned on
the annotated data from the other clinical institute to achieve simi-
lar performances compared to LM that pre-trained and fine-tuned
on local data [35]. Recently, Yang et al. developed a large LM (LLM)
for EHRs, i.e., GatorTron [36]. The model was pre-trained on 90
billion words of clinical texts extracted from the EHRs. It increased
the number of parameters of the clinical language model from 110
million to 8.9 billion and improved the performances of five clini-
cal NLP tasks including NER and RE on benchmark datasets. The
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GatorTron improved the generalizability of LM through pre-train
on a larger corpus collected from regional clinical institutes, how-
ever, due to the data privacy restrictions, it’s unfeasible to integrate
corpora of different clinical institutes across the nation to pre-train
the LMs. Federated learning (FL) allows data to remain decentral-
ized, ensuring data privacy while enabling collaborative analysis
across multiple healthcare institutions [37].

A.2 Federated Learning
The concept of FL was initialized by Google [38] and applied to
the design of a virtual keyboard application named Gboard [39].
The typical FL framework represents a hub-spoke topology with
clients acting as spokes that train the private data locally and the
server acting as a hub that signals model dispatch and aggregation.
Due to its mastery of privacy-preserved training with distributed
data, FL has gained widespread adoption in various domains where
data privacy is critical. In the domain of finance, for example, FL
enables bankers to make use of distributed clients’ data to help
with bank openings [21], identify suspicious transactions [40], and
detect financial fraud [41]. The applicability of FL has also been
demonstrated in the domain of transportation, where FL can effec-
tively leverage distributed sensory data to enhance autonomous
driving [22], as well as improve traffic flow prediction using data
from the government and companies [42]. Other domains including
IoT [43]– [44] and recommendation systems [43], [45], [46] have
also seen wide adoption of FL to utilize distributed data.

Similar to these domains, FL has gained increasing popularity
in medicine. One major cause of the poor performance of machine
learning models in the clinical domain is the insufficiency of data
due to strict privacy and security regulations [47]. FL is promising
to break through this bottleneck, it has already been implemented
in many AI-aided system designs and achieved remarkable results.
Peng et al. [20] collaborated with three universities in the U.S.
to build an FL system for COVID-19 diagnosis and show that FL
achieved boosted generalization performance compared with model
training on local single institution data. Similarly, in a pancreas
segmentation task, Wang et al. collect CT images from Taiwan and
Japan and observed improved generalizability on model training
with FL. More examples of federated learning in medical imaging
applications can be found in this survey [cite]. While there is a
rise of research showing great promise of applying FL in general
NLP [48], [49], applications of FL in NLP for medicine are still under-
explored. Existing work in FL on medical NLP is either focused
on optimizing one task [50] [51] or trying to improve communi-
cation efficiency [51]. Current literature lacks a comprehensive
comparison of FL on the biomedical NLP tasks across different
datasets, especially based on transformed-based NLP models. Thus,
our study aims to provide a comprehensive investigation of FL in
medical NLP by studying several FL variants on multiple practical
learning scenarios including varying sizes of the federation, dif-
ferent model architectures, and data heterogeneities on multiple
benchmark datasets.

B DATASETS
B.1 Data Preprocessing
We adapted most of the dataset from the BioBERT paper with
reasonable modifications by removing the duplicate entries and
splited the data into the train(80%), dev(10%), and test(10%) datasets.
To simulate a federated learning setting, we further split the train
and dev set squally into 2/5/10 folds to mimic varied numbers of
participation.

B.2 Details of the copura
2018NationalNLPClinical Challenges (n2c2) SharedTask [23].
2018 n2c2 corpus contains 505 discharge summaries from theMIMIC-
III clinical care database4. The goal of the task is to extract entity
tags (reason, frequency, ADE, strength, duration, route, form, drug,
and dosage) that indicate the presence of drug and ADE informa-
tion, and relations (strength-drug, duration-drug, route-drug, form-
drug, ADE-drug, Dosage-drug, reason-drug, and frequency-drug)
between the entities.
BioCreative II GeneMentionRecognition (BC2GM) [24]. BC2GM
Dataset collected text data related to gene information. The dataset
comprises a set of sentences, and a set of gene mentions (GENE an-
notations) for each sentence. Some GENE annotations in a sentence
may also have alternate boundaries that are judged by human an-
notators which can be essentially equivalent references (ALTGENE
annotations). The goal of the task is to identify gene mentions in a
sentence according to its start and end characters.
BioCreative IV Chemical Compound and Drug Name Recog-
nition (BC4CHEMD) [25]. BC4CHEMD contains a total of 84,355
chemical mention annotations from 10,000 PubMed abstracts which
are manually labeled by some chemistry literature experts. The goal
of the task is to classify the text into multiple CEM classes: system-
atic, identifiers, formula, trivial, abbreviation, family, and multiple.
JNLPBA [26]. JNLPBA is orignate from the GENIA version 3.02. It is
a selection of 2,000 abstracts with a controlled search on MEDLINE
using the MeSH terms ‘human’, ‘blood cells’, and ‘transcription
factors’. The abstracts were hand-annotated to 36 terminal classes
according to a small taxonomy of 48 classes based on a chemical
classification.
NCBI-disease [27]. The NCBI-disease corpus is collected from 793
PubMed abstracts that are fully annotated at the disease mentions
and concept level based on corresponding identifiers from either
Medical Subject Headings (MeSH) or Online Mendelian Inheritance
in Man (OMIM). It includes 6, 892 disease mentions, which are
mapped to 790 unique disease concepts. 12% link to an OMIM iden-
tifier, while the remaining contain a MeSH identifier. In addition,
91% of mentions are described as a single disease concept, while
the remaining link to a combination of concepts.
EUADR [28]. EUADR corpus was annotated for disorders, drugs,
genes, and their inter-relationships. Three experts were used to
annotate a set of 100 abstracts for each of the drug-disorder, drug-
target, and target-disorder relations. The drug-disorder and drug-
target relations were composed of 100 randomly selected abstracts
from the PubMed result. For the target-disorder set, 50 abstracts
were randomly selected from gene disorder, and 50 abstracts were
randomly selected from SNP-disorder relation.
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Table 5: Comparison of FedAvg with centralized learning and
Single client learning on 2018 n2c2 NER dataset.

Model methods lenient strict
Centralized 0.879±0.002 0.822±0.001

BERT Single 0.833±0.004 0.766±0.002
FedAvg 0.877±0.002 0.817±0.002
Centralized 0.879±0.005 0.820±0.007

BlueBERT Single 0.836±0.004 0.767±0.005
FedAvg 0.876±0.002 0.817±0.000
Centralized 0.834±0.002 0.783±0.002

BILSTM-CRF Single 0.734±0.001 0.667±0.006
FedAvg 0.782±0.002 0.734±0.003
Centralized 0.884±0.002 0.823±0.002

BioBERT Single 0.849±0.004 0.784±0.003
FedAvg 0.879±0.002 0.818±0.003
Centralized 0.885±0.006 0.827±0.005

Bio_clincialBERT Single 0.847±0.002 0.782±0.002
FedAvg 0.878±0.001 0.815±0.001
Centralized 0.801±0.001 0.745±0.001

GPT-2 Single 0.741±0.005 0.685±0.007
FedAvg 0.798±0.003 0.746±0.001

Table 6: Comparison of FedAvg with centralized learning and
Single client learning on BC4CHEMD NER dataset.

Model methods lenient strict
Centralized 0.981±0.001 0.968±0.001

BERT Single 0.924±0.001 0.883±0.000
FedAvg 0.973±0.000 0.954±0.001
Centralized 0.965±0.004 0.944±0.007

BlueBERT Single 0.930±0.001 0.895±0.003
FedAvg 0.977±0.000 0.959±0.000
Centralized 0.958±0.001 0.934±0.001

BILSTM-CRF Single 0.764±0.002 0.669±0.007
FedAvg 0.920±0.002 0.882±0.002
Centralized 0.983±0.001 0.972±0.001

BioBERT Single 0.945±0.001 0.913±0.001
FedAvg 0.978±0.000 0.963±0.001
Centralized 0.980±0.001 0.967±0.001

Bio_clincialBERT Single 0.925±0.002 0.885±0.003
FedAvg 0.971±0.001 0.953±0.001
Centralized 0.879±0.002 0.857±0.002

GPT-2 Single 0.747±0.004 0.687±0.006
FedAvg 0.825±0.000 0.794±0.000

Table 7: Comparison of FedAvg with centralized learning and
Single client learning on JNLPBA NER dataset.

Model methods lenient strict
Centralized 0.969±0.001 0.939±0.002

BERT Single 0.905±0.001 0.813±0.002
FedAvg 0.949±0.001 0.896±0.001
Centralized 0.969±0.001 0.940±0.003

BlueBERT Single 0.907±0.001 0.817±0.003
FedAvg 0.963±0.001 0.923±0.001
Centralized 0.961±0.000 0.924±0.001

BILSTM-CRF Single 0.824±0.003 0.669±0.010
FedAvg 0.902±0.001 0.810±0.004
Centralized 0.971±0.000 0.943±0.001

BioBERT Single 0.917±0.001 0.828±0.002
FedAvg 0.957±0.001 0.910±0.002
Centralized 0.969±0.001 0.941±0.001

Bio_clincialBERT Single 0.904±0.001 0.815±0.001
FedAvg 0.951±0.000 0.901±0.001
Centralized 0.925±0.001 0.881±0.001

GPT-2 Single 0.793±0.004 0.669±0.005
FedAvg 0.844±0.001 0.748±0.001

Table 8: Comparison of FedAvg with centralized learning and
Single client learning on NCBI-disease NER dataset.

Model methods lenient strict
Centralized 0.989±0.001 0.973±0.000

BERT Single 0.918±0.003 0.842±0.003
FedAvg 0.976±0.001 0.949±0.001
Centralized 0.987±0.008 0.968±0.009

BlueBERT Single 0.929±0.004 0.857±0.006
FedAvg 0.984±0.002 0.963±0.000
Centralized 0.971±0.002 0.944±0.004

BILSTM-CRF Single 0.738±0.012 0.589±0.041
FedAvg 0.865±0.020 0.767±0.035
Centralized 0.993±0.001 0.975±0.001

BioBERT Single 0.937±0.001 0.870±0.008
FedAvg 0.983±0.002 0.958±0.001
Centralized 0.993±0.001 0.975±0.001

Bio_clincialBERT Single 0.927±0.001 0.854±0.008
FedAvg 0.982±0.003 0.958±0.004
Centralized 0.928±0.002 0.904±0.002

GPT-2 Single 0.765±0.012 0.684±0.013
FedAvg 0.852±0.003 0.809±0.002

Table 9: Comparison of FedAvg with centralized learning and
single client learning on relation extraction tasks.

Model methods 2018 n2c2 EUADR GAD
Centralized 0.947±0.001 0.750±0.040 0.738±0.028

BERT Single 0.887±0.008 0.576±0.154 0.652±0.010
FedAvg 0.946±0.002 0.527±0.008 0.703±0.021
Centralized 0.950±0.002 0.582±0.109 0.755±0.007

BlueBERT Single 0.896±0.010 0.420±0.048 0.663±0.021
FedAvg 0.950±0.002 0.548±0.073 0.714±0.018
Centralized 0.942±0.002 0.737±0.049 0.783±0.007

BILSTM-CRF Single 0.895±0.009 0.640±0.119 0.672±0.015
FedAvg 0.942±0.002 0.718±0.037 0.750±0.008
Centralized 0.950±0.001 0.741±0.067 0.743±0.014

BioBERT Single 0.902±0.004 0.620±0.138 0.589±0.034
FedAvg 0.946±0.003 0.578±0.057 0.695±0.009
Centralized 0.951±0.004 0.684±0.097 0.709±0.004

Bio_clincialBERT Single 0.893±0.013 0.279±0.104 0.630±0.008
FedAvg 0.946±0.003 0.547±0.086 0.721±0.009

Gene Associations Database (GAD) [29]. Gene Associations
Dataset is a corpus that provides a public, comprehensive reposi-
tory of molecular, clinical, and study parameters for > 5, 000 human
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genetic association studies to explore gene-disease relations. It
contains 10, 697 genes, 12, 774 diseases, and 74, 928 gene-disease
associations.

C SUPPLEMENT RESULTS
table 4, table 5, table 6, table 7, table 8 summarizes the comparison
of centralized learning, single training, and FL on NER measured
by F1-score using both lenient and strict match, and results for RE
can be found in table 9.

As 2018 n2c2 contains multiple concept types with varied sizes,
we report a detailed performance measure for both FedAvg and
FedProx.

Table 4: Comparison of FedAvg with centralized learning and
Single client learning on BC2GM NER dataset.

Model methods lenient strict
Centralized 0.879±0.002 0.822±0.001

BERT Single 0.886±0.001 0.755±0.00
FedAvg 0.959±0.001 0.897±0.000
Centralized 0.975±0.000 0.932±0.002

BlueBERT Single 0.904±0.003 0.775±0.003
FedAvg 0.966±0.001 0.919±0.002
Centralized 0.924±0.001 0.866±0.001

BILSTM-CRF Single 0.619±0.005 0.409±0.014
FedAvg 0.793±0.005 0.645±0.013
Centralized 0.980±0.000 0.937±0.003

BioBERT Single 0.927±0.001 0.808±0.001
FedAvg 0.974±0.001 0.922±0.000
Centralized 0.974±0.001 0.933±0.001

Bio_clincialBERT Single 0.892±0.001 0.765±0.004
FedAvg 0.960±0.002 0.901±0.001
Centralized 0.891±0.001 0.836±0.001

GPT-2 Single 0.708±0.010 0.549±0.011
FedAvg 0.796±0.001 0.674±0.006

Figure 11: A comparison between FedAvg and FedProx on
2018 n2c2 NER task
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