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Abstract

Background: Named entity recognition is a fundamental task in natural language
processing. Recognizing entities in biomedical text, known as the BioNER, is particu-
larly crucial for cutting-edge applications. However, BioNER poses greater challenges
compared to traditional NER due to (1) nested structures and (2) category correlations
inherent in biomedical entities. Recently, various BioNER models have been developed
based on region classification or large language models. Despite being successful,
these models still struggle to balance handling nested structures and capturing cat-
egory knowledge.

Results : We present a novel parallel BioNER model, Bean, designed to address

the unique properties of biomedical entities while achieving a reasonable balance
between handling nested structures and incorporating category correlations. Extensive
experiments on five public NER datasets, including four biomedical datasets, demon-
strate that Bean achieves state-of-the-art performance.

Conclusions : The proposed Bean is elaborately designed to achieve two key objec-
tives of the BioNER task: clearly detecting entity boundaries and correctly classifying
entity categories. It is the first BioNER model to handle nested structures and category
correlations in parallel. We exploit head, tail, and contextualized features to efficiently
detect entity boundaries via a triaffine model. To the best of our knowledge, we are
the first to introduce a multi-label classification model for the BioNER task to extract
entity category information without boundary guidance.

Keywords: Biomedical named entity recognition, Named entity recognition, Text
mining, Natural language processing, Biomedical domain

Background

Named entity recognition (NER) is a fundamental task in natural language processing [1,
2], aimed at identifying noun phrases conveying key information in text. Although recent
state-of-the-art large language models (LLMs) have prominently advanced natural lan-
guage processing, fundamental tasks remain significant in specific domains. In par-
ticular, in the biomedical domain, recognizing entities from biomedical text, known as
the BioNER task, is crucial for cutting-edge applications such as biological information
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retrieval [3], medical knowledge base construction [4], and medical intelligent question
answering [5].

Compared to named entities in the general domain, biomedical named entities present
a greater challenge for recognition. Specifically, biomedical entities frequently exhibit
the entity nested structure, where an entity often encompasses other entities while simul-
taneously being a component of other entities. Figure 1 illustrates this nested property
with samples from the well-known biomedical GENIA corpus [6]. For instance, in the
second sentence, “IL - 13 gene 5’ flank region”(DNA) is a long entity that includes two
internal entities, i.e., “IL - 13 gene”(DNA) and “IL - 13”(protein). Another distinctive
property of biomedical entities is the correlation between entity categories, referred to as
entity category correlation, which includes both co-occurrence and nested correlations.
In the GENIA corpus, about 72% of the sentences show co-occurrence correlation, while
over 18% exhibit nested correlation. As shown in Fig. 1, DNA and cell_line co-occur in
both sentences. Additionally, DNA entities are more likely to contain protein entities but
rarely contain cell_line entities. Notably, there is a notable same-category nested correla-
tion among biomedical entities, where entities of the same category are nested within
one another. Specifically, 52% of the nested pairs in the GENIA corpus belong to this
mode. For example, protein-nested accounts for as high as 71%, while cell_line-nested is
observed in only 2.6% of cases.

Early BioNER methods followed the paradigm of traditional NER, employing the
sequence labeling model to effectively recognize flat entities [7—11]. Subsequent meth-
ods reframed BioNER as a region classification task to handle more complex scenarios
involving nested biomedical entities [12, 13]. For instance, HIT [14] employs a biaffine-
based head-tail detector to determine whether each token pair in the sentence is the
boundary of an entity. While such region-based methods improve the handling of nested
structures by prioritizing boundary detection, they often fail to fully utilize category
information across the entire sentence. This major drawback severely limits their ability
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to manage the crucial property of entity category correlation. Recently, advancements
in BioNER leveraged LLMs to better incorporate category information, adopting tech-
niques such as instruction tuning and prompt engineering. Such as BioNER-LLaMA [15]
successfully transforms BioNER task into a generation task and incorporates biomedi-
cal domain knowledge by training an instruction-following model with LLaMA as the
backbone. Despite the potential of LLMs to address biomedical problems, they face con-
straints related to computational resources, data quality, and prompt design. Further-
more, since LLMs are primarily trained for sequence generation, LLM-based BioNER
models naturally struggle with nested entities, particularly those within the same
category.

In this paper, we focus on the entity nested structure and entity category correlation
inherent in biomedical entities, and propose a novel parallel BioNER model named
BEAN (Boundary detection and category classification in parallel). Our proposed model
parallelizes entity boundary detection and entity category classification, with the obvi-
ous benefit of capturing category information directly from the input sentence. To effec-
tively handle nested structures, we design a boundary detection module consisting of
a head-tail encoder and a triaffine classifier. This module carefully captures head-tail
features and then integrates contextualized features to detect boundaries. To incorpo-
rate category correlations, we propose a sentence-level multi-label category classifica-
tion module that combines a category-specific attention encoder, a category-correlation
graph encoder, and a multi-label classifier. This module fully identifies the most distinc-
tive segments for each entity category and models the category correlations between
these segments. Notably, we specifically focus on co-occurrence and nested correlations,
which significantly enhance biomedical entity recognition. Finally, a matching module
performs entity recognition by combining the knowledge extracted from the boundary
detection and category classification modules. Extensive experiments on three nested
NER datasets (i.e., GENIA, Chilean Waiting List, ACE 2005) and two flat NER datasets
(i.e., INLPBA, NCBI Disease) reveal that our proposed BEAN achieves state-of-the-art
performance. To summarize, this paper makes the following contributions:

+ We propose the first parallel BioNER model to handle nested structure and category
correlation of biomedical entities.

+ We exploit head, tail, and contextualized features to detect entity boundaries effi-
ciently via a triaffine model.

+ To our best knowledge, we are the first to introduce a multi-label classification model
for the BioNER task, capable of extracting entity category information without
boundary guidance.

The rest of the paper is organized as follows. “Related work” section reviews the back-
ground. “Methods” section formally defines the BioNER task and describes our model in
detail. Experimental results and analysis are reported in “Results” section. “Conclusions”
section concludes the paper.
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Related work

Biomedical Named Entity Recognition. BioNER task aims to recognize named enti-
ties [16, 17], which are words or phrases containing the names of predefined catego-
ries like DNA, protein, and disease. Recognizing named entities within nested structures
(the nested NER task) has recently emerged as an important topic in the BioNER task
and benefits various natural language processing applications. Alex et al. [18] introduced
three techniques that can reduce the nested NER problem to one or more sequence
labeling problems. Ju et al. [12] proposed the first neural layered-based model to identify
nested entities by dynamically stacking flat NER layers. Specifically, each flat NER layer
is a simple sequence labeling model that contains one Bidirectional Long Short-Term
Memory (BiLSTM) [19] encoder and one Conditional Random Field (CRF) [20] decoder.
Wang et al. [21] proposed a nested NER model named Pyramid, which has multiple
decoding layers to recognize nested entities in a bottom-up manner, from shortest to
longest. During this time, a series of layered-based studies [13, 21-24] were introduced,
which generally assign one label to each token in the sentence, while each assigned label
can express both entity boundary and category information.

Another representative line of work for recognizing nested entities involves classify-
ing each potential text region into one of several predefined entity categories. Zheng
et al. [25] proposed a boundary-aware neural model for nested NER, which precisely
localizes entities by detecting boundaries (including head tokens and tail tokens) using
sequence labeling models and utilizes the boundary-relevant regions to predict entity
categories. Yu et al. [26] employed a biaffine model [27] on top of a multi-layer BiL-
STM to identify nested entities, where the biaffine model uses biaffine attention instead
of bilinear or traditional MLP-based attention to score candidate boundaries. Yuan
et al. [28] enhanced this approach by including triaffine attention and scoring, where tri-
affine attention learns region representations and triaffine scoring interacts with bound-
aries and region representations for classification. Yan et al. [29] improved region-based
methods by utilizing a convolutional neural network (CNN) to model the spatial correla-
tion between neighbor regions. Beyond these, numerous advanced methods have been
proposed to refine nested NER [14, 28—34], achieving notable success in the NER task.

Multi-label Learning. In this paper, we propose a specific sentence-level multi-label
classification module responsible for learning entity category information from input
sentences. Multi-label learning [35] is a prevalent learning paradigm that has been
successfully applied in diverse areas. In multi-label text classification, many stud-
ies have focused on sentence-level text representation learning and label correlation
learning. For example, Yang et al. [36] proposed a Seq2Seq model that predicts labels
sequentially, incorporating a BILSTM with the attention mechanism [37] to encode
the input text. Recent studies have indicated that learning label-specific features by
capturing the interactions between tokens and labels can significantly improve clas-
sification performance. Moreover, while label-specific features are pertinent and
discriminative for each class label, the correlations between labels also have a signifi-
cant impact on multi-label classification [38]. For example, Ye et al. [39] employed
the Transformer [37] to capture the text semantics information, and further leveraged
the heterogeneous graph transformer to incorporate implicit statistical dependen-
cies between labels. Li et al. [40] designed several regularizers to learn common and
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label-specific features for multi-label classification using the correlation information
from labels and instances. Especially for text classification, Ma et al. [41] leveraged a
dual graph neural network to capture the label co-occurrence interactions.

Methods

This section presents our proposed model BEAN in detail. Figure 2 illustrates the
overall architecture of the model, which comprises four key components: an embed-
ding module, a boundary detection module, a category classification module, and
a matching module. First, the embedding module generates the token embedding
sequence for the given sentence and feeds it simultaneously to the boundary detec-
tion and category classification modules. The boundary detection module is designed
to predict whether each token pair is the head-tail of an entity; while the category
classification module is responsible for modeling the entity category information in
the sentence. Finally, the matching module integrates boundary and category features
to finalize entity recognition.

Problem statement

Given a sentence, a biomedical NER system learns to generate a triple col-
lection specifying all entities mentioned in the sentence, uniformly han-
dling both flat and nested entities. We use x = {wi, wa,..., w,} to denote the
input sentence with n words, and the output triple collection represented by
y={< ei‘,ei,ei >, < eé’,eé,eg > ..., < e,f,e,t(,elc( >} indicates the k named entities con-

tained in sentence x. The triple ef’, ef

,ef represents the i-th named entity e; with head
index ef‘ and tail index ef, belonging to the entity category ef from a predefined cate-
gory set. Correspondingly, the boundary of entity e; is defined by (ef‘, ef). The BioNER

problem is formally defined as follows,
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Fig. 2 An overview of the proposed Bean model. The Bean contains an embedding layer, a boundary
detection module, a category classification module, and a matching module. The boundary detection
module detects entity boundaries and generates boundary-aware region-level representations. The category
classification module learns the entity category knowledge in the sentence and produces category-driven
sentence-level representations. The matching module then integrates two kinds of representations to finalize
entity recognition
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Problem 1 Biomedical Named Entity Recognition

Given:(1) a set of sentences X = {x1, X2,.., xn}, where N is the number of sentences in
the corpus, (2) a set of triple collections Y = {y1, ¥2,.., ¥n}, where each triple collection
y; € Y expresses the entity information for sentence x;, (3) a set of predefined entity
categories C = {c1, €2,..., cp}, where M is the total number of entity categories, (4) a new
sentence x* ¢ X;

Find: the triple collection y* for the new sentence x™.

Embedding module

Given an input sentence, we utilize the context-sensitive pre-trained language model
BERT [42] as the backbone to obtain contextualized token representations for the input
sentence. BERT, along with its domain-specific variant BioBERT, is an open-source model
widely adopted in advanced studies [26, 28, 29]. To be consistent with BERT, we add the
special tokens [CLS] and [SEP] to the input sentence as the first and last tokens, respec-
tively. For a sentence with # tokens, x = {w1, wy,..., w,,}, the BERT model receives the com-
bined string and computes the output h:

h = {hCZS’ hl! e rhn, hsep}

— PLM(ICLS][w1, W, . .., wrl[SEPY), )

where h; is the contextualized sentence representation, and h, = {hy,..., h,,} denotes the
sequence of contextualized token representations. We then feed both h; and h, into the
subsequent boundary detection and category classification modules simultaneously.

Boundary detection module

The boundary detection module is a pair-wise classifier that determines whether each token
pair in a sentence is the boundary of an entity. As shown in Fig. 2, both “IL - 4 promoter”
and “IL - 4” are entities. The boundary detection module should ideally detect token pairs
[IL, promoter] and [IL, 4] as entity boundaries. This module can be described as a mapping
of token pairs, along with global textual information, to boundary scores using a head-tail
encoder and a triaffine classifier.

Head-tail encoder

Since an entity boundary includes a head and a tail, we aim to learn the boundary-head
token representation h,}(’ and boundary-tail token representation h,t( for each token. Specifi-
cally, the head-tail encoder generates h,]j and h{, based on token representation hy using two
separate linear layers, as described below,

h,f = Linear” (hy, 6™), (2)

h,i = Linear’ (hy, 6%), (3)

where 6" and 67 are the parameters of linear layers.



Wang et al. BMC Bioinformatics (2025) 26:63 Page 7 of 20

Triaffine classifier

To determine whether the token pair (w;, w;) forms the boundary of an entity (where
i <j), we feed the corresponding head-tail token representation pair (hf’, h;), along
with the global contextualized representation h;, into a triaffine classifier [43]. This
classifier computes the score s;; for the token pair (w;, w;) as follows,

si = |:hils:| ! (hft)TWtriafﬁne |:l;/t:| , (4)
where Wtiaffine jo o 7 » 7 x d tensor. As illustrated in Fig. 2, the score s;; for the token
pair corresponding to valid entity “IL - 4 promoter” (depicted by a solid line) should be
high; conversely, the score s;; for the non-entity “transcriptional activation” (depicted by
a dashed line) should be close to 0.

Since only a few boundaries correspond to valid entities, we employ Focal Loss [44]
to alleviate the class imbalance problem faced by the boundary detector during train-
ing. Focal Loss alleviates this imbalance by down-weighting easy examples (typically
from the majority class) and emphasizing harder examples from the minority class,
thereby encouraging the model to focus on more challenging cases. The formula to
evaluate the boundary detection module is expressed as follows:

- Z — Bj;(1 — )" log(sf)),
! (5)

(sl By = (o (si)s Bij)» if (w;, wj) is a boundary ;
$inPi) =1 (1= 0 (s5),1 — ), otherwise,

where (1 —s;j)V denotes the modulating factor and y is the focusing parameter; B
denotes the weighting factor.

For a sentence containing k entities, the boundary detection module predicts k
token pairs as entity boundaries. For the i-th predicted boundary, we denote it as

hot . . . _ . .
(e}, e;), and its corresponding region r; = {we?, w » Wel 1 Wef} is a sub-string of

et
input sentence x. Finally, we calculate the boundary-aware region representation r; of

boundary (e, ef):

h
R e e ”

The obtained boundary-aware region representations {rj, ra,..., rx} of predicted bounda-
ries are then input into the matching module to determine their entity categories.

Category classification module

The category classification module is a sentence-level multi-label classifier that
can predict which entity categories are contained in the sentence. As shown in
Fig. 2, given a sentence containing multiple entities of different categories, the cat-
egory classification module can assign multiple labels to it, i.e., protein, DNA, and
cell type categories. Specifically, a category-specific attention encoder captures the
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category-specific features for each entity category, and a category-correlation graph
encoder further incorporates the category correlations between them.

Category-specific attention encoder

We first design a category-guided attention mechanism to learn category-specific
representations. This mechanism can explicitly extract information related to each
category from the input sentence. Specifically, we initialize the category embedding c;
randomly and calculate the i-th category-specific representation u; of the input sen-
tence as follows,

exp(h; - ciT)
alf = h TN’
>_jexp(hi-¢;)

u; = ZO(,‘}' . h/',
j

where ¢; is the i-th category embedding, and «;; indicates the importance of the j-th
token to the i-th category. It is worth mentioning that the obtained #; is a sentence-
level representation, the core of which is the semantic segments associated with the i-th

category.

Category-correlation graph encoder

To further incorporate entity category correlations for the BioNER task, we construct a
category-correlation graph and propagate messages between nodes using a graph neu-
ral network. Formally, the category-correlation graph is defined as G =<V, E, R, where
V is the set of category nodes, E is the set of edges representing statistical correlations
between nodes, and R is the set of two edge types (i.e., co-occurrence and nested).

In this graph, category-specific representations obtained from the category-spe-
cific attention encoder are used as the initial node representations. We calculate the
probability between all category pairs in the training set, producing two matrices: co-
occurrence correlation matrix P and nested correlation matrix Q. Then, we employ
an attention-based EGNN [45] to update and capture multi-dimensional edge feature
relationships. In the multi-layer attention-based EGNN, each layer takes the node
representations and correlation information from the previous layer (i.e., t//~1, PI~1,
and Q') as inputs, and outputs enhanced category-specific representations and cor-
relation matrices (i.e., U’, P!, and Q). The layer-wise propagation rule is as follows,

ul — ELU[(O{I(Ulil,Plil)gl(ulil))

8
o WUt He W) ®

Here, @ is the concatenation operation; Exponential Linear Unit (ELU) is employed as
nonlinear activation; U° is initialized by category-specific representations u; g is a trans-
formation used by g/(U/'=1) = U*~'W/, where W' is a learned weight matrix. !/ and
B! contain attention coefficients for co-occurrence correlation and nested correlation,
respectively. The attention function is chosen to be the following,
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afy = DS (F'ft ulmheh,

9
By = Ds (i, ufHah™h, ©)

where f*is a linear function to produce a scalar value, DS is the doubly stochastic nor-
malization operator [45]. DS normalization is a practical method derived from the math-
ematical properties of doubly stochastic matrices. In multi-layer graph neural networks,
where edge feature matrices are repeatedly multiplied across layers, DS normalization
helps stabilize the process. The attention coeflicients for two correlations will be used as
new edge features for the next layer: P! = o, Q! = B’. Following these, the node repre-
sentations of the final layer {/* embody the correlations between entity categories. We
denoted these node representations UL as v = {v],vy,...vuyl, where v; is the category-
driven sentence representation related to the i-th category.

Multi-label classifier

Next, we feed each category-driven sentence representation into a multi-label classifier,
which consists of a two-layer MLP, to predict whether the i-th category entity appears in
the sentence. The predicted result g; is computed as follows,

gi = o (MLP;(vy)). (10)

We apply the multi-label cross entropy loss function to evaluate the category classifica-
tion module. The objective function for each sentence is defined as

M
LC = Z —(qilog(gi) + (1 — g;) log(1 — q))), (11)

14

where ¢; indicates the ground truth for whether the i-th category entity appears in the
sentence. For a sentence containing m entity categories, the category classification mod-
ule will predict m entity categories. The corresponding m category-driven sentence rep-
resentations {s1, 8, . . . S, } are then passed to the matching module to further determine
the boundary of the entity. Note that only the category-driven sentence representations
of the categories predicted by the category classification module are retained for further
processing.

Matching module

For a sentence with k entities belonging to m categories,’

we obtain k boundary-aware
region representations and m category-driven sentence representations. We then con-
struct boundary-category pairs (r;s;) through pairwise combination and feed them into

a biaffine classifier [27] to estimate the boundary-category relevancy rel;; of each pair:
relj = (s/)Twlri +(s;® ) W2 +b, (12)

where @ denotes concatenation operation, W' and W?2 are weight matrices, and b is the
bias. A higher boundary-category relevancy rel;; indicates that the i-th region is more

likely to be a j-th category entity. For all boundary-category pairs, we obtain a relevancy

! Multiple entities might belong to the identical category.
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matrix R = (rely) € Rk>m \Xe then determine whether each boundary-category pair
matches using p;; = o (rel;;). The objective function of the matching module for each

sentence is defined as:

i

where p;; denotes the real label indicating whether the i-th region is a j-th category
entity. Finally, we match the entity category e for each entity boundary (ef‘, e!), and the

recognized entity is denoted as ef’, e, ef.

Training
We define the final multi-task loss as follows,

L=L8+ 5L + J50M, (14)

where 11, A2, and 3 are hyper-parameters of LB in Eq. (5), LS in Eq. (11), and LM in
Eq. (13), respectively. Note that the proposed BEAN detects entity boundaries and pre-
dicts entity categories in parallel. During training, we use all ground-truth labels, ensur-
ing that all components are trained simultaneously.

Results

In this section, we introduce the datasets, baseline methods, and implementation details.
Next, we present the experimental results, discuss the parallel processing strategy, and
analyze the results of ablation studies.

Datasets

To evaluate the performance of our proposed model, we conduct experiments on five
widely used NER datasets. Three datasets involve nested entities: GENIA and Chilean
Waiting List in the biomedical domain, and ACE 2005 in the general domain. Addition-
ally, we experiment on two flat NER datasets in biomedical domain, i.e., JNLPBA and
NCBI Disease, to further validate our approach.

+ GENIA? is a biomedical nested corpus created from 2000 MEDLINE abstracts.
It consists of 18,535 sentences with 56,036 entity mentions, of which over 18% are
nested. In this work, we adopt the same train/dev/test split as Yan et al. [29].

o Chilean Waiting List’ is a Spanish clinical corpus created from real diagnoses of the
Chilean healthcare system. It is composed of 43,730 entity mentions across seven
entity types, with 46.7% of entities involved in nesting. We used the public files
released by the authors [46], which are already tokenized.

« ACE 2005" is a general-domain dataset containing 9189 sentences with 31,720 enti-
ties across seven categories, and about 39% entities are nested. We pre-process the
ACE2005 dataset following Yan et al. [29].

% https://huggingface.co/datasets/Rosenberg/genia.
3 https://zenodo.org/records/5591011.
4 https://catalog.ldc.upenn.edu/LDC2006T06.
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« JNLPBA?® is derived from the GENIA corpus. Only flat, top-level entities are retained
in this dataset. We pre-process and split this dataset following Zhang et al. [34].

« NCBI Disease® is a resource for disease name recognition and concept normaliza-
tion. It is created from 793 PubMed abstracts, containing 6892 flat disease mentions.
We pre-process and split this dataset following Zhang et al. [34].

Baseline methods
To validate the effectiveness of our proposed model for the nested NER task, we com-
pare it with state-of-the-art nested NER methods, including prominent layered-based
and region-based methods. Additionally, to further demonstrate the applicability of our
model to the flat NER task, we conduct comparisons with leading models specifically
designed for identifying flat entities.

Layered-based Nested NER methods. Layered-based methods typically consist of mul-
tiple layers (or levels) to handle nested structures, where each layer identifies a group of
entities of a specific level or length.

+ LayeredNER [12] applies CRF to nested NER. It first encodes the input sentence
using stacked flat LSTM layers and then decodes it into categories by cascaded CRFs.

+ DPyramid [21] is a layered-based model with multiple LSTM-CNN-based decoding
layers. Pyramid recognizes nested entities in a bottom-up manner, starting from the
shortest to the longest.

+ MLC [24] revisits multiple LSTM-CRF modules by incorporating a stacked embed-
ding layer that includes domain-specific word embeddings, character embeddings,
and contextual word embeddings.

Region-based Nested NER methods. Region-based methods generally frame the nested
NER task as a multi-class classification problem, classifying each potential region into
one of several predefined categories.

+ HIT [14] contains a biaffine-based head-tail detector and a BiLSTM-based token
interaction tagger. It models the boundary token and captures the connection rela-
tionship between tokens within a region.

« Biaffine-NER [26] employs a biaffine model on top of a multi-layer BiLSTM, scoring
candidate boundaries and predicting their categories with additional paragraph-level
features.

+ BERT-MRC [32] is a region-based method that leverages word embeddings with
prior knowledge. It uses BERT as the backbone to encode prior knowledge by trans-
forming different entity categories intoto question queries.

+ Triaffine-NER [28] includes triaffine attention and scoring, where triaffine attention
learns region representations and triaffine scoring interacts with boundaries and
region representations for classification.

® https://huggingface.co/datasets/jnlpba/jnlpba.

® https://www.ncbi.nlm.nih.gov/research/bionlp/Data/disease.
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« DiffusionNER [33] converts nested NER into a boundary denoising diffusion process
to identify entity boundaries from noisy spans, including a boundary forward diffu-
sion process and a boundary reverse diffusion process.

+ CNN-NER [29] enhances region-based methods by exploiting the spatial correlation
between neighbor regions through CNN.

+ BINDER [34] is a bi-encoder framework applying contrastive learning, where the bi-
encoder encodes both entity types and text regions using a Transformer.

Flat NER methods. Several advanced NER models are designed specifically for flat enti-
ties and fail to process nested entities. The following are representative biomedical lan-
guage models and LLM-based NER models.

+ BioBERT [47] is a biomedical-specific language model built on general-domain
BERT, continually pre-trained on large-scale biomedical corpora, including PubMed
abstracts and PMC full-text articles.

+ PubMedBERT [48] is a biomedical language model with a BERT architecture. It
starts domain-specific pretraining from scratch using both PubMed abstracts and
PMC full-text articles.

+ BioNER-LLaMA [15] is an LLM-based nested NER method that learns biomedical
knowledge through instruction tuning. It is built on the LLaMA foundation and fine-
tuned on biomedical NER corpora with instruction-following examples.

Implementation details

Consistent with state-of-the-art baselines, we employ pre-trained contextual embed-
dings to initialize our proposed model. For a fair performance comparison [26, 28, 29],
we use BERT-large for ACE 2005 (general domain), and BioBERT-large [47] for GENIA,
JNLPBA, and NCBI Disease (biomedical domain). For the Chilean Waiting List, where
BERT and BioBERT are unavailable for the Spanish biomedical domain, we use the char-
acter-level language model Flair [49]. This choice is especially useful for handling mis-
spellings and out-of-vocabulary words in domain-specific text. Our experimental setup
for this dataset primarily follows Rojas et al. [24].

Additionally, the hyperparameters of our model are chosen by performing a random
search, selecting the optimal configuration based on development set performance.
We report the main hyperparameters used in our experiments. Each linear layer in the
boundary detection module has a depth of 1 and a hidden size of 300. In the category
classification module, we use 2 layers of EGNN with dropout [50] rate 0.6 to both input
features and normalized attention coefficients. The MLP in the multi-label classifier has
a depth of 2 and a hidden size of 300. The focusing parameter y is set to 2, and the g;;
is set to 0.7. The weights 41, A2, and 43 are set to 0.4, 0.4, and 0.2, respectively. The ini-
tial learning rate is set to 0.008 and gradually decreases as the training step increases.
We apply an early stopping strategy with a window size of 40 across all experiments.
The batch size is set to 16 for all datasets at the sentence level. Our model is imple-
mented using PyTorch and trained with the Adam optimizer. All our experiments are
performed on NVIDIA RTX 4090 GPU and Intel i9-13900K CPU. We monitor training
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Table 1 Main results on GENIA and ACE 2005 datasets for nested NER task

Model LM GENIA ACE 2005

P(%) R(%) F(%) P(%) R(%) F(%)

Layered-based methods

LayeredNER - 78.50 71.30 74.70 74.20 70.30 72.20
Pyramid BioB,, ;+F/ALB +B, 80.31 78.33 79.31 85.30 8740 86.34
MLC B +F 80.10 75.20 77.60 - - -
Region-based methods

HIT - 7815 7444 76.23 78.18 7535 76.74
Biaffine-NER B, 81.80 79.30 80.50 85.20 85.60 85.40
BERT-MRC B, 81.14 76.82 7892 87.16 86.59 86.88
Triaffine-NER B./BioB,, , 8042 8206 81.23 86.70 86.94 86.82
DiffusionNER BioB, /B, 82.10 80.97 81.53 86.15 87.72 86.93
CNN-NER BioBg/B, 8152 7917 80.33 86.26 87.56 86.91
BINDER BioB, /B, 83.40 78.30 80.80 89.60 90.50 90.00
Our Bean BioB, /B, 82.38 81.04 81.71 87.02 87.66 87.34

B: BERT, BioB: BioBERT, ALB: ALBERT, F: Flair, - : large, -5: base. This table does not list traditional word embeddings (e.g.,
Glove, word2vet)

Table 2 Main results on Chilean Waiting List (CWL) dataset for nested NER task

Model LM CWL

P(%) R(%) F(%)

Layered-based methods

LayeredNER - 75.0 72.8 739
Pyramid Flair 80.10 77.20 78.60
MLC Flair 80.60 80.50 80.50
Region-based methods

HIT Flair 7743 76.85 77.14
Biaffine-NER BERT-base 7870 70.80 74.50
Our Bean Flair 80.48 80.57 80.53

performance on the development set and report final results on the test set. To provide
an estimate of the computational cost, training our model requires approximately four
hours for each dataset.

Main results

We employ the precision (P), recall (R), and F1-score (F) to evaluate the performance of
each method. Table 1 presents experimental results for the English datasets GENIA and
ACE 2005, while Table 2 reports results for the Spanish dataset Chilean Waiting List.
These tables provide a comprehensive evaluation of the model for identifying nested
entities across different languages and domains. As shown in Tables 1 and 2, our BEAN
achieves state-of-the-art performance across all datasets. BEAN achieves an F1-score of
81.71% and a recall of 81.04% on GENIA, surpassing all baseline methods. Specifically, it
outperforms region-based approaches by 0.19—5.48% in F1-score. These results demon-
strate the effectiveness of our proposed entity category learning module in recognizing
biomedical named entities. On the ACE 2005 dataset, BEAN achieves competitive results
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Table 3 Results of entities for each category on GENIA test dataset

Category P(%) R(%) F(%)
DNA 80.04 79.75 79.89
RNA 90.96 86.70 88.78
Pretein 83.85 82.94 83.39
Cell line 8233 76.78 79.46
Cell type 7929 7841 78.85
Overall 8238 81.04 81.71

Table 4 Main results on JNLPBA and NCBI Disease datasets for flat BioNER task

Model LM JNLPBA NCBI disease

P(%) R(%) F(%) P(%) R(%) F(%)
BioBERT - 72.68 83.21 7759 89.04 89.69 89.36
PubMedBERT - - - 79.16 - - 88.04
BioNER-LLaMA LLaMA-7B - - - 87.40 88.60 88.00
BINDER PubMedBERT-base - - 80.30 - - 90.90
Our Bean BioBERT 7497 86.81 80.46 89.71 91.06 90.38

with 87.34% F1-score, ranking second only to BINDER. A major reason for BINDER’s
superior performance is that it utilizes the ACE 2004 dataset as additional training data,
enabling it to achieve superior performance compared to other methods on the ACE
2005. On the Chilean Waiting List, BEAN demonstrates superior performance in both
recall and F1-score, while maintaining comparable precision. Notably, BEAN attains the
highest recall on both the GENIA and Chilean Waiting List datasets, indicating that it
rarely filters out valid entities. This improvement is likely due to the fact that our model
performs boundary detection and category classification in parallel, effectively mitigat-
ing error propagation in biomedical entity recognition.

Specifically, Table 3 shows the performance of each category on GENIA. The proposed
BEAN achieves the best performance in recognizing the entities of the RNA category.
The reason for this might be that entities related to RNA often end with either “mRNA”
or “RNA” These two words are informative indicators of RNA entities. BEAN yields
83.39% F1-score on the protein category, which accounts for more than half of the enti-
ties in GENIA.

We also conduct experiments on two biomedical NER datasets, INLPBA and NCBI
Disease, which contain only flat entities. The primary goal is to demonstrate the applica-
bility of BEAN to flat entities and compare it with existing biomedical language models
and LLM-based NER models, which can only handle non-nested entities. The experi-
mental results are reported in Table 4. Our BEAN achieves the highest performance on
the JNLPBA dataset, surpassing its strongest competitor BINDER by 0.16% in F1-score
and outperforming BioBERT by 2.87%. On the NCBI Disease dataset, BEAN achieves
a competitive F1-score of 90.38%, trailing BINDER, the top performer, by just 0.52%.
However, our model significantly outperforms the LLM-based BioNER-LLaMA, with
gains of 2.31% in precision, 2.46% in recall, and 2.38% in F1l-score. Considering that
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BioNER-LLaMA is built on the LLaMA foundation with 7B parameters, our model,
which adopts BioBERT, underscores its efficiency. Overall, our results confirm that
processing boundary detection and category classification in parallel is still an effective
approach for flat NER.

Discussion

Discussion of parallel processing strategy

Our proposed model BEAN is designed to parallelize boundary detection and category
classification. To evaluate the necessity of this strategy, we conduct comparative experi-
ments on the GENIA and Chilean Waiting List datasets.

Analysis of Learning Entity Boundary Knowledge. Our model includes a boundary
detection module specifically designed to predict entity boundaries in sentences. To
assess the importance of learning entity boundaries, we use the category classification
module to independently perform the BioNER task. Instead of using the results of the
boundary detection module, we provide entity boundaries to the category classification
module in two strategies: a simple enumeration strategy that lists all possible regions
(denoted as “BEAN without boundary knowledge”) and a golden boundary strategy that
uses golden entity boundary labels (denoted as “BEAN with golden boundary”). The
experimental results are presented in Fig. 3. BEAN without boundary knowledge cannot
achieve satisfactory recognition performance on either dataset. One possible explana-
tion is that the lack of explicit boundaries might lead to similar representations in many
regions, thus confusing entity recognition. In contrast, BEAN with golden boundary per-
forms exceptionally well on both datasets, significantly outperforming BEAN without
boundary knowledge. These results validate the importance of explicit boundary infor-
mation for effectively identifying nested entities. While BEAN with golden boundary
performs slightly better, BEAN remains highly competitive.

Analysis of Learning Entity Category Knowledge. Our model uses the category clas-
sification module to assign entity categories in sentences. To assess the importance of
learning entity boundary information, we conduct experiments in which the bound-
ary detection module performs the entire BioNER task independently. For compari-
son, we modify the boundary detection module to predict region categories directly
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Table 5 Performance of the boundary detection based on different structures

Structure GENIA Chilean
waiting
list

Tagging detection 8243 81.22

Token-wise detection 82.77 82.07

Biaffine detection 84.69 82.86

Our boundary detection 85.94 84.23

All numbers are F1-scores (%)

(denoted as “BEAN without category knowledge”). Additionally, we implement a
golden category strategy, replacing the category classification module’s predictions
with golden entity category labels (denoted as “BEAN with golden category”). The
corresponding experimental results are shown in Fig. 4. BEAN with golden category
yields the best performance, notably surpassing BEAN without category knowledge.
These results demonstrate that the NER model can achieve further breakthroughs if
it captures more category information. Even without golden category labels, BEAN
still delivers competitive performance. This corroborates the effectiveness of our pro-
posed category classification module in learning entity category information.

Ablation study
We conduct ablation experiments to assess the contribution of key components of our
proposed BEAN. The experimental results are shown in Tables 5 and 6.

Table 6 Performance of category classification for each category (CL: Cell line, CT: Cell type) on
GENIA test dataset based on different structures

Structure DNA RNA Protein CcL CcT Avg

CCw/oCS 89.52 87.57 91.19 84.32 85.46 89.04
CCw/oCR 91.21 89.30 92.06 85.10 87.55 9033
Our CC 91.82 90.05 92.80 86.67 88.79 91.21

All numbers are F1-scores (%)

Page 16 of 20
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Effectiveness of Boundary Detection Module. The boundary detection module in our
model comprises a head-tail encoder and a triaffine classifier. To evaluate the boundary
detection module, we test the following variants on the GENIA and Chilean Waiting
List datasets: (1) tagging detection: predicts boundary labels with BIEO tagging strategy,
then matches each token labeled “B” to the token labeled “E” to form candidate entity
regions; (2) token-wise detection: predicts start and end positions with two token-wise
classifiers, then forms valid regions where the end position is larger than the start posi-
tion; (3) biaffine detection: retains the head-tail encoder but replaces the triaffine clas-
sifier with a biaffine classifier, which lacks global contextualized representation. From
Table 5, we observe that variants with the head-tail encoder outperform tagging detec-
tion and token-wise detection. These results suggest that separately modeling boundary-
head and boundary-tail knowledge for each token enhances entity boundary detection.
Additionally, incorporating sentence-level textual information significantly improves
performance over the biaffine detection. These findings demonstrate the crucial role of
textual information in accurate boundary detection.

Effectiveness of Category Classification Module. In our model, the category classifica-
tion module learns entity category knowledge by leveraging category-specific and cat-
egory-correlation features. To illustrate the effectiveness of our method, we conduct a
sentence-level multi-category classification task on the GENIA dataset using different
network structures: (1) CC w/o CS: replaces the category-specific attention encoder with
a traditional self-attention mechanism; (2) CC w/o CR: removes the category-correlation
graph encoder from the category classification module. Here, CC, CS, and CR are the
abbreviations for category classification, category-specific attention and category-corre-
lation graph, respectively. Table 6 shows that our category classification module obtains
the best performance compared with CC w/o CS and CC w/o CR. This suggests that
both category-specific and category-correlation features are crucial for improving cat-
egory classification. Additionally, CC w/o CR outperforms CC w/o CS, indicating that
the improvements provided by category-specific features are even more pronounced.
We plan to explore ways to better utilize category-correlation features in the future.

Conclusions
In this paper, we propose a novel BioNER model, BEAN, that parallelizes two objec-
tives of the NER task: detecting entity boundaries and classifying entity categories.
Specifically, the boundary detection module leverages the head-tail pair and textual
information to predict entity boundaries, producing boundary-aware region-level rep-
resentations. The category classification module learns category-specific features and
integrates category-correlation features to perform classification, preserving category-
driven sentence-level representations. Finally, the matching module performs entity rec-
ognition by combining these two types of representations. Extensive experiments on five
public datasets (including four BioNER datasets and one general NER dataset) demon-
strate that our model achieves significant improvements over state-of-the-art models.

In future work, we plan to explore more efficient training strategies. We found experi-
mentally that the loss of our fusion module is difficult to converge in the early stages of
training. An effective manner is to prioritize training the two modules responsible for
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learning boundary and category knowledge, introducing the fusion module later in the
process. Additionally, our model struggles with handling discontinuous entities or novel
entity categories as they continuously emerge. We plan to explore these more realistic
scenarios in future work.
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