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Featured Application: Our work provides reliable technical support for the information extraction
of pig diseases in Chinese. It can be applied to other domain-specific fields, thereby facilitating
seamless adaptation for named entity identification across diverse contexts.

Abstract: Named Entity Recognition (NER) is a fundamental and pivotal stage in the development
of various knowledge-based support systems, including knowledge retrieval and question-
answering systems. In the domain of pig diseases, Chinese NER models encounter several
challenges such as the scarcity of annotated data, domain-specific vocabulary, diverse entity
categories, and ambiguous entity boundaries. To address these challenges, we propose PDCNER, a
Pig Disease Chinese Named Entity Recognition method leveraging lexicon-enhanced BERT and
contrastive learning. Firstly, we construct a domain-specific lexicon and pre-train word embeddings
in the pig disease domain. Secondly, we integrate lexicon information of pig diseases into the lower
layers of BERT using a Lexicon Adapter layer, which employs char-word pair sequences. Thirdly,
to enhance feature representation, we propose a lexicon-enhanced contrastive loss layer on top of
BERT. Finally, a Conditional Random Field (CRF) layer is employed as the model’s decoder.
Experimental results show that our proposed model demonstrates superior performance over
several mainstream models, achieving a precision of 87.76%, a recall of 86.97%, and an F1-score of
87.36%. The proposed model outperforms BERT-BiLSTM-CRF and LEBERT by 14.05% and 6.8%,
respectively, with only 10% of the samples available, showcasing its robustness in data scarcity
scenarios. Furthermore, the model exhibits generalizability across publicly available datasets. Our
work provides reliable technical support for the information extraction of pig diseases in Chinese
and can be easily extended to other domains, thereby facilitating seamless adaptation for named
entity identification across diverse contexts. The codes have been open-sourced at
https://github.com/tufeifei923/pdcner.

Keywords: pig disease; Chinese named entity recognition; lexicon enhanced BERT; contrastive
learning; small sample

1. Introduction

In the context of large-scale and intensive pig breeding practices, it is of great significance to
establish intelligent diagnostic and preventive measures for pig diseases. Early prevention and timely
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diagnosis are pivotal for maintaining swine health and mitigating potential losses. Named Entity
Recognition (NER) assumes a critical role in this endeavor by identifying specific entities within
textual corpora, serving as the cornerstone for numerous downstream tasks in natural language
processing. These tasks include but are not limited to information retrieval, intelligent question
answering, and knowledge graph construction. However, the existing entity recognition methods
mostly focus on recognition of person, location and organization, etc. Given the pressing need to
bolster disease surveillance and management in swine, there arises an urgent imperative to develop
specialized NER methodologies tailored to the specific lexicon of pig disease terminology in Chinese.

The early NER methods include rule-based recognition methods and statistics-based machine
learning recognition methods. In recent years, with the rapid development of neural networks,
methods of deep learning are more suitable for the task of NER and become the mainstream method
[1-5].

The rule-based NER method requires the rules which are formulated manually by experts. This
method has high accuracy when dealing with small datasets, but it is difficult to expand it on a large
scale and apply it in different domains because the rules are based on manual construction, which is
a time-consuming task [6].

The statistics-based NER method select the appropriate training model according to the specific
research background. Commonly used statistical models include hidden Markov models(HMM),
conditional random field model(CRF), branch support vector machine (SVM) and maximum entropy
model (ME), etc. Compared to the rule-based model, this method omits many tedious rule designs
and are fast, portable and convenient to use [7,8]. However, the statistics-based method requires a
large number of manually labeled datasets to train model parameters, which is gradually replaced
by deep learning method.

The deep learning based NER method can learn more complex features and achieve good results.
In contrast to the preceding two approaches, deep learning-based NER methods do not necessitate
an abundance of artificial features. Therefore, the deep learning-based methods has been widely
concerned by researchers. Common deep learning models include convolutional neural network
(CNN), recurrent neural network (RNN), graph neural network (GNN), deep neural network (DNN),
generative adversarial network (GAN), long short-term memory network (LSTM), Transformer and
BERT/(bi-directional encode representation from transformers) and so on [1,9]. Compared to the rule-
based and statistics-based models, deep learning models are dominant and achieve state-of-the-art
results in NER. However, the scalability of deep learning models applied in specific domain remains
a significant challenge.

The lexicon-based NER method can effectively avoid segmentation errors and improve the
accuracy of entity boundary recognition by integrating potential word information into feature
vectors. Currently, a large number of lexicon enhanced Chinese entity extraction methods have been
proposed, with better performance than methods based on character embedding or word embedding.
Lattice-LSTM [10] has achieved new benchmark results on several public Chinese NER datasets.
However, the Lattice-LSTM model architecture is complex, which limits its application in many
industrial areas requiring real-time NER responses. A convolutional neural network based method
that incorporates lexicons using a rethinking mechanism was proposed, which can model all the
characters and potential words that match the sentence in parallel [11]. A lexicon-based graph neural
network with global semantics was proposed to tackle word ambiguities. In this model, the lexicon
knowledge is used to connect characters to capture the local composition, while a global relay node
can capture global sentence semantics and long-range dependency [12]. A Lexicon Enhanced BERT
(LEBERT) for Chinese sequence labeling was put forward [13]. The model integrates external lexicon
knowledge into BERT layers directly by a Lexicon Adapter layer and achieves better performance
than both lexicon enhanced models and BERT baseline in Chinese datasets. More character-word
association models have been proposed, such as SoftLexicon [14], FLAT [15], PLTE [16].

The pre-trained model-based NER method effectively leverages deep bidirectional contextual
information. It demonstrates superior performance with shorter training times, reduced labeling data
requirements, and improved results compared to traditional models. Currently, BERT [17] is widely
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used, followed by ELMo [18], RoBERTA [19], ERNIE [20], ALBERT [21], and others. At present, the

pre-trained models and lexicon are integrated by utilizing their respective strengths. Li proposed

Flat-LAttice Transformer for Chinese NER, which converts the lattice structure into a flat structure

consisting of spans [15]. Li proposed the LEBERT-BiLSTM-CRF model for elementary mathematics

text NER, which integrates external lexicon knowledge into BERT layers directly by a lexicon adapter

layer and performs better than other NER models [22].

Contrastive learning acquires feature representations of samples by comparing positive and
negative samples in feature space. This approach has garnered significant attention in the fields of
computer vision (CV) and natural language processing (NLP). ConSERT (Contrastive Framework for
Self-supervised Sentiment Representation Transfer) and SimCSE(Simple Contrastive Learning of
Sentiment Embedding) model, which use different data enhancement methods and comparative
learning loss function to learn the representation of sentences, obtain SOTA results on the task of text
semantic similarity [23,24]. COntrastive learning with Prompt guiding for few-shot NER (COPNER)
was proposed and outperforms state-of-the-art models with a significant margin in most cases. This
method introduces category specific words COPNER composed of prompts as supervised signals for
contrastive learning to optimize entity token representation [25]. Moreover, Named Entity
Recognition in low-resource scenarios based on contrastive learning has also received considerable
attention [26-28]. He proposed a novel prompt-based contrastive learning method for few-shot NER
without template construction and label word mappings [26]. Li proposed a multi-task learning
framework CLINER for Few-Shot NER [27].

In the field of livestock husbandry, text mining, Named Entity Recognition (NER), intelligent
question-and-answer systems, and artificial intelligence (AI) technologies have been gradually
applied. However, this field faces numerous challenges, including the prevalence of technical terms,
complex knowledge structures, fine knowledge granularity, and a lack of labeled datasets [29]. Seok
created a BERT-DIS-NER model that adds a CRF layer to BERT for the disease named entity
recognition and used syllable unit-based named entity recognition that can reflect the characteristics
of disease names. The F1-score is 0.81 trained with human data and fine-tuned with animal data [30].
Kung designed and implemented an intelligent knowledge question-and-answer system for pig
farming based on bi-GRU and SNN methods, combined with the LTSM deep-learning method [31].

NER methods have been found extensive applications in the agricultural domain and other
vertical fields [32-37]. Nonetheless, there remains a apparent gap in current research concerning the
accurate recognition of named entities within the domain of pig diseases in Chinese. Pig disease data
is characterized by complex entities, fuzzy boundaries and domain-specific vocabulary, which
encompasses specialized terminologies drawn from the domains of animal husbandry and veterinary
science.

Furthermore, the resources in the field of pig diseases are confined and dispersed, exacerbating
the scarcity of publicly available benchmark corpora and labeled datasets specific to this domain in
Chinese. While considerable research has been devoted to NER systems in human medicine [38,39],
it remains impractical to directly transfer such models to the domain of pig diseases due to the
domain-specific rules and vocabulary governing this domain. Hence, named entity recognition in the
field of pig diseases needs to be further explored. A model of Pig Disease Chinese Named Entity
Recognition(PDCNER) is proposed in this paper. The main contributions of the paper are as follows:
(1) We propose a simple yet effective NER model that integrates enhanced lexicon and contrastive

learning for the complex pig disease domain, making the model more sensitive to texts in this

domain and improving predictions for entities. The lexicon-enhanced BERT facilitates the direct
integration of external lexicon knowledge of pig diseases into BERT layers via a Lexicon Adapter
layer.

(2) To enrich the semantic feature representation and improve performance under data scarcity
conditions, we propose a lexicon-enhanced contrastive loss layer on top of the BERT encoder.
Experimental results on small sample scenarios and common public datasets demonstrate that
our model outperforms other models.
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(3) Given the lack of an annotated corpus for the pig disease domain, we collected and annotated a
new Chinese corpus and annotated datasets consisting of 7,518 entities. To address the
insensitivity of word segmentation caused by the specialization of the pig disease domain, we
constructed a lexicon for identifying specific terms in pig diseases using frequency statistics
methods under the guidance of veterinarians.

The remainder of the paper is organized as follows: Section 2 introduces the data set and method
proposed in this paper. Section 3 provides a detailed description of the our experiments and analyzes

the results. Finally, the conclusion are presented in Section 4.

2. Materials and Methods
2.1. Materials
2.1.1. Corpus Collection and Pre-Processing

Due to the lack of NER public benchmark datasets in pig disease domain, a new Chinese pig
disease corpus was constructed and annotated under the guidance of animal disease experts and
veterinarians. To ensure the quality of data, we collected information on pig diseases from
professional books, published standards, Baidu Encyclopedia and official websites. The data source
details are mentioned in Appendix A.

After the data acquisition, we performed basic data per-processing steps. Firstly, the optical
character recognition(OCR) technology was used to convert the books and standards into text format.
Secondly, useless data such as garbled characters or special symbols, were manually deleted and
wrong words were modified in raw text. Thirdly, the duplicate data and invalid data were removed.
Ultimately, an comprehensive and effective text corpus of containing 1.45 million characters was
obtained(Corpus I of pig disease).

2.1.2. Corpus Annotation

152,596 characters were selected from Corpus I to form Corpus II for entity labeling. Label Studio
tool and BIEO labeling method were used to label entities. B represents the start position of the entity,
I represents the inside of the entity, E represents the end position of the entity, and O represents the
other. Six types of pig disease such as pig type, disease name, body part, symptom, medicine,
prevention and control measures were labeled in the corpus text. Finally, the annotated pig disease
corpus containing 7518 entities was obtained under the guidance of pig disease experts. The statistical
information of labeled entities is presented in Table 1.

Table 1. Statistics of annotated entities.

Lo Proportion of
Category Category definition Examples Numbers the total
f diff f Kk P
Type Name of di erent types o UEYR B, ﬁ% (Pregnant 735 9.78%
pig sows,piglets)
== fi —H—:),( .
Disease Name of pig disease %ﬂ&,’ Ml (Pc')rcme 958 12.74%
erysipelas, pleurisy)
. ‘\‘ uA é
Body parts Body position, organs and DJIF, B4 (Heart, 5063 27 44%
system of pigs Macrophages)
S, TN
Symptom External perf(.)rmance Ui, PZUE, KA (Asthma, 5973 39.55%
caused by diseases cough,swollen)
. . . \ = P
Medicine Medlcatl(?ns for treating *Eﬂé% 2, EM‘%% ' 789 10.49%
diseases (Timicosin, clindamycin)
Total 7518 100%

2.1.3. Construction of Lexicon and Pre-Training Word Embedding
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We constructed lexicon in pig disease domain based on Corpus Il and professional books. Firstly,
the most commonly used professional terms were extracted from the Corpus Il by word segmentation
and frequency statistics. Then, some professional words in the glossary of professional books were
manually added to the dictionary under the guidance of veterinarians, such as “J | W& Il AT 5 97
(Haemophilus parasuis)”,” %1% #: (Thiabendazole)”,” PJBi K E% i Ht (Entamoeba spp)”. Finally,
the pig disease lexicon comprising 2391 professional terms was obtained for understanding the
specific words and technical term. Subsequently, this lexicon was incorporated into the built-in
dictionary of Jieba to avoid incorrect segmentation of words.

To obtain a high-quality embedded representation of pig diseases, we trained Corpus I and the
lexicon. The Gensim tool was used to train Word2Vec model with a word vector dimension of 200.
The construction process of the lexicon and the pre-training of word embeddings are illustrated in

Figure 1.
Corpus |
1,45 million charaters
Gensim word
J extarct eme ddlIlgS
Corpus II word _ high-frequency
15‘(})‘ }hf:rlsﬂ{ud segmentation ———> Yogabulary by_ lexicon of pig Gensim
characters by Jieba statistics calculation P
label add to the 2391 words
built-in
dictionary of the glossary of _Flidance of
. Jieba professional books  veterinarians
7518 entities
Figure 1. Construction process of lexicon and pre-training word embedding.
2.2. Methods

The structure of PDCNER model is shown in Figure 2. Firstly, the Chinese sentences in the pig
disease corpus are converted into a character-words pair sequence, and both Chinese character
features and lexicon features are used as inputs. Secondly, a lexicon adapter is added between
Transformer layers, which is used to dynamically extract the most relevant matching items. The word
of each character uses the bi-linear attention mechanism from character to word, and the lexicon
adapter is applied between adjacent Transformer in BERT. The lexicon features and BERT
representations are fully interacted through multi-layer encoders in BERT, so that lexicon knowledge
can be effectively integrated into BERT. The contrastive loss layer is above the Lexicon Enhanced
BERT encoder, ensuring that similar samples are as close as possible, while dissimilar samples are as
far apart as possible. Embeddings of the same type of entity are treated as positive samples, whereas
embeddings of different types of entities are treated as negative samples. Considering the correlation
between consecutive labels, a Conditional Random Field (CRF) layer is employed to label the
sequence.
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CRF B-type M-type M-type E-type O O O B-symptom E-symptom

tr t fr t t 1
— T » / \\4\‘\\‘ /—\v Repulsion

Contrastive Loss Layer ¥ L/ i} B ® = i i ‘.~ Attraction
YHREE
-~ = K| e g (Pregnant sows)
t 1 t BEE
(1— ) « Transformer (usually experience)
4 =
Lexicon (miscarriage)
‘ Adapter <
Lexicon Enhanced BERT —< T
Lexicon |
Adapter ¢ ‘
Lexicon 4
ke Adapter [ ‘
Transformer
~ A A
\ t
Embedding Layer BERT Embedding Layer Word Embedding
7y A A
. f f
€1 © Cn WS WSy | .o WS,
- Cha rds —
Input Layer Bt g gng matched YOI

sentence from pig disease of Chinese corpus
Figure 2. Structure of PDCNER.

2.2.2. Char-Words Pair Sequence

According to the Lexicon Enhanced BERT in [13], we firstly expand the character sequence into
a sequence of character-word pairs for applying lexical information of pig disease.

A Chinese sentence with n characters, S¢ = {cy, ¢, -+, ¢, }. We identify all potential words within
the sentence by comparing the character sequence with the lexicon of pig disease. To achieve this, we
first create a Trie data structure based on the lexicon. Then we examine all character subsequences
within the sentence, matching them with the Trie to identify all potential words. For instance, the
truncated sentence “IEYNIEIE (African swine fever)” as an example. We can identify five distinct
words: “JEI (Africa)”, “JEISE (African pig)”, “J&IE (swine fever)”, “Ji (epidemic disease)” and
“JEPNFE I (African swine fever)”. In the field of pig disease, African swine fever is a complete disease
name and should not be separated. Following this, for each matched word, we associate it with the
characters that compose it. In conclusion, we pair each character with its associated words and
transform the Chinese sentence into a sequence of character-word pairs, represented as:

Scw = {(c1, wsy), (€2, WS3),*+, (Cn, WSp)} (1)
where c; denotes the i-th character in the sentence, and ws; signifies the words matched and
assigned to c;.
2.2.3. Lexicon Adapter

Using the lexicon adapter proposed in LEBERT [13], the pig disease lexicon information is
directly injected into BERT for integrating lexical features.

For the i-th character in a character-word sequence, the input is (h{,x{"®), h{ represents the
character vector, the output of a transformation layer in BERT. x{® = {x{},x{}, ", X{m} represents a

group of words embeddings. The j-th word in x{*® is represented as following:

Xy = e (wy) )

where e" is the pre-trained word embedding list and wj; represents the j-th word in ws;.
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To align these two different representations, a nonlinear transformation is used for each word
vector:

viy = W, (tanh(Wyx +by)) + b, ®)

where W; € Rd*dw W, € Rde*de = d and d,. represent the dimension of word embedding and
BERT’s hidden size respectively. b;and b, are scaler bias.

Each character is associated with a variety of words, but the degree of contribution from each
word differs. For instance, in the field of pig diseases, the words “JE# (Africa)” and “J&¥& (swine
fever)” are more important than “JE#Hf# (African pigs)” and “Ji (epidemic disease)”.In order to find
the most relevant words, the character-word attention mechanism is used. The correlation of each
word is calculated as follows:

aj = SOftmaX(hiCWatmviT) (4)

where W, € R9¥9¢ s the bi-linear attention mechanism. The all v} assigned to i-th character V; =
(vi1, -+, Vim), where m is the total number of assigned words.
Lastly, the lexicon information is integrated into the vector representation of the character.

m
i‘ii = hlc + z aijvi‘?' (5)
j=1

2.2.4. Lexicon Enhanced BERT

The lexicon adapter is attached between transformer layers in BERT so that the knowledge of
pig disease lexicon can be injected into BERT. A sequence of characters {c;, ¢;,**-,c,} is input into the
input embedding of BERT and then E = {e;,e,,-:-, e,} is obtained by adding token, segmentation
and position embedding. After that, E is input into the Transformer encoders. Each layer is as follows.

G = LayerNormalization (H"1 + Multiheadattention(Hl'1))

(6)
H! = LayerNormalization(G + FFN(G))

where H' = {h!,h}, -, hl} represents the output of I-th layer and H°=E. FFN represents the two-layer
feed-forward network with RELU as the hidden activation function.

The lexicon information were input between the k-th and (k+1)-th layer Transformer. HX =
{hX, hk, -+, X} are got first after k consecutive Transformers layers. Subsequently, each character-
word pair (h¥,x}"s) was processed through the lexicon adapter to obtain a new hidden layer
representation and the iy, pair was converted into A accordingly.

h¥ = Lexicon Adapter(h¥, x"s) @

HX = {h}, K, -+, KK} are input into the remaining (L-K) Transformer as there are 12 layers of
Transformers in BERT. Finally, the output of L-th Transformer H"“ used for the name entity
recognition task is obtained.

2.2.5. Lexicon Enhanced Contrastive Learning

The normalized temperature-scaled cross-entropy loss, denoted as NT-Xent was used as our
contrastive loss function [40]. For each training iteration, we randomly select N texts from the datasets
to form a mini-batch, which yields 2N feature representations. The model is then trained to identify
each data point’s corresponding pair among the 2(N-1) negative samples present within the batch.

o exp(s(r;, r;)/T)
N sy €xp(s(ri, 1) /T)

where 1i, 1rj represent the embedding for entities of the same type, whereas i, rk denote the embedding
for entities of different types. s() refers to the cosine similarity function, where T acts as the

Li,j = —lo (8)
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temperature parameter, and I serves as an indicator function. Ultimately, we calculate the final
contrastive loss by averaging the classification losses of all 2N instances within the batch.

3. Experiment and Results Analysis

3.1. Evaluation

To identify a named entity for pig diseases, it is necessary to correctly identify both the
boundaries of the entity and its corresponding categories. The proposed PDCNER model is evaluated
using standard measures, Precision(P), Recall(R), and F1, which are computed using the Egs. (9), (10)

and (11).
P=—TP 100% )
R=—" % 100% (10)
Tp + F,
F1 =225 100% (11)

where Tp represents the number of positive samples that are accurately predicted, while Fp denotes
the count of positive samples that are inaccurately predicted. Additionally, Fn stands for the number
of negative samples that are incorrectly predicted.

3.2. Experimental Settings

Experiments. The hardware environment that the experimental research relied on was Intel(R)
Xeon(R) Silver4116 CPU@2.10GHz, GPU@NVIDIA Tesla P100. The software environment was
Python3.8 and tensorflow 2.0.0. The model parameters were set as follows: based on BERTsase (Devlin
et al., 2019)[17] version, with 12 transformer layers, 768 hidden layers, and 12 multi-head attention
mechanisms. The lexicon corresponds to the vocabulary of pre-trained word embeddings in field of
pig disease. During the training process, we incorporate the Lexicon Adapter between the first and
second Transformer layers of BERT [13]. Meanwhile, the parameters of BERT and the pre-trained
word embedding were fine-tuned.

Hyperparameters.The learning rate was le-5, the training batch_size was 16, the dropout was
0.5, the optimizer chose Adam, and the number of iterations was 100.

Dataset.This study randomly divided the datasets into training, validation, and test sets
according to a ratio of 7:2:1.

3.3. Experiment Results and Analysis
3.3.1. Comparison with Baseline Models

We evaluate the effectiveness of PDCNER against widely-used NER models on the pig disease
corpus. The overall findings of our experiments are presented in Table 2.

According to Table 2, several inferences can be drawn: Firstly, the F1 scores of pre-trained
models are higher than those of models without pre-trained by more than 10%, such as BILSTM_CRF
model. This indicates that pre-trained models, with their deeper network structures, have learned
more language features and enhanced their ability to recognize entities. Secondly, the pre-trained
model incorporating lexicon information demonstrates better performance than models without
lexicon integration. This improvement is primarily due to the integration of dictionary information
specific to the pig disease domain, which effectively captures entity boundaries and word
information. Thirdly, the recognition performance of our model significantly outperforms other
models, achieving a micro-average Fl-score of 87.36% in recognizing five major entities. This
experimental result indicates that our model can effectively improve entity recognition performance
in the domain of pig disease.

(1) Effectiveness of the lexicon enhanced BERT
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Comparative analysis with the results of BERT-BiLSTM-CRF reveals notable improvement in
the precision, recall, and F1-score of PDCNER, with improvements of 7.47 percentage points, 2.24
percentage points, and 4.91 percentage points, respectively. PDCNER leverages the lexicon adapter
to make full use of pig disease feature information, seamlessly integrating it into the BERT
architecture. Specifically, the Lexicon Adapter is attached between the 1-st and 2-nd transformers
within BERT, facilitating the infusion of pig disease lexicon knowledge into the model’s
representation.
(2) Effectiveness of the contrastive learning

Through comparative evaluation utilizing the same datasets and downstream model, PDCNER
demonstrates superior accuracy in identifying pig disease entities compared to LEBERT, exhibiting
improvements in precision, recall, and F1-score by 0.58 percentage points, 0.52 percentage points,
and 0.55 percentage points, respectively. This underscores the efficacy of lexicon enhanced
contrastive learning, which improve the model’s capacity for semantic representation of text on the
basis of the normalized temperature-scaled cross-entropy loss function. This loss function enhances
the model’s ability to identify similar entities by minimizing the distance between positive samples
(i.e., similar or related samples) and simultaneously maximizing the distance from negative samples
(i.e., unrelated or different types of samples). Consequently, this reduces the risk of the model
incorrectly classifying different entities. Furthermore, it allows the model to adjust the weighting of
distance measurements, enabling the model to focus more on distinguishing subtle differences
between different entities during the training process.

Table 2. Comparison of experimental results for different NER models.

Model category Model P(%) R(%) F1(%)
baseline model without pre- BILSTM_CRF 7158 6751  69.49
trained

BERT-BiLSTM-CRF 80.29 84.73 82.45
BERT-CRF 81.62 84.39 82.98
pre-trained model BERT-CNN-CRF 82.44 80.55 81.48
BERT-WWM-ext-BiLSTM-CRF  81.73 85.47 83.56
RoBERTa-BiLSTM-CRF 81.64 85.31 83.43
BERT-BILSTM CRIE- 8299 8473  83.85

pre-trained model with lexicon SoftLexicon
LEBERT 87.18 86.45 86.81
PDCNER(ours) 87.76 86.97 87.36

3.3.2. The Recognition Effect on Different Entities

For better understanding of the proposed approach, we evaluate the PDCNER model separately
on the five entities type, disease, body parts, symptom and medicine, which are presented in Figure.3.

We found that the F1-scores for type, disease, and medicine all exceeded 90%, with the F1-score
for type being the highest at 95.41%. Conversely, the lowest F1-score was for the entity of symptom,
at 80.92%. The primary reason for this disparity is that the boundaries of pig type and disease entities
are very clear, whereas the boundaries of symptom entities are more ambiguous. For instance, type
entities typically end with terms like ‘pigs (}#)" (e.g., sick pigs (‘i %), conservation pigs (fi & 4#),
fattening pigs (& IL#%)), while disease entities usually end with terms such as ‘disease (),
‘inflammation (#¢),” and ‘plague (J&)" (e.g., Porcine blue ear disease (¥ # H-i), Necrotic enteritis (J&
TEVEN %), African swine fever (JE#14#% Ji)). In contrast, partial symptom entities are generally
composed of complex verbs, conjunctions and modifiers, such as ‘feed intake continue to decrease
CREEFS T ) and ‘continuous spasmodic cough (EL2Z2EMERZ ) . And the average length of
complex symptom entities is 8 Chinese characters, which contributes to a low overall recognition rate.

On the other hand, the Fl-scores of disease entities and medicine entities were 92.96% and
90.05%, respectively. Both disease and medicine entities include a large number of technical terms,
yet the method proposed in this paper achieves a good recognition effect on these two entities. The
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results demonstrate that PDCNER fully utilizes both Chinese character features and lexicon
knowledge in the pig disease domain at the input level, and the lexicon adapter can effectively
leverage pig disease knowledge.

W precision I recall M F1-score

100

95.94
95.41
94.89 9429

8L42 o 0 80.92

Metrics/%

type disease medicine bodyparts symptom

Entity
Figure 3. Precision, recall, and F1-score of PDCNER in recognizing five major entities.

3.3.3. The Recognition Effect on Small Sample

In order to verify the reliability and robustness of PDCNER in the condition of scarce data for
entity recognition, we used 1%, 10%, 30% and 50% of labeled samples for experimentation. The
results can be found in Figure 4 and Table 4. The result shows that the PDCNER model has obvious
improvement compared to BERT-BILSTM-CRF and LEBERT.

The F1-score of PDCNER reaches 85.71% when the sample size is 10%, which is only 1.65% lower
than that of the full sample. As the sample size increases to 30%, the F1-score of the PDCNER model
further improves to 86.69%, showing a marginal decrease of only 0.67% compared to the full sample.
Moreover, it outperforms the BERT-BILSTM-CRF and LEBERT models by 14.05% and 6.8%
respectively with only 10% samples available. These results demonstrate the PDCNER model’s
capability to achieve higher recognition accuracy even under data scarcity scenarios. The
incorporation of lexical information in the bottom layer of BERT enables efficient utilization of BERT’s
representational capabilities. Additionally, the adoption of contrastive learning enhances the
semantic representation space, facilitating effective feature capture without extensive training.
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Figure 4. F1-score of 3 models on different sample size.

Table 4. Results of the small sample experiments.

Model 10/0 100/0 300/0
P R F1 P R F1 P R F1

BERTBILSIM- 5170 180 341 6792 7584 7166 7459 8144 77.87

CRF

LEBERT 17.39 1143 13.79 74.81 8347 7891 74.05 80.14 76.97
PDCNER(ours) 18.18 1143 14.04 85.00 86.44 85.71 8722 86.17 86.69

Model 50% 100%

P R F1 P R F1
BERT-BiLSTM-
CRF
LEBERT 81.09 83.4 8223 87.18 86.45 86.81
PDCNER(ours) 87.68 86.71 87.19 8776 86.97 87.36

79.18 8345 8126 80.29 84.73 8245

3.3.4. The Recognition Effect on Public Datasets

To assess the generalization capability of PDCNER, we conducted evaluations across three
public datasets: Weibo, Ontonotes, and Resume. As illustrated in Table 5, the PDCNER model
achieved the highest F1 scores across all three datasets. Specifically, the F1 values of PDCNER were
9.78%, 4.33%, and 0.82% higher than those of the BERT-BiLSTM-CRF model for the Weibo, Ontonotes,
and Resume datasets, respectively. Additionally, compared to the LEBERT model, the PDCNER
method showed improvements of 2.53%, 0.37%, and 0.06% for the same datasets. These results
indicate that PDCNER exhibits superior performance not only on the pig disease corpus but also
demonstrates remarkable generalization capability across different domains.

Table 5. F1-score for each model on public datasets.

Model Weibo Ontonotes Resume
P R F1 P R F1 P R F1

BERT-BiLSTM-

CRF

LEBERT 782 74.64 7638 89.76 82.68 86.07 9589 9742  96.65
PDCNER(ours) 81.42 7656 78.91 89.68 83.43 86.44 96.07 97.36 96.71

7129  67.1 69.13 84.11 80.2 8211 96.56 9723 95.89

4. Conclusions

High-quality extraction of entity related to pig diseases is critical for intelligent consultation,
question answering, technical recommendations, and other application scenarios.

In this study, we constructed a corpus, labeled datasets and lexicon for Chinese named entity
recognition specific to pig diseases, encompassing 152,596 characters, 7,518 entities and 2,391
professional terms. To tackle the challenges of entity identification in the pig disease domain, such as
the scarcity of annotated data, numerous technical terms, and fuzzy boundaries, we propose the
PDCNER model. This model integrates lexicon information from the pig disease domain into the
BERT’s Transformer layers at the lower level and employs contrastive learning to enhance
representation quality and generalization capability. The results indicate that the PDCNER model
surpasses the performance of BERT-BiLSTM-CRF and other mainstream models, achieving precision,
recall, and Fl-score of 87.76%, 86.97%, and 87.36%, respectively. This demonstrates high-quality
entity recognition in the field of pig diseases. Moreover, small-sample experiments confirm that our
model is more suitable than other models for completing the named entity recognition task in data-
scarce scenarios. Experiments on public datasets also verify its generalization ability. Our approach
provides a reference for improving NER performance in domain-specific applications.
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In future work, we plan to focus on the identification of more fine-grained entity types in animal
disease domain, such as appearance symptoms and anatomical symptoms, as well as special types of
entities, such as nested entities and discontinuous entities.
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Appendix A Data Source Details

No Type Example

Jeffrey J. Zimmerman, Locke A.Kerri, Alejandro Raminez.etc,editor in
chief. Hanchun Yang,main translation. Disease of Swine. North United
publishing media Media Co., Ltd., Liaoning science and technology
publishing house:Beijing, China, 2022.

Yousheng, Xu. Primary color atlas of scientific pig raising and pig
disease prevention and control. China Agricultural Publishing House:
Beijing, China,2017.

. Changyou,Li, Xiaocheng,Li. Prevention and control technology of
Professional . . .. . . .y
1 swine epidemic disease. China Agricultural Publishing House:Beijing,
books .
China,2015.
Jianxin Zhang. Diagnosis and control of herd pig epidemic disease. He
‘nan Science and Technology Press:Zhengzhou, China, 2014.
Chaoying, Luo, Guibo, Wang. Prevention and treatment of pig
diseases and safe medication. Chemical industry press:Beijing,
China,2016, etc.
GBI, (BRI SRMBTR R ) |, CEREBORPIG T
R, CGHFRERORCEI SR, CFmPa R gelg) %
Technical Specification for Quarantine of Porcine Reproductive and
Respiratory Syndrome (SN/T 1247-2022), Diagnostic Techniques for
Mycoplasma Pneumonia in Swine (NY/T 1186-2017), Diagnostic
Techniques for Infectious Pleuropneumonia in Swine (NY/T 537-2023),
Diagnostic Techniques for Swine Dysentery (NY/T 545-2023),
Standard . - . ; . .
2 specification Technical Specification for Quarantine of Porcine Rotavirus Infection
(SN/T 5196-2020), etc.
BT 5P SR S AER B AR TEY  (SN/T 1247-2022), % SR A
fli g2 WIEARY  (NY/T 1186-2017), {34 Gtk it B fiti 28 12 Wi B R )
(NY/T 537-2023), (ERRIZWHIARD (NY/T 545-2023), (FERIRIE T
YRR ARMIE) (SN/T 5196-2020) 25
Technical specification for prevention and control of highly pathogenic
blue ear disease in pigs, technical specification for prevention and
Technological control of foot-and-mouth disease, technical specification for
specification prevention and control of classical swine fever, etc.
CRIZBURTERR IR FR PR BOARINE) |, COERBiasoRmEm) |,
TR BRI 55


https://hbba.sacinfo.org.cn/stdDetail/38852e81da9ce4d6f37bdaab97497d450348b72e1303eddbbf9be8df638c37e0
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Ministry of Agriculture and Rural Affairs “List of Class L, II and III
Animal Diseases”, The Ministry of Agriculture issued the “Guiding
Opinions on Prevention and Control of Highly Pathogenic Porcine
Blue Ear Disease (2017-2020)”, Notice of National Guiding Opinions on
Prevention and Control of Classical Swine Fever (2017-2020), etc.

A AR (-, =, =R A ), RAABRTEIR (EX
B EE R AR R E L (2017—20204E) ),  (EZSE R
SR (2017—20204E) ) HHE%0
China Veterinary Website(https://www.cadc.net.cn/sites/MainSite/),

4 Policy paper

Rel

N evant Big Animal Husbandry Website(https://www.dxumu.com/), Huinong
5 industry .

website Website(https://www.cnhnb.com/), etc.
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