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Abstract: Potato diseases and pests have a serious impact on the quality and yield of potatoes, and
timely prevention and control of potato diseases and pests is essential. A rich knowledge reserve of
potato diseases and pests is one of the most important prevention and control measures; however,
valuable knowledge is buried in the massive data of potato diseases and pests, making it difficult for
potato growers and managers to obtain and use it in a timely manner and to develop the potential of
knowledge. Therefore, this paper explores the construction method of a knowledge graph for auto-
matic knowledge extraction, which extracts the knowledge of potato diseases and pests scattered in
heterogeneous data from multiple sources, organises it into a semantically related knowledge base,
and provides potato growers with professional knowledge and timely guidance to effectively pre-
vent and control potato diseases and pests. In this paper, a data corpus on potato diseases and pests,
called PotatoRE, is first constructed. Then, a model of ALBert-BiLSTM-Self_Att-CRF is designed to
extract knowledge from the corpus to form a triplet structure, which is imported into the Neo4j graph
database for storage and visualisation. Furthermore, the performance of the model constructed in
this paper is compared and verified using the datasets PotatoRE and People’s Daily. The results show
that compared to the SOTA models of ALBert BILSTM-CRF and ALBert BIGRU-CREF, the accuracy of
our model has been improved by 2.92% and 3.12%, respectively, using PotatoRE. Compared to the
Bert BILSTM-CRF model on two datasets, our model not only improves the accuracy, recall, and F1
values, but also has a higher efficiency. The model in this paper solves the problem of the difficult
recognition of nested entities. On this basis, through comparative experiments, the TransH model is
used to effectively represent the constructed knowledge graph, which lays the foundation for achiev-
ing inference, extension, and automatic updating of the knowledge base. The achievements of the
thesis have made certain contributions to the automatic construction of large-scale knowledge bases.

Keywords: potato diseases and pests; knowledge graph; knowledge extraction; knowledge
representation; named entity recognition

1. Introduction

Potato diseases and pests are known to be one of the most important factors affecting
the quality and yield of potatoes. The Great Famine in Ireland caused by potato blight
in the mid-19th century is the best example [1]. Therefore, the prevention and control
of potato diseases and pests is essential. However, there is a lack of specialised, system-
atic knowledge among potato growers, and authoritative knowledge on potato diseases
and pest control is mostly contained in books or on certain agricultural websites, making
such knowledge not only dispersed, but also not correlated, thus making it inaccessible to
potato growers and managers and less conducive to systematic application. Therefore, it
is necessary to study the construction of knowledge graphs. Because the construction of a
knowledge graph can extract knowledge from fragmented, unrelated, and multi-source
heterogeneous data and organise knowledge in the form of “entity-relationship-entity”
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triplets and corresponding “attribute-value-pairs”, it provides an important way to quickly
query and obtain systematic expert knowledge [2]. For example, when a grower finds that
potato leaves show brown spots with irregular spot texture, no concentric whorls, and a
white mould on the spots, he or she inputs these features into the potato pests and dis-
eases knowledge base for querying. Based on the semantic association, the corresponding
disease name, i.e., potato late blight, as well as the cause of the disease, its relationship
with the environment and the corresponding control methods will be obtained. This will
help potato growers to correctly understand the causes of the disease and treat it as soon
as possible. However, due to the complex structure and variety of potato pest and dis-
ease data, it brings great challenges to the automatic construction of a potato pests and
diseases knowledge map. And there are few research reports on the construction and ap-
plication of a potato pests and diseases control knowledge map. Therefore, this article
aims to construct a knowledge graph of potato pests and diseases, and studies entity nam-
ing recognition and relationship extraction methods based on deep learning technology.
A model is established to extract scattered potato pests and diseases knowledge from a
large amount of data, forming a knowledge base with semantic relationships. Therefore,
with the goal of constructing a knowledge map of potato pests and diseases, this paper re-
searches the entity naming recognition and relationship extraction method based on deep
learning technology and establishes a model to extract the fragmented knowledge of potato
pests and diseases from data to form a knowledge base with semantic relationships. It can
provide auxiliary decision-making assistance for agricultural experts, provide knowledge
guidance for potato growers or managers, and also provide knowledge support for the
intelligent question answering and recommendation system of the agricultural intelligent
service platform [3,4], so as to make the static knowledge flow, apply it to agricultural pro-
duction practice quickly, and give great play to the value of the knowledge, which is of
good theoretical and application value.

Name entity recognition (NER) and relationship extraction (RE) are two core tasks
in knowledge graph construction [5,6]. With the development of deep learning technolo-
gies, NER and RE models based on recurrent neural networks [7,8] and bidirectional en-
coder representation of transformers (BERT) [9] have performed well and become the main
method for knowledge extraction. They are widely used in the automatic construction of
knowledge bases in agriculture, medicine, finance, and other fields. For example, the NER
model developed in [10], which is based on RNN networks, can accurately recognise enti-
ties in disease and pest data. The researchers found that extracting features by combining
word embeddings with neural networks resulted in better recognition of entities and rela-
tionships. Zhang et al. [11] constructed an entity recognition model using word2vec and
BiLSTM-CREF to significantly improve the performance of the original model. However,
word2vec is static and cannot solve the problem of polysemy. For this purpose, BERT
word embedding [12,13] was introduced. Reference [14] combines the character-level fea-
tures of BERT representations with external dictionary features for NER in the agricultural
field with a recognition accuracy of 94.84%. However, the BERT model generates a large
number of parameters during the training process and results in time-consuming training.
For this reason, the Reduced Bert (ALBert) model [15] has been developed, which mainly
saves model parameter space by sharing parameters. For example, Chen et al. used ALBert
not only to improve the effectiveness of NER, but also to ensure efficiency. The BiLSTM
model can capture global contextual information, but it cannot capture long-range related
information. Therefore, the attention mechanism is used to solve this problem. For ex-
ample, the introduction of an attention mechanism in BILSTM-CRF has been successfully
applied to entity extraction tasks in the agricultural domain [16]. Guo et al. constructed the
Att-BiLSTM-CRF model for pest and disease feature extraction, which solved the problem
of missing inner semantic information [17].

In summary, by introducing the efficient ALBert model and attention mechanism into
the BILSTM-CRF model, a multilayer network knowledge joint extraction model is con-
structed to extract complex nested knowledge from the potato pest and disease corpus in
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the paper. This method effectively balances the efficiency and complexity of the model,
provides a scheme for the automatic construction of large-scale knowledge graphs, and
also provides experimental guidance for the construction of multilayer models.

Furthermore, compared to knowledge graph construction, knowledge representation
learning [18] is more important. It can not only explore the implicit relationship between
disease and pest entities, so as to infer new knowledge, but also discover the interactions
that exist between different pests and diseases to better predict and prevent the occurrence
of diseases and pests. Therefore, knowledge representation learning, based on the con-
structed knowledge graph, is further explored to achieve knowledge inference and fusion.
In turn, automatic knowledge updating can be achieved, which greatly enhances the value
of the knowledge graph.

2. Materials and Methods
2.1. Process of Construction and Representation of the Knowledge Graph in This Paper

The key elements in the construction of a knowledge graph are the quantity and qual-
ity of data. Therefore, a high-quality corpus of potato disease and pest data (PotatoRE) is
first constructed in this paper. A deep learning model is then developed to extract entities
and relationships from the unstructured data in this corpus to obtain triplet knowledge,
which is stored in the Neo4j graph database to form a knowledge graph. Further, the per-
formance of knowledge representation models TransE [19], TransH [20], TransR [21], and
TransD [22] are compared in the experiment, and the better one is selected to further rep-
resent and optimise the knowledge graph of potato diseases and pests. The main process
of knowledge graph construction and representation in this paper is shown in Figure 1.
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Figure 1. Process of construction knowledge graph of potato diseases and pests.
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2.2. Design of Entity and Relationship Joint Extraction Model

It can be seen in Figure 1 that entity and relationship extraction is the most impor-
tant link in the construction of a knowledge graph. Therefore, a layered model based on
ALBert word embedding and the BiLSTM network was designed to extract the entity and
relationship of potato diseases and pests from the corpus, as shown in Figure 2.
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Figure 2. Knowledge extraction model structure.

In Figure 2, ALBert converts the input text into a word vector, and its structure is still
a transformer. However, it has made innovations in factorisation, parameter embedding,
cross-layer parameter sharing, and inter-sentence coherence loss, which reduce the num-
ber of parameters and improve the stability of the model. In particular, ALBert generates
character vectors based on contextual information and effectively solves the problem of pol-
ysemy. The BiLSTM layer of the model obtains information about the previous and next
moments by means of forward and backward propagation parameters. The self-attention
mechanism of the model captures the internal semantic relationships of sentences and im-
proves the accuracy of knowledge extraction. The Conditional Random Field (CRF) [23]
serves as a decoder to output the order of labels based on sequence characteristics. The
label sequence with higher scores is obtained using the Viterbi algorithm, and SoftMax
normalisation is further performed on the label as the final output result.

2.3. Knowledge Representation Algorithms

The translation model TransX is chosen to vectorise the knowledge graph of potato
diseases and pests in this paper, and the low-dimensional dense vectors of entities and re-
lationships are obtained so that the constructed knowledge graph can be better applied to
downstream tasks such as information retrieval, question-answering systems, and intelli-
gent recommendations.

Knowledge graph representation based on translation is an independent modelling
method based on triples [24]. The relationship (r) is considered a transformation from the
head (h) to the tail (t) in each triplet (head, relationship, tail). By continuously adjusting h,
r, and t, (h + r) is made as close as possible to t, i.e.,, h + r ~ t. The first proposed TransE
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translation model (as shown in Figure 3a) is simple and efficient, but it cannot handle the
relationships between 1 to N, N to 1, and N to N. For this purpose, TransH is proposed (as
shown in Figure 3b), which allows an entity to have different distributed representations
when different relationships are involved. However, TransE and TransH cannot overcome
the limitations of representing entities and relationships in the same semantic space. So
TransR (shown in Figure 3c) is introduced, which can model entities and relationships in
different spaces to form entity and relationship spaces, where they can be transformed.
However, TransH and TransR project entities are based only on relationships and ignore
the diversity of entities. In addition, TransH and TransR use matrix-vector multiplication
for projection, which increases the time complexity. Therefore, TransD proposes a dy-
namic mapping matrix based on entities and relationships, which can take into account
the diversity of entities and relationships (as shown in Figure 3d). To better represent the
knowledge graph constructed in this paper, the effects of four representation methods on
this knowledge graph are compared to find a better knowledge representation method.
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Figure 3. Knowledge representation methods. (a) TransE; (b) TransH; (c) TransR; (d) TransD.

3. Discussion
3.1. Experimental Environment

An Intel (R) Core (TM) i7-8750H CPU @ 2.20 GHz, GPU NVIDIA GTX 1050Ti hard-
ware device with a disk size of 2 TB was selected in this experiment. The development
language was Python 3.7, the compiler was Pycharm v.2022, and the deep learning devel-
opment platform was Tensorflow v.1.3. Its efficient, fast, simple, and convenient charac-
teristics greatly improved the training speed of the model.

3.2. Construction of Potato Disease and Pest Data Corpus

The data of the PotatoRE constructed in this paper were mainly obtained from the
Internet and agricultural textbooks, such as the National Agricultural Science Data Center
(https://www.agridata.cn/, accessed on 5 September 2022), the China Agricultural Infor-
mation Network (http://www.agri.cn/, accessed on 5 September 2022), the Agricultural
Encyclopedia and Wikipedia, as well as digital textbooks such as Prevention and Control
of Potato Diseases and Pests, Chinese Crop Diseases and Pests, and Identification and Control of
Potato Diseases and Pests. A small amount of structured data from the National Agricul-
tural Science Data Centre could be directly converted into triplets. The data from various
websites, such as the Encyclopedia, was mainly semi-structured data that was crawled
using scraping. The data in agricultural books was unstructured and made up the major-
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ity. Semi-structured and unstructured data require pre-processing such as cleaning, noise
reduction, and redundancy removal before knowledge can be extracted to provide high-
quality data for annotation. Data annotation is a necessary step in using deep learning
methods for knowledge extraction. It mainly involves defining appropriate labels based
on entity types, and then using appropriate annotation methods to annotate the entities in
unstructured data. Based on the definitions and concepts in the two professional books
Chinese Agri-cultural Thesaurus and Special Classification for Agriculture and under the guid-
ance of Mr. Zhang Tingwei, a plant protection expert, the entities in the dataset of this
paper were classified into six categories: diseases, prevention and control, symptoms, eti-
ology, onset locations, and distribution area. After annotation and manual calibration, a
potato pest and disease corpus of 1500 sentences and 202,000 characters was obtained for
subsequent experiments.

Next, the BMES annotation method with better performance by comparative experi-
ments was selected to annotate the corpus dataset using the YEDDA tool [25]. The example
of annotation is shown in Figure 4b. After organising the annotated dataset, a dataset con-
sisting of 6 entity types, 8 relationships, and 4 attribute types, with a total of 8971 entities,
5238 relationships, and 3464 attribute samples, was obtained for the subsequent experi-
ments. Detailed information about the experimental dataset is given in Table 1.

Table 1. The experimental dataset.

Entity Type Quantity Relationship Type Quantity Attribute Type Quantity
Disease 579 Pest damage 540 Onset cycle 579
Prevention and 1153 Pest control 500 Prevention and 981
control method control
Symptom 1472 Disease control 1012 Onset condition 876
Etiology 2452 Disease damage 987 Toute of transmission 1028
Onset location 2966 Another name 1042
Distribution area 200 Distribution area 463
Disease department 333
Pest department 324
Total n1.1r.nber of 8971 Total r.1umb'er of 5038 Total n}lmber of 3464
entities relationships attributes

|
D D

Ln DIS I-DIS I-DIS I-DIS I-DIS I-DIS \ 0 0 LB NAM I-NAM I \«»u 0o 0 0o 0 0 \ B-PAR I-PAR ‘ 0 0 0 \s PAR HB SWE mu
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(Potato ring rot, DisciscName, Rotting discase) (Potato ring rot, DisciscPart, Blade) (Potato ring rot, DisciseSymptom, atrophy)
(a)
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,,,,,,,,, 11

Rotting
Potato ring rot diseas: Blade Stem Atrophy
Extract triplet: l l
(Potato ring rot, DisciseName, Rotting disease) (Potato ring rot, DiscisePart, Blade) (Potato ring rot, DisciseSymptom, atrophy )

(b)
Figure 4. Cont.
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Figure 4. Example of annotation. DIS, NAM, PAR, and SYM are the abbreviations of the labels:
(a) Example of BIO Annotation; (b) Example of BMES Annotation; (c¢) Example of BIOES Annota-
tion. (DIS—Discise Name; NAM — Another Name; PAR— Discisepart; SYM —Discise Symptom; The
definition of “ Ty Z IR % NRREC I, R B NEM T, SBEZESE” is “Potato ring rot, also known

as rotting disease, mainly affects the leaves and causes stem atrophy”).

3.3. Comparative Experiment and Analysis of Sequence Annotation Method

Before a model can be used to extract knowledge from a dataset, sequence annota-
tion is required. The correct selection of annotation methods and the consistency of the
annotation results directly determine the accuracy of entity recognition and relationship
extraction. Therefore, this experiment investigated the performance of three sequence an-
notation methods, such as BIO, BMES, and BIOES, on the dataset, and the BMES anno-
tation method was found to be the best and was selected for knowledge extraction. The
comparative experimental model was set as Word2vec-BiLSTM-CREF [26].

The specific meaning of the annotation method is as follows: In the BIO annotation
method, B-disease represents the beginning of the entity disease, I-disease represents the
middle or end of the entity disease, and O indicates non-entity (Figure 4a). In the BMES
annotation, B, M, E, and S represent the beginning position, middle position, end position,
and a single word, respectively (Figure 4b). In the BIOES annotation method, B, I, O, and
E represent the beginning, middle, non-entity, and end of the entity, respectively, while
S indicates that the word itself is an entity (Figure 4c). The annotation example is shown
in Figure 4. In contrast, the BMES and BIOES methods can annotate entities more finely,
which is superior to the BIO method.

Accuracy (P), Recall (R), and F1 values were selected as evaluation indicators for the ex-
perimental results. The specific calculations for these indices are shown in Formulas (1)—(3).

_ Number of potato disease and pest entities correctly identified

p . PP S 100%, 1
Number of potato disease and pest entities identified % ’ @
Number of potato disease and pest entities correctly identified
R= , — x 100%, ()
Total number of potato pests and diseases entities
2 x P xR
Fl=————, 3
P + R )

The experimental results of sequence annotation are shown in Table 2. The values in
the Table 2 are the average of the recognition results for deferent types of entities such as
prevention and control, onset location, etc. In addition, the F1 value is displayed graphi-
cally, as shown in Figure 5.

Table 2. Experimental results on the impact of annotation methods on entity recognition.

Annotation Method P R F1
BIO 78.21 74.23 75.62
BMES 78.17 77.64 77.91

BIOES 71.31 71.48 71.24
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Figure 5. F1 values for identification of each type of entity using different annotation methods.

It can be seen in Table 2 and Figure 5 that the F1 value of the BMES method is the
highest, while the effect of the BIOES method is less effective. The reason for this is that
BIOES annotations cannot correctly recognise some nested entities, resulting in missing an-
notations. The entity samples with missing annotations are considered negative samples
by the model, which will ultimately lead to an increase in negative samples and have a
negative impact on recognition performance. Compared to the BIO annotation, the BMES
annotation adds an entity tail label “E” and a single entity annotation label “S”, which has
a positive impact on the training effectiveness and improves the model’s recognition effi-
ciency. Therefore, BMES was selected as the annotation method for the data in this paper.

3.4. Experiment and Analysis of Knowledge Extraction Model Performance
3.4.1. Analysis of the Relationship between Sample Size and Model Performance

The total number of samples for this experiment was divided equally into 10 parts,
with the samples stacked sequentially to form 10 sub-samples, with each sample in the
experiment divided into training, validation, and test sets in an 8:1:1 ratio. An experiment
was then run to test the effect of the sample size on the performance of the BILSTM and
BiGRU models. When sample 1 was selected with a batch_size value of 8 and an epoch
of 20, the accuracy of the ALBert-BiLSTM-CRF model and the ALBert-BiGRU-CRF model
for knowledge extraction was 1. When the epoch was increased to 40, the accuracy of the
ALBert-BiGRU-CRF model did not reach 1. When sample 2 was selected with a batch_size
value of 8, regardless of the value of the epoch, the accuracy of both models never reached
1. When the sample size was increased to sample 4 with a batch_size value of 16, regard-
less of the number of epochs, the accuracy of the model did not reach 1. It can be seen
that the number of training epochs, the size of the dataset, and the batch_size value can
all cause the model to underfit or overfit, thereby affecting the results of knowledge ex-
traction. Furthermore, the results show that the BiGRU model outperforms the BiLSTM
model when other parameters remain unchanged and the sample size is small. However,
when the number of samples is large, the performance of the BILSTM model is better than
that of the BiGRU model. The performance of the models is measured with precision, as
shown in Figure 6.

Figure 6 shows that as the number of samples increases, the recognition accuracy of
both models improves. When the number of samples increases to sample 4 and sample
5, the recognition performance of the two models is close. When the amount of train-
ing data continues to increase from sample 5 to the entire corpus, the recognition accu-
racy of the ALBert-BiLSTM-CRF model is still higher than that of the ALBert-BiGRU-CRF
model. In theory, GRU simplifies the internal structure of LSTM, but in experiments, it
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is found that BiGRU occupies more memory at runtime than the BiLSTM, resulting in
a relatively longer training time for the BIGRU model. Therefore, the extraction knowl-
edge from the potato pest and disease corpus constructed in this paper was based on the
ALBert-BiLSTM-CRF model.

B Albert-BiLSTM-CRF
0.92 | I3 Albert-BiGRU-CRF

0.90

0.84 J i
0.82

Samplel Sample2 Sample3 Sample4 Sample5 Sample6 Sample7 Sample8 Sample9 Samplel0
Sample

S
©
©

Accuracy

=]
®
(=)

Figure 6. Influence of different sample sizes on model performance.

3.4.2. Comparison of Time Efficiency between ALBert and Bert Models

To test the time efficiency of the ALBert and Bert models, we compared the train-
ing time of the ALBert-BiLSTM-CRF, ALBert-BiGRU-CRF, Bert-BiLSTM-CRF, and Bert-
BiGRU-CRF models. The epochs were set at 40 and the batch_size value was 4. The results
are shown in Table 3.

Table 3. Comparison of training time.

Model Training Time
ALBert-BiLSTM-CRF 8h
Bert-BiLSTM-CRF 32h
ALBert-BiGRU-CRF 10h
Bert-BiGRU-CRF 36h

Table 3 shows that for the same hyperparameter settings, the running time of the AL-
Bert model is significantly shorter than that of the Bert model. At the same time, it also
further confirms that the BILSTM model is more efficient than the BIGRU model for this
sample. Therefore, the ALBert and BiLSTM models were selected to build the full model.

3.4.3. Model Performance Comparison Experiment

To verify the robustness of the proposed ALBert-BiLSTM-Self Att-CRF model, two sets
of experiments were designed. The first set of experiments compared the performance of
the proposed model with the other eight mainstream models using the dataset constructed
in this paper (the results are shown in Table 4 and Figure 7). The second set of experiments
compared the performance of the ALBert-BiLSTM-Self_Att-CRF model with the Global-
Pointer and Word2vec-BiLSTM-CRF models using the public datasets People’s Daily and
Chinese Medical (the results are shown in Table 5). The epoch value of the two experimen-
tal groups was 40 and the batch_size value was 4. The ratio of dataset, validation set, and
test set was 8:1:1.

Table 4 and Figure 7 show that the BILSTM-CRF and BiGRU-CRF models significantly
improved the recognition accuracy, recall, and F1 values on this corpus after adding the
Bert module (Bert-BiGRU-CREF, Bert-BiLSTM-CRF). Moreover, their results are also better
than Word2vec-BiLSTM-CREF. This is because the Bert layer can capture the semantics at
the word and sentence level, and express the dynamic context of the sentences, thereby
improving the generalisability of the model. Comparing the recognition results of the Bert-
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CRF and Bert-BiLSTM-CRF models [27], the BiLSTM layer can fully extract features and
identify entities more accurately. Moreover, comparing the experimental results of the
Bert-BiLSTM-CRF and ALBert-BiLSTM-CREF, the entity recognition effect of ALBert on this
corpus is better than that of the Bert model. This is because ALBert replaces the simpler
NSP (Next Sentence Prediction) task with the SOP (Sentence Order Prediction) task. The
results of the ALBert-BiLSTM-CRF model and the ALBert-BiLSTM-Self Att-CRF model
show that the knowledge extraction algorithm, after adding an attention mechanism, has
improved the accuracy and F1 values by 2.92% and 3.22%, respectively, over the original
model (without the attention mechanism). The reason is that the attention mechanism can
capture the correlations within the sequence, which helps the model to identify rare entities
based on the context. In particular, the result of the GlobalPointer model is also inferior to
the model developed in this paper, although the GlobalPointer model has relatively good
recognition of nested entities. Therefore, the ALBert-BiLSTM-Self_Att-CRF constructed in
this paper has better recognition results on the PotatoRE corpus.

Table 4. Evaluation results of different models using the dataset constructed in this paper.

Model Accuracy Recall F1
BiLSTM-CRF 0.7496 0.6697 0.7231
BiGRU-CRF 0.6654 0.6523 0.6542
Word2vec-BiLSTM-CRF 0.7417 0.7264 0.7791
Bert-CRF 0.7763 0.8169 0.7623
Bert-BiLSTM-CRF 0.7807 0.8042 0.7925
Bert-BiGRU-CRF 0.7821 0.7947 0.7887
ALBert-BiLSTM-CRF 0.8027 0.8081 0.7911
ALBert-BiGRU-CRF 0.8012 0.8137 0.8052
GlobalPointer 0.8164 0.8126 0.8081
ALBert-BiLSTM-Self_Att-CRF 0.8262 0.7879 0.8166
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Figure 7. Evaluation results of different models.
Table 5. Evaluation results of different models using the public datasets.
Dataset
People’s Daily Chinese Medical
Model P R F1 P R F1
Word2vec-BiLSTM-CRF 82.06 84.31 83.63 76.26 70.22 72.94
GlobalPointer 89.19 87.32 88.61 79.31 78.02 80.66

ALBert-BiLSTM-Self_Att-CRF 94.84 90.19 91.03 82.16 84.58 83.35
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From Table 5, it can be seen that the model designed in this paper performs better than
other mainstream models on the public dataset. In addition, as can be seen from the model
loss curves in Figure 8a, and the correlation between predicted and true labels in Figure 8b,
the ALBert-BiLSTM-Self_Att-CRF model designed has good generalisation capabilities on
the training data.
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Figure 8. (a) The loss function curve of ALBert-BiLSTM-Self_Att-CRF model; (b) the correlation
between predicted and true labels.

3.4.4. Knowledge Storage

The triple structure knowledge formed using model extraction from the potato dis-
eases and pests corpus was imported into the graph database for visualisation using Neo4;,
as shown in Figure 9.

Figure 9. Visualisation of the potato disease and pest knowledge graph.

4. Results

In order to improve the representation and reasoning capabilities of the knowledge
graph constructed in this paper, knowledge representation technology was further em-
ployed to enhance its scalability and increase its application value.
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4.1. Experimental Dataset

APOC (A Package of Components) technology was used to export data from the Neo4j
graph database as a CSV-type relationship file, which was then processed into entity txt
files, relationship txt files, and triplet txt files. The entity file was a mapping of entities to
entity IDs, with each line in the format of “entity\t entityID”; the relationship file was a
mapping of relationships to relationship IDs, with each line in the format of “relationship\t
relationshipID”; each line of the triplet file was in the format of “head entity\t tail entity\t
relationship”. Finally, the triplet file was divided into training, validation, and test sets in
an 8:1:1 ratio.

4.2. Evaluation Metrics

In the knowledge graph representation learning algorithms, MRR (mean reciprocal
rank) and Hit@N (such as Hit@10 and Hit@3) are typically used to evaluate the perfor-
mance of the model. The MRR measures the average ranking score of correctly predicted
entities, with a lower value indicating a higher ranking. Hit@N measures the probability
of correct entities being ranked in the top N, with a higher value indicating better perfor-
mance. Here, N was chosen as 10 and 3 to evaluate the model. The higher the MRR and
Hit@N scores, the closer the model’s predictions are to the actual values, and the better the
model’s performance.

4.3. Experimental Environment and Parameter Indicators

The experiment was run on the Windows 11 operating system using Python 3.7 and
the PyCharm compiler, using the Tensorflow 1.14.0 learning framework. The model train-
ing parameters were that learning_rate was 0.001, the hidden_size (the length of the en-
tity and relation word vectors) was 200, and the number of triplets entered in each epoch
(batch_size) was 300. In the TransR model, we only used a hidden_sizeR of 10 and also
kept the length of the relationship vector at 10 to ensure the model’s performance.

4.4. Experiment and Results Analysis

The knowledge representation performances of the TransE, TransH, TransR, and TransD
models on the constructed knowledge base were compared in the experiment, and the re-
sults are shown in Table 6 and their visualisation is shown in Figure 10. It can be seen that
the Hit@10, Hit@3, and MRR metrics of the TransH model are all higher than the other
three models, indicating that the TransH model is suitable for capturing and representing
special semantic relationships in knowledge graphs. In addition, the TransH model can
effectively deal with the different relationships between 1-to-N, N-to-1, and N-to-N situa-
tions involved in the entities in the knowledge graph, However, the metrics of the TransD
model in the experimental results are low, which is somewhat different from the theoret-
ical analysis of this model. A possible reason for this is that there were too few types of
entity relationships in the experimental dataset, which is insufficient to fully demonstrate
the performance of the model. Therefore, the TransH model was chosen to represent the
knowledge graph of potato diseases and pests in this paper. During the training process,
the loss rate of the TransH model with changes in epochs is illustrated in Figure 11, which
shows that its loss rate can converge well.

Table 6. Comparison of knowledge representation models.

Model Hit@10 Hit@3 MRR
TransE 0.503 0.492 0.416
TransH 0.524 0.516 0.437
TransR 0.47 0.457 0.389

TransD 0.461 0.448 0.366
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Figure 11. The changing trend of TransH model loss function.

5. Conclusions

In order to extract knowledge from unrelated, heterogeneous, multi-source data,

knowledge extraction methods were investigated and a professional knowledge base of
potato diseases and pests was constructed. Knowledge representation methods were tested
to represent the constructed knowledge graph for further application. The main summary
of the work is as follows:

)

)

®)

Dataset construction with crawling and digital technology was used to obtain a large
amount of semi-structured and unstructured data on potato pests and diseases from
agricultural specialist websites and books. The collected data was pre-processed with
cleaning and the removal of redundancies to form a potato pest and disease data
corpus, PotatoRE;

Based on the PotatoRE corpus, the entity types and relationships of potato pests and
diseases were defined under the guidance of crop protection experts. Three annota-
tion methods, BIO, BMES and BIOES, were compared on the PotatoRE corpus. The
better annotation method, BMES, was selected to annotate the corpus and form a high-
quality dataset consisting of six entity types, eight relationships and four attribute
types, totalling 8971 entity samples, for subsequent experiments;

An ALBert-BiLSTM-Self_Att-CRF model was developed to extract entities and rela-
tionships from the data corpus and construct a domain knowledge graph of potato
diseases and pests. To verify the efficiency and accuracy of the proposed model, it was
experimentally compared with eight other SOTA models on the dataset constructed
in this paper. The results show that the model designed in this paper performed well
in terms of the accuracy, recall, and F1 values. Compared to the Al-Bert-BiLSTM-CRF
and ALBert-BiGRU-CRF models, their accuracy was improved by 2.92% and 3.12%,
respectively. Compared with the Bert-BiLSTM-CRF and Bert-BiGRU-CRF models,
the model in this paper not only improved the accuracy, recall, and F1 values, but
also saved training time and improved the efficiency of entity and relationship ex-
traction. In addition, the robustness of the proposed model was further verified by
comparing it with other mainstream models using the People’s Daily dataset;
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(4) The performance of the knowledge representation models TransE, TransH, TransR,
and TransD was compared experimentally using the constructed knowledge graph.
The better model, TransH, was then used to represent the knowledge graph in this
paper, which laid the foundation for knowledge inference and fusion and enhanced
its application value.

The shortcoming of the model in this paper is that annotating the data takes a lot of
time. Future research will focus on automatic annotation methods or using LLM to extract
knowledge from multimodal data to improve the efficiency of knowledge base construc-
tion and practical applications.
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