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Abstract
[Purpose/Significance] Relation extraction from academic full text constitutes
a key technology for constructing academic full-text knowledge graphs. Such
knowledge graphs enable the structuring and intellectualization of literature,
enhance researchers’efficiency in literature retrieval, analysis, and tracking of
research developments, and facilitate implicit knowledge discovery through cog-
nitive reasoning on the graph. [Method/Process] Although enhancing relation
extraction with external knowledge has yielded promising results in numerous
studies, domain-specific relation extraction often lacks available external knowl-
edge. Our research demonstrates that high-confidence knowledge inherent in
full text itself can be leveraged to assist full-text relation extraction. Inspired
by the dual-system theory of cognitive processes (System 1 as intuitive cog-
nition, System 2 as inferential cognition), we design a sentence-level model to
acquire knowledge and obtain high-confidence knowledge via distant supervision,
which is then integrated into the final classification layer of the full-text-level
deep learning model. [Results/Conclusion] On the biomedical academic full-
text dataset (CDR-revised), our approach achieves an 11.13% improvement in
F1 score over current state-of-the-art models.
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Abstract:
[Purpose/Significance] Relation extraction from academic full-text is a key
technology for constructing academic full-text knowledge graphs. The con-
structed academic knowledge graph can realize the structuring and intellectual-
ization of documents, improve the efficiency of researchers in retrieving and ana-
lyzing literature and grasping research trends, and facilitate implicit knowledge
discovery through cognitive reasoning on the graph. [Method/Process] While
enhancing relation extraction through external knowledge has achieved results
in many studies, relation extraction for specific domains often lacks available ex-
ternal knowledge. This study found that high-confidence knowledge inherent in
full-text can also assist full-text relation extraction. Inspired by the dual-system
theory of cognitive processes (System 1 as intuitive cognition and System 2 as
reasoning cognition), we designed a sentence-level model to acquire knowledge,
obtained high-confidence knowledge through distant supervision, and integrated
this high-confidence knowledge into the final classification layer of the full-text-
level deep learning model. [Result/Conclusion] On the biomedical academic
full-text dataset (CDR-revised), the F1 score improved by 11.13% compared to
the current state-of-the-art model.

Keywords: academic full-text; relation extraction; self-owned knowledge en-
hancement; knowledge graph
Classification Number: G250
DOI: 10.13266/j.issn.0252-3116.2022.07.012

1 Introduction
Relation extraction aims to assign semantic relations to entities in unstruc-
tured text. According to the scope of text processing, relation extraction can
be divided into sentence-level relation extraction and full-text-level relation ex-
traction. Sentence-level relation extraction aims to identify the relationship
between two known entities within a sentence, whereas full-text-level relation
extraction targets extracting relationships among multiple entities across long
texts containing multiple sentences. An example of full-text-level relation ex-
traction is shown in [Figure 1: see original paper]. Relation extraction is a key
technology for knowledge graph construction. The construction of academic
full-text knowledge graphs naturally depends on research into relation extrac-
tion from academic full-text. Since Google proposed knowledge graphs for search
engine projects in 2012, knowledge graphs have gradually replaced the semantic
web as a major research hotspot in artificial intelligence. Currently, knowledge
graphs have wide applications in semantic search, intelligent question answering,
knowledge engineering, data mining, and digital libraries. Combining knowledge
graphs with academic full-text presents many valuable research questions.

The construction of academic full-text knowledge graphs can be roughly divided
into two aspects from the perspective of whether they focus on macro-level
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or micro-level academic research knowledge: macro-level knowledge graph con-
struction of academic research achievements, and micro-level knowledge graph
construction of discipline knowledge contained within achievements. Macro-
level academic research achievements mainly include researcher information,
publication venue information, research methods, research problems, research re-
sults, research prospects, cited research problems, cited research results, cited re-
search methods, etc. Discipline knowledge within academic achievements mainly
refers to domain knowledge. For example, in the biomedical field, a research
paper [1] states that the chemical tacrolimus can induce scleroderma renal crisis,
from which we can derive that the chemical tacrolimus has a certain relationship
with the disease scleroderma renal crisis. The relation extraction studied in this
paper targets the second scenario—extracting discipline knowledge relationships
from academic research achievements.

In recent years, many methods have been proposed for relation extraction, in-
cluding traditional methods dependent on manual feature engineering [2] and
neural network-based models [3-4]. Neural network-based methods achieve state-
of-the-art performance through end-to-end training to extract features. These
neural network-based methods utilize position features to obtain entity informa-
tion, specifically by providing the relative distance between each word and the
two entities as model input. Recent work has applied pre-trained models (such
as BERT [5]) to relation extraction. Since full-text-level relation extraction in-
volves multiple target entities, entity marking methods that provide information
for two entities at once are no longer applicable because they cannot provide
information for all entities simultaneously.

To address this problem, most full-text-level relation extraction methods are
based on graph models with appropriate modifications to achieve good results
[6] (see [Figure 1: see original paper]). Specifically, they use words as nodes
and intra-sentential and inter-sentential dependencies (dependency structures,
coreference, etc.) as edges. Graph models provide a unified method for ex-
tracting features of entity pairs. Subsequent work has extended graph model
approaches by improving neural network structures [7-8] or adding more types
of edges [9-10]. However, entity relation extraction in full-text is extremely
complex, and some entity relationships are difficult to achieve ideal results with
only global-local mixed modeling. If additional knowledge can assist relation
judgment, better results can be obtained.

Therefore, we propose a novel self-owned knowledge acquisition model to en-
hance relation extraction from academic full-text. This is the first work to en-
hance relation extraction from the perspective of self-owned knowledge rather
than external knowledge (such as knowledge graphs), and it also serves as a
validation of dual-system cognitive theory. We introduce advanced technologies
such as multi-view graph models, multi-path reasoning networks, and adap-
tive threshold selection to ensure the accuracy of academic full-text relation
extraction. Compared with existing common deep learning relation extraction
methods, the extraction effect is significantly improved. Experimental results on

chinarxiv.org/items/chinaxiv-202304.00803 Machine Translation

https://chinarxiv.org/items/chinaxiv-202304.00803


the biomedical academic text CDR-revised and GDA datasets demonstrate the
effectiveness of the proposed method, particularly outperforming recent base-
line models, thereby promoting the further improvement of key technologies
for relation extraction in academic full-text knowledge graph construction and
accelerating the implementation of academic full-text retrieval and knowledge
construction.

2 Related Work
2.1 Evolution of Deep Learning-Based Relation Extraction Technol-
ogy

Through literature content analysis, we summarize the technical evolution of
deep learning-based relation extraction. As shown in [Figure 2: see original pa-
per], the evolution of relation extraction technology is mainly reflected in word
features, external knowledge, deep models, training dataset scale, extraction
effect, and research fields. In terms of word features, features such as words,
part-of-speech, syntactic relations, and WordNet hypernyms were initially intro-
duced, followed by entity type identifiers and word position features. The intro-
duction of entity types can narrow the scope of relation categories, while word
position features can reflect contextual semantic information between words. Re-
garding external knowledge, early methods commonly used distant supervision
and transfer learning, while recent years have shown a preference for knowl-
edge graph fusion research. In fact, distant supervision, transfer learning, and
knowledge graph fusion can all improve relation extraction accuracy to a certain
extent, but knowledge graphs can provide more effective auxiliary information,
and with the gradual improvement of domain knowledge graphs, researchers
prefer knowledge graph fusion as external knowledge to improve performance.

In terms of deep models, influenced by the gradual improvement of general deep
learning models, relation extraction research has continuously introduced the
latest and most efficient general models to enhance extraction effects. Regarding
training scale, also influenced by general pre-trained language models, relation
extraction research has shifted from larger training datasets to smaller datasets
to adapt to the reality of high corpus annotation costs. In terms of extraction
effect, after 5-6 years of development, the F1 score has improved by about 10%,
with significant results. In terms of research fields, researchers initially used eas-
ily obtainable internet texts (such as Wikipedia) as research objects. Later, as
the research community grew, relation extraction research gradually blossomed
in various disciplinary subfields, constructing domain-specific knowledge graphs.

2.2 Relation Extraction Related Research

Since full-text-level relation extraction is much more complex than sentence-level
relation extraction, initial research mainly focused on sentence-level relation ex-
traction [13-15]. Sentence-level relation extraction aims to detect relationships
between entities in sentences. Existing sentence-level relation extraction mod-
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els can be divided into two categories: sequence-based and dependency-based.
Sequence-based models operate only on word sequences, which can be unidirec-
tional or bidirectional [16-17]. Sequence-based models are relatively simple to
implement but are susceptible to interference from other words in the context,
making it difficult to effectively and accurately capture the semantic relation-
ship of target entity pairs. Dependency-based models incorporate dependency
trees into the model, which can theoretically avoid the interference problem of
sequence-based models. However, they are difficult to implement for two main
reasons: (1) dependency trees mainly rely on syntactic parsing for generation,
which can easily lead to error accumulation; (2) the integration technology of
dependency tree models into deep learning models is not yet mature.

L. B. Soares et al. found that entity marker methods can effectively improve
the accuracy of relation extraction [18]. This entity marking approach has been
widely applied in subsequent research. However, in typical article writing, it is
difficult to describe relationships clearly in a single sentence, especially when
descriptions contain multiple entities and relationships. Full-text-level relation
extraction requires the ability to extract relationships across longer contextual
sentences. Recent work has begun to explore full-text-level relation extraction.
Y. Yao et al. utilized DocRED, a large-scale general dataset publicly available
from Wikipedia and Wikidata, making significant progress in full-text-level re-
lation extraction [19]. Most methods for full-text-level relation extraction are
based on graph neural networks to capture semantic information between sen-
tences [7,20-22]. F. Christopoulou et al. constructed graphs containing different
granularities (sentence, mention, entity) through co-occurrence and heuristic
rules, modeling the graphs without external tools [23]. S. Zeng et al. built
dual graphs of different granularities to capture document-aware features and
interactions between entities [24]. Z. Guo et al. proposed a refinement mecha-
nism to aggregate multi-hop information across the entire document, and their
LSR model achieved good performance in full-text-level relation extraction [25].
Graph neural networks leverage their inherent advantage of expressing depen-
dencies between nodes through graph structures, which can partially solve the
problem of sequence models being disturbed by other words in the context.
However, due to the limitations of actual computing hardware, graph neural
networks often need to split a complete large graph into several small graphs
to adapt to mini-batch end-to-end operation mechanisms, and the related im-
plementation technology of finding subgraphs within large graphs needs further
research.

W. Xu et al. designed a discriminative reasoning network that estimates the
probability distribution of different reasoning paths based on the constructed
graph and the context vector of each entity pair to identify relationships between
entity pairs [22]. The ATLOP model is currently known to be the most effective
model on the open-source full-text corpus DocRED [26]. This model proposes an
adaptive threshold technique that replaces the global threshold with a learnable
threshold class. This technique eliminates the need for threshold adjustment and
allows the threshold to be adjusted according to different entity pairs, thereby
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obtaining better results.

Using existing knowledge graphs to guide relation extraction is another devel-
opment direction [27-29]. Knowledge graphs contain a large amount of entity
relationship information, which can effectively compensate for insufficient data
during relation extraction training. Methods for fusing knowledge graphs into
relation extraction mainly include: (1) fusion from the perspective of model
features, adding entity type information to the attention mechanism to enable
relation extraction models to capture text semantic features more effectively;
(2) fusion from the perspective of supervised training, pre-training knowledge
graphs and using knowledge graph embeddings to supervise relation extraction
models, effectively reducing noise signals in current relation extraction training
sets; (3) fusion from the perspective of category reasoning, exploring zero-shot
learning to capture hierarchical structures between relations and correlations,
enabling some relations with very little training data to be fully identified.

Q. Chen et al. used basic knowledge such as synonyms, antonyms, hypernyms,
and co-hyponyms to help build a soft alignment neural network model between
sentence pairs [30]. However, it can only handle a fixed number of knowledge
types and requires pre-assigning values to relations before training, which limits
its application in practice. Z. Wang et al. proposed a knowledge graph-enhanced
natural language inference (KGNLI) model [31]. KGNLI first extracts entities
such as subjects, predicates, and objects from given sentence pairs, then learns
knowledge relationship representations based on a knowledge graph containing
these entities as nodes. Additionally, KGNLI learns semantic relationship rep-
resentations between given sentences through a bidirectional LSTM network.
Finally, KGNLI combines these two representations and inputs them into a
multi-layer perceptron to determine relation labels. However, the key words
determining the relationship between sentence pairs are difficult to find, and
KGNLI is no exception. M. E. Peters et al. proposed a Knowledge Attention
and Context Reconstruction (KAR) component to improve the BERT model
and enhance its ability for relation extraction [32]. However, KAR only fuses
word embeddings from knowledge graphs with word embeddings from sequences,
which cannot fully leverage the relational knowledge of entity pairs on knowledge
graphs, thereby affecting the upstream context of entity pairs to be judged.

3 Research Methods
3.1 Framework for Academic Full-Text Relation Extraction with Self-
Owned Knowledge Enhancement

Compared with non-academic texts, academic texts are more rigorous in writing,
with clearer arguments and evidence, and clearer logic, resulting in more com-
plex sentences and more logical reasoning relationships in context. Therefore,
we designed a self-owned knowledge-enhanced academic full-text relation extrac-
tion model to improve the accuracy of relation extraction in academic full-text.
As shown in [Figure 3: see original paper], the framework is divided into two
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main parts. The left part is used to obtain sentence-level self-owned knowledge,
and the right part is used to obtain full-text-level entity pair relations, with the
self-owned knowledge from the left part used to guide the full-text-level relation
extraction on the right part.

When performing academic full-text relation extraction, we must consider not
only intra-sentential semantic logic but also inter-sentential semantic logic, with
greater emphasis on logical reasoning than in non-academic texts. Based on
this, we start with reasoning to solve the problem of academic full-text relation
extraction (corresponding to the right half of [Figure 3: see original paper]).
The method is detailed below.

3.2 Reasoning-Based Academic Full-Text Relation Extraction

Academic full-text relation extraction involves multiple types of reasoning,
mainly including pattern matching, logical reasoning, coreference reasoning,
and commonsense reasoning [33]. Currently, most related research uses only
a single graph model to obtain low-dimensional distributed representations
of entity pairs through multi-hop graph convolution and then calculates the
relationship between them to complete various types of reasoning. Although
this approach can achieve good reasoning results to a certain extent, it over-
looks the technique that different reasoning forms require different modeling
strategies. Referencing the approach of W. Xu et al., we divide reasoning
into intra-sentential reasoning, logical reasoning, and coreference reasoning,
and establish different reasoning paths and modeling for these three types of
reasoning [22].

Typically, an entity pair contains multiple entity mentions, meaning that an
entity pair can have multiple relationships through the above three reasoning
methods. For the logical reasoning part, since there may be multiple entity
mentions mk, there will also be multiple probabilities for this part. Our strategy
is to retain the relationship with the highest probability among entity mention
pairs as the possible relationship for the entity pair. Only when the relationship
probability exceeds a certain threshold will the relationship be output; otherwise,
no relationship is output. The method for obtaining this threshold is described
below.

Generally, a global probability threshold is compared with probability Pr to fi-
nally determine the category of the entity pair. The global probability threshold
is usually obtained through multiple experiments calculating the F1 score on the
validation set, with the threshold determined when the F1 score is maximized.
This method has two drawbacks: (1) it may not be suitable for all categories—for
example, category 1 may require a probability threshold of 0.5, while category
2 may require 0.4; (2) it requires multiple runs on the validation set to obtain
the global probability threshold, resulting in high time complexity.

Following the approach of W. Zhou et al., we use a learnable threshold class
instead of a global threshold [27]. Specifically, during model training, we in-
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troduce a virtual threshold class to separate positive and negative categories.
All positive category probabilities must be higher than the virtual threshold
class probability, while all negative category probabilities must be lower than
the virtual threshold class probability. During inference, categories with proba-
bilities higher than the virtual threshold class are returned as predicted labels,
or if no category exceeds the virtual threshold class, the “no relation”label is
returned. This technique allows the threshold to be adjusted according to dif-
ferent entity pair relation categories, yielding better results while reducing the
time complexity of obtaining thresholds through multiple validation set runs.

We found that relying solely on the above reasoning methods to identify rela-
tionships in academic texts, while addressing the need for inter-sentential and
intra-sentential reasoning, is still susceptible to interference from other words,
phrases, and sentences in the context due to long-range dependencies between
entities. To solve this problem, we propose to further improve academic full-text
relation extraction by using an independent model with strong intra-sentential
reasoning capabilities. This independent model, the self-owned knowledge ac-
quisition model (corresponding to the left half of [Figure 3: see original paper]),
is described in detail below.

3.3 Self-Owned Knowledge Acquisition Model

Inspired by the dual-system theory in cognitive science, we first attempt to
obtain simple and clear entity relationships from sentences and then use these
relationships to assist complex reasoning in full-text relation extraction.

Relationships in sentences are usually clear, but the automatic identification ef-
fect is greatly reduced when encountering multiple entities. How to ensure the
acquired relationships have high credibility is a worthwhile research question.
One approach is to train the model only on sentences with few entities and
predict new sentences with few entities to obtain relationships in new sentences.
Generally, this method achieves high accuracy for sentence relationships but
misses much relational knowledge. The second approach builds on the first by
additionally attempting to discover relationships from sentences with multiple
entities, but this is more challenging and requires carefully designed extraction
methods. We adopt the second approach to obtain high-confidence entity pair
relationships. As shown in the left part of [Figure 3: see original paper], the pro-
cess is mainly divided into three modules: a BERT module, a multi-view graph
module, and a distant supervision module, to obtain entity pair relationships
with high accuracy as much as possible. The entity pair relationships obtained
from sentences are called self-owned knowledge and can be used for subsequent
full-text relation extraction. The three modules are described in detail below.

3.3.1 BERT Module We use SciBERT [34] as the encoder to extract se-
mantic information from sentences. SciBERT is trained on academic corpora
and has only 42% vocabulary overlap with the ordinary BERT model, indicat-
ing significant differences in commonly used words between academic domain
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texts and general domain texts. SciBERT has been proven to outperform the
ordinary BERT model on various language tasks for academic texts. Words in
sentences are input as tokens into SciBERT, and after encoding, the output is
H = {h0, h1, h2, ⋯, h��1, h�}. Typically, h0 is used to represent the sentence
and for category label judgment. Following the method of F. Xue et al., we
add a graph module layer on top of the SciBERT encoder output H, and then
combine the learned graph with h0 as input to the classifier [35]. The added
graph module, the multi-view graph module, is described below.

3.3.2 Multi-View Graph Module (1) Gaussian Graph and Convolu-
tion Calculation. The BERT module outputs H = {h0, h1, ⋯, h�}, where h0 is
derived from the [CLS] token at the beginning of the sentence and does not need
to be passed into the graph module. The remaining encoded representations are
input into the graph module and labeled as V0 = {v1

0, ⋯, v�0}, where N Gaus-
sian distributions {N1

0, ⋯, N�0} are generated for each v�0 (i = 1⋯m). The
expectations and variances of the Gaussian distributions are obtained through
trainable neural networks. The main reasons for using a multi-view approach to
generate Gaussian distributions are: (1) it can capture as many meanings of to-
kens as possible; (2) when the prior distribution of tokens is unknown, choosing
a Gaussian distribution is a relatively safe decision, as the central limit theorem
shows that the sum of many independent random variables approximately fol-
lows a Gaussian distribution, and many real distributions are themselves close
to Gaussian distributions.

(2) Dynamic Temporal Pooling and Classifier Module. After each con-
volutional layer, a dynamic temporal pooling (DTWPool [35]) is applied. For
the nth view of the graph, we first calculate the attention of each node, then use
the SAGPool [36] method to filter nodes, and the remaining node set is a subset
of the original node set. After L layers of pooling, we obtain L graphs {G1,
G2, ⋯, G�}, where the nodes in each graph are the union of N views. Since the
length of each sentence is inconsistent, the number of nodes containing effective
information in the graphs is also inconsistent, requiring a pooling mechanism to
retain important node information. The solution is to introduce a loss function
that supports inconsistent node numbers, minimizing the difference between
G1 and G�. This approach can capture more local information to the maximum
extent. The final result graph is merged from graphs at various levels. Since
the number of nodes in graphs at each level differs, we only select graphs that
contain the same nodes as G� or are subsets of G�.

For the graph output by dynamic temporal pooling, after one more max pooling,
we obtain the graph vector representation. This graph vector representation can
assist the [CLS] representation h0 obtained by the BERT module encoding, mak-
ing relation classification more accurate. By concatenating h0 and the graph
vector and passing them through a softmax layer, we can obtain the relation
category label for an entity pair in a sentence. When a sentence contains multi-
ple entity pairs, the above calculation is repeated, judging only one entity pair
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at a time.

3.3.3 Distant Supervision Module Although the BERT model can learn
basic language knowledge and improve extraction results, it still relies on la-
beled data. To address this issue, a method called distant supervision has been
applied [37-40]. Distant supervision is also known as weak supervision. In
relation extraction, distant supervision mainly uses entity pairs and relations
from knowledge graphs and compares them with various available texts. When
entity pairs appear simultaneously in a text, the text is considered to contain
that relation. We also borrow this idea, placing the entity pairs obtained above
into a search engine. When the top n search results contain � entries that si-
multaneously include the entity pair, the relation corresponding to the entity
pair is considered correct; otherwise, the entity pair relation is discarded. In
experiments, top n is set to 10 and � is set to 3. The reason top n is set to 10
is that the first page of search engine results usually contains 10 entries, and
the information on the first page is sufficient without needing to use content
from other pages. The reason � is set to 3 is explained in Section 4.6 below.
As shown in [Figure 4: see original paper], the entity pair “motor disorder”
and “levodopa”appear simultaneously in Baidu’s search results and meet the
screening requirements, so the entity pair is retained and their relation is used
as knowledge to enhance subsequent full-text relation extraction.

3.3.4 Self-Owned Knowledge Enhancement When an entity pair has no
relation in the full-text relation extraction result, we check the relation deter-
mined in the self-owned knowledge. If a relation exists in the self-owned knowl-
edge, we change the full-text relation extraction result for that entity pair to
the relation in the self-owned knowledge. The reasons for using this method
are: (1) intra-sentential reasoning is disturbed by contextual information from
other sentences, so an independent model is needed to obtain intra-sentential
self-owned knowledge; (2) integrating the acquired self-owned knowledge into
the full-text relation extraction model to guide the relation extraction of other
entity pairs is quite difficult for model construction; (3) if we replace the re-
lation of an entity pair in full-text relation extraction when the probability is
below a certain threshold, the problem is that the threshold is difficult to set; (4)
we directly adopt the method of replacing with self-owned knowledge when the
entity pair has no relation in the full-text relation extraction result. Although
simple, this method has been verified to be effective through experiments. As
shown in the right part of [Figure 3: see original paper], after full-text-level
tokens undergo the reasoning-based academic full-text relation extraction steps
described above, the final relation category of entity pairs is determined through
the self-owned knowledge enhancement module.

The reasonableness of replacing entity pairs with no relation in full-text rela-
tion extraction results with relations from self-owned knowledge is based on two
points: (1) compared with sentence-level relation extraction, full-text relation
extraction is more challenging because it requires considering not only intra-
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sentential logical relations between entities but also inter-sentential logical rela-
tions, involving long-range dependencies of entity pairs, which is more challeng-
ing [19,41]; (2) from existing public datasets, sentence-level experimental results
are significantly 10%-20% higher than full-text-level (also called document-level)
results [42], which to some extent indicates that sentence-level relation results
have higher credibility than full-text-level relation results. Therefore, using sim-
ple entity relations extracted from the self-owned knowledge module to partially
replace results extracted from the full-text-level module is reasonable.

4 Experiments and Analysis
4.1 Academic Full-Text Relation Extraction Datasets and Model Pa-
rameter Settings

Public datasets related to full-text relation extraction mainly include DocRED
[43], CDR [44], and GDA [45]. All involve relation reasoning across multiple sen-
tences with multiple entities, which is extremely challenging. DocRED is a large-
scale dataset constructed from Wikipedia and Wikidata. CDR is a biomedical
dataset constructed using PubMed, covering binary relations between chemicals
and diseases, which is of great significance for biomedical research. The GDA
dataset is also a binary relation classification task for identifying gene-disease
interactions, constructed using distant supervision on MEDLINE, with lower
quality compared to CDR. Our research focuses on relation extraction from
academic full-text, so we selected the CDR and GDA datasets for experiments.

shows the data volume characteristics of the CDR and GDA datasets. The
CDR dataset contains a total of 1,500 texts, equally divided into three parts:
training set, validation set, and test set, all manually annotated. The GDA
dataset contains a total of 30,192 texts. Compared with CDR, each text in
GDA contains on average 2 fewer entities, 0.7 fewer entity mentions, while the
average number of entity mentions per sentence is basically the same. It should
be noted that we found many entity pair relations in the CDR test dataset were
not annotated and were considered to have no relation. We re-examined these
no-relation entity pairs and corrected 161 entity pair relations, calling this part
of the test set CDR-revised.

We used Apex’s mixed-precision training method [46] for model training. lists
some of the hyperparameters involved. All hyperparameters were tuned on the
development set.

4.2 Comparative Experiments with Other Models

We compared our self-enhanced model ESOKRE with other similar research
results, including BRAN [47], EoG [48], LSR [9], DHG [49], GLRE [50], SciB-
ERTbase [51], and ATLOP-SciBERTbase [27]. As shown in (5 trials, taking
the one with the highest F1 score), our self-owned knowledge enhancement
model ESOKRE achieved an F1 score 11.13% and 0.35% higher than ATLOP-
SciBERTbase on the CDR-revised and GDA datasets, respectively. The F1
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score on the CDR dataset is relatively low because the dataset’s annotations
are incomplete—when the self-enhancement model correctly identifies a relation,
it is mistakenly considered as no relation because it is not annotated in the
dataset. The improvement on the GDA dataset is not significant because the
relations between genes and diseases in this dataset are relatively clear in the
text, and simple reasoning can achieve good results, making it difficult for our
self-owned knowledge enhancement capability to demonstrate its effectiveness.
As shown in , the proportion of relations corrected by self-owned knowledge
enhancement is 7.07% on both CDR and CDR-revised datasets. Although the
number of corrected relations is the same for these two datasets, the F1 results
differ because CDR-revised is a corrected version of CDR. On the GDA dataset,
the proportion of relations corrected by self-owned knowledge enhancement is
0.40%, and the limited number of corrections affects the final F1 improvement.

4.3 Ablation Study

We conducted module ablation experiments to verify the effectiveness of dif-
ferent components of the proposed method. As shown in on the CDR-revised
dataset, performance decreases when any module is missing. ESOKRE refers
to automatically acquiring self-owned knowledge and enhancing full-text rela-
tion extraction through distant supervision. “ESOKRE - Self-owned knowl-
edge enhancement”means using only full-text reasoning without integrating
self-owned knowledge.“ESOKRE - SciBERT in self-owned knowledge”means us-
ing RoBERTa instead of SciBERT in the BERT module of the self-enhancement
model. “ESOKRE - Graph module in self-owned knowledge”means removing
the multi-view graph module from the self-enhancement model. “ESOKRE -
Distant supervision”means removing the distant supervision module from the
self-enhancement model. The results on the CDR-revised dataset show that the
self-owned knowledge enhancement module and using SciBERT in the BERT
module contribute the most to model performance. When they are removed
from the entire model, the F1 score decreases by 6.72% and 4.32%, respectively.
This indicates that our proposed self-owned knowledge enhancement module ef-
fectively assists full-text relational logic reasoning. Additionally, removing the
distant supervision sub-module from the self-owned knowledge enhancement
module decreases the F1 score by 1.91%, indicating that the distant supervision
sub-module can improve the accuracy of self-owned knowledge acquisition to a
certain extent.

It should be noted that in , adding the self-owned knowledge enhancement mod-
ule to the CDR dataset actually decreases the F1 score. The reason, mentioned
in Section 4.1, is that many entity pair relations in the CDR test dataset were
not annotated and were considered no-relation, affecting the experimental re-
sults. Since our method shows limited improvement on the GDA dataset, this
dataset is not experimented on in this and subsequent sections. The reason for
the limited improvement has been mentioned in the previous section.
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4.4 Analysis of Training Size Impact on Experimental Results

In the field of academic full-text knowledge graph construction, annotating train-
ing data is extremely time-consuming and labor-intensive. Therefore, it is neces-
sary to evaluate the performance improvement of academic relation extraction
models on limited annotated data. We compared the performance changes of
ATLOP-SciBERTbase and ESOKRE with varying training text volumes. The
experimental results are shown in . As the training text volume gradually in-
creases from 10 to 500 pieces, the F1 scores of both models increase. When
using the ATLOP-SciBERTbase method, the F1 score increases from 13.66 to
63.87. When using our ESOKRE model method, the F1 growth amplitude and
rate are similar to ATLOP-SciBERTbase, specifically increasing from 15.83 to
75.83. The F1 data changes show that training data volume has a significant
impact on academic text relation extraction, but continuously increasing train-
ing data volume does not necessarily lead to corresponding accuracy because
the relationship between training volume and accuracy is not linearly increasing.
This conclusion has great practical significance: in academic relation extraction
work in a certain domain, it is necessary to evaluate the specific amount of man-
ual annotation. This specific amount can be determined through an iterative
approach—gradually annotating, training models, and evaluating performance.
When the evaluation value reaches the inflection point of the growth curve, the
final amount of data to be annotated can basically be determined.

4.5 Analysis of Self-Owned Knowledge Relation Replacement Meth-
ods

The research methods section mentioned that the method of using self-owned
knowledge relations to replace candidate full-text relations was obtained through
experimental verification. The experimental verification process is introduced
below. We divided the methods of using self-owned knowledge relations to
replace candidate full-text relations into three types: “replace when no rela-
tion,”“replace when relation exists,”and“direct replacement.”These respectively
mean: replacing when the candidate full-text entity pair result is no-relation but
self-owned knowledge has a relation; replacing when the candidate full-text en-
tity pair result has a relation but self-owned knowledge has no relation; and
directly replacing the candidate full-text entity pair result with the self-owned
knowledge relation. As shown in , on the CDR and CDR-revised datasets, re-
placing when no-relation is better than direct replacement, which is better than
replacing when relation exists. The reason for this difference, we believe, is that
the no-relation results obtained through long-range dependency logical reason-
ing of entity pairs can be supplemented by self-owned knowledge, while rashly
replacing relations that exist in self-owned knowledge but not in long-range
dependency reasoning is unreasonable because some relations are not reflected
within sentences but between sentences.
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4.6 Impact of Parameter � Value in Distant Supervision Module on
Relation Extraction Results

As mentioned above, in the distant supervision module, when � of the top n
search results simultaneously contain the entity pair, the relation corresponding
to the entity pair is considered correct; otherwise, the entity pair relation is
discarded. In experiments, top n is set to 10 and � is set to 3. � is set to
3 because this value yields the best F1 score. [Figure 5: see original paper]
shows the comparison of different � values in the distant supervision module on
the CDR-revised dataset. The figure shows that when � is 3, the final relation
extraction F1 score is highest at 75.83%, while values less than or greater than
3 result in decreased F1 scores.

4.7 Case Study

We conducted case studies to further illustrate the effectiveness of our proposed
ESOKRE model compared with the baseline model. As shown in [Figure 6: see
original paper], both ATLOP (short for ATLOP-SciBERTbase) and ESOKRE
can successfully extract the “drug-disease”relations between entity pairs “naf-
cillin”and “interstitial nephritis”and between “nafcillin”and “bacteremia.”
However, only our ESOKRE model can extract the “drug-disease”relation be-
tween entity pairs“daptomycin”and“bacteremia.”This case shows that although
the baseline model has certain reasoning capabilities on the CDR full-text entity
relation matrix, it has deficiencies in specific cases. For example, the relation
between “daptomycin”and “bacteremia”in this case can be inferred to be a
“drug-disease”relation from sentence [3], although sentence [1] contains men-
tions of both entities but cannot clearly determine their relation. At this point,
the context in sentence [1] interferes with the relation inference between the
two. Our ESOKRE model first extracts self-owned knowledge, and through the
operation of this module, the relation between“daptomycin”and“bacteremia”
can be clearly determined.

As shown in the three comparison cases in , all listed are examples where the
ATLOP model fails while our ESOKRE model succeeds. In the first case, enti-
ties“vancomycin”and“nephrotoxicity”clearly show a chemical-induced disease
relation in sentences [1] and [12]. Similarly, in the second case, entities “acute
renal failure”and “Chinese herbal”clearly show a chemical-induced disease re-
lation in sentence [4]. In the third case, the relation between entities “cerebral
vasospasm”and “cytarabine”can also be determined in sentence [4]. In sum-
mary, the reason why the ATLOP model fails is that it is affected by other
sentences and entities in the context. With current long-text semantic analysis
technology, it is difficult to effectively solve such problems with a single model
alone.
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5 Conclusion
This paper proposes an effective method for enhancing full-text relation ex-
traction by using self-owned knowledge from academic full-text. The method
obtains entity pair relations from sentences, places them in a search engine, uses
distant supervision for further verification, and finally retains high-confidence
entity pair relations as self-owned knowledge. Then, through reasoning model-
ing, adaptive threshold selection, and self-owned knowledge enhancement, full-
text-level relation extraction is completed. Experimental results show that our
proposed model achieves better performance than most existing models on the
CDR-revised dataset. To our knowledge, this is the first attempt to integrate
self-owned knowledge into academic full-text relation extraction. Future re-
search plans mainly include: (1) studying linguistic logical reasoning to assist
relational reasoning and further introducing dual-system theory from cognitive
science to improve academic full-text relation extraction; (2) studying and com-
paring the differences between self-owned knowledge enhancement and external
knowledge enhancement in academic full-text relation extraction; (3) adding
performance comparison analysis of the model under multiple datasets from
different disciplines.
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