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Abstract: The integration of industrial Internet, cloud computing, and big data technology is changing the business
and management mode of the industry chain. However, the industry chain is characterized by a wide range of
fields, complex environment, and many factors, which creates a challenge for efficient integration and leveraging of
industrial big data. Aiming at the integration of physical space and virtual space of the current industry chain, we
propose an industry chain digital twin (DT) system framework for the industrial Internet. In addition, an industry
chain information model based on a knowledge graph (KG) is proposed to integrate complex and heterogeneous
industry chain data and extract industrial knowledge. First, the ontology of the industry chain is established, and an
entity alignment method based on scientific and technological achievements is proposed. Second, the bidirectional
encoder representations from Transformers (BERT) based multi-head selection model is proposed for joint entity–
relation extraction of industry chain information. Third, a relation completion model based on a relational graph
convolutional network (R-GCN) and a graph sample and aggregate network (GraphSAGE) is proposed which
considers both semantic information and graph structure information of KG. Experimental results show that the
performances of the proposed joint entity–relation extraction model and relation completion model are significantly
better than those of the baselines. Finally, an industry chain information model is established based on the data of
18 industry chains in the field of basic machinery, which proves the feasibility of the proposed method.
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1 Introduction

The spread of COVID-19 and the countercur-
rent of economic globalization have had a significant
impact on the long-established industry chain and
supply chain (Yin et al., 2020). The traditional in-
dustry chain lacks a systematic risk early warning
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and prevention mechanism. In addition, there is a
lack of corresponding data support for supplement-
ing and strengthening the industry chain (Zhang XY
et al., 2022). Therefore, it is necessary to design a
data-driven industry chain analysis system to realize
dynamic perception of the industry chain, which in-
cludes the assessment of the production capacity and
supply capacity of the industry chain under different
conditions, and the timely discovery of potential risks
in the industry chain.

The industrial Internet is the deep integra-
tion of the new generation of network information
technology and manufacturing. It is an important
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infrastructure for realizing digital, networked, and
intelligent development of the industry chain (Li
et al., 2017). The emergence and development of dig-
ital twin (DT) have led to the recognition that DT
and industrial Internet are complementary (Kamble
et al., 2022). Based on the industrial Internet, DT
deeply integrates digital space and physical space,
thus effectively promoting the intelligent develop-
ment of the industry chain. At the same time, the
networked connection and collaborative capabilities
for industrial elements of the industrial Internet pro-
vide an ecological mechanism for the construction of
the DT system for the industry chain.

At present, the connotation of DT has expanded
from the original complex product life-cycle mir-
roring and high fidelity to the manufacturing field
of workshops and enterprises (Al Faruque et al.,
2021). However, how to use DT technology to ex-
plicitly express complex industry chain data, to an-
alyze the risk of the breakpoints and blocking points
in the industry chain, and to optimize the schedul-
ing of industry chain resources is a research gap.
Min et al. (2019) proposed a DT framework for the
petrochemical industry based on the industrial Inter-
net, which integrates data processing and machine
learning methods. However, this framework is ap-
plicable only to the petrochemical industry. Chen
et al. (2023) proposed a heuristic multi-cooperation
scheduling framework based on blockchain and DT
to ensure the production efficiency and information
security of the entire manufacturing process. How-
ever, this model ignores the upstream and down-
stream supply of the industry chain, and cannot pre-
dict the risks in the supply chain. Cheng et al. (2020)
proposed a DT-enhanced industrial Internet (DT-II)
reference framework, and discussed the DT-II im-
plementation mechanism for a single industry chain.
However, this structure does not consider the inter-
connection among multiple industry chains, and it is
difficult to achieve cross-industry resource sharing.
Therefore, in this paper we propose a DT system
framework that can comprehensively manage multi-
ple industry chains to integrate industry chain infor-
mation and achieve comprehensive perception from
a macro process to a micro process. Based on this
framework, the capabilities of collaborative innova-
tion, anti-risk, and comprehensive management of all
links in the industry chain can be improved.

Processing complex data and mining potential

features based on the industrial Internet are the keys
to building an industrial chain DT system. How-
ever, the industry chain is characterized by dynam-
ics, complex relationships, and huge data volumes,
making it difficult to calculate, organize, and ad-
just in time. How to achieve cross-region, cross-field,
and cross-factor industrial analysis and layout recon-
struction is a challenge.

Knowledge graph (KG) is an effective method
for mining complex relationships from industrial
data (Ren et al., 2023). However, there are three
challenges in extracting industry chain knowledge
from the data in the industrial Internet. First,
the industrial Internet contains massive multi-source
heterogeneous industry chain data, which are dis-
tributed on the information islands of different sys-
tems, making it difficult to effectively connect. How-
ever, there are few general methods for mining indus-
try chain knowledge from a large volume of expert
knowledge, public databases, and enterprise manu-
facturing data. Second, knowledge of the industry
chain is extracted mainly from Internet data, en-
terprise internal management systems, and indus-
trial equipment and products. Therefore, knowl-
edge of the industry chain includes structured, semi-
structured, and unstructured information resources.
This leads to the lack of a unified structured ex-
pression of industry chain knowledge and the inef-
ficiency of data processing. Finally, industry chain
knowledge is characterized by strong professional-
ism and complex relationships. For example, there
are complex relationships such as industry upstream
and downstream activities, enterprise geographic re-
lationships, processing operations, and parameter se-
mantics. In addition, the hidden relationships in
the industry chain knowledge need to be further ex-
plored. This challenges the effective preservation of
structure and content information of industry chain
knowledge through representation learning.

To solve these problems, we propose an indus-
try chain DT system framework that provides deci-
sion support for maintaining industry chain stabil-
ity, strengthening chain, and complementing chain.
Based on the industrial Internet, the system can
schedule production on demand, predict risks in the
industry chain, and analyze capacity bottlenecks.
Then, to deal with multi-source heterogeneous data
and integrate industry chain knowledge, an industry
chain information model based on a KG is designed
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which aims at processing multi-source heterogeneous
data in the industry chain and extracting knowledge
from unstructured data.

The main contributions of this article are as
follows:

1. A construction framework for the industry
chain DT system is proposed, including the indus-
try chain information model, the industry chain risk
assessment analysis model, and the industry chain
capacity simulation model. They are used for real-
time analysis of the state, robustness, and industry
chain capacity feasibility decisions, separately.

2. A KG-based industry chain information
model is designed, to extract industry chain knowl-
edge from heterogeneous, multi-source industrial In-
ternet data. The model realizes comprehensive real-
time monitoring of the industry chain.

3. An industry chain knowledge ontology
database is proposed which provides a basis for the
construction of KG of the industry chain. A bidi-
rectional encoder representations from Transform-
ers (BERT) based multi-head selection model is pro-
posed for joint entity–relation extraction of the in-
dustry chain from the industry chain data to obtain
the original KG.

4. A KG relation completion model based on a
graph neural network is proposed. In this model, a
relational graph convolutional network (R-GCN) is
used to obtain semantic information in the KG, a
graph sample and aggregate network (GraphSAGE)
is used to obtain the structural information of the
local subgraph around the target node in the KG,
and the multi-head attention mechanism is used to
combine the scoring results of these two kinds of
information.

2 Literature review

2.1 Industrial chain management technology

The industrial Internet is a technology that in-
tegrates physical and network components, enabling
all-factor connection of enterprise information sys-
tems, machines, and people (Wang JL et al., 2020).
It helps companies gain insights into industrial pro-
cesses from data to improve productivity, efficiency,
and reliability (Qin et al., 2020). At present, the
industrial Internet platform has become the core of
industrial system operation, which extends the field

of enterprise management to all stages of the prod-
uct life cycle (Menon et al., 2019). The industrial In-
ternet based industry chain optimization objectives
are divided mainly into the following three aspects:
(1) establish a comprehensive and systematic feature
representation model for the industry chain based on
the chain-like relationship formed by the logical re-
lationship and the spatial–temporal layout relation-
ship of the industry; (2) identify breakpoints and
blocking points in the industry chain and form a con-
sortium with upstream and downstream enterprises
in the industry chain to achieve collaborative innova-
tion; (3) organize enterprises in the industry chain to
share production capacity, strengthen supply chain
coordination, and empower resilient scheduling of
the industry chain.

With the capability of high-fidelity modeling
and simulation computing/analysis, DT meets the
high demand for industry chain optimization under
the industrial Internet. In recent years, the conno-
tation of DT has expanded from complex product
life-cycle mirroring and high fidelity to the manu-
facturing field of workshops and enterprises (Kiel
et al., 2017). Zhou GH et al. (2020) proposed a
general framework for a knowledge-driven DT man-
ufacturing cell towards intelligent manufacturing. It
was verified by three application examples about
intelligent process planning, intelligent production
scheduling, and production process analysis and dy-
namic regulation. Zhuang et al. (2018) proposed a
framework of DT-based smart production manage-
ment and a controlled approach for complex prod-
uct assembly shopfloors, and the real-time percep-
tion of physical assembly workshop data was stud-
ied. Kong et al. (2021) proposed a data construc-
tion method to provide stable and efficient data
support for the application of the DT system in
the manufacturing workshop. Bao et al. (2019)
proposed an approach of modeling and operations
for DT in the context of manufacturing. More-
over, they provided implementation methods for
virtual–physical convergence and information inte-
gration for a factory. Lu and Xu (2019) proposed
a generic system architecture for cloud-based man-
ufacturing equipment based on DT systems and
big data analytics. Sun XM et al. (2020) pro-
posed a DT-driven assembly-commissioning method
for high-precision products with multi-discipline cou-
pling. However, most current studies focus on DT
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in specific products, production lines, or enterprises.
There are relatively few applications of DT in the
industry chain.

2.2 Industry chain analysis technology based
on a knowledge graph

The industry chain is characterized by dynam-
ics, complex relationships, and huge data volumes,
making it difficult to calculate, organize, and adjust
in time. At the same time, to conduct a compre-
hensive analysis of the industry chain, it is necessary
to carry out data mining and model construction for
the association rules of all elements of the industrial
Internet in the complex semantic environment. KG
is an effective method for mining complex correla-
tions from industry chain data, and can effectively
deal with the dynamically growing massive industry
chain data in the industrial Internet. Zhou B et al.
(2023) proposed an industrial KG embedding time-
series data, which integrates dynamic time-series se-
mantic events and workshop knowledge from tech-
nical documents. It effectively associates the dy-
namic data and static data between production re-
sources. Tan et al. (2021) proposed an automatic
construction of a KG for the electric power field
and applied it to power equipment inspection. Liu
YSY et al. (2022) proposed an industrial KG to inte-
grate resources for manufacturing enterprises, which
can recommend resources in low-resource conditions
for industrial collaboration and thereby promote the
production and operation efficiency of manufactur-
ing enterprises. Hedberg et al. (2020) introduced
a method for linking and tracing data throughout
the product lifecycle using graphs to form digital
threads. Liu MF et al. (2022) established a multi-
layer manufacturing KG based on the digital thread
of manufacturing process data, including device sens-
ing data, production processing data, and business
processing data, and realized perception analysis and
cognition decision-making in the resource allocation
of the manufacturing process. Sarazin et al. (2021)
combined KG with an aviation system, proposed an
advanced expert system for heterogeneous informa-
tion network, and developed condition maintenance
of a complex system. Guo et al. (2022) proposed
a framework for automatic construction of a knowl-
edge base in the machining field based on a KG, solv-
ing the time-consuming and labor-intensive issues of
traditional frameworks.

However, there is little research on systematic
construction of KG for the industry chain. Most re-
search focuses on the specific industries, production
quality, and production processes in the industry
chain. The Industrial chain cooperation, enterprise
geographic relationships, processing operations, and
parameter semantics in the industrial Internet re-
main to be researched. The hidden relationship in
the industry chain KG remains to be explored.

3 Digital twin technology for the indus-
trial chain based on industrial Internet

Industry chain is a system involving multiple
fields. At present, few scholars consider the construc-
tion of DT systems involving multiple fields (prod-
ucts, factories, and upstream and downstream sup-
plies). However, it is difficult for a single-domain
DT system to meet the cross-domain interaction re-
quirements in the industry chain, and it is difficult
to completely simulate, analyze, and optimize the
industrial chain. In addition, the industry chain DT
system has to dynamically perceive and analyze, in
real time, the state of the industry chain, the robust-
ness of the industry chain, and the feasibility decision
of the industry chain capacity. At present, there is
no industry chain DT system that can simultane-
ously predict the risks of the industry chain, analyze
the capacity bottlenecks of the industry chain, and
organize related production resources.

3.1 System framework

DT is a digital model of a physical object that
evolves in real time by receiving data from the phys-
ical object, thereby remaining consistent with the
physical object throughout its lifecycle (Zhang L
et al., 2021). At present, DT systems of different
levels represented by 3P (product, production, and
process) have been formed, as shown in Fig. 1.

1. Product-grade DT system. The product-
grade DT system establishes a dynamic mapping be-
tween physical and virtual products, thereby collect-
ing and analyzing the state of physical products in
real time and realizing remote diagnosis and predic-
tive maintenance of the product state. At the same
time, the real-time simulation technology is used to
carry out design optimization iterations in the vir-
tual world, forming a closed loop for continuous im-
provement of product quality.
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2. Production-grade DT system. The
production-grade DT system digitizes various ele-
ments in the manufacturing process. Then, it forms
the connection and mapping between the digital fac-
tory and physical factory through the industrial In-
ternet platform. In addition, the system optimizes
the production process by converging production
process data through the industrial Internet. It real-
izes industrial intelligent applications at the produc-
tion site based on cloud–edge–device collaboration,
thereby continuously improving the efficiency and
quality of the production process.

3. Process-grade DT system. The establish-
ment of a process-grade DT system is based on
product-grade and production-grade DT systems.
The process-grade DT system applies and extends
the DT technology to other business processes of en-
terprises and even the supply networks. The system
connects various heterogeneous systems through the
industrial Internet, realizes the integration of com-
plex heterogeneous data, and forms a multi-scale DT
of “all regions, all industries, and all time.” In addi-
tion, the system needs to provide a reliable simula-
tion foundation and continuously optimize the busi-

ness process of the enterprise through data analysis.

The DT system proposed in this paper is a
process-grade DT system. It needs to connect all
elements of the industry chain to form a compre-
hensive interconnection across elements, enterprises,
industries, and regions, as shown in Fig. 2.

3.2 Establishment flow of a DT system

The industry chain DT system framework pro-
posed in this paper includes four layers: platform
layer, data layer, model layer, and application layer,
as shown in Fig. 3. The platform layer is constructed
based on the industrial Internet, which is embed-
ded with massive-data storage capabilities compat-
ible with time-series data, structured data, and un-
structured data. In addition, the industrial Inter-
net platform provides a basic environment for dis-
tributed computing and industrial big data analysis.
In the data layer, the data of enterprises, products,
equipment, production capacities, investment finan-
cial reports, patents, and papers are collected using
data collection tools. In addition, data transmission,
data processing, and data collection technologies are
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used to form a complete industrial data collection
system. In the model layer, through natural lan-
guage processing technology, entities such as prod-
ucts, industries, upstream and downstream enter-
prises, and typical companies are identified from the
data layer. The identified entities and relationships
are stored in the graph database. Then, combined
with the industrial economics theories, the industry
chain information model, industry chain risk assess-
ment analysis model, and industry chain capacity
simulation model are established to form an algorith-
mic support for the industry chain DT system. In the
application layer, powerful visualization plug-ins for
the relational, geographic, and statistical functions
provide users with an interactive exploration inter-
face. In addition, the functional modules such as
risk warning, indicator analysis, economic forecast,
and supply and demand deduction are designed to
provide applications for various users.

3.2.1 Data collection and access

The industry chain DT system should have in-
formation security protection technology and pro-
vide a secure hypertext transfer protocol, to realize
a safe and reliable two-way connection between de-
vices and platforms. In addition, the system can be
equipped with security hardware according to appli-
cation requirements, providing system-level security
monitoring, kernel-level security control, and trusted
application program management to realize secure
collection, secure transmission, and secure applica-
tion of device data.

Industrial DT is constructed by simulating a se-
ries of entities, relationships, and events surrounding
related industries in the objective physical world.
It provides an analysis and deduction environment
for decision-makers, and then assists them in intro-
ducing a series of industrial regulation measures.
The objects of industrial DT monitoring are the
enterprise development dynamics, product supply
and demand, equipment operation, project estab-
lishment and execution, talent flow, technological
innovation trends, investment events, and financing
events from the physical world (capital world, tech-
nological world, or industrial world).

There are three data sources for this paper. The
first aspect is the Internet public data, including cor-
porate business data, financial report data, papers,
and software, forming the macro composition of in-
dustry chain data. The second aspect is the enter-
prise internal management system data, including
business flow data in the supply chain management
system, enterprise resource planning (ERP) system,
and customer relationship management (CRM) sys-
tem. The third aspect is the data from the industrial
systems, equipment, and products (descriptions of
the three data sources are provided in the supple-
mentary materials).

3.2.2 Industrial chain DT model construction

The industry chain DT system needs to analyze
and simulate multiple industry chain network mod-
els, including the industry chain information model,
industry chain risk assessment analysis model, and
industry chain capacity simulation model. These
three models and their analysis tools enable the sys-
tem’s dynamic perception and real-time analysis of
the industry chain state, industry chain robustness,
and industry chain capacity feasibility decisions.

1. Information model. The industrial chain is
a complex system that can be divided into several
layers and different scales. The complex DT should
be able to display the entities in different scales as
needed, and the model, data, and behavior could
be adjusted accordingly as the perspective changes
(Jia et al., 2022). KG can provide a bridge between
DTs of different scales. It is an ideal technology
for building an information model of the industrial
chain.

2. Risk assessment model. First, obtain
data through the information model. In the risk
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assessment model, the clustering algorithm is used
to analyze the risk factors. Then, organize all the
influencing factors into several key indicators, and
classify the risk levels. Third, build a comprehensive
quantitative index system based on key indicators to
predict potential risks in the industrial chain. Fi-
nally, explore the relationship between entities and
events based on KG and find the breakpoints, to ad-
just production resources and reduce risks.

3. Capacity simulation model. First, obtain
the real-time production status through the infor-
mation model. Clustering and classification algo-
rithms are used to extract the characteristics of key
influencing factors and locate bottleneck production
resources. Then, based on the production-grade DT
system, the production capacity of each factory is
predicted, and the impact of capacity reduction is
quantified. Finally, analyze the production capac-
ity of upstream and downstream core enterprises
based on KG. Cross-enterprise, cross-industry, and
cross-region collaborative analysis can be carried out
through the industrial Internet platform to ensure
that the output of each link meets the requirements.

3.2.3 Application and closed-loop iteration of the in-
dustrial chain DT model

The industrial chain DT model can carry out
daily monitoring, risk assessment, and capacity anal-
ysis of the industrial chain. In the application layer,
the industrial chain information is presented in real
time through the visualized KG. The industrial chain
risk assessment model evaluates the risk level based
on real-time operation status data. When an emer-
gency occurs or the risk level exceeds the set thresh-
old, the system automatically sends a warning mes-
sage. At the same time, the capacity simulation
model analyzes the production capacity data of each
enterprise in the industrial chain to identify capac-
ity bottlenecks, and realizes the visual terminal dis-
play of capacity data. Then, interact with the in-
dustrial chain information model to find enterprises
with matching production capacity and alternative
products, to realize the rapid reconstruction of the
industrial chain under emergency conditions.

After the results are obtained, the model is sent
to each production-grade DT system for simulation
verification and virtual execution. Compare the sim-
ulation results with the preset ones. If the results do
not meet the requirements, multiple simulations and

iterative analysis can be performed to adjust, opti-
mize, and analyze the DT model. In addition, real-
time status information and execution information
are collected from the actual scene during execution,
and then transmitted to the industry chain DT sys-
tem for continuous analysis, simulation, evaluation,
and optimization, thereby realizing virtual and phys-
ical mapping and interaction. Through the interac-
tion and optimization iteration among the industry
chain DT model, production-grade DT model, and
physical space, the calibration and optimization of
the industry chain DT system are realized, and the
comprehensive management ability of the industry
chain is improved.

4 Construction of the industry chain
information model based on a knowl-
edge graph

From Section 3, the industry chain information
model is the key to establishing the industry chain
DT system, which needs to quickly identify, cal-
culate, organize, and adjust relationships. KG is
an ideal technology for building the industry chain
information model. It can describe complex rela-
tionships between entities through the expression
of graph data and can organize and represent data
from different dimensions. At the same time, the
industrial Internet platform provides storage and ex-
pression capabilities for the KG data and the re-
quired algorithms and computing power for graph
computing. Therefore, based on the industrial In-
ternet platform and KG, the industry chain infor-
mation model is constructed: (1) collect industry
chain data and construct the KG ontology; (2) entity
alignment of triples is performed and the structured
data are stored in the graph database; (3) according
to the characteristics of the collected domain data
structure, joint entity–relation extraction of semi-
structured and unstructured data is carried out; (4)
aiming at the problems of imperfect content and lack
of relationship, knowledge completion technology is
used to supplement and improve the KG. The con-
struction process of the industry chain information
model is shown in Fig. 4.

4.1 Ontology of the industry chain KG

The industry chain KG includes three dimen-
sions: product, enterprise, and supply–demand
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relationship. Each dimension contains multiple pa-
rameters. The industry chain is described based on
these data, as shown in Fig. 5. The concepts of prod-
uct, enterprise, and supply–demand in the indus-
try chain are defined as α= {Pi, Bi, Ti, Oi, Si}, β =

{Ei, Ni, Ci, Qi, Gi}, and χ = {Pi, Eui, Edi, Di, Ai}
respectively, as follows:

Pi is the unique identification of the product,
and the industrial Internet identification analysis
system is used for identification. Bi is the bill of
material (BOM) factor, that is, the composition of
the product. Ti is the technical factor, indicating
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the production capacity factor, indicating the daily
production capacity. Si is the inventory factor, indi-
cating the current inventory of the product.

Ei is the unique identification of the enterprise,
and the industrial Internet identification resolution
system is used to identify the enterprise. Ni is the
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industry chain affect the scheduling of industrial re-
sources. Ai is the quantity factor, that is, the daily
demand quantity of the product.

4.2 Entity alignment

The purpose of entity alignment is to remove the
inconsistency of entity names of enterprises, prod-
ucts, and people in heterogeneous data from multi-
ple sources. The current solutions include the text
similarity algorithm, thesaurus algorithm, and key-
word co-occurrence algorithm. However, there is a
large amount of repetitive relational data in KG of
the industry chain, and it is difficult for traditional
technologies to complete entity alignment efficiently
and accurately. In this paper, an entity alignment
method based on scientific and technological achieve-
ments is proposed. It includes keyword linking and
industry entity linking.

1. Keyword linking. The purpose of keyword
linking is to form a synonymous thesaurus in the
industrial field and provide a basis for industrial
knowledge labeling. The principle is to find poten-
tial synonyms based on similar phrases that appear
in patents and papers, incorporating a small amount
of expert evaluation to form the basis for entity align-
ment. The cosine similarity is used to measure the
similarity between entities, in which the threshold is
set to judge whether two entities are similar:

S (Xi,Xj) = cos (Xi,Xj) =
XT

i Xj

‖Xi‖ ‖Xj‖ , (1)

where S represents the similarity of entity names,
and Xi and Xj are the entity word vectors. The
larger the S value between two entities, the more
similar the two entity names.

2. Industry entity linking. On the basis of
keyword linking, the related entity information is
indexed in the domain. Combined with other
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key information, whether the two records point to
the same entity in the physical world is jointly
determined.

4.3 Knowledge extraction of the industry
chain based on the BERT-based multi-head
selection model

Considering the professionalism of words in var-
ious fields of the industry chain and the advantages
of the pre-trained language model, we use a multi-
head selection model based on BERT to jointly ex-
tract entities and relationships. The model includes
a BERT-based encoding layer, a conditional random
field (CRF) based sequence labeling layer, and a
multi-head selection based relation extraction layer,
as shown in Fig. 6. The output of the CRF layer is
the result of entity recognition with a BIO labeling
strategy, where B represents the element at the be-
ginning of the entity, I represents the element of the
rest of the entity, and O represents a nonentity. In
the relationship extraction layer, nonentity elements
or entities that have no relationship with other enti-
ties are marked “N.”

Shen Yang Machine Tool Company Limited In

BERT layer

CRF 
layer O OB I I I I I B I

Multi-head selection layer

[CLS]
N N N N N N location N N N

[SEP]
N

Shen Yang[CLS] [SEP]

Shen Yang Machine Tool Company In Shen Yang

O

Limited

Fig. 6 BERT-based multi-head selection model for
joint entity–relation extraction

The BERT model consists of a Transformer en-
coder (TE) structure stacked with 12 layers (Devlin
et al., 2019). The TE includes a self-attention layer
and a feed-forward network layer. Through the con-
tinuous stacking of multiple TE structures, BERT
can output a high-level semantic representation com-
bined with context information.

The self-attention layer is the core of the Trans-
former. Its main idea is to highlight different parts
of the text semantic representation by assigning dif-
ferent weights, which is calculated as

Attention (Q,K,V ) = softmax

(
QKT

√
d

)
V , (2)

where Q, K, and V represent the input word vec-

tors, and d is the dimension of the input.
To enable the model to learn relevant informa-

tion in different representational subspaces, BERT
uses a multi-head attention mechanism to perform
multiple self-attention operations on each word in
the input sequence, as follows:

Multihead (Q,K,V )

= Concat (head1, head2, ..., headn)W
O,

(3)

headi = Attention
(
QWQ

i ,KWK
i ,V WV

i

)
, (4)

where WQ
i , WK

i , and WV
i are the weight matri-

ces of headi, i = 1, 2, · · · , n, and WO represents an
additional weight matrix.

The CRF layer is added on the BERT out-
put layer to introduce dependencies between the la-
bels and output the most probable label for each
split. Assuming that the text word vector sequence
is X = (x1,x2, ...,xn) and that the label sequence is
Y = (y1,y2, ...,yn) (here, n represents the number
of elements in the word vector sequence), the CRF
scoring function is

S (X,Y ) =

n∑
i=1

xiyi
+

n−1∑
i=1

Tyi,yi+1 , (5)

where xiyi
represents the score of word vector xi

on label yi, and Tyi,yi+1 is a state transition matrix
representing the score from label yi to yi+1.

The probability of the output label sequence can
be obtained based on the softmax function:

P (Y |X) =
eS(X,Y )

∑
Ỹ ∈YX

eS(X,Ỹ )
, (6)

where Ỹ represents the possible tag sequences of
sentence X, and YX represents the set of all possible
tag sequences for sentence X. During training, the
model aims to maximize the log probability function
of the correct label sequence:

log (P (Y |X))=S (X|Y )−log

⎛
⎝ ∑

Ỹ ∈YX

eS(X,Ỹ )

⎞
⎠ .

(7)
In the prediction stage, the formula for the out-

put label sequence with the largest total probability
is

L∗ = arg max
Y ∈YX

S
(
X, Ỹ

)
. (8)

The input of the relation extraction layer based
on multi-head selection is zi = [hi;xi] , i =
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1, 2, ..., n, where hi is the output vector of the BERT
model. The goal of the relationship extraction layer
is to identify the most likely corresponding entity xj

and the most likely corresponding relationship rk for
each word in the input word sequence X, as follows:

s (zi, rk, zj) = M · f (ziU + zjG) , (9)

where f (·) is an element-wise activation function, M
is the relation embedding vector, and U and G are
the linear transformation matrices of the head and
tail entities, respectively.

The probability of xj being selected as the head
of xi with the relation label rk between them is

P (head = xj, label = rk|xi)=σ (s (zi, rk, zj)) ,

(10)
where σ (·) represents the sigmoid function.

We minimize the cross-entropy loss Lrel during
training as

Lrel=

n∑
i=1

m∑
j=1

− logP (head=yi,j , relation=ri,j |xi),

(11)
where m is the number of relations for xi, yi,j is
the ground truth vector of the head, and ri,j is the
associated relation label of xi.

The construction of the model is based on multi-
task training. On one hand, the sequence boundary
position of entities is learned through the CRF loss
function, and on the other hand, the interaction be-
tween entities and relations is enhanced through the
multi-head selection loss function.

4.4 Relation completion of the knowledge
graph based on a graph neural network

Due to the characteristics of KG, the structural
characteristics between various entities imply un-
known information. Therefore, it is necessary to
identify and infer new relationships from existing
data to supplement the knowledge in KG. To fully
obtain the information of entities and relationships
in KG and improve the accuracy of KG relation rea-
soning, we consider both the semantic information
and graph structure information of KG. Then, the
multi-head attention mechanism is used to combine
the scoring results of structural and semantic infor-
mation, as shown in Fig. 7.

Start

Parameter initialization

Target head and tail entity selection

Semantic information
extraction

Scoring function 1 Scoring function 2

Multi-head attention

Final score

End

Structural information
extraction

Fig. 7 Knowledge graph completion based on the
semantic and structural information of the graph

4.4.1 Relation reasoning based on the semantic in-
formation KG

An R-GCN is used to obtain semantic infor-
mation in KG. The message propagation model in
R-GCN is as follows (Schlichtkrull et al., 2018):

hl+1
i = σ

⎛
⎝∑

r∈R

∑
j∈Nr

i

1

ci,r
W l

rh
l
j +W l

oh
l
i

⎞
⎠ , (12)

where N r
i is the set of subscripts of nodes that have

a relationship r ∈ R with the ith node in KG, ci,r
is the normalized constant value for some particular
problems, hl

i represents a potential representation
of node i in the lth layer, and W l

r and W l
o are the

relation-based weight matrices.
The score function of the predicted triple (s, r, o)

is defined as

f1 (s, r, o) = eTs Rreo, (13)

where es and eo represent the head entity and tail
entity respectively, and Rr is the relation matrix.

The model is trained based on sampled nega-
tive examples (Wang Y et al., 2023), considering ω

negative samples, and optimized with cross-entropy
loss:

l =− 1

(1 + ω) |ε′|
∑

(s,r,o,y)∈Ts

[ys log σ (f1 (s, r, o))

+ (1− ys) log (1− σ(f1 (s, r, o)))] ,
(14)

where ε′ is the entity sampling range, Ts is the sam-
pling range of triples, and ys is the label of the triple,
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with ys = 1 representing the positive example and
ys = 0 representing the negative example.

4.4.2 Relation reasoning based on the structure in-
formation KG

When predicting the relationship between two
entities, entities that are far apart rarely carry se-
mantic information that is helpful for relationship
prediction. Therefore, the model needs to process
the dataset in the original KG, and only the local
subgraph between two selected entities is considered.
As shown in Fig. 8, all relations between two target
nodes whose path length is not greater than K form
a subgraph. However, many entities in the graph are
only unilaterally associated with the head entity or
the tail entity, and they need to be eliminated.

e���K(A)

Head entity A, tail entity B

e���K(B)� �

(e���K(A) e���K(B))� �

e���K(A) e���K(B)� �

(e���K(A) e���K(B))� �

Fig. 8 Subgraph extraction

After finding the target nodes of the KG (the
preparations for KG relation completion are pro-
vided in the supplementary materials), we convert
the entities and relationships into a low-dimensional
representation through GraphSAGE, and extract the
information of the structure around the target nodes
(Hamilton et al., 2017) as follows:

aK′
u =Aggregatek

({
hk−1
u′ : u′∈N(u),hk−1

v

})
,

(15)
hk
u = Concatk

(
hk−1
u ,aK′

u

)
, (16)

where aK′
u represents the aggregated information

from neighborhood K ′ of node u, N(u) represents
the set of neighbors of node u, and hk

u represents a
potential representation of node u in the kth layer,
which is calculated by combining the information of
the hidden layer of the previous layer and the aggre-
gated information of this layer.

The model obtains the structural information
of all layers of the target node through GraphSAGE.

The final structural information value is the average
value of all the node information in the last layer, as
follows:

zL
ϑ(u,v,rt)

=
1

|V |
∑
i∈V

hL
i , (17)

where V represents the set of vertices in graph
ϑ(u,v,rt), rt represents the relationship to be deter-
mined in the triplet, and L represents the number of
layers of R-GCN.

Finally, the score function is used to predict the
probability of relation r between entity pairs (u, v)
as follows:

f2 (u, v, rt) = WT
[
zL
ϑ(u,v,rt)

⊕ hL
u ⊕ hL

v ⊕ ert

]
,

(18)
where ert represents the KG embedding of the target
relationship, and “⊕” is the direct sum symbol.

In this paper, the multi-head attention mech-
anism is used to combine the results to reasonably
reflect the semantic information and structural infor-
mation in the KG. The calculation of the multi-head
attention is shown in Eqs. (2)–(4).

Based on Eqs. (13) and (18), the semantic in-
formation score and structural information score of
graph relationship reasoning are combined:

f =

c∑
i=1

αifi, (19)

where c is the number of entities in KG, and αi is
the weight coefficient (the calculation method for αi

is provided in the supplementary materials).

5 Experiments and analysis

In this section, the knowledge extraction
method and relation completion method proposed
in this paper are verified. In addition, the industry
chain information model in the field of basic machin-
ery is established and analyzed to verify the feasi-
bility of the research method. This research relies
on the national-level industrial foundation innova-
tion platform, which has the characteristics of open
standards, wide application, high safety, and high
reliability. The platform has a complete acquisition,
sharing, and application mechanism for big data. In
addition, in terms of data privacy protection and
data confirmation regulation, it has comprehensive
big-data resource management and security service
capabilities.
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5.1 Analysis of knowledge extraction and re-
lation completion of the knowledge graph

The data are provided by a government depart-
ment. They are divided into two datasets, namely
dataset A and dataset B. Each dataset contains a
corpus and its corresponding KG in vector format
(detailed descriptions of datasets are provided in the
supplementary materials).

To verify the effect of knowledge extraction,
the BERT-based multi-head selection model used in
this paper is compared with the LSTM-CRF model,
BiLSTM-CRF model, BERT model, and BERT-
CRF model. The input of the entity–relation ex-
traction model is the sentences in the corpus, and
the output is the triples composed of the head en-
tity, tail entity, and relation (the data preprocessing
method for knowledge extraction is provided in the
supplementary materials).

The main parameter information of the model in
the experiments is determined by training the model
and adjusting the parameters constantly. The pa-
rameters in the experiments are shown in Table 1.
The batch size and learning rate in the experiments
are the optimal indicators found on the training set
by the grid search. The maximum text length de-
pends on the corpus. The BERT model has 12 hid-
den layers, and the vector has 769 dimensions. In
this paper, five-fold cross-validation is used to evalu-
ate the accuracy of models. Tables 2 and 3 show the
average of precision (P), recall (R), and F value (F )
of each model on the test set of datasets A and B,
respectively.

Table 1 Description of the parameters in the
experiments

Parameter Value

Batch size 32
Maximum sentence length 128
Optimizer algorithm Adam
Learning rate 2×10−5

Number of layers of Transformer 12

As shown in Tables 2 and 3, BERT is obviously
superior to LSTM-CRF and BiLSTM-CRF. Com-
pared with BiLSTM-CRF, under datasets A and
B, the F values of BERT are increased by 4.60%
and 3.61%, respectively. This is because the BERT
model has strong semantic expression ability, and
the encoded semantic vector contains more informa-

Table 2 Comparison of the entity–relation extraction
on dataset A

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

LSTM-CRF 76.33 76.56 75.36
BiLSTM-CRF 77.62 78.87 76.14
BERT 79.02 81.08 79.64
BERT-CRF 78.94 81.57 79.88
BERT-based multi-head 79.13 81.67 79.96

selection

Best results are in bold

Table 3 Comparison of the entity–relation extraction
on dataset B

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

LSTM-CRF 77.88 78.47 76.66
BiLSTM-CRF 79.39 80.28 77.24
BERT 82.02 82.12 80.03
BERT-CRF 82.23 82.76 80.16
BERT-based multi-head 82.44 82.95 80.66

selection

Best results are in bold

tion. Therefore, the BERT model can fully extract
the features of the relationship between characters,
words, and even sentences, which enhances the gen-
eralization ability of the model. This gives the BERT
model obvious advantages in knowledge extraction
tasks. In addition, after the BERT model is added
to the CRF layer, compared with the BERT model,
the F values under datasets A and B are increased
by 0.30% and 0.16%, respectively. Compared with
the BERT-CRF model, the F values of the proposed
model are increased by 0.10% and 0.62% respec-
tively, which shows that BERT has better knowl-
edge extraction performance after adding the CRF
and multi-head selection mechanism. This is be-
cause the model not only fully extracts text features,
but also learns the sequence boundary positions of
entities through the CRF. In addition, the model
enhances the interaction between entities and rela-
tionships using the multi-head selection algorithm,
improving the performance of entity and relationship
recognition. Therefore, the BERT-based multi-head
selection algorithm for knowledge extraction can ef-
fectively take advantage of the BERT model.

In this paper, comparative experiments are also
designed to verify the advantages of the adopted
relation completion model of the KG. The exper-
iments compare the early classic KG embedding
model TransE (Bordes et al., 2013) and the first
model DistMult (Yang et al., 2015) using the sum
evaluation index scoring function, and also compare
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recent innovative models in semantics and structure,
such as ComplEx (Trouillon et al., 2016), ConvE
(Dettmers et al., 2018), RotatE (Sun Z et al., 2019),
R-GCN (Schlichtkrull et al., 2018), A2N (Bansal
et al., 2019), and CompGCN (Vashishth et al., 2020).

The relationship completion task is to infer the
missing relationship (r) based on the structure of
the existing triples (h, r, t) in KG to supplement
KG. The input of the relation completion model is
the graph embedding vector of KG. The output is the
inferred relation (the data preprocessing method for
relation completion is provided in the supplementary
materials). The experimental results are shown in
Tables 4 and 5.

Table 4 Comparison of the relation completion on
dataset A

Model MRR Hit@1 Hit@3 Hit@10

TransE 0.285 0.193 0.283 0.457
DistMult 0.234 0.150 0.255 0.406
ComplEx 0.239 0.153 0.268 0.415
ConvE 0.315 0.230 0.345 0.486
RotatE 0.328 0.233 0.364 0.517
R-GCN 0.241 0.162 0.296 0.404
A2N 0.307 0.225 0.338 0.471
CompGCN 0.334 0.246 0.378 0.509
Ours 0.348 0.261 0.376 0.525

Best results are in bold, and the second-best results are with
the underline

Table 5 Comparison of the relation completion on
dataset B

Model MRR Hit@1 Hit@3 Hit@10

TransE 0.290 0.128 0.268 0.525
DistMult 0.241 0.184 0.331 0.534
ComplEx 0.294 0.261 0.314 0.526
ConvE 0.325 0.197 0.421 0.520
RotatE 0.314 0.156 0.315 0.522
R-GCN 0.259 0.166 0.271 0.452
A2N 0.308 0.223 0.347 0.511
CompGCN 0.349 0.236 0.440 0.592
Ours 0.381 0.282 0.451 0.621

Best results are in bold, and the second-best results are with
the underline

The mean reciprocal rank (MRR) and Hit@K

(K=1, 3, and 10) are taken as the evaluation metrics
in this paper. MRR represents the average reciprocal
rank of all the real candidates, and Hit@K records
the proportion of the valid test triplet rank in top
K predictions. It can be seen from Tables 4 and 5
that the model adopted in this paper achieves the
best performance on most of the indicators, which
shows that the proposed model has the strongest

representation learning ability on KG. Specifically,
on dataset A, the proposed model achieves improve-
ments of 4.19% in MRR (Liu YSY et al., 2022),
6.10% in Hit@1 (Dai et al., 2022), and 1.55% in
Hit@10 compared with the second-best results. On
dataset B, the proposed model achieves improve-
ments of 9.17% in MRR, 8.04% in Hit@1, 2.50%
in Hit@3, and 4.90% in Hit@10 compared with the
second-best results. This demonstrates the effective-
ness of the proposed model in simultaneously learn-
ing structural and semantic information in KG. In
addition, as shown in the tables, the proposed model
is significantly better than the R-GCN model under
these two datasets. This is because R-GCN collects
only the semantic information of the nodes around
the target entity, while the model proposed in this
paper adds the improved GraphSAGE to realize the
extraction of structural information. The proposed
model refines the representation of entities in differ-
ent semantic spaces through different base graphs
and distinguishes the semantic information in dif-
ferent sub-graph structures, thereby improving the
relation reasoning performance.

5.2 Case study

In this subsection, 18 industry chains in the field
of basic machinery are modeled and analyzed on the
developed platform to verify the feasibility of the
research method (a detailed description of the data
sources is provided in the supplementary materials).
The original industry chain KG is constructed by
using the above triples, containing 12 211 entities
and 18 902 relationships.

Due to omissions in the knowledge extraction
process, the relationships between entities in KG
are partially missing, and some implicit relationships
have yet to be discovered. Therefore, the model pro-
posed in this paper is used to combine semantic infor-
mation and structural information to complete the
KG relationship. The experimental results show that
by learning existing link relationships, the model pro-
posed in this paper predicts 2257 new links, and the
total number of relationships reaches 21 159, which is
11.94% more than that of the original graph. Finally,
Neo4j is used as the graph database and integrated
with the front-end visualization framework to com-
plete the development of the platform.

The industry chain information model based
on KG can monitor relevant data of the industrial
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chain in real time, and update the industrial chain
database in real time to provide services in the latest
state. In addition, the model can represent infor-
mation such as the structural form of the industry
chain, products in key links, and supplier depen-
dence, thereby assisting decision-makers in adjusting
the development direction of the industry in time.

Fig. 9 shows the industry panorama of the 18 in-
dustry chains involved in the basic machinery field.
The nodes of different colors represent different en-
terprises, and the larger the node, the larger the
scale of the enterprise. The industry panorama vi-
sually presents the analysis results of relevant data,
and divides enterprises based on regional conditions
and advantages. It shows the distribution and re-
lationship of enterprises, the numbers of industry
chains, enterprises, accumulated assets, and oper-
ating income involved in the basic machinery field.
A partial node view of the panorama of industry is
shown in Fig. 10. Each node represents an enterprise,
and the connection between enterprises represents
the upstream or downstream relationship.

The platform built in this paper can display an
industry chain portrait based on the industry chain

information model, as shown in Fig. 11. The indus-
try chain portrait focuses on each sub-sector, show-
ing its downstream enterprises and related products.
In addition, it shows the operation of the industry
chain, including assets, income, profit, and growth
rate. The industry chain portrait shows the impor-
tant characteristics of the industry in the form of
radar charts, including the number of suppliers, in-
dustry scale, industry influence, state-owned asset
coverage ratio, and dependence risks. Moreover, it
presents key manufacturers and products in the in-
dustry in the form of a bubble chart, and the bigger
the bubble, the more important it is. The size of the
bubble is based on assets, revenue, profit, and total
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expenditure of research and development. Therefore,
the structure of the industry chain in the industry
chain portrait is clear and focused.

Based on the above analysis, the industry
chain information model based on KG can combine
multi-source data to mine the upstream and down-
stream correlations of the industry, and display key
industrial clusters, industry fields, and macro devel-
opment trends in multiple dimensions. It is con-
ducive to realizing the integrated development of the
industry chain and innovation chain and promoting
the development of the industrial digital economy.

6 Conclusions

To improve the ability to collaboratively inno-
vate, avoid risk, and comprehensively govern each
link of the industrial Internet, we propose an indus-
trial chain DT system framework and an industrial
chain information model based on KG. This paper
contributes to industrial chains in three aspects:

1. The construction process of the industrial
chain DT system framework supported by the in-
dustrial Internet was presented, including data col-

lection, industrial chain DT model construction, and
the application of the model. The role of the in-
dustrial chain information model and its relationship
with the risk assessment model and the capacity sim-
ulation model were analyzed. In addition, the itera-
tive optimization method of the industrial chain DT
system was discussed.

2. A KG-based industry chain information
model construction method was proposed, including
the joint entity–relation extraction method based on
the BERT-based multi-head selection model and the
relationship completion model based on the graph
neural network. The models were validated on
two industrial chain datasets. Experimental results
showed that compared with baseline models, the pro-
posed model achieved better performance on most
indicators.

3. Based on the data of 18 industrial chains,
an industrial chain information model in the field of
basic machinery was established. A visualized in-
dustrial panorama was displayed, in which the char-
acteristics of the enterprises were reflected through
attributes such as color and size of the nodes. In
addition, an industry chain portrait was displayed
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which shows the operation of the industry chain
through KG. From the above two aspects, the ap-
plication scenarios and operation mechanism of the
industrial chain information model were explained,
which proves that the model is an effective tool for
industrial chain monitoring and optimization.

The industry chain DT system proposed in this
paper includes three models, but only the industry
chain information model has been established so far.
In future work, we plan to establish a risk assess-
ment model to identify breakpoints and blockages,
discover potential risk factors, and analyze weak
links in the industry chain. In addition, a produc-
tion capacity analysis model will be established. It
will be used to determine the possibility of produc-
tion capacity realization after changes in production
capacity demand through simulation and deduction
analysis, and the model can discover the key path
and bottleneck link of production capacity realiza-
tion. In this way, managers can implement schedul-
ing, resource organization, and capacity planning in
advance.
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