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Abstract
[Purpose/Significance] A knowledge graph-based Belt and Road investment
question-answering system effectively integrates information resources from di-
verse sources, providing users with fast, accurate, and high-quality Belt and
Road investment information, which holds significant research and application
value.

[Method/Process] Information related to Belt and Road investment is collected,
processed, and integrated to construct a Belt and Road investment knowledge
graph under expert guidance. Based on this foundation, the functional com-
ponents of the question-answering system are implemented, including: user
question preprocessing, question classification, question template matching, and
answer retrieval.

[Results/Conclusion] Experimental results demonstrate that the system can ef-
fectively answer Belt and Road investment-related questions.
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tion resources from multiple sources, providing users with fast, accurate, and
high-quality investment information about the “Belt and Road” initiative, which
holds important research and application significance. [Method/Process] We col-
lected, processed, and integrated investment-related information for the “Belt
and Road” initiative, constructing a knowledge graph under expert guidance.
On this basis, we implemented all functional components of the question an-
swering system, including user question preprocessing, question classification,
question template matching, and answer retrieval. [Result/Conclusion] Exper-
imental results demonstrate that the system can effectively answer questions
related to “Belt and Road” investment.

Keywords: question answering system; knowledge graph; Belt and Road; sys-
tem construction
Classification Number: G250
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The “Belt and Road” initiative represents a crucial pathway for China to develop
an all-around opening-up pattern in the new era [1]. Since General Secretary
Xi Jinping proposed the initiative in 2013, Chinese enterprises have actively in-
vested in countries along the route, with total direct investment exceeding $90
billion between 2013 and 2018, and newly signed overseas project contracts total-
ing over $600 billion [2]. As investment activities increase, so does the demand
for information about host countries, investment environments, policies, and
procedures. However, current approaches face two major challenges: first, rely-
ing solely on internet search engines to obtain “Belt and Road” investment infor-
mation yields massive amounts of redundant data of varying quality, requiring
substantial manual effort to extract useful knowledge; second, the multi-source,
heterogeneous, and loosely structured nature of “Belt and Road” investment
information resources results in poor integration and weak associations, making
it difficult to provide standardized data and rich semantic expression.

Automatic question answering systems accept natural language questions from
users, search for corresponding answers in knowledge bases, and return them to
users [3]. Compared with traditional search engines, automatic question answer-
ing systems enhance the convenience of knowledge acquisition, save information
screening time, and improve information quality. Traditional automatic ques-
tion answering systems are mostly based on document retrieval, using keyword
or template matching to query answers from unstructured text sources, which
inherently suffers from insufficient query precision, reasoning capability, and
semantic association. The emergence of knowledge graphs has changed this
situation to some extent. Knowledge graphs represent knowledge bases that
depict entities (concepts, people, things) and their relationships in the objective
world in graph form [4], using triples as their representation format. Applying
knowledge graph technology to automatic question answering systems helps ex-
tract structured knowledge from massive textual information, fuse data from
different sources, and form a large-scale knowledge network rich in semantic re-
lationships, thereby providing high-quality information for question answering
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systems. By integrating knowledge graphs, the data precision, relevance, and
structural level of question answering systems are significantly improved, en-
hancing the understanding and matching of question semantics and knowledge
semantics. Based on this, constructing a knowledge graph-based question an-
swering system for “Belt and Road” investment can address the aforementioned
information acquisition problems.

In summary, we propose a design and implementation scheme for a knowledge
graph-based question answering system for “Belt and Road” investment. This
paper first reviews domestic and international research on question answering
systems with brief commentary, then introduces the design concept and func-
tional architecture of our system, followed by elaboration on the implementation
process of key technologies, and finally presents experiments to demonstrate sys-
tem usability and future work prospects.

2 Related Research Review
Automatic question answering systems can be categorized into open-domain and
domain-specific systems based on their answer scope. Open-domain question an-
swering systems are not restricted to specific domains and can answer questions
across multiple fields, typically leveraging the redundancy of Web data resources
and using statistical methods to find correct answers [5]. User questions in open-
domain systems are relatively simple, using everyday language without scope
limitations, and answers mainly come from Web resources [6]. These systems
commonly use general semantic resources such as WordNet, HowNet, common-
sense graph CYK, and linked data based on semantic web technologies like Free-
Base and DBpedia [7]. Representative open-domain systems include the English
question answering retrieval system AskJeeves, MIT’s START [8], multilingual
automatic question answering system AnswerBus [9], and IBM’s Watson [10].

Domain-specific question answering systems generally only handle questions
within a limited domain. Compared with open-domain systems, they process
more professional and complex questions. Their target users are typically do-
main experts who use specialized terminology and demand high-quality answers.
These systems are usually goal- and task-oriented, requiring domain knowledge
bases and dictionaries that determine the scope of answerable questions. Due to
their narrow domain and smaller user base, acquiring and building high-quality
corpus resources is particularly valuable. Domain-specific systems have under-
gone long-term development, from structured data-based systems in the 1960s
like Baseball [11] and Lunar [12], to computational linguistics-based systems
in the 1970s-80s like Berkeley Unix Consultant [13], to free text-based systems
in the 1990s, and FAQ-based systems at the beginning of this century, with
continuous research achievements and technological progress.

Since Google launched its knowledge graph-based search product in 2012, the
technology has been widely applied in artificial intelligence research, and knowl-
edge graph-based domain-specific question answering systems have become
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mainstream. Currently, many fields including life sciences, biomedicine, and
library and information science have developed such systems. M. Vargas-Vera
et al. developed AQUA, an academic domain question answering system where
knowledge graph technology is used for query refinement, question reasoning,
and similarity calculation [14]; A. Ben-Abacha et al. developed MEANS, a
medical question answering system combining medical domain knowledge,
natural language processing, and knowledge graph technology [15]; A. H.
Asiaee et al. developed OntoLQA, a biomedical domain question answering
system consisting of five main components: natural language processing, entity
recognition, graph matching, semantic association, and answer retrieval [16];
X. Xie et al. built an automatic question answering system for a Natural
Language Processing course, containing four processing modules: knowledge
graph-based knowledge base, question analysis module, answer extraction
module, and standard answer expansion module [17]; A. Abdi et al. established
a physics domain question answering system using a semantic and syntactic
information-based reasoning mapping method to transform user questions
into knowledge base query languages [18]; A. Agarwal et al. constructed a
dynamic conceptual network model integrating educational semantics, which
improved the accuracy of the educational domain question answering system
EDUQA [19]; Ma Chenhao created a thyroid knowledge graph and designed an
automatic question answering system for thyroid diagnosis and treatment [20];
Cao Mingyu et al. constructed a primary liver cancer knowledge graph and
implemented a pipeline question answering system [21]; Du Zeyu et al. proposed
a streaming Chinese knowledge graph automatic question answering system
CEQA capable of handling complex questions such as product consultation
and statistical reasoning in e-commerce [22]; Lu Wei et al. built a library
domain automatic question answering system based on Wuhan University
Library’s business requirements, introducing knowledge graph technology and
establishing a multi-source data fusion knowledge base [23]. These studies
elaborate on the construction process of knowledge graph-based automatic
question answering systems from multiple perspectives and provide valuable
references for this research.

Overall, as a support for the semantic web, knowledge graphs play a crucial
role in automatic question answering and have become an effective way to or-
ganize, express, and manage massive, heterogeneous, and dynamic data. The
“Belt and Road” initiative, as an important national development strategy, has
received attention from government departments and research institutions, re-
sulting in many websites, platforms, and databases such as the China “Belt and
Road” website, “Belt and Road” channel, and “Belt and Road” database. These
resources are valuable for guiding enterprises to invest in countries along the
route. However, current utilization of these resources remains low, primarily
at the text level without deep content exploitation, and information resource
integration is insufficient. Therefore, by aggregating large amounts of “Belt and
Road” investment-related information, creating a “Belt and Road” investment
knowledge graph, and designing an automatic question answering system on this
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basis, we can help users quickly, accurately, and comprehensively understand
relevant knowledge and fill current research gaps.

3 System Framework
To implement a knowledge graph-based question answering system for “Belt
and Road” investment, we must first address the acquisition and collection of
data resources to support question answering, then process and organize these
resources to form question answering corpus data. On this basis, we build the
knowledge graph and construct the knowledge base. After the knowledge base
is established, we further analyze and process user input questions, perform
matching queries, and obtain final answers. Following this approach, our auto-
matic question answering system can be divided into three major modules: data
acquisition and processing module, knowledge graph construction module, and
question analysis and answer retrieval module. The system framework is shown
in Figure 1 [Figure 1: see original paper].

(1) Data Acquisition and Processing Module. This module includes
information collection, format conversion, information filtering, informa-
tion aggregation, and question clustering. Information collection gathers
“Belt and Road” investment-related information from various data sources
through web crawlers and manual methods, such as Q&A data from Baidu
Zhidao and Zhihu platforms, the Ministry of Commerce’s “Directory of
Chinese Outward Investment Enterprises,” “Directory of Foreign-invested
Enterprises,” and the “Investment Guide for Countries Along the Belt
and Road” from the official China “Belt and Road” website. Format con-
version transforms collected Excel spreadsheets and PDF documents into
database tables. Information filtering removes redundant, noisy, and irrel-
evant information. Information aggregation integrates information from
different sources—for example, the “Directory of Chinese Outward In-
vestment Enterprises” only contains enterprise names without attributes
like industry or region, which can be supplemented and integrated using
enterprise information from Qichacha.com. Question clustering clusters
questions from Baidu Zhidao and Zhihu to organize and summarize what
netizens ask about “Belt and Road” investment on these platforms, provid-
ing references for subsequent question category division, knowledge graph
construction, and question template creation.

(2) Knowledge Graph Construction Module. This module adopts a
top-down approach for graph construction, including concept layer con-
struction, instance layer construction, knowledge fusion, and knowledge
base generation. Concept layer construction builds the “skeleton” of the
knowledge graph by defining concepts, terminology, relationships, and at-
tributes involved in the “Belt and Road” investment knowledge graph,
clarifying its scope and standardizing its expression. The concept layer
stores refined knowledge, typically managed using an ontology library
that leverages axioms, rules, and constraints to regulate connections be-
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tween entities, relationships, entity types, and attributes [24]. Instance
layer construction builds upon the concept layer to extract entities, rela-
tionships, and attributes. Entity extraction, also known as named entity
recognition, uses rule- and dictionary-based methods. Relationship extrac-
tion identifies associations between entities to form a knowledge network
using dictionary-driven methods. Attribute extraction collects attribute
information about entities from different data sources to achieve complete
entity profiles, using the same approach as relationship extraction. Af-
ter instance extraction, knowledge fusion methods organize the extraction
results to eliminate contradictions and ambiguities through techniques in-
cluding entity linking and knowledge merging. After knowledge fusion,
facts are stored as triples in the form of “entity-relationship-entity” or
“entity-attribute-attribute value,” forming a graph-shaped knowledge net-
work.

(3) Question Analysis and Answer Retrieval Module. This module in-
cludes question preprocessing, question classification, template matching,
and answer query. Question preprocessing handles natural language ques-
tions input by users through the interface, including word segmentation,
part-of-speech tagging, stop word removal, and entity recognition. Ques-
tion classification uses automatic text classification technology to catego-
rize processed user questions into predefined categories based on question
types identified during the data acquisition and processing phase. This
effectively reduces candidate answer space and improves the probability
of returning correct answers. After classification, we use template-based
matching [25] to understand questions. Question templates are designed
based on common questions in each category and serve to map user ques-
tions to corresponding database query languages. The template matching
process calculates similarity between user questions and prepared question
templates using similarity algorithms. When the similarity value exceeds
a certain threshold, matching is considered successful. When multiple
templates exceed the threshold, the template with the highest similarity
is selected. After template matching, the system understands question
semantics based on identified entity names and relationship types, queries
corresponding entities or attributes in the constructed “Belt and Road”
investment knowledge graph, and returns query results to users as answers
with coherent dialogue logic and grammatical fluency.

4 System Implementation Process
4.1 Data Acquisition and Processing

4.1.1 Q&A Data Acquisition Before constructing the “Belt and
Road” investment question answering system, we first needed to collect
domain knowledge, primarily through web crawlers and manual downloads.
The web crawler module uses the HTML parser Jsoup, integrates the
HTTPClient programming toolkit, and collects data from pages through
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regular expressions. Collected content includes 25,034 entries from the
Ministry of Commerce’s “Directory of Chinese Outward Investment Enter-
prises” (http://femhzs.mofcom.gov.cn/fecpmvc/pages/fem/CorpJWList.html)
and 3,180 entries from the “Directory of Foreign-invested Enterprises”
(http://www.fdi.gov.cn/180000121_{10000207}8.html). Q&A data was
crawled from Baidu Zhidao and Zhihu websites using keyword search pat-
terns like “country name + investment” (e.g., “Singapore + investment”),
yielding 31,555 question-answer pairs related to investment in countries
along the route. To ensure knowledge authority, we also manually down-
loaded the “Investment Guide for Countries Along the Belt and Road”
(https://www.yidaiyilu.gov.cn/info/iList.jsp?cat_{id}=10148) from the official
China “Belt and Road” website. The system covers 64 countries along the
“Belt and Road,” categorized according to the classification scheme of Peking
University’s “Belt and Road” data analysis platform (see Table 1 ) [26]. The
acquired data and downloaded investment guides cover these 64 countries.
Ultimately, the system constructed 39,982 “Belt and Road” investment-related
triples.

4.1.2 Q&A Data Processing After acquiring Q&A data, processing is re-
quired, including: converting country investment guide PDFs to text documents
for storage (primarily using the PDFBox open-source software package); inte-
grating data from the “Directory of Chinese Outward Investment Enterprises”
and “Directory of Foreign-invested Enterprises” to form a “Belt and Road” enter-
prise investment database; using web crawlers to collect data from Qichacha.com
to supplement enterprise attribute information such as region, industry, type,
address, and business scope. Additionally, as references for subsequent knowl-
edge graph and question template construction, collected Baidu Zhidao and
Zhihu Q&A data must be filtered and clustered. Filtering mainly removes
questions unrelated to “Belt and Road” investment, eliminates duplicates, and
deletes null values. For clustering, we use the DBSCAN algorithm [27] for auto-
matic cluster number determination, addressing the high-dimensional sparsity
and semantic relationship deficiencies of traditional vector space models. Fea-
ture extraction uses Word2Vec combined with TF-IDF for text representation
[28], with DBSCAN’s eps parameter set to 0.5. The Word2Vec model was
trained on 1.2 GB of Chinese Wikipedia corpus plus “Belt and Road” invest-
ment Q&A corpus from Baidu Zhidao and Zhihu, using the Skip-Gram model
with 300-dimensional word vectors and a training window of 10. Automatic
clustering yielded 2,240 question clusters, which after manual review, screening,
and merging were reduced to 83 question categories containing 10,602 Q&A
pairs. To ensure answer accuracy, we recruited five graduate students to review
answers from Baidu Zhidao and Zhihu. Working in pairs, they selected accurate
answers based on: (1) highest number of likes and answer time closest to sys-
tem construction time, or (2) when like counts were low but timing was recent,
students compared candidate answers (highest likes vs. most recent) and voted,
with the answer receiving the most votes selected as the candidate answer.
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4.2 Knowledge Graph Construction

Our knowledge graph uses a top-down construction approach, sequentially build-
ing the concept layer and instance layer. The concept layer primarily combines
previously integrated data to extract and define terminology, concepts, and rela-
tionships, clarifying the overall scope. The instance layer populates data under
concept layer constraints to ultimately form a structured knowledge graph. Be-
low we describe the specific construction methods and storage approaches for
the “Belt and Road” investment concept and instance layers.

4.2.1 Concept Layer Construction The concept layer design for the “Belt
and Road” investment knowledge graph was built with domain expert guidance,
combining knowledge from the “Investment Guide for Countries Along the Belt
and Road,” Baidu Zhidao, Zhihu Q&A, and the “Directory of Chinese Outward
Investment Enterprises.” To meet user questioning needs, we constructed both
a “Belt and Road” country investment graph concept layer and an enterprise in-
vestment graph concept layer, including: domain concept induction and domain
relationship and constraint definition.

(1) Domain Concept Induction. The country investment graph concept
layer includes six core concepts: basic country information, basic invest-
ment information, investment laws and policies, investment procedures,
investment precautions, and difficulty assistance. Basic country informa-
tion refers to the profile of the host country, including four sub-concepts:
national history, political environment, geographical environment, and
social culture. Basic investment information reflects the investment po-
tential of the host country, including seven sub-concepts: economic per-
formance, domestic market, infrastructure, foreign trade and economy,
financial environment, securities market, and business costs. Investment
laws and policies refer to relevant investment regulations and policies of
the host country, including 14 sub-concepts: foreign trade regulations,
foreign investment market access, corporate taxation, foreign investment
incentives, special economic zones, labor employment regulations, foreign
enterprise land investment, foreign enterprise securities trading, environ-
mental protection laws, anti-commercial bribery regulations, foreign enter-
prise project contracting, intellectual property regulations, investment co-
operation laws, and business disputes. Investment procedures reflect how
to handle investment formalities in the host country, including seven sub-
concepts: investment registration, project contracting procedures, patent
application, trademark registration, tax filing procedures, work permit
processing, and investment consulting agencies. Investment precautions
refer to situations requiring attention when investing in the host country,
including five sub-concepts: trade precautions, project contracting pre-
cautions, labor cooperation precautions, risks to guard against, and other
precautions. Difficulty assistance refers to ways to seek help when encoun-
tering difficulties in the host country, including four sub-concepts: seeking
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legal protection, seeking government help, emergency plans, and protec-
tion from Chinese embassies. To clarify concepts and make them more
specific, some third-level sub-concepts are further divided into fourth-level
sub-concepts. For example, the third-level sub-concept “social culture”
is further divided into ethnicity, language, religion, and customs. Ulti-
mately, the country investment graph concept layer constructed six core
concepts, 41 third-level sub-concepts, and 97 fourth-level sub-concepts, as
shown in Figure 2 [Figure 2: see original paper].

Relative to the country investment graph, the enterprise investment graph is
simpler, primarily serving Q&A about “Belt and Road” enterprise investment
situations. It includes: investing country, home country, industry, type, ad-
dress, registered capital, paid-in capital, and business scope as eight second-
level sub-concepts, plus home region and investment region as two third-level
sub-concepts, as shown in Figure 3 [Figure 3: see original paper].

(2) Domain Relationship and Constraint Definition. Relationships are
core elements of the concept layer, describing interactions between con-
cepts and instances in the domain and determining the richness of the
knowledge graph. We primarily use two methods to define relationships
between concepts: first, referencing high-quality data sources like the “In-
vestment Guide for Countries Along the Belt and Road”; second, extract-
ing existing relationship schemas from relational database tables like the
“Directory of Chinese Outward Investment Enterprises.” Ultimately, six
major relationship categories were determined, as shown in Table 2 .

4.2.2 Instance Layer Construction After concept layer construction, the
instance layer is built upon it. Instance layer construction primarily involves
extracting “Belt and Road” investment knowledge matching the concept layer
from previously acquired and processed records. This process handles both
structured and semi-structured/unstructured data. The goal is to extract “Belt
and Road” investment entities and relationships from different sources and rep-
resent them as triples. Specifically, instance layer construction includes entity
extraction, relationship extraction, and attribute extraction.

(1) Entity Extraction. Based on concepts determined in the concept layer,
we extract corresponding “Belt and Road” country names, enterprise
names, etc., from data records to build entity nodes and form mappings
from concepts to entities, such as country entities like Thailand, Vietnam,
and Singapore, and enterprise entities like Meizhenxiang, Asia Pulp &
Paper, and Zhongju Caifu.

(2) Relationship Extraction. Based on relationships determined in the
concept layer, we build relationships between entities and determine rela-
tionship names according to inter-concept relationships. For example, if
the concept layer defines an investment relationship between enterprises
and countries, then based on the “Directory of Chinese Outward Invest-
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ment Enterprises,” we add investment relationships between enterprise
instances (e.g., Wanda International Trade Group) and country instances
(e.g., Singapore). Similarly, if the country basic information concept con-
tains a social culture sub-concept, then at the instance level, Singapore’s
basic information and Singapore’s social culture have a containment rela-
tionship. Additionally, if synonym relationships are defined in the concept
layer, entities with synonym relationships are linked with their aliases.

(3) Attribute Extraction. Attribute extraction for the “Belt and Road” in-
vestment knowledge graph primarily relies on attributes contained in the
concept layer corresponding to entities to extract attribute values. The
“Investment Guide for Countries Along the Belt and Road” serves as a
high-quality data source, allowing direct extraction of entity attributes
and values. For example, Singapore’s investment guide specifically intro-
duces Singapore’s customs, which can directly serve as attribute values
for Singapore’s customs attribute. In the “Belt and Road” enterprise in-
vestment database, Midea Group has the attribute “industry” with value
“manufacturing,” forming the triple <Midea Group, industry, manufac-
turing>. Table 3 shows partial mapping from concept layer to instance
layer.

4.2.3 Knowledge Storage We use the popular open-source graph database
Neo4j for knowledge graph storage. Implemented in Java, Neo4j stores struc-
tured data in network form. Compared with relational databases, Neo4j ef-
fectively addresses problems of low data value density and large data volume,
providing a complete graph query language and supporting various graph min-
ing algorithms. Neo4j provides Cypher statements for importing and querying
data. For large-scale data, Neo4j also offers the neo4j-import tool for quickly
importing large numbers of entities and relationships. We imported constructed
“Belt and Road” investment-related triples into the Neo4j database using Cypher
CREATE statements, Cypher LOAD CSV statements, and the neo4j-import
tool. Figure 4 [Figure 4: see original paper] shows partial triple relationships
from the “Belt and Road” investment knowledge graph in the Neo4j database.

4.3 Question Analysis and Answer Retrieval

After completing knowledge graph construction and storage, we can proceed
with question analysis and answer retrieval. This involves preprocessing nat-
ural language questions input by users, classifying questions, obtaining com-
puter query statements through template matching, and querying answers in
the knowledge graph.

4.3.1 Question Preprocessing Question preprocessing primarily performs
word segmentation, part-of-speech tagging, stop word removal, and entity recog-
nition on natural language questions from users. We primarily use the HanLP
open-source software package (https://github.com/hankcs/HanLP) for word
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segmentation, which includes CRF-based word segmentation, part-of-speech tag-
ging, and named entity recognition. We also built a custom dictionary consist-
ing of country aliases and the “Belt and Road” enterprise directory to improve
word segmentation and named entity recognition accuracy. Stop word removal
mainly eliminates words with little practical meaning after segmentation, includ-
ing modal particles, adverbs, prepositions, and conjunctions such as “的” (de),
“在” (zai), and “啊” (a). After preprocessing, natural language questions input
by users are abstracted in the system backend for subsequent classification and
template matching. Table 4 shows examples of question preprocessing input
and output.

4.3.2 Question Classification After question preprocessing, preprocessing
results must be automatically classified into predefined question categories. In
automatic question answering systems, question classification can effectively
reduce candidate answer space and improve answer accuracy, while enabling
different answer selection strategies for different question types. Combining
processed Baidu and Zhihu Q&A data with the “Investment Guide for Countries
Along the Belt and Road,” we categorized common “Belt and Road” investment
questions into six types: factoid questions, method questions, list questions,
counting questions, judgment questions, and other questions. Factoid questions
primarily answer “what is”; method questions answer “how to”; list questions
query databases; counting questions perform statistical calculations on data
meeting question conditions; judgment questions provide yes/no answers; other
questions are those not belonging to the above five categories. Each category
has typical characteristic words that guide classification. Table 5 shows the
detailed classification.

After determining question categories, we converted questions in each category
into abstracted examples and removed duplicates (see Table 5), resulting in
1,853 abstracted examples for automatic text classification. The classification
algorithm used was SVM, with feature extraction using the same Word2Vec
combined with TF-IDF approach as in question clustering [28]. We evaluated
classification results using precision, recall, and F-measure, as shown in Table 6 .
Classification results show that our text classification algorithm achieved a max-
imum F-measure of 96.53% and an average F-measure of 91.29%, demonstrating
satisfactory performance for practical application.

4.3.3 Question Template Matching After question classification, user in-
put questions are converted into corresponding templates for subsequent answer
querying. Specifically, the question template matching process includes: (1) set-
ting up corresponding template sets for common questions; (2) abstracting user
input natural language questions and matching them with template sets to select
the most similar template.

(1) Question Template Design. Based on the number and category of enti-
ties contained in questions, we designed a two-level, six-category question
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template set with certain redundancy. The six categories correspond to
question types from Section 4.3.2. The two levels are primary and aux-
iliary. Primary templates directly correspond to Neo4j graph database
Cypher query statements and appear most frequently in user questions.
Auxiliary templates share semantic meaning with primary templates to
improve answer recall. Ultimately, we constructed 103 primary templates
and 1,750 auxiliary templates. Table 8 shows template set examples.

(2) Question Template Similarity Calculation. After abstracting and au-
tomatically classifying user input natural language questions, we calculate
similarity between processed user questions and templates in the template
set. For similarity calculation, we first use Word2Vec and TF-IDF to con-
vert questions into vectors [28], then use cosine similarity algorithm [29]
to calculate similarity between user question vectors and template vec-
tors. Through multiple experiments, we determined that when similarity
between a question and template exceeds 0.75, the template is selected as
the question template. When multiple templates exceed this threshold,
the template with the highest similarity is chosen.

4.3.4 Answer Retrieval After obtaining the question template, the system
uses the corresponding Cypher statement, combined with recognized entities
and relationships, to query answers in the graph database and return them
to users. The Cypher template for querying related entities with specific rela-
tionships is: Match (a)-[:RelationName]-(b) where b.name='EntityName'
return a.name. Here, EntityName and RelationName are replaced with entity
names and corresponding relationships recognized during question preprocess-
ing in Section 4.3.1. For example, for the question “Which domestic enterprises
have invested in Singapore?”, after preprocessing, the system first recognizes
the entity name “Singapore,” then matches the template to obtain the corre-
sponding relationship “investment,” and finally embeds the entity name and
relationship into the Cypher statement to query and obtain answers. Table 9
shows specific examples.

5 Experiments and Results Analysis
To test the accuracy of the “Belt and Road” investment question answering
system, we designed 180 questions (30 per category) based on the classification
in Section 4.3.2 to evaluate system performance. Answer accuracy is calculated
as the ratio of correctly answered test questions to total test questions, as shown
in Formula (1). The specific system operation process and experimental results
are shown in Figure 5 [Figure 5: see original paper] and Table 10 .

The experimental results show that the system achieved an average answer
accuracy of 81.1%, with most questions correctly understood and accurately
answered. Although some questions used expressions inconsistent with system
templates, the redundancy of our templates improved answer recall to some ex-
tent. Among question types, method questions achieved the highest accuracy,
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while other questions had the lowest, with remaining types falling between these
extremes. Analysis of incorrectly answered questions revealed that the system’s
semantic understanding capability needs improvement. For example, the sys-
tem could not distinguish between “How many Chinese enterprises have invested
in Singapore?” and “How many Chinese enterprises in Singapore have invest-
ment?” Although entities were correctly extracted, when entity order in the
sentence was reversed, the system often returned incorrect answers. Addition-
ally, as question templates increase, factoid questions and other questions are
prone to confusion during text classification, causing answer matching errors.
Future research will consider optimizing system modules to improve accuracy,
including: (1) adding dependency parsing technology and deep learning to en-
hance question understanding; (2) expanding question coverage; (3) further
improving and expanding the knowledge graph.

During testing, we also found that purely text-based answers were not ideal. In-
corporating multimedia files such as images, videos, and audio might facilitate
user understanding of answers. Additionally, domain-specific question answer-
ing systems are highly specialized and systematic, but users often don’t know
the system’s domain boundaries and may ask irrelevant questions. Therefore,
integrating the broad coverage and flexible answering methods of open-domain
question answering systems into domain-specific systems represents a future
breakthrough direction.

The maturation and deep application of big data, cloud computing, and artifi-
cial intelligence technologies have transformed traditional information services.
New-generation information technology-supported services feature more flexible
interaction, faster response, richer content, and mobile service delivery, bring-
ing greater convenience while saving substantial labor costs. Therefore, this re-
search represents preliminary exploration of intelligent information services and
a beneficial attempt at smart information services, holding important practical
significance and value. Based on knowledge graph technology, we constructed a
“Belt and Road” investment question answering system. Under expert guidance
and using publicly available data resources such as the “Investment Guide for
Countries Along the Belt and Road,” “Directory of Chinese Outward Invest-
ment Enterprises,” Baidu Zhidao, and Zhihu Q&A, we established a “Belt and
Road” investment knowledge graph and implemented system functions includ-
ing question preprocessing, classification, template matching, and answer query-
ing. Experiments demonstrate that the system can effectively answer “Belt and
Road” investment-related questions. Future work includes further improving
semantic understanding, expanding question coverage, and enhancing answer
presentation capabilities.
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Abstract: [Purpose/significance] The question answering system for “the Belt
and Road” investment based on knowledge graph has important research and
application significance as it can effectively integrate information from multiple
sources and provide users with fast, accurate, and high-quality “the Belt and
Road” investment information. [Method/process] We collected, processed, and
integrated information related to “the Belt and Road” investment, and con-
structed the “the Belt and Road” investment knowledge graph under expert
guidance. On this basis, the functions of each part of the question answering
system were realized, including: question preprocessing, question classification,
question template matching, and answer query. [Result/conclusion] The re-
sults show that the system can effectively answer questions about “the Belt and
Road” investment.

Keywords: question answering system; knowledge graph; the Belt and Road;
system construction

Note: Figure translations are in progress. See original paper for figures.
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