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Abstract

Scholarly communication of knowledge is predominantly document-based in digital repositories, and researchers
find it tedious to automatically capture and process the semantics among related articles. Despite the present
digital era of big data, there is a lack of visual representations of the knowledge present in scholarly articles, and a
time-saving approach for a literature search and visual navigation is warranted. The majority of knowledge display
tools cannot cope with current big data trends and pose limitations in meeting the requirements of automatic
knowledge representation, storage, and dynamic visualization. To address this limitation, the main aim of this paper
is to model the visualization of unstructured data and explore the feasibility of achieving visual navigation for
researchers to gain insight into the knowledge hidden in scientific articles of digital repositories. Contemporary
topics of research and practice, including modifiable risk factors leading to a dramatic increase in Alzheimer’s
disease and other forms of dementia, warrant deeper insight into the evidence-based knowledge available in the
literature. The goal is to provide researchers with a visual-based easy traversal through a digital repository of
research articles. This paper takes the first step in proposing a novel integrated model using knowledge maps and
next-generation graph datastores to achieve a semantic visualization with domain-specific knowledge, such as
dementia risk factors. The model facilitates a deep conceptual understanding of the literature by automatically
establishing visual relationships among the extracted knowledge from the big data resources of research articles. It
also serves as an automated tool for a visual navigation through the knowledge repository for faster identification
of dementia risk factors reported in scholarly articles. Further, it facilitates a semantic visualization and domain-
specific knowledge discovery from a large digital repository and their associations. In this study, the implementation
of the proposed model in the Neo4j graph data repository, along with the results achieved, is presented as a proof
of concept. Using scholarly research articles on dementia risk factors as a case study, automatic knowledge
extraction, storage, intelligent search, and visual navigation are illustrated. The implementation of contextual
knowledge and its relationship for a visual exploration by researchers show promising results in the knowledge
discovery of dementia risk factors. Overall, this study demonstrates the significance of a semantic visualization with
the effective use of knowledge maps and paves the way for extending visual modeling capabilities in the future.
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Introduction
In this digital era, massive datasets available in different
forms, termed big data, grow rapidly with their complex
structures derived from disparate sources such as the
Internet, mobile devices, software/network logs, and so-
cial media. Advancements in information and communi-
cation technology (ICT) have led to the adoption of a
flexible data management system that has the capability
to store and process diverse, complex, and massive data-
sets [1]. Future ICT developments will focus on realizing
the value of big data to derive higher positive impacts.
Hence, the research focus relating to big data is not sim-
ply about storing and retrieving data, it is also about
analyzing, documenting, and systematically extracting
information for specialized purposes in a user-friendly
and adaptive manner. Furthermore, the adoption of
visualization techniques such as knowledge maps and
graphs can deliver incredible benefits, particularly for a
performance enhancement in every application domain.
A semantic visualization is a powerful data presenta-

tion technique that not only displays hidden knowledge
in big data it also demonstrates the patterns of know-
ledge flow. Such visualization plays an important role in
understanding, interpreting, and analyzing datasets
based on the patterns of massively scaled and complex
knowledge flows. There are various options available to
visually present the data and knowledge, such as mind,
organizational, concept, story, and graph-based maps. A
particular visualization technique called a knowledge
map is widely used to visually represent data in the data-
base, in the form of nodes and edges that derive roots
from graph theory.
According to ref. [2], there is no formal definition of a

knowledge map. A knowledge map is represented by a
labeled schematic drawing of the data source structure
with nodes and relationships between the nodes con-
necting them, allowing for navigation through an endless
chain. It provides information regarding the knowledge
assets stored in big data in the form of a graph with ver-
tices denoting the nodes of data points and arcs repre-
senting relationships between the nodes as association
rules. As an advantage of a data visualization using a
knowledge map, it can be used for both knowledge mod-
eling and analytical computations of big data. This paper
provides insight into the significance of the visual repre-
sentation of data in the form of knowledge maps to ef-
fectively analyze and utilize the data and related
information. Knowledge maps, also known as knowledge
graphs, create machine understandable knowledge by
linking nodes of related information, and can be imple-
mented using graph databases to store the information
captured as big data.
In this research, massive information collected in

scholarly articles reporting the research findings is

considered. Such studies are predominantly stored and
archived as documents and are only recently being com-
municated in digital form. Their content can be found in
the form of text, figures, tables, images, mathematical
formulae, and many other unstructured formats, leading
to challenges in knowledge retrieval from such big data
repositories. Despite the rapid advancements in ICT,
automatic knowledge derivation from scholarly articles
found in the literature is still in its infancy owing to the
difficulty in processing and analyzing such complex un-
structured data. This is a drawback, particularly in the
healthcare domain, which requires deep insight into the
scholarly literature for quick evidence-based decision-
making, such as the correct diagnosis of a disease by de-
riving risk factors from these unstructured repositories
and their association rules. For instance, with rapid
changes in the environment, there have been growing
modifications in the risk factors of dementia reported in
the literature [3]. However, the predominantly adopted
keyword-based search and information retrieval from
scholarly articles do not meet the required timely and
accurate derivation of domain-specific knowledge by
communities of practice in this digital age. Automated
visualization techniques are suggested because seeking
deep insights into this domain knowledge is challenging
and time-consuming. In this context, it was observed
that the recent developments in the database manage-
ment of modern ICT have not been exploited to the full
extent in terms of incorporating semantic visualization
of big data that can facilitate timely and effective
decision-making. These gaps form the key motivation of
this research in proposing automated techniques for se-
mantic visualization with a useful practical application
for knowledge discovery for dementia risk factors.
In this paper, an innovative model is proposed for in-

tegrating non-relational database techniques of big data
and knowledge map techniques to achieve a semantic
visualization of knowledge derived from scholarly arti-
cles for practical applications. A non-relational graph
database tool such as Neo4j is used to represent the rele-
vant big data from scholarly articles and to develop the
semantic visualization in the form of a knowledge map.
The effectiveness of the proposed model is demonstrated
by applying it to scholarly articles related to dementia
risk factors and their association rules for enhancing the
associated decisions in diagnosis as a case study.
Overall, the main purpose of this study is to identify a

better automatic approach for retrieving, storing, and
visualizing knowledge entities and their hidden relation-
ships found in research articles to assist researchers in a
deeper understanding of the literature. The present re-
search study aims to achieve this through three key con-
tributions: (1) An automated literature-based knowledge
discovery is proposed with semantic visualization using
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knowledge maps as the first of its kind; (2) A novel
graph-based model is used that represents important in-
formation from scholarly articles to facilitate researchers
with an easy visual navigation through the literature that
incorporates novel visual querying of non-relational big
data graph repositories; (3) A prototype of the model
combining big data and knowledge map techniques is
implemented for evidence-based semantic reasoning of
dementia risk factors using text data mining, meaningful
entities and their relationships, graph datastores, and
graph exploration applications for knowledge discovery
with visual queries.
The remainder of this paper is organized as follows.

First, a review of related studies is provided as the re-
search background and to illustrate the need for the pro-
posed model for semantic visualization. Next, the key
features of using the knowledge map technique for se-
mantic visualization are highlighted, thereby justifying
its academic and practical value applicable to the present
research context. A novel model is then proposed that
integrates the big data graph store technique to extract
relevant information from scholarly articles and a know-
ledge mapping technique for generating semantic
visualization. Following this, the application of the pro-
posed model and its implementation are demonstrated
as a proof-of-concept in the field of dementia as a case
study illustrating visual knowledge discovery. Three case
scenarios are provided to demonstrate and verify its use-
fulness for researchers to visually query the graph data
ore without having to write the commands. Finally, some
concluding remarks and future research directions are
provided.

Related studies and the need for the present
research
In the academic world and communities of practice,
scholarly articles in the literature provide domain-specific
knowledge, and their importance is weighed based on the
credibility of the source of information, authors, and many
other factors. It is common practice to extract metadata
from research articles to provide relevant data in a struc-
tured manner [4]. The major findings from the literature
review show that some of the standard information ex-
tracted from the research articles includes the title, author,
year of publication, publisher, and editors, which are re-
corded in a database to create an open library publication
framework. Such techniques assist in adding information
about the research articles to a digital library repository.
However, the primary focus has been to merely provide a
representation of metadata to link and manage them for
users to operate with a digital infrastructure. The main
purpose is to facilitate a data exchange and communica-
tion among publishers, infrastructures, datasets, and dif-
ferent communities of interest. Examples of such research

work include the Scholix project linking infrastructures
such as Crossref and DataCite [5] and the research graph
that links researchers and publications [6]. Another re-
search object project relates specific entities, such as the
research investigation artifacts from the abstracts of the
articles [7]. A recent study was aimed at enhancing
document-based scholarly communication by integrating
crowdsourcing and automated techniques using semantic
representations of communicated scholarly knowledge [8].
However, such existing studies have reported major limi-
tations for a quick and effective knowledge discovery.
They do not provide a flexible semantic visualization of
the data from domain-specific scholarly articles with the
aim of uncovering interesting patterns required for know-
ledge discovery that can assist in evidence-based decision-
making. For example, in the case of health diagnosis with
decision-making associated with dementia risk factors, a
significant amount of research on the growing changes in
attributing factors owing to environmental and societal
impacts has been reported in scholarly articles [3, 9–11].
An automated visual representation of these changing at-
tributing factors and their relationships from the literature
would benefit researchers, practitioners, and communities
of interest toward enhancing their productivity in
decision-making.
Several studies have focused on the visualization of

data in various forms and types, demonstrating how
such data can improve understanding and reduce know-
ledge gaps owing to its graphical or visual representation
for increasing the use of evidence-based research [5, 7].
With a massive number of scholarly articles published
daily in healthcare domains, researchers and the com-
munity of practice prefer a faster analysis and decision-
making using knowledge visualization [12, 13]. Although
a visualization can uncover valuable patterns from big
data, assist in sharing knowledge, and derive judgments
for quick decision-making, there are challenges because
such visualization generally represents snapshots raising
the reliability of the findings to cope with dynamic
changes [14, 15]. The impact of knowledge visualization
and its acceptance depends greatly on the selection of
visual representation techniques that enhance a semantic
or cognitive understanding. Over the past few years, dif-
ferent approaches, techniques, and tools have been de-
veloped for semantic visual representations. The most
popular options for semantic visualization are mind,
concept, ontology, and knowledge (asset) maps. There-
fore, the selection of a visualization technique that can
effectively present domain data and association rules is
critical.
A mind map represents the data as a drawing that

shows the link between different elements of informa-
tion and can assist in theory-refining for an individual. It
consists of a network of concepts with the main topic
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placed in the center that connects other relevant ideas
emanating from the central topic [16]. Mind maps avoid
linear thinking and graphically represent the information
to facilitate brainstorming about an idea or problem
solving [17, 18]. However, these features do not fit well
for visually associating important attributes forming big
data that require a structured representation from large
scholarly articles.
Concept maps were originally defined to represent

database schemas at the conceptual level in a structured
manner. However, over time, concept maps have evolved
for use in a wide range of applications. The concept map
structure is composed of two types of nodes: concept
and link nodes. A concept node represents the entities,
and a link node represents the relationships among the
entities. A concept map is used to generate new infor-
mation about a particular domain in a more formal and
structured hierarchy than a mind map [18–20]. In a con-
cept map, the primary, secondary, and tertiary ideas are
represented in layers to form a conceptual framework
that can be used for planning or evaluation [21]. Al-
though concept maps are more structured than mind
maps, their purpose is to generate new concepts, and
they lack the features required to aid in domain-specific
decision-making.
Ontology maps represent the connections between

shared concepts across heterogeneous domains, providing
explicit specification of a conceptualization [22]. The con-
nection links present the technical vocabulary of the do-
main [23]. Semantic web and machine learning techniques
are applications of an ontology map and have the potential
for achieving better structures, such as organizational
maps, and are represented as story maps for mapping nar-
ratives. An organizational mapping of an ontology visually
displays information about an internal hierarchy, roles,
and responsibilities within an organization divided into
departments and operational units. By contrast, a story
map graphically organizes the plot, controlling idea, set-
ting, and characters of a story to clearly identify each
element of the story [24]. A key benefit of using an ontol-
ogy map is to establish communication among different
knowledge systems and gather more accurate knowledge
[16]. In the present research context of knowledge discov-
ery from scholarly articles, an ontology map could be used
to enable searches in different publications from different
domains with a shared ontology model [25]. It has been
reported that different ontology mapping models have
faced limitations in transferring domain-specific know-
ledge from various sources to an effective representation;
however, such issues were considered with better mapping
techniques between relational databases and ontologies
[26–28]. Some studies have considered using extremely
large databases and natural language querying through
ontologies to enhance interfaces for search requests and

information retrieval that are closer to user requirements
[29, 30]. However, such studies lack the visual representa-
tion of unstructured data in the context of big data collec-
tion of scholarly articles.
In ref. [31], a comparison among various ontology-

based approaches for information retrieval including
database-to-ontology and ontology-to-database map-
pings was conducted. A recent study examined the use
of ontologies and semantic technologies to reduce the
linguistic and conceptual gaps between user queries and
data sources [32]. However, from such studies, it was
suggested that future work toward the success of ontol-
ogies relies on integrating advanced techniques for lan-
guage processing and an expert assessment for a better
integrated automation. In addition, the lack of studies
using an ontology map with non-relational databases in
a big data environment is currently a drawback.
The majority of researchers in this field have reported

the advantages of using a knowledge map as an effective
technique for storage and intelligent traversal of know-
ledge [19, 20, 33]. According to ref. [34], semantic
visualization in the form of an ontology-based know-
ledge map helps identify the connections among various
existing domain knowledge, which improves evidence-
based decision-making to address key domain-specific
issues. In addition, the benefits of knowledge maps, such
as identifying existing knowledge over time and identify-
ing the flow of existing knowledge in an organization
have been reported in multiple studies [18–20, 35].
Many-to-many complex relationships among scholarly
articles and their underlying data were recently pre-
served as a knowledge map in the RMap Project [12],
and the integration of bibliographic metadata in a know-
ledge graph was also proposed [13]. However, little work
has been done to automatically extract and organize the
knowledge from research articles as a formal semantic
representation and visual integration using a big data re-
pository. The proposed model fills this gap and aims to
facilitate researchers to seek and relate existing know-
ledge using an interactive semantic knowledge map and
integrated non-relational data storage for the visual navi-
gation of a graph-based big data repository.

Key features of knowledge maps for semantic
visualization of scholarly articles
According to ref. [36], good data visualization has a
higher impact than written text-based reports. It is crit-
ical to understand the use of knowledge maps for se-
mantic visualization, as such use plays an important role
in integrating with the non-relational big data storage of
scholarly articles considered for this study. The key fea-
tures of knowledge maps are listed for a visual represen-
tation of knowledge that forms the basis for the
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proposed model of knowledge discovery of dementia risk
factors:

(1) Dynamic prediction with new knowledge: A
knowledge map representation makes it easy to
manage additions to an article repository and
identify new knowledge and trends that aid in
enhancing prediction and decision-making with re-
duced time and effort. This feature makes it the
best fit for dynamically representing knowledge
about modifiable risk factors of dementia updated
in the literature.

(2) User focuses on new knowledge visually: A
knowledge map connects all related data and
produces new knowledge based on their
relationships established from scholarly articles.
This feature brings important but subtle
correlations and relationships between dementia
risk factors and user focus and attention in a quick
manner.

(3) Accurate analysis: Knowledge maps can visually
reveal unusual or abnormal patterns of scholarly
articles for faster detection and human cognition.
These patterns highlight hidden data structures
relating to dementia risk factors that other types of
visual representations might not reveal as well. It is
crucial to eliminate such data from a deep analysis
to arrive at a more accurate result.

(4) Data accessibility in one map: With knowledge
maps, more data from several scholarly articles on
dementia risks become visually accessible in a single
map and are less confusing, thus improving an
inference-based performance and productivity for
researchers.

(5) Faster querying using relationships: Knowledge
maps facilitate easier and faster queries because of
the relations between the nodes of different
dementia risk factors there are visually available.

(6) Optimized visual navigation of big data store: A
knowledge map can represent a big data store of
scholarly articles with optimized visual navigation.
When implemented with a non-relational database
technique, the results of a user query on dementia
risks are not overload with too much data, unlike
traditional representations such as tables of rows
and columns.

(7) Multiple user views: Semantic visualization using
knowledge maps facilitates the analysis of data
associated with dementia risks from several
viewpoints of different types of researchers or data
analysts.

(8) Filtered topic of interest: A knowledge map can
filter information from scholarly articles to show
the most appropriate node and its relations along

with an interactive navigation. An efficient view of
connections between the entities and data
organization can identify a specific topic of interest
based on the research context of dementia risks
matched with the repository.

Overall, the abovementioned features of knowledge
maps have been adopted as the basis for proposing a
model with a focus on extracting knowledge from schol-
arly articles. By adopting such a semantic representation
of the extracted knowledge embedded as entities and re-
lationships, a mapping to the big data storage of non-
relational databases is established. Hence, the proposed
modeling of a knowledge map aims to provide an easy
navigation for researchers to derive domain-specific
evidence-based inferences from scholarly articles.

Proposed model for semantic visualization
The proposed model is guided by a non-relational data-
base approach that leverages knowledge maps to repre-
sent domain-specific knowledge from scholarly articles
published in the literature. A semantic visualization not
only caters to representing the metadata and contextual
content of the articles but also associates semantic de-
scriptions for evidence-based knowledge discovery and
inferences. The modeling design follows two key re-
quirements: (1) usability to enable different types of
users, including researchers, practitioners, and discipline
experts, to derive domain-specific knowledge and (2)
scalability to enable growth and contribute to the know-
ledge base of big data repositories through an automated
process that provides flexibility in describing the re-
search contributions.
The process flow of the proposed model involves

seven sequential steps, as shown in Fig. 1. It begins by
selecting a set of scholarly research articles that could be
sourced from journal repositories in Google Scholar to
acquire the required dataset. This is normally achieved
using web scrapping tools, resulting in domain-specific
articles as required. Next, knowledge is extracted as en-
tities and other knowledge elements from the metadata
and relevant content of the research articles. The know-
ledge extracted from the collection is then utilized to
create a knowledge map for a visual presentation using
the drawing canvas. Typically, the knowledge elements
are various contents of the map, such as ideas, people,
documents, data (entities, attributes, relationships), and
objectives. These knowledge elements are extracted from
scholarly articles using sentence parsing and text mining
approaches employing typical metrics, such as the word
count and distance measures, to establish the relation-
ship protocols in a visual diagram. Next, a knowledge
map diagram with all of the nodes, labels, and property
sets is exported to generate the cypher statements to
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represent all acquired knowledge from the scholarly arti-
cles. These advanced cypher statements are pre-
processed and inputted into the subsequent step of cre-
ating a big data repository using graph theoretic models
to build modern visualization methods. The cypher
statements are converted into a non-relational graph
database schema to establish deep and rich relationships.
The pre-processing enforces the merging of new nodes
or relationships with existing graph database elements
without duplication. In the subsequent step, a query for-
mulation used to discover meaningful knowledge is
achieved by translating the required information from
the graph database into a cypher query. Finally, these
queries of the nodes, properties, and relationships from

the graph database are utilized to aid in a semantic
visualization.
The proposed generic knowledge map modeling for a

semantic visualization of knowledge extracted from
scholarly articles is shown in Fig. 2. It shows the visual
structure of the knowledge elements and their relation-
ships between journal articles, sections, key points in the
sections, authors, affiliations, and publication journal.
Entities such as journal articles or titles, authors, jour-
nals, and publishers are identified from the metadata.
Key knowledge elements are extracted from the content
of a collection of research articles and are transformed
into entities and relationships that are represented as
nodes, circles, and arcs connecting the semantically

Fig. 1 Process flow of the proposed model

Fig. 2 Proposed generic knowledge map modelling for semantic visualization
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related knowledge. For the automation of the proposed
model for prototype development, Neo4j is adopted,
which is a D3.js scripting Arrow tool and Neo4j Bloom
application. In Neo4j, circles represent nodes of entities,
and arcs represent relationships between the nodes that
can be drawn in the Arrow tool as a graph schema dia-
gram. Neo4j stores and queries connected data. The data
in Neo4j can be presented in an interactive visual graph
environment of Neo4j Bloom.
The design for automating the entire process flow, il-

lustrated in Fig. 1, requires writing scripts that can cre-
ate a visual knowledge map with the extracted
knowledge elements from scholarly articles. Open-
source tools are employed in an integrated manner, and
the overall architecture of the proposed modeling ap-
proach for a semantic visualization of unstructured
knowledge derived from scholarly articles is shown in
Fig. 3. Text mining techniques are adopted by using the
Arrow tool with the advantage that the knowledge map
can be exported in a cypher format using complex Java-
Script Object Notation (JSON) documents. They are fed
into the Neo4j graph database using advanced cypher
scripting statements and are visually presented in Neo4j
Bloom. The cypher statements have the advantage of
quickly transforming the key data extracted from schol-
arly articles into a knowledge map structure of rich rela-
tionships without duplication of knowledge. Further, the
data in Neo4j can undergo semantic querying using vari-
ous cypher statements to obtain meaningful insights into
the big data of scholarly articles when represented as
knowledge maps. Such queries can facilitate researchers
to synthesize new knowledge by visually integrating and
drilling various rich information from the literature.
Overall, the proposed semantic querying techniques
foster the discovery of new knowledge and their

connections, leading to data insight from large collec-
tions of articles extremely quickly.
A non-relational graph store is employed as a database

for semantic visualization in this study and discussed in
detail in a later section, demonstrating the proposed novel
approach, which differs from the data visualization in
other tools and databases. Neo4j, the data visualization
platform adopted here provides a visualization functional-
ity to display a knowledge map representation of the data
saved in a relational database management system with
the help of the cypher query.
Knowledge map constructs can be weak or strong de-

pending on the use of spatial relationships and beyond.
Entity properties and their spatial relations are to be de-
termined using a good quantitative/qualitative metric,
which can include the distance measures, costs, and
weights. A recent study developed a computationally
lightweight score based on regression analysis to meas-
ure the importance of journals without requiring any
data storage [37]. Further, delay differential equations
were used to analyze the cause and control variables re-
sponsible for the growing influence of a journal using
visual knowledge maps [38]. However, the aim of the
proposed semantic visualization using knowledge maps
is more for knowledge discovery and evidence-based in-
ference, rather than merely calculating a journal influ-
ence score or estimating the influence of the journal.
The aim here is to establish relationships that include
spatial, chronological, hierarchical, associative, causal, lo-
gical, and evaluative properties for a visual representa-
tion of strongly descriptive knowledge maps. A graph
theory approach is adopted with spatial aspects such as
adjacency, distance, and containment to create know-
ledge maps and to store and retrieve the data with an
optimized search. The details of mathematical modeling

Fig. 3 Overall architecture for semantic visualization of unstructured knowledge
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along with the application of graph theory in Neo4j
adopted in this research are provided below.

Knowledge extraction
The data modeling within the knowledge map con-
struct includes the main knowledge elements ex-
tracted from the research articles, which are
represented as nodes and other elements showing the
relationship between the knowledge elements and are
represented as links or arrows. The knowledge ele-
ments comprise metadata of the research article and
other relevant content including key highlights. Each
knowledge element is a unique word or phrase in the
context of the research article. Therefore, mathemat-
ically, a knowledge map (M) is denoted that can be
defined as a set of knowledge elements (K) and rela-
tionships (R) among knowledge elements, that is,
M = (K, R, ϕ), along with the following:

� K ⊆ M and R ⊆ M.
� K is a set whose elements are called knowledge

elements and represents nodes in the knowledge
map, that is, K = {k1,k2,k3,k3,…,kn}, where.

– ky ∈ K and 1 ≤ y ≤ n, where n is the total number
of words or phrases extracted from the research
article.

� R is a set whose elements are called relationships
among the knowledge elements and represents arcs
or links in the knowledge map, that is, R =
{r1,r2,r3,……,rn}.

� ϕ: R → {(x, y) | (x, y) ∈ K2 ∪ x ≠ y}, where the
following hold:

– ϕ represents a set of relationships (R), which are
ordered pairs of coupled knowledge elements (K).

– In the relationship (x, y) directed from x to y, the
knowledge elements x and y are called the
endpoints of the relationship, x is the start node
of the relationship, and y is the end node of the
relationship.

– A knowledge element only exists in a knowledge
map if it belongs to a relationship.

These notations are formalized for a particular re-
search article ‘a’ in developing the set of all relationships
ϕa among the knowledge elements within a knowledge
map. In addition, Ra = {ra1, ra2, ra3, …, ram} is used such
that ordered pairs of knowledge elements with the math-
ematical mapping resulting in the entire set of relation-
ships for article ‘a’ is given by ϕa: ra1 → {(ka1, ka2) | (ka1,
ka2) ∈ K2 ∧ ka1 ≠ ka2}.
The Arrow tool is adopted to create a visual graph

database schema model and automate the

implementation using Neo4j cypher scripts to generate
the database schema with database entities and relation-
ships. The knowledge elements and relationships are
stored and queried as a non-relational database schema
representing big data repositories, as described in the
following.

Non-relational database in big data using Neo4j
Neo4j, a non-relational database for the proposed proto-
type implementation from a big data repository is
employed because it provides native graph data storage,
processing tools, and visualization tools required for se-
mantic visualization using knowledge maps. The graph
theoretic approach of the proposed model is incorpo-
rated using Neo4j to store and retrieve the knowledge as
non-relational data and to optimize the search by using
the index-free adjacency technique. In Neo4j, the data
and relationship between the data are represented by
graph structures consisting of nodes, labels, properties,
and links [39]. The following three key advantages of the
graph-based not only structured query language
(NoSQL) database over traditional relational databases
are capitalized for this research:

� The NoSQL database schema can be defined or
altered dynamically at run-time.

� The relationships between the nodes are objects in
the database, which can be queried directly.

� The properties can be associated with nodes as well
as relationships and can be queried directly.

According to ref. [40], Neo4j is the most popular non-
relational graph database, and is optimized for mapping
data points and connecting links between nodes and re-
lationships visually. The main domain-specific know-
ledge and entities from the research articles are
represented as nodes, and the semantics that relate to
the knowledge elements are represented along the arcs.
Neo4j has been widely adopted in various niche applica-
tions such as artificial intelligence, machine learning,
Internet of Things, real-time recommendation systems,
fraud detection, network and IT operations, and identity
and access management [3]. For the proposed model,
because nodes representing knowledge may have mul-
tiple semantic associations with other nodes, which in
turn can have multiple properties and labels, Neo4j sup-
porting these characteristics forms the best fit. The
properties are data attributes of each knowledge elem-
ent, such as author names, gender, and affiliation, ex-
tracted from the scholarly articles. The labels are the
names of the group nodes that categorize the domain of
the nodes, and these are used to find nodes in the graph
in queries. The cypher query language (CQL) of Neo4j is
adopted to create, query, or traverse the graph with

Fahd and Venkatraman Visual Computing for Industry, Biomedicine, and Art            (2021) 4:19 Page 8 of 18



properties of the nodes and relationships [41, 42]. Script-
ing constructs such as ‘Match’, ‘Where’, and ‘Return’, as
well as command operator signs such as ( ), [ ], { }, -,
and -> in CQL are closer to the search clauses and com-
mands predominantly employed by users as compared
to structured query language. Therefore, CQL can be
effectively used to automate the retrieval and querying
of knowledge stored in a graph database. In the next
section, the implementation of the proposed model in
Neo4j is described for dementia risk factors as a case
study.

Model implementation for case study and results
The collection of research articles about the risk of de-
mentia is considered for the application of the proposed
model as a case study. Some existing studies have fo-
cused on knowledge graph creation from scientific litera-
ture on degenerative diseases to help researchers
investigate their discovery relationships with the discov-
eries or domain knowledge of other researchers [43].
However, such implementations reported in the litera-
ture suffer from challenges such as the automatic gener-
ation of a semantic visualization and mapping of
secondary information related to the main knowledge el-
ements. The proposed model implementation overcomes
these limitations in existing studies. Further, focus is on
the domain of research investigations concerning the
risk factors of dementia for supporting researchers and
practitioners in deriving knowledge on recently reported
scholarly articles on modifiable risk factors owing to
varying environmental and other factors that can affect
the timely diagnosis and follow-up decisions in health-
care [3, 9]. It will therefore be useful to create an auto-
matic repository of domain-specific knowledge from
scholarly articles related to the risk factors of dementia,
allowing researchers to quickly discover knowledge and
promote further research on this important topic.
For application of the proposed model to scholarly ar-

ticles on dementia risk factors, the following open-
source software tools are adopted through the integra-
tion of the following scripting programs:

(1) Arrow tool to create a visual graph and generate
the Neo4j cypher statements for nodes and
relationships to establish complex hierarchies of
knowledge related to dementia risk factors. From
the complex JSON documents extracted from
scholarly articles, the cypher statements
deconstruct and transform them into a knowledge
map structure of rich relationships.

(2) Neo4j Community server with Neo4j browser to
automatically create a graph database using the
generated cypher statements from Arrow for

indexing and querying the non-relational database
with the terms of dementia risk factors.

(3) The Neo4j Bloom application is available using the
database server to explore the graph and visually
interact and present the graph results.

A high-level architecture for automating the complex
hierarchies with JSON documents, NoSQL indexing, and
querying is shown in Fig. 4, illustrating the beneficial rela-
tionship of the articles. In addition, as the advantage of
the proposed software platform, it is standards-based and
interoperable because there are multiple visualization
tools that handle the exported data from Neo4j by gener-
ating cypher queries to create data in Neo4j databases.

A demonstration is provided using a sample of un-
structured text collected from research articles to build a
prototype dataset to show the significance and effective-
ness of a semantic visualization in the form of graph da-
tabases and knowledge maps. The following is the first
sample text taken from one of the research articles from
the collection of research articles related to risk factors
for dementia [3]:

Our study found a potentially important effect modifica-
tion between exercise and physical functioning in
…[which does] not prevent dementia but might be asso-
ciated with a delay in onset. If these post hoc findings are
confirmed, senior citizens may have more reason to...

The highlights and key points that are available as un-
structured text in the research article are considered for
text mining, as shown in Fig. 2. Next, the Arrow tool
map is employed, as shown in Fig. 5, to rapidly sketch
the graph database schema based on the proposed data
model for achieving a semantic visualization. The Arrow
tool is an intuitive way to draw the nodes and relation-
ships with properties to capture the key highlights of the
research articles. The nodes, directed relationships, and
their properties are identified and made by utilizing the
drag-drop interface of the tool for each key point of the
research articles. It is simply a visual representation of a
graph with nodes and arcs and without any permanent
data storage of the underlying knowledge. However, a
visual representation of a knowledge map is useful for
manually verifying the knowledge extracted to establish
the correctness of the proof-of-concept implementation
of the proposed model for the collection of sample re-
search articles related to dementia. Figure 5 demon-
strates a semantic visualization of the sample knowledge
extracted using the text mining technique and the
above-mentioned graph theory-based data modeling.
The knowledge map drawn using the Arrow tool

shown in Fig. 5 is based on the knowledge extracted
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from the articles and can be exported into various for-
mats to achieve a permanent storage of the big data col-
lected. In this proof-of-concept implementation, the
knowledge map is exported as cypher statements to in-
clude all labels and properties of the nodes and relation-
ships, which are executed in Neo4j to form a graph
datastore. Figure 6 shows a snapshot of the cypher state-
ments that connect key information from the text of a
scholarly article related to dementia risk factors. A simi-
lar process is adopted in exporting the conceptual know-
ledge design of Arrow tool from the research articles
into cypher statements.

Figure 7 shows the final visual output achieved after
the conceptual design of the Arrow tool is exported as a
cypher statement, which are executed in Neo4j to create
a graph database. It provides a high-level visual repre-
sentation of a graph database with the nodes and the
complex relationships of the knowledge extracted from
the research articles considered in this study. In the case
of dementia risk factors, Fig. 7 presents an overview of a
graph database generated with 295 nodes and 473 rela-
tionships among the nodes to show that interconnected
data can be traversed to support user query and data
processing to achieve a semantic visualization. The

relationship can be displayed by selecting tags in the
node labels and relationship types, and each node can
expand the links to other connections that are available,
thereby facilitating a visual navigation of the big data
storage for knowledge discovery.

The CQL match statement in Neo4j is used to retrieve
all nodes and their relationships as a high-level visual
knowledge map of the graph database portrayed in Fig. 7.
A typical CQL match statement is as follows:

MATCH nð Þ � r½ � � mð Þ RETURN n; r;m

The data model implemented for the case study of de-
mentia risk factors from scholarly articles is shown in
Fig. 8. The following cypher statement is executed to re-
trieve the underlying schema of the database in Neo4j:

call db:schema:visualization

The proposed generic conceptual data model shown in
Fig. 2 is applied to develop a semantic visualization for
the dementia risk factor case study. The proof-of-
concept of the graph-based big data store is

Fig. 4 High-level architecture to automate the complex hierarchies
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implemented to store the knowledge of dementia risk
factors extracted from a small collection of scholarly ar-
ticles. This is based on the cypher statements represent-
ing the schema of the designed database, as shown in
Fig. 6. Color-coding of the nodes was set in the Neo4j
data model to match and identify the entities visually, as
shown in Figs. 7 and 8. For example, a blue node indi-
cates an article as a paper entity in the graph database,
and orange indicates the journal where the article was
published. The color scheme is pre-determined by the
Neo4j software to uniquely distinguish the knowledge el-
ements. The use of colors helps to clearly identify and
differentiate knowledge within a visual knowledge map.
The graph database developed for storing knowledge

related to dementia risk factors extracted from articles
can be visually traversed to explore and search the data,
as well as query the interrelationships among the data to
gain deeper insight. The output data when visualized as
a color-coded knowledge map helps in understanding
the interconnected structure of the database and facili-
tates an exploration of different perspectives for know-
ledge discovery. Numerous visualizations are possible
using the proof-of-concept graph database implemented
with the proposed conceptualization model. The follow-
ing key semantic visualization scenarios are provided:

(1) A knowledge map of authors working within the
dementia domain that can be further filtered with
queries to find those authors working on a
particular risk factor (e.g., Fig. 9). This knowledge
can benefit researchers to find common author
backgrounds, such as the affiliation and country, for
possible research collaboration.

(2) A knowledge map of papers with common
objectives focused on dementia risk factors (e.g.,
Fig. 10). This is useful for researchers to interrelate
any two papers based on their common research
objectives.

(3) A knowledge map of a specific risk factor of
dementia with drill-down queries providing deep
data insights and knowledge discovery of research
findings (e.g., Fig. 11).

Figure 9 displays a network of journal articles as a
knowledge map and shows a zoomed-in image of the au-
thors who have researched dementia risk factors, such as
sleep duration. The semantic visualization helps query
the authors’ affiliations and countries from the graph
database. The blue circles represent article journal
nodes, and the light green nodes are the authors

Fig. 5 Snapshot of knowledge extracted to outline conceptual data model using Arrow tool
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connected by arcs. This knowledge map of connected
data shows the contribution trends of institutions and
countries in the domain of dementia, which can help re-
searchers to establish collaborations. This visual map-
ping is displayed in Neo4j Bloom without the need to
create any CQL statement. However, in the absence of a
knowledge map, a traditional approach is to run CQL
statements on Neo4j to retrieve the required informa-
tion. To make a query on the database for finding au-
thors, as well as their affiliation and country, based on
an article title related to ‘dementia’, a researcher should
know how to create and run the following command:

MATCHðp : PaperÞ � ½r1 : author by� � ða : AuthorÞ
�½r2 : affiliation� � ðo : OrganizationÞ

�½r3 : in country� � ðc : CountryÞWHEREp:title
¼�0 �Dementia�0 p; r1; a; r2; o; r3; c

Hence, researchers would likely prefer to adopt know-
ledge maps for ease of use.
Figure 10 shows a knowledge map of journal articles

with research objectives relating to common dementia
risk factors, such as sleep duration. The blue-colored
nodes represent the journal, and the pink-colored nodes
represent the objectives of the articles. This mapping
can help in identifying the research objective trends in
the dementia domain, particularly on its risk factors.
The cypher query designed to create the search in the
Neo4j Bloom is given below:

MATCHðp : PaperÞ � ½r1 : abstract section�
�ðs : SectionÞ � ½r2 : has objective� � ðk : keypointsÞ
whereðk:objectiveÞReturn p; r1; s; r2; k:objective
UNION MATCHðp : PaperÞ � ½r1 : abstract section�

�ðs : SectionÞ � ½r2 : has introduction� � ðk : keypointsÞ
whereðk:objectiveÞReturnp; r1; s; r2; k:objective

In Fig. 11, the knowledge map shows how a researcher
can gain deep insight into specific risk factors for demen-
tia using a visual-friendly navigation. Visual mapping dis-
plays the risk factors for dementia and research findings
with the hazard ratio reported in journal articles and their
relationships. The cypher statements designed to create
the required filtering in the Neo4j Bloom are given below:

MATCH ðp : PaperÞ � ½r1� � ðsÞ � ½r2� � ðk
: keypointsÞ � ½r3 : findings� � ðf
: findingsÞ RETURN p; r1; s; r2; k; r3; f

The relationship connecting the nodes in a knowledge
map specifies the association between nodes, and it

Fig. 6 Snapshot of cypher statements for dementia risk factor case study
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clearly identifies semantics, such as which knowledge
pertaining to a dementia risk factor belongs to which
paper publication or which author. As the most benefi-
cial aspect of using a graph database, any addition or
modification of links between objects can take place dy-
namically using a visual navigation. Further, there are no
limitations for adding relationships, and the knowledge
map can display relationships between entities and other
nodes based on what the user wishes to query. For ex-
ample, queries such as who/what influenced whom/
what, what are the benefits of X, and the terms of the

relationships can be determined interactively through a
few clicks on the knowledge elements displayed. Fig-
ure 10 illustrates the convenience provided to a re-
searcher in interpreting the outcome of complex queries
through a semantic visualization using automatic CQL
scripts that are generated from knowledge map tra-
versals. Without such knowledge maps, it would be time
consuming for researchers and practitioners to read the
text from various articles and interpret them. For ex-
ample, identifying the risks of dementia associated with
short sleep duration reported in research articles would

Fig. 7 Visual knowledge map in Neo4j graph database using Neo4j Bloom

Fig. 8 Visual data model of knowledge map for the case of dementia risk
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require an extensive literature review. Neo4j includes
color and font settings for a visual layout that enhances
the ease of data categorization allowing users to easily
interpret the knowledge.
Overall, Figs. 7 and 8 demonstrate the successful appli-

cation of the proposed model for a semantic
visualization used to implement a graph-based datastore
as a prototype. The convenience of a visual knowledge
map navigation is also demonstrated using Figs. 9, 10
and 11, which display the outcomes of user queries fa-
cilitating knowledge discovery from the graph datastore.
Examples of CQL statements provide snapshots of auto-
mating the processes. Using interactive queries through
a graph navigation, knowledge discovery about dementia
risk factors was successfully illustrated from a sample
scholarly article considered as a proof-of-concept imple-
mentation. The case study for this purpose considered
scenarios such as determining a long sleep duration as a
risk factor of dementia or identifying low mood as an in-
creased risk of dementia.
In addition to the visualization of the knowledge map,

the outcomes of a cypher query automation from the re-
pository provide more accurate results than search func-
tions in journal repositories such as ScienceDirect. For
example, to find a collection of research articles studying
the risk of dementia with a follow-up of greater than 10
years, the phrase “risk of dementia follow up years

greater than 10” was used for a simple comparative
benchmarking. The search results from the ScienceDir-
ect repository are compared with the resulting set of a
cypher queries executed in the proof-of-concept imple-
mentation of the proposed modeling as a big data graph
repository. The ScienceDirect search results contained a
few incorrect results, whereas the graph database pro-
vided accurate results for cases in which the number of
follow-up years was greater than 10, as shown in
Fig. 12(a). A similar comparison was adopted by using
the search phrase “risk of dementia number of partici-
pants between 2000 and 2900” to find research articles
on the risk of dementia in which the number of partici-
pants was greater than 2000 and less than 2900. Fig-
ure 12(b) shows the inaccurate research article(s)
returned by a search in the ScienceDirect repository.
However, the proposed proof-of-concept returned accur-
ate results using the model implementation of know-
ledge maps, which facilitated a visual navigation of the
graph datastore.
Overall, how a knowledge map can be interrogated

interactively was demonstrated. The proposed generic
semantic visualization model using graph data resources
will aid researchers in the dynamic exploration of know-
ledge discovery. More information regarding the node
on “sleep duration” and its link to a central ‘exercise’
node or other dementia risk factors can be queried.

Fig. 9 Knowledge map of database query finding authors of research articles with their affiliations and country
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Further drilling to identify what types of exercise are im-
portant (e.g., cardiovascular vs strength-based) can be
conducted if reported in the articles. One can view or
hide the information given to neighboring nodes with
the ease of a single click. A recent study reported limited
applications of knowledge maps found in the literature
because very few studies have addressed the issues of
their implementation and user evaluation [44]. The
present study is a modest step to fill in this gap within
the literature. In line with other studies, user acceptance
of the proposed proof-of-concept implementation is the-
oretically based on the features of perceived usefulness
and perceived ease of use. The structural equation mod-
eling adopted with the proposed cypher statements was
validated using the underlying technology acceptance
model. Hence, theoretical and empirical investigation

approaches were adopted to verify the correctness of the
system developed in this study.

Conclusions and future research
In this paper, the initial steps are presented for enhancing
knowledge discovery from scholarly articles with an effect-
ive use of the knowledge mapping technique for a seman-
tic visualization combined with the non-relational big data
paradigm. Various types of semantic visualization tech-
niques were discussed, and the significance of the know-
ledge maps was established. The proposed model for
automatic knowledge extraction, representation, and
query formulation was developed to achieve a semantic
visualization of domain-specific information to facilitate
evidence-based knowledge discovery and inference. The
architecture used to automate the process flow, and the

Fig. 10 Knowledge map visualization used to identify objectives of journal articles
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implementation of the model as a prototype for know-
ledge discovery from scholarly articles on dementia risk
factors, were presented.
The results of the proposed semantic visualization

model implementation were illustrated using knowledge
maps representing a non-relational database with case sce-
narios. The proof-of-concept prototype of the case study
of dementia risk factors captured unstructured text from
the literature in a big data environment and demonstrated
the significance of a semantic visualization. The effective
use of knowledge maps interactively showcased the ease
in knowledge discovery, which would be beneficial for re-
searchers working in the knowledge domain, saving much
time and effort.
Overall, the effectiveness of the prototype was demon-

strated through meaningful knowledge extraction and
analysis from unstructured data using the Neo4j graph
database in the context of dementia risk factors as a case

study. The use of an emerging NoSQL database technol-
ogy such as Neo4j was justified, the features of which
were exploited to visually represent both the graph
datastore as a knowledge repository as well as user quer-
ies of the database by applying graph theoretic modeling.
Visual navigation was achieved by generating strong and
effective knowledge maps. This work has advanced re-
search in the direction of semantic visualization using
knowledge maps, taking the first steps to pave the way
for a larger research agenda.
The limitation of this research study is the small number

of research articles utilized to implement and demonstrate
the prototype. However, the proposed model and implemen-
tation approach can be easily applied to any larger collection,
which is planned for future studies. In addition, theoretical
and empirical approaches were employed to validate the
proof-of-concept implementation. Future research will in-
volve developing a comprehensive knowledge repository for

Fig. 11 Knowledge map of dementia risk factors for knowledge discovery
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exploring many other domain-specific visual knowledge dis-
coveries with more advanced deep mining tools and quality
evaluation metrics.
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