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ABSTRACT The utilization of semantic web technologies has led to the development of knowledge graphs
represented as triples that allow for the exploration of specific and cross-domains. Despite the advantages
of semantic links between entities in facilitating user exploration, they can also lead to an overwhelming
number of exploration choices that can cause confusion, frustration, uncertainty, and a sense of being lost in
the abundant graph, particularly for users who are not familiar with the domain. Thus, identifying exploration
strategies is critical to improving user exploration and increasing exploration utility. This study aims to
identify exploration strategies that promote knowledge utility (i.e., increase users’ domain knowledge)
and exploration experience (i.e., provide users with a positive and pleasant feeling). To accomplish this
goal, an experimental user study was conducted, involving lay users in the musical instrument domain,
where they were presented with an exploration task and then allowed to freely explore musical instruments.
Parameters related to exploration paths were used to analyze the exploration patterns that users follow during
their exploration. The findings reveal exploration strategies that promote knowledge utility and exploration
experience. This research contributes to the literature on intelligent methods of guiding user exploration
through knowledge graphs to enhance exploration effectiveness, which can have broad applications in
knowledge graph utilization.

INDEX TERMS Knowledge graphs, knowledge utility, exploration experience, exploration paths, explo-
ration strategies.

I. INTRODUCTION (open-ended) [7] has unclear information needs [8], and

Knowledge graphs (KGs) have evolved into fundamental
elements in various exploration applications spanning from
broad to specific domains [1]. A typical KG describes domain
knowledge in the form of Resource Description Framework
(RDF) triples [2]. Users are gradually being introduced to
explore KGs, thereby enabling them to benefit from the
vast knowledge contained within the graphs [3], [4], [5].
Unlike conventional search, where users have a clear idea
of the expected results [6], exploratory search requires
a significant amount of investigation and exploration effort
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is used for learning and exploration tasks [9]. Although
semantic links in KGs support exploration through paths,
they can also be a source of hindrance and confusion for
users, especially for those who lack expertise in a partic-
ular domain. This can result in difficulties for users when
making exploratory choices or formulating specific queries.
Moreover, users may not be able to identify the most useful
exploration paths for their needs or exploration tasks, ulti-
mately leading to frustration, uncertainty, high cognitive load,
confusion, and a sense of loss.

Initial efforts to facilitate KG exploration focused on pro-
viding users with textual or visual interfaces [10], [11].
Recent studies on KG exploration have united efforts from
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multiple fields such as human-computer interaction, user
modeling and personalization, adaptive hypermedia, and the
Semantic Web [1], [12], including personalized paths based
on user preferences [13], a search-by-example paradigm by
providing users with entities that are similar to a given
search entity [14], domain summaries with data patterns [15],
graph structure visualization [16], and constructing flexible
queries to support user navigation [17]. Although a consid-
erable amount of research has been conducted to enhance
users’ exploration experience of KGs, the focus has primarily
been on investigative tasks and supporting learning through
search [18], [19]. The objective of this learning perspective
is to provide general tools to explore interlinked open educa-
tional resources [20].

Our focus is on supporting knowledge utility (i.e., expand-
ing the user’s domain knowledge while exploring a KG)
and ensuring a positive exploration experience for the user.
This is based on previous research, which acknowledges that
when users explore unfamiliar domains, they unintentionally
gain new knowledge about concepts or relationships that they
were previously unaware of [21] and [22]. Our study in [23]
was the first to develop an algorithm for generating explo-
ration paths for knowledge expansion based on Ausubel’s
subsumption theory for meaningful learning [24]. This theory
postulates that the human cognitive structure is hierarchically
organized with respect to the levels of abstraction, where
abstract and familiar concepts (i.e., knowledge anchors) are
deliberately introduced to the user prior to the introduction of
new concepts [29]. The new concepts then become anchored
under relevant and abstract subsuming concepts, leading to
meaningful learning [27].

The main goal of this study is to identify novel exploration
strategies for enhancing users’ domain knowledge and to
provide users with a positive exploration experience. For
this purpose, a task-driven experimental user study with
lay users in the music domain was conducted, where users
were presented with an exploration task and then asked to
freely navigate through the KGs of a musical instrument to
find information about a particular musical instrument with
which they were unfamiliar. A key element for analyzing
exploration paths followed by users is to identify path param-
eters for characterizing users’ exploration and to examine the
exploration patterns followed by users to identify exploration
strategies. Path parameters included those related to the level
of generality in the class hierarchy(i.e., top-level, middle-
level, or bottom-level), parameters related to the direction
of exploration (e.g., go-up, go-down, or staying at the same
level in the class hierarchy), the average density of entities
constructing an exploration path, visiting knowledge anchors
(i.e., familiar concepts), and exploring dead-end entities.

The key contribution of this work is:

« Identify path parameters that affect the utility of the
user’s exploration.

o Analyze the effect of path parameters on knowledge
expansion and exploration experience in a task-driven
user study.
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o Identify exploration strategies over KG to support

knowledge utility and exploration experience.

The remainder of this paper is organized as follows.
Section II discusses the related work. Section III provides the
preliminaries and key definitions. Section IV describes the
research methodology. Section V discusses the results and
Section VI concludes the paper.

Il. RELATED WORK

KGs have become increasingly popular because of their use
as primary engines for various applications and their under-
lying abstract structures, which efficiently facilitate domain
conceptualization and data management [27]. The variabil-
ity of KGs is both a distinguishing feature and a barrier
to their efficient implementation. Because of their extensive
use, KGs are readily huge and complicated, and as a result,
difficult to comprehend. Thus, even domain specialists find
the content of KGs to be increasingly unfamiliar and nearly
incomprehensible to novice users, necessitating the need
for exploratory mechanisms to support the exploration over
KGs. This section reviews the literature on KG exploration
approaches. According to [1], KG exploration approaches can
be divided into three main categories: profiling and summa-
rization, exploratory analytics, and exploratory search.

A. PROFILING AND SUMMARIZATION

When lay users explore KGs, they may find it easier to
experiment with different varieties, whereas users with more
solid and consistent choices may be less inclined to stray
from them [28]. In this context, KG profiling and sum-
marization have been thoroughly investigated, and several
methods and strategies have been suggested to demonstrate
techniques for KG exploration in a clear and comprehen-
sible manner [29]. For example, Sakurai et al. [30] devel-
oped a new method for artist recommendation that utilizes
a KG to provide reasons for recommendations. By rec-
ommending artists instead of individual songs, multiple
songs can be suggested simultaneously. A KG is constructed
using listeners’ listening histories and music track metadata,
allowing for the representation of hierarchical relationships.
Principe et al. [29] developed a minimalization-based profil-
ing tool called ABSTAT-HD which can provide a profile
for vast knowledge KGs. ABSTAT’s modular design enables
users to exploit the benefits of distributed computing. The
authors characterized several datasets with varying degrees
of complexity, including DBpedia and Microsoft Academic
KG, to assess the scalability of the ABSTAT-HD. During the
profiling process, three orthogonal factors were considered:
the dataset size, its complexity in terms of the number of
types, predicates, and ontological aspects, and the profiling
type, which considers the total burden of the profiling pro-
cess. The study in [31] offers personalized hint regression
(PHR), a unique distillation technique that efficiently dis-
tills knowledge with diverse preferences. The PHR uses a
personalization network to deliver tailored (or personalized)
distillation for each user/item representation as a workaround
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for clustering. The customized network creates a mapping
function that connects the instructor and student spaces, using
the neighborhood information of each representation. Sim-
ilarly, providing personalized KG exploration for education
was reported in [32] and [33].

B. EXPLORATORY ANALYTICS

Attention has been paid to supporting sophisticated
analytics for KGs for a while now [34]. Additionally, driv-
ing this is the growing need for both public and com-
mercial institutions to represent business data in specific
KGs [35]. In this context, Organisciak et al. [36] focused on
the potential of exploratory data analysis and visualization
tools to understand large bibliographic datasets. Hence, the
HathiTrust+Bookworm was introduced, enabling a multi-
faceted exploration of the HathiTrust Digital Library. This
study situated this tool within the broader landscape of
scholarly tools for exploratory data analysis. Although the
construction of KGs has attracted great interest and has been
applied to various domain applications, the investigation and
visualization of the KG itself, which promotes interactive
knowledge discovery and the creation of new theories, are
not supported by computational tools or online frameworks.
In this regard, the authors of [16] created a web frame-
work called KG Exploration and Visualization (KGEV). This
framework comprises of five steps: triple extraction, triple
filtration, metadata preparation, knowledge integration, and
graph database preparation. The system involves convenient
user interface features that search a backend graph database,
including node and edge search and filtering, data source
filtering, neighborhood retrieval, and shortest-path computa-
tion. The proposed system enables the quick retrieval of per-
tinent texts that support the linkages in the KG, thus enabling
human reviewers to assess the accuracy of the information
collected. When examining vast and unfamiliar KGs, entity
recommendations address the information overload problem.
To address this issue, Yang et al. [37] proposed a KG explo-
ration technique for topic-oriented entity recommendation.
To determine the long-term negative intentions of a user, the
authors constructed a negative-feedback memory network
model. To achieve good intentions, the authors suggest a
transformer-based sequence encoder. By combining positive
and negative intentions using the proposed intent-attention
technique, the system dynamically acquires adaptive intent.
The incorporation of exploratory data analytics to draw con-
clusions from various datasets was also reported in [35].

C. EXPLORATORY SEARCH

Exploratory search refers to exploration that combines
browsing and searching for knowledge acquisition [38]. This
is also referred to as exploration, which requires a signif-
icant amount of investigation and exploration effort (open-
ended) [38], has unclear information needs [39], and is used
for learning and exploration tasks [40]. Faceted exploration
is one of the first approaches that involves presenting a
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set of facets or attributes associated with entities in a KG,
allowing users to select facets to narrow down their explo-
ration [41], [42], [43]. In recent years, faceted exploration
has been used as an approach for navigating through the
KG, represented as RDF statements. For example, KTab-
ulator was proposed in [44] as an interactive system that
efficiently extracts, constructs, and expands ad hoc tables
from extensive corpora over KGs. Users are allowed to extend
their tables by choosing relevant entities and attributes. The
authors of [45] proposed a relation facet approach for explor-
ing KGs. Clustering methods are used to group relationships
between entities based on entity similarity. PathWays was
proposed in [46] as an interactive exploration tool for KGs
to identify paths connecting specific entities in the KG to
provide a comprehensive overview to the user. The closest
work to this study is in [47], where the authors proposed a
KG exploration method for lay users that depended on the
graph structure. The proposed method utilizes a search tree
algorithm to navigate the KG, where siblings are filtered to
the most relevant nodes and ranked according to a specific
criterion. However, our work suggests more comprehensive
exploration strategies that consider several factors such as the
direction of exploration, the level of abstraction in the class
hierarchy, the density of entities, visiting highly inclusive
and familiar entities (i.e., knowledge anchors), and explor-
ing dead-end entities. Furthermore, the approach proposed
in [47] was evaluated using a small and shallow class hierar-
chy, consisting of only 21 class entities, in comparison to our
work which involved examining user exploration over two
large class hierarchies: the Wind Instrument and the String
Instrument (see Table 1).

Limitations of Existing Approaches: While current KG
exploration approaches offer valuable insights for facilitating
user exploration over KGs, they also come with certain limita-
tions. For instance, profiling and summarization approaches
heavily rely on diverse user preferences. If the user’s pref-
erences are not well-defined or change frequently, the distil-
lation results might not accurately reflect the user’s current
interests. Existing exploration approaches assume that lay
users are capable of making informed decisions about which
facets, attributes, or entities to explore. However, in reality,
lay users might not possess the necessary domain knowledge
to select relevant facets or entities, potentially leading to
suboptimal exploration outcomes, especially when lay users
are confronted with numerous options and unfamiliar entities,
leading to cognitive overload and confusion. Furthermore,
current approaches lack exploration strategies that aid users
to expand their understanding of the domain while ensuring
a satisfactory level of exploration experience. In contrast, our
work centers on providing exploration strategies tailored for
uni-focal exploration, wherein the user initiates the explo-
ration from a single entity within the KG and gradually
traverses interconnected information. What distinguishes our
approach is its explicit consideration of both the structure of
the KG and the features associated with individual entities,
which serves as a basis for suggesting exploration strategies.
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Overall, the following are the key aspects that differentiate
our approach from existing seminal works:

e Our approach specifically emphasizes enhancing users’
domain knowledge and ensuring a positive exploration
experience. This focus goes beyond traditional KG
exploration, which often concentrates on data retrieval
or analytics without considering the user’s learning and
satisfaction.

e We carry out a task-driven experimental user study in
the music domain, involving lay users. This empirical
approach allows us to gather real-world insights into
how users interact with KGs and what strategies are
effective in improving knowledge utility and explo-
ration experience.

e Our approach identifies and analyzes a comprehen-
sive set of path parameters related to exploration
patterns, including generality in the class hierarchy,
direction of exploration, density of entities, knowledge
anchors, and dead-end entities. This thorough analy-
sis provides a holistic view of user behavior during
exploration.

lIl. PRELIMINARIES

We have provided the main definitions used in this study.
Resource Description Framework (RDF) statements describe
entities (i.e., nodes) and attributes (i.e., edges) in a KG, where
each statement is a triple of the form <Subject - Predicate -
Object> [43]. The Subject and Predicate denote the entities
in the KG. An Object is either a Uniform Resource Identifier
(UR]) or string. Each Predicate URI denotes a directed rela-
tionship with Subject as a source entity and Object as a target
entity.

Definition I (Knowledge Graph): A knowledge Graph
KG = (V,E, T) is a labelled directed graph, depicting a set
of RDF statements where V. = {vi, vy, ..., v,} is a finite
set of entities; E = {eq, ea, ..., ey} is a finite set of edge
labels; T = {t1, 2, ..., t;} is a finite set of RDF triples where
each triple is a proposition in the form of (v,, e;, v,) with
Vu, Vo € V, where v, is the Subject (i.e., source entity) and v,
is the Object(i.e., target entity); and e; € E is the Predicate
(i.e., edge label).

In our analysis, the set of entities V mainly consists of the
concepts (i.e., classes) of KG, and can also include individual
objects (i.e., instances of concepts). Edge labels correspond
to the semantic relationships between concepts and individual
objects. These labels include the subsumption relationship
rdfs:subclassOf, and rdf : type relationships. For a
given entity v;, we are primarily interested in its direct and
inferred subclasses, and instances.

The KG has a class hierarchy consisting of all entities
linked via the subsumption relationship rdfs: subClassOf.
The set of entities V in the class hierarchy can be divided into
the following three types by using the subsumption relation-
ship rdfs:subclassOf (denoted as ) and following its
transitivity inference into:
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o Root entity (r) which is superclass for all entities in the
class hierarchy.

o Category entities (C C V) which are the set of all inner
entities (other than the root entity r) that have at least one
subclass and may also include some individual objects.

o Leafentities (L C V) which are the set of entities (other
than the root entity ), that have no subclasses, and may
have one or more individuals.

The set of edge labels E is divided further considering two
relationship categories:

e Hierarchical relationships: the set of subsumption rela-
tionships between Subject and Object entities in corre-
sponding triples.

o Domain-specific relationships: the relevant links in the
domain, other than hierarchical links, for example, in the
music domain, the instruments used in the same perfor-
mance are related.

Definition 2 (Level of Generality): An entity v € C UL
can be in one of three generality levels in the class hierarchy:

o Top-level: includes the set of category entities C € V
that are directly linked to root entity r via the subsump-
tion relationship rdfs:subclassOf.

e Middle-level: includes the set of category entities C C
V that are not directly linked to the root r via the
subsumption relationship rdfs:subclassOf.

e Bottom-level: includes set of leaf entities L C V.

Definition 3 (Entity Depth): The depth of an entity v €
C UL is the length of the shortest path from entity v
to root entity r in the class hierarchy via the subsumption
relationship rdfs:subclassOf.

Definition 4 (Exploration Direction): The direction of an
RDF statement (v;, e;, vit+1), where e; is the subsumption
relationship rdfs:subclassOf, and can be one of the three
directions:

o go-up: when the depth of Subject (v;) > the depth of the
Object (Vit1).

e go-down: if the entity depth of Subject (v;) < entity
depth of Object (vit1).

« stay: When the depths of Subject (v;) and Object (vi41)
are equal, both belong to the same superclass.

Definition 5 (Exploration Path): An exploration path P in
a KG = (V,E, T) is a sequence of finite set of RDF state-
ments in the form of:

P = ({(vi,e1,v2),{v2,€2,V3), ..., (Vn, e, Vut1)) Where:
vi € Vii=1,...n+1;¢ € E,j = 1,...n; v and
vn+1 are the first entity and the last entities of the exploration
path P, respectively; n is the length of the exploration path P;
(vi, e, vix1) is an RDF statement (triple), where each explo-
ration path P has n RDF statements.

In our analysis, the exploration path P is divided into three
phases based on the triples constructing the path:

o beginning of exploration: characteristics related to Sub-
ject vi, Predicate e; and Object v» of the first triple
(v1, e1, v2) of an exploration path.
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o end of exploration: characteristics related to the Sub-
ject vy,, Predicate e, and Object v,4 of the last triple
(Vi €n, Vnt1) of an exploration path.

o middle of exploration: characteristics related to the Sub-
ject, Predicate and Object of the triples between the first
triple (v1, e1, v2) and the last triple (v, e, Vi+1)-

IV. METHODOLOGY

A. APPROACH

Figure 1 shows the main steps of the proposed approach
for identifying exploration strategies over KGs to promote
knowledge utility and exploration experience.

Application
Context
KG

/ User Study \
Exploration Free Exploration
task design exploration paths

Approximate knowledge utility and
exploration experience of exploration paths

it Identify Exploration Strategies \\‘
I

} Identify path Analyze the effect of path }
} parameters to parameters on knowledge }
: characterize utility and exploration }
! exploration paths experience !
N /7

Strategies for

Hybridization of
exploration Strategies

H knowledge expansion

Strategies for

exploration experience

FIGURE 1. Structure of the proposed methodology.

The proposed approach comprises two main phases. In the
first phase, a semantic data browser in a musical instrument
domain called MusicPinta (described in subsection B) is
utilized to validate user exploration through an experimen-
tal user study with lay users (described in subsection C).
An exploration task is designed and presented to users. The
exploration task allows participants to explore entities within
an unfamiliar domain (e.g., Indian musical instruments),
while placing them in a familiar situation (e.g., prepar-
ing a presentation about an Indian Wind Instrument called
Bansuri). The participants are then asked to explore musi-
cal instruments freely using a semantic data browser. The
knowledge utility and exploration experience values of the
resultant exploration paths are approximated. In the second
phase (described in section V), exploration path parameters,
such as entity density and entity depth, are identified based
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on the structure of the KG. The effect of path parameters on
knowledge utility cognitive processes (e.g., remember, cate-
gorize) is examined in order to identify exploration strategies
to support knowledge expansion. Furthermore, The effect
path parameters on exploration experience subjective pro-
cesses (e.g., effort, frustration, performance) are examined to
identify exploration strategies to enhance users’ exploration
experience. Finally, hybridization of exploration strategies is
suggested.

B. APPLICATION CONTEXT

To validate user exploration, we utilize MusicPinta, a seman-
tic data browser in the musical instrument domain [21].
Semantic data browsers are the first generation of semantic
web applications that have emerged to support users while
exploring KGs [48]. Similar to traditional web browsers (e.g.,
Google Chrome!), which allow users to follow hyperlinks
while navigating through different webpages, semantic data
browsers allow users to explore entities by following typed
links expressed as RDF statements [49], [50], [51], [52]. They
operate on semantically tagged content and present brows-
ing links (edges) in the underpinning ontologies [21], [48],
supporting the exploration of laypersons with uncertain infor-
mation needs [53]. Semantic data browsers enable users to
initiate an exploration session from a single entry point in a
graph and move through different entities by following RDF
links [21].

MusicPinta provides a unifocal interface for exploring
information about musical instruments where exploration
is restricted to a single start point (i.e., entity) and uses a
resource at a time to navigate through the graph. At any time,
the user focuses on one entity (the focus entity) from where
links to other entities (candidate entities) can be chosen.
At every juncture, when exploring a focus entity, the user
must decide which candidate entities to choose for further
navigation (i.e., to navigate through musical instrument infor-
mation extracted from various linked datasets).

MusicPinta KG includes several sources, including DBpe-
dia,> for musical instruments and artists extracted using
SPARQL CONSTRUCT queries. The DBTune? dataset was
used for music-related structured data. Among the datasets on
DBTune.org we utilize: (i) Jamendo which is a large repos-
itory of Creative Commons licensed music; (ii) Megatune
is an independent music label; and (iii) MusicBrainz is a
community-maintained open source encyclopedia of music
information. The dataset coming from DBTune.org (such
as MusicBrainz, Jamendo and Megatunes) already contains
the “‘sameAs” links between them for linking same enti-
ties. We utilize the ““sameAs” links provided by DBpedia to
link MusicBrainz and DBpedia datasets. Thus, DBpedia was
linked to the remaining datasets from DBtune.org, enabling
exploration via rich interconnected datasets. The MusicPinta

! https://www.google.com/chrome/index.html
2http://dbpedia.org/About
3 http://dbtune.org/
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dataset is available as an open source at the sourceforge.*
All datasets in MusicPinta are available as RDF statements,
and Music ontology” is the ontology used as the schema to
interlink them. Overall, the dataset has 2.4M entities and 19M
triple statements, taking 2GB of physical space, including
876 musical instrument entities, 71k (performances, albums,
records, tracks), and 188k music artists. Table 1 lists main
characteristics of MusicPinta dataset.

TABLE 1. Main characteristics of the musicpinta dataset.

Class Depth of class  No. of No. of DBpedia No. of musical

hierarchy hierarchy  classes categories performance
String 7 151 255 348
Wind 7 108 161 1539
Percussion 5 82 182 127
Electronic 1 16 7 11
Other 1 7 0 2
B Logout
MusicPint: .
Home Semantic Search Contribute Help
Semantic Search
Enter a musical instrument that you wish to
search for:
Violin
Go |
Copyright © University of Leeds | About Dicode | Contact Us Cﬂ;&i ﬁ:‘ DBTune.org

FIGURE 2. Semantic search interface in MusicPinta where a user inserts a
name of a musical instrument (e.g., the entity Violin).

The MusicPinta KG includes five class hierarchies.
Each class hierarchy has a number of classes linked
via the subsumption relationship rdfs:subClassOf
(e.g., 151 classes in the String Instrument class hierarchy).
DBpedia categories are linked to classes in a hierarchy
via dcterms:subject relationship, and classes are linked via
the domain-specific relationship MusicOntology:
instrument to musical performance. The depth of each
class hierarchy is the maximum depth value for the enti-
ties in that class hierarchy. The underpinned music ontol-
ogy provided sufficient class hierarchy for experimentation.
For instance, the class hierarchies for String and Wind
musical instruments have a depth of seven, which is con-
sidered ideal for analyzing user exploration patterns. The
MusicPinta dataset provides an adequate setup for experi-
mentation because it is fairly large and diverse, yet man-
ageable. Figures 2-5 show examples of the user interface of
MusicPinta.

4http://sourceforgeAnet/p/pintalcode/S8/tree/
3 http://musicontology.com/
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. Logout
MusicPinta b i

Social . Semantic . Music #dicode

Home Semantic Search Confribute Help
Home > Semantic Search > Violin

Violin

Description Features Relevant Information Reviews Link History
Description is extracted from Wikipedia when available

The violin is a string instrument, usually with four strings tuned in perfect fifths. It
> is the smallest, highest-pitched member of the violin family of string instruments,
1 which also includes the viola, cello, and double bass. The violin is sometimes

e )

FIGURE 3. The description page of the entity ‘Violin’ in MusicPinta,
extracted from DBpedia using CONSTRUCT queries.

informally called a fiddle, regardless of the type of music played on it. The word
violin comes from the Medieval Latin word vitula, meaning stringed instrument;
this word is also believed to ba the source of the Germanic “fiddle”

> . Logout
2 s dicode
Home Semantic Search Contribute Help
Home > Semantic Search > Vialin
Violin
Description Features Relevant Information Reviews Link History
Violin is:

Instrument

Violin belongs to:

|Bowed string_instruments | Carnatic music instruments Composers for violin| | Continuous pitch

instruments Instrument | String_instruments Violins

FIGURE 4. Semantic Links (i.e., predicates) related to the entity ‘Violin
are presented in Features Information. It includes the semantic
relationships rdf:type (e.g. Violin is an instrument), and semantic
relationships rdfs:subclassOf (e.g., Violin is subclass of string
instruments) and dcterms:subject to link an entity to its DBpedia category
(e.g., Violin belongs to category Carnatic music instruments).

. Logout
MusicPinta =
Social . Semantic . Music 2 d1tnde
Home Semantic Search Contribute Help
Home > Semantic Search > Violin
Violin

Description Features Relevant Information Reviews Link History

The following share features with Violin:

Alto_violin Electric _violin Eiddle Hardingfele Kemenche Soprano_violin Treble

viglin| ' Vielle |Violotta

FIGURE 5. Semantic Links (i.e., predicates) related to the entity ‘Violin”
presented in Relevant Information, which include the semantic
relationship rdfs:subclassOf (e.g. Violotta is a subClassOf Violin).

C. USER STUDY

We conducted a task-driven experimental user study with lay
users (i.e., users who are not domain experts in the musical
instrument domain) to identify the exploration patterns that
support knowledge utility and exploration experience.

1) EXPLORATION TASK DESIGN

An important step in evaluating user exploration is the design
of an appropriate exploration task [54]. According to [40],
tasks that involve user exploration are classified as either
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investigative or learning-oriented, setting them apart from
regular search-based tasks. Additionally, a typical exploration
task must have certain characteristics. It should be broad in
scope, not having any specific information needs in mind,
and it should represent real-life tasks that occur in familiar
situations. Also, the task should be discovery-oriented, ven-
turing beyond users’ current knowledge. Furthermore, the
task must be open-ended, requiring a significant amount of
exploration due to uncertainty or incomplete information.
Lastly, the task should be set in an unfamiliar domain for
the user [38], [54], [55]. A two-step approach (similar to the
approach in [54]) was used to design the exploration task for
study participants.

a: FIRST STEP

Design a task template that allows participants to explore
entities within the unfamiliar topic, while placing them in
a familiar situation. For instance, a scholar who intends to
write an article about a new research topic. The task should be
generic and encourage non-experts to seek knowledge in an
unfamiliar domain. To achieve this, we propose designing a
task template based on a general knowledge quiz show, allow-
ing lay users to acquire as much information as possible. This
will help to create a comfortable environment for participants
to explore the topic and increase their knowledge. Inspired by
the task templates in [54], we designed a task template to suit
the musical instrument domain, as shown in Table 2.

TABLE 2. Task template used in the experimental user study.

Task template

“Imagine that you are a member of a team which will take part in a
general knowledge quiz show. You have been asked to explore a
musical instrument for 20 minutes to prepare a short presentation to
describe to your team what you have learned about this instrument”.

b: SECOND STEP

Identify unfamiliar candidate entities (e.g., find new research
topics for a scholar) in a specific domain and incorpo-
rate the identified entities into the task template designed
in step 1 above. For this, we conducted a questionnaire
with lay users to identify unfamiliar entities in the String
Instrument and Wind Instrument class hierarchies
in the MusicPinta KG. These two class hierarchies were
chosen because they have the richest class representation
in terms of number of classes and class hierarchy depth
(see Table 1). Furthermore, these two class hierarchies have
the highest number of concepts (i.e., basic-level concepts)
that are likely to be familiar to lay users [56]. There are
nine basic concepts in the String Instrument class
hierarchy (e.g., Bouzouki, Guitar, and Violin) and
ten basic concepts in the Wind Instrument class hierar-
chy (e.g., Accordion, Flute, and Recorder) out of
24 anchors in the MusicPinta KG) [23]. We identified class
entities belonging to the lowest quartile of the class hierarchy
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by selecting those at a depth of six or seven in two class hier-
archies. The depth of both hierarchies was seven, as shown in
Table 1. This idea is rooted in previous research in cognitive
science that recognized the lack of familiarity of non-expert
users with certain objects within a given domain [57]. A total
of 61 class entities from the String Instrument and
Wind Instrument class hierarchies were used in the
questionnaire. We randomly assigned selected classes to
12 non-expert participants who had limited knowledge of
musical instruments. These individuals may have encoun-
tered the instruments before, but none of them had any
experience playing musical instruments. A 4-point Likert
scale was used. Participants were asked to indicate their level
of familiarity with the musical instruments by choosing one
of the following options: (i) High (you have good knowl-
edge and have played on the instrument); (ii) Medium (you
have some knowledge and have listened to the instrument);
(iii) Low (you have limited knowledge and have seen the
instrument); (iv) None of the above. The questionnaire results
showed that the most unfamiliar musical instruments from
each class hierarchy were Bansuri (class hierarchy: Wind
Instrument, origin: Indian) and Biwa (class hierarchy:
String Instrument, origin: Japanese).

2) EXPERIMENTAL SETUP

a: PARTICIPANTS

32 participants were recruited voluntarily (compensation of
£5 Amazon vouchers was offered to each participant. The
number of participants in the current study is close to similar
studies such as [3], [58], and [59]. The participants included
24 university students and eight professionals.® The partici-
pants’ ages varied between 18 and 45 years (mean age is 30),
and their cultural background (9 British, 3 Greek, 1 Austrian,
1 Chinese, 1 Italian, 5 Jordanian, 1 Libyan, 2 Malaysian,
6 Nigerian, 1 Polish, 1 Romanian and 1 Saudi). Furthermore,
none of the participants was an expert in the music domain or
had played musical instruments.

b: METHOD

We conducted four online surveys;’ participants were ran-
domly allocated to the online surveys; each survey had
eight participants, and each participant was allocated one
survey. Each participant freely explored one musical instru-
ment (Biwa or Bansuri). The participants were directed to
explore the same information during their exploration (i.e.,
participants explored ‘Description,” ‘Features’ and ‘Relevant
information’ of musical instruments — See figures 3 to 5).
Each participant session was conducted separately and was
observed by the authors. All participants were asked to pro-
vide feedback before, during, and after the interaction with
the MusicPinta semantic data browser.

o Task presentation [1 min]: introduce the data explo-
ration task to users at the outset of their exploration

6 Academics and private Sector employees (Banking and Airlines).
TThe study was conducted with Qualtrics (www.qualtrics.com).
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sessions. For instance, the task template for exploring
the Bansuri musical instrument could be: “Imagine that
you are a member of a team that participates in a general
knowledge quiz show. You have been asked to explore
a musical instrument called Bansuri for 20 minutes to
prepare a short presentation describing what you have
learned about this instrument to your team.

e Pre-study questionnaire [2 min]: collect information
about the participants’ profiles and their familiarity
with the music domain, focusing on the two musi-
cal instrument class hierarchies that will be explored:
String Instrument and Wind Instrument. The partici-
pants’ familiarity with the two class hierarchies varied
from low to medium (63% and 78% for low familiar-
ity with the String Instrument and Wind Instrument,
respectively).

o Free exploration [20 min]: each user explores an unfa-
miliar instrument (Biwa or Bansuri). Each user was
asked to explore five different entities. The number of
entities explored is based on Miller’s Law [60], which
states that the number of objects that an average human
can hold in working memory is 7 &+ 2. We identified the
knowledge utility and user exploration experience using
user feedback on a modified version of the NASA-TLX
questionnaire [61].

c: APPROXIMATING KNOWLEDGE UTILITY

Because schema activation [62] is used to assess a user’s
knowledge of a target concept X in the domain, the user is
asked to name concepts that belong to and/or are similar to X.
A schema activation tests conducted before and after explo-
ration using three questions adapted from the well-known
taxonomy by Bloom [63]. The Bloom taxonomy links human
knowledge to six cognitive processes: remember, understand,
apply, analyze, evaluate, and create. The cognitive processes:
remember and understand are directly related to browsing
and exploration activities. The process remember is retrieving
relevant knowledge from long-term memory and includes
recognition (locating knowledge) and recall (retrieving it
from memory) [63]. Process understand concerns construct-
ing meaning; the most relevant to our context is categorize
(determining entity membership) and compare (detecting
similarities) [63]. Accordingly, the following three questions
were asked.

o Remember: What comes in your mind when you hear the
word X7?.

o Categorize: what categories does X belong to?.

o Compare: what concepts are similar to X?.

The number of accurate concepts named (e.g., naming
an entity with its exact name or with a parent or member
of the entity) by the user before and after exploration is
counted, and the difference indicates the knowledge utility
of the exploration. For example, if a user could correctly
name One category (i.e., superclass), the musical instrument
Bansuri belongs to (Q2) before an exploration, and then the
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user can correctly name Three categories to which the musical
instrument Bansuri belongs after the exploration, then the
effect of the exploration on the cognitive process categorize
is indicated as 2 (i.e., as a result of the exploration, the user
learned two new categories to which the musical instrument
Bansuri belongs). If the user named only one instrument after
the exploration, the user knowledge did not increase and
the knowledge utility was counted as zero. Table 3 lists the
statistics for three cognitive processes: remember, categorize,
and compare.

TABLE 3. Statistics of knowledge utility cognitive processes in
exploration paths in the task driven user study.

Cognitive Mean Median  ST-DEV Max Min
process

Remember 2.13 2 1.01 4 0

Categorize 1.43 1 0.67 3 0
Compare 1.09 1 1.48 7 0

d: APPROXIMATING EXPLORATION EXPERIENCE
After each exploration, participants’ feedback on the explo-
ration experience, based on a modified version of the
NASA-TLX questionnaire [60], was collected. The following
six questions were presented to users to gather feedback on
the user exploration experience, adapted from NASA-TLX:
o Knowledge Expansion (KE): how much the exploration
expanded your knowledge?
o Content Diversity (CD): how diverse was the content
you have explored?
o Mental Demand (MD): how mentally demanding was
this exploration?
o Effort (EF): how hard did you have to work in this
exploration?
o Frustration (FR): how discouraged, irritated, stressed
and annoyed you were in this exploration?
o Performance (PE): How successful do you think you
were in this exploration?
Table 4 lists values of the subjective processes adapted
from NASA-TLX for each exploration path followed by the
participants.

TABLE 4. Values of Subjective Processes adapted from NASA-TLX in the
user study.

Subjective

Mean Median  ST-DEV Max Min
process
KE 4.72 5 2.02 9 1
CD 5.52 5 1.69 9 2
MD 3.28 3 2.29 8 0
EF 2.78 2 1.99 7 0
RF 1.66 1 2.19 9 0
PF 5.09 5 1.96 9 1

3) CHARACTERIZING EXPLORATION PATHS
We refer to the structure of a KG to identify the path param-
eters for characterizing exploration paths.
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a: LEVEL OF GENERALITY

Class entities in a class hierarchy belong to three levels of
generality: top-level, middle-level and bottom-level [64]
(Definition 2 in Preliminaries). For example, figure 6 illus-
trates entities at the three generality levels on an extract
from the String Instrument class hierarchy in the
MusicPinta KG. For instance, the String Instrument
(i.e.,theroot) and Plucked String Instrument (i.e.,
directly linked to rot) exist at the top-level of the class
hierarchy. The class entity Mandola is a leaf entity at the
bottom-level (i.e., Mandola has no subclasses). Finally, the
class entities Lute and Pipa are both middle-level entities.

b: DIRECTION OF EXPLORATION

Depth of the source entity v;(Subject entity) and the target
entity v;+1(Object) in a triple (v;, e;, vi+1) of an exploration
path P where ¢; = rdfs:subClassOf, are used to
determine the direction of exploration (Definition 4 in Pre-
liminaries). Accordingly, three exploration directions were
used to describe the direction of the triples constructing
an exploration path: go-up, go-down, and s tay. For exam-
ple, when a user in figure 6 travels from a subject entity
Plucked String Instrument attop-level(depth=1)
to explore the object entity Moon Lute at the middle level
(depth = 3), the direction of exploration is go-down.

String
Instrument
Top level
Plucked
String
Instrument goUp
goDow
" Lut
ute
(KA) goUp
Middle level Bouzouki
Moon lute Pipa Tambura
Zhongruan -~ Dan ty ba H Mandola Tamburitza Balalaika

Bottom level
stay

FIGURE 6. Extract from the String instrument class hierarchy in
MusicPinta KG.

¢: DENSITY

A scoping user study in [22] showed that exploring paths
with dense entities is interesting and informative for users.
We used the most common centrality algorithm, Degree
Centrality, which considers importance based on the num-
ber of direct connections [65]. The subsumption relationship
rdfs:subClassOf is used to measure the degree cen-
trality of class entities in the class hierarchy. In particular,
the degree centrality of a node is the sum of its subclasses
and super-classes. The average density of entities in an
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exploration path can be categorized as high-density (> mean
average) or low-density (< mean average).

d: KNOWLEDGE ANCHORS

Knowledge anchors (KA) represent highly inclusive and
familiar entities at the basic level of abstraction in a human
cognitive structure, from where links to new entities can be
made to facilitate knowledge expansion. Our work in [23] has
developed algorithms for identifying knowledge anchors in
the MusicPinta KG.

e: DEAD-END ENTITIES

The construction of the MusicPinta KG included DCT sub-
jects that had no connections to other entities in the KG. Users
who explored dead-end entities had no choice but to proceed
with their exploration and returned to the previous entity to
choose another entity to explore.

V. RESULTS AND DISCUSSION

In this section, we describe how the exploration paths fol-
lowed by the participants in the user study were analyzed to
identify two groups of exploration strategies: (i) exploration
strategies aimed at expanding users’ domain knowledge, and
(i1) exploration strategies aimed at providing the user with a
positive exploration experience.

TABLE 5. Statistically significant differences of cognitive processes
(Mann-Whitney, 1-tail) of two groups of exploration paths based on the
mean values of path parameters in Table 3: exploration paths with path
parameter values less than mean value; AND EXPLORATION paths with
path parameter values greater than or equal the mean).

Path Remember Categorize Compare
parameter P-value P-value P-value
top-level <0.01(Pos) <0.0001(Pos) 0.20
middle-level 0.02(Pos) 0.30 0.24
bottom-level 0.01(Neg) 0.053 0.37
go-up 0.12 0.43 0.49
go-down 0.08 0.045(Pos) 0.44
stay 0.45 0.14 0.09
density 0.01(Pos) <0.0001(Pos)  0.13
KA 0.06 0.13 0.48
dead-end 0.24 0.02 (Neg) 0.23

A. EXPLORATION STRATEGIES FOR KNOWLEDGE
EXPANSION

To identify exploration strategies for knowledge expansion,
we are examining the impact of path parameters on three
cognitive processes of knowledge utility: remember, catego-
rize, and compare. Analyzing the effects of path parameters
with a positive impact will aid in identifying exploration
strategies likely to enhance the user’s domain knowledge.
Conversely, investigating the effects of path parameters that
negatively impact cognitive processes will help pinpoint
exploration strategies that are likely to minimize the acquisi-
tion of new knowledge. Table 5 illustrates the effects of path
parameters on the three cognitive processes of knowledge
utility.
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1) EXPLORATION STRATEGIES TO SUPPORT THE
REMEMBER COGNITIVE PROCESS

a: PATH PARAMETERS WITH A POSITIVE EFFECT ON THE
REMEMBER COGNITIVE PROCESS

The results in Table 5 indicate a positive effect on the
“remember”’ cognitive process for three path parameters:
top-level, middle-level, and density. To further examine the
effect of path parameters on the remember cognitive process,
we observed the patterns of path parameters on two groups of
exploration paths: (i) exploration paths with high remember
values (> the mean value in Table 3) to identify exploration
strategies to support the remember cognitive process; and
(ii) exploration paths with low remember values (i.e., < the
mean value in Table 3) to identify exploration strategies
with negative impact on the remember cognitive process
(i.e., exploration strategies that have to be avoided).

b: EFFECT OF EXPLORING TOP-LEVEL ENTITIES

The exploration patterns presented in figure 7 display the
ratios of top-level entities to entities constructing exploration
paths with high and low remember values. The figure shows
that users did not explore top-level entities in v1 (i.e., users
started their exploration from bottom-level entities in the
class hierarchy) nor v3 and v6 (i.e., users explored entities at
the bottom-level or middle-level in the class hierarchy). The
findings indicated that exploring top-level entities at the start
and end of an exploration path facilitates remembering new
entities. Conversely, exploring top-level entities in the middle
of exploration, such as the high ratios of top-level entities in
entities v4 and v5, had a lower remembering utility.

0.3
0.25
0.2
0.15

0.1

Ratio of top-level entities

0.05

vl v2 v3 v4 v5 v6 v7

m High Remember  ® Low Remember

FIGURE 7. Ratio of top-level entities of exploration paths with high and
low remember values.

Spearman’s correlation analysis indicated a strong posi-
tive correlation between top-level entities and the average
density (r = 0.81, p = 0). Consequently, we observed pat-
terns in the average density of top-level entities, as shown in
figure 8. The outcomes revealed that users could recall more
knowledge when they explored top-level entities with a high
density, especially at the start of the exploration path. For
instance, when lay users explore a new subject area, they may
encounter many options in the KG. To make sense of this,
users may begin by exploring the most general, top-level enti-
ties (such as overarching topics or themes) at the beginning
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FIGURE 8. Average density of top-level entities for paths with high and
low remember values.

of the exploration process. This provides a high-level under-
standing of the subject area before delving into more specific
details. However, if lay users begin exploring top-level enti-
ties in the middle of the process (such as diving into specific
topics before grasping the bigger picture), they may struggle
to retain new knowledge. The average density in v1, v3, and
v7 was zero because the participants did not visit the top-level
entities (see figure 7).

¢: EFFECT OF EXPLORING MIDDLE-LEVEL ENTITIES
According to figure 9, users who began their exploration by
visiting entities at the middle-level in the class hierarchy had
lower remember values than those who started with top-level
entities (as shown in figure 7). However, the outcomes pre-
sented in figure 9 indicate that visiting middle-level entities
in the middle of the exploration period has a beneficial impact
on remembering new knowledge. This suggests that starting
with a higher level and gradually drilling to lower levels
may be a useful strategy for remembering new knowledge.
That is, if users started at a top-level entity and drilled into a
middle-level entity, they are more likely to remember infor-
mation about the middle-level entity than if they started at the
middle-level entity directly.

0.7
0.6
0.5
0.4
0.3
0.2

Ratio of middle-level entities

0.1

vl v2 v3 v4 v5 v6 v7

® High Remember ™ Low Remember

FIGURE 9. Ratio of middle-level entities for paths with high and low
remember values.

d: EFFECT OF DENSITY
Figure 10 illustrates that initiating exploration with dense
entities enhances the retention of remembering new
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FIGURE 10. Average density of exploration path entities with high and
low remember values.

knowledge, whereas exploring dense entities during the
middle stage of exploration hinders the cognitive process
of remembering. Exploring dense entities at the beginning
of exploration can support remembering new knowledge
because it allows the learner to build a foundation of knowl-
edge that makes it easier to understand subconcept concepts
later. By visiting less dense concepts, the learner can then
develop a basic understanding of the subject matter and
establish connections between new information and prior
knowledge. This can help to create a cognitive structure that
makes it easier to remember and retain new information.
Furthermore, these findings are compatible with previous
observations (figures 7-9), which indicate that users who
explore high-density top-level entities recall more concepts
than those who start with middle-level entities. Overall, these
strategies suggest that learners should focus on building a
foundation of knowledge by exploring dense entities at the
beginning of exploration, then move on to less dense concepts
and avoid dense entities during middle of exploration.

e: PATH PARAMETERS WITH A NEGATIVE EFFECT ON THE
REMEMBER COGNITIVE PROCESS

According to the results in Table 5, exploring bottom-level
entities negatively affects the remember cognitive pro-
cess. Exploration patterns in figure 11 show that exploring
bottom-level entities (i.e., leaf entities with no subclasses) has
a detrimental impact on the remember cognitive process. The
negative effect on the remember cognitive process associated
with exploring bottom-level entities can be explained by the
fact that our brains tend to remember information better when
presented in a structured, hierarchical manner. When we
explore bottom-level entities without first understanding the
broader context or abstract concepts, we are likely to forget
the information we learned, as they are not anchored to famil-
iar and abstract concepts at a higher level, because our brains
tend to remember information better when it is presented
in a structured, hierarchical way. Furthermore, the patterns
in figure 11 shows that all users went from bottom-level in
vl to explore middle-level or top-level entities in the class
hierarchy in v2. This shows that lay users prefer to explore
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more generic terms at the beginning of their exploration rather
than staying at the bottom-level.

1.2

0.8
0.6

0.4

0.2 I
0

vl v2 v3 va v5 v6 v7
m High Remember M Low Remember

Ratio of bottom-level entities

FIGURE 11. Ratio of bottom-level entities for paths with high and low
remember values.

f: EXPLORATION STRATEGIES TO SUPPORT REMEMBERING
NEW KNOWLEDGE

Based on the exploration patterns mentioned above, the
following exploration strategies can be inferred for path
parameters:

Exploring top-level entities:

« Start the exploration path by exploring top-level entities.
When exploring a new subject area, it is recommended
to start an exploration path by exploring the most general
top-level entities at the beginning of the exploration
process. This provides a high-level understanding of the
subject area before delving into more specific details.

« Explore the top-level entities at the end of the explo-
ration path. Hence, users can see more useful entities and
links that help them establish meaningful links that can
aid in the remember cognitive process.

« Avoid exploring top-level entities in the middle of the
exploration path. Exploring top-level entities in the mid-
dle of exploration, such as diving into specific topics
before getting a grasp of the bigger picture, may lower
remembering utility. Therefore, it is recommended to
avoid exploring top-level entities in the middle of the
process and instead focus on specific topics after estab-
lishing a high-level understanding of the subject area.

Exploring middle-level entities:

o Itis recommended that middle-level entities be explored
in the middle of the exploration path. However, explor-
ing middle-level entities at the beginning of exploration
is not recommended. According to figure 9, starting
at the top-level and gradually drilling to the lower
levels may be a useful strategy for remembering new
knowledge. Therefore, it is recommended to start with
top-level entities and then drill down to middle-level
entities before exploring the specific topics.

Exploring bottom-level entities:

« Avoid exploring bottom-level entities through the explo-

ration path, particularly laypersons. However, if users
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(especially domain experts) want to explore bottom-
level entities, they should first grasp a good understand-
ing of the domain by exploring dense entities at a more
abstract level (e.g., users at v2 in figure 11 do not explore
the bottom level). In acc cases, the users avoid the bot-
tom level at the end of the exploration path.

Average density:

« Initiate exploration with high-density entities at the
top-level of the class hierarchy. This can enhance the
retention of new information because it helps build a
foundation of knowledge that makes it easier to under-
stand sub-concepts later, especially for learners who are
new to the domain and want to establish a basic under-
standing before delving deeper into a class hierarchy.

« Explore less-dense concepts after building a foundation.
Once the learner has built a foundation for knowledge
by exploring dense entities, they can move on to less
dense concepts. This can help to establish connections
between new information and prior knowledge, which
can aid in creating a cognitive structure that makes it
easier to remember and retain new information.

o Explore dense entities at the end of the exploration
so that users can have a better understanding of the
domain and remember more things by creating useful
links between entities.

The overall characteristics of the exploration strategies
to support the remember cognitive process are summarized
in Table 6.

TABLE 6. summary of characteristics of exploration strategies to support
the remember cognitive process.

Path Beginning of Middle of End of
parameter exploration path exploration path exploration path

top-level v - v
middle-level - v -
bottom-level - - -
go-up \ - -
go-down - v _
stay -

high density v - v
low density Vv

KA - - -
dead-end -

2) EXPLORATION STRATEGIES TO SUPPORT THE
CATEGORIZE COGNITIVE PROCESS

a: PATH PARAMETERS WITH A POSITIVE EFFECT ON THE
CATEGORIZE COGNITIVE PROCESS

The results in Table 5 show that exploring top-level enti-
ties and density has a significant positive impact on the
cognitive process of categorization. Additionally, this study
revealed that moving down the class hierarchy aids the cate-
gorization of new knowledge in human cognitive structures.
To determine the exploration strategies that would facilitate
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the categorization process, this study analyzed the patterns of
path parameters in exploration paths with high categorization
values (to identify favorable strategies) and low categoriza-
tion values (to identify strategies to be avoided).

Effect of Exploring Top-Level Entities As depicted in
figure 12, exploring top-level entities via exploration paths
assists in categorizing new knowledge at higher rates com-
pared to exploring entities at other levels of generality in
the class hierarchy. The figure shows that exploring top-level
entities will always support categorizing new entities in
human cognitive structures, especially because top-level enti-
ties are abstract and familiar concepts (e.g., the concept of
a String Instrument) with many subclasses (e.g., a String
Instrument has 150 subclasses). Hence, users can categorize
concepts (e.g., the Guitar belongs to the String Instrument
category). Nevertheless, the study findings revealed that users
did not engage in the exploration of top-level entities in v3.
This indicates that individuals who explored top-level entities
in v2 proceeded to explore entities at the middle-level or
bottom-level of the class hierarchy.

vl v2 v3 v4 v5 v6 v7

W High Categorize

o Q
wn )

e
FS

o
N

Ratio of top-level entities
o
w

o
-

(=]

Low Categorize

FIGURE 12. Ratio of top-level entities for paths with high and low
categorize values.

Correlation analysis indicated a strong positive relation-
ship between the average density and top-level entities, with
a Spearman correlation coefficient of 0.81 and a p-value
of 0. Consequently, the average density of top-level entities in
figure 13 was examined in exploration paths with both high
and low categorized values. The findings revealed that the
top-level entities visited by users at the start of the exploration
had higher density values than those at other points in the
exploration path. For instance, in v2, four users explored top-
level entities, with three examining St ring Instrument
(the root entity with a density of 150), and one user explored
Plucked String Instrument (directly linked to the
root entity with a density of 84). Conversely, the density
of top-level entities in the middle of exploration was lower
than that at the start of exploration. For example, in v4,
five users explored top-level entities, with one examining
Wind Instrument (a root entity with a density of 108),
three exploring Woodwind (directly linked to the root Wind
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FIGURE 13. Average density of top-level entities for paths with high and
low categorize values.

Instrument entity with a density of 74), and one exploring
Plucked String Instrument.

Effect of Density: Figure 14 shows the impact of average
density on the cognitive process of categorization. The find-
ings indicate that dense entities facilitate their categorization,
particularly at the start and end of an exploration path. When
entities with high density are explored, users can establish
connections with many subclass entities at lower levels in
the class hierarchy. Furthermore, the exploration pattern in
figure 14 shows that with an increase in the average density
of entities along the exploration path, users can categorize
higher rates of concepts in their cognitive structures.

70

Average density

vl v2 v3 v4 v5 v6 v7
® High Categorize = Low Categorize

FIGURE 14. Average density of exploration path entities with high and
low categorize values.

Effect of Go-Down: The findings presented in figure 15
indicate that users who descended the class hierarchy were
better able to categorize new knowledge than those who did
not. This effect was found to be statistically significant at
v2, which refers to the point at which users transitioned
from exploring top-level entities (i.e., broad categories) to
examining middle-level entities (i.e., subcategories). Going
down in the class hierarchy can be a useful strategy for
exploring KGs because it allows users to focus their attention
on more specific concepts and relationships. By exploring
middle-level entities, users can gain a deeper understanding
of the underlying structure and organization of the KG. This
can help them categorize and make sense of new informa-
tion more effectively. This observation was significant at the
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FIGURE 15. Ratio of going down in exploration path entities with high
and low categorize values.

entity level when users went down from entity v2 (i.e., users
explored high-density entities (see figure 13) to entity v3 (i.e.,
users went down to explore entities below the top level — no
top-level entities at v3 in figure 13).

b: PATH PARAMETERS WITH A NEGATIVE EFFECT ON THE
CATEGORIZE COGNITIVE PROCESS

According to the results in Table 5, exploring dead-end
entities has been observed to negatively affect the cognitive
process of categorization. The results presented in figure 16
suggest that exploring dead-end entities negatively affects the
categorization of concepts within human cognitive structures.
Dead-end entities are those that do not have any connections
to other entities within the KG; therefore, exploring them
can be less productive in expanding domain knowledge of
users. Exploring dead-end entities may distract users from
identifying and categorizing the relevant entities within a KG.
Users who have explored higher rates of dead-end entities
had lower categorized values, especially towards the end
of the exploration path (e.g., users had low categorization
values when they explored dead-end entities in vertices v4
to v7). Nevertheless, the results in figure 16 show that some
participants who explored dead-end entities at the beginning
of the exploration were able to categorize entities, especially
at v2. Upon examining the characteristics of v2, we noticed

vl v2 v3 v4 v5 v6 v7

® High Categorize ® Low Categorize
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FIGURE 16. Ratio of exploring dead-end entities in exploration path
entities with high and low categorize values.
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that the average density of entities in v2 was relatively high
(see figure 14). Hence, although the users explored high rates
of dead-end entities in v2, exploring a few highly dense
entities is sufficient to support the categorization cognitive
process.

c: EXPLORATION STRATEGIES TO SUPPORT CATEGORIZING
NEW KNOWLEDGE
The above exploration patterns suggest the following explo-
ration strategies based on the path parameters:

Exploring top-level entities:

o Explore the top-level entities at the beginning of
the exploration path. The findings indicated that the
top-level entities visited by users at the start of explo-
ration had higher density values than those at other
points in the path.

o Consider the density values of the top-level entities.
Correlation analysis indicated a strong positive relation-
ship between average density and top-level entities. This
will help users to identify important entities and their
relationships.

Average density of entities:

o Start and end exploration paths with dense entities.
The findings indicate that dense entities facilitate their
categorization, particularly at the start and end of an
exploration path. Users can begin exploring the KG by
selecting a dense entity relevant to their area of interest.
Similarly, they can end their exploration by focusing on
dense entities to see more useful entities and links and to
establish meaningful links that can air the categorization
process.

o Explore high-density entities through an exploration
path. Exploring high-density entities can help users
establish connections with a large number of subclass
entities at lower levels in the class hierarchy.

« Increase the average density of entities along the explo-
ration path. Increasing the average density of entities
along the exploration path helps users to categorize
higher rates of concepts.

Go-down:

e Go-down from top-level entities to middle-level and
bottom-level entities. The findings revealed that indi-
viduals who explored top-level entities subsequently
proceeded to explore entities at the middle-level or bot-
tom level of the class hierarchy.

Dead ends:

o Avoid dead-end entities: The results suggest that
exploring dead-end entities can negatively affect the
categorization cognitive process within human cogni-
tive structures. Therefore, users should avoid exploring
dead-end entities as much as possible.

The overall characteristics of the exploration strategies
used to support the categorization of concepts in cognitive
processes are summarized in Table 7.
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TABLE 7. summary of characteristics of exploration strategies to support
the categorize cognitive process.

Path Beginning of Middle of End of
parameter exploration path exploration path exploration path

top-level v - v
middle-level - v -
bottom-level - - -
go-up Vv - -
go-down - v -
stay - -

high density Vv v v
low density v

KA - - -
dead-end -

3) EXPLORATION STRATEGIES TO SUPPORT KNOWLEDGE
EXPANSION

In this section, we identify exploration strategies that sup-
port remembering and categorizing concepts for knowledge
expansion.

Levels of generality in class hierarchy.

« Explore top-level entities at the beginning of the explo-
ration path to provide a high-level understanding of the
subject area before delving into more specific details.

o Explore middle-level entities in the middle of the explo-
ration path.

« Explore top-level entities at the end of the exploration
path to establish meaningful links that can aid in the
remember cognitive process.

« Consider the density values of the top-level entities to
identify important entities and their relationships, par-
ticularly at the beginning and end of the exploration
path.

« Avoid exploring bottom-level entities through the explo-
ration path, especially laypersons.

Direction of exploration

« Go-down from top-level entities to middle-level entities
in the middle of exploration. Then, we go-up towards the
top-level entities.

Density of entities.

« Initiate exploration with high-density entities at the
top-level of the class hierarchy to enhance the retention
of new information and build a foundation for knowl-
edge hierarchy.

« Explore entities with high or low densities in the mid-
dle of the exploration path. If low-density entities are
explored, the average density of entities along the explo-
ration path increases.

o Explore dense entities at the end of the exploration
to gain a better understanding of the domain and
remember more things by creating useful links between
entities.

Dead ends:
e Avoid dead-end entities along the exploration path.
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B. EXPLORATION STRATEGIES TO SUPPORT EXPLORATION
EXPERIENCE

To identify exploration strategies for supporting the explo-
ration experience, we examine the effect of path parameters
on the six subjective processes derived from Nasa-TLX:
knowledge expansion (KE), content diversity (CD), mental
demand (MD), effort (EF), frustration (FR) and performance
(PE). Examining the effect of path parameters with a posi-
tive impact will help identify exploration strategies that are
likely to provide users with pleasant and positive experience.
Whereas examining the effect of path parameters with a
negative impact will help identify exploration strategies that
are likely to minimize the exploration experience. Table 8
illustrates the effect of the path parameters on the six sub-
jective processes.

TABLE 8. Statistically significant differences of subjective processes
(Mann-Whitney, 1-tail) of two groups of exploration paths based on the
mean values of path parameters in Table 3: exploration paths with path
parameter values less than mean value; and exploration paths with path
parameter values greater than or equal the mean).

Path KE CD MD EF FR PE
parameter P value Pvalue Pvalue Pvalue Pvalue P value

top-level 025 0.18 0.12 0.46 0.46 0.11
middle-level 0.49  0.27 0.24 0.06 0.31 0.37
bottom-level 0.11  0.01(Neg) 0.02(Neg) 0.12 0.46 0.28
go-up 0.15 036 0.34 0.17 0.09 0.01(Pos)
go-down 042 047 0.22 0.34 0.38 0.19
stay 033 013 0.13 0.33 0.39 0.11
density 0.37  0.06 0.08 0.39 0.24 0.42
KA 0.39  0.03(Pos) 0.12 0.36 0.22 0.35
dead-end 042 017 0.14 0.30 0.39 0.13

The results in Table 8 show that the three subjective pro-
cesses were influenced by three parameters related to the
exploration paths. Specifically, KA has a favorable impact
on CD, whereas exploring bottom-level entities has an unfa-
vorable impact on CD. The exploration patterns depicted in
figure 17 illustrate that increasing KA has a positive effect on
CD throughout the exploration path. In other words, as users
encounter more instances of KA during exploration, they tend
to experience higher levels of content diversity. Moreover, the
effect of KA on CD became more pronounced when users
were exposed to higher rates of KA. This means that the pos-
itive impact of KA on CD is not constant; rather, it increases
as users encounter more instances of KA during exploration.
Furthermore, the patterns displayed in figure 18 demonstrate
that exploring bottom-level entities has a detrimental effect
on CD. As users explore more of these entities, they tend to
experience lower CD levels.

Mental demand (MD): The patterns presented in figure 19
demonstrate that when users visited leaf entities located at
the bottom of the class hierarchy, they required less effort
to perform the exploration task compared to exploring other
entities located in the middle or top levels of the class hier-
archy. This suggests that exploring lower levels of a class
hierarchy can be more efficient and less time-consuming for
users, particularly when they must quickly acquire specific
knowledge related to the domain. The results emphasize the

VOLUME 11, 2023

0.6

0.5

0.4

0.3

Ratio of KA

0.2

0.1

vl v2 v3 v4 v5 v6 v7
u High Content Diversity = Low Content Diversity

FIGURE 17. Ratio of exploring knowledge anchors through paths with

high and low contend diversity values.
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FIGURE 18. Ratio of exploring bottom-level entities through paths with
high and low contend diversity values.
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FIGURE 19. Ratio of exploring bottom-level entities through paths with
high and low mental demand values.

practical implications of the findings, particularly for domain
experts. Domain experts often need to explore class hierar-
chies to gain a deeper understanding of the domain and to
acquire new knowledge. Knowing that the bottom level of the
class hierarchy requires less effort to explore, domain experts
can focus their exploration efforts on these areas to obtain
the information they need quickly. This can save time and
improve the efficiency of the exploration process, ultimately
leading to better decision-making and problem-solving in the
domain. However, individuals are unfamiliar with class hier-
archy structures. Starting at the bottom level provides a more
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accessible entry point into the hierarchy and makes it easier
for individuals to navigate and explore different entities. This
can be particularly beneficial for individuals unfamiliar with
domain-specific concepts in the class hierarchy.
Performance (PE): The patterns displayed in figure 20
indicate that users initially increased their going-up pattern
during the early stages of exploration but decreased it during
the middle phase before increasing again towards the end.
Therefore, an effective exploration strategy to enhance task
performance would be to begin the exploration by ascending
to the top-level and subsequently alternate between upward
and downward movements towards the end of the exploration.

1.2

0.8
0.6
0.4
g Nl T
\ 1
2 v3 v4 v5 v6 v7

Ratio of go-up in class hierarchy

vl V.
W High Performance  m Low Performance

FIGURE 20. Ratio of going up through paths with high and low
performance values.

a: EXPLORATION STRATEGIES TO SUPPORT EXPLORATION
EXPERIENCE

The above exploration patterns suggest the following explo-
ration strategies based on the path parameters:

Levels of generality in class hierarchy

« Start the exploration path by exploring entities in the
bottom-level of the class hierarchy to decrease mental
demand (MD). The results demonstrated that exploring
the lower levels of the class hierarchy requires less effort
than exploring the other levels. Furthermore, starting
from the bottom-level can provide a more accessible
entry point into the class hierarchy for lay users, and
make it easier for them to navigate and explore different
entities. However, for domain experts, focusing on their
exploration efforts at the bottom-level can be an efficient
way to quickly obtain the information they need.

« Focus on exploring entities at the top and middle levels
in the class hierarchy to increase CD. By exploring
higher-level entities, users can gain a broader under-
standing of the subject matter they are exploring, which
can help them to identify new areas of interest and
diverse content.

Direction of exploration:

« Start by sending users to the top-level of the class hier-
archy to support the task performance. Sending users
toward more generic terms would allow them to obtain
a broad overview of the domain taxonomy. This can
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help them better understand the relationships between
different classes and how they are organized in the
hierarchy.

Exploring knowledge anchors (KA).

o Increasing the use of KA. These results suggest that
increasing the use of KA has a positive impact on con-
tent diversity (CD). Therefore, an exploration strategy
could prioritize the exploration of KA or entities that are
directly linked to KA.

« Go to areas in the KG with higher KA rates. The results
showed that the positive effect of KA on CD increased
as users were exposed to higher rates of KA. Therefore,
users can focus their exploration on areas with a higher
concentration of KA, such as the top-level and middle
levels in the class hierarchy.

« Use KA as a guide to explore related entities that are not
directly linked to KA. This strategy can help users dis-
cover new and diverse content while remaining within
the scope of their interests.

Overall characteristics of exploration strategies to support
exploration experience are summarized in Table 9.

TABLE 9. Summary of characteristics of exploration strategies to support
the categorize cognitive process.

Path Beginning of Middle of End of
parameter exploration path exploration path _exploration path
top-level v - v
middle-level v - v
bottom-level v v -
go-up - v -
go-down \ - -
stay - - -
high density v v -
low density - - -
KA v v v
dead-end - - -

C. HYBREDIZATION OF EXPLORATION STRATEGIES TO
SUPPORT KNOWLEDGE UTILITY AND EXPLORATION
EXPERIENCE
The exploration strategies used to support knowledge expan-
sion and exploration experience were analyzed to identify
common exploration strategies as follows.

Levels of generality in class hierarchy:

« Explore top-level and middle-level entities.

« Avoid exploring bottom-level entities through the explo-
ration process, especially laypersons.

« Consider the density values of the top-level entities to
identify important entities and their relationships.

Direction of exploration.

« Start the exploration at the top-level entities and then
navigate down to the middle-level entities for a more in-
depth exploration. Then, send users back to the top-level
entities.
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Exploring knowledge anchors (KA).

« Increasing the use of KA.

o Go to areas in the KG with higher KA rates, such as the
top-level and middle-level of the class hierarchy.

o Use KA as a guide. Because KA are familiar concepts,
users can use KA as a guide to explore related entities
that they are unfamiliar with.

Density of entities.

« Initiate exploration with high-density entities at the
top-level of the class hierarchy.

« Explore entities with high or low density in the middle
of exploration.

« Explore dense entities at the end of exploration.

Dead ends:

e Avoid dead-end entities along the exploration path.

D. GENERALITY AND LIMITATIONS

The suggested exploration strategies are generic and can be
applied individually or collectively across various domains
represented as KGs. This wide applicability opens a diverse
range of potential uses and applications. For example, explo-
ration strategies can help users navigate through unfamiliar
domains (e.g., drug industry) or partially familiar domains
(e.g., cultural heritage or news), enabling them to gain
insights and a deeper understanding of domain content. Fur-
thermore, exploration strategies can facilitate exploration
over large KGs where users may encounter overwhelm-
ing choices (e.g., health information, travel information and
career options). By adopting exploration strategies, users can
effectively explore a vast array of options, enabling them
to locate relevant and valuable information more efficiently.
In addition, the suggested strategies can be beneficial for
users seeking to explore educational content and discover
relevant resources and enhance their exploration experience.
This can be extended further with a diversification strategy
to suggest interesting concepts that are more likely to attract
people to engage in exploration, and hence learn more about
the domain.

However, there are limitations associated with the appli-
cation of the suggested exploration strategies. For examples,
the exploration strategies associated with levels of general-
ity in the class hierarchy can only be applied to KGs with
complex class hierarchies (i.e., class hierarchies with three
levels of generality: bottom, middle and top levels), and
cannot be applied to shallow class hierarchies (e.g., class
hierarchies of depth = 1 or 2). Furthermore, exploration
strategies that are based on the direction of exploration can
be applied over directed graphs with the subsumption rela-
tionship rdfs:subClassOf as the main hierarchical relationship
that links entities in the class hierarchy. Furthermore, the
suggested exploration strategies for enhancing the explo-
ration experience require pre-defined knowledge anchors
(i.e., familiar concepts in the domain), which can be difficult
to determine such generic concepts in specialized domains
where lay users are not familiar with the domain concept.
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VI. CONCLUSION

Knowledge graphs have become a valuable resource for
exploration applications in various domains. However, the
open-ended nature of exploratory search, combined with the
abundance of exploration options provided by semantic links,
can confuse and overwhelm users’ exploration experience.
Therefore, there is a need for appropriate exploration strate-
gies to facilitate users’ exploration of KGs. Previous attempts
to facilitate exploration have focused on providing visual or
textual interfaces; however, research in this area has since
expanded to include research from diverse fields. This study
aims to identify exploration strategies over KGs to support
knowledge utility (i.e., increase users’ domain knowledge)
and exploration experience (i.e., provide users with a positive
and pleasant feeling). To accomplish this goal, an experi-
mental user study was conducted, involving lay users in the
musical instrument domain, where they were presented with
an exploration task and then allowed to freely explore musical
instruments. Parameters related to exploration paths were
identified and used to analyze the exploration patterns that
users follow during their exploration. The key contribution
of this study is the identification of path parameters that
affect user exploration and the use of these parameters to
analyze explorations paths to suggest exploration strategies
over KGs to support knowledge utility and exploration expe-
rience. The outcome of this study contributes to the growing
body of research on KG exploration and provides valuable
insights into effective exploration strategies to support learn-
ing through search. The results of this study have practical
implications for the design of user interfaces and systems that
facilitate the exploration of KGs, particularly for users with
limited domain expertise.
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