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1.0 Introduction

Throughout the history of human intellectual develop-
ment, the universe of knowledge has been growing with
such accentuation and multi-dimensionality, that it has be-
come increasingly difficult to comprehend, analyse and rea-
son over any specific arena of knowledge activity, which we
term as a domain. Such an unswerving growth can be pri-
marily attributed to the various modes of formation and
growth of subjects (Ranganathan 1967; Ranganathan
1972; Satija et al. 2014). Therefore, there has always been a
dire need for systematic development, visualization and evo-
lution of domain knowledge. Several research streams have
analyzed the developmental and organizational intricacies
of domains from different vistas, including bibliographic
knowledge organization systems, semantic knowledge rep-
resentation paradigms like descriptive ontologies (Giun-

chiglia et al. 2006), cognition-based knowledge cartography
(Okada et al. 2014), domain analysis as in information sci-
ence (Hjerland and Albrechtsen 1995; Hjerland 2002) and
network-theory based information visualization (Spence
2014). Investigating and organizing domains has remained
the forte of GLAMs (galleries, libraries, archives and muse-
ums) ever since their inception. Especially speaking of li-
braries and their custodians, organizing knowledge re-
sources and providing access to them through a subtle com-
bination of knowledge organization tools has always been a
passion and a challenge. Bibliographic knowledge organiza-
tion systems (KOSs) mostly work in a mix-and-match fash-
ion—term lists (such as authority files, glossaries, etc.) en-
force standardized terminology with their definitions
within a domain, classification and categorization schemes
impose a hierarchical (broadly, taxonomic) backbone to the
key concepts within and between knowledge domains, rela-
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tionship lists (such as thesauri, classification ontologies,
etc.) facilitate the intra and inter semantic linkages between
those concepts in knowledge domains and cataloging codes
and metadata standards complete the cycle by providing ac-
cess to the knowledge resources (Joudrey et al. 2015). It is
clear that bibliographic KOSs are principally focused on
document description, indexing and retrieval. Knowledge
representation (KR ) formalisms, on the other hand, accords
an entity-centric formalization to knowledge domains, in
varying specificities (Giunchiglia et al. 2014). Descriptive
ontologies (Giunchiglia et al. 2006), in particular, exhibit
characteristic features such as explicit enumeration of se-
mantic linkages, shared conceptualization, reusability, real-
time computability, inferential and representational compe-
tence and logic-based constraint formalization of a domain.
Knowledge cartography— the academic discipline and ap-
plied study of different realizations of intellectual land-
scapes in a domain—has been for decades a major moving
force in effective depiction of knowledge. It boasts of a host
of powerful knowledge mapping and sensemaking tech-
niques like concept mapping, argument and evidence map-
ping, issue mapping and web mapping (Okada et al. 2014).
Its cognitive foundations facilitates in securing concrete
representations of abstract conceptualizations in a domain,
envisaging novel scenarios of visual planning, reasoning and
memory, and theorizing meaningful configurations for
mapping knowledge domains. Domain analysis is a trans-
disciplinary approach of singular importance in infor-
mation science, wherein knowledge domains are ideated as
“thought or discourse communities” (Hjerland and Al-
brechtsen 1995). It is noteworthy for its cooperative consid-
eration of perspectives such as knowledge organization
structures, synergy patterns, linguistic and communication
disposition, psychological proclivity, relevance criteria and
information needs, in interpreting knowledge domains. Its
embodiment of three diverse paradigms—social, function-
alist and philosophical-realistic—contributes to its transdis-
ciplinary anatomization of knowledge domains. Lastly, the
research arena of information visualization explores know-
ledge domains from the visual analytic perspective, being
rooted in diverse foundations such as digital sociology,
mathematical network theory, graph analytics, creative de-
sign and human computer interaction (Spence 2014). Con-
tributions to domain visualization from the information
science community chiefly involve statistical and visual met-
rics of the likes of link analysis and prediction, longitudinal
mapping and meta-modelling of knowledge. Further, com-
putational techniques like dimensionality scaling and re-
duction, cluster analysis and self-organizing maps are also
valued processes in mapping and analyzing knowledge do-
mains. Computing centrality, similarity, appropriate paths
and detecting communities imparts the algorithmic prow-
ess to domain information visualization.

It is true beyond doubt that each of the aforementioned
research streams, inclusive of their techniques, metrics and
intuition, are well informed to provide interpretation of
knowledge domains in their own distinctive manner. But,
each of them in singularity, are severely limited in modelling
knowledge with diversity and multi-dimensional scalability,
i.e., with high volume, velocity, variety, validity, veracity, vol-
atility and value. The present work attempts to address
some of these shortcomings by presenting, b initio, a step-
by-step conceptual domain development methodology us-
ing knowledge graphs, rooted in the rudiments of know-
ledge organization and knowledge cartography. It has the
following contributory objectives:

- the methodology accommodates unbridled scalability
(hence, large scale) in terms of diversity of knowledge re-
sources, especially when domains are becoming increas-
ingly intricate and facetized as a result of information ex-
plosion and big data

— it is knowledge intensive, i.c., it employs concepts and
procedures from research fields like knowledge organiza-
tion and knowledge representation, both of which aim
to inject semantics and contextuality in domain-based
knowledge processing systems, thus aiding in complex
querying and deep reasoning-inferencing

— to propose a transdisciplinary, step-by-step conceptual
methodology for domain development, encompassing
foundational cardinals from cognitive science, infor-
mation science, knowledge representation, database the-
ory and knowledge cartography

- to identify the various hotspots within the broad arenas
of knowledge organization and knowledge management,
where the proposed methodology can contribute the
most

— to briefly describe the appropriateness of the proposed
conceptual domain development methodology in expo-
sure to real, domain-focused literature and datasets

- to delineate the various lines of research in knowledge
based systems that emerge out of the proposed method-
ological analysis, and to provide impetus to research in
semantic knowledge management systems in general.

The remainder of the paper has been structured as follows:
Section 2.0 reviews the state of the art methodologies and
models revolving around domain knowledge organization
and domain development; Section 3.0 introduces the step-
by-step conceptual domain development methodology in
details, including motivational analysis of the design deci-
sions made at each step; Section 4.0 includes a brief case
study of the implementation of the methodology on real-
time business domain data and related literature; Section
5.0 illustrates the research ramifications, originality and the
limitation of the work; and, Section 6.0 concludes the paper
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by summarizing the observations of the entire work and par-
ticularizing the future research proposals.

2.0 State of the art

To date, there has been a considerable number of studies,
both foundational and applied in nature, examining the var-
ious concepts, techniques, methodologies and issues associ-
ated with domain knowledge organization systems and do-
main development, in general.

Firstly, let us consider some of the knowledge organiza-
tion systems available in the health domain. SNOMED-CT
(http://www.snomed.org/) is an all-inclusive controlled ter-
minology reference relating to clinical data. International
Classification of Diseases (ICD) (https://icd.who.int/en) is
a foundational global standard for diagnostic health infor-
mation management. The Diagnostic and Statistical Man-
ual of Mental Disorders (DSM) (https://www.psychia-
try.org/psychiatrists/practice/dsm) is an internationally rec-
ognized standard for structuring knowledge related to men-
tal health and psychiatry. The Medical Subject Heading
(MeSH)
(https://www.nlm.nih.gov/mesh/meshhome html) thesau-
rus is another such controlled vocabulary system focused on
biomedical and health knowledge management. In astron-
omy, the Three Kingdom System (https://www.isko.org/cy-
clo/3ks) attempts a coherent organization of the key con-
ceptual entities existing in the vast expanse of our universe.
The Mathematics Subject Classification (MSC), main-
tained by the American Mathematical Society, structures all
knowledge within the domain of mathematics through an
alphanumeric ordering scheme (https://zbmath.org/classi-
fication/). Similar knowledge organization schemes exist
for the physics domain (PhySH-Physics Subject Headings;
https://physh.aps.org), museum domain (Nomenclature
for Museum Cataloging; https://www.isko.org/cyclo/no-
menclature) and for economic and business activities (ISIC-
International Standard Industrial Classification). Similarly,
there are organizational schemes for other domains that
cannot be discussed in detail, due to restriction of the scope
of discussion.

Ontologies and ontology development methodologies
have also been key architectures in conceptualizing, formal-
izing and developing knowledge domains for semantics em-
bedded information systems. IDEFS ontology description
and capture method (Benjamin et al. 1994) remains one of
the first ontology development methodologies, wherein do-
main objects are uniquely identified by their distinct prop-
erties, and complex relationships between them are cap-
tured in alignment with human conceptualizations.
Uschold and King (1995) proposed a step-wise ontology de-
velopment approach having the following stages: purpose
identification, ontology building (including capture, codi-

fication and integration of existing ontologies), evaluation
and finally documentation of ontologies. The TOVE enter-
prise modelling approach proposed by Griininger and Fox
(1995) improvised upon its predecessors in domain devel-
opment by incorporating motivational scenarios, informal
and formal competency questions, and first-order logic
based axiom specification within its framework.
METHONTOLOGY by Ferndndez- Lépez, Gémez-Pérez
and Juristo (1997) metamorphoses the art of building on-
tologies from scratch into a well-ordered, systematic engi-
neering process, grounded in ontological life-cycle princi-
ples. Noy and McGuinness (2001) proposed Ontology De-
velopment 101 as a practical knowledge engineering meth-
odology especially geared for development of domain ontol-
ogies. Prieto- Diaz (2003) proposed an ontology develop-
ment model based on reusing faceted classification princi-
ples and the domain analytic paradigm from the field of li-
brary and information science. More recently, YAMO by
Dutta, Chatterjee and Madalli (2015) developed a method-
ology for constructing large scale faceted ontologies inspired
by canonical principles of S. R. Ranganathan’s analytico-
synthetic approach in library classification.

Knowledge cartography as a research area involved in
mapping domains from different perspectives is less heard
of but reserves its own importance. Okada, Shum and Sher-
borne (2014) interpret knowledge cartography as a specific
engineered form of information visualization, collabora-
tively and collectively spatializing an arena of knowledge ac-
tivity- domain(s)—which otherwise have no intrinsic spatial
expression. They further catalogue the different genres of
knowledge cartography such as mind mapping, concept
mapping, argument and evidence mapping, issue mapping,
web mapping and ontologies. Concept mapping, inclusive
of its theoretical foundations and software implementa-
tions, has been discussed at length in Canas and Novak
(2007). Zeiliger and Esnault (2009) elaborate on the net-
worked and gradational construction of formalized know-
ledge, using web mapping and validates it with an appropri-
ate case study. Selvin (2014) sheds light on some of the spe-
cial skills, concepts and frameworks required in construc-
tion of knowledge maps and for further collaborative anal-
ysis. The integrated mapping of data, metadata, interpreta-
tions and intellectual landscapes in a specific domain can
cohesively act as a supporting tool for concept analysis,
qualitative research and collaborative knowledge modelling
strategy (Sierhuis and Shum 2014; Vasconcellos 2014;
Basque et al. 2014). Skupin (2004) asserted that carto-
graphic representation can provide unique insights on
knowledge domain visualization. Plantié and Riccio (2010)
investigated the convergence of knowledge cartography and
social network representation. Concept maps have also
been applied as visual interfaces to digital libraries (Shen,
Richardson and Fox 2003). Even within the information re-
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trieval community, in the domain visualization arena,
knowledge maps have been generated and navigated
through to pursue required information needs (Shiffin and
Borner 2004; Chen 2003).

Knowledge graphs is the go-to solution for populating,
reasoning and visualizing knowledge domains in recent se-
mantic information systems. Ehrlinger and Wo£3 (2016) ex-
plored the various definitions of knowledge graphs, consol-
idating its various interpretations and common attributes.
The architecture of knowledge graphs has also been progres-
sively analysed through a DIKW hierarchy (DIKW: data-in-
formation-knowledge-wisdom; Duan et al. 2018). Qingjie
et al. (2014) focus on powerful domain knowledge graphs
generated by multi-source information fusion and multidi-
mensional relationships. Nickel et al. (2015) review rela-
tional machine learning in the context of knowledge graphs
and examine how statistical models can be trained on know-
ledge graphs to predict new facts about the representative
domain. Property graph data models have also been devel-
oped to streamline and facilitate the process of knowledge
management (Zhang 2017). Melo and Paulheim (2017)
propose an algorithmic approach to refine noisy and in-
complete knowledge graphs. There have also been proposals
of synchronous knowledge graphs, generated using unifica-
tion of heterogeneous IoT (internet of things) data sources
using linked data (Le-Phuoc et al. 2016). Grainger et al.
(2016) propose the semantic knowledge graph, capable of
traversing and ranking any relationship within a domain,
primarily with the help of an inverted index and a comple-
mentary un-inverted index. Singhal (2012), introducing the
very essence of the Google knowledge graph, adds that due
to its semantic enhancement functionality, it is able to un-
derstand and search for things, not strings. Chah (2018) at-
tempts to understand the underlying ontology behind
Google’s knowledge graph. Algorithmic frameworks and
techniques to mine meaningful insights from large scale
graphs has been elaborately discussed in Aridhi and Nguifo
(2016). Deshpande et al. (2013) discusses, in detail, the
building up, maintenance and usage of knowledge bases.
Bagchi (2019) conceptualized a knowledge architecture
grounded in the emerging technological paradigm of know-
ledge graphs. Finally, Krotzsch et al. (2018), in their land-
mark paper on attributed description logic, enriched de-
scription logic with a new kind of attribute-value pair
termed “annotations” that allowed to express constraints on
them—for achieving increased expressivity while reasoning
with knowledge graphs.

Domain analysis as a transdisciplinary paradigm to ana-
lyze knowledge domains and elicit insights (intuitive or em-
pirical) from such analysis has emerged as a key approach in
information science with a strong research backbone. Hjor-
land and Albrechtsen (1995) introduce domain analysis as a
novel approach in information science, situating the study

of “knowledge domains as thought or discourse communi-
ties.” It brings to fore the foundational perspective of infor-
mation science as a discipline, which is as social as it is intel-
lectual. It continues describing in-depth the various trans-
disciplinary facets in theorizing and understanding know-
ledge domains (Hjerland 2017). Hjerland (2002) intro-
duces eleven landmark approaches to domain analysis, rang-
ing from special classifications and discourse studies to arti-
ficial intelligence. Smiraglia (2015a, 2015b) ideates domain
analysis as a methodological conglomeration towards “iden-
tifying a specified knowledge base,” interprets it in terms of
ontology extraction and carries out an informetric analysis
to characterize its research vibrancy within knowledge or-
ganization and associated research streams.

3.0 Methodology: description and motivational
analysis

Figure 1 (see below) diagrammatically presents the pro-
posed conceptual domain development methodology using
knowledge graphs, rooted in the rudiments of knowledge
organization and knowledge cartography. The steps are
listed as follows:

1. Knowledge space

\S}

. Knowledge analysis (comprising mental models and
facet analysis)

. Knowledge manoeuvre (i.e., knowledge base formation)

. Ontology development

. Knowledge graph population

. Knowledge validation

. Reasoning-inferencing

0 N &\ N W

. Knowledge visualization (founded on knowledge cartog-
raphy cardinals)

9. Knowledge evolution

In what follows, each step of the conceptual methodology
is described in great detail, including motivational analysis
and illustrative examples as and when needed.

3.1 Step 1: knowledge space

This step of the methodology in part, and the next step
“knowledge analysis” are intuitively inspired by the concept
of idea plane as enunciated by S. R. Ranganathan in his theo-
retical basis of Colon Classification (Ranganathan 1967;
Ranganathan 1987), the analytico-synthetic classification
scheme he devised. The idea plane mandates rigorous think-
ing and fine-tuning in terms of decision making and design
choices. The essence remains that the quality of analysis done
at this plane determines the quality of the rest of the design
architecture. Following such a notion, the step prescribes fi-
nalizing two crucial determinants, which together constitute
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Figure 1. Domain

the knowledge space: fixing the interpretation of what is
meant by a domain and recommending the domain know-
ledge resources needed to be collected for future analysis.
Knowledge space, in the context of the methodology, is an
arena of knowledge activity that is also known as domain in
the parlance of formal sciences. The interpretation of the do-
main has been kept limited to that of an application arena
(like healthcare records management, consumer complaint
management within the larger business domain etc.) or those
relating to communities (such as pandemic containment,
earthquake response and recovery, etc.). The steps of the
methodology have been found unsuitable for very broad in-
terpretation of domains (such as considering a discipline like
chemical sciences or physical sciences to be a domain), and
such limitations will be addressed appropriately with reasons.
The domain knowledge resources to be aggregated for
the succeeding steps are apportioned into two different
streams, which work in sync and inform each other: namely,
domain specific literature and domain specific datasets.

development methodology.

— Domain literature should compulsorily include encyclo-
pedias and dictionaries since they provide prefatory
knowledge focused on the domain. They should also re-
fer to trend reports collated by institutions having au-
thority in the domain in order to gain insight about the
issues or topics trending in recent times.

— Domain specific datasets engineered out of real-life sce-
narios and projects are another form of valued domain
knowledge resources. The instances with values of their
characteristics (rows) and the attributes (columns), in
conjunction with domain literature, is carefully observed
so as to conceive an intuitive understanding of the do-
main.

3.2 Step 2: Knowledge analysis
As previously mentioned, the very conceptualization of this

step is based on the notion of idea plane, which fine-tunes
the overall quality of any methodology or system design.
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Knowledge analysis deals with an exhaustive, theoretical
identification and codification of the core conceptual un-
derpinnings of the domain as innately captured within the
domain knowledge resources in the previous step. The step,
in the context of the overall methodological framework, can
be construed as a sphere of discourse or a universe of study
deliberating over a set of entities, variables, attributes and
relationships, reined in by a set of common minimum con-
straints and scopic manoeuvres. Ingetraut Dahlberg, the pi-
oneering German information scientist and philosopher,
perceived knowledge as a shared commodity with a purpose,
which is neither raw nor unattached to human perception
(Dahlberg 2006). She further explicated the very essence of
the conceptual knowledge analysis in the following four
ways: knowledge units (essentially the concepts), knowledge
elements (reflective of the various characteristics of each
concept), larger knowledge units (aggregations of hierarchi-
cally lower concepts) and knowledge systems (formed by
planned and systematic cohesion of knowledge units). Pat-
rick Wilson, noted librarian and information scientist, had
amore broad conceptualization of knowledge analysis as co-
hesive of two concept spaces: descriptive, dealing with
knowledge representation and organization, and, exploita-
tive, pertaining to knowledge reasoning and discovery (Wil-
son 1968).

The uniqueness of this step lies in the fact that it is aided
by the novel dual of facet analysis (Broughton 2006; Vickery
1968) and mental models (Johnson-Laird 1983)—the two
respected paradigms from conceptual analysis and cognitive
mapping working in intuitive coherence The step also aids
in making a well informed distinction between essential and
non-essential attributes (specific to datasets in the know-
ledge space) to be considered for developing the upcoming
ontological schema. But before localizing their overarching
significance in our methodology, it is worthy to perform an-
other ancillary step, which can reveal a preliminary struc-
tural understanding of the knowledge space. A lightweight
exploratory data analysis (EDA) (Chatfield 1995) should be
carried out on the domain datasets in order to get a hold of
the dimensions they encompass, thus contributing towards
the much validated data-driven knowledge modelling. It is
also important to note that in case of very big datasets, the
methodology also recommends conducting a data wran-
gling exercise using standard procedures.

3.2.1 Mental models

The cognition inspired theory of mental models (Johnson-
Laird 1983) is being embraced for the first time ever by any
domain development methodology, or to speak more
broadly, by any semantic knowledge management architec-
ture. Being a key component of human cognitive apparatus,
mental models are defined as the cognitive ability of form-

ing mental representational networks from observing inter-
actions in a domain of discourse. They greatly aid in learn-
ing, developing and conceiving explanatory and predictive
knowledge by intuitive perception of a knowledge domain,
ultimately accentuating conceptual development and cog-
nitive reasoning-inferencing ( Vosniadou 1992; Vosniadou
2002). Scientific research in cognitive psychology and cog-
nitive neuroscience have shown encouraging endorsement
for practical employment of mental models (Kosslyn 1994).
The following characteristics attempts at a fuller under-
standing of the intricate theory of mental models:

— the theory provides ontological, epistemological and
metaconceptual awareness of the salient concept compo-
nents of the knowledge domain, while simultaneously
mediating revisions and constructions of changing con-
ceptualizations

- mental models performs the role of perceptual vehicles
through which implicit knowledge of a domain becomes
explicit, reigned in by prior beliefs and assumptions

- mental models exhibit autonomy and dynamism; con-
tribute in interpretation of information in perceptual in-
formation processing and fixing incoherency in the cog-
nitive knowledge base

- mental models uphold the commonalities amongst sev-
eral possible models of comprehension, and is rooted in
mental logic constructs such as counterexamples and ab-
duction (ability to formulate explanations)

The proposed methodology, in particular, utilizes the con-
ceptual tool of generative questions from the theory of men-
tal models (Vosniadou 2002). It adds to the theory, espe-
cially in the context of its application to domain develop-
ment, the innovation termed as whiteboard conceptual
model.

— Whiteboard conceptual modelling involves informal,
graphical domain modelling wherein key conceptual enti-
ties in a domain are drawn as labelled nodes, intercon-
nected through semantic relationships, and with both
nodes and relationships having attributes. The white-
board conceptual model follows as a direct consequence of
the mental model of the domain as conceptualized by the
domain expert, and requires as a prerequisite considerable
understanding of the knowledge space and its associated
preliminary EDA. Free and open source lexico-semantic
resources (http://compling.hss.ntu.edu.sg/omw/summx.
html) can also be consulted at this sub-step towards en-
riching the domain model.

- Generative questions (Vosniadou 2002) are utilized at
this stage of the methodology for its informing approach
towards improving the whiteboard conceptual model.
These questions are such that they are quite difficult to
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answer on the basis of known or stored background do-
main knowledge, but require genuine innovative cogni-
tion and solution approaches. In other terms, generative
questions are dependent on the dynamism of mental
models and cannot elicit readymade solutions. The gen-
erative questions formulated at this stage challenges the
existent mental model of the domain and improves it. It
is also important to note that generative questions are for
improving the conceptual development of the know-
ledge domain and not focused on evaluating the compe-
tency of the final knowledge artifact.

3.2.2 Facet analysis

Facet analysis is construed as one of the overarching theoret-
ical approaches in knowledge organization (Broughton
2006; Vickery 1960). Broadly speaking, it has its basis in the
principle of logical division (https://www.isko.org/cy-
clo/facet_analysis) aided by a unique train of characteristic
features, which groups together domain isolates (smallest
possible unit of domain knowledge) into domain facets
(which are conceptual generalizations of domain isolates)
each of which further belongs to one amongst an agreed
upon set of domain categories (fixing the order of these cat-
egories under which the domain facets are assigned should
depend on domains and the level of formalisation like light-
weight or highly formal). In our methodology, after the
whiteboard conceptual model is agreed upon after enrich-
ment through cycles of generative questions (the number of
cycles depends on domain appropriateness and necessity), a
facet analytic study is recommended. Depending on the do-
main specific conceptual analysis done till now, a certain set
of domain facets (classes of entities) are framed and their or-
dered sequence is determined (if needed). Any freely availa-
ble lexico-semantic resource (like, WordNet) can be con-
sulted at this stage for a better visualization of facets, hierar-
chies and for augmenting their standardization and sharea-
bility. The Whiteboard Conceptual Model, which is a com-
pletely intuitive semantic model, is standardized through
the means of these domain facets and re-drawn, thus giving
an intuitive network an informal character (informal, in the
sense of machine processable formalization). It is to be
noted that this sub-step of facet analysis is guided through-
out by the canonical principles of knowledge organization
as postulated by S. R. Ranganathan (it is to be noted that
these canonical principles are general in the context of
knowledge organization, and can be applied beyond the an-
alytico-synthetic paradigm).

3.3 Step 3: knowledge manoeuvre (knowledge base
formation)

The need for formalisation of the informal analysis of the
previous step into a formal knowledge base informs the pre-
sent step of the methodology—knowledge manoeuvre—
comprising two sub-steps, namely ontology development
and knowledge graph population. It is the first step in the
proposed domain development methodology that is de-
pendent on software components, and a non-negotiable
condition in this step is the use of free and open source soft-
ware tools. The recommended software platforms for engi-
neering the entire knowledge manoeuvre stage includes: ei-
ther open-source ontology editors or open-source NoSQL
graph databases, and the choice of the open source software
platforms must be grounded on the premise of information
interoperability (which implies that either of them can be
utilized towards creating the knowledge artifact required by
the end of this step, and it should be interoperable with the
other software platform). Leading open source ontology ed-
itors like Protégé (https://protege.stanford.edu/) and open
source graph databases like Neo4j Community Edition
(https://neo4j.com/licensing/) fulfill this requirement, be-
sides many other similar open source software platforms.

Ontology development: A formal, descriptive domain
ontology (Guarino et al. 2009) is developed at this sub-step
of knowledge manoeuvre out of the robust, informal do-
main model finalized during knowledge analysis. An open
source integrated ontology development environment (lo-
cal or cloud-based) or an open source graph database is
highly preferred for developing the ontological schema. Fol-
lowing the enriched whiteboard conceptual model in-
formed by generative questions and facet analysis, class hier-
archies, relationships, data-attributes and axiomatic con-
straints are created and formalized into an ontological
model of the domain. The choice of the level of formaliza-
tion of the ontological schema (whether lightweight or
highly formal) is left up to the expertise of the knowledge
engineer, which further depends on the target objectives
(like computational efficiency, rich visualization etc.) of the
entire domain development process.

Knowledge graph population: This stage of the know-
ledge manoeuvre step consolidates the formation of the
knowledge base through population of the ontological
schema developed in the previous sub-step with representa-
tive entries (meaning, instances representative of the classes
formalized). The requirement of software components is,
again, paramount in this sub-step. In case of the usage of on-
tology editors, there are two options of populating the
schema: i) population of the ontological schema manually,
one by one; and, ii) in case of big datasets with lot of in-
stances, plugins for ontology editors (Cellfie Plugin [https://
github.com/protegeproject/cellfie-plugin] for importing
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spreadsheet data, in case of Protégé) are available for doing
the task. In case of open source graph databases, their query-
cum-modelling language (like CYPHER for Neo4;j; https://
www.opencypher.org/) is sufficient for populating the on-
tological schema (graph databases can handle big data with
ease; for example, Neo4j can easily handle trillions of nodes
in a semantic relationship graph, and up to a quadrillion,
theoretically).

Itis also important to explain the reason behind anchoring
the design choices made in the knowledge manoeuvre step on
information interoperability cardinals. The open source soft-
ware platforms should be chosen in such a way that if re-
quired, a knowledge graph produced by the ontology editor
can be easily imported into the graph database for knowledge
processing, without any structural or functional disorienta-
tion, and vice-versa. Neo4j Community Edition has an exclu-
sively developed plugin—NSMNTX (https://neo4j.com/
docs/labs/nsmntx/current/)—that facilitates usage of RDF
data in Neo4j graph databases for purposes as diverse as RDF
import-export, model mapping and reasoning-inferencing.

3.4 Step 4: knowledge validation

To ascertain the overall veracity of the knowledge artifact as
formalized in the knowledge manoeuvre step as well as to
provide another chance at improving the knowledge model,
the logical consistency of its TBox-ABox-RBox is checked,
and the resulting populated graph is validated following
state-of-the-art domain validation techniques and services.
The outcome of this stage is a semantically enriched know-
ledge base, ready for querying, reasoning-inferencing and
visualization. It is achieved through two successive valida-
tion layers, one based on philosophical notions and the
other requiring computational prowess.

— Firstly, an ontological analysis of the schema is recom-
mended to be carried out by using the OntoClean meth-
odology (Guarino and Welty 2002). The methodology
based on its subtle analysis of meta-properties is primar-
ily drawn from philosophical ontology notions of vali-
dating ontological commitments. A developed ontologi-
cal schema is analyzed against six meta-property criteria:
identity, unity, rigidity, dependence, permanence and ac-
tuality (the last two being later research additions). The
stress here is to appraise the ontology’s commitment to
formal ontological engineering principles and not to
make it very heavyweight in terms of formalization.

— From the perspective of software based validation tools,
there exists various dimensions or perspectives from
which an already constructed knowledge graph can be re-
fined. It can be refined to predict and add new know-
ledge to the knowledge graph, i.e., with an intention to
make it even more complete. It can also be refined to de-

tect outliers, inconsistent patterns and missing nodes
within the knowledge graph, with an aim to make it as
much as error free as possible (Paulheim 2016). Rela-
tional machine learning (Nickel et al. 2016) algorithms
combined with standard data cleaning techniques play a
pivotal role in such graph refinement. Further, there are
several free, web-based ontology validation tools (such as
OOPS!—http://oops.linkeddata.es/), which can be uti-
lized for model enrichment against diverse criterias such
as logical consistency, reality representation and issues
with knowledge modelling.

3.5 Step 5: reasoning-inferencing:

The methodology also proposes two parallel reason-
ing-inferencing facilities (semantic reasoning-infer-
encing engines and graph computing algorithms
based analytics), and associated querying and visuali-
zation techniques. In fact, this step is informed by and
is often simultaneous with the next step of knowledge
visualization. Querying the knowledge base is primar-
ily dependent on the query languages, query service
plug-ins and protocols provided by the software plat-
form committed during the knowledge manoeuvre
step of the methodology (like CYPHER query-cum-
modelling language in Neo4j or SPARQL protocol in
case of RDF data).

Semantic reasoners of varying inferential complexity
provided as plug-ins with standard ontology editors
forms the first category of reasoning-inferencing facility
within the methodology. They are mostly based on logic
languages (first order logic being the most popular lan-
guage basis; description logics being a decidable frag-
ment of first order logic). The motivation is to infer new
domain knowledge by reasoning existing knowledge that
has been explicitly formalized. Ontology editors (like
Protégé) provide many such semantic reasoning engines
of differing computational efficiency (examples being
Pellet, HermiT, Fact ++, etc.). More recently, the limita-
tion of conventional description logics based reasoning
with respect to knowledge graphs have given rise to the
potential future applicability of attributed description
logics, which is still in its infancy and is undergoing seri-
ous developmental research (Krotzsch et al. 2018). It
supports development of multi-attribute value annota-
tion pairs representative of annotations, thus capturing
in the annotated nodes and relationships. Attributed de-
scription logics provide a layer of concept names, role
names and individual names over and above plain de-
scription logics (DLs) to transform it into the type of on-
tology-based formal semantics aptly suited for reasoning

over knowledge graphs.
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- Reasoning services employing graph computing algo-
rithms constitute the more advanced and complex rea-
soning-inferencing paradigm within the methodology
(the layer that adds the analytical flavour to reasoning-in-
ferencing and ultimately provides novel insights about
domain development). Neo4j in particular, and other
open source graph data management software platforms
in general, offer numerous graph-computing algorithms
for performing powerful graph analytics (Needham and
Hodler 2019), reasoning and visualization over the rep-
resentative knowledge space (domain) it is dealing with.
Our methodology efficiently harnesses this unique algo-
rithmic power and provides a strong reasoning-inferenc-
ing layer over the consolidated knowledge base. Some of
the broad categories of algorithms and its various constit-
uent types heavily utilized by graph data management
platforms for analytical reasoning purposes (Needham
and Hodler 2019) are as follows:

— Centrality algorithms, dealing with overall connectiv-
ity, ease of information spread and relative im-
portance of distinct nodes in facilitating flow of infor-
mation in a graph-connected network. Examples in-
clude pageRank, betweenness, closeness and har-
monic centrality algorithms

- Community detection algorithms, dealing with the
formation and detection of communities/clusters in a
graph-network and their tendency to stay together or
break apart. Examples include Louvain, label propa-
gation, connected components and clustering coeffi-
cient algorithms

— Path finding algorithms, dealing with making an in-
formed decision regarding choosing the most opti-
mized path in a specific traversal, alongside judging
the quality and availability of paths in a graph-con-
nected network. Examples include minimum weight
spanning tree, shortest path, A*, random walks and
numerous other traversal algorithms

— Similarity algorithms, ascertaining the degree of simi-
larity of nodes in a graph-based network. Examples in-
clude Jaccard similarity, cosine similarity and Euclid-
ean distance based similarity algorithms.

3.6 Step 6: knowledge visualization

For visualizing the knowledge graph, the methodology pro-
poses to leverage semantic-information visualization plat-
forms inspired by the cardinals of knowledge cartography
(Okada et al. 2014). The foundational cardinals are briefly
explained below as the underlying motivation for this step:

— visualization of knowledge domains is particularly essen-
tial in detecting saliency of domains, i.e., distinguishing
the knowledge enriched hotspots within the landscape of

the specific domain, which have potential to contribute
to advanced research in domain specific information
seeking and understanding

— visualization simplifies the communication of umpteen
semantic intricacies and dependencies in a knowledge
domain

- domain visualization, in combination with graph analyt-
ics, offers a great opportunity to elicit various patterns in
a knowledge domain, depending on the parameters cho-
sen

- knowledge cartography empowers visual analytics such
as inferring parametric dimensionality of a domain or
communicating knowledge diversity within domains

— it facilitates the cognition to perception cycle, wherein
we visually sense our cognitive conceptualization of a do-
main (of course, after standardization)

Software platforms for engineering this step are widely avail-
able as standalone software tools or as plugins interoperable
with graph-based knowledge structuring tools. The meth-
odology is flexible in its outlook in this case, and recom-
mends adoption of any of the following knowledge visuali-
zation options as per the visualization needs of the specific
domain context.

- Ontology editors (like Protégé) have several plugins avail-
able to facilitate the visual navigation of the developed
knowledge graph (examples: OWLViz, OntoViz, Onto-
Graf, VOWL, SOVA, etc.)

— Graph databases also offer several options of visualizing
domain entities (nodes), relationships, attributes and
properties. They usually provide embeddable tools (like
Neovis.js in case of Neo4j), embeddable libraries (like the
very popular D3.js) and third party tool plugins (exam-
ple: yFiles etc.) for rich graph visualization (https://
neo4j.com/developer/tools-graph-visualization/)

— Graph databases specialized in RDF data manipulation
and visualization can also be used for the purpose (like
GraphDB Free; www.ontotext.com/products/graphdb/)

- Open source, third-party information visualization plat-
forms (such as Gephi; gephi.org/) also offer support for

visual navigation and inferencing of ontologies
3.7 Step 7: knowledge evolution

The final step—knowledge evolution—is inspired by the
theme of continuous conceptual recurrence and evolution
as enshrined in S. R. Ranganathan’s “Spiral of Scientific
Method” (Ranganathan 1957). Itinjects dynamism into the
methodology by envisioning the successive steps of top-level
ontology alignment, ontology mapping and/or knowledge
inclusion and ontology modularization and merging, result-
ing in an evolved manifestation of the knowledge analysis
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stage. This step of the methodology is overarching in its
conceptual significance, and also practically feasible if there
is noteworthy evolution of domain knowledge. In such a
scenario:

— the ontological schema developed in the knowledge ma-
noeuvre step should be aligned to a top-level ontology
(like DOLCE, IEEE SUMO, UFO etc; the choice of the
top-level ontology depends on the expertise of the know-
ledge engineer), which should remain same for possible
cycles of evolution in that specific instance of the do-
main development methodology

- after ontology alignment, there can be two possible sub-
scenarios: i) enrichment of the developed ontological
schema using other overlapping ontologies in the same
domain through ontology mapping; and/or, ii) inclusion
of new domain knowledge entities (like concepts, rela-
tionships, etc.) in the face of evolution of knowledge do-
mains

— it also accommodates the idea of knowledge modularity
and merging, wherein domain knowledge models can be
modularized into perspective-aware patterns (possibly
through ontology modularization techniques based on
algebraic logic) and an appropriate set of such domain
knowledge patterns be algebraically merged to form a
more wholesome domain knowledge model (the use of
ontology modularization and merging techniques in this
case remains paramount). For example, in case of a com-
munity information service focused domain such as pan-
demic information management, an already developed
domain knowledge model using the proposed domain
development methodology can be further enriched, if
newer perspectives, in the form of perspective-specific
ontology fragments from similar ontologies be inte-

grated.
4.0 Brief highlights of a case study

It is needless to mention that the proposed methodology is
conceptually rigorous and robust, and has been practically
implemented on business domain data (consumer com-
plaints data, to be specific), which attests its evaluatory ef-
fectiveness. The principal focus of the paper remains the
presentation of the synergy between the steps of the concep-
tual domain development methodology, its motivational
analysis and its seamless integration with latest available se-
mantic technology-components. Towards that objective,
some highlights of the practical implementation are briefly
mentioned below, and a fuller discussion with illustration
of the practical implementation remains a subject for a fu-
ture technical paper.

In the case study on consumer complaints domain, data-
sets representative of complaints about consumer-specific

business entities and interactions was consolidated from the
online, open access data catalog of the data.gov platform.
For preliminary, prefatory knowledge about the domain,
encyclopedias like the Encyclopedia of Consumer Culture
(Southerton 2011) were consulted. Initially, in general, the
datasets can be in any standard file format. As per the tech-
nical compatibilities of the chosen software platform for the
case study—Neo4j Graph Platform Community Edition—
it had to be converted into the CSV (comma separated-
value) format, for the conversion of which numerous soft-
ware libraries made available in different standard program-
ming languages (like Python, R, etc.) to be utilized. Further,
the CSV files should be made to undergo the process of data
cleaning, which screens, diagnoses and edits outliers, incon-
sistent patterns and missing data. The informal knowledge
analysis comprising the complementary sub-stages of men-
tal models and facet analysis were carried out as conceptu-
ally explicated in the description of the methodology above.
The knowledge manoeuvre and the knowledge visualiza-
tion steps of the methodology specific to the implementa-
tion are briefly illustrated below, whereas an implementa-
tional discussion of the knowledge validation and the rea-
soning-inferencing steps is not aligned with the focus of the
brief highlight.

The required information from the standardised CSV
file was loaded along with the headers, which annotates the
loaded information with context. It was read and loaded
line-wise at a very fast speed, and, as needed, the output of
the contextual loading can be limited to a specific number
of lines (for example 100) for validating the correctness of
the steps performed. From the loaded information actual-
ized with the “LOAD CSV” command, Neo4j allows one
to create ontological schema and knowledge graphs out of
it, leveraging the intrinsic powers of the CYPHER query
language, and allows one to semantically relate them to-
gether. A very simple illustration-cum-explanation of an use
case in the consumer complaint domain using CYPHER
scripting is given below:

“USING PERIODIC COMMIT

LOAD CSV WITH HEADERS FROM

‘file:///CC.csv' AS line WITH line

CREATE CONSTRAINT ON (c:Complaint)
ASSERT c.id IS UNIQUE;

CREATE CONSTRAINT ON (c:Company)
ASSERT c.name IS UNIQUE;

CREATE CONSTRAINT ON (r:Response) ASSERT
r.name IS UNIQUE;

CREATE (complaint:Complaint { id: TOINT ( line.
‘Complaint ID")})

MERGE (company:Company {name: UPPER(line.
Company)})
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Figure 2. Knowledge graph generated for the complaint-AGAINST-company relationship.

MERGE (response:Response {name: UPPER(line.
‘Company response to consumer’)})

CREATE (complaint)-[:AGAINST]->(company)

CREATE (response)-[r:TO]->(complaint)

SET r.timely = CASE line. ‘Timely response’ WHEN
“Yes’ THEN true ELSE false END,
rdisputed = CASE line. ‘Consumer disputed’
WHEN ‘Yes’ THEN true ELSE false END;”

(The above CYPHER script is a small portion of a body of
much larger script running into several pages in length. It is
just an indicative glimpse of the process of implementation
and not the focus of the paper. Further, the specific terms
within the script should not be given precedence over the
conceptual methodology).

At the outset, the contextually annotated CSV file (here,
CC.csv) is loaded line-wise in the software platform. The
“USING PERIODIC COMMIT? clause directs the load-
ing mechanism in Neo4j to perform a commit after a speci-
fied number of rows, in case the file contains millions of
records (i.e., big data), facilitating high scalability and pow-
erful performance. Then constraints are being created on
nodes (reflective of entities in a domain; here complaint,
company, response) asserting that the particular node is
unique and can act as an identifier in required operational
circumstances. Since Neo4j by default loads fielded-data
from CSV as strings, it is imperative in this scenario to con-
vert some fields into their natural data-types (“Complaint
ID” as integer). “MERGE” is one of the unique functional-
ities offered by the CYPHER query language. Itis a concep-
tual aggregation of the functionalities offered by “CRE-
ATE” and “MATCH?” command. It searches for a given pat-
tern or a node in the knowledge graph. If it already exists,

then merging of the incumbent occurs with the already ex-
isting node/pattern and an output is returned. If it does not
exist, then a new node/pattern is created with appropriate
labelling and returned as an output (in this case, instances
of companies and responses are either being created anew or
merged with the ones already existing). Then relationships
are built using the “CREATE” command specifying the
type of the relationship and its semantic direction. In this
example code, two relationships are being created—one is
the complaint against a company, and the other is the re-
sponse accorded to that complaint (see Figure-2 and Figure-
3). Further, a condition is established using the “SET’” com-
mand to determine which response can be classified as a
“timely response” and which is a “consumer disputed” one.
The visualization follows subsequently.

The above illustration is a very simple use case within the
business domain of modelling knowledge about companies,
complaints and responses. It can be further connected to
numerous other knowledge graphs within the same know-
ledge space to form a semantically rich knowledge structure
capable of complex inferencing. Neo4; is efficient in mod-
elling domains that are much more complex and vast in na-
ture.

5.0 Research implications

The proposed conceptual domain development methodol-
ogy is expected to have numerous research implications and
practical ramifications in the broad arena of domain spe-
cific knowledge organization (KO) and knowledge manage-
ment (KM) systems. It shall contribute as a significant
methodological, technological and structural augmentation
in research fields like information resource discovery sys-
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Figure 3. Knowledge graph generated for the response-TO-complaint relationship.

tems, digital repositories, question-answering services and
enterprise knowledge management systems, to name a few.
Some of the possible research implications are highlighted
as follows-

5.1 Digital repositories

Digital repositories are online repositories of digital infor-
mation objects that provide facilities to organize, annotate,
search and retrieve the content included in its collection
(Prasad and Madalli, 2008). The content included in the
collection of a digital library can further be born digital or
digitized, and, accordingly different strategies are adopted
to make them organized, sustainable and interoperable.
Some of the common characteristic features of a digital li-
brary include multiple user-access, easy retrieval of infor-
mation, user-friendly interfaces, relatively large storage
space and value-added content. Knowledge graphs, if incor-
porated within the technical architecture of next-generation
digital repositories, can provide technical competencies like
semantically enriched information annotation and organi-
zation, visually appealing UT, super-fast search and retrieval,
and richer recommendations due to its inherent graph-
structured linked data.

5.2 Information resource discovery services

An information resource discovery service, as its name re-
flects, is an integrated online searching interface for locating
any and every resource a particular library has access or sub-
scription to physical library resources, online library-sub-
scribed resources and publisher metadata, open access re-
sources and even licensed resources—made possible

through a combination of pre-assembled centralised index-
ing, unified searching interface and consolidated results
(which is different from the federated search architecture).
The primary aim of developing such a discovery service is to
aggregate and present all the varieties of resources a particu-
lar library possesses using a unified search functionality,
thus satisfying the clientele’s interdisciplinary needs and ex-
posing rich local resources. Marshall Breeding in a landmark
paper on “The Future of Library Resource Discovery”
(Breeding 2015) elucidated the technical requirements a fu-
turistic discovery system should characterise. Some of the
ways in which the proposed knowledge graph-based do-
main development methodology can help in developing fu-
ture library resource discovery services are as follows-

— The technical functionalities offered by the semantic
technological stack (vast storage, domain visualization,
highly scalable indexing, rich semantic annotations, etc.)
can be utilized in developing a futuristic large-scale open
access global information resource discovery platform
(such as a far more efficient open science cloud platform)

- Connected data is at the core of this knowledge graph-
based methodology, and, they can naturally provide cov-
erage and harvesting facilities to open-linked library data

- Relational machine learning, especially tailored for
knowledge graphs, can aid in conducting gap analysis of
the discovery functionalities

- Identity and access management (IAM) and data privacy
implementations by the knowledge-intensive semantic
platforms can be leveraged to provide a secure and robust
data infrastructure to resource discovery platforms

— Graph analytic techniques, offered within the proposed
methodological framework, can be utilized to quantita-
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tively picturize the performance of a discovery system
and can also be used for developing alternative metrics
(altmetrics) based assessment for library resources.

5.3 Enterprise intellectual infrastructure

Enterprise intellectual infrastructure can be considered as
the entire gamut of processes, technologies and resources
that an institution or an organization or a system utilises for
producing, accomplishing and maintaining intellect, know-
ledge and expertise. It is of utmost practical importance in
the arena of future knowledge-intensive enterprise admin-
istration, and, at a bigger scale, in effectively managing large,
futuristic enterprise networks. Knowledge-graph based do-
main knowledge organization and management systems,
though technical in nature, have numerous general ramifi-
cations that can positively catalyse the development of fu-
ture enterprise administration frameworks. Hiring, training
and mentoring policies will change for enterprises as profes-
sionals with different skill-sets (both technical and non-
technical) will be required for effectively managing these fu-
turistic enterprise KM systems. The conventional manage-
rial policies regarding knowledge management as a whole
and performance feedback will also have to be reframed.
Further, the tools and methodologies that are currently in
popular use in enterprises have to be overhauled, and the
data has to be effectively migrated and linked as per the de-
veloped standards.

It is also important to note the research value of the pro-
posed domain development methodology in order to fore-
see its possible research implications in the implementa-
tional areas identified above. The following points, very
briefly, attest to the original value of the conceptual meth-

odology:

— the conceptual interplay between facet analysis and men-
tal models enriching the knowledge analysis step

— the platform-flexible and platform-interoperable charac-
ter of the proposed methodology

— a parallel layered reasoning-inferencing mechanism
(mathematical logic based semantic reasoners and graph
algorithm powered reasoners)

— visualization grounded in the foundational cardinals of
knowledge cartography

— the entire methodology, including the knowledge evolu-
tion step, conceptually grounded in knowledge organiza-
tion principles

A limitation of the present study lies in the fact that a semi-
automatic interpretation and implementation of the pro-
posed domain development methodology has not yet been
attempted.

6.0 Conclusion and future work

The work, in alignment with its stated contributory objec-
tives, proposed a conceptual domain development method-
ology that has characteristic features like scalability, know-
ledge- intensivity, context-dependency, methodological
transdisciplinarity and scopic domain specificity. Before
concluding, it would be relevant to note that though know-
ledge-graph based domain development systems require
more technical soundness and research, they have boundless
powers to induce a tectonic shift in the way domains are
conceptualised, visualized, analysed and reasoned upon. It
also has the ability to effect a positive change in the existing
technological culture and practices across institutions, en-
terprises and societies. Libraries, which are considered as the
intellectual heart of a society, will also immensely benefit
from incorporating such systems within their technical ar-
chitecture. Future work in this arena can revolve around:

- development of a faceted representation framework of
knowledge graphs as per the established tenets of facet
analysis and generalizing it towards a unified theory of
faceted knowledge organization based on knowledge hy-
pergraphs, both situated within the broad framework of
the methodology

— application of the domain development methodology to
diverse application domains and studying the associated
issues and intricacies

- generalizing the scope of the methodology towards de-
velopment of a more high-level, semantics intensive
knowledge ecology framework

- analyzing the methodology from the prism of infor-
mation behaviour and information experience princi-

ples.
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