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Abstract
In decision-making scenarios, an information need
arises due to a knowledge gap when a decision-
maker needs more knowledge to make a decision.
Users may take the initiative to acquire know-
ledge to fill this gap through exploratory search
approaches using Knowledge Graphs (KGs) as in-
formation sources, but their queries can be incom-
plete, inaccurate, and ambiguous. Although KGs
have great potential for exploratory search, they
are incomplete by nature. Besides, for both Crowd-
sourced KGs and KGs constructed by integrating
several different information sources of varying qual-
ity to be effectively consumed, there is a need for a
Trust Layer. Our research aims to enrich and allow
querying KGs to support context-aware explora-
tion in decision-making scenarios. We propose a

layered architecture for Context Augmented Know-
ledge Graphs-based Decision Support Systems with
a Knowledge Layer that operates under a Dual
Open World Assumption (DOWA). Under DOWA,
the evaluation of the truthfulness of the information
obtained from KGs depends on the context of its
claims and the tasks carried out or intended (pur-
pose). The Knowledge Layer comprises a Context
Augmented KG (CoaKG) and a CoaKG Query En-
gine. The CoaKG contains contextual mappings to
identify explicit context and rules to infer implicit
context. The CoaKG Query Engine is designed as
a query-answering approach that retrieves all con-
textualized answers from the CoaKG. A Proof of
Concept (PoC) based on Wikidata was developed to
evaluate the effectiveness of the Knowledge Layer.
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4:2 Context Augmented Knowledge Graphs (CoaKG)

1 Introduction

It is widely acknowledged that humans make decisions based on their prior knowledge about
the domain, common sense, and often on past personal experience and beliefs. Such judgments
allow people to act under uncertainty and manage the risk of negative consequences. However,
when an agent has inadequate knowledge to achieve a goal due to a knowledge gap - a difference
between an ideal state that allows informed decision-making and the actual state of knowledge -
an information need situation arises [8]. This information need drives an exploratory process in
order to close this gap.

Information needs can range from basic information used in short-term actions, such as
the weekly weather forecast, to information that explains a broader phenomenon, such as the
relation between the dollar exchange rate variation and gasoline prices. For instance, decisions
involving health and well-being, such as getting vaccines or vacation trips, are also influenced by
information-seeking behaviors. Such behavior is part of people’s daily lives [8].

Different information needs require different search strategies that specialized computational
tools can support [26]. More recent developments on conversational Artificial Intelligence (AI)
have made Large Language Models (LLMs) part of information-seeking tools [20]. Although LLMs
are trained to incorporate language patterns, grammar, and semantics effectively, this does not
make them reliable sources of information. The appearance of conversational fluency may improve
the perception of trustworthiness, but this does not guarantee their reliability [34]. Indeed, users
must be aware that the response provided by LLM and machine learning (ML) methods is in
fact the most likely (probable) answer (based on its training corpus), regardless of its actual
truthfulness.

The central problem addressed in this article is that traditional KGs used for decision-making
and exploratory searches often lack the proper qualification of relations and attibutes that affect
the accuracy of the answers for the task at hand. Another issue is that users frequently submit
ambiguous queries or omit critical contextual elements, such as temporal or spatial information,
leading to responses that may not fully address their information needs. This gap creates a
significant challenge in ensuring the trustworthiness and usefulness of the answers provided,
particularly when users make critical decisions based on the retrieved information. Finally, when
the KG contains contextual information, it is still necessary to differentiate this from other types
of meta-information.

The primary contribution of this paper is to propose the concept of a Concept Augmented
Knowledge Graph (CoaKG) that explicitly represents contexts, coupled with a novel framework
that enhances decision-making by supporting context-aware exploratory search. This framework
presupposes the existence of a Trust Layer, that filters trusted information according to the
context, the purposes, and the policies of the agent making the decision. It does so by addressing
ambiguity and incompleteness in queries submitted to the underlying CoaKG to retrieve relevant
information for the task at hand. We briefly discuss the decision support architecture, but actual
details are out of the scope of this paper.

We argue for the feasability of the approach by presenting a realistic PoC based on a real-world
KG, Wikidata. We demonstrate how the CoaKG Query Engine can infer implicit context and
expand graph queries to retrieve all relevant contextualized answers. This approach significantly
improves the relevance of information, making it more useful for complex decision-making scenarios.

The paper is organized as follows. This section has introduced the problem, motivation, and
research goals, highlighting the challenges of traditional KGs in decision-making contexts. Section 2
provides background information, discussing key concepts such as uncertainty in information-
seeking, trust in knowledge-based systems, and the limitations of current KG structures. Section 3
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details the proposed framework for CoaKG, including the architecture of the Knowledge Layer,
Trust Layer, and Decision Layer. Section 4 presents the PoC, demonstrating the effectiveness of
the proposed approach through experiments using a subset of Wikidata. Next, Section 5 discusses
related work compared with our approach. Finally, Section 6 concludes the paper, summarizing
the contributions and outlining future research directions.

2 Background

Uncertainty is an important concept both in information-seeking and decision-making. Users
are engaged in reducing the uncertainty associated with information to make a decision. From
philosophical decision theory, decision-making under uncertainty involves concepts related to
expected utility and maximizing rational choice regarding the likelihood of different outcomes
arising from a particular choice [36]. However, simply consuming more information is not
guaranteed to reduce uncertainty [8]. Contextualized information can help reduce uncertainty.

2.1 Contextualized Answers
Since Context is an overloaded concept, we adopt a definition proposed by Hogan et al., 2022 [19]:
“By context, we herein refer to the scope of truth and thus talk about the context in which some
data are held to be true”. The scope outlines the limits of interpreting information in time, place,
and according to its origin. Therefore, even if the original query does not specify the context
information to be added, this context information must be retrieved to enable correct interpretation
of the answers.

Information from multiple, distributed, and even contradictory sources, requires contextual
information for trustworthiness evaluation. Accepting a claim as a fact depends on the contextual
information that qualifies it, the context constraints of the task in which that claim will be
applied, and the individual, organization, or community trust policies. Although this additional
meta-information is necessary, it is possible that the user does not include it explicitly in the
initial formulation of the query.

For example, if one asks a LLM, e.g., ChatGPT, and an online search engine, e.g., Google
Search: “What is the capital of Brazil?” they would typically receive answers such those illustrated
in Figure 1. Observe that both assume the default temporal context of the question as current
even though the query did not mention this. It would sastify an information need for actions such
as deciding where his country should install an embassy in Brazil or to plan a trip to Brazil’s
capital next month.

Anyone familiar with the domain knows that the “capital of ” relationship has an intrinsic
temporal context (it is a time-variant geopolitical phenomenon). Nevertheless, if the user did not
know, it would be possible to learn this aspect from the responses received from both systems,
since the context is presented. However, for other more infrequent (or specialized) search tasks,
the temporal context should be explicitly specified as part of the query. For example, suppose that
the user is a historian and has found a document written during the Brazilian Colonial Period
between 1530 and 1815 that references the capital but does not name the city. To understand the
context of this document, it is necessary to find out what the capital was at this time. Since the
first capital city was Salvador between 1549 and 1763, this would be a valid answer considering
the temporal scope of the search. So, in all scenarios, the usefulness and validity of the answers
depend on the circumstances of the task that motivated the information search.

As stated by Smith and Rieh [35], if a knowledge context is available to searchers during
information seeking, they will engage with the information more actively and critically, and it
can also positively influence users’ trust in the information provided. They defined “Knowledge
Context” as meta-information individuals can use to interpret information on a search engine

TGDK
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Figure 1 Answers from ChatGPT and Google Search, based on tests conducted in November 2023.

results page. Such hypotheses motivate experimental research designs that reflect how information-
seeking behavior is affected by knowledge context availability, as opposed to focusing on improving
retrieval system performance in terms of precision and recall.

2.2 Trusted Decisions
Trust (in information) can be defined as “knowledge-based reliance on received information” [32, 17],
that is, someone trusts (or not) the knowledge acquired if the truthfulness of this knowledge
implies the decision to carry out some action [32]. In this article, we assume that the scenario
illustrated in Figure 2 represents how an agent relies on trust to take action, as proposed by
Schwabe et al., 2020 [33]

The input of the Trust Process are data/information composed by the data itself, general
metadata, context metadata, and trust policies retrieved from a Knowledge Repository. Trust
policies are agent and task-dependent and are applied using general and context metadata. The
agent selects the appropriate policies to be applied and quides the process. The output of the
Trust Process is Trusted Data/Information, and the user decides to act or not based on it. Actions
triggered by the decisions generate additional information stored back in the Knowledge Repository
to be used in upcoming decisions.



V. dos Santos, D. Schwabe, A. S. da Silva, and S. Lifschitz 4:5

Figure 2 Information Flow in Trusted Decisions. Data and metadata (general and contextual) flow
from the Knowledge Repository into the Trust Process, where trust policies specific to the user and task
are applied. These trust policies guide the transformation of raw data into trusted data/information. The
resulting trusted data informs the Decision-maker, generating new information that is fed back into the
Knowledge Repository for subsequent use.

Here, the notion of Truth concerns trusting some information to the point of taking an action
based on it. This is the perspective of Pragmatic Theories of Truth from a philosophical point of
view [7]. The Pragmatic Theories of Truth redirect the focus from determining the universal criteria
for a statement’s truth to understanding the individual’s intentions and actions when trusting
the statement. These theories emphasize how truth is utilized and serves a purpose. Pragmatic
Theories of Truth typically regard it as a result of individuals’ procedures and commitments when
solving problems, formulating claims, or conducting scientific investigations [7].

2.3 Knowledge-Based Decision Support Systems
An essential concern in Decision Support Systems (DSS) to reduce uncertainty is Trust since the
decision-maker must trust the information’s veracity to make an informed decision.

DSS were developed in the early 1970s for semistructured or unstructured decision-making
activities. A DSS that supports strategic decision-makers using trustable expert knowledge is
called a Knowledge-Based DSS (KBDSS). The main components of a KBDSS are (i) a knowledge
base (with an inference engine) and (ii) a decision support shell [37].

A Knowledge Base (KB) represents facts some agent believes about the outside world, which
are typically incomplete and operate under the Open World Assumption (OWA). The absence
of KB information only means that this knowledge was not made explicit [5]; its truth value is
unknown. Query answers are only those that can be logically proven; if it is not possible to prove
a fact, it cannot be assumed that the negation of that fact is true (fact). Decision-makers should
make decisions despite the lack of complete information, but should be aware of this. In the words
of Carl Sagan [40]: “the absence of evidence is not evidence of absence”.

2.4 Knowledge Graphs
Knowledge can also be structured as a KG. Several KG definitions can be found in the literature;
some can lead to the interpretation that KG is any graph-based knowledge representation, assuming
that the term “knowledge graph” is synonymous with “knowledge base,” which itself is often used
interchangeably with “ontology” [14]. According to Weikum [39], KGs are KBs modeled as a graph,
since relationships are the focus of the analysis (semantic networks). However, they consider the
term KG a misnomer, since KGs are not limited to binary relationships; they also encompass
higher-arity tuples and intentional data through constraints and rules.

TGDK
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KGs have emerged as practical tools for knowledge sharing and discovery due to their ability
to represent complex domain data and cover long-tail scenarios. A significant use case where KGs
have become a key asset is web search engines [39]. KGs offer data modeling and integration
flexibility since a pre-defined schema is not mandatory.

Due to advances in ML techniques, it is feasible to automatically construct large-scale KGs,
transforming unstructured content into statements on entities, representing their attributes and
relationships between them [10, 18]. Every edge corresponds to a statement or claim in a KG.
Other initiatives such as Wikidata2 build a crowd-sourced, multilingual, large-scale KG [38].

According to Marx et al., 2017 [27], although there was no universally accepted definition at
that time, what differentiates a KG from a dataset organized in a graph data structure is the
need to enrich these data with information context. Context attributes such as temporal and
spatial data added to statements result in higher-arity tuples. Provenance is another contextual
information critical to KG consumption since a KG can represent information from different
perspectives and purposes. Preserving the provenance of knowledge by recording its source,
methods, and extraction time is essential to managing and curating the KG as its content evolves
over extended periods [39]. Graph data structures for KGs address this using composite objects
and qualification of statements.

There are several proposals for KG data structures [2], some more straightforward, like RDF
(directed graphs with labeled edges) and LPG (labeled and directed property graphs), as well
as some more complex and abstract, such as the multi-layer graph (graphs with higher-arity
relationships and with identifiers on the edges). The Wikidata hyper-relational graph data model
represents entities as data items (nodes) and statements using a subject-predicate-object
structure (edges). The subject is always a data item, the predicate is a property, and the object
is either a data item or a literal, with its type constrained by the definition of the property.
Additionally, Wikidata allows statements to be further enriched through qualifiers as well as
ranking and references. However, it does not allow claim qualifications or rankings to have
qualification or references.

A multi-layer graph data structure, as defined in [2], is an abstract and concise model that
can naturally support LPG, RDF, and hyper-relational graph data structures. This model avoids
reification when modeling n-ary relationships and adding qualification to edges as shown in
Figure 3.

A multi-layer graph H is an n-layer graph, where each layer results from the nested use of edge
IDs, and n represents the highest layer associated with an edge identifier within H. A multi-layer
graph, H = (O, γ), represents a graph data structure where edges on edges can exist. In any
concrete data model based on multi-layer graphs, O can be divided into different types of possibly
disjoint elements, and γ corresponds to directed, labeled, and identified edges between elements.

Elements of O can be:

V is a finite set of vertices (or nodes) that represents concepts, entity types, and instances;
L is a finite set of vertices (or nodes) that represents literals corresponding to property and
qualifier values;
R is a finite set of binary, directed or undirected, relationship types;
P is a finite set of property (or attribute) types, and
Q is a finite set of qualifier types.

While γ contains:

2 http://www.wikidata.org

http://www.wikidata.org
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Figure 3 Wikidata snippet represented as multi-layer graph edges. Nodes in red rectangles and edges
with filled arrows belong to the first layer. Nodes in blue ellipses and dashed edges belong to the second
layer.

E is a finite set of edges representing relationships based on a relationship type R between two
vertices from V ;
pV is a finite set of edges representing relationships, based on a property P, between one
vertice from V and another from L;
qE is a finite set of edges representing relationships, based on a qualifier Q, between one edge
from E or pV or qE or qP and a node from V, and
qP is a finite set of edges representing relationships, based on a qualifier Q, between one edge
from E or pV or qE or qP and a node from L.

From this definition, it is clear that qualifiers (edge properties) can be defined at arbitrary
depths (i.e., qualifiers of qualifiers, etc...) For example, a provenance qualifier may provide
information about the source of a statement, and a second level qualifier may provide information
about who provided that source, and so on, This is trivially represented using Multi Layer Graphs,
but is not allowed in the WD data model. In other graphs models, such as RDF or LPGs, it
requires reification of statements, which add complexity to the resulting representation (and
ultimately also affects the performance of queries). Such a syntactic alternative enables context
representation and an in-depth exploratory search over contextual information throughout n-layers,
but does not establish how context semantics should be interpreted.

3 Context Augmented Knowledge Graph-based Decision Support Systems

An analysis of the current status of Wikidata [31] concluded that given the characteristics of the
Wikidata data structures (such as the lack of references for qualifiers, incorrect specification of
property scope in addition to omissions and ambiguities of definitions in constraints) and in the
data (violations of constraints that generate incompleteness and possible interpretation errors), it
is necessary to have an additional and separate layer to adequately support the trust process.

TGDK
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Given the premises that:
Crowd-sourced KGs, such as Wikidata, or KGs generated through the automatic integration
of multiple information sources with varying degrees of quality and trustworthiness, must be
used via a Trust Layer [32, 33] in decision-making scenarios and
Trust is typically assessed using policies based on hard evidence or reputation-based estimation
and these mechanisms should also account for the contextual information, as well as the
circumstances and associations related to the decision-making goal, to allow a well-founded
trust assessment [3].

This research proposes a theoretical and abstract layered architecture of DSS supported by KG,
named CoaKG4DSS, which incorporates a Trust Layer placed between Knowledge and Decision
Layers, as shown in Figure 4.

Figure 4 CoaKG4DSS. This figure describes the proposed multi-layer architecture for a DSS where
each layer operates as an independent module, performing a specific set of functions and providing services
to the upper layer. The Trust Layer is responsible for processing each user query submitted through an
exploratory search approach and transforming it into a graph query, denoted as K. Additionally, the Trust
Layer takes contextualized answers A from the Knowledged Layer and refines it to supply the Decision
Layer with trusted information A’.

Decision Layer: Given the goal of performing some action, decision-making occurs above
the Trust Layer, which can operate under uncertain environments employing a variety of
approaches: explicit programming (anticipate all scenarios), supervised learning (based on
training examples), optimization (specify possible decision strategies and a performance measure
to be maximized); planning (known models and deterministic problems); and reinforcement
learning (strategy is learned according to a performance measure) [28]. The Decision Layer is
already present in KBDSS architectures found in the literature [37].
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Trust Layer: The Trust Layer, with trust rules and policies established according to users
and task requirements, is essential in ensuring the accuracy and reliability of the information
provided by KGs. Trust policies take contextualized answers A as input and generate trusted
information A’ that satisfies the task and agent criteria. The Trust Layer transforms information
into trusted information by applying task- and user-dependent trust policies using both
information and contextual information.
Knowledge Layer: Enables explicit context representation, retrieval, and interpretation
enhancements to support decision-making since context is essential for identifying the scope of a
claim that is considered valid and useful. Furthermore, to provide all the information the Trust
Layer requires, the knowledge retrieved from the KG should be explicitly contextualized, at
least in terms of Provenance, Temporal, and Location dimensions. KGs can incorporate claims
representing different perspectives that are apparently contradictory. Therefore, decision-
makers must rely on their trust policies to decide what is true and useful in the context of
their information needs and tasks.

Due to these characteristics and differences from KBDSS, the Knowledge Layer operates under
DOWA. Contrary to OWA, under DOWA, the mere presence of a statement in a KG
does not imply its truth. Therefore, DOWA posits that truthfulness is user-dependent
trust and is determined by a trust evaluation that depends on the contexts of claims
and tasks being carried out or intended.

A CoaKG definition as shown in Definition 1 and the mapping schema as shown in Fig-
ure 5 characterize the elements necessary to model explicit contextual information and extract
implicit contextual information from a standard KG. The mapping schema demonstrates how
various components interact to enhance query responses with both explicit and inferred contexts.
The knowledge context, represented by attributes such as provenance, location, and temporal
information, is mapped to entity types and concepts through context labels and claim predicates.

▶ Definition 1. CoaKG H’ = < H, C, I > A multi-layer KG H with entities, concepts, claims
and context information; the context mappings C between KG elements and context information;
and interpretations I as rules to extract implicit context. A CoaKG extends a standard KG with
resources that enable it to explicitly represent contextual information and infer implicit context.

Figure 5 CoaKG Schema for Context Mappings and Interpretation Rules, illustrating the schema for
identifying contextual information from the CoaKG. These mappings allow for the contextualization of
claims and identifying entities, while semantic rules infer additional context where needed.

TGDK
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A common way to contextualize claims (statements) is by adding property-value pairs as
qualifiers to statements. We must distinguish between additive qualifiers, which represent n-ary
relationships and do not affect the assessment of the claim’s truthfulness, and contextual qualifiers,
which can restrict the contexts in which the underlying claim is considered true and may modify
the claim itself [29].

For example, consider the Wikidata statement “Born on the Fourth of July (Q471159)
has cast member (P161) Tom Cruise (Q37079) with qualification character role (P453) Ron
Kovic (Q530602)”. The character role (P453) qualifier complements the cast member (P161)
relationship with additional information but does not affect its truthfulness evaluation. In this
case, reference qualifiers such as the reference URL (P854) can help verify the veracity of the
information. An example is the link to the catalog of this film on the IMDB platform, which is a
popular website about films. On this site, it is possible to consult the entire cast, including their
roles. Another reference qualifier associated with reference URL (P854) is retrieved (P813)
which specifies when the access to this site was made. Reference qualifiers add provenance context
to the statements in Wikidata.

Since explicit contextual information is part of the KG, context mappings specify how it is
represented as qualifiers and predicates among claims and metadata. According to the proposed
Conceptual Schema, context mappings added to a standard KG transform it into a CoaKG.
Similarly to Contextualized Ontologies [6], in CoaKGs, mappings establish the role of each
element, i.e., whether it functions as an entity in the standard KG or as context information. The
context specification C works as a meta schema above the KG schema, adding semantics to its
meta-information.

Three context types are usually found in the literature (Temporal, Location, and Provenance)
and are common in several application domains.

Temporal contexts encompass dates, periods, events, and so on, allowing time-related in-
terpretations. It is possible to differentiate a claim, an entity, or a concept from the others
according to the period that it is valid. WHEN-type questions that may arise during the
exploratory search can also be answered.
Location contexts encompass places, coordinates, regions, spatial shapes, etc, enabling
spatially-related interpretations. Using location context values, it is possible to differentiate a
claim, an entity, or a concept from others about the place where it occurred or belongs. The
place can be an entity that represents an object in space, e.g., PUC-Rio Campus Gávea or a
class of places, e.g., University. With this dimension, it is possible to answer the WHERE-type
questions that may arise during the exploratory search.
Provenance contexts encompass information sources, agents, processes, methods, and so on,
allowing lineage-related interpretations. Using provenance context values, it is possible to
differentiate a claim, an entity, or a concept from others regarding its source, origin, or how it
was produced, obtained, and calculated. In addition to identifying the source, the user may
wish to obtain more information about this source, exploring aspects that may contribute to
assessing the veracity and usefulness of the answers. With this contextual information, it is
possible to answer questions such as WHO stated, WHEN stated, WHERE stated, HOW the
claim was generated, etc.

Note that other domain-specific context types can be added to the schema. Contextual
information can also help reveal temporal, spatial, and lineage relations among claims, entities, or
concepts not explicitly represented in the KG.

The schema includes agents, such as KG engineers or users who carry out explorations, who
define semantic rules that infer an implicit context. Rules can be represented as an implication
between an antecedent (or IF clause or BODY rule) and a consequent (or THEN or HEAD rule).
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The semantic rules consist of a set of claims, its explicit context, and operators (∧, v, ∄) as
antecedents that infer a relative context as consequent. The inferred and default context is used
to refine the retrieved information, ensuring that responses are accurate and contextually relevant.

The contents of the Knowledge Layer can be queried through the Context Augmented Query
Engine, which uses a Graph Query Language (GQL) to query the underlying KG to retrieve
both trust policies and contextualized knowledge (i.e., claims and metadata). Such an engine
also includes an Inference Engine to execute Semantic Rules using Contextual mappings and
Co-domain Algebra functions associated with each type of Context. These mechanisms are used
to answer potentially incomplete graph queries concerning context information.

The Trust Layer receives the user query and converts it into a graph query K to be used as
input to the CoaKG Query Engine as shown in figure 6. CoaKG Query Engine transforms the
original graph query K, which is potentially contextually incomplete, into a contextually complete
query. Any query K is considered contextually complete if all mappings created by the KG
Engineer that reference elements mentioned in the original query are used to retrieve all context
information represented in the KG. Furthermore, the query can also be modified to add hidden
relationships using specific Co-domain Algebra operations generating an expanded graph query K.

A Co-domain Algebra defines a finite set of operations over co-domain values in various contexts,
enabling the inference of relationships not directly materialized in the KG. These relationships
between two elements of a KG (nodes or edges) can then be explicitly represented in the query
response by adding new edges. An example of Co-domain Algebra for date values in the temporal
context is Allen’s Interval Algebra [1], which defines 13 basic relationships between time intervals,
such as before, after, during, starts, ends, among others. Another example, pertaining to the
location context, is the Region Connection Calculus [12], which specifies spatial relationships such
as intersection, inclusion, disconnection, touch, and more. Specific algebraic operations enable
the explicit representation of implicit relationships across contextual information. Examples of
such implicit relations are claims co-occurrence in time or spatial overlap between entities.

The CoaKG query engine generates two versions of the expanded graph query K : exact and
approximated, to be executed in steps B5 and B6. The exact graph query K’ assumes that
KG is complete and all mandatory context information are represented and can be retrieved by
this query. The approximated graph query K” deals with KG incompleteness and optional (not
mandatory) context information. Three types of modification can be applied: (i) OPTIONAL
clause for context qualifiers, properties, and relations, (ii) replace constant with variables for
context values, and (iii) check context values for NULL to substitute by DEFAULT VALUES in
WHERE clauses. After executing the queries, it is possible to apply semantic rules defined by the
KG engineer or by the user performing the exploration. The rules are applied to infer the implicit
context among the set of responses to produce all possible contextualized responses. We illustrate
these steps in Section 4.

We present more details about the CoaKG schema and the CoaKG Query Engine in [13]. In
that article we illustrated the transformation of a contextual incomplete query into a complete
one through an example of exploratory search about capital cities of Brazil during the colonial
period3.

3 The previous work focused on presenting the CoaKG schema and the internal mechanisms of the CoaKG
Query Engine. In this paper, we substantially broaden the scope by introducing the complete architectural
framework - including the Trust Layer - and by providing a PoC to assess its applicability in knowledge-based
decision support scenarios.

TGDK
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Figure 6 CoaKG Query Engine for Query and CoaKG Incompleteness. Considering K as input,
it generates two versions of the contextually complete query using mappings and Co-domain Algebra.
Semantic rules are applied to the query results to generate all possible contextualized responses.

Knowledge Engineering of CoaKGs
A CoaKG can be built from scratch when contextual modeling is a concern of the KG purpose.
However, our proposed CoaKG schema can also be superimposed on a given existing KG (thus
generating a corresponding CoaKG). In this situation, the fundamental point is to identify existing
predicates that can function as contextual predicates and types and semantic rules to complete
missing contextual information. Figure 7 shows the CoaKG engineering phases that must be
executed to build a CoaKG.

A standard KG without a formal schema should first be submitted to KG Summarization
& Profiling [25] to identify its latent schema, as we have done with Wikidata (see Section 4).
The process does not require specific domain knowledge since it uses general graph algorithms
and returns a high-level overview of KG content. This result will assist knowledge engineers
in evaluating context dimensions already present in the KG and help formulate semantic rules
interpretations for the existence or absence of qualifiers and possible claims contradictions.

Context types and element identification are challenging since any information associated with
an KG element (Entity, Concept, or Claim) can, in principle, be considered context. Knowledge
engineers should consider the relevance of each component for the purpose of the context-aware
application [30]. Another essential task is to identify gaps in existing KG instances concerning
the context information necessary for a more informative response (degenerate CoaKG).

The following section describes a PoC over a CoaKG within an exploratory search process.
The CoaKG was built using a subset of Wikidata as a standard KG whose Context Types are
specified based on the result of Wikidata Profiling.

4 Proof of Concept

This section details our PoC for the CoaKG at the Knowledge Layer, showcasing its application
in enhancing exploratory search and decision-making. We outline the methodology for building
the CoaKG from a subset of Wikidata, including the profiling procedure to identify contextual
predicates (properties or relationships). Competency questions were used to evaluate the Knowledge
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Figure 7 CoaKG Engineering steps. Given any standard KG during the engineering, it is necessary to
identify if it has an enforced schema. KG Profiling must be applied to identify a latent schema if it doesn’t.
Based on the KG (latent) schema, the engineer can identify context types associated with the predicates,
qualifiers, and entity types to specify the mappings. Finally, semantic rules can also be identified.

TGDK
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Layer operation and demonstrate how the CoaKG Query Engine retrieves and contextualizes
answers, highlighting its effectiveness in providing context-aware information for informed decision-
making.

Since anyone can build a CoaKG by extending an existing standard KG, we used a subset
of Wikidata to demonstrate this pathway. We chose Wikidata because it serves as a rich
knowledge repository, consolidating information from primary sources along with their references
and connections to other databases. For example, Wikidata includes data about historical events,
linking details from official records and academic publications to related entities and concepts,
facilitating a comprehensive understanding of the topic.

Although Wikidata contains contextual information, its ontology does not explicitly identify
which qualifier represents each type of context. Also, Wikidata is designed to represent provenance
as a reference, but there is also Provenance information among qualifiers. For our PoC, context
types were specified based on the result of a Wikidata profiling procedure identified relevant
contextual predicates. These were then used to specify the context mappings.

The Wikidata graph data structure represents statements of claims associated with qualifiers
and references, but does not establish how users should retrieve, interpret, and use them. For
this PoC, a set of Competency Questions was elaborated to generate queries with and without
context, and their respective answers were obtained.

4.1 Wikidata Selection
For this PoC, we created a KG about geopolitical entities based on a subset of Wikidata available
in a dump provided by the KG Center at ISI 4, reflecting the Wikidata version of June 20225 and
composed by a set of tab-separated column-based text format (TSV) files. We used the KGTK
Toolkit [22] to analyze and query this Wikidata dump. This toolkit offers generic computations
for graph data, such as graph statistics (degree), pathfinding, and centrality metrics, and a graph
query language named Kypher, a variant of Cypher adapted to manipulate multi-layer graph
structure since Cypher was designed to LPG. All KGTK scripts and query results of this PoC are
publicly available in Github6.

To select a subset of claims and qualifications from this dump, we used the following procedure:

1. Given the node types seeds from the domain of interest, shown in Table 1, find all node
instances,

2. Given the node instances from the previous step as root nodes, find reachable nodes with the
transitive closure path of the predicates P1365 (replaces) and P1366 (replaced by),

3. For each reachable node type, count the total number of occurrences,
4. From the top 100 most frequent reachable node types, select new node types and add them to

the initial seed list,
5. Retrieve all claims where the subject node belongs to one of the types listed in Step 4,
6. Retrieve all qualifications associated with these claims (from step 5),
7. Retrieve claims where the object node belongs to claims from Step 5
8. Retrieve all qualifications related to these new claims (from step 7)
9. Retrieve all claims where the subject node belongs to the object node of qualifications from

Steps 6 and 8
10. Retrieve all qualifications associated with these claims (from step 9)
11. Generate two sub-graphs concatenating results from steps 5, 7, and 9 as Countries Claims and

6, 8, and 10 as Countries Qualifications, removing duplicates.

4 https://www.isi.edu/centers-ckg/
5 Downloaded from https://drive.google.com/drive/folders/1a6cUI1UEWRTNbvqtLAfJU0wEJ4ssTqdz?usp=

share_link
6 https://github.com/versant2612/CKG_UseCases/tree/main/PoC

https://www.isi.edu/centers-ckg/
https://drive.google.com/drive/folders/1a6cUI1UEWRTNbvqtLAfJU0wEJ4ssTqdz?usp=share_link
https://drive.google.com/drive/folders/1a6cUI1UEWRTNbvqtLAfJU0wEJ4ssTqdz?usp=share_link
https://github.com/versant2612/CKG_UseCases/tree/main/PoC
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Table 1 Node types list related to Geopolitical History.

Status QNode Label Count
Seed (step1) Q3024240 historical country 2608
Seed (step1) Q6256 country 248
Seed (step1) Q512187 federal republic 11
Seed (step1) Q859563 secular state 8
Added (step 4) Q3624078 sovereign state 426
Added (step 4) Q48349 empire 78
Added (step 4) Q133156 colony 210

After selecting the subset of Wikidata nodes and edges relevant to the domain of Geopolitical
History, a profiling process was conducted to extract the latent schema of this subgraph. Since
no Wikidata schema exists to fully model each selected entity type, profiling was carried out
over the subset of claims and qualifications. [9]. Profiling aims to identify context qualifiers and
predicates already present in the KG and their frequencies of occurrence. It also gives insights
into formulating semantic rule interpretations for qualifiers’ existence, absence, and possible claim
contradictions. The profiling script7 and datasets result that revealed the latent WD schema are
available on GitHub8. Some results are commented on below to illustrate some findings.

We retrieved 163.129 claims with 83.264 qualifications about Countries. The top-5 countries
with most claims, are: Indonesia (Q252) – 1489; India (Q668) – 1475; United States of
America (Q30) – 1371; Papua New Guinea (Q691) – 1289; Australia (Q408) – 1223. The
top-5 most used predicates are: language used (P2936) – 10166; population (P1082) – 10165;
demonym (P1549) – 7485; diplomatic relation (P530) – 6827; Human Development Index
(P1081) – 6409.

There are 1261 claims with predicate P35 (head of state) to represent the relationship
between a country (or a geographic unit) and a person; 1103 of them are qualified by P580 (start
time) and 906 by P582(end time), both qualifiers correspond to temporal contextual information.
The qualifier P39 (position held) is associated with 239 claims as additive information since it
can be interpreted as an n-ary relationship where the position corresponds to the role of the head of
state in the relationship. There are also 79 claims (from 1261) qualified by P459 (determination
method) expressing how the person was chosen or designated as the head of state (for example,
by-election).

4.2 Competency Questions
Next, Competency Questions (CQ) were formulated (Table 2). CQs are domain-related natural
language questions with valid answers that are used to evaluate Ontologies [23] regarding coverage,
correctness, and accessibility. Each CQ has acceptable response specifications to fulfill the CQ
requirements. Commonly, CQ are elicited from interactions with domain experts but we manually
investigated the profiling results to identify temporal- and spatial-related questions that could
be answered. While conducting our research, we did not find an approach for the automatic
generation of CQs based on Wikidata similar to the RevOnt proposal [11].

The contextual aspects explicitly mentioned in the question and answer specifications are
highlighted. CQ0 and CQ1 are spatial-related while the others are temporal-related events.
CQ1 has two versions to add the temporal variation aspect. CQ2 requires provenance context

7 https://github.com/versant2612/CoaKG_UseCases/blob/815c67732f5fd3c84fc2abb2cf77214d0f9f56e9/
PoC/script_kgtk_WD_PoC.sh

8 Partial latent WD schema generated by profiling is available at https://github.com/versant2612/CoaKG_
UseCases/blob/09fac1a926cba9d7b43f33f72da9c2b77c7a1858/PoC/WDschema.md
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in the response. CQ3 has three temporal variations and CQ4 has two. These CQs should be
convertible into graph queries that should be answerable, with all contextual information, using
the CoaKG. The CoaKG Query Engine was evaluated to determine how to complete graph queries
and responses with missing context information and generate contextualized answers.

Table 2 Competency Questions about Geopolitical History.

ID Competency Question and Answers
CQ0 Question: How “<country alias name>” is spatially shaped today ? / What is the

current geographic representation of the geopolitical unit referring to “<country alias
name>”?
Acceptable Answer: Single Answer with a geographic representation, reference date,
and geopolitical unit ID
Acceptable Answer: Multiple Answer with a geographic representation, geopolitical
unit ID, reference date, all contextual information of geopolitical unit, and other
geopolitical unit identifiers

CQ1a What geopolitical units did “<CQ0 geopolitical unit>” replace?
Acceptable Answer: Multiple Answer with geopolitical units ID that were directly
replaced with its reference date.

CQ1b List the geopolitical changes of “<CQ0 geopolitical unit>” over time.
Acceptable Answer: Multiple Answers with geopolitical units ID that were, directly
and indirectly, replaced with replacement reference date.

CQ2 When was “<CQ0 geopolitical unit>"” founded/established?
Acceptable Answer: Single Answer with foundation date
Acceptable Answer: Multiple Answer with foundation date, criterion and other
provenance information
Acceptable Answer: Multiple Answer with geopolitical units ID that were directly
replaced with replacement reference date.
Acceptable Answer: Multiple Answer with geopolitical units ID that were directly
replaced with abolishment date.

CQ3a What is the current capital city of “<CQ0 geopolitical unit>”?
Acceptable Answer: Single Answer with Capital City name and start date
Acceptable Answer: Multiple Answer with Capital City name, start date and its
role

CQ3b What were the capital cities of “<CQ0 geopolitical unit>” over time?
Acceptable Answer: Multiple Answer with Capital City name, its role and time
periods

CQ3c What were the capital cities of “<CQ1b geopolitical unit list>” over time?
Acceptable Answer: Multiple Answer with geopolitical units ID that were directly
replaced, Capital City name, its role and time periods

CQ4a What position does the main administrative leader occupy in “<CQ0 geopolitical
unit>”, and who is the current leader?
Acceptable Answer: Single Answer with Leader name, start date and position
Acceptable Answer: Multiple Answer with Leader names, start date and its position

CQ4b What position do main administrative leaders occupy in “<CQ0 geopolitical unit>”,
and who were these leaders over time?
Acceptable Answer: Multiple Answer with Leader names, its position and time
periods
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4.3 Context Mappings and Rules
During CoaKG Engineering, since there is no predefined schema for each type of geopolitical
unit, the profiling results were analyzed with the CQs to identify context information explicitly
represented in the KG. Wikidata constraints for predicates and qualifiers were also considered.

The first step was guided by the procedure described in the first box of Appendix A using CQs
specific to the domain and following the profiling. The second step was guided by the procedure
described in Appendix A using only profiling, which can be reused for any domain. The contextual
mappings9 associated with them were added to the KG, transforming it into a CoaKG.

To illustrate, Wikidata profiling on predicate P35 (head of state) identified that 1103 out
of 1261 claims have a P580 (start time) qualifier, so in the respective context mappings it
was specified as a mandatory qualifier for temporal context as highlighted in Table 3. The most
frequent types of entity from the dataset, country (Q6256) and sovereign state (Q3624078),
have context predicates as shown in Table 4.

Table 3 Context Mappings of Predicates P35 and P1906 from CQ4.

Query
ID

Predicate Qualifier Context
Type

Status

CQ4

office held by head of
state (P1906)

start time (P580) Temporal Mandatory
end time (P582) Temporal Optional
statement is subject of
(P805) Provenance Optional

object has role (P3831)
location (P276) Location Optional

head of state (P35)

start time (P580) Temporal Mandatory
end time (P582) Temporal Optional
statement is subject of
(P805) Provenance Optionalsubject has role (P2868)
determination method
(P459)
end cause (P1534)
location (P276) Location Optional

Wikidata’s predicate or qualifier values can be either no-value, unknown, some-value, or an
actual value. No-value emphasizes that the value does not exist (yet) instead of being incomplete.
To reflect this characteristic of Wikidata and also deal with the absence of end date (P582)
qualifier, two interpretation rules were defined and written in Kypher as shown in Table 5. The
Match and where clauses correspond to the Body (IF) of rules while the return clause corresponds
to their Head (THEN).

4.4 Wikidata Contextualized Answers
Each CQ and its variations were manually translated into a graph query K. There are at least
four versions of K written in Kypher syntax: Original Query, Expanded with Exact Context,
Expanded with Possible Context, and Expanded with Missing Context. We also generated

9 Contextual mappings generated by the procedures described in appendix A are available at
https://github.com/versant2612/CoaKG_UseCases/blob/815c67732f5fd3c84fc2abb2cf77214d0f9f56e9/
PoC/context_mappings.tsv
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Table 4 Context Mappings for Entity Types.

Entity Type / Concept Property / Relationship Context
Type

Status

country (Q6256)
sovereign state
(Q3624078)

dissolved, abolished or
demolished date (P576) Temporal Optional

inception (P571) Temporal Mandatory
geoshape (P3896) Location Mandatorycontinent (P30)
part of (P361) Location Optionalcountry (P17)
described by source
(P1343)

Provenance Optional

ISO 3166-1 alpha-3 code
(P298) Identity Optional

GeoNames ID code (P1566)

Table 5 Temporal Context Interpretation for Wikidata Claims.

ID Interpretation Rule
I1 –match ’(v1)-[p1]→(), (p1)-[q1:P580]→(v2) ’

–where ’NOT EXISTS {(p1)-[q2:P581]→(v3)}’
–return ’"ckg:i1" as id, p1 as node1, "ckgr3" as label, "Inferred
Context" as label:label, "ckgl1" as node2, "Current" as node2:label’

I3 –match ’(v1)-[p1]→(), (p1)-[q1:P580]→(v2), (p1)-[q2:P581]→(v3) ’
–where ’v3 = “no value”’
–return ’"ckg:i1" as id, p1 as node1, "ckgr3" as label, "Inferred
Context" as label:label, "ckgl1" as node2, "Current" as node2:label’

additional graph queries to evaluate the completeness of the query and KG instances to achieve the
goal of retrieving all contextualized answers. The CoaKG Query Engine, which has not yet been
implemented, is the the component of the CoaKG4DSS architecture responsible for regenerating
queries automatically10.

We selected a few countries to explore using all CQ. Next, we present some examples of CQ to
illustrate the contextual information added to the answer.

CQ2: When was “Mexico (Q96)” founded/established?

There are five claims regarding the founding date of Mexico in Wikidata. The predicate
inception (P571) in Wikidata is defined with a SINGLE-BEST VALUE constraint11, meaning
that this type of constraint specifies that a Wikidata property typically holds a single value per
item. Therefore, it can be assumed that only one value is applicable in each respective context.
Each claim includes a qualification for criterion used (P1013) provenance qualifier. In this
case, the retrieved provenance context is essential to support the Trust Layer and evaluate each
one’s trustworthiness. Besides the source of information, provenance clarifies how the information
was obtained or calculated. This is an example where DOWA is present since, according to the
purpose of use, the decision-maker can consider one or the other foundation date as true and
adequate to the task.

10 The script with the translation template for K queries referring to CQs is available at
https://github.com/versant2612/CoaKG_UseCases/blob/815c67732f5fd3c84fc2abb2cf77214d0f9f56e9/
PoC/script_kgtk_PoC_qId.sh

11 For more explanation about this constraint see https://www.wikidata.org/wiki/Help:Property_
constraints_portal/Single_best_value

https://github.com/versant2612/CoaKG_UseCases/blob/815c67732f5fd3c84fc2abb2cf77214d0f9f56e9/PoC/script_kgtk_PoC_qId.sh
https://github.com/versant2612/CoaKG_UseCases/blob/815c67732f5fd3c84fc2abb2cf77214d0f9f56e9/PoC/script_kgtk_PoC_qId.sh
https://www.wikidata.org/wiki/Help:Property_constraints_portal/Single_best_value
https://www.wikidata.org/wiki/Help:Property_constraints_portal/Single_best_value
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Table 6 shows preferred and deprecated contextualized claims for the foundation of Mexico.
The deprecated claim is justified with the respective qualifier value, but the preferred one does not
have a preferred qualifier value, that is, it is unknown. Provenance context values for criterion
used (P1013) and statement is subject of (P805) are available for both claims.

Table 6 Two (out of five) contextualized Answers for CQ2: Q96.

CQ4a: What position does the main administrative leader occupy in “Canada (Q16)”, and
who is the current leader?

Since the Wikidata dump used is from June 2022, graph query K4a for the pair of predicates
{office held by head of state (P1906) and head of state (P35)} returns that the current
queen of Canada is Elisabeth II. Table 7 presents the answer. Note that head of state (P35)
claim is indicated as preferred rank, although the value for reason for preferred rank (P7452)
is unknown.

Besides, the claim does not have the end date (P582) qualifier, so by rule I1, the temporal
context is inferred as Current (Q16WDK4a-102). The temporal relationship between the position
and the leader was also inferred by the CoaKG Query Engine based on Co-domain Algebra; these
claims have temporal overlap (Q16WDK4a-65).

TGDK
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Table 7 Contextualized Answers for CQ4a: Head Of State of Q16.

Table 8 Contextualized Answers for CQ4a: Head Of Government of Q16.
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However, Queen Elizabeth died in September 2022, so on the Canada Wikidata page in October
2023, it is possible to retrieve that the current king is Charles III of the United Kingdom
(Q43274) as shown in Figure 8. This claim is marked as preferred rank and has a reason for
preferred rank qualifier value as most recent value (Q71533355), which is the reason for
preferred rank based on time. Analyzing the Canada Wikidata page in October 2023, there are
some claims whose end date (P582) qualifier has no value, but this preferred claim does not
have end date (P582) qualifier.

If the Wikidata dump had been updated and K4a executed on it, rule I1 would indicate this
new claim as the Current temporal context. This is an example of how interpretation rules can
infer implicit context information and generate a more contextualized answer.

Figure 8 Canada (Q16) reflects the KG update by community.

Graph query K4a for the pair of predicates {office held by head of government (P1313),
head of government (P6)} returns that the head of government is Prime Minister of Canada
(Q839078). However, this claim (Q16WDK4a-68) is incomplete regarding temporal and provenance
context, end date (P580) and statement is subject of (P805) qualifier values are unknown,
as shown in Table 8.

Regarding to head of government (P6), Q16WDK4a-115 claim has start date (P580) but
does not have the end date (P582) qualifier. So, by rule I1, the temporal context is inferred as
Current (Q16WDK4a-202). In such a scenario, the temporal relationship between the position
(Q16WDK4a-68) and the leader (Q16WDK4a-115) cannot be inferred by the CoaKG Query Engine
based on Co-domain Algebra. However, all missing required contextual information is explicitly
indicated in the answer.

5 Related Work

In essence, KBDSS are specialized systems that combine expert knowledge with structured
decision-making processes to provide valuable support for making informed decisions. The major
components of a KBDSS include the KB [37]. A framework to integrate DSS and Enterprise KG
(EKG) as its knowledge repository was proposed by [15]. However, they argued that the quality
issues of KGs must be addressed before integration. Refinements should be applied to remove
inconsistency, incorrect, conflicting, or contradictory data and to address KG incompleteness.

TGDK
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We agree that the quality of statements/claims is crucial in DSS. Still, different from them, in our
proposed architecture for DSS the Trust Layer should deal with potentially inconsistent, conflicting,
and contradictory data using context information. CoaKG, under the DOWA, represents different
perspectives that can be applied to different decision-making scenarios. The Knowledge Layer does
not resolve apparent conflicts among the data, as the Trust Layer should handle this according to
the user and task requirements. Conflict resolution in the Knowledge Layer can introduce bias
and restrict the user’s decision-making power.

KGs have been used in various tasks, and some recent works about recommendation systems
(RS) incorporate KGs to alleviate the item cold-start and sparsity problems. However, KG-based
tasks, applications, and state-of-the-art KGR methods need to consider that real-world KGs
inevitably end up having a large amount of untrustworthy information [16]. The authors developed
a trustworthiness-aware KG representation method called TrustRec.

TrustRec leverages internal structures of KGs to calculate a trustworthiness estimator, which
gives the degree of triples’ certainty and integrates it into noise-tolerant KGR and item representa-
tions for RS. Similarly, the Trust Layer, included in the proposed architecture, can compute a trust
indicator based on the trust policies of the decision-making task to rank the contextualized answers
retrieved from the Knowledge Layer. This computation may consider both the KG instances and
the context mappings.

Regarding exploratory search applications, it is crucial to consider that users often need to
become more familiar with the KG structure, actual contents, and the domain of the information
they are exploring. Solutions to address these challenges have been proposed based on approximate
methods, query expansion, and query refinement techniques.

TriniT is a KG exploratory querying system [41] that addresses vocabulary mismatch problems
using rules for query relaxation. Users are often unfamiliar with the KG structure and the labels
of entities, classes, and relations. This phenomenon makes it difficult for users to formulate proper
graph queries. Their relaxation rules translate the original triple pattern into a semantic similar
one that can be answered. Besides, TriniT also treats KG incompleteness at query time using
Open Information Extraction (OIE) tools to extract triples from external sources. The eXtend
KG (XKG) comprises the original KG and new triples associated with their provenance context.
Although the new triples have lower confidence than triples from the original KG, both contribute
to the final answer.

The CoaKG Query Engine also considers that users may be unfamiliar with the KG structure
and the information needed. Graph queries generated by the user or system interface or the Trust
Layer may need to be completed regarding context. The original graph query K is evaluated
in relation to entity types, concepts, predicates, and qualifiers against the context mappings C
and can be expanded to retrieve context information. Co-domain Algebra for context values can
also modify the graph query when the graph pattern is disconnected to extract implied relations.
KG incompleteness regarding contextual information is addressed through semantic rules I and
Co-domain Algebra, inferring implicit context.

Another approach found in the literature involves interactive graph query expansion over
KGs [24]. Sample query results are used as input to generate the top k-most relevant expansions.
The original query input is complemented with edges using their Bag-of-Labels Model for Graph
definition inspired by how language models expand keyword queries. Two unsupervised methods
(Labels and pseudo-relevance feedback) rank query expansions based on estimated relevance.

Unlike this work, CoaKG Query Engine expands a graph query K with context information,
adding qualifiers for claims and predicates for entities based on the context mappings the KG
Engineer added to the KG. All Contextualized Answers A are retrieved and sent to the Trust
Layer, which can apply trust policies and rules using context information to rank or filter the
contextualized claims and entities according to user and task context of interest.
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Concerning knowledge context representation and manipulation of triple-based KGs, Homola
et al., 2010 [21] proposed contextualized knowledge repository (CKR). A CKR is a pair K = <D,
C> where C represents the set of contexts, and D is a Description Logic KB. CKR adopts the
theoretical perspective of context as a multidimensional space and the metaphor of context as a
box that contains triples associated with the same context. The CoaKG also contemplates explicit
contextual information associated with claims, represented as triples, besides entities and concepts.
Unlike CKR, CoaKG adopts a multi-layer graph data structure that enables in-depth exploration
of context information navigating through n-layers. Additionally, implicit context can be inferred
using rules and Co-domain Algebra at query time by CoaKG Query Engine.

6 Conclusion

In this section, we review our results and contributions, and point out future work.
Considering the flow of information for decision-making presented (Figure 2) and the oppor-

tunity to use KGs as knowledge repositories, some relevant issues related to the context needed to
be addressed:

How can each element type be differentiated if the knowledge repository consists of entities
and claims with respective meta-information regarding the context?
How to identify the different types of context represented in the knowledge graph?
How to identify the lack of information about a relevant context for decision-making?
If queries do not specify context, how can they be modified to retrieve the relevant context?
If context information is implicit and not materialized in the repository, how can it be inferred
using the retrieved information?

Our research answered theses questions, preparing and querying KGs to support context-aware
exploration in decision-making scenarios. We designed a framework for CoaKG4DSS composed of
a Decision Layer, a Trust Layer, and a Knowledge Layer. Our observation of how KGs operate
in practice led to the formulation of DOWA, hitherto implicit in crowd-sourced KGs such as
Wikidata. DOWA asserts that the mere presence of a statement in a KG does not warrant its
truthfulness.

Overall, the research considered some premises: (i) Graph queries can be contextually incom-
plete; (ii) KGs can be contextually incomplete in a general sense and also regarding contextual
information; (iii) implicit context can be extracted from KGs based on semantic rules and context
values operations; (iv) CoaKG should operate under DOWA; and (v) contextual information,
absent or already available in KGs, should be explicitly identified to enable a more informed
decision by users regarding trust.

A graph query K, issued so that the information retrieved at least partially satisfies an
information need, may be complete or incomplete with respect to context specification. In the
case of incomplete queries, the proposed CoaKG Query Engine uses the context mappings C to
expand the graph query K to retrieve all Contextualized Answers A from H’.

This PoC is a small-scale approach used to demonstrate the feasibility of an idea. Our PoC
aims to demonstrate that the Knowledge Layer is capable of providing Contextualized Answers
to the Trust Layer, enabling the construction of DSSs based on CoaKGs. Since we cannot rely
on a knowledge expert, we chose a domain that is relatively easy to understand, explore, and
develop CQs. We selected a subset of Wikidata, restricted to the Geopolitical History domain,
using a method of filtering nodes, claims, and qualifiers to generate a standard KG represented
in the multilayer model. Then, we applied our KG Engineering steps using this standard KG
as input to identify the explicit context, built the mappings using the proposed schema, and
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added these mappings to the KG itself, transforming it into a CoaKG. We also developed two
examples of rules to infer the implicit context. The CQs were manually converted into graph
queries that were completed by simulating the operation of the proposed CoaKG Query Engine.
The scripts and graph queries developed, as well as the datasets and contextualized responses
generated throughout the PoC are publicly available on GitHub, allowing reproducibility.

We acknowledge that our PoC currently focuses on Wikidata and does not explicitly evaluate
CoaKG against other existing KGs. Given the scope of this work, we frame this aspect as future
work.

Although the POC only used a subset of Wikidata, we claimed that any KG, crowd-sourced
or constructed by integrating several different information sources, should operate under DOWA
and be consumed through a Trust Layer. However, the Trust Layer was not detailed for the PoC,
being indicated as future work. We are currently evaluating the use of the Reference Ontology of
Trust (ROT) [4] to specify trust policies. ROT can answer questions about the nature of trust
and its influential factors. Trust policies can be used to identify trustworthiness evidence that the
decision maker agent (trustor) would like to receive to trust Contextualized Answers A (trustee).
It could also be used by the Trust Layer to generate trust calibration signals that transform
Contextualized Answers A into Trusted Information A’.
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A CoaKG Engineering

This appendix details the engineering process for creating the Context Augmented Knowledge
Graph (CoaKG) using Wikidata (WD) as a foundational resource. It outlines the steps taken
to develop context mappings for both competency questions and generic contexts, facilitating a
structured approach to contextualizing information.

Listing 1 describes the procedure for addressing WD competency questions by identifying
relevant relationships, attributes, and context types, and creating appropriate mappings.

Listing 2 focuses on the engineering of generic context by identifying widely applicable predicates
and qualifiers across entity types, enabling the establishment of optional context mappings.

Listing 1 CoaKG Engineering for WD Competency Questions.
For each Competency Question :

Identify relationships or attributes and context types of interest
mentioned .

For each relationship or attribute :
Identify the WD predicate and qualifiers associated .
For each WD predicate :

Identify the context types associated (or not ).
For each contextual qualifier :

Verify its frequency to define mandatory or optional
Create context mappings between WD predicates , qualifiers ,
and context types

For each context type:
Verify if a semantic rule can be built;
Verify if a default context can be defined ;

Identify the entity and context types of interest mentioned .
For each entity type;

Identify entity type (or concept ) and its predicates associated .
For each predicate :

Identify the context types associated (or not ).
For each contextual predicate :

Verify its frequency to define mandatory or optional .
Create context mappings between WD entity types , predicates ,
and context types

For each context type:
Verify if a semantic rule can be built;
Verify if a default context can be defined .

For each entity type (or concept ):
Identify WD predicates with identity semantics .
Create identity mappings between WD entity types and

WD predicates

Listing 2 CoaKG Engineering for WD Generic Context.
For the Generic Context , using entity types , predicates , and qualifiers

frequency :
Identify predicates applicable to most entity types (or concepts );

Create context mappings between WD entity types and predicates
of interest as optional .

Identify qualifiers applicable to most predicates ;
Create context mappings between WD predicates and qualifiers

of interest as optional .
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