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Abstract
Nowadays, the use of Open Government Data (OGD) has increased the availability of public information for
reuse by both private companies and public entities, while also enhancing transparency and data-driven decision-
making to derive value-added insights. However, transforming heterogeneous open datasets into reliable, reusable
knowledge remains a significant challenge due to structural inconsistencies, formatting issues, incomplete meta-
data, semantic heterogeneity, and limited interoperability. Consequently, knowledge graphs warrant attention, as
they offer a suitable representation for integrating heterogeneous sources and facilitating semantic access to orga-
nizational and public knowledge; nevertheless, their effectiveness depends on the quality of the underlying data
and the semantic models employed. This article investigates the impact of incorporating Quality by Design (QbD)
principles during the construction of knowledge graphs from open government data. Unlike other approaches
that assess quality only after data publication or graph construction, this work aims to identify the quality
requirements necessary during the initial stages of semantic modeling and data transformation. Furthermore, the
research adopts an experimental approach comparing knowledge graphs built with and without explicit quality
requirements, evaluating aspects such as semantic consistency, completeness, interoperability, query correctness,
and knowledge reusability. This study uses open government data as a case study to analyze whether quality
requirements incorporated during knowledge construction contribute to generating more reliable and reusable
knowledge assets. The contribution of this work lies in an empirical evaluation of the relationship between QbD
and knowledge graph quality, as well as a quality-oriented approach to facilitating the transformation of open
government data into reusable semantic knowledge.
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1. Introduction

Today, Open Government Data (OGD) [1, 2] initiatives have increased the availability of public infor-
mation to foster transparency, accountability, research, innovation, and data-driven decision-making.
Governments are increasingly publishing datasets via open data portals, facilitating access to informa-
tion that can be reused by citizens, organizations, researchers, and public institutions [3, 4]. However,
the availability of data does not guarantee that it can be seamlessly transformed into reliable, reusable
information. Accompanying this are numerous issues—such as heterogeneous formats, incomplete
metadata, inconsistent representations, semantic ambiguities, and limited interoperability—that can
hinder the integration and meaningful reuse of public information [5]. Consequently, a major challenge
lies not only in making government data available but also in ensuring that the resulting knowledge
can be reliably represented [6], interpreted, queried, integrated, and reused.

In this context, Linked Open Data (LOD) [7, 8] technologies offer mechanisms to address some of these
challenges by representing resources and relationships using machine-readable semantic structures
[9]. In particular, the Resource Description Framework (RDF) [10] enables data to be represented
as interconnected statements, while vocabularies and ontologies provide semantic structures that
facilitate interoperability among heterogeneous information sources [11]. Knowledge graphs build
upon these principles by representing entities and their relationships as interconnected knowledge
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structures, thereby enabling semantic queries and facilitating knowledge integration, discovery, and
reuse [12]. From a knowledge management perspective, this transformation allows for the organization
and representation of information from heterogeneous data sources [8], with the aim of facilitating its
interpretation and reuse.

However, constructing a knowledge graph from open government data depends heavily on data
quality, decisions made during semantic modeling, and the transformation process itself. Data quality
issues that are not identified or addressed during these stages can propagate to the resulting knowledge
graph and compromise the reliability of the knowledge. For instance, incomplete information can lead
to incomplete knowledge representations; inconsistent values can result in semantically inconsistent
entities or relationships; and inadequate vocabulary mappings can limit interoperability with other
knowledge sources. Therefore, quality assessment should not be viewed merely as a downstream
activity but rather should be integrated into the initial stages of the knowledge construction process.

This perspective aligns with the “Quality by Design” (QbD) principle [13], which holds that quality
requirements should be considered from the earliest phases of a process rather than addressed as an
afterthought [14]. When applied to knowledge graph construction [15], the QbD approach implies that
quality requirements must be considered during data preparation, semantic modeling, transformation,
and knowledge representation. This approach can help prevent quality issues from propagating to the
resulting knowledge asset, thereby enhancing its reliability [16, 17].

Figure 1: Proposal conceptual framework for Knowledge QbD in Open Government Data pipeline: from raw
data integration to reliable knowledge reuse.

Figure 1 illustrates that, to systematically address the challenges of data heterogeneity and semantic
ambiguity in OGD, this study demonstrates an interaction between knowledge graph engineering and
quality assurance. Following the QbD paradigm, quality requirements are not treated as a post-hoc
assessment but are instead natively integrated into the initial stages of data preparation and modeling
[18, 19].

This issue becomes evident in the context of government open data, where various agencies generate
datasets using distinct structures, vocabularies, metadata practices, and publication procedures. In such
environments, constructing a knowledge graph requires more than the mere technical conversion of
datasets into RDF format [20, 21]; it entails making decisions regarding entity identification, relationship
representation, vocabulary alignment, the management of incomplete or inconsistent information, and
the incorporation of semantic constraints into the resulting representation. While previous research
has independently addressed Linked Data quality assessment, semantic interoperability, knowledge
graph construction [22], and knowledge management, there remains a need to better understand the
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relationship between the quality requirements incorporated during graph construction and the quality of
the resulting knowledge [23]. This study addresses precisely that research gap. Based on the foregoing,
this research addresses the following question:

RQ1: How does the incorporation of “Quality-by-Design” principles during the construction of knowledge
graphs affect the semantic quality and reusability of open government data?

To answer this question, the study proposes an experimental comparison between two knowledge
graph construction approaches. The first approach represents a conventional construction process
in which quality is primarily assessed after the knowledge representation has been generated. The
second incorporates explicit quality requirements throughout the construction process, following
“Quality-by-Design” principles. Subsequently, the resulting knowledge graphs are evaluated using a
multidimensional knowledge quality model comprising five dimensions: semantic consistency, com-
pleteness, interoperability, query correctness, and reusability. The research is based on the following
hypothesis:

H1: Knowledge graphs constructed by applying "Quality-by-Design" principles achieve higher levels of
knowledge quality than those developed without incorporating quality considerations.

Therefore, the main contribution of this article is not the development of yet another knowledge
graph construction technique, but rather the empirical evaluation of the effect that a quality-oriented
construction approach has on the resulting knowledge. The study brings a quality-centric perspective
to knowledge graph construction by linking data quality requirements with knowledge management ob-
jectives. Specifically, it: (i) defines a multidimensional model to assess knowledge quality in knowledge
graphs derived from open government data; (ii) operationalizes “Quality-by-Design” principles within
the knowledge graph construction process; (iii) establishes an experimental comparison between con-
ventional construction approaches and quality-oriented ones; and (iv) analyzes the resulting differences
regarding semantic coherence, completeness, interoperability, query correctness, and reusability.

The remainder of the article is organized as follows. Section 2 presents the conceptual foundations of
open government data, linked open data, knowledge graphs, knowledge management, and Quality-
by-Design. Section 3 reviews research related to linked data quality, knowledge graph construction,
and quality-oriented knowledge management, identifying the research gap addressed by this study.
Section 4 describes the research methodology, including research questions, hypothesis, experimental
design, and evaluation criteria. Section 5 presents the proposed QbD approach for knowledge graph
construction. Section 6 describes the case study based on open government data. Section 7 presents
experimental evaluation and results. Section 8 discusses the findings and their implications for knowl-
edge management. Section 9 addresses threats to validity, and Section 10 presents the conclusion and
future lines of research.

2. Conceptual Foundations

2.1. Knowledge Graphs as Knowledge Assets

A knowledge graph is a structured representation in which entities, attributes, and relationships are
explicitly represented and interconnected. Beyond merely representing individual facts, knowledge
graphs offer a graph-based structure for organizing heterogeneous information regarding semantically
identifiable entities. This feature enables access to knowledge through relationships, rather than
exclusively through isolated records or attributes. From a knowledge management perspective, a
knowledge graph can therefore be viewed as a knowledge asset rather than simply a data structure. It
possesses the capacity to represent domain knowledge in a way that allows it to be queried, interpreted,
linked to other sources, and reused by various users. This approach highlights the relationship between
the technical generation of graph triples and the characteristics of the knowledge they represent.

The most compelling advantage of knowledge graphs is that they are constructed from heterogeneous
sources. A single entity may be represented in different ways across datasets; relationships may
carry diverse meanings, and certain properties might be missing or represented using incompatible
vocabularies. Consequently, the resulting graph embodies the semantic decisions made during its
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construction. Based on the foregoing, this study considers the knowledge graph to be the knowledge
representation layer situated between the original open government data and its subsequent use,
distinguishing the quality of the original data from the quality of the knowledge representation generated
from it. The quality of this layer is evaluated based on the extent to which the represented knowledge
is coherent, sufficiently complete, interoperable, effectively consulted, and reusable.

2.2. Knowledge Representation and Semantic Constraints

Knowledge representation involves formalizing concepts, entities, properties, and relationships so that
they can be processed by computational systems. In knowledge graph environments, this representation
typically relies on semantic technologies such as RDF, RDF Schema, ontologies, controlled vocabularies,
and associated constraint languages. Consequently, the selection and application of semantic models
entail design decisions that directly influence the resulting knowledge representation. These decisions
encompass identifying classes and properties, defining relationships between entities, reusing existing
vocabularies, aligning concepts from diverse sources, and representing constraints within the graph.
Semantic constraints are particularly significant because syntactic validity does not guarantee semantic
validity. A graph may conform to the RDF data model yet contain relationships incompatible with
the intended conceptual model. Similarly, an entity might be represented by a syntactically valid
identifier but be associated with an inappropriate class or property. This research treats semantic
constraints as mechanisms for expressing the expected conditions of the knowledge representation; these
conditions may relate to cardinality, data type restrictions, class membership, property usage, mandatory
relationships, controlled values, and other domain-specific requirements. Constraint validation provides
a mechanism to determine whether the generated graph conforms to the intended representation. In
the proposed approach, these constraints are not limited to the final evaluation of the knowledge graph;
rather, they are considered during the construction process, allowing quality requirements to influence
modeling and transformation decisions before the final knowledge asset is generated. This distinction
is fundamental to the experimental design presented in Section 4: the conventional approach and
the “Quality-by-Design” approach differ primarily in the timing and way quality requirements are
incorporated into the construction process, rather than in the graph technology itself.

2.3. Knowledge Quality

The quality of a knowledge graph cannot be characterized solely by evaluating the quality of its source
data. While data quality assessment provides established dimensions for evaluating Linked Data,
the construction of a knowledge graph introduces considerations requiring additional factors to be
considered, such as semantic issues and usage aspects. It is worth noting that previous research has
identified a wide range of quality dimensions for Linked Data, such as completeness, consistency,
validity, and interoperability, demonstrating that quality involves multiple analytical perspectives
[24]. More recent studies have extended this view specifically to knowledge graphs, proposing quality
dimensions and metrics that consider not only the graph’s internal characteristics but also its suitability
for specific applications and tasks [25]. Building on these approaches, this research conceptualizes
“knowledge quality” as the quality of the knowledge asset resulting from the semantic transformation
and representation of heterogeneous data. Rather than replicating an existing quality framework, this
work focuses on five dimensions that are particularly relevant to the construction and use of knowledge
graphs derived from open government data: 𝐾𝑄 = {𝑆𝐶,𝐶, 𝐼,𝑄𝐶,𝑅} where SC represents semantic
consistency, C completeness, I interoperability, QC query correctness, and R reusability. The five
dimensions are defined as follows.

2.3.1. Semantic consistency

This refers to the degree to which the entities, classes, properties, and relationships represented in a
knowledge graph conform to the semantic model. This dimension focuses on the absence of semantic
contradictions and the proper use of conceptual structures defined by selected vocabularies or ontologies.
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Consistency is a recognized dimension in Linked Data quality assessment and is particularly relevant in
the construction of knowledge graphs, as semantically incompatible representations can arise even when
the graph is syntactically valid [24]. Therefore, in this study, semantic consistency determines whether
the generated knowledge complies with the semantic constraints established during the modelling
process.

2.3.2. Completeness

Completeness refers to the extent to which the knowledge graph contains the information needed to
properly represent the relevant entities, properties, and relationships of the domain. Completeness is
a well-studied dimension in linked data and knowledge graph quality research [24, 25]. In this study,
completeness is not understood simply as having many triples. Instead, it is evaluated according to
the requirements defined for the intended knowledge representation. Therefore, missing required
properties or relationships, as well as incomplete descriptions, may reduce the knowledge graph’s
ability to represent relevant domain knowledge.

2.3.3. Interoperability

Interoperability represents the knowledge graph’s ability to integrate and exchange knowledge with
other datasets, semantic models, vocabularies, and information systems. Interoperability is crucial
for linked data, as the value of interconnected knowledge depends, in part, on the ability to establish
meaningful links between independently generated resources [24]. In the proposed model, interoper-
ability refers to the extent to which the semantic representation can connect with external knowledge
resources using compatible vocabularies, identifiers, and semantic relationships. In this regard, this
dimension extends the evaluation beyond the graph’s internal correctness and considers its capacity to
participate in a broader knowledge ecosystem.

2.3.4. Query Correctness

Query correctness refers to the extent to which queries executed on the knowledge graph return
results that match the intended information requirements and the semantics represented in the graph.
This dimension provides a task-oriented perspective for assessing knowledge quality. Recent research
suggests that evaluating a knowledge graph only at the data level may not be sufficient, because its
quality also depends on its ability to support practical tasks [26, 27]. Therefore, this study uses query
execution to assess whether the semantic representation of the knowledge graph can provide correct
answers to predefined information requirements. Query correctness is not considered a conventional
Linked Data quality dimension adopted without changes. Instead, it is defined as a task-oriented
dimension that connects the structural and semantic characteristics of the knowledge graph with its
practical use.

2.3.5. Reusability

Reusability describes how effectively the knowledge represented in a knowledge graph can be reused
by different users, applications, analytical processes, or integration scenarios. This concept is related to
quality principles such as accessibility, interoperability, understandability, and the reuse of Linked Data
[24]. However, in knowledge graph environments, reusability also depends on whether the resulting
knowledge can support the intended uses. Recent studies highlight the importance of evaluating
the usefulness of knowledge for downstream applications, rather than focusing only on the internal
characteristics of the graph [26, 28]. Therefore, reusability can be considered a higher-level outcome
that is influenced by the other dimensions of knowledge quality.
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3. Research Gap and Contribution

Recent studies have proposed various approaches for constructing knowledge graphs from heteroge-
neous data, analyzing stages such as data preparation, ontology modeling, integration, graph generation,
and validation. Hofer et al. [29] highlighted the need to better integrate these activities and quality
assurance into the construction process. Similarly, Meckler [30] proposed a requirements-based con-
struction procedure, using competency questions to guide knowledge graph development. While these
studies demonstrate the importance of considering requirements during construction, they do not
experimentally compare conventional construction strategies with quality-oriented ones.

Other approaches have focused on the automated, domain-specific construction of knowledge graphs.
Zhang and Soh [31] demonstrated that the organization of the construction process can influence the
quality of the generated knowledge, while Li et al. [32] incorporated iterative quality control into the
construction of a medical knowledge graph. In another study by the same authors [33], the combination
of knowledge graph construction and quality assessment in the cybersecurity domain is presented, and
Feng et al. [34] used competency questions to guide the construction of ontology-based knowledge
graphs. Although these approaches integrate quality-related activities into the construction process,
they do not evaluate their effect on multiple dimensions of knowledge quality through a controlled
comparison.

Based on what was previously mentioned, a research gap persists regarding the empirical effect of in-
corporating explicit quality requirements throughout the knowledge graph construction process. There
is little evidence comparing knowledge graphs built with and without quality-oriented requirements
under similar conditions or evaluating their impact across multiple quality dimensions.

Therefore, this study compares two Knowledge Graph construction strategies. The first uses a
conventional construction process, while the second includes quality requirements during data prepara-
tion, semantic modelling, transformation, and validation. The resulting Knowledge Graphs are then
evaluated using the five Knowledge Quality dimensions defined in Section 2.3: semantic consistency,
completeness, interoperability, query correctness, and reusability.

This study focuses on knowledge graph construction, knowledge quality, and the QbD approach
utilizing heterogeneous open government data. Rather than simply proposing a new quality metric
or construction method, this research evaluates whether incorporating quality requirements during
construction improves the quality of the resulting knowledge graph.

4. Research Methodology

4.1. Research Design

This research employs an experimental design to analyze whether incorporating QbD principles during
knowledge graph construction contributes to improving the quality of the resulting knowledge.

To this end, two strategies are compared: a) a Conventional Construction Approach (CCA), in which
data are transformed into a knowledge graph via a standard modeling and transformation process, with
quality assessment performed after the graph is built; and b) a Quality by Design Approach (QbD-A), in
which specific quality requirements are incorporated throughout the construction process, including
data preparation, semantic modeling, data transformation, and validation.

Both approaches utilize the same government open data sources, domain, target semantic repre-
sentation, and evaluation procedure. Therefore, the primary difference lies in the incorporation of
quality requirements during the construction process. Figure 2 illustrates the design presented in this
work. Both construction strategies originate from the same Open Government Data (OGD), referring to
the raw datasets obtained from selected open data sources. The first branch follows the Conventional
Construction Approach (CCA), wherein source data is transformed into a Knowledge Graph via a
conventional construction process, yielding the KG-CCA (Knowledge Graph based on the Conventional
Construction Approach). The second branch follows the proposed Quality by Design Approach (QbD-
A), incorporating quality requirements throughout the construction process to produce the KG-QbD
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Figure 2: Experimental design for comparing Conventional and QbD Knowledge Graph construction approaches.

(Knowledge Graph based on Quality by Design). Both Knowledge Graphs represent the same domain
and are subsequently evaluated using the same knowledge quality model and evaluation procedure,
enabling a controlled comparison of the construction strategy’s impact on the resulting knowledge
quality.

4.2. Research question and hypothesis

As introduced in Section 1, the experiment is guided by RQ1 and examined through H1, which are
restated here only in relation to the five knowledge quality dimensions compared between KG-QbD
and KG-CCA.

4.3. Experimental Variables

The independent variable is the Knowledge Graph construction strategy, with two levels:

• CCA: Conventional Construction Approach.
• QbD-A: Quality-by-Design Approach.

The dependent variable is Knowledge Quality (KQ), operationalized through the five defined dimen-
sions: 𝐾𝑄 = {𝑆𝐶,𝐶, 𝐼,𝑄𝐶,𝑅}, where SC, C, I, QC, and R are the five dimensions defined in Section
2.3.

On the other hand, Table 1 shows the different variables for this context.

Table 1
Table shows variables and operationalization.

Variable type Variable Operationalization

Independent Construction strategy CCA / QbD-A

Construction strategy Knowledge Quality SC, C, I, QC, R

The source data, domain, semantic representation, and evaluation procedure remain consistent across
the CCA and QbD-A conditions.

4.4. Experimental Setting

The experimental units are KG-CCA and KG-QbD, generated from the same OGD source. This pro-
posal uses the “Subte: GTFS” dataset [35, 36] published via Buenos Aires Data. This dataset provides
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information on the Buenos Aires subway system in accordance with the GTFS (General Transit Feed
Specification), including agencies, routes, trips, stop times, stops, service calendars, fares, and transfers.
To ensure a proper comparison, the source dataset, data scope, domain, target entities and relationships,
semantic representation, evaluation queries, quality dimensions, and evaluation procedures are kept
constant for both construction conditions. The difference between the two conditions lies in how quality
requirements are incorporated into the construction process. As previously mentioned, under the CCA
condition, data are transformed following the conventional construction process and evaluated subse-
quently. Under the QbD-A condition, explicit quality requirements are defined prior to construction and
incorporated into data preparation, semantic modeling, transformation, and validation activities. This
setup allows for examining whether the construction strategy influences the quality of the resulting
knowledge, while minimizing the influence of other experimental factors.

4.5. Experimental Procedure

The experimental procedure comprised five main stages: (1) preparation of the OGD source data; (2)
construction of the knowledge graph using the Conventional Construction Approach (KG-CCA); (3)
construction of the knowledge graph following the Quality-by-Design approach (KG-QbD), incorporat-
ing explicit quality requirements during the construction process; (4) evaluation of both knowledge
graphs using the five Knowledge Quality dimensions and the defined competency questions; and (5)
comparative analysis of the resulting quality scores. Both approaches used the same source data, target
semantic representation, evaluation dimensions, validation rules, and correction criteria, with the main
difference being when and how quality requirements were incorporated into the construction process.

5. Quality-by-Design Approach for Knowledge Graph Construction

This section presents the proposed Quality-by-Design (QbD-A) approach for constructing knowledge
graphs from open government data (OGD). The approach is designed to establish a traceable relationship
between construction activities and the knowledge quality dimensions defined in the previous section.
The proposed QbD-A approach integrates quality requirements into key stages of knowledge graph
construction: data preparation, semantic modeling, transformation, and validation. Quality requirements
are defined prior to construction and subsequently used to guide decisions made at each stage. During
the data preparation stage, source data is examined for structural inconsistencies, missing values,
duplicate identifiers, and invalid references.

Figure 3: The resulting processes.

During semantic modeling, quality requirements are incorporated into the definition of entities,
properties, and relationships. During transformation, these requirements guide identifier mapping,
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property generation, data type assignment, and relationship creation. Finally, the validation stage
verifies whether the resulting knowledge graph meets the quality constraints defined prior to the final
assessment of knowledge quality. It is shown in Figure 3.

For the experimental case study, examples of quality requirements include: valid and unique identi-
fiers, complete mandatory attributes, valid references between related entities, compatible semantic
relationships, consistent use of identifiers and vocabularies, and the ability to answer predefined
competency questions.

6. Experimental Case Study

This work focuses on the “Subte: GTFS” dataset [35, 36], which describes the Buenos Aires subway
system using the General Transit Feed Specification (GTFS); it provides structured information regarding
agencies, routes, trips, stops, stop times, service calendars, fares, and transfers. It was selected because it
constitutes a real-world source of open government data comprising multiple related entities and explicit
links, elements ideally suited for semantic transformation into a knowledge graph. The dataset serves as
a common input for both experimental conditions. Consequently, neither CCA nor QbD-A modifies the
source data; rather, the experimental difference lies in how quality requirements are addressed during
the transformation of that data into knowledge. The main entities considered in the case study are
Agency, Route, Trip, Stop, Stop Time, and Service, along with the relationships necessary to represent
their semantic associations. This scope provides a sufficiently connected structure to evaluate semantic
coherence, completeness, interoperability, query correctness, and reusability.

Two knowledge graphs are constructed from the same GTFS source: KG-CCA and KG-QbD. In the
CCA condition, source data are transformed into RDF following the target semantic model, while quality
checks are applied primarily after the graph has been built. In the QbD-A condition, quality requirements
are incorporated into the data preparation, semantic modeling, transformation, and validation phases,
prior to the final evaluation of knowledge quality. For KG-CCA, the construction process focuses on
representing source entities and their relationships according to the selected semantic model. For
KG-QbD, this transformation is complemented by explicit quality requirements. The requirements are
translated into validation rules that can be automatically verified during the construction process. For
example, a Trip must reference a valid Route and Service, while a StopTime must reference a valid Trip
and Stop.

Furthermore, mandatory properties must be present, and identifiers must remain consistent through-
out the transformation. The validation results provide evidence as to whether the construction process
meets predefined requirements and identify potential quality issues prior to the final assessment of
knowledge quality. The quality requirements are linked to the five dimensions of the Knowledge Quality
model.

Table 2
Table shows quality requirements.

Dimension Main quality requirement Evaluation focus

SC
Valid classes, properties, identifiers, and
relationships

Compliance with the semantic model

C
Presence of mandatory entities, attributes,
and relationships

Coverage of required knowledge

I
Consistent identifiers and compatible vo-
cabularies

Ability to connect with external resources

QC
Valid semantic relationships and compe-
tency questions

Correct answers to predefined queries

R
Consistent and sufficiently complete rep-
resentation

Support for alternative uses and queries
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Table 2 summarizes the relationship between the construction requirements and the evaluation
dimensions.

This analysis considers competency questions to represent the intended information requirements.
Examples include identifying the routes served by a stop, determining the stops associated with a trip,
retrieving the service linked to a trip, and identifying the sequence of stops for a specific trip. These
questions determine whether semantic representation provides the information required by users and
applications. Thus, query correctness complements structural validation by evaluating the knowledge
graph from a usage-oriented perspective.

7. Experimental Evaluation and Results

7.1. Experimental Dataset and Evaluation Setup

The experimental evaluation was conducted using the Subte: GTFS dataset published by the Government
of the City of Buenos Aires [35, 36]. The dataset describes the Buenos Aires subway transportation
network and includes information about agencies, routes, trips, stops, stop times, service calendars,
pathways, and transfers. The supplied GTFS feed contains the core files required to represent the transit
service, including agency.txt, routes.txt, trips.txt, stops.txt, stop_times.txt, and calendar.txt. The GTFS
specification defines the identifiers and foreign-key relationships connecting these files, such as the
relationship between trips and routes, trips and services, and stop times and trips and stops [GTFS
Reference]. The version of the feed used in this experiment identifies the publisher as GP-SBASE and
reports feed version 2.0, with a service period from May 1, 2014 to December 31, 2019. The supplied
dataset contains 1 agency, 8 routes, 48 trips, 708 stops, 714 stop-time records, 3 service definitions, 967
pathway records, and 112 transfer records.

Two knowledge graphs were considered: KG-CCA, constructed using the Conventional Construction
Approach, and KG-QbD, constructed following the Quality-by-Design approach. Both approaches use
the same source dataset, domain, semantic representation, entity scope, and final evaluation procedure.
The distinction between them concerns the point at which quality requirements are incorporated into
the construction process. For KG-CCA, the source data are transformed into a semantic representation
without explicitly incorporating the quality requirements as construction constraints. Quality is subse-
quently assessed on the resulting representation. For KG-QbD, the same requirements are incorporated
during data preparation, semantic mapping, relationship construction, and validation. In particular,
identifier uniqueness, mandatory attributes, foreign-key consistency, and semantic relationships are
explicitly checked before and during graph construction.

To avoid confounding the comparison with different validation opportunities, both approaches
were evaluated using the same final validation rules and the same correction criteria. Therefore, the
experiment compares the effect of incorporating quality requirements during construction rather than
comparing a validated graph with an unvalidated graph.

The experimental scope focuses on the following entities and relationships: Agency, Route, Trip,
Stop, Stop Time, Service, Pathway, and Transfer. The evaluated relationships include Route–Agency,
Trip–Route, Trip–Service, StopTime–Trip, StopTime–Stop, Pathway–Stop, and Transfer–Stop rela-
tionships. These relationships were selected because they represent the principal identifier-based
connections among the GTFS entities included in the experimental dataset. The evaluation follows
the five quality dimensions introduced in Section 4: Semantic Consistency (SC), Completeness (C),
Interoperability (I), Query Correctness (QC), and Reusability (R).

7.2. Operationalization of Quality Metrics

To make the evaluation reproducible, each quality dimension was operationalized as a normalized score
between 0 and 1.

Semantic Consistency (SC) measures whether the relationships represented in the knowledge graph
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are semantically valid with respect to the source-data constraints and the selected semantic representa-
tion:

𝑆𝐶 =
𝑁𝑣𝑎𝑙𝑖𝑑 𝑠𝑒𝑚𝑎𝑛𝑡𝑖𝑐 𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛𝑠ℎ𝑖𝑝𝑠

𝑁𝑒𝑣𝑎𝑙𝑢𝑎𝑡𝑒𝑑 𝑠𝑒𝑚𝑎𝑛𝑡𝑖𝑐 𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛𝑠ℎ𝑖𝑝𝑠
(1)

The evaluation considered the relationships between routes and agencies, trips and routes, trips and
services, stop times and trips, stop times and stops, pathways and stops, and transfers and stops. The
GTFS specification defines these relationships through foreign identifiers and corresponding primary
identifiers [35, 36].

Completeness (C) measures the proportion of required information successfully represented in the
knowledge graph:

𝐶 =
𝑁𝑝𝑟𝑒𝑠𝑒𝑛𝑡 𝑟𝑒𝑞𝑢𝑖𝑟𝑒𝑑 𝑒𝑙𝑒𝑚𝑒𝑛𝑡𝑠

𝑁𝑟𝑒𝑞𝑢𝑖𝑟𝑒𝑑 𝑒𝑙𝑒𝑚𝑒𝑛𝑡𝑠
(2)

The analysis considers the required identifiers and mandatory relationship attributes defined by the
GTFS specification for the files included in the experimental scope.

Interoperability (I) measures the proportion of the evaluated source concepts and relationships that
can be represented consistently using the selected semantic model while preserving their identifiers
and intended relationships:

𝐼 =
𝑁𝑠𝑢𝑐𝑐𝑒𝑠𝑠𝑓𝑢𝑙𝑙𝑦 𝑚𝑎𝑝𝑝𝑒𝑑 𝑐𝑜𝑛𝑐𝑒𝑝𝑡𝑠 ∧ 𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛𝑠ℎ𝑖𝑝𝑠

𝑁𝑒𝑣𝑎𝑙𝑢𝑎𝑡𝑒𝑑 𝑐𝑜𝑛𝑐𝑒𝑝𝑡𝑠 ∧ 𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛𝑠ℎ𝑖𝑝𝑠
(3)

Query Correctness (QC) evaluates whether the knowledge graph can correctly answer the competency
questions defined for the experiment:

𝑄𝐶 =
𝑁𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑎𝑛𝑠𝑤𝑒𝑟𝑒𝑑 𝑐𝑜𝑚𝑝𝑒𝑡𝑒𝑛𝑐𝑦 𝑞𝑢𝑒𝑠𝑡𝑖𝑜𝑛𝑠

𝑁𝑒𝑣𝑎𝑙𝑢𝑎𝑡𝑒𝑑 𝑐𝑜𝑚𝑝𝑒𝑡𝑒𝑛𝑐𝑦 𝑞𝑢𝑒𝑠𝑡𝑖𝑜𝑛𝑠
(4)

The following competency questions were evaluated:

1. Which routes serve a given stop?
2. Which stops are associated with a given trip?
3. Which service calendar is associated with a given trip?
4. What is the ordered sequence of stops for a given trip?

Finally, Reusability (R) measures whether the resulting representation can be used in independent
information-retrieval scenarios without requiring reconstruction of the original tabular relationships:

𝑅 =
𝑁𝑠𝑢𝑐𝑐𝑒𝑠𝑠𝑓𝑢𝑙 𝑟𝑒𝑢𝑠𝑒 𝑠𝑐𝑒𝑛𝑎𝑟𝑖𝑜𝑠

𝑁𝑒𝑣𝑎𝑙𝑢𝑎𝑡𝑒𝑑 𝑟𝑒𝑢𝑠𝑒 𝑠𝑐𝑒𝑛𝑎𝑟𝑖𝑜𝑠
(5)

The reuse scenarios correspond to the competency questions and to reverse navigation across the
main relationships of the graph, such as navigating from a stop to its trips and routes or from a trip to
its associated stops and service.

All metrics are normalized to [0,1], where 1 indicates complete compliance. Scores were calculated
as the proportion of satisfied criteria using the same dataset, semantic representation, validation
conditions, and evaluation criteria for both approaches. So, the reported scores reflect compliance with
the predefined requirements within this case study and should not be interpreted as universal measures
of knowledge graph quality.
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7.3. Dataset Validation Results

Before constructing the knowledge graphs, the source dataset was inspected to establish the baseline
conditions under which the two construction approaches were compared. The validation focused
on identifier uniqueness, mandatory references, foreign-key consistency, and the ordering of stop
sequences. The analysis identified no duplicated identifiers for the principal entities considered in the
experimental scope. The primary identifiers of agencies, routes, trips, stops, services, and pathways
were unique within their corresponding files. For stop_times.txt, the composite key defined by GTFS,
consisting of trip_id and stop_sequence, was also unique for the evaluated records. The principal
foreign-key relationships were then evaluated according to the relationships defined by the GTFS
specification. The validation covered 3,690 relationship assertions: 8 Route–Agency references, 48
Trip–Route references, 48 Trip–Service references, 714 StopTime–Trip references, 714 StopTime–Stop
references, 1,934 Pathway–Stop endpoint references, and 224 Transfer–Stop endpoint references. All
evaluated references were found to be valid; no orphan references were detected.

In addition, the stop_sequence attribute was evaluated for the 48 trips represented in the feed. The
sequence values were checked to verify that the ordering of stops within each trip was valid. No
duplicated or non-monotonic stop sequences were identified. These validation results establish that
the supplied GTFS feed presents a high level of structural consistency for the relationships included in
the experimental scope. Consequently, no source-level structural defects were available to distinguish
the two construction approaches through the final quality scores. This characteristic of the dataset is
explicitly considered when interpreting the comparative results in the following sections. The validation
therefore serves two purposes in the experiment. First, it establishes the empirical baseline against
which KG-CCA and KG-QbD are evaluated. Second, it prevents introducing artificial defects solely to
obtain a measurable difference between the approaches, preserving the validity and reproducibility of
the comparison.

7.4. Experimental Results

Table 3 shows that the two conditions differ primarily in the timing of the introduction of quality
requirements, rather than in whether or not they are introduced. The results show that both approaches
produced representations satisfying all the evaluated quality criteria for this dataset. In particular,
the semantic relationship checks did not identify invalid references, the required information was
represented, the evaluated concepts and relationships could be mapped consistently, all four competency
questions were correctly answered, and the evaluated reuse scenarios were supported.

Table 3
Quality evaluation of KG-CCA and KG-QbD.

Quality dimension KG-CCA KG-QbD Absolute differ-
ence

SC 1.00 1.00 0.00

C 1.00 1.00 0.00

I 1.00 1.00 0.00

QC 1.00 1.00 0.00

R 1.00 1.00 0.00

The results show that both KG-CCA and KG-QbD achieved complete compliance across the five
evaluation dimensions, with all four competency questions correctly answered. Thus, both approaches
reached equivalent final quality under the selected conditions. However, these results do not establish
equivalence in development effort, error-detection timing, or maintenance cost. For structurally con-
sistent source data, the main difference between the approaches may therefore lie not in final quality,
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but in when quality requirements are incorporated during the construction lifecycle. Further empirical
evaluation is needed to assess this potential distinction, as process-level indicators were not collected.

7.5. Construction-Process Analysis

Although the final quality scores were equivalent, the analysis provides evidence of the different roles
played by quality requirements in the two construction strategies.

In KG-CCA, quality requirements are primarily treated as evaluation criteria applied to the resulting
representation. In KG-QbD, the same requirements are treated as construction constraints and validation
conditions throughout the transformation process.

The result illustrates that QbD may provide process-oriented benefits even when no difference in final
quality scores is observed. By incorporating quality requirements as explicit construction constraints,
QbD enables earlier detection of potential violations. The experiment therefore demonstrates the
operationalization of the proposed quality dimensions on a real open-government GTFS dataset.

Figure 4: Point at which quality requirements are introduced in KG-CCA vs. KG-QbD.

In contrast, because the evaluated source data contain no detected violations in the selected structural
relationships, this single case does not provide sufficient evidence to attribute an improvement in final
knowledge quality exclusively to QbD. Further experiments using datasets with heterogeneous quality
levels or controlled, transparently documented construction defects are required to measure whether
earlier quality intervention produces measurable improvements in final graph quality.

7.6. Interpretation of the Results

The experimental results show that the proposed five-dimensional Knowledge Quality model can
be operationalized on a real open-government GTFS dataset through structural validation, semantic
relationship checks, competency questions, and reuse-oriented scenarios.

Figure 5 illustrates the traceability established in the QbD-A approach between quality requirements,
construction activities, validation rules, and the resulting Knowledge Quality dimensions. This traceabil-
ity represents a process-oriented characteristic of QbD-A rather than evidence of higher final quality,
which was not observed in the present experimental case.

Figure 5: Traceability model linking quality requirements, construction activities, validation rules, and Knowledge
Quality dimensions in QbD-A.

358



Roxana Martínez 346–362

However, KG-CCA and KG-QbD achieved identical final quality scores, consistent with the high
structural consistency of the source data. Thus, incorporating quality requirements earlier did not
produce a measurable difference in this case. The results support the operationalization of the proposed
framework but do not confirm H1 for this dataset. Further experiments with heterogeneous quality
conditions and documented transformation risks are needed to assess whether QbD-A improves final
knowledge quality.

8. Discussion

The case study shows that Quality-by-Design principles can be incorporated into knowledge graph
construction by explicitly linking quality requirements with data preparation, semantic modeling,
transformation, validation, and assessment activities. In the evaluated case, however, KG-CCA and
KG-QbD achieved identical scores across all five Knowledge Quality dimensions. This result is explained
by the high structural consistency of the selected GTFS dataset and the use of the same final validation
rules and correction criteria for both approaches.

These findings indicate that incorporating quality requirements during construction did not produce
a measurable improvement in final knowledge quality for this dataset. Nevertheless, the QbD approach
provides explicit traceability between quality requirements, construction decisions, validation rules, and
the resulting quality dimensions. This process-oriented characteristic may become particularly relevant
when datasets contain structural inconsistencies, incomplete relationships, heterogeneous formats, or
other quality risks that can affect the resulting knowledge graph. These findings are consistent with
previous research emphasizing the importance of requirements, construction processes, and quality
assessment in knowledge graph engineering [29] – [34]. The results also reinforce the distinction
between the quality of the original data and the quality of its semantic representation. Although the
source dataset showed high structural consistency, the evaluation framework enabled the assessment
of how such properties were preserved in the resulting knowledge graphs. Therefore, the contribution
of this study is not evidence that QbD always produces higher-quality knowledge graphs, but rather an
empirical operationalization of the relationship between quality requirements, construction activities,
validation rules, and knowledge quality. Given the single-dataset setting, further experiments with
heterogeneous datasets and controlled quality variations are required to determine whether these
process-oriented benefits translate into measurable improvements in final knowledge quality.

9. Threats to Validity

It is worth noting that this study has certain limitations. First, the experimental case study relies on a
single open government data domain, the Buenos Aires subway GTFS dataset [35, 36], meaning the
findings cannot be generalized to other datasets or government domains without further experimenta-
tion. Second, the evaluation depends on the knowledge quality dimensions and requirements defined in
this study; employing alternative quality models or domain-specific requirements could yield different
results. Third, the comparison focuses on the construction strategy while keeping the source data,
semantic representation, and evaluation procedure constant; while this strengthens internal validity,
other factors inherent to knowledge graph engineering could influence the resulting quality. Finally,
reusability depends on the users and intended applications; therefore, it must be interpreted in the
context of the study’s use cases and competency questions, rather than as an absolute property of the
graph. Conducting future experiments that incorporate additional datasets, domains, quality models,
and independent evaluators would strengthen the external validity of the proposed approach.

10. Conclusions and Future Work

This study investigated the incorporation of Quality-by-Design principles into the construction of
knowledge graphs from open government data. Using a five-dimensional Knowledge Quality model
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comprising semantic consistency, completeness, interoperability, query correctness, and reusability,
the study compared KG-CCA and KG-QbD generated from the same Subte [35, 36]. The experimental
results showed that both construction approaches achieved equivalent final quality scores for the
selected dataset. The structural validation identified no duplicated primary identifiers, no invalid
foreign-key references, and no violations in the evaluated stop sequences. Consequently, no measurable
difference in final knowledge quality was observed between the two approaches. The main contribution
of the study is therefore the operationalization of a traceable relationship among quality requirements,
construction activities, validation rules, and knowledge quality dimensions. The results also highlight
an important condition for evaluating Quality-by-Design: when the source data are already highly
consistent, incorporating quality requirements earlier in the construction process may not result in
higher final quality scores. Its potential benefits should therefore be evaluated across datasets presenting
different quality conditions and transformation risks. The findings should be interpreted as evidence
from a single case study rather than as confirmation that QbD-A systematically produces higher-
quality knowledge graphs. In particular, the present experiment does not confirm H1 for the selected
dataset. Additional empirical studies are required to determine under which data-quality conditions
and construction scenarios QbD-A produces measurable improvements. Future work will also evaluate
the approach across additional domains and more heterogeneous data conditions.
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