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Abstract
Graph data abstractions are often assumed to be
intuitive, but experience shows that they are not
equally understandable or usable in practice. In this
vision and challenges paper, we examine the human-
centricity of contemporary graph data abstractions
through four lenses: researchability, usability, teach-
ability, and societal impact. Drawing on diverse
real-world use cases, ranging from clinical data and

collaborative knowledge bases to biological and pan-
genomic graphs, we distill insights from database
research, human-computer interaction, and edu-
cation. Based on this analysis, we identify open
research challenges that must be addressed to make
graph abstractions easier to study, use, learn, and
reason about.
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1 Introduction

Graph data abstractions have emerged as a central paradigm for representing and querying
interconnected data. From ER diagrams [34] and Sowa’s conceptual graphs [92] to data models
such as XML [28], RDF [57] and property graphs [6, 82], and their associated query languages,
graph abstractions are now widely used across domains, including data integration, collaborative
knowledge bases, and scientific data management [7, 83]. Their appeal is often attributed to the
explicit representation of relationships, which supports flexible schema evolution and arguably
offers more intuition and easier constructs than relational or hierarchical models.

Figure 1 provides a high-level historical perspective on the evolution of graph data abstractions.
Successive abstractions have accumulated in this historical progression, resulting in a complex
and diverse ecosystem of coexisting graph data models and languages. Practical examples of
graph abstractions have often evolved in close interaction with human needs, practices, and
communities. Wikidata [98] is such a bottom-up initiative that has emerged while inherently
accounting for human-centric aspects of graph data representations such as usability, learnability,
and explainability. Cypher offers a particularly instructive example.

https://doi.org/10.4230/TGDK.4.2.2
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Figure 1 Historical evolution of graph data abstractions: from the CODASYL Network Data Model
(NDL), introducing explicit navigational, pointer-based record graphs; through Entity–Relationship
(ER) modeling, elevating graphs to a high-level conceptual design formalism; to the World Wide Web,
which operationalized a global, large-scale hyperlink graph over semi-structured documents; followed by
Knowledge Graphs, emphasizing semantic integration and ontology-driven interoperability; and culminating
in the Labeled Property Graph model and ongoing standardization efforts (e.g., GQL), marking the
consolidation of expressive, interoperable, and queryable graph data systems.

(a) Conceptual origin whiteboard drawing. (b) 2D ASCII-art comment (top) and Cypher ASCII-
art patterns syntax (bottom).

Figure 2 Evolution of Cypher from informal sketches to declarative pattern matching (from [60]).

▶ Example 1 (The Human-Centric Design of Cypher). The origins of the Cypher graph query
language illustrate how graph data abstractions can emerge in a human-centric, bottom-up manner.
As documented in its historical evolution [60], Cypher was shaped not by a pre-existing formal
model, but by observing how practitioners interacted with graph data in early applications. Users
reasoned about traversing chains of relationships and interesting patterns of connected entities
on whiteboard or scratchpad drawings (cf. Figure 2a) and documented them in 2D ASCII-art
comments next to their imperative traversal code (cf. top of Figure 2b). Cypher ported this
practice to a query language. It introduced pattern-matching constructs with an ASCII-art
syntax [69], as well as labeled nodes and relationships that are closely aligned with the graph
mental models of users (cf. bottom of Figure 2b). These features abstracted recurring usage
patterns into language constructs, reducing the gap between the intended query formulation and
its execution. From a human-centric perspective, Cypher’s design prioritizes interpretability and
learnability alongside expressiveness, enabling users with limited formal training to interact with
graph data [66, 69].
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Early approaches in the neighboring discipline of relational databases had explicitly treated
usability as a first-class property of a data abstraction, even at a system-design level, alongside
formal semantics and query evaluation. In this area, human-centric aspects have been studied in
a principled manner. Seminal empirical studies of query languages such as SQUARE, SEQUEL,
and Query-by-Example [30, 112], and more recently of Relational Diagrams [42], systematically
examined how users understood, learned, and applied these abstractions in practice, grounding
language design in human factors rather than purely formal considerations [80, 95]. These studies
established a tradition in which abstraction quality was evaluated not only by expressiveness or
efficiency but also by accessibility.

In graph data management approaches, these aspects have not always been first-class design
principles nor have they been scrutinized by the research community in the same principled way.

Thus, human-facing properties of graph abstractions, e.g., their interpretability, usability,
learnability, and the way they differentiate user roles, remain unevenly understood. Empirical
studies in graph data visualization and exploration show substantial variation in how users interpret
graph structure, semantics, and query results, particularly across different levels of technical
expertise [4, 11, 19, 20, 59, 61, 110]. Research in education and human-computer interaction further
suggests that graph-based representations pose distinct cognitive challenges compared to tabular
or tree-based abstractions, affecting users’ ability to form accurate mental models [21, 48, 108].
Crucially, empirical evidence shows that the ability to successfully execute graph queries or
complete interaction tasks does not necessarily imply a sound conceptual understanding of the
underlying data abstraction [21, 71].

These limitations increasingly matter in practice. Community-maintained knowledge bases
such as Wikidata rely on graph schemas, constraints, and validation mechanisms to coordinate
large and heterogeneous contributor populations [51, 63, 78, 98]. Scientific applications in domains
such as biology, ecology, and genomics use graph abstractions to integrate heterogeneous datasets
and support complex analytical workflows [29, 36]. Recently, graph-structured data has been
used with large language models (LLMs) and AI systems to support downstream reasoning
and interaction, widening the audience of graph abstractions to include non-expert users and
automated agents [72]. Given the increasing synergy between graph abstractions and the booming
AI landscape, for tasks ranging from data annotation and model training to supporting human-
in-the-loop explainability and decision-making, aligning the human mental model with graph
abstractions becomes crucial. In these settings, shortcomings in the learnability, interpretability,
or usability of graph abstractions directly affect data quality, system reliability, and downstream
behavior.

Vision and Contributions

We use the term graph data abstraction to refer to the conceptualization of data as a graph,
where nodes represent entities and edges represent relationships. In such abstractions, information
emerges not only from individual data elements, but also from the structure of their interconnections,
enabling the explicit representation of patterns, dependencies, and contextual relationships within
the data. We draw the boundary deliberately: an abstraction is graph-based in our sense when
relationships are first-class, independently addressable modeling primitives that may themselves
carry identity, type, or attributes. This includes RDF and property graphs and excludes models
in which inter-entity links are implicit or value-derived, e.g., the relational model, where a foreign
key is a value-based join rather than a first-class edge.

Graph abstractions are increasingly adopted because certain data and tasks, e.g., densely
interlinked entities, multi-hop reasoning over relationships, and schema-flexible integration of
heterogeneous sources, are represented more faithfully and queried more naturally as graphs.
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Yet, the expressive power of graph abstractions does not automatically translate into human
accessibility or understanding. Because such abstractions are already widely deployed across
collaborative, scientific, and AI-mediated settings, the question we pursue is not whether to adopt
them, but how to make them human-accessible to the diverse audiences that now encounter them.

Human-centricity is not the only lens through which graph abstractions can be evaluated. Such
abstractions also serve machine-oriented purposes, including automated reasoning, recommendation,
and learning, where considerations such as expressiveness and performance are central. We view
human-facing properties as complementary to these concerns rather than as a replacement for
them. Our focus on human accessibility reflects the observation that graph abstractions are
increasingly authored, queried, taught, and relied upon by people, and that these human-facing
aspects have received comparatively less systematic attention.

We argue that graph abstractions should be designed not only to represent interconnected
data, but also to treat human-accessible aspects as first-class design principles, supporting how
users observe, navigate, interpret, manipulate, and reason about such interconnections.

We use the term human-centric graph data abstractions for graph abstractions that treat human-
facing properties as first-class design and evaluation concerns. This specializes to graphs a broader
human-data interaction agenda, which has produced consolidated design recommendations [97].
We identify these as interpretability (users can understand what the abstraction represents and
why a result was produced), usability (users can perform intended tasks efficiently and with few
errors), learnability (newcomers can acquire competence with the abstraction), role differentiation
(distinct roles, such as schema designers, query writers, analysts, consumers, and indirectly affected
parties, interact with the same abstraction with different goals, expertise, and responsibilities,
and the abstraction accommodates them), and societal impact (consequences for people who are
not direct users are made visible and accountable). We examine these properties through the
four analysis lenses used consistently throughout the paper: researchability, usability, teachability,
and societal impact. In these abstractions, the relational and topological properties of graph
representations are not merely expressive features of the data model, but cognitively accessible
structures that users can effectively exploit for reasoning, interaction, and decision-making.

We examine real-world graph-based use cases from clinical data management, collaborative
knowledge bases, and biological and pangenomic analysis to surface recurring human-facing
tensions, particularly around usability and interpretability, that persist across domains and
abstraction paradigms (Section 2). As our main contribution, we distill these tensions into research
challenges, spanning institutional, methodological, operational, and applicative concerns. These
challenges are grounded in prior results from database theory, human-computer interaction, and
education (Section 3) and we refine them into a concrete roadmap of theory- and application-driven
research questions (Section 4).

Methodology

This paper is a vision and challenges contribution. We synthesize observations from diverse use
cases and prior empirical work to delineate an agenda for human-centric graph abstraction research.
Our approach proceeds in three stages.

First, we selected use cases covering two distinct paradigms of graph data abstractions: open,
collaborative, and community-driven graph construction (Wikidata, Section 2.1), and expert-
curated, integration-heavy scientific graph data management from clinical and biological domains
(Section 2.2). Several co-authors are directly involved in these projects, providing first-hand
knowledge of their human-facing challenges.

Second, for each use case, we synthesized published empirical findings, e.g., controlled user
studies [71], system evaluations [76], and community surveys [78, 81, 85], along our four human-
centric dimensions: researchability, usability, teachability, and societal impact (Section 4).

TGDK
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Third, recurring tensions observed across two or more use cases were elevated to research
challenges (Section 3), organized by institutional, methodological, operational, and applicative
categories; these are subsequently refined into actionable research questions in Section 4.

To support traceability, each challenge in Section 3 is annotated with the specific use case(s)
that motivated it, and Table 1 consolidates these into the connective tissue of the paper. Reading
it left to right: the institutional, methodological, operational, and applicative challenges of this
section (IQ/MQ/OQ/AQ) are refined into the researchability, usability, teachability, and societal
roadmap dimensions of Section 4; each dimension concerns a specific human subject, i.e., researcher,
direct user, learner, or indirect user, and is pursued through theory-driven and application-driven
research questions (RQ/UQ/TQ/SQ).

Table 1 Overview of research challenges, roadmap, concerned human subjects, and the main underlying
theory-driven and application-driven research questions.

Institutional
(Sec. 3.1)

Methodological
(Sec. 3.2)

Operational
(Sec. 3.3)

Applicative
(Sec. 3.4)

Challenges
(Sec. 3)

IQ1, IQ2 MQ1, MQ2, MQ3 OQ1, OQ2, OQ3 AQ1, AQ2

Roadmap
(Sec. 4)

Researchability
(Sec. 4.1)

Usability
(Sec. 4.2)

Teachability
(Sec. 4.3)

Societal
(Sec. 4.4)

Subject Researcher Direct User Learner Indirect User
(data modeler, query

writer, etc.)
(person learning to

become a
practitioner or

researcher)

(person affected by
use of database

technology)

Theory RQ1 UQ1, UQ2, UQ3 TQ1, TQ2 SQ1, SQ2

Application RQ2 UQ4, UQ5 TQ3 SQ3, SQ4

2 Motivational Use Cases

We present a set of use cases that illustrate how graph data abstractions are designed, learned,
and used across different domains, including collaborative knowledge bases, as well as clinical and
biological data management. These applications show that graph abstractions can successfully
support complex tasks and serve diverse communities. At the same time, they reveal recurring
difficulties related to abstraction understanding, modeling choices, and role differentiation. In
several settings, users rely on documentation, peer support, or specialized tools to work effectively
with these abstractions. While such practices demonstrate that graph abstractions can be adopted
successfully in practice, they do not yet amount to a systematic understanding of how these
abstractions align with users’ mental models across roles and domains.

2.1 Collaborative Graph Abstractions in Wikidata

Wikidata is a collaboratively curated knowledge base of structured data with an active editor
community [98]. Data can be accessed through the Wikidata Query Service [107] as well as through
public API endpoints [105]. As a cross-domain knowledge graph, Wikidata enables unrestricted
reuse of its data under the Creative Commons 0 (CC0) license [106].
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Figure 3 Wikidata editors contribute data to the knowledge base and contribute ShEx schemas to
encode data models and support validation of entity data.

We focus on Shape Expressions (ShEx) schemas here deliberately: they are the explicit,
human-authored abstraction layer that the Wikidata community co-creates and consults, which
makes them the natural object of our human-centric analysis.

In May 2019, the Wikidata development team announced a new namespace in Wikidata, called
EntitySchema, whose entries carry the prefix E (analogous to Q for items and P for properties) and
store schemas encoded in the Shape Expressions (ShEx) language. The ShEx language is a formal
language for data modeling and validation of RDF graphs [24, 93]. ShEx syntax adopts tokens
from Turtle and SPARQL, and its semantics are inspired by XML Schema and RELAX NG [55].
ShEx has been successfully used for RDF validation in the FHIR community for exchanging
medical records [91]. Wikidata editors encode data models as schemas, exemplifying community
co-creation of practical graph abstractions. Other editors consult these schemas to understand
how data is modeled by editors, thereby using these abstractions for clarity about sub-sections of
the Wikidata graph. In addition to encoding data models, Wikidata editors use ShEx schemas
to validate entity data from the knowledge base. Community members use Wikidata’s schema
namespace to publish schemas for validating data conformance [24, 67]. The successful use of
ShEx schemas for building consensus around the alignment of biodiversity data with Wikidata is
discussed in [100]. ShEx validation has shown promise in increasing data quality by addressing
low-level modeling inconsistencies in Wikidata [78].

Researchers have also developed several different applications to extract schemas from Wikidata
[23, 101]. These tools suggest a schema based on an analysis of how data for similar items have
been modeled. Editors may choose to further refine the suggested schema or reuse it.

Considering the aspect of usability, the fact that several contributors have authored schemas
after consulting documentation or example schemas suggests that ShEx authoring is usable enough
for task completion within the community context. No systematic usability study has yet evaluated
whether it is also efficient and low-error.

Considering the aspect of teachability, educators use Wikidata as a learning platform [90].
The Wikidata community has created resources for learning how to write schemas and how to use
schemas to validate data. Researchers observed that members of the Wikidata community without
previous experience with the SPARQL query language taught themselves SPARQL through
interacting with Wikidata’s SPARQL endpoint [63]. Members of the Wikidata community learn
ShEx to author schemas. Community organizers have hosted interactive sessions where people

TGDK
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who are already familiar with ShEx demonstrate how to use ShEx schemas within Wikidata,
such as Data Quality Days 2021 [102], Data Quality Days 2022 [103], and Data Modeling Days
2023 [104]. Following these events, contributors who had not previously engaged with the schema
namespace began editing existing schemas and creating new ones, demonstrating how the Wikidata
community facilitates peer-to-peer learning and skill development.

While these developments demonstrate the dynamism of the Wikidata community, they also
point to a barrier to entry for newcomers. The very evidence that ShEx schemas are learnable
here also shows how that competence is acquired: through documentation, example schemas,
onboarding events, mentorship, and tooling, rather than because the schemas are self-explanatory.
Familiarity with the schema language and the community’s modeling conventions thus remains
a hurdle. Since no systematic usability study has yet been conducted, the success of schema
adoption is better read as a sign of strong community support.

Due to the fact that members of the Wikidata community publish their schemas on-wiki using
the CC0 license, researchers have access to the data in the knowledge base as well as the related
human-defined schemas. This combination of openly licensed data and community-authored
schemas provides a rare opportunity to empirically study how human-defined abstractions evolve
in large-scale collaborative environments.

People from diverse backgrounds contribute data to Wikidata [53, 74, 81]. Editors range from
highly active, technically skilled power editors to occasional contributors with limited technical
background [85]. This blend of contributors makes Wikidata a useful community for investigating
differences in user affinity toward existing graph abstractions. Wikidata is also a cross-domain
knowledge base [46]. The fact that such a wide range of conceptual areas are represented in
Wikidata allows researchers to examine how well existing graph abstractions support mainstream
use cases across domains by comparing data with community-authored schemas.

While Wikidata illustrates that graph abstractions can be adopted and extended in large-scale
collaborative settings, this success leverages sustained community coordination, self-directed
learning, and the efforts of technically skilled contributors. Schema design, validation logic, and
modeling conventions are not uniformly accessible to all participants, and abstraction complexity
remains unevenly distributed across roles. These observations raise recurring questions about user
affinity, roles, and accountability in collaborative graph systems.

Beyond direct contributors, Wikidata increasingly serves as a backend for AI-mediated systems,
introducing a new category of indirect users who interact with graph abstractions not through
query interfaces but through outputs generated by LLMs. This is relevant to human-centricity
because indirect users inherit whatever biases, coverage gaps, or modeling limitations the graph
abstraction imposes, without visibility into those constraints.

2.2 Graph Abstractions for Clinical and Biological Data
Clinical and biological domains provide a compelling context for studying the human-centric
properties of graph abstractions due to their highly interconnected, heterogeneous, and evolving
nature, as well as diverse user roles. The following use-cases highlight how graph abstractions
support analytical tasks, while exposing recurrent challenges in usability and learnability.

2.2.1 MIMIC-III and Epidemiological Nosocomial Infections
Nosocomial infections represent a major challenge for epidemiological analysis, as their emergence
and propagation depend on complex interactions between patients, hospital spaces, and time-
dependent clinical events. Tracing potential transmission pathways requires reconstructing who
was where, when, and under which clinical conditions, often across heterogeneous data sources
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Figure 4 Instance graph (single patient, single episode, single event) illustrating the integration of
temporal and spatial dimensions in the hospitalization model. Node colors distinguish different entity
types (patient, episode, event, spatial locations, temporal literals, relation attributes, and numeric values).
To enhance readability, the corresponding class-level representations are intentionally omitted, and only
instance-level elements are depicted in this visualization.

and fine-grained spatial layouts. This setting demands expressive modeling approaches capable of
jointly capturing temporal dynamics, spatial hierarchies, and clinical context, while remaining
amenable to analysis, querying, and visualization.

Graph abstractions were employed to model and analyze patients’ movements during their
hospital stays in the context of spatio-temporal epidemiological research [76]. The use case captures
the interplay between temporal evolution and hospital space to support the detection and analysis
of nosocomial infection patterns. The model integrates two interconnected dimensions. The spatial
dimension describes the hospital environment as a structured hierarchy of locations, ranging from
beds to rooms, corridors, areas, floors, and buildings. In addition to hierarchical containment,
spatial adjacency relations (e.g., next to, opposite) capture proximity between locations at the
same level, enabling fine-grained reasoning about potential infection transmission paths. The
spatial model further distinguishes between the physical space (locations) and the logical space
(hospitalization units and clinical services responsible for patient care). The temporal dimension
models each patient’s hospitalization as a sequence of episodes, where each episode corresponds
to a hospital stay composed of time-stamped events. Events represent movements (e.g., room
transfers), medical procedures, or diagnostic outcomes such as microbiological test results. Each
episode and event is associated with a start and end time, enabling the representation of both
instantaneous and interval-based occurrences. Events linked to locations constitute the integration
point between temporal and spatial dimensions. Figure 4 illustrates a fragment of this model as a
directed edge-labeled graph at the instance level.

Various graph data abstractions, including RDF, property graphs, and RDF-star, were evaluated
for clinical epidemiological tasks [76]. Data from MIMIC-III [52] encompassed inpatient movements,
clinical tests, and epidemiological outcomes, including patient stays, ward transitions, services,
and microbiological test results. To complete the domain model, synthetic data were generated to
replicate hospital layouts, categorizing beds into surgical, medical, mixed, and neonatal units. The
resulting graphs exhibited increasing event sets and varying structural densities while preserving
consistent layouts and service configurations. Three epidemiological tasks were modeled: (i)
detecting infection outbreaks, (ii) tracking outbreak propagation, and (iii) monitoring potentially
infectious locations. All tasks were successfully supported across the considered graph abstractions.
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wgs84:latitude wgs84:longitude

55.6712 9.2133

mfd:hasHabitatType

rdf:type

mfd:hasSampleType

mfd:001_000_000mfd:HabitatType

rdf:typemfd:P08_1

mfd:relatedProject

schema:Project

owl:sameAs ENVO:ENVO_00002261

time:inXSDDate

2024-05-26

mfd:hasHabitat1

mfd:Soil mfd:Forest

oboe:hasMeasurement _: 7oboe:hasValue

owl:sameAs NCBITaxon:1718

oboe:containsMeasurementsOfType

mfd:OTU_1

rdf:type
_:

oboe:Measurement

633oboe:hasValue

oboe:containsMeasurementsOfType

mfd:OTU_2

rdf:type

oboe:hasMeasurement
mfd:Sample rdf:type

Figure 5 Microflora Danica RDF Graph.

Following the user taxonomy proposed by Li et al. [59], stakeholders were categorized into three
groups: knowledge builders (experts in graph construction, data modeling, and query optimization),
analysts (proficient in graph data models and visualization techniques), and consumers (infectious
disease researchers and healthcare professionals). Knowledge builders required efficient query
processing mechanisms for traversing graphs and computing adjacency, reachability, and shortest
paths. Analysts needed expressive data models that support visualization of queries and results,
while consumers primarily sought accurate outputs and interpretable visual representations for
clinical decision-making.

From a usability perspective, recent work has reported [76] that Cypher queries over property
graphs were more concise and easier to interpret visually than the equivalent SPARQL formulations
over the RDF encodings. Consumers understood high-level graphical representations and the
notion of traversing relationships to answer epidemiological questions; however, the underlying
graph abstractions (schemas, encodings, and formal query formulations) remained inaccessible
without technical mediation.

From a teachability perspective, modeling statements about relationships (particularly when
edges required attributes or when n-ary relations were involved) has proven challenging. RDF’s lack
of native support for such constructs requires reification, i.e., transforming relationships into first-
class nodes with associated properties. While cognitively demanding, reification enables expressive
modeling of annotated relations. RDF-star provides a more direct mechanism for expressing
statements about statements, but its nested syntax is still difficult for newcomers [7, 55].

From the perspective of knowledge builders, the evaluation revealed that graph management
systems supporting different abstractions exhibited distinct memory management strategies
and indexing mechanisms. Query complexity affected execution performance differently across
implementations, highlighting that abstraction choices have both conceptual and measurable
system-level implications.

2.2.2 Microflora Danica

Life sciences constitute an active research area in which large volumes of data are shared with
the community. While some initiatives publish data natively as ontologies or RDF, such as
Bio2RDF [29], the majority of biological datasets originate from empirical studies and are shared
in tabular formats, such as spreadsheets or CSV files.

Microflora Danica integrates large-scale microbiological data with external environmental
datasets [36]. The core dataset results from a nationwide field study in Denmark and includes
DNA sequences and associated metadata such as location, time, and sampling processes. Identified
microorganisms are linked to established ontologies and taxonomies, and the data is integrated
with external datasets describing soil properties, such as EcoDes-DK15 [13].
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Figure 6 Graph schema structure of the pangenome dataset.

This use case illustrates a recurring human-centric friction rather than a usability success.
Although the data is published as an RDF graph (Figure 5), most bioscience workflows, including
modern machine-learning pipelines, remain optimized for tabular data. As a result, researchers
outside computer science often struggle to adopt the graph abstraction directly: despite its
integration benefits, the representation raises rather than lowers the barrier to entry for its
intended scientific users.

From the perspective of teachability, the dataset offers opportunities for teaching SPARQL,
spatio-temporal graph querying, and graph-based machine learning. The data supports OLAP-
style analyses over graphs, such as identifying geographic regions with high microbial diversity.
Although these opportunities are not yet fully exploited, the use case highlights the pedagogical
potential of graph abstractions in the life sciences.

2.2.3 Pangenomic Graphs
In genomics, the rapid growth of sequencing projects has resulted in hundreds of thousands of
available genomes. Comparative genomics increasingly relies on large-scale analyses of pangenomes
to study gene presence, absence, and variation across species. Graphs provide a natural abstrac-
tion for capturing the complex relationships between multiple pangenomes and for analyzing
evolutionary mechanisms, such as the transmission of antimicrobial resistance.

Recent work [12] has proposed representing multi-pangenomic data as property graphs. One
such dataset, PanGraphDB, integrates data produced using the panRGP method and the PPanG-
GOLiN framework into a unified property graph stored in Neo4j, whose schema is given in Figure 6.
This representation allows domain experts to efficiently express and execute complex genomic
analyses in Cypher, including cross-species queries that were previously difficult.

Regarding teachability, this use case was the subject of a controlled student study [71].
The study aimed to assess how effectively students with varying backgrounds could discover the
schema of a complex graph dataset and formulate graph queries of increasing complexity. After a
six-hour session consisting of an intensive introduction to graph databases followed by hands-on
tasks, participants were able to write basic queries. However, errors primarily occurred due to
misunderstandings of semantic language constructs and difficulties in distinguishing between
schema and data, highlighting challenges in abstraction comprehension rather than syntax.
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3 Research Challenges

Across domains, graph abstractions succeed technically yet reveal recurring human-centric frictions.
As Section 2 shows, these frictions are not isolated usability issues but structural consequences of
how abstractions are formalized, taught, governed, and deployed. That is, graph data abstractions
are socio-technical constructs shaped by institutional contexts, methodological choices, user roles,
and application scenarios. In Wikidata (Section 2.1), abstraction design and validation are
embedded in community governance and peer learning. In clinical epidemiology (Section 2.2.1),
abstraction choices affect interpretability and role differentiation. In biological and pangenomic
settings (Sections 2.2.2 and 2.2.3), abstraction expressiveness interacts with tooling ecosystems
and learners’ conceptual understanding. These tensions motivate the research challenges below.

Each challenge below follows a uniform Why/What/How structure: Why states the human-
centric tension and which use case(s) from Section 2 motivate it; What surveys the relevant state
of the art; and How outlines potential research directions. Concrete, prioritized research questions
derived from these challenges are deferred to the roadmap in Section 4.

3.1 Institutional Challenges
Institutional challenges relate to educational structures, curriculum guidelines, incentive systems,
and evaluation criteria that shape which research questions are prioritized and which skills are
cultivated in future practitioners. We discuss these as follows.

IQ1: Incorporating human-centric studies into our curricula

Why. Advancing human-centric graph abstractions requires early and sustained exposure to
human-centered thinking within educational pathways. However, current curricula, particularly
in the context of the rapid expansion of AI and data-driven technologies, tend to emphasize
technical proficiency, algorithmic performance, and system scalability, often at the expense of
human factors such as usability, interpretability, and social impact. Without curricular redesign,
future practitioners may lack the tools to reason about graph abstractions as socio-technical rather
than purely technical artifacts.

What. To address this gap, human-centric methodologies must be systematically embedded into
graph-related curricula across educational levels, from introductory courses to advanced graduate
programs. This includes exposing students to user-centered design principles, qualitative and
mixed-methods evaluation, and interdisciplinary perspectives that complement formal modeling
and algorithmic techniques. Existing work in education and data abstraction has shown that
challenge-based and visually grounded learning approaches can improve conceptual understanding
and transferability across domains [5, 50, 62].

How. Implementing these changes requires coordinated curricular and institutional efforts.
Courses and programs should be co-designed and, where possible, co-taught with experts from
socio-humanistic disciplines, education research, and HCI to ensure meaningful integration rather
than superficial coverage. Project-based and challenge-based learning should be adopted at
multiple stages of training, allowing students to engage with graph abstractions through real-
world, interdisciplinary problems. At the institutional level, sustained collaboration between data
researchers, mathematics educators, and computational pedagogy experts is needed to develop
reusable teaching materials, assessment strategies, and learning outcomes. Finally, articulating
clear educational value propositions and business cases can help engage academic leadership and
accreditation bodies, ensuring that human-centric competencies are supported.
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IQ2: Institutional and disciplinary barriers to centering human perspectives

Why. Institutional and disciplinary structures can make it difficult to systematically integrate
human perspectives into socio-technical research, including user-centric data management. These
barriers arise from entrenched funding priorities, evaluation criteria, and disciplinary cultures,
particularly in computer science, where scalability, performance, and formal correctness are
traditionally emphasized, while user studies and qualitative methods receive comparatively less
recognition. As a result, researchers adopting human-centered approaches may face limited
visibility, fewer publication opportunities, and constrained career incentives.

What. Prior socio-technical discussions in the data management and computing communities
have highlighted the lack of widely recognized venues and evaluation frameworks that explicitly
value multidisciplinary contributions. Metrics such as ergonomics, learnability, interpretability,
and user satisfaction are rarely treated as first-class research outcomes, despite their central role
in the design and adoption of data systems. This imbalance reinforces disciplinary silos and
discourages sustained engagement with human-centric research questions.

How. Addressing these barriers requires coordinated institutional efforts. These include broaden-
ing review and evaluation criteria to explicitly recognize human-centered contributions, fostering
publication venues and tracks that welcome mixed qualitative–quantitative methodologies, and
encouraging collaboration across data management, HCI, social sciences, and education. By
aligning incentives with the goals of human-centric data management, institutions can better
support research that integrates technical rigor with meaningful engagement with human needs.

3.2 Methodological Challenges
Methodological challenges address how graph abstractions are studied and evaluated. They
highlight the need to borrow, adapt, and integrate methods from disciplines such as HCI, cognitive
science, and visualization in order to better understand users’ mental models, interaction strategies,
and sources of error.

MQ1: Learning from how other disciplines use graph abstractions

Why. Disciplines such as biology, the social sciences, network analysis, and data science rely
heavily on graph abstractions for problem solving and data representation [37, 83]. Studying how
practitioners in these fields actually build, query, and reason over graphs reveals the cognitive
demands graph abstractions place on real users, grounding design in established practice rather
than the assumptions of a single community.

What. These communities have developed mature, domain-specific conventions for modeling and
analyzing graph data [37]. Examining them clarifies which abstraction features support or hinder
domain reasoning and which conventions recur across fields, providing an externally validated
basis for graph-abstraction design.

How. Future work should systematically survey graph practices across data-intensive disciplines
and distill the recurring modeling patterns, tool choices, and points of friction into transferable
design guidance, identifying common human-facing requirements.

MQ2: Adapting empirical methods from HCI and cognitive science

Why. Understanding how users perceive, interpret, and struggle with graph abstractions requires
empirical study, yet graph-data research rarely employs the methods that HCI and cognitive
science have established for exactly this purpose; bringing cognitive-science methods into data
management has been argued to be a productive and underused direction [17, 21, 108].
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What. These fields offer a mature toolkit, e.g., surveys, structured and semi-structured interviews,
Grounded Theory, sketching, think-aloud protocols, eye-tracking, and mixed-methods usability
evaluation, for eliciting users’ mental models and locating sources of friction. Bigelow et al. [21] and
Williams et al. [108] use Grounded Theory and sketching to show how personal and professional
context shapes the data abstractions users form; Li et al. [59] and Lissandrini et al. [61]
document domain-specific usability and visualization challenges for knowledge-graph practitioners;
mixed-methods usability evaluations have been applied to knowledge-graph–based systems [58];
eye-movement studies of visual versus textual representations [5] quantify differences in how users
read each; and abstraction ability itself can be treated as a learnable, assessable competence rather
than an assumed one [54].

How. Adapting these methods to graph abstractions means using surveys and interviews to
surface mental models, expectations, and pain points; applying Grounded Theory to interaction
traces to expose the social and cognitive factors behind usability problems; pairing think-aloud
and eye-tracking with statistical analysis to evaluate behavior across user groups; and conducting
mixed-methods usability evaluations of graph systems in the spirit of [58].

MQ3: Applying HCI interaction- and visualization-design principles

Why. Beyond methods for studying users, HCI and visualization research offer principles for
building abstractions that match how people think. Iterative testing, support for exploration,
attention to the diversity of users’ mental models, and theory-grounded visual design can make
graph abstractions and their interfaces more comprehensible and usable [19, 20, 62, 68, 109].

What. Evidence points to concrete design levers. Ma et al. [62] show that grounding the
visual abstraction of property graph queries in established principles produces more effective and
appealing representations. Chanthatrojwong et al. [32] extend this principle to property graph
schemas, showing that composite, theory-grounded visual encodings can make schema features
such as inheritance, constraints, and label expressions more comprehensible. Nouraei et al. [68]
stress supporting different user types and balancing productivity with exploration. Williams et
al. [108] show that divergent mental models call for multiple, customizable representations of
the same data. Xie et al. [109] quantify the gap between users’ and designers’ mental models,
establishing that it directly affects task performance.

How. These principles translate into adaptive, customizable visualizations, schema-visualization
interfaces such as PASCAL [33], role- and goal-aware knowledge-graph exploration interfaces [96],
and iterative, user-tested design cycles. Mental model elicitation techniques such as path dia-
grams [109] can align abstractions with users’ expectations and narrow the user–designer gap.

3.3 Operational Challenges
Graph abstractions are designed, used, and maintained by a heterogeneous set of human and
non-human actors. These challenges focus on identifying relevant user roles, understanding how
their goals and expertise differ, and examining how transitions between roles affect abstraction
needs, learning processes, and accountability.

OQ1: Which types of users rely on graph abstractions?

Why. As illustrated in Section 2, graph abstractions are used by heterogeneous actors. In
Wikidata (Section 2.1), contributors, schema authors, tool developers, and data consumers interact
with the same abstraction at different levels. In the MIMIC-III epidemiological case (Section 2.2.1),
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knowledge builders, analysts, and healthcare professionals engage with graph representations in
distinct ways. In the pangenomic study (Section 2.2.3), students transition from learners to query
writers. These examples show that graph abstractions are no longer confined to expert database
designers but are appropriated by users with varying goals, expertise, and responsibilities.

What. Prior work distinguishes roles such as knowledge builders, analysts, and consumers,
particularly in the context of knowledge graphs and visualization systems [59]. Similar role
differentiation has been observed in collaborative knowledge bases such as Wikidata, where
contributors, curators, tool developers, and data consumers interact with the same abstractions
in different ways [63, 74, 98]. However, these roles are often treated implicitly, and most graph
abstractions expose a uniform interface that assumes homogeneous expertise and goals.

How. Future research should develop explicit, empirically grounded taxonomies of user roles for
graph abstractions, linking abstraction features to user goals, capabilities, and responsibilities.
Such taxonomies should inform the design of role-aware abstractions, interfaces, and documentation
that adapt to different user needs without fragmenting the underlying data model.

OQ2: How do transitions between roles shape abstraction needs over time?

Why. Users frequently transition between roles, for example, from learner to analyst, from
analyst to schema designer, or from data consumer to contributor. These transitions often involve
abrupt increases in abstraction complexity, which can hinder learning, reduce confidence, and
lead to misuse or avoidance of graph-based tools. The controlled study on pangenomic graphs
(Section 2.2.3) illustrates how learners struggle when transitioning from schema discovery to query
formulation, highlighting the cognitive discontinuities that accompany role shifts.

What. Empirical studies in database education and graph querying show that novices struggle
with abstraction boundaries, schema discovery, and the semantics of query constructs [71]. Similar
challenges have been observed in knowledge graph exploration systems, where users report difficulty
transitioning from exploratory interaction to precise analytical tasks [61]. Most systems expose
the full complexity of abstraction from the outset, offering limited support for progressive learning.

How. Supporting role transitions requires graph abstractions and tools that enable the progressive
disclosure of complexity. This includes scaffolded interaction modes, learning-oriented query
assistance, and interfaces that evolve as users gain expertise. Longitudinal studies are needed to
understand how users’ mental models of graph abstractions change over time and how abstraction
design can facilitate these transitions.

OQ3: How should responsibility and accountability be distributed across roles?

Why. Different user roles carry different levels of responsibility for data quality, modeling
decisions, and downstream effects. For example, schema designers and constraint authors influence
which data are considered valid, while analysts and automated systems rely on these decisions for
interpretation and inference.

What. Current graph abstractions often obscure responsibility boundaries. Collaborative en-
vironments, such as Wikidata, show that modeling decisions are unevenly distributed among
contributors, with limited visibility into who is responsible for specific abstraction choices [74, 85].
Similarly, constraint languages such as SHACL and ShEx introduce implicit assumptions that
may not be apparent to downstream users [51, 55, 78].
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How. Role-aware graph abstractions should make responsibility explicit by linking modeling and
validation actions to provenance, feedback mechanisms, and governance processes. This includes
supporting traceability from abstraction decisions to their effects on data quality and analysis
outcomes, as well as clarifying accountability in collaborative and automated settings.

3.4 Applicative Challenges

Use case challenges examine whether the scenarios commonly used to motivate graph abstractions
are representative of mainstream practice, and how evolving construction, refinement, and main-
tenance workflows, particularly those involving automation and AI, reshape human involvement.

AQ1: Do we need several types of mainstream graph construction scenarios?

Why. It is important to understand the landscape of existing graph construction methods and
use cases to clarify the interplay between human effort and automation in these scenarios [49].
With the surge of LLMs, the problem arises regarding which parts of a graph can be constructed
by pre-trained models and which need to be constructed by humans.

What. In the past, the construction of knowledge graphs (KG) relied heavily on manual effort
and crowd-sourcing methods, such as in highly curated common-sense KGs, e.g., Wikidata [98]
and Freebase [22]. As discussed in Section 2.1, Wikidata exemplifies a highly curated, community-
driven construction paradigm, whereas the clinical and biological use cases in Section 2.2 illustrate
integration-heavy, domain-specific construction processes. These contrasting scenarios suggest
that multiple construction paradigms coexist and should be analyzed explicitly.

More recently, deep learning techniques in NLP have led to substantial progress in automatic
KG construction, enabling tasks such as entity recognition, entity linking, coreference resolution,
and relation extraction [111]. The emergence of pre-trained models, spanning from BERT [38] to
the recent LLMs, has allowed us to study the problem of automating knowledge graph construction
from large text-based corpora [72]. Knowledge acquisition from other sources, such as images and
structured data, has also been considered in Retrieval Augmented Generation (RAG) models.

How. Combining automatic knowledge graph construction with manually curated approaches
is still an open problem that requires the attention of researchers in the coming years. While
automation in KG extraction is desirable to cope with large-scale data, the quality of these
approaches and adherence to fairness, equity, and regulatable AI results should be checked [87].

AQ2: Which graph refinement and maintenance scenarios are most relevant?

Why. This question about the quality of graph-based use cases and their evolution is crucial, as
graph data needs to be checked for quality and maintained upon changes, similarly to data in
other formats. What is distinctive about graph data use cases is that the underlying relations are
first-class, explicit, and directly traversable edges; cleaning and refinement operations therefore
propagate along these edges across the graph rather than being mediated by value-based joins. The
user also plays a central role in graph refinement and cleaning tasks, as fully automated approaches
might not reflect what the user has in mind. The Wikidata case (Section 2.1) demonstrates
community-driven validation and schema-based quality control, while the epidemiological and
biological settings (Section 2.2) highlight domain-driven refinement and analytical correctness
requirements. This suggests that refinement and maintenance tasks vary greatly across contexts.
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What. Recent approaches, such as knowledge graph completion (or link prediction) [64], rule-
based graph repairing [35], user-centric repairs [70], and graph data normalization techniques [86]
have been proposed to address use cases in which graph data needs to be sanitized. All these
approaches assume that rules are either formulated interactively with the help of users or learned
from examples on the knowledge graph through Inductive Logic Programming (ILP) approaches.
In both cases, the role of users is central to driving the graph completion and repairing tasks.
Beyond repairing data, recent work also tests the reliability of graph database applications, for
instance by fuzzing them with constraint-violating graphs [39].

How. Scenarios that aim to combine symbolic approaches based on graph sampling with inter-
active graph rule repairing approaches are needed in order to design use cases that reduce human
effort in graph data curation. For instance, link prediction can be applied to obtain links that can
repair a graph violation, as opposed to edge deletion and node/edge relabeling in current graph
repairing use cases.

4 Research Roadmap

While the previous sections focus on overarching and cross-cutting challenges, this section refines
them into concrete research questions organized by researchability, usability, teachability, and
societal impact. These questions distinguish between fundamental investigations and application-
driven concerns.

4.1 Researchability Challenges
Researchability challenges concern how graph abstractions can be formally defined, compared, and
reasoned about by researchers. They address the tension between expressive power, theoretical
tractability, interoperability, and accessibility across research communities.

Here the human subject is the researcher. An abstraction becomes a shared object of formal
study only once it is specified precisely enough that communities with different backgrounds,
e.g., database theory, knowledge representation, systems, can agree on what is being reasoned
about and reproduce results over it. Expressiveness, tractability, and interoperability are thus not
purely technical desiderata: a property established once over a commonly accepted formalization
transfers across communities, whereas under-specified models oblige each group to re-derive its
own foundations. Researchability, in this sense, concerns the researcher who studies and extends
an abstraction rather than the end user who queries it.

4.1.1 Theory-driven questions
We discuss what makes a graph abstraction suitable for formal study, focusing on how express-
iveness, conceptualization, interoperability, and extensibility affect theoretical research on graph
data models and query languages.

RQ1: What influences the suitability of graph abstractions for formal study?

Why. Good graph abstractions allow us to systematically study different aspects of graph data
models and query languages, such as complexity and expressiveness, compatibility with the
standards, and interoperability and extensibility issues. Depending on our research question, we
need to make the appropriate abstractions and understand the important features that we must
include in our modeling. Graph abstractions are unifying paradigms that are also necessary for
understanding how humans conceptualize graphs.
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What. The space of graph abstractions is broad. At the data-model level, it forms a lattice
over graph-shaped data (the so-called “abstraction soup”), spanning RDF and several property-
graph variants [84]. At the query-language level, it comprises a similarly rich landscape of
formalisms [7]. From a theoretical viewpoint, recent work has characterized the expressive power of
the standardized graph query languages GQL and SQL/PGQ [44], introduced unified formalisms
for property graphs schemas and constraints such as PG-Schema [8] and PG-Keys [9], designed
declarative formalisms for graph pattern matching and transformation, such as the Graph Pattern
Calculus (GPC) [41] and the transformation-oriented GPC+ formalism [27], and proposed a
path-based algebra for property graphs [10].

How. Despite the above efforts to study graph abstractions suitable for formal studies, the latter
mainly focused on theoretical models to delineate the expressive boundaries of graph data models
and graph query languages. Further research aspects, such as the conceptualization of graph
abstractions, standards interoperability, and their extensibility, need further attention. The focus
should be on creating theoretically robust abstractions that are accessible to researchers from
different communities.

4.1.2 Application-driven question

We discuss the practical limitations of existing graph abstractions, highlighting the scalability,
performance, and expressiveness challenges that arise when these are deployed in large-scale,
heterogeneous, and evolving applications.

RQ2: What are the practical limitations of existing graph abstractions?

Why. In large-scale, highly connected datasets and distributed computing environments, graph
abstractions encounter scalability, storage, and communication bottlenecks. For example, large
graphs, such as those representing social networks or web-scale data, require massive storage
capacities while maintaining fast access and processing times. At the same time, distributed and
GPU systems need extensive inter-node communication, which can become a bottleneck for highly
connected graphs. In terms of expressiveness, graph abstractions often simplify relationships and
structures to fit into node-edge models, while many real-world problems require richer semantics,
such as multi-layer or heterogeneous graphs and streaming, dynamic, or temporal structures.

What. Beyond scalability and expressiveness, graph abstractions face practical limitations in
evolution, validation, and cross-system portability in long-lived applications. Knowledge graphs
evolve continuously [75], requiring constraint management and schema validation mechanisms such
as SHACL and ShEx, whose complexity and adoption challenges are well documented [24, 51, 55,
78, 79, 93]. Collaborative ecosystems like Wikidata further show that schema design and quality
control depend on sustained community coordination and tooling support [63, 98]. Recent work also
explores local-first, replicated property graphs that can be edited collaboratively, with concurrent
edits converging without central coordination [73]. Meanwhile, heterogeneity across RDF, property
graphs, and emerging standards complicates interoperability and reproducibility [1, 60, 84].
Recently, approaches for cross-model graph transformations have been proposed, e.g., from
relational to property graphs [94], from RDF to property graphs [77], and from property graphs
to RDF [89]. However, more work is needed to cover all possible interoperability issues. These
frictions directly impact analytical reliability, lifecycle management, and long-term governance
in domains such as healthcare and life sciences [43, 83], so addressing RQ2 requires controlled
evolution mechanisms, portable constraints, and abstraction-aware lifecycles.



A. Bonifati et al. 2:19

How. Framed through our lens, these are not only performance questions: the practical limits
of an abstraction govern whether researchers can study realistic, large-scale instances at all, and
therefore which human-facing questions about graph data even become investigable. We need to
maintain and enhance the research community’s focus on developing efficient graph operations,
such as traversals or centrality computations, and efficient mechanisms to partition or compress
graphs without losing essential structural information. Graph databases can handle moderately
complex queries, but they struggle with large, deep traversals or global queries (e.g., finding
shortest paths in continent-scale graphs), and we need to address such problems. We need to
manage irregular graph structures (e.g., power-law distributions in social networks) and the uneven
workload distribution across computing nodes. Problems such as community detection, pattern
finding, or graph neural network training on large graphs require substantial resources and new
graph abstractions. For distributed and GPU computing, communication and load-balancing
overhead deserve more focus. Future research should extend graph abstractions to heterogeneous,
dynamic, and multi-layer structures while preserving tractable query evaluation and performance.

4.2 Usability Challenges
Usability challenges focus on how different categories of users interact with graph abstractions in
practice. They examine cognitive load, task alignment, abstraction fit, and the limits of existing
mechanisms such as views and interoperability layers.

4.2.1 Theory-driven questions
We explore how different categories of users perceive and appropriate graph abstractions, ques-
tioning assumptions on intuitiveness and analyzing whether mechanisms such as views suffice to
mitigate cognitive load and abstraction complexity.

UQ1: User affinity of existing graph abstractions

Why. Graph abstractions are often perceived as intuitive and closely aligned with human ways
of reasoning about relationships. However, their actual usability varies significantly across user
groups. It remains insufficiently understood who benefits from graph abstractions, for which tasks,
and under which conditions. In particular, non-technical domain experts may face substantial
barriers that limit their ability to effectively engage with graph-based representations. Developing
a clearer understanding of user affinity is essential to identify exclusion patterns and to ensure
that graph abstractions do not inadvertently privilege certain users or forms of expertise over
others. Such insights are also critical for tailoring abstractions to the distinct needs of graph data
builders, analysts, consumers, and other user roles discussed later in this section.

What. Graph abstractions are well established in technical contexts, such as software engineering
(e.g., UML) and conceptual data modeling (e.g., ER diagrams), where their usability is primarily
assessed in terms of expressiveness, correctness, and formal properties. By contrast, broader
cognitive, accessibility, and learnability aspects have received comparatively less attention. At
the same time, graph abstractions are increasingly encountered by non-technical users as data
becomes more widely available. This is visible in data-journalism platforms such as the ICIJ Data
Explorer1 and graph-centric investigative tools2. A recurring lesson in this setting is that raw
graph visualizations (e.g., force-directed layouts) are hard to use, motivating systems that hide

1 https://offshoreleaks.icij.org/power-players/tony-blair
2 https://team.inria.fr/cedar/connectionlens/

TGDK

https://offshoreleaks.icij.org/power-players/tony-blair
https://team.inria.fr/cedar/connectionlens/


2:20 How Human-Centric Are Our Graph Data Abstractions?

the underlying graph behind global overviews and tabular exports while retaining graph-based
integration [15]. Yet such research is largely qualitative and typically focuses on improving tools
for specific, narrowly defined user groups. There is still a lack of systematic, cross-domain studies
examining how different populations, particularly users without formal training in data systems,
perceive, interpret, and appropriate graph abstractions.

How. Addressing these gaps requires combining qualitative and quantitative research methods.
In-depth qualitative studies can uncover users’ mental models, expectations, and sources of friction
when interacting with graph abstractions. At the same time, large-scale surveys are needed to
map user demographics, expertise levels, goals, and usage patterns across technical and non-
technical communities. Such studies should explicitly investigate factors influencing engagement
or disengagement, including perceived complexity, cognitive alignment, task suitability, and tool
support. Accessibility concerns must also be considered, including visualization challenges for
differently abled users and language barriers for non-English speakers. Collecting feedback from
underserved or excluded groups is essential for informing the redesign of graph abstractions.
Finally, measuring cognitive load differences across user groups3 and analyzing learning curves
and long-term usage patterns can provide actionable guidance for designing graph abstractions
that better align with diverse mental models and workflows.

UQ2: Limitations of the view-based approach for usability

Why. The view-based approach simplifies the representation of complex graph data by focusing
only on specific portions that are relevant for a given context. This helps reduce the cognitive
load [17] of users, making the data more accessible, especially to non-experts who need to explore
or interact with large-scale, densely interconnected, and highly annotated graph data.

What. The view-based approach creates dynamic perspectives over the input graph that corres-
pond to particular tasks or user needs [25, 27, 47]. These are often implemented through queries
that can be further refined, depending on the functionalities provided by each system. While such
methods simplify user interaction, they have several limitations. First, the support for view-based
mechanisms is limited and fragmented. Second, given the evolution of the underlying graph data,
one needs to ensure that the views remain consistent and that modifications to the views are
reflected in the initial graph.

How. First, to overcome the fragmented support for view-based mechanisms, it is essential to
develop standardized methods and tools for view creation, maintenance, and refinement, leveraging
existing standard graph query languages such as GQL and SQL/PGQ. It is important that these are
designed in an intuitive, user-friendly manner, allowing users to engage with the graph dynamically
in ways that minimize complexity. For example, visual graph view builders or drag-and-drop
interfaces can simplify their formulation, making view generation accessible to non-experts [18].

Second, to ensure that the input graph data and the views defined over it remain consistent with
one another upon modifications, existing techniques for view maintenance [45] and updates [16]
can be adapted from the relational setting. Furthermore, providing users with tools to visualize
the effects of view changes, as well as integrating their feedback, can help create more reliable
abstractions. Interactive dashboards can help visualize the effects of updates on both the graph and
its views, enabling users to understand and validate changes in real time. Integrating user feedback
loops ensures that the generated views remain aligned with their evolving needs. Also, adaptive
guidance mechanisms, such as recommendations for relevant subgraphs or query templates based
on user behavior and historical interactions, can empower users to refine views effectively.

3 https://en.wikipedia.org/wiki/Cognitive_load#Measurement
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UQ3: Suitability of existing graph abstractions for mainstream use cases

Why. Graph abstractions [84] are foundational for representing and processing interconnected
data across various domains. Their suitability for specific scenarios directly determines their
effectiveness in addressing real-world challenges. These scenarios span a wide spectrum, including
data augmentation, integration, semantic reasoning, recommendation systems, and advanced
machine learning applications such as link prediction and graph representation learning.

What. Different types of graph abstractions are needed to effectively address the requirements
of these popular tasks. For data augmentation, abstractions that support dynamic and extensible
schemas, such as RDF and property graphs, are needed, as they enable the incorporation of
diverse data sources and the enrichment of the graph with new relationships and attributes.
For data integration, multi-modal graphs that combine heterogeneous data types and support
schema alignment are essential, as they facilitate merging datasets into a unified representation.
In semantic reasoning, RDF graphs support inference tasks, leveraging ontologies that capture
domain-specific semantics. For recommendation systems, multi-relational graph abstractions,
such as edge-labeled and property graphs, are well-suited, as they capture user-item interactions,
contextual metadata, and dynamic preferences that drive recommendation algorithms. Finally,
advanced machine learning applications, such as link prediction and graph representation learning,
require abstractions that can efficiently model high-dimensional attributes, dynamic graphs,
and hierarchical structures. Abstractions like attributed property graphs or hypergraphs are
particularly effective in these scenarios, as they facilitate encoding rich structural and semantic
information, enabling the generation of expressive embeddings and robust predictive models.

How. To ensure that graph abstractions are well suited for the scenarios in which they are
deployed, user-centric approaches should be developed. For example, users can be empowered
to combine features from different graph abstractions depending on their specific application
requirements. Tools and interfaces should prioritize accessibility for non-expert users through
features such as interactive schema creation, guided workflows, and embedded recommendations
tailored to common use cases. Task-specific optimizations, such as native support for efficient
embeddings in machine learning applications or mechanisms for handling dynamic edge weights in
recommendation systems, are crucial for performance. Finally, user feedback loops can help refine
abstractions dynamically, allowing systems to adapt to evolving patterns and needs.

4.2.2 Application-driven questions
We focus on how well graph abstractions support real-world analytical workflows, examining how
they handle iterative analysis, workflow composition, interoperability, and long-term usability.

UQ4: How do graph abstractions support real-world analytical workflows?

Why. In practice, users rarely interact with graph abstractions through isolated queries or single
operations. Instead, graph-based analysis is embedded in broader analytical workflows that involve
data exploration, hypothesis refinement, iterative querying, validation of intermediate results,
and collaboration among multiple users. If graph abstractions fail to support these end-to-end
workflows, users may experience friction, increased cognitive load, or be forced to rely on ad-hoc
workarounds that undermine both usability and correctness.

What. Most usability studies of graph systems focus on localized interactions, such as the
expressiveness of a query language, the correctness of query results, or the efficiency of individual
tasks. While valuable, these evaluations often abstract away from how users combine multiple
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interactions over time to achieve higher-level analytical goals. Hence, important workflow-related
aspects, such as how users refine queries incrementally, manage intermediate results, recover from
errors, or coordinate analysis across tools and collaborators, remain underexplored. Furthermore,
current graph abstractions typically provide limited explicit support for workflow structuring,
provenance tracking, or the reuse and adaptation of analysis fragments across tasks and users.

How. Addressing this challenge requires moving beyond interaction-level evaluation toward
workflow-oriented and longitudinal studies of graph usage. These should examine how different
abstractions support iterative exploration, sense-making, and decision-making over extended
periods, as well as how they facilitate error diagnosis, correction, and rollback. From a system
design perspective, graph abstractions should expose mechanisms for structuring analytical
workflows, such as composable queries, reusable views, and explicit representations of intermediate
results and dependencies. Support for collaboration, including shared abstractions, annotation,
and provenance-aware analysis, is also essential. By aligning graph abstractions more closely with
real-world analytical workflows, systems can improve their usability and reliability.

UQ5: Limitations of existing graph abstractions for usability

Why. Existing graph abstractions tend to lock users and applications into a specific ecosystem
centered around those abstractions. This is often determined by the particular use case and the
needs regarding how the data will be used. For example, RDF graphs are designed to work well in
scenarios where ontologies are available and are thus well suited for reasoning. Property graphs,
however, tend to support network analyses and connectivity queries more efficiently.

What. While use cases often determine which graph abstraction is better suited, the same graph
might be used in different use cases in different ways. Hence, there has been some work on
interoperability, e.g., by transforming one abstraction into another or developing a data model
that serves as multiple graph abstractions that can be used to access the data [56, 99]. However,
this so far only considers translation between query languages and data models.

How. Since existing graph abstractions differ in their limitations and strengths, we need to find
a way to combine the strengths of the existing ones to overcome their limitations. This can either
lead to the development of a new abstraction that encompasses existing ones or to the development
of a framework that achieves full interoperability at all levels, including query languages, schema
languages, data models, etc.

4.3 Education/Teachability Challenges
Teachability challenges address how graph abstractions are learned and taught, and how their
cognitive demands compare to other abstractions. They emphasize the need for strategies that
explicitly support abstraction formation, mental model alignment, and progressive learning.

4.3.1 Theory-driven questions
We discuss the pedagogical aspects and the fundamental cognitive difficulties learners face when
reasoning about graph-based representations.

TQ1: Criteria for selecting a suitable graph abstraction for teaching

Why. Abstractions are central to computational thinking [3, 54, 88], alongside decomposi-
tion, design, debugging, iteration, and generalization [88], as they allow one to ignore non-
essential features, extract similarities between concepts, and generate further knowledge [31].
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Given their educational role, it is crucial to choose appropriate graph abstractions to enhance
learner understanding and make materials comprehensible, relatable, and applicable to real-world
problems.

What. The criteria should emphasize clarity, context, visual intuition, and computational
relevance. A suitable abstraction presents graph objects and the additional features and/or
constraints attached to these in ways that students can quickly comprehend and manipulate,
ideally with real-world examples that underscore practical applications.

How. To achieve this, instructors can prioritize abstractions that offer clear visualizations and
gradually introduce more advanced topics to ensure that learners build a strong conceptual
foundation before exploring more complex concepts. Practical exercises, real-world analogies, and
intuitive visual aids are key strategies that foster engagement, reinforce comprehension, and make
abstract graph concepts more tangible and meaningful.

TQ2: Inherent difficulties in learning and understanding graph abstractions

Why. Unlike tabular or hierarchical models, which align with natural cognitive tendencies for
sequential or categorical reasoning, graph-based representations emphasize interdependencies
and structural flexibility. This shift demands a different cognitive approach, making graphs less
intuitive to grasp [48, 65]. Additionally, the diversity of mental models among learners further
complicates comprehension, requiring tailored instructional methods [14].

What. The challenge stems from the way graph abstractions prioritize relationships over indi-
vidual data points, requiring learners to understand connectivity rather than isolated entities.
Research shows that humans often struggle with networked representations due to their reliance
on linear or hierarchical thinking [48, 65, 109]. Additionally, as Williams et al. [108] highlight,
learners approach graph-based models with varying conceptual frameworks, making it difficult to
standardize effective teaching strategies.

How. To improve learning, educators should employ progressive abstraction, beginning with
concrete, real-world graph representations before transitioning to abstract models [48]. Utilizing
visualization-driven learning, such as interactive exploration and multiple representation formats,
can accommodate diverse cognitive styles [14]. Additionally, integrating path diagrams and mental
model elicitation techniques [109] helps align instructional methods with how learners conceptualize
graphs. Project-based and challenge-based learning approaches provide hands-on engagement,
reinforcing practical understanding and making abstract graph reasoning more accessible.

4.3.2 Application-driven questions
We analyze the limitations of existing methods for teaching graph abstractions, focusing on
mismatches between pedagogical practices, learners’ mental models, and the cognitive demands
imposed by graph abstractions in educational settings.

TQ3: Limitations of current methods for teaching graph abstractions

Why. Teaching graph abstractions is essential for computational thinking, as they model complex
systems and relationships. However, current methods often fail to address the cognitive complexity
of graph abstractions and are further limited by a weak focus on user-centered approaches
and inadequate support for learners’ diverse mental models [48, 65]. Moreover, Bach et al.
[14] emphasize that visualization education must cater to a diverse audience while addressing
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methodological and contextual challenges. Additionally, Hazzan [48] highlights that teaching
abstraction requires overcoming uncertainty and cognitive complexity, especially for concepts like
graphs, which demand conscious navigation across abstraction levels.

What. These limitations stem from a lack of systematic frameworks for teaching graph abstrac-
tions and from instructional methods poorly aligned with learners’ cognitive processes. Moore
et al. [65] extend Piaget’s theories of abstraction to show how instructional materials shape the
development of stable knowledge structures, while Bach et al. [14] identify challenges such as
fostering visual representation skills, addressing learner diversity, and assessing project-based
learning. This misalignment between instructors’ and learners’ mental models significantly impacts
comprehension and performance [108, 109].

How. Addressing these limitations requires integrating human-centric, evidence-based strategies
for teaching graph abstractions. Educators must adopt methods such as project-based learning
and challenge-based learning, as suggested by Bach et al. [14], to foster engagement and contextual
understanding. Hazzan [48] advocates for raising awareness of abstraction levels and teaching
learners to navigate these levels consciously to mitigate cognitive complexity. Drawing on Moore
et al. [65], instructional materials should be designed to support abstraction processes, focusing on
the gradual development of knowledge structures. Incorporating tools like mental model elicitation,
such as path diagrams [109], and iterative user testing [108] can align teaching methods with
learners’ understanding. These approaches help educators bridge abstract graph concepts and
learner comprehension, making graph abstractions more accessible.

4.4 Societal Challenges
Societal challenges consider the broader consequences of graph abstractions beyond direct users.
They include fairness, accountability, transparency, and the indirect impact of graph-based systems
on individuals and communities affected by their deployment.

4.4.1 Theory-driven questions
We examine how graph abstraction choices shape fairness, bias, and transparency, analyzing how
modeling decisions influence downstream reasoning and affect stakeholders who are not direct
users of graph-centric data systems.

SQ1: Fairness and bias induced by graph abstractions

Why. Graph abstractions play a central role in shaping how data is structured, connected, and
interpreted. Choices about which entities, relationships, attributes, and constraints are modeled
influence downstream reasoning, analytics, and automated decisions. When graph abstractions
are used in sensitive domains or as part of AI pipelines, such design choices can amplify existing
biases or introduce new ones, with consequences that extend beyond technical users to affected
individuals and groups.

What. Bias may be introduced at multiple stages of abstraction design, including schema
modeling, data integration, constraint definition, and inference mechanisms. For example, large
shared knowledge graphs such as Wikidata or Freebase embed collective modeling decisions that
reflect the perspectives, priorities, and coverage of their contributing communities [22, 74, 98].
Similarly, choices in validation languages and constraints (e.g., SHACL or ShEx) can privilege
certain data patterns while marginalizing others [55]. Despite their impact, these biases are often
opaque to end users and difficult to trace back to specific abstraction decisions.
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How. Addressing fairness in graph abstractions requires systematic methods for identifying
how abstraction choices propagate bias across graph-based workflows. This includes developing
auditing techniques that relate schema and constraint design to observed disparities in query
results or automated outcomes, as well as supporting comparative analyses across alternative
abstractions. Human-centric approaches should also expose abstraction assumptions to users,
enabling critical revisions of modeling decisions, particularly in high-stakes applications.

SQ2: Transparency and interpretability for affected parties

Why. Graph-based systems increasingly influence decisions that affect people who are not the
direct users of graph abstractions, such as patients, citizens, or content consumers. In these
settings, the lack of transparency regarding how graph abstractions shape results can undermine
trust, accountability, and the ability to contest or understand outcomes.

What. Existing graph abstractions and query languages are primarily designed to be interpretable
by technical experts, emphasizing formal semantics and expressive power [7]. However, non-expert
stakeholders often lack access to meaningful explanations of how data is structured, how inferences
are derived, and how uncertainty and incompleteness are handled. This gap is particularly evident
when graph abstractions are combined with machine learning or language models, where abstraction
layers and automated reasoning further obscure causal links between data and outcomes [72, 87].

How. Human-centric graph abstractions should support explanation mechanisms that translate
technical representations into accessible accounts of modeling assumptions, limitations, and
uncertainty. This may include abstraction-aware explanations of query results, provenance
tracking across abstraction layers, and role-specific views that communicate relevant information
to affected parties without requiring technical expertise. Such mechanisms are essential for enabling
informed oversight and meaningful engagement with graph-based systems.

4.4.2 Application-driven questions

We overview societal and governance challenges associated with graph abstractions, identifying
their role in automated decision making and in managing shared abstractions within collaborative
and institutional settings.

SQ3: Societal impact of graph abstractions in automated decision systems

Why. Graph abstractions are increasingly embedded in automated decision-making pipelines,
including those involving machine learning, recommender systems, and large language models. In
these contexts, abstraction choices can influence not only system performance but also real-world
outcomes: access to resources, prioritization of information, and clinical and policy decisions.

What. While there is growing awareness of the societal risks associated with automated systems,
the specific role played by graph abstractions within these pipelines remains poorly understood.
Studies often focus on algorithmic fairness or model behavior in isolation, overlooking how abstrac-
tion design, e.g., schema structure, integration of heterogeneous data, or constraint enforcement,
shapes the inputs and outputs of automated processes. Case studies in domains such as healthcare
and epidemiology illustrate both the potential and the risks of graph-based decision support when
abstraction choices are insufficiently scrutinized [52, 76].
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How. Application-level research should examine the societal impact of graph abstractions through
empirical studies of real deployments. This includes analyzing how different abstraction choices
affect decision outcomes, error propagation, and disparate impacts across populations. Such
studies should be complemented by design guidelines that help practitioners assess the societal
implications of abstraction choices when integrating graphs into automated systems.

SQ4: Governance of shared graph abstractions

Why. Many large-scale graph systems rely on shared abstractions maintained by communities
or institutions, such as collaboratively curated knowledge graphs or domain-wide schemas. The
long-term sustainability and societal trustworthiness of these systems depend on how changes to
abstractions are governed, negotiated, and communicated.

What. Existing governance mechanisms for shared graph abstractions are often informal, uneven,
or implicit. Studies of collaborative platforms such as Wikidata show that a relatively small subset
of contributors exerts disproportionate influence over modeling decisions, schema evolution, and
editorial norms [74, 85]. While this enables scalability, it also raises concerns about representation,
accountability, and inclusiveness, particularly as these abstractions are reused across domains and
applications.

How. Designing graph abstractions with explicit governance and stewardship mechanisms is
essential for responsible and sustainable use. This includes support for versioning, documented
design rationales, community feedback, and mechanisms to assess the impact of abstraction changes
on downstream users and applications. Embedding governance considerations into abstraction
design can help align technical evolution with societal values and long-term accountability.

5 Conclusion

We have examined the human-centricity of graph abstractions, analyzing several current paradigms
through use cases ranging from collaborative knowledge graphs to clinical and biological applica-
tions, and we have distilled the research challenges they raise from a data management perspective.

Making graph abstractions more user-centric opens several directions for future work. The
most immediate is empirical: targeted user studies, each focused on a single dataset and processing
paradigm, should assess how well current graph paradigms serve particular applications and, in
aggregate, characterize what users expect from a given data or query model. A second concerns
expressiveness, which we argue should be measured jointly with users’ perception of that expressive
power. The analysis of Wikidata query logs [26] is illustrative in this respect: queries are posed
by both humans and bots, and although recursive operators are common, the regular path queries
that actually appear are structurally simple. Extending such analyses beyond RDF would help
close the gap between formal power and practical use. A final direction is to study machine-centric
abstractions alongside human-centric ones, including how well generative models reason over graph
models beyond simple ones [40].

We believe the next generation of graph abstractions must treat expressiveness and human
accessibility equally as first-class design goals.
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