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Abstract

Ontology alignment, a critical process in the Semantic Web for detecting relationships

between different ontologies, has traditionally focused on identifying so-called ”simple” 1-to-

1 relationships through class labels and properties comparison. The more practically useful

exploration of more complex alignments remains a hard problem to automate, and as such

is largely under-explored, i.e. in application practice it is usually done manually by ontology

and domain experts. In this research, we explore the current state-of-the-art techniques in

ontology alignment, focusing on several key areas. This project explores key challenges in

ontology alignment, focusing on improving accuracy through enriched information, under-

standing performance differences between synthetic and real-world data, and evaluating how

question formats and data representation affect user interaction and alignment outcomes.

Recently, the surge in Natural Language Processing (NLP) capabilities, driven by advance-

ments in Large Language Models (LLMs), presents new opportunities for enhancing ontol-

ogy engineering practices, including ontology alignment tasks. This research explores the

application of advanced language models to address complex challenges in knowledge repre-

sentation and alignment. By adopting a prompt-driven methodology and incorporating rich,

context-specific content modules, this study presents a novel framework aimed at enhanc-

ing automation in alignment processes. The proposed approach contributes to advancing

intelligent systems capable of improving accuracy, scalability, and efficiency in knowledge

integration tasks, with broad applicability across diverse domains such as information man-

agement, business intelligence, and decision support systems. Keywords: Complex Ontology

Alignment · Ontology · Large Language Model · Knowledge Graph · Modular Ontology

Modeling
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Chapter 1

Introduction

1.1 Introduction

The World Wide Web was envisioned as a space equally accessible to both humans and ma-

chines; however, retrieving semantically relevant information remains a significant challenge.

Linked Data addresses this issue by assigning unique, dereferenceable URIs to entities, facili-

tating standardized representation, interlinking, and cross-domain interoperability. This has

led to the emergence of Linked Open Data, comprising billions of interconnected facts that

support seamless knowledge integration. Within the Semantic Web, ontologies—particularly

in graph-based form—serve as structured frameworks of entities and relationships. They pro-

vide a shared conceptual vocabulary that enables consistent data interpretation and exchange

across stakeholders in a given domain.

Given its capacity to facilitate seamless knowledge sharing across domains and platforms,

the adoption of linked data has grown substantially. Today, billions of facts spanning nu-

merous subjects have been published as Linked Open Data (LOD)1. Many of these datasets

are indexed through platforms such as www.linkeddata.org, contributing to a continuously

expanding LOD cloud. This interconnected ecosystem actively encourages data providers to

link their own resources to existing datasets, thereby promoting interoperability and fostering

the emergence of a globally integrated web of data.
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An ontology is a structured representation of knowledge that defines entities and their

relationships within a specific domain, enabling consistent data interpretation and interop-

erability. Ontology alignment is the process of identifying correspondences between entities

across different ontologies, which is essential for integrating heterogeneous data sources and

ensuring semantic consistency across systems. In this work, we explore the key challenges

and strengths within the field of ontology alignment.

1.2 Challenges and Advancements in Ontology Align-

ment

Ontology alignment, a foundational task in the Semantic Web, has long posed significant

challenges due to the complexity and diversity of ontological representations. A key issue

arises in complex ontology alignment, where an entity in one ontology does not correspond

to a single entity in another, but rather to a combination or transformation of multiple con-

cepts. These complex correspondences are critical for enabling accurate and expressive data

integration, especially in domains characterized by differing levels of abstraction, modeling

granularity, or logical expressiveness.

Over the past decade, numerous systems have been proposed to address the complex

alignment problem, yet systematic evaluation remains hindered by the lack of realistic bench-

marks that reflect the intricacies of real-world data. Additionally, interactive ontology align-

ment—where human expertise is incorporated into the alignment process—has emerged as

an important area of study. This raises key questions regarding the optimal methods for pre-

senting ontological structures to users, whether through graphical depictions or RDF-based

formats, in order to facilitate effective alignment identification.

Furthermore, recent advances in large language models (LLMs) offer new opportunities

for enhancing ontology alignment tasks. While traditional systems may suffice for simple

alignments, the capabilities of LLMs suggest significant potential for improving the detection

of complex correspondences.
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This thesis investigates these dimensions through three primary contributions:

• An analysis of how different forms of data presentation affect human performance in

identifying ontology alignments;

• The development of a novel benchmark, GeoLink, designed to evaluate both simple

and complex ontology alignment using real-world data;

• The design and implementation of a neural-symbolic system that leverages large lan-

guage models to address complex ontology alignment challenges.

1.3 Outline

This thesis is a cumulative dissertation that presents foundational research on developing

a complex ontology alignment system—one of the central challenges in the Semantic Web

domain. As outlined in the introduction, several aspects of this field offer opportunities for

advancing data integration through improved ontology alignment practices.

This research is organized into three key topics that collectively contribute to the overar-

ching goal. The remainder of this dissertation is structured as follows: Chapter 2 introduces

the first research topic, focusing on interactive ontology alignment practices. It examines

how different methods of presenting ontologies to human users impact their ability to identify

alignment tasks. The primary contribution of this chapter includes:

• Towards Best Practices for Crowdsourcing Ontology Alignment Benchmarks2

Chapter 3 focuses on the evaluation of ontology alignment systems within the OAEI ini-

tiative, highlighting the limitations of existing synthetic benchmarks. This chapter presents

an in-depth analysis of the GeoLink Knowledge Graph and its Cruise Ontology, leading to

the development of a new, realistic benchmark for OAEI. The primary contributions of this

chapter include:

• GeoLink Cruises: A Non-Synthetic Benchmark for Co-Reference Resolution on Knowl-

edge Graphs3
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• The GeoLink knowledge graph4

Chapter 4 explores how recent advancements in Natural Language Processing, particu-

larly the emergence of large language models (LLMs), are reshaping the future of ontology

alignment systems. The chapter focuses on their application in addressing complex alignment

tasks, highlighting the potential of LLMs to enhance alignment accuracy and scalability. The

primary contributions of this chapter include:

• Towards Complex Ontology Alignment using Large Language Models5

Chapter 5 presents concluding remarks through a brief summary that highlights the

overall contributions. Besides, we provide an outlook on future work.
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Chapter 2

Knowledge Graph and Ontology

Alignment

2.1 Overview

Tim Berners-Lee initially conceptualized the World Wide Web as an ecosystem equally ac-

cessible to both humans and machines6. While the modern web provides access to vast

volumes of data, retrieving relevant and semantically related information about a specific

concept remains a complex and often inefficient task for both users and automated systems.

Even in the most straightforward cases, effective data discovery typically requires both back-

ground knowledge and advanced Natural Language Processing (NLP) capabilities. Despite

these tools, it remains challenging to determine whether the results of a given query actually

contain the precise information being sought.

The paradigm of Linked Data was introduced to address these challenges by defining a

set of principles for the standardized representation, interlinking, and retrieval of data on

the web. These principles include assigning a unique identifier, typically a Uniform Resource

Identifier (URI), to each entity within a dataset. These URIs leverage the HTTP protocol

to ensure that entities are both accessible and dereferenceable. When a URI is dereferenced,

it provides not only descriptive information about the resource but also semantic links to

5



related entities6.

In the semantic web world, an ontology—particularly in its graph-based form—is defined

as a ”coherent set of representational terms, together with textual and formal definitions,

that embody a set of representational design choices”. It comprises a structured set of

entities and the relationships among them, enabling domain experts to model and represent

knowledge within a specific field. Fundamentally, an ontology serves as a shared conceptual

framework or common language that allows stakeholders within the same domain to exchange

and interpret data consistently7.

Ontologies are generally composed of two primary components:

Terminological Knowledge (T-Box): The T-Box defines the formal vocabulary of

the domain, including its classes, properties, and logical rules7. It provides the structural

schema or taxonomy upon which data is organized. For instance, a generic class such as

Person may be included in the T-Box, along with constraints or axioms such as ”only a

Person can possess the property hasFullName.”

Assertional Knowledge (A-Box): The A-Box contains concrete instances or asser-

tions about individual entities in the domain. These assertions are constructed in accordance

with the terminology and constraints specified in the T-Box. For example, an assertion such

as ”Michael Cheadle is a Person” represents the assignment of an individual to a predefined

class. Illustrative examples of such assertions are provided in Figures 2.1, 2.2, and 2.3 which

is referring to the representation of the same entity in different datasets.

2.2 Ontology Alignment

In the Semantic Web context, an ontology is a structured and formal representation of

knowledge within a specific domain. It consists of a coherent set of entities (such as classes,

individuals, and properties) and the relationships among them, often expressed in a graph-

based format. Ontologies serve as shared conceptual frameworks that enable consistent

interpretation and communication of information between humans and machines. They

embody specific design decisions that reflect how knowledge is modeled within a domain,

6



Figure 2.1: Representation of \Micheal Cheadle" in the R2R database

Figure 2.2: Representation of \Micheal Cheadle" in the IODP database

facilitating interoperability, data integration, and semantic reasoning.

Ontology alignment refers to the process of identifying correspondences between entities

in different ontologies. These correspondences may be simple—such as equivalence between

two classes—or complex, involving combinations or transformations of multiple entities.

Alignment is essential when integrating heterogeneous datasets or enabling systems that

rely on different ontological schemas to interoperate. Effective ontology alignment supports

knowledge fusion, semantic search, and automated reasoning across diverse and distributed

data sources.
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Figure 2.3: Representation of \Micheal Cheadle" in the NSF database

GeoLink1 is a research initiative funded by the National Science Foundation (NSF) with

the primary objective of integrating seven of the most significant oceanographic datasets in

the United States. This integration is carried out in accordance with the principles of Linked

Data, aiming to facilitate seamless interoperability across independently curated datasets. A

central challenge in this endeavor is not merely the accessibility of distributed data, but the

ability to integrate heterogeneous information into a semantically consistent and query-able

whole.

To illustrate this, consider the example of a scientist named “Michael J. Cheadle,” whose

information appears across three different data graphs: the R2R (Rolling Deck to Reposi-

tory), IODP (International Ocean Discovery Program), and NSF datasets4. Each of these

datasets contains partial and distinct information about the same individual. The R2R and

IODP datasets record details about oceanographic research cruises where Michael Cheadle

participated as a scientist, whereas the NSF dataset provides information about the research

projects for which he served as principal investigator. Although the datasets refer to the

same individual, the representation, attributes, and contextual associations vary between

them.

This fragmentation exemplifies a common issue in distributed knowledge systems: ac-

cessing isolated data is not sufficient for extracting comprehensive insights. Effective data

1https://www.geolink.org/
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usage demands the semantic integration of diverse sources, raising two critical questions that

must be addressed:

What is the meaning of the various data fields across different datasets?

How are these fields related to one another?

Without clear answers to these questions, data providers cannot efficiently share or con-

sume data from other repositories. Even within the same domain, discrepancies in vocab-

ulary, structure, and semantics hinder interoperability. Thus, data integration becomes a

fundamental requirement, allowing users to interact with multiple datasets as if they consti-

tute a single, unified repository.

Data integration within the context of ontologies operates at two primary levels: the

Terminological Knowledge (T-Box) and the Assertional Knowledge (A-Box) levels.

At the A-Box level, integration focuses on identifying whether distinct data instances—often

represented by different Uniform Resource Identifiers (URIs)—actually refer to the same real-

world entity. This process is known as coreference resolution. For example, one dataset may

include an individual named “Michael J. Cheadle,” while others record a “Michael Cheadle,”

lacking the middle initial. A coreference resolution system would analyze available metadata

(such as affiliations, email addresses, or unique identifiers) to assess whether these names

denote the same person. Effective coreference resolution is critical for merging instance-

level data and ensuring that queries over linked datasets return comprehensive and accurate

results.

In contrast, data integration at the T-Box level pertains to aligning the schemas of dif-

ferent ontologies—a process referred to as ontology alignment. The objective of ontology

alignment is to detect semantically equivalent or closely related concepts, classes, and prop-

erties across different ontologies. For example, the property hasEmailAddress in the R2R

dataset may serve the same semantic purpose as the mbox property in the IODP dataset,

both denoting an individual’s email address. Despite having different syntactic representa-

tions, these properties convey identical meaning, and recognizing this equivalence is crucial

for enabling schema-level interoperability.

Ontology alignment plays a pivotal role in the broader goal of the Semantic Web and
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Linked Data: to interconnect data from multiple sources in a meaningful and machine-

readable way. It addresses the challenge of schema diversity—the variation in how different

data providers model and describe their data—even within a shared domain of knowledge.

This thesis focuses on the problem of ontology alignment as a means of facilitating se-

mantic integration across linked datasets. Ontology alignment systems typically take two

ontologies as input and produce a set of correspondences between entities within these on-

tologies. Each correspondence includes:

• The URIs of the two entities being compared

• The nature of the relationship (e.g., equivalence, subsumption)

• A confidence score (ranging from 0 to 1) that quantifies the system’s certainty about

the correctness of the match

Most alignment systems follow a structured pipeline. Since comparing every entity in

one ontology to every entity in another is computationally expensive, a filtering step is often

used to limit comparisons to potentially related entity pairs. For instance, aligning entities

of type Person with entities of type Organization may be irrelevant and is thus typically

excluded from the comparison process.

Following filtering, the system evaluates similarity metrics to assess candidate alignments.

These metrics may include:

• Syntactic similarity, which compares entity names or labels

• Semantic similarity, which draws upon lexical resources, ontologies, or knowl-

edge graphs

• Structural similarity, which analyzes how entities are related to other enti-

ties within the ontology

The outcome of this similarity assessment is a numerical score, which is then used to

generate final matches. Typically, only those matches whose similarity scores exceed a pre-

defined threshold are retained as valid alignments.
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A comprehensive overview of ontology alignment techniques, including theoretical founda-

tions and practical implementations8. The alignment of ontologies—particularly in domains

with rich and diverse data such as oceanographic research-remains a critical enabler for

advancing data interoperability, enhancing query capabilities, and promoting collaborative

scientific discovery.

2.3 Simple Vs. Complex Ontology Alignment

Ontology alignment refers to the process of identifying semantic correspondences between

entities—such as classes, properties, and instances—across two or more ontologies. These

alignments play a fundamental role in enabling data interoperability across distributed and

heterogeneous knowledge bases, particularly within the framework of the Semantic Web. By

specifying how entities from different ontologies relate to each other, ontology alignment

facilitates the integration, sharing, and reasoning over data drawn from diverse sources9.

Traditionally, most ontology alignment systems have focused on discovering simple align-

ments, which are typically one-to-one (1:1) relationships between individual entities. These

simple correspondences usually represent equivalence (i.e., indicating that two entities are

semantically identical) or, less frequently, hierarchical relationships such as subsumption

(i.e., one concept being more general or specific than the other). The relative simplicity

of these relationships makes them easier to identify using automated techniques based on

lexical similarity, structural features, and statistical patterns. Furthermore, the evaluation

of simple alignments is relatively straightforward, as it usually involves comparing predicted

correspondences with a reference set and computing standard metrics such as precision and

recall.

However, while simple alignments are effective in many basic use cases, they are limited

in their ability to capture the full semantic complexity that often exists between different

ontological representations. In real-world scenarios, especially those involving richly modeled

domains, many semantic correspondences are inherently complex and cannot be adequately

expressed through simple 1:1 mappings. These complex alignments may involve relationships

11



between combinations of entities, incorporate constraints, or reflect more nuanced seman-

tic constructs. They are capable of representing richer semantic mappings, such as those

involving conjunctions, disjunctions, cardinality conditions, and nested relationships among

multiple ontology elements.

The need for complex alignments arises when the semantics of an entity in one ontol-

ogy cannot be directly mapped to a single counterpart in another ontology, but instead

corresponds to a composition or transformation of multiple concepts. These types of cor-

respondences are essential for achieving a more precise and expressive integration of data,

particularly in domains where ontologies are designed with varying modeling granularity,

abstraction levels, or logical expressiveness.

Despite their importance, complex alignments have not received the same level of atten-

tion as their simpler counterparts in the development of alignment systems. The technical

challenges associated with identifying, representing, and evaluating complex correspondences

are significantly greater. Many current systems are either unable to detect such correspon-

dences or are limited in their ability to handle them systematically. This gap results in

alignment outputs that often underrepresent the true semantic relationships between ontolo-

gies, thereby limiting the effectiveness of data integration tasks.

Moreover, the standard evaluation methodologies for ontology alignment—typically based

on exact matches with a gold-standard reference—tend to penalize systems that produce par-

tially correct or near-miss complex alignments. These evaluation frameworks fail to account

for degrees of correctness or the proximity of the generated alignment to the intended se-

mantics. In practical settings, particularly within semi-automated alignment workflows, such

near-miss correspondences may still hold considerable value, as they can be easily refined or

confirmed by human experts. As such, evaluating alignment quality in binary terms (i.e.,

strictly correct or incorrect) often overlooks the potential contributions of complex alignment

systems and provides limited diagnostic feedback for system improvement.

In conclusion, while simple alignments remain foundational in ontology alignment re-

search and applications, they represent only a subset of the alignment challenges present

in real-world scenarios. The development of robust methods for detecting, representing,

12



and evaluating complex alignments is critical for advancing semantic interoperability across

ontologies. Future research must address both the algorithmic and evaluative aspects of com-

plex alignment to ensure that alignment systems are equipped to support the full richness

of semantic relationships encountered in diverse and evolving data ecosystems.

2.4 Interactive Ontology Alignment

In a wide range of domains, human cognitive abilities continue to surpass computational

systems, particularly in tasks involving pattern recognition, contextual interpretation, and

semantic alignment. Ontology alignment is one such task where humans often demonstrate

superior performance. Humans can intuitively recognize conceptual equivalences, detect

nuanced semantic relationships, and resolve ambiguities in meaning—capabilities that remain

challenging for even the most sophisticated computational models. Consequently, many

ontology alignment systems have been developed to incorporate human expertise at various

stages of the alignment process10.

These systems range along a spectrum from fully manual to semi-automated approaches.

Fully manual systems rely entirely on human judgment to identify correspondences between

ontological elements, but such methods are impractical when dealing with large-scale on-

tologies, which may contain thousands of entities and properties. The time, effort, and

cognitive load required for purely manual alignment make them infeasible for modern, data-

intensive applications. As a result, contemporary ontology alignment efforts mostly focus on

semi-automated systems that aim to balance the efficiency of machine algorithms with the

accuracy and intuition of human users.

Semi-automated systems typically rely on computational techniques to generate candi-

date alignments between concepts in different ontologies. Human input is then incorporated

at critical junctures—either to confirm the validity of proposed alignments or to assist in

resolving cases where automated algorithms fail to reach a confident decision. One of the

most prevalent approaches in this context involves generating a complete set of alignment

suggestions through automated methods, followed by a human verification phase in which

13



users review and validate the proposed matches.

To enhance the scalability and efficiency of this verification step, optimization techniques

have been introduced. One such strategy involves clustering similar alignment suggestions

and presenting only a representative example from each cluster for human review, thereby

reducing redundancy and minimizing user workload. Another common optimization is to

prioritize human input for borderline cases—those matches whose computed similarity scores

are near the decision threshold—on the assumption that such cases are more likely to be

incorrect or uncertain.

Despite the clear advantages of human involvement in alignment tasks, a significant

challenge lies in accessing individuals with the necessary domain-specific knowledge and

expertise to perform these tasks accurately and efficiently. Domain experts and ontology

engineers possess the ideal skill sets to support high-quality alignment, but in practice, they

are often constrained by time limitations and competing professional obligations, making

their availability for extensive data integration tasks quite limited.

To mitigate this issue, crowdsourcing has emerged as a promising strategy. By distribut-

ing alignment tasks to a large pool of contributors—often drawn from the general public

or through online platforms—crowdsourcing enables the parallelization of effort and reduces

the dependency on a small group of specialists . While the quality of contributions from non-

experts may vary, careful task design, redundancy mechanisms, and aggregation techniques

can be employed to ensure the reliability of crowdsourced results. Moreover, crowdsourcing

approaches can be particularly effective for ontology alignment tasks that involve straight-

forward decisions or when aided by intuitive user interfaces and contextual guidance.

2.5 Contribution

During the early phase of my research in this field, I published a paper2 that critically exam-

ines the reliability and design implications of utilizing crowdsourcing for developing ontology

alignment benchmarks. Unlike prior studies that primarily aim to enhance crowdsourcing

efficiency—such as minimizing time and cost—this work focuses on how task design and
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formulation influence the quality and credibility of the resulting alignment data.

Specifically, the paper investigates four key research questions:

• Whether offering more expressive answer choices beyond binary (yes/no) responses

enhance worker accuracy?

• The influence of question type (true/false vs. multiple choice) on the accuracy of crowd

responses.

• The most effective methods for presenting contextual information to crowd workers to

support accurate decision-making.

• The feasibility of identifying low-quality or fraudulent contributors (scammers) in on-

tology alignment microtasks.

By addressing these questions, we contributed to the broader discussion of how to en-

sure that crowdsourced ontology alignment results are robust, valid, and acceptable to the

research community2. The findings offer actionable insights for designing more effective

crowdsourcing tasks and benchmarks in semantic web research. In summary, while the com-

plexity of ontology alignment presents significant computational challenges, the integration

of human judgment—either through expert verification or scalable crowdsourcing mecha-

nisms—remains a vital component of effective alignment systems. Semi-automated methods

that strategically incorporate human input are increasingly favored for their ability to bal-

ance scalability with semantic precision, ensuring the integrity and usability of integrated

knowledge bases.

In the domain of ontology alignment, crowdsourcing has emerged as a promising approach

to enhance the accuracy and scalability of alignment verification tasks. Previous efforts

leveraging crowdsourcing methodologies have generally adopted two principal strategies for

eliciting judgments about the semantic relationship between entities from users:

• (1) binary true/false questions

• (2) multiple-choice questions that capture more nuanced semantic relationships.
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In the first approach, users are presented with a straightforward true/false prompt, typ-

ically phrased as a yes-or-no question such as: ”Can ’Award’ be matched with ’Funding

Award’?” as shown in Figure 2.4. The user is then asked to simply indicate whether the two

entities can be considered equivalent. This format is efficient and easy to process, making it

well-suited for high-volume tasks or for engaging participants without deep domain exper-

tise. However, it inherently restricts the expressive power of the alignment task, as it does

not allow users to specify alternative forms of relationships beyond strict equivalence.

Figure 2.4: Veri�cation: Is \FundingAward" in GMO, same as \Award" is GBO?

Figure 2.5: Identi�cation: What type of alignment exist between \FundingAward" in GMO,
and \Award" is GBO?

The second approach involves a multiple-choice format designed to elicit more detailed
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semantic insights from users. For example, instead of asking whether “Award” and “Funding

Award” are equivalent, the system might ask: ”What is the relationship between ’Award’

and ’Funding Award’?”, ; as shown in Figure 2.5. Users would then choose from a set of

predefined options, such as:

• ”Paper and Contribution are the same” (indicating exact equivalence)

• ”Every Paper is a Contribution, but not every Contribution is a Paper” (indicating a

subclass relationship)

• ”Every Contribution is a Paper, but not every Paper is a Contribution” (indicating a

superclass relationship)

• ”There is no relationship between Paper and Contribution.”

This more expressive question format supports a broader range of alignment types, including

non-equivalence relationships such as subsumption, and enables a richer understanding of

the semantic connections between ontology elements. Additionally, the use of clearly differ-

entiated response options helps guide the user toward the most appropriate interpretation

of the relationship, even in cases where the semantic distinctions may be subtle.

The motivation for adopting the multiple-choice format is closely aligned with the evolv-

ing needs of ontology alignment systems. As these systems advance beyond identifying sim-

ple one-to-one equivalence mappings and begin targeting more complex alignments—such

as subclass relations, part-of hierarchies, and composite mappings—human input must also

evolve to accommodate this increased complexity. Crowdsourcing platforms, therefore, must

be designed to elicit granular semantic judgments that go beyond binary decisions.

Furthermore, modern semi-automated alignment pipelines often operate by first gener-

ating a pool of candidate matches for each entity within an ontology. These candidates

are typically selected based on lightweight heuristics or lexical similarity measures. Subse-

quently, more computationally intensive methods—such as structural or semantic similarity

computations—are applied to refine the candidate list and determine which correspondences

are valid. Within this context, crowdsourcing can serve as an intermediate verification layer.

17



Specifically, the multiple-choice approach can be used to cast a wider net for potentially

related entities and then leverage human insights to narrow down the most semantically

appropriate matches. The filtered results, enriched by user feedback, can then be passed

to alignment algorithms for further processing, improving both the precision and contextual

accuracy of the final mappings.

In summary, while true/false questions offer simplicity and speed, multiple-choice formats

provide the semantic depth necessary for addressing the growing complexity of ontology

alignment tasks. Designing crowdsourcing systems that balance ease of use with the ability

to capture nuanced relationships is essential for enabling scalable and effective human-in-

the-loop alignment systems.
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Chapter 3

Ontology Alignment Evaluation

Initiative

3.1 The Role of the Ontology Alignment Evaluation

Initiative (OAEI)

As the number and diversity of ontology alignment systems continue to grow, there is an

increasing need for a standardized and systematic framework to assess, compare, and improve

these systems. The Ontology Alignment Evaluation Initiative (OAEI) 1 was established to

address this need. It is a coordinated international effort that has been conducting annual

evaluations of ontology alignment systems since 2004.

The OAEI serves several critical functions in the ontology alignment research community.

Its primary objectives include:

• Evaluating the performance of ontology alignment systems across diverse tasks and

domains,

• Facilitating collaboration and knowledge exchange among system developers,

1https://oaei.ontologymatching.org/
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• Driving improvements in the design, scalability, and accuracy of alignment methodolo-

gies, and

• Providing a unified, repeatable evaluation framework through standardized datasets,

test cases, and benchmarking protocols.

To accommodate the varying requirements and complexities of alignment tasks, the OAEI

organizes its evaluations into multiple tracks, each focusing on a specific type of alignment

problem. These include tracks such as Ontology Alignment for Query Answering, Instance

Matching, Interactive Matching Systems, among others. Each track provides domain-specific

ontologies and evaluation criteria, enabling the fair assessment of systems under different

conditions and application scenarios.

Results from these evaluations demonstrate that while a number of ontology alignment

systems achieve high levels of performance and accuracy, none have yet attained perfect

precision and recall. In other words, even the most advanced systems either fail to iden-

tify some valid correspondences (false negatives) or mistakenly include incorrect ones (false

positives). This highlights the ongoing challenge in achieving comprehensive and error-free

alignment, and underscores the importance of continued research and collaboration within

the community.

The OAEI thus plays a vital role not only in benchmarking current capabilities but also in

guiding the future development of more robust, adaptive, and semantically aware alignment

systems.

3.2 Benchmarks And Evaluation In OAEI

The Ontology Alignment Evaluation Initiative (OAEI) has long served as the primary plat-

form for researchers in the fields of ontology alignment and coreference resolution to evaluate,

compare, and showcase their systems. Among the various tracks organized by OAEI, one

notable effort is the evaluation of coreference resolution systems, which was formally in-

troduced in 2004. Since its inception, this track has attracted a number of participants
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annually, contributing to a growing body of empirical evidence regarding the effectiveness

and scalability of such systems.

Central to this track is the Semantic Publishing Instance Matching Benchmark (SPIM-

BENCH)—a synthetic benchmark specifically designed to evaluate the ability of coreference

resolution systems to identify instances referring to the same Creative Work11. SPIMBENCH

facilitates controlled and reproducible testing by providing a rich and scalable framework for

synthetic data generation. It supports systematic variation through a wide range of trans-

formations that simulate real-world challenges in ontology alignment while also ensuring a

complete and reliable gold standard for evaluation.

The schema used by SPIMBENCH is reasonably complex, comprising 22 classes, 85 ob-

ject properties, and 31 data properties. Synthetic datasets are created by applying various

transformations to a base source file. These transformations fall into three primary cate-

gories:

• Value Transformations, which involve surface-level syntactic changes such as typo-

graphical errors, use of abbreviations, or substitution with synonyms;

• Structural Transformations, which alter the shape and depth of the ontology represen-

tation through mechanisms like property nesting or aggregation;

• Semantic Transformations, which manipulate schema-level relationships using con-

structs from OWL (Web Ontology Language), such as class equivalence, disjointness,

or more complex class expressions.

The purpose of these transformations is to create realistic alignment challenges by gen-

erating a controlled set of synthetic matches and non-matches. However, because SPIM-

BENCH data is synthetically generated, it does not include coreferences that naturally

emerge from independently curated datasets. Instead, coreferences are introduced program-

matically, and the benchmark is explicitly designed to simulate plausible alignment tasks

rather than mirror the full unpredictability of real-world data.
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SPIMBENCH is available in two configurations: a small-scale version referred to as the

sandbox, and a medium-scale version known as the mainbox. One of its key advantages is

the flexible scalability it offers. Because the data is synthetically constructed, SPIMBENCH

can generate large volumes of test cases to evaluate system performance under increasing

data loads, making it highly suitable for scalability testing.

The availability of complete reference alignments within SPIMBENCH allows for the pre-

cise calculation of evaluation metrics such as precision and recall. Moreover, the benchmark

is designed in a way that allows researchers to isolate specific types of transformations—be

they semantic, structural, or syntactic—and assess how coreference resolution systems per-

form in response to each. This fine-grained diagnostic capability is one of the most valuable

aspects of SPIMBENCH.

Nonetheless, SPIMBENCH also presents certain limitations. Its synthetic nature, while

beneficial for controlled evaluation and repeatability, inherently narrows its scope. The

benchmark assumes specific alignment patterns—often relying on string similarity or clearly

defined structural changes—which may not adequately reflect the variety and ambiguity

encountered in real-world data. For example, two instances such as ”paint” and ”color”

may be semantically equivalent without exhibiting any string similarity. Likewise, an entity

labeled ”Organizer” may represent a Person in one dataset and a Company in another,

depending on context and domain modeling—scenarios that synthetic benchmarks struggle

to emulate convincingly.

Another point of critique is that SPIMBENCH employs a single ontology across both

source and target datasets. While this simplifies evaluation, it does not capture the hetero-

geneity and schema mismatch that commonly arise in real-world data integration tasks. Real

datasets often involve ontologies designed independently, with differing conceptualizations,

terminologies, and modeling styles. This lack of ontological diversity limits the benchmark’s

ability to assess system robustness in realistic alignment scenarios.

Although SPIMBENCH incorporates some semantic complexity through OWL axioms

and RDF Schema (RDFS) constructs, it still lacks the breadth of OWL features found in rich

ontologies. Important constructs such as owl:topDataProperty, owl:bottomDataProperty,
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owl:Thing, owl:Nothing, and owl:real are either underrepresented or entirely absent, reducing

the generalizability of benchmark results. Including these constructs would significantly

improve the realism and diversity of the benchmark, thereby strengthening its capacity to

evaluate system performance under more demanding semantic conditions.

Similar limitations can be found in other synthetic instance-matching benchmarks in-

dependent of OAEI. For example, ONTOBI, which generates ontologies using Wikipedia

infoboxes, also produces datasets of moderate size and complexity. Its schema consists of

17 classes, 13 object properties, and 128 data properties. However, as with SPIMBENCH,

both the source and target datasets in ONTOBI are drawn from the same domain and em-

ploy the same ontology, thereby reducing heterogeneity and failing to fully reflect real-world

challenges.

In conclusion, synthetic datasets such as SPIMBENCH provide invaluable tools for bench-

marking and diagnosing coreference resolution systems. Their controlled nature allows for

reproducible testing, scalability evaluation, and fine-grained performance analysis. These

features are particularly useful in the early stages of system development, where systematic

validation is essential. However, synthetic datasets alone cannot capture the full complexity

and variability of real-world data. Therefore, while synthetic benchmarks should continue to

be used for initial research and controlled experiments, they must be complemented by real-

world datasets to ensure that alignment systems are equipped to handle the rich, ambiguous,

and often unpredictable nature of semantic data integration at scale.

3.3 Contribution

The GeoLink Cruise benchmark3, in contrast to SPIMBENCH, exemplifies such real-world

complexity. Its schema and A-Box (assertional data) are significantly more intricate, and

the source and target datasets are based on independently developed and domain-specific

ontologies. This introduces real ontological diversity and structural inconsistency, making it

a more representative environment for testing coreference resolution and ontology alignment

systems under realistic conditions.
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Having discussed the advantages and limitations of synthetic benchmarks, we now turn

our attention to the value and strengths of real-world benchmarks, and how they can pro-

vide more comprehensive insights into the performance of ontology alignment and instance

matching systems.

The benchmark proposed in this study is derived from the GeoLink knowledge graph4, a

real-world dataset that exemplifies the complexity and heterogeneity typically encountered

in large-scale semantic integration efforts. GeoLink was developed as part of the National

Science Foundation’s EarthCube initiative, with the objective of integrating data from seven

distinct and diverse geoscience repositories into a unified semantic framework.

GeoLink’s integrated ontology is publicly available and provides a shared schema that

brings together the conceptual models from each contributing dataset. The corresponding

knowledge base can be queried via SPARQL endpoints, facilitating direct access to the struc-

tured data. As of the current version, the GeoLink knowledge graph comprises 282 classes,

338 properties, over 5.1 million instances, and approximately 45 million RDF triples. This

scale and richness of data provide a valuable testbed for evaluating instance matching and on-

tology alignment approaches in real-world conditions, where data diversity, incompleteness,

and semantic ambiguity are prevalent.

The primary objective of the GeoLink project was to integrate geoscience data from

multiple repositories into a unified knowledge graph. To support this, GeoLink provides two

ontologies: the GeoLink Modular Ontology (GMO) and the GeoLink Base Ontology (GBO).

The GMO is constructed using ontology design patterns (ODPs), ensuring a modular and

semantically rich schema. Core concepts—such as Person or Physical Sample—are encapsu-

lated as independent modules, developed collaboratively by domain experts, ontologists, and

data providers. These modules form the foundation of the GMO, enabling data providers

to publish RDF data aligned with a shared vocabulary. However, due to the complexity of

some patterns, such as the AgentRole class, mapping can be challenging.

To address this, the GBO was introduced as a simplified version of the GMO. While it

does not adhere to the same rigorous ontology design standards, it offers a more accessible

schema for data publication. Both ontologies are publicly available under a CC-BY license.
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Importantly, the GMO and GBO have also been used to construct a complex ontology

alignment benchmark, highlighting the nuanced relationships between the two ontologies.

This benchmark has been included in the Ontology Alignment Evaluation Initiative (OAEI)

since 2018.

Cruise is one of the three core class types in the GeoLink knowledge base, alongside

People and Organization. To support the evaluation of instance matching systems in a

realistic setting, we introduce the GeoLink Cruise Benchmark3, which consists of two real-

world Cruise datasets sourced from R2R 2 and BCO-DMO 3.

This benchmark offers several distinguishing features that set it apart from existing

benchmarks. Notably, it is derived from datasets curated and published by seven geoscience

data providers as part of the GeoLink project. These datasets are inherently natural and

domain-specific, reflecting real-world complexities, unlike synthetic benchmarks that often

rely on simplified assumptions. As discussed previously, synthetic datasets are valuable for

controlled testing and early-stage research, but they may introduce biases due to artificial

assumptions and fail to represent the nuanced challenges present in real-world data integra-

tion.

A key advantage of the GeoLink Cruise Benchmark is the availability of a high-quality

ground truth. Domain experts manually identified and curated 491 owl:sameAs links between

matching Cruise instances in the R2R and BCO-DMO datasets. This manually verified

alignment allows for robust evaluation of instance matching systems using standard metrics

such as precision and recall. Additionally, the benchmark is scalable; further Cruise data can

be readily retrieved from the GeoLink SPARQL endpoint, supporting extended experiments

on scalability and system robustness.

Overall, the GeoLink Cruise Benchmark provides a realistic, semantically rich testbed for

evaluating the practical effectiveness of instance matching systems in a real-world geoscience

context.

Figures 3.1 and 3.2 illustrate the full set of classes and properties associated with the

2http://www.rvdata.us
3http://www.bco-dmo.org
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Figure 3.1: GBO Cruise Ontology Schema

Figure 3.2: GMO Cruise Ontology Schema, (sCO=subClassOf and
pAR=providesAgentRole)

Cruise class in the GeoLink Base Ontology (GBO) and the GeoLink Modular Ontology

(GMO), respectively. The Cruise class is defined with a rich set of both object and data

properties, enabling a semantically expressive representation. Certain data properties—such

as hasTitle, hasProject, and hasAbstract—offer straightforward string-based comparison for

instance matching tasks. However, the ontological structure also supports more fine-grained

alignment by allowing traversal across interconnected object and data properties, facilitating

deeper semantic comparisons.

A key strength of the GeoLink Cruise Benchmark lies in its inclusion of a wide range of
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OWL and OWL2 axioms, which allow for a more comprehensive evaluation of ontology-aware

instance matching systems. The ontology makes use of advanced OWL vocabulary such

as owl:sameAs, owl:priorVersion, owl:versionInfo, owl:imports, owl:unionOf, owl:inverseOf,

and owl:complementOf. These constructs enable reasoning beyond basic structural or la-

bel similarity and support systems that leverage logical inference and ontology reasoning

mechanisms.

Unlike synthetic benchmarks, which typically generate test cases by introducing surface-

level changes (e.g., typographical errors or minor lexical variations), the GeoLink Cruise

Benchmark enables evaluation beyond label-based matching. Its real-world complexity

means that entity matches cannot always be identified through superficial comparisons of

class labels or data property values. Instead, successful coreference resolution may require

deeper exploration of the graph, including the traversal of object properties and the exami-

nation of semantically rich linked data.

For example, consider two Cruise instances from BCO-DMO and R2R that are actually

coreferent. While these instances may lack identical labels, they share object properties

like hasProgram, which link to additional nodes containing properties such as hasTitle,

hasAcronym, description, name, and label. These properties provide informative string

values that can be compared using similarity metrics. However, only systems capable of

deep graph exploration and contextual reasoning are likely to detect such correspondences.

In summary, the GeoLink Cruise Benchmark challenges coreference resolution systems

to go beyond surface-level data matching and to engage with the structural and semantic

richness of real-world linked data. This makes it particularly valuable for evaluating sys-

tem performance in realistic scenarios, where the identification of equivalent instances often

depends on more than just label or data property similarity.
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Chapter 4

Complex Ontology Alignment Using

Large Language Models

4.1 Overview

Most of the work on ontology alignment is evaluated by the OAEI, an annual event focusing

on ontology-matching systems’ performance, starting in 2004, with focus mostly on simple

alignment. A complex alignment track was started in 2018 because simple matching is

often not sufficient to capture the rich semantics needed for advanced applications using

realistic ontologies. In the context of this track, the datasets utilized throughout these years

encompass Complex Conference, Populated Complex Conference, Hydrography, GeoLink,

Populated GeoLink, Populated Enslaved, and Taxon. It should be noted, however, that some

datasets have ceased to be evaluated in recent years as each track depends on volunteers to

run it.

Ontologies that exhibit high conceptual clarity are inherently more reusable, as they are

easier to comprehend and interpret. Consequently, a central goal in ontology engineering is

the development of modeling methodologies that promote clarity, reusability, and maintain-

ability. It is widely accepted that adherence to established modeling principles enhances the

overall quality and usability of ontologies. Reusing ontologies in new contexts often presents
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significant challenges despite these best practices. These challenges include (i) discrepancies

in granularity between existing ontologies and their intended use cases, (ii) ambiguous or

poorly defined concepts, (iii) the inherent complexity of ontology alignment, and (iv) a lack

of dedicated tools to support ontology reuse. To address these issues, the Modular Ontology

Modeling (MOMo) approach was introduced. MOMo advocates for the creation of small, co-

herent, and independently understandable ontology modules, each encapsulating a principal

domain concept.

A key strength of MOMo is its support for modularity, where each module can be de-

veloped, maintained, and reused independently. This modular structure enables traceability

through comprehensive documentation and metadata, making it easier to link ontology com-

ponents to their original design requirements. Additionally, modularization simplifies main-

tenance by isolating the impact of changes and enhances adaptability by allowing modules

to be replaced or refined with minimal disruption to the overall ontology.

In the context of the Semantic Web, the term module can have various interpretations.

In this work, it specifically refers to a self-contained portion of an ontology that captures

a key concept along with its essential features. For example, a Person module may include

related elements such as BirthEvent, PersonalInfoItem, and Credential. Modules fulfill a

dual role: They serve as technical constructs for grouping semantically related classes and

properties while also reflecting the conceptual structure understood by domain experts. De-

spite potential overlaps or hierarchical relationships, this modular architecture supports an

intuitive and expert-aligned representation of knowledge.

Modularization facilitates a systematic approach to ontology construction, allowing for

the development and evaluation of individual components before integrating them into a

larger framework. This not only supports the scalability and coherence of large ontologies

but also improves accessibility for both developers and domain experts. Furthermore, the

ability to interchange modules based on context or level of detail fosters reusability and

adaptability.

In this study, we investigate the role of incorporating module-level information in im-

proving the identification of complex ontology alignments. Specifically, we leverage the
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GeoLink Modular Ontology (GMO)—a schema designed as part of the GeoLink project to

integrate several large-scale ocean science data repositories. We enrich alignment tasks with

module-level metadata, including descriptions, core axioms (when applicable), and exist-

ing alignment references as specified in the GeoLink Core Ontology Design Patterns. As

demonstrated in the following sections, this modular context is critical for resolving complex

alignment scenarios where semantic correspondences cannot be determined solely through

label or structure-based similarity.

Adapting large language models (LLMs) for specific tasks can be accomplished through

two primary strategies: fine-tuning and prompt engineering. Fine-tuning involves retraining

the model on domain-specific data, which, while effective, demands substantial computa-

tional resources, technical expertise, and time. Moreover, it carries the risk of overfitting,

potentially reducing the model’s generalizability to other tasks or domains.

In contrast, prompt-based adaptation offers a more resource-efficient alternative. Prompt-

ing leverages a pre-trained LLM without modifying its underlying parameters, enabling rapid

and flexible task adaptation. This approach requires minimal computational power and can

be deployed effectively by users without deep machine learning expertise. As such, prompt-

ing has become increasingly popular as a practical and scalable solution for customizing

LLM behavior.

Prompt engineering plays a critical role in optimizing LLM performance across diverse

tasks. While models can generate outputs using zero-shot prompting—responding to task

instructions without seeing examples—more complex tasks often require advanced prompting

techniques to guide the model’s reasoning and improve response quality. Among these, the

inclusion of contextual information and structured reasoning processes has shown substantial

performance gains.

Several task-agnostic prompting techniques have emerged as effective tools in this regard:

• Zero-shot prompting: The model receives a task description in natural language at

inference time, without any training examples.

• Few-shot prompting: The model is provided with a limited number of task-specific
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examples that demonstrate the desired input-output behavior, improving its contextual

understanding.

• Chain-of-thought prompting: This method introduces intermediate reasoning steps in

the prompt, helping the model decompose and solve complex tasks through structured

logical progression. Collectively, these techniques demonstrate that careful prompt

design can significantly enhance LLM effectiveness, offering a practical alternative to

model fine-tuning for task specialization.

These techniques enable large language models to adapt and respond to a wide variety

of tasks with varying levels of guidance and specificity. Figure 4.1 illustrates our workflow,

which begins by uploading the entire GMO file as an initial prompt. Subsequently, we include

specific entities from the second ontology, the GBO, to inquire about their alignment with

the GMO. If the initial prompt successfully provides the relevant segments, further prompts

in the chain-of-thought process are unnecessary. Otherwise, we can provide a list of all GMO

module names and ask GPT to identify the most related modules for the GBO entities. Then,

in a subsequent prompt, we supplement the inquiry with module information and request

the related segments again.

Figure 4.1: Prompting work
ow
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4.2 Contribution

This work investigates the potential of large language models (LLMs), specifically OpenAI’s

GPT-4, for performing complex ontology alignment tasks by leveraging modular ontology

information5. The study involves uploading the GeoLink Modular Ontology (GMO) in

RDF Turtle format to GPT-4, which is capable of parsing the data and responding to

alignment queries, albeit with some latency. The goal is to assess whether GPT-4 can identify

complex alignment rules expressed in logical form, such as those linking GBO entities (e.g.,

hasCoPrincipalInvestigator and Award) to their semantically corresponding entities in GMO.

To support this process, the GBO entities involved in the alignment rule were extracted

directly from the ontology in their original RDF format. Importantly, the approach relies on

the inclusion of module-level metadata, based on the argument that flat ontologies lacking

internal structure often fail to provide sufficient semantic cues for automated alignment. The

study emphasizes that embedding module information—either during ontology development

or through documentation—can significantly reduce ambiguity and improve the performance

of ontology alignment systems.

Initial findings indicate that GPT-4, when guided with relevant module context, can

generate promising alignment suggestions. However, further work is required to formalize this

into an autonomous alignment system with high precision. The authors propose a human-

in-the-loop approach as an intermediate step, where ontology engineers verify and refine

LLM-generated suggestions. This strategy not only reduces the human effort required for

alignment but also guides the LLM toward more accurate and complete outputs, supporting

the broader vision of LLM-assisted semantic integration.

This study also reinforces the need to improve ontology modeling methodologies to in-

clude modular design as a standard practice, thereby enhancing the reusability, maintain-

ability, and alignability of ontologies.

The performance of GPT-4 in detecting complex ontology alignments was assessed us-

ing standard evaluation metrics—recall and precision. In one illustrative example, GPT-4

correctly identified all four expected entities within the GeoLink Modular Ontology (GMO),
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without introducing any incorrect entities. This demonstrates a case of both high recall (in-

dicating complete coverage of expected entities) and high precision (indicating no inclusion

of irrelevant entities).

Recall, in this context, reflects the system’s ability to retrieve all relevant entities involved

in a complex alignment rule. The analysis shows that for a substantial portion of the

evaluated rules, GPT-4 was able to identify the majority of the expected GMO entities.

In many instances, the system achieved full recall, demonstrating its effectiveness when

guided by appropriate prompts and module-level information.

Precision measures the accuracy of the entities returned—specifically, the extent to which

the suggestions made by the model align with the correct target entities. The results show

that, in most cases, the responses were highly precise, with many instances achieving full

precision. This implies that the model rarely suggested irrelevant entities, which is crucial

for reducing manual verification effort in downstream tasks.

Moreover, the integration of module information significantly contributed to both higher

recall and precision, highlighting the importance of structured ontological context in improv-

ing alignment quality. Overall, the evaluation indicates that GPT-4, when supported with

appropriate prompts and modular schema information, is capable of producing accurate and

comprehensive alignment suggestions with minimal noise.
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Chapter 5

Conclusion

5.1 Summary

This work presents a significant advancement in the domain of coreference and complex

ontology alignment by introducing both a realistic benchmark and a neural-symbolic align-

ment system. First, we proposed the GeoLink Cruise benchmark as a novel and realistic

evaluation dataset for coreference resolution. Unlike synthetic datasets, our benchmark, ac-

cepted by OAEI 2020, captures the intricacies of real-world data, particularly by leveraging

semantically linked and manually curated geospatial and temporal entity equivalences.

Secondly, we introduced a neural-symbolic system for complex ontology alignment that

operates effectively without relying on shared individuals—a limitation that has impeded

prior systems. Our approach integrates large language models (LLMs) with symbolic inputs

in the form of ontology modules, yielding promising results in both precision and recall,

particularly under realistic conditions where ontology structures are ambiguous or heteroge-

neous.

Finally, our empirical analysis and system implementation demonstrate a promising path

forward in automating complex alignment tasks. We emphasize the critical role of module

information in improving alignment quality and highlight the broader implications for ontol-

ogy engineering practices, encouraging the inclusion of module structure within ontological
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documentation and design.

5.2 Conclusion

Looking ahead, several promising research directions stem from our contributions. We in-

tend to actively maintain and expand the GeoLink Cruise benchmark to ensure its continued

relevance for the evaluation of coreference resolution systems, particularly within the OAEI

framework. Further assessment of existing systems on this benchmark will provide insights

into their capabilities and limitations under realistic conditions. In parallel, we aim to deepen

our investigation into the integration of large language models with symbolic representations

by exploring alternative ways of presenting module information—such as through structured

logical axioms—to enhance model performance. Another line of inquiry involves fine-tuning

language models specifically for ontology alignment tasks to better capture domain-specific

nuances. We also plan to develop semi-automated, human-in-the-loop approaches, where on-

tology engineers review and refine model-generated suggestions, thereby balancing efficiency

with expert oversight. Additionally, we envision hybrid systems that combine traditional

alignment algorithms with LLM-based reasoning to tackle complex alignment scenarios more

effectively. Collectively, these efforts aim to advance the development of ontology alignment

systems that are not only accurate and scalable but also practical for deployment in real-

world semantic data environments.
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Contributions

In the following pages, all contributions made for this dissertation are listed in order of

appearance in this document.
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Abstract. Ontology alignment systems establish the links between on-
tologies that enable knowledge from various sources and domains to be
used by applications in many different ways. Unfortunately, these sys-
tems are not perfect. Currently the results of even the best-performing
alignment systems need to be manually verified in order to be fully
trusted. Ontology alignment researchers have turned to crowdsourcing
platforms such as Amazon’s Mechanical Turk to accomplish this. How-
ever, there has been little systematic analysis of the accuracy of crowd-
sourcing for alignment verification and the establishment of best prac-
tices. In this work, we analyze the impact of the presentation of the con-
text of potential matches and the way in which the question is presented
to workers on the accuracy of crowdsourcing for alignment verification.

Keywords: Ontology Alignment, Crowdsourcing, Mechanical Turk

1 Introduction

While the amount of linked data on the Semantic Web has grown dramatically,
links between different datasets have unfortunately not grown at the same rate,
and data is less useful without context. Links between related things, particularly
related things from different datasets, are what enable applications to move
beyond individual silos of data towards synthesizing information from a variety
of data sources. The goal of ontology alignment is to establish these links by
determining when an entity in one ontology is semantically related to an entity in
another ontology (for a comprehensive discussion of ontology alignment see [4]).

The performance of automated alignment systems is becoming quite good
for certain types of mapping tasks; however, no existing system generates align-
ments that are completely correct [13]. As a result, there is significant ongoing
research on alignment systems that allow users to contribute their knowledge
and expertise to the mapping process. Interactive alignment systems exist on
a spectrum ranging from entirely manual approaches to semi-automated tech-
niques that ask humans to chime in only when the automated system is unable
to make a definitive decision [10]. Because manual alignment is feasible only for
small datasets, most research in this area focuses on semi-automated approaches
that interact with the user only intermittently. The simplest approach is to send
all or a subset of the matches produced through automated techniques to a
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user for verification [5]. Other systems only ask the user for guidance at critical
decision points during the mapping process, and then attempt to leverage this
human-supplied knowledge to improve the scope and quality of the alignment [3].

The issue with the above methods is that ontology engineers and domain
experts are very busy people, and they may not have time to devote to manual
or semi-automated data integration projects. As a result, some ontology align-
ment researchers have turned to generic large-scale crowdsourcing platforms,
such as Amazon’s Mechanical Turk. Although the use of such crowdsourcing
platforms to facilitate scalable ontology alignment is becoming quite common,
there is some well-founded skepticism regarding the trustworthiness of crowd-
sourced alignment benchmarks. In this work we depart from existing efforts to
improve performance of crowdsourcing alignment approaches (e.g. minimizing
time and cost) and instead explore whether or not design choices made when
employing crowdsourcing have a strong effect on the matching results. In par-
ticular, there is concern that the results may be sensitive to how the question is
asked. The specific questions we seek to answer in this work are:

Q1: Does providing options beyond simple yes or no regarding the existence of a
relationship between two entities improve worker accuracy?

Q2: What is the impact of question type (e.g. true/false versus multiple choice)
on workers’ accuracy?

Q3: What is the best way to present workers with the contextual information
they need to make accurate decisions?

Q4: It is possible to detect scammers who produce inaccurate results on ontology
alignment microtasks?

These are all important questions that must be addressed if researchers in the
ontology alignment field are going to accept work on ontology alignments evalu-
ated via crowdsourcing or a crowdsourced alignment benchmark as valid. Section
2 of this paper discusses previous research on crowdsourcing in semi-automated
ontology alignment systems. In Section 3, we describe our experimental setup
and methodology, and in Section 4 we evaluate the results of those experiments
with respect to the research questions presented above. Section 5 summarizes
the results and discusses plans for future work on this topic.

2 Background and Related Work

We leverage Amazon’s Mechanical Turk platform in this work. Amazon publicly
released Mechanical Turk in 2005. It is based on the idea that some types of tasks
that are currently very difficult for machines to solve but are straightforward for
humans. The platform provides a way to submit these types of problems, called
Human Interface Tasks (HITs), to thousands of people at once. Anyone with a
Mechanical Turk account can solve these tasks. People (called Requesters) who
send their tasks to Amazon’s servers compensate the people (called Workers or
Turkers) who work on the tasks with a small amount of money. Requesters can
require that workers have certain qualifications in order to work on their tasks.
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For example, workers can be required to be from a certain geographical area, to
have performed well on a certain number of HITs previously, or to have passed
a qualification test designed by the requester1.

The primary goal of this work is not to create a crowdsourcing-based ontol-
ogy alignment system, but rather to begin to determine best practices related to
how the crowdsourcing component of such a system should be configured for best
results. There has been relatively little research into this topic thus far – most
existing work focuses on evaluating the overall performance of a crowdsourcing-
based alignment system. An example is CrowdMap, developed in 2012 by Sara-
sua, Simperl and Noy. This work indicates that working on validation tasks
(determining whether or not a given relationship between two entities holds) or
identification tasks (finding relationships between entities) are both feasible for
workers [12]. Our own previous work has used crowdsourcing to verify existing
alignment benchmarks [1] and evaluate the results of an automated alignment
system on matching tasks for which no reference alignments are available [2].

The majority of work related to presenting matching questions via a crowd-
sourcing platform has been done by Mortensen and his colleagues [6–8]. It focused
on using crowdsourcing to assess the validity of relationships between entities
in a single (biomedical) ontology rather than on aligning two different ontolo-
gies, but these goals have much in common. Mortensen noted that in some cases
workers who passed qualification tests in order to be eligible to work on the rest
of their ontology validation tasks were not necessarily the most accurate, as some
of them seemed to rely on their intuition rather than the provided definitions.
This led the researchers to try providing the definition of the concepts involved
in a potential relationship, which increased the accuracy of workers. The results
also indicate that phrasing questions in a positive manner led to better results
on the part of workers, e.g. asking whether “A computer is a kind of machine”
produced better results than asking whether “Not every computer is a machine.”

Our own work on crowdsourcing ontology alignment and the work of Mortensen
describe somewhat ad hoc approaches to finding appropriate question presenta-
tion formats and screening policies for workers in order to achieve good results.
The work presented here differs from previous efforts by conducting a systematic
review of a range of options in an attempt to identify some best practices.

3 Experiment Design

This section describes the experimental setup, datasets, and Mechanical Turk
configuration in enough detail for other researchers to replicate these results. The
code used is available from https://github.com/prl-dase-wsu/Ontology Alignment-
mTurk. The ontologies and reference alignments are from the Conference track
of the Ontology Alignment Evaluation Initiative (OAEI).2

1 http://docs.aws.amazon.com/AWSMechTurk/latest/AWSMechanicalTurkRequester
2 http://oaei.ontologymatching.org/2015/
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3.1 Potential Matches

In order to evaluate the effect of question type, format, and other parameters
on worker accuracy, we established a set of 20 potential matches that workers
were asked to verify. These matches are all 1-to-1 equivalence relations between
pairs of entities drawn from ontologies within the Conference track of the OAEI.
Ten of the 20 potential matches are valid. These were taken from the reference
alignments. The remaining ten potential matches are invalid. These were chosen
based on the most common mistakes within the alignments produced by the 15
alignment systems from the OAEI that performed better than the baseline. For
both the valid and invalid matches, we balanced the number of matches in which
the entity labels had high string similarity (e.g. “Topic” and “Research Topic”)
and low string similarity (e.g. “Paper” and “Contribution”).

Even though all relations are equivalence, some of our tests offered work-
ers a choice of subsumption relationships. Unfortunately, a primary hindrance
to ontology alignment research is the lack of any widely accepted benchmark
involving more than 1-to-1 equivalence relations. Until such a benchmark is
available, we have limited options. However, the main idea behind out approach
here was to provide users with more than a yes-or-no choice. This, together with
the precision-oriented and recall-oriented interpretation of responses3, allows re-
searchers to mitigate some of the impacts between people who only answer “yes”
in clear-cut cases and those who answer “yes” unless it is obviously not the case.

3.2 Experiment Dimensions

Researchers in this area are so familiar with ontologies and ontology align-
ment that they risk presenting crowdsourcing workers with questions in a form
that makes sense to them but is unintuitive to the uninitiated. We therefore se-
lected the following common methods of alignment presentation for evaluation.

Factor 1: Question Type Previous work has used two different approaches to
asking about the relationship between two entities: true/false, in which a person
is asked if two entities are equivalent [9], and multiple choice questions, in which
the person is asked about the precise relationship between two entities, such as
equivalence, subsumption, or no relation [2, 12].

A typical true/false question is “Can Paper be matched with Contribution”?
Workers can then simply answer “Yes” or “No.” A multiple choice question re-
garding the same two entities takes the form “What is the relationship between
Paper and Contribution?” and has four possible answers:“Paper and Contri-
bution are the same,” “Any thing that is a Paper is also a Contribution, but
anything that is a Contribution is not necessarily a Paper,” “Any thing that is
a Contribution is also a Paper, but anything that is a Paper is not necessarily a
Contribution” and “There is no relationship between Paper and Contribution.”
The motivation for the second of these approaches is that as automated align-
ment systems attempt to move beyond finding 1-to-1 equivalence relationships

3 These evaluation metrics will be discussed in details in Section 4.1 .
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towards identifying subsumption relations and more complex mappings involv-
ing multiple entities from both ontologies, the ability to accurately crowdsource
information about these more complex relationships becomes more important.
Additionally, a common approach taken by many current alignment systems is to
identify a pool of potential matches for each entity in an ontology and then em-
ploy more computationally intensive similarity comparisons to determine which,
if any, of those potential matches are valid. If crowdsourcing were to be used
in this manner for semi-automated ontology alignment, one approach might be
to use the multiple choice question type to cast a wide net regarding related
entities, and then feed those into the automated component of the system.

Factor 2: Question Format A primary purpose of ontologies is to contextual-
ize entities within a domain. Therefore, context is very important when deciding
whether or not two entities are related. Even in cases where the entities have
the same name or label, they may not be used in the same way. These situations
are very challenging for current alignment systems [1]. Providing context is par-
ticularly important in crowdsourcing, because workers are not domain experts
and so may need some additional information about the entities in order to un-
derstand the relation between them. For this reason, we explored the impact of
providing workers with four different types of contextual information:

Label Only entity labels (no context) is provided.

Definition A definition of each entity’s label is provided. Definitions were ob-
tained from Wiktionary.4 If a label had multiple definitions, the one most
related to conferences (the domain of the ontologies) was manually selected.5

Relationships (Textual) The worker is presented with a textual description
of all of the super class, sub class, super property, sub property, domain
and range relationships involving the entities. The axioms specifying these
relations were extracted from the ontologies and “translated” using Open
University’s OWL to English tool.6 An example for “Evaluated Paper” is:

– No camera ready paper is an evaluated paper.

– An accepted paper is an evaluated paper.

– A rejected paper is an evaluated paper.

– An evaluated paper is an assigned paper.

Relationships (Graphical) The worker is presented with the same informa-
tion as above, but as a graph rather than as text. The relationships involving
both entities from the potential match are shown in the same graph, with an
edge labeled “equivalent?” between the entities in question. Figure 1 shows
an example for “Place.”

4 https://en.wiktionary.org/wiki/Wiktionary:Main Page
5 Note that the goal of this work is to determine the best way in which to prevent

matching-related questions rather than to create a fully automated approach; how-
ever, the step of choosing the most relevant definition of a label could be automated
in future work.

6 http://swat.open.ac.uk/tools
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Fig. 1: Graphical depiction of the relationships involving the entity “Place”

3.3 Mechanical Turk Setup

We tested all combinations of question type and format described above,
for a total of 8 treatment groups. HITs for each of these tests contained the 20
questions described in Section 3.1. 160 workers were divided among the treatment
groups. They were paid 20 cents to complete the task.

One important missing point in current related work is whether workers
were prevented from participating in more than one treatment group of the
experiment, a potential source of bias. For example, if workers participate in the

Fig. 2: An example of multiple choice HIT containing entity definitions on Ama-
zon’s Mechanical Turk server

definitions treatment group and then work on the graphical relationships tasks,
they may remember some definitions and that may influence their answers. In
order to avoid this source of bias, we created a Mechanical Turk qualification,
assigned this to any worker who completed one of our HITs and specified that
our HITs were only available to workers who did not possess this qualification.

Finding capable and diligent workers is always a difficult problem when using
a crowdsourcing platform. One common approach is to require a worker to pass
a qualification test before they are allowed to work on the actual tasks. Although
this strategy seems quite reasonable, qualification tasks are generally short and
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contain only basic questions, so a worker’s performance on it is not always reflec-
tive of their performance on the actual tasks. Furthermore, sometimes workers
will take the qualification task very seriously but then not apply the same level
of diligence to the actual tasks. Additionally, workers tend to expect to be com-
pensated more if they had to pass a qualification test. Another approach to
attracting good workers is to offer a bonus for good performance [14]. Many
requesters also use “candy questions” that have an obviously correct answer, in
order to detect bots or people who have just randomly clicked answers without
reading the questions. Requesters generally ignore the entire submission of any
worker who misses a candy question. We have employed all of these strategies in
the course of this work. The results we obtained from workers who passed a qual-
ification test containing simple questions of the type we intended to study were
not encouraging – we qualified workers who achieved greater than 80% accuracy
on a qualification test; however, those workers delivered poor performance on the
actual tasks (average accuracy 51%). As mentioned previously, other researchers
experienced a similar problem [11]. As a result, we decided against using qual-
ification tests and settled on offering workers a $2 bonus if they answered 80%
or more of the questions correctly. Of course, this particular strategy is only ap-
plicable in situations in which the correct answers to the questions are known in
advance. In the future, we plan to more systematically explore the ramifications
of different methods for dealing with unqualified, unethical, and lazy workers.

4 Analysis of Results

4.1 Impact of Question Type

Ontology alignments are typically evaluated based on precision (how many
of the answers given by a person or system are correct) and recall (how many of
the correct answers were given by a person or system). These metrics are based
on the number of true positives, false positives and false negatives. The meaning
for this is clear when we are discussing 1-to-1 equivalence relations (i.e. in the
true/false case) but it is less obvious how to classify each result in the multiple
choice case, where subsumption relations are possible. For example, consider
the multiple choice question in Figure 2. According to the reference alignment,
“Topic” and “Research Topic” are equivalent. It is therefore clear that if the
user selects the first multiple choice option, it should be classified as a true
positive, whereas selecting the last option should count as a false negative. But
how should the middle two options be classified? Unfortunately, most previous
work that allows users to specify either equivalence or subsumption relations is
vague about how this is handled [12].

In this work we take two different approaches to classifying results as true
positives, false positives, or false negatives. In what we call a recall-oriented
analysis, we consider a subsumption answer to be effectively the same as an
equivalence (i.e. identification of any relationship between the entities is consid-
ered as agreement with the potential match). In the example above, this would
result in the middle two options being considered true positives. This approach
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allows us to evaluate how accurate workers are at separating pairs of entities
that are related in some way from those that are not related at all. This capa-
bility is useful in alignments systems to avoid finding only obvious matches –
entities related in a variety of ways to a particular entity can be gathered first
and then further processing can filter the set down to only equivalence relations.
The other approach, which we call a precision-oriented analysis, a subsump-
tion relationship is considered distinct from equivalence (i.e. a potential match
is only considered validated by a user if they explicitly state that the two entities
are equivalent). This would result in options two and three from the example
above being classified as false negatives. This interpretation may be useful for
evaluating an alignment system that is attempting to find high-quality equiv-
alence relations between entities, which it may subsequently use as a seed for
further processing.

The overall results based on question type provided in Figure 3 show that
workers have more balanced precision and recall on True/False questions than on
Multiple Choice ones. While this is intuitive [2], it is helpful to have quantitative
data for the different question types on the same set of potential matches. Also,
some interesting observations can be made based on these results, including:

Fig. 3: Workers’ performance on true/false and multiple choice questions

Workers are relatively adept at recognizing when some type of re-
lationship exists between two entities. The F-measure of 0.65 on the
true/false questions and 0.67 using the recall-oriented analysis of the multiple
choice questions tells us that workers can fairly accurately distinguish the enti-
ties that are somehow related to each other from those that are not, regardless of
the question type used to solicit this information from them. In fact, the multiple
choice type of question resulted in significantly higher recall (0.82 versus 0.69
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for true/false), making it an enticing option for ontology alignment researchers
interested in collecting a somewhat comprehensive set of potential matches.

Workers appear to perform poorly at identifying the type of rela-
tionship that exists between two entities. This claim is less strong than
the previous one, because according to our reference alignments, the only rela-
tionship that ever held between entities was equivalence. Unfortunately, there
are no currently accepted alignment benchmarks that contain subsumption re-
lations, so confirmation of these results is a subject for future work. However,
the F-measure of the precision-oriented analysis of the multiple choice questions
(0.42, as shown in Figure 3) clearly indicates that the workers did not do well
at classifying nuanced relationships between entities.

If precision is paramount, it is best to use true/false questions. While
the precision-oriented analysis of the multiple choice questions results is very
slightly higher precision than the true/false questions (0.62 versus 0.64), its
recall is so low as to be unusable (0.32). If ontology alignment researchers wish
to validate 1-to-1 equivalence relationships generated by their system or establish
high-quality “anchor” mappings that can be used to seed an alignment algorithm,
we recommend that they present their queries to workers as true/false questions.

4.2 Impact of Question Format

As shown in Figure 4, there is a fairly wide range in F-measure for the
four question formats, 0.54 to 0.67. Within a single question type, for example
true/false, the F-measure varies from 0.59 when no context is provided to 0.73
when workers are provided with the definitions of both terms. This is somewhat
surprising, since the domain covered by these ontologies is not particularly eso-
teric or likely to contain many labels that people are not already familiar with.
We note the following observations related to this experiment.

Workers leverage contextual information when it is provided, and this
improves their accuracy. Other researchers have speculated that workers may
rely on their intuition more than the provided information to complete this type
of task, but that hypothesis is not supported by the results here – there is a
distinct difference in precision, recall, and F-measure when workers have some
contextual information than when they are forced to decide without any context.

When precision is important, providing workers with definitions is
effective. The previous section indicated that when the task is to accurately
identify equivalent entities, the True-False question style is the best approach.
Now Figure 4 indicates that the best accuracy in this situation occurs when
workers are provided with entity definitions (F-measure 0.73), while the worst
case is when workers are given a piece of the ontology’s schema or just the
entities’ names (F-measure 0.61 and 0.58, respectively).
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When finding entity pairs that have any relationship is the goal, a
graphical depiction is helpful. The recall-oriented analysis of multiple choice
questions showed relatively high recall and F-measure for all question formats,
with recall of the graphical format slightly edging out that of label definitions.
Furthermore, by calculating the True Negative Rate (TNR) of these different
formats for multiple choice questions, we discovered that when provided with
a graphical depiction of entity relationships, workers more accurately identified
when the two entities in the potential match were not related at all (TNR 0.70).

Fig. 4: Workers’ performance based on question format

4.3 Dealing with Scammers

Avoiding or handling scammers (people who try to optimize their earnings
per time spent) is a recurring theme in crowdsourcing-related subjects. During
the presentation of the authors’ own work related to crowdsourcing in ontology
alignment [1], several attendees expressed the notion that time is likely a useful
feature with which to recognize scammers. The intuition is that scammers rush
through tasks and quickly answer all of the questions without taking the time
to understand and consider each one. To test this hypothesis, we examined the
relationship between the time workers spent on a HIT and their accuracy across
all question types and formats. For this, we used the “Accept” and “Submit”
timestamps included with the Mechanical Turk results available from Amazon.
Following is a list of our observations based on this data.

Time spent on a task is a poor indicator of accuracy. We first looked
at the average time spent on the HIT by high-performing workers (those who
answered more than 80% of the questions within the HIT correctly) and low-
performing workers (those who answered fewer than half of the questions cor-
rectly). The results were unexpected: high-performing workers spent less than
five minutes on the task while low-performers averaged seven minutes.
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Fig. 5: Average accuracy of workers based on time spent

The above observation holds even at the extreme ends of the time
spectrum. Even workers who answered all 20 questions in an extremely short
time, such as one or two minutes, did not always have poor accuracy. For in-
stance, multiple workers who spent less than a minute on true/false questions
had an accuracy between 60% and 70%, which is close to the overall average
on that question type. Conversely, several workers who spent more than 8 min-
utes had an accuracy between 45% and 55%. It therefore seems that setting
thresholds for time to recognize scammers is not a viable strategy.

5 Conclusions and Future Work

The idea of using crowdsourcing for ontology alignment has been gaining in pop-
ularity over the past several years. However, very little systematic work has yet
gone into how best to present potential matches to users and solicit their re-
sponses. This work has begun an effort towards establishing some best practices
in this area, by exploring the impact of question type and question format on
worker accuracy. Additionally, a popular strategy of mitigating the impact of
scammers on accuracy was explored. The results of some experiments confirm
common intuition (e.g. workers are better able to determine when any relation-
ship exists between two entities than they are at specifying the precise nature
of that relationship), while other results refute popularly held beliefs (e.g. scam-
mers cannot be reliably identified solely by the amount of time they spend on
a task). Our overall recommendations are that users interested in verifying the
accuracy of an existing alignment or establishing high-quality anchor matches
from which to expand are likely to achieve the best results by presenting the
definitions of the entity labels and allowing workers to respond with true/false
to the question of whether or not an equivalence relationship exists. Conversely,
if the alignment researcher is interested in finding entity pairs in which any rela-
tionship holds, they are better off presenting workers with a graphical depiction
of the entity relationships and a set of options about the type of relation that
exists, if any.
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This work is relevant not only to crowdsourcing approaches to ontology align-
ment, but also to interactive alignment systems, as well as to user interfaces that
attempt to display the rationale behind the matches that make up an alignment
generated through other means. However, there are other aspects that are spe-
cific to crowdsourcing that should be further explored such as, the best way
of enticing large numbers of capable workers to complete alignment tasks in a
timely manner. We plan to address this challenge in our future work on this
topic.
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ABSTRACT
Since over a decade coreference resolution systems have been de-
veloped in order to find simple 1-to-1 equivalent mapping (sameAs
relations) between instances of different linked datasets and knowl-
edge graphs. Comparative evaluations of instance matching systems
can inform us about the performance of such systems regarding
artificial benchmarks or real-world data challenges. However, the
lack of real data for evaluating these systems is currently a bot-
tleneck. In this paper, we propose the use of the Cruise entities
in the GeoLink data repository as a real-world instance matching
benchmark for linked data and knowledge graphs. The GeoLink
project has brought together seven datasets related to geoscience
research. Both the ontology (T-box) and the instance data (A-box)
of GeoLink are significantly larger than current benchmarks, and
they have particularly interesting challenges, such as geospatial
and temporal data. The benchmark we propose here consists of
two real-world datasets in GeoLink called R2R data and BCO-DMO
which includes manual curated owl:sameAs links between more
than 900 Cruise entities of these two datasets. The reference align-
ment was discussed and generated by domain experts from different
institutions and is expressed in the Alignment API format.
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1 INTRODUCTION
A massive amount of data is being piped into the world every sec-
ond by different sources but there is currently not a consistent
and steady approach to regulate the format and forms of this data.
Linked data emerged to address challenges in data integration and
its goal was to introduce techniques and standards to make data
accessible and consumable by both humans and machines. Accord-
ing to Tim Berners-Lee, the Semantic Web is not concerned only
with putting data on the web but is also about establishing links
between that data in order to put it in context. Who should generate
these links, though? Often, related data is published by different
people at different times, and the publishers may have less knowl-
edge of one another. As a result, there is a need to create systems
capable of identifying meaningful links between datasets in an
automated way. This is the goal of coreference resolution (alterna-
tively called instance matching). Coreference resolution systems
attempt to determine when two URIs refer to the same individual.
Unlike complete ontology alignment systems, which endeavor to
find many types of relationships (e.g. equivalence, subsumption)
between schema-level entities, coreference resolution systems gen-
erally focus on identifying 1-to-1 sameAs relationships between
instances.

Because the strong performance of coreference resolution sys-
tems is vital to harnessing the full power of linked data, it is impor-
tant to have a benchmark with real data and real challenges with
which to evaluate their performance and to spur innovation in the
field. In this paper, we propose the GeoLink Cruises benchmark,
based on two different real-world geoscience research datasets that
were integrated as part of the NSF GeoLink project. We show that
this benchmark is relevant to assessing the performance of existing
coreference resolution systems in linked data, while also possessing
features with the potential to drive innovation in the field.

The main contributions of this paper are therefore the following:
• Presentation of two ontologies to support semantic- and

schema-based evaluations.
• Presenting a benchmark with curated sameAs links between

over 900 Cruise instances.
• Publication of the benchmark dataset and alignment under

a CC-BY license.
This paper is organized as follows. Section 2 discusses the cur-

rent coreference resolution benchmarks in the Ontology Alignment
Evaluation Initiative (OAEI). In Section 3, we provide information
about the GeoLink knowledge graph including some of its specific
features. Section 4 discusses the coreference resolution benchmark
that we are proposing, followed by some analysis of the perfor-
mance of current coreference resolution algorithms on our data in
Section 5. In Section 6, we conclude with a discussion of potential
future work in this area.
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2 RELATED WORK
In this section, we provide an overview of current main benchmarks
in evaluating coreference resolution systems in linked semantic
data and also discuss different algorithms for coreference resolution
systems and use that as a basis for enumerating a set of desirable
qualities for a benchmark with which to evaluate the performance
of such systems.

2.1 Coreference Resolution Benchmarks
There are several existing coreference resolution benchmarks in
semantically linked data. The presiding existing benchmark is the
Ontology Alignment Evaluation Initiative (OAEI) 1, which has held
an instance matching track since 2009 [8]. The OAEI has been the
foremost venue for researchers focused on ontology alignment and
coreference resolution to evaluate and showcase their work. The
OAEI introduced this track in 2009, and every year since then, a
few coreference resolution systems have participated in the track.
This track evaluates system performance by comparing the degree
of similarity between pairs of instances with a synthetic bench-
mark called the Semantic Publishing Instance Matching Benchmark
(SPIMBENCH) [18]. SPIMBENCH allows for systematic scalabil-
ity testing, supports a wider range of test cases, and provides an
enriched gold standard. The goal of SPIMBENCH track in OAEI
is to resolve coreferences to the same Creative Work. The schema
of SPIMBENCH contains 22 classes, 85 object properties, and 31
data properties. SPIMBENCH creates datasets by making various
transformations to the source file. Value transformations involve
syntactic changes such as misspellings, abbreviations, and syn-
onyms. Structural changes involve modifying the depth of the rep-
resentation, e.g. by nesting or aggregating properties. Semantic
variations involve OWL constructs such as introducing equiva-
lence, disjointness, or complex class definitions between schema
level entities. So all these modifications to the source data will
generate a set of matches and non-matches as synthetic test cases.
So SPIMBENCH does not contain any coreferences within itself
because of its synthetic type. SPIMBENCH has also two versions: a
small-scale “sandbox” and a medium-scale “mainbox”. Because the
data is syntactically generated, the scalability is a modifiable factor
and if scalability wants to be tested, SPIMBENCH can syntheti-
cally generate many more test cases to evaluate the coreference
resolution system’s scalability aspect.

SPIMBENCH is very valuable because complete reference align-
ments allow both precision and recall to be assessed. In addition, the
performance of coreference resolution systems in the face of specific
types of characteristics, such as semantic or structural variation,
can be isolated and evaluated by the synthetic value tasks. On the
other hand, these tasks are of necessity somewhat narrowly focused,
and it is not clear how predictive performance on these tasks will
be on coreference resolution tasks that differ significantly in scope
or domain. In particular, both the source and target dataset use the
same ontology (because the datasets contain information from the
same domain) which also is not similar to real-world data. Having
a semantic-aware aspect is a powerful side of SPIMBENCH bench-
mark because, in the real semantic world, data includes the RDFS
axioms. However, ontologies may include more OWL axioms that
1http://oaei.ontologymatching.org/2019/

should be included in the benchmarks to evaluate the performance
of the systems regarding a wide and unexpected range of these
axioms, not only a limited set of them. Examples of such axioms
include owl:topDataProperty, owl:bottomDataProperty, owl:thing,
owl:nothing, owl:real, and so on. Although a synthetic benchmark
is very helpful for evaluating systems on many narrow areas, it in-
gests bias into the evaluation because the false test cases are built on
assumptions like string similarity between equivalent classes, and
real-world cases may, and do, look different. For example, “paint”
and “color” are instances of the same class without any string sim-
ilarity, or in another case, “Organizer” might refer to the class of
“Person” in one dataset and the class of “Company” in another
dataset.

Other synthetic instance matching benchmarks independent of
the OAEI are similar. For instance, ONTOBI generates ontologies
with a moderate number of instances from Wikipedia infoboxes.
The size of the reference ontology is again small (17 classes, 13
object properties, and 128 data properties) and the source and target
datasets cover the identical domain [22].

As concluding the above-mentioned points, having synthetic
data is valuable in evaluating the scalability of the systems and
also to avoid the messiness of real data in many cases. In particular,
having a synthetic dataset is very important for initial research;
however, it cannot fully replicate real-world cases and examples. As
a result, there should be both synthetic datasets for initial research
and real-world datasets for replicating the complexity of the real
data and evaluating the performance of IM systems facing the real
world.

The GeoLink Cruise benchmark differs in that both its schema
and A-box are considerably more complex since the data is real and
the two datasets are based on different larger schemas.

2.2 Coreference Resolution Systems
There have been a total of 20 unique instance matching systems in
semantic structured data. We have reviewed all of these systems
in order to determine the techniques that are common to many
different systems. The results of this activity show that current
systems can be classified into a few general approaches, as described
below.

Direct comparison of all individual pairs: These approaches
often perform surprisingly well but are not scalable to large datasets.
Examples include STRIM [13], SLINT++ [15], and ObjectCoref [11].
Systems in this category sometimes do some analysis before begin-
ning the matching task to determine what information to use to
compare individuals. For example, SLINT+ chooses properties with
good coverage and strong discriminating power while ObjectCoref
uses sameAs and inverseFunctional properties to create a training
set for learning weightings for property-value pairs.

Comparison of individuals based on a “cloud”: In these ap-
proaches, a collection of values is created for each individual, and
two individuals are compared using a set-similarity metric over
their collections. What is included in the collections varies from
system to system? For example, InsMT+ [13] includes the individ-
ual’s label and the names of properties specified for that individual.
SBUEI [19] includes the individual’s label, its datatype property val-
ues, and the datatype values of its direct neighbors. Anchor-Flood
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[9] is similar to SBUEI except that it includes the property names
in addition to their values, and only for the individual in question
rather than its neighbors.

Two phase comparison: coarse- and fine-grained: These al-
gorithms avoid expensive comparisons between each individual in
the source and target ontologies by using faster but less accurate
comparisons to find candidate matches that are then compared
using more expensive techniques. Some approaches for the coarse-
grained comparisons are finding all target individuals that have a
data property value exactly in common with the source individual
(EXONA [5] and Serimi [1]), finding all individuals that share a
property (RiMOM [23]), and finding all individuals of the same
type with a somewhat similar label (AgreementMaker [4]) or an
exact match on label or alias (Zhishi.links) [16]. The fine-grained
comparisons then find the best match from among all of the can-
didates based on either label (EXONA, RiMOM, AgreementMaker,
and Serimi) or property names and values (Zhishi.links).

Reformulation as a different type of problem: Several sys-
tems reformulate the coreference resolution problem as a different
type of problem. For example, Lily [21] creates a subgraph for
each individual based on an electrical circuit model, CODI [12]
transforms the alignment problem into the maximum a posteriori
optimization problem using Markov logic, and LN2R [17] treats
establishing similarities between individuals as a system of equa-
tions.

Based on this review of current systems, we conclude that a
coreference resolution benchmark should meet the following crite-
ria:

• A large number of instances, to test scalability and approaches
that involve coarse-grained filtering.

• Sufficiently numerous common properties among instances
of a given type to support comparison on information beyond
instance labels. Sufficiently numerous distinct properties
among instances of a given type to test systems that combine
schema and instance alignment.

• A rich enough schema to support structural-based approaches.
• Enough sameAs links between instances to support approaches

that involve supervised machine learning.
Considering the features in the current benchmark and the points

regarding what benchmarks need for properly evaluating these
systems, we will discuss how our benchmark is addressing these
drawbacks.

3 GEOLINK ONTOLOGY MODELS
The benchmark we propose in this paper is a part of the GeoLink
knowledge graph. In this section, we explain what the GeoLink
knowledge graph is and how our benchmark emerges from it. Ge-
oLink was a project as part of the NSF EarthCube initiative and
included seven diverse geoscience datasets that have been merged
into a single data repository. GeoLink’s merged ontology is avail-
able online2, and the merged data is accessible through SPARQL
queries3. There are currently 282 classes, 338 properties, 5,118,150
instances, and 45,093,750 triples in the knowledge base.

2http://schema.geolink.org
3http://data.geolink.org

The overall goal of GeoLink was to merge and unify geoscience
data from existing repositories into a single knowledge graph. Ge-
oLink has two different ontologies provided to data providers for
publishing their data as RDF triples. These two schemas are the
GeoLink Modular Ontology (GMO) and the GeoLink Base Ontology
(GBO) [14], which we discuss briefly in this section.

The GeoLink ontologies are developed from ontology design
patterns (ODPs) [10] to the high standard of a modular ontology
[3, 14]. Each concept like a person or a physical sample that is
very frequent in many geoscience repositories was defined as an
encapsulated concept (a module) in GeoLink in collaboration with a
group of domain experts, ontologists, and data providers. All these
modules stitched together to form the GMO which enables data
provides to publish the part of their data that is related to these
concepts, based on GMO vocabulary.

The ODPs represent the concepts within GeoLink that unite the
different data repositories. Data providers can publish the parts of
their data related to these core concepts according to the vocabulary
of the GMO. Any elements in a repository that are not related to
the GMO are published in any external vocabulary that best fits the
data. Although GMO is following best practices in schema modeling,
it is hard to always find the exact relation between your data to
some of the concepts designed as ODPs [10]. For example, in the
GMO there is an AgentRole class that reifies some relationships. To
simplify the mapping, the GBO has been developed, it simplifies
the patterns in the GMO [3]. Although the GBO itself does not
follow high standards of ontology design, it is more convenient for
data providers to publish their data to the GBO. Both ontologies are
available online4 under a CC-BY License. The two ontologies in the
GeoLink project have also been used to establish a complex ontology
alignment benchmark, which has been utilized in OAEI 2018 and
2019 [24, 25]. The complex alignment benchmark consists of the
GMO and GBO ontologies and captures the complex relationships
between these two ontologies.

Many of the data repositories contributing to the GeoLink knowl-
edge graph are funded by government organizations such as the
NSF. the GeoLink knowledge graph data repositories are:

• R2R (Rolling Deck to Repository) 5

• BCO-DMO (Biological and Chemical Oceanography Data
Management Office) 6

• DataONE (Data Observation Network for Earth) 7

• IEDA (Interdisciplinary Earth Data Alliance) 8

• IODP (International Ocean Discovery Program) 9

• LTER (Long Term Ecological Research Network) 10

• MBLWHOI (Marine Biological Laboratory Woods Hole Oceano-
graphic Institution) 11

In our proposed benchmark, we only use two of these reposito-
ries called R2R and BCO-DMO. These two datasets are the main
repositories for oceanographic cruises in GeoLink.
4https://figshare.com/articles/Complex_Alignment_Benchmark_GeoLink_Dataset/
5907172
5http://www.rvdata.us
6http://www.bco-dmo.org
7https://www.dataone.org/
8http://www.iedadata.org/
9http://www.iodp.org/
10http://www.lternet.edu/
11http://www.mblwhoilibrary.org/
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R2R is the Rolling Deck to Repository, collected by U.S. aca-
demic research fleet and includes environmental sensor data. This
repository collects data from cruise reports, navigation tracks for
cruises, funding awards, vessels, expeditions, and so on.

BCO-DMO is the Biological and Chemical Oceanography Data
Management Office (BCO-DMO) which keeps the generated data
from oceanographic research and publishes this data online. Much
of this data is collected during Cruises for which information is
also recorded in R2R.

For generating this GeoLink Cruise benchmark, we considered
the part of the GMO and GBO which represent a good and deep
enough information about the Cruises, because GeoLink has a
big ontology and involving the whole GBO and GMO ontologies
may distract our focus on Cruise instances. In fact, we considered
the Cruise class since oceanographic cruises are central to the
repositories and thus are at the heart of the schema, and most of the
other classes, object properties, and data properties are reachable
via a few edge traversals from Cruise entities. Figures 1 and 2
provide partial schema diagrams for the GBO and GMO ontologies
as relevant for our benchmark.

The Cruise pattern is an example of a complex pattern [14] and
its notion is central to oceanography data. In both ontologies, there
are different classes and we explain some that might require further
clarification. Vessel represents vessels on which cruises are carried
out. Funding Award/Award pattern describes the funding awards
that fund all kinds of ocean science research activities. A Program
is a collection of things, including cruises, funding awards, activities,
and events. Event describes generic events, which may include
cruises. Agent is a generic class that represents an agent (e.g., a
person or an organization) and that agent may perform a role as
AgentRole. Place pattern captures spatial information in the Event
pattern above and the rest of the ontology. Organization describes
organizations, including academic institutions, funding agencies,
vessel owners, etc. Person appears in a variety of contexts such
as Chief Scientist on a cruise, Principal Investigator on a project, a
participant in a meeting, or creator of a dataset or paper [2].

4 GEOLINK CRUISE CO-REFERENCE
RESOLUTION BENCHMARK

Cruise is one of the three main class types (Cruise, People, Orga-
nization) in the GeoLink knowledge base. Therefore, we propose
an instance matching benchmark called GeoLink Cruise Bench-
mark including two Cruise datasets, which are R2R and BCO-DMO
(see Section 3). The GeoLink Cruise benchmark has some unique
features which distinguish it from other current benchmarks. We
explain these features in the following.

Accessibility: The benchmark is publicly available12 under a
CC-BY 4.0 License, which means it is free to download, manipulate,
and use for any purposes. Both the GMO and GBO directory in the
data include the reference alignment between the ontologies named
“refalign.rdf”. The reference alignment is expressed using the Align-
ment format13 by the Alignment API [6], because this is the most
prominent syntax for such benchmarks, including SPIMBENCH.

12https://figshare.com/articles/GeoLink_Cruise_Benchmark/12443999
13http://alignapi.gforge.inria.fr/

Real-world dataset: The GeoLink project comprises many data-
sets provided by seven data providers. These datasets have been
collected and utilized in the geosciences, which indicates that they
are natural, realistic datasets, rather than artificial ones as often used
in benchmarks. This is one of the main features of our data which
makes it more useful for evaluating the performance of instance
matching algorithms for practice. As we discussed earlier in Section
2, assumptions that humans make in regards to generating synthetic
data are introducing bias into the data which might lead to biased
system evaluation. Having synthetic data is useful for early research
and for avoiding the messiness of real data for early system testing.
It is also helpful in evaluating the systems in specific areas. However,
it cannot sufficiently capture the complexity of real-world data.

Ground Truth: For this benchmark, Cruise instances in BCO-
DMO and R2R were compared with each other manually and 491
owl:sameAs links were generated between them by data providers.
This large number of curated links can evaluate the precision and
recall of the instance matching systems properly. For evaluating
scalability, more data can easily be piped from the GeoLink endpoint
for additional assessment.

Dataset Prepreration We tried to bring freedom and flexibility
for system evaluation by combining the datasets and ontologies
that we have. In this benchmark, there are four different scenarios
for selecting two datasets for an evaluation task. We mapped the
R2R and BCO-DMO data to both GMO and GBO ontologies which
we discussed in Section 3. As a result, we have four datasets in our
benchmark:

• BCO-DMO_GBO (BCO-DMO data mapped to GBO ontol-
ogy)

• BCO-DMO_GMO (BCO-DMO data mapped to GMO ontol-
ogy)

• R2R_GBO (R2R data mapped to GBO ontology)
• R2R_GMO (R2R data mapped to GMO ontology)

Table 1: Base statistics for the GeoLink Cruise Benchmark

Ontology Classes Object Properties Data Properties Individuals Triples
BCO-DMO_GBO 40 149 49 1061 13055

R2R_GBO 40 149 49 5320 27992
BCO-DMO_GMO 79 79 37 1052 16303

R2R_GMO 79 79 37 2025 24798

As a result, in the evaluation of coreference resolution systems,
any combination of two datasets from these four datasets could
provide a different insight into the IM system and measure different
capabilities of them. For instance, two datasets with different ontol-
ogy schema (R2R_GBO and BCO-DMO_GMO) as the source and
target data, could be selected for evaluation tasks or two different
datasets with the same ontology schema (BCO-DMO_GMO and
R2R_GMO) could be picked up.

Table 1 shows the number of classes and properties in all data
sources.

Alignment Tasks Our ground truth data includes manually cu-
rated equivalence mappings among 491 entities pairs in BCO-DMO
and R2R. In coreference resolution tasks, the alignment system will
be asked to find these 491 sameAs links. The performance will be
evaluated using precision, recall, and f-measure, as the majority of
coreference resolution benchmarks also apply these measures to
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Figure 1: GBO Cruise Ontology Schema

Figure 2: GMO Cruise Ontology Schema, (sCO=subClassOf and pAR=providesAgentRole)

Table 2: owl:sameAs Link Example between Two Cruise Instances in R2R and BCO-DMO.

@Prefix bco-dmo: <http://lod.bco-dmo.org/geolink/id/deployment/> .
@Prefix gbo: <https://gbo#> .
@Prefix r2r: <http://data.rvdata.us/id/cruise/> .
@Prefix rdfs: <http://www.w3.org/2000/01/rdf-schema#> .
@Prefix foaf: <http://xmlns.com/foaf/0.1/> .
@Prefix rvdata: <http://data.rvdata.us/id/program/> .

bco-dmo:57490 gbo:hasProgram bco-dmo:2012 .
bco-dmo:2012 gbo:hasAbstract “U.S. GLOBEC (GLOBal ocean ECosystems dynamics)...”;

gbo:hasTitle “U.S. GLOBal ocean ECosystems dynamics"@en-us ;
gbo:hasAcronym “U.S. GLOBEC” .

r2r:AT7-21 gbo:hasProgram rvdata:GLOBEC .
rvdata:GLOBEC rdfs:label “Global Ocean Ecosystem Dynamics” ;

gbo:description “Global Ocean Ecosystem Dynamics” ;
foaf:name “Global Ocean Ecosystem Dynamics” .

assess the completeness, soundness, and overall matching quality of the instance matching systems. The alignment tasks between
the ontologies are listed as follows:
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Evaluation between BCO-DMO_GMO and R2R_GMO
Evaluation between BCO-DMO_GBO and R2R_GMO
Evaluation between BCO-DMO_GMO and R2R_GBO
Evaluation between BCO-DMO_GBO and R2R_GBO

We expect that coreference resolution systems should perform
better in finding the links between the entities of the same schema
and semantic-aware comparison should be more straightforward.
For example, if we want to evaluate the performance of the IM
system in founding the similarities between the datasets with the
same ontologies, R2R_GMO and BCO-DMO_GMO could be selected
because, in this pair, R2R and BCO-DMO both have GMO ontol-
ogy. In another combination of the data, comparing R2R_GBO and
R2R_GMO is also a good scenario for testing the systems regarding
their ability to map identical individuals with different schema.

By providing different datasets with different ontologies, we tried
to introduce a benchmark capable of evaluating a system properly
in different semantic scenarios.

Ontology Schema: GeoLink has two finely developed schemas
designed by domain experts, data providers, and ontologists which
provide good support for structure-based approaches in coreference
resolution algorithms.

In Figures 1 and 2, it shows all the classes and properties related to
Cruise in GBO and GMO respectively. Cruise has such an enriched
ontology with various properties (object and data property). For
simple string similarities, the property value of some data properties,
such as hasTitle, hasProject, and hasAbstract in GBO are easily
comparable and for fine-grained comparison, more information
could be pulled out by traversing through more object properties
and data properties in the graph.

In addition, the GeoLink benchmark includes various OWL and
OWL2 axioms that are helpful for evaluating the systems that work
based on ontologies. Such axioms utilize OWL vocabulary such as

owl:sameAs, owl:priorVersion, owl:versionInfo,
owl:imports, owl:unionOf ,owl:inverseOf,
owl:complementOf.

Beyond label comparison: Although current coreference res-
olution benchmarks with synthetic data provide only value-based
test cases through adding typographical errors to data, the GeoLink
Cruise benchmark can capture matches that go beyond similar class
label and string matches in data properties due to its real nature
and size. Table 2 is an example of two cruises in BCO-DMO respec-
tively R2R that are in fact the same cruise. As it is shown, these
two cruises have both a property called “hasProgram” and if we
further look in the data for data about these programs, there are
properties such as “hasTitle”, “hasAcronym”, “description”, “name”,
and “label”, which are pointing to values which are proper strings,
making it possible to utilize string similarity metrics. Only systems
that are comprehensive enough to look more deeply into the data
can capture these kinds of alignments, because the two Cruise in-
stances may not share the same label, but their object properties
may share more information. So having real data with challenges
beyond data property and label comparison can help to evaluate
coreference systems regarding their suitability for realistic data.

5 EXPERIMENTS AND ANALYSIS
In this section, based on the results of the instance matching track at
OAEI 2019,14, we apply AgreementMakerLight (AML) [7] and test it
on the proposed benchmark. The AML source code is published on
Github,15 while other systems such as Lily [21] and FTRL-IM [20]
are not open source. AML has in fact been actively participating in
all the different tracks in OAEI and has achieved excellent perfor-
mance overall. Therefore, AML can be considered a representative
alignment system for the state of the art in the area of instance
matching.

As presented in the OAEI result of 2019, AML achieved an f-
measure of 86% on SPIMBENCH for both sandbox and mainbox.
It performs a proper job of linking objects at both the ontology
and instances level. An example of an equivalence link is depicted
in Table 3, which AML found between two entities bbct17:id and
bbct1261410333:id in SPIMBENCH. A closer look reveals that these
two instances almost share the same triples with some minor
changes in one or two properties and property values (changes
are in colored text). As we discussed before, the way that SPIM-
BENCH generates test cases is by adding spelling changes in source
data. As you can see here, the string transformation just added some
minor changes and most of the data is untouched. For example here
the dataProperty “cw:title” and “cw:shortTitle” in the source data
is being changed to “cw:title0” and “cw:title1” in the target data in
SPIMBENCH. As a result, AML or other systems can easily align
the two entities since they don’t differ that much from each other
considering both property and value. The importance of having
real data for evaluation becomes rather obvious from this example
and by comparing it with the realistic GeoLink data as displayed,
e.g., in Figure 2.

By running AML on our benchmark, the results are different.
AML could not generate good coreferences between the instances
in the GeoLink benchmark. However, it found some alignments
at the ontology level. We show some of the correct and incorrect
alignments that AML could find, while it was running on BCO-
DMO_GBO and R2R_GMO.
Example of correct links:
<entity1 rdf:resource="http://gbo#hasFamilyName"/>
<entity2 rdf:resource="http://gmo#familyOrSurname"/>

<entity1 rdf:resource="http://gbo#hasAffiliation"/>
<entity2 rdf:resource="http://gmo#hasPosition"/>

<entity1 rdf:resource="http://gbo#isPortOf"/>
<entity2 rdf:resource="http://gmo#r_Port"/>

<entity1 rdf:resource="http://gbo#hasGivenName"/>
<entity2 rdf:resource="http://gmo#firstOrGivenName"/>

Example of incorrect links:
<entity1 rdf:resource="http://gbo#hasContributor"/>
<entity2 rdf:resource="http://gmo#hasAttribute"/>

<entity1 rdf:resource="http://gbo#hasCurator"/>

14https://project-hobbit.eu/challenges/om2019/
15https://github.com/AgreementMakerLight/AML-Project/releases/tag/v3.1
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Table 3: Example of coreference alignment found between two entities of SPIMBENCH by AML algorithm. (colored parts are
the transformations that SPIMBENCH made.)

bbct17:id bbct1261410333:id
@prefix bbct17: http://www.bbc.co.uk/things/17/
@prefix cw: http://www.bbc.co.uk/ontologies/creativework/
@prefix bbct1509989698: <http://www.bbc.co.uk/ things/1509989698/

@prefix bbct1261410333: <http://www.bbc.co.uk/ things/1261410333/
@prefic cw: http://www.bbc.co.uk/ontologies/ creativework/
@prefix bbct1509989698: <http://www.bbc.co.uk/things/ 1509989698/

rdf:type cw:Programme rdf:type cw:Programme
cw:title Khalid Mahmood little very provider

king until not it accept be or."
cw:title0 Khalid Mahmood little very provide

cw:shortTitle millions method competitive we
wrestling head sometimes participation
turn result

cw:title1 r king until not it accept be or.

cw:category bbcc:PoliticsPersons-Additional cw:category http://www.bbc.co.uk/category/ Politic-
sPersonsAdditional

cw:description " craftsmen make maintained pay layout
allowing as commerce did politics see." .

cw:description " craftsmen make maintained pay layout
allowing as commerce did politics see."

cw:about wikidata:Q695028 cw:about wikidata:Q695028
cw:about http://dbpedia.org/resource /Cypriot-

PresidentialElection2003
cw:about http://dbpedia.org/resource/ Cypriot-

presidentialelection,2003
cw:mentions http://sws.geonames.org /7299636 cw:mentions http://sws.geonames.org /7299636/
cw:audience cw:InternationalAudience cw:audience cw:InternationalAudience
cw:liveCoverage true http://www.w3.org

/2001/XMLSchema/boolean
cw:liveCoverage true http://www.w3.org/2001/

XMLSchema/boolean
cw:primary -
Format

cw:AudioFormat cw:primary -
Format

cw:AudioFormat

cw:dateCreated "2011-11-17T20:19:06.076+02:00"
http://www.w3.org/2001/
XMLSchema/dateTime

cw:dateCreated "2011-11-17T20:19:06.076+02:00"
http://www.w3.org/2001/
XMLSchema/dateTime

cw:dateModified "2012-10-10T04:09:55.770+03:00"
http://www.w3.org/2001/
XMLSchema/dateTime

cw:dateModified "2012-10-10T04:09:55.770+03:00"
http://www.w3.org/2001/
XMLSchema/dateTime

cw:thumbnail bbct17:219976210 cw:thumbnail bbct:219976210
cw:altText "thumbnail atlText for CW

http://www.bbc.co.uk/ context/17/id
bbc:primary-
ContentOf

bbct1509989698:id bbc:primary-
ContentOf

bbct1509989698:id

<entity2 rdf:resource="http://www.w3.org/2006/time
#hasDuration"/>

As we have seen, AML found property alignments between GMO
and GBO. The system is working fine on finding the links that
have a higher string similarity or string synonyms between the
two objects, but for the objects with weaker string similarities like
“hasAttribute” and “hasContribute”, AML usually reported false
positives by wrongly adding a mapping between the objects with
partial string matching.

In conclusion, having a simple synthetic benchmark might be
useful for the evaluation of the systems in specific areas in an
early stage. A benchmark comprising real-world data can boost
the development of the state of the art alignment algorithms in the
field of instance matching.

6 CONCLUSION AND FUTURE WORKS
Coreference resolution on semantically linked data has been dis-
cussed for over a decade now, but not much work has been done
related to a realistic benchmark for systematic evaluation of these
systems. In this paper, we have proposed the use of the GeoLink
Cruise data repository as a coreference resolution benchmark. The
GeoLink Cruise benchmark utilizes manually curated equivalents

links between Cruise instances of R2R and BCO-DMO data. This
Benchmark has been accepted by OAEI 2020 and is going to exist
for evaluating systems going forward.

An analysis of current automated coreference resolution systems
indicates that current synthetic benchmarks are insufficiently repli-
cating the complexities present in real-world data, and our dataset
can be used to evaluate entity resolution approaches from a more
realistic perspective. Additionally, our dataset has the potential
to spur innovations related to scalability and data aligning with
geospatial and temporal aspects.

In the future, we plan to actively keep maintaining the bench-
mark and contribute to its use at the OAEI. In addition, we also plan
to assess the performance of several existing approaches to coref-
erence resolution on this benchmark. Furthermore, we intend to
develop an alignment system that can meet the challenges proposed
by our benchmark.
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on data integration tasks. Currently, the most widely accepted benchmarks are those
within the Ontology Alignment Evaluation Initiative (OAEI).21 These benchmarks were
created beginning in 2004 and have spurred great innovation. However, some elements
of real-world data integration challenges are not yet well represented within the OAEI
benchmarks. The GeoLink knowledge graph can be used to� ll in some of these gaps.

At the schema level, all of the OAEI benchmarks consist entirely of one-to-one
equivalence relations (e.g. a Person in one dataset is equivalent to a Human in another).
In practice, many of the relationships that exist between datasets are more complicated,
such as a Professor with a hasRank property value of“Assistant” in one ontology is a
subclass of the union of the Faculty and TenureTrack classes in another. Unfortunately,
the majority of research activity in the� eld of ontology alignment remains focused,
� nding only one-to-one equivalence relations. One reason may be that there are no
widely accepted ontology alignment benchmarks that involve complex relations. As
mentioned previously, GeoLink is published according to the GeoLink Base Ontology,
which was derived from the GeoLink Modular Ontology. Because the GBO was manually
engineered directly from the GMO and a SPARQL query was created to mitigate each
change that was made, the alignment formed by these SPARQL queries is guaranteed to
contain all of the relations necessary to solve this real-world alignment problem and no
super� uous relations. We argue that this characteristic makes the GeoLink ontologies a
good example of a complex ontology alignment problem that can be used as a bench-
mark. We have therefore made the alignment, along with the GBO and GMO, publicly
available.22

Regarding coreference resolution, some of the benchmarks within the OAEI are
synthetic, meaning that they were created by taking the individuals within a single
dataset and modifying them. Coreference resolution systems are then judged on how

Figure 5.A GeoLink web component, which allows web developers to easily incorporate GeoLink
dataonto their sites.
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accurately they can associate a modi� ed individual with its original. This allows both
precision and recall to be assessed. However, it is not clear that a strong performance on
these synthetic benchmarks would carry over to real-world data integration tasks. The
OAEI also contains some non-synthetic instance matching tasks, but these are focused
somewhat narrowly on disambiguating authors based on information about their
publications.

We have proposed the use of GeoLink as a way to expand the set of coreference
resolution benchmarks (Cheatham, Amini, and Patel,2016). Domain experts and data
providers have manually established hundreds of coreferences among people and
oceanographic cruises within GeoLink. These links are not all of the coreferences that
exist, so recall cannot be assessed using this benchmark; however, precision on this
real-world task can be e� ectively evaluated. Additionally, the GeoLink coreference
resolution task has the potential to spur innovations related to scalability and aligning
data with geospatial and temporal aspects, which are challenging areas for many
existing systems.

5. Availability

The GeoLink knowledge graph is deployed athttp://data.geolink.organd can be queried
by both human and machine clients using SPARQL. In addition, the visualization inter-
face described inSection 4.3is available athttp://demo.geolink.org. The GeoLink end
point is maintained by the National Center for Ecological Analysis and Synthesis (NCEAS),
which has been in existence since 1995 and is supported by organizations such as NASA,
the NSF, and the National Academy of Sciences. In addition, a Creative Commons-
licensed snapshot of the GeoLink knowledge graph is archived at the MBLWHOI
Library, accessible via the citable URLhttp://hdl.handle.net/1912/9524. The DOI for this
snapshot is 10.1575/1912/9524.

6. Conclusions and future work

This article presented the GeoLink knowledge graph, a public and freely available source
of geoscience data composed of seven of the largest data repositories in this domain.
The structure of the knowledge graph and the data within it are described and links to
more detailed information are provided to facilitate reuse. The quality and utility of the
dataset are evidenced by the substantial amount of use that has already occurred in
both the geosciences and computer science.

In the future, we hope to integrate additional geoscience data repositories into the
knowledge graph. On the computer science side, we plan to put forth the alignment
problem between the GMO and GBO as a potential new track within the Ontology
Alignment Evaluation Initiative, in order to encourage the development of automated
alignment systems capable of making large-scale integration projects like GeoLink easier
in the future. Additionally, the GeoLink knowledge base has not yet been aligned to any
upper level ontology, such as the Basic Formal Ontology. While such an ontology was
not necessary for achieving the basic operational goals of the project, doing so could
facilitate interoperability with other knowledge graphs. As a result, this is also an avenue
of future work.
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Notes

1. https://www.earthcube.org
2. http://www.rvdata.us
3. http://www.bco-dmo.org
4. https://www.iodp.org
5. http://www.mblwhoilibrary.org
6. http://www.geosamples.org
7. https://www.dataone.org
8. https://minerals.usgs.gov/science/natl-geochemical-db/
9. http://www.usap-dc.org.Data

10. http://www.nerc.ac.uk
11. http://xmlns.com/foaf/spec/
12. http://www.dublincore.org/speci� cations/
13. https://www.w3.org/TR/prov-o/
14. https://orcid.org
15. https://www.doi.org
16. http://geocomponents.org
17. http://opencoredata.org
18. https://github.com/earthcubearchitecture-project418/
19. http://host.geolink.org/graph/obis
20. http://host.geolink.org/graph/earthchem
21. http://oaei.ontologymatching.org
22. http://dase.cs.wright.edu/content/complex-alignment-benchmark-geolink-dataset
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