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ABSTRACT Biological and biomedical knowledge graphs can be disparate in their design when a standard
has not been widely accepted by the community, even more when they represent data from a previously
underexplored domain. This may result in the formation of disparate knowledge graphs. Entity alignment
methodologies examine the similarities and differences between entities across diverse knowledge graphs
to ascertain which ones represent the same real-world entity. These alignments facilitate the integration of
data and the interoperability between sources, which is a crucial aspect for comprehending the relationships
between disparate datasets and uncovering novel insights. However, there is a lack of knowledge regarding
the efficacy of these methods across different domains. We evaluate the performance of 20 entity alignment
methods on biological knowledge graphs pertaining to gene regulation. Specifically, our investigation
concentrates on enhancer sequences, the most extensively researched type of cis-regulatory domains, and
their potential targets. The obtained hit values illustrate the potential of this and other methods to align and
improve the interoperability between biological and biomedical knowledge graphs. Moreover, GCN Align
demonstrates the highest robustness and produces the most accurate results in terms of matching ability and
time required. Our study also examines the impact of the entity types included in the data schema. This
analysis helps identify which domain areas are more effectively represented, which is crucial for optimizing
the methods’ efficacy and to identify areas of improvement in the schemas used. Additionally, the workflow
is extensible to other data domains and can be adapted to new methods.

INDEX TERMS Cis-regulatory modules, data interoperability, entity alignment, gene regulation, knowledge
graphs.

I. INTRODUCTION
A. BACKGROUND
The graph entity alignment (EA) process is designed to
identify mappings between the semantic entities of two
distinct knowledge graphs (KGs), namely the source and
target graphs [1]. These mappings, which indicate that both
entities may be equivalent, can be used to integrate data from
disparate sources, facilitate interoperability between systems
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(i.e, communicate, exchange and use data), perform analysis
of heterogeneous data, and the discovery of novel insights [2],
[3]. This task is a crucial undertaking in biomedical contexts,
where it is imperative to comprehend the interconnections
between disparate data sets from diverse sources [4].

The landscape of biomedical databases is extensive and
continues to expand. The quantity of biomedical data is
considerable and presents both computational and storage
challenges [5], [6], [7]. Most biomedical databases have been
developed for local exploitation and are stored in formats
that hinder their interoperability with other databases [8], [9].
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Furthermore, the lack of consensus on the use of controlled
vocabularies for data representation presents an additional
challenge to this task [4], [10], [11].

The principles and tooling of the Semantic Web [12] have
been shown to be a more efficient alternative for the repre-
sentation, storage and querying of heterogeneous biomedical
data [8], [13]. Gene Ontology (GO) [14], Sequence Ontology
(SO) [15], or SNOMED CT (https://www.snomed.org/) are
successful examples of this technology with wide commu-
nity adoption. We highlight two fundamental technologies,
namely, ontologies [16] and KGs [17].
Ontologies are employed to model and formalize a

particular domain and its vocabulary. Consequently, they
provide the formalization of concepts, relations, and restric-
tions, primarily through the utilization of formal languages
such as OWL (Web Ontology Language), RDF (Resource
Description Framework), and RDFS (RDF Schema). The
community has developed a number of ontologies with the
objective of modeling and formalizing different biomedical
domains. The portals of the Open Biomedical Ontolo-
gies (OBO) Foundry [16] and BioPortal [18] include a
plethora of biological and biomedical ontologies worthy
of note. However, some of these ontologies present over-
laps, which forces the user to decide which ontology to
employ [19].
KGs are collections of relations, or edges, that connect

nodes representing entities, which can be conceptualized
as real-world concepts or individuals [17]. In this manner,
KGs facilitate the representation and correlation of copious
amounts of data from disparate sources and domains in
a straightforward, computer-processable format [20]. In an
ideal scenario, KGs would adhere to the schema provided by
an ontology, but this is not always the case.

The community has also developed biomedical KGs that
integrate information from multiple sources, and that cover
different domains and their relationships [21]. Examples
include biomedicine [22], [23], [24], pharmacology [25],
anatomy [26], microorganisms [27], multiple omics [28],
or systems biology [29]. However, the different KGs
are not always interoperable due to the use of disparate
vocabularies that are not connected to each other. This can
occur for two reasons: either the KG does not adhere to
a reference ontology, or the reference ontology does not
present relations with equivalent entities in other ontolo-
gies that are in use. Moreover, KGs vary in structure,
contributing to a high degree of heterogeneity within the
field.

In order to address these issues, new initiatives have been
proposed, such as the Biolink Model [30]. The objective
of this schema is to universalize KGs in the biological
and biomedical fields. However, as with other previously
proposed schemas, its success will depend on its acceptance
and use by the relevant community. Other proposals such as
BioCypher [31] and PheKnowLator [32] seek to unify the
construction of biomedical KGs.

B. MOTIVATION
In this context of heterogeneity, several EA methods have
been developed to identify equivalent entities in different
schemes. These methods use different approaches and often
include comparisons with other methods in their evaluation
reports [33], [34], [35], [36], [37], [38], [39], [40], [41],
[42], [43], [44], [45], [46], [47], [48], [49], [50], [51], [52],
[53]. With the rise of large language models (LLMs), these
tools have also begun to be included in EA strategies [54],
[55], [56].

Becausematching equivalent entities enables linking entity
graphs that are not directly interoperable, from a biological
point of view, these relationships allow better exploitation
of available knowledge, enabling communication between
isolated systems that can act as federated data sources.
In addition to promoting and facilitating the querying and
analysis of heterogeneous data, the formulation of hypothe-
ses, and the contracting of results [13], this interoperability,
as well as the integration of databases, is capable of providing
new knowledge by communicating different data resources
and data domains [57], [58]. Moreover, the exploitation of
link prediction systems allows the identification of possible
relationships between entities that are not directly linked [2].
Consequently, better exploitation of information using EA
methods would result in better exploitation of information
from available databases and clinical systems.

Specific works carrying out comparative studies on EA
methods are also available [1], [51], [59], [60], [61],
[62]. However, these studies have used mainly generic
KGs, such as DBpedia, Wikipedia, and YAGO. Many of
these comparative studies are also focused on multilingual
EA. Consequently, there is a dearth of knowledge on the
performance and effectiveness of the various EA methods in
specific domains and subdomains, such as biological KGs
and the gene regulation subdomain. This interest is due to the
results of the various Ontology Alignment Evaluation Initia-
tive campaigns (OAEI, https://oaei.ontologymatching.org/)
and studies [1], [63] which have demonstrated that the
tested methods exhibit varying performance across different
domains or tracks.

C. OBJECTIVES AND APPROACH
In this paper, we address biological EA about gene regulation
with two main objectives: (1) to analyze whether there are
effective EA methods in this area that could contribute to
improved interoperability between KGs, and to identify the
best performing ones; (2) to analyze the performance by
biomedical entity type to identify whether the schema used
for modeling has appropriate features that facilitate EA and
which aspects can improve efficiency.

In particular, we focus on the domain of human enhancers
(Fig. 1), as it represents a biological domain lacking
consensus on data representation [64], and for their relevance
as modulators of gene expression [65].
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FIGURE 1. Illustration of the problem formulation (fictitious example).
Two different graphs (source and target) are aligned to find the entities
that represent the same real-world concept (red dotted line).

Enhancers are distal DNA sequences (cis-regulatory mod-
ules or CRMs) capable of increasing the transcription rate of
their target genes, regardless of their orientation and over long
distances [65], [66]. Moreover, these regulatory sequences
have shown relevance in processes such as cell identity and
disease development, and have been proposed as potential
therapeutic targets in emerging treatment strategies [67],
[68], [69], [70], [71], [72], [73], [74]. Indeed, the term
‘‘enhanceropathies’’ has been proposed to denote pathologies
associated with these sequences [75]. For these reasons,
enhancers are widely studied regulatory sequences, and with
a large presence in specialized and generic databases [64].
In this context, KGs can play a pivotal role in standardiz-
ing data and facilitating interoperability between disparate
sources or databases [13], [64].
To accomplish the objectives, a variety of EA techniques

are employed to examine a multitude of potential scenarios,
including the EA at both graph and subgraph levels. To assess
the outcomes, we utilized the results pertaining to the general
alignment metrics, with a particular emphasis on hits and
time values. Additionally, we employ the results of an entity
count, which facilitate a comprehensive examination of the
performance, quality, and potential enhancements of the
various modeled entities.

D. CONTRIBUTIONS BEYOND THE STATE-OF-THE-ART
This work provides a novel contribution in terms of the
alignment strategies employed, the focus of the evaluations
and the field of study. By evaluating the performance of
different methods on KGs with different characteristics in
an unexplored field, such as gene regulation this work
will contribute to a more nuanced understanding of the
efficacy of EA methods in specific domains, facilitating
the identification of those with superior performance. This
will facilitate the use of these tools to discern analogous
entities across disparate data sources, thereby enhancing
interoperability between heterogeneous data.

On the other hand, evaluating the performance of methods
against entities with different characteristics, and leveraging
the acquired knowledge to identify improvements in entity
modeling, will also enable the adoption of improvements in
semantic schemas. This will result in improved EA, thereby
promoting the use of these methods as tools to improve the
interoperability between entities of different KGs.

II. METHODS
This section outlines the data used for the generation of
KGs, the EA methods employed, and the pipeline to conduct
the experiments. All material and scripts used have been
included in the cisregEA repository (https://github.com/juan-
mulero/cisregEA), with additional details and supplementary
material that supports and complements the main results
presented in this manuscript.

A. THE DATASETS
To perform EA, a sample of five manually curated,
open-access databases with available information about
human enhancer sequences was utilized. The aforementioned
databases were then transformed into KGs: ENdb [76],
EnDisease [77], DiseaseEnhancer [78], VISTA Enhancer
Browser [79], and RefSeq [80]. In addition to information
regarding on enhancer sequences, they contain relations
between these entities and other biological entities of
interest [64], such as target genes, diseases or DNA-binding
transcription factors (Table 1). These data are included in the
KGs.

ENdb, EnDisease and DiseaseEnhancer contain data
collected from literature reviews. In addition to annotations
on enhancer sequences, relationships between these elements
and phenotypes and target genes are provided, because
these are more specialized databases. ENdb also contains
data on transcription factors that interact with these
sequences. On the other hand, VISTA and RefSeq are
more general databases. VISTA collects experimentally
validated enhancers from in vivo reporter gene expression
studies, sequences previously selected for their evolutionary
conservation. This database also includes data on potential
target genes by proximity. Finally, RefSeq hosts sequences
described in the literature and validated experimentally, and
it provides the functional elements that are annotated in the
reference genome.

The selection of these open-access databases was based
on two considerations. Firstly, as they are manually curated
they contain a larger number of common entities than
databases with non-curated information. Secondly, they are
databases with different types of annotations in addition to
CRM sequences. As EA methods employ the attributes and
relations of entities for their characterization and subsequent
comparison [1], [62], these databases are a suitable sample.

B. ENTITY ALIGNMENT METHODS
Pairwise alignments were conducted using 20 different EA
methods provided by the OpenEA package [81], and which
are briefly described in Table 2.
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TABLE 1. Databases utilized for KG construction and subsequent EA. Each dataset contains a variety of annotations or content, indicated by an ‘‘X’’, that
we include in the KGs.

TABLE 2. Short description of the EA methods used.

These methods were chosen for two main reasons. First,
they are implemented within the OpenEA package, a toolkit
that facilitates the standardized execution of EA, an important
task to compare different methods fairly. Second, the
selected methods differ in the strategy for predicting matched
entities. Consequently, this sample of methods is useful to
study the applicability of different approaches to improve
interoperability between KGs, and to study the performance
of these methods against entities with different semantic
schemas.

C. THE GRAPH ALIGNMENT PIPELINE
The execution of EA was conducted in accordance with
a standardized pipeline described in a previous work [82].
This pipeline shows the flow of tasks necessary to carry

out a complete EA, starting from data files in a typically
tabular format to the subsequent evaluation of results (Fig. 2).
The cisreg package (https://github.com/juan-mulero/cisreg)
was employed for database preprocessing and RDF genera-
tion [13], while the OpenEA library (https://github.com/nju-
websoft/OpenEA) was used as core to perform the EA. The
process is also described in pseudocode in Algorithm 1.

Using as input two KGs, a seed alignment, pre-trained
word embeddings, and a configuration file, OpenEA returns
a set of aligned entities and a report with values of
EA metrics [1]. These metrics are later detailed in the
evaluation subsection. Therefore, OpenEA facilitates the
systematic and standardized execution of EA between two
KGs through the implementation of diverse experimental
methods.
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FIGURE 2. The pipeline applied in the experiments. Initially, the data undergo preprocessing to enable the automated alignment of RDF files. Two stages
of data preparation are necessary. First, the RDF files are divided into three distinct sets: entities, attributes, and relations. Conversely, the set of entities
is divided into three subsets, namely training, testing, and validation sets. Subsequently, the EA method is executed, followed by a final step of results
evaluation.

Algorithm 1Workflow
Step 1 - Input data preprocessing (cisreg package)
preprocessedA← PreprocessData(DatasetA)
preprocessedB← PreprocessData(DatasetB)

Step 2 - RDF data generation (cisreg package)
rdfA← ConvertToRDF(preprocessedA)
rdfB← ConvertToRDF(preprocessedB)

Step 3 - Data preparation of entity characteristics
attrTriplesA, relTriplesA, entTriplesA← SplitRDF(rdfA)
attrTriplesB, relTriplesB, entTriplesB← SplitRDF(rdfB)
entLinks ← GenerateEntityLinks(entTriplesA,
entTriplesB)

Step 4 - Training data preparation
trainLinks, testLinks, validLinks ←

SplitEntityLinks(entLinks, [0.7, 0.2, 0.1])

for method in methods do // Run 20 alignment methods
Step 5 - Entity alignments (OpenEA package)
alignedEntities, alignmentMetrics← EA(relTriplesA,

relTriplesB, attrTriplesA, attrTriplesB, entLinks, train-
Links, testLinks, validLinks, configFile[method])

Step 6 - Evaluation of results
countAlignedEntities ← EvaluateRe-

sults(alignedEntities, testLinks)
end for

The objective of each experiment is to find the opti-
mal alignment between two KGs, which requires the

implementation of distinct procedures, as outlined in the
following sections.

1) STEP 1: INPUT DATA PREPROCESSING
The objective is to transform the data to produce standardized
input files that will facilitate the subsequent automated
generation of RDF files. This is necessary because the
original data sources use different, sometimes incompatible,
file formats and data structures. The cisreg package was
employed for this purpose [13].

2) STEP 2: RDF DATA GENERATION
The objective is the generation of RDF files in N3 format.
These RDF files represent the elements that compose the
KGs, and the information stored in the original databases.
We used the cisreg package that provides scripts to convert
the tabular files of the sample databases to RDF [13]. In the
event that those scripts had not been available, the use of
mapping-based tools such as SWIT [83] or Morph-KGC [84]
would have been the best option to support the generation of
RDF data.

Each KG incorporates data from a distinct database, yet
each database encompasses disparate biological subdomains.
Consequently, two distinct types of KGs are generated: KGs
comprising all data from each source (referred to as ‘‘all’’
graphs) and subgraphs focusing on specific subdomains.
These subgraphs include enhancer sequences (referred to
as ‘‘crm’’), relations between enhancers and their target
genes (referred to as ‘‘crm2gene’’), relations with phenotypes
(referred to as ‘‘crm2phen’’), and relations with transcription
factors (referred to as ‘‘crm2tfac’’).

These subgraphs are automatically generated by the cisreg
package, being the ‘‘all’’ graphs the result of combining
the different subgraphs that result from a single dataset.
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This subdivision is employed for the purpose of comparing
the performance of alignment methods that utilize complete
graphs and subgraphs.

The schema used for RDF modeling is summarized in
Fig. 3, and extended in the cisregEA repository. The main
vocabularies used are also summarized in Table 3, which are
vocabularies broadly extended in the semantic web, such as
rdf, rdfs, owl and skos, and biological ontologies of relevance,
mainly belonging to OBO Foundry [16].

3) STEP 3: DATA PREPARATION OF ENTITY
CHARACTERISTICS
In order to perform the EA between two input graphs, the
methods must first extract the relevant characteristics of each
entity, including attributes and relations. Subsequently, the
aforementioned features are compared in order to ascertain
the degree of similarity or equivalence between the entities
in question, with a view to ultimately determining the
corresponding alignments.

The OpenEA package requires the preprocessing of the
graphs to be aligned. This preprocessing step consists of
classifying the triples of each graph according to whether they
correspond to attribute definitions or to relationships between
entities. This task is carried out by generating dedicated files.
A file with the related entities between graphs must also be
generated, as it will be used in the next step to generate the
training, test and validation sets. Therefore, in this step three
kinds of files are created for each pairwise alignment:

• Entity set (ent_links): The entities of each graph are
linked between them. The analysis encompassed both
classes and instances. This task takes into account that
enhancer sequences are modeled based on their genomic
coordinates, hence two sequences are considered equiv-
alent if their coordinates overlap.

• Attribute set (attr_triples): The triples defining
attributes for each entity, which correspond to datatype
properties.

• Relation set (rel_triples): The defining relationships
between two different entities, which correspond to
object properties.

Table 4 shows the triples generated for each database for
the complete graphs (all), and the subgraphs that compose
them (crm, crm2gene, crm2phen, crm2tfac).

4) STEP 4: TRAINING DATA PREPARATION
In addition to the graphs to be aligned, the methods also
need a training set or seed alignment. For its generation, the
subset of related entities (rel_triples in Fig. 2) was randomly
divided into 3 sets: training (70%), testing (20%) and
validation (10%).

5) STEP 5: ENTITY ALIGNMENT (EA)
Given two KGs, KG1 and KG2, with entity sets E1 and
E2, respectively, the EA aims to identify pairs of entities
(e1, e2), where e1 ∈ E1, e2 ∈ E2, and e1 and

e2 represent the same real-world entity. That is, e1 and e2 are
aligned entities. Each EA method uses different strategies
and functions that try to maximize the similarity between
matched entities, i.e, S(E1,E2) ∈ [0, 1]. Consequently, the
objective is to find the results closest to 1 in SKG1,KG2 =

{(e1, e2) ∈ E1 × E2 | e1 ∼ e2}, where ∼ denotes an equiva-
lence relation [81].
Pairwise alignments were conducted using the 20 EA

methods aforementioned (Table 2). The default configuration
of the methods was employed in all executions to ensure
a fair comparison and to provide comparable results with
other state-of-the-art studies and possible future works. Each
EA was also conducted twice to enhance the statistical
significance of the findings. Regarding computing resources,
a server with Intel(R) Xeon(R) CPU E5-2697A v4 @
2.60GHzmodel was used, while a limit of 250GB ofmemory
was established for each EA. Furthermore, a designated cut-
off time of 48 hours was set to initiate the EA processes
following the launch.

In order to evaluate the efficacy of the EA methods in
a variety of scenarios, multiple pairwise alignments were
conducted, with the input sets varying in each instance. These
alignments can be classified into the following experimental
groups (Table 5):

• Alignment of each KG with itself (AvsA). We assume
that the best possible alignment for one entity is against
itself [82], so these alignments will provide the best
results. Therefore, these alignments serve the purpose of
identifying the upper limit for the results of the methods,
as well as to distinguish between entities that have been
appropriately modeled and those that require further
modeling to improve the results.

• Alignments of subgraphs (crm, crm2gene, crm2phen,
crm2tfac) vs. complete graphs (all), with the aim
of identifying whether subdivision into subgraphs or
subdomains offers better results by reducing the number
of entities to align and the number of comparisons [81].

• Alignment of different KGs to identify whether entities
with different features can be linked even though
they constitute the same real-world entity. Moreover,
we tested different scenarios (Table 5). These included
different entities at the attribute level (attr-AvsB),
different entities at the relation level (rel-AvsB), and a
combination of both (AvsB).

The alignments of different KGs at the attribute level
(attr-AvsB) exhibit identical relations but differ in their
attributes. In order to generate these KGs, the sequence
identifiers were modified, as they are utilized for the
naming and definition of sequences. Other attributes, such
as sequence coordinates, were not modified, as this would
result in the generation of different sequences and, con-
sequently, different entities. Due to persistent difficulties
encountered with the various EA methods employed for
the RefSeq dataset, it has been excluded from the present
analysis.
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FIGURE 3. Underlying summarized schema of the KGs. The schema models the structure and semantics of CRM sequences and their relations with other
entities. The colored boxes specify the different subgraphs or subdomains: CRM sequences (crm graph - orange), and their relations with target genes
(crm2gene graph - yellow), transcription factors (crm2tfac graph - brown), and phenotypes (crm2phen graph - red). The blue classes constitute the central
entities of each graph, while the green classes are biological classes that were not modeled in detail because they are already modeled in the
BioGateway knowledge network, with a schema interoperable with this one [85]. The schema shown includes the relations of the core entities, i.e. CRM
entities and entities of relations between these sequences and other entities. Therefore, the relations of the entities acting as objects were omitted to
reduce the size of the image. A complete schema can be found in the cisregEA repository.

In the alignment of different KGs at the relations level (rel-
AvsB), the entities exhibit identical attributes, yet differ in
their relations with other entities. Consequently, the outcomes

align CRM sequences and their associated entities from
disparate databases, encompassing diverse types of entity
relations (see Table 1).
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TABLE 3. Main vocabularies and ontologies used in the scheme of the KGs generated and employed for the EA experiments.

TABLE 4. Distribution of triples for the KGs generated for each dataset.

Finally, we examined the alignments of different KGs at
the relation and attribute levels (AvsB). To address the first
condition, datasets from disparate databases were utilized,
as they exhibit disparate types of annotations (see Table 1).

TABLE 5. Different scenarios evaluated in the EA experiments carried out.

To satisfy the second requirement (attributes), the identifiers
of the sequences were modified to produce entities with
different labels. The RefSeq dataset was also excluded from
the analysis due to its incompatibility with several methods.

However, not all databases possess a sufficient number of
common entities to allow the entity splitting process and to
generate an appropriate training set (Step 4). Only two graph
combinations had sufficient common entities to perform
alignments with different KGs: EnDisease-DiseaseEnhancer
(1284 entities) and RefSeq-VISTA (1028 entities). We will
refer to these alignments as typical AvsB or typ-AvsB in
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the text. To address this issue, a variation of the standard
workflow was implemented to increase the number of
common entities. For this experiment, the two datasets (A
and B) were unified in order to generate a sufficient number
of common entities for optimal training (set union: A ∪ B
vs B ∪ A). The entities which are not common between
different KGs were employed for the purposes of training and
validation (set difference: A \ B), while the entities common
to both datasets were used for testing (set intersection:
A ∩ B). With this modification, the following align-
ments could be performed: ENdb-DiseaseEnhancer, ENdb-
EnDisease, EnDisease-Disease-EnDiseaseEnhancer, VISTA-
DiseaseEnhancer, VISTA-EnDisease, and RefSeq-VISTA.
Furthermore, these alignments were performed and evaluated
at the level of relations (modified rel-AvsB), and attributes
and relations (modified AvsB or mod-AvsB).

6) STEP 6: EVALUATION OF RESULTS
To evaluate the results of the alignments, we used the
following metrics related to the performance of the EA
methods: hits@1, hits@5, hits@10, Mean ranking (mr),
Mean Reciprocal Ranking (mrr) and Execution time, which
are introduced next [1]. These metrics are used by the
OpenEA package to report the results, and they are the
standard metrics used in the state-of-the-art [1], [51], [59],
[60], [61], [62], [81], [86], [87].

• The hits@k metrics indicates the percentage of cases
where the correct entity is in the first k predictions
generated by the model. These metrics are important to
understand how often the model puts the right entity in
the top ranking positions.

Hits@k =

∣∣{q ∈ Q : q ≤ k}∣∣∣∣Q∣∣
q denotes the prediction element, and Q the prediction
items given by the algorithm. The value of Hits@k
ranges from 0 to 1, being better the algorithm when the
value is higher.

• The Mean Ranking (MR) is the mean of the positions
of the correct entities in the ranking generated by the
model. A lowerMR score indicates a better performance
of the model, as the correct entities are closer to the top
of the ranking.

MR =
1
|Q|

∑
q∈Q

q

• Mean Reciprocal Ranking (MRR) is the mean of the
reciprocals of the positions of the correct entities in
the ranking. A higher MRR score indicates better
performance, since it implies that the correct entities
tend to be ranked higher.

MRR =
1
|Q|

∑
q∈Q

1
q

FIGURE 4. Boxplot of hits@1 values by method in alignments of same
KGs (AvsA). All domains and datasets were used (ENdb, EnDisease,
DiseaseEnhancer, VISTA and RefSeq).

Since each alignment was performed twice, we also
calculated the variability values between replicates for each
main metric. In the results section, we mainly include the
coefficient of variation (CV), but the variance and standard
deviation values are available in the supplementary material.

For this work, the most relevant metrics are hits@1
(how many true predictions correspond to the best given
prediction), and the execution time, since they are related
to automation and scalability, respectively. The relevance of
those metrics is justified because the main objective of this
work aims to study the feasibility of these methods as a
tool to contribute to the interoperability between KG entities.
Consequently, the automation of alignments is a critical task,
which makes hits@1 and time stand out as the most important
metrics. However, all the metrics presented were used and
reported.

Additionally, the percentage of aligned entities in accor-
dance with the anticipated values within the testing set
(test_links) was evaluated in order to assess the efficacy of
the schema in modeling each entity.

III. RESULTS
This section presents the main findings of the present
study. The complete results, accompanied by supplemen-
tary material, are accessible in the repository cisregEA
(https://github.com/juan-mulero/cisregEA). This includes
data files, code used, tables, and figures that support the main
results reported in this section.

A. ALIGNMENT OF THE SAME GRAPHS
The results are structured according to the two subtypes
of alignments performed: alignments of complete datasets
(all domains) and alignments of subgraphs (crm, crm2gene,
crm2phen and crm2tfac).

1) ALIGNMENT OF COMPLETE DATASETS
The mean hits@1 obtained for each EA method and dataset
are reported in Table 6, and represented in the boxplot of
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TABLE 6. Hits@1 values (%) per method in AvsA alignments using all data domains. When the method was unable to be utilized, NA was recorded.

Fig. 4. The mean hits@1 value considering all datasets is
represented as a blue dot.

The results varied according to the method and the dataset
used. Ten methods showed hits@1 mean values higher than
80% (BootEA>RotatE>AlignE>BootEA-RotatE> GCN
Align >SEA>RSN4EA>IMUSE>AttrE> AliNet), and the
mean for six of them was equal to or higher than 90% if we
round to the unit. The clustering of the methods by hits@1
performance also facilitated the categorization and distinction
of these groups.

However, not all methods yielded successful results in
all alignments. Consequently, the number of alignments that
could be conducted is indicated adjacent to the designation of
the method in Fig. 4.

RSN4EAwas unable to achieve an alignment using RefSeq
and VISTA within the 48-hour timeframe following its
launch, which was established as the cut-off point. The
AlignE, BootEA, and RDGCN methods were unable to
complete the alignment for RefSeq due to the requirement
of more than 250 GB of RAM, which exceeded the specified
memory limit. The RotatE method was unsuccessful due to
errors that occurred during the training process, also with the
RefSeq dataset. AliNet completed the task, but required a
higher amount of RAM (∼100 GB) than the other methods
(∼10 GB).

Moreover, most of the methods demonstrated homoge-
neous hits@1 between replicates, with a CV lower than 5%
(mean CV = 3.90). A robust inverse correlation was also
identified between hits@1 and their CV (cor = −0.84,
df = 18, p-value = 4.2e-06, Pearson test), indicating that
higher hits@1 values are associated with reduced variability
between replicates.

We also analyzed the execution time of alignments. The
alignment of KGs with a higher number of triples and entities
required more time. However, the time required for this

process was not uniform across all methods. The clustering
by time also identified groups of methods with short
time requirements (e.g. GCN Align<BootEA<RDGCN),
and methods with long time ones (e.g. HolE>BootEA-
RotatE>ProjE).

The variability between replicates for time was also
explored, being higher than for hits@1 (mean CV values
between 10-37%). Furthermore, no correlation was identified
between the time values obtained and their associated
variability (cor= −0.33, df= 18, p-value= 0.15) or between
the hits@1 values and the variability in execution time (cor=
0.02, df = 18, p-value = 0.92).
Next, we clustered the methods by hits@1 and time, and

plotted the relationship between the variables (see Fig. 5A).
We highlighted 5 clusters. Cluster 1 was the most relevant
because it corresponds to the group of methods with the
best alignment performance and generally short execution
times. The methods included in this cluster were GCN
Align, BootEA, AlignE, RotatE, AttrE, IMUSE, RSN4EA,
and SEA. Notwithstanding the favorable hits@1 values
of BootEA-RotatE, this method was not included in the
aforementioned group due to its elevated execution time.

RefSeq was the dataset that yielded the poorest overall hit
results and required longer tun times due to the higher volume
of triples. Since BootEA, AlignE, RDGCN, RotatE, and
RSN4EA were not feasible to execute on RefSeq, an analysis
without this dataset was also performed.

Fig. 5B shows the clustering by hits@1 and time with
this approach. In this case, the best results were observed in
the methods of cluster 4 (GCN Align, SEA, IMUSE), and
BootEA, AttrE and BootEA-RotatE as the best methods of
clusters 1, 2 and 3, respectively. These results are justified
because clustering of methods by hits@1 values without
RefSeq did not yield significant differences, but clustering by
time revealed notable discrepancies, with BootEA, AlignE,
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FIGURE 5. Hits@1 values against time in EA of equal KGs (AvsA) and considering all the data of each dataset (all). A) Results considering the five
databases (ENdb, EnDisease, DiseaseEnhancer, VISTA and RefSeq). B) Results excluding RefSeq.

RDGCN, RotatE, and RSN4EA requiring comparatively
longer processing times.

Since each dataset contains different types of annotations
(Table 1), the hits@1 values also differed between datasets
(Table 6). To evaluate the databases, we ranked each method
according to its hits@1 value. Then, a metric was designed
and used to assign a score to each method:

weight =
n∑
i=1

xi ·
(
1−

i− 1
n

)
where the variable xi denotes the number of times the dataset
occupied position i, or ranking, which is determined by the
number of datasets used (n).

This approach enabled the identification of datasets with a
better set of annotations, which can facilitate the EA. In this
case, VISTA > EnDisease > ENdb > DiseaseEnhancer >

RefSeq.
The hit count per entity type, i.e. the percentage of

correctly aligned biological concept type, is also a crucial
element in the analysis, since it indicates what type of
entities yields disparate results. Table 7 presents the mean
of this entity count. In this case, the core entities of
the graphs demonstrated favorable outcomes and minimal
variability (low CV values). Specifically, CRM sequences
and entities pertaining to the relationships between these
CRMs and other entities. In contrast, entities that primarily
function as object nodes, such as databases or assemblies,
demonstrated inferior performance and higher CV values.
Similarly, other entities that also act as object nodes,
such as proteins or diseases, exhibited inferior performance
and higher CV values due to their distinctive modeling,
which is incorporated into other graphs that were not
included in the analysis. A similar phenomenon was observed
for external entities drawn from reference ontologies, the
associated data for which are accessible through federated
queries. Examples of such entities include cell lines and
articles.

2) ALIGNMENTS OF SUBDOMAINS OR SUBGRAPHS
This section presents the findings pertaining to the
domain-specific alignments of the datasets, or subgraphs
(crm, crm2gene, crm2phen, crm2tfac).

Table 8 illustrates the difference in hits@1 values obtained
when subsets of data are considered, as opposed to the
results obtained when all data domains are included. Overall,
the difference was negative, indicating that the subgraphs
exhibited inferior hits@1 outcomes compared to when the
entire network was considered.

An analysis of the resulting values of EA metrics and their
variability between replicates revealed the following aspects:

• The profile of hits@1 and time values in subgraphs
exhibited a similarity to that obtained with the complete
set. Therefore, the methods were also clustered in analo-
gous groups. BootEA, BootEA-RotatE, and GCN-Align
methods demonstrated the most promising results in
terms of hits@1 and exhibited consistent performance
in the branch of dendrograms with optimal outcomes.

• Hits@1 and time values were generally lower due
to inferior alignment performance and reduced data
volume. Furthermore, there was an increase in the
variability of hits@1 between replicates (average CV:
3.90% in all domains, 5.31% in crm subgraph, 8.16% in
crm2gene, 7.58% in crm2phen, and 3.64% in crm2tfac)
(Table 8).

• AlignE, BootEA, RDGCN, RotatE and RSN4EA meth-
ods presented the same execution issues with the crm
subgraph of RefSeq, predominantly linked to high
RAM requirements. However, ProjE and JAPE methods
demonstrated sensitivity in subgraphs with a smaller
volume of triples (crm2gene, crm2phen, and crm2tfac
in ENdb, EnDisease, DiseaseEnhancer).

• The clusters generated using hits@1 and time values also
exhibit a tendency toward similarity, with some fluctu-
ations in the methods between neighboring branches.
GCN Align, IMUSE, and SEA methods consistently
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TABLE 7. Entity counting by biological type in AvsA alignments. All data domains and datasets were used. The figures display the expected and obtained
mean values, along with the CV between replicates. In cases where CV could not be calculated due to the absence of the entity in both replicates, this is
indicated by NA. This is a consequence of the random distribution of triples employed for training, testing, and validation purposes.

TABLE 8. Difference in mean hits@1 values per method in AvsA
alignments when using different subdomains. The five datasets were
used. When the method was unable to be utilized, NA was recorded.

demonstrated the most favorable results in terms of time
efficiency, whereas the BootEA, BootEA-RotatE, and
AttrE methods exhibited the most optimal performance
within their respective clusters. While both BootEA
and BootEA-RotatE exhibited high hits@1 values, they
were associated with longer runtimes. In contrast, AttrE
required shorter execution times but yields lower hits@1
values.

• Given the existence of disparate types of annotations
across different databases, the performance of the
hits@1 metric varied according to the domain in
question (crm: ENdb>EnDisease>VISTA>DiseaseEn-
hancer >RefSeq; crm2gene: VISTA>ENdb>Disease

Enhancer >EnDisease; crm2phen: ENdb>Disease
Enhancer> EnDisease; crm2tfac: ENdb).

The difference in hits@1 values by subdomain was also
reflected in the discrepancies in the aligned biological
concepts (Table 8). In consideration of the fundamental
entities, the classes pertaining to CRMs exhibited a reduction
in hits@1 of 14.42%, and 9.10% in their instances (crm
domain). On the other hand, classes that model relations
between CRMs and other entities demonstrated a reduction
of 12.38%, 11.85%, and 10.34% in the domains crm2gene,
crm2phen, and crm2tfac, respectively. Furthermore, the
difference was less pronounced in the case of instances. The
other entities, such as genes, proteins, or diseases, also had
lower matches compared to the EA using all the graphs.

B. ALIGNMENT OF DIFFERENT GRAPHS
The distinction of various subsections is necessary for the
implementation of different alignment types, which were
employed to test a range of real-world scenarios. These
included the EA at the level of relations, at the attribute level,
and in both situations (Table 5). EA with all graphs and by
subgraphs were also performed and reported.

1) RELATIONS LEVEL
Only two pairs of datasets had enough entities to gen-
erate training and test sets: EnDisease-DiseaseEnhancer
and RefSeq-VISTA pairs. Therefore, only two pairwise
alignments could be performed with the typical or standard
workflow. The results of these EA revealed the following
noteworthy aspects:
• The standard workflow was unable to address EA for all
KGs of interest.

• The hits@1 values were lower than those obtained in
AvsA. This is an expected result due to the introduction
of differences between entities, but also by a smaller
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TABLE 9. Hits@1 values per method in typical AvsB alignments with
differences at relations level (typical rel-AvsB), and using all domains or
subgraphs. EnDisease and DiseaseEnhancer were abbreviated in the
caption as EnDis and DisEnh, respectively.

training set due to the existence of fewer common
entities.

• Only two methods achieved hits@1 values above 50%
(BootEA-RotatE and BootEA) (Table 9). In contrast,
in AvsA alignments, 10 methods yielded hits@1
values exceeding 80% (6 of which at least 90%).
Nevertheless, a considerable difference was evident
between pairwise alignments. In the RefSeq-VISTA
pair, no values higher than 35% were obtained, while
in EnDisease-DiseaseEnhancer five of the six methods
produced results higher than 80% (three of them exceed-
ing 90%). These methods matched with the six methods
that demonstrated the highest hits@1 values in AvsA
alignments, namely (BootEA>BootEA-RotatE>GCN
Align>SEA>RotatE>AlignE).

• Partitioning of data into distinct subgraphs also yielded
lower hits@1 values than the complete KGs. As in the
previous case, the ProjE, JAPE and AliNet methods also
presented execution problems associated with the size of
the graphs.

• The time requirements of EAmethods exhibited compa-
rable patterns, resulting in analogous groups during the
clustering process.

• The clusters of methods with the highest hits@1-time
ratio were similar to those obtained in AvsA (Fig. 5B),
namely the cluster with GCN Align, IMUSE, and
SEA methods; and the cluster with BootEA, RotatE,
and AlignE (Fig. 6). Furthermore, the BootEA-RotatE
method also showed a notable hits@1 performance,
yet it is also characterized by a considerable runtime
demand. In the crm subgraph, AttrE also emerges as a
method with favorable outcomes.

FIGURE 6. Plot of hits@1 values versus time values, with clustered
methods according to its values of hist@1 and time. Results
corresponding to 2 pairwise alignments of different KGs at relations level
(rel-AvsB), with all data and the typical methodology.

According to these results, and as also indicated in the
methodology, a modified version of the standard workflow
was performed. This version was able to carry out EA
even when the number of common entities between them is
reduced.We refer to these EA asmodified (mod-) alignments.

In these EA, the hits@1 results were positive across a wide
range of methods, with nine of them demonstrating mean
hits@1 results above 80% (GCN Align >BootEA RotatE
> RDGCN > RotatE > AlignE > BootEA > AttrE >

IMUSE > SEA) (Fig. 7 and Table 10). Excluding RDGCN,
they also stood out in AvsA alignments. This resemblance
gives rise to analogous clusters as evidenced by the hits@1
metric.

These methods are also highlighted in EA by subgraphs,
with BootEA, BootEA-RotatE, GCN Align, and SEA being
the constant methods in the best hits@1 branch when
a clustering is performed (BootEA, BootEA-RotatE, and
GCN Align were also constant in the AvsA alignments by
subgraphs). The hits@1 values also exhibited lower scores
than when all graphs were used.

As with the AvsA alignments, low CV values for hits@1
were obtained in most methods, particularly in those with
the most favorable outcomes (Table 10). Consequently, the
reported hits@1 values demonstrate consistency between
replicates.

Additionally, a correlation was observed between hits@1
values and their CV (cor = −0.74, df = 18, p-value < 0.05),
but no correlation was found between time and their CV.

The time requirements also varied according to the
method applied. The methods that required the lowest and
highest time requirements, respectively, were GCN Align
and BootEA-RotatE. However, both methods yielded good
hits@1 results.

We also identified methods with execution issues, par-
ticularly with the RefSeq-VISTA pair. AlignE, BootEA,
RDGCN, RSN4EA, HolE, and TransR exhibited the same
issues as previously described, namely, memory constraints,
prolonged runtime, and internal errors. Additionally, ProjE
and JAPE exhibited deficiencies in subgraph alignments, with
errors attributable to sample size and internal inconsistencies.
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TABLE 10. Hits@1 values (%) per method in AvsB alignments with differences at relations level. All graphs and the modified methodology were used
(modified rel-AvsB all). When the method was unable to be utilized, NA was recorded.

FIGURE 7. Results associated with EA of different KGs at relations level.
All graphs and the modified methodology were used (modified rel-AvsB
all). A) The boxplot depicts the distribution of hits@1 values by method.
B) Plot of hits@1 versus time, with clustered methods also by hits@1 and
time values. The RefSeq dataset was omitted due to the absence of
values for several tested methods.

The clustering of methods by hits@1 and time, both with
all graphs andwith different subgraphs, also revealed a cluster
comprising the methods that yielded the best hits@1 results.

GCN Align, IMUSE and SEA methods were identified
as the most optimal and persistent results across different
KGs. When considering only EA where most methods
were operational (excluding the RefSeq-VISTA pair), these
methods and AttrE were also highlighted (Fig. 7B).

Regarding entity count, the entities corresponding to
CRMs exhibited an average match rate of 90.20%, while the
entities pertaining to the relations between CRMs and other
entities demonstrated an average match rate of 89.24%. Fur-
thermore, the results demonstrated consistency, as evidenced
by the low variability observed. CV was found to be 4.33%
and 4.45%, respectively. These results correspond to the EA
conducted using all KGs. The results pertaining to subgraph
EA exhibited minimal variation in comparison to the EA
utilizing all KGs. TheCRMs exhibited a 1.61%decline, while
the entities pertaining to relations demonstrated an average
reduction of 2.71%. In contrast, other entities acting as object
nodes had larger match decreases.

2) ATTRIBUTES LEVEL
The results shown in Fig. 8A and Table 11, are comparable
to those obtained for the AvsA alignments without RefSeq
(Table 12).
Ten methods yielded hits@1 values exceeding 80%

(BootEA RotatE>BootEA>GCN Align>RotatE>AlignE>

SEA>RSN4EA>AttrE>AliNet>IMUSE), and seven of
which exceeded 90%. These methods are analogous to
those obtained in the AvsA alignments, exhibiting slightly
diminished hits@1 outcomes and a lower CV between
samples. Only IMUSE exhibited a more pronounced decline.

The clustering of methods based on both the hits@1 values
and the time values yielded comparable results, as did the
clustering based on either of these two variables alone.
As IMUSE demonstrated a decline of over 9% in the
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FIGURE 8. Hits@1 results corresponding to EA of different KGs at
attributes level (attr-AvsB). The RefSeq dataset was omitted due to the
absence of values for several methods tested. A) The boxplot depicts the
distribution of hits@1 values by method. B) Plot of hits@1 versus time,
with clustered methods also by hits@1 and time values.

hits@1 values, this approach yielded a cluster with inferior
results in the method clustering. Therefore, the methods
that demonstrated the greatest efficacy in the hits@1-time
relation were the cluster of GCN Align and SEA, as well
as the BootEA and AttrE methods, which are the optimal
ones within their respective clusters (Fig. 8B). Additionally,
BootEA-RotatE exhibits high hits@1 values despite its
prolonged execution times.

The EA of subgraphs also resulted in patterns similar to
those discussed above.

In the entity count utilizing the entire data set, there
were also no significant differences with respect to AvsA
alignments excluding RefSeq. On the one hand, the classes
pertaining to CRMs were aligned in 87.10% of cases, with
a 5.68% CV (86.68% with a 4.76% CV in AvsA without
RefSeq). The instances of these classes were aligned in
81.61% of cases, with a 5.48% CV, a slight decrease from
the previous value of 82.15% and 4.88% CV.

Conversely, classes corresponding to relations between
CRMs and other entities were aligned on average 80.66%,
with 7.02% CV, while instances were aligned 77.05% with
4.20% CV. Previously, the respective values were 81.43%
with 3.96% CV and 77.50% with 5.28% CV.

Nevertheless, the difference in EA by subdomains was
greater in attr-AvsB. The application of classes pertaining
to CRM sequences resulted in a 20.87% reduction in the
percentage of matches, whereas instances exhibited a 13.11%
decline. With regard to the entities over relations, the
reduction was 12.28% and 4.52%, respectively.

TABLE 11. Hits@1 values (%) per method in EA of different KGs at
attributes level, and using all data domains (attr-AvsB all). RefSeq was
excluded due to its incompatibility with several methods.

FIGURE 9. Hits@1 results corresponding to EA of different KGs at
attributes and relations level, and using the modified methodology and
all data (mod-AvsB all). The RefSeq dataset was omitted due to the
absence of values for several tested methods. A) The boxplot depicts the
distribution of hits@1 values by method. B) Plot of hits@1 versus time,
with clustered methods also by hits@1 and time values.

3) EDGES AND ATTRIBUTES LEVEL
In this case, eight methods yielded hits@1 results exceeding
80% (BootEARotatE>GCNAlign>AttrE>RotatE>IMUSE
>RDGCN>BootEA>AlignE). However, no method demon-
strated values exceeding 90% (Fig. 9A and Table 13).
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TABLE 12. Hits@1 values (%) comparison between different EA types using all KGs. The RefSeq dataset was omitted due to the absence of values for
several tested methods. Standard deviation (SD) values were also provided, as well as the difference of hits1 compared to the AvsA alignments was also
included.

TABLE 13. Hits@1 values (%) per method in EA of different KGs at both levels (attributes and relations), using all data domains and the modified
methodology (mod-AvsB all). RefSeq was excluded due to its incompatibility with several methods.

In contrast, in the modified rel-AvsB alignments (different
relations and same attributes), nine methods yielded results
higher than 80% (eight of which were greater than 90%). This
discrepancy is illustrated in Table 12, which summarizes the
hits@1 results of the different methods in the scenarios that
were studied.

When considering these methods as reference, it becomes
evident that the observed difference is greater than the
intrinsic variability observed between replicates. Further-
more, these methods with notable results were also present
in the methods obtained in rel-AvsB, but with a different
ranking.

This similarity was also evident in the clustering of
methods based on their values of hits@1, time, and both.
In the clustering with both variables, GCN Align, SEA, and
IMUSE emerged as the most prominent cluster. Additionally,
AttrE and BootEA-RotatE were identified as the most
effective methods within their respective clusters.

Regarding the results of entity count, the classes belonging
to CRM sequences were aligned, on average, in 44.69 % of
the cases, with a high degree of variability between replicates
(24.79 % CV). In the case of classes pertaining to relations
between CRM sequences and other entities, the percentage
of aligned entities was 56.88%, with a similarly high degree
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of variability (22.83% CV). These results differ significantly
from those obtained in the EA ofAvsB type (without RefSeq),
where 91.50% of CRM sequences were aligned (4.66% CV),
and 89.24% of relation classes (4.45% CV). This represents
a difference of 46.81% and 32.36%, respectively.

In contrast, the EA by subgraphs revealed a 4.00%
reduction in the classes pertaining to CRM sequences, and
a 2.60% reduction in the classes related to relations. The
entities that acted as object nodes also showed worse results
than in the EA with all KGs.

IV. DISCUSSION
EA methods can contribute to find matches between entities
in disparate KGs, but given the growing number of EA
methods with different approaches and their different perfor-
mances in different domains, we need to have a benchmark
to compare the different methods. The work in this paper
addresses this issue by comparing different methods in
multiple scenarios on an equitable baseline.

A total of 2,800 alignments have been executed for
studying the performance of different methods on biological
KGs pertaining to gene regulation. In particular, we have
focused on KGs related to enhancer sequences and their
relationships with other biological entities, including target
genes and phenotypes.

Identifying optimal methods for integrating disparate gene
regulatory resources would facilitate the attainment of data
interoperability in a domain of clinical and research signif-
icance. This is particularly pertinent given the demonstrated
clinical relevance of enhancer sequences (and, indeed, CRMs
more broadly) in the context of disease pathogenesis [69],
[74]. In turn, the interoperability between KGs in a federated
environment could generate an extensive network suitable to
query and analyze heterogeneous data, formulate hypotheses,
and discover new knowledge in relevant fields [2], [13],
[57], [58]. Two examples are the development of new
drugs [88], and the simulation of digital twins [89], [90]
in the context of personalized medicine. However, it is
important to note that alignments made using EA methods
are predictions that require validation. Consequently, while
these tools facilitate the work, their practical application
will be further enhanced by the assistance of a human
expert who can distinguish successful cases from false
positives.

The workflow used [82] enabled a fair comparison of the
EA methods included in the study. This is a fundamental task
to provide a benchmark on the performance of EA methods
in a novel domain. Furthermore, the use of this workflow in
different contexts also contributes to its validation.

In addition, our work has identified difficulties in perform-
ing EA when the KGs to be aligned have few entities in
common, that can limit the training of different methods. This
issue required to extend the workflow with a methodological
variant, which allowed us to address these situations and
provide positive results. However, its suitability in other
scenarios needs to be further studied.

The performance of the 20 methods under study was
reported in terms of hits@1 values and execution times,
as well as by type of entity or biological concept aligned.
This provided information about which biological entities
exhibited superior performance and which were suitable for
improvement.

Other metrics such as hits@5, hits@10, MR, and MRR
were analyzed, but they did not contribute to providing
better results than those already obtained with hits@1 and
execution times. For this reason, these results are reported in
the supplementary material available in our repository.

Although EA methods should adapt to the structure of
current KGs, in this paper we have also explored the
performance of methods with a focus on the evaluation of
existing schemas. Several methods with different approaches
have been used, and their performance provides information
on which entities have a more standardized semantic
modeling, considering that these methods are designed
with features of common KGs. Thus, the results of the
alignments provide clues about which features of the used
schemas can be improved, e.g. by adding more relations or
attributes. In conclusion, this improvement can facilitate the
establishment of equivalence relations between entities from
disparate KGs, thereby enhancing the interoperability of the
underlying resources. A task that is also necessary if we
want to exploit the potential of artificial intelligence, since
the different semantic representation prevents intelligent
computer agents from discovering information about the
same entities that are not uniformly represented in the KGs.

Next, we discuss the performance of EA methods and
the main limitations of our work. Table 14 summarizes the
best performing methods in the different alignment scenarios
analyzed.

A. PERFORMANCE OF THE ALIGNMENT METHODS
The hit and execution time results exhibited variability
contingent on the methodology employed, the datasets
utilized as input, and the strategy or type of alignment
undertaken. The most favorable outcomes were observed in
experiments conducted with GCN Align, SEA, IMUSE, and
AttrE. The GCN Align method yielded the most favorable
outcomes, while the AttrE approach demonstrated particular
efficacy in KGs where entities exhibited disparate relations
and attributes, which is the most probable scenario.

The hit results for BootEA, AlignE, and RotatE were also
satisfactory. However, their execution times were longer, and
generally requiredmorememory. In particular, these methods
were not always able to perform alignments involving the
RefSeq dataset, as they required more than the 250 GB RAM
limit. For example, in AvsA alignments. RefSeq was the
largest dataset analyzed in this study. Consequently, these
methods may not be suitable for large datasets and services
without high throughput.

RDGCN and AliNet were also methods that required
high memory requirements. While RDGCN required more
than 250 GB for AvsA alignments with RefSeq, AliNet
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TABLE 14. Summary of best performing methods in the different alignment scenarios analyzed. Only methods that showed hits@1 greater than 80%
across all analyzed KGs (all KGs and subgraphs) were included. For the best performance category, we also considered the coincidence of the methods in
the best-performing cluster across the different analyzed KGs.

could complete the alignment with requirements close
to 100 GB. The other analyzed methods had low memory
requirements, close to or less than 10 GB. On the other
hand, RSN4EA was sensitive to execution times, and the
JAPE and ProjE methods to small subgraphs. Consequently,
the aforementioned methods demonstrated lower execution
capacity and scalability problems with respect to the existing
diversity of KGs.

Additionally, BootEA-RotatE is worthy of mention due to
its ability to achieve highly accurate results in diverse EA,
while maintaining robustness. Nevertheless, it is also one of
the most time-consuming methods, and consequently, it may
also have scalability problems with large KGs.

According to the results obtained, summarized in Table 12,
the best hits@1 were obtained for the alignment of
identical graphs (AvsA), which was an expected finding.
These were followed by alignments of different graphs at
the attribute level (attr-AvsB), at the relation level (rel-
AvsB) and, lastly, at both levels (AvsB). This pattern was
observed for most methods, although some exceptions or
discrepancies were found, which can be justified by the
intrinsic variability between replicates (observable in the
standard deviation values). At this point, the stochasticity
in the distribution of entities between training, testing and
validation sets is an aspect that can contribute to this
variability.

It should be noted that twomethods presented better results
in AvsB alignments than in AvsA beyond intrinsic variability.
Namely, TransR and RDGCN, for which those results are
not completely explained by the standard deviation values.
TransR exhibited low hit values and high variability in all
alignments performed, so this difference outside the standard
deviation ranges could be motivated by the small number of
replicates used. This is because themethods that produced the
worst hits results also exhibited greater intrinsic variability.
Increasing the number of replicates could also help to explain
the differences in RDGCN, but the behavior of both methods
could require further study.

A variety of methods have been demonstrated to yield
high results in self-alignment, with hits@1>80%: BootEA,
RotatE, AlignE, BootEA-RotatE, GCN Align, SEA, IMUSE,
AttrE, and RSN4EA. This is also indicative of KGs that
containing entities with suitable attributes and relations,

enabling the identification of similarities and differences
between entities.

The same methods (except for RDGCN instead of
RSN4EA) yielded hits@1>80% for the EA of KGs with
different relations. In the case of EA of KGs with different
attributes, the outcomes were also analogous to those of
self-alignment, with the exception of the IMUSE method,
whose results exhibited a more pronounced influence, but
higher than 80% in hits@1. Poorer performance was more
significant when the differences were at the relation level,
but the best performing methods still maintained proximal
results. In this case, RotatE and SEA were some of the best
performing methods that were most affected.

Therefore, the top-ranked methods exhibit reduced vari-
ation when some of the relations or attributes are altered.
Moreover, in the EA of different KGs at both levels (edges
and attributes), the methods that demonstrated the greatest
efficacy also coincided. However, the hits@1 values were
reduced more significantly due to the larger differences
between entities. Consequently, the methods that showed
better hits results were fundamentally common among
strategies, although with a different ranking distribution
depending on the approach. Furthermore, the differences at
the relations level had a greater impact.

The EA of subgraphs did not yield enhanced results
when compared to the EA of the entire KGs. This can be
attributed to the fact that EA methods demonstrate enhanced
performance when more information is available.

The different EA methods employ distinct approaches to
determine which entities may correspond to the same real-
world entity. To accomplish this, the methods must extract the
main features of each entity. These features can include the
graph structure, associated text, and ontological categories.
Partitioning KGs by biological domains generates nodes that
act as objects, but have reduced features because their detailed
modeling has been disaggregated into an independent KG.
Consequently, aligning those entities is more difficult for EA
methods, thus decreasing the overall hits performance. On the
other hand, since the KG structure is affected, the matches of
the subject entities can also be affected.

However, it is important to note that some methods
produced similar or slightly better results for some subgraphs
than for all KGs. This can be explained by the intrinsic vari-
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ability of the executions, but also by the superior performance
of certain methods in the EA of KGs with entities that have a
smaller number of relationships and attributes. Conversely,
since not all subgraphs exhibited the same behavior, the
exclusion of poorly enriched entities that hinder the hit
computation may also contribute to these results.

The best performing methods in subgraphs by hits@1
and time values were a subset of those obtained in EA
with all KGs. The most notable methods were GCN Align,
IMUSE, SEA, BootEA, AttrE, and BootEA-RotatE, the first
three being the most consistent across different domains
or subgraphs. AttrE showed greater variability between
subgraphs, and BootEA had memory issues with some
RefSeq subgraphs. Finally, although BootEA-RotatEwas one
of the methods with the best hit performance, it required
a longer runtime. Therefore, although subgraph partitioning
may improve the scalability of some methods by reducing
the requiredmemory, other graph partitioning approaches and
improvements to the methods themselves should be explored.

On the other hand, the use of different KG combinations
was an unexplored aspect, an interesting issue to optimize
the subgraph partitioning strategy. Since complete KGs
correspond to the merging of the different subgraphs or
subdomains derived from a database, this is an aspect that
could be explored in future work reusing the workflow.

The experiments also demonstrated intrinsic variability
between replicates, as evidenced primarily by the CV values.
In the EA of same and different KGs, the CV of hits@1 values
was low in most methods, particularly in those with the most
favorable outcomes. This indicates a high degree of consis-
tency in the hits@1 results between replicates (<10% CV).

This variability is higher in the EA of subgraphs. A high
negative correlation between hits@1 values and their CVs
was also observed in the majority of alignments. Therefore,
high hits@1 values are accompanied by low variability
between replicates. Consequently, a higher variability was
observed in AvsB alignments, followed by rel-AvsB, attr-
AvsB and AvsA.

However, this correlation was not obtained for time
requirements and their CVs, as these CVs of time are higher
than those obtained for hits@1. This discrepancy could be
justified due to the fact that each replication does not involve
the same number of iterations in each pairwise alignment.

B. PERFORMANCE BY BIOLOGICAL ENTITY TYPE
Analyzing performance by type of biological entity is useful
because it allows the performance of themethods to be broken
down by biological entity type. This is relevant because
the final success rate of each method is determined by the
combined matches of the different entities.

The results reported in this article have focused on the
main entities of each KG, as these are domain-specific KGs.
However, the supplementary material details the results for
each specific entity. In this discussion, we address all entities
based on their topological design in the model, that is, based
on a common design. This approach enables us to evaluate

the performance of each entity, and the possible reasons for
misalignments. Each method presents different hit values,
since they use different strategies to determine which entities
may correspond to the same real entity.

In line with the results, the methods that rely heavily on
structural similarity propagation tend to underperform when
subgraphs are heterogeneous, while methods that incorporate
semantic or textual representations generally show improved
robustness when entity labels and biological annotations are
informative.

The core entities of the model yielded the best alignment
results and the lowest CV values. These core entities are
associated with CRM sequences and entities about relations
between these sequences and other biological entities,
like target genes, transcription factors, or diseases. These
entities possess a greater number of attributes and relations,
which represents a significant feature. Nevertheless, the
performance of this category of entities varies according to
the type of alignment. When the entities differ in the number
of both attributes and relations, the percentage of aligned
entities is significantly diminished.

The diversity of attributes and relations should be accom-
panied by the standardization of the nomenclature of the
sequences. The findings indicate that the presence of shared
attributes can mitigate the discrepancies associated with the
varying relations between entities.

Entities such as chromosome types possess attributes
but exhibit limited diversity in their relations due to their
role as object nodes of the central entities. Furthermore,
the relations demonstrate minimal diversity, as only a
single entity type, namely, CRM sequences, is linked to
the chromosome nodes. These type of entities demonstrate
proficiency in AvsA alignments but exhibit diminished hits
capacity when confronted with rel-AvsB alignments, wherein
the relationships undergo a transformation. The incorporation
of additional relations involving nodes, both as subject and
object nodes, has the potential to enhance the performance of
entities exhibiting this pattern in a schema.

Entities such as genes, proteins, phenotypes, and taxa
engage in relations but lack attributes. This phenomenon may
occur as a result of the reuse of entities from other KGs or
schemas. Importing the information present in those KGs or
schemas would enhance the overall outcomes.

A metric has been provided which assigns a score to
each dataset in accordance with the ranking by hits@1
score. VISTA was the highest scoring dataset, followed by
EnDisease, ENdb, DiseaseEnhancer and RefSeq. While EA
methods are most effective when entities possess a multitude
of attributes and relations, VISTA is not the dataset with
the greatest number of relations to other entities. The entity
count indicates that the attributes and relations presented
in these CRMs are sufficient to obtain optimal hits results.
Conversely, the lower hits values observed in the entities cor-
responding to proteins and phenotypes result in lower scores
for EnDisease, ENdb, and DiseaseEnhancer. Consequently,
while the existence of relations between entities facilitates the
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identification of features and differences between entities, the
final hits@1 score may be affected by incomplete entities if
the entities in question are not sufficiently enriched.

In light of these considerations, we propose that the
evaluation of KGs based on their successful alignment with
entities represents a promising avenue for a systematic
approach to evaluation. Such evaluation has typically been
conducted through case studies due to the absence of estab-
lished systematic evaluation standards [32]. Nevertheless, the
efficacy of EA techniques can be assessed according to entity
type, enabling the identification of those entities exhibiting
superior or inferior performance and, consequently, those
entities that can be more efficiently modeled.

C. LIMITATIONS AND FURTHER WORK
The large number of EA performed is the result of two
factors: the use of two replicates for each alignment and the
application of 20 EA methods, five reference datasets, and
different alignment strategies.

In this study, we report the differences obtained between
different types of alignments. However, a larger number
of replicates would allow for a contrast of means, thereby
providing results with greater statistical significance. A larger
sample size, i.e, a higher number of databases used, also
would allow for more robust statistical analysis.

Furthermore, the databases used as a sample correspond
to repositories manually curated by experts. Therefore,
they are databases of higher authority and their data are
typically reused in other repositories. Other databases contain
sequences collected from high-throughput experiments and
contain a larger volume of data to be validated.

Besides, in this work the EA were executed using the
default OpenEA configuration, i.e. we did not go into individ-
ual parameter optimization because this was not a proposed
objective. In addition, we used the default configuration to
ensure a fair comparison and to provide comparable results
with other state-of-the-art studies and possible future works.
However, in the pipeline used, we generated a validation set
that can be exploited in future work to optimize the methods
and achieve better performance.

Furthermore, it would also be of particular interest to
explore and/or develop complementary metrics that address
misalignment issues in detail. The biomedical terminology
is complex and has hierarchical structures, so it would be
interesting to consider some misaligned terms.

It should be noted that the execution time experiments
were not conducted under completely isolated conditions.
Therefore, although this variability can be attributed to the
discrepancy in the number of iterations in each alignment, it is
plausible that other processes running on the server may have
been influenced by the competition for available resources.

The dataweremodeled using a common schema [13], since
no alternative semantic schema could be identified that would
represent the data from the selected sources in RDF. Conse-
quently, we recreated different real-life scenarios by aligning
datasets with disparate relations and generating distinct

attributes for the modeled sequences. However, this study
did not include a comparison of KGs with a higher level of
semantic complexity. It seems likely that the growing interest
in biological KGs will result in the development of alternative
models that will facilitate further exploration of this topic.

Ultimately, this study has been conducted within the
domain of gene regulation, where the results illustrate that
these methods can contribute to the EA and thereby to
the interoperability between KGs. However, it would be
beneficial to replicate this study in other biological and
biomedical domains to ascertain how the performance of
the methods may vary across different domains. Multilingual
systems, such as clinical systems, would also be an interesting
application area, because the variability of the languages used
is greater than in scientific databases. In this context, the
methodology and workflow provided in this work can be
applied to the study of other domains of interest to identify
efficient methods that can contribute to the field.

Moreover, since EA is a field in constant evolution and
new methods are proposed continuously, the inclusion of
other EA methods at the corresponding stage also facilitate
the exploration of methods not addressed in this work and
future methods for adapting the results to advances in the
field. Similarly, the evaluation and comparison with methods
using other approaches also constitute a future work of
interest. At this point, the best performing methods from
OAEI initiatives, such as LogMap [91] or Matcha [92].

V. CONCLUSION
The GCNAlign method yielded the most favorable outcomes
in terms of hit values and time requirements among the
methods tested. Other methods yielded noteworthy results,
including BootEA, BootEA-RotatE, AttrE, SEA, IMUSE,
RotatE, and AlignE. However, not all of these methods
demonstrated the same degree of robustness as GCN
Align, and they exhibited disparate hits@1-time ratios. The
alignment by subgraphs yielded inferior results compared
to the use of the entire graph. The method allows for the
degree of alignment of the entities in the schema to be
determined and for the schema’s suitability for the datasets
to be evaluated.
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