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Abstract. Entity Alignment (EA) involves identifying entities across two knowledge bases that represent the same real-world
entity. This task is crucial for the automated integration of multiple Knowledge Graphs (KG) thus enriching the knowledge.
Recently, embedding methods based on KG have become predominant in EA techniques. These methods project entities into
a lower-dimensional space and align them by evaluating their similarities. However, the classification and alignment of entities
between two KG remain complex. This article evaluates the performance of various classifiers across multiple aspects of entity
embedding features, applicable to both source and target data in binary classification processes for EA. Our experiments indicate
a consistent range in the F1-score and accuracy, particularly when dealing with imbalanced data and changes in the dimensions
of embeddings. This observation suggests that future research may need to focus on developing more robust classification algo-
rithms.
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1. Introduction

The foundational principle revolves around knowledge, which asserts that for a program to succeed at performing
intricate tasks, it must possess an extensive understanding of the environment in which it operates[16]. Algorithms
need typed data to work. Regarding Knowledge Graphs (KG), RDF (Resource Description Framework) graphs rep-
resent and structure complex knowledge through subject-predicate-object triplets. They are widely used for semantic
data management in various domains. However, classifying Entity Alignments (EA) as referring to the same reality
or not between two distinct RDF graphs remain a complex challenge. Approaches for calculating the numerical
vectors associated with the entities in these KGs by aggregating their meaning in mutual relationships (symmetric,
anti-symmetric, transitive), known as embedding, have made it easier to process these KGs using other numerical
processing approaches. Some EA approaches still rely on manual calculations of fixed-size features combined with
classification methods to carry out the process successfully [17]. Although embedding methods have shown notable
effectiveness in generating features [11], it remains uncertain whether classification approaches can sustain their
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2 2 RELATED WORK

performance levels when applied to such embeddings. This study explores this potential limitation by assessing
a variety of classification methods, including Logistic Regression [1], Support Vector Machine (SVM) [2], Deci-
sion Trees [3], Random Forest [4], Gradient Boosting [S], AdaBoost [6], Naive Bayes [7], K-Nearest Neighbors
(KNN) [8], Artificial Neural Networks (ANN) [9], and Convolutional Neural Networks (CNN) [10]. These methods
are evaluated based on concatenated entity embeddings derived from two distinct RDF graphs. More often, the em-
beddings used namely RDF2Vec [11], ComplEx-KG [12], RotatE [13], TransD [14], and others like them are known
at capturing the features of entities within RDF graphs, regardless of differences in their structures and schemas.
Especially in this study, we used RDF2Vec [11] because its logic is based on the word2vec[40] algorithm, which has
so far contributed to the ability of machines to model the written language used by human beings to communicate
in real life. Our study can be applied in data integration, document modeling, information retrieval, and knowledge
discovery[15] to confirm the need to continue research into new classification approaches that are much more robust
than existing ones. Our study will encompass the following key points :

— Embedding datasets whose entities need alignment;
— Preparing training and test sets by concatenating vectors derived from embedding dataset entities;
— Conducting a binary evaluation of these features using ten distinct classification approaches.

In the following sections, we will detail the related work and our methodology, present the results of our compar-
ative analysis of classification methods, and discuss their implications for more effective use of semantic data and
knowledge analysis.

2. Related work

In the Introduction (section 1), we present embedding approaches that aim to build numerical vectors for each
entity from a KG. Numerous techniques lead to accomplishing this result as described in the review of Nezhadi et
al [17]. These approaches show limits that could impact the following process [11]. Classifiers were made to help
humans to solve decision problems in terms of classifications. Justo et al [42] recapitulated some algorithm families
among which we have namely information-based, similarity-based, probability-based, and error-based learning.
The tables 1 and 2 summarize the top 10 current classification approaches, highlighting their strengths, weaknesses,
and associated entity alignment approaches. AdaBoost [18] and ExtraTrees [22] share a common feature, which is
resistance to overfitting. K-Nearest Neighbors [25] and Gaussian Naive Bayes [27] are simple and intuitive in terms
of strengths. K-Nearest Neighbors [25] does not necessarily require training data, while Gaussian Naive Bayes [27]
often produces effective results on small datasets, unlike ExtraTrees [22] on large datasets. Random Forest [19],
XGBoost [20, 21], and Gradient Boosting [28] highlight a strong ability to provide a classification model that takes
into account outliers.

On the other hand, these approaches could have weaknesses that would impact their ability to ensure accurate
predictions in real-life situations. Sensitivity to noisy data, which makes AdaBoost [18] and Gradient Boosting [28]
vulnerable, does not guarantee high reliability in real-life conditions. The inability of some classifiers (Random
Forest [19], XGBoost [20, 21], ExtraTrees [22], Logistic Regression [23], Decision Tree) to handle outliers can,
in one way or another, lead to overfitting and may underperform on datasets. The daily observed data volume
can also influence the processing time of certain classifiers (K-Nearest Neighbors [25], Gradient Boosting [28],
ExtraTrees [22]), although they perform well in the absence of noise, outliers, or irrelevant features.

Entity alignment approaches exploited these classifiers, and their performance has been more or less satisfactory
due to the dispersion of features generated by data vectorization approaches intended for classification algorithms.
Sometimes, entity alignment approaches (columns “evaluate” in Tables 1 and 2) use mechanisms to help classifiers
produce a consistent and reliable model for the classification task. Although aware of the added computation time
by these approaches, it is clear that doubt could arise in situations of imminent decision-making and pose significant
risks for a wrong choice, even though they often achieve an F1-score of up to 0.99. The optimal choice depends on
the specific nature of the problem and data characteristics, underscoring the importance of a thorough understanding
for informed decisions in real-world scenarios.
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3 METHODOLOGY 3

Bujang, S. et al [29] reviews methods for predicting student success in higher education, emphasizing imbalanced
classification issues and recommending increased application of hybrid methods for improved predictive model
generalization in student grade prediction. The diverse and varied nature of data should encourage researchers to
stay motivated in developing new classification approaches.

3. Methodology

These methodological steps allowed us to conduct an in-depth analysis of entity alignment classification based
on embeddings in the context of RDF graphs. In this study, we followed several crucial steps for the classification
of entity alignments from source and target RDF data :

3.1. Preliminary :

Consider an RDF data source (a graph) as a set of triplets defined by: G = {(s, p,0) € (RUB) x (R) x (L)}, where
R is the set of all resources in the form of IRIs (Internationalized Resource Identifier), B is the set of blank nodes,
and L is the set of literals. We denote the set of RDF data sources as D. Let S(G), P(G), and O(G) be the respective
sets of subjects, predicates, and objects of a given data set G. Let N be the set of natural numbers, including 0.
Consider also i, j, a, b, k, 1, m, n, V4, Unax € N, which may or may not depend on the expression of the function
they define as well as the application context. Let G be the set of source data containing m triplets, and G2 be the set
of target data containing n triplets. We also consider the set Vs = {(s4,0wl:sameAs, 1,); s, € S(G1),1, € S(G2)
with G; and Gy € D}, where s, and #, are any alignable entities from their respective sets. Vg, is the set of valid
data containing fundamental truths (V;,,, C D and owl:sameAs is the entity linking predicate). Subsequently, the
notation (s,, ,, 1) is used interchangeably with (s,,0wl:sameAs, #,). The embedding function E : S (G) — R takes
an element s € S (G) as input and maps it to a d-dimensional vector in the real space R?. E(s) = v(v € RY).

Classification Approach | Strengths Weaknesses Evaluate
AdaBoost [18] [30]
— Resistant to overfitting. — Sensitive to noisy data.
— Can be used with various types of weak | — Less effective on data with a lot of noise.
classifiers.
Random Forest [19] [31]
— Excellent performance on large datasets. — Less interpretable than individual models.
— Robust to noisy data and outliers. — Can overfit on complex datasets.
XGBoost [20, 21] [32]
— High performance and accuracy. — May require fine-tuning of hyperparame-
— Efficient handling of missing data and out- ters.
liers. — Requires careful attention to avoid overfit-
ting.
ExtraTrees [22] [33]
— Robust to overfitting. — Computationally expensive.
— Can handle large amounts of data. — May not perform well on small datasets.
Logistic Regression [23] [34]
— Simple and interpretable. — May underperform on complex, nonlinear
— Efficient for linearly separable data. data.
— Sensitive to outliers.

Table 1
Strengths and weaknesses of classification approaches on imbalanced data.
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3 METHODOLOGY

Classification Approach Strengths Weaknesses Evaluate
Support Vector (SVC) [24] [35]
— Effective in high-dimensional spaces. Memory-intensive for large datasets.
— Versatile due to different kernel functions. Sensitive to choice of kernel and parame-
ters.
K-Nearest Neighbors (KNN) [25] [36]
— Simple and intuitive. Computationally expensive on large
— No training phase. datasets.
Sensitive to irrelevant features.
Decision Tree [26] [37]
— Easy to understand and interpret. Prone to overfitting.
— Can handle both numerical and categori- Can be sensitive to small variations in the
cal data. data.
Gaussian Naive Bayes [27] [38]
— Simple and computationally efficient. — Assumes independence of features.
— Can perform well on small datasets. — May not capture complex relationships in
the data.
Gradient Boosting [28] [39]
— High predictive accuracy. — Prone to overfitting, especially on noisy
— Robust to outliers. data.
— Computationally expensive.

Table 2
Strengths and weaknesses of classification approaches on imbalanced data.

3.2. Transformation into Embeddings :

We converted the entities of source and target RDF data into embeddings, and vectorial representations, using
the RDF2Vec embedding method (see P2, Figure 1). RDF2Vec is a machine-learning method that generates vector
representations for entities and relations in RDF graphs. Its advantages lie in its ability to capture the semantics
of knowledge contained in these graphs, facilitating the search for similar entities and the analysis of complex
relations. It is flexible and can be applied to diverse RDF graphs while remaining scalable to handle large datasets.
In mathematical notation, we have: ' '

Es = {E(s;) = v;s; € S(G1),v = [fl,... fi] € R} and Er = {E(t;) = v;t; € S(Ga),v = [f], ... 1] € R}

3.3. Building of Data

3.3.1. Generation of Positive Links

From the sets of valid entity alignments, we generated the set of positive links (PL), representing pairs of
aligned entities (see P3, Figure 1). v,,, represents the size of the set PL. In mathematical notation we have :
PL = {(Sa, tp, 1)ab§ 0 < ab< vy Sq € S(Vduw)and 1, € O(Vda,u),a = b}

3.3.2. Building of Training and Testing Data

To train and test the models, we built datasets by concatenating the embeddings of positive entity pairs (vector
addition operation) and any other concatenated pairs will be considered as negatives. (see P4, Figure 1). u,,,, repre-
sents the size of the set NL;,,,. In mathematical notation, we have:
PLjya = {(Sa, tp, E(Sa) + E(lb), ].); s, €8 (Vdata) and 1, € O(Vdata); a = b}, NLyyo = {(Sk, 1, E(Sk) +
E(t),0)u; sk € S (Vigara) and t; € O(Vyu) and (sg, #1,1) ¢ PLor k! = 1,0 < kl < gy
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Fig. 1. Overview of the process.

3.3.3. Data Splitting
For training, we extracted a percentage (y%) from the previously calculated sets of positive (PLy4,) and negative
(NLgasq) alignments, and for testing, a percentage (x%) (see P5, Figure 1).

3.4. Classifiers Evaluation

Finally, we evaluated the performance of our split data using different selected classifiers, measuring metrics such
as accuracy, precision, recall, and F1-score (see P6, Figure 1).

3.4.1. Accuracy

AcCcuracy = N rrect I IedICtlonS ( )
y IOtal NLIIIlbel 01 Samp]es 1

Description: Accuracy measures the proportion of correctly classified samples among all samples. It is a global
metric of model performance.

3.4.2. Precision

n Number of True Positives
Precision = — — 2)
Number of True Positives + Number of False Positives

Description: Precision measures the proportion of correct positive predictions among all positive predictions. It
indicates how precise the model is when predicting the positive class.
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6 4 EXPERIMENTS

3.4.3. Recall

Number of True Positives
Recall = — . (3)
Number of True Positives + Number of False Negatives

Description: Recall measures the proportion of true positives among all truly positive examples. It indicates how
well the model is at capturing all entities of the positive classes.

3.4.4. Fl-score

Fl-Score — 2 X Préc'ision x Recall @)
Precision + Recall

Description: The F1-Score is a metric combining precision and recall into a single value. It is useful when you want
to strike a balance between precision and recall, especially when dealing with imbalanced classes.

4. Experiments

Five evaluation datasets (Table 3), namely Anatomy, Doremus, Spimbench Small, Spimbench Large, and UOBM,
sourced from the OAEI (Ontology Alignment Evaluation Initiative) benchmarks, have been employed in this study.
These datasets have been utilized to assess the performance of various classification methods. To maintain computa-
tional efficiency, the dimensionality of the embedding vectors goes from 10 to 50 with 10 as the gap. The RDF2Vec
algorithm employs default parameters, such as random walks of size 5, and sequences of length 1, to generate se-
mantic representations of RDF data. In table 4, For each dimension, a standard split of 70% for training and 30% for
testing has been applied to these datasets to ensure consistency in the evaluation process. To conduct experiments,
nine classifiers were selected in Figure 2.

4.1. Datasets

Experiments have been evaluated on various datasets popular in the OAEI community. The OAEI community
consistently offers challenges in entity alignment in the RDF format. We have curated a collection of datasets from
IM@OAEI, spanning multiple editions. Among these datasets in Table 3, we have chosen to work with various
sources, each bringing its unique complexity and specific characteristics.

— Anatomy': The dataset associates anatomical terms of the adult mouse with those of the NCI Thesaurus to align
the two ontologies despite linguistic and conceptual differences. It includes pairs of corresponding anatomical
terms with metadata to facilitate alignment and interpretation of results.

— Doremus?: This dataset aims to discover the 250 existing alignments between instances from the Philharmonie
de Paris (approximately 3,005 instances) and those from the "Bibliotheque nationale de France" (around 2,597
instances), making it a rich resource for cultural data.

— Spimbench (Small and Large 2019) [41]: They are described using a rich ontology with various OWL con-
structs. The small-sized datasets contain around 10,000 triples, with over 1,000 instances per file, and the
large-sized consists of around 51,000 triples with more than 5,380 instances per entry.

— University Ontology Benchmark (UOBM): The University Ontology Benchmark (UOBM) is an extension of
the Lehigh University Benchmark (LUBM) and is designed to evaluate the performance of ontology-based
systems’. It includes a university domain ontology, customizable synthetic data, a set of test queries, and
performance metrics*.

This diversity of datasets enables us to conduct varied evaluations and measure its performance in different contexts.

Thttps://oaei.ontologymatching.org/2020/anatomy/
2https://github.com/DOREMUS-ANR/legato
3https://swat.cse.lehigh.edu/projects/lubm/
“https://www.cs.ox.ac.uk/isg/tools/yUOBMGenerator/
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4 EXPERIMENTS 7

Table 3
Dataset Statistics
Datasets File # Subjects  # Predicates  # of Relations (Facts)
Anatomy source 8179 11 15958
target 26144 11 35354
valid 3006 1 1516
Doremus source 5022 34 10432
target 4045 38 8409
valid 501 1 500
Spimbench Small ~ source 7263 66 10883
target 7346 86 10868
valid 525 1 598
Spimbench Large  source 29186 66 46223
target 29186 89 46377
valid 2646 1 3022
UOBM Small source 5851 48 14625
target 6648 211 14191
valid 2355 1 2354
Table 4

Train and Test Set Statistics

Datasets Set # Positives ~ # Negatives  Total
Anatomy test 467 443 910
train 1049 1073 2122
Doremus test 75 68 143
train 163 170 333
Spimbench Small  test 96 84 180
train 203 215 418
Spimbench Large  test 466 441 907
train 1045 1070 2115
UOBM Small test 364 343 707
train 813 834 1647

Orders Names

Orders Names

! AdaBoostClassifier . 6 Support Vector Classifier (SVC)
2 Random Forest Classifier .
. 7 K-Nearest Neighbors (KNN)
3 XGBoostClassifier .. .
. 8 Decision Tree Classifier
4 ExtraTreesClassifier . .
.. . 9 Gaussian Naive Bayes
5 Logistic Regression

Fig. 2. Names of the classifiers with the associated value in the histogram.
4.2. Comments on results

In Figures 3, 4, 5, and 6 below, the analysis of the results of entity alignment classification based on embeddings
reveals several key observations. Firstly, it is evident that the classifiers used in this study do not guarantee signif-
icant performance (F1-score is lower than 0.7) on these extracted features. Evaluation metrics such as Accuracy,
Precision, Recall, and F1-score show relatively modest values, indicating that entity alignment classification based
on RDF embeddings is a complex challenge. Furthermore, it is interesting to note that metrics appear nearly iden-
tical for most classifiers, suggesting a sort of performance stagnation on these extracted features. This uniformity
of performance may indicate that features extracted from RDF embeddings may not provide enough discrimina-
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8 6 CONCLUSION

tive information for classifiers to make meaningful distinctions between classes. Another crucial observation is the
similar metrics among classifiers because they do not truly excel at handling imbalanced data. In many real-world
situations, entity alignment data can be imbalanced, meaning that some classes may be equally represented between
them. Classifiers may struggle to handle this balance, leading to similar metrics.

5. Discussion

The results obtained in this study raise several important questions and considerations regarding the classifica-
tion of entity alignments based on RDF embeddings as seen in Figures 3, 4, 5, and 6. Firstly, it is evident that this
classification task is complex and challenging, as evidenced by the modest performance of classifiers may be due
to the under-performance of the embedding approach. Moreover, the mean value of the performances is around
0.6, which translates into absolute non-confidence in the 9 best models evaluated. RDF embeddings, while rich
in semantic information, may not always provide features that are sufficiently discriminative for this specific task.
More sophisticated feature extraction techniques or RDF graph-specific pre-processing approaches may be needed
to enhance performance. Furthermore, the similarity of metrics across different classifiers suggests that the choice
of the classification model may not be the determining factor in this scenario. Instead, other factors such as the
quality of training data, class balance, or the intrinsic nature of the classification task might play a significant role in
performance. Handling imbalanced data is a major challenge in this context, as indicated by similar metrics. Classi-
fiers may struggle to generalize effectively when some classes are overrepresented compared to others. Resampling
techniques, class weighting, or other strategies may be necessary to mitigate this effect. Finally, it is important to
note that RDF embeddings, while perhaps not ideally suited for entity alignment classification, have other valuable
potential uses, including finding similar entities or discovering patterns in RDF graphs. In summary, these results
highlight the complexity of entity alignment classification based on RDF embeddings and call for future research
to explore more sophisticated approaches, address imbalanced data, and optimize classifier parameters to improve
performance in this field.

6. Conclusion

This study investigates the challenges of entity alignment classification using RDF embeddings. We leverage the
OAEI community’s datasets, transforming each entity into feature vectors via the RDF2Vec embedding approach.
Utilizing ground truth data, we establish a 70%/30% split for training and testing sets, respectively. We observe
modest and similar performance across the classifiers by applying the nine best existing classifiers to the training data
and evaluating the remaining 30%. Additionally, data imbalance issues become apparent. Despite these findings,
RDF embeddings retain their value in other contexts. Future research should explore more sophisticated and robust
classification approaches, alongside addressing data balance, to improve the efficiency of tasks like entity alignment
classification.
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Fig. 3. Classifiers Accuracy on Five Different Embedding Dimensions for all Datasets.
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Fig. 4. Classifiers Precision on Five Different Embedding Dimensions for all Datasets.
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Fig. 5. Classifiers Recall on Five Different Embedding Dimensions for all Datasets.
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Fig. 6. Classifiers F1-score on Five Different Embedding Dimensions for all Datasets.
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