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Abstract
Knowledge graph embedding models represent entities as vectors in a latent space, where geometric proximity
is often assumed to reflect semantic similarity. However, this proximity is not directly interpretable, since
the dimensions and geometric relations of the embedding space have no explicit correspondence with the
symbolic features of the underlying knowledge graph. Assessing whether nearby embeddings are associated
with identifiable semantic commonalities can therefore provide a basis for interpreting proximity-based outputs,
such as entity neighborhoods and clusters. In this work, we investigate the relationship between geometric
cohesion in embedding spaces and semantic similarity in knowledge graphs at two complementary levels. At the
pairwise level, we assess whether the proximity between individual entity embeddings can be grounded in explicit
semantic evidence by comparing cosine similarity with the Partitioned Information Content-Based Semantic
Similarity measure, PICSS. At the groupwise level, we introduce LD-SimGIC, a semantic similarity measure for
assessing the semantic cohesion of resource clusters in Linked Data, and correlate it with the geometric cohesion
of the corresponding embedding clusters. This distinction allows us to examine both local semantic alignment
between pairs of resources and broader semantic regularities emerging within groups. We evaluate several
knowledge graph embedding models on two different datasets: DrugBank and SemOpenAlex. Our results reveal
a clear discrepancy between the two settings: pairwise correlation is very weak for almost all models, whereas
strong groupwise correlation emerges for a subset of models, most consistently CrossE, DistMA, NTN, PairRE,
ProjE, SE, TransF and UM. Finally, we complement the quantitative analysis with natural-language, logic-based
explanations of the features shared by nearby resources, in an effort toward user-centered interpretability.
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1. Introduction

Knowledge graph embedding models (KGEMs) are commonly expected to capture semantic informa-
tion [1], such that semantically similar entities are mapped to nearby points in the latent embedding
space [2, 3, 4]. However, the notion of entity similarity lacks a universally accepted definition in knowl-
edge graphs (KGs) [3], since semantic similarity can be characterized from different perspectives [5],
including structural and contextual ones. This makes it non-trivial to assess whether geometric proxim-
ity in an embedding space actually reflects meaningful semantic similarity between entities. Moreover,
geometric proximity is not directly interpretable, since neither the dimensions of the embeddings
nor the geometric relations between entity representations have an explicit correspondence with the
symbolic features of the underlying knowledge graph [2, 6]. Assessing whether nearby embeddings
are associated with identifiable semantic commonalities can therefore provide a basis for interpreting
proximity-based outputs, such as entity neighborhoods and clusters.

In this work, we investigate the relationship between geometric cohesion in embedding spaces and
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Figure 1: Overview of the proposed workflow, from entity embedding generation to pairwise and groupwise
analysis, and finally to commonalities explanation.

semantic similarity derived from the corresponding knowledge graph resources at two complementary
levels. At the pairwise level, we examine whether the proximity between two entity embeddings is
aligned with explicit semantic evidence from the knowledge graph. This local analysis is particularly
relevant when embeddings are used in downstream tasks that rely on individual entity neighborhoods,
such as recommendation [7] and entity alignment [8]. We therefore compare geometric similarity
between resource pairs with their semantic similarity computed from Linked Data (LD) features, i.e.,
incoming and outgoing RDF relations connecting a resource to other URI-identified resources. We then
extend the analysis from pairs to groups of resources. In particular, we use clustering to study whether
sets of entities that are geometrically coherent in the embedding space are also semantically coherent.
This groupwise analysis considers a broader level of semantic organization and is relevant to the
interpretation of embedding-induced clusters, which may be used in tasks such as exploratory analysis
and clustering [9, 4, 10]. In both settings, the analysis correlates geometric cohesion with semantic
similarity derived from LD features and weighted by their information content (IC), which quantifies
their specificity in the KG, assigning higher values to less frequent and therefore more informative
features [11]. The pairwise and groupwise analyses thus provide complementary views: the former
evaluates local semantic alignment between individual resources, whereas the latter evaluates whether
broader semantic regularities emerge within geometrically cohesive groups. Finally, we complement
the quantitative analysis with natural language (NL), logic-based explanations that make explicit the
features shared by nearby resources, in an effort toward user-centered interpretability. Figure 1 provides
an overview of the proposed workflow.

The remainder of the paper is organized as follows. Section 2 reviews related work on semantic
similarity measures and on the ability of knowledge graph embeddings to capture semantics, while
positioning our contribution with respect to the existing literature. Section 3 presents the proposed
methodology by describing: how geometric and semantic similarity are computed in both the pairwise
and groupwise settings, how correlation analysis is performed, and how natural language, logic-based
explanations are generated to make explicit what nearby resources in the latent space actually share.
Section 4 describes the experimental setting and implementation details. Section 5 reports and discusses
the results. Finally, Section 6 concludes the paper and outlines directions for future work.

2. Related Work

2.1. Semantic Similarity in Ontologies and Linked Data

Semantic similarity is generally grounded in two complementary intuitions: it increases with the amount
of information shared by entities and decreases with the amount of information that distinguishes
them [11, 12]. Accordingly, measures based only on commonalities implicitly assume an initial similarity



of zero and increase it with shared features, whereas difference-aware measures also decrease it in
the presence of distinctive features [5]. Over the years, many semantic similarity measures have been
proposed, mostly in the ontology domain. These approaches can be broadly categorized into edge-based,
node-based, and hybrid methods, with node-based approaches further divided into feature-based and
IC-based measures [13]. An additional classification distinguishes between pairwise and groupwise
similarity measures [14]. While pairwise approaches compare two concepts at a time, groupwise
measures, such as SimGIC [15], enable the comparison of sets of concepts. More recently, the focus
has shifted from ontology-based settings to Resource Description Framework (RDF) graphs and LD,
where resources are not organized only through hierarchical is-a relations, but are connected by
heterogeneous links expressing a wide range of relation types. In this context, many ontology-based
similarity measures, such as edge-counting or most informative common ancestor-based approaches,
cannot be directly applied [16]. To address these limitations, Meymandpour and Davis [16] proposed
the Partitioned Information Content-based Semantic Similarity measure (PICSS), a pairwise semantic
similarity measure specifically designed for LD. PICSS represents each resource using the features
extracted from its incoming and outgoing RDF links and computes similarity by considering not only
the features shared by two resources but also their information content. While PICSS provides an
information content-based formulation for comparing pairs of RDF resources, it does not directly
support the assessment of semantic cohesion within groups of resources. Conversely, SimGIC enables
groupwise similarity assessment, but it is defined for ontology-based annotations and cannot be directly
applied to LD, where resources are described through heterogeneous RDF relations. To address these
complementary limitations, we introduce LD-SimGIC, a groupwise semantic similarity measure for
LD that adapts the intuition underlying SimGIC by replacing ontology annotations with incoming and
outgoing RDF features weighted according to their information content.

2.2. Assessing Semantic Alignment in Knowledge Graph Embeddings

In recent years, an increasing number of studies [3, 4] have investigated whether KGEMs truly capture
semantics, as so far this capability has been mainly tested for link prediction (LP) tasks, with purposely
developed libraries (e.g. [17, 18]) and LP-based metrics. Specifically, Jain et al. [4] investigate whether
embeddings in high-dimensional spaces are able to capture semantic similarity among entities belonging
to the same class or concept. To this end, they perform a systematic analysis through both classification
and clustering experiments on entity embeddings. Focusing on clustering, the underlying assumption
is that, if embeddings effectively capture the features of entities, instances belonging to the same class
should be grouped into the same cluster. Clustering performance, thus, is used as a proxy to assess the
extent to which semantic information is preserved in the embedding space. Their results raise doubts
about the expected spatial closeness of semantically similar entities, showing that current KGEMs have
limited capability in capturing semantic features, and that their effectiveness is highly dependent on the
characteristics of the dataset. Along the same line of investigation, Hubert et al. [3] analyze the extent
to which entity similarity in KGs is reflected in the embedding space, i.e., whether semantic similarity
is preserved as proximity in the embedding space. To this end, they compare the 𝐾-nearest neighbors
obtained in the embedding space, based on cosine similarity, with those derived directly from the graph
structure, where entity similarity is defined through the overlap of their local subgraphs (1-hop and
2-hop neighborhoods) measured using the Jaccard coefficient. Their results show that proximity in the
embedding space does not consistently align with graph-based similarity, and that this relationship
varies significantly across models and datasets, confirming the findings of Jain et al. [4]. Moreover, by
correlating the degree of agreement between the two similarity notions with LP performance, they
show that strong performance in LP does not necessarily translate into effectiveness in downstream
tasks such as recommendation. Taken together, these findings motivate a direct investigation of the
semantic information encoded by KG embeddings beyond their predictive performance. Building on
this line of research, we assess whether geometric cohesion in the embedding space is associated with
semantic similarity derived from the underlying KG. Although Jain et al. [4] also adopt a group-level
perspective through clustering, their analysis focuses on the preservation of class-level information,



assessing whether entities belonging to the same class are grouped together. In contrast, our goal is
to determine whether geometrically cohesive entities are also semantically similar according to the
features explicitly represented in the KG.

Our work is closer in spirit to Hubert et al. [3], who explicitly compare similarity in the embedding
space with similarity derived from the KG, focusing on resources within predefined entity classes.
However, our study differs in both the notion of semantic similarity and the scope of the analysis. While
Hubert et al. [3] measure graph-based similarity through the Jaccard overlap of local neighborhoods
and focus on pairwise comparisons among the top-𝐾 nearest neighbors, we rely on information
content-based semantic similarity for LD and examine the relationship between geometric and semantic
similarity at both the pairwise and groupwise levels. We also consider a broader set of KGEMs and
complement the quantitative correlation analysis with logic-based, natural-language explanations of
the semantic commonalities shared by nearby resources. Finally, following the concerns raised by Jain
et al. [4] about the semantic utility of KGEMs in complex real-world settings, we evaluate the models
on two real-world KGs from different domains.

3. Methodology

This work investigates semantic alignment and interpretability in knowledge graph embeddings. Since
proximity-based outputs, such as entity neighborhoods and clusters, are difficult to interpret when
considered exclusively in the latent space, we relate their geometric cohesion to explicit semantic
similarity derived from the underlying knowledge graph at both the pairwise and groupwise levels.
In both settings, the association between geometric and semantic similarity is measured through
correlation analysis. Finally, logic-based natural-language explanations are generated to make explicit
the semantic features shared by geometrically close resources.

3.1. Pairwise Similarity

3.1.1. Geometric Cohesion

Cosine Similarity. Geometric similarity between two entities is measured by comparing their
representations in the embedding space through cosine similarity. This measure captures the angular
proximity between two entity embeddings, with values ranging from -1 to 1: 1 indicates identical
directions, 0 indicates orthogonality, and -1 indicates opposite directions. Higher values therefore
indicate that the corresponding entities are closer in the latent space. Cosine similarity is widely used
in the KGEM literature [19, 3, 8], as it enables comparisons based on direction rather than scale. In our
implementations, it is computed using the Scikit-learn cosine_similarity function [20].

3.1.2. Semantic Similarity

PICSS. The semantic similarity between pairs of resources is computed using PICSS [16]. Each
resource is represented through a set of LD features extracted from its RDF descriptions. Each feature is
assigned an IC value, which reflects how informative or specific the feature is within the dataset. Given
an RDF triple ⟨𝑠, 𝑝, 𝑜⟩, where 𝑠 is the subject, 𝑝 is the predicate, and 𝑜 is the object, we consider as
resources all entities that occur as subject or object and are identified by Uniform Resource Identifiers
(URIs). Given an entity 𝑒, a feature 𝑓 is defined as a triple ⟨𝑝, 𝑒𝑡, 𝐷⟩, where 𝑝 is the predicate connecting
𝑒 to another entity 𝑒𝑡, and 𝐷 indicates the direction of the relation, either IN or OUT. In the IN case, 𝑒
occurs as the object of an RDF triple ⟨𝑒𝑡, 𝑝, 𝑒⟩, while in the OUT case, 𝑒 occurs as the subject of an RDF
triple ⟨𝑒, 𝑝, 𝑒𝑡⟩. Accordingly, incoming and outgoing features are defined as:

𝑓 IN
𝑒 = ⟨𝑝, 𝑒𝑡, IN⟩ if ⟨𝑒𝑡, 𝑝, 𝑒⟩ ∈ 𝐾𝐺, (1)

𝑓OUT
𝑒 = ⟨𝑝, 𝑒𝑡,OUT⟩ if ⟨𝑒, 𝑝, 𝑒𝑡⟩ ∈ 𝐾𝐺. (2)



In both cases, 𝑒𝑡 is required to be a resource identified by a URI. The feature set of an entity 𝑒 is
defined as the union of its outgoing (𝐹OUT

𝑒 ) and incoming (𝐹 IN
𝑒 ) feature sets:

𝐹𝑒 = 𝐹OUT
𝑒 ∪ 𝐹 IN

𝑒 , (3)

The information content of a feature 𝑓 is defined as:

𝐼𝐶(𝑓) = − log2
𝜑(𝑓)

𝑁
, (4)

where 𝜑(𝑓) denotes the number of resources described by feature 𝑓 , and 𝑁 is the total number of
resources in the KG.
Thus, given two entities 𝑒𝑖 and 𝑒𝑗 , PICSS is defined as:

PICSS(𝑒𝑖, 𝑒𝑗) =

∑︀
𝑓∈𝐹𝑒𝑖∩𝐹𝑒𝑗

𝐼𝐶(𝑓)∑︀
𝑓∈𝐹𝑒𝑖∩𝐹𝑒𝑗

𝐼𝐶(𝑓) +
∑︀

𝑓∈𝐹𝑒𝑖∖𝐹𝑒𝑗
𝐼𝐶(𝑓) +

∑︀
𝑓∈𝐹𝑒𝑗 ∖𝐹𝑒𝑖

𝐼𝐶(𝑓)
. (5)

PICSS values range from 0 to 1, where 0 indicates that the two resources do not share any LD feature,
and 1 indicates that their feature sets are identical with respect to the IC-weighted features considered.

3.2. Groupwise Similarity

3.2.1. Geometric Cohesion

Average Pairwise Cosine Similarity. The geometric cohesion of a cluster is measured as the average
pairwise cosine similarity among all unordered pairs of resources within the cluster, consistent with
the pairwise geometric similarity (Section 3.1). Therefore, its values range from -1 to 1. This measure
summarizes how close, on average, the embeddings of the resources belonging to the same cluster are
in the latent space. Higher values indicate clusters whose entities are more geometrically cohesive in
the embedding space.

3.2.2. Semantic Similarity

LD-SimGIC. To assess semantic similarity at the groupwise level, we introduce Linked Data SimGIC,
in brief LD-SimGIC, a novel groupwise semantic similarity measure for LD, to extend the pairwise
setting addressed by PICSS to groups of resources. As introduced in Section 2, SimGIC [15] is an ontology-
based groupwise similarity measure. Given a set of concepts, SimGIC compares their annotation sets,
where the annotation set 𝐴(𝑐𝑖) denotes the set of ontology terms associated with concept 𝑐𝑖, by
computing the ratio between the sum of the information content of the shared annotations and the
sum of the information content of the annotations occurring in their union. Formally, given a group of
concepts 𝐶 = {𝑐1, . . . , 𝑐𝑛} and the annotation set 𝐴(𝑐𝑖) associated with each concept 𝑐𝑖, SimGIC can
be expressed as:

SimGIC(𝐶) =

∑︀
𝑎∈

⋂︀
𝑐𝑖∈𝐶 𝐴(𝑐𝑖)

𝐼𝐶(𝑎)∑︀
𝑎∈

⋃︀
𝑐𝑖∈𝐶 𝐴(𝑐𝑖)

𝐼𝐶(𝑎)
. (6)

Building on this idea, we define LD-SimGIC by replacing ontology annotations with LD features, as
defined in Equations 1 and 2. Given a group of resources 𝐸 = {𝑒1, . . . , 𝑒𝑛} , where each resource 𝑒𝑖 is
represented by its feature set 𝐹𝑒𝑖 , and each feature is weighted by its information content as defined in
Equation 4, LD-SimGIC is defined as:

LD-SimGIC(𝐸) =

∑︀
𝑓∈

⋂︀
𝑒𝑖∈𝐸 𝐹 (𝑒𝑖)

𝐼𝐶(𝑓)∑︀
𝑓∈

⋃︀
𝑒𝑖∈𝐸 𝐹 (𝑒𝑖)

𝐼𝐶(𝑓)
. (7)

In line with both PICSS and SimGIC, LD-SimGIC ranges from 0 to 1. When the intersection of the
feature sets is empty, i.e., when no LD feature is shared by all resources in the group, the numerator is
defined as zero and, consequently, LD-SimGIC is equal to 0. A value of 1 indicates maximum semantic
similarity, i.e., that all resources share the same IC-weighted feature set.



3.3. Correlation Analysis

Kendall’s Tau. The correlation between geometric and semantic similarity, in both the pairwise and
groupwise settings, is assessed using Kendall’s Tau1. This coefficient ranges from -1 to 1: positive values
indicate increasing agreement between the geometric and semantic rankings, negative values indicate
inverse agreement, and values close to 0 indicate little or no monotonic association. We adopt Kendall’s
Tau because our analysis focuses on rankings agreement rather than on the absolute similarity scores.
In particular, we evaluate whether pairs or clusters ranked as more cohesive in the embedding space
are also ranked as more semantically similar according to the corresponding LD similarity measure. For
each model, we also report the associated 𝑝-value to assess statistical significance.

3.4. Explanation of Shared Features

(Least) Common Subsumer. The common characteristics of two or more RDF resources may be
systematically derived using the notion of Least Common Subsumer (LCS), originally defined for pairs
of RDF resources [22] and later generalized to sets of resources [23], in order to capture cluster-wide
commonalities.

The notion of LCS for RDF [24] is inspired by the corresponding concept in Description Logics [25],
and is adapted to the specific features of RDF. More precisely, the LCS of a set of RDF resources2 is
defined as the most specific set of RDF triples, that may include blank nodes for generalizing different
URIs, that is entailed3 by every resource in that set.

From the RDF graphs that are compared to build the LCS, triples that match an optional set of
user-defined stop-patterns (considered irrelevant) can be filtered out in advance — e.g., drug packaging
characteristics when the user is interested in their active ingredients. However, the resulting LCS often
turns out to be still too fine-grained and overly specific, which reduces its usefulness for explaining
commonalities — e.g., it may say that each resource is related to some generic resource (a blank node)
through some generic predicate (another blank node). For this reason, the LCS is post-processed by
recursively removing all information that is irrelevant to explaining similarity, by specifying a set of
triple patterns, called uninformative triples, that may depend from the application.

Following this double filtering, the explanation step relies on a (no longer “least”) Common Subsumer
(CS) that retains only the information considered relevant.

We note that theoretical results [26, 27] show that, for some worst-case sets of 𝑘 resources, where
each resource is described by a set of at most 𝑛 triples, the size of the smallest logically equivalent
representation of the LCS is exponential — specifically, Ω(𝑛𝑘). However, such worst cases never
appeared in our experiments, and the size of our CS was always manageable.

Natural Language Verbalization. A natural language explanation is generated from the CS repre-
sentation in RDF through a Large Language Model (LLM), making human-readable the RDF features
actually shared by nearby resources.

4. Experiments

4.1. Datasets

For the experiments, we consider two real-world knowledge graphs from different domains in order to
assess the generality of our approach:

• DrugBank is a biomedical knowledge graph containing detailed information about drugs and their
interactions with biological entities, such as targets, enzymes, carriers, and transporters [28].

1Relying on the scipy.stats.kendalltau function [21].
2Modelled as rooted graphs [24, Def. 5]
3According to Rooted Simple Entailment between rooted graphs [24, Def. 6]



Table 1
Statistics of the datasets in terms of number of triples, entities, and relations.

Dataset Triples Entities Relations
DrugBank 3,649,531 1,522,943 95

SemOpenAlex 7,733,754 1,676,464 77

• SemOpenAlex is a scholarly knowledge graph containing over 26 billion RDF triples and describing
publications, authors, institutions, and topics [29].

Due to the large scale of SemOpenAlex, we restrict our analysis to a subset of the graph; details on
the extraction procedure are provided in Appendix A4. Main statistics of both datasets are reported in
Table 1. From these datasets, we focus on drugs in DrugBank and works associated with the concept of
business in SemOpenAlex, resulting in 7,678 and 4,747 resources, respectively. This choice is motivated
by our goal of analyzing within-class semantic similarity, i.e., how similar drugs are to other drugs and
business-related works to other works of the same type. The SPARQL queries used for their extraction
are provided in Appendix B and Appendix C.

4.2. Knowledge Graph Embeddings

Knowledge graph embeddings are generated using the Python libraries PyKEEN [17] (version 1.11.1)
and pyRDF2Vec [30] (version 0.2.3). A representative set of KGEMs is considered, namely CrossE [31],
DistMA [8], DistMult [32], ERMLP [33], HolE [34], MuRE [35], NTN [36], PairRE [37], ProjE [38],
RESCAL [39], SE [40], TorusE [41], TransD [42], TransE [43], TransF [44], TransH [45], TransR [46],
TuckER [47], and UM [48], together with pyRDF2Vec. To ensure reproducibility, a random seed of 1 is
fixed for all models. For PyKEEN-based models, this seed is used both for dataset splitting and embedding
training. In contrast, for pyRDF2Vec, no train/validation/test split is required, as the model learns entity
representations from walks extracted directly from the RDF graph; therefore, the seed is used only
to make the embedding generation process reproducible. The entity embedding dimensionality is set
to 100, as this is the default value in pyRDF2Vec and falls within the range adopted by PyKEEN for
many models. It is also a common choice in the literature [37, 42, 36, 32], while representing a trade-off
between model performance [42, 36] and computational cost, as both time and space complexity scale
linearly with this hyperparameter [49]. For PyKEEN-based models, both DrugBank and SemOpenAlex
are split into training, validation, and test sets with a 90%, 5%, and 5% ratio, respectively. Although
PyKEEN supports evaluation through validation and testing, these phases are of limited relevance in our
setting, as our goal is not to assess predictive performance but to obtain embeddings for the subsequent
similarity and clustering analyses. For this reason, we prioritize maximizing the amount of training
data, keeping validation and test sets intentionally small. Furthermore, we ensure that every entity
appears at least once across the training, validation, and test sets, preventing unseen entities during
embedding learning. For pyRDF2Vec, we set the main hyperparameters following the configuration
suggested in [50, 3], in addition to the random seed and vector size defined above. In particular, the
maximum number of walks per entity is set to 2,000, the walk depth to 4, the window size to 5, and
the underlying Word2Vec model is trained for 25 epochs using the skip-gram architecture. All other
unspecified hyperparameters for both PyKEEN-based models and pyRDF2Vec are kept at their default
values. All experiments in this work, including embedding generation, are conducted on a machine
equipped with a 12th Gen Intel Core i7-12700F processor (2.10GHz, 12 cores), an NVIDIA GeForce RTX
4060 Ti GPU, 64 GB of RAM, and a 2TB Kingston SNV2S2000G SSD.

4.3. Pairwise similarity

To evaluate whether semantic similarity is reflected at the level of individual resource pairs, we consider
all possible unordered pairs of the selected resources in each dataset, i.e., all pairwise combinations
4All appendices are provided in Supplementary Material (https://doi.org/10.5281/zenodo.22810772)

https://doi.org/10.5281/zenodo.22810772


excluding self-pairs and duplicate symmetric pairs. Given the 7,678 drugs extracted from DrugBank
and the 4,747 works extracted from SemOpenAlex (as described in Section 4.1) this results in 29,472,003
and 11,264,631 resource pairs, respectively. For each pair, we compute pairwise geometric and semantic
similarity scores as described in Section 3.1.

4.4. Groupwise similarity

To assess semantic similarity at a broader level than individual entity pairs, we use clustering as a
means to group the selected resources — drugs in DrugBank and works in SemOpenAlex, as defined
in Section 4.1 — that are close to one another in the embedding space. The goal is not to optimize or
compare clustering algorithms, but rather to obtain geometrically coherent groups of resources and
evaluate whether such groups are also semantically coherent according to LD features. Clustering is
performed independently for each KGEM and dataset; therefore, partitions may differ across models,
while correlation is assessed within each model between geometric cohesion (as described in Section 3.2)
and LD-SimGIC. Specifically, for each KGEM, Hierarchical Agglomerative Clustering is applied to
the entity vectors generated by that model, specifying only the distance metric, the linkage criterion,
and the number of clusters (𝑘), while keeping all other hyperparameters at their default values. In
particular, cosine distance is used as distance metric consistently with the geometric cohesion definitions
introduced in Sections 3.1 and 3.2. Embeddings are L2-normalized prior to clustering to place them
on the unit hypersphere, aligning the Euclidean geometry underlying the Calinski–Harabasz criterion
with the angular geometry adopted for clustering. Average linkage is adopted as it considers all pairwise
distances between elements of the two clusters, making it less sensitive to outliers compared to single
and complete linkage, which rely on the closest and farthest pair of points, respectively. Ward linkage
is not considered, as it is not compatible with cosine distance. For each KGEM and dataset, 𝑘 is
selected independently using the Calinski–Harabasz index, choosing the value that maximizes it over
a predefined range (i.e., [80,570] for DrugBank and [50,350] for SemOpenAlex). These ranges ensure
sufficient coverage of the solution space while avoiding excessively small or large clusterings. Assuming
roughly uniform clusters, this yields an average cluster size of approximately 13-95 resources. All
clustering and evaluation procedures are implemented using the Scikit-learn library5 [20].

4.5. Explanation of Shared Features

Common Subsumer. For each model, the CS is computed up to depth 4 for the most geometrically
cohesive pairs and clusters, as a qualitative inspection of the strongest geometric proximities. During
this step, irrelevant information is filtered out from the resource KGs by using dataset-specific stop-
patterns. Examples include identifiers, labels, and generic type assertions in DrugBank, as well as DOIs
and citation counts in SemOpenAlex. The complete stop-patterns and uninformative triples used for
DrugBank and SemOpenAlex are reported in Appendix D and Appendix E, respectively.

Natural Language Verbalization. Gemini6 is used to verbalize the CSs from RDF into natural
language. We report the prompt and instructions in Appendix F.

5. Results and Discussion

5.1. Pairwise Similarity

The pairwise results (Table 2) show an overall lack of meaningful association between geometric
cohesion and semantic similarity. Although Kendall’s Tau is statistically significant for many models
under the conventional threshold of 𝑝 < 0.05, its magnitude is generally close to zero. Thus, cosine
similarity does not reliably induce a ranking of resource pairs consistent with their PICSS semantic

5Relying on the AgglomerativeClustering and calinski_harabasz_score functions.
6Version 3 Flash Preview, with all hyperparameters left at their default values.



Table 2
Pairwise correlation analysis between cosine similarity and PICSS for DrugBank and SemOpenAlex. Statistically
significant 𝑝-values (𝑝 < 0.05) are reported in italic. Kendall’s Tau columns use a white-to-dark-green scale from
the most negative to the strongest positive correlation within each column.

DrugBank SemOpenAlex
Model Kendall’s Tau 𝑝-value Kendall’s Tau 𝑝-value
CrossE -0.05717 0.00000 0.01738 0.00000
DistMA -0.02522 0.00000 -0.00833 0.00000
DistMult -0.19332 0.00000 0.07552 0.00000
ERMLP -0.02581 0.00000 0.00333 0.00000
HolE -0.10588 0.00000 0.02022 0.00000
MuRE -0.00997 0.00000 0.07868 0.00000
NTN 0.00015 0.23521 0.00033 0.09223
PairRE 0.00097 0.00000 0.00879 0.00000
ProjE -0.12860 0.00000 0.01093 0.00000
pyRDF2Vec 0.17907 0.00000 0.16439 0.00000
RESCAL -0.12650 0.00000 0.00001 0.96609
SE -0.00262 0.00000 0.02188 0.00000
TorusE 0.00138 0.00000 -0.00010 0.61301
TransD -0.15411 0.00000 0.04387 0.00000
TransE -0.08755 0.00000 -0.03590 0.00000
TransF -0.02066 0.00000 0.00002 0.92582
TransH -0.18816 0.00000 0.01145 0.00000
TransR -0.04748 0.00000 0.00260 0.00000
TuckER -0.14420 0.00000 -0.03017 0.00000
UM 0.00466 0.00000 0.02385 0.00000

similarity. This behavior holds for all models except NTN on DrugBank and NTN, RESCAL, TorusE,
and TransF on SemOpenAlex, for which Kendall’s Tau differs from zero by at most 0.00033 and the
corresponding 𝑝-values are above the significance threshold. Hence, in these cases, there is no statistical
evidence of a monotonic association between cosine similarity and PICSS. Overall, Kendall’s Tau remains
weak across datasets; even when statistically significant, it does not indicate a strong or consistent
monotonic relationship between geometric proximity in the embedding space and semantic similarity.

A possible concern is that these results are driven by the large number of pairwise comparisons
considered in the analysis (see Section 4.3). To further support our findings, we report in Appendix G
the results of the same correlation analysis restricted to the top-1,000 most geometrically similar pairs
for each model. The results of this restricted analysis are consistent with the full setting: Kendall’s Tau
remains weak, with the largest absolute deviation from zero equal to 0.16449 for pyRDF2Vec. When
𝑝-values exceed 0.05, there is no statistical evidence of monotonic correlation; when they are below
0.05, Kendall’s Tau is still too small to support a meaningful association between geometric cohesion
and semantic similarity.

5.2. Groupwise Similarity

The groupwise results (Table 3) show a different trend from the pairwise analysis. In this setting,
geometric cohesion appears to be meaningfully associated with semantic similarity for several KGEMs.

Specifically, many models exhibit positive and statistically significant Kendall’s Tau values, indicating
that more cohesive groups in the embedding space also tend to be more semantically coherent according
to LD-SimGIC. For DrugBank, the strongest correlations are observed for NTN, TransF, TorusE, UM,
and DistMA, all showing Kendall’s Tau values above 0.70. Other models, such as CrossE, PairRE,
ProjE, and SE, also exhibit relatively high positive correlations, with values above 0.60. These results



Table 3
Groupwise correlation analysis between cosine similarity and LD-SimGIC for DrugBank and SemOpenAlex.
Statistically significant 𝑝-values (𝑝 < 0.05) are reported in italic. Kendall’s Tau columns use a white-to-dark-
green scale from the most negative to the strongest positive correlation within each column.

DrugBank SemOpenAlex
Model Kendall’s Tau 𝑝-value Kendall’s Tau 𝑝-value
CrossE 0.62714 0.00000 0.78047 0.00000
DistMA 0.70886 0.00000 0.81714 0.00000
DistMult 0.12381 0.55897 -0.25275 0.23311
ERMLP 0.39095 0.00000 0.38736 0.00000
HolE 0.08298 0.04537 0.47611 0.00000
MuRE 0.25603 0.00000 0.44044 0.00000
NTN 0.78608 0.00000 0.79429 0.00000
PairRE 0.67532 0.00000 0.78939 0.00000
ProjE 0.62769 0.00000 0.77166 0.00000
pyRDF2Vec 0.40380 0.00000 -0.03723 0.70893
RESCAL -0.00686 0.91150 0.68000 0.00000
SE 0.67722 0.00000 0.79316 0.00000
TorusE 0.76519 0.00000 0.67673 0.00000
TransD 0.25536 0.00039 0.04413 0.32341
TransE 0.13460 0.07346 0.47751 0.00000
TransF 0.76772 0.00000 0.77143 0.00000
TransH -0.33333 0.25952 -0.20468 0.23778
TransR 0.06671 0.37200 0.06286 0.51951
TuckER 0.31061 0.00003 -0.23529 0.20490
UM 0.74367 0.00000 0.79099 0.00000

suggest that, for these models, geometric cohesion captures a meaningful degree of group-level semantic
coherence. However, this behavior is not consistent across all models. DistMult, RESCAL, TransE,
TransH, and TransR do not show statistically significant correlations (p>0.05), while HolE exhibits only
a weak positive association despite being statistically significant. A similar pattern can be observed for
SemOpenAlex: CrossE, DistMA, NTN, PairRE, ProjE, SE, TransF, and UM achieve strong positive and
statistically significant correlations, with Kendall’s Tau values around or above 0.77. This indicates a
strong monotonic association between geometric cohesion and LD-SimGIC for these models. Statistically
significant correlations are also observed for ERMLP, HolE, MuRE, RESCAL, TorusE, and TransE,
although with lower magnitudes. Conversely, DistMult, TransD, TransH, TransR, and TuckER do not
provide statistical evidence of a monotonic association, as their 𝑝-values are above 0.05.

5.3. Explanation of Shared Features

This section provides natural language explanations of the commonalities shared by resources grouped
within the same clusters in order to support a qualitative evaluation complementary to the quantitative
analysis. We focus on clusters rather than on individual pairs because the main evidence of semantic
preservation emerges at the groupwise level. Specifically, across the two datasets, we report the
explanation of the most cohesive cluster for the model achieving the highest correlation score in Table 3,
namely DistMA on SemOpenAlex with a Kendall’s Tau of 0.81714, as well as that of the most cohesive
cluster for the model achieving the lowest correlation score, namely TransH on DrugBank with a
Kendall’s Tau of -0.33333. The most cohesive cluster produced by DistMA on SemOpenAlex consists of
28 resources. Its logic-based explanation in natural language is reported below7:

7Its RDF/Turtle representation is provided in Appendix H.



The set of resources identified as this work is characterized by a specific creator, a title, and a
publication year. This work, which is classified by a particular work type and crossref type, is
not a paratext and has not been retracted. The work features an authorship at position zero that
includes a specific author and a corresponding status indicator. It is associated with a primary
location, which also serves as its general location; this location is identified by a specific URL
and a certain open access status. The work’s broader open access properties further detail its
status and whether any repository contains the full text. Additionally, the work is linked to
several concepts. One concept is related to economics and another specific resource, while a
second concept connects the work to engineering, economics, political science, philosophy, and
mathematics. A third concept is associated with a specific term, and the work is further related
to the concept of sociology. Sociology, in turn, is linked to a wide range of fields including
physics, business, biology, engineering, computer science, geography, economics, psychology,
history, political science, art, philosophy, mathematics, chemistry, medicine, law, and materials
science. Finally, the work includes several specific internal properties and boolean attributes.

For TransH on DrugBank, the most cohesive cluster consists of 7,563 resources out of the 7,678 drugs
considered in the analysis. However, its CS contains no triples, indicating that the resources in this
cluster do not share any informative RDF-based commonality beyond belonging to the same general
class, i.e., being drugs. To further inspect this behavior, we also analyze the second most cohesive cluster
produced by TransH. This cluster consists of 5 resources and yields the following shared information8:

The set of resources is categorized as being of the type small molecule.

Some observations may be drawn from the results above:

• No statistically significant correlation emerges between geometric cohesion and semantic sim-
ilarity (PICSS) in the pairwise comparison of resources in both DrugBank and SemOpenAlex.
This result is consistent with the observations by Hubert et al. [3], who, by comparing pairs
of nearest-neighbour resources, show that entities that are close in the embedding space are
not necessarily similar according to graph-based notions of semantic similarity. Our findings
further support this claim by showing that the lack of alignment also holds when semantic
similarity is assessed through a measure grounded in information-theoretic principles, rather
than only through feature-overlap-based approaches. From an interpretability perspective, this
suggests that geometric proximity alone is insufficient to provide a semantic characterization of
the similarity between two resources.

• When reverting to groupwise similarity, 5 KGEMs on DrugBank and 8 on SemOpenAlex show a
significant correlation between geometric and semantic similarity (LD-SimGIC); this behaviour
suggests a greater ability of such models to retain the informative content of resources grouped
by a clustering process. This represents one of the main contributions of our analysis, since
previous studies have mostly focused on pairwise evaluations, whereas here the correlation is
assessed over groups of resources considered simultaneously. Although these models may be
limited for tasks such as recommendation or for representing individual entities through isolated
vectors, the results suggest that some of them are nevertheless able to capture a form of global
semantic structure. At the same time, our findings remain aligned with Jain et al. [4] and Hubert
et al. [3]’s observation that embedding performance depends not only on the model itself, but also
on the dataset under consideration. Indeed, several models, such as DistMult, HolE, pyRDF2Vec,
RESCAL, TransE, and TuckER exhibit noticeable differences in the correlation values observed
across DrugBank and SemOpenAlex.

• The models with high correlation between cosine similarity and LD-SimGIC seem to produce
clusters with a significant number of commonalities, according to the implemented logic-based
explanation process. This suggests that, when a KGEM preserves groupwise semantic similarity,
the resulting clusters are not only geometrically coherent but also more interpretable from a
symbolic and KG-based perspective.

8Its RDF/Turtle representation is provided in Appendix I.



6. Conclusion

In this paper, we investigated whether geometric cohesion in knowledge graph embedding spaces
reflects semantic similarity in KGs. This question is relevant to the interpretation of proximity-based
outputs, since nearby entity representations and embedding-induced clusters are difficult to inspect
when considered only in the latent space. We addressed this question at both the pairwise and groupwise
levels, comparing cosine similarity with PICSS for entity pairs and introducing LD-SimGIC, an IC-based
measure for assessing the semantic cohesion of groups of RDF resources. The evaluation was conducted
on two real-world KGs, DrugBank and SemOpenAlex, covering biomedical and scholarly domains. The
results show a clear distinction between the two settings: pairwise correlations are generally very weak,
while stronger and statistically significant correlations emerge at the groupwise level for several KGEMs,
most consistently CrossE, DistMA, NTN, PairRE, ProjE, SE, TransF, and UM. This suggests that, although
embeddings may not reliably capture fine-grained semantic similarity between individual entities,
some models can capture meaningful semantic structure at the level of resource groups. However,
this behavior is not uniform across KGEMs and datasets, highlighting that the alignment between
geometric and semantic cohesion is both dataset- and model-dependent. Finally, we complemented the
quantitative analysis with a qualitative analysis based on logic-based, natural language explanations of
cluster commonalities. These explanations help clarify what geometrically cohesive clusters actually
share from a semantic perspective, showing that models with stronger groupwise correlations tend to
produce more meaningful commonalities. Future work may further investigate the correlation between
LD-SimGIC and quantitative measures directly derived from cluster explainability, as well as explore
refining entity embeddings based on the specificity of their corresponding KG nodes, to assess whether
this leads to more meaningful geometric similarity.
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