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Abstract

Relatedness is inherently multi-faceted for datasets and other resources in the Earth sciences, spanning concepts
such as thematic similarity and spatio-temporal overlap, which motivates explainable approaches to academic
resource recommendation. Using a schema-rich knowledge graph of resource metadata as a case study, this work
in progress explores the decomposition of relatedness into domain-specific aspects (topic, methodology, spatial
coverage, temporal extent, provenance) to enable explainable recommendation across heterogeneous similarity
measures of varying transparency. Rather than resolving the tension between explainability and functionality
globally, aspect decomposition allows for a hybrid approach tailored to each aspect’s characteristics and enables
users to steer discovery by selecting aspects relevant to them. We propose a scoring strategy for each aspect
and for their combination, and present early results suggesting that keyword annotations based on controlled
vocabularies can shift content-based similarity rankings to emphasize a chosen aspect.
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1. Introduction

Empowering researchers to discover relevant scientific resources, such as datasets, publications, or
software, is essential to progress in a domain as multi-disciplinary as the Earth sciences. Generic data
repositories and portals rarely meet domain-specific requirements, e.g., spatio-temporally enabled search
functionalities, which motivated the establishment of domain-specific alternatives [1, 2]. Among these
are the services developed by the consortium for Earth System Sciences (NFDI4Earth) of the German
National Research Data Infrastructure: the community portal OneStop4All [3] and its knowledge base,
a knowledge graph containing linked metadata of scientific resources.

Finding relevant resources within such portals is not always linear: researchers often possess only a
high-level understanding of their problem and cannot describe the precise type of resource they need
[4]. For this kind of explorative search, related resource recommendations could help researchers find
what they did not know they were looking for. Relatedness is heavily context-dependent [5]: two
scientific resources may be related through similar metadata properties (e.g., a common author) or close
coupling (e.g., a dataset and a publication describing it) [6]. In the Earth sciences, spatial (e.g., data
recorded in the same country) and temporal (e.g., reanalyses over overlapping periods) relatedness are
also relevant.

The existence of these different types of relatedness suggests that designing a resource-to-resource
recommender system upon the NFDI4Earth-developed services should include a strategy for explaining
recommendations. This may not only enhance the user experience but may also help to build trust:
recommendations perceived as random, biased, or unreliable may harm a data portal’s acceptance in
the scientific community and among data providers.
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1.1. Problem statement

Finding an explainable approach to recommendation across multiple types of relatedness is difficult
when relatedness is an opaque concept for some types, yet comparatively well-defined for others.
For example, while there are several approaches to computing spatial or temporal similarity, existing
measures such as the area of overlap are transparent and require no further explanation. At the other
end of this spectrum are similarity measures over learned vector spaces, which are typically explained
only post-hoc but are state of the art for identifying semantically related resources based on textual
properties.

The knowledge-graph structure of the NFDI4Earth knowledge base also enables explanations sup-
ported by reasoning paths. However, such explanations are applicable only to types of relatedness that
are (a) manifested as links in the graph and (b) sufficiently populated. The latter condition is not always
met, given the heterogeneous quality of resource metadata.

These challenges suggest that a unified approach intended to capture any type of relatedness would
force compromises on either explainability or recommendation quality. Instead, this work in progress
explores an approach that aims to provide explainable recommendations by decomposing relatedness
into domain-specific aspects. Under this framework, each aspect’s relatedness scoring strategy may
fall anywhere between symbolic and sub-symbolic, depending on how explicitly the aspect is modeled
in the schema and how completely the corresponding metadata is populated. Per-aspect relatedness
rankings would then be presented to the user alongside a combined ranking over the aspects they select.

Two guiding questions shape this work in progress: (1) What are relevant aspects of relatedness for
scientific resources in the Earth sciences? (2) To what degree can inherently explainable approaches be
utilized to model these aspects over a schema-rich yet unevenly populated spatio-temporal knowledge

graph?

1.2. Contributions

This work-in-progress paper develops aspect decomposition as a means of hybrid resource-to-resource
recommendation over unstructured and structured properties that establishes a baseline level of ex-
plainability, using the NFDI4Earth knowledge graph of Earth science resources as a case study.

For this, we introduce five aspects of relatedness for Earth-science resources: topic, methodology,
spatial coverage, temporal extent, and provenance, derived from metadata commonly provided in the
domain. We discuss strategies for computing resource relatedness, considering the opportunities and
challenges each aspect poses, and outline how per-aspect scores could produce explainable recom-
mendations. We also describe preliminary evaluation results and planned next steps to assess this
approach’s feasibility and potential to improve resource discovery.

2. Related work

Enabling scholars to discover relevant resources is a core concern of research data infrastructures [1, 2].
Much effort has been directed at improving query-based search, e.g., through LLM-based semantic
search [7] and transformer-generated explanations of why specific resources are retrieved [8, 9]. In
comparison, recommendations for related resources are an underexplored route to supporting resource
discovery, although item-to-item recommendation is well established in recommender-systems research
[10]. Academic recommender systems usually rely on content-based filtering and often provide global
recommendations that are not tailored to user profiles [6]. As user profiles are an integral part of most
recommender systems, research on explainable recommendation transfers only partly to profile-free
academic settings, although it offers guidance. In particular, Zhang and Chen [11] give an overview of
post-hoc and model-intrinsic approaches; the latter are structurally transparent and self-explaining,
relying on, e.g., factorization, rule mining, or knowledge graphs.

Over knowledge graphs, paths between entities can explain their relatedness post hoc [12, 13], but
they may also identify related objects in the first place. Relatedness measures over meta paths are
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Figure 1: A sample dataset’s detail page in the OneStop4All (left) and its metadata (right).

intrinsically explainable [14, 15], as meta paths are predefined sequences of relations between entity
types, which may be learned or defined based on domain knowledge. Their rigid structure, however,
makes the discovery of not explicitly stated patterns impossible [16]. Alternative approaches transform
knowledge graphs into high-dimensional feature spaces, such as graph kernel-based approaches [17]
and knowledge graph embedding (KGE) models [18, 19, 20]. These approaches recover implicit patterns,
but generally do not distinguish the nature of the relatedness they capture.

A similar observation was made by Ostendorff et al. [21] for text transformers, leading them to
propose aspect-based similarity scores for scientific literature. Later work fine-tuned pre-trained
language models with respect to one or multiple domain-specific aspects, arguing that vector spaces
governed by these aspects are more interpretable [22, 23]. Still, these approaches fold the aspects into
a single trained model, while we explore keeping aspect scores separate. Furthermore, the textual
nature of the aspects considered in these works sets them apart from our approach, as we additionally
include aspects defined over structured properties, for which transparent, widely established similarity
measures exist.

3. Data

The NFDI4Earth Knowledge Hub (KH) [24] is a linked data service that organizes metadata of scientific
resources relevant for the Earth sciences in an RDF graph. It is searchable through a SPARQL endpoint
or indirectly through the OneStop4All portal [3]. The property-rich ontology of the KH [25] aligns
with metadata schemas of national data portals and aggregators that are relevant for the domain.
Furthermore, it is built on widely adopted metadata standards, such as DCAT, Dublin Core, and ISO
19115. At the time of writing, the KH contains metadata on 968,967 data sets. Other resource types
are currently available in smaller numbers, e.g., software (259), repositories (155), learning resources
(532), and publications (190), but are expected to grow in the future. Metadata quality and level of detail
vary, which poses a challenge for the identification of related resources. For example, authors often
lack persistent identifiers (e.g., ORCIDs), so that relationships between resources created by the same
author cannot always be traced within the KH.



4. Approach

We explore an inherently explainable approach to global resource-to-resource recommendation through
a multi-aspect relatedness score whose components reflect aspects of relatedness relevant for geospatial
resource discovery. The aspects we identified are anchored in the ontology of the KH, which was
modeled on metadata commonly provided in the Earth sciences and thus reflects what the community
considers essential for data discovery. We describe how each aspect is represented in the KH and how we
plan to obtain its relatedness score, then discuss combining these scores into ranked recommendations.

4.1. Aspects of relatedness

Content-related aspects: topic and methodology Content-related metadata is rarely explicit
and is instead carried in free-text fields such as title, description, and keywords. In preliminary tests,
embeddings of these concatenated fields, produced with Sentence Transformer models [26], identified
semantically related resources well. However, this method cannot characterize the type of relatedness;
for example, it collapses the distinction between topically related resources (sharing the subject studied)
and methodologically related ones (sharing the means of study).

We hypothesized that the type of relatedness could be recovered by adding aspect-specific keyword
annotations to shift the embeddings toward a particular aspect. To verify this experimentally, we used
the domain-specific controlled vocabulary GCMD [27], which includes keyword schemes related to
topic (Science Keywords, Measurement Name) and keyword schemes related to methodology (Platforms,
Instruments). We assigned semantically close keywords from each aspect to a random sample of dataset
descriptions (N = 5000) using transformer-based classification [28]. Then, we used an architecturally
different Sentence Transformer model to embed the dataset descriptions, as well as the annotated
keywords and their GCMD definitions. Through a linear combination of the dataset and keyword
embeddings, we created two embedding variants, each emphasizing one of the aspects.

Preliminary experiments comparing the top-k (k € {5, 10,20}) most similar resources under both
aspects showed that, for resources that received keyword annotations in both aspects, the rankings
were meaningfully distinct. This result was observed consistently across all £ and combination weights.
However, the vocabulary’s coverage of a resource’s content was decisive for the method’s success. As
no suitable methodology-related keyword was found for 72% of datasets, further work will expand
the vocabularies used to create annotations and experiment with lower thresholds for annotation
assignment. Moreover, the experiments highlighted that presenting the annotated keywords alongside
the ranked results aids in explaining rankings that are otherwise difficult to attribute to either aspect
due to the strong correlation between methodological and topical keywords (e.g., some instruments are
predominantly used within one topical context).

Spatio-temporal aspects: spatial and temporal extent Spatial and temporal extent are usually
provided as point geometry or minimum bounding rectangle and time interval, respectively. Traditional
measures for spatial similarity include the Haversine distance, Hausdorff distance, area of overlap, and
combinations thereof [29]; analogous measures exist for temporal overlap and distance. Recent work
aims to embed geometries and time intervals into distance-, shape-, and direction-preserving vector
spaces [30, 31, 29]. Still, for simple rectangles and intervals, the established traditional measures are
exact and transparent. We therefore aim to utilize a combination of traditional measures.

Provenance-related aspect This aspect concerns a resource’s relation to agents, such as publishers,
authors, and their affiliations. Ideally, it should also capture lineage, e.g., if one resource has been
used in producing another, but relevant properties are rarely explicit in the metadata and currently
unpopulated in the KH. Provenance is the aspect where the knowledge graph’s linked structure offers
the clearest advantage, and its well-defined relationships make meta paths (e.g., Sun et al. [14]) feasible.
However, as agent-affiliation links suffer from duplicates in the KH, we propose using KGEs of entities
over a provenance-restricted subgraph of the KH to capture underlying patterns of relatedness and



partially recover missing links. Meta paths, combined with an intermediate node-unification layer,
serve as an explainable fallback. KGE model selection and hyperparameter tuning will be carried out
empirically using a training library such as PyKEEN [32], where TransE [33] is a promising candidate
given its success in similar use cases [34, 35]. We will assess this through qualitative evaluation and a
link-recovery test, removing known links before training.

4.2. Providing explainable recommendations

Decomposing relatedness into aspects shapes how we present recommendations to the user, which
in turn imposes requirements on aspect-combination strategies. On a resource’s detail page, the user
will receive recommendations ranked by the aspects they select; thus, the user can switch individual
aspects on or off. Each recommendation will also include a per-aspect breakdown that explains the
ranking, e.g., through a radar chart.

This design requires that aspect scores are normalized to be comparable and globally meaningful
rather than calibrated to the data. Adding an outlier, e.g., a Pleistocene dataset to a collection of
contemporary ones, should not alter the relatedness scores among the other resources. Cosine similarity
already fulfills these requirements; for the remaining aspects, domain-informed transformations can be
used for normalization. The combined score is then the mean over all normalized aspect scores; here, a
mean with disjunctive characteristics, such as the quadratic mean, may be preferable to the arithmetic
mean, so that resources scoring exceptionally high on one aspect are not harshly penalized for low
scores on others.

5. Conclusion and future work

In this work in progress, we have identified five aspects of relatedness for Earth science resources:
topic, methodology, spatial coverage, temporal extent, and provenance, and presented an approach to
providing explainable recommendations through aspect decomposition, which allows for the hybrid
selection of an optimal scoring method per aspect. We have briefly outlined per-aspect evaluation
strategies, yet selecting an appropriate methodology for evaluating the approach as a whole remains
future work. Aspect decomposition may improve resource discovery by bringing resources to the
forefront that are relevant under only one or a few aspects and may be missed entirely by general-
purpose entity-similarity approaches; this assumption could be evaluated through a result-diversity
analysis and a user study. The latter could also reveal whether users perceive steering discovery through
aspect selection as an asset or as a burden due to its complexity. Moreover, emphasizing domain-relevant
aspects may allow users to find true links between resources that are absent from the knowledge graph
through recommendation (e.g., a publication and the dataset it uses), which could be evaluated using
links not yet materialized in the knowledge graph.
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