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Abstract

Open data portals maintain collections of datasets and metadata that support dataset discovery. Descriptive
metadata, such as titles, descriptions, and keywords, summarize the underlying data and facilitate metadata-driven
discovery. Keywords enable indexing, filtering, and thematic organization of datasets, yet their quality in relation
to descriptive metadata remains largely unexplored. This work introduces the notion of Semantic Keyword
Quality (SKQ), comprising Semantic Relevance and Semantic Completeness. We propose an initial framework
for analyzing the semantic quality of keyword annotations as a component of metadata quality. Our findings
show that keywords exhibit low-to-moderate semantic relevance to titles and descriptions (mean aggregated
semantic relevance of 0.44 and 0.41 for titles and descriptions, respectively), while semantic completeness remains
limited (mean of 0.33 for titles and 0.28 for descriptions). The results indicate that keyword sets are generally
semantically related to descriptive metadata but provide limited coverage of the concepts expressed in titles and
descriptions. These findings highlight the importance of evaluating semantic keyword quality in metadata-driven
discovery environments and provide a foundation for future work on keyword enrichment and its implications
for dataset discoverability.
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1. Introduction

Open data portals, such as the European Data Portal and data.gov.uk, contain large volumes of data
collections that hold potential for data-driven decision making and analytics. However, as data volume
increases, so does the need to make this data discoverable. Data discoverability is based on the quality of
the metadata that describes it [1, 2]. From a data governance perspective, metadata quality constitutes a
critical control point for ensuring data usability, accessibility, and interoperability within data ecosystems
[3].

The role of discoverability is emphasized by the FAIR (Findable, Accessible, Interoperable, and
Reusable) data principles, which require data to be findable through rich and well-structured metadata
[4]. In practice, metadata fields such as titles, descriptions, and keywords play a crucial role in enabling
this process. In particular, keywords support metadata-based dataset discovery by organizing the data
into categories, such as themes, topics, and locations.

Metadata standards such as the W3C Data Catalog Vocabulary (DCAT)! are widely adopted across
open data portals and are used to define structured descriptions for datasets, including fields for titles,
descriptions, and keywords [5]. Despite the adoption of these standards, datasets’ metadata on open
data portals, as noted by [6], still exhibit inconsistencies and other metadata quality issues, such as
incompleteness. It is thus reasonable to assume that these issues can have a negative impact on data
discoverability, highlighting the need for richer metadata.
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In open data portals, dataset content is typically not directly accessible or processable at scale.
Consequently, descriptive metadata (e.g., titles, keywords, and descriptions) are supposed to serve as a
proxy for dataset content, as it is intended to summarize and represent the underlying data. Keywords
further support important discovery mechanisms such as filtering, metadata search, faceted navigation,
and thematic browsing [7]. Since dataset discovery is largely mediated through metadata representations
rather than raw dataset contents, we argue that evaluating semantic keyword quality in relation to
descriptive metadata is essential for determining whether keyword annotations adequately reflect the
semantic content expressed in descriptive metadata.

Prior studies have established that metadata quality plays a significant role in dataset discoverability,
with keyword annotations contributing to dataset findability and search effectiveness, but with little
emphasis on alignment evaluation in relation to other descriptive dataset metadata used for dataset
discovery [6, 8]. Therefore, metadata quality analysis needs to adapt to keyword annotations and assess
whether assigned keywords adequately align with the descriptive metadata fields used during dataset
discovery.

In this work, we introduce the notion of Semantic Keyword Quality (SKQ) to analyze the semantic
alignment between keywords and descriptive metadata used for dataset discovery. This is operational-
ized into semantic relevance and semantic completeness. This work contributes to data governance
by adapting metadata quality perspectives to analyze SKQ as a component of dataset discoverability
and the FAIR findability principle. The study, therefore, focuses on the following two main research
questions:

« RQ1: How can established metadata quality dimensions be operationalized for analyzing keyword
annotations in open data portals?

« RQ2: Do the keyword annotations on open data portals adequately semantically represent the
concepts expressed in descriptive metadata?

The main contributions of this paper are therefore as outlined below.

« Operationalizing Semantic Keyword Quality (SKQ): Building on established metadata quality
dimensions such as accuracy and completeness, we adapt and formalize these concepts for
keyword annotations as semantic relevance and semantic completeness, enabling the analysis of
how well keywords align with and represent the concepts expressed in other descriptive metadata
fields.

+ Analysis of Semantic Keyword Quality. We conduct an experimental analysis showing that
keywords exhibit low-to-moderate semantic alignment and often limited semantic completeness in
relation to the dataset descriptive metadata, highlighting variability in metadata quality across
the evaluated dataset sample on the European Open Data portal.

This work represents an exploratory initial step toward broader research on semantic keyword
quality in metadata-driven dataset discovery. It focuses on the semantic alignment and representational
completeness of keyword annotations relative to descriptive metadata, examining how well assigned
keywords semantically represent information expressed in dataset titles and descriptions rather than
the underlying dataset contents. This reflects the metadata-centric nature of dataset discovery in open
data portals. Before investigating the impact of semantic keyword quality on retrieval performance
and discoverability, it is necessary to establish how the concept can be formally defined and measured.
Accordingly, this study operationalizes semantic keyword quality as a measurable metadata quality
construct, leaving its implications for discoverability and retrieval effectiveness for future work.

The remainder of this paper is organized as follows: Section 2 reviews related work on metadata
quality and dataset discoverability, the semantic keyword quality analysis approach is introduced
in Section 3, and Section 4 describes the experimental setup. Section 5 presents and analyzes the
experimental results, and finally, Section 6 concludes the paper and outlines future research directions.



2. Metadata Quality and Data Discoverability

Discoverability refers to the degree to which datasets users can locate and access through search or
browsing mechanisms [9]. In open data portals, discoverability is largely determined by the quality
and structure of metadata representations, which serve as the primary interface for indexing and
retrieval [7, 10]. Several dimensions for analysis metadata quality have been proposed in the literature
[11]. These include completeness, weighted completenessz, accuracy, richness of information, and
accessibility.

Prior work has examined metadata quality and dataset discovery from different perspectives. Ahmed
et al. [6] investigated automatic keyword generation for open datasets and showed that poor or
missing keywords negatively affect dataset findability, but did not analyze the semantic alignment of
keywords with descriptive metadata. Yang [8] analyzed metadata field contributions to discoverability
and found that titles and descriptions strongly influence search engine discovery, but did not evaluate
keyword quality relative to these fields. Similarly, Gan et al. [12] studied metadata importance for
conversational and natural-language dataset retrieval, demonstrating the strong influence of descriptive
metadata, particularly descriptions, on retrieval performance. However, while these studies demonstrate
the importance of keywords and descriptive metadata for dataset discovery, they do not analyze
whether assigned keywords semantically represent the information expressed in titles and descriptions.
Understanding this relationship is important because semantically inadequate keywords may limit
metadata-driven dataset discoverability by failing to represent information contained in descriptive
metadata.

Several frameworks have also been proposed to evaluate metadata quality based on metrics such as
accuracy, consistency, and readability [10, 13]. Another study proposes a metadata quality evaluation
framework using ISO-based quality dimensions [7]. Neumaier et al. [14] further proposed an automated
metadata quality analysis framework for Open Data portals based on DCAT metadata mappings and
quality dimensions such as existence, conformance, retrievability, accuracy, and openness. These
frameworks mainly evaluate structural and catalog-level dimensions such as completeness, consistency,
accessibility, interoperability, and metadata field existence, while the semantic quality of keyword
annotations in relation to descriptive metadata fields remains largely unexplored.

In summary, prior studies have established the importance of metadata in general and keywords in
particular for dataset discoverability, while proposed metadata quality frameworks primarily focus on
structural, catalog-level, or retrieval-oriented evaluation. However, the semantic quality of keyword
annotations themselves, particularly in relation to the descriptive metadata that serves as the primary
representation of datasets in open data portals, remains largely unexplored. This work addresses this
gap by evaluating whether keywords adequately align with and semantically represent the content
in titles and descriptions through the dimensions of semantic relevance and semantic completeness.
By focusing on the metadata layer, our approach directly reflects how datasets are represented and
discovered in practice.

3. Operationalizing Semantic Keyword Quality Analysis

Existing metadata quality frameworks commonly define metadata quality through dimensions such as
completeness, accuracy, consistency, accessibility, and interoperability [10, 11, 13]. These dimensions
primarily analyze whether metadata is present, structurally correct, and operationally usable across
catalogs and data portals. However, such definitions do not explicitly capture whether keyword
annotations semantically align with the descriptive metadata used during dataset discovery. Therefore,
there is a need to establish how semantic keyword quality can be formally defined and measured before
analyzing its impact on data discovery.

“Completeness measures the proportion of metadata fields that are populated, treating all fields as equally important, whereas
weighted completeness assigns different importance weights to metadata fields and evaluates completeness based on the
presence of more critical metadata elements.



Our adaptation of metadata quality dimensions to semantic keyword quality analysis is motivated by
two cases:

+ Keywords as Thematic Descriptors: Prior work on Folksonomy and Information Retrieval observes
that “documents are linked thematically with each other when they have been indexed with the
same tags” [15], indicating that tags act as thematic descriptors connecting semantically related
resources. Extending this intuition to dataset metadata, we argue that keyword annotations should
be semantically aligned with the descriptive metadata they accompany and should adequately
represent the semantic content expressed therein. This is vital because dataset discovery is
metadata-driven, and keywords contribute to how datasets are filtered and discovered.

« Metadata-driven dataset discovery in open data portals: Datasets are typically discovered through
metadata rather than direct access to their contents, making keywords important semantic
descriptors of information expressed in descriptive metadata such as titles and descriptions.
If assigned keywords are misaligned with this metadata, relevant datasets may be overlooked
because important aspects of their descriptions are not adequately represented. Evaluating
semantic keyword quality therefore requires analyzing the extent to which assigned keywords
align with and semantically represent the content expressed in descriptive metadata.

In this work, we treat semantic keyword quality as a component of metadata quality, focusing on
how established dimensions such as accuracy and completeness can be interpreted in the context of
keyword annotations. This focus is important because keyword annotations constitute a key metadata
element that supports dataset findability and discovery. Accordingly, we operationalize these metadata
quality dimensions for keyword evaluation as semantic relevance and semantic completeness.

3.1. Semantic Relevance

Metadata accuracy refers to the extent to which metadata correctly and meaningfully represents the
underlying dataset [7, 11]. Building on this, we extend the notion of metadata accuracy to semantic
relevance, operationalized as the degree to which keyword annotations semantically align with the
descriptive metadata they are associated with. Thus, metadata accuracy reflects not only correctness but
also semantic consistency between keyword annotations and descriptive metadata. Semantic relevance,
therefore, evaluates this semantic alignment between keywords and dataset descriptive metadata. We
operationalize semantic relevance through the following metrics.

3.1.1. Aggregated Semantic Relevance:

The aggregated semantic relevance measures the overall semantic alignment between the entire keyword
set and a descriptive metadata field associated with a dataset. This reflects practical dataset discovery
scenarios in open data portals, where users may formulate search queries using combinations of terms
rather than relying solely on individual keywords. In such cases, metadata-driven discovery may depend
not only on the relevance of isolated keywords, but also on the extent to which the complete keyword
set collectively represents the semantic content of the dataset metadata.

Let Ky = {ky, ..., k,} be the set of keywords assigned to dataset d, and let My € {t;, desc;} represent
the associated descriptive metadata, where M, consist of the dataset title or description. Let f(-)
denote the embedding function, and let g(-) denote an aggregation function that combines the semantic
representations of all keywords into a collective representation suitable for comparison with descriptive
metadata. The aggregated relevance is defined as:

Rel,go (K4 Mg) = cos (g({f(ky), ... fk)D), f(My)) (1)

where cos(,-) denotes cosine similarity. The aggregation function g(-) can be implemented using
different strategies for combining text embeddings into a unified semantic representation, such as mean
pooling, max pooling, or weighted aggregation. Since keywords in metadata constitute an unordered



set of descriptors rather than coherent natural language text, aggregating at the embedding level avoids
imposing artificial syntactic structure that may arise from text-based concatenation [16].

In this work, we therefore adopt mean pooling, which computes the centroid representation of
the keyword set and provides a simple, widely used mechanism for deriving fixed-size semantic
representations suitable for similarity comparison [16, 17, 18]. This is computed as shown in Equation
2 below.
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This is computed separately for titles and descriptions across all dataset metadata and later analyzed
collectively to examine the various distributions for this metric. High aggregated semantic relevance
implies that keywords collectively represent the metadata field well, while a low value indicates global
semantic misalignment with the descriptive metadata. Since mean pooling may be sensitive to noisy or
semantically unrelated keywords, investigating alternative pooling and aggregation strategies is left for
future work.

3.1.2. Average Keyword-Level Relevance:

This measures the average semantic alignment of individual keywords with a metadata field. It is
determined by computing the similarity between each keyword and the metadata field, then taking the
average.

Let d € D denote a dataset, K; = {kq, ..., k,} the set of keywords assigned to d, and |K;| the number
of keywords. Each k € K, represents an individual keyword, and M, € {t;, desc;} denotes the dataset
metadata, where Mj is either the dataset title or description. The formal definition of average keyword
relevance is as given in Equation 3 below.

1
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A high average keyword-level relevance implies that most keywords are individually relevant, while
a low one implies the presence of noisy or unrelated keywords.

We adopt cosine similarity to measure semantic alignment between keyword and metadata represen-
tations for both aggregated and average keyword-level relevance. Since cosine similarity ranges from -1
to 1, small negative values may occur when keyword and metadata embeddings are weakly misaligned
in the embedding space. In this study, such values are interpreted as weak semantic mismatch rather
than strong semantic opposition.

3.2. Semantic Completeness

Metadata completeness refers to the extent to which metadata provides sufficient coverage of the
characteristics of the resource/data being described [7, 11, 14]. Building on this, we extend the notion
of metadata completeness to semantic completeness, operationalized as the degree to which keyword
annotations semantically represent the concepts expressed in a metadata field. Semantic completeness
therefore measures the extent to which the concepts expressed in a metadata field are semantically
represented by the assigned keywords.

Let d € D denote a dataset and My € {ty, desc;} represent the associated descriptive metadata, where
M, is either the dataset title or description. Let Cy = {cy, ..., ¢,,} denote the set of concepts expressed
in metadata field My, and let K; = {ky, ..., k,} denote the set of assigned keywords. Ideally, semantic
completeness should analyze the extent to which the assigned keywords semantically represent the
concepts in C;. However, since these concepts are not directly observable at scale, we operationalize them
using a set of metadata-derived keywords K3, = {k1, ...k} extracted from My, which serves as a proxy
representation of C;. Consequently, the proposed metric should be interpreted as an approximation of
semantic completeness rather than an absolute measure of concept coverage. Semantic completeness is



analyzed separately for titles and descriptions to enable an independent evaluation of each metadata
field. The semantic completeness metric can then be computed as shown in Equation 4.

SemComp(Ky, My) =

Z I (}g}é cos (f(k'), f(k)) > T) (4)

4
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The operator maxyef, selects the highest semantic similarity between a metadata-derived keyword k’
and any assigned keyword in Ky, while I(-) is an indicator function that returns 1 if the similarity exceeds
a threshold 7, and 0 otherwise. Under this operationalization, semantic completeness estimates the
extent to which assigned keywords represent concepts expressed in the descriptive metadata through
the proxy set Kj, .

We adopt cosine similarity as the similarity measure for both semantic relevance and semantic
completeness, as it is a standard metric in the vector space model for comparing textual representations
[18], and is commonly employed in modern embedding-based approaches to capture semantic similarity
between text representations [19]. Together, these metrics capture semantic relevance and semantic
completeness of keyword annotations in relation to descriptive metadata.

4. Experimental Setup

In open data portals, descriptive metadata serve as the primary textual representations used for indexing
and retrieval. Access to raw dataset content is often heterogeneous or limited. In our experimental setup,
we treat descriptive metadata (title and description) as a proxy for dataset content, as this metadata
is intended to summarize the underlying data. This assumption is consistent with practical dataset
discovery workflows in open data portals, where users primarily interact with metadata representations
rather than raw dataset contents during search and browsing.

4.1. Data Source

In this work, the European Open Data Portal is used as a case study. We downloaded the metadata
dump available from the portal® and extracted 23,777 datasets from the data.gov.uk collection, which
was selected due to its comparatively large number of datasets. From this collection, we randomly
sampled 10,000 datasets and retained the dataset ID, title, description, and keywords. This sample was
selected to provide a sufficiently large and diverse corpus while keeping the embedding-based analysis
computationally feasible. The analysis was restricted to English-language metadata records containing
at least one keyword. While multilingual metadata presents an interesting avenue for future research,
it is beyond the scope of this study.

4.2. Evaluation Metrics and Variable Choices

4.2.1. Evaluation Metrics:

We analyze the semantic keyword quality in terms of semantic relevance and semantic completeness
as conceptualized in Section 3, in relation to the descriptive metadata they are associated with. We
examine the extent to which keywords semantically align with and semantically represent the descriptive
metadata.

4.2.2. Keyword Baseline:

Ideally, semantic completeness would be analyzed against a human-validated gold standard of meta-
data concepts. However, creating such annotations at the scale of the dataset under investigation is
impractical. Consequently, metadata concepts are approximated using NLP-based keyword extraction.

*https://data.europa.eu/en/download-datasets, accessed on 16 April 2026.
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Specifically, concepts are extracted from dataset titles and descriptions using KeyBERT, a transformer-
based keyword extraction method [20], and used as a proxy representation of the information expressed
in the descriptive metadata. To analyze robustness to the choice of extraction method, we additionally
evaluated the approach using YAKE [21]. The results exhibited consistent qualitative trends despite
minor differences in absolute semantic completeness values (Appendix B), suggesting that the findings
are not specific to the selected keyword extraction technique.

4.2.3. Choice of the Threshold Value (7):

For the semantic completeness metric, we set the similarity threshold 7 to 0.7 as a practical criterion for
identifying strong semantic similarity. This threshold is informed by prior empirical evidence in the
literature [22, 23], which indicates that this threshold offers a balanced trade-off for determining strong
semantic alignment without imposing overly strict matching constraints. We also perform a sensitivity
analysis under alternative thresholds (z € {0.6,0.8}) to assess the robustness of the observed trends.
Although the absolute semantic completeness scores vary across thresholds, the overall qualitative
pattern remains broadly consistent. This suggests that the principal observations are not entirely
dependent on a single threshold choice, while the variation in absolute scores highlights the sensitivity
of the measure to threshold selection. The results of this analysis are presented in Table 3.

4.2.4. Choice of Embedding Model:

Lastly, for computing embeddings, we use the all-MiniLM-L6-v2* model from the SentenceTransformers
framework. It has been widely adopted for semantic similarity and information retrieval tasks because
it balances computational efficiency and strong semantic representation performance [24]. A robustness
analysis using an alternative sentence embedding model (all-mpnet-base-v2) [25] yielded consistent
qualitative trends for both semantic relevance and semantic completeness. While threshold-based
semantic completeness values showed modest sensitivity to encoder choice, the comparative pattern
of higher title semantic completeness relative to description semantic completeness remained stable
across thresholds (Appendix A, Tables 5 and 6).

5. Results and Discussion

In this section, we present and discuss the results of semantic keyword quality evaluation on a collection
of datasets from the European Open Data Portal.

5.1. Semantic Relevance of Keywords

As semantic relevance is measured using cosine similarity, values theoretically range from —1 to 1;
consequently, small negative values should be interpreted as weak semantic mismatch rather than
semantic contradiction. The identical minimum values in Table 1 arise from datasets with a single
assigned keyword (k = 1), for which the aggregated and average keyword-level relevance measures are
equivalent.

Table 1
Summary statistics of semantic relevance metrics in relation to dataset titles and descriptions.

Metric  Agg Title Agg Description Avg Title Avg Description

Mean 0.44 0.41 0.30 0.28
Median 0.44 0.42 0.28 0.27
Std 0.177 0.145 0.135 0.105
Min -0.084 -0.081 -0.084 -0.081

Max 1.000 1.000 1.000 1.000
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Figure 1: Density plot showing the relationship between the number of assigned keywords and aggregated
semantic relevance.
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Figure 2: Box plot comparison of aggregated semantic relevance scores for dataset titles and descriptions.

The evaluation results indicate that the keywords exhibit low-to-moderate semantic relevance
to associated descriptive metadata. As shown in Table 1, the mean aggregated similarity scores of
approximately 0.44 for titles and 0.41 for descriptions, together with median values close to 0.44 and
0.42, suggest that keywords are on average semantically related to the descriptive metadata, although
this alignment is not particularly strong. The average keyword-level similarities presented in Table 1 are
lower than the aggregated similarities, with mean values of 0.30 for titles and 0.28 for descriptions. This
indicates that while keyword sets collectively capture the semantic meaning of metadata reasonably
well, individual keywords are often only partially aligned with the metadata semantics.

Figure 1 shows that a higher number of assigned keywords does not necessarily correspond to
higher aggregated semantic relevance. While some datasets with relatively few keywords achieve
high relevance, datasets with larger keyword sets exhibit considerable variation in similarity scores.
Consistent with the summary statistics in Table 1, aggregated relevance remains only low-to-moderate
across keyword counts, suggesting that semantic alignment is more important than keyword quantity.
The figure also indicates that title relevance is generally slightly higher than description relevance,
particularly for datasets with fewer keywords. The box plots in Figures 2 and 3 further show that most

*https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2
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Figure 3: Box plot comparison of average keyword-level semantic relevance scores for dataset titles and
descriptions.

Table 2

Illustrative examples of semantic relevance.
Dataset Assigned keywords Relevance Observation
Heritage  Partner- Heritage Agreements 0.90 The assigned keyword is closely
ships Agreements aligned with the dataset topic and

expresses a highly related concept.
This strong semantic correspon-
dence results in high semantic rele-

vance.
Heritage at Risk Reg- historic environment 0.05 The assigned keyword is only
ister loosely aligned with the dataset

topic and represents a broader her-
itage concept. This weak semantic
correspondence results in low se-
mantic relevance.

datasets fall within a low-to-moderate relevance range rather than exhibiting strong semantic alignment.
Although a small number of datasets achieve relevance scores close to 1.0, particularly for titles, such
cases are uncommon. The presence of low and negative similarity values further suggests that some
datasets contain poorly aligned or potentially noisy keywords that do not adequately correspond to
the descriptive metadata. Table 2 provides illustrative examples of high and low semantic relevance.
The examples show that high relevance is typically associated with keywords that closely match the
dataset topic, whereas low relevance often results from broad thematic keywords that fail to capture
the specific concepts expressed in the metadata.

The relatively large number of outliers observed in the semantic relevance boxplots reflects substantial
variation in keyword assignment practices across datasets. An analysis of the outlier results shows that
high-relevance outliers often occur when highly specific keywords closely match the dataset title (e.g.,
Strategic Industrial Land assigned the keyword Strategic Industrial Land, relevance score 1.0), whereas
low-relevance outliers arise when broad thematic keywords only partially represent the dataset content
(e.g., All Sources (within agglomerations) Noise Contours Lden Round 2 assigned Human health and safety,
relevance score —0.084). This pattern is particularly evident for the average keyword-level relevance



metric, which is more sensitive to individual keyword similarities than the aggregated relevance metric.
Overall, while keywords are generally semantically related to dataset metadata, their relevance remains
only low to moderate, highlighting limitations in the precision and consistency of keyword assignment.

5.2. Semantic Completeness of Keyword Annotations

Table 3 summarizes the semantic completeness results for 7 = 0.7 together with a robustness analysis
across alternative threshold values. Although absolute scores vary with the threshold, the overall
qualitative trends remain consistent.

Table 3
Summary statistics and threshold robustness analysis of semantic completeness.
(a) Summary Statistics (r = 0.7) (b) Mean Semantic Completeness Across
Metric Title Description Threshold Values
Mean 0.325 0.278 T Title Description
Median  0.200 0.200 0.6 0.418 0.394
Std 0.314 0.317 0.7 0.325 0.278
Min 0.000 0.000 0.8 0.207 0.150
Max 1.000 1.000
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Figure 4: Box plot comparison of semantic completeness scores for dataset titles and descriptions at T = 0.7.

1o Title Semantic Completeness Description Semantic Completeness
wn
wn
2 0.8
[
ot
Q
£
5 0.61
(&)
=
=}
C
®© 0.4+
€
[}
(2]
C
@ 0.2
[
=

0.0

1-5 6-10 11-20 21-50 50+ 1-5 6-10 11-20 21-50 50+
Keyword Count Group Keyword Count Group
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Table 4
[llustrative examples of semantic completeness.

Dataset Assigned keywords Completeness  Observation
Woodland Grant Woodland, grants, 0.79 The assigned keywords represent
Scheme forestry the principal concepts expressed

in the dataset title and include
relevant related terminology. Be-
cause most of the semantic con-
tent is covered, the dataset exhibits
high, though not complete, seman-
tic completeness.

Air Quality Manage- Air Quality 0.07 The assigned keyword represents

ment Areas the broader environmental theme
of the dataset but omits the
management-area concept. As a re-
sult, only limited semantic content
is covered, leading to low semantic
completeness.

The semantic completeness results indicate that the assigned keywords are limited in their semantic
representation of the concepts expressed in the descriptive metadata. As shown in Table 3, the mean
semantic completeness values are approximately 0.33 for titles and 0.28 for descriptions, with median
values of 0.20 for both metadata fields. This indicates that only a small fraction of the concepts
expressed in the descriptive metadata are semantically represented by assigned keywords, as estimated
through the metadata-derived keyword proxy. The results further show that concepts expressed in title
metadata are generally better represented than those expressed in description metadata. Table 4 provides
illustrative examples of high and low semantic completeness. The examples show how differences in
semantic coverage arise from the extent to which assigned keywords represent concepts expressed in
the metadata.

Figure 4 further illustrates the distribution of semantic completeness scores across the datasets.
Notably, the median semantic completeness is 0.2 for both titles and descriptions, indicating that a
typical dataset has only a small proportion of metadata concepts semantically covered by its assigned
keywords. The low median values and concentration of datasets in lower semantic completeness
ranges indicate a systematic lack of completeness in keyword assignments. Although some datasets
achieve high semantic completeness values approaching 1.0, these cases are relatively limited and do
not represent the general trend observed across the datasets. In Figure 5, it is clear that a higher number
of keywords does not necessarily guarantee an improvement in semantic completeness. While there is
a slight upward trend in some cases, the overall pattern suggests a weak relationship between keyword
quantity and semantic completeness. This observation suggests that additional keywords may introduce
semantically overlapping or redundant terms rather than capturing additional concepts expressed in
the descriptive metadata.

In summary, the keyword sets across the datasets provide incomplete semantic representations of
the descriptive metadata, particularly for dataset descriptions where many concepts expressed in the
metadata remain semantically unrepresented. The results indicate limitations in the completeness and
representativeness of keyword assignment practices across open data portals.

5.3. Semantic Relevance Versus Semantic Completeness

The results reveal a clear divergence between semantic relevance and semantic completeness across the
datasets. While semantic relevance exhibits low alignment with descriptive metadata (mean aggregated
relevance of 0.44 and 0.41 for titles and descriptions, respectively), semantic completeness remains
substantially lower (title mean = 0.33; description mean = 0.28). This suggests that although assigned



keywords are generally related to dataset metadata, they capture only a limited portion of the concepts
expressed in descriptive metadata, as estimated through the metadata-derived keyword proxy. The
median values of 0.43 and 0.20 further support this observation. For example, the dataset Heritage
Partnerships Agreements is annotated with the keyword Heritage Agreements. Although the keyword
exhibits high semantic relevance due to its close semantic alignment with the dataset topic, it achieves
low semantic completeness because it represents only a subset of the concepts expressed in the metadata.
This example illustrates that semantically relevant keywords do not necessarily provide comprehensive
semantic coverage, highlighting the need to consider both semantic relevance and semantic completeness
when evaluating semantic keyword quality.

From a governance perspective, these findings highlight limitations in current metadata curation
practices within open data portals. The observed gap suggests that existing keyword annotation
processes may not adequately capture the full semantic scope of metadata representations, potentially
affecting metadata-driven dataset discovery. This underscores the need for governance strategies that
promote both semantic relevance and semantic completeness through guidelines, validation mechanisms,
and automated keyword enrichment.

In summary, the results indicate that semantic keyword quality depends on both semantic relevance
and semantic completeness. The substantial gap between these dimensions suggests that improving
keyword quality requires not only ensuring keyword-metadata alignment but also increasing the
coverage of metadata concepts represented by keywords.

6. Conclusion and Future Work

This paper presents an operational adaptation of established metadata quality dimensions for analyzing
keyword annotations and analyzes semantic keyword quality in open data portals using the European
Open Data Portal as a case study. We propose a structured approach that operationalizes semantic
keyword quality through semantic relevance and semantic completeness to assess how well keywords
align with descriptive metadata. Rather than evaluating retrieval effectiveness, this work focuses on
defining and measuring semantic keyword quality, providing a foundation for future studies on its
impact on dataset discoverability.

The experimental analysis highlights low-to-moderate semantic relevance of assigned keywords in
relation to dataset descriptive metadata. The presence of low similarity scores further indicates incon-
sistencies in keyword annotation across datasets. In contrast, the semantic completeness results reveal
that keyword annotations provide only limited semantic representation of the concepts expressed in de-
scriptive metadata. This highlights a clear gap between semantic relevance and semantic completeness
in current keyword assignment practices. Our findings therefore provide valuable insights regarding
keyword annotations on Open Data Portals and emphasize the need to better capture the semantic
content of descriptive metadata fields. Our findings further suggest that analyzing semantic keyword
quality provides an additional lens for evaluating metadata quality, particularly in metadata-driven
discovery environments where keyword annotations play an important role in dataset representation
and access. Overall, the results indicate that keyword annotations in open data portals often provide
an incomplete semantic representation of dataset metadata, highlighting substantial opportunities for
improving metadata-driven dataset discovery. The proposed SKQ metrics offer a systematic approach to
assessing keyword annotation quality and may support metadata governance in open data ecosystems;
however, future work is needed to establish their relationship with discoverability, retrieval effectiveness,
and FAIR findability.

Although this study analyzes semantic alignment and semantic completeness as indicators of semantic
keyword quality, it does not establish their impact on dataset retrieval performance in realistic discovery
scenarios. Furthermore, the aggregated semantic relevance metric relies on mean pooling and may be
sensitive to noisy or semantically unrelated keywords, while the analysis assumes that descriptive meta-
data is a meaningful proxy for dataset content without directly validating metadata—content alignment.
Semantic completeness is estimated using automatically extracted keywords as proxy concepts rather



than human-validated annotations; consequently, the reported scores should be interpreted as estimates
whose accuracy depends on the concept extraction process. Future work could evaluate the effectiveness
of different keyword extraction methods in approximating dataset concepts by comparing them with
expert-annotated concept sets. It will also investigate the relationship between semantic keyword
quality and dataset discoverability, multilingual keyword settings, alternative concept extraction and
aggregation strategies, and automatic keyword enrichment approaches for improving semantic keyword
quality and metadata-driven dataset discovery.
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Appendix

A. Robustness Analysis Across Alternative Embedding Models

For this robustness analysis, only the sentence embedding model was varied, while the keyword
extraction method (KeyBERT) and all other experimental settings were kept fixed.

Table 5
Semantic relevance robustness across embedding models. Semantic relevance scores remain largely consistent
across encoder architectures, suggesting that the observed trends are robust to embedding model choice.

(a) Baseline: all-MiniLM-L6-v2 (b) Alternative: all-mpnet-base-v2
Metric Mean Median Metric Mean Median
Agg Title 0.4354 0.4396 Agg Title 0.4331 0.4393
Agg Description  0.4067  0.4170 Agg Description  0.4232  0.4322
Avg Title 0.2979 0.2844 Avg Title 0.2979 0.2849
Avg Description  0.2776 ~ 0.2730 Avg Description  0.2910  0.2827

Table 6
Robustness analysis of semantic completeness across semantic similarity thresholds (z) and sentence embedding
models. Although absolute values vary, the overall trends remain consistent across thresholds and embedding
models.

(a) Baseline: all-MiniLM-L6-v2 (b) Alternative: all-mpnet-base-v2
T Statistic Title Desc. T Statistic Title Desc.
0.6 Mean 0.4184 0.3935 0.6 Mean 0.3901 0.3621
0.6 Median  0.4000 0.4000 0.6 Median  0.4000 0.4000
0.7 Mean 0.3251  0.2777 0.7 Mean 0.2740  0.2204
0.7 Median  0.2000 0.2000 0.7 Median  0.2000 0.2000
0.8 Mean 0.2067 0.1495 0.8 Mean 0.1665 0.1106
0.8 Median 0.2000  0.0000 0.8 Median 0.2000  0.0000

B. Metadata Concept Extraction Robustness Analysis

For this robustness analysis, only the keyword extraction method was varied, while the sentence
embedding model (al1-MiniLM-L6-v2) and all other experimental settings were kept fixed.

Table 7
Semantic completeness robustness across similarity thresholds and keyword extraction methods. Although
absolute values vary, the overall trends remain consistent across thresholds and extraction methods.

(a) Baseline: KeyBERT (b) Alternative: YAKE
T Statistic Title Desc. T Statistic Title Desc.
0.6 Mean 0.4184 0.3935 0.6 Mean 0.3735 0.2705
0.6 Median 0.4000 0.4000 0.6 Median 0.4000 0.2000
0.7 Mean 0.3251  0.2777 0.7 Mean 0.2912 0.2089
0.7 Median 0.2000 0.2000 0.7 Median 0.2000 0.2000
0.8 Mean 0.2067 0.1495 0.8 Mean 0.1959 0.1341

0.8 Median  0.2000 0.0000 0.8 Median  0.2000 0.0000
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