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Abstract

The findability and usability of open data have never been more important due to the
volume of available data. Therefore, methods have been developed to improve the dataset
metadata quality, enhancing its findability and usability. One effective approach for filling
in missing category information is based on the Formal Concept Analysis method. Since
this method relies on a knowledge base consisting of concept lattices produced for each
category on an open data portal, the focus of this research is to analyze the usability of
the semantically reduced concept lattice over time. In particular, we are focused on (1) the
impact of the semantic reduction threshold on the long-term usability and expressiveness
of the generated concept lattices and (2) the identification of metadata change indicators
that would require recreation of the knowledge bases. We perform this analysis using
Ireland’s and Canada’s open data portals—two portals with different approaches to dataset
categorization. For both portals, datasets from 2020, 2021, and 2023 are used for knowledge
bases creation, while semantically reduced concept lattices are evaluated using six test
datasets per portal, containing new datasets from 2020 to 2025. We will show that seman-
tically reduced concept lattices maintain good long-term usability under regular dataset
growth. Among other findings, we will demonstrate that dataset categorization based on
two-year-old concept lattices achieves over 83% accuracy and that at the category level,
even four-year-old reduced concept lattices attain accuracy exceeding 90%.

Keywords: open data; formal concept analysis; semantic similarity; categorization; natural
language processing; open data portal; concept lattice; reduction

1. Introduction
The release of various content on the web has become increasingly common due

to the many projects undertaken in the past. The idea of open data, which allows for
public access to data for various uses, is the key motivation behind these initiatives. It is
believed that open data will benefit the public, businesses, and individuals, as it is seen
as a driver of economic development, knowledge enhancement, and innovation [1]. In
a proposal for a directive of the European Parliament and of the Council on the reuse of
public sector information (recast), estimated total value of public sector information could
rise to 194 billion by 2030 [2].

Government agencies are disseminating information from various domains, such as
statistics, transportation, the environment, permits, licenses, budgets, geography, and the
economy, to enhance transparency and engage civil societies [3]. This initiative is referred
to as Open Government Data (OGD). Data is made available through Open Data Portals

Appl. Sci. 2026, 16, 5490 https://doi.org/10.3390/app16115490

https://crossmark.crossref.org/dialog?doi=10.3390/app16115490&domain=pdf&date_stamp=2026-06-02
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/applsci
https://www.mdpi.com
https://orcid.org/0000-0002-9779-5465
https://orcid.org/0000-0002-9262-2821
https://orcid.org/0000-0002-4406-3420
https://orcid.org/0000-0003-1097-9833
https://doi.org/10.3390/app16115490


Appl. Sci. 2026, 16, 5490 2 of 25

(ODPs) to maximize its potential benefits. These portals are similar to digital libraries that
offer catalogs and databases for organizing files. Each dataset published on the ODP is
supported by metadata, which is structured descriptive information containing various
details about the respective resource. The keys signify property names, while the values
denote the information linked to those properties. Metadata is organized in the form of key
value pairs.

Open data portals provide metadata-based search tools to facilitate data discoverability.
Some of the most straightforward and user-friendly search options are based on the category
and tags. Category-based search selects datasets that are linked to the same topic, whereas
tag-based search provides more concentrated browsing based on the phrases used for
the dataset’s description. However, incomplete or erroneous information hinders the
effectiveness of the search process, yields only partial results, and makes it more difficult to
locate facts. This problem is becoming increasingly apparent due to the amount of publicly
available datasets and the growth of the ODP.

The quality of search results on open data portals depends on how complete the
metadata entries are. Due to the increasing number of datasets on open data portals,
inadequate metadata has a substantial impact on the discoverability, use, and reuse of
datasets, particularly in cases when no classification is provided. Numerous studies
indicate the importance of metadata for proper dataset discovery [4,5] and interpretation [6].
Since then, improving metadata quality has received a lot of attention from the scientific
community. However, several studies have shown that information is often missing [7],
which has led to the creation of techniques for filling in the missing metadata.

One approach to addressing the gaps in category information is to utilize the existing
metadata, specifically the tags that can be used to categorize datasets. The Formal Concept
Analysis (FCA) technique has proven its open data categorization capabilities by construct-
ing concept lattices for each available category on an open data portal [8]. These concept
lattices act as a knowledge base for categorizing datasets based on the relevant tags that
define them and outline a hierarchy of tag usage within an individual category. However,
as the number of datasets on a portal increases, the variety of tags and their combinations
used to describe the datasets also expands. Consequently, it is essential to update the
knowledge base or parts of it, specifically the concept lattices for categories that have expe-
rienced significant changes, by incorporating new datasets with varying tags to maintain
the accuracy of the categorization process over time. In such cases, the high computational
cost of knowledge processing is a significant obstacle in practical FCA implementations.
The task of creating concept lattices that are appropriately sized and structured to represent
crucial contextual features continues to be a major objective in FCA [9,10]. Numerous
methods for reducing concept lattices have been discussed in existing literature [11] and
their usage has facilitated FCA application in various fields of data science. Nevertheless,
the question of durability, usability, and efficiency of the reduced concept lattices for the
task of the categorization remains open for evolving metadata environments such as open
data portals.

In this research, we analyze the usability and efficiency of the semantically reduced
concept lattices for the task of open data categorization in open data portals with evolving
metadata. Since, in this case, concept lattice acts as a knowledge base for categorizing
datasets, our analysis is focused on measuring the usability and efficiency of knowledge
bases generated from data originating from different periods of time. The measurements
are performed by evaluating the precision of the FCA-based categorization algorithm [12],
resulting in a twofold contribution:
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• Determining the influence of a reduction threshold on the knowledge base durability
and usability.

• Discovering a set of metadata volume and structure change indicators that impose
knowledge base recreation.

In order to perform an in-depth analysis of the long-term usability of the reduced
concept lattices, it is essential to evaluate their behavior across portals with different dataset
categorization approaches, particularly regarding the number of categories that may be
assigned to a single dataset. Accordingly, this study utilizes two national open data portals
with contrasting categorization approaches: Ireland’s open data portal that assigns only
one category per dataset, and Canada’s open data portal that assigns multiple categories
per dataset. Datasets from Ireland and Canada ODPs across 2020, 2021, and 2023 are used
to construct knowledge bases with different reduction thresholds, while six derived test
datasets per portal, capturing newly available data across different year intervals (from
2020 to 2025), are used for categorization purposes.

2. Related Work
2.1. Open Data—Metadata Usage

The goal of the open data movement is to encourage the reuse of public sector data
by making it publicly accessible online [13]. The ultimate benefit might be enormous,
despite the initial objective being rather modest. The quantity of publicly available data has
grown dramatically in the past 20 years. The market potential for strategic planning, cost
reduction, and productivity would reach billions of dollars if this data could be utilized
properly [14].

Open data is typically made accessible for consumption through so-called “one-stop-
shop” ODPs, which centralize data from heterogeneous sources. Users may visually
identify and use data through the ODP’s user interface, or developers can utilize it to
create specialized applications for open data analysis and reuse. In most cases, ODPs are
based on open-source platforms like Drupal Knowledge Archive Network (DKAN) or
Comprehensive Knowledge Archive Network (CKAN), while some utilize proprietary
software like Opendatasoft or Socrata [15]. When it comes to developers’ use of open data,
the dataset format that is accessible through APIs is more important than the platform
itself. The structure of the dataset is not intended for human reading but rather for
machine processing. It depends on metadata, which is similar to DNA for data—basic,
useful components that define the purpose and content. Open data portals mostly rely on
the Data Catalog vocabulary (DCAT) [16,17]. Consequently, datasets accessible through
APIs share a consistent structure across several metadata keys, such as title, description,
groups, publisher, tags, resources, and so on. These keys may be used for several purposes,
including programmatically exploiting datasets, analyzing and comprehending datasets to
uncover hidden information.

Maintaining high-quality data and related metadata is crucial as the quantity and
diversity of data sources grow [5]. End consumers are not interested in poorly explained
data, as it is unable to provide new value for them. Poorly described data impacts both the
integration with other datasets across portals as well as the discovery and consumption of
a dataset inside a single portal [18]. Thus, we may designate data harmonization—which
entails conforming data to open data publishing standards—as the most crucial stage prior
to releasing open data. The eight open government data principles outline the fundamental
characteristics of data that must exist for it to be classified as “open” [19]. The openness
qualities of datasets cannot be automatically determined without values for metadata keys
like organization, group, or tags.
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For data segmentation and quality assessment, a number of meta-keys are employed,
but groups and tags are among the most crucial. Groups combine data under a certain
subject or category, whereas tags are mostly used to quickly search and retrieve related
datasets. Thus, both are meant for dataset consumers. The process of tagging datasets is
fraught with issues including synonyms, incoherence, misspellings, and ambiguity [20],
which impede the datasets’ findability.

The manual tag creation process is laborious and prone to human mistakes, as tags
may not always be correct or pertinent to the dataset in question [21,22]. Furthermore,
because tagging is time-consuming and one of the obstacles to data openness, publishers
may completely ignore it [19]. Although tags can appear to be a trivial aspect, the present
practice demonstrates that OGD portals, especially “trend-setters” like the Estonian open
data portal, sometimes struggle with both their presence and relevance to the actual
dataset [23]. Search engines are unable to use semantic relations across datasets because
values for metadata keys frequently indicate provenance information rather than concepts
from the reported dataset’s domain [24].

Since metadata keys and values impact how datasets are understood and used, it is
crucial to maintain them continuously. Cleaning and reconciling metadata, then using
common metadata values across ODPs, would be the solution to this issue. Formal Concept
Analysis (FCA) has proven its value for determining the similarity of metadata usage
and open data portal metadata alignment [25]. In the context of open data portals, FCA
generates knowledge structures that have been successfully used for metadata alignment by
taking advantage of semantic similarity among existing metadata values. Still, FCA results,
e.g., knowledge structures, depend on the actual metadata values (groups, categories,
tags), which raises the question regarding their durability. Open data portals are evolving
metadata ecosystems and the usability of knowledge structures generated at a particular
point of time in such a system should be investigated.

2.2. Formal Concept Analysis in a Nutshell

Rudolf Wille formalized Formal Concept Analysis (FCA) in 1982 [26], presenting it
as a lattice theoretic method (sometimes nicknamed “applied lattice theory”) for building
concept hierarchies and extracting key relationships. Its information-preserving property
led to rapid popularity in data analysis, albeit at the expense of potentially significant
computational resources. A core step in the Formal Concept Analysis (FCA) process is
examining the relationships between objects and their attributes within a specific domain.
These relationships are captured in a binary table known as a formal context—essentially
an object-by-attribute matrix where rows represent objects, columns represent attributes,
and a cross (or 1) in a cell indicates that the object possesses that attribute. When FCA is
applied to this formal context, it generates sets of objects and attributes that embody the
domain’s knowledge. These sets are then organized into a concept lattice, which visually
reveals various rules, implications, and connections.

The following definitions constitute the foundation of FCA formal description:

Definition 1 ([26]). A formal context is a triple K𝐾 ≔ (G, M, I) which consists of a set G of objects,
a set M of attributes, and a binary relation I ⊆ G × M. (g, m) ∈ I is read as “object g has attribute
m”.

Definition 2 ([26]). For A ⊆ G, let AI𝐾 ≔ {m ∈ M|∀g ∈ A : (g, m) ∈ I}, and dually, for B ⊆ M,
let BI𝐾 ≔ {g ∈ G|∀m ∈ B : (g, m) ∈ I}.

If the following conditions are met: A ⊆ G, B ⊆ M, AI = B, BI = A, then a pair (A, B) is
a formal concept. Set A is named concept extent while set B is named concept intent.
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Definition 3 ([26]). The set S(C) of all concepts of a formal context C together with a partial order
(A1, B1) ≤ (A2, B2) :↔ A1 ⊆ A2 (which is equivalent to B1 ⊇ B2) is a complete lattice of C.

FCA is considered as a data analysis method based on the usage of the relationship
between a particular set of objects and a particular set of attributes. In most cases, an
incidence matrix is used to visualize the relationship between these two distinct sets. Thus,
an incidence matrix visualizes a formal context. An example of formal context visualization
is given in Table 1 where airlines of the Star Alliance group represent the set of objects,
while the attribute set contains their destinations [27]. Each row within the incidence matrix
represents an object, each column represents an attribute while matrix field values (usually
bool or yes/no values) denote the relationship between object and attribute. In the case
of formal context presented in Table 1 incidence matrix describes which destinations are
served by which Star Alliance member.

Table 1. Incidence matrix—a formal context about the destinations of the Star Alliance members [27].
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Air Canada X X X X X X X X

Air New Zealand X X X

All Nippon Airways X X X

Ansett Australia X

The Austrian Airlines Group X X X X X X

British Midland X

Lufthansa X X X X X X X X

Mexicana X X X X X

Scandinavian Airlines X X X X X

Singapore Airlines X X X X X X

Thai Airways International X X X X X

United Airlines X X X X X X X

VARIG X X X X X X

The most significant output of FCA is the concept lattice. FCA derives concepts from
the incidence matrix and generates a collection of formal concepts. This collection is logi-
cally organized into a hierarchy of concepts interconnected using subconcept–superconcept
relations—a concept lattice [27]. In Figure 1 we can see a concept lattice generated for a
formal context depicted in Table 1. It is easy to notice that the concept lattice reflects the gen-
eralization and specialization between formal concepts within a single formal context [27].
If formal concepts are considered the basic units of thought, then it is no surprise FCA has
found its various applications.
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Figure 1. The concept lattice of the formal context in Table 1.

The value of FCA largely stems from the fact that experts can visually inspect the
concept lattice to reveal meaningful patterns and dependencies. Therefore, generating
all formal concepts and their lattice is essential for FCA applications. Over the years,
FCA has been successfully applied to knowledge discovery [28–32], knowledge represen-
tation [33], pattern recognition tasks [34,35], web usage mining [36,37], and many other
data science fields. To elaborate on the literature on FCA, Poelmans et al. presented a
survey [28]. Their study examined 702 articles published between 2003 and 2009 that
referenced formal concept analysis in their abstracts, with particular emphasis placed on
a subset of 140 publications centered solely on data mining and knowledge discovery. A
comprehensive 2013 survey [29] re-examined and visualized the key research areas in
formal concept analysis. From 2011 to 2016, Singh et al. [38] analyzed over 350 publications
and highlighted the following major directions: FCA combined with granular comput-
ing, fuzzy FCA, interval-valued fuzzy approaches, possibility theory, rough sets, triadic
concepts, factor concepts, and incomplete formal contexts. The study reaffirmed FCA’s
prominent role in knowledge discovery, logical reasoning, decision contexts, and ontology
engineering. Azibi et al. [39] reviewed various FCA-based classification approaches and
grouped them into three main categories—distributed classifiers, ensemble classifiers, and
mono-classifiers, thereby highlighting the effectiveness of Formal Concept Analysis in
machine learning.

With the rise of big data, FCA has emerged as a valuable technique for handling
large-scale datasets. This makes efficient and reliable FCA methods critical for knowl-
edge extraction and representation. In response, researchers have proposed a variety of
parallel and distributed algorithms to accelerate the computation of all relevant formal
concepts. The researchers proposed parallel implementations based on the Close-by-One
algorithm [40] and, in 2009, presented the earliest distributed FCA algorithm [41] using
the MapReduce paradigm [42]. Separately, Chunduri et al. [43] proposed a distributed ap-
proach called UNConceptGeneration to derive novel insights from binary object-attribute
relational data.

Numerous techniques have been proposed to build reasonably sized concept lattices
that highlight the most important features of the data. These falls into two main groups:
(a) methods that reduce complexity with a context-level representation, and (b) lattice-level
pruning techniques, such as iceberg reduction. In general, the goal is often to remove as
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many objects or attributes as possible without altering the core lattice structure. Commonly
used approaches, as reviewed in [11], include context preprocessing [44–47], non-essential
distinction elimination [48–50], and selective concept filtering [51,52]. The method applied
in this research for reducing concept lattices falls within the context of preprocessing
techniques. This method employs an attribute reduction process by replacing redundant
attributes with its semantically similar attribute, thereby reducing the total number of
used attributes.

Current state-of-the-art approaches, such as machine learning or embedding-based
approaches, confirm FCA to be complementary rather than comparable to them. FCA has
successfully combined decision trees to create ML models generating modern classifiers
and regressors [53]. The authors of [54] induce a decision tree from the concept lattice,
while [55] compares the ways the concept lattice and the decision tree can be used for
supervised learning. Moreover, FCA has been successfully combined with artificial neural
networks in neuro-symbolic approaches. Integration of these approaches is bidirectional.
FCA has been used for modernization of the neural network architecture based on concept
lattices [56], as well as improving low dimensional node embeddings without parameter
tuning [57]. On the other hand, the formal lattice graph of FCA has been reproduced using
generative neural models for graphs [58].

3. Research Problem Definition
Open data metadata completeness, such as metadata for category information, is

one of the key prerequisites for open data discoverability and its ability to reach its full
potential on open data portals. Therefore, filling out missing metadata values such as
category information, in order to improve metadata quality and consequentially open data
findability, has been recognized as an important process for improving the quality of open
data. Methods relying on Formal Concept Analysis have proven effective for determining
appropriate categories for datasets based on their tags [12]. One of the core parts of these
methods is the knowledge base that consists of concept lattices generated based on the
combinations of tags used for describing already categorized datasets. Therefore, in order
to maintain the quality of FCA-based categorization methods, it is essential to periodically
update the concept lattices. Furthermore, concept lattice generation algorithms commonly
face exponential complexity as the number of attributes and/or objects increases, resulting
in the generation of extremely large concept lattices with potentially a significant number
of concepts with arguable usability. Therefore, the algorithm for the reduction of set of
attributes, in this case set of tags, has shown great potential [25].

For that reason, within this research, we have decided to address two important
aspects of FCA application for open data categorization bringing usability and durability
conclusions and recommendations:

• The impact of the semantic reduction measure on the usability of created concept
lattices over time—a lower reduction threshold retains more general concepts, but
can also reduce the expressiveness of the used terms which can lead to losing specific
terms in the particular field. Alternatively, a higher reduction threshold will keep
the expressiveness of the terms but will result in a more complex concept lattices.
Therefore, within this part of the analysis, we will examine how the reduction threshold
influences the long-term usability of the generated concept lattices.

• Metadata change indicators, due to which it is necessary to recreate the knowledge
base for the selected reduction measure.

https://doi.org/10.3390/app16115490
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3.1. Formal Context Reduction

The main idea behind formal context reduction is to reduce the number of attributes
describing objects in the formal context. For FCA-based open data categorization, for
each category on an open data portal, a formal context is defined with a set of datasets
that belong to a particular category and a set of tags used for describing those datasets.
Therefore, the reduction of such formal context represents a reduction in the number of
distinct tags appearing in the context by comparing their meanings. For example, if in
the “Arts” category there are tags “paint”, “pigment”, and “rouge”, the formal context
reduction algorithm could mark these tags as synonyms and reduce the tags space by
replacing those three tags with only one.

For that reason, in this research, we employ [25] algorithm that relies on the semantic
similarity for reducing the number of distinct tag values, which results in the reduction
of the formal context. At the beginning, all tags are converted into 300 dimensional
vectors using GloVe (Global Vectors for Word Representation) [59] model which allows
similarity comparison on the word level. The GloVe model used within this algorithm
is trained on Common Crawl data, with 840 billion generated tokens and vocabulary
containing 2.2 million entries. This model has a broad vocabulary and heterogeneous
linguistic coverage, and allows similarity comparison on the word level.

Within this algorithm, tags are processed as they appear in the formal context. For
each pair of tags within one formal context a cosine similarity is calculated using the
following definition:

Definition 4 ([25]). Similarity ST between two tags, TX and TY, is defined as the largest sim-
ilarity between any two words WX and WY, whereas WX and WY represent parts of TX and
TY, respectively.

After computing tag similarity results for all tag pairs, tags whose similarity values
exceed a predefined threshold are considered highly similar. Consequently, for each tag in
the formal context C, a corresponding group of similar tags LST = [s1, s2, . . .,sk] is defined. If
the list of similar tags contains more than two tag values, the tag is identified as a reduction
candidate tag.

For each formal context C, reduced formal context CR is computed using the following
algorithm [25]:

For each pair (TI, LSTI) from C:

a. Find all intersection tag sets LINT = [u1, u2, . . ., uj] between LSTI and all other LST sets
in category C;

b. Among all LINT tag sets, find tag set LSUB which has the maximal number of elements
and is equal to LSTJ coupled with tag TJ from C;

• if LSUB cannot be found, iteration ends;
• if more than one tag has an equal maximal number of elements, the first one

is taken;

c. Since LSUB is a subset of LSTI, within LSTI replace LSUB with single tag—TJ;
d. Repeat steps from a to c until iteration ends.

The proposed algorithm operates through an iterative process of tag list comparison
and substitution, designed to optimize the representation of data within a formal context
for concept lattice construction. Specifically, the algorithm begins by generating lists of
similar tags based on predefined similarity criteria. These lists are then compared against
existing tag lists within the formal context to determine the largest common subset (i.e., the
maximal matching subset) that fully corresponds to the tags associated with an existing
tag. The identified largest subset of tags is replaced by its corresponding tag, and this
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step is repeated until all subsets are found and replaced by the appropriate tags. In cases
where multiple tags correspond to subsets of equal maximum size, the first identified tag is
selected. As the result of the performed algorithm the size of the formal context used for
generating concept lattice is reduced.

3.2. Methodology

From the formal context reduction algorithm it can be concluded that the threshold
value depends on the embedding model used for generating word vectors, as the semantic
similarity assigned to the same word pair may vary across different models. Furthermore,
it can be concluded that the choice of threshold value directly influences the extent of
the reduction. A lower threshold value increases the number of replacement candidates,
thereby enhancing the reduction potential. Accordingly, it will result with a larger number
of replaced tags and smaller number of attributes in the formal context, and thereby
simpler concept lattice. Consequently, higher threshold results in the replacement of
only highly similar tags, thereby limiting the overall reduction. Finding an appropriate
reduction threshold can be challenging. The authors of [60] reported the effects of the
word embedding model dimensionality on similarity threshold value by conducting the
experiments in different vector dimensions. They suggested that a threshold value of
0.7 would be appropriate for the 300-dimension model. Furthermore, the authors of [61]
analyzed open government metadata and manually checked tag pairs with semantic
similarity between 0.7 and 0.8. They concluded that threshold value set to 0.7 may harm
the expressivity of formal context. The authors gave example for tags “water transport”,
“pipeline transportation occurrences”, where setting reduction threshold to 0.7 would result
in substitution of these tags with more general one, e.g., water transport tag. Therefore,
within this research among 0.7, we will analyze and more restricted threshold values 0.8
and 0.9. Our goal is to investigate the number of reduced tags depending on the reduction
threshold, as well as its influence on the usability of the knowledge base over time.

For the purpose of the long-term usability analysis, we will combine the formal context
reduction algorithm with a FCA-based dataset categorization algorithm presented in [12].
Since different open data portals have different dataset categorization approaches in terms
of the number of categories that can be assigned to a single dataset, within this research,
Ireland’s and Canada’s open data portals will be investigated. Ireland’s open data portal
was chosen as a representative of the portals where datasets are assigned only one category,
and Canada’s open data portal was chosen as a representative of the portals where datasets
are assigned multiple categories. Since the number of assigned categories can have a direct
impact on the knowledge base usability and categorization algorithm performance, this
portal selection ensures that in the evolving metadata environment both categorization
approaches are analyzed.

The long-term usability analysis of the reduced concept lattices will be performed on
the 5-year period. To enable an over time analysis, six distinct datasets were utilized for the
construction of reduced concept lattices corresponding to the open data portals (ODPs) of
Ireland and Canada:

• IrelandDS 2020 and CanadaDS 2020—sets containing all datasets that were available
on the Ireland’s ODP and Canada’s ODP in 2020 respectively;

• IrelandDS 2021 and CanadaDS 2021—sets containing all datasets that were available
on the Ireland’s ODP and Canada’s ODP in 2021 respectively;

• IrelandDS 2023 and CanadaDS 2023—sets containing all datasets that were available
on the Ireland’s ODP and Canada’s ODP in 2023 respectively.

For each of these six datasets, reduced concept lattices were generated using Formal
Concept Analysis with reduction thresholds set to 0.7, 0.8, and 0.9. Each threshold value
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yields a distinct set of reduced lattices, e.g., a corresponding knowledge base, resulting in a
total of 18 knowledge bases across the six input datasets. For testing the usability of these
knowledge bases, we will perform categorization using six test datasets for each open data
portal, where test datasets contain all new data that became available in the following time
periods: 2021–2020, 2023–2020, 2025–2020, 2023–2021, 2025–2021, and 2023–2025. To ensure
that this analysis reflects the real-world growth of new datasets, no duplicate removal or
category balancing was performed on the test data.

4. Dataset and Formal Context Reduction
For the purpose of this research we have chosen two open data portals with different

dataset categorization approaches—Ireland ODP and Canada ODP. Ireland open data
portal organizes its data into 14 categories and in the period from 2020 to 2023 the upward
trend in the number of datasets and tags used for their description was noted. In 2020,
the total number of datasets on Ireland ODP was 10,151; in 2021 this number increased
to 12,949, in 2023 it was 17,844; and in 2025 there were 20,325 datasets on the portal. The
total number of tags more than tripled in this period; in 2020, there were 5070 tags; in
2021, there were 11,778 tags; in 2023, there were 15,593 tags; and the number of tags in
2025 was 17,231. Furthermore, it was noticed that in the period from 2020 to 2021 there
were 7984 datasets with new identification numbers, resulting in significant changes in the
distribution of datasets by category and usage of tags. For example, the number of datasets
was substantially reduced in the Economy and Society categories, and notably increased in
the Government category. The detailed distribution of the number of available datasets by
category for 2020, 2021, and 2023 is presented in Table 2 (ND column).

On the datasets from 2020, 2021, and 2023 reduction was performed using reduction
thresholds 0.7, 0.8, and 0.9, resulting in three reduced formal contexts per year. The percent-
age of reduced tags per category for each threshold and each dataset is presented in Table 2
(RT [%] 0.7, RT [%] 0.8, and RT [%] 0.9). Based on generated reduced contexts, concept
lattices were produces for each category on the portal. The structure of the generated
concept lattices, e.g., the number of generated nodes per lattice for each reduction threshold
is presented in Table 2 (NN 0.7, NN 0.8, and NN 0.9).

From the presented results it can be noted that the Crime category did not have any
reduction in the number of tags for any of the years and threshold values, due to the
specifics of the used tag values for describing datasets. Furthermore, the Towns category
did not have any reductions in 2021, while in 2020 within this category there was reduction
only for 0.7 threshold. Moreover, it can be noted that for the 0.9 threshold, there were
multiple categories, like Agriculture, Economy, Housing, etc., whereas for multiple datasets
the reduction was equal to 0. It can be concluded that, overall, reduction percentage was
below 1% for most of the datasets in most of the categories, and only in two cases the
reduction percentage was between 3% and 4%. As expected, the reduction percentages for
threshold set to 0.8 were higher, and besides the Crime category, only the Towns category
had reduction equal to 0 in 2020 and 2021. The highest reduction percentages were obtained
for threshold 0.7, where in 16 cases reduction was higher than 10%, and in 2023 for the
Society category it was higher than 20%.

Furthermore, from the presented number of nodes in concept lattices, it can be noticed
that some of the concept lattices have had significantly different structures between the
years. The differences are due to the sizable changes that occurred in this period of time,
in terms of available datasets within categories and tags and combination of tags used
within them.
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Table 2. Ireland ODP—reduction information for formal contexts in 2020, 2021, and 2023 for reduction
thresholds of 0.7, 0.8, and 0.9 and corresponding concept lattices.

Category Year ND NT-BR RT [%] 0.7 RT [%] 0.8 RT [%] 0.9 NN 0.7 NN 0.8 NN 0.9

Agriculture
2020 123 105 14.29 8.57 0.00 33 35 33
2021 131 270 7.78 4.07 0.00 152 154 151
2023 155 380 6.05 2.63 0.00 196 198 195

Arts
2020 135 297 7.07 2.36 1.01 250 251 260
2021 65 215 10.70 3.72 0.47 129 133 152
2023 97 243 14.81 6.58 0.82 144 150 170

Crime
2020 8 13 0.00 0.00 0.00 6 6 6
2021 93 100 0.00 0.00 0.00 96 96 96
2023 382 407 0.00 0.00 0.00 407 407 407

Economy
2020 1149 202 9.41 5.45 0.00 123 123 123
2021 321 416 6.25 4.33 0.00 324 326 324
2023 425 561 8.91 4.63 0.18 589 635 831

Education
and Sport

2020 182 154 9.74 3.25 1.30 83 86 87
2021 225 364 5.49 1.92 0.55 253 259 263
2023 262 463 7.56 2.81 0.22 370 393 426

Energy
2020 123 243 12.35 7.00 0.82 240 297 313
2021 125 243 9.88 5.35 0.41 202 224 284
2023 189 484 18.80 8.26 1.03 395 434 512

Environment
2020 3098 1712 15.07 8.00 0.88 3678 3996 4259
2021 3444 2144 13.34 7.98 0.93 4361 5080 5139
2023 3502 2243 13.60 8.02 1.03 4748 5438 5471

Government
2020 495 1409 14.27 6.96 3.55 922 977 1035
2021 5775 6772 3.03 1.48 0.72 6252 6257 6267
2023 7486 9174 2.43 1.28 0.58 8673 8720 8752

Health
2020 1416 427 14.29 4.92 0.23 220 219 211
2021 1817 971 5.66 2.06 0.10 780 773 764
2023 1069 1125 9.51 3.91 0.36 884 887 946

Housing
2020 424 347 6.92 3.46 0.00 466 490 502
2021 345 388 5.67 3.87 0.00 519 553 558
2023 727 717 8.37 3.77 0.42 961 1030 1068

Science
2020 329 387 10.34 3.10 0.52 356 358 302
2021 127 376 12.50 5.59 0.27 444 450 362
2023 113 421 11.88 4.99 0.48 469 476 388

Society
2020 2203 459 4.14 3.70 0.00 373 376 373
2021 86 195 18.97 13.33 1.54 82 90 88
2023 137 363 20.66 11.02 1.38 205 233 272

Towns
2020 50 52 1.92 0.00 0.00 31 31 31
2021 18 34 0.00 0.00 0.00 22 22 22
2023 60 162 13.58 5.56 3.09 87 92 92

Transport
2020 411 330 6.36 3.33 0.61 243 256 263
2021 370 542 7.01 4.06 0.55 458 483 495
2023 396 733 7.91 4.37 0.82 638 743 957

ND—number of datasets, NT-BR—number of tags before reduction; RT [%] 0.7—tag reduction percentage with
reduction threshold set to 0.7; RT [%] 0.8—tag reduction percentage with reduction threshold set to 0.8; RT [%]
0.9—tag reduction percentage with reduction threshold set to 0.9; NN 0.7—number of nodes in the concept lattice
generated based on the reduced formal context produced with a reduction threshold set to 0.7; NN 0.8—number
of nodes in the concept lattice generated based on the reduced formal context produced with a reduction threshold
set to 0.8; NN 0.9—number of nodes in the concept lattice generated based on the reduced formal context produced
with a reduction threshold set to 0.9.

The Canada open data portal organizes its data into 19 categories, where one dataset
may belong to multiple categories. Furthermore, within this portal in the period from 2020
to 2025 there were significant changes made, which is particularly important for the analysis
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in this research. In 2020, there were 85,546 available datasets on the portal. However, in
2021, due to the data consolidation, the number of available datasets was 31,270. From that
point, an upward trend in the number of datasets was detected, and in 2023 there were
38,956 datasets, and in 2025 the number of dataset was equal to 42,051. The analyses of
used tags showed that the number of tags increased constantly throughout the analyzed
period; in 2020 the number of tags was 17,225, in 2021 it was equal to 27,551, in 2023 it was
equal to 38,943, and in 2025 there were 43,053 used tags. The detailed distribution of the
number of available datasets by category for 2020, 2021, and 2023 is presented in Table 3
(ND column).

Table 3. Canada ODP—reduction information for formal contexts in 2020, 2021, and 2023 for reduction
threshold of 0.7, 0.8 and 0.9 and corresponding concept lattices.

Category Year ND NT-BR RT [%]
0.7

RT [%]
0.8

RT [%]
0.9 NN 0.7 NN 0.8 NN 0.9

agriculture
2020 712 714 20.17 8.26 0.14 446 528 528
2021 858 936 19.98 10.26 0.53 578 689 675
2023 1110 1271 17.78 8.10 0.63 867 1036 1008

arts_music_literature
2020 28 149 15.44 6.04 0.00 36 37 35
2021 43 216 14.81 5.56 0.00 59 58 56
2023 143 530 16.79 8.30 0.00 214 210 207

economics_and_industry
2020 66,465 3365 24.99 11.71 1.58 2406 3056 3313
2021 7751 4277 24.06 11.43 1.75 2935 3780 4153
2023 9978 5944 22.56 10.73 1.58 4400 5477 6003

education_and_training
2020 290 541 24.03 9.80 1.48 199 264 264
2021 465 723 23.24 8.99 1.52 305 384 401
2023 767 1236 22.49 10.03 2.51 652 874 943

form_descriptors
2020 69,475 2203 19.56 11.12 2.41 18,895 12,594 15,753
2021 11,721 4763 15.89 9.66 1.93 17,697 16,574 18,219
2023 12,005 6288 14.09 7.49 1.15 16,838 16,174 18,594

government_and_politics
2020 64,789 2904 23.73 11.74 1.72 2051 2255 2162
2021 6149 4490 22.32 10.29 1.27 2983 3296 3310
2023 7145 6841 21.90 10.57 1.39 4724 5335 5375

health_and_safety
2020 1669 4086 19.53 9.37 1.74 2100 2366 2508
2021 3288 10,805 22.36 11.07 2.09 8221 9596 10,704
2023 5150 15,299 23.31 11.56 2.37 10,847 12,400 13,671

history_and_archaeology
2020 102 191 11.52 1.05 0.00 92 87 86
2021 13 89 12.36 2.25 0.00 17 15 14
2023 17 114 13.16 5.26 0.00 20 20 18

information_
and_communications

2020 678 1010 19.31 9.60 0.89 579 649 663
2021 899 1326 18.63 9.73 0.75 858 957 971
2023 1004 1721 18.83 8.77 0.58 952 1074 1105

labour
2020 691 750 28.00 9.87 1.73 361 508 529
2021 806 907 26.35 9.04 1.76 540 732 740
2023 1126 1292 24.07 9.83 2.09 862 1206 1300

language_and_linguistics
2020 52 176 18.75 5.68 0.00 74 71 71
2021 91 279 15.05 5.38 0.00 120 139 129
2023 234 354 16.38 6.78 0.56 205 279 250

law
2020 522 488 22.75 9.84 0.82 280 342 322
2021 735 757 19.42 8.45 0.92 501 618 604
2023 1004 1442 18.10 7.77 0.76 1031 1189 1206

military
2020 65 219 5.94 1.37 0.00 89 94 95
2021 103 328 10.06 1.83 0.00 133 133 135
2023 134 398 13.07 4.02 1.01 189 196 190
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Table 3. Cont.

Category Year ND NT-BR RT [%]
0.7

RT [%]
0.8

RT [%]
0.9 NN 0.7 NN 0.8 NN 0.9

nature_and_environment
2020 73,139 7786 18.56 10.29 2.48 34,313 37,355 38,481
2021 14,468 10,156 17.26 9.39 1.95 28,138 22,978 25,380
2023 15,651 13,398 15.26 8.28 1.64 24,542 24,910 28,279

persons
2020 2486 768 20.44 9.77 0.78 765 885 902
2021 2614 1050 19.05 9.14 0.76 964 1133 1135
2023 2970 1340 19.70 8.73 0.97 1368 1676 1831

processes
2020 121 375 19.73 8.27 0.80 154 164 152
2021 158 526 18.63 7.98 0.57 217 229 218
2023 200 655 20.92 7.79 0.31 286 307 296

science_and_technology
2020 7603 3333 19.77 10.59 2.49 19,264 13,114 16,371
2021 10,110 6424 17.12 9.26 1.82 20,597 18,200 19,948
2023 10,758 8606 14.36 7.55 1.31 18,220 18,570 21,146

society_and_culture
2020 1620 1801 21.43 10.16 1.50 1428 1567 1612
2021 2053 2516 18.52 8.66 1.31 2013 2303 2331
2023 2978 4349 18.85 9.77 1.75 2963 3354 3511

transport
2020 944 909 16.61 8.03 1.65 549 566 535
2021 1128 1218 15.19 6.73 0.90 744 721 708
2023 1467 1744 15.37 7.97 1.15 891 955 967

ND—number of datasets; NT-BR—number of tags before reduction; RT [%] 0.7—tag reduction percentage with
reduction threshold set to 0.7; RT [%] 0.8—tag reduction percentage with reduction threshold set to 0.8; RT [%]
0.9—tag reduction percentage with reduction threshold set to 0.9; NN 0.7—number of nodes in the concept lattice
generated based on the reduced formal context produced with a reduction threshold set to 0.7; NN 0.8—number
of nodes in the concept lattice generated based on the reduced formal context produced with a reduction threshold
set to 0.8; NN 0.9—number of nodes in the concept lattice generated based on the reduced formal context produced
with a reduction threshold set to 0.9.

On the datasets from 2020, 2021, and 2023 reduction was performed using reduction
thresholds of 0.7, 0.8, and 0.9, resulting in three reduced formal contexts per year. The
percentage of reduced tags per category for each threshold and each dataset is presented in
Table 3 (RT [%] 0.7, RT [%] 0.8, and RT [%] 0.9). Based on generated reduced contexts concept
lattices were produced for each category on the portal. The structure of the generated
concept lattices, e.g., the number of generated nodes per lattice for each reduction threshold,
is presented in Table 3 (NN 0.7, NN 0.8, and NN 0.9).

From the presented reduction information it can be noted that for the threshold set to
0.9, categories arts_music_literature and history_and_archaeology did not have any reduction in
the number of tags for any of the datasets. Furthermore, categories language_and_linguistics
and military did not have any reduction in the number of tags in 2020 and 2021 formal
contexts. Moreover in 2023 dataset, for category language_and_linguistics category reduction
percentage was equal to 0.56%, and for the military category, the reduction percentage
was 1.01%. Furthermore, for the threshold set to 0.9, the highest reduction percentages
were 2.49% in 2020 for the science_and_technology category, and 2.48% in 2020 for the na-
ture_and_environment category, and for all other formal context reductions, the tag reduction
percentage was below 2%. The analysis of reductions with the threshold set to 0.8 showed
that the tag reduction percentage was below 12% for all formal contexts, and the lowest
reduction percentage was for the health_and_safety and military categories. As expected,
the highest reduction percentages were recorded for the threshold set to 0.7, where, except
for the military category in 2020, when reduction was equal to 5.94%, for all other formal
context reductions, the tag reduction percentage was between 10% and 28%.

Furthermore, from the presented number of nodes in concept lattices, it can be noticed
that some of the concept lattices have had significantly different structures between the
years. The observed differences can be attributed to the dataset consolidation that was
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made on the portal after the 2020 dataset was retrieved and a subsequent increase in the
number of datasets within categories, as well as tags, and the combination of tags applied
across them.

5. Concept Lattice Usability Analysis—A Categorization Perspective
The sets of concept lattices, e.g., knowledge bases, presented in the previous section

of this paper were used for over time reduced concept lattice usability analyses within six
test cases. For both portals, knowledge bases created on 2020 datasets were used for the
categorization of all new datasets that were available in 2021 (2020–2021 test datasets), that
is, datasets from 2021 whose identifiers were not in the 2020 dataset. Furthermore, this
knowledge bases were used for the categorization of all new datasets that were available
in 2023 (2020–2023 test datasets), that is, datasets from 2023 whose identifiers were not in
the 2020 dataset. Lastly, this knowledge bases were used for the categorization of all new
datasets that were available in 2025 (2020–2025 test datasets), that is, datasets from 2025
whose identifiers were not in the 2020 dataset. Furthermore, for both portals knowledge
bases created on 2021 datasets were used for the categorization of all new datasets that
were available in 2023 (2021–2023 test datasets) and 2025 (2021–2025 test datasets). Finally,
for both portals, knowledge bases created on 2023 datasets were used for categorization of
all new datasets that were available in 2025 (2020–2025 test datasets). Due to the way these
datasets were made, both the distribution of the number of instances across the test cases
and distribution of test datasets across categories differ.

Since open data portals may have different approaches to dataset categorization in
terms of the number of assigned categories, the durability analysis was performed on
Ireland OPD as a representative of portals that use one category per dataset approach,
and Canada ODP as a representative of portals that assign multiple categories per dataset.
Therefore, the analysis is performed per categorization approach and results of the durabil-
ity analysis are presented in the following part of this research.

5.1. Single-Category Categorization Results

Since datasets available on the Ireland open data portal are assigned to at most one
category, whereas the applied categorization algorithm is designed to recommend multiple
categories when the relevant criteria are met, the categorization results are divided into
three distinct groups:

• FM group—corresponding to fully categorized datasets, meaning that each dataset
was assigned the correct category and no additional categories were suggested by
the algorithm;

• FME group—corresponding to datasets that were assigned the correct category and at
least one additional category;

• MM group—mismatched datasets—datasets that were assigned incorrect category.

However, since both FM and FME groups assign correct category to a dataset, for the
purpose of this analysis datasets belonging to these groups will be considered correctly
categorized. The total number of instances within test datasets for this analysis and overall
categorization results for all reduction thresholds are presented in Table 4.

From the presented results it can be noticed that for 2023–2025 test the percentage
of successfully categorized datasets was between 82.55% and 83.02% depending on the
reduction threshold. Furthermore in the 2021–2025 test the success rate depending on the
reduction threshold was between 76.87% and 77.86%, while in the 2021–2023 test the overall
successes depending on the reduction threshold was between 83.65% and 84.68%. In tests
performed on the 2020 dataset, e.g., tests 2020–2021, 2020–2023 and 2020–2025, the success
rates were lower comparing to other datasets, and were between 46.19% and 59.43%. This
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is due to the dataset consolidation that was performed on the portal in that period of time.
The chart with summarized categorization results is presented in Figure 2.

Table 4. Ireland ODP—categorization results.

Test ND Similarity FM [%] FME [%] MM [%]

2020–2021 7984
0.7 54.01 3.49 42.50
0.8 42.96 3.23 53.81
0.9 43.78 3.13 53.09

2020–2023 12,979
0.7 52.25 7.17 40.57
0.8 45.84 6.97 47.20
0.9 46.24 6.84 46.92

2020–2025 15,612
0.7 48.86 9.30 41.84
0.8 45.70 7.05 47.25
0.9 46.13 6.94 46.93

2021–2023 5541
0.7 70.06 13.59 16.35
0.8 70.40 14.28 15.32
0.9 71.20 13.34 15.47

2021–2025 8202
0.7 62.58 14.29 23.13
0.8 66.00 11.62 22.38
0.9 66.76 11.09 22.14

2023–2025 3627
0.7 71.22 11.33 17.45
0.8 74.41 8.13 17.45
0.9 72.21 10.81 16.98

 
Figure 2. Ireland ODP—categorization summary.

If observed category-wise across all reduction thresholds, categorization results range
from exceptional to acceptable. For example, for the Transport category exceptional cat-
egorization results were obtained, with 99.61% of correctly categorized datasets for all
reduction thresholds in the 2020–2021 test, 98.01% of correctly categorized datasets for all
reduction thresholds in the 2020–2023 test, and 97.39% of correctly categorized datasets
for all reduction thresholds in the 2020–2025 test. Furthermore, for the Crime category the
success rate was 99.69% for all reduction thresholds in the 2021–2023 test. Moreover, in
the 2021–2023 test, there were five categories with over 90% of successfully categorized
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datasets for all reduction thresholds, while in the 2023–2025 test there were six categories
with success rate over 90%.

To uncover the reduced concept lattices usability to their full extent, in the remaining
part of this section we will present the results of a deep analysis of categorization results for
each pair of time period and category. The deeper analysis showed that the performance
of knowledge bases created on the same dataset but with different thresholds had similar
results in tests. The greatest difference in the results depending on the reduction threshold
was recorded for the test performed on knowledge bases created on the 2020 dataset. For
the 2020–2021 test, the best performance was achieved with a reduction threshold set to
0.7, yielding a success rate of 57.5%. When the threshold was increased to 0.8 and 0.9,
the percentage of correctly categorized datasets was similar for both thresholds and more
than 10% lower than the result obtained with the 0.7 threshold. For the 2020–2023 test, the
knowledge base created with a threshold of 0.7 yielded a success rate of 59.43%. For the
thresholds of 0.8 and 0.9, the success rate was worse compared to the 0.7 threshold, by 6.63
and 6.35 percentage points, respectively. For the 2020–2025 test, a threshold of 0.7 with
58.16% of correctly categorized datasets had better results—5.09 and 5.41 percentage points
higher compared to thresholds set at 0.9 and 0.8, respectively. However, for tests performed
on the 2021 and 2023 datasets, the test results were within 1% for all reduction thresholds.

Furthermore, the category-level analysis of the obtained results showed that for most of
the categories, the success rates for different reduction thresholds had a marginal difference.
For tests conducted on the 2020 knowledge bases, the Health category was the only category
in which knowledge bases generated after applying the 0.7 reduction threshold achieved a
significantly higher percentage of successful categorizations compared to those generated
after applying the 0.8 and 0.9 reduction thresholds. For the knowledge base generated
after applying the 0.7 reduction threshold, more that 97% of datasets belonging to the
Health category were correctly categorized. In contrast, for the 2020–2021 test, for the
thresholds of 0.8 and 0.9, these percentages were below 50%, while for the 2021–2023 and
2021–2025 tests these percentages were below 65%. Furthermore, for tests conducted on
the 2020 knowledge bases, the Energy category was the only category in which knowledge
bases generated after applying the 0.7 reduction threshold achieved a lower percentage
of successful categorizations, compared to those generated after applying the 0.8 and
0.9 reduction thresholds. For the 2020–2021 test this difference was 22 percentage points,
while for the 2020–2021 and 2020–2025 tests this difference was below 14 percentage points.
A deeper analysis showed that the success rates of these two categories were largely
responsible for the overall difference in the success rates of these reduced knowledge
base categorizations.

Next, it was observed that within the 2021–2023 test, only within the Economy and
Science categories the difference between success rates for different thresholds was 10 and
15 percentage points, respectively. For other categories the results were the same for all
thresholds, or were within a few percentage points. It was further observed that within
the 2021–2025 test, the Science and Transport categories had success rate differences of up
to 13 percentage points for different thresholds, while for other categories, the results
were the same or comparable. Lastly, it was noticed that within the 2023–2025 test, the
Economy category was the only category of up to 10 percentage points’ differences in success
rate, while for other categories success rates were comparable or the same for different
reduction thresholds.

Additionally, it was concluded that in the 2020–2021 test, the Transport category had
99.61% of correctly categorized datasets for all reduction thresholds, the Arts category
had more than 88.24% of correctly categorized datasets for all reduction thresholds, while
the Energy category had 94.92% of correctly categorized datasets for the thresholds set to
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0.8 and 0.9. Within this test, the lowest percentage of successfully categorized datasets
was obtained for the Crime category where the percentage was 1.1% for all reduction
thresholds. Furthermore, for the 2020–2023 test, it was concluded that the Transport and Arts
categories obtained the best categorization results. The Transport category had 98.01% of all
datasets successfully categorized for all reduction thresholds, while for the Arts category
this percentage was above 88%. Also in this test, the Crime category obtained the worst
categorization results, with 0.49% of the test being successfully categorized for all reduction
thresholds. In the 2020–2025 test, the Transport category had 97.39% of datasets successfully
categorized for all reduction thresholds, while the Arts and Environment categories had
more than 82% of datasets successfully categorized for all reduction thresholds. Next, in
the 2021–2023 test, five categories had all datasets successfully categorized in more than
90% for all reduction thresholds, with one of them being the Crime category. Furthermore,
in the 2021–2025 test, this number of categories was equal to two for all thresholds, while
in the 2023–2025 test there were five such categories and one category with more than
88% of success rate for all thresholds. It is important to emphasize that in the 2020–2025,
2021–2025, and 2023–2025 test datasets there where datasets assigned the Justice category.
This category was defined on the portal after 2023, and therefore knowledge bases that
are being analyzed within this research do not contain the concept lattice corresponding
to this category. For that reason, all datasets assigned the Justice category were wrongly
categorized. Finally, it can be concluded that knowledge bases created using a reduction
threshold of 0.9 achieved similar or even better results for some categories comparing to
other thresholds, which results in overall very similar results for the complete test.

5.2. Multiple-Category Categorization Results

Since datasets available on the Canada open data portal can be assigned multiple
categories, the categorization results are divided into five distinct groups:

• FM group—corresponding to fully categorized datasets, meaning that each dataset
was assigned the correct category and no additional categories were suggested by
the algorithm;

• FME group—corresponding to datasets that were assigned the correct category and at
least one additional category;

• PM group—corresponding to datasets that were not assigned all correct categories
and no additional categories were suggested by the algorithm;

• PME group—corresponding to datasets that were not assigned all correct categories
and were suggested at least one additional category;

• MM group—mismatched datasets—datasets that were assigned an incorrect category.

However, since both FM and FME groups assign all correct categories to a dataset, and
PM and PME assign at least part of the correct categories, for the purpose of this analyses
datasets belonging to these groups will be considered successfully categorized. The total
number of instances within test datasets for this analyses and overall categorization results
for all reduction thresholds are presented in Table 5.

From the presented categorization results it can be noticed that success rate for
2023–2025 tests was from 80.37% to 81.88%. The success rate for tests conducted using the
2021 dataset was above 80% for all tests. More specifically, the success rate ranged from
81.95% to 84.26% for the 2021–2023 tests, and from 80.78% to 83.28% for the 2021–2025 tests.
The tests conducted using the 2020 dataset produced the lowest success rates overall. Specif-
ically, the success rate ranged from 75.26% to 76.77% for the 2020–2021 tests, from 77.86% to
79.15% for the 2020–2023 tests, and from 75.52% to 77.36% for the 2020–2025 tests. However,
it should be noted that Canada ODP also had the dataset consolidation after 2020, which
had a direct impact on the lower categorization success. Furthermore, from the presented
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results it can be noticed that on the test level success rate differed by 2.5 percentage points
for the corresponding reduced knowledge bases with different reduction thresholds. The
category-wise analysis showed that some of the categories, like nature_and_environment,
had exceptional categorization results for all tests with success rate up to 94.67%. The chart
with summarized categorization results is presented in Figure 3.

Table 5. Canada ODP—categorization results.

Test ND Similarity FM [%] FME [%] PM [%] PME [%] MM [%]

2020–2021 7499
0.7 29.20 26.83 12.40 6.83 24.74
0.8 29.46 27.38 11.71 6.97 24.48
0.9 32.59 26.38 11.20 6.60 23.23

2020–2023 17,532
0.7 26.94 25.99 18.99 5.94 22.14
0.8 28.03 25.21 18.12 5.78 22.86
0.9 31.03 24.49 18.11 5.52 20.85

2020–2025 20,795
0.7 27.47 25.30 17.79 5.10 24.33
0.8 28.40 24.74 17.00 5.39 24.48
0.9 31.80 23.40 16.93 5.23 22.64

2021–2023 10,746
0.7 46.37 20.79 10.07 4.72 18.05
0.8 46.42 21.94 9.01 4.83 17.80
0.9 51.29 19.59 8.50 4.89 15.74

2021–2025 13,947
0.7 43.94 20.79 11.44 4.60 19.22
0.8 43.77 22.98 10.16 4.72 18.38
0.9 48.62 20.12 9.94 4.60 16.72

2023–2025 3704
0.7 35.99 25.54 14.20 5.24 19.03
0.8 34.72 26.54 13.96 5.16 19.63
0.9 39.55 24.08 13.47 4.78 18.12

 
Figure 3. Canada ODP—categorization summary.

To uncover the influence of the reduction threshold on category-wise categorization
results, in the remaining part of this section we present the results of a deeper category-level
analysis for all tests. Category-level analysis was performed by evaluating all group results
together and considering correct categories that were not proposed by the algorithm. This
analysis showed that, for most categories within the same test, the categorization results
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across different reduction thresholds differed by only a few percentage points. In the
2020–2021 test, only the agriculture, education_and_training and law categories had higher
differences in percentage points, whereas knowledge base created with the 0.9 reduction
threshold had the highest success rate. In this test, the success rate for the agriculture
category was 73.96% at the 0.9 reduction threshold, 64.06% at the 0.8 reduction threshold,
and 53.13% at the 0.7 reduction threshold. For the education_and_training category, success
rates were 57.14%, 70.09%, and 72.88% for the reduction thresholds of 0.7, 0.8, and 0.9,
respectively, while for the law category, success rates were 65.55%, 70.09%, and 77.26%
for the reduction thresholds of 0.7, 0.8, and 0.9, respectively. In the 2020–2023 test, the
language_and_linguistics and law categories were the only categories with higher differences
in success rates depending on the reduction threshold, with the language_and_linguistics
category having success rates of 44.57%, 32.61%, and 60.87% for the reduction thresholds
of 0.7, 0.8, and 0.9 respectively, and the law category having success rates equal to 46.85%,
50.43%, and 60.17% for the reduction thresholds of 0.7, 0.8, and 0.9 respectively. These
categories were also the only categories with higher differences in success rates in the
2020–2025 test. Within this test, the language_and_linguistics category had success rates of
42.72%, 31.07%, and 60.68% for the reduction thresholds of 0.7, 0.8, and 0.9, respectively,
while the law category had success rates equal to 36.99%, 40.53%, and 51.01% for the
reduction thresholds of 0.7, 0.8, and 0.9, respectively.

Furthermore, in the 2021–2023 test, the labour and persons categories were the only
categories with greater differences in success rate percentage points, with success rates
equal to 46.09%, 65.51%, and 64.93% for the labour category, and 60.14%, 67.12%, and 75.23%
for the persons category for the reduction thresholds of 0.7, 0.8, and 0.9 respectively. These
categories were also the only categories with higher differences in success rates in the
2021–2025 test, with success rates equal to 50.62%, 67.04%, and 67.41% for the labour cate-
gory, and 53.62%, 61.67%, and 66.99% for the persons category, for the reduction thresholds
of 0.7, 0.8, and 0.9 respectively. Across the 2023–2025 tests, four categories stood out with
success rate differences exceeding 14 percentage points for different reduction thresholds:
arts_music_literature, labour, military, and society_and_culture. Within the arts_music_literature
category the success rates were 28.57%, 42.86%, and 42.86%, while for the labour category
success rates were 56.85%, 66.50%, and 72.08% for the reduction thresholds of 0.7, 0.8, and
0.9 respectively. Moreover, for the military category the success rates were 50%, 41.67%, and
58.33%, while for the society_and_culture category the success rates were 38.70%, 53.95%, and
51.69% for the reduction thresholds of 0.7, 0.8, and 0.9 respectively. Finally, it was observed
that across all conducted tests, the knowledge base created using a reduction threshold of
0.9 achieved the highest success rate, or was tied for the highest, in at least 12 categories
per test compared to knowledge bases created using other reduction thresholds. In the
2021–2023 test this was the case for all categories within the knowledge base.

Additionally, the results showed that the nature_and_environment category consis-
tently achieved the highest success rate across all reduction thresholds in tests conducted
on the 2020 datasets, exceeding 80% in the 2020–2021 test, 87% in the 2020–2023 test,
and 86% in the 2020–2025 test. Moreover, in the 2021–2023 test, the health_and_safety
and nature_and_environment categories were the categories with the highest success rates,
with success rates exceeding 87.95% for the health_and_safety category and 91% for the
nature_and_environment category for all reduction thresholds. These categories achieved
the greatest success rates in the 2021–2025 test, with success rates exceeding 88% for the
health_and_safety category and 87% for the nature_and_environment category for all reduction
thresholds. In the 2023–2025 test, the language_and_linguistics and nature_and_environment
categories were the ones with the highest success rates, with success rates exceeding 82%
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for the language_and_linguistics category and 81% for the nature_and_environment category
for all reduction thresholds.

6. Discussion
The analysis performed in this research was focused on the strength of conceptual-

ization and durability of reduced concept lattices in an evolving metadata environment.
The concept of lattice durability was analyzed for the purpose of data categorization on
open data portals. Due to different types of categorization approaches that can be applied
on one portal, the analysis had two parts: analysis of lattice usability for single-category
categorization and analysis of lattice usability for multiple-category categorization.

Based on the presented analysis results, it can be concluded that in the case of regular
dataset growth on the portal, concept lattices have shown good long-term usability. This
is supported by the results from both performed analyses, where the 2-year-old concept
lattices showed a great categorization potential with only 15% to 19% of miscategorized
datasets, depending on the test and threshold value. Furthermore, the 4-year-old concept
lattices had fewer than 20% of miscategorized datasets in the multiple-category catego-
rization test and fewer than 24% in the single-category categorization test. Lastly, the
category-level analysis results, where multiple categories had more than 90% of correctly
categorized datasets, support that concept lattices have a good long-term usability in case
of regular dataset growth.

From the presented results, it can be concluded that the higher semantic reduction
threshold did not lead to better long-term knowledge base usability in the single-category
categorization analysis. Moreover, the results indicate that a threshold value of 0.7 achieved
better performance than more restrictive thresholds for the 2020 knowledge bases. This
suggests that the knowledge base that preserves a broader range of general concepts, due to
the lower reduction threshold, demonstrated better categorization performance after data
consolidation. Furthermore, the most general knowledge bases had very similar categoriza-
tion results for knowledge bases created using 2021 and 2023 datasets. Therefore, it can be
inferred that the 0.7 threshold provided better long-term knowledge base usability overall.
However, in the case of multiple-category categorization analysis, the most restricted ana-
lyzed threshold, 0.9, showed the best results in all tests. Furthermore, at the category level,
a threshold of 0.9 achieved better performance in most categories, with several exhibiting
notably higher results compared to lower thresholds. This indicates that maintaining more
specific terms in concept lattices can be valuable for multiple-category categorizations.

In terms of long-term usability, it can be concluded that in both cases, single- and
multiple-category categorizations, data consolidations reduce the usability of concept
lattices for the categorization task. Therefore, in the case of data consolidation on the
portal, the recreation of concept lattices should be performed. Furthermore, based on the
results obtained for the case of data consolidation, it can be established that even in the
case of a large increase in new data from new sources, an update of a part of the knowledge
base affected by data growth should be recreated. Moreover, it can be concluded that
category name changes, as well as adding or removing categories, require knowledge
base recreation.

If a knowledge base is to be recreated, the performance of reconstruction process is
governed by a large number of mutually interdependent parameters, whereas the choice of
FCA algorithm should be devoted additional attention. FCA algorithms can be broadly
classified into four main categories, each exhibiting distinct characteristics that significantly
influence reconstruction efficiency: batch algorithms (NextClosure, Close-by-One (CbO,
FCbO), In-Close), incremental algorithms (AddIntent), parallel algorithms (PCbO, PFCbO,
FPCbO), distributed algorithms (MRCbO, MRGanter, HyPar-FCA+). The implementations
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of these algorithms are available across various libraries and tools, including FCALGS,
conexp-clj, FcaKit, concepts, FCA4J, and MRGanter+, primarily developed in Java and
Python. Consequently, the selection of programming language and technology stack de-
termines platform compatibility and operating system support, thereby adding further
complexity to performance evaluations. Moreover, parallel and distributed implementa-
tions require specific hardware resources or system components, where communication
latency can substantially affect overall efficiency.

Since computational efficiency is infrastructure-dependent, knowledge base creation
practitioners should rely on computational complexity of the algorithm they select but
should also be aware of the context characteristics [62]. In terms of worst-case complexity,
an algorithm for generating all formal concepts (or the full concept lattice) is considered
optimal if it achieves polynomial time delay (between outputting successive concepts) and
uses space linear in the total number of concepts (up to a polynomial factor of the input
size) [63]. However, contexts that produce an exponentially large number of concepts (the
theoretical worst case) are relatively rare in practice. Furthermore, real-world performance
is heavily influenced by practical factors such as the typical dimensionality of the context,
implementation details, and the operating system, which can prove more important than
pure theoretical complexity for evaluating algorithms [62,63].

7. Conclusions
This study demonstrates that FCA-based concept lattices offer a viable and relatively

stable approach for open data categorization, even across several years of metadata evolu-
tion. The results provide valuable insights for selecting appropriate reduction thresholds
and determining when knowledge base reconstruction becomes necessary. The study
examines the long-term usability and efficiency of semantically reduced concept lattices for
the automatic categorization of datasets in evolving open data portals. Treating concept
lattices as knowledge bases constructed via Formal Concept Analysis (FCA), the research
evaluated their durability when confronted with temporal changes in metadata.

Two main aspects were addressed: (1) the impact of the semantic reduction thresh-
old on the long-term usability and expressiveness of the generated concept lattices, and
(2) the identification of metadata change indicators that necessitate knowledge base re-
construction. The results indicate that semantically reduced concept lattices maintain
good long-term usability under regular dataset growth. Four-year-old knowledge bases
achieved miscategorization rates below 24% in single-category classification and below
20% in multiple-category classification. At the category level, in multiple cases over 90% of
datasets were correctly categorized in both single- and multiple-category scenarios. Further-
more, findings regarding the optimal reduction threshold differed by categorization type.
In single-category tests, a moderate threshold of 0.7, which retains a wider range of general
concepts, yielded superior long-term performance. In contrast, the highest threshold (0.9),
preserving more specific terms, performed best in multiple-category classification. These
outcomes suggest that the ideal level of semantic reduction depends on whether the portal
employs single or multiple-category assignment.

Overall assessment of the experimental results demonstrate that semantically reduced
concept lattices constructed using FCA exhibit significant long-term stability and general-
ization capability for the categorization of open datasets over time. Semantically reduced
concept lattices maintain strong performance when classifying new datasets even across
periods spanning three to five years, achieving success rates that generally exceed 80%.
These results indicate good temporal robustness of the FCA-based approach. Importantly,
the performance remained consistently high for both single-category classification and
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multiple-category classification, suggesting that the method scales well across different
categorization approaches.

The analysis further revealed that the choice of semantic reduction threshold has only
a minor impact on overall categorization success, with performance differences typically
not exceeding 2.5%. This indicates the robustness of the method and the possibility of using
more reduced lattices without substantial loss in accuracy in most cases, while only in a few
categories was this difference noticeable. Category-level evaluation showed particularly
strong results in specific domains. The “nature_and_environment” category achieved up to
94.67% correctly categorized datasets across all test periods, demonstrating that FCA-based
lattices perform exceptionally well in more structurally stable and less volatile domains.

A notable performance drop occurred when using the 2020 knowledge base. This
decline is directly attributed to the major dataset consolidation and structural changes
in metadata and category distribution that took place on both portals. These findings
highlight that significant structural changes in metadata represent the primary challenge to
the long-term usability of concept lattices.

In a subtle manner, this research demonstrates that the optimal timing for knowledge
base recreation is not simple to determine as it depends on multiple factors that should
be monitored independently, with their relative importance varying according to specific
contexts, policies, and open data portal strategies. Our findings provide insights into the
following parameters we consider crucial for this decision: structural changes in the data
model; category count; data categorization approach (single- vs. multi-label), requiring
distinct policies for FM, FME, PM, PME, and MM outcomes (beyond just MM, as new
categories may render existing structures inadequate); dataset size and computational costs,
influenced by hardware, concept lattice algorithms, and embedding models; estimated
data growth, potentially altered by new thematic domains or consolidation; and labeling
policy changes, which must be evaluated from both structural and semantic perspectives.

Overall, the findings indicate robust long-term usability of the reduced concept lat-
tices, particularly when metadata evolves gradually, while confirming that major dataset
consolidations represent a critical factor necessitating knowledge base reconstruction.
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