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Abstract. Knowledge Graphs (KGs) are key technologies that enable enhanced understanding, knowledge representation, rea-
soning, and interpretation of complex data. The use of RDF KGs relies heavily on SPARQL queries for knowledge retrieval and
manipulation. Analyzing SPARQL query logs can provide valuable insights into KG usage, revealing patterns in user behavior
and interactions with the data. Prior studies have analyzed these logs in terms of their syntax and structure, but little is known
about what parts of a KG are queried by users. This paper introduces content-based methods for analyzing KG usage, specifically
examining the extent to which SPARQL queries cover the KG schema over defined time periods. We examine organic and robotic
queries of Wikidata and Bio2RDF. Robotic queries have high schema coverage (60-97%), whereas organic queries exhibit lower
schema coverage (14-21%). Both datasets exhibit a sharp decline in usage frequency indicating that a large set of schema ele-
ments is only infrequently queried. We perform statistical assessments to discover the trends and shifts in schema element usage
across different KG versions, query types, and log intervals. Our work sheds light on KG usage, highlights frequently used
schema elements as well as underused elements, and provides guidance for improvements in documentation, schema design, and
performance optimization.
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1. Introduction

Knowledge Graphs (KGs) are widely used as they are powerful representations of complex data. By organizing
data into graph structures and ontologies, KGs facilitate semantic data integration, advanced search capabilities, and
building neuro-symbolic models [1, 16]. The Resource Description Framework (RDF) is a common model to im-
plement a semantic KG. RDF KGs represent data as triples (subject-predicate-object), which allows for flexible and
machine-readable descriptions of entities and their relationships. This standardized format is widely used for Linked
Data on the Web [2]. SPARQL endpoints enable programmatic interaction with RDF KGs using the SPARQL lan-
guage, and these interactions can be stored in a web server. Analyzing the SPARQL query logs offers insight into
what users are interested in and the manner in which they access desired information [5], revealing patterns in com-
putational demands, reliability, performance, user behavior, and data modeling decisions [3, 6,9, 11, 12, 14, 17-19].

Previous studies on SPARQL query logs have primarily focused on the syntax and structure of these queries.
These studies have analyzed keyword usage (e.g., count of SELECT, ASK, UNION, OPTIONAL) and query shapes
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(e.g., chain, tree, cycle), and their relation to evaluation complexity [7, 8, 20, 22]. However, they often overlooked
what users are interested in queries, i.e., the actual entities (types, relations, and instances) of the KG. Asprino et al.
[3] employed a content-centric approach to summarize query logs and identified query templates that qualitatively
characterize user queries. These templates reveal patterns and contexts in which different types, relations, and in-
stances are used. However, this work does not quantify the usage of each type, predicate, and individual, nor does
it quantify overall KG content usage. This study explores ways to better understand the usage of KGs through the
analysis of SPARQL query logs. We present novel methods to quantify schema (types and relations) usage, as well
as to measure the frequency and the extent of that usage. Our research seeks to answer two main questions: (1) How
can we quantify the usage of a KG? and (2) Do frequency distribution and ranking analyses of used KG elements
reveal usage patterns over different log intervals or across organic (human-driven) and robotic (bot-driven) query
types?

Previous work [15] reported that most of the schema (types and relations) of the Bio2RDF KG was referred to
within the SPARQL query logs over 30 months of queries. However, this work provided only a superficial view of
user interaction with the KG, lacking deeper insights into the extent to which each schema element is accessed by
users as well as differentiating between human and robotic interactions.

In this study, we extend prior work [15] to scrutinize the extent to which each schema element is included in
user SPARQL queries while differentiating between organic and robotic queries from two KGs: Bio2RDF and
Wikidata. The output of this analysis can be termed "usage metadata". The method produces novel usage metadata
that offers practical insight into the extent to which KG is used by SPARQL users. Such information may be useful in
understanding what users are querying in the KG and for targeted optimizations toward enhanced user engagement
and operational efficiency. An innovative aspect of our approach is that it focuses on the triple patterns in SPARQL
queries so as to focus on the types, relations, and individuals referred to in the queries. The main contributions of
this paper, relative to preliminary work [15], are as follows:

Enhanced Schema Coverage Calculation Implementation: Improved the accuracy and efficiency of
SPARQL schema coverage computation by refining the query log triple pattern extraction and KG schema
extraction.

— Comparing KG Usage in Human vs. Bot Queries: Separated organic (human-driven) and robotic (bot-
driven) queries to explore how their usage of KG content differs.

— Identified and Analyzed Usage Patterns in Query Logs: Identified schema element usage patterns by com-
puting frequency distributions and conducted statistical assessments to evaluate consistency and track changes
in their usage in both Wikidata and Bio2RDF across different KG versions, query type, and log intervals.

— Demonstrated Method Applicability to Additional Logs: Applied the improved methods to new intervals of

Bio2RDF logs and Wikidata logs, showcasing broader applicability and validating the method’s effectiveness

across different datasets.

The usage metadata from the proposed methods includes multiple components: a percentage value quantifying KG’s
overall usage in terms of its schema elements, the usage frequency of each element, and how usage changes over
different log intervals and across two query types (organic and robotic).

The remainder of the paper is organized as follows: Section 2 reviews state-of-the-art methods of SPARQL query
log analysis. Section 3 describes the proposed method. Section 4 presents the results, Section 5 offers a discussion
of the findings and potential future directions. Finally, Section 6 concludes with a summary.

2. Related Work

Query logs capture user interactions with a system, and their analysis may provide insight into both what users
are interested in and how they approach obtaining those results. Prior work has focused on SPARQL log dataset
creation, distinguishing between human and robotic queries, and query log summarization.

Query Log Datasets. Studies [20, 22] introduce the Linked SPARQL Queries Dataset (LSQ), a public, openly
accessible dataset of SPARQL queries extracted from KG endpoints. LSQ facilitates reuse by addressing the issue

=W N

o 0 g o

11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51



@ J oy U W N

Qs s s s s s s D DWW W W W W WwWw W W NNNNNDNNNNN R R R R R R e e P e
H O W © < o 0 W N O W Jdo W N R O VW O do s W NP O WV ®Jd o s W N R OV

M. Mohammadi et al. / Knowledge graph usage metadata: Insights from SPARQL log analysis 3
(1) Retrieve Datasets
(2) Extract total schema elements

(5) Calculate schema coverage
(3) Preprocess SPARQL queries

| l

(6) Identify content usage
patterns

(4) Extract used schema elements

Fig. 1. Workflow of the proposed method

of legal agreements that limit access to raw query logs. It standardizes the format of logs, making them accessible
for analysis. In this study, we use the LSQ SPARQL endpoint to access the Bio2RDF and Wikidata logs.

Organic vs. Robotic Queries. Bielefeldt et al. [5, 13] introduced the concept of organic and robotic SPARQL
queries. They proposed a method to partition a dataset of over 200 million SPARQL queries from Wikidata into
organic and robotic queries. Robotic queries are generated by software tools or bots, while organic queries are
generated by humans using browsers. Organic queries reflect end-user behavior, robotic queries may not directly
capture user needs but often address backend requirements (e.g., serving internal or analytical purposes) or support
application development. By distinguishing these types, the authors identified patterns in human usage and noted
that robotic traffic of Wikidata displayed high volatility and unpredictability. We classify Bio2RDF queries into
organic and robotic using the method in [13] and analyze organic and robotic queries of Wikidata and Bio2RDF.

Content-Centric Analysis. Previous work by Asprino et al. [3] introduced a content-centric method to analyze
LSQ logs. Their method, termed query log summarization, categorizes SPARQL queries into common templates
based on their content. By examining the ten most executed templates for each log, they identified common usage
patterns and the prevalence of queries originating from a single code source. They also explored template relation-
ships, uncovering evidence that related templates often participate in common processes and are frequently executed
by similar sets of hosts. Additionally, their study highlighted relationships between different queries across various
logs, indicating a systematic, automated approach to data querying. This work provides qualitative insight into KG
usage but does not quantify the usage of the KG content.

Although existing studies are valuable for analyzing KG usage, they do not provide insights into the extent to
which KG schema elements are queried by users. Identifying the usage patterns may help optimize the KG develop-
ment by guiding efforts, such as maintenance, toward the most frequently used or queried elements. This improves
user experience by ensuring high-demand data is easily accessible and reliable, and reduces costs by allocating
resources more efficiently and potentially deprecating underused elements. This paper presents an approach for
quantifying SPARQL schema coverage and analyzing KG content usage.

3. Method

The workflow comprises six main steps as illustrated in Figure 1, beginning with retrieving SPARQL logs and
downloading KG versions that approximately align with query log periods. The second step involves extracting
schema elements from the KG. Next, we clean the SPARQL logs (step 3) in preparation for extracting the schema
elements used within these logs (step 4). The fifth step involves calculating the SPARQL schema coverage, to assess
how well the queries in the logs represent the KG’s schema. Finally, we perform various analyses to discover usage
patterns. Details of each step are described in the following subsections.
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3.1. Datasets

RDF KGs. Given that our analysis spans a period of Wikidata SPARQL query logs from 2017 to 2018, we
downloaded a version of Wikidata from 2017 and 2018, as these are the closest versions available to the log period.
This ensures maximum alignment of schema and query logs. We use both versions to investigate how the SPARQL
schema coverage changes with the evolution of the Wikidata KG. We downloaded two versions of Wikidata from
the Internet Archive!, and hosted them on Blazegraph on a local server.

For Bio2RDF KG [4], the analysis covers two periods of SPARQL query logs: one beginning in 2013 and the
other in 2019. However, due to the unavailability of datasets from these years, we instead use the current 2024 public
endpoint.

SPARQL Query Logs. The query logs are primarily retrieved from the Linked SPARQL Queries Dataset (LSQ)
2.0 endpoint® using the query illustrated in Listing 1. This query extracts the text and execution time of queries
from 24 datasets in LSQ 2.0 [22], including 23 Bio2RDF datasets and one Wikidata query dataset. Furthermore, we
downloaded Bio2RDF logs from Dumontier’s lab repository* and Wikidata queries (all queries and organic queries
for interval 1 and interval 7) from the International Center for Computational Logic?.

Listing 1: The templated SPARQL query against the LSQ SPARQL endpoint to retrieve
SPARQL queries for selected datasets.

1 | PREFIX lsqv: <http://lsqg.aksw.org/vocabi>
2 | PREFIX prov: <http://www.w3.org/ns/provi>
3

4 SELECT DISTINCT ?text ?timeStamp

5

6 | FROM <http://lsq.aksw.org/{dataset_name}>
7

8 | WHERE {

9 ?query lsqgv:text ?text .

10 ?query lsqgv:hasRemoteExec ?re .

11 ?re prov:atTime ?timeStamp .
12 |1}

We implemented the method in [5, 13] to classify queries as organic or robotic based on the agent who executed
the query. The Bio2RDF 10g2019 dataset includes user agent information, enabling us to generate the Bio2RDF
organic and robotic 10g2019 subsets. The criteria used for classification are as follows:

Organic: If the user agent string contains indicators commonly associated with web browsers, such as "Mozilla,"
"Chrome," "Safari," "Firefox," "Edge," or "Opera," it was classified as organic. These are typically representative
of human users.

Robotic: Entries lacking these browser indicators but containing terms like "Apache," "HttpClient," "Crawler,"
"sparglwrapper," or "python" were classified as robotic, as these user agents are often linked to automated scripts or
bots.

3.2. Extracting Total Schema Elements
In this study, the term KG schema refers to the set of types (or classes) and predicates (or relationships) that

define connections between instances of these types. Listing 2 presents the pseudocode and queries used to extract
the schema of a KG. The extraction process involves two main queries. Query_1 (line 7 in Listing 2) retrieves all

'Wikidata version 2017: https:/archive.org/download/wikibase-wikidatawiki-20170821 and Wikidata version 2018: https://archive.org/
download/wikibase-wikidatawiki-20180205

2https://Bio2RDF.org/sparql/

3https://1sq.data.dice-research.org/sparql

“https://download.dumontierlab.com/Bio2RDF/logs/

5 https://iccl.inf.tu-dresden.de/web/Wikidata_ SPARQL_Logs/en
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types, while Query_2 (line 13 in Listing 2) extracts relationships between instances of different types. Using two
optimized queries instead of a single complex query improved performance in large KGs, preventing timeout issues.
However, a few types, Query_2 still encountered timeouts due to the high number of instances and relationships. In
such cases, simplified queries were used to mitigate the issue.

For Bio2RDF and Wikidata, the properties used in these queries differ. In Bio2RDF, rdf:type and rdfs:subclassOf
are used, whereas Wikidata employs wdt:P31 and wdt:P279 as their equivalents. Additionally, since Wikidata lacks
subgraphs in its architecture, the "Graph" component is omitted from Query_2 when applied to Wikidata.

The schema for any Bio2RDF dataset follows a specific URL template: http://Bio2RDF.org/DATASET _
vocabulary:SCHEMA_ELEMENT. Therefore, any URLSs retrieved from query execution that do not adhere to this
template are excluded from the final schema elements set.

Listing 2: Pseudocode to extract KG schema. KG schema extraction is consist of two
queries, Query 1 and Query 2.

1 graph the KG:

2 each [’ type_property’, ’subclass_property’]:
3 Execute Query_1l to get subject_types

4 each subject_type ["type_property’, '

subclass_property’]:
execute Query_2

Query_1:
SELECT DISTINCT ?subject_type
WHERE {
GRAPH <{graph}> {
?s { } ?subject_type . } }

SELECT DISTINCT subject_type ?p ?object_type
WHERE {
GRAPH <{graph}> {
?s { } {subject_type} .
P8 %@ PO o

5
6
7
8
9
10
11
12
13 | Query_2:
14
15
16
17
18
19 20 { } ?object_type . 1}

3.3. Preprocessing SPARQL Queries

We extract unique SPARQL queries based on their text and store them along with their respective counts. Before
parsing, we preprocess the queries to ensure proper syntax and facilitate accurate parsing. First, we incorporate
essential RDF syntax prefixes (such as rdf, rdfs, and owl) since some queries lack explicit prefix declarations.
While Virtuoso pre-registers these prefixes—allowing users to omit them—our parser, *sparqljs’®, does not support
this feature. Therefore, we add the necessary prefixes to all queries to ensure proper parsing.

Next, we perform several text replacements to further refine the queries. Specifically, we replace angle brackets
"<>" with the placeholder ?class, decode URL-encoded strings (e.g., converting http%3A to http:), and
remove redundant HTTP Parameters such as & format, &timeout, &debug, and &run. These modifications
refine the query format to make it compatible with spargljs for parsing.

After preprocessing, we parse the queries using the ’sparqljs’, a SPARQL 1.1 parser implemented in JavaScript to
eliminate queries that are not syntactically valid and get the parse tree of the queries for content extraction. A parse
tree represents the syntactic structure of a query, breaking it down into its components, such as subjects, predicates,
and objects. We standardize variable names, as demonstrated in Figure 2. Three equivalent queries that differ only
in their variable names e.g., ?drug, compound, and ?s1, are standardized to ?varl. We distinguish variables from
actual entities by substituting variable names with placeholders like ’varX’. The output of this preprocessing is
unique, normalized, valid queries.

Shttps://www.npmjs.com/package/sparqljs
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SELECT * WHERE
Queryl { 2drug purl:description ?drugdesc ;

bv:identifier ?drugid}
Standardized Query
SELECT * WHERE SELECT * WHERE
Query2 { ?compound purl:description ?desc ;— { ?varl purl:description ?var2 ;
bv:identifier ?id} bv:identifier ?var3}

SELECT * WHERE
Query3 { ?s1 purlidescription ?ol ;
bv:identifier 202}

Fig. 2. Variable standardization. ?drug, ?compound, and ?s1, are standardized to ?varl.
3.4. Extracting Used Schema Elements

We write a Python script to extract "used schema elements" from the parse trees of the queries. We first identify
subjects, predicates, and objects elements within each query’s parse tree. Then, we determine the intersection of
these elements with the total schema elements that were retrieved earlier.

3.5. Calculating Schema Coverage

Equation 1 was used to calculate the SPARQL Schema Coverage (SC). This metric quantifies the proportion
of the KG schema that is used by user queries. SC is the ratio of Used Schema Elements (USE) to Total Schema
Elements (TSE) in the KG, multiplied by 100 to express the result as a percentage. The TSE represents the count of
all distinct types and predicates in the KG, while the USE denotes the count of those classes and predicates found
in user SPARQL query logs. We obtained the values for USE and TSE from the results of the previously described
steps.

SC(%) = (I;SM;) x 100 (1)

3.6. Identifying Content Usage Patterns

Up to this point, we have introduced a method for calculating SPARQL schema coverage, which measures the
proportion of schema elements in a KG that are queried. However, this metric alone does not reveal how frequently
individual schema elements are used or whether their usage is consistent over time. Step six involves analyzing the
frequency distribution of the schema elements, identifying frequently used elements, and detecting commonalities
in robotic and organic logs, or across different time periods. Additionally, we apply statistical tests, including the
Wilcoxon signed-rank test and Spearman’s rank correlation coefficient, to assess the consistency and changes in the
frequency and ranking of schema element usage over time. The following sections provide a detailed explanation of
these methods, with the findings presented in the Results section.

3.6.1. Frequency Distribution of Schema Elements

To analyze and compare the frequency distributions of schema elements across multiple datasets, we normalize
the usage count of each element to account for varying time intervals. We calculate the monthly frequency of each
element by dividing its total count by the log collection period (Equation 2). To reduce skewness and enhance
interpretability, we apply a logarithmic transformation (log10) to these normalized counts. Finally, we visualize the
normalized frequency distribution of schema elements across different datasets to facilitate comparison.

. Total count
Normalized count = - - 2)
log collection period
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We perform the Shapiro-Wilk test (SW) (Equation 3) to check the normality of the differences in the frequencies
of common schema elements between the two intervals of the query logs.

(Z?:l aixi)2
D (xi — )2

where x; are the ordered sample values, in our case, the differences in normalized counts between the two inter-
vals: x; = diff = Normalized_schema_count_Interval_2 — Normalized_schema_count_Interval_l, X is the sample
mean, and q; are constants based on the sample size.

The results of this test showed a p-value of zero for both the Wikidata and Bio2RDF intervals meaning that the
differences are not normally distributed. Therefore, we performed the Wilcoxon signed-rank test (W) (Equation 4)
to measure the consistency in the usage frequency of common schema elements between the two intervals of the
query logs.

SW= 3)

W= Z sign(d;)R; 4
i=1

where d; is the difference between the usage frequency of schema elements (in two intervals), sign(d;) is the sign
of d;, and R; is the rank of the absolute differences.

Changes in Used Schema Element Ranking. To measure the consistency in the ranking of common schema
elements between two intervals of query logs, we calculate Spearman’s rank correlation coefficient (p) (Equation
5). This metric evaluates the degree of correlation in the ranks of schema elements across these two time points,
capturing general trends in rank order consistency. d; is the difference between the ranks of corresponding schema
elements, and n is the number of observations [21].

6" d?

n(n? —1) )

p=1-

3.6.2. Frequent Schema Elements

We analyze the most frequently queried schema types from robotic and organic logs of Wikidata and Bio2RDF
to identify common elements that persist across different time intervals and log types. While our ranking analysis of
all schema elements reveals broad usage dynamics and temporal shifts, we’re particularly interested in determining
whether a subset of frequently accessed elements remains consistently popular over time, indicating their signif-
icance as "core" elements of the KG. The presence of a stable core across the datasets would suggest that these
elements are central to the KG’s utility, regardless of the query time or type. To investigate this, we first examine the
top 10 schema elements in each dataset, as they represent the most frequently queried components, as well as the
top 50 elements. The top 50 threshold strikes a balance by providing a more comprehensive view of usage patterns
compared to the top 10 while still avoiding the inclusion of many low-frequency elements. For example, in Wiki-
data 2017, the frequency for elements ranked 51 to 3560 ranges from 149 to 1, whereas the top 50 elements have
frequencies between 6,962 and 150. To analyze schema usage patterns, we visualize frequently queried schema ele-
ments and identify common elements across datasets, log types, and time intervals. This approach aims to determine
whether there is a set of core schema elements that drives query activity in these KGs.

Pairwise Schema Type Usage of Bio2RDF. Bio2RDF consists of 26 interconnected subgraphs, each rep-
resenting a distinct dataset with its own vocabulary. These subgraphs are linked through various pred-
icates. For example, the ctd_vocabulary:Gene-Disease-Association type from the "ctd" subgraph and the
ncbigene_vocabulary:Resource from the "ncbigene" subgraph are linked by the predicate ctd_vocabulary:
gene, establishing a relationship between the two elements. A typical triple pattern representing the
connection between two distinct subgraphs is: ?schema_Type_from_first_subgraph ?predicate
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?schema_Type_from_second_subgraph. This relationship is referred to as a "pairwise schema type pat-
tern."

Bio2RDF’s subgraph organization enables an analysis of how frequently queries capture relationships between
schema types from different subgraphs. However, since Wikidata does not have an explicit subgraph structure,
this type of analysis is not applicable to its dataset. To investigate this type of usage, we conduct an experiment
comparing Bio2RDF query logs from 2013 and 2019 to determine how often datasets (or subgraphs) were integrated
in queries to retrieve more complex information. The approach consists of two main steps:

Identifying total pairwise schema type patterns. We extract all possible pairwise schema type patterns from
the Bio2RDF schema, covering 17 subgraphs in log_2013 and 26 subgraphs in log_2019.

Identifying pairwise schema type pattern occurrences in logs. We analyze the triple patterns within queries to
identify occurrences of these pairwise schema type patterns. For each dataset, we construct a matrix where both rows
and columns represent schema type subgraphs. Each cell in the matrix corresponds to a specific pair of subgraphs,
and its value indicates the frequency of the pattern in the queries. By conducting this analysis, we aim to discover
how often queries integrate information across Bio2RDF subgraphs and how this usage has evolved over time.

4. Results

In this section, we describe the results of the various steps in the method, including the retrieval of datasets, the
pre-processing of SPARQL queries, the extraction of all schema elements, the extraction of the schema elements
used, the calculation of the SPARQL schema coverage, and the analysis of usage patterns.

4.1. Dataset Retrieval

Table 1 provides an overview of the datasets retrieved for analysis, including the logs from Bio2RDF and Wikidata
KGs for multiple periods and query types. The "Bio2RDF log2013" originates from LSQ and spans 16.79 months,
from May 2013 to September 2014, containing 31,950,877 queries. This dataset lacks user-agent information and
only includes the 1sqv:hostHash property, an anonymized hash of the host or IP address issuing each query. As a
result, it was not possible to decide whether queries are organic or robotic. The second dataset, "Bio2RDF log2019"
covers a longer period of 29.93 months, from January 2019 to July 2021. It contains a total of 3,880,960 queries,
of which 3,212 are server logs, and do not contain SPARQL queries. The resulting dataset includes 3,877,748
SPARQL queries. This dataset provides user-agent information to differentiate between robotic (3,816,776 queries)
and organic (56,736 queries) traffic. However, 7,427 queries lack user-agent information.

Wikidata logs contain both organic and robotic queries. The "Wikidata organic 1og2017" spans 9.43 months, from
June 2017 to March 2018, and consists of 3,298,254 organic queries. In contrast, the "Wikidata organic 10g2017"
and the "Wikidata organic 10g2018" were collected over only 0.88 months, comprising 192,331 and 872,556 organic
queries, respectively. Similarly, the "Wikidata robotic log2017" and the "Wikidata robotic 10g2018" were collected
over (.88 months, containing 59,355,579 and 81,339,186 robotic queries, respectively.

During our analysis in 2024, the Bio2RDF SPARQL endpoint contained 26 subgraphs/datasets. However, the
Bio2RDF log2013 and Bio2RDF log2019 datasets do not contain query logs corresponding to all 26 subgraphs.
Figures 3 and 4 provide details through Venn diagrams: Figure 3 illustrates the overlap between the Bio2RDF
log2013 datasets and the KG subgraphs, while Figure 4 represents the Bio2RDF 1og2019 datasets compared to the
KG subgraphs in the 2024 endpoint. This comparison highlights the importance of using a consistent reference
set when calculating schema coverage (Equation 1). That is, the numerator and denominator (i.e., used and total
schema elements) should be derived from the same set of datasets, ensuring alignment between KG subgraphs and
log datasets.

The Venn diagram in Figure 3 compares the datasets included in Bio2RDF log2013 with the subgraphs in
Bio2RDF KG2024. The left oval represents datasets unique to Bio2RDF 1og2013. The overlapping section in the
center lists 17 datasets common to both Bio2RDF 10g2013 and Bio2RDF KG2024. The right oval represents datasets
unique to Bio2RDF KG2024.
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Table 1

Results of data retrieval step

Dataset #Queries | log collection period Duration (months)
Bio2RDF All 1og2013 31,950,877 | 2013-05-05 to 2014-09-28 16.79
Bio2RDF All 10g2019 3,880,960 | 2019-01-07 to 2021-07-06 29.93
Bio2RDF robotic 10g2019 3,816,776 | 2019-01-07 to 2021-07-06 29.93
Bio2RDF organic 1og2019 56,736 | 2019-01-07 to 2021-07-06 29.93
Wikidata All organic log2017 3,298,254 | 2017-06-11 to 2018-03-25 9.43
Wikidata robotic 1og2017 59,355,579 | 2017-06-12 to 2017-07-09 0.88
Wikidata robotic 10g2018 81,339,186 | 2018-02-26 to 2018-03-25 0.88
Wikidata organic log2017 192,331 | 2017-06-12 to 2017-07-09 0.88
Wikidata organic log2018 872,556 | 2018-02-26 to 2018-03-25 0.88

—
/
sgd mesh
) kegg taxonomy eco
sabioark ctd irefindex interpro
b_genagel bioportal drugbank hp
'z’l‘:o - wormbase sider G
LY ncbigene goa go
\ linkedspl affymetrix hgnc Isr
gendr omim homologene ndc
mgi pharmgkb clinicaltrials

Bio2RDF l0g2013 Common  Bio2RDF KG2024

Fig. 3. Venn diagram illustrating the overlap between the Bio2RDF log2013 datasets and the Bio2RDF KG 2024

The Venn diagram in Figure 4 compares the datasets included in Bio2RDF log2019 with the subgraphs in
Bio2RDF KG2024. The left oval represents datasets unique to Bio2RDF 10g2019. The overlapping section in the
center lists 22 datasets common to both Bio2RDF 10g2019 and Bio2RDF KG2024. The right oval represents datasets
unique to Bio2RDF KG2024.

The dataset "Bio2RDF" in 1og2019 refers to the logs of a general endpoint for all subgraphs and may include
queries to the HP, ECO, APO, and GO subgraphs. This is because, historically, Bio2RDF maintained a distinct
SPARQL endpoint for each subgraph. Later, a single general endpoint was introduced to host all subgraphs for

querying.

ctd clinicaltrials

Isr ndc
Bio2RDF omim taxonomy
/ biomodels kegg pharmgkb
gene homologene wormbase
‘ gendr interpro  affymetrix
\ dbsn ncbigene sgd
\ P hgnc drugbank
genage : 9
orphanet sider bioportal
pubmed goa mgi
irefindex mesh

Bio2RDF log2019 Common  Bio2RDF KG2024

Fig. 4. Venn diagram illustrating the overlap between the Bio2RDF 10g2019 datasets and the Bio2RDF KG 2024
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4.2. Extracting Total Schema Elements

Table 2 presents the statistics of total schema elements across different KG versions. Initially, the Bio2RDF
schema comprised 166,444 unique types. After excluding types that do not adhere to the template http://Bio2RDF.
org/DATASET_vocabulary:SCHEMA_ELEMENT’, 545 types remain. A further refinement, by excluding ele-
ments with the template *http://Bio2RDF.org/DATASET_vocabulary:Resource,” reduces the count to 350 types
and 195 predicates, distributed across 26 subgraphs within the Bio2RDF KG on the current endpoint (2024). Out of
these 26 subgraphs, only 17 have corresponding query logs available in the Bio2RDF log2013 dataset, as depicted
in Figure 3. These 17 subgraphs contain 270 types and 129 predicates, in total 399 schema elements.

As represented in Table 2, the Wikidata KG version 2017 contains 103,380 types, whereas the Wikidata KG
version 2018 contains 97,470 types, reflecting a reduction in the number of schema types. These results illustrate
the variability in schema complexity with Wikidata exhibiting a larger and more diverse set of schema elements
compared to Bio2RDF.

Table 2
Total schema elements Statistics per KG version
Source Bio2RDF KG2024 (17 subgraphs) | Bio2RDF KG2024 (26 subgraphs) | Wikidata KG2017 | Wikidata KG2018
Total number of distinct Elements 399 545 104,314 98,462
Number of distinct Types 270 350 103,380 97,470
Number of distinct Predicates 129 195 934 992

4.3. Preprocessing SPARQL Queries

Table 3 summarizes the number of queries (#Queries), unique queries (#Unique), unique syntactically correct
queries (#Valid), standardized valid queries (#Normalized), and queries with incorrect syntax (#Failed to parse)
across all datasets.

Table 3
Results of Parsing and Variable Standardization in Query Logs
Dataset #SPARQL Queries #Unique | #Failed to parse #Valid | #Normalized
Bio2RDF All log2013 31,950,877 1,519,793 5,249 1,514,544 1,486,540
Bio2RDF All 10g2019 3,877,748 1,048,592 7,444 634,783 632,622
Bio2RDF robotic 10g2019 3,816,776 1,039,411 5,927 627,314 625,594
Bio2RDF organic 10g2019 53,524 9,612 1,517 7,357 7,030
Wikidata All organic 1og2017 3,298,254 844,256 125 844,132 842,812
Wikidata robotic 1og2017 59,355,579 8,234,097 17 8,234,080 8,234,041
Wikidata robotic 10g2018 81,339,186 | 18,940,103 53 | 18,940,050 18,939,725
Wikidata organic log2017 192,331 88,516 23 88,493 88,226
Wikidata organic 1og2018 872,556 185,482 44 185,438 185,050

4.4. Extracting Used Schema Elements

Table 4 presents the statistics of used schema elements in various datasets, detailing the total number of distinct
elements, types, and predicates identified in the queries. From Bio2RDF 1og2019_kg2024, 529 distinct elements
were extracted, comprising 334 distinct types and 195 distinct predicates. In comparison, Bio2RDF log2013_kg2024
contains 317 distinct elements, with 227 distinct types and 90 predicates. The robotic queries for Bio2RDF 10g2019
match the overall 10g2019_kg2024 dataset, both reporting 529 distinct elements, 334 classes, and 195 predicates,
while the organic queries yield a much smaller subset of 116 elements, 58 types, and 58 predicates.

For Wikidata, 1og2017_kg2017 includes 13,394 distinct elements, 12,590 classes and 804 predicates, while
10g2017_kg2018 has 13,900 distinct elements, consisting of 13,054 types and 846 predicates. The robotic queries
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for Wikidata scale significantly larger, with robotic 10g2017_kg2017 containing 59,603 elements, 58,680 types, and
923 predicates, and robotic 1log2018_kg2018 reporting 59,582 elements, 58,648 types, and 934 predicates. These
results illustrate significant variability in schema usage between robotic and organic logs.

Table 4
Used Schema Element Statistics per KG Version
Dataset Total number of distinct Elements | Number of distinct Types | Number of distinct Predicates
Bio2RDF All 1og2013_kg2024 317 227 90
Bio2RDF All 10g2019_kg2024 529 334 195
Bio2RDF robotic log2019_kg2024 529 334 195
Bio2RDF organic 10g2019_kg2024 116 58 58
Wikidata All organic log2017_kg2017 13,394 12,590 804
Wikidata All organic log2017_kg2018 13,900 13,054 846
Wikidata robotic 1og2017_kg2017 59,603 58,680 923
Wikidata robotic 1og2018_kg2018 59,582 58,648 934
Wikidata organic log2017_kg2017 4,041 3,559 482
Wikidata organic 1og2018_kg2018 4,859 4,310 549

4.5. Calculating SPARQL Schema Coverage

Table 5 presents the SPARQL schema coverage of datasets and provides insight into the extent to which schema
elements of different KGs are used in SPARQL queries. Bio2RDF All 1og2019_kg2024 and Bio2RDF robotic
1og2019_kg2024 achieved the highest schema coverage at 97.06%, indicating that nearly all schema elements were
queried at least once. This is followed by Bio2RDF All log2013_kg2024, which achieved a schema coverage of
79.44%.

In contrast, the Bio2RDF Organic 10g2019_kg2024 exhibited a much lower schema coverage of 21.28%. Simi-
larly, the schema coverage for Wikidata robotic queries in 1og2017_kg2017 and 10g2018_kg2018 was moderate, at
57.13% and 60.51%, respectively. However, the schema coverage for Wikidata organic queries in log2017_kg2017
and log2018_kg2018 was significantly lower, at 12.84% and 14.11%, respectively.

Table 5
SPARQL schema coverage
Dataset SC
Bio2RDF All log2013_kg2024 79.44%
Bio2RDF All 10g2019_kg2024 97.06%
Bio2RDF robotic 10g2019_kg2024 97.06%
Bio2RDF organic 10g2019_kg2024 21.28%

Wikidata All organic 1og2017_kg2017 | 12.84%
Wikidata All organic 1og2017_kg2018 | 14.11%

‘Wikidata robotic 1og2017_kg2017 57.13%
Wikidata robotic log2018_kg2018 60.51%
Wikidata organic log2017_kg2017 3.87%
Wikidata organic log2018_kg2018 4.93%

These results highlight a notable difference in schema coverage between robotic and organic queries across
Bio2RDF and Wikidata datasets.

Figure 5 illustrates the extent to which various schema elements of Bio2RDF KG are used in the organic queries
of 2019. Nodes represent schema classes, and edges represent predicates linking these classes. The size of a node
indicates its usage frequency, with larger nodes being more frequently used. The color of the nodes follows a
gradient from yellow (least used) to dark blue (most used). Similarly, edge thickness and color represent predicate
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Fig. 5. Visualization of the schema element usage in Bio2RDF organic 1og2019_kg2024.

usage, with thinner, light pink edges indicating less usage and thicker, deep purple edges indicating higher usage.
Unused schema elements (both nodes and edges) are displayed in gray. The interactive version of this visualization
is available online ’.

4.6. Knowledge Graph Usage Patterns

Thus far, we have introduced a method for calculating SPARQL schema coverage, which quantifies interactions
with KGs through SPARQL queries. This measure may provide only a superficial view of KG usage. Knowing that
a schema element was queried does not necessarily indicate its frequency of usage or temporal consistency. In this
section, we present the results of the methods described in Section 3.6, focusing on the frequency distribution and
temporal changes in KG usage. For this analysis, we have used unique queries.

4.6.1. Frequency Distribution of Schema Elements

As described in Section 3.6.1, we analyze schema element usage patterns by visualizing the frequency distribu-
tion of elements across various intervals of robotic and organic query logs from Bio2RDF and Wikidata. Figure 6
illustrates this distribution, where the y-axis represents the normalized monthly count of schema elements (loga-
rithmic scale), while the x-axis represents the index assigned to each schema element. The Bio2RDF contain 545
schema elements, whereas Wikidata 2017 and 2018 include 104,314 and 98,462 elements, respectively. The color
scheme distinguishes log types: green represents organic logs, red represents robotic logs, and blue represents all
logs (organic and robotic combined). The plots (A—M) exhibit a consistent trend: a sharp decline in schema element
usage frequency, suggesting that most schema elements are infrequently used.

Plot A (Bio2RDF All 10g2013_kg2024) exhibits a more gradual decline in schema element usage compared to
Plot B (Bio2RDF All 1og2019_kg2024). Plot C (Bio2RDF robotic 10g2019_kg2024) demonstrates a higher max-
imum frequency, with a log count approaching 4, whereas Plot D (Bio2RDF organic log2019_kg2024) peaks at
around 2. This contrast highlights the greater intensity of schema element usage in Bio2RDF robotic queries.

7https://marmhm.github.io/Schema-usage- graph/
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Fig. 6. Frequency distribution of schema elements across datasets (A—M). The datasets include: A) Bio2RDF All 1og2013_kg2024, B) Bio2RDF
All 10g2019_kg2024, C) Bio2RDF robotic 10g2019_kg2024, D) Bio2RDF organic 1log2019_kg2024, E) Wikidata organic log2017_kg2017,
F) Wikidata organic 10og2017_kg2018, G) Wikidata robotic 1og2017_kg2017, H) Wikidata organic 1log2017_kg2017, L) Wikidata robotic
1og2018_kg2018, M) Wikidata organic log2018_kg2018. The plot’s color represents it’s log type: blue for all logs, red for robotic logs, and
green for organic logs.
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Plots E and F (Wikidata All organic log2017_kg2017 and Wikidata All organic 10g2017_kg2018) show a similar
distribution of schema element usage across two different versions of Wikidata. Both intervals of robotic logs in
Wikidata, Plot G and Plot L (Wikidata robotic 10g2017_kg2017 and Wikidata robotic 10g2018_kg2018), exhibit
steep declines in schema element usage, with maximum frequencies exceeding a log count of 6.In contrast, Plot H
(Wikidata organic log2017_kg2017) and Plot M (Wikidata organic log2018_kg2018) peak around 5, indicating less
intensive schema element usage in organic queries.

Across all datasets, both organic and robotic queries display a sharp decline in schema element usage. How-
ever, robotic queries exhibit higher initial usage, with greater peak frequencies and broader schema element usage,
followed by a steeper decline.

Wilcoxon signed-rank test. 'We applied the Wilcoxon signed-rank test, as described in Section 3.6.1, to assess
the consistency in schema element usage frequency between the two intervals of query logs for both Bio2RDF and
Wikidata datasets.

For Bio2RDF, comparing Bio2RDF All 1og2013_kg2024 with Bio2RDF All 10g2019_kg2024 yielded a statistic
of 6250.000 (p-value = 0.000), indicating a statistically significant difference in schema element usage between
these intervals.

For Wikidata, the Wilcoxon signed-rank test revealed significant changes in schema element usage frequency
over time. Specifically, the comparison of the robotic logs (Wikidata robotic 10g2017_kg2017 vs. Wikidata robotic
1og2018_kg2018) yielded a test statistic of 126,884,288.500 (p-value = 0.000), while the organic logs (Wikidata
organic 1og2017_kg2017 vs. Wikidata organic 1og2018_kg2018) produced a statistic of 607,273.000 (p-value =
0.000). These findings indicate that schema element usage in Wikidata varied significantly between the examined
intervals.

Changes in Used Schema Element Ranking Using Equation 5, introduced in Section 3.6.1, we computed Spear-
man’s rank correlation and found weak to moderate consistency in schema element usage ranking across datasets.
For the Bio2RDF logs (Bio2RDF All log2013_kg2024 and Bio2RDF All 1log2019_kg2024), the correlation coef-
ficient of p = 0.158 (p = 0.00497) indicates a weak positive correlation. However, significant rank changes were
observed for individual elements, such as kegg_vocabulary:Target (dropped 171 ranks), drugbank_vocabulary:group
(dropped 167 ranks), and kegg_vocabulary:Disease (dropped 165 ranks).

For the Wikidata robotic logs (Wikidata robotic log2017_kg2017 vs. Wikidata robotic 10g2018_kg2018), a cor-
relation coefficient of p = 0.484 (p = 0) suggests a moderate positive correlation, with notable rank changes for
schema elements such as film award (Q4220917) (fell by 458 ranks), comic book album (Q2831984) (fell by 443
ranks), and novel series (Q1667921) (fell by 437 ranks).

For the Wikidata organic logs (Wikidata organic log2017_kg2017 vs. Wikidata organic 1og2018_kg2018), a cor-
relation coefficient (o = 0.571, p = 7.46 x 107'67) indicates a moderate positive correlation, with extreme rank
changes for elements such as P1811 (dropped 212 ranks), remarkable tree (Q811534) (rose 200 ranks), and P1423
(dropped 182 ranks).

These rank shifts highlight changes in user interactions with the KG. The weak correlation (o = 0.158) observed
for Bio2RDF may be partially attributed to the 6-year interval. In contrast, the Wikidata logs, which had a one-year
interval, showed moderate positive correlations (o0 = 0.484 for robotic logs and p = 0.571 for organic logs). The
stronger correlations for Wikidata suggest a more consistent use of schema elements over a shorter time frame.

4.6.2. Frequent Schema Types

As described in Section 3.6.2, we analyze the most frequently queried schema types to identify common elements
that persist across different time intervals and log types. Figure 7 illustrates the top 10 schema types queried across
multiple datasets, comparing robotic and organic query logs from Wikidata and Bio2RDF. The x-axis represents
the log-transformed total count of schema usages, while the y-axis lists the schema types. In this diagram, colors
indicate log types: green for organic logs, red for robotic logs, and blue for all logs (both organic and robotic).
Common schema classes across paired datasets are highlighted in bold.

Plot A and Plot B (Bio2RDF All log 2013 vs. 2019) show that four out of the ten schema types—omim:Gene,
wormbase:Gene, drugbank:Target, and drugbank:Drug—remain highly frequent despite a six-year gap between the
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two intervals. Plot C and Plot D (robotic vs. organic Bio2RDF queries of 2019) share only two common elements:
drugbank:Drug and phrmgkb: Variation.

Plot E and Plot F (Wikidata All organic log 2017 with KG versions of 2017 and 2018) reveal a notable update in
schema types, with "France (Q142)" newly classified as a schema type, while the rest of the frequently used schema
types remain consistent with those from 2017. Plot G and Plot H (Wikidata robotic vs. organic 2017) share only
three common elements: "human (Q5)", "film (Q11424)", and "city (Q515)". Plot L and Plot M (Wikidata robotic
vs. organic 2018) also have three common elements: "human (Q5)", "film (Q11424)", and "television series episode
(Q21191270)". Notably, "human (Q5)" and "film (Q11424)" remain frequent across both 2017 and 2018 for both
robotic and organic query types.

The comparison of the top 50 schema types across different intervals and query types further reveals that 24%
of the elements are common between Bio2rdf 2013 and 2019, 42% overlap between robotic and organic queries
in Bio2rdf 2019. For Wikidata, the overlap between robotic and organic queries is 30% in 2017 and 36% in 2018,
with a 46% commonality when comparing organic queries across the two years and 32% common between robotic
queries across 2017 and 2018.

Together, the analyses using both the top 10 and top 50 thresholds demonstrate that a core set of schema elements
consistently drives query activity across these KGs. This consistency demonstrates the fundamental role of these
schema types in shaping user interactions, regardless of temporal or query-type variations.

Pairwise Schema Type Usage of Bio2RDF. This analysis aims to investigate how pairwise schema type patterns
that represent relationships between schema types from different Bio2RDF subgraphs have been used in queries
over time. We examine the evolution of this type of federated querying by comparing Bio2RDF query logs from
2013 (log_2013, covering 17 subgraphs) and 2019 (log_2019, covering 26 subgraphs), as outlined in Section 3.6.2.

The total number of unique pairwise schema type patterns in the Bio2RDF schema was 55 in 2013 and 85 in
2019. However, only 3 out of 55 patterns appeared in queries from log_2013, whereas in log_2019, 23 out of 85
patterns were used in queries, indicating a substantial increase in federated querying over time.

Figure 8 presents a heatmap illustrating the pairwise schema type usage across Bio2RDF subgraphs for log_2013
and log_2019. The results highlight a significant increase in the diversity of dataset integration in 2019 relative to
2013. This shift reflects broader advancements in data accessibility and integration practices within the bioinformat-
ics community. The observed increase is likely attributable to the adoption of a single query endpoint for all datasets
in 2019, which improved accessibility compared to the multiple endpoints used in 2013.

Figure 9 presents an overview of the usage metadata generated by the proposed method. This approach processes
SPARQL queries and KGs to produce usage metadata. The extracted metadata includes SPARQL schema coverage,
the schema elements used, their associated usage frequencies, and the generated schema for the respective KGs. The
metadata for each dataset is available online for download® in CSV and RDF formats.

5. Discussion

In this study, we analyzed SPARQL query logs to explore how users interact with knowledge graphs (KGs) by
addressing two key questions: (1) How can we quantify the usage of a KG? and (2) Do frequency distribution and
ranking analyses of used KG elements reveal usage patterns over different log intervals or across organic (human-
driven) and robotic (bot-driven) query types? We applied the proposed method to the both robotic and organic query
logs from Bio2RDF and Wikidata, uncovering several patterns in schema element usage.

To quantify the overall usage of a KG, we introduced the metric of SPARQL schema converge, which measures
the proportion of schema elements in a KG that are queried. Our analysis of schema coverage revealed marked dif-
ferences between robotic and organic queries. Robotic queries exhibited high schema coverage (97% for Bio2RDF
and 60% for Wikidata) indicating that automated processes tend to access a broader range of schema elements. In
contrast, organic queries showed much lower coverage (21% for Bio2RDF and 14% for Wikidata), suggesting that

8https://github.com/MaastrichtU-IDS/KG_usage_metadata/tree/main/metadata-files
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Fig. 7. The most frequent schema types across datasets (A—M). The datasets include: A) Bio2RDF All 1og2013_kg2024, B) Bio2RDF
All 10g2019_kg2024, C) Bio2RDF robotic 10g2019_kg2024, D) Bio2RDF organic 1og2019_kg2024, E) Wikidata organic log2017_kg2017,
F) Wikidata organic 10og2017_kg2018, G) Wikidata robotic 1og2017_kg2017, H) Wikidata organic log2017_kg2017, L) Wikidata robotic
1og2018_kg2018, M) Wikidata organic 10g2018_kg2018. The plot’s color represents it’s log type: blue for all logs, red for robotic logs, and
green for organic logs. Bold labels indicate common schema classes that appear across paired datasets side by side.

human users focus on a smaller subset of the schema elements. These findings indicate distinct interaction patterns
between machine-driven and user-driven queries.

Beyond coverage, we observed a pronounced long-tail distribution in the frequency of schema element usage
in both datasets. While a few schema elements are queried very frequently, the vast majority are rarely used. This
long-tail phenomenon is significant because it demonstrates that only a limited set of elements captures most of the
user attention, despite the overall diversity in accessed elements. Although schema coverage and usage frequency
analyses capture different dimensions of query behavior (i.e., the breadth of elements accessed versus the extent of
their usage), they together provide a comprehensive view of usage patterns without implying a direct causal relation
between them.
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Fig. 8. Heatmap of the pairwise co-occurrence of schema types from two different subgraphs of log 2013 vs. 2019
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Fig. 9. Usage metadata model

We computed Spearman’s rank correlations based on the frequency rankings of common schema elements in
dataset pairs. Over a longer time span (e.g., Bio2RDF All logs: 2013 vs. 2019), the weak correlation suggests
shifting rankings over time. In contrast, moderate correlation in shorter intervals of Wikidata robotic logs (2017 vs.
2018) and Wikidata organic logs (2017 vs. 2018), indicates greater consistency in the near term.

Focusing on the most frequently queried schema types, our findings reveal a dual pattern in both the top 10 and top
50 elements. In the top 10 analysis, a small stable core, typically comprising 2 to 4 elements, appears consistently
across different datasets, time intervals, and query types, while the remaining elements tend to vary. In the top 50
frequent elements, we observe an overlap of 24% to 46% common elements across different comparisons. This
indicates that although a core set of schema elements remains persistently frequent (likely due to their fundamental
role or inherent relevance), the majority of frequently queried elements are variable, reflecting evolving user interests
or updates in data structures. Importantly, the persistent core can be leveraged in KG documentation and design,
ensuring that these key elements are prioritized and optimized to better serve user needs.

In addition, the pairwise schema element co-occurrence analysis in Bio2RDF reveals that while only 3 out of 55
unique pairwise schema type patterns were observed in the 2013 logs, this number increased to 23 out of 85 in the
2019 logs. This substantial increase in federated querying indicates an enhanced emphasis on integrating multiple
datasets over time, likely driven by improved accessibility, such as the shift from multiple query endpoints in 2013 to
aunified endpoint in 2019. These results demonstrate the importance of designing KGs that support robust federated
query capabilities, especially in data-driven fields like bioinformatics.
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In conclusion, the findings offer a detailed understanding of KG usage patterns and present valuable guidance for
refining KG design and query strategies to better address user needs.

This study faces two main limitations when comparing Bio2RDF and Wikidata. First, the log collection periods
differ significantly: Bio2RDF logs span nearly 30 months, whereas Wikidata logs cover only 9 months. The limited
duration of the Wikidata logs constrains our ability to fully assess long-term usage patterns. A potential avenue
for future research is to conduct a direct comparison using equivalent time windows (e.g., nine-month intervals
for both KGs). Second, there is a substantial difference in scale between the two KGs, as Wikidata’s schema is
approximately 200 times larger than Bio2RDF’s. This disparity naturally affects usage metrics such as schema
coverage and frequency distributions. Future research should consider comparing datasets of similar scale to better
account for these differences.

6. Conclusion

This study introduces a novel approach for analyzing SPARQL query logs to gain deeper insights into user
interactions with knowledge graphs (KGs). To identify usage patterns, we introduce the SPARQL schema coverage
metric and conduct frequency distribution and ranking analyses of queried KG elements across different log intervals
and both organic and robotic query types from Bio2RDF and Wikidata. The findings reveal that, while both query
types in both datasets exhibit a long-tail distribution in schema element usage, robotic queries access a broader range
of elements (60—97%), whereas organic queries focus on a narrower subset (14-21%). Furthermore, the temporal
analysis of frequently queried elements identifies a stable core of elements that consistently drive user queries
over time. Additionally, Spearman’s rank correlation of common elements across Wikidata intervals demonstrates
relatively stable rankings over short-term periods (one year). However, in Bio2RDF, longer time spans (six years)
exhibit greater changes in the ranking of used elements. To improve cross-KG comparisons, future research might
involve analyzing standardized log collection periods and comparing datasets of similar scale. Overall, our findings
advance the understanding of KG usage patterns and provide guidance for optimizing KG design, documentation,
and query strategies, ultimately contributing to the development of more responsive and user-centric knowledge
graphs.

The implementation of this method is publicly available on the GitHub repository: https://github.com/
MaastrichtU-IDS/KG_usage_metadata.
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