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Abstract—[Background.] Empirical research in requirements
engineering (RE) is a constantly evolving topic, with a growing
number of publications. Several papers address this topic using
literature reviews to provide a snapshot of its “current” state and
evolution. However, these papers have never built on or updated
earlier ones, resulting in overlap and redundancy. The under-
lying problem is the unavailability of data from earlier works.
Researchers need technical infrastructures to conduct sustainable
literature reviews. [Aims.] We examine the use of the Open
Research Knowledge Graph (ORKG) as such an infrastructure
to build and publish an initial Knowledge Graph of Empirical
research in RE (KG-EmpiRE) whose data is openly available.
Our long-term goal is to continuously maintain KG-EmpiRE with
the research community to synthesize a comprehensive, up-to-
date, and long-term available overview of the state and evolution
of empirical research in RE. [Method.] We conduct a literature
review using the ORKG to build and publish KG-EmpiRE
which we evaluate against competency questions derived from a
published vision of empirical research in software (requirements)
engineering for 2020 – 2025. [Results.] From 570 papers of the
IEEE International Requirements Engineering Conference (2000
– 2022), we extract and analyze data on the reported empirical
research and answer 16 out of 77 competency questions. These
answers show a positive development towards the vision, but also
the need for future improvements. [Conclusions.] The ORKG is a
ready-to-use and advanced infrastructure to organize data from
literature reviews as knowledge graphs. The resulting knowledge
graphs make the data openly available and maintainable by
research communities, enabling sustainable literature reviews.

Index Terms—Knowledge graph, empirical research, require-
ments engineering, infrastructure, sustainability, literature review

I. INTRODUCTION

Empirical research in requirements engineering (RE) is a
constantly evolving topic, with a growing number of publi-
cations [1]–[3]. Several publications examined how empirical
research in RE is conducted and how it should be conducted
in the future [2], [4]. Over the years, they presented snapshots
of the “current” state and evolution of empirical research in
RE [1]–[3], [5], [6] and, more generally, in software engineer-
ing (SE) [7]–[15]. They share the same goal of synthesizing a
comprehensive, up-to-date, and long-term available overview
of the state and evolution of empirical research in RE and SE.
Although they share the same goal, use similar methods, i.a.,

(systematic) literature reviews, and even examine overlapping
periods, venues, and themes (cf. Table I) [16], they have not
collaborated to build on and update earlier works, which are
known challenges of literature reviews [17]–[20]. Overcoming
these challenges is critical to ensure the quality, reliability, and
timeliness of research results from literature reviews [19], [21].

Recent research addresses these challenges by focusing
on when and how to update (systematic) literature reviews
in SE and its subfields [4], [21]–[23]. While these works
mainly provide social and economic decision support and
guidance for updating literature reviews [4], [20], the un-
derlying problem is the unavailability of the extracted and
analyzed data, corresponding to open science in SE [23], [24].
Unavailable data complicates collaboration among researchers
and updating literature reviews, as the entire data collection,
extraction, and analysis must be repeated and expanded for
comprehensive results. Researchers need support in the form
of technical infrastructures and services to conduct sustainable
literature reviews so that all data is openly available in the
long term [5], [17], [18], [20] according to the Findable,
Accessible, Interoperable, and Reusable (FAIR) data princi-
ples [25], [26]. For this purpose, the data must be organized
in a flexible, fine-grained, context-sensitive, and semantic
representation to be understandable, processable, and usable
by humans and machines [5], [13], [27]. Over the last decade,
Knowledge Graphs (KGs) have become an emerging technol-
ogy in industry and academia as they enable this versatile
data representation [28]–[30]. Besides well-known KGs for
encyclopedic and factual data, such as DBpedia [31] and
WikiData [32], using so-called Research Knowledge Graphs
(RKGs) for scientific data is a rather new approach [28],
[29], [33]. RKGs include bibliographic metadata, e.g., titles,
authors, and venues, as well as scientific data, e.g., research
designs, methods, and results [34]–[39]. They are a promising
technology to sustainably organize scientific data so that the
data is openly available for long-term collaborations [27], [40].

We examine the use of RKGs as technical infrastructure
by building, publishing, and evaluating an initial KG of
Empirical research in RE (KG-EmpiRE). Similar to Frattini
et al. [41], our long-term goal is to continuously maintain,
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(re-)use, update, and expand KG-EmpiRE with the research
community to synthesize a comprehensive, up-to-date, and
long-term available overview of the state and evolution of
empirical research in RE. In this way, we can divide the efforts
to conquer the EmpiRE. We use the Open Research Knowl-
edge Graph (ORKG), a RKG with services that combine man-
ual crowdsourcing and automated approaches to organize sci-
entific data [27]. Karras et al. [42] have successfully used the
ORKG to organize qualitative and quantitative data [43], [44]
from two systematic literature reviews in CrowdRE [45], [46].

Based on 570 papers from the IEEE International Require-
ments Engineering Conference (2000 – 2022), we show how
scientific data on empirical research in RE can be consistently
organized in the ORKG. In this way, we build and publish
the initial KG-EmpiRE that the research community can
constantly maintain, (re-)use, update, and expand. Similar to
Abualhaija et al. [47], we evaluate KG-EmpiRE by analyzing
its data to provide initial insights into the state and evolution of
empirical research in RE. In particular, we answer competency
questions [48], [49] derived from the vision by Sjøberg et
al. [50] of how researchers should conduct empirical research
in all fields of SE, including RE, in the period 2020 – 2025.
The initial insights show a positive development towards the
vision [50], but also the need for future improvements. We
provide the following contributions:

Contribution:
1) The openly available KG-EmpiRE which the research
community can maintain, (re-)use, update, and expand.
2) A reusable and expandable ORKG template for orga-
nizing scientific data on empirical research.
3) A set of 77 competency questions, the answers to which
provide insights into the state and evolution of empirical
research in SE and its subfields for the period 2020 – 2025.
4) A reproducible data analysis of KG-EmpiRE to answer
16 of 77 competency questions, providing initial insights
into the state and evolution of empirical research in RE.

This paper is structured as follows: Section II explains
the background. Section III discusses related work. While
Section IV describes the approach, Section V reports the
results. Section VI discusses threats to validity, and we discuss
the findings in Section VII. Section VIII concludes the paper.

II. BACKGROUND

A Research Knowledge Graph (RKG) represents scientific
data semantically, i.e., explicitly and formally, by linking
(meta-)data of scientific artifacts (publications, datasets, and
software) and entities (persons and organizations), which of-
fers several benefits [28]. According to Auer et al. [28], the
semantic representation leads to better identification, trace-
ability, and reduced ambiguity of concepts and relationships
of scientific data through terminological and conceptual clar-
ity across disciplines. These improvements result in easier
(re-)use of scientific data and thus less redundancy and dupli-
cation. For example, extracted and analyzed data of literature

reviews can be continuously (re-)used, updated, and expanded
over time [26]. In addition, access to scientific data is easier for
humans and especially for machines, as machines can grasp
and understand the structure and semantics of scientific data
in publications, so-called machine actionability. This improved
access enables far-reaching opportunities for the development
of novel digital services in science, such as customizable
visualizations [51] and question answering systems [52], [53].

There are generic and specific RKGs [29], [40]. While
generic RKGs focus on bibliographic metadata, e.g., titles,
authors, and venues, specific RGKs focus on scientific data,
e.g., research designs, methods, measurements, and results.

Generic RKGs focus on bibliographic metadata of sci-
entific artifacts and entities. There are several well-known
generic RKGs, such as Microsoft Academic Knowledge
Graph [54], OpenAlex [55], Springer Nature SciGraph [56],
Semantic Scholar Literature Graph [33], OpenAIRE Research-
Graph [57], [58], Research Graph [59], and Scholarly Link
Exchange (Scholix) [60]. These RKGs have in common that
they use bibliographic metadata to organize scientific artifacts,
entities, and their relationships to enable, for example, their
search, visualization, and processing [40], [61].

Specific RKGs focus mainly on scientific data combined
with bibliographic metadata to describe and link scientific
artifacts and entities. Specific RKGs are either specific to
certain topics or more general to certain domains. Some well-
known examples of topic-specific RKGs are CovidGraph [62],
COVID-19 Air Quality Data Collection [38], [63], and Soft-
wareKG [64]–[66]. The first two RKGs address the topic of
COVID-19. However, the CovidGraph looks more generally at
scientific data on COVID-19 to explore publications, patents,
existing treatments, and drugs around the coronavirus fam-
ily [62]. In contrast, the COVID-19 Air Quality Data Collec-
tion is more fine-grained, focusing only on scientific content
from publications about the impacts of COVID-19 lockdowns
on air quality [38], [63]. The SoftwareKG deals with the
topic of software that is mentioned in scientific publications.
This RKG enables users to explore and understand the role
of software in science. Besides topic-specific RKGs, there
are several examples of domain-specific RKGs [40], such as
Computer Science Knowledge Graph (CS-KG) [29], Papers-
with-Code [36], Hi Knowledge [35], Cooperation Databank
(CoDa) [39], and OpenBiodiv [37]. These RGKs organize
scientific data from a specific domain, including computer
science [29], machine learning [36], invasion biology [35],
social sciences [39], and biodiversity [37].

In contrast to all RKGs mentioned, the ORKG is a special
case as it is a RKG organizing any topic-specific scientific
data across all research domains. Thus, the ORKG is a cross-
domain and cross-topic RKG. The ORKG organizes scientific
data provided by a publication as a collection of so-called
contributions. A contribution consists of a semantic descrip-
tion of scientific data. Selected contributions can be compared
in so-called comparisons. A comparison is a table where the
columns denote the selected contributions by publication and
the rows denote the semantically described scientific data.
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Figure 1: Comparison of related publications on the “current” state and evolution of empirical research in RE and SE [16].

Figure 1 shows an excerpt from a comparison that we created
to get an overview of related publications on the “current” state
and evolution of empirical research in RE and SE [16]. For
three publications, the excerpt shows the method used, the data
availability, as well as the period and the number of papers
examined. We use the ORKG due to its cross-domain and
cross-topic characteristics, as well as its successful application
for CrowdRE by Karras et al. [42].

III. RELATED WORK

Below, we review 14 publications that provide snapshots of
the “current” state and evolution of empirical research in RE
and SE (see Table I) [16]. We only consider publications that
address the topic in general and are not limited to specific
aspects, such as a method [67], [68] or a context [69], [70].

We found five publications on empirical research in RE
published between 2005 and 2016 and nine on empirical
research in SE published between 2002 and 2021. While one
publication [1] examined empirical research in RE using a
survey with 42 respondents, the other 13 publications [2],
[3], [5]–[15] used (systematic) literature reviews or system-
atic mapping studies to analyze on average 402.9 papers
(minimum: 20, median: 154, and maximum: 2237 papers)
published between 1977 and 2019 with overlapping periods.
In total, these 13 publications examined papers from a total
of 60 different venues on 18 different themes. Nine of the 60
venues and ten of the 18 themes were examined by more than
two publications. These facts show that there is considerable
overlap and redundancy between these publications in terms of

goals, methods used, periods, venues, and themes examined.
This overlap and redundancy could have been avoided if
researchers had collaborated to build on and update earlier
works. However, only four out of 14 publications offer their
data at all, with only one publication [15] using a public data
repository [71], [72]. The other three publications only offer
links that no longer work [5], [12], [13].

In terms of key findings, the 14 publications show consistent
results, although not all 18 themes were examined in all pub-
lications. For example, eleven of the 14 publications reported
on the most commonly used research methods. Until 2000, the
most common research methods were conceptual analysis and
concept implementation [7]. Between 2000 and 2015, the most
commonly used research methods changed to case studies
and experiments [3], [5], [8]–[11], which were expanded
after 2015 to also include surveys and systematic literature
reviews [12]–[15]. While this change shows an evolution of
research methods used, we also note that experiments and case
studies have been the two main research methods for empirical
research in RE and SE for more than 20 years. Although
these two research methods have been used for a long time,
seven publications concluded that there is a need to develop,
expand, and use standardized terminology and theories (from
other disciplines) to more consistently represent the empirical
research conducted and better explain the results found [1],
[2], [6]–[8], [12], [13]. In this regard, seven publications
also analyzed the information reported for a comprehensive
description of a research design. This information includes de-
tails about the research question(s) [1], contextual factors [6],

Table I: Details of related publications on the “current” state and evolution of empirical research in RE and SE [16].
Legend: Literature Review (LR), Systematic Literature Review (SLR), and Systematic Mapping Study (SMS)

Paper Year Field Method Period Data basis Dataset Venues (Frequency > 2 ) Themes (Frequency > 2)
[6] 2005

RE

LR 1986 – 2002 35 papers Unavailable

1) Empirical Software Engineering Journal (8)
2) IEEE Software (4)
3) Requirements Engineering Journal (4)
4) ACM/IEEE International Symposium on Empirical

Software Engineering and Measurement (4)
5) IEEE Transactions on Software Engineering (3)
6) Information and Software Technology Jounral (3)
7) IEEE International Requirements Engineering Confer-

ence (3)
8) Journal of Systems and Software (3)
9) International Conference on Software Engineering (3)

1) Data collection (12)
2) Research method (11)
3) Bibliographic metadata (10)
4) Data analysis (8)
5) Research paradigm (7)
6) Research design (7)
7) Research topic (5)
8) Research context (4)
9) Sample of population (4)

10) Theory (3)

[5] 2010 SLR Unknown 154 papers Broken link

[1] 2012 Survey 19.03.2012 –
30.03.2012 42 respondents Unavailable

[2] 2014 LR 1983 – 2013 2237 papers Unavailable
[3] 2016 SMS Open – 2012 270 papers Unavailable
[7] 2002

SE

LR 1995 – 1999 369 papers Unavailable
[8] 2002 LR 1996 – 2002 68 papers Unavailable
[9] 2005 LR 1997 – 2003 119 papers Unavailable

[10] 2006 LR 1977 – 2005 63 papers Unavailable
[11] 2007 LR 1996 – 2003 133 papers Unavailable
[12] 2015 SMS 1996 – 2013 891 papers Broken link
[13] 2018 SMS 2013 – 2017 538 papers Broken link
[14] 2019 SMS 1991 – 2014 341 papers Unavailable
[15] 2021 SMS Open – 2019 20 papers Available

https://doi.org/10.48366/r255464


object of study [1], population/sample [3], [10], threats to
validity [13], data collection [15], measurements/metrics [11],
and data analysis [10], [13]. Overall, six publications [2], [3],
[6], [10], [12], [13] explicitly state that the use of empirical
research in RE and SE is constantly increasing. This increase is
accompanied by the need to have a comprehensive, up-to-date,
and long-term available overview of the state and evolution of
empirical research [1], [5], [6]. This need is the underlying
motivation of all 14 related publications.

We build on the related work by considering their examined
venues and themes for our data collection, extraction, and
analysis. Unlike related work, we do not conduct a full system-
atic literature review or systematic mapping study. Instead, we
conduct a literature review to illustrate how researchers can use
RKGs, specifically the ORKG, as a technical infrastructure for
organizing scientific data in an openly available and long-term
way to build and publish KGs that the research community can
constantly maintain, (re-)use, update, and expand. We do not
claim to provide a comprehensive overview of the state and
evolution of empirical research in RE. Our research approach
aims to lay the foundation for such an overview by building,
publishing, and evaluating the initial KG-EmpiRE.

IV. RESEARCH APPROACH

The research approach and reporting essentially follow the
Empirical Standards for Software Engineering Research [73].

We first define the research goal and research question
to ensure that the scope of our research approach is clearly
defined before presenting its details. We defined the research
goal in detail using the goal definition template [74]:

Goal definition: We analyze the ORKG for the purpose
of organizing scientific data in an openly available and
long-term way with respect to building, publishing, and
evaluating an initial KG of empirical research in RE that
the research community can constantly maintain, (re-)use,
update, and expand, from the point of view of ORKG users
in the context of enabling sustainable literature reviews
to synthesize a comprehensive, up-to-date, and long-term
available overview of the state and evolution of empirical
research in RE.

Based on this goal, we ask the following research question:

Research question: How can we use the ORKG as a
technical infrastructure to organize scientific data in an
openly available and long-term way by building, publish-
ing, and evaluating a KG of empirical research in RE that
the research community can constantly maintain, (re-)use,
update, and expand to enable sustainable literature reviews?

We frame our research approach using the design science
paradigm [75]. We collect papers from the field of RE and
extract data on the empirical research reported. In this way, we
build and publish the initial KG-EmpiRE as a solution design,
which we analyze for evaluation. For this reason, our research
approach consists of the three main steps: Data collection, data
extraction, and data analysis (see Figure 2).

Data analysisData extraction

Add all papers to 
the ORKG.

Develop a data 
extraction sheet for 
empirical research 
as ORKG template.

Data collection

Select venue.

Select track.

Download all 
papers as PDFs.

Run queries and 
analyze the data in a 
Jupyter Notebook.Describe all papers 

using the developed 
ORKG template.

Identify competency 
questions.

Specify SPARQL 
queries for 

competency questions.

Figure 2: Activity diagram of the research approach.

A. Data Collection

Many related publications collected data on empirical re-
search in RE and SE from papers (cf. Section III). However,
the only available data set is small and covers only a subset
of the frequently examined themes (cf. Table I) [16]. For this
reason, we conducted another data collection (see Figure 2).

We considered only papers from one venue similar to other
related publications [5], [8]–[11], [15] to simplify the search
and selection. The selected venue is the IEEE International
Requirements Engineering Conference, as authors from related
publications reported that most of the papers they identified as
relevant came from this conference [2], [3]. We selected the
research track of the conference, as it is the main track where
we expect most papers applying empirical research1.

For data collection, we downloaded the papers as PDF files
from IEEE Xplore, where all proceedings of the IEEE Inter-
national Requirements Engineering Conference from 1994 –
2022 can be found. So far, we downloaded all 570 papers
from the research track of the conference from 2000 – 2022
for data extraction. The collection of the missing years (1994 –
1999) is future work. We did not need to exclude any paper, as
each paper reported at least partial information about empirical
research that we could extract.

B. Data Extraction

The data extraction is the essential step in building and
publishing the initial KG-EmpiRE. The basis of data extraction
are the related publications with their data extraction sheets,
themes, and contents (cf. Table I) [16].

We focused on the themes examined in more than five
related publications. These themes are data collection, re-
search method, bibliographic metadata, data analysis, re-
search paradigm, and research design. For each theme, we
analyzed the related publications to determine the analyzed
content and possible values (see Table II). In this way, we de-
termined the content for the data extraction covering the most
frequently examined themes. Table II provides an overview

1The selected venue and track are only a starting point for our work. We
know that the other tracks of the IEEE International Requirements Engineer-
ing Conference are also relevant and that there are other important venues
on the topic of empirical research in RE, such as the Empirical Software
Engineering journal, IEEE Software journal, or Requirements Engineering
journal, etc. (cf. Table I) [16].

https://ieeexplore.ieee.org/xpl/conhome/1000630/all-proceedings
https://link.springer.com/journal/10664/volumes-and-issues
https://link.springer.com/journal/10664/volumes-and-issues
https://www.computer.org/csdl/magazine/so/past-issues/2020/2023
https://link.springer.com/journal/766/volumes-and-issues


of a subset of the content identified for data extraction. For a
complete overview of all content identified for data extraction,
refer to our supplementary materials [76].

Instead of a spreadsheet, we implemented the data extraction
sheet as a so-called ORKG template [77] to organize the
scientific data (see Figure 2). ORKG templates are an imple-
mentation of a subset of SHACL [78] and allow specifying the
structure of ORKG contributions to describe a paper (cf. Sec-
tion II). In this way, we determined which data to extract and
ensured that all the semantic descriptions of scientific data are
consistent and comparable across all considered papers.

The first two authors of this paper developed the ORKG
template in four iterations over a period of two months. When
developing the ORKG template, we focused on a generic
design to ensure its reusability. Starting from an initial draft,
we applied the (revised) template to five randomly selected
papers from the data collection in each iteration. Based on
our experiences in data extraction, we continuously adapted
the template and always updated the descriptions of all papers
from which we had previously extracted data. After the
fourth iteration, there were no more changes. The remaining
two authors reviewed the final version of the template and
confirmed its suitability for data extraction. Figure 3 shows
an excerpt from the ORKG template to illustrate the structure
for describing the data collected (theme: data collection) and
research question(s) posed (theme: research design) in a paper.
Our ORKG template excludes bibliographic metadata, as the
ORKG (semi-)automatically compiles the bibliographic meta-
data of a paper when the paper is added. For an overview of the
ORKG template, refer to our supplementary materials [76].

For data extraction, we added each paper from data collec-
tion to the ORKG using its Digital Object Identifier (DOI).
In this way, the ORKG automatically compiles the biblio-
graphic metadata of the papers. The second author applied
the developed ORKG template to each paper and extracted the
corresponding data from all papers, using the terminology used
in the paper to ensure an accurate and consistent description.
The first and the third author reviewed each description by
comparing the extracted data with the respective paper. In
the case of inconsistencies or ambiguities, the three authors
discussed and resolved the issues identified.

Legend:

Bibliographic
metadata

ORKG 
Template

Research
question

String

highlighted

Boolean

Boolean

Question type

question

hidden

question_type

Paper

Data 
collection

Data

Data type

String

Boolean Boolean

research_question

data
url

qualitative quantitative

data_type

data_collection

…
…

Contribution

Author
author

contribution

String
doi

Integer String Venue

year month url venue

Integer Integer
Atomic 

data type

Class

Relation

String

title

Figure 3: Excerpt from the ORKG template for data extraction.

C. Data Analysis

The data analysis serves two purposes: (P1) We evaluate the
coverage of the curated topic of empirical research in RE by
the initial KG-EmpiRE, and (P2) We get initial insights into
the state and evolution of empirical research in RE.

Competency questions are an established method for ana-
lyzing and evaluating KGs [48]. A competency question is a
natural language question that represents an information need
related to the content of a KG and for which a KG must
provide relevant information to answer the question [49]. Thus,
the number of questions answered reflects the coverage of the
curated topic in a KG (P1), and the answers to competency
questions provide insights into the curated topic (P2).

Following our approach (see Figure 2), we identified rel-
evant competency questions about the state and evolution of
empirical research. We selected the vision of Sjøberg et al. [50]
regarding the role of empirical methods in all fields of SE,
including RE, to identify competency questions, as the vision
precisely targets the current period of 2020 – 2025. Sjøberg et
al. [50] present their vision by describing and comparing the
“current” state of practice (2007) and their targeted state (2020

Table II: Overview of a subset of the content identified for data extraction.

Related Publications Theme Analyzed content Possible values

[2], [3], [6]–[15] Data collection Data Type of data: Qualitative, Quantitative
Location of the data: URL

Collection method Case study, Survey, Interview, Experiment, etc.
[3], [5], [7]–[15] Research method

Analysis method Comparative analysis, Content analysis, Grounded theory, etc.
[1], [6], [7], [9]–[11],
[13], [14] Data analysis Inferential statistic Statistical test: t-test, ANOVA, Logistic regression, etc.

Descriptive statistic Type of measure: Frequency, Central tendency, Position, etc.

[3], [6]–[9], [13], [15] Research paradigm Type of paradigm Exploratory, Explanatory, Descriptive, Predictive, etc.

[1], [3], [6], [10],
[13]–[15] Research design Research question

Formulated question
Presentation: Explicitly highlighted, Implicitly hidden
Type of question: Exploratory, Explanatory, Descriptive, etc.

Threats to Validity Type of validity: Internal, External, Construct, Conclusion, etc.
[2], [3], [7]–[14] Bib. metadata Metadata Title, Authors, Venue, Publication date, URL, DOI

https://github.com/okarras/EmpiRE-Analysis/blob/master/Supplementary%20materials/Overview%20of%20all%20content%20for%20data%20extraction.pdf
https://orkg.org/template/R186491
https://orkg.org/template/R186491
https://github.com/okarras/EmpiRE-Analysis/blob/master/Supplementary%20materials/Detailed%20ORKG%20template%20structure.pdf


– 2025). The first three authors analyzed these descriptions by
manually coding them in terms of textual elements that led
to a question related to the state and evolution of empirical
research. In this way, we derived the competency questions
and captured their associated origins so that third parties
better understand our analysis and its results. Subsequently,
the first three authors matched each identified competency
question with the analyzed questions and content of the
related publications (cf. Section III) to determine how many
times similar questions have been analyzed. Table III shows
three examples of identified competency questions, including
excerpts from the vision [50] with light gray highlighting
of the coded text elements that led to the question and the
references to related publications with a similar question. In
total, we identified 77 competency questions about the state
and evolution of empirical research in SE, including RE, of
which 42 questions have been asked similarly in at least one
related publication. For the detailed list of all 77 competency
questions, refer to our supplementary materials [76].

For data analysis, we specified queries with a query lan-
guage for KGs to retrieve the extracted data from the ORKG.
This specification requires knowledge of the data structure,
i.e., the ORKG template, so we can only specify queries
for competency questions that can be answered with the
extracted data. We used the query language SPARQL [79] as
the ORKG provides a SPARQL endpoint for accessing all its
data. Listing 1 exemplary shows the specified SPARQL query
for competency question 1 (cf. Table III). In this case, we
present the query with human-readable identifiers to facilitate
understanding the query. This human-readable query is not
executable in the ORKG as the ORKG uses alphanumeric
identifiers (similar to WikiData [32]). For the executable
queries, refer to our supplementary materials [76].

Listing 1: SPARQL query for competency question 1.
1 PREFIX r: <http://orkg.org/orkg/resource/>
2 PREFIX c: <http://orkg.org/orkg/class/>
3 PREFIX p: <http://orkg.org/orkg/predicate/>
4 PREFIX rdfs: <http://www.w3.org/2000/01/rdf-schema\#>
5
6 SELECT ?paper, ?year, ?dc_label, ?da_label
7 WHERE {
8 ?paper p:contribution ?contri;
9 p:publication_year ?year.

10 ?contri. a c:C27001.
11 OPTIONAL{?contri p:data_collection_method ?dc.
12 ?dc rdfs:label ?dc_label.}
13 OPTIONAL{?contri p:data_analysis_method ?da.
14 ?da rdfs:label ?da_label.}
15 }

We implemented the analysis using a Jupyter Notebook [76]
with Python, published on GitHub [76] with the latest release
archived on Zenodo [76]. We also hosted the repository on
mybinder [76]. In this way, the analysis is always available to
anyone for interactive reproduction and (re-)use, retrieving the
latest data from the ORKG. Due to the uniform data structure
provided by the developed ORKG template, we can always
retrieve newly added papers that use the ORKG template and
include them in the analysis by simply rerunning the script.

V. RESULTS

Below, we present the results of the data analysis. First,
we address the coverage of the curated topic by the initial
KG-EmpiRE (P1), followed by initial insights into the state
and evolution of empirical research in RE based on the
competency questions answered (P2).

A. Coverage of the Curated Topic by KG-EmpiRE

Overall, we answered 16 of the 77 competency questions
(21%) using KG-EmpiRE. 13 of these 16 competency ques-
tions were asked similarly in at least one related publication.

Given the initial stage of KG-EmpiRE, the number of com-
petency questions answered represents an acceptable coverage
of the curated topic. So far, we have focused only on one
track of one venue, and the ORKG template covers only six
of the 18 different themes examined in related publications
(cf. Section III). Therefore, the need to expand KG-EmpiRE
by adding more papers from different venues and more data
is evident. In particular, the organization of additional data to
answer the open competency questions is necessary, which re-
quires expanding the ORKG template. However, our goal was
not to build and publish an already extensive KG of empirical
research in RE to answer as many competency questions as
possible. Instead, we aimed to lay its foundation by building,
publishing, and evaluating the initial KG-EmpiRE. We con-
ducted a literature review to illustrate how researchers can use
RKGs, specifically the ORKG, as a technical infrastructure for
organizing scientific data in an openly available and long-term
way to build and publish KGs that the research community can
constantly maintain, (re-)use, update, and expand.

B. State and Evolution of Empirical Research in RE

Due to the initial stage of KG-EmpiRE, we cannot provide
an analysis of the general state and evolution of empirical
research in RE. Nevertheless, we show some results from the

Table III: Three examples of derived competency questions (cf. supplementary materials [76]).

ID Competency question Excerpts from the vision of Sjøberg et al. [50] Related publications
with a similar questionState of practice (2007) Target state (2020 – 2025)

1 How has the proportion of empirical
studies evolved over time?

There are relatively few empirical studies.
A large number of studies covering all im-
portant fields of SE and using different em-
pirical methods are conducted and reported.

[2], [3], [10]

26
How have the proportions of case stud-
ies and action research in the empirical
methods used evolved over time?

One may question the industrial relevance
of most SE studies .

More case studies and action research
should be carried out.

[3], [8], [10], [12],
[13]

39
How has the provision of data (the mate-
rials used, raw data collected, and study
results identified) evolved over time?

Few studies provide results that enable
efficient cumulative research , [. . . ]

More research studies are designed with
the goal of enabling efficient use of its
results by other researchers.

None.
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data analysis so far. Due to space limitations, we present only
specific results for the three competency questions from Ta-
ble III before reporting more generally on our initial insights.

CQ1: How has the proportion of empirical studies evolved?
According to the Empirical Software Engineering journal,

“Empirical studies presented here usually involve the col-
lection and analysis of data and experience [. . . ]". For this
reason, we define that an empirical study always includes data
collection and analysis. For each year, we examine the relative
proportion of all papers that meet the definition to all papers
collected, as the absolute number of papers varies per year.

Figure 4 shows that the proportion of papers that report an
empirical study is always above 58%, averaging 79.6%, and
increases slightly over time. While before 2010 the average
proportion is 69.5%, the average proportion for the period
2010 – 2019 is 85.2%. For the target state of the vision (2020
– 2025) [50], the average proportion is 94.3%. Based on these
results, we conclude a positive development towards the vision
so that a large number of empirical studies can be achieved.

CQ26: How have the proportions of case studies and action
research in the empirical methods used evolved?

For each year, we examine the relative proportion of all
papers that report case study or action research as a data
collection method to all papers reporting a data collection
method, as the absolute number of papers varies per year.

In Figure 5, we present the proportion of papers per year that
report case study or action research, each of which we address
individually below. The proportion of papers using case study
decreases over time, averaging 41.1%. While before 2010 the
average proportion of papers is 53.7%, the average proportion
for the period 2010 – 2019 is 34.1%. For the target state of the
vision (2020 – 2025) [50], the average proportion is 23.6%.
We assume this decrease is due to a better understanding of
the term “case study” among researchers. A recent study by
Wohlin [80] found that researchers often misused the term
“case study” in software engineering research. We can confirm
this finding as several papers analyzed use the term “case
study”, although, at best, they report an experiment or a
larger use case. Despite the decrease, this finding represents
a positive development of the empirical research in RE, as
researchers make better use of the term “case study”. The
proportion of papers using action research is constantly low
over time. In only eight years, papers use action research at
all and the proportions are at most 10%, averaging 2%. Since
2018, no paper uses action research, so the average proportion
for the target state of the vision (2020 – 2025) [50] is 0%.
Based on these results, we conclude that the increased use of
case studies and action research, as envisioned for the target
state, has not yet been achieved.

CQ39: How has the provision of data (the materials used, raw
data collected, and study results identified) evolved?

For each year, we examine the relative proportion of all
papers that report at least one URL to their data to all papers
reporting a data collection method, as the absolute number of
papers varies per year.

Figure 6 shows that the proportion of papers that report at
least one URL to their data increases remarkably over time,
averaging 42%. While before 2010 the average proportion of
papers is 25.4%, the average proportion for the period 2010
– 2019 is 49.8%. For the target state of the vision (2020 –
2025) [50], the average proportion is 71.3%. Based on these
results, we conclude a positive development towards the vision
that more empirical studies will provide their data.

Initial insights from the data analysis
Overall, the data analysis shows a positive development of

the state and evolution of empirical research in RE towards
the vision of Sjøberg et al. [50]. For the following statements,
we provide all associated analyses with visualizations and
explanations as an interactive Jupyter Notebook [76].

We found that the proportion of papers reporting an empir-
ical study increases over time, with an average proportion of
94.3% for the target state (2020 – 2025). Regarding the use of
empirical methods, we observed that the number of empirical
methods used for data collection and analysis in a single paper
increases over time, with three to four empirical methods being
most frequently used in one paper overall. For the target state,
researchers mainly use three to even five empirical methods in
one paper with average proportions of 22% for three, 25.3%
for four, and 26.7% for five empirical methods. For data
collection, researchers frequently and constantly use the estab-
lished empirical methods experiment, secondary research, and
survey, with average proportions of 35.7% (experiment), 40%
(secondary research), and 18.7% (survey) for the target state.
We also found that the use of case study decreases over time,
with an average proportion of 22.3% for the target state, and
that action research is rarely used with an average proportion
of 0% for the target state. For data analysis, researchers mainly
and constantly use descriptive statistics with a proportion
of 87.6% overall and 92% for the target state. In contrast,
the use of inferential statistics with a proportion of 19.2%
overall and 26.3% for the target state is low. We also found a
positive development in the reporting of research design. The
proportion of papers reporting threats to validity, providing
data, and highlighting research questions and answers steadily
increase over time with average proportions of 91.3% (threats
to validity), 71.3% (data), and 23.7% (research questions and
answers) for the target state.

Despite the positive developments towards the vision [50],
we have also identified the need for future improvements.

According to Sjøberg et al. [50], more case studies and
action research are needed for data collection to ensure the
industrial relevance of empirical research. However, our results
show that the use of case studies decreased, and researchers
rarely use action research. More effort from the research
community is required to achieve this part of the vision.
For data analysis, the proportion of papers using inferential
statistics is low (26.2% average proportion for the target state)
and diverse. Based on the names, we found 57 different statis-
tical tests in the 570 papers, often apparently using different
spellings for partly the supposedly same test. For example,

https://www.springer.com/journal/10664
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Figure 4: Proportion of papers per year reporting an empirical study with a linear trend line.

2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022
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Figure 5: Proportion of papers per year using case study or action research with linear trend lines.
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Figure 6: Proportion of papers per year that report at least one URL to their data with a linear trend line.

we found at least six different spellings for the Mann-Whitney
U test [81], [82]. For a mature use of statistical methods as
envisioned by Sjøberg et al. [50], the research community
needs to be more concerned with inferential statistics and
should use references to identify the statistical tests used.
Regarding the reporting of threats to validity, we found two
issues for future improvements. First, a proportion of 33.6%
of the papers reporting threats to validity did not use any
further classification of the types of validity. Although the
general reporting of threats to validity is useful, the lack
of classification makes it difficult for a reader to have a
clear overview of whether the threats to validity have been
comprehensively discussed. Second, a proportion of 18.2% of
the papers reporting threats to validity addresses conclusion
validity. This proportion is low compared to the proportions
for other types of validity (external validity: 60.4%, internal
validity: 56.1%, and construct validity: 47.9%). In the future,
the research community needs to communicate threats to valid-
ity comprehensively and transparently by discussing all types
of validity equally and naming the types of validity addressed.

All of these insights are initial and subject to various threats
to validity, which we discuss in more detail in the following.

VI. THREATS TO VALIDITY

We discuss threats to study selection, data, and research
validity based on the guideline for managing threats to validity
of secondary studies in SE by Ampatzoglou et al. [83].

Study selection validity includes threats to the search pro-
cess and study filtering. We ensured the adequacy of initial
relevant paper identification by selecting all papers from
the research track of the IEEE International Requirements
Engineering Conference. This venue is the largest international
RE conference, where established RE researchers regularly
publish high-quality, peer-reviewed (empirical) research [2],
[3]. The selection of one publication venue simplified the
search and selection process due to the broad topic of empirical
research in RE, while leading to a representative subset of
relevant papers for building the initial KG-EmpiRE. However,
the validity of KG-EmpiRE is limited due to the lack of
relevant papers from other important venues. Collecting more
papers from other venues is future work. We have been
able to access all papers from the research track of the
IEEE International Requirements Engineering Conference as
our research institutes provide us access to IEEE Xplore,

https://ieeexplore.ieee.org/xpl/conhome/1000630/all-proceedings


where all proceedings of the IEEE International Requirements
Engineering Conference from 1994 – 2022 can be found.

Data validity includes threats to data extraction and data
analysis. We mitigated data extraction bias and researcher
bias by having a clear strategy: 1) The second author extracted
the data from the papers, 2) The first and third authors re-
viewed the extracted data by comparing them with the papers,
and 3) The three authors directly discussed and resolved any
inconsistencies or ambiguities identified. For the data extrac-
tion, the first two authors developed an ORKG template in
four iterations over two months that the remaining two authors
finally reviewed and confirmed. We determined the contents
of the ORKG template based on the related publications with
their data extraction sheets, themes, and analyzed content (cf.
Table II) to mitigate classification schema bias. Publication
bias is present in the initial KG-EmpiRE, as we selected only
papers from one publication venue. Nevertheless, we assume
that the selected papers are representative of empirical research
in RE in general and thus ensure the validity of primary
studies, as the IEEE International Requirements Engineering
Conference is known for its high-quality (empirical) research.

Research validity includes threats to the entire research
process and design. This paper has a research method bias
resulting from the use of only one method for data collec-
tion, namely a literature review. Although this method has
its weaknesses, its systematic reflection is a proven means
for building an initial, sound knowledge base [84], [85].
We also explicitly state that KG-EmpiRE is initial, and our
long-term goal is to continuously maintain KG-EmpiRE with
the research community to synthesize a comprehensive, up-
to-date, and long-term available overview of the state and
evolution of empirical research in RE. For these reasons, we
assume that our research approach is appropriate to illustrate
how researchers can use RKGs, specifically the ORKG, as
a technical infrastructure for organizing scientific data in an
openly available and long-term way to build and publish KGs
that the research community can constantly maintain, (re-)use,
update, and expand. We described our systematic research
approach in detail and made all data and materials [76] openly
available to ensure their reliability, repeatability, and re-
producibility. Concerning generalizability, our initial insights
are consistent with the findings of the related publications
(cf. Section III). However, these initial insights are limited.
Despite the reputation of the IEEE International Requirements
Engineering Conference and its representativeness of the RE
community, the data analysis mainly provides insights into the
state and evolution of empirical research in RE published at
this conference, so they do not necessarily reflect the state and
evolution of empirical research in RE as a whole.

VII. DISCUSSION

Empirical research in RE is a constantly evolving topic, with
a growing number of publications. The ever-growing number
of publications is a well-known problem [86], [87], as it
becomes almost impossible to keep track of the current state of
research [27]. Therefore, there is a need for a comprehensive,

up-to-date, and long-term available overview of the state and
evolution of empirical research in RE [1], [5], [6].

Over the years, several publications have addressed this
need (cf. Section III), but none of these publications built
on or updated earlier ones, resulting in considerable overlap
and redundancy between them. The underlying problem is the
unavailability of data from earlier work to maintain, (re-)use,
update, and expand them (cf. Table I) [16]. Researchers need
technical infrastructures and services to conduct sustainable
literature reviews so that all data is openly available in the
long term [5], [17], [18], [20]. In this paper, we examine
the use of RKGs, specifically the ORKG, as such a technical
infrastructure for building, publishing, and evaluating an initial
KG of empirical research in RE, which is openly available for
long-term collaboration among researchers. For this purpose,
we collected 570 papers from the IEEE International Require-
ments Engineering Conference and extracted data from them
on the six most frequently examined themes (see Table I) [16].
Based on 16 answered competency questions (out of 77), we
present initial insights from the analysis of the KG-EmpiRE
that are consistent with the findings of related publications.

Fundamentally, our research approach (cf. Figure 2) is the
same as any literature review and consists of manual data
collection, extraction, and analysis. Even if manual collection
and extraction still require a lot of effort, there are first
approaches [88], [89] that enable authors to describe new
papers semantically while writing. For example, authors could
combine our ORKG template with these approaches to collect
the relevant data on their empirical research themselves. The
resulting semantic descriptions can then be imported into
RKGs, which can simplify the data collection and extraction
for literature reviews in the long term and, in the best case,
even make them obsolete. Bless et al. [89] have already pre-
sented a proof-of-concept by importing and updating semantic
descriptions created with their approach into the ORKG.

Despite the similarity of our approach to any literature
review, there are important differences in its implementation
that leads to decisive advantages. Using the ORKG, the
extracted data is not encapsulated in a file as usual, which
is, at best, published on a data repository, but in an openly
available knowledge graph, which, to put it simply, is nothing
more than a graph-based database. Overall, the ORKG offers
a ready-to-use and sustainably governed infrastructure that
implements best practices, such as FAIR principles [25] and
versioning, with services to support researchers in organizing
FAIR scientific data [26]. As a result, the FAIR scientific data
is openly available in the long term and can be understood,
processed, and used by humans and machines. Thus, the re-
search community can constantly maintain, (re-)use, update,
and expand the initial KG-EmpiRE, that we have built, pub-
lished, and evaluated, in a long-term and collaborative manner.
For example, in case of errors in data extraction, anyone, and
in the best case the authors themselves, can update the data.
It is also possible to expand KG-EmpiRE by curating more
papers using or even expanding our ORKG template to extract
more data in a structured, consistent, and comparable way. In

https://github.com/okarras/EmpiRE-Analysis


all these cases, anyone can (re-)use our Jupyter Notebook [76]
to reproduce the data analysis and its (updated) results.

Based on our results, the ORKG is a promising option as
a technical infrastructure for conducting sustainable literature
reviews and thus also for the continuous systematic literature
review (CSLR) process envisioned by Napoleão et al. [4, p. 6].
For a full implementation of the CSLR process, however, the
ORKG needs additional features, such as forward snowballing
or suggestion of potentially relevant papers. Such future use
and expansion of the ORKG is realistic and feasible as the
ORKG team seeks to collaborate with others on use cases
and new features for their system [42]. As an answer to our
research question, we can summarize:

Answer to the research question: The ORKG is an
innovative technical infrastructure with services that we
can use directly for organizing scientific data in an openly
available and long-term way to build, publish, and evaluate
a KG of empirical research in RE that the reseacher
community can maintain, (re-)use, update, and expand.
Moreover, due to its conception, the ORKG fundamentally
enables building and publishing KGs on any topic from
any domain, thus laying the foundation for sustainable
literature reviews. Despite the existing functionality, there
is a need to expand the ORKG to better support researchers
in collecting papers, extracting data, and analyzing them.
Such an expansion of the ORKG is realistic and feasible so
that the ORKG even has the potential to become a suitable
platform for the CSLR process.

For our future work, we have a plan with short-, mid-,
and long-term actions. As short-term action, we expand
KG-EmpiRE by describing more papers with our ORKG tem-
plate. Our goal over the coming months is to cover the entire
research track of the IEEE International Requirements Engi-
neering Conference from 1994 – 2022 to get a comprehensive
overview of the state and evolution of empirical research in RE
at this conference. We also establish a more general ORKG
observatory on Empirical Software Engineering as a central
access point to all curated papers. The observatory is an open
group that anyone can join to contribute to the topic. As mid-
term actions, we write and publish an ORKG review about the
state and evolution of empirical research in RE, based on the
complete collection of all papers from the research track of
the IEEE International Requirements Engineering Conference.
An ORKG review is a special kind of literature review article
that the research community can constantly maintain when
underlying content in the ORKG changes due to updates or
expansions [17], [18]. Besides the ORKG review, we also
expand KG-EmpiRE by including more papers from other
important venues (cf. Table I) [16] to gain a more comprehen-
sive overview of the state and evolution of empirical research
in RE. As long-term action, we expand our ORKG template
to organize more extensive scientific data about empirical
research in a structured, consistent, and comparable manner
and thus to address the 61 still open competency questions.

With this plan, we work towards maintaining, updating, and
expanding the initial KG-EmpiRE together with the research
community by dividing the efforts to conquer the EmpiRE.

VIII. CONCLUSION

Empirical research in RE is a constantly evolving topic.
Several publications address this topic, i.a., using (systematic)
literature reviews. However, they only provide snapshots of
the “current” state and evoluation but no comprehensive, up-
to-date, and long-term available overview of the state and
evolution of empirical research in RE. The underlying problem
is the unavailability of data from earlier works to build on and
update collaboratively. While recent research addresses these
challenges by providing social and economic decision support
and guidance, researchers need technical infrastructures and
services to conduct sustainable literature reviews.

We examine the use of RKGs, specifically the ORKG,
as such a technical infrastructure. We conduct a literature
review using the ORKG for organizing scientific data from
570 papers in an openly available and long-term way. As
a result, we build and publish the initial KG-EmpiRE that
the research community can constantly maintain, (re-)use,
update, and expand. We analyze KG-EmpiRE for evaluation
by answering 16 out of 77 competency questions derived
from a published vision of empirical research in software
(requirements) engineering for the period 2020 – 2025 [50].
Besides consistent findings with the related publications, the
analysis shows a positive development towards the vision [50],
but also the need for future improvements.

We conclude that the use of the ORKG and RKGs, in
general, is a step in the right direction to allow researchers
to build on and update earlier works, enabling sustainable
literature reviews to ensure the quality, reliability, and timeli-
ness of research results for successful long-term collaboration
among researchers. Comprehensive, up-to-date, and long-term
available overviews of the state and evolution of broad topics
such as empirical research in RE are major research challenges
that we as a research community can only conquer by dividing
the efforts, true to the principle: Divide et Impera.
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