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Abstract

Competency questions for ontologies are used
in a number of ontology development tasks.
The questions’ sentences structure have been
analysed to inform ontology authoring and val-
idation. One of the problems to make this a
seamless process is the hurdle of writing good
CQs manually or offering automated assistance
in writing CQs. In this paper, we propose an
enhanced and automated pipeline where one
can trace meticulously through each step, using
a mini-corpus, T5, and the SQuAD dataset to
generate questions, and the CLaRO controlled
language, semantic similarity, and other steps
for filtering. This was evaluated with two cor-
pora of different genre in the same broad do-
main and evaluated with domain experts. The
final output questions across the experiments
were around 25% for scope and relevance and
45% of unproblematic quality. Technically, it
provided ample insight into trade-offs in gen-
eration and filtering, where relaxing filtering
increased sentence structure diversity but also
led to more spurious sentences that required
additional processing.

1 Introduction

The use of Competency Questions (CQs) for ontol-
ogy scoping, development, and validation is well-
established since its introduction in 1996 (Uschold
and Gruninger, 1996), as illustrated in, e.g., (Al-
harbi et al., 2023; Bezerra and Freitas, 2017; Bez-
erra et al., 2013; Keet and Lawrynowicz, 2016;
Suarez-Figueroa et al., 2008; Thiéblin et al., 2018).
Authoring CQs is not trivial and a question’s word-
ing may be problematic for a number of reasons
(Khan and Keet, 2024). Therefore, effort has gone
into CQ authoring assistance. Early efforts went
into creating a Controlled Natural language to as-
sist writing, called CLaRO (Keet et al., 2019; Antia
and Keet, 2021), but with the advances and pop-
ularization of Large Language Models (LLMs),
the allure of LLM-assisted authoring has gained

traction (Alharbi et al., 2024b). Variants include
retrofitting CQs onto an existing ontology using,
e.g., a prompting-based approach (Alharbi et al.,
2024a), or generating CQs for a prospective ontol-
ogy yet to be developed, which can be done with
training or fine-tuning (Antia and Keet, 2021) or
prompting (Pan et al., 2025).

While retroactively generating CQs for an ex-
isting ontology has usage scenarios relevant for
the ontology development lifecycle, we are inter-
ested in the scenario where the ontology is yet to
be developed, irrespective of, though possibly in-
cluding, ontology reuse, such as for scoping the
subject domain and therewith formulating the re-
quirements. Structured CQs can then feed into
semi-automated ontology authoring (Wisniewski
et al., 2021) and querying (Keet and Lawrynowicz,
2016; Wisniewski et al., 2019). The broad question
it raises is how to automate and obtain relevant
CQs and to do this in such a manner that the CQs
can be traced to the source?. AgOCQs (Antia and
Keet, 2021) aims to cater for this scenario, using
the T5 LLM, the SQuAD dataset for fine-tuning,
filtering with the CLaRO v2 CNL for CQs, and a
semantic filtering step. However, it was evaluated
with only one use case, a very small corpus of 7
scientific articles, and the effects of the different
steps in the pipeline are unclear as only the final
output was evaluated. Our aims are to focus on
fully automating all aspects of that pipeline from
text extraction, generation, and filtering, in a trace-
able manner, possibly enhance it where promising,
and test it on another subject domain. Specific
questions we seek to answer are:

1. Is the AgOCQs pipeline effective for use
cases in other domains than it was tested on
(COVID-19)?

2. Is AgOCQs effective on other types docu-
ments, i.e., not just scientific articles, but also
standards and guidelines?



3. What is the effect of different corpus size on
the number and quality of the CQs generated?

4. What exactly is the contribution of each filter-
ing step on AgOCs’s output?

5. What is the effect of the SQuAD training set
on the quality of the output?

To answer this, we refactored the Jupyter notebook
from (Antia and Keet, 2023) and ran preliminary
tests to answer RQ-3. In the first experiment, we
ran the pipeline with two mini-corpora, one consist-
ing of guidelines and another with scientific docu-
ments, and evaluated the generated questions with
two domain experts and an ontologist, to answer
RQ-2 and RQ-1, and aimed to answer RQ-4 and
RQ-5. In Experiment 2 we modified the pipeline
in a number of ways to obtain more fine-grained
insights and answers to RQ-4, RQ-5, and RQ-1.

The questions outputted by the pipeline for both
experiments were around 25% for scope and rele-
vance out of the total evaluated, and when within
scope, then they were for 69-75% relevant, with
quality from an ontological viewpoint varying be-
tween 53% and 40% as acceptable or good CQ for
ontologies. This was obtained with full automation,
cf. the original AgOCQs that required manual cura-
tion. The tracing in the automation provided ample
insight into trade-offs. Important steps affecting
the process are the SQuAD training data set and the
filtering step with the CLaRO CNL, and various
minor gains were obtain with grammar checking,
English checking, and an additional conceptual fil-
ter that removed CQs appropriate for conceptual
data models and the ABox rather than ontologies.

In the remainder of the paper, we describe the
materials and methods in Section 2, present the
results in Section 3, and discuss and conclude in
Sections 4 and 5.

2 Methodology

For purposes of being self-contained, this section
will first summarise AgOCQs, and subsequently
the materials and methods for the two experiments.

2.1 Background: AgOCQs
The first step in AgOCQs is extracting the domain
text corpus and to preprocess it with Spacy for
sentence extraction and stop word removal (Hon-
nibal and Montani, 2017) and regualr expressions
to produce cleaned data. This is fed to the T5
base model (Raffel et al., 2020) that is pre-trained

with the SQuAD dataset (context and question) as
source task. It outputs the context texts and ques-
tions, which is “de-cluttered” with the Sentence
Transformer model (Reimers and Gurevych, 2019),
which includes removing duplicates.

The output is analysed on sentence structure us-
ing Wisniewski’s code (Potoniec et al., 2020; Wis-
niewski et al., 2019), resulting in patterns of text
with entity and predicate chunks, which are then
compared against the patterns that were at the basis
of CLaRO v2 (Antia and Keet, 2021; Keet et al.,
2019). If they match fully, the generated question
is a candidate CQ.

2.2 Preparation

The first step consisted of analysing the CQ gen-
eration pipeline of AGoCQs, both on what was
reported in (Antia and Keet, 2023) and the associ-
ated Jupyter notebook, with preparations and pre-
experimentation. This involved automating all as-
pects to further reduce the manual curation found in
the pipeline and increasing the maximum number
of training epochs to 2.

The updated pipeline automatically extracts text
from each PDF file using PyPDF21 and ach file is
then tokenized to obtain sentences using Spacy2

(Honnibal and Montani, 2017). The pipeline then
generates three questions for each sentence. Each
question is cleaned up in a simple manner (e.g.,
removing the text generating model’s prefix and
ensuring that each output ends with a question
mark), abstracts the questions using the source
code from (Wisniewski et al., 2019) to obtain ab-
stract patterns of the questions, filters out questions
whose abstract patterns are not found in CLaRO
v2 (Antia and Keet, 2021), and eliminates ques-
tions that are too similar to each other. A ques-
tion is too similar to another if there exists another
question whose cosine similarity exceeds 0.75, as
determined using representations obtained using
the all-MiniLM-L6-v23 model from the Sentence
Transformer (Reimers and Gurevych, 2019) library.

Traceability was also added so that during run-
ning the pipeline, it can generate a csv file after
completing each step. This enables tracing for-
ward and backward, i.e., from a paragraph in the
mini-corpus to question generated, its chunking,
its matching (or not) with a CLaRO v2 template,

1https://pypdf2.readthedocs.io/en/3.x/
2https://spacy.io/
3https://huggingface.co/sentence-transformers/

all-MiniLM-L6-v2

https://pypdf2.readthedocs.io/en/3.x/
https://spacy.io/
https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2
https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2


and its keeping or removing from the set thanks to
the semantic similarity check. This also enables
answering the question about what a good size of
the mini-corpus may be.

We dub this enhanced version of Antia and
Keet’s algorithm AgOCQs+, which is depicted
graphically in the top-half of Figure 1.

2.3 Experiment 1: AgOCQs+ With Another
Subject Domain

The aim of the first experiment is twofold: execute
it on a different subject domain to test generaliz-
ability of the approach and gain insights into the
effects of each step in the pipeline to serve as po-
tential sources of improvement.

As subject domain, we choose wastewater and
stormwater networks, because the ontology is un-
der development by collaborators on a project (Keet
et al., 2025) and such physical network infrastruc-
ture is distinct from knowledge about COVID-19.
In addition, its aim was to ‘ontologise’ sewer net-
work standards and guidelines, which is a starkly
different setting from rapidly evolving knowledge
about a new pathogen and symptoms it generates.
One domain expert collected standards and wastew-
ater guidelines that were in English and freely avail-
able online from the EU (Ireland), the Americas
(Canada), and Africa (South Africa), totalling 4
documents, and distinct from the guidelines already
used in the ontology development (described be-
low). The same domain expert also selected 4 sci-
entific articles in the subject domain of the ontology
under development, to examine the possibility of
mini-corpus genre effects on AgOCQs+.

Regarding examining the effects of each step,
it is hoped we gain insight into aspects such as
whether a question is justly discarded for indeed
being the same or too similar, and how many, and
any false positives or negatives due to CLaRO fil-
tering.

Overall assessment also includes a domain ex-
pert evaluation. Its aim is to assess whether suf-
ficient in-scope CQs are generated that are rele-
vant for the ontology and that would be formal-
isable/answerable in an (at most) OWL 2 DL on-
tology. The main hypotheses were formulated as
follows:

H1 Questions generated from the other (i.e., not
yet used and in English) standards and guide-
lines will significantly more often be relevant
than those generated from the scientific texts.

H2 Questions generated from the scientific texts
will significantly more often be relevant than
those generated from the guidelines.

H3 Scope and relevance percentages are in the
same range as observed for the experiment
with the COVID-19 CQ generation, and there
will be more useful questions than useless
ones.

H1 is motivated by the fact that the original plan
was to ontologise the standards such that the ontol-
ogy would be relevant also beyond RAEPA and IN-
SPIRE, the geostandards used to build the ontology.
H2, a converse of H1, may be argued for because
standards have a myriad of text that is ‘off-topic’
for the ontology, which in-domain scientific papers
are expected not to have. That is: there are differ-
ent reasons why a mini-corpus in one or the other
genre may, or may not, be effective. H3 is included
because AgOCQs and AgOCQs+ are assumed to
perform well regardless the subject domain.

The procedure for the human evaluation is as
follows.

1. Select 200 candidate CQs from those gener-
ated from the standards and the scientific pa-
pers (100 from each set), and ensure the origin
is not viewable by the participants in the excel
sheet where the will enter the judgements.

2. Two domain experts annotate each question
on it being within the scope of the domain of
wastewater and stormwater (yes/no), and if
yes, select for relevance for the SewerNet on-
tology (yes/partial/no), where ‘partial’ means
that the question can become ’yes’ after a
slight tweak, i.e., the CQs are found relevant
if SewerNet can answer them or can be ex-
tended to address them. For instance, ques-
tions about drinking water and documents
are out of scope, a question about wastew-
ater quality measurement is within scope but
not relevant, and questions about a combined
wastewater pipe’s diameter or a manhole cover
are both within scope and relevant.

3. For all coded ‘yes’ on scope and relevance,
one ontologist annotates whether the ques-
tion is problematic as CQ or not, and if prob-
lematic, why. Problematic may be grammar,
vague or imprecise terms, or concerning con-
tent inappropriate for (the TBox of) an ontol-
ogy.
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Figure 1: Automated AgOCQs+ pipeline (top) and AgOCQs++ pipeline (bottom) where the changes cf. AgOCQs+
are highlighted in bold maroon.

4. Compute descriptive statistics and inter-
annotator agreement for the domain experts
(if it is low, they will be asked to discuss
their judgements). Agreement scores are de-
termined using Cohen’s Kappa (Cohen, 1960).

The outcomes of this experiment will inform a
subsequent experiment.

The materials used are those listed in the prepa-
ration (Section 2.2) concerning the computational
component. The two mini-corpora are available
in the supplementary material and listed in Ap-
pendix A. The ontology considered for the rele-
vance question is SewerNet4 which describes the
structure of sewer networks and their elements
and qualities (Keet et al., 2025). The ontology
is aligned with the DOLCE-lite foundational on-
tology and imports a few axioms from the Time
ontology. The first corpus contains sewer network
design guidelines from English-speaking countries
(Canada, Ireland, and South Africa) and the second
corpus contains articles published in water science
journals with a Q1 SJR Rank, that were compar-
atively recent, which focused on the network it-
self either for modelling or asset management and
IoT (see Appendix), whereas articles on ontology
development or use for the domain were voluntar-
ily discarded. For the human evaluation data and
collection, MS Excel was used, and for analysis
we computed the percentages of positively judged

4http://sewernet.msem.univ-montp2.fr/

questions and measured agreement using Cohen’s
Kappa (Cohen, 1960).

2.4 Experiment 2: Permutations and
extensions to AgOCQs+

The aims of the second round of experiments are
to improve the quality of the output, to some extent
on relevance for the domain experts, but more so
that the quality of the questions should be good as
CQs for ontologies, since a domain expert rating a
question as relevant but it not being answerable by
an (at most OWL 2 DL-formalised) ontology is of
little use in automation of ontology requirements
gathering and testing.

Assessing the intermediate outputs and the hu-
man evaluation, we devised a number of permuta-
tions and ran the adjusted algorithms again. They
were the following variants:

P1 Exploring modifying SQuAD by filtering its
questions by those matching the abstract form
of the CLaRO v2 patterns.

E0 The Spacy sentence tokenizer returned ‘sen-
tences’ of poor quality, at times. For instance,
one of the sentences it returned was “H Sun
P Thiagarajan R Anderson Owin OAuth Au-
thorization Server” and its associated question
(i.e., “What is the purpose of this website?”)
was judged as being out of scope by both ex-
perts and problematic since it is vague with
respect to what it refers. Since such inputs can

http://sewernet.msem.univ-montp2.fr/


lead to questions of poor quality, for this exper-
iment we included a filter to remove sentences
of poor grammatical quality. There is no read-
ily available grammaticality metric that can be
repurposed for such a task, to the best of our
knowledge; thus we created a proxy metric.
Specifically, we used the coedit-large model
(Raheja et al., 2023) to correct each sentence
and computed the Levenshtein distance5 be-
tween the original and corrected version. We
then normalized the scores via min-max, and
filtered out values below 0.8 (initial) or 0.7
(final).

E1 Some of the generated questions were gram-
matically incorrect. For instance, there are
missing braces in the question “What is the
purpose of the Internet of Things IoT?”. We
added a grammar correction step to the raw
generated questions using the coedit-large
model (Raheja et al., 2023).

P2 The strict filter that removes questions that do
not match the patterns on which CLaRO v2
is based resulted in a lack of diversity in the
syntactic structure of questions. We modified
the CLaRO filtering step to allow less than
100% matches by computing the edit distance
of each abstracted sentence of a generated
question, assigning the question the max edit
distance, normalising the scores via min-max,
and filtering out all questions whose scores
are above 0.8 (initial) or 0.6 (final).

E2 We identified common issues that make ques-
tions invalid as competency questions for
ontologies (e.g., ones that ask for instances
rather than type-level knowledge). We re-
moved all questions that include the following
phrases: ‘examples of’ and ‘name of’.

E3 The model sometimes generated questions
that included German phrases (e.g., “Um,
the Angebot von Wurmwaren in South Car-
olina?”) or were repeating the same word
(e.g., “A Arundel Arundel Arundel Arundel
Arundel ...”). We added a module to re-
move texts whose probability of being English
is less than 0.5 using Facebook’s fasttext-
language-identification6 model.

5https://pypi.org/project/editdistance/
6https://huggingface.co/facebook/

fasttext-language-identification

E4 Add all of P2, P3, E1, and E2 to AgOCQs+,
dubbed AgOCQs++.

Human evaluation was carried out on a random
selection of 48 questions (6 per document) out-
putted from E4, as described for Experiment 1.

Additional materials used are those listed in P1-
E4.

3 Results

The results are presented in order of the experi-
ments.

3.1 Preparation Phase

The preparation stage resolved initial questions.
First, it was deemed difficult to determine from the
Jupyter notebook whether AgOCQs as reported in
(Antia and Keet, 2023) effectively ran similarity
filtering before or after the CLaRO filtering. Simi-
larity now certainly happens after the CLaRO filter-
ing. Second, questions had been raised about the
size of the mini-corpus, and specifically whether
7 scientific papers would be sufficient. The new
traceability features enabled this assessment, there-
with answering RQ3, as follows.

Of the four standards and guidelines, some were
processed to remove the cover page, glossary etc.,
and with a limit set to 100 sentences per document,
the pipeline would have been generating questions
from different parts of the documents. In order
of file processing, and thus, eventually, discard-
ing duplicates, it largely exhausted generating dis-
tinct and new candidate CQs after processing three
files. Specifically, 71 CQs were traced back to
the ‘Wastewater Code of Practice’, 55 were gen-
erated from to the ‘Wastewater’ document, and
69 additional questions from the ‘Technical guide-
lines’. The ‘Service Guidelines and Standards for
Water and Sanitation CCT (Vers 3 2)’, ‘guidelines’
and ‘Design Guidelines For Sewage Works Ontario
Canada’ each added 0 CQs, whereas the last file,
‘202-Technical guidelines 2004’ added 1 to the total
set.

The diminishing returns after a mere three stan-
dards is positive for the AgOCQs method in that
domain experts do not have to spend days creating
a large corpus, which otherwise would have can-
celled out any gains in saving time authoring CQs
manually.

https://pypi.org/project/editdistance/
https://huggingface.co/facebook/fasttext-language-identification
https://huggingface.co/facebook/fasttext-language-identification


Table 1: Experiment 1 aggregate results from generation
and human evaluation, of the two genres combined.
(The symbol † denotes that at least one expert judged a
question positively, or partially positive.)

Stage |questions| Pct.
Generation (all files) 11354 N/A
CLaRO filtering 2046 18
Similarity filtering 908 44
Selected for evaluation 200
Ontologically acceptable 95 47↰

guidelines (out of 100) 54↰

papers (out of 100) 41↰

Within scope† 58 29↰

guidelines (out of 100) 39↰

papers (out of 100) 28↰

Of which relevant† 58 29↰

guidelines (out of 58) 28 48↰

papers (out of 58) 30 52

3.2 Experiment 1: Results and Discussion of
AgOCQs+

The pipeline generated 11354 initial questions of
which 908 remained, as summarised in Table 1.

The human judgements on whether the questions
were within scope averaged to 23% and of those
judged within scope by at least one expert, 21%
were deemed completely or partially relevant (26%
of the full set of 200), as further summarised in
Table 1. Examples of questions that were within
scope, relevant for SewerNet, and of good quality
as CQ for ontologies are included in Figure 2.

Overall, inter-annotator agreement was com-
puted to be substantial (0.65) for scope and mod-
erate (0.5) for relevance. Thus, there was no sub-
stantial difference by genre regarding scope and
relevance, therewith falsifying H1 and H2.

The domain experts were surprised by the num-
ber of acronyms and abbreviations used in the ques-
tions and had to resort to the Web to check whether
some were indeed within scope. Scope (i.e., re-
lated to sewer/wastewater or stormwater networks),
was easier to evaluate than relevance. For instance,
“What will the SSAIM contain?” in the evaluation
set: SSAIM means Smart Sewer Asset Information
Model, which was considered within scope and
relevant. It was flagged as a problematic CQ on
quality, however, principally because of the future
tense.

Regarding quality of the questions, overall,
about half (53%) were deemed problematic. The ra-

- What is the rated capacity of the sewage treatment
plant?

- What does the rainfall reduction method involve?
- What is the purpose of a diffuser?
- What is the purpose of an energy efficient treatment

process?
- What is the purpose of a storm sewer system?
- What is the purpose of a major drainage system?
- What is the purpose of the two wastewater cycles?
- What is the definition of the pipe network?
- What is the transmission of Qs?
- What is the minimum height of the weir plate?

Figure 2: Sampling of CQs that were evaluated as within
scope, relevant for SewerNet, and of acceptable qual-
ity in Experiment 1 (see supplementary material for a
complete list).

tio of problematic questions was slightly higher for
scientific papers (59%) while it was lower for stan-
dards (46%). Recurring issues included grammar
(n=14), involving or asking for instances (n=48)
rather than type-level knowledge, and content suit-
able for conceptual models rather than ontologies
(n=23). For instance, “What is the name of the
site?” and “What is the time taken to transverse the
network?” are questions but not good as CQs for an
ontology concerned with application independent
knowledge. While it is not a high percentage, re-
cent assessment of the CQ dataset that CLaRO was
developed from was evaluated to have 23% prob-
lematic questions (Khan and Keet, 2024). That is,
human authoring also faces quality issues, and this
has an effect on CLaRO, and therewith the CLaRO
filtering step.

3.3 Experiment 2: Results for AgOCQs++

The pipeline, with the aforementioned permuta-
tions and changes, initially generated 11330 ques-
tions and were eventually reduced to 2738 sentence,
as summarised in Table 2.

In the final evaluation, an average of 23% of the
questions were judged to be within scope and of the
questions judged positively, there was an average of
69% questions judged to be relevant. A sampling
of questions deemed in scope, relevant for the Sew-
erNet ontology, and not considered problematic as
CQ for an ontology is included in Figure 3. When
analysing the expert annotations of the evaluated
questions, we found that 32% still had grammar
issues, which is worse than the 9% in Experiment 1.
The agreement between the two experts was lower
vs. Experiment 1 but it was still moderate (0.4) for
both scope and relevance.



Table 2: Experiment 2 aggregate results from generation
and human evaluation. (The symbol † denotes that at
least one expert judged a question positively, or partially
positive.)

Stage |questions| Pct.
Generation (all files) 11330 N/A
CLaRO filtering 7521 66
Similarity filtering 3510 47
Conceptual filter 2874 82
Non-English filter 2738 95
Selected for evaluation 48
Ontologically acceptable 19 40

guidelines (out of 24) 6 25
papers (out of 24) 13 54↰

Within scope† 16 33↰

guidelines (out of 24) 6 25↰

papers (out of 24) 10 42↰

Of which relevant† 16 33↰

guidelines (out of 16) 6 38↰

papers (out of 16) 10 63

- During dry weather periods, what is the average
daily flow of approximately m s?

- What is the minimum number of conduits connect-
ing any manhole to the ground?

- What is the purpose of the proposed SSWMS?
- What should the valve and body be?

Figure 3: Sampling of CQs that were evaluated as within
scope, relevant for SewerNet, and of acceptable qual-
ity in Experiment 2 (see supplementary material for a
complete list).

The removal of contexts/inputs that are ungram-
matical (extension E0) affected 9 ‘sentences’ from
the scientific papers and 15 ‘sentences’ from the
standards. As an example, the context “Huber L A
Rossman R E Dickinson V P Singh D K Fervert
Eds EPAStorm Water Management Model SWMM
Chapter in Watershed Models CRC Press Boca Ra-
ton FL ISBN ISBN” was removed from the scien-
tific articles and “DefinitionS Ventilated Improved
Pit Toilet VIP toilet is a toilet which comprises...”
was removed from the standards.

The grammar correction (extension E1) affected
3227 sentences of the 11330 total generated ques-
tions across the two data sets (747 for scientific
papers and 2480 for standards). It corrected small
typographical errors, such as from “... all of the
activites?” to “... all of the activities?”, grammar,
such as correcting “... what is the charge of Irish
Water?” into “...what is the charge for Irish Wa-

ter?”, and foreign language, such as from the gener-
ated question in German “Wo Wollen Sie sich fÃ¼r
die Frage nach dem Grundstoff?” to have translates
it into English as “Where will you go for the ques-
tion after the basic substance?”. The final filtering
on English (extension E3) reduces the number of
spurious foreign language sentences further, such
as removing “Aktuelles und Hintergrundtextes bei
uns?” that the trained model had generated from
the input fragment “Standard Details Irish Water
has developed Standard D etails describing typical
infrastructure associated with the Works”.

The conceptual filter removed questions such as
“A What is the name of the company that has no
AGB?” that are problematic as CQs for ontologies
because they ask for an individual and a property
(name) relevant in conceptual data modelling rather
than for ontologies. Questions such as “What is an
example of an existing utility?” were also removed,
which may be borderline, as in some cases ‘exam-
ple of’ seem more intended to ask for subclasses
than individuals. Extension E2 did affect the re-
sults as follows. If it were to have been applied to
the evaluated CQs of Experiment 1, then the scope
percentage improves to 80%, relevance to 72%,
and the percentage of unproblematic, i.e., possibly
good CQs for ontologies, to 41%. For Experiment
2 with the revised pipeline, this ‘conceptual filter’
removed 222 sentences from those generated from
the scientific articles and 414 based on the stan-
dards. Thus, the effects of the ‘conceptual filter’
was removal of 18% of the candidate CQ set fed to
the filter.

Further, E3 affected 4% of the sentences. It
was able to filter out questions that were com-
pletely of low quality for this task (e.g., “Um,
is das KÃ¼rbis-Vehicles not beigemnt?”). Mul-
tilingual sentences presented a challenge since
the non-English text could be interpreted as refer-
ring to a proper noun. For instance, the question
“Vermittlungs-und Hybrid-Clubs. What type of ser-
vices are available?” was not removed.

Finally, permutation P1 on filtering SQuAD on
the CLaRO templates and training on the reduced
set generated better output in the first step, but it
had no effect for the final output, as the CLaRO
filtering of the output equalised it (results not in-
cluded).



4 Discussion

The data showed that AgOCQs+ with additional
conceptual filtering and grammar correction, i.e.,
AgOCQs++, yielded the best results.

4.1 Answering the Research Questions

Regarding the specific questions from the introduc-
tion, the following. On RQ-1, i.e., whether the
AgOCQs pipeline is also effective for use cases
in other domains than it was initially tested on
(COVID-19), it has been shown with the human
evaluation by domain experts that it is somewhat ef-
fective for the domain of wastewater and stormwa-
ter networks as well, but also leaves room for im-
provement of the pipeline, and to aim for mea-
sures to increase the within-scope percentage in
particular. Importantly, the whole AgOCQs+ and
AgOCQs++ pipelines are now fully automated,
simplifying and lowering the barrier to CQ gen-
eration for any other subject domain, and for repro-
ducibility.

AgOCQs+ and AgOCQs++ are clearly effective
on types of documents other than scientific articles,
and possibly better, as shown in Experiment 1 (an-
swering RQ-2). The effect of different corpus size
on the number of CQs generated (RQ-3) showed
that a small corpus already can generate a large
number of relevant good quality CQs, and dimin-
ishing returns start at around the 5th document, as
shown in the pre-experiment. The contribution of
each filtering step on AgOCQs’s output (RQ-4) and
the effect of the SQuAD training set on the quality
of the output (RQ-5) is discussed below.

While the average ratio of questions that are
determined to be in scope is the same across the two
evaluations, the ratio of relevant questions is higher
for AgOCQs++. There is also a notable increase in
the diversity of question structures. In Experiment
1, of the 200 questions that were evaluated, 193 of
them fit one of the following patterns:

1. What is the purpose of ... (n=81)
2. What is the name of the ... (n=35)
3. What is an example of a ... (n=15)
4. What is the ... (n=47)
5. What will the ... (n=2)
6. What are the ... (n=6)
7. Who is the ... (n=2)
8. What does ... (n=3)
9. What are two ... (n=2)
In contrast, with respect to the 48 questions eval-

uated in Experiment 2, only 22 questions use the

following patterns: “What is the ...” (n=18), “We
are pleased to ...” (n=2), and “What was the ...”
(n=2), and the rest of the questions, which make up
54% of the dataset, each have a distinct prefix and
no obvious structural similarities.

The lack of diversity in question sentence struc-
ture is due to T5 and SQuAD and the issue does not
appear to be easily corrigible by a range of strate-
gies. While loosening the similarity to CLaRO
patterns when filtering leads to increased diversity,
it also increases the number of questions that in-
clude non-English text.

4.2 AgOCQs++ Pipeline Considerations
There are several other recurring issues. First, there
are statements appended with a question mark, but
grammatically they are not questions, and thus the
pipeline has learned bad practice. For instance,
while the pipeline generated questions such as “A
list of the most common questions about the use
of a scour chamber?” in Experiment 1, such ques-
tions were filtered out since their abstract form
(i.e., “EC1 of EC2 about EC3 of EC4?” were not
found in CLaRO. Such a strict similarity-CLaRO
filter came at the expense of diversity in the final
questions; hence, when it is loosened, the filter al-
lows the generation of statements appended with a
question mark to be presented as ‘questions’ (e.g.,
“Solicitation of construction and installation infor-
mation in ADV?”).

Second, the SQuAD questions come from, and
are designed as a data set for, QA systems, and
the questions are simple information-seeking and
educational questions of the ‘What is...’ variety,
which is narrower than the structures of the sen-
tences for CQs for ontologies. T5 being trained
with the narrower set, it will then also much less
likely generate more varied questions, as it repeats
what it is trained on.

Third, in the question generation, it takes a sub-
set of the paragraph. Supposedly it takes into ac-
count the context, i.e., the whole paragraph, but,
based on our analysis, that is not what it is doing.
T5 then produces out of context questions, often
resorting to German and generating questions or
statements either fully or partially in German. Sim-
ilarly, if it selects a fragment that happens to have
a formula or other generic text or a citation, it will
generate an unrelated general domain question. We
did not consider resolving this problem as it ap-
pears to be a problem with T5. Alternatively, one
could pre-process the mini-corpus by cleaning it



of strings that do not form part of a sentence, but
this has the downside of additional time-consuming
manual work.

There is no dataset available to train an LLM on
generating questions from paragraphs of text, other
than creating one from scratch specifically for CQs
for ontologies. Also for few-shot prompting tech-
niques as an alternative approach, many examples
will have to be devised considering that ClaRo v2
has about 150 templates and an LLM would need
several examples for each.

Notwithstanding these issues, the procedure does
generate viable CQs for ontologies automatically
that are traceable to the source. It also spurred
further analysis into language characteristics of
CQs, which may further contribute to language
resources for ontology-related tasks.

5 Conclusions

We have demonstrated that AgOCQs++, now a
fully automated pipeline, can generate competency
questions that have the highest reported rate of be-
ing in scope and relevant, as judged by domain
experts, where about half of the questions were
deemed acceptable as competency questions for
ontologies. The pipeline can generate questions for
different genres of corpora, being at least scientific
articles and guidelines and standards, with no sig-
nificant difference in quality with respect to scope
and relevance.

Future work will focus on creating a dataset of
contexts and competency questions to alleviate the
issues that arise due to the usage of SQuAD in the
pipeline. Further research into metrics for measur-
ing competency question quality will also be of
value.

Limitations

The main limitation of the experiments is that it
was evaluated with only one domain. This is the
case also for experiments in related work, and thus
more generally a shortcoming in the current state of
research in automating CQ generation with LLMs.
We hope that the updates to AgOCQs, particularly
by having made it fully automated, will facilitate
scaling up experimentation and use.

Supplementary material

The Experiment data are available at https://
github.com/AdeebNqo/AgOCQs_Plus.
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