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Abstract

The following paper is a joint contribution for
the 2025 ReproNLP shared task, part of the Re-
proHum project. We focused on reproducing
the human evaluation based on one criterion,
namely, factuality of Scientific Automated Gen-
erated Systems from August et al. (2022). In
accordance to the ReproHum guidelines, we
followed the original study as closely as pos-
sible, with two human raters who coded 300
ratings each. Moreover, we had an additional
study on two subsets of the dataset based on
domain (medicine and physics) in which we
employed expert annotators. Our reproduction
of the factuality assessment found similar over-
all rates of factual inaccuracies across models.
However, variability and weak agreement with
the original model rankings suggest challenges
in reliably reproducing results, especially in
such cases when results are close.

1 Introduction

Although Natural Language Processing (NLP) rep-
resents a field that strongly focuses on computa-
tional approaches and the use of automatic evalua-
tion, human evaluation remains an important prac-
tice for assessing NLP systems. Automated metrics
may be scalable and robust, however, they often
fail to capture nuances of natural language, such
as emotional tone, cohesion, and coherence, in the
same manner as humans, as stated by Celikyilmaz
et al. (2021) and first noticed by (Papineni et al.,
2002).

Since humans are also prone to errors, there still
is a need for proper guidelines of human evaluation
(Thomson et al., 2024). Belz and Reiter (2006)
reviewed several evaluation methods in NLP and
showcased the role of human evaluators in assess-
ing aspects that computational approaches struggle
to take into account. However, reproducibility of
human evaluation and proper guidelines remain a
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complex and difficult-to-achieve task (Belz et al.,
2023).

This paper is a contribution to the ReproNLP
2025 shared task (Belz et al., 2025), which is part
of the ReproHum project’, a multi-lab cooperative
project aiming to test the reproducibility of human
evaluations through large-scale reproduction.

Our paper focuses on evaluating the factuality
of artificially generated scientific definitions from
August et al. (2022). The original work was repro-
duced before by van Miltenburg et al. (2024), and
(Li et al., 2024), who concentrated on evaluating
the fluency of the generated definitions.

The paper begins with introducing the research
and then discussing about related studies. Next
up we present our reproduction steps followed by
our additional experiment, concluding with results,
participant feedback and final remarks.

According to standard scientific procedures, we
provide all data and code used to help with further
research in this area. We also follow the project’s
coordination team’s guidelines by completing the
Human Evaluation Datasheet (HEDS) (Shimorina
and Belz, 2022; Belz and Thomson, 2024).2

2 Original Study

In the original study (August et al., 2022), human
evaluation is employed on a dataset of 300 gener-
ated scientific definitions by three models consid-
ered to be the best performing: DExperts, GeDI,
and an SVM reranker. The authors define two types
of generated definitions that are in scope: “high-
complexity” (which use more academic and tech-
nical language) and “low-complexity” (which use
terms more approachable for the general public).
In this sense, they compile two separate sets of
data: scientific news articles designed for train-
ing of lower-complexity definitions and scientific

"https://reprohum. github.io/
Zhttps://github.com/nlp-heds/repronlp2025
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journal abstracts, which are later used for high-
complexity definitions training.

The first model uses the DExperts architecture
introduced by Liu et al. (2021), which consists of
an ensemble of three different language models: an
“expert” (trained on text with desired features), an
“anti-expert” (trained on text with unwanted qual-
ities), and a base model. The difference between
the logits from the first two is merged with the log-
its of the latter. For their study, the authors opt
to continue the training of pretrained BART-large
models for the expert and anti-expert models, uti-
lizing the abstracts dataset and the news dataset.
For the generation of more complex definitions, the
abstracts dataset is used in the training of the expert
model, while the news dataset is employed for the
anti-expert model training, with the setup being
reversed to generating less complex definitions.

The original work also includes the usage of the
GeDi (Generative discriminators) method (Krause
et al., 2021), which utilizes a class-conditioned
language model trained on text with required at-
tributes, more specifically in this context referring
to the two sets of data.

Another well-performing approach is the one of
reranking, which is introduced in the original paper.
This method consists of producing 100 candidate
definitions for each term during test time using a
BART model, which are then reranked by a dis-
criminator model trained to discern between text
from scientific journals and from science news.

For the human evaluation, the authors select 50
terms from the test data at random, generating for
each both low- and high-complexity definitions
with all three best-performing models described
earlier, which results in a set of 300 texts to be
manually annotated.

They use two annotators to rate the generated
definitions based on three criteria: fluency, rele-
vancy, and factuality. Specifically for factuality, the
annotators assign a binary label to each definition,
indicating whether or not it contains any factually
wrong information. In case of errors, they use a 1-4
Likert scale to score the extent of the inaccuracies.
The paper reports a Krippendorft’s alpha of 0.59
when assessing whether a definition contained fac-
tually incorrect information, showcasing a modest
agreement between the human evaluators, as per
the official interpretation guidelines (Krippendorff,
2019). The inter-rater agreement is maintained to
almost the same extent in the case of evaluating the
severity of errors (Krippendorff’s alpha of 0.55).

3 Previous Work

In the reproduction by van Miltenburg et al. (2024),
they closely followed the original paper (August
et al., 2022) with minor changes due to missing
details, looking specifically at the fluency ratings.
Their results showed similar patterns, with flu-
ency rating being significantly different among the
SVM model and both GeDi and DExperts. How-
ever, inter-annotator agreement was lower (Krip-
pendorff’s alpha decreased by 0.11). Additionally,
they conducted a second study where they gathered
evaluations from eight additional annotators and
analyzed the variability of the ratings. Also focused
on fluency, Li et al. (2024) reproduced and found
out that even if overall performance was lower, the
relative performance of the three systems matched
the original findings. The authors stated that lower
agreement among annotators and their feedback
suggests that ambiguity significantly affects human
judgment.

4 Our reproduction

Our reproduction concentrates on the factuality cri-
terion. Following the standard procedures for hu-
man evaluation reproducibility, by using Quantified
Reproducibility Assessment (Belz, 2025), we try
to track the original study as closely as possible.
This entails the setup of two annotators that rate
300 definitions, first with a binary label of Yes/No
as an answer to the question “Does this definition
contain factually incorrect information?” and, in
case of factual inaccuracies, to further provide a
score on a set scale from 1 to 4 for the extent of the
error, with the specification that 1 represents the
lowest severity of error, while 4 is the highest.

Moreover, an additional experiment is carried
out on domain-specific questions. In this sense, we
define separate question sets depending on their
domain, focusing on medical and physics-related
questions. These term sets are then each assessed
by a pair of participants with expert knowledge in
the respective question set domain. The category
of each term is established automatically, with sub-
sequent human validation. This pipeline utilizes a
Llama 3.2 LLM with the setup shown in Box 1.

All terms are assessed in this manner, after which
a manual validation by one of the authors is per-
formed. For the additional experiment, only the
medicine (174 questions) and physics (42 ques-
tions) categories are considered in order to align
with the participants’ areas of expertise.

584



Box 1: Llama 3.2 Prompt

SYSTEM Prompt:
assistant.

You are a helpful

USER Prompt: What exact science
is this term from? examples: medicine,
geography, physics, chemistry, computer
science. Respond with the name for each
term, no explanations

Terms: [
{"id":<term_id>,
"term_text":"<term_text>"},

]

\. J

After the annotation process is performed, the
raters receive a feedback form regarding their par-
ticipation.

4.1 Platform

As the platform used in the original experiment is
unavailable for new experiments, we recreated the
survey form from scratch as a hosted web applica-
tion. We implemented the interface using Next.js,
backed by a Redis-like database (Upstash).?>*

We strove to mimic the original look and feel
of the interface as closely as possible with the aid
of screenshots provided by the ReproHum team.
Furthermore, we fixed several issues found in the
initial interface, adding client-side and server-side
validations and allowing participants to resume
their progress in an intuitive manner. We note
that adding validations and fixing critical issues
is allowed under the ReproHum protocol.

The experiment instructions explicitly stated that
going back or refreshing the page was not allowed,
presumably due to software defects in the previous
implementation, where previous answers were not
retrieved in the Ul, and the survey could only be
completed in one iteration. While we kept the same
instructions and did not document these enhance-
ments, we noticed that, based on the server logs,
one participant used a second pass to calibrate their
answers.

To promote an open research environment, we
make the source code of this interface publicly
available with demo access to the hosted version.”+%

3https ://nextjs.org/

4https://upstash.com/
Shttps://github.com/memarius/repronlp-2025-app

SURL: https://repronlp-2025-app.vercel.app/

4.2 Participants

All our participants are fluent, non-native English
speakers with an English language proficiency level
of C1 and above according to the Common Eu-
ropean Framework of Reference for Languages
(CEFR). For the main reproduction, we employed
two PhD students from the Faculty of Psychology,
one male and one female. For the additional ex-
periments, we included two medical students and
two physics experts (one student and one PhD-level
professional), who were tasked with the evaluation
of medical and physics-related questions. In total,
we had six annotators, with an average age of 25
years.

The participants were compensated with vouch-
ers valued at 433 RON per annotator for the main
study, which involved evaluating the 300 questions.
Since factuality is more difficult to asses, even with
the help of online resources, we estimated a total
time of 6 hours by completing 10% of the ques-
tions. For the main study, the ReproHum team
covered the costs, with a conversion rate of GBP
to RON of 6.00928 and an hourly rate of 12 GBP
~ 72 RON, according to the ReproHum procedure
for calculating fair pay.” For the second experi-
ment, a total of 174 questions were selected for the
medicine participants, equal to a pay of 251 RON
per individual, and 42 questions were selected for
the physics participants, equal to a pay of 61 RON
per individual.

4.3 Experiment

For the main reproduction, we followed the orig-
inal experiment as closely as possible, given the
available information on the original setup. This
included the evaluation of the same 300 generated
definitions, as well as adopting the same structure
for the given instructions and examples. As de-
scribed in an earlier section, the platform was also
reproduced, given that access to the original en-
vironment is not possible. The definitions were
labeled by the two main annotators; to be noted
that, as opposed to the original study, none of the
authors of this work acted as annotators, as per the
standards of the ReproHum project. The instruc-
tions and examples given to the participants in the
platform are presented in Boxes 2 and 3.

Demo credentials: username: demo-user, Password:
demo-password. Accounts can only be created by an admin
user, no sign up is possible.

"Conversion via Oanda.com, 5 March 2025.
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Box 2: Instructions

You will be given <no. of specific experi-
ment terms> terms with their definitions
and asked to rate the factual truth of the
definitions.

You will first be asked whether the defi-
nitions contain any factual inaccuracies
(yes or no) and then, if yes, you will be
asked to rate the severity of the inaccura-
cies on a scale from 1 (lowest) to 4 (highest)

When you do not know whether a definition
is factually inaccurate, please use an
internet search to check.

Box 3: Examples

Term: Acanthoma

Definition: Acanthoma is a type of skin
cancer. (inaccuracy marked in red; it is
benign, not cancerous).

Term: Transformer

Definition: The Transformer is a type of
cheese. (inaccuracy marked in red).

Please do not press the back button while
taking this task.

4.4 Additional experiment

For the additional experiments, the instructions
and platform remained the same as in the main
experiment, the only change being the subsets of
definitions and the domain knowledge of the par-
ticipants. These evaluations targeted definitions
related to medicine and physics, selected in align-
ment with the expertise of the annotators involved.
The categorization of definitions was performed as
previously described, automatically using a LLama
3.2-based classification prompt and manually val-
idated by one of the authors. The final dataset
included 174 medical and 42 physics terms. Each
category was independently annotated by a domain-
specific pair of raters (with dedicated user roles in
the platform), enabling a more informed and reli-
able assessment of factual correctness in special-
ized contexts.

5 Results

When looking at the results from the original setup
with all 300 generated definitions, the following
can be stated: annotators agree poorly on whether a
definition was factually incorrect (Krippendorff’s
=0.466), but display even more reduced agreement
on how severe those errors are (Krippendorff’s o =
0.132). Over half of the definitions (54.0 %) were
flagged by both annotators as incorrect, and nearly
four-fifths (78.0 %) by at least one of them.

We have computed the same values for the addi-
tional experiment, separately for each domain.

Focusing on medicine, the agreement on the
yes/no decision rose to a substantial level (Krippen-
dorft’s o = 0.682), and consistency around severity
improved moderately (Krippendorft’s a = 0.507).
Still, more than half of the medical definitions (58.6
%) were marked wrong by both annotators, and al-
most three-quarters (73.0 %) by at least one.

In physics, experts showed a more robust con-
sensus on whether a definition was wrong (Krip-
pendorff’s o = 0.790), yet their views on the de-
gree of error remained split (Krippendorff’s a =
0.369). Almost all physics definitions were labeled
as containing factual inaccuracies (92.9 % by both
annotators, 95.2 % by at least one of them).

These patterns reveal the following observations:
First, having domain experts makes it easier to
agree on the presence of factual mistakes; how-
ever, domain expertise is less effective at harmoniz-
ing severity ratings—even when evaluators share
deep subject knowledge. If we want reliable sever-
ity scores in future studies, we may need simpler
scales or clearer examples of what each level means.
This intuition is supported by the participants’ feed-
back, which will be presented in the next section.

Error prevalence Krippendorff’s «

Study Either Both Binary Severity
annotator  annotators  (Yes/No) (1-4)

Original 60.0% 40.0% 0.59 0.55

Reproduction 78.0% 54.0% 0.466 0.132

Table 1: Comparison of original and reproduced factu-
ality results (300 definitions).

When we compare our reproduction with the
original evaluation, as seen in Table 1, two patterns
stand out:

1. The original study found that 60% of the
definitions were flagged as incorrect by at least
one annotator (and 40% by both), while our ex-
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periment assessed those numbers at 78% and 54%,
respectively. This suggests that even small shifts
in the annotation instructions or the pool of raters
can make annotators more sensitive (or harsher) in
spotting factual lapses.

2. While the original experiment achieved sub-
stantial consistency on inter-rater agreement for
both the “contains an error”” and severity judgments,
our reproduction shows that the latter in particular
can become very noisy if the rubric or calibration
is not tight.

These differences can attest that prevalence es-
timates can shift substantially across studies and
that agreement on how bad an error is appears espe-
cially fragile. Future work might include more de-
tailed anchor examples or simplified severity scales
to boost reproducibility.

Following the original experiment and under
the framework of Quantified Reproducibility As-
sessment (Belz et al., 2025), we have also com-
puted percentages for flagged factual inaccuracies
for each generation system (SVM reranker, GeDI,
DExperts); to compare the obtained values, we
have utilized the coefficient of variation for small
samples (CV*), introduced by Belz (2022), with all
results available in Table 2 and Table 3.

Model Original %  Reproduction % cv”

SVM reranker 16 57 111.9924
GeDI 33 51 42.7288
DExperts 67 54 21.4233

Table 2: Definitions flagged by both annotators as factu-
ally inaccurate.

Model Original %  Reproduction % Ccv*

SVM reranker 38 78 68.7590
GeDI 52 78 39.8802
DExperts 86 78 9.7269

Table 3: Definitions flagged by at least one annotator as
factually inaccurate.

Across the three generation models, we can ob-
serve different patterns of reproducibility when
comparing the original study’s percentages of def-
initions flagged for factual inaccuracies to those
obtained in our reproduction. For the rate at which
both annotators labeled a definition as factually
inaccurate, the SVM reranker rose from 16% orig-
inally to 57% in our data (mean = 36.5%, CV* =
112), indicating extreme divergence relative to its
average. GeDI showed a more moderate shift, from

33% to 51% (mean = 42.0%, CV* = 43), while
DExperts declined a few, from 67% to 54% (mean
=60.5%, CV* = 21), suggesting that its error rate
is the most stable of the three.

When we consider the rate at which at least one
annotator rated a definition as factually inaccurate,
the SVM reranker again exhibits high variability,
rising from 38% to 78% (mean = 58.0%, CV* ~
69), while GeDI shifts from 52% to 78% (mean =
65.0%, CV* = 40). DExperts shows the smallest
proportional change, going from 86% down to 78%
(mean = 82.0%, CV* ~ 10), showing its relative
reproducibility also in this setup.

The CV* results provide a useful ranking: DEx-
perts’ percentages remain within roughly one-fifth
and one-tenth of their means, respectively, while
the SVM reranker’s rates vary by more than half.
GeDlI consistently falls between these extremes.
This suggests that DExperts seems to be the most
reproducibly labeled for factual inaccuracy, and the
SVM reranker seems to be the least, with GeDI
occupying a middle position.

Metric Value P Significance (o = 0.05)
Pearson’s —-0.327  0.78 n.s.
Spearman’s p  —0.500  0.67 n.s.

Table 4: Correlation between the original and repro-
duced percentages of definitions flagged by both anno-
tators as factually inaccurate.

We have also investigated the correlations be-
tween the original study’s percentages and our own,
using both Pearson’s r and Spearman’s p; the re-
sults are visible in Table 4. These values were
calculated for the percentages where both annota-
tors labeled a definition as containing factual errors.
For the other setup, our reproduction percentages
are identical (78%) across all three models, yield-
ing zero variance; as a result, neither Pearson’s r
nor Spearman’s p can be computed meaningfully.

Both Pearson’s r (-0.327) and Spearman’s p
(-0.500) for the “flagged by both annotators” con-
dition fail to reach statistical significance. This
means that we cannot reject the null hypothesis
of no linear or monotonic association between the
original and reproduction both-flag rates. The ap-
parent inverse relationship could easily arise by
chance, given the available observations.
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6 Participant feedback

After completing the feedback form, it seems that
our main evaluators reported that on average, they
spent about 3 hours completing the annotations.
They both needed to use the internet on some occa-
sions for their ratings regarding definitions related
to biology and chemistry.

One noteworthy aspect that counted in their an-
notation process was their academic background.
This was also seen in the additional experiment
participants, with one rater stating that “As I am
studying medicine, I know the importance of de-
tails, so information should be complete, very clear
and precise when it comes to medical terms”. They
all had difficulties grading incomplete definitions,
as well as those with slight inaccuracies.

When they had doubts and rated in the middle
of the scale, they justified their ratings for incom-
plete or vague information, incorrect or imprecise
terminology, oversimplification, or definitions that
were unclear or failed to fully define the term.

All annotators stated that their capacity to rate
factuality would have been enhanced if they had a
better understanding of specific terminology and
concepts, clearer grading examples for different
levels of inaccuracy, and more detailed instructions
on completeness and coherence.

7 Conclusion

As numerous studies have shown (Florescu et al.,
2024), human evaluation still remains important
for properly evaluating technological develop-
ment. Our findings suggest that employing domain-
specific experts and providing proper annotation
guidelines represent crucial factors for accurate au-
tomated systems. However, both automated and hu-
man evaluations in the NLP field have drawbacks,
hence the need for hybrid automated-human evalu-
ation systems. Especially when it comes to human
evaluation of generated scientific definitions, only
experts in such domains should be employed.

While human evaluation of factuality may come
off as an objective task, it actually relies heavily
on subjective interpretation, human judgment com-
prising a certain degree of creativity and divergent
thinking (a thought process used for generating
creative ideas through exploring multiple possi-
ble solutions) as it was stated by Guilford (1967),
particularly when evaluators draw on multidisci-
plinary expertise, like in our case, from Psychology,
Medicine, and Physics.

While absolute agreement values differed from
those originally reported, the general trends regard-
ing which models yield more factual inaccuracies
were broadly maintained. However, statistical anal-
ysis revealed low and non-significant correlations
for the case where both annotators labeled defini-
tions as factually inaccurate. These results outline
both the challenges and the value of reproducibility
in human evaluation setups.

Limitations

Since this is a reproducibility study, and the orig-
inal paper had a small sample of only two human
evaluators, according to the ReproHum guidelines,
we maintained this number. Next, we could not find
available annotators who had a demographic back-
ground similar to the original experiment, namely
an NLP expert that is a trained annotator. Moreover,
there was no background information in the origi-
nal study about the second annotator. It was also
stated by the guidelines of this reproduction for the
authors not to partake in the annotation process.

Ethics Statement

This study adheres to the ethical guidelines for aca-
demic research established by the University of
Aberdeen. The experiment design, methodology,
and data collection procedures were reviewed and
approved by the University of Aberdeen’s Physical
Sciences & Engineering Ethics Board (Decision
from 05.02.2025). Prior to their participation, the
annotators gave their written consent after being
fully informed about the study’s objectives and
their role within it, that participation was voluntary
and that they could withdraw at any time without
facing any repercussions, and the anonymity and
confidentiality of their answers, which ensured that
no personally identifiable information would be
revealed in publications or reports. The study con-
forms to international ethical norms for research
involving human subjects (such as the GDPR for
participants residing in the EU) and upholds the
values of honesty, openness, and respect for partic-
ipants’ autonomy.
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