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Abstract

Human evaluation is a central component in
assessing natural language generation (NLG)
systems, especially for open-ended and creative
tasks. Yet, the field still lacks standardized
practices for designing and reporting such eval-
uations. In this paper, we present a reproduc-
tion study of the human evaluation conducted
by (August et al., 2022). They evaluate sys-
tems that generate scientific definitions with
controllable complexity and leverage human
evaluation to compare these approaches. By
reproducing the experimental setup under com-
parable conditions, we find that the pairwise
ranking of systems is fully consistent with the
original study, while the absolute scores diverge
substantially, suggesting a moderate level of re-
producibility.

1 Introduction

Human evaluation remains a cornerstone of NLP
research. It provides nuanced, context-aware judg-
ments, particularly for generation tasks where
outputs are open-ended, creative, or domain-
sensitive (Howcroft et al., 2020; Hiaméldinen and
Alnajjar, 2021). Unlike automatic metrics, which
optimize for surface-level signals such as lexical
overlap or embedding similarity (Mathur et al.,
2020; Sai et al., 2021), human evaluation captures
insights about users’ perceptions of a system’s out-
put. It also reveals whether a system is useful in
practice, including its appropriateness and relia-
bility, and enables the analysis of systematic er-
rors (van Miltenburg et al., 2021).

Despite its importance, human evaluation re-
ceives relatively little attention in NLP research,
and when it does appear, details are often
under-reported (Schmidtova et al., 2025). Sub-
tle differences in instructions, interfaces, anno-
tator backgrounds, or aggregation methods can
meaningfully influence results, yet these details
are rarely documented in sufficient depth (Thom-
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son et al., 2024). This lack of transparency, com-
bined with the often overlooked variation in human
judgment (Plank, 2022), undermines the reliabil-
ity of findings from human evaluation and dimin-
ishes their value as a basis for subsequent work.
For human evaluation to serve as a solid scientific
foundation, its findings must be reproducible. Re-
producibility, in turn, requires clear, consistently
applied, and fully specified protocols that make the
evaluation process traceable from design to conclu-
sion. Without such standards, the field risks build-
ing on results that are neither verifiable nor com-
parable, eroding the integrity of human-evaluation
practice in NLP. These issues are exacerbated by re-
cent trends in LLM-as-a-Judge approaches, which
are often justified by their ability to reproduce hu-
man judgments, thereby placing additional pres-
sure on the reliability and consistency of human
evaluation itself (Chehbouni et al., 2025).

The ReproHum Project! addresses these con-
cerns by developing a methodological framework
for systematically testing the reproducibility of hu-
man evaluations in NLP. Throughout the project’s
phases, the ReproHum team identifies limitations
and inconsistencies in current practices, translat-
ing these findings into actionable recommenda-
tions and working toward a community consen-
sus on how to confront the reproducibility crisis.
This initiative complements a growing wave of
meta-research aimed at strengthening reproducibil-
ity across disciplines. The knowledge generated
through ReproHum has the potential to reshape
human evaluation methodology, making it more
dependable and comparable. The insights emerg-
ing from ReproHum are driving a shift in the NLP
domain and informing future evaluation practices
through workshops, reproducibility studies (Arvan
and Parde, 2024, 2025), and surveys of current prac-
tices (Thomson et al., 2024). Most concretely, the
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insights emerging from the project are informing
evaluation practices by introducing human evalua-
tion datasheets, which aim to standardize how eval-
uation decisions are recorded and reported across
the NLP community (Belz and Thomson, 2025;
Shimorina and Belz, 2022).

Building on this framework, and as part of the
broader ReproHum initiative, we reproduce the
human evaluation protocol introduced by (August
et al., 2022) in their work “Generating Scientific
Definitions with Controllable Complexity.” We
investigate the extent to which their human evalu-
ation experiment can be reproduced. We leverage
the original paper and the authors’ communica-
tion with the ReproHum team to reflect the realis-
tic conditions under which reproducibility is most
commonly attempted. We find a gap between the
numerical scores reported by the original study and
ours, suggesting that the task instructions may be
ambiguous and interpreted differently across an-
notator pools. Nonetheless, we obtain a system
ranking similar to that of the original study, indi-
cating a moderate level of reproducibility.

2 Related Work

With the rapid proliferation of NLG tasks, a wide
range of evaluation methodologies have been ex-
plored. Automatic metrics, while attractive due to
their scalability and low cost, have repeatedly been
shown to rely on superficial or irrelevant cues. In
addition, they often fail to capture the effects of
meaning-altering perturbations such as negation.
They also tend to overemphasize lexical overlap,
rendering them insensitive to semantic errors yet
overly sensitive to benign paraphrases (Kryscinski
et al., 2019; Sai et al., 2021; Mathur et al., 2020).
Recently, LLM-based approaches, such as LLM-
as-judge, have gained traction as alternatives. How-
ever, these methods have also been shown to suf-
fer from inherent biases and limitations, including
inconsistencies in judgment and difficulties in reli-
ably assessing factual correctness (Gao et al., 2025;
Bavaresco et al., 2025; Fu et al., 2023; Chehbouni
et al., 2025). As a result, despite its cost and vari-
ability, human evaluation remains the de facto stan-
dard and most trusted approach for assessing the
quality of generated text.

Despite its central role, human evaluation poses
substantial challenges for reproducibility. These
difficulties often stem from ambiguous experiment
design, such as underspecified evaluation crite-

ria, poorly defined rating scales, and inconsistent
or missing annotator instructions, which collec-
tively undermine the interpretability and compa-
rability of results across studies (Howcroft et al.,
2020; Himéldinen and Alnajjar, 2021; Belz et al.,
2023). Compounding this issue, many papers
omit critical experimental details, such as experi-
ment guidelines, training procedures, annotation
interfaces, and participant demographics, render-
ing reported evaluations difficult or impossible to
reproduce (Ruan et al., 2024). Even when au-
thors are contacted directly, such information is
frequently unavailable, leaving many published
human evaluations non-reproducible (Thomson
et al., 2024; Belz et al.,, 2023). These prob-
lems are further exacerbated by structural weak-
nesses in annotator selection. Most studies rely on
non-expert crowd workers, commonly recruited via
platforms such as Amazon Mechanical Turk, even
for domain-specific tasks that require specialized
knowledge. Prior work has shown that such setups
can yield high variance, low inter-annotator agree-
ment, poor calibration, and instability across time
or worker pools (Sap et al., 2022; Karpinska et al.,
2021; Hamildinen and Alnajjar, 2021).

In response to these persistent challenges,
several community-driven initiatives have been
launched to systematically examine and diagnose
the state of human evaluation in NLP research. No-
table examples include HumEval and the broader
ReproNLP ecosystem, which explicitly target is-
sues of reproducibility and methodological trans-
parency in evaluation practices. Within this context,
the ReproHum initiative conducted a series of co-
ordinated reproduction efforts from 2023 to 2026,
in which participating teams attempted to indepen-
dently reproduce previously published human eval-
uation studies. These efforts exposed recurring
obstacles, including undocumented bug fixes, devi-
ations from the original experimental procedures,
and mismatches in the number or composition of
evaluators (Thomson et al., 2024). Such discrep-
ancies frequently led to divergent outcomes, un-
derscoring the lack of standardized quality criteria,
evaluation protocols, and reporting practices across
the literature. Collectively, these findings highlight
the necessity of multiple independent reproductions
and the use of complementary quantitative mea-
sures of reproducibility to draw robust conclusions
about evaluation results. Importantly, these initia-
tives not only surfaced structural weaknesses in
existing practices but also motivated concrete steps
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toward standardization, such as proposing human
evaluation data sheets to improve transparency, doc-
umentation, and reuse of evaluation setups (Belz
and Thomson, 2025). The present work is situated
within the ReproHum initiative and focuses on re-
producing the human evaluation study reported in
a prior ACL publication (August et al., 2022).

3 Methods

3.1 Generating Scientific Definitions with
Controllable Complexity

August et al. (2022) introduced a new task and
dataset for adapting the complexity of scientific
term definitions to readers’ backgrounds. They
leverage two sources for creating their dataset: 1)
the medical consumer questions (Ben Abacha and
Demner-Fushman, 2019) and 2) Wikipedia science
glossaries.> They construct their dataset by filter-
ing these sources to identify definitions that answer
the question “What is (are) X?” where X is a scien-
tific term or concept. Additionally, they associate
each scientific term with a supporting document
consisting of 10 related abstracts extracted from
S20RC (Lo et al., 2020), which is a corpus of over
81 million scientific articles.

They use four methods’ categories to gener-
ate definitions for the scientific terms in their
pre-collected dataset: 1) finetuned BART (Lewis
et al., 2020) as a sequence-to-sequence model, 2)
GPT-2 and GPT-3 as causal language models, 3)
GPT-2 finetuned, and 4) bi-directional attention
flow (BiDAF) as an information retrieval method.
They found that BART, fine-tuned on the support-
ing documents, outperforms all other methods at
generating scientific definitions. Then, they pro-
pose controlling the complexity of definitions by
re-ranking the generated candidates from BART
using two discriminators: SciBERT, an uncased
pretrained model (Beltagy et al., 2019), and an
SVM trained to distinguish high-complexity from
low-complexity definitions. This approach yields
two variants of their method: Rerank-BERT and
Rerank-SVM. They compare their approach with
three baselines: 1) plug-and-play language mod-
els (PPLM) (Dathathri et al., 2019), 2) generative
discriminators (GeDi) (Krause et al., 2021) and
3) ensemble of language models (DExperts) (Liu
etal.,2021). They evaluate both variants of their ap-
proach (Rerank-SVM and Rerank-BERT) and the

2https ://en.wikipedia.org/wiki/Category:
Glossaries_of_science

baseline methods using automatic metrics, includ-
ing sentence length and language model perplexity
with GPT. Their automated evaluation suggests that
both Rerank-BERT and Rerank-SVM performed
best overall.

They select the top three best-performing meth-
ods for additional human evaluation: DExperts,
GeDi, and Rerank-SVM. They conduct two sets of
human evaluation experiments. The first set of ex-
periments involves 233 Amazon Mechanical Turk
(MTurk) workers who evaluated, on a 1-4 Likert
scale, how complicated a definition was and how
difficult it was to understand. They collectively
evaluated 50 terms with high- and low-complexity
generations for each model, rendering a total of
300 definitions. The second set of experiments
involves two trained annotators, one of whom is
an author, to evaluate the same 300 definitions on
fluency, relevance, and factuality. For fluency and
relevance, annotators had to rate definitions on a
1-4 Likert scale (1 = “Not at all” to 4 = “Very”).
When evaluating factuality, annotators were asked
to indicate whether a definition contained any fac-
tually incorrect information (a binary label). If so,
they rated the extent of these errors on a 1-4 Likert
scale.

The authors provided additional information re-
garding the human evaluation in the appendix of
their paper. In the first set of experiments, partici-
pants filled out a short demographics questionnaire
and were provided instructions with examples of
very complex and not-at-all complex definitions.
The authors also provided a screenshot of the in-
terface for this set of experiments. In the second
set of experiments, annotators were provided exam-
ples, and when evaluating fluency and relevance,
the instructions for the task were:

e How fluent is this definition?
e How relevant is this definition for the term?

When evaluating factuality, annotators were first
shown examples of both highly extensive and min-
imal factual errors, and then asked, “Does this
definition contain factually incorrect information?”
They were encouraged to use the internet if they
were unsure whether a definition was correct.

For the first set of experiments, the authors found
that DExperts generations differ most between high
and low complexity, whereas GeDi showed counter-
intuitive results, with low-complexity generations
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Instructions

You will be given 300 terms with their defi-
nitions and asked to rate the factual truth of
the definitions.

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

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

Figure 1: The full instructions provided to annotators

rated as more complicated and difficult to under-
stand than high-complexity generations. They also
found that Rerank-SVM showed consistent perfor-
mance, with high-complexity generations rated as
more complex and difficult to understand. In the
second set of experiments, they found that Rerank-
SVM’s definitions were more fluent and relevant
than the baselines and had significantly fewer fac-
tual errors. The results from their human evaluation
were represented in Figure 2 and Table 7 for the
first and second sets of experiments, respectively.

3.2 Scope of Reproduction

Our aim was to reproduce the designated experi-
ment as faithfully as possible to the original study.
Our reproduction focused on a specific part of the
study: the human evaluation of the factuality crite-
rion.

3.3 Additional Information Obtained from
Original Authors

Although we did not communicate directly with
the original authors, the ReproHum team shared
additional information they obtained from them.
In particular, the authors provided the exact out-
puts used in their evaluation. They also provided
screenshots of the user interface for the complexity
experiment, including the examples and instruc-
tions provided to annotators. They also reported
the cost of the human-evaluation setup. The com-
plexity study cost $140, while the second set of
experiments conducted by two trained annotators
incurred no additional expense, as the annotators
were either separately funded research assistants or
the authors themselves.

Examples of definitions with no factual in-
accuracies: Term: Acanthoma Definition:
Acanthoma is a skin lesion that develops
from cells in the skin.

Term: Transformer Definition: The Trans-
former is a deep learning model architecture
relying entirely on an attention mechanism
to draw global dependencies between input
and output.

Examples of factually inaccurate defini-
tions: Term: Acanthoma Definition: Acan-
thoma is a type of skin cancer. (inaccuracy
marked in red; it is benign, not cancerous).
Term: Transformer Definition: The Trans-
former is a type of cheese. (inaccuracy
marked in red).

Figure 2: Examples provided to annotators

3.4 Known Deviations from the Original
Experiment

We recognize factors that may have caused our re-
sults to deviate from the original experiment. Some
are due to unclear or incomplete details in the pa-
per and in the follow-up information we received,
while others reflect constraints that made it impos-
sible to recreate the exact experimental conditions.
We made sure to communicate these deviations to
the ReproHum team to remain as faithful as possi-
ble to the original experiment and to other repro-
duction studies of this work, and we detail them
below.

Platform for the Human Evaluation Experi-
ment: The original study was conducted on the
LabintheWild platform using a custom, internally
developed interface. This platform is no longer
available for new experiments. For our reproduc-
tion, we used MTurk’s sandbox environment to
recreate the interface, ensuring that the instructions
and rating layout matched the original as closely as
possible.

Participant Selection and Payment: In the orig-
inal study, one annotator was a research assistant
and the other was one of the authors, and neither re-
ceived payment. For our reproduction, we recruited
two PhD students in computer science. Based on an
estimated hourly rate of 30 CAD and an expected
task duration of five hours, we compensated each
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Instructions
Please read the following text and answer the question below.

When rating definitions, please focus on unfamiliar terms or very long,
complicated sentences, not grammar.

If a definition’s text only says ‘nan’, please select factually incorrect and rate it
as Very.

Term: Usher syndrome, type 2C
Definition: Usher syndrome is a condition that affects the brain and eyes.

Does this definition contain factually incorrect information?

@ VYes

O No

How confident are you in this definition?
Notatall O O @ O Very

Submit

Figure 3: Interface presented to annotators for assessing
factuality in the human-evaluation task.

participant with 150 CAD.

Expected Completion Time: It was not clear
from the original study whether annotators were
expected to complete the task in a single session
or over multiple sessions. Given our estimate that
the task would take approximately five hours, we
allowed participants to complete it over multiple
sittings to minimize fatigue.

Instructions and Examples: The instructions and
examples provided by the authors covered only
the complexity experiment. For our reproduction,
the ReproHum team provided instructions and ex-
amples tailored to our scope, which focuses on
evaluating the factuality criterion. We show the
instructions and examples in Figures 1 and 2, and
illustrate the interface in Figure 3.

Data Analysis The authors did not release the
source code used for their data analysis, so we
implemented our own analysis pipeline. We report
results for cases where either annotator marked a
factual error, and for those where both did.

Extent of Factual Errors Experiment It was not
clear from the original paper which aggregation
method was used when analyzing the extent of fac-
tual errors. One possible interpretation is to exclude
cases in which only one annotator identified a fac-
tual error, while another is to include these cases
by assigning them a value of zero on the Likert
scale. We ran the experiment under both interpreta-
tions and found that including these cases as zero
produces results closest to the original study and
avoids the need for the two aggregation conditions,

Table 1: Comparison of the original and reproduced
results when either annotator identified a factual error,
with R1 being the reproduced experiment conducted
by (Florescu et al., 2025).

Method Original (%) R1 Ours (%)
DEXPERT 86 78 80
GEDI 52 78 65
SVM 38 78 39

since all instances are accounted for. We therefore
report this version.

4 Results

This section presents the results of our reproduction
study evaluating the factuality of definitions gener-
ated for scientific terms. We closely followed the
original human evaluation protocol (August et al.,
2022), comparing SVM-Rerank, DEXPERT, and
GEDIL. Factuality is evaluated in two steps: the first
counts how many factual errors each system has ac-
cording to the annotators, and the second assesses
the severity of those errors. In what follows, we
first explain the main measures used to quantify
reproducibility, and then we discuss the results of
each of the two steps.

4.1 Quantified Reproducibility Assessment

We applied the standardized procedure for repro-
ducibility assessment proposed by the ReproHum
team (Belz and Thomson, 2026). This procedure
distinguishes between four types of evaluation re-
sults. For our case, where we are interested in
reproducing numerical values and comparing dif-
ferent systems, only three of these evaluation types
apply to us:

* Type I results: evaluates single numerical
scores, such as mean quality ratings or er-
ror counts. In our case, we evaluate error
counts in terms of factuality. Reproducibility

Table 2: Comparison of the original and reproduced
results when both annotators identify a factual error,
with R1 being the reproduced experiment conducted
by (Florescu et al., 2025).

Method Original (%) R1 Ours (%)
DEXPERT 67 54 38
GEDI 33 51 32
SVM 16 57 16
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Table 3: QRA reproducibility assessment comparing the human evaluation experiment in August et al. (2022) with
ours when one of the two annotators identifies a factual error; n/a = measure does not apply at this level.

Type of Measure Degree of reproducibility (n = 2)
Result Qc System applied System QC level Study level
level
DEXPERT 5.64
Type I Factuality | GEDI (mean) CV*] 17.34 8.34 8.34
SVM 2.03
all mean 7 T n/a 0.925
Type I Factuality | all mean p T n/a 1.000 n/a
all W1 n/a 1.000
Type IV Factuality | all P n/a 1.000 1.000

Table 4: QRA reproducibility assessment comparing the human evaluation experiment in August et al. (2022) when

both annotators identify a factual error; n/a = measure does not apply at this level.

Type of Measure Degree of reproducibility (n = 2)
Result Qc System applied System QC level Study level
level
DEXPERT 43.10
Type I Factuality | GEDI (mean) CV*] 2.40 15.16 15.16
SVM 0
all mean r T n/a 0.902
Type 11 Factuality | all mean p T n/a 1.000 n/a
all w1 n/a 1.000
Type IV Factuality | all Pt n/a 1.000 1.000

is assessed using the unbiased coefficient of
variation (C'V'*), where lower values indicate
better reproducibility.

* Type II results: evaluates the correlation be-
tween related numerical scores (e.g., multiple
Type I results). It uses different correlation
coefficients, such as Pearson’s r, Spearman’s
¢, and Kendall’s W. Higher correlation coef-
ficients indicate better reproducibility.

* Type IV results: provides information about
which system performs better than another
on a given task. It is quantified through the
proportion of identical pairwise system ranks
in a set of comparable experiments P, with
higher P indicating better reproducibility.

These measures are computed at three different de-
grees of reproducibility: (i) system level, where
we compare scores obtained for the same system
across different experiments; (ii) quality-criterion
(QC) level, where we compare scores for a given
QC across multiple systems and experiments; and
(ii1) study level, where we compare scores for all
systems and all QCs across the full set of experi-
ments that make up the study.

4.2 Reproduction Results for Counting
Factual Errors

Table 1 and 2 present the raw results of the exper-
iment, using the results obtained by the authors,

those reproduced in (Florescu et al., 2025), and
ours. Tables 3 and 4 report the QRA reproducibil-
ity assessment for the original and our reproduced
experiments under the two aggregation conditions,
when only one annotator identifies a factual error
and when both annotators identify the same factual
error, respectively. As shown by the C'V* values
in Tables 3 and 4, the three systems differ notably
in their reproducibility across the two aggregation
conditions. DEXPERT shows good reproducibil-
ity when a factual error is counted if at least one
annotator identifies it, but its reproducibility drops
to poor when errors are counted when both annota-
tors agree. GEDI achieves medium reproducibility
under the "either annotator” rule, but improves to
good reproducibility when factual errors require
agreement between annotators. SVM maintains
good reproducibility in both conditions, regardless
of whether errors are aggregated using the "either"
or "both" annotator criterion. For Type II results,
we find that the different correlation coefficients
are exceptionally high, indicating (near) perfect
correlation. Finally, P is 1, indicating that the re-
peated experiments obtained exactly the same three
pairwise ranks as the original experiment.

In terms of statistical significance, we find that
SVM outperforms GEDI, with results in our repro-
duction (t = 4.58, p = 3.18e-05, Cohen’s d = 0.65)
closely matching those reported in the original pa-
per (t=4.71, p <0.001, d = 0.47). For DEXPERT,

1122



Table 5: QRA reproducibility assessment comparing the human evaluation experiment in August et al. (2022) and
ours when annotators indicate the extent of a factual error; n/a = measure does not apply at this level.

Type of Measure Degree of reproducibility (n = 2)
Result Qc System applied System QC level Study level
level
DEXPERT 35.05
Type I Factuality | GEDI (mean) CV*] 28.93 41.32 41.32
SVM 59.97
all mean 7 T n/a 0.967
Type I Factuality | all mean p T n/a 1.000 n/a
all W1 n/a 1.000
Type IV Factuality | all P n/a 1.000 1.000

however, the statistical signal is weaker in our re-
production: we obtain (t = 6.73, p = 1.77e-08, d
= 0.95), compared with the much stronger effect
reported in the original study (t = 12.29, p < 0.001,
d=1.24).

4.3 Reproduction Results for the Extent of
Factual Errors

If annotators indicated a factual error, they had to
rate its extent on a scale of 1 to 4. The results of this
experiment were reported in Table 7 (last column)
in the original paper (August et al., 2022). We
reproduce the results of this experiment, accounting
for cases where annotators indicated no factual
errors by assigning a O on the Likert scale.

Table 5 presents the QRA-based reproducibility
assessment for the original and reproduced exper-
iments. We find, from the C'V*, that the three
systems exhibit medium-to-poor reproducibility.
Specifically, GEDI shows medium reproducibility,
whereas DEXPERT and SVM both fall into the
poor reproducibility range. For Type II results, the
various correlation coefficients are exceptionally
high, indicating (near) perfect correlation between
the original and reproduced experiments. Finally,
the value of P = 1 shows that the repeated exper-
iment produced exactly the same three pairwise
rankings as the original study.

5 Discussion

Our reproduction highlights several important in-
sights into the robustness and interpretability of
the original study’s findings. First, the QRA re-
producibility assessment reveals notable variability
across systems. This is accentuated in the second
experiment, which evaluates the extent of factual
errors. This outcome is likely influenced by how
the Likert-scale responses were interpreted: across
all annotations, the option “1 — Not at all” was
selected only once, and only by a single annotator.
This option is arguably confusing, since selecting

“Not at all” when rating the extent of a factual error
is inconsistent with having answered “Yes” to the
preceding question about whether a factual error
was present. The resulting lack of variation in the
Likert responses likely inflated the C'V* values and
contributed to the lower reproducibility scores.

In contrast, the Type II reproducibility results
paint a different picture. The correlation co-
efficients between the original and reproduced
experiments are exceptionally high, indicating
near-perfect correspondence in the relative order-
ing of system performance. This is further sup-
ported by the finding that P = 1, meaning that the
reproduced experiment produced exactly the same
three pairwise rankings as the original study. Thus,
while the C'V* values might reflect variability in
reproducibility, the relative performance of the sys-
tems is highly stable across replications.

We also observe notable differences between our
results and those reported in (Florescu et al., 2025),
both in the raw evaluation scores and the resulting
system rankings. In their reproduced experiments,
all systems obtain the same performance when-
ever a factual error is identified by either annotator
(see Table 1). Similarly, their results are some-
what comparable when both annotators agree on
a factual error (see Table 2). This contrasts with
our findings and suggests that the interpretation
of the evaluation instructions may be ambiguous
and vary across annotator pools. Indeed, these dis-
crepancies provide further evidence that annotators
may operationalize evaluation criteria differently,
even when following the same protocol. Notably,
our reproduction yields a system ranking that more
closely aligns with that reported by the original au-
thors. We hypothesize that this alignment may be
partially explained by an implicit condition related
to annotator background: our participants are PhD
students in computer science, mirroring the exper-
tise of the original study’s annotators, whereas the
participants in the ReproHum replication were PhD
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students in psychology. Although the annotator’s
background was not explicitly stated as a controlled
condition in the original setup, this difference in
domain expertise may have influenced how evalua-
tion criteria were interpreted, ultimately affecting
the resulting system rankings.

6 Conclusion

In this work, we attempt to reproduce the human
evaluation experiment reported in “Generating Sci-
entific Definitions with Controllable Complexity",
focusing specifically on the factuality criterion.
We systematically reconstructed the experimental
setup described in the original paper and aligned
our procedures as closely as possible with the au-
thors’ reported methodology. Comparing our re-
produced results with those of the original study
using the QRA reproducibility assessment, we find
that the human evaluation exhibits a medium level
of reproducibility. While the pairwise ranking of
systems is fully consistent across the two experi-
ments, the numerical scores diverge substantially
from those reported by the original authors. This
suggests that the relative performance ordering of
the systems is stable, but the absolute magnitude of
the factuality judgments is sensitive to annotation
choices and experimental interpretation.
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