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Abstract

The field of natural language generation (NLG)
is naturally quite quantitative in nature and
mindset. However, quantitative methodologies
can give us measures but not tell us what to
measure or why it matters. Here we document
our efforts to conduct a qualitative study of
changing evaluation practices in NLG-adjacent
research communities. We share our experi-
ence designing a semi-structured interview pro-
cedure, the kinds of conversations that result,
how they differ from our expectations as NLP
researchers, and where we are going next in our
study, along with early insights from the initial
coding of interview transcripts.

1 Introduction

Natural language generation (NLG) evaluation has
received sustained and growing attention, result-
ing in the publication of metascientific papers sur-
veying existing practice (Howcroft et al., 2020;
Schmidtova et al., 2024, i.a.) and recommending
best practices (van der Lee et al., 2021; Gehrmann
et al., 2023, i.a.). Such work provides an impor-
tant overview of which practices are commonly
adopted, how well they are executed, and what
recommendations researchers can follow. How-
ever, beyond learning an overview of current prac-
tices, research also requires critical reflection on
the strengths and limitations of studies and systems.
Such reflection can reveal not only what works, but
also where and why current approaches may fail,
thereby helping researchers derive more informa-
tive conclusions from their results.

Error analysis is an example of such reflection
and is severely under-reported in Natural Language
Generation systems (van Miltenburg et al., 2021,
i.a.). Researchers strongly agree that error analyses
are useful and want to see more, but barriers remain
(van Miltenburg et al., 2023, i.a.). The authors liken
error analysis to “eating broccoli”: people know
it’s healthy, but not everyone enjoys the taste or

finishes the plate. They consequently propose mea-
sures to lower these barriers and encourage more
systematic and transparent error reporting in the
NLG literature. More broadly, learning from quan-
titative studies might help us measure the problems
or tasks we already know. However, quantitative
studies cannot tell us about problems that have not
yet been reported. They also tell us little about how
different researchers view the field, why they make
certain choices, what values and trade-offs shape
those choices, and how their experiences influence
the practices we see in published papers.

Addressing this gap requires a qualitative ap-
proach that speaks with researchers and practi-
tioners about their experiences and how they in-
terpret the changes the field has undergone. This
paper presents a metascientific perspective: shar-
ing our experience conducting a qualitative study
as researchers from primarily quantitative back-
grounds to make the process more accessible to
other quantitatively-minded researchers looking to
understand the why and how questions relevant to
their research. We also share initial insights from
our first phase of interviews and analysis.

2 Why qualitative methods?

The overall aim of our project is to investigate how
evaluation practices in NLG are currently under-
stood, applied, and interpreted by researchers. In
particular, we want to know how experienced NLP
researchers understand, justify, and critique evalua-
tion practices, and what lessons from these experi-
ences can inform guidance for future evaluation.

While prior surveys and meta-analyses docu-
ment what evaluation practices appear in the litera-
ture (Howcroft et al., 2020; Reiter, 2018; van der
Lee et al., 2021; Gehrmann et al., 2023; Reiter,
2025), they cannot explain why these practices per-
sist, how community norms around them formed,
or why well-documented limitations do not lead
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to changes in practice. Answering these questions
requires access to the reasoning, justifications, and
professional judgments of researchers who make
evaluation decisions, something the literature alone
cannot provide.

This is precisely the class of research question
for which qualitative methods are the established
instrument across scientific fields. In medicine,
Pope and Mays (1995) established the purpose of
qualitative methods on the grounds that they en-
able us to access areas not amenable to quantitative
research, such as lay and professional beliefs. Fur-
ther, qualitative description is a prerequisite for
good quantitative research, particularly in areas
with little prior investigation. They help uncover
institutional pressures and tacit norms (McDonald
et al., 2005; Bierbaum et al., 2020). The parallel to
NLG evaluation is direct: the community contin-
ued using BLEU even when it was known to be a
poor proxy for generation quality.

We adopt a sequential mixed-methods design. In
the first phase, semi-structured interviews with se-
nior NLP researchers provide the depth and flexibil-
ity needed to elicit reasoning in participants’ own
terms, enabling systematic comparison across par-
ticipants while remaining open to unexpected lines
of argument. The group of authors iteratively anal-
yse the data through rounds of discussion (Braun
and Clarke, 2006). The later sections document
the analysis process in detail. The planned sec-
ond phase is a community survey derived from
the interview-identified themes that extends these
findings to a broader and more diverse population,
including early-career researchers and participants
from a wider range of geographic and institutional
contexts. This converts the expert-identified pat-
terns into quantifiable community-level positions.

Recent work has begun to apply qualitative ap-
proaches to natural language processing (NLP) as
a field (Gururaja et al., 2023). Our study departs
from the anonymised design of prior work: partici-
pants were given the option to be named, and many
consented, enabling us to connect individual posi-
tions to specific intellectual trajectories and give
readers the contextual grounding to interpret each
account. This is, to our knowledge, the first qualita-
tive interview study of NLG evaluation practice to
combine expert testimony with named attribution.
We present it here as a methodological contribution
demonstrating how qualitative approaches can be
applied rigorously in NLP metascience.

3 Interview design

The study design reflects the study’s core method-
ological commitment to eliciting causal reasoning
rather than reporting behaviour. Semi-structured
interviews are an appropriate instrument for this
purpose. A structured interview or survey requires
pre-specifying the categories that matter, thereby
foreclosing unexpected reasoning or retrospective
narration. A fully unstructured approach would
sacrifice comparability across participants. The
semi-structured interview, with a blend of closed-
and open-ended questions, each accompanied by a
follow-up question, balances thematic consistency
across interviews with the flexibility to follow a
participant’s argument where it leads (Kallio et al.,
2016). Participants can articulate their reasoning in
their own terms, construct retrospective accounts
of how current norms emerged, and defend or com-
plicate positions under gentle probe, producing evi-
dence that no fixed-response instrument can gener-
ate (Adeoye-Olatunde and Olenik, 2021).

The interview team developed the interview
guide through discussion, with guidance from the
senior author, and tested it in a pilot interview. In-
terviews were organised around three thematic ar-
eas, moving deliberately from past to present to
future: (1) participants’ experiences with NLG eval-
uation practice in their early career, (2) perceived
strengths and limitations of current approaches and
(3) directions for future NLG evaluation. This tem-
poral arc was designed to drive causal reasoning,
prompting participants to connect historical pat-
terns to present conditions and project forward
from that diagnosis. We refined the interview
questions through three rounds of meetings and
online comments. The individual questions fol-
lowed a similar structure: for each key issue, we
asked participants about their views, the reasons
behind those views, whether and how past expe-
riences shaped them, and what recommendations
they would offer. The full interview protocol is
provided in the Appendix A.

This study was approved by the University of Ab-
erdeen Ethics Board (reference number 12852547).
All participants provided informed consent prior to
the interview, including explicit consent to record-
ing. Participants were given the explicit choice
of named or anonymous attribution at the outset.
Participants were also offered the opportunity to
review their transcript prior to analysis. Table 1
includes some relevant participant details.
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PhD Year Country Affiliation

2007 Netherlands Academia
2004 UK Academia
1990 UK Academia
2019 Netherlands Academia
1991 Netherlands Academia
2013 USA Industry
2018 USA Academia
2010 Germany Industry
2016 Germany Academia
2009 China Academia

Table 1: PhD year (used as a proxy for career stage),
current country of affiliation, and affiliation for our in-
terviewees

Recruitment was facilitated by the recent work-
shop (RetroEval, 2026) which brought together
researchers and practitioners with a shared inter-
est in NLG evaluation from academia and indus-
try, enabling 6 in-person interviews during the
event. We recorded the interviews on a university-
managed device and transcribed them using Mi-
crosoft Word’s transcribe service. We interviewed
an additional 4 participants online via Microsoft
Teams. The products were chosen from a limited
set of university-approved tools and worked well
for our needs. A member of the research team man-
ually verified transcriptions before sharing them
with interviewees for review.

4 Analysis and early insights

While this paper focuses on process rather than
analysis, our initial coding has already revealed
interesting insights, which we share here after a
brief discussion of our coding procedure.

Our approach to coding Coding was conducted
in NVivo. We planned to follow a primarily deduc-
tive approach to coding the transcripts, based on
the structure imposed by the questions asked in our
interviews. Each of the four author-annotators ini-
tially coded one transcript in common along with
the transcripts for their own interviewees. Because
most of us have not previously conducted this kind
of qualitative analysis, we met after this initial at-
tempt at coding to discuss what was (not) working
and how to proceed. The semi-structured inter-
views had some structure based on our questions,
but not every topic fit neatly into our initial codes,
as discussed further in Section 5.

One author coded the full dataset, while the
other three authors each coded one-third of the data,
with one overlapping interview included to support

cross-coder comparison. We initially considered
using inter-annotator agreement to assess coding
consistency. However, as the analysis progressed,
we found that participants’ diverse experiences of-
ten required interpretation beyond a fixed coding
scheme. We therefore adopted an iterative and col-
laborative thematic analysis approach. All coders
could introduce new codes when the existing code-
book did not capture relevant concepts, and we
updated the codebook iteratively. The coding team
then discussed disagreements, overlapping codes,
and newly introduced codes, and refined or merged
them through group discussion. In these discus-
sions, the team reviewed newly introduced top-
level codes with the interview excerpts assigned to
them. Where a broader category was derived, one
coder implemented the agreed grouping in NVivo.
We assigned separate subcodes to distinct opinions
retaining different perspectives, rather than treat-
ing them as contradictions. We grouped related
codes into broader categories based on conceptual
similarity and their relevance to the research ques-
tions. Unifying them coherently with respect to our
deductive codes, we arrived at a set of 188 codes,
with 17 top-level and 100 second-level labels1.

Early evaluation practices One thing that be-
came clear from our interviews is that homogeneity
as a field has both costs and benefits. They shared
that NLP in the ’90s did not typically involve what
we would recognise today as an evaluation, with
performance often not assessed or, when it was,
assessed on checklists of specific linguistic con-
structions (Reiter, 2026). This approach suited
researchers exploring a variety of NLG tasks, but
community convergence around referring expres-
sion generation (REG), formalised by (Dale and
Reiter, 1995), enabled the creation of the TUNA
shared task on REG (Gatt and Belz, 2009) and a
resulting shared standard of evaluation for a limited
set of tasks.

Contemporaneous with this convergence was
the emergence of BLEU (Papineni et al., 2002),
ROUGE (Lin, 2004), and other word-overlap met-
rics. These automated evaluation metrics were ap-
pealing because of their ease of use and seeming
comparability2, leading to their rapid adoption de-
spite early calls for caution (Belz and Reiter, 2006)
and ongoing criticism in response to their contin-
ued widespread use (Novikova et al., 2017).

1See Appendix B for an overview.
2though see (Post, 2018)
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Problematic current practices This persistence
of metrics which are not informative or have known
weaknesses was especially concerning to our partic-
ipants, with one saying “I’m not an anti-metric per-
son in principle, but I think there are good metrics
and there are not so good metrics. And there are
some metrics that we know are terrible in the sense
that they don’t really tell us anything, and peo-
ple are still reporting their results on those things.”
The persistent overemphasis on overlap-based met-
rics in NLG evaluation is extensively documented
(Schmidtova et al., 2024, i.a.), yet the reasons for
this persistence are less often examined directly.

Our participants’ reflections offer a practitioner
account of how this situation came about, with
one recurring theme being conformity and pres-
sure to keep reporting what others have reported.

“[P]eople are very afraid that if they don’t report
that they might be negatively reviewed” and “con-
formity pays off”, but there isn’t a commensurate
emphasis on “understanding what those metrics
mean” or “evaluation metrics that really do take
the users more into consideration”. Participants do
acknowledge that “there are certain real benefits
for the community in using [the] same corpora and
methods” but also that “there are certainly career
benefits to doing that”.

However, the persistence of individual metrics
also depends on the ecosystem of available metrics
and training. One participant commented that “[a]
lot of people just don’t know how to do qualitative
evaluations or impact evaluations” and highlighted
that a past proposed tutorial on impact evaluation
was rejected, perhaps because the topic was too
“niche”. However, our interviewees expressed a
desire for a greater diversity of evaluation methods
and metrics with an emphasis on the real-world
impact of our systems, with multiple participants
suggesting that researchers need to apply critical
thinking to design problem-specific evaluations for
their research questions, “why they’re evaluating
what they’re evaluating, what is [it] specifically
[they] hope to learn through their evaluation”.

5 Challenges in qualitative methods

Qualitative methods bring their own challenges,
some of which have already been mentioned.

For one, there is tension between the deduc-
tive frame of analysis that follows interview struc-
ture and the emergent content of those interviews.
Qualitative interviews are not rigid questionnaires:

they are guided conversations in which researchers
pursue planned topics while remaining responsive
to meanings, emphases, and connections intro-
duced by participants (Kvale and Brinkmann, 2015;
Mitchell et al., 2012). We designed the interview
structure chronologically to elicit causal reasoning
from our participants. In practice, participants did
not follow this arc cleanly, with causal accounts
appearing throughout.

This also required a shift in how we treated la-
bels during analysis, motivating us to introduce
cross-temporal codes (e.g., factors influencing eval-
uation practice) rather than limiting ourselves to
period-specific observations. In a quantitative an-
notation study, changing labels or introducing new
categories after seeing the data is usually problem-
atic, because labels function as fixed measurement
categories. However, freezing the coding scheme
during analysis in our present study would exclude
many valuable insights from our participants — ex-
actly the insights we aim to capture with a qualita-
tive approach! This kind of movement between de-
ductive and inductive analysis is well established in
qualitative research: some approaches begin with
theory- or question-driven categories, others derive
categories more directly from the data, and hy-
brid approaches combine both (Hsieh and Shannon,
2005; Braun and Clarke, 2006). For our purposes,
the shift from a strictly deductive approach to a
more inductive approach for analysis reflects our
research goals.

Another issue with interview methods, contrary
to our training as quantitative researchers who use
machine learning methods, is the small sample size.
Interviews and thematic analysis are researcher-
time-intensive methods, which limit the number of
interviews we can reasonably incorporate (Guest
et al., 2006; Malterud et al., 2016). However, with
just ten participants, it is not clear whether a theme
appearing in three transcripts reflects the commu-
nity as a whole or these individuals. This is why
we plan to use a mixed-methods approach, build-
ing on these interviews to design a survey for the
wider NLG community. The interviews provide in-
sights into the kinds of questions we should ask and
candidate answers for multiple-selection questions
grounded in more than our personal knowledge,
giving us a stronger foundation for a survey that
can provide further insights at a scale that allows
us to draw conclusions about the community as a
whole.
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6 Discussion and conclusion

Our preliminary analyses already suggest that the
overemphasis on automatic metrics is best under-
stood not as a knowledge gap but as a coordination
failure: a feedback loop in which the dominance
of simple metrics became increasingly difficult to
break, not because researchers believed in them,
but because the individual cost of deviation – a neg-
ative review, an incomparable result, an unfamiliar
method – is structurally higher than the collective
cost of continuing. Further, a lack of training in
qualitative and impact-based methods means that
even researchers who wish to go beyond standard
approaches may lack the methodological ground-
ing to do so credibly.

These preliminary findings could not be found
through bibliometric methods or other more quan-
titative approaches to metascientific inquiry; rather,
they are a unique product of the qualitative ap-
proach to understanding the problem. In this work-
in-progress report, we share our experience design-
ing this qualitative study, some of the challenges
encountered along the way that may be especially
disconcerting to the quantitative researcher, and
argue for the importance of this kind of work.

We hope this report encourages others to ap-
ply qualitative methods—not only for metascience
but also to understand what to build for whom
and why, and what kinds of evaluations actually
matter. Our methods would transfer well to inter-
views of other experts (e.g., medical professionals,
lawyers) whose needs and desires or motivations
need to be understood for your research questions
or to identify an appropriate problem to work on.
We encourage you to plan carefully but also to be
ready to adapt to the opportunities provided by your
participants—this effort to adapt while trying to an-
swer how and why questions will help you ensure
that, when you return to quantifiable measures, you
are measuring what matters.

For us, the plan is to iterate on our analysis of
these interviews, including more inductive codes
to reflect not just the content that fit our interview
structure but the themes that were important to our
participants. Building on these interviews and the
final analyses, we will launch a survey to gather
broader perspectives on evaluation practices from
a wider group of researchers and practitioners in
NLG, with the ultimate goal of providing recom-
mendations for both individual and community ac-
tion to improve the state of evaluation in our field.

Limitations

The main limitations of this work at present are
discussed in Section 5. For most of the author-
annotators involved in this work, this is our first
interview study using thematic analysis with in-
ductive coding, so we are still learning. We hope
that being open about these limitations and sharing
our work in progress will make qualitative studies
less intimidating for others coming from a more
quantitative background.

Ethical considerations

University of Aberdeen Ethics Application Num-
ber 12852547. All researchers involved completed
the research ethics and governance and research
integrity certification. Participants were informed
that their participation is entirely voluntary and
that they may withdraw from the study at any time
without providing a reason. For interview partici-
pants who wished to remain anonymous, this was
maintained in the analysis and reporting of results.
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A Interview questions

Interview Protocol

Fixed interview questions are limited to facilitate short (10-20 minute) interviews during the
RetroEval symposium. Online interviews may be longer because they have fewer time constraints,
but we will aim to keep them under 30 minutes so they do not differ too substantially in character
from the in-person interviews.
Methodology: In-person interviews will be recorded using the Transcribe feature in Microsoft
Word online and stored in University storage. Online interviews will be conducted using Microsoft
Teams with automatic transcriptions and stored in University storage.
Transcripts will be sent to participants before analysis as a courtesy, to allow correction or elabora-
tion, and recordings will be deleted once transcripts are finalised.
Depending on participant consent, transcripts may be published with attribution or pseudonymously.
The following describes the Topics to be discussed in the interviews, the goal of this portion of the
interview, and the questions to be used as the basis for the interview.

A.1 Interview Duration
• In-person: 10–20 minutes

• Online: Up to 30 minutes

A.2 Interviewer Preparation
Before beginning:

• Confirm participant has received the Participant Information Sheet.

• Confirm consent has been obtained according to study procedures, e.g. the online form
https://forms.office.com/e/HV3NagADQR

• Ensure recording/transcription software is active.

• Note participant identifier and interview date.

A.3 Opening Script (2 minutes)
Thank you for agreeing to participate in this study.
As outlined in the participant information sheet, this research aims to understand what lessons
researchers and practitioners draw from the evolution of Natural Language Processing evaluation
practices and how these lessons shape their expectations and recommendations for the field’s future.
This interview will take approximately 10 to 20 minutes. With your permission, I will record and
transcribe the interview. The transcript will be shared with you before analysis so that you can
make corrections or add clarifications if you wish. Once the transcript is finalised, we will delete
the recording.
There are no right or wrong answers. We are interested in your experiences, reflections, and
perspectives. The questions are framed around 3 topics

• What Early Evaluation Practice Can Teach Us.

• What Current Practice Gets Right and Wrong.

• What research directions and evaluation practices would be relevant in the future NLP land-
scape

Before we begin, do you have any questions about the study or the interview process?
Do I have your permission to begin recording and start the interview?
[Start Recording]

81



A.4 Interview Questions
1. To start, how would you describe your field of study?

2. We start with the topic of What Early Evaluation Practice Can Teach Us. The goal is to use
your early-career experiences to identify what shaped the field and whether those assumptions
should be carried forward or left behind.

• What would you describe as your early career years in NLP, and what evaluations did
you do then?

• What evaluations were common at the conferences you attended or in the venues where
you published?

• Were any of those particularly noteworthy or exceptional?

3. Moving on to what Current Practice Gets Right and Wrong, we aim to understand the current
evaluation landscape as a basis for practical guidance.

• What best practices do you currently follow in conducting evaluation?
• Do researchers generally do this?
• What practices does the community over- and underemphasise? Is there an evaluation

practice or quality attribute that is over- and underemphasised?
• When people do not use best practices, why do you think that is?
• In your field, what are the expected practices? Does this influence the quality attribute?
• Are ethical attributes considered as a quality criterion?
• Is the research ethical? Are IRBs consulted? What measures are taken in involving

human participants?

4. Moving to the last part of the study, we want to understand what research directions and
evaluation practices would be relevant in the future NLP landscape.

• If you were advising a PhD student starting an NLP project today, what would you tell
them to do differently in evaluation than what the field’s current norms would lead them
to do?

• What do you think evaluation practice should look like in ten years? What would future
researchers need to do now to move it in that direction?

A.5 Closing Script
Thank you very much for your time and insights.
As mentioned earlier, we will send you a copy of the transcript before analysis. You will have the
opportunity to correct errors, clarify points, or add any further comments if you wish.
If you have any questions after the interview, please feel free to contact the research team.
Thank you again for participating.
[Stop recording.]
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B Codebook Overview

Top-level code Representative subcodes

Study field NLG; linguistics; fairness and bias evaluation; hallucinations; healthcare applications.
Past Reliance on automatic evaluation over human evaluation; task-specific evaluation; main-

taining human oversight when using LLM evaluators.
Current practices Hypothesis-driven evaluation; over-emphasis on automatic metrics and SOTA benchmarks;

under-emphasis on data leakage, disaggregated evaluation, and real-world evaluation;
reliability of LLM evaluators.

Future directions Critical thinking about evaluation; real-world problems and applications; meta-evaluation;
diversity of evaluation methods; consistent terminology; qualitative and impact evaluation;
integrating evaluation earlier in system development.

Factors influencing evalua-
tion choices

Peer-review pressure; citation incentives; publication pressure; pursuit of SOTA perfor-
mance; resource constraints; preference for low-risk publishable research; evaluation as
secondary to system development; selective reporting.

Ethical considerations Diverse perspectives; growing attention to ethics; IRB considerations; burdensome ethics
processes; limited influence of ethical concerns within organisations; limited integration
of ethical criteria in computer science evaluation.

Table 2: Overview of the high-level codebook. Representative subcodes are illustrative, not exhaustive.
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