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Abstract

What should HCI scholars consider when reporting and review-
ing papers that involve LLM-integrated systems? We interview 18
authors of LLM-integrated system papers on their authoring and re-
viewing experiences. We find that norms of trust-building between
authors and reviewers appear to be eroded by the uncertainty of
LLM behavior and hyperbolic rhetoric surrounding Al. Authors
perceive that reviewers apply uniquely skeptical and inconsistent
standards towards papers that report LLM-integrated systems, and
mitigate mistrust by adding technical evaluations, justifying usage,
and de-emphasizing LLM presence. Authors’ views challenge blan-
ket directives to report all prompts and use open models, arguing
that prompt reporting is context-dependent and that proprietary
model usage can be justified despite ethical concerns. Finally, some
tensions in peer review appear to stem from clashes between the
norms and values of HCI and ML/NLP communities, particularly
around what constitutes a contribution and an appropriate level
of technical rigor. Based on our findings and additional feedback
from six expert HCI researchers, we present a set of considerations
for authors, reviewers, and HCI communities around reporting and
reviewing papers that involve LLM-integrated systems.
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1 Introduction

“We will add all prompts to an Appendix.” —an HCI
system paper author, arguing in a rebuttal for their
paper’s acceptance

Across HCI and computing conferences at large, we are seeing
an influx of papers that involve large language models (LLMs)
[29, 31]. This trend has taken on a reflexive character—papers,
such as this one, typically begin with some variant on “with the
rise of LLMs,” and include modifiers like “LLM-powered” in their
titles and abstracts. In HCI research, software systems submitted
to conferences increasingly integrate LLMs, whether as one-off
support for parts of the interface, or as central features. We call
these “LLM-integrated systems.”

Amid this rise, we, as a community, have not had time to intro-
spect and clarify our standards and methodological commitments
when reporting and reviewing LLM-integrated systems. On the
one hand, authors can be uncertain how best to report these sys-
tems, and may either underfit their reporting to fit within word
limits (omit critical details like prompts, models, architecture, or
engineering methodologies), or overfit, burying contributions in
unnecessary complexity (include dozens of prompts in expansive
appendices). On the other hand, reviewers of HCI papers, in the
absence of guidelines around reporting, might feel emboldened to
make unsubstantiated claims around LLMs or hold authors to incon-
sistent standards.! As we will show, acceptance decisions can also
hinge upon accusations of whether the system goes beyond putting
a “wrapper” around LLMs—a determination that is not well-defined.
Thus, we need to better understand the situation of authors and
reviewers to set realistic, balanced expectations, as more systems
will continue to incorporate LLMs and grow in complexity with
agents and tool use.

In this work, we report an interview study of 18 HCI scholars’
experiences and challenges when building, reporting, and review-
ing LLM-integrated systems, and position these experiences in the
broader context of past and current changes in HCI research. Our
initial goal was to provide a set of considerations for the community
on reporting these systems, in a manner that balances the practi-
cal realities of authors’ time, cost, and page limitations, scientific
concerns such as reproducibility and transparency, and the unique
norms and expectations of HCI research.

Overall, we find evidence that the inherent uncertainty of LLMs
has eroded traditional trust-building norms between authors and

!For instance, one co-author encountered a reviewer who argued for a paper to be
rejected because it used an OpenAI model.
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reviewers, resulting in reviewers at large demanding more details
to validate claims, such as increasingly expecting technical evalu-
ations outside of user studies. Authors perceive reviewers at HCI
venues such as CHI and UIST exhibit wide variability in demands
for this paper type, above and beyond the baseline fluctuations of
peer review. We also describe how authors approach designing and
reporting LLM-integrated systems in HCI research, from how LLMs
seem to shift HCI towards more technology-centric design [46], to
how authors balance the pressure to report more details under page
and word limits by shifting details into appendices and code reposi-
tories. Finally, many tensions appear to derive from a broader clash
of values between HCI and more technical computing fields such
as ML and NLP, especially on what constitutes a valid contribution
and an appropriate level of technical rigor.

From our study findings, we synthesized a set of considerations
and suggestions for authors, reviewers, and the HCI community
around papers that report LLM-integrated systems (Section 5). We
iterated on these considerations through additional feedback from
six (6) HCI researchers with 15+ years experience each. To begin,
we outline relevant meta-research and historical context, followed
by a description of our interview methodology, before proceeding
to the findings, recommendations, and discussion.

Positionality. We are one Full Professor (Syriani, approximately
20 years of experience), one Assistant Professor (Arawjo, about 10
years of experience), and one graduate student (Navarro, formerly
a full-time academic with about 15 years of experience) with a com-
bined experience of nearly five decades in publishing at HCI and
software engineering venues. The two professors have been devel-
oping and publishing LLM-integrated systems since 2023. We have
seen issues emerge around these paper types during the peer review
process for papers and grants, whether as authors, reviewers, meta-
reviewers, and in program committee (PC) meetings. In particular,
Arawjo served as a PC member for UIST ’24, °25, and CHI ’26; as a
meta-reviewer, 2AC, or external reviewer, they have participated in
reviewing over 50 LLM-integrated system papers. They also wrote
a widely-circulated blog post about these experiences [4], which
informed the new desk rejection guidelines of UIST ’25. Addition-
ally, we have conducted work in the prompt engineering and LLM
evaluation space [5, 8, 36, 40, 43, 44, 47], with Arawjo teaching
courses on building LLM-integrated systems. These experiences
informed our motivation, questioning, and considerations. Finally,
to guard against bias, we iterated on our considerations section
with the feedback of six expert HCI researchers, each with more
than 15 years of experience, which we elaborate on in §5.

2 Context and Related Work

This paper focuses on LLM-integrated systems reported in HCI
papers, defined here as systems that query an LLM at any stage
of program execution. This paper type corresponds to Pang et al’s
“LLMs as system engines” [31]. Other categories of work—such as
“LLMs as objects of study” which examine training datasets or biases
inherent to LLMs—fall outside our scope.

Our work relates to emerging meta-research around the impact
of Al on academic publishing processes and research more broadly.
Across HCI, conferences are experiencing an influx in submissions:
UIST 2025 experienced a 56% increase in 2025, on top of 26% the
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previous year, while CHI has experienced a 58% increase since 2023
[41]. The Technical and Paper Chairs of CHI 2026 remarked that the
influx of papers has caused a “diluted review process” and “collapse
in reviewer recruitment” that motivates a new assisted desk reject
policy [41]. CSCW has also faced “sharply increased” submissions,
with organizers warning that without changes, “our peer review
process will not be sustainable” [3].

Our accounting of LLM-integrated system papers at CHI and
UIST from 2021 onwards (Figure 1) indicates that the number of
papers increases each year, and roughly doubled from CHI 2024 to
CHI 2025.2 The doubling is not fully accounted for by the 17.8%
proportional increase in accepted papers alone. At UIST 2025, a
little over one in three papers report LLM-integrated systems. The
general number of papers that reference LLMs is also increasing:
at CHI 2025, Pang et al. [31] presented a literature review of all
papers that mention LLMs at CHI up to 2024, providing a topical
overview. They find five roles that LLMs play in research—as system
engines, as research tools, as participants and users, as objects of
study, and as perceived by users. They point out that LLMs are
most prominently used for writing, and raise concerns over the
over-reliance on proprietary models like OpenAlI and the absence
of reporting prompts in some papers, but cannot explain why these
choices are made.

There are also indications that paper submissions with LLM-
integrated systems have especially caused problems for peer review.
For instance, in an opinion piece to the VIS BELIV workshop titled
“We Don’t Know How to Assess LLM Contributions in VIS/HCI,”
Crisan reports personal experiences across four conference program
committees on common reviewer critiques of LLM-based papers,
such as asking to evaluate against multiple LLMs, pre-print culture
disrupting peer review, and general fatigue with LLMs, and suggests
solutions such as asking authors to justify usage, evaluate prompt
sensitivity, and desk reject more papers [13]. In 2024, Arawjo also
made a blog post titled “LLM Wrapper Papers Are Hurting HCI
Research” [4], which circulated in the community and has been cited
in other work, including Crisan. This post hypothesizes that papers
from ML and NLP conferences that can be summarized as “LLMs
applied to X problem” are flooding HCI conferences, many of which
engage little with past HCI research. Both UIST 2025 and CHI 2026
guidelines added new desk-reject policies which reflect this point.
These two pieces suggest that the topic is deserving of attention, yet
remain opinion pieces, with limited evidence presented to provide
nuance to the situation and ground claims.

HCI research, especially in systems, has had a long history of
debates around peer review. At UIST 2007 and CHI 2008, Olsen
and Greenberg & Buxton, respectively, raised concerns that usabil-
ity studies, especially controlled ones, were becoming expected
methodologies by reviewers to the detriment of other HCI ap-
proaches and contributions [16, 30]. In 2009, Landay felt the sit-
uation for systems research had “gotten worse,” with reviewers
“asking you to do 2-4 years more work” by re-implementing pro-
prietary systems just to conduct a controlled study, and asking for

2We produced this chart through search of the ACM Digital Library with keywords
“LLM” or “language model” appearing together with “system” or “interface” anywhere
in the paper, and checking the paper PDF that 1) authors describe a system they built
and 2) the system queries a large language model at some point in its execution. We
manually visited each page and scraped paper metadata with a custom Chrome plugin.
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Figure 1: The number of papers with LLM-integrated systems published at CHI and UIST since 2021, both as absolute counts

and the percentage share of all accepted papers.

large numbers of study participants to justify scientific value [24].
Recently, Soden et al. raised similar alarm bells in qualitative HCI
research, reporting that “increasingly all qualitative research... is
being evaluated from the perspective of positivism” [37]. Examples
include reviewers narrowly focused on quantification, generaliz-
ability, and reproducibility, such as calling for demographics, code
counts, inter-reliability scores, and more participants, regardless of
research goals. Crabtree argues that this “problem of methodolog-
ically incongruent (positivistic) reviews of qualitative research...
deprive HCI of crucial insights into the relationship between tech-
nology and society,” pointing out that positivism is incompatible
with interpretivism [12, p. 2].3 These concerns are relevant for
systems research, which often includes qualitative methods and
design contributions. Taken together, they suggest that reviewers
continue to expect and apply positivist notions of science to HCI
research. More broadly, these problems may reflect how HCI as a
field has historically felt its precarious position in computing; for
instance, Jonathan Grudin remarked: “CHI is very insecure, and
feels that if we accept rough but interesting and important work,
we will be seen as not rigorous and lose the respect of Computer
Science colleagues” [24]. In brief, longstanding clashes of value and
methodology for scientific rigor —between interpretive research in
HCI and traditional, positivist concepts of scientific rigor in more
technical computing fields—provide important context for situating
our findings, and we shall return to them in Discussion.

Finally, our work contributes to broader history of frameworks
for reporting Al systems. In the past, reporting challenges in adja-
cent fields to HCI, such as machine learning, have led to frameworks
and attempts at standardization. For instance, ML frameworks like
model cards [28], datasheets for datasets [15], and HELM [25] focus
on model-centric details, such as provenance, evaluation data, and
authorial intent. A recent pre-print in software engineering focuses

3A full account of the differences is provided by Crabtree [12], but we provide a brief
overview. Positivism “seeks to explain human conduct in causal terms,” emphasizing
reproducibility, controlled experiments, quantification, and generalizability, and is
what many people might traditionally call "science" [12]. Interpretivism, by contrast,
emphasizes collecting rich qualitative data and the role of society and culture on
how humans construct meaning and interpret experiences. In HCI, design methods
arguably form a third perspective—see, e.g., research through design [50].

on rigor in technical evaluation such as requiring comparison to
open models [6]. However, how suitable these requirements are for
an HCI context remains unclear.

3 Methodology

To better understand authors’ and reviewers’ experiences when
preparing and publishing papers that report LLM-integrated sys-
tems in HCI, we conducted an interview study with authors of such
papers. We focused on this population because, under quid pro quo
reviewing expectations at venues such as CHI, these authors are
also likely to have served as reviewers.

3.1 Data collection

We initially recruited 17 participants, supplemented with an email
response from one professor (P18) who could not attend the official
interview but granted us permission to include their input. While
preparing our findings, we also recruited one additional partici-
pant (P19), a senior industry researcher and long-standing member
of the HCI systems community, to provide a broader historical
context on peer review and further validate our findings.* Recruit-
ment strategies included cold emails to first authors of relevant
CHI and UIST papers, social networks, Slack message boards, and
word-of-mouth. In total, we invited 64 people. Interviews lasted ap-
proximately one hour and were conducted over video conferencing.
Two coauthors served as interviewers—one graduate student and
one professor—each conducting roughly half of the sessions. As an
incentive, participants were offered entry into a lottery for $40 CAD,
with a win rate of about 30%. In addition, we obtained five reviews
and two rebuttals from a survey.® Participants were hesitant to
share these materials, often seeking co-author or advisor approval

This session was unique. We first ran the standard interview, whereupon P19 in-
dependently reflected several themes, including the evolving perceptions of LLMs,
the increased uncertainty in reviewing expectations for these papers, the clash of
communities, and using “wrapper” as a metric for rejection. After this interview, we
directly relayed some of our early findings to P19 to get their feedback and perceptions.
SACM’s official policy allows the sharing of anonymized reviews that authors received
for their papers [2]. Through email with the ACM Director of Publications, we ob-
tained additional clarification that sharing rebuttals was permissible. We stressed that
participants should not share reviews they had written as reviewers for other papers.



CHI *26, April 13-17, 2026, Barcelona, Spain

first. More frequently, they discussed the content informally during
interviews, where reviews and rebuttals served as prompts to aid re-
call. To further triangulate insights, we included four sets of reviews
from our own past submissions of LLM-integrated system papers
to HCI venues (all unrelated to this project). Our study received
ethics board approval.

3.2 Participant demographics and experience

Our sample included six participants in professorial or postdoctoral
positions, one industry researcher, and the remainder primarily PhD
students in the latter stages of their PhD (1 industry researcher, 4
professors, 2 postdocs, 8 PhD students, 2 master’s students, and
1 undergraduate; 4 female, 14 male). Participants reported being
active in the field for a median of 6 years (range 2-25, average
7.2). They served as lead or advising author on a median of 3.5
LLM-integrated system papers, and in a secondary role on 1.5 more.
For papers of this type, they reported a median of 3 accepted, 1.5
rejected, and 2 in-progress or in-submission articles. As reviewers,
participants had evaluated a median of 10 LLM-integrated system
papers in HCI venues, with five more senior researchers estimating
upwards of 30-40 each. Participants had published across a range
of venues: CHI (13 participants mentioned), UIST (11), IUI (5), with
additional mentions of DIS, CSCW, and ASSETS. Five participants
also had publishing experience outside HCI, in venues such as
EMNLP, NeurIPS, VLDB, SIGMOD, and ICSE, enabling comparative
reflections across research communities. To protect our partici-
pants’ identities within the HCI subset working on LLM-integrated
systems, we do not provide a demographic table.

3.3 Research objectives and interview protocol

Our goal was to understand participants’ experiences in conduct-
ing, publishing, and reviewing LLM-integrated systems. The semi-
structured interview protocol was organized into three parts: 1)
participants’ experiences as authors building systems, reporting
them in papers, and navigating the review process; 2) their expe-
riences as reviewers of others’ LLM-integrated papers and their
broader perceptions of how such work is received within HCI; and
3) their guidelines, advice, or standards for future reporting.

Throughout, we emphasized what participants found unique
about working with LLM-integrated systems compared to sys-
tems without LLM components. When relevant, participants were
prompted to view their authored papers and received reviews to
aid recall. Following grounded theory and semi-structured inter-
viewing methods [10], we refined the protocol iteratively, adding
questions on topics such as open model usage, reviewer expecta-
tions for non-LLM papers, the role of reproducibility, and whether
AI/LLM terms should appear in titles or abstracts.

To mitigate bias, we refrained from introducing terminology un-
less the participant used it themselves, such as the terms “wrapper”
and “uncertainty.” We phrase questions to allow disagreement; e.g.,
“Did you encounter any particular or unique challenges when de-
signing LLM-integrated systems compared to non-LLM systems?”

3.4 Data analysis

We conducted inductive thematic analysis. Two coauthors indepen-
dently performed line-by-line open coding of interview transcripts

Navarro, Syriani, and Arawjo

in a shared spreadsheet, generating 1,458 initial codes. Consistent
with grounded theory [10], our initial codes erred on the side of
specificity and summary, with the intention of clustering codes
later through focused and axial coding. We manually clustered all
codes in an affinity diagram in canvas software to identify emergent
themes and connections across themes. All coauthors collabora-
tively reviewed the themes to refine gaps, strengthen coherence,
and clarify theme naming. Although the review and rebuttal sets we
collected were limited, they were used as primary source exemplars
to illustrate themes identified from the interviews. In preparing
findings, we gave particular attention to the perspectives of re-
searchers with 10+ years in the field, who have extensive reviewing
experience and influence junior researchers.

3.5 Limitations

Our recruitment may be subject to selection bias, as authors with
strong opinions—particularly negative reviewing experiences—may
have been more motivated to participate. Also, we may have at-
tracted participants who are more interested in discussing with us,
familiar with our work, and active online. Recruitment also skewed
toward younger researchers: despite direct outreach, professors
were often unavailable or redirected us to their students. While
we recruited P19 to help validate our findings and hedge against
this limitation, perspectives from other more senior scholars may
still be underrepresented. Our sample also centered primarily on
academia, with only one current industry researcher.

Another limitation lies in our reliance on participant recall. While
reviews and rebuttals provided some primary material, sharing such
documents conflicts with longstanding norms of closed review in
HCI, making them difficult to obtain. To empathize with authors’
perspectives, we also focused primarily on reviewers who had
authored LLM-integrated system papers; perspectives of reviewers
who have not authored such work may differ.

We therefore position our study as an initial step toward surfac-
ing hidden tensions within the community, rather than a definitive
account. We hope our findings, analysis, and considerations stimu-
late broader community discussion.

4 Findings

Our analysis revealed that many challenges faced by participants—
whether as authors or reviewers—centered around the problem of
establishing trust in the face of LLM uncertainty. Specifically:

(1) For authors, trust meant gaining confidence that their sys-
tems would perform reliably for target users, despite uncer-
tainty in LLM outputs.

(2) For reviewers, trust meant gaining confidence that authors’
claims were credible and that systems would perform as
described, despite uncertainty in both LLM behavior and the
reliability of authors’ reporting.

While these are not new problems in HCI systems research,
participants emphasized that they are uniquely amplified by the
intrinsic uncertainty of LLMs as stochastic, black-boxed models, as
well as by the hyperbolic public discourse around Al Before the
recent wave of LLMs, most system components were predictable,
with bounded inputs and outputs. The main source of uncertainty
stemmed from variance in user behavior, which authors typically
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addressed through user studies and experiment design. As a re-
sult, system papers often relied on screenshots, examples, and de-
scriptive accounts of technical components, without the need for
extensive technical evaluations prior to user studies.

With LLM components, uncertainty arises from the models them-
selves. Participants noted that this uncertainty, combined with
heightened skepticism due to Al hype and placebo effects [22, 23],
makes a positive user study insufficient on its own to establish cred-
ibility. Reviewers, in particular, were described as seeking stronger
methodological justifications and more extensive reporting than
they would expect for non-LLM system papers. In response, au-
thors reported adopting additional strategies such as conducting
technical evaluations, explicitly justifying the inclusion of LLMs,
and appending extensive technical details.

Table 1 summarizes the main sources of uncertainty raised by
participants in authorship and reviewing roles, along with strate-
gies used to mitigate them. Some of these are not unique to LLMs,
but are amplified by the uncertainty of LLM outputs and capabilities.
We emphasize that these strategies are not necessarily standards
that authors/reviewers should be held to, but rather interviewees’
current learned strategies to re-build trust in the face of uncertainty.
In the following subsections, we unpack how these strategies man-
ifest across the stages of building, reporting, and reviewing LLM-
integrated systems, and how they collectively serve to re-establish
trust in the face of LLM uncertainty.®

4.1 Authors designing LLM-integrated systems

“The target is moving, and like your bow is completely
f**"ed, and you also only have 5 arrows.” -P16

4.1.1 Technology in search of a problem: LLM capabilities
can bias problem selection and design. Participants described
starting projects by probing LLM capabilities with ad hoc prompt-
ing, then pursuing problems where the model seemed competent
and discarding others. P10 contrasted this with their lab’s pre-LLM
workflow, which began with user needs, low-fidelity prototyping,
and early feedback. Now their students often start with a broad
idea, try it in ChatGPT or Claude, and then pick the domain and
task where the model looks strongest (“we’re literally just trying
different things and doing an eyeball test,” P10).

This “technology-driven” development process resembles Yang
et al’s revised UX design framework of a “technology-driven de-
sign innovation process,” in which designers first “characterize tech
capabilities” prior to “understanding user activities” [46, p. 3]. This
shift was not due to ignorance of user-centered design, but a strat-
egy to avoid investing in infeasible directions. Still, participants
worried that letting proprietary LLMs steer feasibility testing risks
biasing HCI systems research toward problems that models can
already solve, rather than those most grounded in user needs or
novel interaction paradigms.

4.1.2 Open-source vs. Proprietary: Model selection medi-
ated by cost, latency, and performance trade-offs. Participants

Because interviewees could draw on both authorship and reviewing experiences, we
refer to “authors” and “reviewers” directly for brevity, rather than specifying “in their
role as an author or reviewer.”
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acknowledged ethical and reproducibility concerns with closed-
source APIs [31], which companies can deprecate without warn-
ing [26]. Yet, most preferred proprietary models. As justification,
they cited easier prototyping, access to the latest capabilities (e.g.,
multimodality), reduced development time due to better perfor-
mance, and closer alignment with baselines familiar to users and
reviewers (e.g., if comparing a system to OpenAI’s ChatGPT, choos-
ing a open model like Qwen could introduce a confounding variable
to experiment design). Grants or free credits also lowered costs.

Open-source options were attempted but often abandoned due
to poor performance, higher resource demands, and especially
latency—critical in interaction studies where delays shape user per-
ceptions and study outcomes. P8 described switching from an open
model after spending excessive time decomposing tasks, prompt-
engineering, and adding guardrails. While some worried about re-
producibility, many felt this mattered less in HCI than in ML/NLP,
since HCI emphasizes prototyping and proof-of-concept over strict
benchmarking. At the same time, several participants chose open
models because they were designing systems in contexts where
user privacy is central. However, open models were not universally
perceived as ethical; for instance, one participant felt that propri-
etary models are safer when handling unexpected inputs. Model
choices were framed as problem- and domain-specific decisions
rather than universal imperatives.

4.1.3 Uncertainty of LLMs distinguishes them from tradi-
tional code-based systems. When asked what distinguishes LLM-
integrated systems from traditional code-based systems, many par-
ticipants highlighted the non-determinism of LLMs as the unique
factor. Five explicitly used the term “uncertainty” to describe this
difference (P1, P2, P13, P15, P16). This uncertainty seemed to erode
their confidence in system effectiveness and compounded the chal-
lenge of anticipating user behavior: because LLMs can accept vir-
tually any input, participants noted difficulty in predicting how
users would interact with their systems and how the models might
respond in practice.

4.1.4 Authors’ strategies to build confidence in their systems
in the face of LLM uncertainty. The process of LLM component
engineering appeared necessarily iterative, largely unsystematic,
and stable across participants. Typically, authors began by experi-
menting with multiple models and prompting strategies in an ad
hoc manner to test feasibility. Once a model and initial strategy
were chosen, they refined prompts through four common practices:
(1) eyeballing outputs and enumerating failure modes individually
or in teams; (2) constructing small, custom datasets over representa-
tive inputs to probe variability and iterate with greater confidence;
(3) sharing outputs with team members, stakeholders, or domain
experts for additional feedback before formal user studies; and
(4) conducting scaled-down pilot deployments. P12, for instance,
created a shared Google Docs for prompt versions and example
outputs, shared with stakeholders to provide feedback. Some au-
thors were reluctant to report these processes in papers (and even
discuss them with us), expressing concern that the lack of system-
atic rigor, especially around prompt engineering, might undermine
their credibility. In some cases, technical evaluations were retroac-
tively added after user studies concluded, often to address reviewer
requests. Participants could also omit known failure modes of their
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Uncertainty about...

Strategies to build trust

Role: Builder
Whether LLMs can accomplish the task
What model to choose

How to prompt effectively

How to evaluate performance

Context to include and how

Robustness of LLM component behavior

Real-world use (e.g., open user prompts)

Rapid ad hoc testing of prompts and models, trying varied prompting strategies or pipelines early on.

Compare models in initial trials, considering latency, cost, resource access, UX goals, reproducibility,
and ethics.

Experiment with multiple prompting strategies rather than fixating on one.

Iteratively develop evaluation rubrics; ask team members or domain stakeholders to annotate outputs.
Test different amounts and types of context to compare performance.

Create datasets of diverse inputs representative of the task domain and evaluate LLM outputs.

Conduct human validation studies with domain experts or target users before launching user studies.

Role: Author

How much details to report around the LLM
component

Reviewer expectations around types of evalua-
tion required

Reviewers’ idiosyncratic positions regarding the
use of LLMs

Report only details critical for understanding/evaluating contributions; use appendices, supplementary
materials, or code releases to extend transparency.

Add technical evaluations or pre-study validations to satisfy technical reviewers; provide extensive
details and justifications to address skeptical reviewers.

Explicitly discuss ethical risks and societal ramifications, especially in sensitive domains; choose topics
and framings carefully; encourage venues to set clearer guidelines for LLM paper evaluation.

Role: Reviewer

Author’slevel of rigor in engineering the system
Why authors chose to use LLMs

Failure modes of LLM components

How the LLM components integrate inside the
system

Representativeness of authors’ examples of sys-
tem behavior

Robustness and generalization of system
What parts of technical architecture contributed
to positive performance

Whether participants’ positive responses in a
usability study can be trusted

Whether technical approach will remain rele-
vant after future Al advancements

Authors can informally report their prompt/LLM component engineering process, noting alternative
models or strategies tested to contextualize design decisions.

Authors can justify LLM use in relation to design goals, and de-emphasize LLM/AI in the ti-
tle/abstract/intro if it is not the primary contribution.

Authors can explicitly describe LLM limitations and include illustrative examples of system errors.

Provide an end-to-end system workflow diagram with truncated input/output examples; report prompts
central to claimed contributions.

Authors can include examples derived from user studies and/or small-scale technical evaluations across
representative inputs.

Authors can include technical evaluations across representative datasets.

Authors can run ablation studies to identify which components contribute to performance, if claiming
a technical contribution.

Authors can compare against Al-powered baselines to address potential Al placebo effects[23]; include
technical or field evaluations beyond usability studies.

Authors can frame contributions around interaction design or insights into user behavior.

Table 1: Sources of uncertainty for authors and reviewers, and strategies to resolve/mitigate them that were mentioned by

participants in both author and reviewer roles.

system and methodological details: P3, for instance, recalled how a
small change to a prompt disrupted an in-the-wild workshop, but
noted this detail was not reported in their paper.

4.1.5 Stop when it is “good enough” for a user study. Seven
participants reported stopping system iteration once they deemed
the system “good enough” to run a user study. They justified this
choice by referencing established HCI research values, which priori-
tize enabling empirical investigation through functional prototypes
over pursuing fully optimized system performance. For example, P6
felt it was not necessary to “optimize” since their goal was typically
to showcase interactions or probe user behavior.

4.2 Deciding What and How Much to Report

4.2.1 Reporting prompts should be selective, focusing on
what is critical to validating claimed contributions, difficult
to engineer, or transferable. Contrary to blanket recommenda-
tions to “report all prompts” [31], participants largely agreed that
reporting depends on three factors: (1) how critical the prompt or
system detail is to the paper’s contribution or claims, (2) how diffi-
cult it was to engineer the LLM component, and (3) how interesting
the detail may be for readers, especially if it can be adapted in other
contexts. As LLMs become more deeply embedded in software—
such as “agent” systems with dozens or even hundreds of prompts—
documenting every prompt in the paper was seen as intractable,
and potentially distracting from contributions.
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For example, if a technical contribution hinges on an LLM (e.g.,
a visualization technique that requires specific LLM-driven func-
tionality), then reporting those prompts is essential. In contrast, for
a peripheral feature (e.g., a “summarize text” button implemented
with the first working prompt authors tried), participants felt it was
sufficient to disclose that it was simple to engineer, without detail-
ing the exact wording. In such cases, requiring exhaustive prompt
reporting and evaluation would be disproportionate. As LLMs be-
come routine building blocks, participants expect that selective
reporting, focusing on prompts central to claims, challenging to
engineer, or broadly useful to others, will become the norm.

4.2.2 Authors use appendices, supplementary material, and
repositories to offload LLM details. When asked where they
documented prompts, nearly all participants said they placed them
in the appendix. This strategy allowed authors to comply with calls
for transparency while avoiding clutter in the main text. However,
tensions arose as systems grew more complex and prompts became
longer: including dozens of prompts verbatim was seen as infeasible.

To address this, some authors shifted details into supplemen-
tary material or open-source repositories, framing this as a more
practical and scalable way to provide access. Others extended this
strategy to architectural details, which were often relegated to ap-
pendices rather than the main body of the paper. While this practice
helped manage page limits and unwanted distraction from core
claims, it also raised questions about how much reviewers actually
read or verify supplementary content.

4.2.3 Use high-level sketches of system architecture to show
how data flows through LLM components. As both authors
and reviewers, participants emphasized the value of reporting a
“sketch” of the overall architecture rather than exhaustive dumps
of prompts. They recommended using diagrams, tables, or abbre-
viated examples of prompt templates to illustrate how data flows
from input(s) through LLM components, paired with representa-
tive input/output examples. This kind of high-level overview was
seen as more informative and accessible, especially as systems be-
come more complex and may involve dozens or even hundreds of
prompts.

4.24 Learned strategy: De-emphasize LLMs in titles and ab-
stracts to foreground non-LLM contributions. An unexpected
theme centered on paper framing. Authors described a dilemma:
on the one hand, they felt that mentioning “LLM” or “AI” in a ti-
tle, abstract, or introduction section could boost visibility, attract
readers, and even create career opportunities for graduate students.
On the other hand, authors worried that foregrounding LLM us-
age might trigger dismissive reviews or cause reviewers to focus
their evaluation on LLM components and overlook other contri-
butions. To navigate this, five participants reported deliberately
de-emphasizing LLMs in their framing. For example, P1 omitted
any mention of LLMs until their implementation section, after a
team discussion.

4.2.5 Authors valued reproducibility, but emphasized inter-
action over exact performance. Participants distinguished be-
tween reproducibility as a scientific ideal and how they approached
it in practice. In HCI venues, many described striving for what
might be called soft reproducibility: ensuring that an interaction
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technique could be recreated with another model and comparable
prompt engineering effort, rather than replicating exact outputs
or performance. For instance, P14 downplayed the issue of model
deprecation [26] for reproducibility, anticipating that future LLMs
would converge toward similar or improved capabilities.

One participant with experience in NLP venues contrasted this
with hard reproducibility, which they characterized as critical in NLP
because progress often resembles “hill climbing,” requiring precise
replication of models, parameters, and prompts. They argued that
HCI research is more about creating new “hills” (novel interaction
paradigms) where reproducibility of the user-facing interaction,
rather than the exact technical configuration, is paramount. As
further evidence of this disciplinary distinction, they noted that,
unlike many computing fields, HCI venues routinely accept system
papers without requiring code submission.

Still, participants expressed that context matters: in sensitive
domains such as health, full transparency and hard reproducibil-
ity were considered essential, whereas lower-stakes domains war-
ranted less detail. However, most participants supported open-
sourcing code where possible to strengthen reproducibility, reduce
the burden of lengthy appendices, clarify system architecture, and
enable others to compare to or build upon prior work.

4.2.6 Learning reporting practices by observing published
work. A few participants described looking to prior publications,
whether in HCI and others, for inspiration on how to report LLM
components within a limited space. For example, P3 pointed to a
multi-agent paper that summarized components in a table with
columns for the goal of the component, model used, overarching
prompt, and truncated input/output examples; P4 adopted a similar
approach. P15 looked to ML papers for guidance on how to present
technical evaluations. When asked about potential guidelines, par-
ticipants also emphasized the value of referencing exemplar papers,
which they considered as practical resources for learning and dis-
seminating reporting practices.

4.3 Experiences in Peer Review and as
Reviewers, or: “Is it an LLM Wrapper?”

“It is not the business of a random reviewer to tell an
institution in South Korea [what to do]... There are of
course people who don’t subjectively like these thin LLM
wrappers... [but] I think you should have better reasons
to reject the paper than T don’t like this type of work.’
You should be able to find the scientific reasons to reject
something.” -P11

4.3.1 Authors perceived reviewers as unusually harsh and in-
consistent toward LLM-integrated systems. While participants
acknowledged broader quality issues with HCI peer review, most
felt that papers involving LLMs attract especially severe and incon-
sistent scrutiny. They described dismissive reactions to the mere
presence of an LLM component, reviewers imposing strong per-
sonal or moral stances on authors, and HCI contributions without
technical innovations being undervalued when LLMs are employed
to drive prototypes. As P3, P5, and P6 put it, some reviewers have
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immediate “knee-jerk” reactions once they see an LLM. One partic-
ipant recounted presenting a poster at CSCW where “two to three
attendees walked away” upon being told the system used an LLM.

Some authors attributed this response to reviewers’ political or
ethical concerns. P11, for example, argued that Western reviewers
had become “moral guardians” policing global research practices,
and stressed that ethics board approvals should serve as the bench-
mark rather than reviewers’ personal values. Similarly, P13 char-
acterized reviewers as “gatekeepers” treating LLM-based systems
with unusual suspicion compared to other technical choices. P5
worried that such gatekeeping discouraged exploration of LLMs in
sensitive domains, such as health, limiting HCI’s potential impact.

A few participants noted that some reviewers appeared overly
positive about papers simply because they used LLMs. Rather than
a counterpoint, this was presented as further evidence of wide
variability in reviewer expectations. Interestingly, P19 speculated
that this variability may be exacerbated by the decline of in-person
program committee meetings, which had long served to coordinate
and ground community values.

4.3.2 Justifying technical innovation is harder: solving a
problem is ‘no longer interesting enough’. Participants per-
ceived a shift in reviewing standards for LLM-based system papers.
Around 2023, they felt that the mere inclusion of an LLM could
make a paper publishable. Now, with the “low-hanging fruit” gone
(P6) and many LLM-integrated systems already published, review-
ers appear to expect substantially more. Authors also worried that
popular domains have become saturated, making it harder to estab-
lish novelty. For example, in one review we collected, a reviewer
dismissed the contribution of a writing system as lacking novelty
given the “crowded space” of LLM-based writing tools.

Several contrasted this to pre-LLM norms, where building a
system itself often required years of painstaking work [24], and the
act of solving a problem and running a user study could be sufficient.
In contrast, participants felt that, because LLMs can now solve many
problems “out of the box,” reviewers view problem-solving alone
as uninteresting ( “we just solved yet another problem with an LLM,”
P6). In response, three strategies emerged for justifying innovation
under these new expectations:

e Novelty as insights into user behavior: framing the sys-
tem primarily as a probe to surface new understandings of
user practices and behaviors.

e Novelty as interaction design: exploring interaction de-
signs beyond natural language (e.g., moving away from chat-
bots and prompting to explore novel Ul-level designs).

e Novelty as problem domain: selecting under-explored
domains where LLMs have not yet been widely applied.

433 Conveying “effort” in engineering or design mediates
paper acceptance. As a strategy to justify innovation, seven partic-
ipants felt that signaling authors’ effort, thoughtfulness, or system
complexity could positively influence paper acceptance. For exam-
ple, P12 emphasized the importance of reviewers recognizing the
“thought” and uniqueness invested in system design, while P2 de-
scribed highlighting the sophistication of their front-end Ul and the
difficulty of prompt engineering as evidence of technical novelty.
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At the same time, participants noted a risk that emphasizing
complexity could undermine credibility. For P16, encountering a
highly complex system description section created uncertainty
about whether the complexity was truly necessary. In such cases,
reviewers may suspect that authors are presenting complexity not
out of research need, but as a strategy to strengthen acceptance.

4.3.4 Technical evaluations of LLM components are becom-
ing expected, outside of a user study. Fourteen participants
perceived that LLM-integrated system papers must include a tech-
nical evaluation (whether automated metrics or expert raters) in
addition to a user study. For some, adding a technical evaluation
was a learned strategy to avoid reviewer push-back, after experi-
encing rejections or resubmits that hinged on the absence of one.
Participants felt this marked a departure from pre-LLM HCI sys-
tems work, where user studies alone, often with small sample sizes,
were typically seen as sufficient. With the uncertainty of LLM be-
havior, reviewers expressed skepticism that a positive user study
demonstrates robustness, citing concerns about authors cherry-
picking positive behavior (“..it could be representative, but... maybe
a successful example... is like the only one [working] example out of a
hundred”, P1), positive user bias in studies, demand characteristics,
and Al placebo effects [18, 22, 23]. The open-ended nature of LLM
interactions further compounds doubts about generalizability.

While some participants acknowledged that technical evalua-
tions can productively complement user studies, others worried
that they are becoming a default demand with high expectations
for rigor, irrespective of the authors’ stated contributions. P9, re-
flecting on a rejection, argued: T don’t think [reviewers] should have
asked for a [technical] evaluation. I think they should have asked for
a better rationale... It doesn’t make sense to do a very very rigorous
analysis when you’re already 95% confident it’s useful. Why not just
do a better job at the user study?” P10 similarly emphasized that
evaluation requirements should align with authors’ claims, yet de-
scribed reviewers who demanded technical evaluations regardless.
P15 felt such reviewers missed the “point,” focusing narrowly on re-
liability while overlooking interaction design insights. P3 described
reviewers of a rejected paper who suggested fine-tuning a model
to enhance the “technical contribution,” a demand they felt was
immaterial to their core claims.

Reflecting on this shift, P19 confirmed that technical evaluations
had not been a standard expectation in software systems research
before, but noted they had long been required in ML-integrated
HCI work to validate model performance during training.

4.3.5 Reviewers demand more extensive details and context
than for non-LLM systems. In addition to technical evaluations,
reviewers were seen as demanding substantially more details and
contextual information from LLM-integrated system papers than
from traditional systems. Twelve participants described either re-
ceiving such requests or making them themselves as reviewers.
P4 summarized this shift: “LLM system papers often warrant much
more additional context from the author’s side to the reviewers to
sufficiently convince the reviewers of the work. And that is trickier to
do, especially when page limits are not fixed.”

4.3.6 Clash of community values: Tensions between HCI
and reviewers from more technical fields such as NLP and



Reporting and Reviewing LLM-Integrated Systems in HCI: Challenges and Considerations

ML. Ten participants framed tensions in peer review as part of
a broader clash of communities between HCI and more technical
computing fields, especially ML and NLP. For instance, P15 felt their
reviewers expected standard measures from NLP to validate LLM
components, and recruited expert raters to comply. They perceived
that the two communities were in the process of merging, analo-
gizing the situation to the emergence of information visualization,
which grew out of a collision between computer graphics and HCI.
While acknowledging potential benefits of cross-pollination, they
questioned whether ML/NLP methods were appropriate for HCI
research: “Do the evaluations that we have in the ML community
even apply to things that we are trying to research in HCI?” Similarly,
P13 remarked: “HCI is not about making performance better... [or]
accuracy better. That is the thing that machine learning people should
do. We [in HCI] have to find the problems that they have to solve.”

Other participants expressed concern that ML/NLP reviewing
norms were already shaping what HCI work gets published. P8
recounted reviewing a paper that “had literally nothing novel in the
interaction” but presented “a very extensive evaluation method” of
an LLM using standard metrics; they speculated it was “a recycled
paper from an NLP venue.” The paper was accepted, but P8 suspected
the “1AC is not an expert in this field,” and chose not to raise the
issue out of fear of jeopardizing their position as a junior scholar.
P10 suggested that the lowered cost of prototyping novel systems
enabled by LLMs had also allowed authors with little HCI training
to enter the field and review papers without nuanced knowledge
of valid HCI contributions.

Senior researcher P19, however, perceived this “clash” as alargely
welcome development, provided its excesses are kept in check. They
argued that HCI reviewers are not always well-equipped to assess
systems with stochastic models, and as a meta-reviewer, they had
deliberately invited ML scholars to review LLM-integrated system
papers, but with care. They provided ML reviewers guidelines not
to expect the level of rigor typical in ML/NLP venues and to focus
on applied aspects instead. They also balanced reviewer expertise,
ensuring HCI-trained reviewers were included and weighing disci-
plinary backgrounds when writing meta-reviews.

4.3.7 Authors expressed concern that the cost of detailed
technical evaluations, expected by some reviewers, could
strain limited academic budgets. Participants worried that re-
viewer expectations for technical comparisons can sometimes im-
pose substantial financial burdens. One interviewee described being
required to conduct a technical comparison for paper acceptance
that cost around $20,000 USD.

4.3.8 Reviewers want the gist of a system and user work-
flow, not to be overwhelmed with configuration details. Ten
participants noted that, while it is important to provide details
about LLM components like prompts, authors should communicate
them concisely in the main text. End-to-end workflow diagrams
were frequently mentioned as a useful strategy, giving reviewers a
user’s perspective while also showing representative input/output
examples of LLM components within the system. These diagrams
were described as sketches that help readers form a concrete un-
derstanding of system functioning, with excessive details pushed
to appendices or supplementary materials. P12 felt that reporting

full prompts would leave reviewers “confused and overwhelmed,”
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while P9 and P7 said they did not value detailed prompts when
reviewing systems: “Some people will ask for like insane amount of
details. Some people don’t really care... I'm on the slack side, right? If
I'read it, and... I have good confidence that I can implement it, then I
don’t bother [authors] for more.” —P9.

4.3.9 Reviewers want justification for why authors chose
to use LLMs. Ten participants mentioned that reviewers often
expect authors to justify their use of LLMs, or recommended this
as a guideline for writing system papers ( “for me personally, I really
want to know the justification of why an LLM is needed,” P1). At the
same time, participants noted that such expectations could become
excessive and risk distracting from a paper’s core contributions.
P10 and P13 described cases where papers were rejected because
reviewers doubted whether the LLM was truly necessary. P5 re-
flected that these requests sometimes served mainly to reassure
readers who had not yet developed an implicit trust [33] in LLMs,
rather than to meaningfully assess the work. They described one
instance at CSCW where responding to reviewer demands meant
devoting significant time and space to defending usage, which they
felt distracted from their core contributions.

4.3.10 Reviewers make paper rejection decisions based partly
on classifying work as an “LLM wrapper,” yet struggle to de-
fine this term consistently. In discussions of peer review, nearly
all participants raised the term “LLM wrapper”, always in the con-
text of rejection or disparagement. Importantly, we were careful to
not mention this term ourselves during the interviews unless partic-
ipants used it themselves. While we collected only a small number
of review sets, the term appeared in two, both written by 1ACs
or 2ACs—members of the program committee.” In one case, the
term was invoked to argue for acceptance (“the paper goes beyond
an LLM wrapper”). In another, it was successfully used to argue
for rejection, with the 1AC noting this point as a major hinge of
discussion. In this context, “wrapper” implied the system was easy
to build and thus that the technical contribution was insufficient.

When asked to define what constitutes an LLM wrapper, how-
ever, participants offered strikingly inconsistent responses, from
the expansive (“any system that integrates an LLM” —P3), evaluative
(“a system that solves a problem that is already solved” -P13; “wrap
everything previously done by humans into a system” —P12), moti-
vational (“an application where the use of LLMs is not sufficiently
motivated... there’s no need to include an LLM, but it exists” —P4),
and interactional (“the most boring system ever... it’s a chat like, not
even interesting in terms of interaction” —P7; “a type of system where
the interaction is not novel or trivial... the key novelty is that they
applied an LLM to a specific domain” -P10). Some collapsed back
into tautology: “a system that is a wrapper around an LLM... so very
little, if nothing around the LLM” -P9.

Although the definitions were inconsistent, together they re-
vealed four recurring patterns. First, reviewers often used the term
when they felt a paper had not sufficiently positioned itself in prior
literature or justified its use of LLMs. Second, participants noted
that simply solving a problem with an LLM is no longer enough to

7One of us also had personally experienced one case in a program committee meeting
where a paper’s acceptance hinged upon a question of whether the paper was an LLM
wrapper; the unspoken argument that, if it was, the committee should reject it. The
debate then centered on whether the paper had a sufficient technical contribution.
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justify a substantive contribution, and authors must do more work
to claim a contribution, especially a technical one. Third, several
participants invoked a sense of “thinness” (P9, P11, P19), where a
wrapper system was perceived as too easy or trivial to build. P3
worried this stigma led reviewers to dismiss otherwise valuable
insights into user behavior. Finally, participants pointed to interface
resemblance with ChatGPT: systems with chatbot-like Uls were
more likely to be labeled wrappers. Two participants working on
chatbots (P1, P11) felt their work was uniquely difficult to publish,
as reviewers assumed little effort had gone into system design. In re-
sponse, some authors reported deliberately avoiding chatbot-style
interactions to avoid the “wrapper” stigma.

4.3.11 Reviewers hold authors accountable to work that was
not yet publicly available. Several participants raised concerns
that reviewers sometimes can ask authors to justify their systems
against pre-prints or published work unreleased at time of submis-
sion. Both P9 and P5 described such experiences, with P5 reporting
that their paper was unfairly rejected because of it. In one collected
review set, an external reviewer cited an unpublished arXiv pre-
print to argue that a system on the same general topic already
existed. The pre-print’s approach, goals, and methodology had al-
most nothing to do with authors’ work; instead, it represented an
ML benchmarking paper rather than an HCI system contribution.

4.3.12 Hype and financial incentives around AI cause re-
viewers to cast suspicion on authors’ claims of performance,
generalizability, or motivation. Several participants suspected
ulterior motives behind Al system papers. P4 felt that some authors
included LLMs merely to be “on trend,” while P10 described how
students in particular are incentivized economically and socially
to foreground LLM usage: either to signal competence for lucra-
tive industry jobs post-graduation, or to attract visibility on social
media. The latter could then result in citations and notoriety that
further reinforce these incentives.

Participants also often expressed fatigue with the hype around
Al especially on social media, and worried that some authors over-
generalize claims of Al performance for attention. This concern
intersected with critiques of technosolutionist rhetoric [42]—the
notion that Al can “save” society. For instance, P9 emphasized
wanting more “productive conversations about LLMs, before we start
to posit about how we’re going to save everyone else.”

4.3.13 Non-LLM system components face dismissal under
the question, “can’t an Al do that?” Related to the challenge
of justifying novelty with an LLM, participants noted that non-
LLM aspects of systems can also face skepticism. Several described
situations where reviewers downplayed technical contributions or
complex architectures by suggesting that an LLM could achieve the
same result, either now or in the near future. This uncertainty about
the continued relevance of technical work left authors struggling
to demonstrate the importance of their design choices.

Two more senior researchers expressed concern that junior re-
viewers (who may not remember HCI before the advent of LLMs)
were particularly prone to dismissing non-LLM contributions with
unverified claims such as “an LLM could do that” They worried
that such reviewers may also lack the training to assess technical
sections or evaluations that extend beyond standard text generation
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benchmarks. P18, for example, reported that although their system
included an LLM, reviewers challenged the non-LLM components
by asking why so much technical effort was necessary when LLMs
already “do so much.” Interestingly, this skepticism was echoed by
one junior reviewer in our study, who admitted confusion about
why some authors did not simply use an LLM rather than pursue
what they perceived as “overly complex” architectures.

4.3.14 Problems in peer review of LLM papers perceived as
part of broader systemic issues and changes in HCI. Assis-
tant professor P10, reflecting on systems research before LLMs,
emphasized that problems around reviewing LLM papers are part
of broader systemic “supply and demand” challenges in HCI peer
review, which LLMs have merely accelerated. With rising submis-
sion numbers and reviewer workload at venues like CHI and UIST,
they perceived that reviewers—especially more junior scholars or
those from non-HCI backgrounds—increasingly evaluate papers
less on the merits of authors’ claimed contributions and the appro-
priateness of their methods, and rather whether default “laundry
list” of expected sections is present: specifically, a formative study,
technical evaluation, and comparative usability study. This trend,
they argued, ignores long-standing efforts in HCI to help review-
ers appreciate diverse methodologies [16]. P5 similarly critiqued
the pressure to conduct formative studies, calling the expectation
“ridiculous” and elaborating: ‘T hate that because... my design decision
is basically derived from my personal experiences.”

4.3.15 Guidelines needed with care and context. The majority
of authors felt that clearer standards are sorely needed for LLM-
integrated system papers, echoing Crisan’s observation that the
HCI community has not yet established standards to evaluate such
work [13]. At the same time, many participants expressed hesita-
tion about formalizing rigid guidelines. Some worried that rigid
rules would unfairly constrain the freedom of authors and review-
ers, given the expansive scope of possible contributions in HCI.
Others argued that venue-specific communities should collectively
define their own expectations, ideally with concrete examples of
valid contributions. Still others felt that systemic forces—such as
overburdened program committees or the influx of reviewers with
limited HCI training—could not be solved through guidelines alone.

When participants suggested guidelines, their recommendations
ranged widely. Some called for more open reviewing practices (P5,
P12), others for including a small-scale technical evaluation (P11-13,
P15-16), and still others for reporting mistakes or potential harms
and misuses (P4, P6, P8, P11-12, P14, P16). A few also emphasized
the importance of training junior scholars in reviewing (P7, P10).

Despite this lack of consensus, a set of emergent best practices
can be identified by examining authors’ learned strategies alongside
their peer review experiences. In Section 5, we synthesize these
findings to construct initial considerations for authors, reviewers,
and the HCI community, as a summary of participants’ suggestions
and expectations as reviewers.
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5 Considerations for Authors, Reviewers, and
the HCI Community

Here we present a set of considerations and suggestions for authors,
reviewers, and HCI communities, concerning papers that report
LLM-integrated systems.

Methodology. We initially synthesized this section from four
sources of information in our findings: participant’ learned strate-
gies as authors; their preferences as reviewers; perceived challenges
in peer review (4.3); and direct guidelines suggested across multiple
participants. We also designed the tone of this section to address
participant concerns over format and usability (4.3.15)—opting for a
softer framing of “considerations” and “suggestions,” rather than a
checklist, as well as presenting outcomes in simple list, versus more
complex formats. Table 2 shows how each reporting consideration
connects to the subsection(s) of our findings.

Given the limitations of our study pool, we sought broader vali-
dation from researchers. We reached out to thirty (30) researchers
for feedback on our considerations who had at least 15 years expe-
rience in HCI, who hold prominent positions in HCI community,
including serving on past organizing committees of CHI and UIST,
and have earned awards and recognition from ACM. Of these 30,
six (6) researchers graciously volunteered their time, who hold on
average about 20 years’ experience each. Four of these researchers
agreed to be de-anonymized, and are listed in our Acknowledg-
ments. We shared our considerations through a Google Doc along-
side a pre-print of this paper for context, and asked them to provide
feedback asynchronously and/or through a virtual meeting with
a note-taker present. Of these six (6), three (3) met with us syn-
chronously. We compiled individual feedback to arrive at common
themes of changes and concerns, and amended this section in light
of their feedback. Reviewers of this paper also requested softening
the tone of this section. Originally, we presented a set of imperative
guidelines, but the final version presented here provides considera-
tions contextualized with rationales from our findings.

5.1 Considerations for Authors Reporting
LLM-Integrated Systems in HCI

The centrality of LLM component(s) to authors’ claimed contributions
dictates the “weight” of reporting considerations. Papers reporting
systems where LLMs are peripheral features that are easy to engi-
neer, such as simple summary buttons, need not consider the same
depth of reporting (e.g., might exclude technical evaluations). In
Appendix B, we provide two concrete examples of how centrality
to claimed contributions affects the degree of rigor expected.

Transparency regarding prompts and configuration. Partic-
ipants in our study expected the transparent reporting of prompts
and configuration details that were central to author claims, or were
otherwise difficult to engineer, rather than a universal standard of
reporting all prompts. The expected rigor of reporting efforts was
mediated by the sensitivity of the problem domain—high-stakes
domains like health or finance warranted more comprehensive re-
porting. Reviewers also felt that reading prompts helped them to
validate systems and author effort. The appendix was considered
a good place to put prompts, especially when they were lengthy.
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Finally, participants stressed that authors need to report the exact
model name and version (consistent with past guidelines [31]).
Based on these findings, authors should prioritize reporting
prompts and technical details that directly affect reader’s ability to
validate core claims around system or user behavior. Non-critical
components (e.g., a text summarization button) need not be so ex-
haustively documented, although they might remark that these
components were straightforward to engineer. Exact model names
should be reported whenever possible. Faced with word limits, au-
thors might place details in appendices or supplementary material.

Visualizing system architecture and data flow. Reviewers
wanted to gain a concrete sense of how LLM components integrate
into a larger system, without being overwhelmed by low-level de-
tails. To achieve this, they pointed to practices such as including
representative input-output examples or prompt sketches, which con-
vey LLM component design, input structure, and output behavior.
They referenced prior work that effectively presents these materials
using data-flow diagrams or tables, pairing prompts with example
inputs and outputs. Authors should consider how to provide a con-
cise, concrete account of LLM component behavior and how these
components integrate into the overall system.

Evaluating LLM components central to claims. The vast ma-
jority of participants felt that technical evaluations, outside of user
studies, were increasingly expected for LLM components central to
author claims. As reviewers, technical evaluations helped them to
contextualize the robustness and generalizability of authors’ sys-
tems in the absence of confounds; as authors, they faced situations
where reviewers expected technical evaluations as a barrier to pub-
lication. This suggests that, when LLM components are integral to
author claims, authors should seek ways to evaluate and report on
these components’ robustness and generalizability, outside of a user
study. One common approach in recently published CHI and UIST
papers [34, 43, 47, 49] is to conduct a modest technical evaluation
of the LLM component on a dataset of representative inputs (an
“eval” [36]). Datasets are typically custom-tailored to the use case
and smaller than formal benchmarks. Metrics might be automated,
expert ratings, or both.

Disclosing failure modes of LLM components. When asked
for guidelines, participants preferred that authors report potential
mistakes, errors, or harms of LLM components in their systems.
Reporting failure modes clarifies system reliability, provides trans-
parency about the boundary conditions of claims, and aligns with
ongoing efforts to provide transparency on potential negative im-
pacts [17, 38]. Reviewers also felt authors could over-generalize
their Al systems’ performance to drum up attention and hype. In
our reviewing experience, we have encountered authors making
sweeping claims of positive performance that imply their system
is infallable; such claims, when presented without evidence, un-
derstandably create skepticism in reviewers. Providing concrete
examples of system failure modes and biases could help readers
better situate how systems might realistically perform in real-world
scenarios, and guard against over-trust in Al

Justifying the choice to use LLMs. Reviewers appreciated
when authors justified their use of LLMs relative to other pos-
sible technical approaches for the problem domain. This concern
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intersected with the pejorative “LLM wrapper,” which some felt
associated with insufficient motivation for using an LLM or limited
engagement with relevant past literature and alternative technical
approaches. Note that demands for justification referred to LLM
usage in general, rather than a specific model. Justifications for
choosing a specific model could boil down to practical considera-
tions such as granted credits, access, or latency, rather than strategic
decisions about performance. When designing and reporting LLM-
integrated systems, authors should reflect on whether an LLM is
necessary for their goals, articulate this motivation clearly, and
situate their system within a broader space of alternative technical
approaches.

Documenting engineering processes of LLM components.
Some participants valued brief descriptions of how authors en-
gineered their LLM components, as these accounts conveyed the
care and effort involved in system development and helped read-
ers gauge the difficulty of re-implementing similar components.
Authors might consider including a short “engineering methodol-
ogy” subsection near the system implementation, outlining how
LLM components were developed, tuned, and refined. Such descrip-
tions can explain key design choices and make visible the iterative
refinement processes necessitated by LLM uncertainty.

Framing the contribution to HCI beyond the application
of LLMs. Some authors deliberately de-emphasized references to
LLMs or Al in their titles, abstracts, and introductions. This strategy
helped center HCI contributions that extend beyond the increas-
ingly widespread application of LLMs (Fig. 1), reduce reviewer
fatigue with Al-focused papers [13], and mitigate the risk that re-
viewers fixate on LLM usage at the expense of engaging with the
paper’s primary contributions. For example, authors might recon-
sider whether terms like “Al-powered” meaningfully add to titles
such as “Supporting Doctor—Patient Trust with an Al-powered
System for Overcoming Hesitation in Clinical Communication.”

Future-proofing contributions against advances in AL In
our interviews, authors described adopting framing strategies to
“future-proof” their contributions and mitigate reviewer concerns
that rapid advances in AI models could render their work irrele-
vant. Three strategies were especially prominent: foregrounding a
novel interaction design or paradigm as the primary contribution;
positioning systems as probes to study user behavior; and engaging
with problem domains that have received limited attention in HCL
Senior researchers similarly emphasized considering the longevity
of contributions when pursuing LLM-integrated systems research.
Authors should consider whether their claimed contributions are
likely to remain meaningful as Al capabilities evolve.

5.2 Considerations for Reviewers

The uncertainty inherent to LLMs presents unique challenges to
reviewers. To overcome heightened uncertainty, reviewers enter
peer review generally requiring more details from authors of LLM-
integrated systems in order to trust their claims, compared to prior,
more deterministic code-based systems (Table 1). Section 5.1 pro-
vided a set of practical considerations for authors to increase re-
porting transparency and clarity around LLM component design,
behavior, and claimed contributions. When skeptical of authors’
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systems or claims, reviewers might find the discussion and practical
suggestions there insightful.

When it comes to more direct guidance for reviewers, however,
our participants were split. They generally worried about “too strict”
guidelines restricting reviewer freedom. However, they did want
to raise awareness of some common pitfalls and guard against po-
tentially unfair behavior—especially reviewers seemingly entering
HCI, whether from ML/NLP or as junior scholars, and appearing
to bring some mismatched norms and expectations into peer re-
view. Thus, we present a few considerations for reviewers, aimed
at helping reviewers evaluate HCI work fairly while respecting the
diversity of HCI contribution types and epistemological traditions.

Tempering expectations for rigorous technical evaluations.
Participants noted that expectations for extensive technical eval-
uation are sometimes misaligned with the goals of HCI research,
where contributions frequently center on interaction paradigms,
proofs-of-concept, design explorations, or user understanding rather
than benchmarking model behavior. They also cautioned that re-
quests for large-scale or comparative LLM evaluations (e.g., across
multiple models or baselines) could impose substantial financial
costs. Reviewers should consider calibrating expectations for tech-
nical evaluations with authors’ core claims, and avoid defaulting
to demands for extensive quantitative analyses or benchmarking
when such evaluations are not necessary to validate authors’ stated
contributions.

Contextualizing expectations for LLM justification. Partici-
pants observed that requests for justification for LLM use often vary
in appropriateness depending on the goals and context of the paper.
In some cases (e.g., privacy-sensitive or safety-critical applications),
probing the rationale for using an LLM may be important. In oth-
ers, however, demands to demonstrate that a problem was “hard
enough” to warrant LLM use were viewed as misaligned with HCI
goals, where rapid prototyping and exploratory system building are
often central. Reviewers might consider whether and how requests
for justification are proportionate to the role of the LLM in the con-
tribution, and avoid blanket expectations regarding model choice,
including assumptions that only open models are acceptable [6],
when proprietary models reasonably support research aims.

“LLM wrapper” may obscure rather than clarify. Our partic-
ipants used the term “LLM wrapper” when considering whether
to accept or reject research for publication. In two review sets we
collected, the term “LLM wrapper” also appeared in key arguments
made by reviewers. Yet, our participants held very inconsistent,
subjective understandings of this term. This variability suggests
that use of LLM wrapper or similar trendy terms in peer review may
obscure rather than clarify reasoning, creating an illusion of shared
understanding while diverting attention from substantive concerns.
The term also risks conflating judgments about the difficulty of
building a system with assessments of overall contribution qual-
ity. Reviewers should consider articulating their specific concerns
directly, rather than relying on this label.

Respecting non-LLM systems and minimizing reductive
comparisons. Participants cautioned that dismissive comparisons
(e.g., suggesting that “an LLM could do that”) risk trivializing
technical and design contributions that pursue different research
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questions, design goals, or ethical commitments. Authors may de-
liberately avoid LLMs for a range of legitimate reasons, includ-
ing methodological, ethical, or political considerations. Reviewers
might take care to evaluate non-LLM systems on their own terms,
and to afford them the same respect as work that integrates LLMs.

Applying a contextual notion of reproducibility. Venues for
more technical computing fields such as NLP and SE are increas-
ingly requiring comparison to open models and code submissions
alongside LLM-integrated work [6]. By contrast, our participants
emphasized that reproducibility expectations are not uniform across
HCI. The value of HCI research often lies in inspiring new interac-
tion paradigms or understanding users, rather than enabling exact
replication under tightly controlled conditions. For example, Park
et al’s work on generative agents [32] led to substantial excitement
and follow-up work—inspiration that holds regardless of whether
its core simulation can be precisely replicated. For LLM-integrated
systems, reviewers should consider continuing this “soft” notion of
reproducibility consistent with longstanding HCI norms [9].

Familiarizing oneself with the diversity of HCI contribution
types. Participants suggested that reviewer inconsistency partly
stems from differing expectations about what constitutes a valid
contribution and level of methodological rigor. Reviewers with lim-
ited experience in HCI would benefit from familiarizing themselves
with the range of contribution types accepted at HCI venues, and
how these differ from the methodological and value commitments
of more technically oriented fields. Prior work by Wobbrock and
Kientz [45] outlines common HCI contribution types, while Soden
et al. [37] and Crabtree [12] describe qualitative and interpretive
methodologies frequently used in HCL

Ensure balanced HCI expertise on review panels. Authors
judged that external reviewers from more technical domains could
overly focus on technical contributions to the detriment of overlook-
ing other HCI contributions; these reviewers’ perspectives could
then dominate peer review. A modest suggestion here is for meta-
reviewers and area chairs to try to ensure at least one external
reviewer has expertise in HCI. Balance is essential to ensure that
non-technical contributions are fairly assessed and weighted,; re-
viewers from more technical domains can provide valuable insights,
but their perspectives should complement rather than dominate
the evaluation of HCI work.

5.3 Suggestions for the HCI community

Finally, we offer broader suggestions for the HCI community, based
on suggestions made across multiple participants. Note that we do
not include making better use of desk reject [13], since CHI and
UIST have already adopted this practice.

Facilitate venue-specific discussions to establish guidelines
for papers that report LLM-integrated systems. Beyond the
baseline fluctuations of peer review, authors felt reviewers applied
inconsistent standards to this paper type, whether due to differ-
ences in the norms of their disciplinary backgrounds (e.g., HCI vs.
ML/NLP), personal and moral beliefs, or past experience using LLMs.
To better set shared norms, HCI venues or committees (e.g., CHI,
UIST, CSCW) might convene focused discussions or workshops
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among experienced members to define how LLM-integrated sys-
tems should be reported within their context. These conversations
could result in publicly available guidelines (posted on conference
websites, blogs, or linked from Calls for Papers) so that expectations
are transparent to both authors and reviewers.

Curate paper exemplars that follow good practices for re-
porting. In the absence of concrete guidelines, authors looked to
recently published papers for inspiration in how to report LLM-
integrated systems. Venues might curate a set of exemplary papers
demonstrating good practices, along with anonymized or composite
examples of common pitfalls. Such exemplars can serve as teaching
materials for authors and reviewers, illustrating what each venue
considers a strong contribution. Examples of LLM-integrated sys-
tem papers in HCI that reflect many of our reporting considerations
are: Rehearsal [34], BloomIntent [11], EvAlignUX [48], GUM [35],
ChainBuddy [47], and InstructPipe [49].

Consider adopting open reviewing practices. When asked
for guidelines, multiple participants felt that posting anonymized
reviews after submission cycles would better contribute to open
science, help authors better understand reviewer expectations, help
communities track evolving standards, and allow outsiders to decide
themselves on the presence or absence of potentially Al-generated

reviews.?

Consider requiring submission of code or equivalent sup-
plementary materials. Participants described growing tension
between the need for additional transparency when reporting LLM-
integrated systems, and page and word limits. Reviewers also felt
that inspecting prompts directly helped them assess system qual-
ity and author effort. Venues could mitigate this tension by going
beyond encouragement to requiring submission of code alongside
system papers. Authors could mark LLM-related resources clearly
(e.g., a dedicated prompts/ folder) to facilitate review. For example,
HCI venues might look to the ACM artifact badging framework [1]
as implemented in fields like software engineering. When code
release is infeasible, supplementary material can serve the same
purpose. Public release is ideal, but providing code privately for
review could be sufficient to improve transparency and trust.

6 Discussion

Three major themes emerged from our findings. First, the uncer-
tainty of LLMs appears to erode trust between authors, their sys-
tems, and reviewers, exceeding prior norms of trust-building in
HCI research and peer review. Authors have learned strategies
to re-establish trust in the face of this uncertainty, whether with
reviewers, or with faith in their own system. Reviewers, in turn,
have reacted to the uncertainty and hype around LLMs by demand-
ing more extensive details and evaluations, judging that a user
study alone with positive user feedback no longer suffices to es-
tablish credibility for publication. Authors also perceived that the
acceptance bar for LLM-integrated system papers has risen. When
considered alongside perceptions that LLMs have lowered the bar-
rier to prototyping, what was once the burden of execution—taking

8Since writing this recommendation, there was controversy over Al-generated reviews
at ICLR 2026. The community mobilized to map the scope of the problem (e.g., https://
iclr.pangram.com/reviews)—possible because ICLR makes anonymized reviews public.
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time and effort to implement a system—seems to be shifting to the
burden of validation—expecting verifications and triangulations of
system performance [39]. Yet, even as reviewers request more vali-
dation and detail, they still expect adherence to pre-LLM constraints
on page length and word count, creating tension that authors often
resolve by moving content into appendices or code repositories.

Second, interviewees noted that the ongoing hype around LLMs
has led both authors and reviewers to treat them as uniquely spe-
cial, when they are increasingly just implementation details. For
authors, this hype can incentivize foregrounding LLMs in titles,
abstracts, or paper framing to signal novelty, timeliness, fundability,
or improve employment prospects. For reviewers, it can result in
disproportionate focus on the LLM component: overlooking other
contributions, demanding excessive technical evidence, questioning
the rationale for using LLMs, or engaging in moral gatekeeping
over whether such use is appropriate. Reviewers’ judgments often
hinged on whether a system was seen as an “LLM wrapper,” a label
whose meaning varied widely across participants.

Third, many tensions and perceptions of reviewer inconsistency
appeared to stem from a clash of communities and their values and
expectations, particularly between HCI and more technical fields
such as NLP and ML. Authors reported that reviewers with limited
HCI experience increasingly apply the evaluative norms of their
home fields, emphasizing technical rigor and performance metrics
over interaction design or user insights. Notably, the more senior
researchers we spoke to, including one volunteering editor of our
considerations section, also echoed this concern. This clash has
produced two shifts: an expectation that any LLM-integrated sys-
tem must include a technical evaluation beyond a user study, and
a perception that some reviewers undervalue core HCI contribu-
tions. Authors questioned whether calls for additional technical
rigor always serve constructive ends. Practices providing review
guidelines to support ML reviewers and balancing reviewer pools
to ensure HCI perspectives are represented (as suggested by P19)
offer concrete ways to mitigate these tensions while preserving the
benefits of interdisciplinary exchange.

Lastly, while we did our best to prepare a set of considerations
and strengthen them with external feedback, we recognize that our
work is but one part of a larger, ongoing conversation. In the future,
HCI communities may seek to collectively establish more solid
guidelines for LLM-integrated systems, particularly as systems
grow more complex. We hope our work serves as a productive
starting point for future discussions and debates around this topic.

6.1 Connections and Future Work

6.1.1 Epistemological clashes in HCI peer review. As discussed in
Section 2, longstanding debates about peer review quality in HCI
often stem from clashes between positivist assumptions about what
constitutes scientific validity (i.e., emphasizing quantification, lab
experiments, and generalization [12]) versus more qualitative or
design-oriented approaches. If LLM-integrated systems attract more
reviewers from ML or NLP backgrounds—a plausible scenario—
these positivist expectations may continue to shape HCI reviewing
norms. Junior reviewers trained in technical fields may also in-
herit these epistemological assumptions, as Crabtree notes that
positivism remains dominant in the broader scientific culture [12].

Navarro, Syriani, and Arawjo

On the one hand, we want to encourage more people to join the
HCI community, who bring their diverse backgrounds, perspectives,
and skills, to help us together consider computing problems in a
more human-centered way. HCI scholars also benefit from being
challenged and expanding the reach of the field. However, growth
must be sustainable, and we must ensure unique values of HCI
research remain intact. It could be that the sudden interest in HCI
has brought with it a greater need for education on HCI’s unique
values, methodologies, and history, especially how HCI approaches
can differ from more traditional conceptions of science.

6.1.2  Comparison to other reporting guidelines and suggestions.
Our work contributes to an emerging discourse on reporting prac-
tices for LLM-integrated systems. Some of our suggestions align
with past guidelines, such as “make a reasonable attempt to justify
the use of an LLM” or to report exact model names [13, 31]. In
other cases they diverge. For instance, Crisan [13] suggests that
authors should evaluate system sensitivity to prompt choice; no
participant mentioned this (instead, we would recommend testing
against a representative dataset). Pang et al. [31] recommend that
authors use open models and disclose all prompts, while a pre-print
in SE asks authors to always “include an open LLM as a baseline”
and “publish all prompts” that were considered across the entire
development cycle [6]. Our findings show that authors in HCI have
reasonable justifications for going against these guidelines, while
the clash of communities suggests HCI needs its own standards.
Our work also relates to previous attempts to provide reporting
frameworks to enhance transparency. While aware of reporting
frameworks for ML artifacts like model cards and datasheets for
datasets [15, 28], we felt that LLM-integrated systems are more
varied artifacts and far from settled technology; thus, providing
an “LLM-integrated system card” or checklist was premature. Such
a card is also perhaps too prescriptive for the vast range of HCI
contexts where LLM-integrated systems may appear, and could
unwittingly push authors into centering LLMs/AI unnecessarily.

6.1.3  “LLMSs erode trust” between parties. One of the chief values
of qualitative research is producing analytic insights that may be
transferrable or shed light on other contexts [12, p. 16-7]. Beyond
peer review, our findings contribute to an analytic lens of LLMs
eroding trust by creating uncertainty in collaborative and negoti-
ation settings. This lens calls researchers to attend to how the
presence of LLMs may make trust-building harder among people
trying to coordinate. For example, in peer review, authors now
question whether reviewers used LLMs to review their paper, while
reviewers question whether authors used LLMs to write significant
parts of their papers. We can see this too in professor-student re-
lationships, where the possibility that Al may have been used can
put otherwise stellar student’s credibility in question where it may
not have before.

The idea that LLMs erode trust has precedence in the literature.
In Passi & Jackson’s “Trust in Data Science,” the introduction of a
“neural network” to model data at a business meeting caused distrust
between the presenter and his audience [33, p. 16]. Such distrust
appeared uniquely attributable to the “inscrutable” nature of neural
networks—the uncertainty around their outputs, operation, and
capabilities—and did not occur for more “scrutable” models. To
re-establish trust, data scientists argued for “implicit trust with
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explicit verification”—having a baseline trust in neural network’s
power (which provides the presenter benefit of the doubt), and
conducting an “explicit verification” akin to a technical evaluation
across representative inputs [33].

6.1.4  Author’s justifications for generally favoring proprietary mod-
els, versus ethical stances against usage. We found that prior work
generally treats open and small models as a public good and pits
them in contrast to large, proprietary APIs [7, 19, 31]. From a sus-
tainability perspective, chaaben et al. argue that “this trend of using
complex models [LLMs like ChatGPT] leads to worrying forecasts of
energy consumption of data centers, Al, and cryptocurrencies” [7].
Other arguments for open models is that they enable reproducibil-
ity [31] and avoid sudden deprecation or silent updates [26].

While LLM’s energy usage is concerning, participants had a
range of justifications for favoring proprietary models in the present
moment. Like Kapania et al. [19], we also found that HCI authors
were generally knowledgeable about ethical concerns, even though
they themselves had rationalizations or workarounds for not acting
upon best practices. As authors ourselves, we sympathize with
these justifications. We have used OpenAl models, for instance,
in past papers in no small part due to research credits granted
from OpenAL Yet in such a climate, how can the HCI community
properly incentivize and value open model usage, without making it
arequirement? Venues that wish to reward open model usage might
consider incentives such as special artifact badges or sustainability
awards for papers that strictly uses open models.

6.1.5 Need for methodologies to cite for LLM component engineering.
Authors described their rapid, iterative LLM component engineer-
ing processes, but had no way to discuss them as an “expected” or
“valid” methodology. Instead, authors hesitated in interviews, seem-
ingly worried that we would cast judgment on the apparent lack of
“scientific rigor” of their methodology. However, we can report here
that this messy iterative process is just how LLM-integrated system
work is done. Other research backs up the reasons why LLM com-
ponent building is necessarily iterative [36]. The iterative process
authors report also resembles Yang et al’s technology-driven inno-
vation [46] and the three stages of prompt engineering Arawjo et al.
introduce in prior work [5], although with more social validation
towards the latter stages. To allay reviewer concerns and com-
municate this engineering methodology as an acceptable standard,
some authors wanted literature to cite. Future work might explicitly
compare different LLM component engineering methodologies.

6.1.6  Tools to support efficient, transparent engineering and report-
ing. Prior work in prompt engineering and LLM evaluation focuses
on tools and techniques to help users improve prompts, choose
models, and audit bias [5, 14, 20, 21, 36]. However, engineering
and evaluation ultimately exist within broader social and organiza-
tional contexts where evaluators need to report their findings in an
accessible manner to stakeholders. A recurring theme in our con-
versations was not participants thinking evaluations were useless,
but that they weren’t worth the effort, taking time away from other,
more critical research tasks. Better tooling, to generate reports of
what authors tried and even produce figures and statistics, could
improve the situation around transparency without overly burden-
ing authors. For instance, a system could guide authors through the
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process of conducting a technical evaluation of an LLM component,
from strategy and evaluation criteria formation [14, 36], to compar-
ison across model and prompt alternatives [5, 21], to generating
the report or report structure.
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findings. Note that section 4.3.15 reviews some considerations that
were explicitly suggested by multiple participants; some of our
considerations reflect these, especially in 5.3.

B Examples of How Reporting is Mediated by
Centrality of LLM Components to Claims

To clarify how the centrality of LLM components to author claims
mediates the expected rigor of reporting efforts, we provide two
examples, drawing from two real published papers at CHI and UIST.

First, consider Rehearsal, an LLM-integrated system that authors
claim helps novice conflict negotiators learn conflict negotiation
skills [34]. The LLM components—a chatbot to simulate human be-
havior and targeted feedback to help novices improve—are central
to author’s claims that the system helps novices realistically rehearse
and learn conflict negotiation skills. The problem domain of conflict
negotiation is also sensitive and high-stakes. The paper should, and
does, include a modest technical evaluation outside of a user study
to validate and quantify the robustness of the LLM components in
relation to these claims. Authors also report system failure modes,
spend considerable space describing their prompting pipeline, and
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sketch out a prompt template which operationalizes a key theoreti-
cal framework they employ called Interests-Rights-Power.

By contrast, consider Textoshop, a paper exploring the inter-
face metaphor of Photoshop for text editing, with “words as pixels,
sentences as regions, and tones as colours” [27]. Authors’ primary
contribution is introducing and exploring a novel interaction design,
with prompting taking a secondary, enabling role to testing the
concept, without claiming robustness. Implementation details for
specific tools, like joining two texts together, appear swappable
to non-LLM techniques without affecting this main claim—i.e., au-
thor’s design contribution seems to hold regardless of near-future
advancements in Al models, the exact details of prompts, or even
the fine-grained details of the performance of individual compo-
nents. Because it would have little impact on readers’ ability to
validate this claimed contribution, authors do not report a techni-
cal evaluation. Authors justify LLM usage in the context of how
their system helps users overcome challenges of natural language
prompting, and briefly report a more involved prompting method-
ology for one tool, but leave the remaining transparency over LLM
aspects to open-sourced code. Finally, authors also lightly de-center
LLMs/Al in paper framing, not mentioning the term LLM or Al in
their title and abstract.
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Table 2: Mapping Reporting Considerations to Empirical Findings

Proposed Consideration

Grounding in Empirical Findings (Section 4)

Transparency regarding prompts and
configuration

Visualizing system architecture and
data flow

Technical validation of LLM compo-
nents central to claims

Transparency Regarding Failure
Modes of LLM components

Justifying the choice to use LLMs

Documenting engineering processes
of LLM components

Framing the contribution to HCI be-
yond the application of LLMs

Future-proofing contributions against
future AI advancement

Finding 4.2.1: Participants argued against “reporting all prompts,” favoring selective
reporting based on how critical the prompt is to the claim, how difficult it was to
engineer, or whether others could learn from it.

Finding 4.2.2: Authors use appendices to manage complexity and length.

Finding 4.3.8: Reviewers expressed a desire for the “gist” of the workflow rather
than exhaustive text; participants recommended diagrams/tables to show data flow.
Finding 4.2.3: Authors use “sketches” of architecture to manage complexity.

Finding 4.3.4: 14 participants perceived that technical evaluations are becoming
expected to counter skepticism.

Findings 4.1.3-4: Uncertainty of LLMs distinguishes them from code-based systems,
requiring trust-building to build confidence in system performance.

Finding 4.3.15: Multiple participants (P4, P6, P8, P11-12, P14, P16) explicitly sug-
gested guidelines for reporting mistakes/potential harms.

Finding 4.1.4: Authors noted the importance of identifying failure modes during
iteration.

Finding 4.3.9: Ten participants noted reviewers expect justification for LLM use.
Finding 4.1.2: Authors choose proprietary models for specific practical reasons
(latency, cost, capabilities) rather than pure performance.

Finding 4.3.3: Conveying care and thought that went into engineering LLM compo-
nents can improve trust with reviewers.

Finding 4.1.4: The iterative engineering of LLM components is a key and necessary
part of their development, yet authors can fail to report these processes.

Finding 4.2.4: Authors have developed a strategy of de-emphasizing “LLM/AI”
in titles, abstracts, or introductions to avoid reviewer bias and focus on the HCI
contribution.

Finding 4.3.1: Fear of “knee-jerk reactions” from reviewers regarding Al.

Finding 4.3.2: Authors seek to future-proof contributions with strategies like “our
novelty is interaction design” to remain relevant regardless of model capability.
Finding 4.3.13: Reviewers dismiss non-LLM components with “can’t an Al do that?”
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