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Abstract

Transparent research reporting is crucial to understanding and
assessing research, its results and validity, and for fostering
replication. While other research fields investigated reporting
and transparency practices, similar meta-research is missing
for the usable privacy and security (UPS) community, which
combines security, privacy, and human research. To gain in-
sights into current research transparency practices and their
development in the UPS community, we analyzed 200 UPS
publications from twelve venues (including USENIX Secu-
rity, IEEE S&P, CCS, SOUPS, and CHI) from 2018 to 2023.
Additionally, we evaluated those venues’ 81 calls for papers
(CfPs) and 20 calls for artifacts (CfAs). We find that most
papers report on many of 52 analyzed transparency criteria,
but none achieve full transparency. Moreover, we uncover
several areas that need improvements: essential artifacts like
questionnaires are frequently missing and hinder replication,
some information is reported inconsistently, and dead links
further reduce availability. Our regression analysis indicates
that paper length and the number of studies described in a
paper impact reporting transparency, while we observed no ef-
fect of publication year and artifact evaluation (AE). Finally,
we provide recommendations for authors, venues, and PC
chairs to improve research transparency practices and suggest
transparency guidelines.

1 Introduction

Transparent research reporting in scientific publications is
fundamental to good scientific practice [74]. In response to
challenges with reproducing results [7, 70, 49] and declared
reproducibility crises (e.g., in medicine [11] and psychol-
ogy [106]), research communities and organizations [40, 113]
are increasing their efforts towards better reproducibility, and,
as a prerequisite, transparent research reporting [104]. Trans-
parent reporting enables other researchers to reliably review
and assess findings [103], attempt replication [104], or gain

a comprehensive understanding of results, their context, and
validity. Thus, a publication should ensure transparency by
detailing methods and results, disclosing limitations, and pro-
viding artifacts such as study materials or datasets.

Research is not always reported transparently [49, 7, 74].
Overall, scholars have identified many transparency issues
due to reporting shortcomings in computer science [92, 39,
37,94, 16, 25, 95, 23]. For the security and privacy (SP) com-
munity, early studies on reporting completeness at CCS and
IEEE S&P suggest that papers lack details like research objec-
tives and limitations [15, 13]. Efforts like artifact evaluation
(AE) did not significantly affect artifact availability in ma-
chine learning (ML) security papers [80]. Nonetheless, trans-
parent reporting is essential for considering SP a scientific
discipline—especially as security research has been accused
of lacking scientific principles including transparency [43].

In 2025, the USENIX Security call for papers (CfP) en-
couraged meta-science, including research practices, trans-
parency, and reproducibility, for the first time [9]. This paper
contributes transparency insights in the usable privacy and
security (UPS) subfield. We focus on UPS as it is deeply
rooted in SP and uniquely blends with human-centered re-
search, combining diverse methods and producing a myriad of
research artifacts. Moreover, the focus on one subfield allows
an in-depth analysis. Prior studies have indicated a lack of
information in UPS publications (e.g., on demographics [41]
and risk representation [24]). Recently, Klemmer et al. found
that UPS researchers value transparency, apply reporting prac-
tices based on implicit community standards, and perceive
an overall improvement over time—while highlighting chal-
lenges and desiring further transparency improvements [59].
We complement their qualitative insights with the first quanti-
tative analysis of reporting transparency in UPS publications.

To assess research transparency practices in the UPS com-
munity, we conducted a meta-study of UPS papers from
twelve major venues that publish UPS research, including
SOUPS, USENIX Security, IEEE S&P, and CCS (see Sec-
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tion 3 for details). While many papers already transparently
report relevant information and materials, we identified gaps
and inconsistencies that indicate room for improvement. Im-
portantly, our work is not intended as finger-pointing or crit-
icism of individual UPS researchers; rather, we aim to con-
structively contribute to improved transparency practices in
the UPS research community. The following research ques-
tions guided our meta-research:

RQ1. How transparent is research reporting in UPS? Based
on an extensive literature review, we investigated what in-
formation and materials (transparency criteria) are currently
available in UPS publications and identified shortcomings.

RQ2. What factors impact transparency and research report-
ing practices in UPS? With our meta-study results and the
bibliographic and venue metadata obtained by analyzing CfPs
and calls for artifacts (CfAs), we explored factors influencing
transparency and reporting practices in a regression analysis.

In this work, we make the following contributions:

List of Transparency Criteria. We identified 52 trans-
parency criteria relevant to reporting UPS research (Table 3).
Each criterion represents information or materials a paper
should report if applicable to its methodology. These criteria
can serve authors and reviewers as a transparency checklist.

Status Quo of Transparency. We analyzed 200 papers to
assess the availability and reporting location of the 52 trans-
parency criteria (Section 6). Overall, papers reported transpar-
ently on many criteria. Nonetheless, we uncovered potential
for reporting improvements with 30.9% of criteria missing,
potentially hindering replication of 28.0% of papers, and in-
consistencies on what different papers report. Moreover, we
found issues with the long-term availability of online artifacts.

Factors that Impact Transparency. We built a transparency
score (TS) (Section 6.3) for transparency assessment based
on the 52 criteria. Using a regression model (Section 6.4),
we found that longer papers exhibit significantly better trans-
parency, whereas reporting on multiple methods in a single
paper significantly reduces transparency.

Recommendations. We derived ten recommendations (Sec-
tion 7) for authors, venues, and program committee (PC)
chairs to advance transparency in UPS research.

UPS Transparency Dataset. To support Open Science and
transparency, we publish artifacts, including our analysis re-
sults and the list of all and the analyzed UPS publications at
the twelve venues (2018-2023).

2 Related Work

We discuss related work on (i) transparency guidelines for
researchers, (ii) research transparency perspectives, and
(iii) transparency-related literature reviews.

2.1 Transparency Guidelines for Researchers

Guidelines outlining expected transparency practices are fun-
damental to evaluating, fostering, and unifying transparent
research reporting. General guidelines, such as the Trans-
parency and Openness Promotion Guidelines (TOP) [76, 17]
and the FAIR principles [123, 30], provide overarching frame-
works for science. Specific fields [72, 3] have also developed
tailored guidelines, such as the EQUATOR Network [102, 101,
28] in medical research. In computing research, the software
engineering (SE) community, among others, has established
several guidelines for the execution and reporting of experi-
ments to ensure relevant information is available and supports
replicability [60, 51, 50, 100], e.g., ACM SIGSOFT’s Em-
pirical Standards [93, 27] and CRA’s submission and review
policies [21]. Nonetheless, existing guidelines are rarely fol-
lowed. In human—computer interaction (HCI), for example,
scholars discussed guideline adoption [19, 120], but important
HCI journals lack comprehensive transparency guidelines [8].
Finally, following other communities, the computer security
community has recently introduced artifact evaluation (AE) to
advocate transparency and reproducibility (cf. Table 1) [98].

These developments demonstrate an increasing focus on
transparent research reporting in adjacent fields, but specific
guidelines for UPS are currently rare. In 2010, Schechter
outlined how to write a UPS paper, emphasizing reporting of
study details [97]. Distler et al. derive reporting guidelines
from their analysis of risk representation [24], and Klemmer
et al. report on transparency practices endorsed by UPS re-
searchers [59]. Recently, Ortloff and Martius reflected on
meta-science in UPS and HCI and presented several reporting
and transparency recommendations [82].

However, it is unclear to what extent UPS researchers fol-
low guidelines or best practices. Therefore, we derive 52 trans-
parency criteria from available guidelines, and use them to
evaluate the transparency of recent UPS publications.

2.2 Research Transparency Perspectives

Several studies with researchers across disciplines provide
insights into experiences and challenges with reproducibility
and transparency. Barriers to transparent reporting include
high effort, institutional pressure, technical difficulties, and
a lack of motivation and incentives for researchers [31, 34,
32, 61]. For example, a survey of CHI authors identified
researcher motivation, resource constraints, reliable hosting,
and difficulties with protecting personal identifiable infor-
mation (PII) as reasons why sharing artifacts was uncom-
mon [119]. Moreover, concerns regarding deanonymization
and privacy [29] and methodological and ethical implications
of secondary data usage [18] hinder publishing data.

For security conferences, interviews found that reviewers
value transparency, stating that missing details are a weakness
that may lead to the rejection of a submission [103]. Recently,



Klemmer et al. conducted an interview study on UPS re-
searchers’ transparency practices and experiences. While they
valued transparency and reported several practices, these were
based on implicit community standards rather than explicit,
field-wide guidelines [59]. We complement this prior quali-
tative work by conducting a literature analysis that provides
empirical evidence for the extent of transparent reporting in
recent UPS publications and identify areas for improvement.

2.3 Transparency Literature Analyses in CS

Transparency issues are widespread across computer science
subdisciplines. Text mining studies [79], information system
journals [92], ML publications [91, 38, 39], and web mea-
surement research [23] often lack critical details. Similarly,
SE has transparency issues [37, 94], including that desired
replication studies are hard to publish [69] and face trans-
parency issues themselves [16]. Common gaps include miss-
ing datasets, algorithm specifications, experiment code [79],
bias discussion [53], statistical details like effect sizes [94],
and documentation of execution processes [38, 39]. In HCI,
only few papers from 2016-2017 openly released software
artifacts [25]. A review of 2017 and 2022 CHI publications
found improved reporting transparency in some areas, e.g.,
sharing interview guides, but no significant changes in others,
e.g., sharing software artifacts [95]. In two studies with a
focus on HCI (including UPS), Ortloff et al. found that ef-
fect sizes are often not consistently and thoroughly reported
and interpreted in publications [81, 83]. The authors provide
recommendations, e.g., to report all effects sizes regardless
of their significance [83]. In computer security, an analysis
of ML security papers at Tier 1 conferences suggests a lack
of computational reproducibility from provided artifacts, on
which the introduction of AE had no significant impact [80].
A review of CCS and IEEE S&P papers suggests a lack of
clearly defined research objectives, limitations, and relevant
details of data collection and analysis [15, 13].

While a comprehensive analysis of UPS transparency is
missing, prior studies provide some insights. Distler et al.
noted insufficient methodological details in risk representation
studies [24] and Hasegawa et al. found frequent omissions
of demographic data in UPS papers, particularly in non-HCI
and non-UPS venues [41]. Suray et al. suggest that future
work statements are commonly reported in UPS, but often
unspecific or hard to find [108, 109]. To extend prior work, we
conduct a comprehensive quantitative transparency-focused
systematic literature analysis of UPS papers, outlining current
transparency practices and areas for improvement.

3 Considered Publication Venues & Years

To investigate the status quo, we considered recent confer-
ence proceedings from 2018-2023 in our literature analysis
(Section 5). We did not include 2024 proceedings, because

not all were published at the time of analysis. For the CfP
analysis (Section 4), we did include 2024, as all CfPs were
available.

We included proceedings of twelve UPS-related confer-
ences in our study. Those include the four top-tier security
venues I[EEE S&P, CCS, USENIX Security, and NDSS, as
well as EuroS&P and the privacy venue PETS/PoPETs. In ad-
dition, we included both CHI and CSCW as HCI conferences
that regularly publish UPS research. Moreover, we included
both SOUPS and EuroUSEC'" as designated UPS venues. In
addition, we included ICSE and WWW since they published
some UPS research in the past.

We argue that the chosen venues are some of the most
popular venues that regularly publish UPS research under the
highest quality standards, but do not claim that this list is
exhaustive. Moreover, our twelve venues are commonly in-
cluded in other analyses of UPS research [24, 41, 59, 54, 124,
36, 121, 110]. While SOUPS and EuroUSEC are designated
UPS venues, UPS is one among many topics for the other
venues. This mix of venues results in a broad overview with
diverse insights from different perspectives such as privacy,
security, HCI, and UPS. We excluded journals because most
UPS research is published in conference proceedings. We
also excluded workshops, as they often publish only short
papers (i.e., potentially less room for details).

4 Call for Papers Analysis

To better understand external transparency requirements for
UPS publications and uncover potential influence factors on
reporting transparency, we analyzed the CfPs and CfAs of
the 12 considered venues (Section 3). We focused on factors
that might support or constrain transparent research reporting,
such as submission requirements, page limits, and AE.

4.1 Methodology

We analyzed 81 CfPs from 2018-2024 for the 12 venues listed
in Table 1. We included the 2024 CfPs because those were
already published, in contrast to some 2024 proceedings. Two
researchers jointly analyzed each CfP (and any linked submis-
sion guidelines). We focused only on the main technical track
if multiple tracks with different CfPs existed. If the venue had
AE, we also analyzed the CfA (n = 20), as AE can support
transparency and reproducibility. Our analysis considered
factors that might promote or hinder transparent research re-
porting. We evaluated if CfPs include requirements for trans-
parency and reproducibility, calls for replication papers, page
limits, and whether reviewers are expected to review appen-
dices and supplementary materials. For CfAs, we recorded
whether AE is optional, for which papers artifacts can be
submitted, and whether badges and awards are assigned.

I'For EuroUSEC we consider only 2021 and later, as EuroUSEC turned
from workshop to symposium in 2021.



4.2 Results

Table 1 gives an overview of the CfP analysis results. We pro-
vide detailed results for each year and venue as supplementary
material (see Open Science).

Transparency & Reproducibility Requirements. In 2024,
9 of 12 venues had requirements for transparency or repro-
ducibility in some form. Some venues are explicit, like CHI
stating: “accepted papers will excel in [...] validity [and]
reproducibility” [86]. Others are more indirect, such as CCS
stating to “promote the reproducibility” [2] through intro-
ducing AE. Overall, we see a substantial increase in venues
expressing the importance of transparency and reproducibility.
In 2018, only ICSE requested transparency as “sufficient in-
formation for the results to be independently replicated’ [46].
Most venues have since included transparency or reproducibil-
ity requirements in their CfPs, suggesting that the commu-
nities increasingly prioritize transparency and move towards
formally supporting transparent reporting.

Replication Studies. Although replication is closely related
to transparency and reproducibility, we found little encourage-
ment for authors to submit replication studies to the analyzed
venues. Only the dedicated UPS venues, SOUPS and Eu-
roUSEC, explicitly call for replication studies in their C{fPs
since at least 2018; CHI and USENIX Security introduced
this recently in 2024 [86] and 2025 [9]. This absence does not
mean that other venues do not accept replication studies. For
ICSE and CHI, we found public instructions for reviewers
to consider replication studies for publication. However, the
scarcity of explicit calls for replication studies highlights that,
despite advancements in reproducibility standards, replication
efforts remain undervalued in much of the research landscape.

Page Limits. Many venues impose page limits on publica-
tions to encourage focused and concise reporting, with unclear
consequences for transparency. Most security venues have
separate page limits for submissions and for camera-ready
versions. Page limits are often distinguished between the
main part/body, typically 12 or 13 pages,” and appendices
and references, which are often unlimited in submissions, but
more commonly restricted for camera-ready versions. The
total allowed length for camera-ready papers ranges between
12 and 20 pages. Only CSCW and CHI impose no strict limits,
as the CSCW CAP states: “While no minimum or maximum
length is imposed [. . .] Reviewers will be instructed to weigh
the contribution of a paper relative to its length if that exceeds
15 pages.” [35]. That said, the limit is softer and suggests a
range of typically expected length. Similarly, CHI evaluates
the length concerning a paper’s contribution: “Papers, where
the length is incommensurate with contributions, will be desk
rejected.” [86]. We observed few changes in page limits since
2018. WWW and EuroS&P introduced page limits in 2022,
and PETS/PoPETs reduced the main body limit by 3 pages in

2Specific page limits are not directly comparable among venues due to
requiring different paper templates, resulting in different lengths (in pages).

2023 when starting self-publishing and switching templates.
Overall, page limits are inconsistent across venues (although
not directly comparable due to different templates), raising
questions about the impact of space restrictions on transparent
reporting.

Artifact Evaluation. Eleven of 12 venues do not require
reviewers to consider appendices, supplementary materials,
or artifacts, except ICSE. In 2019, ICSE was the first venue
in our analysis to introduce AE. In the following years, other
venues followed, until in 2024, 6 of 12 venues offered AE.
Currently, AE is mostly optional, although often encouraged.
Moreover, a lack of AE does not imply that artifacts are not
encouraged, e.g., EuroS&P has no AE, but authors are still
expected to publish artifacts [48]. In the end, AE results in as-
signing artifact badges to a paper (e.g., Available, Functional,
Reusable, or Results Reproduced [1]). However, not all do so
for the officially published version. For example, CCS 2023
performed AE after the papers’ camera-ready deadline, so
badges could only be added to the author’s version—not the
version published in the ACM Digital Library (ACM DL).
While CHI has no formal AE, they grant Artifact Available
badges [5]. Besides badges, four of six venues present awards
for outstanding artifacts. Last, we note that the descriptions
of AE mainly target technical artifacts, like data analysis
scripts or software implementations, but rarely encourage
non-technical artifacts that are typical for UPS research (e.g.,
survey instruments, interview guides, experimental materi-
als). While the trend towards more AE illustrates increased
attention and effort towards better availability of materials,
transparency, and reproducibility, it is not currently geared
towards UPS specifically, as UPS researchers pointed out [59].
Hence, the actual effects of the current mainly voluntary AE
format are unclear.

Venues Foster or Constrain Transparency. Venues impact trans-
parency through CfP requirements and reviewing. In recent years,
they increasingly required transparency and reproducibility and
introduced AE. However, page limits, lacking calls for replica-
tion, and optional reviewing of appendices and supplementary
materials potentially disincentivize transparent reporting.

5 Systematic Literature Analysis — Method

We systematically analyzed a random sample of 200 UPS
papers (stratified by venue and year) from twelve relevant
venues between 2018-2023 to investigate reporting trans-
parency. To facilitate a regression analysis (Section 6.4), we
estimated sample size using a priori power analysis (Sec-
tion 5.2). Finally, we calculated a transparency score (TS)
for each paper and performed the regression to identify influ-
ence factors. Below, we report how we collected papers and
analyzed their transparency among 52 criteria, which we iden-
tified based on an extensive literature review (Section 5.3.1).



Table 1: Results from the CfP analysis (including CfAs if applicable) for 12 UPS-related venues for 2018-2024. The table
presents the state for 2024, while we provide information on past changes in braces, e.g., year of AE introduction.
CfP AE/CfA
Venue Transparency/ Calls for Reviewing Page Limit Page Limit
Reproducibility’  Replication Appendices® Subm.? CR? Offers AE Mandatory Badges Awards

IEEE S&P (o] (o] (@] 137 5718 137 5718 (e} — — —
cCs ®(23) o o 0] el = /=157 ®(23) o ° ®(24)
USENIX Security (o] o (o] 13/ 00/ oo * 13/ 5/18 ® ("20) (o] [ J ®(22)
NDSS (o] (e) — 13/—/ ? 2?7 ® (24) (o] [ [ J
EuroS&P ®(22) (o] (@] 13/ o/ o 27?7 (e} — — —
PETS/PoPETSs e (22) o) o) 12/ o0f w* 12/ oof o* o2t o) ° °
CHI ®(21) ®(24) o D Dt o — (24}  —
CSCW @ ('20) o o —/—/ " /] oo o — — =
SOUPS ®(22) [ ] o 12/ o0/ oo 12/ 8/20 O — —
EuroUSEC* [ J [ J (@] 16/—/ 7 2?7 O = - =
ICSE [ J o(C21) @ (234 10/ 2/12* 11/ 2/13*# ®(19) (o] [ ]
WWW ®(19) o) o) 8/ oo/ oo 8/ 4/12 D (23) o) ® o)

® ves. D Partially. ONo. ! CfP requires transparency or reproducibility. 2 Whether reviewers are required to review appendices and supplementary materials material.

3 Page limit for submission and camera-ready versions; [main part]/ [refs. + appendices]/ [total]. ? indicates no publicly available information. #Only anal
later after EuroUSEC turned from conference to symposium. ~ * Revisions can submit one page more of main text. 7 Not from CfP.
contribution (typically 7,000-8,000 words; >12,000 might result in desk reject). § Only Artifact Available badge, is granted without formal evaluation.

contribution, if >15 pages. 1 Started 2020 as an experiment. # Main part limit includes appendices. A One reviewer checks the artifacts.

yzed 2021 and

# No limit, must fit the overall paper
""Length must fit
¢ Only Artifact Available badge.

5.1 UPS Literature Dataset mmm CCs B EuroS&P |EEE S&P SOUPS .
CHI EuroUSEC NDSS USENIX Security

. CSCw ICSE PoPETs/PETS wWww

We constructed a dataset of 957 UPS papers by extend-

ing Klemmer et al.’s UPS dataset (only papers from 2018-

2022) [59, 58] with newer papers: We collected the 2023 200

proceedings and included all papers related to UPS. 150

DBLP. Like the original dataset, we leveraged the biblio- 100

graphic metadata provided by the dblp computer science bib- 50 = — = — [ |

liography (DBLP) [22] (as of 2024-02-01). DBLP provides —

high-quality bibliographic metadata independent of individual g L==—m=_E = = ==

publishers. Within the DBLP database, we filtered by venues
and years (Section 3) to retrieve all publications. This yielded
13,806 publications, with 2,979 new ones from 2023.

2018 2019 2020

Inclusion & Exclusion Criteria. To make the inclusion and
exclusion decision transparent and consistent with the original
dataset, we leveraged Klemmer et al.’s definition [59]: “We
consider a publication a usable security and privacy paper, if
it (1) covers the topics security and/or privacy, and (2) is hu-
man subjects research. [...]”. The latter is typically fulfilled
for common UPS methods like interviews, surveys, experi-
ments, user evaluations, or other methods in which humans
are the primary data source. Moreover, we only included full
papers (e.g., from the main/technical track), and excluded
SoKs, short papers, posters, and (extended) abstracts.

We based our assessment on the title and abstract. If those
did not allow for a clear decision, the researchers inspected
the papers’ full text. To validate the inclusion/exclusion as-
sessment, three researchers reviewed 100 random publica-
tions, labeling papers as being a UPS paper or not based on
the above criteria. They agreed in 97 of 100 cases, result-
ing in almost perfect [64] inter-rater reliability (IRR) (Fleiss’
k = 0.89). Due to the high agreement and the decision re-

ent, with USENIX Security capturing an increasi

material (see Open Science).

2021 2022 2023

Figure 1: Published UPS papers per year in our dataset.

quiring only little interpretation [68], we split the remaining
dataset between three researchers to identify UPS papers.

Final UPS Literature Dataset. Overall, we identified 237
new UPS papers according to the above inclusion/exclusion
criteria, resulting in a total of 957 UPS papers between 2018—
2023. This corresponds to 6.94% of the initial 13,
from DBLP. Table 2 shows that, although the relative share
of UPS papers at larger venues like CHI and USENIX Se-
curity is relatively low, they contribute significantly to the
total number. Furthermore, the overall publication volume
increased for the considered years. As illustrated in Figure 1,
there has been a general increase in total UPS publications
since 2018. Additionally, shifts in composition are appar-

806 papers

ng share of

UPS papers, while CHI and SOUPS exhibit modest growth in
UPS papers. The list of all 13,806 publications, including the
marked 957 UPS papers, is available in our supplementary



Table 2: Number of UPS papers in our dataset and sample.

Venue All UPS Sample
# % Al % Venue # %
CHI 4,387 217 1.6 49 33 165
WWW 2,031 19 0.1 09 11 5.5
CSCW 1,642 86 0.6 52 17 8.5
USENIX Security 1,298 157 1.1 121 24 120
CCS 1,238 52 0.4 42 12 6.0
ICSE 939 19 0.1 20 12 6.0
IEEE S&P 710 65 0.5 92 15 7.5
PoPETs/PETS 536 81 0.6 15.1 16 8.0
NDSS 514 16 0.1 3.1 10 5.0
EuroS&P 258 13 0.1 50 10 5.0
SOUPS 187 182 1.3 973 32 160
EuroUSEC 66 50 0.3 75.8 8 4.0
Total 13,806 957 6.9 n/a 200 100.0

5.2 Sampling

Since we analyzed paper content, which involved an exten-
sive manual review, we decided to investigate a subsample
(stratified by venue and year). Analyzing all 957 UPS papers
would be an immense effort due to the substantial content
analysis time required per paper (typically 30—120 minutes
depending on the paper’s write-up and its number of studies).

To estimate the sample size, we conducted a power analysis
for our sampling design to achieve a statistical power of 0.8
for testing the effects (coefficients) of venue, year, and study
type in our regression analysis (cf. Section 6.4). The required
sample size to achieve this power was determined through a
Monte-Carlo simulation [10, 63]. Based on this simulation,
for n = 200 papers, we can reliably detect effects increas-
ing or decreasing the TS (cf. Section 6.3) by at least 10%
between years, 15% between venues, and 17.5% between
study types. Consequently, we have less power if effects are
smaller, but consider this an acceptable trade-off, as we are
interested in major effects. We provide details on the sample
size estimation online (cf. Open Science section).

We randomly sampled 200 papers for the literature analysis
(20.9% of the 957 UPS papers), stratified by year and venue.
Proportionally allocating our total sample size across these
strata ensures that our sample mirrors the distribution of all
UPS papers in terms of venues and years [96]. We note that
proportionality is not perfect, as we can only sample whole
papers (requiring integer sample sizes)® and need at least two
papers per stratum for valid inference.

3To avoid changes to the overall sample size due to simple rounding, we
applied the following: Round each (fractional) stratum target to the nearest
integer. If this does not meet the required sample size, pick a stratum closest
to being rounded in the needed direction (up or down) and round in that
direction. We repeated this until all stratum sizes were integers. If the total
sample size was off by 1, we increased or decreased the smallest or largest
stratum, respectively.

5.3 Transparency Analysis

For our systematic analysis, we reviewed each paper and an-
alyzed its content for 52 transparency criteria, the degree to
which the corresponding information and materials are avail-
able or not (availability rating), and the reporting locations
(e.g., in main paper, appendix, or online artifacts).

5.3.1 Transparency Criteria

For the analysis, we were interested in information and arti-
facts that authors should provide to support transparency. We
call these transparency criteria. Three researchers compiled a
list of 52 transparency criteria in an extensive literature review
of related work as well as research reporting and transparency
guidelines across fields (e.g., including medicine and other
disciplines) to ensure comprehensiveness and relevance of the
criteria. We carefully considered whether and how criteria
from other disciplines apply to UPS (e.g., excluding criteria
on biospecimen). In total, the 52 transparency criteria are
based on 56 guidelines and other publications. Table 3 con-
tains all transparency criteria along with the related literature
references. Overall, we considered criteria in several areas,
including ethics, study design, sample & recruitment, instru-
ments & artifacts, data analysis (qualitative and quantitative),
and results reporting (qualitative and quantitative).

In addition to the criteria, we apply an availability rating
to analyze whether and to what degree the information or
artifacts for a criterion are available. These include available
and unavailable, but also partially available (e.g., when only
a subset of survey or interview questions is available). We
subdivided some availability ratings and obtained seven sub-
ratings as shown in Table 5, e.g., to investigate the reasons
for unavailability, such as dead URLs of online artifacts.

Finally, we specified six tags for the reporting location of
criteria to investigate where authors provide information and
artifacts. This includes in the publication itself within the
main paper body or in an appendix, but also online artifacts,
including publisher materials (i.e., artifacts that the publisher
hosts alongside the publication) and author-hosted materials
(i.e., on an author’s website). We distinguish the latter based
on the usage of Digital Object Identifiers (DOIs) into external
materials with DOI (e.g., typical when using OSF or Zenodo)
and external materials without DOI (e.g., the authors’ web-
sites). Additionally, we consider it a (pseudo) location when
authors state to provide further information or artifacts upon
request. We did not consider talks and slide decks as external
materials, as those are not available for all conferences and
often do not contain additional information.

Both availability level and location further included a does
not apply tag to indicate that a specific criterion did not ap-
ply to a given paper and its methodology. We provide the
list of all availability ratings and location tags online (Open
Science). To validate our analysis approach, three researchers
independently analyzed ten initial papers, then met to discuss



Table 3: List of all 52 transparency criteria, including a short description and references on which the criteria are based. We also
present how many studies a criterion was not applicable to (n/a) and the availability for applicable studies.

o Availability
Criteria Short Description! & References na? "
[ D O
Ethical Considerations —53.7% 3.2% 43.1%
Ethics Are ethical aspects discussed? [89, 87,97, 23, 103, 125, 78, 77] 1.6% 41.8% 4.9% 53.3%
IRB Is IRB/ERB approval described or is it justified why it was not obtained/granted? (95, 89, 87, 97, 24, 59] 2.0%(17.5% 1.7% 20.8%
Consent Is described how consent was obtained? (95, 60, 24, 59 13.4% [62.6% 3.3% 34.1%
Consent Form Is a consent form provided? (59] 19.8% 11.3% 1.0% [87.7%
Study Compensation Is participants’ compensation explained? [95, 14, 60, 97, 24, 60, 59] 17.0% 69.3% 3.5% 27.2%
Vulnerability Disclosure Is the vulnerability disclosure process described? [59] 90.1% {17.3% 0.0% 22.7%
Anon Are any data anonymization or pseudonymization techniques reported? [95] 27.3% 53.4% 5.1% 41.6%
Study Design —62.6% 6.5% 30.9%
RQ Are research questions or research goals stated? [89, 87, 57,97, 50, 38, 103, 16, 125, 44, 77, 12, 59] 0.4% 24% 2.0%
Method Choice Is a justification for the method choice provided? (4,87, 57, 38, 39, 77, 59] 0.4% 4.0% 2.8%
Limitations and Validity Threats Are limitations or threats to validity described? (87,57, 97,23, 105, 53, 50, 125, 44, 118,78, 77, 12, 112, 71, 59] 0.8% 3.2% 10.1%
Prereg Is study pre-registration reported? [95, 89, 76, 87, 119, 94, 12, 59] 20% 12% 0.0% -
Positionality Is a positionality statement provided? (4, 125,77, 111, 59] 28% 4.1% 3.7% 92.2%
Study Protocol Is the study protocol (i.e., a description of all steps and their order) available? (95,89, 14,87, 14, 119,97, 74,119, 39,24, 0.8% 2.0% 0.8%
125, 118,77, 111, 59]
Study Piloting Is information on piloting or testing the study protocol and resulting changes available? (59 12.6% 41.9% 5.1% 53.0%
Study Duration Is the duration of the study provided? [59] 9.1%(73.5% 9.0% 17.5%
Study Context Is the context of the study described? (e.g., time of execution, setting, circumstances) [57,97, 74,99, 57, 125, 118, 111,  0.8% 61.1% 27.9% 11.1%
59]
Condition Assignment Is condition assignment described (e.g., grouping, randomness, blinding)? 95, 89, 87,52, 57. 60, 97, 38, 50, 53, 125] 66.8% ([83.3% 11.5% 5.1%
Sample & Recruitment —66.1% 5.0% 28.9%
Sampled Population Is the population that was analyzed/sampled from stated? (57, 16, 44] 1.6% 25% 5.8%
Sample Description Are sample characteristics described, e.g., participant demographics? [95, 89, 122, 60,97, 99, 16, 125, 118,77, 12, 112,71,59]  0.8% 6.6% 82%
Sampling Procedure Are the recruitment/sampling procedures reported, including exclusion and inclusion criteria? [4, 89, 87, 14,57, 60, 1.2% 53% 4.9%
97,24, 50, 105, 99, 16, 125, 118,77, 111, 12, 112, 71, 59]
Sampling Materials Are the recruitment materials (texts, scripts, etc.) available? [59] 13.8% 8.1% 4.3%87.6%
Sampling Success Rate Is the success rate of sampling (e.g., invitations sent, participants, drop-outs, no-shows, etc.) provided? [14,57,50, 33.2% 38.9% 12.3% 48.8%
125,118, 111]
Sample Size Is the sample size reported? [95, 89, 87, 14,57, 16, 118, 111, 112, 71] 0.4% - 0.8% 0.4%
Sample Size Justification Is the sample size justified (e.g., with saturation, power-analysis)? [20, 4, 89, 87, 14, 52, 57, 99, 75, 125, 118, 12, 112, 71] 6.3% 30.7% 5.6% 63.6%
Instruments & Artifacts — 43.5% 8.5% 47.9%
Experiment Materials Are experimental materials available? [95, 89,60, 97,74, 119,38, 39,99, 16, 125] 61.7% 47.8% 31.5% 20.7%
Survey Are questionnaires or surveys available? [95, 115, 119, 50, 77, 59] 38.7%(13.6% 5.4% 20.9%
Interview Guide Is the interview guide available? [95, 4. 119,77, 111,59] 63.6% 66.3% 8.1% 25.6%
Share Data Is the raw study data shared? [95,33.4, 76, 14, 61,57, 52,74, 119, 38, 39, 23,75, 87, 119, 50, 75, 59] 0.4% 15.0% 1.2% [83.7%
Share Software Is the source code of the software shared/its versions and dependencies specified? (95, 33, 89, 119, 38, 39, 116, 59] 66.8% 37.2% 7.7% 55.1%
Share Hardware Is the hardware specification shared? (95,33, 119,38, 39, 116] 85.0% 65.6% 15.6% 18.8%
Data Analysis — 41.8% 6.1% 52.1%
Data Preprocessing Are data cleaning/processing procedures described (e.g., transcription, text processing, outlier treatment)? (14, 5.1% 72.4% 6.9% 20.7%
74, 119,50, 77,112, 71,591
Data Analysis Software Is any data analysis code shared or used software described (e.g., version number)? [95,33, 89, 76,61, 74, 119,38,59]  1.6% 12.7% 5.3% 82.0%
Data Analysis — Qualitative —171.5% 10.3% 18.2%
Qual Analysis Method Is qualitative data analysis approach named or explicitly described? [95. 4, 14,78, 77, 111, 59] 31.6% - 6.6% 6.6%
Qual Analysis Reliability Is inter-rater reliability or another trust measure for qualitative analysis discussed? [68, 57, 50,99, 77, 59] 32.4% 56.1% 14.0% 29.9%
Data Analysis — Quantitative — 4.4% 10.0%
Quant Analysis Method Is the statistical procedure for data analysis named and described? (95, 89, 87, 14, 52, 57, 97, 105, 99, 50, 75, 125, 118, 78, 112, 40.7% 21% 3.5%
71,59]
Quant Variables Are the experiment’s variables named and defined? [87, 60, 74, 38, 39, 99, 118] 41.5% 6.2% 0.7%
Quant Variable Dependencies Are all variables labeled as (in)dependent? 54.9% 13.1% 9.3% 17.6%
Quant Hypotheses Are the hypotheses stated? [89, 87, 122, 57, 97, 38, 39, 99, 50, 57, 125, 118, 12] 61.7% - 22% 9.8%
Quant Assumptions Are required statistical assumptions discussed per test/method? (95, 89, 87, 75] 64.8% 70.4%| 1.2% 28.4%
Result Reporting — Qualitative — 72.0% 8.1% 19.9%
Qual Analysis Codebook Is the codebook of the qualitative analysis provided? [111,59] 34.8% 51.3% 15.8% 32.9%
Qual Empirical Evidence Is evidence for the results (e.g., quotes, field notes, text excerpts, photographs) provided? 77, 111, 95, 591 32.0% - 0.6% 7.3%
Result Reporting — Quantitative — 781% 2.6% 19.3%
Quant Descriptive (Central Tendency) For each key dependent variable on the interval or ratio scale, is the sample’s central tendency reported? (95,89, 55.7% 0.0% 2.8%
87,57]
Quant Descriptive (Variability) For each key dependent variable is the sample’s variability reported? (95,89, 87] 59.7% 63.5% 2.1% 34.4%
Quant Descriptive (Categorical Data) For each key dependent variable on the nominal or ordinal scale, are the sample’s values reported? [95, 89] 49.0% - 24% 0.0%
Quant Parameters (df) Are degrees of freedom reported? (95, 89] 69.6% 43.7% 1.4% 54.9%
Quant Parameters (Test Value) Are the test statistic and all test parameters reported (e.g., F-value)? 95, 89] 62.5% 17.5% 5.6% 16.9%
Quant Parameters (p-Value) Are p-values reported? (95,89, 122, 74] 57.3% - 2.0% 2.0%
Quant Effect Size For statistical effects, are effect sizes reported? [95, 89, 87, 14, 122,57, 99, 125, 107] 57.3% 64.4% 4.0% 31.7%
Quant CI For statistical effects, are their confidence intervals reported? [95, 89, 87, 57,74, 105, 125, 118, 12, 112, 71] 65.2% 432% 4.9% 51.9%
Quant Significant/Insignificant Are both significant and non-significant results reported? [s9, 59] 56.9% [96:1%| 2.0% 2.0%
Miscellaneous — 7719% 0.4% 21.7%
Author Contact Information Is contact information for at least one author provided? (125, 111] 0.0% [15.0% 0.4% 24.6%
Conflicts Of Interest and Funding Are conflicts of interest declared? (89,87, 125,44, 118, 112,71, 78,77, 12, 112, 71] 0.8% (80.8%| 0.4% 18.8%
!' A detailed description of each criterion is available online (cf. Open Science section). 2 Number of studies where the transparency criteria did not apply.

® Available: Proportion of studies providing this information/materials (ignoring not applicable ones). D Partially Available. O Unavailable.



any conflicts and improve analysis criteria, availability rat-
ings, and location tags. This only resulted in minor changes
in the definitions of criteria, availability, and locations.

5.3.2 Analysis Procedure

Six researchers analyzed the 200 UPS papers for transparency,
using the transparency criteria, availability ratings, and loca-
tion tags mentioned above. For each paper, two researchers
independently evaluated all 52 transparency criteria. First,
they determined whether a criterion applied to the publication.
If a criterion was not applicable, they assigned the criterion
and does not apply. If the criterion applied, the researchers
assigned it with (1) an availability rating to indicate the extent
to which related information/artifacts are available or missing,
and (2) a location tag to indicate where it is reported. For
papers that included multiple studies (e.g., a survey and an
interview study), we analyzed all studies separately.

Many papers did not follow a structured reporting approach,
which made it easy to overlook relevant information. There-
fore, two researchers analyzed each paper independently to
ensure consistent results. Both researchers met to resolve any
disagreements to obtain the final analysis results.

From the results, we computed the TS as an indicator of
a publication’s overall transparency based on the applicable
transparency criteria for a paper (Section 6.3). We leverage a
regression model to explore factors that influence and explain
the TS. See Section 6.4 for details.

6 Systematic Literature Analysis — Results

This section presents the results of our systematic trans-
parency analysis of 200 UPS papers. We report on the ana-
lyzed transparency criteria, their availability, and respective
locations. Based on our data, we also present a transparency
score (TS) to assess the overall reporting transparency of pa-
pers. Lastly, we leverage our TS in a regression to identify
impacting factors. We provide all obtained data online (cf.
Open Science).

6.1 Availability of Transparency Criteria

Overall, we assigned 12,851 availability ratings across all
papers analyzed. On average, 65.0% of the papers’ applicable
criteria are available (median: 65.6%, std: 11.2%). At least
21.9% and at most 87.5% of a paper’s applicable criteria are
available.

In the following, we report the availability ratios per trans-
parency criterion. The 200 papers in our sample report on 253
studies. Therefore, we present the availability for each crite-
rion per study rather than per paper. To calculate availability
ratios per criterion, we ignored studies to which the criterion
did not apply. Moreover, we only considered the highest
availability rating for each criterion, i.e., if it was partially

available in one location and available in another, we only
counted the latter. This allows us to depict the completeness
of expected information and materials accurately. In total,
63.9% of all criteria were available, 5.2% partially available,
and 30.9% unavailable.

6.1.1 Reporting Consistency of Criteria

While some criteria are reported in a large majority of studies
or barely at all, for others, their availability varies strongly (cf.
availability heatmap in Table 3). We leverage Shannon En-
tropy S to measure consistency for the criteria (higher values
indicating inconsistent reporting across practices). Provid-
ing experiment materials is the most inconsistent criterion
(§ = 1.5), followed by providing codebooks in qualitative
analysis (S = 1.4), reporting sampling success rates (S = 1.4),
or discussing IRR in qualitative analysis (S = 1.4). We discuss
the individual criteria more deeply in Section 6.1.2. Overall,
the high consistency for some criteria supports the existence
of implicit community standards for transparency that Klem-
mer et al. describe [59].

6.1.2 Transparency Criteria & Categories

Below, we provide in-depth insights into all transparency
criteria, grouped into seven categories. While we cannot
discuss all details due to space constraints, information on all
criteria and their availability are contained in Table 3.

Ethical Considerations. This category covers ethics and in-
cludes discussions of ethical implications, institutional review
board (IRB) approval and consent, the availability of con-
sent forms, the participant compensation, and the description
of vulnerability disclosure and anonymization procedures.
90.8% of studies reported at least one ethics criterion, but
only 8.4% provided information on all applicable ethics crite-
ria. The most commonly reported criterion was IRB approval
at 77.5%. Vulnerability disclosure applied to 9.9% of the
studies, and related information was available in 77.3% of
these. At 69.3% and 62.6% availability, compensation and
consent procedure were described in about two-thirds of the
studies. Yet, only 11.3% of studies provided a consent form.
Finally, descriptions of anonymization of the reported data
were available in 53.4% of studies, and a discussion of ethical
implications of a study appeared in 41.8% of studies.

Study Design. This category encompasses criteria about re-
porting research questions (RQs) and research goals, method
choice, limitations, and study details such as the overall pro-
tocol, duration, context, pilot testing, or condition assignment.
While RQs (95.6%), method choice (93.1%), and the general
study protocol (97.1%) were widely available, 10.1% omitted
limitations. While it is common to report study duration and
context, especially the context is often only partially reported
(27.9%), e.g., lacking the year of a study. Reporting on study
piloting was missing in 53.0% of cases. It remains unclear



whether authors forgot to report pilot testing, or if many UPS
studies are not piloted. We assumed that positionality state-
ments and pre-registration can be applied to most studies to
investigate their overall prevalence. However, both are not
widely used and reported by the UPS community.

Sample & Recruitment. This category is about a study’s
sample and how it was obtained. This includes the investi-
gated population, sample characteristics (e.g., demographics),
the sampling procedure and materials, the sampling success
rate, and finally, the sample size and its justification (e.g.,
power analysis). Overall, 66.1% of sampling information
was available, 5.0% was partially available, and 28.9% was
unavailable. However, this varied across criteria. Sample size
was the most reported criterion of all categories at 98.8%; sam-
pled population, sampling procedure, and sample description
were all provided in more than 85% of studies, indicating that
this information is widely expected in the UPS community.
In contrast, sampling success rates were described in 38.9%
of studies, and sample size justification in 30.7%. Sampling
materials were rarely provided (8.1%), showcasing these are
not currently viewed as critical information. Merely 10.8%
of UPS studies reported on all applicable sampling criteria.

Instruments & Artifacts. This category encompasses the in-
struments used in a study’s execution, including experimental
materials, questionnaires, interview guides, and other artifacts
used, studied, or produced during the research (e.g., datasets,
software artifacts, and hardware specifications). Only 10.7%
provided all applicable materials. The share of partially avail-
able instruments and artifacts is relatively high (8.5%) among
categories, indicating a tendency to share excerpts. We found
differences among study methods: While about two thirds
of survey instruments (73.6%) and interview guides (66.3%)
were provided, only 47.8% of experimental materials were
fully available. However, 31.5% of experimental materials
were partially available, e.g., as screenshots. This was less
common for interview guides (8.1%) and surveys (5.4%),
indicating that their size and format may make it easier to
provide them. For artifacts, only 15.0% of studies dealt with
hardware artifacts, which most (65.6%) fully described, and
many (15.6%) partially specified, showcasing a trend to share
this information, but not all details. Software artifacts were
only available in 37.2% of cases and partially available (i.e.,
as code excerpts or Ul screenshots) in 7.7% of cases. Finally,
15.0% shared their data or justified why this was not possi-
ble, typically due to PII concerns. This demonstrates that
publishing datasets is not common practice in UPS research.

Data Analysis. We distinguish (1) qualitative and (2) quan-
titative data analysis. However, two criteria apply to both:
20.7% of studies did not report on any data pre-processing,
e.g., outlier handling or transcription—leaving open whether
and how any pre-processing was applied. Even though the
data analysis software, including authors’ scripts, creates and
impacts results, it was unavailable for 82.0% of studies.

(1) Qualitative: 6.6% of qualitative studies reported their
analysis method only shallow or in part (e.g., how coding
worked, or the codebook was created), and entirely lacked
this information in some cases (6.6%). While missing in
29.9% of cases, many authors (56.1%) report IRR or disclose
why they did not use it, e.g., IRR is not meaningful for all
types of qualitative analysis [68]. Overall, 52.0% of studies
reported all relevant qualitative analysis criteria.

(2) Quantitative: Like qualitative analysis, most authors
describe their respective quantitative methods (94.4%), and
define variables (93.1%). In contrast, the variable dependen-
cies are not always explicitly reported (17.6% unavailable).
Similarly, not all studies that test hypotheses state those (9.8%
unavailable). While essential to assess the soundness, 28.4%
did not report on any assumptions made for statistical tests or
whether those were fulfilled. 61.2% of studies provided all
applicable quantitative data analysis criteria.

Result Reporting. Like for data analysis, we split result
reporting into (1) qualitative and (2) quantitative reporting.

(1) Qualitative: For qualitative result reporting, the trans-
parency criteria include providing a codebook and empirical
evidence for the results (e.g., quotes). 68.4% of the studies
reported qualitative results, and the vast majority of them
(92.1%) provided empirical evidence. However, only about
half (51.3%) of codebooks were fully available. About one
in six codebooks (15.8%) were partially available, meaning
that only excerpts or high-level codes were provided. 32.9%
of codebooks were entirely unavailable.

(2) Quantitative: The quantitative reporting category en-
compasses criteria for descriptive results (central tendency,
variability, and categorical data) and statistical results (e.g.,
p-values, effect sizes, confidence intervals, and significant
and non-significant results). 64.4% of all studies reported
quantitative results, and 38.7% of those reported on all ap-
plicable criteria. In descriptive reporting, providing central
tendencies (97.2%), like mean or median, and categorical
data (97.6%) was very prevalent, which is expected as these
are typically the main results. In contrast, variability (e.g.,
standard deviation) as a metric that provides further context
was missing in 34.4%. For statistical reporting, reporting
p-values appears to be a norm that almost all studies (96.0%)
follow. Most studies also reported both significant and in-
significant results (96.1%), and resulting values of statistical
tests (77.5%). Less common was the reporting of effect sizes
(necessary to understand the magnitude of an effect, apart
from its significance [107]), which were missing in 31.7%
of studies, confidence intervals (missing in 51.9%), and de-
grees of freedom (missing in 54.9%), suggesting that their
reporting is not perceived as essential or meaningful in the
UPS community.

Miscellaneous. Not all authors provide contact email ad-
dresses on their papers, 24.6% only included names and affil-
iations. This makes it difficult to contact them with questions
or requests for sharing materials. In general, reporting con-



flicts of interests (COls) and funding is common. While
18.8% did not do so, we suspect that this is likely due to not
having any funding or COlIs to declare.

Reporting is Transparent, but Inconsistent. Our analysis of
52 transparency criteria (Table 3) indicates a clear recognition
of research transparency: 63.9% are fully available and 5.2%
partially. Nonetheless, there is room for improvement, with 30.9%
of information and materials missing. While many criteria are
reported consistently (e.g., sample size, study protocol), others are
reported inconsistently (e.g., study’s timespan/year, codebooks),
and some, even if relevant, are commonly not reported (e.g., study
piloting, sharing data, sample size justification).

6.2 Reporting Locations

Most criteria were provided as part of the paper, either in
the main body (5,698, 89.5%) or appendix (414, 6.5%). The
remaining information and artifacts were provided online. We
distinguish publisher materials (i.e., artifacts that the publisher
archives and provides alongside a paper) (40, 0.6%), external
materials that are assigned and referenced via a DOI (60,
0.9%), and any other external materials without DOI (148,
2.3%). Rarely, authors mentioned that some information or
materials are available upon request (6, 0.1%). In 55 instances,
a study made criteria partially available in the paper’s main
body, but then fully available in the appendix or online.

Missing Online Artifacts & Dead Links. The analyzed pa-
pers pointed to online locations for information or artifacts
248 times. In 14.5% of these cases, what was claimed to be
available online was in fact unavailable. Either the link to the
online resources was dead (11.3%), or they did not contain the
promised materials (3.2%). Of all online artifacts, publisher-
hosted materials had the highest availability (93.3%). Still,
they were also the least common, used by only 14 papers, all
from the ACM DL.* Still, 7.5% (3) of artifacts promised in
publisher-hosted materials were unavailable there, indicat-
ing a lack of consistency checks. Information and materials
published online by the authors are less available, primarily
when hosted on a website without a DOI, such as an author’s
website, a project website, or a GitHub repository. Of those,
18.9% (28) were unavailable because of a dead link, and
1.4% (2) were not part of the provided online resources. This
corresponds to 16 papers that contained dead links to online
resources. When authors used a hosting platform that sup-
ports DOIs (e.g., OSF or Zenodo) and assigned a DOI, all
links worked, but 5.0% (3) of materials were unavailable in
the online resources.

Reporting Locations are Diverse and Impact Transparency.
Most information is reported in the papers’ main bodies. Appen-
dices or online hosting are used for artifacts (e.g., questionnaires,

4Likely because the ACM is the only publisher among the analyzed
venues that offers this option; the IEEE provides a separate platform [47].

codebooks). We identify a notable lack of long-term availability
for self-hosted supplementary materials due to dead links and
absence of DOIs.

6.3 Transparency Score

While our systematic literature analysis provides detailed in-
sights on 52 individual criteria for transparent research report-
ing, we were also interested in the broader picture of paper
transparency overall. Therefore, we computed a transparency
score (TS) for each paper based on our analysis.

6.3.1 Transparency Score Construction

The TS ranges from O to 1, where zero indicates that all
applicable transparency criteria were unavailable in a paper
and one indicates that all were available. To calculate the TS,
we ignored criteria that did not apply.

For each applicable transparency criterion, we considered
the highest availability (e.g., when some information is par-
tially available in the main body but available in the appendix,
we considered the criteria available). The highest availability
was mapped to a value between 0 (unavailable) and 1 (avail-
able) as stated in Table 5. For papers with multiple studies, we
aggregated the highest availabilities of all sub-studies for each
criterion to a mean for the whole paper. For example, if a crite-
rion was available (1) in study 1 and partially available (0.5)
in study 2 of a paper, we used the mean ((1+0.5)/2 = 0.75).
Lastly, we summed the highest availability values and divided
them by the number of applicable criteria, i.e., we calculated
a mean over all applicable criteria.

6.3.2 Transparency Score Insights

The TS shows that papers have an average transparency of
0.677 £0.103 (median = 0.681) that ranges from 0.281 to
0.885. The TS is almost normally distributed.

Overall, the TS indicates a considerable variance in trans-
parency and reporting practices among the papers in our sam-
ple. While some papers have very detailed reporting and
achieve high transparency of about 85-90%, no paper trans-
parently reported all applicable criteria. The average paper
did not report about 32% of the expected criteria.

Transparency can be Further Improved. Using the availability
of applicable criteria to calculate an overall transparency score
(TS), we find that on average, papers report only about two-thirds
of the information and materials needed for full transparency.

6.4 Exploratory Transparency Regression

Below, we describe our regression analysis that explores fac-
tors predicting and explaining papers’ TS.



Table 4: Results of the linear mixed effects regression. Sig-
nificant effects highlighted in bold.

Variable 95% CI
Intercept 0.560 +0.107
Venue (Baseline: SOUPS)
CHI 0.077£0.096
USENIX Security 0.040+0.117
IEEE S&P 0.103£0.104
NDSS 0.124+0.129
ICSE 0.109 +0.098
cCs —0.011+0.113
CSCW —0.012+0.070
PETS/PoPETs 0.064+0.077
EuroUSEC 0.068+0.101
WWwW 0.086+0.112
EuroS&P 0.117 +£0.087
Year 0.014+0.018
Main Method (Baseline: Interview)
Survey 0.02140.090
Experiment —0.021+£0.083
Focus Groups 0.050+0.094
Data Logs —0.001£0.121
Observation 0.0404+0.169
Workshop —0.006+0.092
Other 0.022+0.124
No. of pages (normalized) 0.061+0.054
No. of methods —0.024+0.023
Has AE badge —0.021+£0.118
Marginal R? 0.381

6.4.1 Method and Regression Model

To assess how the TS (our dependent variable) can be ex-
plained by a set of independent variables while controlling for
all other of these variables, we used a linear mixed model [88].
We considered the following independent variables (see Ap-
pendix A for details): Venue (reference category: SOUPS),
Year, Main Method used in the publication (reference: inter-
view), # Methods in a publication, Paper Length (normalized
by length of a reference paper in the respective template), and
whether the paper has AE Badges. To account for dependen-
cies among papers by the same (senior) author, we included
random intercepts for last authors of all papers [42]. The strat-
ified sampling design (Section 5.2) is accounted for in point
estimation and inference [65, 66], computing confidence in-
tervals from rescaling bootstrap variance estimates [90]. To
quantify the model’s predictive power, we used marginal R?
as coefficient of determination [73].

6.4.2 Regression Results

We present the regression results for the TS in Table 4. An ef-
fect is marked as significant at a 5% significance level (bolded)
if the 95% confidence interval (estimated coefficient = margin
of error) does not contain 0.

The paper length has a significant positive relation to trans-
parency. This is intuitive, as longer papers can fit more content
and allow authors to provide more details that might be rele-
vant for transparency. Additionally, the number of methods
used in a paper shows a significant association: papers with

more methods tend to report less transparently. Considering
that most venues impose page limits, including more methods
reduces the space to report on each one. We hypothesize that
this prevents the reporting of many details, thereby worsening
transparency.

Among the venues, only ICSE and EuroS&P showed a
significantly higher TS compared to the baseline (SOUPS).
An explanation for the mainly insignificant differences might
be that many authors publish at multiple venues, including
resubmissions of the same paper at different venues. Based
on our data, we cannot infer a conclusive explanation for
the higher transparency of ICSE and EuroS&P. However,
ICSE and the wider SE community introduced transparency
expectations and guidelines earlier than the other venues.

The model indicates no significant effect for the primary
study type (baseline: interviews). Considering that many pa-
pers use a mix of methods (115 papers, 57.5%) or consist of
multiple studies (39 papers, 19.5%), the influence of individ-
ual methods might be negligible.

The model indicates no significant effect of the publication
year. However, considering prior research, like the qualitative
interview insights from Klemmer et al. [59] and findings
on CHI paper transparency [95], a small effect might still
exist. A six-year range might be too short to reliably detect
a small effect, given that changes in research reporting take
time. Nonetheless, we observed a slight improvement over the
analyzed years, but also an increase in TS variance (Figure 2).

Regarding AE, the model indicates no significant associa-
tion of awarded badges and TS. However, only a few papers
have AE badges (8 papers, 4.0%), limiting reliable conclu-
sions due to large error margins. This may be because AE is
currently voluntary and not yet widespread (Section 4).

Space for Reporting Impacts Transparency. The regression
reveals a significantly positive association of transparency with
a paper’s length and fewer methods. Most venues do not differ
significantly from the baseline (SOUPS). The model indicates
no significant relation with AE, a paper’s primary method, and
publication year.

7 Discussion

We start by answering our guiding research questions. Af-
terward, we derive community recommendations (R1-10),
contextualize our findings with related work, discuss limita-
tions, and give an outlook on future work.

RQ1: How transparent is research reporting in UPS? Our
meta-study reveals that about 70% of relevant transparency
criteria are reported at least partially, indicating that the com-
munity cares about transparency—while also leaving room
for future improvements. Our TS (mean = 0.677) reflects
this, and reveals that no paper reported all applicable criteria.
However, considering that our analysis is very detailed with
52 individual transparency criteria, it is unlikely that papers



reach the maximum score of 1.0. Self-hosting artifacts regu-
larly results in dead links, causing artifact unavailability and
hindering transparency. Moreover, reporting practices were
inconsistent for some criteria, while the community rarely
reports others (e.g., justification of sample size).

RQ2: What factors impact transparency and research
reporting practices in UPS? We fitted a regression model on
our TS to explore factors influencing transparency. We found
a significant positive association between transparency and
paper length, and a negative one with the number of methods
in a paper. Except for ICSE and EuroS&P, no venue was
significantly different compared to SOUPS (baseline). While
we observe a slight improving trend over time in our sample,
the effect on transparency is insignificant.

7.1 Transparency Reporting Practices

Our meta-study on transparency in UPS literature revealed
several areas for improvement:

7.1.1 Inconsistency Demands Transparency Guidelines

Overall, papers differ in how and what transparency criteria
are reported (Section 6.1). Besides different practices among
authors, this highlights that venues and their reviewers do not
consistently enforce transparency either, confirming Klemmer
et al.’s qualitative results [59]. Further, they found an implicit
community standard for transparency. Our findings suggest
that an implicit standard exists, leading to inconsistency.

R1: Develop Transparency Guidelines for UPS. We support
Klemmer et al.’s [59] recommendation to establish explicit com-
munity guidelines on transparency for authors and reviewers,
suggesting our 52 criteria as a foundation. Table 3 could serve as
an initial checklist that the community can use and build on.

7.1.2 Low Effort Transparency Improvements

We identified two transparency gaps that we believe can be
addressed with little effort. This appears especially impor-
tant given the misalignment between incentives and required
effort, a significant obstacle to transparency in UPS [59].

Making all Study Materials Available. We found materials
were missing that the authors had already prepared for con-
ducting their studies, and could have provided as is (besides
anonymization for review). These include consent forms,
recruitment materials, experimental materials, and surveys.

R2: Make Existing Materials Available. Authors can and
should improve transparency by providing all materials that they
prepared for study execution in the appendix or online.

Transparency Means being Explicit. Some criteria (e.g.,
compensation, study piloting, data pre-processing, cf. Sec-
tion 6.1) have relatively high unavailable rates that we suspect
are in some cases because it was not part of the study. Un-
fortunately, readers cannot know, e.g., whether participants
were not compensated or whether authors did not report it.
However, being explicit often requires only one sentence and
improves transparency. The reasons for a lack of comprehen-
sive and transparent reporting are unclear. Besides authors
forgetting to report a criterion, not having done the respective
practice, or lacking the space to report it, another explana-
tion is that the community generally does not report on some
criteria. Implicit community standards [59] might influence
whether and why authors report on individual criteria. For
example, UPS researchers care about data protection but are
uncertain how to process personal data [67], and commonly
do not publish datasets without explicitly stating so [59].
R3: Practice Explicit Reporting. Authors should make their
reporting explicit, e.g., briefly stating if they skipped a com-
mon methodology step. Making community guidelines explicit
(Rec. 1) can help authors not to forget relevant information.

7.1.3 Better Supporting Transparency

However, not all measures that could significantly boost trans-
parency are low effort. The provision of analysis software and
datasets improves transparency, but they are rarely available.
For example, self-written analysis scripts typically require
preparation to make them useful for others, but contain critical
information on analysis details and facilitate replication. Sim-
ilarly, ethically publishing UPS datasets, which often contain
PII, is not trivial [59]. Still, there are approaches in, e.g., the
social sciences, to address these problems, such as archives
with access control protections for sensitive datasets [45].
R4: Develop Author Support for Sharing Data and Scripts.
The community should support authors in providing datasets and
analysis scripts by developing best practices and tool support.

7.2 External Impact on Transparency

External factors influence the transparency of UPS publica-
tions. Below, we discuss their impact and give recommenda-
tions for adaptation to support transparent reporting in UPS.

7.2.1 Low Prevalence of Artifact Evaluation

In our sample, only 8 of 200 papers had an AE badge. The
negligible effect of AE on artifact availability (Section 6.4)
aligns with a meta-study in ML security [80]. Not all venues
have established AE, yet—while many did in the last years.
And those who did, often only encourage but do not require
AE (Section 4). UPS authors, with their (often non-technical)
artifacts like interview guides, might hesitate to participate in
AE without clear processes and expectations for UPS [59].



R5: Adapt AE for UPS. Venues should consider whether AE is
the right approach for UPS or adapt it accordingly.

Venues typically separate paper review and (optional) AE,
and reviewers are often not required to review appendices
and artifacts (Section 4). However, we argue that a thorough
review often requires considering artifacts. For example, it is
essential in UPS to review interview guides and survey instru-
ments, e.g., to assess risks of priming or biasing participants.

R6: Review Appendices and Artifacts. The program committee
(PC) should review appendices and artifacts if papers rely on them.
Authors should provide artifacts for peer-review, not only AE.

7.2.2 Space Constraints can Decrease Transparency

Paper length had a significant positive relation to transparency
in our sample (Table 4). However, many venues impose
limits on the papers’ main parts and appendices, which may
require cutting details that would improve transparency. At
the same time, researchers do appreciate page limits on the
main part to facilitate brevity [59]. The number of methods
in a paper had a significant negative effect on transparency.
Reporting multiple methods or studies means less space for
each, forcing authors to omit important details. Nonetheless,
papers with multiple studies or mixed methods might provide
richer insights.

R7: Lift Appendix Page Limits. PC chairs should lift or gener-
ously increase appendix page limits. Alternatively, they might set
no limit and assess whether a paper’s length fits its contribution.

Moreover, we suspect that decreasing page limits for the
camera-ready versions (as some venues do, cf. Section 4)
causes authors to cut appendices. As this occurs after paper
acceptance, it may explain why critical transparency criteria
are lacking in published papers—while reviewers no longer
have the opportunity to express their concerns.

R8: Do not Decrease Page Limits for CR. Venues should not
decrease any page limit for the camera-ready versions, compared
to the submitted versions. Page limits should at least remain the
same to avoid incentivizing the cutting of important details.

7.2.3 Poor Long-Term Artifact Availability

The loss of an essential artifact can render a publication in-
complete. Thus, we argue that publications and their artifacts
should be published and archived as a unit. Unfortunately,
only a few publishers offer such a feature (e.g., ACM DL), and
not all venues leverage available options (e.g., CCS 2024).

R9: Offer Publisher Artifact Hosting. Publishers should of-
fer options to publish artifacts alongside publications to ensure
accessibility and long-term availability. PC chairs and venues
should leverage these options to avoid fragmenting papers and
their artifacts.

Author-organized artifacts hosting is necessary if publish-
ers do not offer hosting, but it does not work well: In 16 pa-
pers, the links were dead (e.g., to private homepages). Since
we analyzed papers since 2018, we expect more artifacts of
the 42 papers that are currently accessible without DOIs to be-
come unavailable due to dying links. Researchers in biology
have made similar observations, finding that dataset availabil-
ity decreases by 17% each year [117]. We deem it unlikely
that authors themselves can ensure long-term availability, e.g.,
by self-hosting. Recently, USENIX Security recognized this
problem and now forbids self-hosting, requiring the use of
Zenodo or similar platforms as part of the mandatory artifact
availability evaluation [114].

R10: Use Long-Term Artifact Archival. In the absence of pub-
lisher artifact hosting, authors should use DOI-capable archival
platforms (e.g., OSF or Zenodo). They should assign and ref-
erence artifacts using DOIs. Authors should avoid personal re-
sources (e.g., author’s website) or options not intended for long-
term archival (e.g., GitHub).

7.3 Contextualization with Prior Work

We cannot statistically confirm an improvement of trans-
parency over time (Section 6.4), that prior studies on CHI [95]
and UPS [59] suggest. However, we observe a slight increase
in transparency over time in our sample, and believe that
transparency in UPS improves slowly.

We can overall confirm findings from literature analyses
of IEEE S&P (2015, 2016) and CCS (2015) publications
concluding that key information is often missing, but see
some differences. Burcham et al. found that about 30% of
empirical studies did not report threats to validity [13]. In our
more current sample, this rate is considerably lower at 10.1%.

We notice interesting similarities and differences between
CHI and UPS papers. In their analysis of CHI papers from
2017 and 2022, Salehzadeh Niksirat et al. found a signifi-
cant improvement for 12 reporting criteria, but none for their
other 17 [95]. Similar to our data, availability was high for
study protocols, condition assignment, and sample sizes and
descriptions, and low for pre-registration, and data and soft-
ware sharing. In contrast, interview guides and surveys were
shared at much lower rates in CHI papers [95], even though
about 25% of them were missing in our UPS sample. Similar
to recent CHI papers [81, 83], we can confirm shortcomings
in the reporting of effect sizes.

Our results confirm Klemmer et al.’s qualitative insights
that research reporting in UPS is already quite transparent, but
needs further improvement. For example, many interviewees
reported providing materials like questionnaires and interview
guides [59], but we find that about 20% of studies lack those.
Intransparency Hinders Meta-Studies and Replication.
In UPS, two recent meta-studies explored specific aspects
of study design, namely risk representation [24] and partici-
pant samples [41]. Both reported uncertainty in their results



caused by a lack of information in the papers they analyzed.
For example, Distler et al. described how about one in three
papers did not discuss IRB approval, which does not neces-
sarily mean that none was obtained [24]. They proposed a
guide on what information on risk representation and related
aspects (e.g., ethics and recruitment) authors should include.
Nonetheless, we found that UPS papers often lack some of
that information, including IRB approval, ethics discussion,
and especially consent forms. Moreover, sample descriptions
and recruitment are more commonly reported than many other
transparency criteria, but are not always complete. Hasegawa
et al. note that 32% of their analyzed papers did not report par-
ticipants’ countries, and 14% omitted education level, leaving
an incomplete picture of UPS participant samples [41] and
showcasing that even unavailable rates below 10% can cause
problems. Interviewed UPS researchers additionally reported
that a lack of transparency had previously hindered them in
replication attempts [59].

From our results, we can derive how many papers lack
essential information (e.g., interview guides, survey, recruit-
ment methods) required for replication by other researchers.
56 of 200 papers (28.0%) lack essential information or arti-
facts that are needed for replication. Thus, about every fourth
paper might contribute to a replication crisis in UPS, if the
authors cannot provide those upon request. This illustrates
the problems caused by a lack of research transparency, and
highlights the need to increase transparency in UPS.

7.4 Limitations

For the CfP and systematic literature analysis, we focused
on various SP, UPS, HCI and related venues (Section 3), of
which many are highly ranked [26]. Hence, we may have
missed relevant UPS research published in other venues and
our results might not generalize to those. However, we argue
that we included the most influential venues in our dataset, and
can therefore provide comprehensive insights. We limited our
literature review to research published between 2018-2023.
However, our representative cross-sectional sample provides
valuable insights and reflects the transparency practices of the
UPS research community for that time frame.

The reported availability might be slightly higher in reality,
as one can try to request information and artifacts from a
paper’s authors. We did not contact authors, as we argue that
papers should be transparent on their own. Prior research also
suggests that the success rate would be poor [62]. Moreover,
23.0% of papers included no contact email addresses, and
requesting information would cause unnecessary work for the
respective authors.

7.5 Future Work & Outlook

Our insights represent the state of transparency in UPS for
2018-2023. So far, they do not indicate larger differences

in transparency among venues (Section 6.4), despite minor
transparency-related policy changes among the venues in
past years (Section 4). However, there were considerable
changes recently, e.g., USENIX Security’s new mandatory
open science policy in 2025 [9]. It would be valuable to repeat
our analysis in a few years to monitor the overall transparency
development and how these policies impacted transparency.
The dataset that we provide can serve as a baseline and might
lay the foundation to train and evaluate automated approaches,
e.g., to assess transparency and flag issues. Besides preventing
extensive manual annotation effort, automated transparency
analysis tools might benefit authors as transparency checkers
for submissions or assist reviewers with automated checks.

Further opportunities for future work are accessibility, pre-
registration, and other scientific quality measures that go hand-
in-hand with transparency. Regarding accessibility and lan-
guage, both are relevant aspects beyond the scope of our analy-
sis. We only focused on whether relevant transparency criteria
were available, not on how accessible or understandable they
were. Those aspects of research reporting are potential future
work. Regarding pre-registration, it adds transparency about
data analysis and if it was conducted as initially planned or
whether deviations occurred. However, it could face similar
transparency problems as the typical post-hoc reporting of pa-
pers. Currently, our results suggest that pre-registration is rare
in our community. A potential reason is that pre-registration
is not appropriate for all study types; it is most beneficial for
hypothesis-driven, confirmatory, quantitative research, but not
for more exploratory or qualitative research [74]. Therefore,
generally requiring pre-registration is not advisable, but it
could be encouraged more for respective studies.

8 Conclusion

In a systematic literature analysis of 200 UPS publications
from twelve UPS-publishing venues from 2018-2023, we
investigated 52 transparency criteria, their reporting locations,
and availability. The UPS community already practices trans-
parent reporting for many criteria, with room for further im-
provements. For example, authors hosting artifacts on per-
sonal websites long-term often fails. Authors have different
reporting practices on some transparency criteria while being
consistent in others. Therefore, we recommend a community
guideline. While authors can impact transparency, venues and
PC chairs also constrain or foster transparency, e.g., through
page limits or publisher hosting of supplementary materials.

Transparency is the first step towards improved repro-
ducibility, a core value of science. The 52 transparency cri-
teria and ten recommendations in this paper can serve as a
foundation for authors, reviewers, and PC chairs for improved
and transparent research reporting in UPS and beyond.
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Regression Factors

In our regression model, we consider the following indepen-
dent variables:

Transparency Score

» Venue: We explore the differences between venues. Be-
ing the largest UPS-specific venue, we use SOUPS as
the reference category (baseline) for comparison.

 Year: To explore the development of transparency over
time, we consider the publication year of a paper.

* Main Method: In our systematic literature analysis, we
tagged each paper with the methods that it entails. From
these, we assigned the dominant method as the paper’s
main method and use this information to evaluate the
transparency differences between study types. The refer-
ence category here is “Interview.”

o # Methods: We consider the number of methods in a
paper as a potential factor.

* Paper Length: We also consider the paper length. For
each paper, we extracted the length in pages from the
PDF metadata. As venues use different and change tem-
plates, we compiled a reference paper (i.e., always hav-
ing the same content) in all I&TEX templates used at
the different venues throughout all relevant years. Us-
ing these reference lengths, we normalized each paper
length accordingly to allow an objective comparison
among venues.

* AE Badges: Finally, we include papers’ AE badges as a
regression factor. This is a binary variable, distinguish-
ing papers with no AE badge and papers with at least
one, using no AE badge as the reference category.
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Figure 2: Transparency score over the years.
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Table 5: Overview of availability ratings. We provide finer-grained distinctions for some. Each of those is assigned a value for
the calculation of the transparency score. The value is used in the transparency score calculation.

Availability Description Value
Available
Available The material/information is available. 1.00

Unavailable, but justified The material/information is unavailable, but a justification for why it was not made available is provided. (For the 1.00
transparency score, we count this as available because the authors were transparent by providing a justification.)

Available, but not readable

. A file, which allegedly contains the materials/information, is provided but cannot be opened with free software. 0.75
with free software

Partially Available Only parts of the material/information are available. (We do not further assess the degree of availability, as it is not 0.50
always apparent how much is missing.)

Unavailable
Unavailable The material/information is generally unavailable, and the unavailability is not justified. 0.00
Not findable The material/information could not be found because is not available, even if the paper claims so. 0.00
Link dead Availability of materials/information online is claimed, but the provided link is not working. 0.00
Does not apply The criterion does not apply to the study. n/a
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Figure 3: Transparency score among venues.
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A Artifact Appendix

A.1 Abstract

To support open science and transparency, we provide several
artifacts that accompany our paper. The artifacts contain the
data used for our analysis (including the raw analysis results,
as well as computed data like the transparency score), analysis
scripts to compute the transparency score, and results such
as tables and figures for the paper, and the R code for the
regression, as well as the generated outputs. Moreover, we
include the PDFs that detail the results of our sample size
estimation.

Please refer to the contained README . md for a more detailed

overview of which artifacts are contained in which folders
and files.

A.2 Description & Requirements
A.2.1 Security, privacy, and ethical concerns

Except for installing dependencies, the software does not

receive/send Internet data. All computations are done locally.

The code does not execute any destructive steps. There are no

security, privacy, or ethical concerns or risks for the evaluators.

A.2.2 How to access

The artifacts are hosted at Zenodo and accessible via

the following link: https://doi.org/10.5281/zenodo.

15532982.

A.2.3 Hardware dependencies

None.

A.2.4 Software dependencies

The contained source code can be executed on any system
that fulfills the following requirements:

e Python with Poetry as dependency man-
ager (Python  dependencies are listed in
code/pyproject.toml). Poetry can be downloaded
here: https://python-poetry.org/.

¢ Docker (Installation:
engine/install/).

https://docs.docker.com/

A.2.5 Benchmarks

Our dataset with analysis results is contained in the artifacts
and does not need to be installed separately.

A.3 Set-up

Please confirm that the required software packages are in-
stalled on the system as stated above (i.e., Python, Poetry, and
Docker), before proceeding with the following steps.

A.3.1 Installation

1. Visit https://doi.org/10.5281/zenodo.15532982
and download the artifacts. Under the tab "Files" you
can choose to download the . zip file.

2. Unarchive the . zip file on your local computer.

3. Run the following commands to install Python depen-
dencies: cd code/ and poetry install

4. For the regression that we implemented in R, we are
using a Docker container. To build the docker container,



execute the following commands: cd code/R/ and then
./build-container.sh.

A.3.2 Basic Test

* For the Python scripts: Open a shell (from the code/ di-
rectory) in the virtual environment with poetry shell.
Then execute jupyter notebook. This should open
Jupyter in your browser. (If that is not the case, you can
manually navigate your browser to http://localhost:
8888/). Try to open one of the notebooks (.1ipynb).

e For the Docker container: docker run -it --rm
containr:latest /bin/bash (opens a shell).’

A.4 Evaluation workflow
A4.1 Major Claims

(C1): Transparency Criteria Availability: For 52 trans-
parency criteria, we quantify the transparency in terms
of availability. On average, 65.0% =+ 11.2 of the papers’
applicable criteria are available (cf. Section 6.1); in total,
63.9% of all criteria were available, 5.2% partially avail-
able, and 30.9% unavailable. We present the detailed
availability for all 52 transparency criteria in Table 3.

(C2): Transparency Score: To assess the overall transparency
of papers, we calculate a transparency score (TS). The
TS per paper is on average 0.677 +0.103 (cf. Sec-
tion 6.3.2).

(C3): Regression: The exploratory regression on the TS re-
veals a significantly positive association of transparency
with a paper’s length and fewer methods. Most venues
do not differ significantly from the baseline (SOUPS).
The model indicates no significant relation with AE, a
paper’s primary method, and publication year. (Exact
results contained in Table 4 and Section 6.4.2.)

A.4.2 Experiments

(E1): [Transparency Analysis] [15 human-minutes +
0 compute-hour + <1GB disk]: Process the result dataset
obtained from the manual paper annotation and calculate
availabilities, transparency scores, etc.

Preparation: Open a shell (from the code/ directory)
in the virtual environment with poetry shell. Then
execute jupyter notebook. This should open Jupyter

For Mac/Apple Silicon it might be necessary to setup emulation first.

Option A): Enable Emulation in Docker Desktop (should be enabled
by default): docker.desktop settings — general — virtual machine options.
Choose Apple Virtualization framework and activate Rosetta.

Option B): Set Platform Explicitly When Pulling or Running: If Docker
does not find an ARM version of an image, it may fail unless you explic-
itly request the amd64 version: docker run --platform linux/amd64
<image>

in your browser. (If that is not the case, you can manu-
ally try to navigate your browser to http://localhost:
8888/).

Execution: First, open transparency-score.ipynb
in Jupyter and execute all cells (“Run”, “Run All Cells”).
This will transform the raw annotation results stored
in transparency-analysis.tsv, calculate the trans-
parency score and store all results in results.tsv.
Next, open main.ipynb in Jupyter and execute all cells
(“Run”, “Run All Cells”). Based on results.tsv, this
notebook contains the actual analysis, e.g., to generate
some of the figures and tables.

Results: The overall availability (C1) is presented
in cells 19 and 20 of main.ipynb, and the table
written to output/tables/criteria.tex. The re-
sults of the transparency score (C2) are written to
data/result.tsv (column: “Transparency Score”),
and the descriptive statistics are in cell 10.

Apart from that, all computed numbers are also
stored (for usage in I&TEX) as key-value-pairs in
numbers—-generated.tex.

(E2): [Regression] [15 human-minutes + 30 compute-
minutes + 6GB disk]: Run the regression model (and
related other R code).

Preparation: Build the docker container as described
above.

Execution: Run docker run -it --rm -v
$ (pwd) /data:/data containr:latest /bin/bash
(from the code/ directory) to open a shell in the docker
container and mount your local data/ directory. Once
you entered the container environment, run . /main to
start the analysis.

Results: You can now retrieve all results in the data/
folder on your local machine (or inside the container at
/data). This also includes the regression table (C3).

A.5 Notes on Reusability

Our artifacts operate on the contained dataset. Therefore, the
code is reusable on other datasets containing transparency
analysis data (assuming that they are in the same format as
our dataset). For example, future work might analyze the
same transparency criteria, store the transparency analysis
data in a similar .tsv/.csv file, and run our code to compute
transparency scores.

A.6 Version

Based on the LaTeX template for Artifact Evaluation
V20231005. Submission, reviewing and badging methodol-
ogy followed for the evaluation of this artifact can be found at
https://secartifacts.github.io/usenixsec2025/.
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