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Abstract
Substantial proportions of research investment may be wasted due to flawed study design, 
biased reporting, and publication bias, raising concerns about how research performance 
is evaluated. Despite this, current assessment systems rely heavily on bibliometric indica-
tors such as publication counts, co-authorship, and citation metrics, which do not reliably 
reflect research quality or scientific rigor. In this opinion paper, we argue that such indica-
tors may reward practices that undermine the accumulation of reliable knowledge, includ-
ing p-hacking, selective reporting, and underpowered study designs, while undervaluing 
essential contributions such as replication research. We propose that bibliometric measures 
should be complemented by transparent and auditable research quality metrics, includ-
ing indicators of reproducibility, statistical power, risk of bias, and adherence to reporting 
standards. We further suggest that recent advances in large language models may facilitate 
the scalable implementation of such metrics. Adopting quality-focused indicators could 
improve research evaluation and help reduce avoidable research waste.

Keywords  Bibliometrics · Research waste · Research quality indicators · Large language 
models

Introduction

Research investments may be lost due to poor quality of studies. Chalmers and Glasziou 
(2009) estimated that approximately 85% of global biomedical research investment is 
avoidably wasted due to irrelevant research questions, flawed study design or execution, 
biased or unusable reporting, and publication bias. Similar concerns have been raised in 
other fields. Purgar et al. (2022) estimated that 82–89% of ecology research may be avoid-
ably wasted, and a systematic review by Pejtersen et al. (2015) concluded that 95% (42 of 
44) of observational studies examining the association between occupational psychosocial 
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factors and ischemic heart disease were effectively uninformative because of inadequate 
statistical power.

These estimates suggest substantial room for improving research quality and consid-
erable potential for reducing unnecessary research expenditures. From this perspective, 
taxpayers and charitable donors who fund research have a legitimate interest in ensuring 
that the quality of the research they support is adequately monitored and assessed. How-
ever, while most research institutions and funding bodies provide bibliometric indicators 
intended to demonstrate the academic impact of their research output, very few report 
metrics that explicitly assess research quality. We argue that this imbalance reflects a 
widespread misconception: that bibliometric indicators—largely based on patterns of co-
authorship and citation—constitute reliable proxies for research quality and researcher 
competence. This concern is closely aligned with the FRAME initiative (a framework for 
the responsible use of bibliometrics in research evaluation), which promotes responsible 
and context-sensitive use of bibliometric indicators in research assessment (Daraio et al., 
2025).

In this commentary, we first offer brief reflections on the use of co-authorship and cita-
tion metrics in the evaluation of scientific work, highlighting the need for caution in inter-
preting these measures. We then outline potential approaches to complement bibliomet-
ric indicators with metrics that more directly assess research quality and, by extension, 
research waste.

Limitations of co‑authorship as a performance indicator

The number of co-authorships is a good measure of how successful a researcher has been 
in the pursuit of prestige and academic credit, but it is not a good measure of the research-
er’s scientific competence or actual productivity.

The same scientific output could result in anything from zero to a very large number of 
co-authorships, depending on (i) how one interprets the Vancouver authorship guidelines, 
(ii) how skilled one is at claiming credit for other people’s work, and (iii) how comfortable 
one is with taking credit for other people’s work.

Example: Supervising a PhD student who writes and publishes three peer-reviewed arti-
cles can lead to:

A.	 Zero co-authorships if the supervisor holds that supervision, academic sparring, and 
proofreading do not justify authorship

B.	 Three co-authorships if the supervisor lists himself as a “co-author” on all three articles
C.	 33 co-authorships if the supervisor invites ten colleagues to list themselves as “co-

authors” on the PhD student’s three articles—in return for being allowed to become a 
“co-author” on all articles written by the colleagues’ PhD students.

Coercive authorship is particularly difficult to prevent when senior researchers can use 
their position to demand authorship from junior colleagues. Such practices persist despite 
longstanding authorship guidelines, such as the ICMJE criteria, and contributor-role 
frameworks, such as CRediT, which generally lack independent verification and enforce-
ment (Marcelino, 2026). It should, however, be noted that a large number of co-authors on 
a research paper is not necessarily indicative of questionable authorship practices. In some 



Scientometrics	

cases, it may be fully justified—for example, in multi-center studies where each participat-
ing center contributes substantial research efforts and financial resources.

Limitations of citation‑based metrics

The number of citations is often used as an indicator of an article’s academic impact, but it 
is not necessarily a reliable measure of its scientific quality. In fact, a paper’s visibility and 
citation count can be amplified through practices that do not contribute to—and may even 
undermine—the accumulation of reliable knowledge. Below are some examples of prac-
tices that hinder the pursuit of truth but advance the pursuit of academic recognition—and 
vice versa.

P‑hacking, HARKing, and selective reporting

P-hacking, HARKing, and selective reporting are practices that can seriously compromise 
the integrity of scientific research. P-hacking refers to the manipulation of data analysis—
for example, by trying multiple statistical tests, selectively excluding observations, or stop-
ping data collection once a desired result is achieved—until statistically significant results 
(typically p < 0.05) are obtained (Simonsohn et al., 2014). HARKing (Hypothesizing After 
the Results are Known) involves presenting hypotheses that were formulated after inspect-
ing the data as though they had been specified in advance (Kerr, 1998). Selective reporting 
further exacerbates the problem by highlighting statistically significant or theoretically con-
venient findings while omitting null or contradictory results (cf. Elston, 2021). These prac-
tices are quite common (Fraser et al., 2018; John et al., 2012; Schneider et al., 2024) and 
together they distort the scientific record. They increase the likelihood of false positives, 
inflate reported effect sizes, and produce biased and potentially misleading conclusions. As 
a result, they undermine the reliability and cumulative nature of scientific knowledge. At 
the same time, such practices can make findings appear more novel, coherent, and statisti-
cally convincing. This can increase the likelihood of publication in high-impact journals 
and lead to greater visibility, higher citation counts, and enhanced academic recognition. 
From the perspective of career advancement, these practices may therefore appear advanta-
geous—despite their detrimental effects on scientific validity and long-term credibility.

Statistical testing without sufficient power

Random error is as important as systematic error when evaluating scientific evidence. 
The standard error (SE) reflects the expected deviation of an estimate from the true value; 
larger SEs imply less precise estimates and lower statistical power. Severely underpowered 
studies are therefore prone to producing estimates that deviate substantially from the truth.

Studies with low statistical power are less likely to detect true effects and, consequently, 
less likely to yield statistically significant results. This creates a selection mechanism: only 
those low-powered studies that, by chance, produce large and statistically significant effects 
are likely to be published. This phenomenon, known as publication bias, leads to a dis-
torted literature in which reported effects are systematically exaggerated.

Statistical testing without sufficient power is therefore detrimental to the pursuit of 
knowledge. However, it may be advantageous in the pursuit of academic status and creden-
tials. As noted by Forstmeier et al. (2017), “studies which report surprising (i.e. unlikely) 
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findings are often highly cited and thus contribute to the stature of the journal. Thus, ‘the 
more surprising, the better’.” Similarly, Higginson and Munafò (2016) argue that “research-
ers acting to maximize their fitness [publication record and career success] should spend 
most of their effort seeking novel results and conduct small studies that have only 10–40% 
statistical power.”

Well‑powered replication studies

Replication studies play a crucial role in strengthening scientific knowledge by verifying 
whether findings are robust, reliable, and reproducible. Well-powered replications, in par-
ticular, reduce uncertainty and help distinguish genuine effects from spurious ones. How-
ever, replication studies—especially those that confirm or fail to confirm existing find-
ings—are often perceived as less novel and therefore attract fewer citations. They may also 
face greater difficulty in being published in high-ranking journals. Consequently, while 
well-powered replication studies are essential for the advancement of knowledge, they are 
often undervalued within current academic incentive structures. In this sense, replication 
studies are beneficial for the pursuit of truth but may be disadvantageous in the pursuit of 
status and academic recognition.

Summarizing table

The described examples of practices that hinder the pursuit of truth but advance the pursuit 
of academic recognition—and vice versa are summarized in Table 1.

Here, it should be noted that, although the quest for bibliometric scores incentivizes 
questionable research practices, it is definitely not the sole source of the problem. Ques-
tionable research practices similar to those listed in the table existed long before the intro-
duction of modern bibliometric measures. An example is data cooking, a term used by 
Charles Babbage (1830), who described it as “an art of various forms, the object of which 
is to give to ordinary observations the appearance and character of those of the highest 
degree of accuracy. One of its numerous processes is to make multitudes of observations, 
and out of these to select those only which agree, or very nearly agree. If a hundred obser-
vations are made, the cook must be very unlucky if he cannot pick out fifteen or twenty 
which will do for serving up. Another approved receipt, when the observations to be used 
will not come within the limit of accuracy, which it has been resolved they shall possess, 
is to calculate them by two different formulae. The difference in the constants employed in 

Table 1   Examples of activities that hinder the pursuit of truth but advance the pursuit of academic recogni-
tion—and vice versa

Type of activity Rating in relation to the 
quest for knowledge

Rating in relation to the 
quest for status and cre-
dentials

P-hacking Bad Good
Harking Bad Good
Selective reporting Bad Good
Statistical testing without sufficient power Bad Good
Well-powered replication studies Good Bad
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those formulae has sometimes a most happy effect in promoting unanimity amongst dis-
cordant measures. If still greater accuracy is required, three or more formulae can be used.”

Toward metrics that directly assess research quality

A meaningful complement to bibliometric indicators would be the routine reporting of 
transparent and auditable quality metrics at the level of academic journals, research groups, 
departments, institutions, and funding bodies. Several group-level research-quality meas-
ures have been proposed, and some have already been implemented.

The Rigor and Transparency Index (RTI) is a group-level measure of scientific report-
ing quality, primarily designed for biomedical and biological laboratory research (https://​
scisc​ore.​com). It is defined as the average score generated by SciScore across a set of pub-
lished articles. SciScore is an AI-assisted tool that scores individual papers on a 0–10 scale 
according to how well they report methodological details relevant to transparency and 
reproducibility (cf. Menke et al., 2020, 2022).

Another example is the Transparency and Openness Promotion (TOP) Factor, a numeri-
cal scoring tool introduced by the Center for Open Science in 2020 (cf. Grant et al., 2026). 
It was designed to assess journal policies related to open science and transparency, thereby 
complementing citation-based metrics such as the Journal Impact Factor. However, TOP 
Factor scores were no longer added or updated after February 2025, reflecting documented 
limitations of journal-level scoring, including concerns about the reliability of the scores 
and the interpretation of journal policies.

A third example is the Research Excellence Framework (REF), the United Kingdom’s 
official system for assessing the quality of research conducted in higher education institu-
tions. The REF rates research quality according to the following scale:

•	 4*—Quality that is world-leading in terms of originality, significance, and rigour.
•	 3*—Quality that is internationally excellent in terms of originality, significance, and 

rigour but which falls short of the highest standards of excellence.
•	 2*—Quality that is recognised internationally in terms of originality, significance, and 

rigour.
•	 1*—Quality that is recognised nationally in terms of originality, significance, and rig-

our.
•	 U/C—Quality that falls below the standard of nationally recognised work, or work that 

does not meet the published definition of research for the purposes of the assessment.

A limitation of the latter approach is that it relies substantially on expert assessment 
and therefore involves an element of subjective judgement. Below, we outline a set of con-
crete research-quality indicators that may be used to evaluate different types of empirical 
research without relying on expert judgement or requiring prior clinical knowledge of the 
subject area being investigated.

Examples of proposed research quality metrics

•	 Proportion of reported studies with publicly available (ideally preregistered) protocol 
and analysis plans.

https://sciscore.com
https://sciscore.com
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•	 Proportion of reported studies with raw data and analytical algorithms publicly 
available within 6 months after publication of a study report.

(cf. Ioannidis et al., 2014).

•	 Proportion of confirmatory statistical analyses that have an acceptable statistical 
power or precision.

(cf. Jennions & Møller, 2003; Pejtersen et al., 2015).

•	 Proportion of studies with a pre-specified statistical analysis plan that were con-
ducted without changing, adding, or omitting any primary outcome.

(cf. Chan et al., 2004).

•	 Proportion of research studies with loss to follow-up below a predefined negligible 
threshold (e.g., <5%).

(cf. Dettori, 2011).

•	 Average percentage of applicable reporting-guideline items adequately addressed 
across relevant studies.

o	 CONSORT (randomized controlled trials)
o	 TREND (non-randomized intervention studies)
o	 STROBE (observational studies)
o	 PRISMA (systematic reviews)
o	 ARRIVE (animal studies)
o	 COREQ [qualitative studies (indepth interviews and focus groups)]

(cf. Des Jarlais et  al., 2004; Moher et  al. 2001; Page et  al., 2021; Percie du Sert 
et al., 2020; Tong et al., 2007; von Elm et al., 2007)

•	 The Rigor and Transparency Index (RTI) for biomedical and biological laboratory 
studies.

(cf. Menke et al., 2020, 2022).

•	 Average percentage of affirmative answers to ReMarQ items across systematic 
reviews.

ReMarQ [Reported methodological quality of medical systematic reviews], con-
sisting of dichotomous items and whose application does not require subject content 
expertise, may be important (i) in supporting an efficient quality assessment of system-
atic reviews and (ii) as the basis of automated processes to support that assessment.” 
(Marques-Cruz et al., 2025a).
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Hypothetical research quality report

To illustrate what a summary statement of an institute’s research output might look like 
when traditional bibliometric measures are complemented by indicators of scientific rigor 
and transparency, we provide an account of the research output of a hypothetical OHS 
research institute, hereafter referred to as The Institute.

In 2028, The Institute published 200 articles in peer-reviewed journals, corresponding 
to 3 publications per researcher full-time equivalent (FTE), of which 132 (66%) were pub-
lished in top-tier journals. Using fractional counting, whereby publication credit is divided 
equally among all co-authors, The Institute’s contributions to these 200 publications cor-
responded to 20 full publications (0.3 per researcher FTE).

Of the peer-reviewed studies, 100 were either randomized trials (n = 25), non-rand-
omized intervention studies (n = 25), observational follow-up studies (n = 40), or 
case–control studies (n = 10) examining the effects of exposures among human partici-
pants. In these studies, 50% of the reported analyses had a prespecified and publicly avail-
able statistical analysis plan, 10% had adequate statistical power (> 80%) to detect a weak 
effect of the intervention or exposure under study on the primary outcomes, and 40% had 
less than 5% loss to follow-up. The average percentages of adequately addressed report-
ing-guideline items were 78% for CONSORT, 56% for TREND, and 81% for STROBE. 
Among analyses with a prespecified statistical analysis plan, 40% were conducted with-
out changing or adding any primary outcomes. A weak effect was defined as an absolute 
Cohen’s d of 0.2 for continuous outcomes (cf. Cohen, 1988) and a risk ratio of 1.2 or 0.83 
for binary outcomes (cf. Monson, 1990).

Twenty of the peer-reviewed studies were systematic reviews, with an average of 80% 
affirmative answers to ReMarQ items and an average of 75% of PRISMA items adequately 
addressed.

Twenty of the peer-reviewed studies were qualitative studies using in-depth interviews 
or focus groups, with an average of 72% of COREQ items adequately addressed.

Thirty of the journal articles reported biological laboratory experiments. The Rigor and 
Transparency Index for scientific reporting in these studies was estimated at 4.8 points.

The remaining 30 papers comprised cross-sectional descriptive studies (n = 10), study 
protocols (n = 8), economic cost analyses (n = 3), narrative reviews (n = 3), methodology 
papers (n = 3), an ethnographic study (n = 1), a tutorial (n = 1), and an opinion paper (n = 
1).

Raw data and analytical algorithms were publicly available within 6 months after publi-
cation in 20 out of 135 quantitative empirical studies.

Discussion

As previously mentioned, the number of citations and research publications are com-
monly used measures of academic impact (influence), and it is natural that academic 
journals, funding agencies, research departments, as well as individual researchers, seek 
to ensure that the research they conduct or fund is as influential as possible. However, 
it is important to recognize that bibliometric measures alone do not distinguish between 
positive and negative forms of influence (cf. the table in the section on citations). Like-
wise, it is often unclear whether exceptionally high academic impact reflects genuinely 
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high research skills and productivity or whether it is partly driven by extensive use of 
questionable research practices and co-authorship alliances. We therefore propose that 
the evaluation of research outputs could be improved by complementing bibliometric 
measures with metrics that assess research quality more directly.

This proposal is consistent with broader initiatives promoting responsible research 
assessment. The San Francisco Declaration on Research Assessment (DORA) cautions 
against using journal-based metrics, particularly the Journal Impact Factor, as prox-
ies for the quality of individual research contributions, and emphasizes assessment of 
the content of research rather than its publication venue (Cagan, 2013) Similarly, the 
Leiden Manifesto recommends that quantitative indicators support rather than replace 
qualitative expert assessment and stresses that indicators should be transparent, context-
sensitive, and used with awareness of the incentives they create (Hicks et  al., 2015). 
Empirical findings from The Metric Tide likewise showed that individual bibliometric 
and altmetric indicators could not provide a like-for-like replacement for peer review in 
the UK Research Excellence Framework (Wilsdon, 2015). These perspectives support 
our argument for complementing conventional bibliometrics with more direct measures 
of research quality, while also indicating that such measures should inform rather than 
mechanically determine research assessment.

In the above section, we listed some examples of research quality indicators that 
have been suggested in the literature and provided an illustration of what a summary 
statement of the research output in a hypothetical research institute might look like if 
traditional bibliometric measures were complemented by indicators of scientific rigor 
and transparency. Theoretically, such a statement could be achieved through manual 
post-publication peer review. However, manually reviewing hundreds of papers would 
be very costly and time-consuming. Hence, to make such quality indicators fully opera-
tional and practical to apply, two steps are required. First, indicator-specific inclusion 
criteria must be defined (i.e., whether a given study or analysis is relevant and should 
be included in the denominator of a particular quality measure). Second, it is necessary 
to find or develop a tool that can (i) process a list of references with links to the corre-
sponding papers, (ii) examine these papers and identify the studies or analyses that meet 
the inclusion criteria for a given quality indicator, and (iii) assess the extent to which 
the corresponding success criteria have been satisfied.

We strongly believe that such a task could be accomplished by Large Language Mod-
els (LLMs) (cf. Khan et  al., 2025; Mahmoudi et  al., 2025) and that, accordingly, tool 
development would primarily involve the formulation and systematic testing of chatbot 
prompts. It should be noted that a validated LLM-based tool already exists for the evalu-
ation of the quality of systematic reviews, with 20 yes/no questions for reviews without 
meta-analyses and six additional questions for reviews with a meta-analysis (Marques-
Cruz et al., 2025b).

There have also been less successful attempts to use LLMs to evaluate research quality. 
For example, Thelwall (2025) discussed two attempts to estimate research quality using an 
LLM. The first quality indicator was based on LLM predictions of future citations, while 
the second involved an LLM-based rating of the Research Excellence Framework. Thelwall 
concluded that such LLM-based scores are less transparent than citation counts. The lat-
ter approach is a typical example of a research quality rating that relies heavily on expert 
assessment. In contrast, the quality indicators proposed in the present commentary typi-
cally consist of dichotomous items that can be assessed without subject-matter expertise.

Finally, it should be noted that (i) the potential quality indicators listed in the pre-
sent commentary are limited to the evaluation of empirical research, (ii) the list is not 
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exhaustive, and (iii) the quality indicators apply only to published and peer-reviewed work 
and do not reflect research waste resulting from unpublished studies.

We hope that the present commentary will inspire the development and dissemination 
of practical tools for evaluating research quality. We further hope that research quality indi-
cators will be widely adopted as a complement to bibliometrics in future evaluations of 
research outputs, as this may incentivize scientific rigor and, in turn, reduce research waste 
resulting from flawed study design or execution, biased or unusable reporting, and publica-
tion bias.
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