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Abstract

Research evaluators and scientometricians sometimes promote the message of responsible 

bibliometrics through initiatives like the Leiden Manifesto, but these do not mention Large 

Language Models (LLMs). Since there is evidence that LLMs can make quality predictions 

for journal articles that correlate more strongly with expert judgements than do citation-

based indicators in most fields, they may start to supplement or replace citation-based indi-

cators for some applications. This paper compares responsible evaluation principles from 

the Leiden Manifesto with those necessary for LLMs, finding them all to be still relevant. 

It also includes a discussion of how they apply to human expert review and the differences 

between the three approaches. For example, transparency is inherently weak for LLMs, 

since their decision-making processes are too complex to fully understand (similarly for 

experts). Conversely, LLMs may be able to address some issues that citation-based indica-

tors can’t, such as by adapting prompts to the goals of an evaluation. Other issues impact 

differently. For example, LLM evaluations might encourage authors to customize articles 

to persuade LLMs, whereas bibliometric evaluations might encourage authors to solicit 

citations. Finally, two additions to the Leiden Manifesto targeting LLM-supported research 

evaluations are proposed. First, the cost/benefit tradeoff should be considered when decid-

ing which approach to use. In resource-poor contexts or for minor evaluations, it may be 

irresponsible to implement otherwise fully responsible solutions. Second, LLM evaluations 

need to comply with national copyright law when processing academic texts: the ability to 

access a text does not always entail permission to automatically process it.

Keywords Responsible research evaluation · Large language models · Leiden manifesto

Introduction

Research evaluation is often used to support decision-making: job applicants may be 

judged on the quality of their work, departmental funding might be dependent on positive 

research quality or volume evaluations, and national policy may be informed by estimates 

of the areas in which the country is stronger than its competitors. Depending on the scale 
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of the evaluation and the choices made, the approach may be primarily qualitative in the 

form of expert review, primarily quantitative, such as with scientometric approaches, or a 

mix of the two (Moed, 2005; Wilsdon et al., 2015).

Assuming that there are finite resources to allocate, research evaluations always cre-

ate winners and losers, irrespective of the approach used. Thus, it is not only important to 

ensure that the research evaluations are as accurate as possible, but also that they are not 

biased in a way that would undermine the system goals, including fairness (Dahler-Larsen, 

2011). These two considerations are not the same: inaccuracy increases the chance that an 

individual evaluated entity (e.g., researcher, department, research field) has an inaccurate 

evaluation, whereas bias entails a group of evaluated entities tending to be given a score 

that is too high (or too low) (Wilsdon et  al., 2015). The two considerations of bias and 

inaccuracy also do not always fully align: if the research evaluation method that is the most 

accurate overall also has a substantial bias against a particular group (e.g., women, ethnic 

minorities, applied researchers), then it might be unacceptable for reasons of social equity 

or national policy. As discussed below, many initiatives for responsible research evaluation 

centre on bias and inaccuracy and some also foreground transparency as a way for those 

evaluated to protect themselves against inaccuracy and bias.

It seems uncontroversial to suggest that research evaluations ought to be as responsible 

as possible, in the sense of minimising inaccuracy and bias and maximising transparency 

as far as is practical in the context of the goals and available resources (Hicks et al., 2015; 

Wilsdon et  al., 2015). It also seems like good practice to be honest about the extent to 

which any problems remain. Whilst these issues have been extensively discussed for bib-

liometrics, Large Language Model (LLM)-based quality scores potentially provide a more 

useful overall level of quantitative evidence, in the sense of correlating more strongly with 

expert scores in most fields (Thelwall, 2025a). It is therefore important to revisit bibliomet-

ric discussions of responsible bibliometrics to help ensure that applications of LLM scores 

are responsible from the start. This article first discusses ways in which LLMs can support 

research evaluations. It then introduces some high-profile responsible research evaluation 

initiatives for bibliometrics and focuses on the considerations that are relevant to the use 

of LLMs to support research evaluation. It uses the Leiden Manifesto for bibliometrics as 

a framework to discuss the main commonalities and differences between LLMs, bibliomet-

rics, and expert review for responsible research evaluations. Finally, it introduces an exten-

sion of the Leiden Manifesto for LLMs.

LLM research quality score applications

There have been many attempts to introduce Artificial Intelligence (AI) in the form of tradi-

tional machine learning into research evaluation, such as to predict long term citation rates 

for recently published articles (Ma et al., 2021). Nevertheless, they do not seem to have led 

to any practical applications. The situation seems to be changing with the rise of LLMs, 

which have some capability to follow human instructions for text processing tasks (Ouyang 

et al., 2022) and perform well in many cases (Kocoń et al., 2023). The first research evalu-

ation context that typical academics may meet LLMs is peer review, whether translating 

their own review or receiving a review from a reviewer that has broken confidentiality and 

trust by using an LLM to write the review from the article (e.g., Liang et al., 2024).

An LLM is an AI system that has been trained to recognise patterns in text at a 

deep level (in a multi-layer network) by ingesting a large body of documents using the 
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“transformer” information processing architecture. The best-known examples of LLMs 

are the generative type, which can leverage knowledge of text patterns to write good qual-

ity text, often in many languages. The well-known LLMs are also given an extra training 

stage to help them learn how to respond to human requests. This functionality is typically 

exposed through a chat interface, such as chatgpt.com or deepseek.com or, for direct access 

by computer programs, through an Applications Programming Interface (API). In addition, 

“open weights” LLMs can be downloaded as huge files and run locally, which is useful 

when secure processing is needed.

An important practical aspect of LLMs is the need to curate prompts to elicit the most 

useful information from them. Whilst they seem to be good at responding appropriately 

to any reasonably expressed request, prompt optimisation can improve their results (e.g., 

Wang et al., 2025).

Early evidence suggests that LLMs have a technical capability to challenge bibliomet-

rics as the most accurate scientific research quality indicator. Specifically, small-scale stud-

ies have shown that research quality judgments by ChatGPT for submitted or published 

articles correlate positively with private human judgements or scores (Saad et  al., 2024; 

Thelwall, 2024) and in some cases for public scores (Thelwall & Yaghi, 2025b; Wu et al., 

2025; Zhou et al., 2024). In addition, a large-scale study has suggested that ChatGPT qual-

ity predictions may correlate to a greater extent than citation-based indicators with research 

quality scores for most academic fields (Thelwall & Yaghi, 2025a; Thelwall et al., 2025; 

Thelwall, 2025a). Since this accuracy creates the possibility that LLMs may complement 

or replace citation-based indicators in the future, it is important to consider how this might 

impact on considerations for responsible indicators.

In theory, LLMs could be used for most evaluation roles that citation-based indicators 

currently fill. The main current exception is that some citation indicators are network-

based, such as evidence of the countries in which a nation’s or journal’s citations mainly 

originate (Schubert & Glänzel, 2006; Zhang et  al., 2009). No LLM approach so far has 

generated network type information, although LLMs are networks and might use similar 

types of networked connected information in their evaluations. This section discusses some 

likely research evaluation applications of LLMs.

Support for article‑level expert quality ratings

Individual articles sometimes need to be assessed or scored for quality for job-related rea-

sons (appointments, tenure, promotion), impacting academic careers. Currently these eval-

uations might be formal (e.g., asking experts to read and score articles) or informal (e.g., 

forming a quick impression of a candidate’s research strengths by browsing their CV). 

Heuristics seem likely to be used for quick informal evaluations and those made by people 

that are not experts on the candidate’s topics. These might typically include journal repu-

tation, journal citation rates, and article citation counts. Overinterpreting the results is a 

common cause of concern, in the sense of having too much confidence in the conclusions 

drawn from this data (Rushforth & De Rijcke, 2024). LLMs could be used in a similar way, 

in theory. In practice, it seems unlikely that LLMs would often be used well in this role 

since they need some knowledge to set up and their scores are not individually meaningful 

but are only useful when they are transformed into ranks within a set of documents (Thel-

wall, 2024). Thus, LLMs are currently more of a threat (from evaluators taking individual 

scores seriously) than a benefit in this role, until a system exists that would generate mean-

ingful score predictions (e.g., scaled to align with human judgement or ranked).
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LLMs might currently be most useful for large-scale formal evaluations like the UK 

Research Excellence Framework (REF), which individually scores over 100,000 journal arti-

cles and uses citation-based indicators in a minor role for some health and physical sciences 

fields and economics. The citation-based indicators are carefully selected and curated, and the 

same could be achieved for LLMs scores. They might also be useful for a wider range of fields 

than bibliometrics, including some where they had a stronger correlation with expert judge-

ments than do citation rates (Yaghi & Thelwall, 2025a).

Departmental‑level evaluations

In some situations, departments are evaluated as a whole, either individually by benchmarking 

them against other similar departments or as part of a national evaluation of all departments of 

a given type. For example, France uses self-evaluations with follow up visits by experts (Hcé-

res, 2025). For whole department evaluations, it seems plausible that average LLM scores 

could be calculated as an additional indicator to citation-based indicators, if used. It would 

be interesting to see if this helped any department type. Again, LLMs might be used across a 

wider range of fields than citations currently are.

National and international comparisons

In theory, citation-based bibliometric analyses of national strengths and weaknesses, as 

included in periodic reports by or for governments (e.g., Science, Research and Innovation 

Performance of the EU: EC, 2024) could be supplemented by a section on LLM scores, poten-

tially expanding indicator coverage beyond fields for which citation-based indicators have the 

most value.

JIFs

Average LLM scores for articles published by a journal can be calculated as an alternative to 

the average citation rates of the Journal Impact Factor (JIF) and similar formulae. The results 

from the two approaches correlate positively and moderately or strongly, depending on the 

field. Moreover, the LLM version may be fairer to journals that attract relatively few citations 

because the citing journals are not included in a citation index (Thelwall & Kousha, 2025).

An advantage of LLM-based journal quality indicators is that they could be based on the 

most recent year of published articles, rather than older articles, as currently used for all well-

known citation-based journal impact indicators. This would make the results more current. A 

potential disadvantage is that if LLM-based journal ranking becomes common then publishers 

and editors may attempt to at least partly target the journal’s formatting requirements or style 

guidelines towards LLM-friendly elements. It is not clear what this would entail. Of course, 

many or all problematic uses of JIFs in research evaluation would also be problematic for 

LLM variants.

Responsible bibliometrics initiatives

This section focuses only on responsible bibliometrics because general discussions of 

responsible AI are mostly not directly relevant (Zhang et al., 2024). Considerations of cop-

yright, security and privacy for AI are important, however.
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The most well-known general responsible bibliometrics initiative is the Leiden Mani-

festo (Hicks et al., 2015). The goal of its ten principles, discussed individually below, is to 

reduce the chance that bibliometrics are used unwisely for research evaluation. The Met-

ric Tide (Wilsdon et  al., 2013) is more UK focused, and its 20 points cover wider sys-

tem issues without adding research evaluation principles not included in the Leiden Mani-

festo. A 2022 review had a similar focus and also did not add to the principles, although it 

included the recommendation that all stakeholders should co-design research assessments 

(Curry et al., 2022). Finally, the CoARA Agreement on Reforming Research Assessment 

(coara.eu/agreement/the-agreement-full-text) from 2022 contains ten main points but only 

the first four cover the details of research assessments. Point 3 cautions against inappro-

priate indicator use, mentioning the h-index (covered implicitly by the Leiden Manifesto 

point 7) and Journal Impact Factors, which the Leiden Manifesto criticises but does not 

explicitly recommend against. CoARA point 4 cautions against using commercial univer-

sity rankings in any assessment. Thus, overall, the Leiden Manifesto is the best starting 

point for a discussion of responsible use of indicators to support research evaluation. It is 

discussed in detail in the next section.

There are other prominent initiatives against inappropriate uses of specific types of indi-

cators as part of a wider movement for assessment reform (Rushforth, 2025; Rushforth 

& Hammarfelt, 2023). The San Francisco Declaration on Research Assessment (DORA; 

sfdora.org) campaigns against overuse of journal-based indicators in the belief that 

research evaluation should focus on articles rather than publication venues and that focus-

ing too much on journals creates a perverse incentive that is unhealthy to the diversity of 

scientific publishing. This follows many years of criticisms of article-level citation-based 

indicators and journal impact factors (e.g., MacRoberts & MacRoberts, 2018; Rushforth & 

De Rijcke, 2015; Seglen, 1998; Zhang et al., 2017).

In parallel, More Than Our Rank (inorms.net/more-than-our-rank) campaigns against 

reliance on league tables of universities. Focusing on league tables can cause perverse 

incentives, such as hiring academics for their citation rates or prizes rather than their abil-

ity to support the university goals (if different). These league tables usually either rely on 

citation rates or have them as an important component, but the other methods used are also 

flawed. For example, reputational surveys favour older and larger institutions because more 

academics will know them, giving them a larger potential voter base (Gadd, 2020; Vernon 

et al., 2018).

As these examples show, specific problems with bibliometrics and related research eval-

uation methods have produced initiatives to combat them. With the rise of AI support for 

research evaluation, potential new problems must also be considered.

Leiden Manifesto principles: Relevance to LLM scores

Issues relevant to the responsible use of LLM-based quality scores are partly the same 

as for bibliometrics and partly different, with some new considerations. This section dis-

cusses the relevance of each of the ten Leiden Manifesto principles for LLM scores, and 

any adjustments needed.

The ten Leiden Manifesto principles are arguably desirable goals for all research assess-

ments. Nevertheless, there will be situations where they do not apply or cannot be achieved. 

For example, transparency may not be attainable if privacy is needed for an assessment, as 

in the UK REF2021.
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Quantitative evaluation should support qualitative, expert assessment

Why? This principle is important because all quantitative indicators necessarily simplify 

the complex context of research, have limitations in accuracy, and add systematic biases 

towards whatever the indicator measures. For example, if citation-rates are used on their 

own then the system will reward high citation specialities, incentivising research into 

them. Using expert review safeguards against this as well as giving the potential to con-

sider more information and context. Biases (in the form of a tendency for inappropri-

ately higher or lower scores for one group, as defined above) are arguably more prob-

lematic than inaccuracy, given that human experts also differ, and so even expert review 

is imperfect at assessing academic research. Accuracy is more important at finer-grained 

levels of assessment.

LLMs. This principle is likely to be the same for LLMs as for other quantitative indi-

cators, even though LLM scores mimic human peer review. This is important partly 

because LLMs do not evaluate scientific texts but only guess at their quality through 

advanced text pattern processing and inference. There may also be systematic biases in 

LLM scores.

Since LLM evaluations are relatively new, little is known about their biases. In con-

trast, some bibliometrics have been shown to have gender biases (e.g., career citations 

favour males), most have international biases, and there may also be institutional, rep-

utational and interdisciplinary disparities (e.g., Paris et  al., 1998; Schisterman et  al., 

2017). For ChatGPT-based evaluations some fields get substantially higher average 

scores than others (Thelwall & Yaghi, 2025a), and some countries get higher scores, as 

do articles with longer abstracts (Thelwall & Kurt, 2025) but little else is known about 

any other disparities. Moreover, it is not clear whether these disparities are biases or 

reflect underlying quality differences.

Research in other contexts has shown that apparently objective mathematical algo-

rithms can be biased if they are fed with unbalanced data or misleading assumptions by 

their engineers. They can also generate new biases as an unintended side effect of their 

data and algorithms (Akter et  al., 2022; Baeza-Yates, 2016). Thus, it is reasonable to 

expect that LLMs will have learned biases from their inputs and may also have gener-

ated new ones. The extent and nature of these is not known, however. It is therefore an 

important due diligence step for researchers to test LLM scores for the most likely and 

worrying types of disparity.

Measure performance against the research missions of the institution, group, 

or researcher

Why? This seems to be inherently desirable for all forms of research evaluation and so 

does not need an explicit justification. Nevertheless, it often seems to be ignored, per-

haps with an implicit assumption that the goal is to evaluate research quality or excel-

lence, or that whatever methods are adopted must be appropriate, especially if there are 

no practical alternatives. Some examples of missions or goals are briefly discussed here.
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Goal: produce high quality research

Why? Rewarding high quality research seems to be the most common goal for research 

evaluations. The purpose might be to build scientific knowledge, attract and keep good 

researchers, or to increase reputation or improve rankings.

Expert review. If the evaluation goal is to assess research quality, then field experts 

would probably be widely recognised as the ultimate arbiters of this because fields form 

communities that manage their own standards and rules (Becher & Trowler, 2001). Thus, 

expert review is the optimal strategy. Nevertheless, experts disagree (e.g., Malički & 

Mehmani, 2024), there may be insufficient specialist expertise to evaluate all the research 

and expert time is expensive. Indicators sometimes supplement experts because of the first 

two reasons (and to guard against human bias) and replace them because of the last one.

Citations. Citations are sometimes used to help evaluate research quality. Nevertheless, 

quality is usually thought of comprising originality, rigour and societal/scientific signifi-

cance (Langfeldt et al., 2020) and citations primarily reflect scientific significance or vis-

ibility (Aksnes et al., 2019) so they are imperfect in this role. Since citation-based indica-

tors correlate positively with research quality in most fields (Thelwall et al., 2023) they can 

still provide useful information. For example, they may help when experts disagree or for 

large-scale comparisons when it is reasonable to believe that their inaccuracies will average 

out enough that the results are useful, despite bias towards scientific impacts.

LLMs. LLMs can be configured to assess/guess research quality scores through their 

system instructions and so, in theory, they can cover the concept more completely than can 

citation-based indicators. This hypothesis is supported by evidence that their scores corre-

late more strongly with expert scores than do citation-based indicators in most fields (Thel-

wall, 2025a). If the goal is the generic one of assessing research quality, then the LLM 

prompt might ask the LLM to assess an article for the three core dimensions of rigour, 

significance and originality (Langfeldt et al., 2020). They would only be able to follow any 

instructions partially, however. For example, they may lack an ability to assess the rigour of 

mathematical proofs, conceptual frameworks, or statistical methods details.

Goal: produce societal impact or support local development

Why? Rewarding societal impact or local development is an increasingly common goal for 

research evaluations, such as with the Impact Case Studies component of the UK REF. 

This is a natural goal for governments seeking a national return or advantage from their 

investment in research.

Expert review. Expert and/or end user or stakeholder review logically seem to be the 

best choices for direct assessment of societal impact or local development. Nevertheless, 

assessing the societal impact of academic research may be difficult for non-academics, who 

may necessarily focus on their own industry sector or experience and who may not have 

expertise at evaluating academic research.

Citations. Citations would be a weak choice for these evaluations because they primar-

ily reflect scientific influence.

LLMs. LLMs may have some capacity to assess societal impact or local development 

since LLM prompts could be explicitly tailored for assessing this. This has been shown to 

work reasonably well for UK Impact Case Studies in terms of correlating positively and 

moderately strongly with expert scores (Kousha & Thelwall, 2025).
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Goal: produce scientific impact or value to science

Why? Rewarding scientific impact or value to science rather than research quality in 

general may be argued for on the basis that the point of science is progress and that 

there is little value in research that is not used. This seems to be a minority opinion for 

several reasons. First, if we only reward research that has scientific impact within the 

timeframe of an evaluation (e.g., reflected by citations) then we incentivise citation-

chasing research, narrowing the scope of scientific activity. Second, publications also 

serve to certify the competence of researchers for appointments, grants, consultancy, 

reputation, and PhD supervision. Thus, rewarding more general research competence 

through publication is useful and can have longer term benefits in follow-up scientific 

impact. Third, it is difficult to predict which research areas will have future scientific 

value so it may be unhelpful to penalise people that guess wrong. For example, research 

into rapid vaccine development and airborne virus transmission became dramatically 

more important during 2020, but this importance could easily have emerged in 2010 or 

2030 instead. Finally, and perhaps most importantly, the ultimate purpose of science is 

to help society so a focus on influence within science itself is ultimately pointless and 

risks encouraging inward-looking research (e.g., Tourish, 2020).

Expert review. If the evaluation goal is to reward contributions to scientific progress 

then review by field experts seem to be the authoritative choice because these organise 

fields (Becher & Trowler, 2001). Since experts disagree, using multiple experts and tak-

ing a consensus or average can increase accuracy. Of course, experts can have their own 

biases (e.g., toward their own field/approach/country/gender/friends), so any system 

using expert review would need to reduce the chance of this, such as through training or 

monitoring.

Citations. On the basis that citations can acknowledge prior work that the citing 

paper builds on (Merton, 1973), some argue that citations are better than peer review 

for recognising scientific impact or value to science (Rushforth & Hammarfelt, 2023). 

This is because each citation is potentially direct evidence of contributions whereas 

expert opinions are subjective and can be biased. Nevertheless, there are many reasons 

for citing, some of which are negative and many of which are relatively trivial (Mac-

Roberts & MacRoberts, 2018; Seglen, 1998). Moreover, some work that is important to 

science does not get cited because it provides a definitive answer to a question so that 

there is no need for follow up. For example, suppose that a short weak paper introduces 

a question with an unknown answer (e.g., can LLMs provide useful research quality 

scores for journal articles?) or a wrong answer (e.g., cold fusion works). If the ques-

tion is judged interesting, then the paper might get a high citation count from many 

follow-up papers but the article that answers the question definitively might get few or 

no citations because it has closed the topic. Similarly, methods contributions can get 

extremely highly cited because they become the standard choice for a popular technique 

even though there are similar alternatives (so the paper’s unique contribution is minor), 

and some papers reporting demographic or other summary statistics (which are arguably 

not research in most fields) can be highly cited as background information for papers on 

a popular topic.

LLMs. LLMs probably have some capacity to assess scientific impact through 

prompts tailored for assessing it. Large-scale evidence of positive correlations between 

citation-based indicators and (overall) research quality scores (Thelwall, 2025a) sug-

gests that this is likely, even though both are imperfect indicators of scientific impact. 
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A prompt designed purely for scientific impact would presumably perform better. This 

would be difficult to directly test in practice, however, since it would need a large-scale 

source of expert judgements about the scientific impact of articles separately from their 

rigour, originality, societal impact, and other properties. Currently the only large-scale 

evidence sources cover all dimensions simultaneously. Thus, whether LLMs can guess 

scientific impact better than citation-based indicators is likely to remain unknown for a 

long time.

Goal: increase scientific reputation

Why? Institutions and governments often seem to be more concerned with reputation 

than achievement in science, although the two are linked (Salter & Martin, 2001). A good 

national reputation for science can bolster confidence in a government, whereas a good 

university or country reputation for science can attract students, resources, and academic 

experts. In some cases, the link can be tangible and direct. For example, a position within 

the top 100 of a reputation-based university ranking can be necessary for some interna-

tional mobility funding or for certain careers in some countries, even if the rankings lack 

validity. For this reason, some universities have university league table ranking positions as 

core mission targets and some departments and countries may consider this too.

Expert review. Reputation is inherently a subjective human property, so the opinions 

of the relevant target group are the gold standards unless a specific league table (however 

poor) is the mission target.

Citations. Citations may reflect reputation better than they reflect scientific impact 

based on the Matthew effect hypothesis that reputation attracts a disproportionate share of 

citations (Merton, 1968). Nevertheless, overall research quality may be more important for 

reputation than purely scientific impact (as primarily reflected by citations) and, as men-

tioned above, citations have limitations like rewarding early work triggering research more 

than later work definitively solving problems.

LLMs. As for scientific impact, LLMs probably have some ability to score research for 

reputation. Two advantages over citations are that they can be explicitly asked to assess 

reputation through customised prompts, and they seem to include huge amounts of text 

from the web in their training data (e.g., Almazrouei et  al., 2023; Stryker, 2025). Thus, 

they may have insights into reputation outside academia, at least in theory.

Protect excellence in locally relevant research

Why? This seems to be desirable for all forms of research evaluation because locally rel-

evant research is unlikely to be conducted far away. Thus, undervaluing locally relevant 

research will discourage it, reducing the value of academic research overall. For example, 

if analyses of international law are valued above analyses of national law, then a shortfall 

of research into national laws may result. In addition, locally relevant research may be nec-

essary to translate or adapt global research findings for the local context to make it useful.

Expert review. Expert reviewers can be explicitly told to value locally relevant research 

despite a lack of international attention. In REF2021, for example, reviewers for broadly 

arts and humanities areas were cautioned that, “The terms ‘world-leading’, ‘international’ 

and ‘national’ will be taken as quality benchmarks within the generic definitions of the 

quality levels. They will relate to the actual, likely or deserved influence of the work, 

whether in the UK, a particular country or region outside the UK, or on international 
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audiences more broadly. There will be no assumption of any necessary international expo-

sure in terms of publication or reception, or any necessary research content in terms of 

topic or approach.” (REF2021, 2019, p. 47).

Citations. Citation-based indicators seem likely to be poor at this since they typically 

are international in scope, although there are exceptions like the Chinese Science Citation 

Database. Internationally relevant research therefore usually has a wider pool of potentially 

citing articles. This hypothesis does not seem to have been tested empirically, although 

international collaboration associates with more citations (Leydesdorff et al., 2019).

LLMs. LLM prompts can be explicitly tailored to request higher scores for locally rel-

evant research, and there is some small scale evidence that this can work (Thelwall & Nun-

koo, 2026).

Keep data collection and analytical processes open, transparent, and simple

Why? Open, transparent and simple processes allow those evaluated, or affected by an eval-

uation, to see and understand the details of the mechanism used to evaluate them. This may 

give confidence in the evaluation system and may improve it if errors can be identified and 

corrected. In addition, this can help with feedback to the assessed academics, helping them 

to improve and may be seen as desirable for natural justice (Colquitt et al., 2001; Heffer-

nan & Flood, 2000). In practice, transparency is always partial. It may also not always be 

desirable, for example if public knowledge of low scores for individual researchers could 

cause them reputational or emotional harm (especially if the results are wrong) or might 

subject the evaluation system to large-scale legal attacks that would make it untenable. 

Thus, secrecy for parts of the process, such as the results, may be desirable. Of course, a 

deliberate lack of transparency is common in research: authors are rarely told the identities 

of the reviewers rejecting their papers or giving a low score to their grant applications (i.e., 

single/double blind peer review), and some decisions are made without any rationale.

Expert review. Expert review is arguably simple and can have elements of transparency 

if the names of the evaluators are known, the evaluation procedures are public, and the 

evaluators must submit a written justification of their scores, as in some forms of open peer 

review. In some but not all cases, these justifications may be reasonable and clear, such as 

by reporting that an article was given the lowest score because of a fundamental methodo-

logical mistake or a highest score because it solved a well-known problem. Nevertheless, 

many and possibly most research scoring decisions are probably subjective and not clear 

cut, with the associated justifications therefore being inherently imprecise. Moreover, no 

justifications could reveal the thought processes that led to their decisions and thought is 

in any case as complex as a human brain and at least partly subconscious and intuitive. For 

example, grant reviewers seem to be influenced by their emotional reactions to applications 

(Brunet & Müller, 2024), perhaps scoring those highest that they find most exciting.

Citations. The most transparent system seems to be citation-based indicators from the 

bibliometric database OpenAlex since it publishes the source code of all the algorithms it 

uses (Priem et al., 2022). This is still not full transparency because its citation counts are 

based on citations made by millions of individual scientists for unknown reasons and with 

unknown influences. Other citation indexes have varying lesser degrees of transparency. 

Although the algorithms required to build and maintain a citation database are complex 

and cannot meet the simplicity criteria, citation-based indicator formulae can. The sim-

plest citation-based indicator that works is preferable to a more complex one because those 

evaluated will be able to understand and check it more easily. In practice this rule favours 
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simple field normalised indicator formulae based on citation ratios (Waltman et al., 2011) 

rather than complex formulae or matrix-based iterative algorithms.

LLMs. LLMs have different transparency issues to peer review, and it is useful to com-

pare them to get insights into both. Whilst the processes going on inside a reviewer’s brain 

are invisible when they cogitate over what they have read and experienced when turning 

their knowledge into a score/judgement and report, the weights within an LLM that led 

to any score can be published if an open weights LLM (e.g., Hanke et al., 2024) is used. 

An Open Source LLM goes further by having transparent inputs (more so than a human 

reviewer): it is trained on a declared corpus. Thus, although the largest LLMs currently 

are not transparent, there are technologies that allow them to be. These seem to be minor 

advantages, however, given the overall complexity of even the smallest LLM, as discussed 

below.

The LLM input data collection process in terms of identifying the correct information 

for each article evaluated (e.g., its title and abstract) should be open, transparent, and sim-

ple as far as possible. This is not a trivial issue since there can be problems with different 

versions of articles, even those with DOIs. For transparency, the name and version of the 

LLM used can also be declared, as can the prompts and procedure to obtain the final grade 

(e.g., averaging five scores).

For analytical processes, all LLMs fail to be simple because of their high complexity. 

This complexity (e.g., at least 7 billion parameters for most small current LLMs) makes 

any model parameter information useless for anything except replicability. Thus, model 

transparency is not a practical advantage over peer review and is less helpful than for cita-

tions. Whilst it would be possible (and perhaps more practical/cheaper than with human 

reviewers) to use LLMs to generate reasoned score explanations to improve transparency it 

is not clear yet that these would be helpful. This because LLMs seem to be good at creating 

plausible explanations even for poor decisions (e.g., Du et al., 2024).

Allow those evaluated to verify data and analysis

Why? As for the above case, allowing the people evaluated to verify the data and analysis 

helps to build confidence in the evaluation system, to reduce errors, and may be fairer by 

protecting researchers to some extent from the adverse effects of errors.

Expert review. For expert review this might mean the chance to check that the correct 

research was evaluated (i.e., the data) and/or to post a rebuttal to an evaluation (i.e., the 

analysis). The latter is sometimes used in grant review processes (e.g., for UK Research 

and Innovation, UKRI). Rebuttals may not be practical for large-scale article-level evalua-

tions, however.

Citations. For citations this seems to mainly entail allowing those evaluated to check 

for errors, such as missing citations, incorrectly applied formulae, or incorrectly classified 

articles.

LLMs. The largest current LLMs and some open weights LLMs arguably fail this for 

analysis processes in the sense that they do not publish their data sources (e.g., the docu-

ments used in their original training data), and these influence how scores are given. As 

mentioned above, published training data is a requirement for an LLM to be described as 

open source, rather than open weights (de Gregorio, 2025; Sowe et al., 2024). Data vali-

dation in the sense of the input data (e.g., article title and abstract) should be available. 

Moreover, to check for technical errors, it would be useful to allow those evaluated to rep-

licate the actions of those obtaining the scores. For this, the evaluators should publish their 
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prompts, the exact identity of the LLM used (model name and version), any special param-

eter values and the random seed used. Although random seeds are not currently supported 

in the main web interfaces of the largest LLMs, they may be accessed through their APIs. 

Without specifying the random seed, identical inputs can lead to different outputs, prevent-

ing any analysis verification.

Account for variation by field in publication and citation practices

Why? Academic fields naturally vary substantially in publication and citation practices. 

Whilst researchers in some fields may routinely publish tens of descriptive articles annu-

ally for newly-identified life forms, others may typically require years to complete a single 

study, such as for a complex cell biology interaction. Similarly, whilst articles in hierar-

chical fast-moving subjects may rapidly accumulate high citation counts, papers in non-

hierarchical deliberative and monograph-based fields may slowly reach low numbers. Not 

taking these differences into account would be unfair and push researchers into researching 

fields that have advantages.

Expert review. For expert review, this issue is normally dealt with as a natural side-

effect of selecting evaluators from the field evaluated so that they understand the research 

norms. Differing publication speeds in multi-field evaluations can be at least partially dealt 

with by measures that do not advantage high publishing rates, such as by setting a maxi-

mum number of outputs to be evaluated, as in the UK REF.

Citations. For citations this means using field (and year) normalised indicators (Walt-

man et al., 2011) and avoiding them altogether for field where they are irrelevant.

LLMs. Users of LLMs should consider variations between fields in the average LLM 

scores (Thelwall, 2025a). This issue is not well understood yet, but it would be intuitively 

helpful to normalise scores when comparing between fields.

Base assessment of individual researchers on a qualitative judgement of their 

portfolio

Why? Although errors and biases (i.e., systematic errors favouring one group) in all quan-

titative research indicators might average out over large sets of documents, individual 

researchers have few, increasing the chance of substantial errors from indicators. Moreover, 

a researcher’s contribution to science may be invisible in publications or citations. To give 

an extreme example, a female Chemistry Nobel Prize winner might devote the rest of her 

career to giving talks encouraging girls and women into science careers, a contribution 

lacking publications and citations. More routinely, evaluations of individual researchers 

need to consider their contributions to collaborative work as well as funding, service work, 

and other outputs, from datasets and software to public interest blogs.

Expert review. Expert review seems ideal to consider and balance all the contributions 

of an individual. The thoroughness and speed of a review may depend on the importance of 

the evaluation and the number of individuals to be assessed, however. For example, if there 

were 250 applicants for a position then a rapid triage may be necessary to remove unprom-

ising applicants based on a quick scan of their CVs.

Citations. Citation-based indicators would be poor for individual researcher evaluation, 

as discussed above. Nevertheless, they might provide a source of supporting evidence of 

scientific impact.
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LLMs. It is not clear whether LLMs have any capacity to make overall evaluations of 

an individual researcher’s contributions, for example by scoring applicants from their CV 

or application letter. The most useful role might be at the triage stage for large number of 

applicants, perhaps as a second opinion after expert triage or as an initial triage decision 

maker, supported by a subsequent expert cross-check. Article-level LLM scores might also 

be harnessed to play a similar supportive role to citation-based indicators.

Avoid misplaced concreteness and false precision

Why? This is to avoid misleading those assessed by giving an unrealistic impression that 

the assessment method directly measures the quantity assessed (concreteness) and of the 

accuracy of the evaluation. Both  apply to all forms of assessment, but the concreteness 

aspect varies between them.

Expert review. For concreteness, expert review evaluations should be transparent about 

the fact that experts disagree, make mistakes, and may not have the expertise to assess eve-

rything that they are required to.

Citations. Evaluations using citations should be clear about the relationship between 

the citation-based indicators and the evaluation goals. For all purposes this should include 

admitting that citations do not “measure” the phenomenon assessed but are only indicators 

in the sense that they may statistically associate positively with it. As mentioned above, 

Merton’s (1973) theory posits that citations are scholarly acknowledgements of prior work 

that has aided the creation of new research, and this, if true, might justify a claim that cita-

tions measure research impact. The theory is an oversimplification since the selection of 

work to cite is subjective with influential prior work often remaining uncited (e.g., oblit-

eration by incorporation: McCain, 2011) and work without influence being cited (e.g., for 

background context). Nevertheless, it is still possible to claim that in many fields some 

citations reflect influence, and the rest are noise, with the latter tending to disappear at a 

sufficiently high level of aggregation (van Raan, 1998).

LLMs: LLM scores do not have the theorised direct (but partial) connection to research 

progress that citations do through Merton’s (1973) theory. This perhaps makes it easier to 

avoid false claims of concreteness. It is still important to emphasise that the LLM scores, 

like citation rates, are only indicators and that they are used not because they are true but 

because they statistically associate with the theoretical goals being assessed (e.g., research 

quality). Trustworthiness is a common theme of AI research (Zhang et al., 2024), including 

being clear about the system capabilities and the purpose of the results. It is also important 

to acknowledge that LLMs can produce hallucination-like completely wrong answers, such 

as by giving a high score to an article that all expert reviewers would easily dismiss as 

wrong, fake or irrelevant. In addition, scores may vary greatly between LLMs and prompts, 

so it should be acknowledged that no score is the definitive LLM recommendation.

Recognize the systemic effects of assessment and indicators

Why? Whenever people are evaluated and know the evaluation method, some may tar-

get the method rather than the underlying goal, potentially generating unwanted out-

comes. For example, if academics are evaluated on the number of articles they pro-

duce then they might divert some of their effort into publishing smaller and possibly 

weaker articles at the expense of books, chapters, conference papers, and long articles 
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(Aagaard, 2015). A research evaluation approach might be ruled irresponsible if it gen-

erates perverse incentives.

Expert review. The guidelines for the reviewers might give the strongest steer as 

to the research properties that are most valued. These need to be designed so that 

researchers targeting them change their behaviours in ways that are positive for the 

system. For example, if the reviewer guidelines emphasise rigour, originality and sig-

nificance then academics might strive for these. Perverse incentives might be generated 

if the reviewers are known to be biased and there may be no incentive if the reviewers 

are not trusted.

Citations. Using citation-based indicators would incentivise high citation special-

ties. Using field normalised citation-based indicators would avoid incentivising entire 

high citation fields but not specialties within fields. It would also incentivise research 

targeting scientific rather than societal benefits, and network-based gaming in the form 

of eliciting citations from others (e.g., citation cartels, editorial or refereeing self-cita-

tion encouragement).

LLMs. Similarly to expert review, the prompts used for LLM evaluations might pro-

vide the strongest steer to researchers about how to change their behaviour to improve 

their scores. LLMs may provide little incentive if they are not trusted, and known 

biases may also provide perverse incentives. In addition, authors may try to game the 

system by crafting articles for high LLM scores rather than for communicating their 

research accurately and clearly for a human audience. This could be achieved by enter-

ing an article into an LLM and asking it to suggest rewrites to make it more likely to 

achieve a high score. This might involve exaggerating the importance of the findings 

to make the paper more like a press release (Thelwall, 2025b). This would waste time 

on an unproductive activity, but it is not clear that it would work. Journal peer review 

guards against unsupported claims, so LLM-friendly papers might be more likely to 

be rejected. Moreover, there are many LLMs, they have different strengths, and they 

evolve over time so it is not clear that crafting an LLM-friendly article would work 

even if it passed peer review. Nevertheless, some authors may try (e.g., Sugiyama & 

Eguchi, 2025), and this should be considered when LLMs are used.

Scrutinize indicators regularly and update them

Why? The research system evolves over time, as does our understanding of good evaluation 

practices. Data sources may also change, and new ones emerge, so it is important to peri-

odically revisit evaluation systems to ensure that best practice is still being followed.

Expert review. Reviewer updates might include change in personnel, procedures and 

guidelines.

Citations. Indicator formulae and citation indexes might be changed as improved 

versions emerge.

LLMs. This issue seems most relevant to LLMs, with new ones emerging regu-

larly and updated models of existing LLMs being released multiple times per year. 

Thus, testing probably needs to be ongoing to ensure that the optimal LLM is selected. 

In addition, new ways of using LLMs may be developed, such as through different 

prompts or LLM-based agent systems, that would give improved results. For these pur-

poses, it would be very useful (albeit challenging) to create benchmark datasets of arti-

cles with expert evaluation scores that LLMs could be tested against.
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Principles not in the Leiden Manifesto

As discussed above, responsible uses of LLMs should consider the same issues as for 

bibliometrics. This section discusses some additional considerations for LLM-based 

scores. The first seems equally relevant for all, however.

Conduct a cost–benefit analysis of possible assessment methods

Why: All research assessment methods have costs in terms of human time for research-

ers, reviewers and/or managers if not for software and data. The theoretically best 

method may be impossible or irresponsible either because it is unaffordable or costs 

too much relative to the value of the assessment. Thus, it can be a pragmatic decision to 

avoid using the best methods due to their costs. A cost–benefit analysis should be con-

ducted if there are reasonable grounds to believe that this is likely.

Expert review. Expert review is probably the most expensive method, whether in 

terms of payments or time. This is because considered expert review decisions are not 

quick. Assessments like the REF are costly (£471 million overall with £24 million spent 

on the expert review process) because of this (Technopolis, 2023). These costs are rea-

sonable because of the amount of money directed by it (£15 billion) and its other ben-

efits (system-wide accurate performance information). The cost of £7,000 per researcher 

evaluated makes this process prohibitively expensive for less important tasks. Moreo-

ver, countries with smaller research systems, because there are fewer inhabitants or they 

invest less in research, may need to pay international reviewers to fairly assess their 

work, which would be more expensive and probably less accurate due to weaker knowl-

edge of local conditions. Whilst REF-type exercises are extreme in terms of scale, a 

similar logic applies to smaller-scale evaluations. Even at the level of individual aca-

demic appointments, some decision makers may lack access to the expertise or the 

resources to buy expertise necessary to evaluate candidates effectively.

Citations. Citation-based approaches need data, software and expertise. Citation data 

may cost if commercial sources like Scopus, the Web of Science or Dimensions is used, 

although OpenAlex is a free alternative that may sometimes be suitable. Much cita-

tion analysis software is free, except if built into the analytics toolkits of citation data 

providers but there is still a need for expertise to select and manage the software, data 

and indicator formulae and to interpret the results. If this expertise is commissioned 

externally, such as from teams associated with the data provider, then this may add to 

the overall costs.

LLMs: LLM-based approaches also need data, software and expertise. There is cur-

rently less LLM expertise for research evaluation than bibliometric expertise. The rela-

tive costs of LLMs and bibliometric indicators are not yet clear. If wide uptake is to 

be achieved, LLM scores might need to be offered by citation index providers. These 

would be able to share the costs of the LLM queries or processing across all users. 

Again, externally commissioned expertise may be more expensive, and it is also cur-

rently (January 2026) not available.
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Comply with copyright law

Why: All research evaluations need to comply with relevant laws, including copyright 

laws.

Expert review: Managers will need to ensure that evaluators are legally able to access 

the reports that they evaluate. This is usually attainable by authors securely sharing their 

work with evaluators, even if it is not open access.

Citations: Citation analyses using commercial data may need to ensure that their 

licence covers their application and that any results published do not breach copyright.

LLMs: The copyright situation for LLMs is more problematic than for citations 

and expert review. Before research works, or parts of research works, are entered into 

a LLM it needs to be clear that copyright is not breached. This is important because 

copyright conditions can exclude processing by AI, so publisher copyright statements 

need to be checked for exclusion clauses. For example, “Elsevier material may not be 

reproduced in combination with an artificial intelligence tool (including to train an 

algorithm, test, process, analyze, generate output and/or develop any form of artificial 

intelligence tool), or to create any derivative work and/or service (including resulting 

from the use of artificial intelligence tools)” (Elsevier, 2025b). If the system input is just 

titles and abstracts, then these may have a copyright exception in some nations and for 

some purposes.

Some countries have text and data mining copyright exemptions or fair use/deal-

ing allowances, both of which allow LLM use in some or all contexts. Here, fair deal-

ing refers to uses of copyright materials that are judged allowable because they do not 

unduly infringe the rights of the copyright holder to profit from the material (Saw, 

2023). The UK has a text and data mining for academic research exception to copy-

right (Gov.uk, 2025b, section: “Text and data mining for non-commercial research”) but 

this does not cover non-research applications or commercial development. It may cover 

research evaluation purposes, however, if they can be argued to be research exercises in 

themselves. Japan and Singapore extend this exemption to commercial AI (Stephens, 

2024; Warren & Grasser, 2025) and in other countries, including the USA and Canada, 

it may be allowed by fair dealing legislation. Publisher permission seems to be currently 

(January 2026) needed in China, however.

If the system could learn from the inputs, then a second check should be made to 

see if this might breach copyright by the LLM recycling the inputs to train its model 

for future prompt responses for other users. The second issue can usually be avoided by 

using open source LLMs run locally or interfaces to LLMs that guarantee not to learn 

from inputs. For example, at the time of writing ChatGPT does not learn from anything 

submitted through its API. The UK has a copyright exemption for abstracts, “Where an 

article on a scientific or technical subject is published in a periodical accompanied by 

an abstract indicating the contents of the article, it is not an infringement of copyright 

in the abstract, or in the article, to copy the abstract or issue copies of it to the public.” 

(Gov.uk, 2025a, Sect. 60) but this may not cover reuse for training by LLMs.

Most recently-published articles seem to be Open Access (OA), which influences the 

copyright situation. By 2023, according to Dimensions, 64% of articles were OA (COA-

lition S, 2025) and this would be substantially higher for countries like the UK with OA 

requirements or incentives. The common Creative Commons (CC) open access licences 

(by, by-nc, by-nc-nd, by-nc-sa, by-nd, by-sa: creativecommons.org/licenses/list.en) all 

permit non-commercial use, including by AI, although these all seem to prohibit use 
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within systems that learn from them because attribution could not be guaranteed. Thus, 

researchers, government and non-commercial research organisation seem to be able to 

safely use CC licenced research in non-learning LLM systems/interfaces, but this seems 

to prohibit use by for-profit research consultancies. CC licences seem to cover most 

open access research. Nevertheless, self-published green Open Access articles might be 

posted to the web without a licence instead of in an institutional or subject repository 

with built in licence support. These may still be copyright by default, but the purpose 

of copyright is primarily to prevent reproduction. The legal status of entering this copy-

right content into AI system to learn from it is currently contested but it seems safer 

when the content is entered to be scored rather than learned from since this involves no 

form of reproduction that leads to any form of republishing.

For non-OA articles, publisher copyright statements would need to be checked. Else-

vier’s subscription model copyright statement does not permit commercial text and data 

mining of subscription articles, but non-commercial non-sharing text and data mining is 

permitted, “Where legal access is obtained by a user, that user is able to text or data mine 

subscription articles for non-commercial purposes without sharing any adaptation of the 

original content with others” (Elsevier, 2025a). Publisher restrictions sometimes rule out 

training a system and this would prevent generating new systems through machine learning 

or fine-tuning existing systems but not processing the content with an existing system that 

does not learn from it. This would still allow processing by LLMs that were either private 

or did not learn from their inputs. As an alternative, authors may be able to submit pre-

prints for processing, but often not the author accepted manuscript, which publishers may 

retain text and data mining options for.

A LLM research evaluation difference that does not need to be 
a principle

This section discusses one difference between LLMs and expert review and/or citation-

based indicators that does not seem to be important enough to be added as a principle. It 

may influence the willingness of researchers and academics to accept an evaluation system.

The ephemerality of scores and differences between LLMs

Why not. Some evidence of the value of academic work is ephemeral. For example, an 

author judged to have 20 excellent papers by one LLM (or set of reviewers) might next 

year be judged to have only five by a different LLM or LLM version (or set of reviewers). 

It may be demoralising for scholars to know that research achievements can disappear sud-

denly due to an algorithm change. This might reduce confidence in the research evaluation 

system, if used for individual academics. Nevertheless, this mirrors the general academic 

situation in the sense that a person’s work might go out of fashion, become obsolete or be 

ignored as attention focuses on other topics. Moreover, and more importantly, ephemeral-

ity does not seem to be a problem for research evaluation practice, since outputs are often 

seriously evaluated only once. For example, in the UK REF a different set of outputs gets 

scored in each iteration, so no output has scores that change between iterations. When out-

puts are evaluated multiple times, as might occur for job applicants with different univer-

sities evaluating their work, then it seems likely that Leiden Manifesto Principle 7 about 

individual researchers would override any ephemerality concerns. This has not been added 
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as a principle (although it was in the original paper) because it is primarily a consideration 

about whether researchers will accept an evaluation system than about how to design one 

responsibly.

Expert review. Expert scores are usually ephemeral in the sense that, with a few excep-

tions (F1000Prime, journals with public reviewer or editorial scores for articles), they 

are not publicly available and permanent but generated when needed for a particular 

assessment.

Citations. Ephemerality is a minor concern because citation counts are cumulative, 

decreasing only in response to citation database changes or indexing algorithm updates. 

Thus, scholars can track their “progress” or cumulative scientific recognition through their 

citation counts. Others can do the same, so that citation counts (e.g., for individual articles 

or via Google Scholar profiles) can be part of the evidence for scientific reputations.

LLMs. As argued above, LLM scores are ephemeral, but this would probably not be a 

concern for research evaluation. It might be a concern for researcher self-monitoring or 

reputation building through citations, if LLMs gain authority for research quality. This is 

more of an argument that citations are likely to persist as reputation evidence than that 

LLMs have limitations for individual research evaluations. As mentioned above, quanti-

tative indicators should only be used to support qualitative judgements for individual 

researcher evaluation (Hicks et al., 2015).

Summary

Research evaluation processes now have a choice between expert review, bibliometrics, 

and/or AI/LLMs. The decision about the approach to follow should be guided by accu-

racy, fairness and desirable systemic outcomes. The Leiden Manifesto principles provide 

a recognised framework for this, although two extensions are needed, both of which have 

become more important in the context of LLMs (Table 1). This article has argued for the 

importance of all twelve, considering how each one might be relevant for expert review, 

citation analysis and LLM scores. Of course, every evaluation has special conditions and 

may not be able to meet all principles due to valid exceptions. For example, a cost–benefit 

analysis (number 11) may indicate that expert evaluation (number 1) is unaffordable in 

a context where the decisions to be made are not important enough to justify the time of 

the experts. The extended Leiden Manifesto principles are nevertheless intended to guide 

future research evaluations, and especially considerations about which approach to use 

when LLMs are a possible choice.

Returning to the LLM focus of this article, it seems clear that all the main responsible 

research evaluation considerations for bibliometrics also apply to LLMs but need to be 

adapted. For example, transparency in the context of LLMs might entail declaring LLM 

names and versions as well as the prompts and the score processing algorithms. Even with 

this, transparency causes a particular concern for LLM evaluations because the decision-

making processes are too complex to understand.

The need to consider the financial or time cost of the different potential evaluation 

methods is a new practical/responsible consideration. It applies to all evaluation methods 

and is perhaps most important in low resource contexts. It should also be considered when 

criticising evaluation systems that violate some of the principles. Finally, as illustrated by 

the discussion of the twelfth principle, in some countries the most important practical/

responsible limitation of LLMs for research evaluation may be the need to comply with 
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Table 1  Leiden Manifesto rules (1–10) and LLM-motivated extensions (11–12)

*Cites = citation-based indicators; LLMs = LLM-based scores; Experts = Expert review scores; All = all forms of research evaluation, including expert review

No Principle (see Sects. “Quantitative evaluation should support qualitative, expert assessment” to “Scrutinize indicators regu-

larly and update them”, “Conduct a cost–benefit analysis of possible assessment methods” and “Comply with copyright law” 

for explanations)

Applies to*

1 Quantitative evaluation should support qualitative, expert assessment Cites, LLMs

2 Measure performance against the research missions of the institution, group, or researcher All

3 Protect excellence in locally relevant research All

4 Keep data collection and analytical processes open, transparent, and simple Cites, LLMs

5 Allow those evaluated to verify data and analysis All

6 Account for variation by field in publication and citation practices All

7 Base assessment of individual researchers on a qualitative judgement of their portfolio Experts

8 Avoid misplaced concreteness and false precision Cites, LLMs

9 Recognize the systemic effects of assessment and indicators All

10 Scrutinize indicators regularly and update them Cites, LLMs

11 Conduct a cost–benefit analysis of the possible assessment methods All

12 Comply with copyright law All (esp. LLMs)
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local copyright law, given that a large collection of documents may take considerable time 

to check or obtain compliance for if there is no legislation that covers them all.

Prior publication

This paper is based on, and has some text reused from, “Responsible Uses of Large Lan-

guage Models” published in Proceedings of the 20th International Society of Scientomet-

rics and Informetrics Conference (ISSI2025) Volume 1. (pp. 71–80).
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