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Is OpenAlex suitable for research quality evaluation
and which citation indicator is best?

Mike Thelwall | Xiaorui Jiang

Information School, University of

Sheffield, Sheffield, UK Abstract
This article compares (1) citation analysis with OpenAlex and Scopus, testing

;?Ze;}f;z‘:‘;:?;formaﬁon School, their citation counts, document type/coverage, and subject classifications and

University of Sheffield, Sheffield, UK. (2) three citation-based indicators: raw counts, (field and year) Normalized Cita-

Email: m.a.thelwall@sheffield.ac.uk tion Scores (NCS), and Normalized Log-transformed Citation Scores (NLCS).

Funding information Methods (1&2): The indicators calculated from 28.6 million articles were com-

Economic and Social Research Council pared through 8704 correlations on two gold standards for 97,816 UK Research

(ESRC), UK, Grant/Award Number: Excellence Framework (REF) 2021 articles. The primary gold standard is

APPAS1A6 ChatGPT scores, and the secondary is the average REF2021 expert review score
for the department submitting the article. Results: (1) OpenAlex provides better
citation counts than Scopus, and its inclusive document classification/scope does
not seem to cause substantial field normalization problems. The broadest Open-
Alex classification scheme provides the best indicators. (2) Counterintuitively,
raw citation counts are at least as good as nearly all field normalized indicators
and better for single years, and NCS is better than NLCS. (1&2) There are sub-
stantial field differences. Thus, (1) OpenAlex is suitable for citation analysis in
most fields and (2) the major citation-based indicators seem to work counterin-
tuitively compared to quality judgments. Field normalization seems ineffective
because more cited fields tend to produce higher quality work, affecting interdis-
ciplinary research or within-field topic differences.

1 | INTRODUCTION with the same data: whether OpenAlex is a suitable data-

base for citation analysis, and which is the best citation-
Citation-based indicators are widely used to support  based indicator.
research evaluations of individuals, departments, univer-
sities, and countries (De Bellis, 2009; Moed, 2006).
Despite many decades of citation analysis, there is not a 11 |

consensus about the best indicators to use, and new cita-

OpenAlex

tion databases continue to emerge, addressing claimed
limitations of existing resources. It is therefore important
to assess the relative strengths of different indicators and
apparently promising new sources of citation data, such
as OpenAlex. This article investigates two separate issues

While citation analysts in the Global North have typically
had to purchase licenses to access Scopus, Dimensions.ai,
or Web of Science citation indexes, OpenAlex offers the
same type of data for free and aims to provide greater
coverage for the Global South (Priem et al., 2022). At the
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time of writing (February 2025), it also provided substan-
tially greater coverage of books. In theory, this greater
coverage should give better citation analysis results,
because more data allows the results to be finer grained.
Nevertheless, other factors are important, including doc-
ument type classification (to ensure that only similar
documents are compared), subject classifications
(to ensure that documents are benchmarked only against
others from the same subject), and citation extraction
accuracy and comprehensiveness (because this is a non-
trivial software engineering task). Thus, OpenAlex's
greater coverage does not necessarily equate to greater
utility for research evaluation task; this needs to be
checked.

Based on previous research, OpenAlex's document
coverage is largely an expansion from Scopus, especially
increasing the number of open access journals (Maddi
et al., 2025) and data journals (Jiao et al., 2023) but with
problems of metadata accuracy, including many articles
without any indexed references (Alperin et al., 2024).
OpenAlex's coverage of references is broadly comparable
to Scopus and the Web of Science for documents that
they all index, however, so its expanded coverage is partly
due to indexing documents without references (Culbert
et al., 2025). A particular problem with OpenAlex seems
to be its classification of editorial contributions as stan-
dard journal articles (Haupka et al., 2024), which influ-
ences field normalized citation calculations (see below).
It can also struggle to accurately classify the language of
journal articles but seems to have wider coverage of non-
English sources than Scopus (Céspedes et al., 2025).

1.2 | Citation-based indicators

In parallel with the above OpenAlex motivation, a wide
range of citation-based indicators have been proposed to
help assess the impact or quality of journal articles, even
though they probably reflect mainly the scholarly impact
dimension of research quality (Aksnes et al., 2019). While
raw citation counts are widely available, it is unfair to
compare citation counts between articles of different ages
because older articles have had longer to be cited. It is
also unfair to compare citation counts between fields
because some fields naturally tend to be more cited. Cita-
tion rate differences between two fields can occur
because the number of references per article differs or
because one field tends to cite newer articles or non-
article sources (Glidnzel et al., 2009; Moed, 2006; van
Raan, 2004). Thus, it is common in scientometrics to only
compare citation counts (or citation rates for journals)
within the same field and year. When citations need to
be compared between fields and years, then the citation

counts are typically converted into a field and year nor-
malized rate or version. The most common is the
Normalized Citation Score (NCS) (Waltman et al., 2011)
or variants. For an article, this is its citation count
divided by the mean citation count of all articles from its
field and year. It has been argued that this is still unfair
because the denominator (the field average citation
count) is unduly influenced by the few highly cited arti-
cles (e.g., Brzezinski, 2015) and therefore all citation
counts should be transformed to remove the skewing
with In(1 4 ¢) before any calculations are performed
(Thelwall, 2017). This gives the Normalized Log-
transformed Citation Score (NLCS). Percentile ranks are
an alternative method to NLCS for dealing with skewed
citation counts (Bornmann & Leydesdorff, 2013).

Despite the ostensible logic behind field normaliza-
tion and many descriptive studies introducing or com-
paring indicators (e.g., Lundberg, 2007; Purkayastha
et al., 2019; Waltman et al., 2012) or evaluating individ-
uval indicators against expert scores (Thelwall
et al., 2023a), almost no study has systematically com-
pared different indicators against a gold standard to
demonstrate which is best or whether field normaliza-
tion is necessary. One partial exception is a small-scale
comparison of indicators for 125 cell biology or immu-
nology papers, where the gold standard was post-
publication expert scores from the F1000 website. Raw
citation counts had the second highest correlation with
expert scores (behind percentile rank in the subject
area) (Bornmann & Leydesdorff, 2013). A larger scale
analysis investigated 50,000 biomedical papers from
F1000Prime (a newer name for F1000; subsequent
names include Faculty Opinions and H1 Connect), find-
ing that correlations between expert scores and a range
of indicators were similar, but citation counts were not
included, so the value of field normalization was not
tested (Bornmann & Marx, 2015). A third partial excep-
tion is a study that shows that average citation counts
correlated more strongly with a UK department's pro-
portion of “world leading” research than did selected
field normalized indicators for Psychiatry, Clinical Psy-
chology, and Neurology (Fazel & Wolf, 2017). Neverthe-
less, the value of field normalization is unproven, and
the relative merits of its component parts (e.g., the opti-
mal granularity of the subject classification scheme
used) are unknown.

From a wider perspective, citation-based indicators
are typically used as either research quality or impact
indicators, with the latter seeming to be more accepted.
The most common dimensions of research quality, at
least as defined for peer or expert review, are originality,
rigor, and significance (societal and scholarly) (Langfeldt
et al., 2020). These three dimensions are all subjective in
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the sense that experts might score an article differently
with a high degree of confidence and plausible justifica-
tions. Thus, the common practical solution is to accept
the average or consensus of two or more peers or experts
(e.g., Milyaeva & Neyland, 2023).

Subject classification schemes for science are essen-
tial for the field normalization of indicators, and a
more accurate subject classification can expect to sup-
port better field normalized indicators. A comparison
of classification schemes using long document refer-
ence lists as a gold standard for specialisms found that
citation-based document classification tended to pro-
vide better results than journal-based classifications
(Klavans & Boyack, 2017). No previous papers seem to
have compared classification schemes by the extent to
which the results match article-level quality judg-
ments; however, presumably because of the scarcity of
such data on a large scale.

1.3 | Research questions

The first goal of this paper is to assess whether OpenA-
lex is a credible platform for research evaluation indica-
tors by comparing indicators derived from it with
indicators derived from Scopus, an established and
widely used citation index. The most likely sources of
differences are (a) coverage of articles, (b) citation
extraction accuracy/comprehensiveness, (c) subject/
classifications, and (d) document type classification.
The second goal is to compare three alternative citation
indicator formulae to identify the best: simple citation
counts; NCS; and NLCS. It is not possible to test all
these independently; but this paper will conduct a
range of evaluations and then discuss alternative expla-
nations for the results. The following research ques-
tions underpin this process.

RQ1. Are OpenAlex citation counts better for
research quality indicators than Scopus cita-
tion counts? The apparently greater coverage
of OpenAlex may make its citation counts
more useful; although if it covers low quality
articles, then their citations may degrade the
overall value of citation counts.

RQ2. Which is the best research quality for-
mula: counts, NCS, or NLCS?

RQ3. Which is the best subject classification
scheme: Scopus broad fields (overlapping),
OpenAlex domains, OpenAlex fields, OpenA-
lex subfields, or OpenAlex topics?

RQ4. Does OpenAlex or Scopus have the best
classification of the “journal article” type for
field normalization formulae? OpenAlex has a
less fine-grained document type classification,
including editorials alongside full journal arti-
cles. It seems likely that this would compro-
mise the value of indicators calculated
from it.

RQ5. Which is the best overall approach for
calculating research quality indicators from
OpenAlex and Scopus?

RQ6. Are there field differences in the
answer to RQ5?

2 | METHODS
The research design was as follows.

1. Extract all journal articles from Scopus and OpenAlex
for the years 2014-2020. These years were chosen to
match the gold standards (see below).

2. Match the articles in Scopus and OpenAlex by DOI to
create three sets: articles in Scopus; articles in OpenA-
lex; and articles in both (i.e., the intersection of the
first two). Comparing results on the overlapping set
will allow questions that do not involve coverage
issues to be directly addressed (RQ1, RQ2, RQ3).

3. Calculate NLCS and NCS for all articles with all five
classification schemes and on all three sets. This gives
5 x 3 =15 indicators plus raw citation counts for
OpenAlex and Scopus, giving a total of 32 indicators
per article.

4. Calculate an article quality gold standard with
ChatGPT for REF2021 articles. A secondary gold stan-
dard was calculated from departmental REF2021 aver-
age quality scores.

5. Correlate the 32 indicators against ChatGPT quality
scores by UoA (Unit of Assessment—see below for an
explanation) to identify the best overall approach and
the influence of the component factors.

We had originally planned to use departmental mean
REF2021 scores as the gold standard; but, after analyzing
the results, we noticed that the gold standard was age-
biased in favor of older articles. This occurred because
higher scoring departments tended to submit a higher pro-
portion of older articles to the REF. This gave an advan-
tage to indicators that were not field normalized. Thus,
individual article ChatGPT scores were used as an alterna-
tive. This has only a small age bias (Thelwall &
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Kurt, 2025) and is also preferable because it is direct;
although using non-human “judgment” is a disadvantage.

2.1 | Data

The latest OpenAlex snapshot was downloaded on
1 December 2024. From this, documents of type “article”
and with cross-ref type “journal-article” (as recorded in
OpenAlex) were extracted along with their publication
year, citation count, primary topic, field, subfield, and
domain.

The metadata for all Scopus documents of type “jour-
nal article” and published between 2014 and 2020 was
downloaded between 2 and 16 December 2024 to be
approximately contemporary. The difference of up to
15 days results in a minor advantage for Scopus, given
that the most recent article analyzed was from
31 December 2020 (a maximum 1% time difference,
favoring Scopus, which does not affect the conclusions
since OpenAlex tended to perform better). The data
included publication year, DOI, citation count, and All
Science Journal Classification (ASJC) codes for each arti-
cle (at least one each, but frequently multiple; these are
derived from the publishing journal).

A joint dataset, “Both” was created from the subset of
articles with a DOI in Scopus that were also in OpenAlex
with the same DOI. DOIs were converted to lowercase
before this comparison. Articles without DOIs were dis-
carded because they could not be reliably matched.

2.2 | Scopus classifications
The Scopus ASJC classification is based on the fields of
the publishing journal, as decided by subject specialist
teams at Elsevier. For the 26 non-general broad fields in
Scopus, there are two multi-purpose fields, called “all”
and “misc” and the remaining AJSC narrow fields within
the broad field are specialist (e.g., 2734 is Pathology and
Forensic Medicine within the broad field 27 Medicine).
The Scopus AJSC classifications allow multiple clas-
ses per article, with 2 and 3 being common. Although
fractional counting within the field normalization for-
mula is standard (e.g., Waltman et al., 2011) and was
used here, the whole counting approach for reporting
(i.e., counting an article classed as both physics and
chemistry as one article for physics correlations and one
article for chemistry correlations) seems to be usually
employed in practice and was also used here. For exam-
ple, there do not seem to have been any previous sciento-
metric studies calculating article-level correlations
between citation-based indicators and something else

that have used weighted Spearman or Pearson correla-
tions. This parallels the web interfaces of Scopus and the
Web of Science that use full counting to report the num-
ber of articles in each field. Full counting is usually used
for co-authored publications (Wang et al., 2025), which is
a similar issue.

2.3 | OpenAlex classifications

In contrast to Scopus (at least as accessible via its API),
OpenAlex classifies articles individually, not by journal,
and assigns them a single “primary” category rather than
multiple equal categories. The OpenAlex data includes
DOIs, subject classifications, and citation counts. The
subject classifications include domains, field, subfields
and topics. The field is one of 27 in the All Science Jour-
nal Classification (ASJC) list and the subfield is one of
252 from the same list. The topic is one of 4516 generated
by a clustering of the articles. All articles are automati-
cally assigned to these classifications from information
including the “title, abstract, source (journal) name, and
citations” (OpenAlex, 2025). Articles can be given multi-
ple classifications but only the primary classifications are
used here.

« Domains. 4: Life Sciences; Social Sciences; Physical Sci-
ences; Health Sciences.

« Fields. 36. For example: Agricultural and Biological
Sciences; Engineering; Health Professions; Social
Sciences.

« Subfields. 252. For example: General Agricultural and
Biological Sciences; Classics; Automotive Engineering;
Speech and Hearing.

« Topics. 4516. For example: Tectonic and Geochronologi-
cal Evolution of Orogens; Land Tenure and Property
Rights in Agriculture; Structure and Agency in Social
Theory; Medicinal Plants and Their Bioactivities.

24 | Gold standards

When assessing the value of an indicator, it is useful to
have a “gold standard” in terms of a set of outputs with
“correct” scores to compare the indicator against. This
section describes the two (pseudo) gold standards used.

2.4.1 | Secondary: Departmental average
research quality scores

Since citation-based indicators are typically used, explic-
itly or implicitly, as research quality indicators, the ideal
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gold standard would be a large collection of journal arti-
cles with agreed quality ratings that have been con-
structed with minimal citation data input. Since no such
collection exists, a proxy was constructed from available
Research Excellence Framework (REF) 2021 data, form-
ing the secondary gold standard. REF2021 is the latest
edition of the UK's national research evaluation process,
which, among other things, involves 1120 experts scoring
185,594 research outputs for research quality on a four-
point scale: 1* (nationally relevant), 2* (internationally
relevant), 3* (internationally excellent), and 4* (world
leading) (2021.ref.ac.uk). The evaluation is primarily
based on subjective assessments of the rigor, originality,
and significance of the outputs, with citations playing a
very minor supporting role in some fields (Wilsdon
et al., 2015).

Although the individual quality scores are confidential
and have been destroyed, the percentage of scores awarded
to the outputs of each submitting department is public, as
are the identities of the department’s outputs (results2021.
ref.ac.uk). The departmental mean score was taken as a
proxy indicator of the quality of each of a department's
articles (or the mean of the departmental means for co-
authored articles submitted by multiple departments). This
is an indirect indicator, but unless there are systematic
departmental biases, higher correlations with these proxies
would associate with higher correlations with the
(unknown) individual article scores, so the proxy is appro-
priate. One source of bias is if a department is stronger or
weaker in books (or another non-article output type), but
we circumvented this limitation with private access to
journal-only departmental REF averages.

To ensure accurate matching, only articles with DOIs
in the REF database were retained; those with a publica-
tion date outside the year range 2014-2020 were
removed. The secondary gold standard therefore con-
sisted of all journal articles from REF2021 officially pub-
lished 2014-2020, with a DOI matching both Scopus and
OpenAlex (for comparability), and the REF2021 depart-
mental average quality scores for journal articles.

The REF UoAs were used as a convenient database-
agnostic set of field/subject categories for the correlation
tests. This allows field differences to be reported. The
REF is split into 34 broadly field-based UoAs for assess-
ment purposes; these form a classification scheme that is
independent of both Scopus and OpenAlex.

2.4.2 | Primary: ChatGPT article research
quality scores

ChatGPT research quality scores were obtained for
REF2021 articles to form the primary research quality gold

standard. Many previous studies have shown that research
quality scores from ChatGPT correlate positively with
expert REF2021 departmental research quality scores in
all fields (Thelwall & Yaghi, 2024; Thelwall et al., 2025)
and the same for small-scale tests of individual article-level
quality scores (Thelwall, 2024, 2025a, 2025b). The correla-
tions between ChatGPT 40 mini scores (averaged over five
iterations) and departmental average REF scores calcu-
lated separately for each REF UoA vary between —0.1
(Classics) and 0.45 (Psychology), with positive correlations
for 32 of the 34 UoAs, and statistically significantly posi-
tive for 31 UoAs (Thelwall, 2025b). Thus, in the absence of
expert scores for individual REF2021 articles, ChatGPT
provides the best available source of article-level research
quality scores.

As shown by previous studies, the optimal method to
obtain a useful research quality score from ChatGPT for
an article is to configure it with system instructions from
the relevant REF2021 expert review panel instructions,
then submit the title and abstract of the article rather
than its full text (Thelwall, 2025a). The fact that the best
results are obtained from the article title rather than the
full text underlines that ChatGPT is guessing or predict-
ing the score rather than properly evaluating the articles.
The REF2021 instructions define research quality in
terms of rigor, originality, and significance, then request
an evaluation accompanied by one of the following
scores: 1* nationally relevant; 2* internationally relevant;
3* internationally excellent; 4* world leading. This proce-
dure was followed for all REF2021 articles without short
abstracts (excluding the 10% of articles with the shortest
abstracts, which included many short format submissions
that are not full journal articles), with a program (github.
com/MikeThelwall/Webometric_Analyst) used to auto-
matically extract the scores from the reports. Articles
with short abstracts were excluded because these are
more likely to be mistakes or shorter document types that
are not fully comparable with full articles. As part of this,
all articles without abstracts in Scopus were excluded.

The requests were submitted to ChatGPT 4o-mini
(gpt-40-mini-2024-07-18) using its Applications Program-
ming Interface (API) batch mode, with a separate chat
session for each article score request. Although submit-
ting multiple articles within the same chat session would
save money by uploading the system instructions less
often, this reduces the accuracy of the results
(Thelwall, 2024). Each article was submitted five times in
five separate non-consecutive sessions, and the mean of
the scores was used as ChatGPT's estimate. Although the
median or mode would be statistically better estimates of
central tendency, the mean is preferable because it
encodes ChatGPT's uncertainty about a score. Given that
it has a strong preference for 3*, this uncertainty is the
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main device that can be used to leverage more fine-
grained information in the underlying model. For exam-
ple, a mean score of 3.2* indicates a small degree of
uncertainty that 3* could be too low, whereas 2.8* indi-
cates a small degree of uncertainty that 3* is too high.
For UoAs in which ChatGPT rarely gives 4* scores, from
a correlation perspective, a 3.2* might be equivalent to a
4* in UoAs where it more frequently gives a 4* score
(i.e., it might be a similarly top ranked score).

2.5 | Citation rate formulae

As summarized in the introduction, it is unfair to directly
compare citation counts with quality scores because older
articles have had more time to attract citations, and dif-
ferent fields naturally have different citation rates. The
standard approach to address both issues is to divide cita-
tion counts by the average citation counts of all articles
from the same field and year, giving a field and year nor-
malized citation count, such as the NCS (Waltman
et al., 2011). This is fairer than citation counts; for exam-
ple, because each article has a score of 1 if it has attracted
an exactly average (mean) number of citations for its
field and year. An alternative to this is the Normalized
Log-transformed Citation Score (NLCS), which is the
same except that each citation count c is transformed to
In(1 + c) before all calculations. This reduces skewing in
the original data and reduces the chance that individual
highly cited articles could have a substantial influence on
the results by changing the denominator of the normali-
zation calculation (Thelwall, 2017).

These indicators require a field classification system
because this affects the choice of articles for their denom-
inators, so both NCS and NLCS values are likely to
change, perhaps dramatically, if the classification system
changes. For this article, NCS and NLCS values were cal-
culated from Scopus and OpenAlex citation counts, with
all four OpenAlex classification schemes and the separate
Scopus ASJC. This gives multiple potential indicators per
article to correlate against the gold standards.

For OpenAlex, normalized citation indicators were
calculated separately with the OpenAlex 2014-2020 set,
the Scopus 2014-2020 set, and the overlapping 2014-2020
“Both” set. Comparing results from these sets should
indicate the influence of the main degrees of variation
between the databases.

2.6 | Correlations

The above process produces a large set of articles with
gold standard quality indicators and a range of citation

rate indicators. A simple way to answer the research
questions would be to correlate the gold standard against
each of the citation rate indicators and interpret the
results. This is not ideal, however, since it is known that
citations have substantially different values as research
quality indicators, depending on the field. For example,
they are relatively strong in the health, life, and physical
sciences but are weak in some social sciences and most
arts and humanities (Thelwall et al., 2023a).

Instead of correlating citation-rate indicators against
the gold standard overall, separate correlations restricted
to each REF2021 UoA give finer-grained results and
potentially reveal field-specific patterns. For example,
perhaps OpenAlex is best for the arts and humanities
(e.g., because of its book coverage) and worst for the
health sciences. Using the REF UoAs seems fine-grained
enough to identify major field-related patterns, without
potentially giving a subtle advantage to Scopus or Open-
Alex by using one of their classification schemes. Table 1

TABLE 1
and indicators and tests to compare them. In each case, the overall

Dimensions of variation between citation indexes

test is correlation against the gold standard quality scores with the
UoA classification scheme.

Experiments (all

Dimension  Variation possible variations)

Count source  Quality of citation Citation-based
count data, including
the volume and
importance of
citations and the
accuracy of citation

extraction and

indicators calculated
from Scopus citation
counts compared to
the equivalent
calculated from
OpenAlex citation

matching counts
Formula Citation-based Citation counts,
indicator formula NLCS, and NLCS
compared
Norm Database coverage Field normalized

reference set

and document type
classification from the
perspective of (the
denominators of) field
normalized indicators

citation-based
indicators compared
between the
OpenAlex document
set, the overlapping
(Both) document set
and the Scopus
document set

Field Field classification Field normalized
classification  scheme (both citation-based
scheme categories and indicators compared

categorization) from

the perspective of (the
denominators of) field
normalized indicators

between classification
schemes used for
their denominators
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reports the main dimensions of variation between data-
bases and the experiments included to test them.

2.7 | Indicator naming convention
Thirty-two indicators were calculated, using all possible
combinations of count source, formula, norm reference
set, and subject classification scheme from those dis-
cussed above (Table 1). For convenience, the indicators
all have a four-part label using the same notation (except
that the count indicators only need two parts), as follows.
Here, OpenAlex is abbreviated to OAlex to shorten
labels.

« Part 1: Count source (OAlex or Scopus). This is the ori-
gin of the raw citation count for the article. For exam-
ple, an OAlex count means the citation count for the
article recorded in OpenAlex.

« Part 2: Formula (NLCS, NCS, or simple count). This is
the mathematical formula (if any) used to transform a
citation count into a field and year normalized variant.

« Part 3: Norm reference set (OAlex, Scopus, or Both).
This is the set of articles that the given article is norm
referenced against for the denominator of the NLCS or
NCS calculations. For example, if OAlex is selected,
then the NLCS and NCS denominators will consist
only of citation counts from OpenAlex (for articles
within the same field).

 Part 4: Subject classification scheme (OAlex subfields,
OAlex topics, OAlex fields, OAlex domains, and Sco-
pus fields). This is the subject classification scheme
used to decide which papers are in the same field as
the given article for the denominator of the NLCS or
NCS calculations. For example, if OAlex subfields is
selected then the NLCS and NCS denominators will
only contain articles from the same OpenAlex subfield
as the article in the numerator.

To illustrate the full schema, “OAlex|NLCS|Both|OAlex
fields” corresponds to citation counts from OpenAlex, trans-
formed into a field and year normalised citation rate using
the NLCS formula, where the dominator of the formula
consists of articles indexed by both Scopus and OpenAlex
(with the same DOI) and classified into the same OpenAlex
field.

3 | RESULTS

There were 30,123,865 articles with DOIs from Scopus
and OpenAlex combined for the years 2014-2020. All
articles in Scopus contained a subject classification, but

1,472,420 from OpenAlex did not (e.g., the case report
10.1001/jamaophthalmol.2019.0027) so the effective
sample size was 28,651,445 journal articles. OpenAlex con-
tained over twice as many articles as Scopus (Table 2).

The gold standard contained 97,816 REF2021 journal
articles with non-short abstracts (Table 3). Some articles
are in multiple UoAs, so the total of the UoAs is greater
than the number of articles in the combined set.

3.1 | Comparison between indicators on
average across UoAs

There are substantial differences between indicators in
the extent to which they correlate with ChatGPT scores,
on average across UoAs; although all correlations are
positive (Figure 1). The two sets of bars in this figure
are based on (a) the correlations calculated separately for
each UoA (n=34) and then averaged across UoAs
and (b) the correlations calculated separately for each
UoA and year (n =34 x 7 =238) and then averaged.
Since there are 32 indicators calculated separately,
the underlying data for Figure 1 consists of 34 x 32 +
238 x 32 = 8704 separate correlations between indicators
and average ChatGPT scores, collectively covering 97,816
articles (some multiple times) for each indicator. This
section describes the results, and the Discussion specu-
lates about the underlying causes. To avoid overcompli-
cating the presentation of results, the research questions
are explicitly addressed only in the Discussion.

The relative value of the indicators varies according
to whether the correlations are calculated for all years
together or separately by year. The main analysis focuses
on the calculation for all years together, which corre-
sponds to how they would be used in the REF.

For all years analyzed together (blue bars in
Figure 1), the main patterns can be identified by compar-
ing indicators where all factors are the same except one.
For the source of data for the counts (RQ1) (either overall
or in the NLCS or NCS formulae), the source with the
highest correlation with ChatGPT is as follows, where x
represents the component of the calculation being com-
pared and italic indicates orders that are out of sequence
compared to most of the other results.

« Scopus: None
« OAlex: All (e.g., x|Count||, x| NLCS|Both|OAlex fields)

Comparing indicator formulae (RQ2) for the one with
the highest correlation:

« Counts: None (but comparable to the best NCS)
» NLCS: None
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TABLE 2 Number of journal articles in Scopus and OpenAlex by publication year.
Publication Both Scopus Scopus but OpenAlex but
year Scopus OpenAlex and OpenAlex not OpenAlex not Scopus Total
2014 1,631,903 3,248,341 1,252,466 379,437 1,995,875 3,627,778
2015 1,723,950 3,401,330 1,640,627 83,323 1,760,703 3,484,653
2016 1,794,387 3,640,650 1,722,085 72,302 1,918,565 3,712,952
2017 1,867,502 3,871,401 1,794,360 73,142 2,077,041 3,944,543
2018 1,995,996 4,158,490 1,917,273 78,723 2,241,217 4,237,213
2019 2,219,803 4,468,685 2,120,222 99,581 2,348,463 4,568,266
2020 2,449,836 4,950,270 2,324,066 125,770 2,626,204 5,076,040
Total 13,683,377 27,739,167 12,771,099 912,278 14,968,068 28,651,445

+ NCS: All (e.g., OAlex|x|Both|OAlex fields, Scopus|x|
Scopus|Scopus fields)

Comparing categorization schemes (RQ3) (italics
emphasize unusual orderings):

« OAlex|NCS|Both|x: Domains > fields > subfields >
topics > Scopus fields

+ Scopus|NCS|Both|x: Domains > fields > subfields >
topics > Scopus fields

» OAlex|NLCS|Both|x: Domains > fields > topics >
subfields > Scopus fields

« OAlex|NCS|OAlex|x: Domains > fields > subfields >
topics

+ Scopus|NLCS|Both|x: Domains > fields > subfields >
Scopus fields > topics

» OAlex|NLCS| OAlex |x: Domains > fields > topics >
subfields

+ Scopus|NCS|Scopus|x: Scopus fields

+ Scopus|NLCS|Scopus|x: Scopus fields

Comparing document classification scopes (RQ4):

+ OAlex|NCS|x|OAlex domains: Both > OAlex

+ OAlex|NCS|x|OAlex fields: Both > OAlex

+ OAlex|NCS|x|OAlex subfields: Both > OAlex
+ OAlex|NCS|x|OAlex topics: Both > OAlex

+ OAlex|NLCS|x|OAlex domains: Both > OAlex
+ OAlex|NLCS|x|OAlex fields: Both > OAlex

+ OAlex|NLCS|x|OAlex subfields: Both > OAlex
« OAlex|NLCS|x|OAlex topics: Both > OAlex

+ Scopus|NCS|x|Scopus fields: Both > Scopus

+ Scopus|NLCS|x|Scopus fields: Both > Scopus

Overall (RQ5), it is clear that from the perspective of
the highest overall correlation with ChatGPT for all years
together (blue bars in Figure 1), OpenAlex citation counts
are preferable to those from Scopus; the optimal formula

is NCS (although raw counts are a close second); the
OpenAlex domains classification scheme is optimal, and
only documents classified by both Scopus and OpenAlex
as journal articles should be included for the best results.

When the correlations are calculated separately by
year (orange bars in Figure 1), the pattern is similar; but
the main change is that raw citation counts are substan-
tially better than any indicator. Thus, the main advantage
of field and year normalization formulae is that they
make it fairer to compare articles from different years
and not that they make it fairer to compare articles pub-
lished in different fields.

The order of the results changes little if average
ChatGPT scores (i.e., the primary gold standard) are
replaced with departmental average REF scores (i.e., the
secondary gold standard) (Figure 2). Because higher scor-
ing departments tended to submit a higher proportion of
older articles and these tended to be more cited, there is a
second-order effect to favor citation counts for this com-
parison, which may be why the highest correlation is for
raw counts rather than the field and year normalized
NCS, and why calculating correlations by year makes less
difference to the correlations than for the ChatGPT gold
standard.

There are generally higher correlations for depart-
mental average REF scores (Figure 2) than with
ChatGPT scores (Figure 1). This suggests that the inac-
curacy of ChatGPT score prediction is greater than the
loss of information from the departmental REF
score averaging process. In contrast to psychology
(Hemphill, 2003) there is not a standard scientometric
interpretation of different correlation values. In the cur-
rent context, interpreting the correlation magnitudes is
complicated by both involving indirect quality indica-
tors. Thus, the primary interpretation of the graphs is
only that higher correlations reduce the chance of errors
if the citation-based information is used to inform qual-
ity judgments.
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the results change substantially (Figure 3). Surprisingly,
simple counts are the best indicator overall (i.e., with the
highest correlation with ChatGPT scores), despite the dis-
advantage that they give to more recently published arti-
cles. Some correlations for NLCS applied to OpenAlex

Differences between UoAs in
relative indicator values (RQ6)

The patterns in the correlations with ChatGPT scores by
indicator for individual UoAs (see below) differ substan-
tially from the overall pattern for the correlations when
all years are combined (Figure 1, blue bars, which only
fits the four UoAs of pattern 7 in Table 4; see below).
Comparing the overall graph shapes is difficult because
their confidence intervals are wide, but the graphs can be
clustered heuristically into nine approximate patterns to
illustrate some differences (Table 4). In these descrip-
tions, “increasing” means a general tendency for correla-
tions to be higher when they are lower down in the y axis

Limitations

The results are limited to the particular download of
OpenAlex, and it seems likely that its contents, indexing
technology, and classifications will evolve over time. The
restriction to articles with DOIs is also a drawback;
OpenAlex might index many low-quality documents
without DOIs. Indexing additional low-quality docu-
ments unequally between fields would give a field nor-
malized indicator advantage to articles in fields where
they were prevalent because they would reduce the mean
citation rate for those fields, increasing the normalized
indicator values for genuine articles by comparison.

The ChatGPT scores have unknown biases and, most
importantly, may be influenced by citation counts. REF
scores are also relatively coarse grained, and the use of
departmental average score proxies has a damping effect

THELWALL and JIANG
TABLE 3 Sample sizes for both gold standards.
UoA Name Articles
1 Clinical Medicine 9727
2 Public Health, Health Services and Primary 3766
Sl data are very weak.
3 Allied Health Professions, Dentistry, 9088
Nursing and Pharmacy
4 Psychology, Psychiatry and Neuroscience 7578 3.2 |
5 Biological Sciences 6056
6 Agriculture, Food and Veterinary Sciences 3016
7 Earth Systems and Environmental Sciences 3565
8 Chemistry 2649
9 Physics 3695
10 Mathematical Sciences 3046
11 Computer Science and Informatics 4103
12 Engineering 14,445
13 Architecture, Built Environment and 2265
Planning
14 Geography and Environmental Studies 3075
15 Archaeology 467 .
of Figure 1.
16 Economics and Econometrics 819
17 Business and Management Studies 9835
18 Law 1437 4 | DISCUSSION
19 Politics and International Studies 1939
20 Social Work and Social Policy 2662 4.1 |
21 Sociology 1226
22 Anthropology and Development Studies 783
23 Education 2733
24 Sport and Exercise Sciences, Leisure and 2619
Tourism
25 Area Studies 420
26 Modern Languages and Linguistics 745
27 English Language and Literature 524
28 History 710
29 Classics 78
30 Philosophy 446
31 Theology and Religious Studies 164
32 Art and Design: History, Practice and 886
Theory
33 Music, Drama, Dance, Performing Arts, 445

Film and Screen Studies

34 Communication, Cultural & Media Studies, 810
Library & Information Management

All All the above, excluding duplicates 97,816

If all UoAs are combined for a single correlation with
the main ChatGPT gold standard, rather than averaging
the correlations calculated separately for each UoA, then

on the magnitude of correlations for the secondary gold
standard. The ChatGPT quality scores also have field
biases relative to the REF, tending to give higher scores
to some UoAs than others, with the differences seeming
to favor more highly cited fields (Thelwall & Kurt, 2025).
Thus, while the known between-UoA biases do not
directly influence the within-UoA correlations reported
here, their existence suggests that there may well also be
within-UoA citation biases in the ChatGPT scores,
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FIGURE 1 Weighted mean Spearman correlations between indicator values and ChatGPT scores for all qualifying REF articles, where
the mean is taken over all 34 UoA correlations, weighted by the number of articles assessed in the UoA. The “overall” variant is based on all
years combined within each UoA (i.e., one correlation per UoA), and the “by year” variant involves the correlations calculated separately for

each UoA and year (i.e., one correlation per year x UoA), and averaged.

although their extent is unknown. It is therefore unsafe
to draw strong conclusions about the relative strengths of
citation counts, NCS, and NLCS. Moreover, the citation
counts used here are relatively mature, with almost all
being at least 5 years old, and the influence of age would
be sharper for newer articles. Using newer data would,
therefore, tend to reduce the citation count correlation
and possibly the NCS correlation relative to the others.

4.2 | Comparison with prior research

The results are broadly consistent with two small-scale
prior studies in the sense of the relatively high correlation
for raw citation counts compared to other indicators for
multi-year data (Bornmann & Leydesdorff, 2013; Fazel &

Wolf, 2017) but cannot be directly compared to the other
studies cited in the introduction. The results also align
with the superiority of article-based subject classification
over journal-based subject classification (Klavans &
Boyack, 2017).

4.3 | Answers to research questions
43.1 | RQI:Is OpenAlex better than Scopus
for citation counts?

The answer to this is yes because indicators based on its
data have the highest correlations with the gold stan-
dards, albeit marginally and with the statistical advantage
of more indicators in the 32 being compared (so more
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Weighted mean Spearman correlations between indicator values and departmental average scores for all qualifying REF

articles, where the mean is taken over all 34 UoA correlations, weighted by the number of articles assessed in the UoA. The y-axis order is

the same as for Figure 1. The'overall” variant is based on all years combined within each UoA (i.e., one correlation per UoA), and the “by

year” variant involves the correlations calculated separately for each UoA and year (i.e., one correlation per year x UoA), and averaged.

chances to take advantage of random factors in the data).
Since Scopus is more mature, it seems possible that its
citations have been more accurately extracted. Its citation
sources are presumably more consistently high quality.
Nevertheless, these hypothesized advantages have not
compensated for the higher citation counts overall for
OpenAlex (OpenAlex citation counts were higher for 75%
of the gold standard articles and lower for 15%), obtained
from its greater coverage.

4.3.2 | RQ2: Which is the best research
quality formula: Counts, NCS, or NLCS?

The results (Figure 1, orange bars, representing 7 years
of articles analyzed together) suggest that the best

individual indicator for UoAs (and perhaps therefore
broad fields or subject categories) is NCS, closely fol-
lowed by citation counts, and with NLCS being the
worst. Taking into account the fact that many variants
of NCS were calculated and that citation counts almost
equaled the best NCS, it seems reasonable to consider
this to be effectively a tie between citation counts and
NCS to offset the multiple chances for NCS. Moreover,
for science as a whole with all UoAs merged into a sin-
gle set for analysis, raw citation counts are best
(Figure 3), and when years are analyzed separately, raw
citation counts are also the best (Figure 1, blue bars,
representing articles only being compared against others
from the same year). This is surprising because the
advantage of NLCS and NCS seems intuitively to be
clear and substantial, but the data suggest, at least for
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Spearman correlations between indicator values and ChatGPT scores for all qualifying REF articles. Error bars indicate 95%

confidence intervals. The y-axis order is the same as for Figure 1. Note the different x-axis scale to the previous figures.

the classification schemes and databases used here, that
the only advantage of field normalization formulae is
that they also normalize for publication year.

4.3.3 | RQ3: Which is the best subject
classification scheme?

The best subject classification scheme was the
OpenAlex domains, with the order being mostly
Domains > fields > subfields > topics > Scopus Fields.
Thus, there is a tendency for the article-based OpenAlex
subject classifications to work better than the Scopus
journal-based multiple classifications; and, within OpenA-
lex, for a small number (4) of large categories to be optimal

(i.e., its domains). At this level of granularity and taking
into account the correlation similarity with raw citation
counts, it seems that field normalization, as traditionally
explained and justified implicitly on a much finer-grained
level (e.g., Glanzel et al., 2009; Waltman et al., 2011), is not
working. This issue is discussed again below.

434 | RQ4: Does OpenAlex or Scopus have
the best coverage of journal articles for field
normalization formulae?

This question can't be directly answered. The optimal strat-
egy was to only include documents classified by both
sources as journal articles. It isn't possible to directly
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FIGURE 4 Spearman correlations between indicator values and ChatGPT scores for UoAs matching Table 4, pattern 1: All correlations

have similar strengths, with mostly overlapping 95% confidence intervals. Error bars indicate 95% confidence intervals. The y-axis order is

the same as for Figure 1. Note the differing x-axis scales. Graphs for an additional two subjects in this category can be found online https://
doi.org/10.6084/m9.figshare.29194214.

compare the OpenAlex and Scopus document type classifi-
cations because not all other factors can be held constant
when comparing these. Nevertheless, while OpenAlex
seems to perform better than Scopus on most parameters,
excluding articles not indexed in Scopus provides a substan-

tial improvement.

435 |

RQ5: Which is the best overall

approach for calculating research quality
indicators from OpenAlex or Scopus?

The overall best approach for UoAs over the 7-year
period was to use citation counts from OpenAlex with
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the NCS formula, classifying documents by OpenAlex OpenAlex. Raw citation counts from OpenAlex were best
domain, but restricting the scope of the documents to for all UoAs combined; and for individual UoAs and
those that are classified as journal articles by Scopus and  years.
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FIGURE 5 Spearman correlations between indicator values and ChatGPT scores for UoAs matching Table 4, pattern 2 (left) and pattern

3 (right): All correlations have similar strengths, with mostly overlapping 95% confidence intervals, except that the first two/three

correlations are weak (topmost bars). Error bars indicate 95% confidence intervals.

TABLE 4 Approximate patterns in graphs of the correlations between the 32 indicators and the ChatGPT gold standard for the 34 UoAs.

ID Pattern

1 All correlations have similar strengths, with
mostly overlapping 95% confidence intervals

2 Aspattern 1 but the first 2 correlations (i.e., the 2
topmost bars) weak

3 As pattern 1 but the first 3 correlations weak

4  As pattern 1 but the first 4 correlations weak

5 As pattern 1 but the first 5 correlations weak

6 First 4 correlations weak, then generally
increasing

7 First 5 correlations weak, then generally

increasing

8 Generally increasing, although at rates varying
between UoAs

9  Highly variable

UoAs following this pattern

6 UoAs: Chemistry; Physics; Mathematical Sciences; Engineering; Politics and
International Studies; Area Studies (Figure 4)

1: Law (Figure 5)

1: Business and Management Studies (Figure 5)

2: Architecture, Built Environment and Planning; Economics and
Econometrics (Figure 6)

4: Public Health, Health Services and Primary Care; History; Education; Art
and Design: History, Practice and Theory (Figure 7)

1: Geography and Environmental Studies (Figure 8)

4: Sport and Exercise Sciences, Leisure and Tourism; Clinical Medicine; Allied
Health Professions, Dentistry, Nursing and Pharmacy; Psychology, Psychiatry
and Neuroscience (Figure 9)

11: Biological Sciences; Agriculture, Food and Veterinary Sciences; Earth
Systems and Environmental Sciences; Archaeology; Social Work and Social
Policy; Sociology; Anthropology and Development Studies; Modern Languages
and Linguistics; English Language and Literature; Music, Drama, Dance,
Performing Arts, Film and Screen Studies; Communication, Cultural and
Media Studies, Library and Information Management (Figure 10)

4: Computer Science and Informatics; Classics; Philosophy; Theology and
Religious Studies (Figure 11)
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Spearman correlations between indicator values and ChatGPT scores for UoAs matching Table 4, pattern 4: All correlations

have similar strengths, with mostly overlapping 95% confidence intervals, except that the first four correlations are weak (topmost four bars).
Error bars indicate 95% confidence intervals. The y-axis order is the same as for Figure 1. Note the differing x-axis scales.

4.3.6 | RQ6: Are there field differences in the
answer to RQ5?

There are substantial differences between UoAs in the
overall trends, as evidenced by the nine differing patterns
identified. For example, NLCS is the best formula for
Clinical Medicine and the narrowest classification, Open-
Alex topics, is best for Physics, at least in terms of correla-
tions with ChatGPT scores.

4.4 | Is OpenAlex suitable for citation-
based indicators?

Although the optimal citation-based indicator combines
information from both Scopus and OpenAlex, the second
best one, OpenAlex citation counts (Figure 1) are almost
as good, so OpenAlex is technically suitable for construct-
ing citation-based indicators. If only field normalized
indicators are considered, then the best OpenAlex-only
indicator (OAlex|NCS|OAlex|OAlex domains) is substan-
tially weaker but still reasonably strong in terms of corre-
lation with average ChatGPT scores.

4.5 | Isfield normalization needed?

Surprisingly, the results suggest that field and year nor-
malization is unnecessary for articles with mature

citation counts. Although the strongest overall broad
field (i.e., UoAs) correlation used NCS rather than raw
citation counts, the OpenAlex domains used encom-
pass only four classes, and the difference in correla-
tions is only marginal and was only evident for the
7 years combined, rather than for the years treated sep-
arately. Thus, year normalization is necessary, but not
field normalization.

It seems reasonable to expect that normalization
would still be necessary for sets of articles where there
was a range of ages that included relatively new articles,
such as less than 3 years old, as well as older articles. It
also seems reasonable to speculate that, in general, for
articles with mature citation counts, expert quality judg-
ments correlate better with raw citation counts than with
normalized citation counts based on appropriately nar-
row (e.g., 27+ fields) fields.

The strength of raw citation counts as a research
quality indicator that is almost as effective as the best
field normalized citation formula tested is surprising
given that field normalization is a central tenet of
scientometrics. Its value seems to be driven by the
belief that low citation specialties can be as impor-
tant as high citation specialties because their lower
counts reflect factors irrelevant to research quality,
such as short reference lists, a tendency to cite non-
article documents including books, or an applied ori-
entation with non-scholarly impacts. The value of
field normalization never seems to have been
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FIGURE 7

Spearman Correlation

Spearman correlations between indicator values and ChatGPT scores for UoAs matching Table 4, pattern 5: All correlations

have similar strengths, with mostly overlapping 95% confidence intervals, except that the first five correlations are weak (topmost bars).
Error bars indicate 95% confidence intervals. The y-axis order is the same as for Figure 1. Note the differing x-axis scales.

compared with raw citation counts against an inde-
pendent indicator of research quality at scale before,
so its relative weakness is a new finding. There are
many possible explanations for this result, including
the following.

+ All subject classification schemes tested are ineffec-
tive at grouping together articles from similar

specialties, so while field normalization is a good
idea in theory, in practice it does not work with
existing subject classification schemes—or at least
the ones tested here from Scopus and OpenAlex.
While there is prior evidence that the Scopus scheme
is weak (Klavans & Boyack, 2017), no other study
seems to have investigated the accuracy of the Open-
Alex classifications.
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Spearman correlations between indicator values and ChatGPT scores for UoAs matching Table 4, pattern 6: First

4 correlations weak, then generally increasing. Error bars indicate 95% confidence intervals. The y-axis order is the same as for Figure 1.

Note the differing x-axis scales.

+ There is a strong tendency for more cited specialties to
produce research that experts tend to regard as higher
quality. At the journal level, for example, this would
allow Journal Impact Factors (JIFs) to be compared
between fields; all of the most cited journals in a low
citation field might tend to publish lower quality
research than all least cited journals in a high citation
field.

Both above may be true to some extent. It seems
reasonable to consider the possibility that a more
accurate subject classification scheme might produce
better field normalized indicators, and this is a chal-
lenge for future research. Existing classification
schemes may also work better, such as that of Dimen-
sions or the Web of Science, as might a different way
of applying the Scopus or OpenAlex schemes.

Nevertheless, it also seems likely, based on the
results, that field normalization at a reasonable level
of granularity (e.g., 27+ fields) goes too far in equaliz-
ing between specialties when academic experts might
agree that there are average quality differences
between them. One prior study has suggested that
there may be field differences in quality standards,
at least for interdisciplinary research (Thelwall
et al., 2023b). To give an extreme example, it seems
plausible that most clinical medicine would be
regarded by most academics as better than all sciento-
metrics because it tends to be more expensive, larger
scale, with greater ethical concerns, and a bigger
(at least direct) influence on humanity. Field normal-
izing citations to allow the two to be compared,
whether with NCS or NLCS, may go too far in equal-
izing them for research evaluations.
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Spearman correlations between indicator values and ChatGPT scores for UoAs matching Table 4, pattern 7: First

5 correlations weak; then generally increasing. Error bars indicate 95% confidence intervals. The y-axis order is the same as for Figure 1.

Note the differing x-axis scales.

4.6 | Broad or narrow subject categories
for NLCS and NCS?

The results suggest that broader subject categories
are better for field normalization; perhaps because
narrow categories go too far in equalizing between
specialties.

47 | NLCSo

r NCS?

NCS seems to be better than NLCS, although not for all
fields. This is surprising because NLCS was designed to
solve the statistical problem with NCS that its values
could be unduly influenced by a minority of highly cited
articles in the denominator of the calculations. A possible
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FIGURE 10 Spearman correlations between indicator values and ChatGPT scores for UoAs matching Table 4, pattern 8: Generally
increasing, although at rates varying between UoAs. Error bars indicate 95% confidence intervals. The y-axis order is the same as for
Figure 1. Note the differing x-axis scales. Graphs for additional subjects in this category can be found online https://doi.org/10.6084/m9.

figshare.29194214.

explanation is that a side effect of the NLCS reducing the
importance of highly cited articles to the denominator of
the NLCS formula is that it increases the relative impor-
tance of uncited articles. This can cause problems if there
are many uncited articles that are not genuine articles but
are other uncitable document types, such as editorials, or
less cited document types, like short form articles.

NCS seems to be better than NLCS in both Scopus
and OpenAlex, so document classification issues may
affect each one. It is not clear whether this problem is
due to errors and thus avoidable in theory. While there
are clear problems with OpenAlex's coarse document
type classification scheme (i.e., everything in a journal
is an article), there are not necessarily issues in Scopus,
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FIGURE 11 Spearman correlations between indicator values and ChatGPT scores for UoAs matching Table 4, pattern 9: Highly
variable. Error bars indicate 95% confidence intervals. The y-axis order is the same as for Figure 1. Note the differing x-axis scales.

although it seems to index too many uncited articles
(Thelwall, 2016). This could also be a more fundamen-
tal issue of uncitable or rarely cited documents occur-
ring in the scientific record that are nevertheless valid
journal articles. Another possibility is that mixed arti-
cle lengths cause a much higher proportion of uncited
articles than would be the case if all had similar
lengths.

5 | CONCLUSIONS

Although the results are not conclusive due to a reliance
on ChatGPT with unknown biases and indirect and age-
biased expert quality scores from the REF, they suggest
that OpenAlex is suitable for citation analysis, especially
if its document type classifications are helped by Scopus.
The graphs for the different UoAs above may help to
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suggest which variant of NLCS or NCS and which classi-
fication scheme would be most suitable.

The unexpected result that field normalization has lit-
tle or no value for mature citation data, at least in the
configurations tested here (Scopus multiple field classifi-
cations, OpenAlex primary classifications), is counterin-
tuitive and needs further exploration before changes are
made to practice. Nevertheless, it should at least raise the
possibility that one of the effects of field normalization is
to equalize between fields or specialties that are genu-
inely different in average research quality. Thus, sciento-
metricians should not assume that the most cited from
one field are as good as the most cited from another and
should accept the possibility that there are genuine differ-
ences in average quality levels between fields and
between specialties. Given that quality standards and cri-
teria differ between fields, making direct comparisons to
verify this would be difficult. While it might be rare
to directly compare very different fields in a single
research evaluation, this can occur when multidisciplin-
ary departments are assessed or when a department
includes supporting specialties, such as statistics.

Despite the above conclusions, for policy reasons,
research evaluators might take the perspective that it is
necessary to start with the assumption that all fields or
specialties are equal and design their systems to ensure
that the results reflect this. For example, in the REF, it
would cause substantial arguments if the average
scores were allowed to differ substantially between
UoAs. On this basis, field normalization might be used
as a tool to help achieve an imaginary equality between
fields/specialties rather than to reflect an existing
equality.
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