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5 Data inaccuracy quantification and uncer-
tainty propagation for bibliometric indicators

This chapter was first published under the same title in Research Evaluation,
vol. 33, paper ID rvae047, at https://doi.org/10.1093/reseval/rvae047, on 09
November 2024.

Abstract

This study introduces an approach to estimate the uncertainty in bibliometric
indicator values that is caused by data errors. This approach utilizes Bayesian
regression models, estimated from empirical data samples, which are used to pre-
dict error-free data. Through direct Monte Carlo simulation – drawing many
replicates of predicted data from the estimated regression models for the same
input data – probability distributions for indicator values can be obtained, which
provide the information on their uncertainty due to data errors. It is demon-
strated how uncertainty in base quantities, such as the number of publications
of certain document types of a unit of analysis and the number of citations of
a publication, can be propagated along a measurement model into final indi-
cator values. Synthetic examples are used to illustrate the method and real
bibliometric research evaluation data is used to show its application in practice.
Though in this contribution we just use two out of a larger number of known
bibliometric error categories and therefore can account for only some part of the
total uncertainty due to inaccuracies, the latter example reveals that average
values of citation impact scores of publications of research groups need to be
used very cautiously as they often have large margins of error resulting from
data inaccuracies.
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5.1 Introduction

The formal analysis of uncertainty in results due to data errors is rarely con-
sidered in quantitative science studies and evaluative bibliometrics. We know
only very little about how accurate and robust scientometric measurements and
results are in light of pervasive data errors. Knowing the measurement qual-
ity can lead to an improved understanding of the fundamentals of the science
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system and its dynamics: when we become aware of the measurement error of
instruments and methods, we can better appreciate their affordances and lim-
itations, and therefore the limitations of the results that were obtained with
them. A crucial aspect of measurement quality in scientometrics is the qual-
ity of the original data. Sufficient data quality of third-party data is routinely
taken for granted and rarely scrutinized independently, even though a consid-
erable number of studies have brought to light severe and persistent levels of
error in basic bibliometric data. Known data quality issues are usually not
integrated into research, for example by sensitivity analysis or reporting error
margins for result values. The bibliometrics and research evaluation community
is aware of this deficiency to some degree. For instance, the influential Leiden
Manifesto for research metrics (Hicks et al., 2015), in principle 8, establishes the
following straightforward precept: ‘If uncertainty and error can be quantified,
for instance using error bars, this information should accompany published in-
dicator values. If this is not possible, indicator producers should at least avoid
false precision.’ Nonetheless, it is exceedingly rare to come across bibliometric
studies which include quantification of uncertainty due to data errors. In part,
this is likely because of a lack of an accepted method to calculate and express
these uncertainties.

In contrast, it is a widely accepted convention of the physical sciences that the
result of a measurement consists of the best estimate of the value of a quantity
and the uncertainty of that estimate (Taylor, 1997), for example, as in the
relative uncertainties of measured fundamental physical constants in Tiesinga
et al. (2021). Reported uncertainties are quantified statements on the quality
of a measurement and allow users to judge its reliability. Known uncertainties
of input quantities can be propagated along measurement models to obtain
the uncertainties of output quantities by well understood procedures, called
uncertainty propagation (JCGM, 2008; Taylor, 1997).

It is possible to apply this framework of uncertainty and its propagation to
the social sciences, even though they are not dealing with measurement in the
physical sense. As an example for translating this concept to scientometrics,
consider the following. The citation counts of individual publications recorded
in bibliometric databases are not always accurate. These errors can be modelled
and described by a probability distribution. The uncertainties of the citation
counts of a number of individual publications and a specified indicator formula
determine the uncertainty of the value of that citation impact indicator, such as
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the average number of citations of the publications of a research organization.
The indicator formula or algorithm corresponds to the measurement model of
physical science uncertainty propagation. If the distribution of the citation
count error is known and can be formalized in a stochastic model, its influence
on indicator results can be quantified by simulation studies using the Monte
Carlo method. How is this useful? For instance, if the difference of the measured
citation impact scores of two compared units of assessments is on the order of
10 per cent, it is important to know if the uncertainties of the two compared
indicator result values are on the order of 2 per cent or 20 per cent. Only in
the first case can an interpretation of the observed difference in the scores be
justified as reliable. Uncertainty estimates based on data error distributions
permit a judgment on whether the available data is accurate enough to achieve
valid, robust, and useful results. This is the rationale for studying uncertainty
propagation for bibliometric data and indicators.

The approach to uncertainty propagation for bibliometric indicator values pro-
posed in this paper can be summarized abstractly by the following sequence of
steps.

1. Define the types of error or data quality issues whose influence on biblio-
metric scores is to be quantified.

2. Collect an appropriate empirical sample. Determine the correct values of
the variables in question in addition to the observed, possibly erroneous
values.

3. Specify a Bayesian regression model structured to predict the error-free
values of the variable from the observed values and any relevant available
covariates. Estimate the model with the collected empirical data.

4. Use the estimated model for Bayesian posterior prediction of the likely
error-free values based on the observed values of the variable in new data
on the micro level of individual items a large number of times (Monte
Carlo simulation).

5. Calculate bibliometric scores of interest from the predicted values for each
Monte Carlo iteration.

6. Summarize and report the obtained indicator score distributions.

This approach is exemplified in the following sections for two sources of error,
omitted citations and errors in document type assignments. As discussed below,
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besides these there are many more error sources which are not included in this
study, which means the expressions of uncertainty reported here only reflect a
certain part of the total uncertainty arising from data inaccuracies. Such total
uncertainties integrating all known such sources of data errors would realistically
be of greater magnitudes, thus this study’s uncertainty quantifications should
be understood as partial and likely underestimating the full uncertainties.

The rest of the paper is structured as follows. In the next section the literature
on uncertainty in scientometrics and on errors in bibliometric data is reviewed.
Following that, we present empirical sample data for omitted citations. This
data is then used in section 5.4 to estimate Bayesian regression models of the
error distribution of citation counts. This section also introduces the proposed
approach in a systematic manner. The stochastic error models are used to stage
example simulations that illustrate how practitioners and researchers can use
this approach to estimate the influence of data quality issues on study results.
Conclusions are discussed in the final section.

5.2 Related work

5.2.1 Uncertainty in scientometrics not related to data errors

The present object of investigation, the quantification of the uncertainty of
indicator values which is due to data errors, should be clearly distinguished
from certain other concepts that are concerned with uncertainty and which also
play a role in scientometrics.

In cases when the investigated objects form a well-defined population and it is
impractical or not feasible to analyze all objects, one can resort to statistical
sampling. When a random sample is studied, the values of quantities calculated
on this subset of the population do not precisely match the values which could
be calculated for the same quantity for the whole population, which is the
actual quantity of interest. It is therefore important to quantify how similar the
sample and population values are expected to be, in other words, the uncertainty
of the sample value in representing the population value, i.e. the statistical
sampling error. This uncertainty depends on the specific sampling method and
sample size. Sampling uncertainty can be quantified, for example, by frequentist
statistical confidence intervals for estimates. Some examples of scientometric
applications of this approach are Schubert & Glänzel (1983) and Schubert et

124



al. (1988). Sampling uncertainty conveys important information on how well
a random subset can be expected to represent a population based on insights
from probability theory. It is not concerned in any way with errors in the values
of data.

Waltman et al. (2012) introduced stability intervals for values of bibliometric
indicators. These intervals are intended to quantify the relative susceptibility
of an indicator value to minor changes in the underlying publication data, in
other words, they reflect how stable or volatile the actually observed value is
with respect to the observed data. If a bibliometric indicator value is highly
dependent on relatively few input values, its stability is considered low and its
stability interval is relatively large. Stability intervals are operationalized by
means of bootstrapping, that is, drawing repeated samples with replacement
from the available data, where the resampled number of observations is equal to
the original number of observations, and computing the statistic of interest for
each sample. The width of the bootstrap intervals of statistics can be computed
in various ways from the distribution of resampled values of the statistic of
interest (replicates), most simply by using the 0.025- and 0.975-quantiles of the
bootstrap distribution to specify the 95 per cent bootstrap confidence interval,
which is the method preferred by Waltman et al. (2012).

This approach has some conceptual difficulties. Because the bootstrap method
is intended for statistical inference from random samples of larger populations
(Efron & Tibshirani, 1993, p. 17), it fundamentally is based on the assumption
that the set of observations could have been different. Bootstrapping, being a
non-parametric method, frees one of the necessity to assume a specific distri-
bution of the values in a sample and can be used to do inference for problems
for which no analytical solution is available. Yet it does not do away with the
prerequisite of sampling. This assumption of random sampling from a larger
population is generally not met in bibliometric applications, which is one of
the reasons why null hypothesis significance testing in research evaluation was
criticized by Schneider (2013). When the stability interval is calculated for a
bibliometric indicator summarizing the citation distribution of a research insti-
tution or journal, the entire population of publications can usually be observed
or otherwise the observed subset is not a random sample and it is not clear how
the set of observations could have been different – certainly not by drawing an-
other sample from the same population. Moreover, resampling with replacement
on such a data set suggests that publications could have not been produced or
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could have been produced more than once while they were in fact produced
exactly once. Resampling with replacement introduces new data which was not
there and leaves out other data which was actually present.

The stability of bibliometric indicator values which are averages is related to
the number of observations – more observations lead to more stable values –
and the skewness of the distribution – more skew leads to more volatile values.
Notwithstanding the above conceptual reservations, stability intervals have been
shown to be of practical utility as they do in fact show quite clearly those
values which are greatly affected by few unusual observations as the examples
in Waltman et al. (2012) demonstrate. This concludes our brief digression on
sources of uncertainty unrelated to data quality.

5.2.2 Accuracy and completeness of citation links in bibliographic
databases

Bibliometric data from commercial data sources such as Web of Science (Birkle
et al., 2020) or Scopus (Baas et al., 2020) and non-commercial sources like Ope-
nAlex (Priem et al., 2022) is widely used in both academic science studies and
in applied research assessment, monitoring, and funding distribution. An exam-
ple is the Science & Engineering Indicators report series of the U.S. National
Science Foundation’s National Science Board, which has used Science Citation
Index data for many years and switched to Scopus data in 2016. Similar mon-
itoring reports are produced with bibliometric data in other countries (Moed,
2005, p. 271). Performance-based funding systems in many countries include a
bibliometric component (Hicks, 2012; Zacharewicz et al., 2019). Various global
university rankings base their scores on bibliometric data. For instance, the
Times Higher Education and the QS rankings currently use Scopus data, while
ShanghaiRanking and U.S. News & World Report use WoS data.

Bibliometric data sources, including commercially produced ones, are not error-
free (e.g. Pranckutė, 2021, pp. 20–24). There are a number of types of errors or
inaccuracies in bibliometric data that can exert adverse influence on the results
of bibliometric studies. In this paper, only two types are studied: incomplete
citation counts and incorrect document type assignments. Other types of errors
include, but are not limited to

• incompletely or incorrectly identified authors and institutions (Dickersin

126



et al., 2002; Donner et al., 2020; Schulz, 2016),
• incorrect or missing publication identifiers (Franceschini et al., 2015a),
• duplicate records (Liu et al., 2021; Valderrama-Zurián et al., 2015) and

missing records (Krauskopf, 2019),
• insufficiently standardized publication venue data (Leydesdorff et al., 2016,

pp. 2134–2136),
• ignored citation data in supplemental information, a type of missing cita-

tions (García-Pérez, 2015),
• incomplete or erroneous funding data (Álvarez-Bornstein et al., 2017; Liu,

2020)

and other missing data elements such as classification assignments of publication
records.

Citation counts of scientific research contributions are a fundamental type of
data in scientometrics. Accuracy and completeness of citation links are there-
fore crucial data quality issues (Moed, 2005, ch. 13; Olensky et al., 2016, pp.
2550–2551). It has been demonstrated that citation counts in bibliometric data
sources are subject to non-negligible error rates in a number of studies.

Moed & Vriens (1989) studied causes of unmatched references to a sample of
about 4500 target records from five journals in an online version of the Science
Citation Index database. Note that in this study, the reference matching pro-
cedure of the Science Citation Index was not studied at all. Rather, it was
investigated why for some cited references no exact match could be found even
though the cited journal and year of the cited reference were covered in the
data. Selecting citing references by cited publication year and cited journal
name, including variations, they focused on the data fields cited first author
name, volume number, and starting page. They found that about 9 per cent
of references contained at least one discrepancy in these fields as compared to
the identified corresponding target record. Some particular journal conventions,
such as ‘combined volumes’ and special pagination for letter sections, could be
identified as associated with certain error types, as were some types of author
names, particularly those consisting of more than a single word. In auxiliary
analyses the authors also established that discrepancies between publication year
of the target item and cited reference are common. The results demonstrate con-
vincingly that any strict reference matching using only exact agreement of field
values would overlook a considerable number of citation links and that there-
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fore reference matching algorithms in general need to be lenient with respect
to minor variations in field values between cited and citing record in order to
attain high completeness of citation counts. Moreover, there are clear systemat-
ics at play both for entire target journals and for individual publications, which
precludes any assumption that these errors can be neglected because they are
distributed randomly and affect all cited documents equally.

Another early empirical study is that of Abt (1992) who looked up around 1000
cited references from one astrophysical journal issue to eight cited journals using
the original volumes or published indexes of the cited literature. Some 12 per
cent of cited references were found to be inaccurate in the original reference
lists. Abt found that most of these were corrected during processing for Science
Citation Index: ‘the 12.2% author errors result in only 3.6% misplacements or
omissions in SCI’ (p. 236).

Buchanan (2006) investigated the accuracy of cited references in two citation
databases, Science Citation Index Expanded (SCIE) and SciFinder Scholar, us-
ing as source data some 6000 cited references from around 200 articles in three
chemistry journals. Checking both the original publications’ reference lists and
the indexed versions allowed him to attribute the cause of found errors to ei-
ther the authors or to processing by the citation databases. In both databases,
around 10 per cent of cited references were not matched to their indexed target.
The major reason were author errors but database mapping errors were a consid-
erable factor as well. Among SCIE database mapping errors, the predominant
type was omission of cited references. This study confirmed systematic errors
for specific journals and individual articles.

Franceschini et al. (2013) propose a method to study the error rate of citation
links at a large scale with an automated approach by comparing sets of citing
and cited papers that are covered by two or more databases, similar to the
earlier short study of Dyachenko & Pislyakov (2010). As it is automated, the
advantages of the method are that it can be applied directly to any set of pub-
lications of interest and that it provides individual paper-level error estimates.
Drawbacks are that, first, subscriptions to multiple databases are required and
second, that, because the shared citing publications are not independent, it
is likely that for cited references with severe inaccuracies, more than a single
database would fail to link it to the intended target. If all studied databases
cannot resolve a cited reference, the method cannot detect that specific error.
Using as a test case articles from three journals from publication year 2008 and
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the two databases Web of Science (WoS) and Scopus, the study finds error rates
of 3.2 per cent and 5.6 per cent, respectively, for this data set. Furthermore they
propose a statistical model for estimating the true number of citations from the
empirical error rate and the number of observed citations.26

In the first study of its kind, Olensky et al. (2016) studied the performance of
two proprietary reference matching algorithms on WoS data compared with the
results of the algorithm of WoS itself. Because of the prevalence of inaccura-
cies in cited reference data and the conservativeness of the WoS algorithm, the
two proprietary algorithms exhibited substantially higher Recall at the cost of
slightly lower Precision in a sample of about 4000 citations to 300 target papers.
While the WoS algorithm missed about 6 per cent of reference matches, the two
other algorithms missed about 1 per cent each. These outcomes show that the
WoS algorithm is apt to make no or very few false positive errors but overlooks
inaccurate references leading to false negatives, which can be overcome with al-
ternative matching strategies. The study also found a number of citation links
present in the data which were not based on cited references in the original
publications.

Van Eck &Waltman (2017) studied the representation of a large data set of cited
references of papers published in journals by the publishing house Elsevier in
the citation databases WoS and Scopus. One important finding is that in WoS
the number of cited references is lower than that of the original publication
for 19 per cent of matched papers while the corresponding figure for Scopus is
only 1 per cent. Both databases had a similar share of papers without indexed
references (about 1 per cent) which do have cited references in the original
publications. Inspection of a sample showed that both databases are prone to
miss cited references present in the original data.

Further studies concerned with cited reference data errors include Tunger et al.
(2010), Schmidt (2018), Dyachenko & Pislyakov (2010), Olensky (2015), and
Tüür-Fröhlich (2016).

While in the past decades citation matching had to rely on bibliographic meta-
data, such as author names, source and publication titles, publication year and

26As the equations of Franceschini et al. (2013) for the expected value (Eq. 12) and variance
(Eq. 13) of the number of omitted citations 𝑜𝑖 are multiplicative in 𝑐𝑖, the number of observed
citations, their model has the limitation that any uncited publication has an expected value
of zero omitted citations with zero variance. The same holds for their equations for these
variables for sets of papers if the total sum of citations is zero.
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volume number, now most publications are published with unique unambigu-
ous identifiers, Digital Object Identifiers (DOIs). DOIs have also been assigned
retrospectively to a large share of published scientific literature and they are
widely accepted as part of reference lists. As they in principle permit an error-
free matching of cited reference to a record of an indexed document, one might
expect that the error in citation matching is much reduced for the more re-
cently published literature for which citation database vendors can utilize DOI
matching. However, the data of identifiers is just as much subject to data qual-
ity problems as any other data (Franceschini et al., 2015a, 2016; Krauskopf &
Salgado, 2023; Zhu et al., 2019). For instance, C.-K. Huang et al. (2020) com-
pared three bibliometric data sources and found some DOIs only present in one
of them. Checking a sample of them manually, they report:

We have also checked each DOI against the DOI string actually
recorded as per original document (where applicable) or via doi.org.
These percentages (of correct DOIs) are 93.1%, 98.2% and 96.7 for
WoS, Scopus, and MSA respectively (with all 15 institutions com-
bined). While these numbers are relatively high, a significant num-
ber of errors suggests that DOIs are not being systematically checked
against authoritative sources such as Crossref which we find surpris-
ing.

DOI errors have also been found to be prevalent in the cited references data
(Cioffi et al., 2022; Xu et al., 2019), confirming that there data quality issues
on both the citing and the cited sides of the reference matching task. Clearly,
the introduction and widespread use of unique identifiers in cited reference data
has not solved the citation matching problem.

From this cross-section overview of the literature the following conclusions can
be drawn:

1. References in the original publications are often incorrect (Dubin, 2004;
Jergas & Baethge, 2015; Moed & Vriens, 1989; Sauvayre, 2022; Wager &
Middleton, 2008).

2. Errors in citation matching in citation indexes can have several causes.
Besides the above item 1, a reference in the citation index can be an
inaccurate copy of an original correct reference. The reference matching
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procedure may be unable to resolve some surface form of a reference to
another, that is, link a source citation to its intended target.

3. The proprietary reference matching procedure of WoS is based on close
agreement of cited reference data (normalized and ‘re-written’ during pro-
cessing (Garfield, 1983)) to the target papers’ bibliographical data, which
is also normalized during source indexing. This corrects a considerable
share of errors in cited references data made by citing authors (Abt, 1992;
Buchanan, 2006). Consequently, the reference matching procedure of WoS
has near-optimal Precision but incomplete Recall – it is known to miss
some inaccurate reference links (Olensky, 2015).

4. Advanced reference matching algorithms that are more error-tolerant can
identify more correct citation links in the case of WoS data as compared
to WoS’s own algorithm.

5. The share of unmatched references that should ideally be matched is
roughly around 5 per cent.

6. The indexing process of references by citation databases is susceptible
to the introduction of errors such as overlooking references or wrongly
correcting erroneous references. The scale of these inaccuracies is more
difficult to determine but probably lower than the unmatched reference
rate.

Despite these known flaws of reference matching algorithms and inaccurate ref-
erences in the original publications, usually no attempts are made to incorporate
this uncertainty about citation counts into the reporting of indicator results. In
the second part of this paper we sketch a method of how this could be done.

What is also missing is an estimate of the rate of missed citations by a principled
method for a random sample – in the sense of being representative for a complete
citation index database. For the first part of this study, a simple random sample
of WoS source papers was drawn and it was attempted to find all reference
strings of WoS indexed documents that reference them. Considerable effort was
expended on identifying inexact matches. The objective is to give a statistical
estimate of the proportion of missed citations and to describe the relationship
of the number of found citations to the number of missed citations, i.e. the
conditional error distribution. While we are concerned with the specific case of
WoS data in what follows, the problem of suboptimal reference matching is just
as acute for other citation index databases.
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5.3 Missing links: Empirical study of citation error distri-
bution

5.3.1 Methods and data

In this section we report on an empirical study27 of the prevalence of incorrectly
matched references in WoS. Incorrectly matched references result in incorrect
citation counts. The analysed data originate from licensed raw data in tagged
data format of the WoS journal and proceedings citation indexes28 as of spring
2015. A simple random sample of target items published between 1980 and
2015 was drawn from all journal articles, letters and reviews, as defined in the
data. Hence, the specific results of this study apply to WoS, not other citation
databases. They also do not apply to specific subsets of publications whose
error structure is known or presumed to be different, such as publications with
references in footnotes, which are more difficult to extract. For such cases, as
for other databases, new empirical samples should be collected and analyzed.

Cited references data of all publications from 1980 to spring 2015 were indexed
for search. The reference strings, consisting of author name field, split into
last name and initials at the comma, the source title, publication year and first
page fields were indexed with Oracle Text in an Oracle Database instance. The
volume field was not considered because, for the target journal items, volume
and publication year are nearly redundant information but publication year is
more accurate and more complete in WoS reference data than volume (Moed,
2005, Table 13.1).

A procedure was programmed to search the index for references likely referring
to the sampled target items. Because the search field data of the target items
has to correspond to the way the reference data is prepared and stored in WoS,
the target author name and source title were pre-processed. This entailed the
abbreviation of first name to initials, the removal of non-letter characters in the
name, and, for the source title, using the WoS abbreviation. Where more than
one abbreviated title version for the same journal existed in the data and when
an additional author group name was available, all possible combinations of

27Initial results from this study were first reported in Donner (2016a). The dataset is
available at https://doi.org/10.5281/zenodo.13969973.

28Science Citation Index Expanded, Social Sciences Citation Index, Arts & Humanities
Citation Index, Conference Proceedings Citation Index - Science, Conference Proceedings
Citation Index - Social Sciences & Humanities. All licensed for records of publication years
1980 to present.
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those fields’ values were used as search input. The procedure performs a fuzzy
search on the index and returns a list of unique candidate reference strings that
are sufficiently similar to the target input. The search is deliberately lenient
so that all possible matches are returned in order to prevent false negatives as
much as possible, which is a requirement for this study. This procedure searched
for simultaneous fuzzy hits on first author lastname, first author initial (target
item co-authors were not considered), source title, publication year (formatted
as string), and firstpage. This strategy found 19132 citation record candidates
for 372 sample target items. Each record could stand for one or more citations
as only unique records were searched and checked.

The candidates were checked for whether they constitute a match to the target
or not by a student assistant. Ambiguous candidates were afterwards assessed
by the author. Care was taken to avoid false positive matches by querying the
database for any exact matches of the candidate reference strings other than the
target item. This entire procedure was completely independent of the reference
matching done by WoS. The found positive matches are used as citation links
and the derived independent citation count for each target item is calculated by
retrieving all references using those unique candidate strings.

The WoS-provided citation links were obtained for comparison. They are con-
stituted by the WoS matchkey, designated as the T9/R9 fields in the tagged
data files. All citations until 2015 were counted. Table 5.1 below shows one
specific example, indicating which variants were found by the above method for
this study and which were available in the original WoS data. Column “Identity
Hits” indicates whether there is a source record in the database that matches
exactly with the reference in all fields. The row “target source item” gives the
specific form in which a sample publication should appear in the references data
according to WoS formatting conventions. Row “citation 1” shows that this ex-
act form (combination of family name, initials, year, source, first page) did in
fact occur in the data 109 times and was classified as a citation to the target
by both the WoS algorithm and our independent inspection. Of the other can-
didates, the WoS algorithm also counted “citation 4”, a variant in which the
publication year is incorrect and a variant of the source name abbreviation is
used. This variant occurred twice. In total WoS found 111 citations for the tar-
get item. Besides “citation 4”, we were also able to identify “citation 2” (year
error), “citation 5” (first page error) and “citation 7” (missing first page, vari-
ant source abbreviation) as valid citations, which added up to four additional

133



citations. We judged “citation 3” as not valid (different year and first page) and
“citation 6” as not valid (different author name initial, first page and volume;
and matches another source record in the database exactly).
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Table 5.1: Example of reference candidate records

Record Family Name Initials Year Source First Page Occurrence Identity Hit Match WoS Match this study
target source item SMITH DS 1981 BRIT MED J 517
citation 1 SMITH DS 1981 BRIT MED J 517 109 yes yes yes
citation 2 SMITH DS 1986 BRIT MED J 517 1 no no yes
citation 3 SMITH DS 1969 BMJ-BRIT MED J 90 1 no no no
citation 4 SMITH DS 1986 BR MED J 517 2 no yes yes
citation 5 SMITH DS 1981 BRIT MED J 5 4 no no yes
citation 6 SMITH R 1986 BMJ-BRIT MED J 1043 1 yes no no
citation 7 SMITH DS 1981 BR MED J 1 no no yes
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5.3.2 Results

A total of 372 sampled WoS records were assessed. According to WoS, these
were cited a total of 6120 times. Our search found 255 additional citations,
which means that 4 per cent of the citations were missed by the WoS matching
algorithm, which is in agreement with the results of other studies (Buchanan,
2006; García-Pérez, 2010; Olensky et al., 2016). The distribution of missed
citations is presented in Table 5.2. It is clearly apparent that the distribution of
omitted citations is neither symmetric nor normally distributed. The inclusion
of these citations would increase the WoS average citations per paper in the
sample from 16.4 citations by 0.7 to 17.1. Of the 372 sample target items, 29.4
per cent have one or more detected missing citation. An association between
the apparent citation count and the citation count error can be observed, as
the number of WoS citations and the number of missed citations per item are
moderately correlated with r = 0.31, 95 per cent confidence interval: [0.22, 0.40],
see also Figure 5.1. This means that from the perspective of cited items, missing
citations due to unsuccessful matching are not random but structured in the
sense that those with higher citation impact (more matched citations) also tend
to have more missing citations.

Our study design did not allow us to identify any false positive citations, also
called “phantom citations”, i.e. citation links present in the database where
no corresponding cited reference was present in the original publication. This
was not possible because we only used the data present in WoS. As mentioned
above, WoS transforms the original data and only the transformed data can be
accessed. Phantom citation errors have been found by other studies (Dyachenko
& Pislyakov, 2010; García-Pérez, 2010, 2011; Olensky, 2015, pp. 114–115; Van
Eck & Waltman, 2017) and are more rare than missing citations. They do con-
stitute one cause of missing citations because they mis-link an original reference
to an incorrect cited source record. Because we only used WoS-internal data
we also could not assess the phenomenon of references that are not transferred
from the original publication to the database record (Buchanan, 2006). This is
another, different kind of missing citations than the one addressed in this pa-
per. In our study we are restricted to indexed but unmatched missing citations.
Finally, as we used the cited reference source data and compared it with the
publication record source, we did not cover references to preprint or working
paper versions of a publication, only to the publisher version.

136



WoS citation count

m
is

si
ng

 c
ita

tio
ns

 fo
un

d

1
2
3
4
5

10

0 1 2 5 10 20 50 100 200 500

0
5

10
15

20
25

Figure 5.1: Scatterplot of WoS citation count and number of missing citations
found

Table 5.2: Distribution of number of missed citations from 372 records in WoS

missing citations frequency
0 263
1 67
2 20
3 5
4 5
5 2
6 3
8 1
9 4
15 1
26 1
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5.4 Propagation of uncertainty from data to bibliometric
indicators – a Bayesian regression approach

5.4.1 Incorporating information about uncertainty into statistical
models

In the preceding section we have empirically determined the magnitude of one
particular source of error of bibliometric data, missing citations due to incom-
plete reference matching. Consider that we might also collect other samples
for other error sources. Having obtained such empirical data on error distri-
butions, it becomes possible to apply this information to other, out-of-sample
data to estimate the effect of data inaccuracies on indicator values of interest
for this new data. In this section, we propose a methodology for using empirical
data on bibliometric error distributions for obtaining uncertainty intervals for
bibliometric indicator values on new data from the same data source with the
same properties of data inaccuracies. For this purpose we construct statistical
models of the error processes which allow to abstract and generalize from the
specific empirical sample data so that one can make stochastic predictions of
the likely errors in any new data. Such regression models are estimated once
and predictive simulations from the models for other data can be used to spec-
ify the uncertainty, not only at item micro-level and the average level across
papers, but also at the level of specific indicator values at any aggregation, to
quantify how precise indicator values are, given known uncertainty structures
in the underlying data. This can be done by using the regression models to
make statistical predictions for error-corrected values for new input data, such
as the likely error-free citation count predicted from observed error-affected cita-
tion count values. Making such simulations a large enough number of times for
each input observation gives a probabilistic approximation of the distribution
of likely error-free outcome values.

This approach is called the Monte Carlo method. In a Monte Carlo simulation,
a process is simulated by repeated random sampling of input data to obtain
probability distributions of some outcomes of interest. The random variation is
a representation of the uncertainty in the modelled relationships. The shape of
the probability distributions of the outcome variables reflect the uncertainty in
the simulated results. The simulated outcome values’ probability distributions
after sampling a sufficiently large number of times can then be statistically
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described and analysed.

It is possible to construct two types of statistical models from empirical data
that can be used to understand the effect of data quality on bibliometric indica-
tors. They differ by the direction of prediction: one can either predict erroneous
data from error-free data or the reverse. In the models of the first kind, we start
with a given data set without any errors. This could either be real data that was
thoroughly checked for quality and corrected by hand, or simulated data. We
then use a statistical model of the error process, obtained from other empirical
sample data, to predict the degree to which empirically observed levels of data
quality issues affect bibliometric indicators calculated from the data. This kind
of model is useful for testing hypothetical scenarios, such as ascertaining the
error rate in raw data that can still be tolerated if one is interested in compar-
isons of some indicator scores with a specified accuracy. For example one might
create a data set of simulated bibliometric ground truth data and use a model
of the first kind to test what range of values would be expected if this data is
subjected to the process of indexation in bibliometric databases that results in
the observed inaccuracies.

An exposition of the use of the models of the first kind is relegated to the
appendix in order to keep the main body of the paper focused on what we
consider the more immediately and broadly useful practical applications.

In the models of the second kind, we work with given data from a bibliometric
data source for which we know the general relevant error rates from earlier
empirical error studies but not the specific inaccuracies in the data at hand. We
then use prediction from estimated statistical models to generate a large number
of simulated hypothetical error-free versions of the data, which are consistent
with the given data and the knowledge about error distributions, and calculate
hypothetical versions of the relevant bibliometric indicators from the simulated
data. The distributions of the simulated indicator values contain the information
about the uncertainty of the indicator values which can be summarized, such as
with point estimates accompanied by 95 per cent probability credible intervals as
error margins of error-free indicator values. That means that these models work
in the inverse direction from the models of the first kind. While the models of
the first kind start with error-free data and simulate realistic errors, the models
of the second kind start with error-affected data and simulate realistic error-free
data. Both kinds of models can be estimated from the same empirical data sets,
only the dependent and independent variables are switched.
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5.4.2 A simulation exercise of bibliometric uncertainty propagation
– Simulating error-free data

The typical situation is that researchers have to work with data which is known
to be inaccurate but for which it is not feasible to make full corrections at scale.
With models of the second kind as introduced above, we can utilize limited sam-
ples of empirical data on error distributions to stochastically predict probable
correct values for newly observed data. By repeated predictions of hypotheti-
cal correct values with random variation at the level of attributes of individual
publications simulated distributions of indicator values can be calculated from
the predicted basic data and summarized and expressed as uncertainty intervals
for bibliometric indicator values, be it at the level of individual publications or
arbitrary aggregates.

Above, we presented data on the uncertainty in citation count figures for one
specific data source, WoS. There are other sources of uncertainty and in the
following we will also consider one further source of uncertainty, namely errors
in the document types of items assigned by bibliometric databases.

To study the effect of data inaccuracies, statistical models of the error distribu-
tion are required. Here we propose to use Bayesian regression, primarily because
this allows the uncertainty in the fitted model parameters (sampling error) to
affect the predicted values for new data. This is possible because, unlike in fre-
quentist regression, the parameters in Bayesian regression are not modelled as
scalar values but as probability distributions. We use the empirical data from
the previous section29. This and all other models are independently estimated
with the R package brms, v. 2.20, (Bürkner, 2017).

We estimated two independent Bayesian regression models. For the first one
we estimated the number of missing citations of a publication from its observed
citation count with a negative binomial model according to 𝑜𝑖 ∼ 𝑁𝑒𝑔𝐵(ln(𝑐𝑖 +
1), 𝜃) and predicted error-free citation counts calculated as 𝑐∗𝑠𝑖𝑚

𝑖 = 𝑐𝑛𝑒𝑤
𝑖 + ̂𝑜𝑖.

This notation follows Franceschini et al. (2013): in model estimation, 𝑜𝑖 is
the number of omitted citations and 𝑐𝑖 the number of error-affected citations

29The citation count error models are estimated on empirical data of only a moderate sample
size. The sample does not include sufficient data at large observed WoS citation counts, a
consequence of the basic sampling strategy and the skewness of citation count data. We
therefore restrict our simulations to moderate citation counts. The collected data can be
extended with new sample data and new models estimated as the need for such modelling
arises.
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of a publication, collected from a sample of empirical data; 𝜃 is the negative
binomial overdispersion parameter, estimated from the data. In prediction from
the estimated model, 𝑐∗𝑠𝑖𝑚

𝑖 is the simulated, i.e. predicted, error-free number of
citations which is calculated from observed new citation count data 𝑐𝑛𝑒𝑤

𝑖 and
predicted missing citations ̂𝑜𝑖. A negative binomial model is used as it is suitable
for non-negative and skewed count data. A log-transformation is applied to the
independent variable as the otherwise excessive range would make the model
unstable for high citation counts. To estimate the model, the data from section
Missing links: Empirical study of citation error distribution are used. Once
this model is estimated, it can be used to stochastically predict the number of
missing citations for any desired new input citation counts in a way that fully
incorporates the available empirical knowledge, in this case the overall incidence
of omitted citations and the relationship between omitted citations and total
citation count.

In Bayesian modelling empirical knowledge beyond the data used to estimate
the model can be included by specifying prior probability distributions. These
reflect prior knowledge about model parameters and get updated via Bayes’
rule with the data to obtain the posterior distribution. In the case of missing
citations, some prior knowledge is available in the form of estimates of the rate of
missing citations due to inexact reference matching reported in earlier studies.
The results of Abt (1992), Buchanan (2006), Franceschini et al. (2013), and
Olensky et al. (2016) suggest that the rate of missed citation in WoS can be
expected to fall somewhere between 0 and 12 per cent. Assuming a plausible
central value of 6 per cent and given that the observed average citation count in
our sample is 16.4, this would indicate an average value of 1.0 missed citations
with values above 0.0 and up to 2.0 still being plausible. From this we set a
weakly informative prior distribution for the intercept term of Normal(0, 0.8) on
the log scale. This sets the prior distribution on the original data scale centered
on 1.0 citations with 95 per cent of the probability mass between 0.2 and 4.95
citations. As we have no particular previous knowledge on the influence of the
predictor, we set a vague Normal(0, 1) prior for its coefficient. Prior predictive
checks showed that these settings generate distributions broadly compatible
with the data.

For the second model, the error-free document type is predicted with a multino-
mial regression model in which the error-affected observed document type is the
single predictor variable according to 𝑑∗

𝑖 ∼ 𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑖𝑐𝑎𝑙(𝑑𝑖). The empirical data
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to estimate this model is from Donner (2017). In that study, the true document
type was collected by inspection of the original document and assigned accord-
ing to the published definitions of document types by the two databases which
were analyzed. Both document type variables have four classes: article, review,
letter, and other. Before we proceed with simulation exercises which investigate
the influence of the two error sources we outline how inaccurate document type
data can adversely affect bibliometric indicators.

First, bibliometric studies normally consider a subset of all publications of a
unit of assessment. This subset is usually defined based on publication years
and document types. Often the document types article, review, and letter are
chosen and all others are not included in an analysis because not all types of
documents are of interest in bibliometric research or evaluation. Hence, if the
document type assignments are not correct, it is possible that not all relevant
publications will be selected for analysis and that some irrelevant publications
will be included, which can lead to incorrect publication counts. In this scenario,
the citation counts of wrongly left out and wrongly included publications also
distort citation impact indicator values.

The second and third kinds of error which can be caused by inaccurate document
type data arise when constructing normalized citation impact indicators using
reference sets to obtain reference values. The second error arises because the
reference values for normalized citation indicators are also based on the selection
of publications of specific types. For example, an observed citation count for a
publication of type article is compared to the citation count of all publications of
document type article in the same field and publication year. If, due to document
type errors, the wrong publications are inadvertently used to calculate these
citation score reference values, the calculation of normalized citation scores for
the publications of interest in a study will also be affected.

The third kind of error is that when the document type assignment of an item
is incorrect, the normalized citation scores of the target publications might get
calculated on the basis of the wrong normalization value, namely that of the
reference set for the incorrect document type.

Simulation exercise 1 We begin with a deliberately simple example of the
proposed method. Subsequent simulations will be incrementally more complex
in order to develop understanding of the approach step by step. In this basic ex-
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ample we look at the distributions of predicted error-free values of citation count
and document type of three publications – only these attributes at the micro-
level of publications are examined and no indicators are calculated. We are
given as observed, possibly error-affected data, publications P1 of type article
with 5 citations, P2 of type review with 10 citations, and P3 of type letter with
0 citations. Using these observed values and the regression models described
above, we predict the likely error-free values of their characteristics with 2000
draws from the posterior predictive distributions of the models for each publi-
cation and attribute. Table 5.3 shows the predicted error-free document types
of the three publications. According to these figures, it is unlikely but possible
that P1 is a different type than article. In contrast, for P2 and P3 it is quite
likely that the observed document types were inaccurate as substantial proba-
bilities for types different than the observed ones are predicted. The figures for
predicted error-free citations counts are shown in Table 5.4. In each of the three
cases, the most likely citation count is the observed one but the numbers in the
higher counts indicate that higher error-free citation counts are also consistent
with the modelled empirical data and given observations. For example, for P2,
the probability that the observed value of 10 citations is accurate is less than
70 per cent.

Table 5.3: Simulation exercise 1. Predicted error-free document types of three
publications

publication Article Letter Other Review
P1 1942 4 10 44
P2 252 1 65 1682
P3 738 1082 178 2

Table 5.4: Simulation exercise 1. Predicted error-free citation counts of three
publications

publication 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 25 33
P1 0 0 0 0 0 1477 280 116 57 36 14 9 7 2 1 0 0 0 0 0 0 1 0 0
P2 0 0 0 0 0 0 0 0 0 0 1362 320 146 65 38 21 14 16 9 3 3 1 1 1
P3 1638 243 80 21 12 2 3 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

Simulation exercise 2 We now present a series of three simulations in which
we first look at the effects of each of the two sources of data inaccuracies in iso-
lation and then at their combined effect. To begin, in this exercise we look at
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citation count error only and assume that document types are free of error. To
make the exercises both instructive and interesting, we model a basic evaluation
scenario. Two research units with modest numbers of publications are evaluated
with respect to their publication output and citation impact. The fundamental
question in this scenario is whether, given the known data quality issues, the
observed differences in scores are reliable reflections of actual performance differ-
ences or whether observed differences might be attributable to data inaccuracies
alone.

For these next three exercises we first create a common data set of error-affected
values for two research units, A and B, with 40 and 50 publications, respectively,
of various document types. For calculating bibliometric indicators, only the sub-
set of articles and reviews of those publications will be selected and counted (in-
dicator publication count, P) while letters and items of other document types
are discarded, as is common in bibliometric studies. Let the units only have
published in one homogeneous research discipline and in the same publication
year, so no further normalization for these factors needs to be applied. An addi-
tional reference set of publications consists of 200 publications of all document
types. Document types of all three publication sets are sampled from the global
document type distribution which, based on WoS data, is as follows: articles:
68 per cent, letters: 3 per cent, reviews: 4 per cent, other: 25 per cent. Cita-
tion counts of papers, the input quantity in this exercise, are generated from
discretized lognormal distributions such that units A and B and the other pub-
lications each have their own typical citation impact levels, realized by setting
the mean parameters of the distributions the citation count values are drawn
from to different values (A: 0.8, B: 1.2, ref.: 1). Depending on the document
type these parameters are multiplied with scaling factors as follows. Articles: 1;
reviews: 1.5; letters: 0.2; other: 0.1.

For the two units A and B, the three basic bibliometric indicators, number of
article and review publications (P), number of their citations (C), and mean nor-
malized citation score (MNCS), are calculated. For the latter indicator, first, the
item-level normalized citation scores (NCS) of the publications are calculated
as the observed citation count divided by the expected citation count. The ex-
pected citation count is the average of the citation counts of all publications of
the same document type. The MNCS of a unit is then computed as the arith-
metic average of the NCS of its publications (Waltman et al., 2011). The choice
of indicators is purely illustrative and the present approach can be used for any
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other indicators.

For each of the observed citation count values of the whole publication set 2000
draws from the posterior predictive distribution of error-free citation count were
drawn from the estimated citation count error Bayesian regression model. For
each of these 2000 draws, the bibliometric indicator values for the two units were
calculated. The distributions of these indicator values across the simulations
are reported in summarized form in Table 5.5. In this and the following similar
tables the original fixed error-affected indicator scores are displayed in the left
part and the values for the distributions of simulated error-free indicators in the
right part of the tables. As document types were assumed to be error-free, the
publication count indicator P is not subject to any variation. The units’ total
citation counts (C) and mean normalized citation score (MNCS) show clear
differences in their median values as compared to the input values. Probable
error-free citation counts are considerably greater than observed values would
suggest. MNCS values for simulated error-free data are close to the observed
values in the median of the distributions. For both indicators and both units the
credible intervals conveying the information on the range of the values covering
the central 95 per cent of the posterior probability distribution show that there
is substantial uncertainty in these indicator results.

Table 5.5: Simulation exercise 2. Observed citation count error-affected and
simulated error-free bibliometric indicator values

observed
error-affected values

simulated
error-free values

publication set P C MNCS P C MNCS
A 31 76 0.55 31 (31, 31) 88 (80, 103) 0.58 (0.53, 0.67)
B 38 185 1.07 38 (38, 38) 204 (192, 222) 1.06 (1, 1.14)
Note:
Simulated values are distribution medians and 95% credible intervals in parentheses

Simulation exercise 3 In this exercise, the observed citation counts are as-
sumed to be error-free while the document types are taken as being affected
by data inaccuracies. Simulated error-free document types are drawn as pre-
dictions from the regression model estimated on the basis of actual document
type error data from Donner (2017). Again, 2000 draws from the Bayesian pos-
terior predictive distribution are realized for each input datum. Different total
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citation counts and MNCS values can occur even though individual papers’ cita-
tion counts are not altered in this scenario because different publications can be
selected as relevant articles and reviews depending on the predicted document
type. The results are shown Table 5.6, where it can be seen that there is some
uncertainty in publication counts, total citations, and consequently MNCS. For
indicator C in this scenario simulated error-free values smaller than those for
the observed data are also predicted. This is because in some cases highly cited
documents of an included document type are predicted to be an excluded type
and do not contribute to that score. Nonetheless, the median indicator values
across all repetitions are close to their observed values and the uncertainties are
of moderate magnitude.

Table 5.6: Simulation exercise 3. Observed document type error-affected and
simulated error-free bibliometric indicator values

observed
error-affected values

simulated
error-free values

publication set P C MNCS P C MNCS
A 31 76 0.55 32 (30, 34) 78 (71, 85) 0.57 (0.53, 0.61)
B 38 185 1.07 39 (37, 42) 185 (168, 189) 1.07 (1.01, 1.14)
Note:
Simulated values are distribution medians and 95% credible intervals in parentheses

Table 5.7: Simulation exercise 4. Observed error-affected and simulated error-
free bibliometric indicator values

observed
error-affected values

simulated
error-free values

publication set P C MNCS P C MNCS
A 31 76 0.55 32 (30, 34) 91 (79, 108) 0.59 (0.53, 0.68)
B 38 185 1.07 39 (37, 41) 204 (184, 223) 1.07 (0.98, 1.17)
Note:
Simulated values are distribution medians and 95% credible intervals in parentheses

Simulation exercise 4 As the final exercise in this series with the same
initial observed data we specify that both document type and citation count are
affected by realistic levels of inaccuracy. To this end, predicted values for both
kinds of data are drawn from the respective regression models as specified above.
Results for 2000 simulation runs are displayed in Table 5.7. The simulation

146



shows that in direct consequence of the empirical data and model structure the
observed citation sums are on average underestimated, but also citation sums
smaller than the observed ones are consistent with the error distributions. This
is due the uncertainty in document types and the inclusion of specific document
types. While in the observed data there are 38 articles and reviews for unit
B, the simulations show that there would likely be between 37 and 41 such
publications with 95 per cent posterior probability if we had error-free data.
The results further indicate that the mean normalized citation score, absent
errors, would be between 0.53 and 0.68 for unit A and between 0.98 and 1.17
for unit B, with 95 per cent probability each.

5.4.3 A real-world example application

Up to this point, only synthetic exemplary data was utilized. The question
remains, does any of this matter in real-world scenarios? To find out, in this
section real bibliometric data on the level of formal research groups is analysed.

Data for all WoS-indexed publications of 110 chemistry research groups of six
universities in one German federal state was collected in the course of a com-
missioned provision of bibliometric data in support of a state-wide research
evaluation in the discipline of chemistry by an expert panel. Universities and
research groups are kept unidentified in this analysis. The data set comprises
3818 different publication records. The groups were asked to submit article and
review publications from 2008 to 2013 and for those years there are between
about 400 and 700 publications per year, and a smaller number of publications
in 2007 and in 2014. The groups published between 3 and 280 papers. Sev-
eral groups have small publication counts as they were established during the
observation period and have only been active for a short period. In order to
calculate field-normalized citation impact scores, we use CWTS’s algorithmi-
cally constructed classification system, as first described in Waltman & van Eck
(2012). Specifically, we use the micro-level fields of the 2020 version of the sys-
tem, which are the outputs of clustering the citation network with the ‘Leiden
algorithm’ (Traag et al., 2019). The publications are distributed over 556 out of
4013 micro fields of that system30. There were no micro level field assignments

30It should be mentioned that the choice of classification system, insofar as it is used for cal-
culating normalized citation scores, can be seen as a source of uncertainty for such indicators,
albeit one not based on data inaccuracies. Different classification systems have been shown
to produce different item-level normalized citation scores (Haunschild et al., 2022; Robinson-
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for 79 records and these are therefore excluded from further analysis31. For each
combination of publication year and micro class which contains a publication
from the chemistry groups we also retrieved all other WoS publication records
in order to construct complete reference sets, including citation counts up to
spring 2020. This larger set includes 863,443 publication records. Next, docu-
ment types were simplified by designating all types other than article, review,
and letter as ‘other’, so that there are four categories.

As all data are obtained from WoS, we assume them to be subject to the em-
pirically found levels of data inaccuracies and we use the statistical models
estimated from original WoS data for posterior predictive inference to obtain
likely correct versions of the data on document type and complete citation count,
i.e. the models of the second kind from the preceding section. The complete ci-
tation count is the WoS citation count plus the predicted number of missed
citations from the regression model. The simulated correct document types are
also predicted based on the observed WoS document types using the estimated
regression model. Because of the larger size of the data set we were limited to
creating 1000 estimated data sets of predicted error-free values. This figure is
large enough to obtain stable and reliable results.

Figure 5.2 shows the distributions of normalized citation scores (observed cita-
tions divided by average citations of publications of the same document type
category, publication year, and micro-level field) for a sample of publications of
the chemistry groups data set. Grey dots are simulated error-corrected values
Garcia et al., 2023; Ruiz-Castillo & Waltman, 2015; Waltman & van Eck, 2019). It would be
difficult to argue that any one particular classification system of the many possible alterna-
tives that could reasonably be used is the most suitable one. Furthermore, some algorithmic
classification methods have a random component and repeated runs on the same data with the
same parameters can lead to more or less different clustering solutions, the Leiden algorithm
being one example. Nonetheless, the choice of this classification system for the present study
is deliberate. Unlike the vendor-supplied classification system of WoS, the Leiden system is
applied at the level of individual publications, rather than entire journals. Papers of one
journal can therefore be classified into different micro-level fields (ideally “topics”), which is
highly appropriate for all but the most specialized small journals. Moreover, the Leiden sys-
tem has the practical advantage that each paper is assigned to exactly one micro field. This
should not be underestimated. It eliminates calculating scores of publications for each classifi-
cation class and then aggregating them, which is required when papers are assigned multiple
classes. While algorithmically constructed classification systems are currently not able to cap-
ture human-conceived topics perfectly (Haunschild et al., 2018; Held et al., 2021; Waltman
& van Eck, 2012), recent empirical research has confirmed that publication-level classification
systems, including algorithmic ones, are more accurate than journal-level systems (Colliander
& Ahlgren, 2019; Klavans & Boyack, 2017; Ruiz-Castillo & Waltman, 2015; Shu et al., 2019).

31These excluded records were, by WoS document type: 43 editorial material, 22 meeting
abstracts, 4 news items, 3 biographical items, 3 corrections, 2 articles, 1 letter, and 1 reprint.
The two article type records contained no references.
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Figure 5.2: Estimates of normalized citations scores for a sample of publications,
1000 runs, symbols: × original error-affected data, • simulated error-free data

and × symbols are the uncorrected observed values. While all example items
have a central zone in which most of the predictions are concentrated, they
also all show substantial item-level variability across Monte Carlo runs. This
illustrates the uncertainty propagated from data errors in citation matching and
document type assignment to item-level bibliometric indicator scores.

Figure 5.3 shows the uncertainty in bibliometric indicator values on the aggre-
gated level of research groups. The plots show black circles for the medians of
the posterior predictive distribution of the indicator values and 95 per cent cred-
ible intervals plotted as gray bars for the uncertainty in these estimates, which
cover the central 95 per cent of the simulated values. The × symbols show the
uncorrected values. The number of publications typically exhibits relative un-
certainty of around 6 per cent on average, computed as the percent ratio of the
difference of the bounds of the credible interval to the value of the median, the
best estimate for the error-free value. The values of research groups with small
numbers of publications are barely affected by uncertainty, as they have very
low absolute chance of being affected by document type assignment errors. The
largest calculated credible interval is for the group with the greatest number of
observed publications. This group reported 257 publications and its 95 per cent
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Figure 5.3: Estimated error-corrected data for publications (P), citations (C),
and mean normalized citation score (MNCS) for 110 chemistry research groups,
medians and 95% credible intervals, 1000 runs, symbols: × original error-
affected data, • simulated error-free data
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credible interval is 250 to 257 with a best estimate (median) of 256.

Relative uncertainty in group citation sums is greater, being around 18 per cent
on average. Readers should bear in mind that the y-axes on these two plots are
logarithmically scaled to better show the whole range of values, which contracts
the apparent size of uncertainty bars in the higher values. Uncertainties are
quite large for groups in the whole range of total citations. The group with
the smallest reported value of 10 citations has a credible interval from 10 to 17
citations, or 70 per cent. On the opposite end of the spectrum, the one with
the largest reported value of 8239 citations has a credible interval from 7219 to
8490, or 15 per cent relative uncertainty.

The relative uncertainty in the group level estimates of MNCS is on average
23 per cent. Figure 5.3, bottom panel, clearly shows that higher values are
associated with greater uncertainties. The largest uncertainty is found for a
group with a best estimate MNCS of 1.6, with credible interval of 1.3 to 2.5,
while its uncorrected MNCS value is 1.5 – a 79 per cent relative uncertainty.
Best estimates of error-free MNCS values are typically close to the observed
error-affected values but associated with large uncertainty intervals.

Figure 5.4 shows the relationship between the best estimate of the publication
count, P, and the relative uncertainty in the MNCS. Each data point is one
research group. There is a clear and robust association, groups with fewer pub-
lications have MNCS values associated with greater uncertainties. However, this
relationship is far from perfectly log-linear, as there are a number of groups with
much higher uncertainties than others with similar publication counts. Even for
groups with hundreds of publications, the relative uncertainty can be on the or-
der of 80 per cent.

5.5 Discussion

5.5.1 Summary

In this study we have outlined a general approach of the estimation of uncer-
tainty in bibliometric indicators. It consists of using empirical data on item-level
error distributions for bibliometric quantities to estimate Bayesian regression
models and generating predictions from the model for new data as Monte Carlo
simulations. This allows the propagation of input uncertainties whose distribu-
tions are known to any bibliometric indicators of interest. Thus the uncertainty
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research groups
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in bibliometric indicators that is due to data quality issues can be explicitly
modelled and expressed. This uncertainty can be expressed, for example, as me-
dian estimates of a quantity and corresponding credible intervals corresponding
to a chosen probability that the likely correct value lies within that range. We
have demonstrated this approach with a number of simple synthetic examples
for didactic purposes and for one example of real-world data with a specific eval-
uative bibliometric application. These examples showed substantial uncertainty
in bibliometric indicator values that would otherwise have remained invisible.

5.5.2 Limitations and future work

The present study has several limitations. We have worked only with one mod-
erately sized manually assessed data set for the validation of citation counts
from a single data source. This is clearly not generalizable to every scenario but
can at best serve as one example to be extended and supplemented with further
samples in the future. Our results do not transfer to citation counts from any
other data source or even the same data source once the proprietary algorithm
for reference matching is changed substantially. As a case in point, the study
by Van Eck & Waltman (2017) shows that the types of errors in citation data
differ by data source. Furthermore, we have used a single predictor variable,
WoS observed citation counts, to predict omitted citations. This implies the as-
sumption that the number of omitted citations is otherwise not affected by any
characteristics of the specific publication. This is a necessary simplification due
to constraints in data collection. There are other relevant predictor variables
for omitted citations. One example would be the scientific field of a publica-
tion. For instance, in the humanities, complex footnote citations are common,
as opposed to reference lists. Such citation data is inherently more difficult to
extract correctly and completely, which could manifest in greater citation error
in this domain, as results in Tüür-Fröhlich (2016) suggest. Another example
for a possibly useful predictor variable would be publication year. Publishing
practices and data collection practices of citation index databases change over
time. Therefore data originating in different time periods might be differently
affected by citation count errors. A third example would be publications from
languages other than English being cited as references. These may possibly
exhibit greater error rates than English-language references if data extraction
methods are primarily designed for English language data and perform worse
for other languages. In many cases such cited references are also cited in trans-
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lated or transcribed form, which are practices susceptible to the introduction
of errors or variability, such as when competing romanization systems are used
for non-Latin scripts. Moreover, the research of Moed & Vriens (1989) and
Buchanan (2006) showed that specific journals are more affected by referencing
errors, as are papers by authors with complex names. Including such other pre-
dictors as covariates into regression models like the ones discussed here would
require larger samples sizes in order to achieve reliable estimates across ranges
of numerical and categories of categorical variables.

Another limitation is the choice of specification for the regression models used
in the stochastic prediction of correct and error-affected data. For the citation
error model, we chose a negative binomial model as it is a count data model
well suited to skew data such as citation counts. Other choices are possible
and perhaps better. The purpose of the present study was not to identify the
single best specification choice, for that the size of the sample was not large
enough, but rather to outline one approach and test it for one reasonable model
choice. Moreover, incorrect document types and incomplete citation counts are
just two of a larger number of known data error-related phenomena. We have
focused on omitted citations, a source of uncertainty which is documented and
understood relatively well and is assumed to have considerable effects on data
quality. Thus we have not taken into account other phenomena of citation error
such as phantom citations or unindexed citations from supplemental material.
Ultimately all sources of data error need to be either eliminated by correction
or included in a more comprehensive error assessment of bibliometric indicator
results. We expect that increasing the sample sizes, including additional predic-
tors and using an alternative regression model specification would lead only to
minor quantitative changes in the results we report here. On the other hand,
the inclusion of more types of data errors can be expected to lead to increases
in predicted uncertainties. In this sense, the present limitations mean that our
reported uncertainty intervals are probably conservatively small.

We have restricted the study to three very basic bibliometric indicators, publica-
tion counts, citation counts, and mean normalized citation scores. While most
bibliometric studies use the first two indicators, the MNCS indicator is just one
of the many possible choices to characterize the typical citation impact of a set
of publications. It is known that this indicator can be sensitive to influence by
a few very highly cited papers. A more comprehensive study of the influence of
data errors on other important impact indicators, including representatives of
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other classes of citation impact indicators, such as highly cited rate indicators
and indicators of total impact, is certainly warranted. It might be prudent to
investigate if any citation impact indicators are particularly volatile or robust
to data errors.

This study only looked at one kind of research unit when studying real-world
data, formal university research groups. Again, this example was chosen for
being illustrative. It is arguably the smallest type of unit that is reasonably
amenable to bibliometric scrutiny, as individual researchers do not commonly
have the necessary number of publications to make statistical analysis reliable.
This is not even strictly the case for the research groups used here. The in-
tention behind the choice of this small a unit was to make any possibly found
uncertainties easy to perceive. It remains to be studied if the quite substantial
uncertainties found here can also be seen in larger units, such as departments or
whole organizations, or if they might become small for large enough publication
sets. In any case, the uncertainties at the level of single publications will not
disappear until the data are free of any error.

5.5.3 Conclusion

In the first empirical part of this work we studied the incidence of missing
citation links in WoS. According to a global random sample, about 4 per cent of
citation links are missing in WoS and nearly one third of all studied items had
one or more missing citations. The citation error distribution was found to be
highly skewed. It should be pointed out that citation index providers continue
to improve their databases including their original data indexing quality and
their reference matching procedures, so our results represent a snapshot of data
quality at one particular point in time. Furthermore, both WoS and Scopus
welcome corrections and incorporate them into their data after confirmation.
So any discovered errors or omissions could in principle be corrected in the data
source.

In the second empirical part we used these data and data from an earlier study to
statistically model the errors in citation counts and document type assignments.
We demonstrated how such models can be used to simulate error-corrected data
from typical error-affected real data to gain insight into the range of bibliometric
indicator values consistent with the data at hand and known error distributions.
This method has the potential to improve the reporting of bibliometric indica-
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tor values and thus the interpretation of the results of bibliometric studies. It
provides one practical implementation of the eighth principle of the Leiden Man-
ifesto, which states that information on uncertainty and error in values should
be quantified and reported alongside indicator values whenever possible.

By studying real bibliometric data that was used in assessment of university
research groups in chemistry, we were able to show that data errors do not just
cancel out and vanish at this level of aggregation but lead to quite substantial
uncertainties in the values of bibliometric indicators. The hitherto indifferent
attitude of professional bibliometricians to data quality and data errors can
hardly be sustained in the light of the results presented herein. Uncertainty
quantification can contribute to the legitimacy of the field of scientometrics
because it increases transparency about known inaccuracies in data, instead of
ignoring them.
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Appendix

5.5.4 Simulating error-affected data

In this section, we demonstrate the use of simulation of realistic errors for given
error-free data sets. These are the models of the first kind of the section Incorpo-
rating information about uncertainty into statistical models. They are probably
of more limited practical use but very instructive nevertheless. For reasons of
exposition, we will begin with a small example data set and consider the two
sources of data error, omitted citations and inaccurate document types, first in
isolation and then in combination.

The number of missed citations, a count variable, is modelled using a negative
binomial regression model with a single predictor, the accurate number of cita-
tions. This predictor is modified by adding 1 and taking the natural logarithm:
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𝑜𝑖 ∼ 𝑁𝑒𝑔𝐵(ln(𝑐∗
𝑖 + 1), 𝜃). This notation also follows Franceschini et al. (2013):

𝑜𝑖 is the number of omitted citations, 𝑐∗
𝑖 is the accurate number of citations; 𝜃

is the negative binomial overdispersion parameter, estimated from the data.

The simulated error-affected citation count can then be obtained by subtracting
the predictions from the model for new data from the input values. A drawback
of the particular model is that it can predict numbers of missed citations greater
than the number of true citations. This would result in predicted negative
citation counts which is incongruous with reality. We therefore set a lower limit
of 0 on the simulated citation counts: 𝑐𝑠𝑖𝑚

𝑖 = 𝑐𝑛𝑒𝑤
𝑖 − ̂𝑜𝑖 subject to: 𝑐𝑠𝑖𝑚

𝑖 ≥ 0.

Simulation exercise A1 We generate a synthetic data set of known accurate
values for two research units, A and B, with 20 and 30 publications, respectively,
of various document types. For calculating bibliometric indicators, only articles
and reviews will be selected and counted (indicator publication count, P) while
letters and items of other document types are discarded, as is common in bib-
liometric studies. The units have only published in one homogeneous research
discipline and in the same publication year, so no further normalization for such
factors needs to be applied. An additional reference set of publications consists
of 1000 publications of all document types. Document types of all three publica-
tion sets are sampled from the global document type distribution which, based
on WoS data, is as follows: articles: 68 per cent, letters: 3 per cent, reviews: 4
per cent, other: 25 per cent. Citation counts of papers, the input quantity in
this exercise, are generated from discretized lognormal distributions such that
units A and B and the other publications each have their own typical citation
impact levels, realized by setting the mean parameters of the distributions the
citation count values are drawn from at different values (A: ln 5, B: ln 7, ref.:
ln 6). Depending on the document type these parameters are scaled with multi-
plication factors as follows, with articles at 1.0: reviews: 1.5, letters: 0.2, other:
0.1. For the two units, the three basic bibliometric indicators number of article
and review publications (P), number of citations of these (C), and mean normal-
ized citation score (MNCS), are calculated. The item-level normalized citation
score (NCS) of a publication is calculated as the observed citation count divided
by the expected citation count. The expected citation count is the average of
the citation counts of all publications of the same document type. The MNCS of
a unit is the arithmetic average of the NCS of its publications (Waltman et al.,
2011). The choice of indicators is purely illustrative and the present approach
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can be used for any other indicators.

The generated synthetic correct values are used as inputs to the statistical er-
ror model of the first kind for citation counts, which was estimated using the
empirical data from the first part of the paper. In this exercise, no error is
assumed for document types, so that data is unchanged. From the model, 2000
samples of the posterior predictive distribution of the omitted citation count
for each publication item are drawn. In each case, the simulated error-affected
citation count of a paper is calculated by subtracting the predicted number of
omitted citations from the error-free original citation count. For each such set
of simulated error-affected data the bibliometric indicators (P, C, MNCS) of
the two units are calculated. By this method we can obtain distributions of
the indicator quantities of interest generated from Bayesian posterior predictive
distribution samples, given the known error-free data and the statistical model
estimated using empirical data. In other words, distributions of the probable
data that might have been available from WoS given the knowledge of the error
distributions in this data source and the values of the input quantities.

The correct values and summaries of the obtained distributions of simulated
error-affected values for the bibliometric indicators are reported in Table 5.8.
There is no variability due to document assignment error, so the document
types and thus the values for P are constant. Citation counts in the simulated
inaccurate data are lower than the correct figures. Median simulated MNCS
estimates are not far off their error-free values but the uncertainty is substantial.
Appendix Figure 5.5 shows the results for 2000 repetitions.

Table 5.8: Simulation exercise A1. Error-free and simulated citation count error-
affected bibliometric indicator values

error-free values simulated citation count error-affected values
publication set P C MNCS P C MNCS
A 16 122 0.76 16 (16, 16) 116 (102.975, 121) 0.77 (0.68, 0.8)
B 20 238 1.14 20 (20, 20) 225 (208, 234) 1.15 (1.06, 1.2)
Note:
Simulated values are distribution medians and 95% credible intervals in parentheses

Simulation exercise A2 In this exercise, we look at the isolated effect of
error-affected document type data on bibliometric indicator uncertainty. Cita-
tion counts are not changed from their original error-free values.
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For the model of error-affected document types, we create a categorical distri-
bution regression model that predicts the possibly error-affected document type
𝑑𝑖 (four classes) assigned by the database vendor from a single predictor, the
known correct document type 𝑑∗

𝑖 (same four classes): 𝑑𝑖 ∼ 𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑖𝑐𝑎𝑙(𝑑∗
𝑖 ). The

model is estimated with the empirical data on document type inaccuracy in
WoS from Donner (2017). The estimated model is used to run a simulation to
illustrate the influence of realistic document type error using the setting of the
prior exercise. In contrast to that exercise, here the citation counts of items
are not affected by any error and thus constant. Again, 2000 sets of values are
simulated and the three basic indicators calculated. The results are shown in
Appendix Table 5.9. It can be seen that all aggregate level indicators are af-
fected by document type errors: publication count because different numbers of
documents with the document types of interest are counted and citation count
for the same reason. MNCS is affected in addition to that because of distorted
reference group citation count values of document types. We can see that indi-
cator value uncertainties in this exercise are greater than in the previous one in
which only citation counts were affected by errors.

Table 5.9: Simulation exercise A2. Error-free and simulated document type
error-affected bibliometric indicator values

error-free values simulated document type error-affected values
publication set P C MNCS P C MNCS
A 16 122 0.76 12 (8, 15) 105 (42, 119) 0.84 (0.37, 1.13)
B 20 238 1.14 15 (11, 19) 185 (122, 231) 1.16 (0.83, 1.45)
Note:
Simulated values are distribution medians and 95% credible intervals in parentheses

Simulation exercise A3 What happens if both types of errors are present?
This can be studied by simulating error-affected values from both the document
type error model and the citation count error model. Using the same input
data as before, the results are shown in Appendix Table 5.10. The results are
comparable in uncertainty to those from the simulation exercise in which only
document type error was modelled. In this particular scenario the contribution
of document type error to overall uncertainty in bibliometric indicators is clearly
greater than that of citation count error. Such a finding could only be uncovered
by this modelling-prediction-simulation approach.
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Table 5.10: Simulation exercise A3. Error-free and simulated citation count
error and document type error-affected bibliometric indicator values

error-free values simulated citation count error- and document type error-affected values
publication set P C MNCS P C MNCS
A 16 122 0.76 12 (8, 15) 98 (38, 115) 0.84 (0.36, 1.15)
B 20 238 1.14 15 (12, 19) 176 (115, 222) 1.15 (0.83, 1.45)
Note:
Simulated values are distribution medians and 95% credible intervals in parentheses

Simulation exercise A4 The first set of three scenarios had units with de-
liberately small publication counts to support conveying the basic approach. At
such low sample sizes the effects of errors are easy to observe from the large vari-
ability they introduce. However, this variability could conceivably be a minor
factor in the much larger sample sizes which are common in bibliometrics. To
test this hypothesis, we now investigate what happens if the publication counts
are much higher. We keep all settings as before but increase the number of
simulated publications for all three publication sets, A, B, and ref., by a factor
of 100 to 2000, 3000, and 10,000 publications, respectively. The results are
reported in Appendix Table 5.11. The accuracy of the simulated error-affected
MNCS indicator value has now improved a lot, yet there is still an appreciable
uncertainty. Moreover, the possible error-affected values for P and C exhibit
a wide range of results in absolute terms and are not close to their error-free
values.

Table 5.11: Simulation exercise A4. Error-free and simulated error-affected
bibliometric indicator values

error-free values simulated error-affected values
publication set P C MNCS P C MNCS
A 1472 12813 0.84 1090 (1005, 1169) 9009 (8273, 9725) 0.84 (0.8, 0.87)
B 2202 26977 1.19 1628 (1504, 1734) 19057 (17553, 20268) 1.19 (1.15, 1.22)
Note:
Simulated values are distribution medians and 95 per cent credible intervals in parentheses

These results show that simulating realistic errors with different conditions can
be informative about the contribution of different types of errors to overall
indicator value uncertainties and about how the accuracy of indicator results
changes with sample size.
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