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The analysis of citations to scientific publications has become 
a tool that is used in the evaluation of a researcher’s work; 
especially in the face of an ever-increasing production vol-
ume1–6. Despite the acknowledged shortcomings of citation 
analysis and the ongoing debate on the meaning of citations7,8, 
citations are still primarily viewed as endorsements and as 
indicators of the influence of the cited reference, regardless of 
the context of the citation. However, only recently has atten-
tion9,10 been given to the connection between contextual infor-
mation and the success of citing and cited papers, primarily 
because of the lack of extensive databases that cover both 
types of metadata. Here we address this issue by studying the 
usage of citations throughout the full text of 156,558 articles 
published by the Public Library of Science (PLoS), and by trac-
ing their bibliometric history from among 60 million records 
obtained from the Web of Science. We find universal patterns 
of variation in the usage of citations across paper sections11. 
Notably, we find differences in microlevel citation patterns 
that were dependent on the ultimate impact of the citing 
paper itself; publications from high-impact groups tend to cite 
younger references, as well as more very young and better-
cited references. Our study provides a quantitative approach 
to addressing the long-standing issue that not all citations 
count the same.

The study of scientific enterprise has a long history, but has 
recently experienced a sharp increase in interest due to the avail-
ability of large digitized bibliometric databases. One of the current 
quantitative foci is on networks of citations1. Citations provide a 
simplified abstraction that allows for the systematic study of matters 
such as the organization of knowledge4,12, the importance of men-
toring and teams13–16, or innovations17 and their impact18,19. There is 
also a general understanding that citations are intended as recogni-
tion of peers’ work and therefore may inform about the quality of 
the cited work7,20–23. Recent survey-based studies8 have reported a 
correlation between perceived quality and number of citations, at 
least in the case of a researcher’s own work. More broadly, a study 
of citations among US-produced films—which can be interpreted 
as the equivalent of scientific citations in the film industry—found 
that peer citations provided the most predictive proxy for the identi-
fication of culturally, historically or aesthetically significant films24. 
Despite the interest in citations, most researchers agree that cita-
tions are an imperfect measure20,21,23, and are not free from biases25, 
such as the rich-gets-richer mechanism2, or confounding factors 
such as age dependencies26,27, gender16,28, field, institution, journal 
and author dependencies, and fads.

A different stream of research, based on text analysis of small-
sized samples of papers and surveys of academics, has investigated 

the multiple ways in which citations are used by authors29,30. This 
research showed that homage, credit, methodology identification, 
providing background, and the correction or criticism of the work 
of others are common reasons for citing, as are non-scientific rea-
sons, such as rhetorical construction. In addition to these individ-
ual reasons, the cited references also signal domain knowledge and 
membership of a specific scientific field31.

As is the case for many human activities, researchers sometimes 
copy what others in their field do or cite, as a learning mechanism 
and as a way of building on previous knowledge. It has been shown 
that such copying gives rise to multiplicative growth32, which in turn 
creates heavy-tail distributions, such as those found for the num-
ber of citations that papers accrue33,34. Interestingly, studies on the 
propagation and rates of citation errors35–37 have shown that refer-
ences are also literally copied from one paper to another. Thus, the 
references cited in a manuscript may be chosen by a combination of 
what the authors think is relevant, the consensus of what is impor-
tant in the field at that time and literal copying of references from 
other papers.

If this is indeed how researchers choose references, then there 
should be micro-level citation patterns that can be empirically 
uncovered using data-driven approaches. The increasing availability 
of large, full-text datasets allows for the study of the use of citations 
in context38 for a large number of papers. Therefore, we investigated 
whether there are attributes of the references themselves that signal 
the reasons they were chosen by the authors of a scientific paper. 
To address this question, we generated a dataset that character-
izes both citing papers and references. We acquired the full text of 
156,558 articles published in PLoS journals between 2005 and 2016 
(we included only primary research articles, and excluded reviews, 
editorials and corrections), and combined these data with author-
disambiguated records of the citation history of all publications, 
whether they were citing, cited or both (Supplementary Methods 
1, Supplementary Fig. 1). This information was obtained from the 
Web of Science database, which contains over 60 million records on 
scholarly publications (as of January 2017).

We extracted a total of 2,320,774 unique references that were used 
a total of 5,787,630 times across all sections of all PLoS papers (see 
the Data section in the Methods). We then identified the exact loca-
tion within the text where a given reference was cited. The names and 
section labels allowed us to align the content of each paper in our 
dataset according to the typical four-section structure: introduction, 
methods, results, and discussion (see the Data section in the Methods 
for statistics on other rarely used types of sections). The 5,787,630 
data entries in our dataset are referred to here as ‘records’; each record 
comprised the following four fields: reference ID, citing paper ID, 
section and reference age. We defined the age of a reference as the 
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difference between the years of publication of the citing paper and of 
the reference. We excluded all self-citation records, because they may 
have been selected for different reasons than other references39. This 
resulted in the removal of 1,136,639 records, or 16%, a percentage 
consistent with previously reported values40.

Around 74% of the references in our dataset are used in either 
the introduction or discussion (Fig. 1c). The references used in the 
methods are the most highly cited as well as the oldest, whereas the 
references in the discussion are younger than other references in the 
papers (Fig. 1d,e).

Interestingly, we also found significant differences in the citation 
practices of highly cited papers and poorly cited papers that were 
published in the same year and in the same journal. We find that 

the authors of highly cited papers tend to cite significantly younger 
references across all sections, and that papers from higher citation 
percentiles cite more highly cited references (see Supplementary 
Figs. 8–10 for P values of all possible pairwise comparisons using 
the Mann–Whitney U-test; Supplementary Methods 2). Previous 
research has suggested the notion that the authors of highly cited 
papers strategically select a successful combination of references41. 
We expand on this idea, and suggest that these authors of highly 
cited papers are more adept at identifying impactful research, and 
do so early on. One could argue that good scientists have good ‘sci-
entific taste’.

Although papers published in PLoS One constitute a substantial 
proportion of the dataset (Fig. 1a), we verified that we could still 
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Fig. 1 | references vary in age and impact according to the section in which they are cited. a, The number of published papers (left) and records (right)  
in each of the PLoS journals that were included in our dataset. b, The fraction of references used in each article section from all of the papers in our dataset. 
c, Hypothesized characteristics of the references cited by a paper depend on the section in which they are cited. Credit: images in c reproduced from refs. 
45,50–52 (left–right), PLoS. d,e, Age statistics (d) and numbers of citations received (e) for all references used in our dataset according to the section of the 
paper in which they are cited. Age and citation values are shown as the 25th (P25), 50th (P50) and 75th (P75) percentiles (50th percentiles are bolded as 
they are the mean); values in parentheses indicate the number of records in each bin.
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obtain qualitatively similar results when conditioning on the basis 
of particular journals or scientific fields (Supplementary Figs. 2 and 
3). The papers in our dataset cite an average of 48 references (σ = 26; 
interquartile interval (R25–75) = 34–58). As expected, these citations 
are not distributed uniformly across the different sections of a paper. 
We found that 38% of the references are cited in the introduction, 
36% are cited in the discussion, and 12% and 10% are cited in the 
methods and results, respectively (Fig. 1b). These values are con-
sistent with previous reports on the location of citations11. We also 
found that cited references are an average of 9.7 years old (σ = 9.0, 
R25−75 = 3–13), and that the average number of citations for all cited 
references is 83 (σ = 391, R25−75 = 17–82).

The average number of citations that we calculated is much 
larger than the expected average value for all papers recorded in 
the Web of Science. First, by focusing on the citation patterns of 
papers, we ignored those that did not receive any citations. It has 
been estimated that over one-quarter of papers never receive a sin-
gle citation34. Second, this large average is not surprising because, 
by construction, we consider here a biased subset of papers that 
includes only those that have been cited at least once in a PLoS 
publication, which suggests that they may have been cited by other 
publications. Third, when constructing the set of references that 
were cited in a given section, we included them multiple times if 
they were cited by multiple papers. This resulted in a larger median 
number of citations than if we had included cited papers only once.

Going beyond a purely descriptive picture, we next investigated 
whether the location where a reference is cited informs about the 
reason it was selected. We hypothesized that scholars select the 
references to cite in different sections of a manuscript for section-
specific reasons. For example, there tends to be a broad, long-lasting 
consensus on what methods are most appropriate for the study of a 

given problem. Thus, we expect references cited in the methods to 
be older and more highly cited than references used in other sec-
tions of the manuscript (Fig. 1c). By contrast, in the discussion, the 
authors may compare their findings with those reported in other 
studies, and they may also delineate future research directions, so it 
is likely that the references will tend to be younger. The references 
cited in the introduction may be used to display the authors’ knowl-
edge of the set of papers that define a field of research, and provide 
the background for the current work. Thus, we expect those refer-
ences to trend towards being older and more highly cited. In the 
results section, because authors may connect their findings to work 
cited in the introduction, we expect references to overlap with those 
in that section. More importantly, ‘better’ researchers may have a 
better grasp of current work in their field, and may also be better at 
identifying promising new methods, ideas and unanswered ques-
tions, therefore selecting better references, and maybe even younger 
references than their peers.

We found substantial variation in the number of citations of ref-
erences used in different sections of papers (Fig. 1e, Supplementary 
Figs. 6 and 7), ranging from an average of 1,952 in the methods 
(P50 = 159, where Pn is the nth percentile) to an average of 188 in 
the discussion (P50 = 61). These findings are consistent with previ-
ous anecdotal evidence that methods papers are the most highly 
cited42. Conditioning on the basis of section, we found that the 
average reference age (Fig. 1d, Supplementary Figs. 4 and 5) ranges 
from 11.8 years in the methods (P50 = 9) to 8.6 years in the discus-
sion (P50 = 6).

We thus found a robust micro-level pattern for the selection of 
references across the four typical sections of a paper. The introduc-
tion and discussion sections include the highest fraction of refer-
ences. The references cited in the introduction are older and highly 
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cited whereas the references in the discussion tend to be the young-
est. The methods contains few references, but they have the highest 
impact and age.

Next, we investigated whether authors of highly cited PLoS 
papers select their references differently from those of poorly cited 
PLoS papers. We grouped papers according to the number of cita-
tions that they had accumulated as of 31 December 2017 into five 
exclusive ‘impact’ groups as follows: bottom 30% (bottom), 31% to 
60% (typical), 61% to 90% (good), 90% to 99% (high) and the top 
1% (top). Owing to the time necessary to accrue citations—and thus 
the inherent time dependence of classification into impact groups—
we restricted the comparison to PLoS papers that were published in 
the same year.

First, we analysed the number of references that were cited in 
each section. It was visually apparent that there were no relevant 
differences by impact group (Fig. 2a)—most references were cited in 
the introduction (the median number of references was consistently 
between 12 and 13), followed by the discussion (the median num-
ber of references was consistently between 11 and 13), regardless of 
the impact group that the paper belonged to. The only noticeable 
difference is the near absence of citations in the results section of 
low-impact papers; the median number of references used in the 
results by papers in the bottom impact group was 0, versus 3 for 
papers in the top impact group and 2 for papers in the high impact 
group. Next, we analysed the age of the references in PLoS papers 
for the different sections. We find that, independently of the cita-
tion group, the references cited in the methods are consistently the 
oldest, whereas references cited in the discussion are consistently 
the youngest (Fig. 2b). Interestingly, we also found a clear trend in 
the age of the references when we considered higher impact groups. 
Whereas references cited by authors of papers in the bottom impact 
group had a median age of 9 years old (in the methods section) and 
7 years old (in the discussion section), the median age of the refer-
ences cited by the papers in the top group were only 6 years old and 
4 years old for methods and discussion sections, respectively. This 
difference is particularly striking given that we excluded all self-
citations—we expect that self-citations are generally younger than 
other citations. We also reproduced these age patterns for differ-
ent publication years, journals and fields (Supplementary Figs. 15, 
18 and 21), as well as for alternative definitions of impact groups 
(Supplementary Fig. 25).

Motivated by the differences observed in the ages of the cited 
references between the different impact groups, we analysed the 
percentages of old (age ≥ 10 yr) and young (age ≤ 1 yr) references 
that were cited by papers. Although we found no differences for the 

methods and results sections, we found for the introduction and 
discussion sections that top impact papers use a lower percentage 
of old references and a higher percentage of young references than 
bottom impact papers (Fig. 2c,d).

These systematic differences in the selection of references by 
authors of papers from different impact groups raises the question 
of whether top PLoS papers cite not only younger references, but 
also references with an ultimately higher impact. We therefore ana-
lysed the number of citations of the references cited in PLoS papers 
for the different paper sections and impact groups. To control for 
the differences in the age of references across groups, we focused 
separately on old and young references.

It is visually apparent that the most-cited old references in a 
PLoS paper—regardless of impact group—are those found in the 
methods section (Fig. 3a). Interestingly, however, we found that 
the more highly cited papers cite more highly cited references 
across all sections. For example, the median numbers of citations 
of old and young references cited in the introduction of papers in 
the top impact group are 238 and 120, respectively, compared to 
133 and 37 for old and young references cited in the introduction 
of papers in the bottom impact group, respectively (Fig. 3b). This 
finding is particularly important because—at the time of publica-
tion of the citing paper—the number of citations of a young ref-
erence will be quite low, as that reference was probably published 
around the time at which the citing papers were being submitted 
(see Supplementary Fig. 11 for a heat map showing early citations 
of young references). Thus, this finding suggests that authors of 
highly cited PLoS papers select higher-impact references, both 
in the case of references that were presumably well-known at the 
time of the publication of the PLoS paper, and in the case of refer-
ences that were ‘fresh off the press’. We reproduced this pattern for 
different definitions of old and young references (Supplementary 
Fig. 14) and subsets of the data conditioned on the basis of year 
of publication (Supplementary Figs. 16 and 17), PLoS journals 
(Supplementary Figs. 19 and 20), scientific disciplines of PLoS 
papers as provided by PLoS (Supplementary Figs. 22 and 23) or for 
references as inferred from the text of abstracts using topic mod-
els43 (Supplementary Figs. 34 and 35, Supplementary Methods 3). 
We considered individual and group references (Supplementary 
Fig. 24), and different choices for binning into impact groups 
(Supplementary Figs. 26 and 27). Moreover, we found that for the 
young references cited in PLoS publications during a given year—
whether computing their number of citations as of 2016, after 
8 years or at 1 year old—the citation patterns described are qualita-
tively the same (Supplementary Figs. 11–13).
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The differences in the future impact of young references that were 
selected in papers from different impact groups is striking. To estab-
lish the robustness of these differences, we compared our results 
with an appropriate null model. Specifically, we checked whether 
the utilization rates of both top 10% and bottom 10% impact group 
references by either top 10% or bottom 10% impact PLoS papers in 
a given year and field were different from what would be expected 
if selection was random—that is, if authors of papers simply pulled 
references from the pool of available references in their field at the 

time of publication without any thought to quality or timeliness (see 
the Randomization section in the Methods; we also test other top 
percentages for top and bottom definitions, with quantitatively the 
same results). To ensure the validity of our findings, we preserved 
the structure of how references are grouped in the citing paper. 
Figure 4a shows our results for 2,008 PLoS papers in the field of 
biological sciences.

We counted the fraction of ‘top 10%’ and ‘bottom 10%’ refer-
ences cited, we defined these groups as references that are in the top 
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Fig. 4 | Highly cited papers have a higher-than-expected probability of citing highly cited references, and a lower-than-expected probability of citing 
poorly cited references. a, Comparison of the utilization of highly cited (top 10%; R25–75 = 50–1,173 citations) and poorly cited (bottom 10%; R25–75 = 0–5 
citations) references by highly cited and poorly cited biological sciences PLoS papers that were published in 2008 versus the expected value from a null 
model. Error bars indicate the 95% confidence interval obtained from 1,000 replications of the randomization procedure. b, Cumulative distribution of the 
number of citations accrued by young references of PLoS papers with different numbers of citations. We separated the bottom 10% (left) and top 10% 
(right) PLoS papers from 2011 into four mutually exclusive groups each (see Supplementary Figs. 31 and 32 for different years). c, Dependence on age 
difference between citing and cited papers of the logarithm of number of citations (+ 1) of the papers that cite subsets of papers that were published in the 
period 1990–1995 in PNAS (left) and Physical Review E (right). The box plots show R25–75. See Supplementary Fig. 33 for four other journals (Physical Review 
Letters, Nature, Science and Journal of Theoretical Biology).
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and bottom 10% citation percentile, respectively. In comparison to 
the random null model, utilization of highly cited references is sig-
nificantly increased in the top 10% group of papers (15.4% versus 
11.5%, respectively, P < 0.0001) whereas utilization of poorly cited 
references is significantly decreased (7.6% versus 11.5%, respectively, 
P < 0.0001). For the bottom 10% group of PLoS papers, we found the 
opposite pattern: utilization of papers in the top 10% and bottom 
10% groups of references is significantly lower, or higher, than the 
in the null model, respectively (for both comparisons, P < 0.0001). 
These results are robust with respect to the paper’s publication year, 
different percentage thresholds for the definition of top and bottom 
publications (Supplementary Fig. 28), and hold for each subject field 
separately and for different publication years (Supplementary Figs. 
29 and 30). We observed that the fraction of top references used by 
bottom papers is significantly lower—but only slightly lower than—
expected by chance; we can say that the bottom papers do not avoid 
citing highly cited references. Notably, the null model expectations 
for the fraction of references in the bottom 10% category is lower 
than the corresponding one for papers in the top 10% category. This 
is due to the fact that papers in higher impact groups cite more ref-
erences—papers in the bottom 10% category that were published in 
2011 cited an average of 43 references, whereas papers in the top 
10% category cited an average of 54 references.

To uncover the mechanism by which more highly cited refer-
ences are selected by high-impact publications, we next investigated 
the possibility of an ‘endorsement effect’44 from papers to their ref-
erences. That is, could it be that the success of high-impact PLoS 
papers is driving the success of the young references they cite? To 
answer this question, we first analysed the relationship between the 
number of citations accrued by young references and the number 
of citations accrued by the citing papers (Fig. 4b). In all cases, we 
observed that the median number of citations of the references is 
much larger than the number of citations of the citing PLoS papers 
of a given year. First, even for the most highly cited PLoS papers 
(the top 10%), the median number of citations of their references is 
about two times larger. Second, focusing on the number of citations 
that young references accrue during the first year after they were 
published revealed the same pattern (see Supplementary Fig. 11 for 
complete results). These results are not consistent with the hypoth-
esis of an ‘endorsement effect’.

Subsequently, we tested whether our finding that the authors 
of high-impact PLoS papers tend to select more highly cited refer-
ences—and tend to do so earlier than unsuccessful ones—holds for 
other journals as well. In particular, we compared general, high-pro-
file journals, such as Proceedings of the National Academy of Sciences 
of the USA (PNAS), with specialized, medium-impact journals, such 
as Physical Review E. For each studied journal, we considered papers 
that were published between 1990 and 1995, to allow papers cit-
ing them to have accrued their ultimate number of citations45. We 
then partitioned these considered papers into subsets according to 
their impact. Figure 4c shows the distributions of citations of cit-
ing papers as a function of the age of the citing paper. It is visually 
apparent, and statistically significant (see Supplementary Tables 
1–6 for the P values from the Kolmogorov–Smirnov test for all 
pairwise comparisons) that highly cited papers published in PNAS 
are cited by their most-cited papers shortly after their publication, 
and that over time citing papers have lower impact. This downward 
trend is also apparent, and statistically significant, for the subset of 
medium-impact papers published in PNAS, but is not present for 
the low-impact papers published in PNAS. In the case of Physical 
Review E, we find qualitatively similar but less pronounced trends  
(Fig. 4c, right). These findings further support our hypothesis that 
the authors of high-impact papers seem to be more selective and 
more timely when choosing the references for their papers.

Taken together, the results from our study show substantial and 
statistically significant differences in the selection of references by 

papers in the top impact groups versus the bottom impact groups. 
Higher impact papers tend to cite younger references, and a higher 
fraction of very young (less than 1 year old) references. Higher 
impact papers also select references that are already more highly 
cited or that will ultimately become more highly cited. Using the 
full text of a cohort of PLoS papers to trace the usage of references 
within the text, these findings hold across all sections of a paper. 
Considering the strong variations in the usage of references across 
sections, our much more in-depth analysis offers a resolution to the 
differing views on whether citation networks show such an assorta-
tive property when aggregating all citations46,47.

One limitation of this study is the relatively short time span avail-
able for using PLoS papers to trace the usage of references in the full 
text (2005–2016; the annual number of publications exceeds 1,000 
only in 2007). This yields a low resolution when tracing the usage of 
references across sections over time. The problem is exacerbated by 
the fact that one needs to wait approximately 10 yr to obtain a sta-
tionary distribution for a reliable estimate of the number of citations 
a reference receives45. We hope that the increasing availability of the 
full text for all papers in large scale bibliometric databases such as 
the Web of Science will allow improved temporal resolution.

If citations are considered as endorsements, then our results 
offer a quantitative approach to addressing the long-standing issue 
of whether all citations should be ‘counted’ equally. Moreover, when 
predicting the future impact of scientific work21, our analysis sug-
gests that it might be beneficial to take into account information 
about where in the text a reference occurred. Finally, our study 
expands on the previous hypothesis of a ‘winning combination’ of 
references that is strategically used by successful papers41, suggest-
ing that the authors of impactful papers have better ‘scientific taste’ 
when selecting the scientific foundation on which to build their 
own work.

Methods
Data. We collected the entire corpus of papers published by PLoS throughout 
the period 2005–2016 (see Supplementary Methods 1 for more details on data 
collecting, parsing and processing). PLoS is a non-profit, open-access publisher 
that covers a wide variety of subject areas. PLoS includes seven different peer-
reviewed academic journals: the specialty journals PLoS Medicine, PLoS Biology, 
PLoS Computational Biology, PLoS Genetics, PLoS Pathology and PLoS Neglected 
Tropical Diseases, and the multidisciplinary journal PLoS One.

We obtained the full text of each article from PLoS through the PLoS text 
and data mining research API (http://api.PLoS.org). We made use of the fact that 
each article is classified into at least one of the nine top-level categories used by 
PLoS (biology and life Sciences, computational sciences, engineering, medicine, 
physical sciences, research and analysis methods, Earth sciences and ecology, social 
sciences, political sciences, and people and places). This yielded 156,558 papers 
(146,772 of them from the largest journal, PLoS One). The standardized XML 
format allowed us to unambiguously identify the structure (sections, paragraphs 
and others) and the location of every reference cited in the text of each paper. 
Using the XML tags provided by PLoS, we divided each paper into the following 
sections: introduction, methods, results and discussion (IMRaD), whenever 
necessary, we reordered the sections of a paper to conform with this structure.

We recorded how often each reference occurs in each of the sections of a paper. 
We considered only the first appearance of a given reference in a given section 
of a paper. A small fraction of references is placed in unlabelled parts of the text, 
domain-specific sections or in miscellaneous sections; we excluded these records 
from our analysis. Specifically, the fraction of references in each of the sections 
labelled with non-IMRaD names are: results–discussion, 3.45%; conclusions, 
0.26%; mixed, 0.005%; and NA, 0.65%.

We matched citing papers and references with records from Web of Science 
(Clarivate Analytics) to obtain the number of citations (as of 2017), year of 
publication, journal and author list. Web of Science is still the most complete and 
accurate database for assessing the number of citations, it contains 59,679,483 records 
in total. First, we matched the citing papers across the two databases using the digital 
object identifier (DOI) provided by PLoS. This allowed us to unambiguously match 
98% of the citing papers. Identifying the corresponding record of each citing paper 
yielded the list of references as indexed by Web of Science.

We matched the reference papers by comparing the title recorded in the 
PLoS data with the title provided in the Web of Science database. Specifically, we 
removed all punctuation, ignored capitalization and then used regular expressions 
to match the records. This procedure allowed us to match 85% of all references 
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across the two databases. We further identified and removed self-citations, which 
we defined as a citation to a paper that was authored by any of the authors of the 
citing PLoS paper. For this, we took advantage of unique author IDs in the Web 
of Science data48 provided to us by the Distinct Author Identification System 
(Clarivate Analytics; see ref. 49 for details). We also excluded any PLoS papers that 
were not categorized as an article (such as reviews, editorials or corrections). In 
total, this procedure yielded 156,558 papers that cited 2,320,777 unique references 
that occurred 5,787,634 times across all sections.

We then used the Web of Science data to obtain the age and the number of 
citations (as of December 2017) for all papers and references.

Randomization. The randomization scheme that was used to establish the 
robustness of the differences between citation patterns of high and low-impact 
papers was as follows: we selected all records of references used by PLoS papers 
that were published in a given year from our data. Then, preserving the length 
of the reference list for each PLoS paper, we randomized the actual references 
included in each paper. We repeated this procedure 1,000 times for a given year, 
and we obtained the expected fraction of utilization of highly cited references and 
poorly cited references both by highly cited PLoS papers and by poorly cited PLoS 
papers.

Reporting Summary. Further information on research design is available in the 
Nature Research Reporting Summary linked to this article.

Data availability
The data from PLoS are publicly available through its API (api.PLoS.org), the data 
from the Web of Science are available from Clarivate Analytics. We provide the 
conversion tables to link the DOIs of the PLoS papers used in this study, and the 
Web of Science unique IDs (of both the PLoS papers and the references they cite) 
here: https://doi.org/10.21985/N21X9J.

Code availability
Code for replication of all of our results is available via GitHub: https://github.com/
juliettapc/my_In_text_citations.
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Study description We study the usage of citations in scientific articles in PLOS and trace their bibliometric history from among 60 million records from the 
Web of Science.

Research sample We acquire the full text of 156,558 articles published in PLOS journals between 2005 and 2016. 
We extract a total of 2,320,774 unique references, that are used a total of 5,787,630 times across all sections of all  papers. 
 

Sampling strategy We consider all articles published in PLOS between 2005 and 2016 including only primary research articles, i.e. excluding reviews, 
editorials and corrections. In those articles, we consider all references that can be matched to an entry in the Web of Science database 
removing self-citations. 

Data collection Scientific articles from PLOS were downloaded in xml-format via the PLOS API. The cross-referencing with the Web of Science database 
was performed with custom Python code.

Timing Data from PLOS was downloaded in January 2017.
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