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Abstract

In the double rank analysis of research publicatitme local rank position of a country
or institution publication is expressed as a functiof the world rank position.
Excluding some highly or lowly cited publicatioribe double rank plot fits well with a
power law, which can be explained because citationsocal and world publications
follow lognormal distributions. We report here thihe distribution of the number of
country or institution publications in world perd¢iges is a double rank distribution that
can be fitted to a power law. Only the data pointdigh percentiles deviate from it
when the local and worlg parameters of the lognormal distributions are \tiffgrent.
The likelihood of publishing very highly cited papecan be calculated from the power
law that can be fitted either to the upper tailtioé citation distribution or to the
percentile-based double rank distribution. The tgegtvantage of the latter method is
that it has universal application, because it sedaon all publications and not just on
highly cited publications. Furthermore, this metledends the application of the well-
established percentile approach to very low peilesntwhere breakthroughs are
reported but paper counts cannot be performed.
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1. Introduction

Research assessment is an absolute requiremegrtféonp a competent research policy.
States and private institutions invest large am®ohfunds in research, and society and
private investors must know the efficiency of the@seestments by evaluating research
outputs (Martin and Irvine, 1983; Garfield and Waaths-Dorof, 1992; Martin, 1996). In
the case of applied research directly focused enntiprovement of products or services
these outputs have many possibilities of assessmganding to their economic
benefits. In contrast, this assessment is much midfieult for basic research. In this
case, the assessment can be analyzed in two caintle&tachievement of discoveries
and scientific advancements, and the economic lenef in applied research.
However, the latter neither can be easily estabtishor is the only target of basic
research (Salter and Martin, 2001; Bornmann, 20&2¢n the method that should be
applied to this economic analysis is under debab¥gmo and D'Angelo, 2014, 2016;
Bornmann and Haunschild, 2016b; Glaneelal, 2016). Therefore, it seems that the
best evaluation of basic research must be done ttgnding to its scientific
achievements. However, even by focusing the asseaswh basic research exclusively
on these achievements, the assessment is inttigsidéicult because of the intangible
nature of the product to be measured (Martin avider 1983).

Scientific publications are tangible and easily sugad. However, although scientific
achievements are communicated in publications hgiublications communicate real
scientific advances. In fact, a large proportiontlodé published research is “normal
science” (Kuhn, 1970) that supports real achievasydiut a very low proportion of all
publications reports important achievements.

As a consequence of the described needs and tifsun the last twenty years, there
has been a Cambrian explosion of metrics (van Nogréd010) or metric tide (Wilsdon
et al, 2015). In this scenario, it has been suggestatlritb more metrics should be
added unless their added value is demonstratedrf\&fa) 2016). Many of these metrics
are based on the number of publications, but, usingports simile, counting
publications in research is somewhat like countiregkicks in European football rather
than counting the goals (Rodriguez-Navarro and m\&017). The weakness of this
simile is that football goals are easily recogniediut this easiness does not apply to
scientific achievements. Therefore, many metricd mndicators “are based on count
what can be easily counted rather than what realynts” (Abramo and D'Angelo,
2014, p. 1130). In fact, 45 years ago, FrancisiNstated that “the relationship between
bibliometric measures and other measures may aniabdated using a “rule of reason
approach” (Narin, 1976, p. 82), which explains tl@ses for a more recent feeling of
Harnad (2009, p. 149): “so we have thus far be#rergassive about the validation of
our scientific and scholarly performance metricgkiri)g pot-luck rather than
systematically trying to increase their validitg,ia psychometrics.”



Citation analysis is apparently the solution foadjng the importance of results of
research, because citation counts seem to cormititexpert assessments (a review of
old literature is in Narin, 1976; examples of moeeent publications are: Ringt al,
1998; Aksnes and Taxt, 2004; Allext al, 2009). However, the debate is still open
(MacRoberts and MacRoberts, 1989, 1996; Adieral, 2009) and the conceptual
clarity of citation analysis has been questionedrtM and Irvine, 1983), because it
possibly reflects “impact” or “influence” but thelationship of these concepts with
“quality”, “importance,” or “scientific advance” is¢ess clear. In any case, although
citation counts correlate with certain dimensioigesearch assessment they do not
measure it, which implies that it cannot be appteetbw aggregation levels: individual
researchers or small groups (van-Raan, 2005; Alext, 2009; Ruiz-Castillo, 2012).

Another difficulty of citation analysis is the skeds distribution of publications
attending to the number of citations (Seglen, 199Rarranet al, 2011a), which makes

it difficult to extract relevant information for search assessment from the analysis of
simple citation counting. Several approaches hagenbproposed to extract this
information considering citation distribution (Glas and Schubert, 1988; Adarmasal,
2007; Bornmanret al, 2008; Leydesdorff and Bornmann, 2011; Leydesdetftl,
2011; Bornmanret al, 2013c; Liet al, 2013; Bornmann and Mutz, 2014; Glaneeél
al., 2014; Albarranet al, 2015; Bornmann and Haunschild, 2016a; Schneider a
Costas, 2017), including some that specificallgradtto both the number of highly and
lowly cited papers (Albarraat al, 2011c; 2011b; 2011d). All these methods have been
developed under strict mathematical and statistocadsiderations but all have the
aforementioned problem of difficult validation.

Citation analysis can be focused on counting thaber of highly cited papers, which
might give an estimate of the number of importamrgific achievements (Martin and
Irvine, 1983; Plomp, 1994; Martin, 1996; Tijssehal, 2002; Aksnes and Sivertsen,
2004; Bonaccorsi, 2007; Rodriguez-Navarro, 201219R8013; Gonzalez-Betancor and
Dorta-Gonzalez, 2017). The simplicity of this idBawever, conceals many difficulties,
starting with its own definition: “highly cited,”tbp-cited,” “most frequently cited,” etc.
(Bornmann, 2014), which implies the arbitrarine$se@lecting the citation level that
should be used (Schreiber, 2013a) and, more imubrtawith the question about
whether highly cited publications really reflectghh scientific influence (Waltmaet
al., 2013).

Citation counts must be field normalized @t al, 2013; Ruiz-Castillo and Waltman,
2015; Waltman, 2016); among the different normalraprocedures that can be used
there is a method of citation analysis: the peitenank approach, which intrinsically
implies normalization of the citation count datdislapproach, which has advantages
over other approaches, has been extensively igadstl (Bornmann, 2010; Bornmann



et al, 2013a; Bornmanret al, 2013b; Waltman and Schreiber, 2013), and allows
generating a single measure of citation impact ibing different weights to different
percentile rank classes (Bornmann and Mutz, 20&¥ydesdorff and Bornmann, 2011,
Leydesdorffet al, 2011; Rousseau, 2012; Bornmann, 2013).

With this same idea of obtaining a single measfi@tation impact Rodriguez-Navarro
(2011) used a different approach. Firstly, he fedusnly on the percentiles in the high-
citation tail of the citation distribution, assumgithat this tail contains the information
to estimate the number of important scientific aghments, as described above.
Secondly, he did not fix the weights for the petderrank classes but calculated them
through linear regression analysis maximizing theetation of the single measure with
the number of Nobel Prize achievements in sevegd-level research institutions and
advanced countries. The resulting index showed bagelation with the number of
Nobel Prize achievements and with the articles iphbd in Nature and Science
Interestingly, a further study of this approachwsead that its success occurred because
the upper tails of the citation distributions asrasountries and institutions do not
deviate very much from a power law, independentbéther other functions might
explain more accurately tail distribution (Pric&®76; Ruiz-Castillo, 2012; Brzezinski,
2015; Katz, 2016). The power law adjusted to thleatlows estimating the frequency
of very highly cited papers or the likelihood ofktishing them (Rodriguez-Navarro,
2016).

This finding, however, was more conceptual tharfulder research assessment. The
difficulty lies in the fact that the proportion giublications that can be treated as a
power law in the upper tail can be very low (Ruias@llo, 2012; Brzezinski, 2015).
Therefore, an ideal method would be one that presltise same results by using most
of the publications and not just those highly cit@this goal was achieved with the
double rank analysis, in which the ranking numbk&a @ublication in a country or
institution is expressed as a function of its waddking number. The resulting function
can be well fitted by a power law, which allowsimstting the likelihood of any country
or institution producing a very highly cited pagodriguez-Navarro and Brito, 2018;
RNB, henceforth).

Therefore, the double rank function for researdessment produces an indicator based
on all types of publications, and not just on hygtiked publications, and this indicator
can be validated in terms of Nobel Prize achievamediiowever, such an indicator has
the intrinsic problem of requiring a specific madhaf calculation, which is completely
different from the well-established procedure of #iforementioned percentile-based
research assessment. Fortunately, intuition suggblst a percentile distribution of
publication according to the number of citationgi$act a double rank distribution, and
therefore, it should be well described by a power. |



Attending to this intuition, this study aimed tadiwhether the percentile distribution of
publications is a double rank distribution that t&nwell fitted to a power law and used
to estimate the likelihood of publishing very highdited papers. For this purpose this
study is divided in four sections. The first sest@nalyzes the percentile double-rank
plots in lognormal distributions that haye and o values characteristic of citation

distributions. The second section compares peteeatid normal double rank plots

using the data obtained in a previous study (RNB)he third section, we compare the
USA/EU research performance ratios previously oleiby analyzing the high-citation

tails (Rodriguez-Navarro, 2016) with those obtainsthg the percentile-based double
rank analysis. Finally, in the fourth section, wentnstrate that the Leiden ranking
percentile data (http://www.leidenranking.com/)well with power laws.

2. Methods
2.1. Mathematical modeling

We assumed that the citation distribution obeyedoatinuum lognormal function
(Redner, 2005; Radicclet al, 2008; Stringeet al, 2010; Evan®t al, 2012; Thelwall
and Wilson, 2014a; 2014b), of parametersdnd “c” that varied within narrow limits.
For an institution that publishé¢ papers, the number of papers that receive between
andc + dccitations is given by the lognormal distributioitmthe form:

) _ _N (In(c)— w)*
f(c;N,u,0) = oy Y [— —] dc [1]
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which is appropriately normalized, so that the gnégion fromc = 0 (no citations) t@
= oo (arbitrarily large number of citations) equals tb&al number of papels:

Iy f(c;N,p,0)de = N [2]
In the expressions above, it is implicit that thstrebution of citation is a continuum
variable, instead of a discrete variable, as théscase in real citation counts. However,
we assume a continuum citation variable as the enadkical analysis become simpler
than in the case of a discrete variable €Lial, 2013), but it is also possible to use
discrete variables.

For the percentile analysis, two distributions i@guired: A first one for all the papers
published in the world in the studied area, anda@sd one for the papers published by
the institution. Therefore, we need two sets ofapeters (Ny, o), one for the world
and a second one for the institution or countrye plarameters for the world will be
denoted by the subindex “w”. The parameters arernehbed by using a two- or three-
year counting window for the world and for courdgrand institutions that represent the
highest level of scientific performance and a reabte minimum. For comparisons, we
use the same parameters as in our previous stud;(Rable 2); they are recorded in
figures.



2.2. Retrieval and counting methods in section 3.2

We applied the percentile-based double rank arsatgsihe data obtained in a previous
study (RNB), in which the methods for paper retaieand counting are described.
Briefly, data were obtained from the Web of Sciemsing the “Advanced search”

feature in the research areas (SU=) of Plant Segeaad Physiology, and topic (TS=)
of graphene, and for the research countries (Cluid) yaears (PY=) recorded in each
case. In all cases we counted domestic publicatidhe retrieved publications were

ordered by using the WoS feature “Times cited ighést to lowest” and downloaded

by using the WoS feature “Create Citation Report.”

To determine the number of publications in eachcgrle, we ordered the world
publications in a field and year from the highestlawest number of citations and
counted the number of publications in each peree(bo), starting at the top of the list
(the x% percentile contains the topN/100 papers rounded to the closest inteder;
includes the publications with cero citations)this type of apportionment, the paper in
thex-N/100 position may be in the middle of severalligations with the same number
of citations both in the world and country or iagtion lists. This is a significant
problem for the calculation of some percentile tatiors (Schreiber, 2013b). Here, after
ordering the publications by their number of cdas in the recorded period (e.g. two-
year citation window), tied publications remainetleyed by the total number of
citations recorded in the database at the momettieobearch; the worlg% set was
constituted by the top N/100 papers. In this set of publications we cedrthe number
of those corresponding to the investigated country.

2.3. Retrieval and counting methods in section 3.3

The percentile distribution of publications in thesearch areas (SU=) of Chemistry,
Physics, and Biochemistry & Molecular biology ORdxibiology were obtained using
the features provided by the WoS and the total rsrobcitations from the publication
year either 2006 or 2007 up to the date of thecbe@ugust 15, 2017. We retrieved the
papers for the world, the USA, and the EU using ‘lidvanced search” feature as
previously described (Rodriguez-Navarro, 2016), tedretrieved papers were ordered
from the highest to the lowest number of citatioms. calculate the percentile data
without downloading hundreds of thousands of pgps&esdetermined the number of
papers corresponding to each percentile in thedwvset (Nx = x-N/100), for each
percentile we recorded the number of citations h&f paper with the rank number
corresponding to the number of papel)(in each percentile. Because in some
percentiles the number of citations was repeatadany papers, we also recorded the
rank numbers of the first and last papers withsime number of citations. Then, in the
USA and EU paper sets, we determined the numbepapkrs included in each
percentile of the world set by first using the nembf citations found in the world set.



Because in some cases many papers had this nuintitatons we again recorded the
rank numbers of the first and last papers with thumber of citations. Then, we fixed
the number of papers in eax¥ percentile by adding to the ranking number offifse
paper with the corresponding number of citatiomaimber of papers that was equal to
the USA or EU/world ratio of the numbers of tiedopes. This method assumes that
considering a certain number of citations, the t&d&A and EU papers are
homogeneously distributed among the tied world page.g. USA papers are not
ordered first in the world list). We used this nmthbecause it is a simple formal
solution to the problem of papers with the samaticih counts (Schreiber, 2013b).
However, we found that the inclusion of all papsith the same number of citations in
the same percentile would have not affected theltsesf this study. We recorded 12
percentiles: 100, 50, 30, 20, 10, 8,5, 3, 2,3, &d 0.2.

We compared our results to previous ones obtaired the analysis of the upper tail
(Rodriguez-Navarro, 2016). For two cases, “Cheniistind “Physics,” the searches
were identical to the previous ones but in one c#lse research area of (SU=)
“Biochemistry & Molecular Biology” was complementeslith the research area of
“Microbiology.” We added “Microbiology” to have aane similar number of papers in
the three areas of study. This addition does nectathe comparison of present and
previous results, because the USA/EU performand®sran “Biochemistry &
Molecular Biology” and “Microbiology” are similaitfje same conclusion might not be
reached from the data in Herranz and Ruiz-Caslid,1, but the treatment of the data
in Herranz and Ruiz-Castillo, 2011 and Rodriguexa¥i, 2016 are different). To
compare these results it was necessary to knoweheentile that corresponds with a
Nobel Prize-level publication. For this purpose, agsumed that the USA obtained 1.1,
0.9, and 0.9 Nobel Prize achievements per yearamestry, physics, and biology
(Rodriguez-Navarro, 2016) and operated as explabeddw when these data were
applied.

2.4. Fits of Leiden ranking data

The purpose of sectioB.4 of our study was to calculate the goodness obffithe
Leiden indicators: P, upso% Popiows and Rbpi to a power law function. For this
purpose we used the Leiden Ranking 2017
(http://www.leidenranking.com/ranking/2017/listyattional counting in the fields of
“biomedical and health sciences,” “life and eartfesces,” and “physical sciences and
engineering,” and in the time periods: 2012-201%1122014, 2010-2013, and 2009-
2012, which gave 12 fittings for each universitheh we selected six universities in the
Leiden ranking with the condition that thepz indicator, calculated using fractional
counting, was as variable as possible, but havimgnamum value of approximately 10
to avoid that the variability of this indicator had strong influence on our fitting
calculations. Because in all these universitiesgh hesearch level could be expected




we added two universities in whichof2% could be as low as 4. Attending to these
conditions we selected the following universiti®stT, Toronto, Duke, Queensland,
Copenhagen, Ghent, Milano, Barcelona, Porto, arld.Ba

2.5. Fits of power laws

The fits of power laws to empirical data presemhedlifficulties and, in some cases,
least-squares fittings to log transformed data raoe recommended (Clauset al,
2009). However, our case was special for threeoreas(i) we did not observe
fluctuations in the tails (Fig. 1), (ii) differefitting methods give different weights to
high and low percentile data and we had to selexihtethod that give more weight to
low percentiles, where we had maximum interes), lfoth the log-log plots (e.g., Fig
1) and R values (20-0.2% in Table 1) showed that we weing with real power
laws. Attending to these considerations, we usastisquare fittings to log-transformed
data. The Rvalues were obtained comparing the empirical tathose obtained from
the fitted equation.

3. Results
3.1. Mathematical percentile-based double rankgfodm lognormal distributions

We hypothesized that the plot of the number of jgakibns in percentiles is a double
rank plot as defined previously (RNB). The rati@naf this hypothesis is that in the
double rank plot the rank position in the y-axisiso the number of publications that
exceed a certain number of citations. Now if wet ph@ number of publications of a
country that are contained in the world x% perdentve are really plotting the number
of country publications that exceed the numberiw@itions fixed by the publication in

positionx-N100 in the world, which means a double rank plot.

In order to construct the percentile double rantt,plirst we need to determine the
number of citations required to be in the t&6. That is, in the top% enter all the
publication that gemorethan a threshold amount of citations, which we dery co.
Assuming that the citation counts follow a lognofmdastribution, this numbecy is
calculated by solving the equation for the worldgoaeters Nw,zw,ow):
fczof(a Ny, , thy, 0y)dc = );NT‘S] [3]

The quantityco, as defined above, is the number of citation #hpaper requires to be in
the topx%. The integration of equation [3] gives an anabjtexpression foto:

co = expluy, — V2 6, Erf71(2x/100 — 1)] [4]
where Erf is the error function (Gautschi, 1965nc@®co is determined, we can
calculate the number of papers of an institutiothentopx% as:

N(x) = fc(;of(c; N,u,0)dc = g [1 + Erf (%)] [5]



Applying this procedure we calculated the numberpapers as a function of the
percentile and constructed the percentile-basedldaank plots. As described above
(section 2.1), the simulation of a double rank plequires two series of simulated
citations: one for the world and another for theirdoy or institution. We used four
series that simulated country or institution pudticn (series parameters are given in
the figure), which were assembled with a seriedat& points that simulated the world
publications KNw = 150,000uw = 1.7;0w = 1.0). Fig. 1 shows that the resulting log-log
plots deviated very little from straight lines. Maxum deviation (Fig. 1a) occurred in
the series with the highegat parameter, which simulated the most efficient aese
institution (e.g., Massachusetts Institute of Tetbgy). Fig. 2 contrasts the percentile-
based double rank plots for two simulated institusi, in which the: parameter of the
institution with the higher number of publicatiors lower than in the other. This
simulation shows that if research is evaluated leasaring the number of papers at a
high percentile, the institution with the largesbguction performs better. However, the
advantage of the mass production of papers isridstnefit of high quality papers if the
evaluation is taken at high citation levels (atacentile x < 0.5% in this case). The red
squares in Fig. 2 correspond to an institution Wt same parametessando than
those of the simulated world publications. In sumdse, Eq. [5] can be solved
analytically giving a power law of exponent 1, whis a straight line.
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Fig. 2. Comparison of the percentile-based
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3.2. Percentile-based versus normal double ranksplo

Next, we constructed the percentile-based doubi& pdots with the same empirical
data that we used previously to describe the nordwmlble rank plots (RNB):

publications of several countries in graphene alahtpsciences. In all cases, the
resulting plots deviated very little from straidimes and the data fitted well with power
laws with R values higher than 0.98; the percentile-based ldank plots showed a
high similarity with our previous double rank plotor example, comparing Fig. 3 to
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Fig. 5 in (RNB), both constructed with the sameadatimilarities are evident; the
obvious deviations in the lower part of the plote softened in Fig. 3. The slight
differences in the upper part of the plots mightebglained, because, in the present
study but not in the previous one, the publicatwith zero citations were included.

More interesting is the comparison of Fig. 4 of pnesent study to Fig. 3 in (RNB). The
studied data correspond to the publications in 2@1the WoS research area of “plant
sciences” from Germany, Spain, and Brazil. As dbedrabove for Fig. 3, deviations
from a straight line in the log-log plots were sokd in the percentile-based plot.
Because of deviations and variability in the norrdalble rank plots, the lower 30
points were omitted. In contrast, in the perceridsed double rank analysis, all points
fitted well with a power law (fitting results ardi@vn in the legend for Fig. 4). In
(RNB) the likelihood of Germany, Spain, and Braaibublish the most cited paper was
0.06, 0.007, and 9.0-®p respectively. To compare these likelihoods witiose
obtained from the percentile distribution, it wascessary to use the equivalence
between the most cited paper—first in the rank—agdrtain percentile, which implies
a simple calculation, considering the total numbkpapers published. This number
was 17,501, and the equivalent percentile was G%03Jsing this value ok in the
equations given in Fig. 4, the likelihood was 0.0803, and 3.3- 10 to be compared
with the figures above. Considering that, in ougvious calculations, we omitted the
lower 30 points and the publications with zerotaitas, the similarities are evident.
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The comparison of the plots in Fig. 5 to thosedgmphene in Fig .4 in (RNB) reveals
that the double rank plots and percentile distrdng are also very similar. In this case,
the likelihood to publish the most cited paper wasreported; we calculated them now
and they are 0.189, 0.030, and 0.0019 for the US@éuth Korea, and Germany,
respectively. Similar calculations for the perclendlistributions were 0.098, 0.029, and
0.0083, respectively. Again the similarities areidemt although there are some
differences, that can be explained by the fact éxatapolations are very sensitive to
fluctuations.
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3.3. Comparison of percentile-based double rank @mgokr tail assessments

To further test the percentile-based double rardtyars, we compared this method of
assessment to the previously used assessment différences between the USA and
EU based on the high-citation tail (Rodriguez-Nawa2016). For this purpose we
generated the percentile-based plots for the patiics in the WoS research fields of
Chemistry, Physics, and Biochemistry & MoleculaolBgy and Microbiology in 2007
and 2006. Fig. 6-8 show that the plots for 2007om-log scales are almost perfect
straight lines.
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However, we have shown in section 3.1 that, wherand o of the lognormal
distribution of papers by citations of a countryirmstitution differ significantly from the
L and o of the world lognormal distribution, the percestilased double rank plot
showed a slight deviation from the power law in thgper part of the plot (Fig. 1a).
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These parameter differences occur in our compaon$dime USA and EU. Thg values

in the EU and world are similar but in the USA thae higher. Consistent with this
notion, fitting all the USA data points with a sieagrower law, from 100% to 0.2% (not
shown), produced a quite high? Ralue (> 0.9) but fitting the data in the 20-0.2%
interval produced a higher?Rralue (> 0.998). In the EU these differences did n
occurred. This suggests that the power law is agoodel in the whole percentile
interval for the EU but that in the USA the modgbietter in the 20-0.2% interval. To
reveal more clearly these differences betweenittiegs for the USA and EU, Table 1
records the fittings in two percentile interval®-22% and 100-5% showing that they
produce different power laws in the USA but not different in the EU. As a
consequence of the differences in thealues, the exponents of the double rank power
laws were around 0.87 in the USA and 1.0 in the(E, the plot of the untransformed
data is close to a straight line, which indicatbattthe EU and world research
performances are similar).

Table 1. Fittings of the percentile-based double rank plots to power laws for the publications
from USA and EU in the fields of chemistry, physics, and biclogy. The log-log transformed data
are presented in Fig. 4-6. Fittings were performed with the data in the 20-0.2% and 100-5%

percentile ranges

Actor-Field® Year Percentile interval
20-0.2% 100-5%

A a R A a R
USA-Chemistry | 2007 | 376.42 | 0.8522 | 0.9995 | 418.88 | 0.8044 | 0.9919
2006 | 364.11 | 0.8769 | 0.9999 | 421.60 | 0.8131 | 0.9881
USA-Physics 2007 | 330.94 | 0.8859 [ 0.9997 | 389.44 | 0.8052 | 0.9970
2006 | 342.15]0.8806 | 0.9992 | 394.03 | 0.8179 | 0.9952
USA-Biclogy 2007 | 330.15] 0.9200 | 0.9997 | 385.40 | 0.8526 | 0.9958
2006 | 304.99 | 0.9614 | 0.9989 | 372.67 | 0.8613 | 0.9949
EU-Chemistry | 2007 | 272.83 | 1.0689 | 0.9996 | 280.94 [ 1.0552 | 0.9890
2006 | 287.02 | 1.0394 [ 0.9989 | 2.93.36 | 1.0373 | 0.9937
EU-Physics 2007 | 301.23 | 1.0217 | 0.9997 | 316.82 | 1.0017 | 0.9966

2006 | 291.27 | 1.0344 | 0.9992 | 318.39 | 1.0038 | 0.9967
EU-Biology 2007 | 17451 [ 1.0850 | 0.9997 | 191.41 | 1.0518 | 0.9966

2006 | 176.96 | 1.0677 | 0.9986 | 186.75 | 1.0541 | 0.9975
“WoS research areas (SU=) of “Chemistry,” “Physics,” and “Biochemistry & Molecular Biology”

plus “Microbiology”

Next, we compared the percentile-based double agpkoach to a previous approach
that uses the publications in the power law tailc&bculate the frequency of Nobel
Prize-level publications (Rodriguez-Navarro, 20Bgdriguez-Navarro and Narin,
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2017). For this purpose, we had to determine thieeNBrize-level percentile and this
was calculated by using the number of publicatifvom the USA and assuming that
that the USA obtained 1.1, 0.9, and 0.9 Nobel Pad@evement per year in chemistry,
physics, and biology (Rodriguez-Navarro, 2016; eetites are recorded in Table 2).
With the percentile data and the power law equatefined in Table 1 we calculated
the theoretic frequencies of Nobel Price level pager the USA and the EU. Using
these data, Table 2 summarizes the USA/EU perfacenaatios calculated fitting the
power law equations into the 20-0.2% range, in Wihiiting was more accurate.

Table 2. Estimation of the USA/EU research performance ratios, expressed as the ratio of the

theoretic frequencies of publishing a Nobel-prize level paper. Comparison of percentile-based
double rank calculations in the 20-0.2% percentile interval (see Table 1) with previous

calculations fitting the upper tail data points to a power law.

Field Year | Percentile-based method Power-law | Comparison
Nobel-level %" | Calculated ratic | tail method” | of methods®

Chemistry | 2007 0.00101 6.16 3.18 1.95
2006 0.00127 3.75 3.41 1.01

Physics 2007 0.00127 272 1.94 1.40
2006 0.00118 3.32 2.30 144

Biology 2007 0.00163 546 3.27 1.67
2006 0.00193 3.28 2.92 1.12

* Nobel-prize level percentile calculated assuming that USA obtained 1.1, 0.9, and 0.9 Nobel
Prize achievement per year in Chemistry, Physics, and Biology (Rodriguez-Navarro, 2016).
These data were used to calculate the percentile by using the parameters given in Table 1.

® Data taken from Redriguez-Navarro, 2016; Rodriguez-Navarro and Narin, 2017

¢ Percentile-based research performance ratio divided by upper tail research performance ratio

The results obtained by the percentile-based mettereé 1.4 times higher than those
previously reported using the upper tail methoddifisuez-Navarro, 2016; Rodriguez-
Navarro and Narin, 2017). Then, we determined #itathe 0.01% percentile, the
percentile-based double rank and the power-lavwptailuced the same results.

3.4. Fitting of the Leiden data to power laws
The results presented so far corresponded to damgapers and a high level of
aggregation, the EU, and single countries. Theegf@e wondered whether, at a lower

level of aggregation (e.g., institutions), frac@bncounting, and more complex
elaboration of the research areas, the percerdse double rank plot could be still
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well fitted to a power law. For this purpose theéadf@r the Leiden ranking (Waltmaat
al., 2012; Mutz and Daniel, 2015) offered an excell@portunity. The ranking only
provides data for four percentiles: PiopBdws Popiows and Rpiw but for many

universities, seven time periods, and three rebefetds in natural sciences. Even

eliminating the universities in which theof2« is too low, the number of universities
that can be tested is very high. We performed £38&twith eleven universities, four
time periods, and in the three natural sciencdddfi€rable 3). In nine universities, the
Pwop1os Was always higher than 10 or slightly lower. le thther two universities, Bath
and National Autonomous of Mexico, in some casesRép1% was 4; the total number
of publications was much higher in the latter tirathe former.

Number of papers Number of papers

Number of papers

Visually, the log-log plots of the percentile-basimiible rank data were straight lines.
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Fig. 9. Double log plot of the Leiden
ranking data for three universities in
two evaluation periods in the field of
“biomedical and health sciences.”

Fig. 9 shows the plots of three universities inltkalen field of “biomedical and health

sciences,” with power law exponents ranging froif.the Massachusetts Institute of

Technology to 1.4 in the National Autonomous Unsigr of Mexico. Consequently,

fitting to power laws showed high?Rralues. These values were slightly lower in the
universities with the lowest values of Massachusetts Institute of Technology and
Duke University, than in the rest of the univeesti 0.97 versus 0.99, approximately
(Table 3).
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Table 3. Fitting to power laws of the P, Pu, s Plop i @0d Pr, o Indicators in a sample of universities
from the Leiden ranking 2017

BT

MIT

MIT

BT

Duke L.

Duke L.

Duke L.

Duke L.

U, Queensiand
U. Queensland
U, Queensiand
U Queensiand
L. Toronto

L. Toronto
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L. Toronto
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L. Copenhagen
L. Copenhagen
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L. Milan
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. Barcelona

_ Barcelona

. Barcelona
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Porto
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Bath

Mat. Aut. U, Mexico
Mat. Aut. U. Mexico
Mat. Aut. U. Mexico
Mat. Aut. L. Mexico

CEEEEEEEEREEEEER

Period

2012-3015
2011-2014
2010-2013
2009-2012
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2011-2014
2010-3013
2008-2012
2012-2015
2011-2014
2010-2013
2009-2012
2012-2015
2011-2014
2010-2013
2009-2012
2012-3015
2011-2014
2010-2013
2008-2012
2012-3015
2011-2014
2010-2013
2008-3012
2012-2015
2011-2014
2010-2013
2008-2012
2012-2015
2011-2014
2010-2013
2009-2012
2012-2015
2011-2014
2010-3013
2009-2012
2012-2015
2011-3014
2010-2013
2008-2012
2012-2015
2011-2014
2010-2013
2008-3012

Biomedical and health

A
141.5
150.0
137.0
137.0
120.7
1351
1241
1281

TO.4
T0.0
B0.&
547
2029
1922
186.2
1795
E9.0
863
758
639
505
50.9
417
358
331
338
34.9
0.7
)
18
i g
28
15.1
15.6
1.7
121
i3
a5
39
iR
4.9
4.8
R
dd

stiences

4 4
0.616
0.604
0.618
0.618
0.918
0.906
0.599
0.883
0.899
0.918
0.932
0934
0932
0.540
0842
0.940
0.944
0.934
0.942
0.960
0.933
0933
0471
0472
1.052
1.039
1012
1047
0.935
0472
0.990
1031
L.095
1.061
1.100
1.052
1.052
1.038
1.0B6
1.028
1243
1243
1280

‘H!

08776
09540
09844
09844
0a7a7
09538
08869
09886
09990
09984
09983
09994
05917
02913
02900
02908
09948
09935
09943
09928
09948
09933
05903
08934
09973
09982
09997
09984
09982
05945
09907
09878
05999
059988
02997
09929
09937
09936
0965
09932
05924
09925
09851

1.123| Eﬂﬁ?!!

Life and earth

A
53.2
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47.9

il
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347
DN
.4
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2.2
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365
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323
rir e

1.6
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11.0
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105
112
85
9.1
10.0
43
31
25
34
11.4
11.1
21
9.0

o
0.670
0.660
0.669
0.724
0.E16
o.803
0.5
0.756
0928
0.933
0939
04920
0939
0511
0.895
0421
05934
0.935
0931
0925
0895
0.895
0911
0545
1.066
1.034
1071
1,185
0,550
1048
14025
1.005%
1013
1067
1.4013
0982
0.806
087
0.855
0825
1101
1092
1136
1133
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k|

R
0.9845
09841
0.9823
0.9638
0.9746
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0.9752
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0.9824
0.9869
0.9834
0.5919
0.55%06
09828
0. 9540
0.9%20
0.9933
0.9%62
09871
0.9%84
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0.5885
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0.9%69
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0.5950
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0.9912
0.9%E0
0.9938
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0.5981
0.98ER
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0.9745
09627
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Physical sciences
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A
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1E4.0
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1708
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161
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0.860
0.855
0475
0.959
0.5940
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1.006
0.993

0.0
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1383
1376
1314
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08891
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0.9947
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0.9952
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09587
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Using the Leiden ranking indicators, in the equatio

Nx = A x4
whereN is the number of publications in percentilehe two parameters of the power
law function can be calculated as

A= Hopl%

a =19 Rop1o%- 19 Pop1%
These formulas demonstrate that the number of gatidns in the 1% most cited papers
(e.g., King, 2004) is an imperfect indicator be@iisdoes not reveal the real capacity
to make an important breakthrough, which is descritoy smaller percentiles.

4. Discussion

This study shows that the frequency distributiorpablications on a percentile basis
(e.g., Bornmann and Mutz, 2011) is a double rawi (RNB), which has the property
of being well described by a power law. This candhecked by a mathematical
approach deriving it from two series of lognormatdbuted probability functions, a

large series simulating the world publications an@mall series simulating country
publications. Following this approach, we foundttbaly the upper part of the plot

slightly deviated from the power law when threparameter of the simulated country
lognormal distribution was very different from tleerresponding value in the world

distribution.

In comparison to a normal double rank plot, in vahtice rank number in the country or
institution is a function of the world rank numb#re percentile-based double rank plot
shows lower variability (e.g., compare Fig. 4 tg.R3 in RNB). This behavior can be
explained by the compression of the scale inxthges] for the same data, the scale in
Fig. 4 varies from 0.5 to 100, while in Fig. 3 iBR, it varies from 1 to 16,043.
Another interesting difference is that the deviatio the upper part of the plot that
occasionally occurred in the normal rank plot iscmlower in the percentile-based one.
Again this might be the effect of the compressitthaaigh we cannot rule out that the
inclusion of the publications with zero citatiomghich we make in this study but not in
the previous one (RNB), also has an effect.

The comparison of research assessments based @arttee publications by the two
double rank methodsthe percentile-based and normal @neere very similar (section
3.2). Certainly, the likelihood of publishing theost cited paper of the year showed
certain method dependence. In some cases thesr@gelé identical but in others we
found variations. Because the results of the twdhous should coincide from a
mathematical point of view, we assume that diffeesnoccur for a more difficult fitting
in the normal double rank plot, in which the 30 moged publications had to be
eliminated.
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Research assessment based on the upper, powaillai ditation distribution (highly
cited papers) is reliable and can be validatedeims$ of Nobel Prize achievements
(Rodriguez-Navarro, 2016). However, it does noteharactical application because the
power-law tail includes a low proportion of publicems (Ruiz-Castillo, 2012;
Brzezinski, 2015), which implies that in many reseainstitutions this tail cannot be
analyzed. Therefore, we investigated whether theepdaw tail and the double rank
methods produce similar results; Table 2 summatizessomparison. Attending to the
20-0.2% interval, the results obtained with the cpatile-based double rank are
absolutely consistent with those based on the aisabf the upper tail. However, on
average, the results obtained with the percentlgébtk-rank method were 40% higher
than those obtained analyzing the upper tail. Inggple, the two methods should give
comparable results; and a possible explanatioth®r40% deviation using the Nobel
Prize percentile and the similarity at the 0.01%ceptile comes from the extrapolation
required to get such data. While this explanat®ifound, considering that the results
obtained from the upper tail coincide with the gaimg of Nobel Prizes (Rodriguez-
Navarro, 2016; Rodriguez-Navarro and Narin, 20&valuating at the 0.01% percentile
level seems to be a reasonably solution. In ang,dhg percentile-based double rank
method allows selecting the percentile by the eatadn agency or institution.

Our results shown in Table 1 were obtained at & legel of aggregation, and through
considering only domestic publications. Therefang, next goal was to test the method
at the level of research institutions, applyingcfi@nal counting. For this purpose, the
data of the Leiden ranking provided an outstandipgortunity. The Leiden indicators
P, Ropsosn Popioss and Rypie are four data points that can be used for theepdte-
based double rank analysis. As shown in Sect.3.doveer law is defined by two
parameters, which implies that two data points su#icient to define a power law.
Despite of this, four data points is a low numbgpoints for fitting tests. However,
considering that the data points cover two ordémmagnitude and that the tests can be
repeated 19,000 times with the Leiden ranking [d&@0 universities, three research
fields in natural sciences, and seven time peridtie testing opportunity is really
outstanding.

We performed 132 tests with the Leiden data obsgrgood fittings to power laws
(Table 3). The Rvalues were slightly lower in the most than in lst research-active
universities: 0.97 versus 0.99, approximately, Whare high values for only four
points. Although the low number of data points (F39 in each case does not allow
drawing firm conclusions from the plots, it seenusgble that in the most research-
active universities, the upper data points (top%@hd perhaps 50%) deviate from the
straight line fitted to the other data points, asatibed in section 3.3 for the USA plots.
Apart from these considerations, the analysesel#iden indicators demonstrate that
real data of research evaluation in institutionagi$ractional counting behaved exactly
as observed in simulations and country analyses.
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Although the percentile-based double rank analigslzased on the same properties of
the citation distributions as the normal doublekramalysis (RNB), it is much more
convenient, independently of a higher statisticalustness that in a general comparison
has minor importance. In the first place, the petiteeapproach is based on a percentile
apportionment, which has been extensively inves@jdBornmann, 2010; Bornmann
and Mutz, 2011; Leydesdorff and Bornmann, 2011;desgorffet al, 2011; Rousseau,
2012; Bornmann, 2013; Bornmaenal, 2013a; Bornmanet al, 2013b; Waltman and
Schreiber, 2013). In fact, the percentile basedborank approach here reported is not
a new method of assessment but the application ofathematical property to an
evaluation approach that is extensively used. Thusle the normal double rank
approach requires a specific treatment of the dath fractional counting cannot be
performed, the percentile based double rank arsmlgsies not require new data
treatments. In addition to many reports, the pdieeassessment is used in the Leiden
Ranking as already described, SCIMAGOQO _ (http://wvemegoir.com, accessed
01/22/2018), and “Mapping Scientific Excellence” ww.excellencemapping.net/,
accessed 01/22/2018). These rankings could indges indicators at low values of

if their authors consider it interesting and thendie done without changing their
methods of assessment. Furthermore, from previqusgilished rankings containing the
Pop1o%and Rupiosindicators, more stringent percentile indicataas be easily obtained.
For example, in Table 4 we have added thg Bs Popo.oi% and Rypo.ooiindicators to
the indicators published previously (Bornmagtral, 2015). The convenience of the use
of these more stringent indicators can be ascedabty comparing Switzerland and
Spain. Attending to the g Switzerland and Spain show similar research
performances, 49,275 versus 50,797, that no expmrtd corroborate. In contrast, the
Propo.019% and Rbpo.001% indicators suggest a much better performance atz&wand,
which is a much more reasonable assessment. Ire Balbther comparisons are also
interesting.

The second and perhaps more important advantagleeopercentile based over the
normal double rank method is that the arbitraririsselecting the assessment level can
be eliminated. Similarly to the problem of evalagtby highly cited papers (Schreiber,
2013a) the threshold for the normal double rankr@ggh does not have a formal
method to fix it. In contrast, in the percentilesbd approach the percentile can be fixed
according to the criterion of experts. For examptefix the percentile in the topic
“electronics” in which there are approximately @Q8ublications in a year, we would
ask the experts in electronics how many papers ¢bagider report real breakthroughs
in a year. If the answer were six, the right petitenvould be 0.1%. The selection of
the percentile in this way might have some diffi@d because different fields or topics
might have different thresholds, but arbitrarinisssliminated.
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Table 4. Addition of the Ptopo.1%, Ptopo.01%, and Ptopo.001% indicators to previously
published Ptop10%, and Piwop19% indicators for 30 countries worldwide with the
highest percentage of most frequently cited papers (sorted in descending order
by Ptop0.001%)2

Country Ptop10% | Ptop1% | Ptopo.1% | Ptop0.01% | Ptopo.001%
us 858,703 | 96,146 | 10,765 | 1205.33 | 134.96
UK 201,588 | 20,855 | 2,158 | 223.20 23.09
Germany 159,250 | 15,738 | 1,555 | 153.71 15.19
Canada 100,307 | 10,474 | 1,094 | 114.20 11.92
France 112,965 | 10,971 | 1,065| 103.48 10.05
Switzerland 49,275 | 5,859 697 82.84 9.85
The Netherlands | 64,667 | 7,060 771 84.15 9.19
Italy 74,378 | 7,150 687 66.07 6.35
Japan 109,249 | 9,371 804 68.95 5.91
Australia 58,612 | 5,854 585 58.40 5.83
China 75,537 | 6,827 617 55.77 5.04
Sweden 41,792 | 4,327 448 46.38 4.80
Denmark 25,022 | 2,832 321 36.28 4.11
Belgium 29,419 | 3,102 327 34.49 3.64
Spain 50,797 | 4,526 403 35.93 3.20
Austria 17,785 | 1,919 207 22.34 2.41
Israel 22,266 | 2,180 213 20.90 2.05
Finland 18,247 | 1,837 185 18.62 1.87
Norway 14,312 | 1,493 156 16.25 1.69
Poland 12,042 | 1,170 114 11.04 1.07
Korea 25,233 | 2,037 164 13.28 1.07
New Zealand 10,361 | 1,026 102 10.06 1.00
Russia 15,887 | 1,413 126 11.18 0.99
Brazil 16,025 | 1,309 107 8.73 0.71
Greece 10,134 913 82 7.41 0.67
South Africa 7,159 661 61 5.64 0.52
India 22,320 | 1,530 105 7.19 0.49
Taiwan 18,612 | 1,332 95 6.82 0.49
Turkey 10,100 793 62 4.89 0.38
Mexico 6,169 531 46 3.93 0.34

@ The countries and Ptop1o% and Piwopi% indicators have been reproduced from
Table 1 in Bormann et al. (2015).
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The finding that the percentile distribution of poations fits well to a power law
across universities or countries reveals the impiisg of describing the research
performance by the number of papers in a singlegmtite, because the results of
comparative performances will depend on the selepercentile. This conclusion is
graphically shown for simulated institutions in F@& and for the comparison of the
USA and EU in Fig. 6-8. The power law function ha® parameters, the coefficient
and the exponent. TheoRis the coefficient and the Ig of theyf20sPiop1o ratio is the
exponent. This exponent varied from 0.6 to 1.4 ([@&), which implies very different
likelihoods of publishing a very highly cited pager universities that have the same
Puop1%indicator.

It is a fact that in a certain number of univeestin middle positions of the Leiden
ranking the exponents of the double rank plotschrge to 1.0, which implies that the
parameters of their lognormal distributions areilsinto that of the world distribution.
This value implies that the double rank plots dase to straight lines and that the
comparative performance is the same or very singtamting the total number of
publications or estimating the likelihood at anygaatile. In these universities the use
of a single percentile for ranking them is corrdeat this approach cannot be extended to
all universities and research institutions.

Unfortunately, we could not find a simple expresdior the function that describes the
percentile-based double rank plot in all cases. @ this should not be an
inconvenience for evaluation, because we found ttatpower law was an excellent
model for percentiles lower than 20%. Although wd dot determine the lowest
percentile that can be used for university evatunstiand ranking attending to statistical
considerations, it seems clear that the usefulgmgite range is sufficiently large. In the
three fields of natural sciences of the Leiden magkin a significantly high proportion
of universities (not less than 50%) thgindicator amounts to 5 or less, which might be
too low of a value to fit the power law. Howeven, practically all universities a
hypothetic Rpse% indicator would be 8 or higher. Furthermore, tt@aupper limit
applies only to top-level universities in which tRgp19 indicator is high. Even if the
20% limit were uniformly applied to all universii@nd research institutions, the 20-5%
percentile interval would allow a reliable calcigat of the parameters of the double
rank power law.

Finally, current results strengthen our previousults (RNB) showing that the
likelihood of making an important discovery can lstimated by the citation
distribution of publications that receive a low ruen of citations. This interdependence
of the numbers of highly and lowly cited papersicates that a research system is a
complex system. Therefore, the research policy aduatry should aim to improve the
proportion of highly versus lowly cited papers, saering, however, that lowly cited
papers are in the basis of highly cited paperscamot be eliminated. Further studies
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about the bases of the complexity of the reseapstesn could help to establish
effective country’s research policies.
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