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Abstract: Individual research performance needs to be addressed by means of a
diverse set of indicators capturing the multidimensional framework of science. In this
context, Biplot methods emerge as powerful and reliable visualization tools similar to a
scatterplot but capturing the multivariate covariance structures among bibliometric
indicators. In this paper, we introduce the Canonical Biplot technique to explore
differences in the scientific performance of Spanish CSIC researchers, organised by
field (Chemistry and Materials Science) and grouped by academic rank (research
fellows and three types of full-time permanent scientists). This method enables us to
build a Biplot where the groups of individuals are sorted out by the maximum
discriminating power between the different indicators considered. Besides, as
confidence intervals are displayed in the plot, statistical differences between groups
are liable to be studied simultaneously. Since test hypotheses are sensitive to different
sample size effects, sizes for some pairwise comparisons are computed. We have
found two gradients: a primary gradient where scientists mainly differ in terms of age,
production, number of collaborators, number of highly-cited papers and their position
in the byline of the publications; and a second gradient, in which scientists with the
same academic rank differ by sort of field.

Keywords: Canonical Biplot, multivariate analysis, bibliometrics, individual-level,
academic rank.

7.1. Introduction

Scientists form the core of any research system. For this reason, increasing our
knowledge on the behaviour and performance of scientists as well as on how they may
be influenced by personal characteristics (Costas, van Leeuwen, & Bordons, 2010;
Bozeman & Gaughan, 2011) has become an issue of great importance. Such knowledge
would be helpful to better understand the research process, inform policy, and
improve the ways in which scientists are considered and evaluated in their respective
countries and organisations. From a bibliometric standpoint, indicators based on
publications can effectively support the assessment process of individual-scholar
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performance, although their use at this level is not free of limitations and problems
(Radicchi & Castellano, 2013). Specifically, special caution is required in the collection
of data and the calculation of indicators due to the difficulties concerning the correct
identification of the entire production of scientists and the lower validity of statistical
analyses applied to small units. On the other hand, since science has become more
complex over the years and demands scientists with different skills and specialisations,
there is a large number of factors which should be borne in mind when analysing
individual scholars. As a result, the number of bibliometric indicators has significantly
grown in recent times in an effort to capture the multidimensionality of scientific
activity. Even though since the appearance of the h-index (Hirsch, 2005) there have
also been some attempts to shrink different aspects of the research performance into
just one bibliometric indicator, the prevalent current belief is that an assorted set of
indicators is essential in order to capture the multidimensional nature of academic
activity (Moravsick, 1984; Martin, 1996; Costas et al., 2010; Seiler & Wohlrabe, 2013).

Regarding the research performance of scientists, different dimensions such as
collaboration, productivity or impact are analysed in bibliometric studies. Thus, inter-
field differences in productivity and impact measures and how they may be affected by
the basic or applied nature of research have attracted considerable attention in the
literature (Bales et al., 2014). Moreover, since teamwork has become a distinctive
feature of modern science, the benefits of scientific collaboration in impact and
productivity terms has been addressed in several studies (Abramo, D’Angelo, & Solazzi,
2011), as well as the benefits of heterogeneous (Franceschet & Constantini, 2010) and
interdisciplinary collaboration, where different participants apply their own insights in
a collaborative framework giving way to new knowledge (Sonnenwald, 2007).
Concerning collaboration, another factor which has received special consideration has
been the position of authors in the byline of scientific publications since it is
determined in many disciplines according to the role played by each author in the
research (Tscharntke, Hochberg, Rand, Resh, & Kruass, 2007; Waltman, 2012; Liu &
Fang, 2014). First and last positions are broadly considered among experimental
sciences as the most important places. First-author positions are usually occupied by
those in charge of experimental work while last-author positions are reserved for
those responsible for the supervision of the research. Finally, personal, institutional
and environmental factors may influence the performance of research and have been
examined in different studies. In particular, the role played by personal features, such
as age or gender, on productivity and research impact and their relation with career
success has been explored elsewhere in the literature (Costas et al., 2010; Bozeman &
Gaughan, 2011; Costas & Bordons, 2011, Abramo, Cicero, & D’Angelo, 2014).

The behaviour of scientists and its relationship with personal factors may vary
between fields. Exploring inter-field differences is a matter of great concern, although
it still remains a challenge for bibliometrics due to field-specific productivity and
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citation practices (Abramo, Cicero, & D’Angelo, 2013). Interestingly, a recent paper by
Ruiz-Castillo and Costas (2014) comprising a vast set of authors shows that despite
great differences in productivity, it seems that their distributions are similar across
fields suggesting that a single explanation of in-field variation of scientists productivity
may suffice. However, from a more theoretical perspective, Bonaccorsi (2008)
thoroughly proves that the nature of scientific fields and the problems they face are
dissimilar between old and new science fields. In this sense, old science fields like
Chemistry deal with simple phenomena of increasing difficulty or with complex
phenomena whose fundamental laws are well-known. On the other hand, new fields
like Materials Science are placed in a region with high rates of both uncertainty and
complexity. Old and new fields may differ in growth rates, degree of diversity, and
types of complementarity (resources required as inputs) and this may affect the
research performance of scientists. Accordingly, the mainstreaming of these new/old
typologies in the analysis of individual scientific performance may also prove relevant.

On the basis of the foregoing, since scientists operate in a complex and
multidimensional environment where many factors bear on their scientific activity, a
large set of variables is essential for outlining their research performance. In this
context, multivariate analysis is useful to provide a reliable picture of the different
aspects at play in the activity of individual scholars. In many cases, data structure and
relations are far too complex to be successfully addressed through univariate or
bivariate methods. For this reason, when we move from a one-dimensional space into
a multidimensional one some clear prima facie relations become blurred, but the fact
is that one-dimensional approaches are likely to provide inaccurate results since
patterns are complex and cannot be described unambiguously (Moravcsik, 1984).

In this paper, we consider that given a set of scientists, grouped by any specific
characteristic (e.g. age, academic rank, gender), and a large set of bibliometric
indicators that describe their activity, it would be relevant to be able to find out which
set of bibliometric indicators discriminate best among the different groups. For this
purpose we have chosen Biplot methods since they are powerful and rich visualisation
tools, similar to a scatterplot but capturing the multivariate covariance structures
among bibliometric indicators. Biplot representations were originally proposed by
Gabriel (1971) as methods of multivariate analysis which provide a joint plot of rows
and columns in a low-dimensional Euclidean space using markers (points/vectors) for
each of them chosen in such a way that the scalar product represents the elements of
the data matrix. The markers are obtained by the usual singular value decomposition
(SVD) of a matrix Xnxp, where n usually refers to the number of rows (elements) and p
represents the number of columns (variables) measured on them. Then, the matrix is
factorised in row and column markers. Since there are multiple ways to factorise a
data matrix, the Biplot representation will have different properties according to the
metric selected. They can disclose patterns of covariation and correlation, differences
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between groups of sample units and, most importantly, the relation between
individual units and the multivariate structure of the data (Gabriel & Odoroff, 1990).
Gabriel basically described two types of Biplots (classical Biplots): JK-Biplot in which
only the rows are represented with high quality (row-metric preserving), and GH-Biplot
in which only the columns are represented with high quality (column-metric
preserving). A comprehensive study of the different focuses and alternative types of
the Biplot can be found in Cardenas, Galindo and Vicente-Villardon (2007). In as far as
the field of bibliometrics is concerned, Biplot methods were introduced by Diaz-Faes et
al. (2011, 2013) and their practical usefulness has been proved in a previous work
which explore the performance of networking research centres (Morillo, Diaz-Faes,
Gonzdlez-Albo, & Moreno, 2014). These papers consider the HJ-Biplot (Galindo, 1986),
which takes the good properties of JK-Biplot and GH-Biplot and provides an optimum
quality of representation (QLR) for both points and vectors in the same Cartesian
system. Although focused on the JK-Biplot method, another recent study has also
discussed its potential in the field of bibliometrics (Torres-Salinas, Robinson-Garcia,
Jiménez-Contreras, Herrera, & Delgado Lépez-Cdzar, 2013).

In this work, we aim to introduce a new version called ‘Canonical Biplot’ (Gabriel,
1972; Vicente-Villardén, 1992), which maintain the intrinsic features of the Biplot
analysis and allows for a statistical exploration to find out whether there are significant
differences in mean values between groups of authors and to identify which
bibliometric indicators account for such differences. An appealing application in
geology can be found in Varas, Vicente-Tavera, Molina and Vicente-Villardén (2005).
Accordingly, this version provides a simultaneous representation of rows (groups) and
columns (indicators) in such a way that the groupings are separated by the largest
discriminating power between them. In this study, we explore individual performance
from different perspectives: collaboration, research level (basic/applied),
interdisciplinarity, impact, production, authorship position, academic rank, age and
discipline. Finally, some research questions are addressed by means of the integrated
analysis of groups and variables: which variables discriminate best between groups of
individuals and research fields? Can we anticipate specific patterns or any particular
role for scientists based on their academic rank? Which bibliometric indicators best
define each group?

7.2. Methods

7.2.1. Data and bibliometric indicators

This study is based on the analysis of the scientific publications of 729 active scientists
affiliated to the Spanish National Research Council (CSIC) in 2007 in the research
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areas™ of ‘Chemistry Science and Technology’ [hereinafter referred to as ‘Chemistry’]
and ‘Materials Science and Technology’ [hereinafter referred to as ‘Materials Science’].
All active scientists included in this study are grouped according to their academic rank
in 2007 as defined by the CSIC: ‘Post-doc’ researchers (which includes various types of
research fellows), ‘Tenured Scientists’ (lowest tenured rank), ‘Research Scientists’
(intermediate tenured rank), and ‘Research Professors’ (highest tenured rank).
Personal data such as full name, age and academic rank were provided by the CSIC.
Table 7.1 shows a summary of the number of individuals in each different group by
rank and research area.

Table 7.1. Number of individuals by area and rank

Chemistry Materials Science Total

Post-doc 26 36 62
Tenured scientist 160 179 339
Research scientist 85 82 167
Research professor 72 89 161
Total 343 386 729

Publications from the Web of Science (WoS) database during the period 2007-2011
were collected for all the individuals included in this study. For a proper allocation of
scientific production to individual scholars, an ad hoc software designed to cope with
inconsistencies regarding author’s names was used in order to automatically collect
the publications of the researchers included in this study. A manual revision was
conducted to correct minor inconsistencies. As regards citations, this analysis focuses
on articles and reviews (hereinafter referred to as “papers”) and citations to these
papers were collected up to 2013.

Based on all the information above, the following set of indicators was obtained for
each researcher:

v Age: age of the researcher at the beginning of period (i.e. 2007).

v’ Production: the total number of papers published by a researcher during the entire
period (2007-2011).

 The CSIC comprises approximately 130 research institutes grouped into eight different research areas
for the sake of research management (http://www.csic.es/web/guest/areas-cientificas). Every CSIC
scholar is assigned to one of these areas.
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v" Pratt index: measures the concentration of any given researcher papers by subject
categories according to the assignment of the publication journals to WoS
categories (Pratt, 1977).

with

q= Ziai/t

v" Where s represents the number of subject categories of the publications, a; is the
size of the category of rank i and t is the total number of publications. It ranges
from C = 0 which corresponds to a uniform distribution of papers across the
categories, to C = 1 that corresponds to the case where all papers belong to exactly
one category. The lower the concentration, the higher is the interdisciplinarity of
the researcher. It is a small variant (normalisation) of the better known Gini index
(Carpenter, 1979).

v Research level (RL): a classification scheme of four research levels was used to
describe the basic or applied orientation of a journal. Journals were assigned to a
research level on the basis of both expert review and patterns of journal-to-journal
citation. It ranges from 1 to 4, where 1 represents the highest level of applied
research and 4 refers to the most basic level of research. This classification was
described by CHI Research/Computer Horizons Inc. (Narin, Pinski, & Gee, 1976),
which now operates as iplQ. A mean value was assigned to each researcher
according to his/her publication pattern.

v' G-index: given a set of papers ranked in decreasing order by the number of
citations, g is the highest (unique) number of papers that together received g* or
more citations (Egghe, 2006). It combines a measure of quantity (articles) and
impact (citations). It was proposed as an improvement of the h-index, since it
discriminates better for highly skewed citation distributions.

v First author: proportion of papers that each researcher has published as first
author.

v' Last author: proportion of papers that each researcher has published as last
author®.

v" Number of collaborators: this indicator reflects the distinct number of co-authors
with whom one author has published.

20 Single-authored papers are included in both, first and last author indicators, but only account for 1%
of the total number of publications.
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v

Co-authorship index: this indicator quantifies the average number of authors per
publication of a given researcher.

Ptop10%: this indicator measures the number of papers of a researcher which,
compared with other similar papers (same field, publication year, and document
type), belong to the top 10% most frequently cited, i.e. Percentile 90.

Mean Normalised Citation Score (MNCS): measures the average normalised
number of citations received by the papers of a researcher.

1 - C;

MNCS = — ) —

niae;

=1

Where n is the number of papers of a researcher, ¢; denotes the number of
citations received by paper i and e; represents the average number of citations of
all WoS publications published in the same subject category, in the same year and
that have the same document type as paper i (Waltman, van Eck, van Leeuwen,
Visser, & van Raan, 2011). An MNCS = 1 can be interpreted as the world average,
so if MNCS > 1 for a given researcher, it means that he/she has received on average

more citations than the world average and vice versa.

Mean Normalised Journal Impact (MNJS): is the average normalised citation score
of the journals in which a CSIC researcher has published compared to the world
average in the same field, year, and document type. Like MNCS, the MNJS
indicators corrects for difference among fields.

Proportion of national collaborative publications (pp nat collab): this indicator
measures the proportion of papers that a researcher has carried out in
collaboration between two or more Spanish organizations. It may also include
international collaborative papers.

Proportion of international collaborative publications (pp int collab): the proportion
of co-authored publications with authors affiliated to two or more countries.

Proportion of collaboration with industry (pp industry): this indicator quantifies the
proportion of papers that a researcher has co-authored with one or more authors
affiliated to an industrial partner (Tijssen, 2011).

Mean Geographical Collaboration Distance (MGCD): the geographical collaboration
distance is defined as the largest geographical distance between two addresses
reported in the publication’s address list. If a paper contains just one address, then
MGCD = 0. A detailed description of the geocoding procedure can be found in
Waltman, Tijssen, & van Eck (2011).
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v' Proportion of long distance collaborative publications (pp long dist collab):
proportion of author publications that have a geographical collaboration distance 2
1,000 km.

7.2.2. Canonical Biplot

Gabriel (1972) and Vicente-Villardén (1992) have proposed the Canonical Biplot as an
alternative Biplot technique to other similar techniques such as MANOVA, Discriminant
Analysis or Canonical Analysis. Given a data matrix Xnyxp, suppose that n rows (in our
case 729 authors) can be divided into K clearly differentiated groups (e.g. eight groups
in our case, this is the combination of the authors' field and rank categories) with ny
authors in each and we have measured p variables (in our case, the above mentioned
17 indicators) for each of them. Taking the matrix of means and the covariance
matrices between and within the groups it is possible to build a Biplot where the
groups are separated by the highest discriminating power between them. If we project
the groups on the plot, the coordinates on the first axis represent the linear
combination of variables that produces the largest univariate Snedecor F in the
ANOVA. Accordingly, the bibliometric indicators with larger F values will show the
highest differences between the groups. This provides a Biplot representation with the
following properties: (1) discriminant coordinates (projections in the directions of
largest separation), (2) the Euclidean distance between two means markers
approximates the Mahalanobis distance between groups (magnitude of effects) and
(3) it enables us to place region predictions on the factorial plot.

To illustrate the interpretation of the Canonical Biplot analysis, we provide an example
(Figure 7.1). Row markers (stars) depict the average values of the different groups,
while vectors represent the different variables (indicated also under V labels). If a
group marker projection is close to a variable (end or prolongation of the vector), it
means that the average of group is high for that indicator. Conversely, if it is far away it
will only take low values. For instance, in Figure 7.1 group G7 has large mean values for
variables V2, V4 and V5 (as it is close to them in the projection), while the same group
has low mean values for V3, for which groups G1 and G8 obtain large average values.
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Figure 7.1. Example for the interpretation of the first factorial plane of a Canonical
Biplot.

Besides, the angles between vectors (variables) can be interpreted as an
approximation of their correlation. Thus, acute angles between two indicators (for
instance, V8 and V10, or V2 and V4) indicate that such variables have a strong positive
correlation, while obtuse angles (V3 and V4) represent high negative correlations, and
right angles (V6 and V4) imply uncorrelated variables. As in other Biplots, we have
some measures on the quality of representation and the goodness of fit for
bibliometric indicators and, regarding this particular method, for the group means. As
the factors obtained are uncorrelated, the inertia (variance) of a variable explained on
a particular plane is the sum of the contributions to the axes that form that plane, and
that quantity is known as quality of representation (QLR). It is important to bear in
mind that only variables and groups with a good QLR should be interpreted on a given
plane. In this study, we measure QLR on a 100-point scale.

Confidence intervals are shown along with group’s markers in such a way that the
projections of the circles onto the direction of a variable approximate a confidence
interval. If we project two circles perpendicularly and both intervals do not overlap at
all, this indicates that there are significant differences between the means of the
groups (p < 0.05) (e.g. G1 and G2 over V3 in Figure 7.1). However, should an overlap
occur, as is the case between G9 and G12 over V3, we may infer that there are not
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significant differences for that variable. The radius of the circle is calculated as
th—k,a/yng » Where t,_g o is the critical point of a Student’s t distribution with n — K
degrees of freedom, for a significance level of a (see Amaro, Vicente-Villardén, &
Galindo, 2004 for a detailed description). As the radius of the circle is based on a
Student’s t distribution, a Bonferroni correction, K = r(r —1)/2 where K is the
number of possible comparisons and r is the number of groups, was added to correct
for multiple comparisons which increase the size of the circles and reduce error Type |
(wrong rejection of null hypothesis)®’. Indicators were standardised by columns since
they do not have the same measuring scale. The statistical analysis was performed
using a Matlab program (Vicente-Villardén, 2014).

7.2.3. Effect sizes

Although our study did not intend to accept or reject null hypothesis for each indicator
(from a more classical significant test hypothesis perspective) but to find top
discriminant indicators for the different groupings, there are some intrinsic limitations
to the results of significance tests described in the literature that we have to bear in
mind (Kirk, 1996; Schneider, 2013). In this study, Post-doc groups have a small sample
size as compared to permanent scientists (i.e. Tenured Scientists, Research Scientists
and Research Professors). Therefore, we may argue that significance tests are more
sensitive for Post-docs in terms of wrong acceptance of the null hypothesis (Type Il
error). Thus, we have calculated the size effect using Hedge’s g (Hedges, 1981), which
is similar to Cohen’s d (Cohen, 1988) but weighing each group's standard deviation by
its sample size. This effect quantifies the magnitude of the differences between groups
of scientists expressed in standard deviation units. Since g = d, we have taken the
values proposed by Cohen (1988), which are widely accepted: <0.20 trivial, >= 0.20
small effect, >=0.50 medium effect, >= 0.80 large effect and >= 1.30 very large effect.
Effect sizes were computed by means of the R package ‘compute.es’ (Del Re, 2013).

7.3. Results

CSIC scientists published a total of 9,163 papers in the WoS database during the period
2007-2011 with a resulting breakdown by research area of 4,886 in Materials Science
(MAT) and 4,277 in Chemistry (CHEM). Table 7.2 displays the means and standard
deviations for the 17 variables analysed by academic rank and field. We provide this
information to support our subsequent results.

21 Note that the method is conservative since where two circles do not overlap we may assume that
there is a significant difference, but if there is an overlap we may find a significant difference in another
direction of the multidimensional space (Varas et al., 2005).

22 These thresholds are informative and easy to understand but they should not be used uncritically as
benchmarks (Cohen, 1988).
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A glimpse at Table 7.2 gives us some preliminary hints about the scientific performance
of the researchers under study. For instance, g-index is larger for higher academic
positions in both areas, ranging from g = 7 or 8 for Post-docs to g = 13 for Research
Professors in both research areas. However, excluding Post-docs, scientists in a given
rank show very similar g-index in both areas. When the research level is considered, it
tends to be more basic on average for Chemistry scientists regardless the rank when
compared to Materials Science. Interestingly, collaboration with industry reaches its
highest point at the lowest and intermediate tenured positions (Tenured Scientists and
Research Scientists) and shows low dispersion for all scientists in both the Chemistry
and Materials areas. MNJS shows that Post-docs publish on average in slightly more
outstanding journals in terms of citations, although their values are more scattered
across the distribution. All in all, the information in Table 7.2 is highly revealing but
also very massive, and it is just here where the use of the Canonical Biplot can help to
better summarise and discuss the differences and main patterns among the different
indicators and groups of researchers, as described in the section below.

7.3.1. Biplot analysis

The factorial plot resulting from the Canonical Biplot analysis is displayed in Figure 7.2.
We analyse the main factorial plane which accounts for most of the variance. The
value of Wilk’s lambda distribution (A = 7.914 with p < 0.01) shows that the difference
between the means of groups actually exists, i.e. there are indeed differences that can
be attributed to the groups under survey. The inertia absorption for the first factorial
plane is 91.35%. Axis 1 accounts for 80.23% of the variance whereas Axis 2 explains
11.12%.
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Table 7.2. Average values for individual-level indicators.

Groups Age IF:II:::( Rizeva;ICh Grindex  Production aZ::I::)r a::ls\:)r Collab':rators c°'3i‘:lt::;5hip Ptop10% MNCS MNJS ::,:II?; ':sl:‘aal: ind’:::try MGcD dl’;’: tl:zrlgb
fgjg&‘;c 35+5 33:.20 321+68 746 10£10 37+.28 .07+.11 24423 558+127  138+4.28  .92+.65 148+.60 .31+.25 .56+.35 .020+.06 918+817  .28+.24
(TESES) 44+8 43+.18 3.18+.75 10t6 16+12  15+.22 22+.24  36£30 6.02+161  209+297 115+1.15 135%.39 .33+.25 51+30 .042+.08 1,502+1595 .29+ .24
Researcher

(ChEm) 51+7 .45:19 333:+.73 11+8  21+25 .09+.17 .36+.28  40%33 580+1.56  2.37£3.95 .99+.66 136+.44 .34+26 .54+.32 .041+.11 1,662+1,829 .29%.25
fé:';e&s)or 59+7 .47+20 332+59 13+12  30+46 .08+.17 .32+.26  60%79 560+131 562+1544 101+.73 132+.42 .33:.24 .53+31 .030+.05 1,640+1,600 .29%.23
f&;‘;“ 35+3 .40:.16 3.03t.65 84 11t6  31+.22 .06+.09 2415 5.81+1.77 90+.94  105+.52 141+.58 .39:+.29 .49:34 .024+.05 1,189+1,169 .31%.25
(T&l”Tr)e 458 46+.19 295+.61 1046  18+11  .16+.15 .18+.15  39:28 546+150  195£235 104+.79 126%.54 .42:27 49+.30 .037+.09 1,869+1,595 .36+.24
Researcher

(MAT) 51+8 .46+.17 3.00+.62 11%#6  21+13 .14+.16 .24+.19  43+31 5314127  231$331 100+.76 126%.49 .39+22 .54+28 .034+.06 1632+1,482 .32£.20
Z\r/lo:;;sor 57+7 50:+.18 3.14+.58 13:10 30423 .08£.09 .30£.17  61£52 5584138  3.46:6.40 114+152 132+.54 .45+.25 51+.27 .024+.04 2003+1584 .37+.23
Total CHEM  48+10 .44+.19 33+.71 11+8 20427 .14+22 27+.26 4146 584+152  2.85%7.8  107+.77 136+.43 33+25 .53+.31 .037+.08 1568+1619 29+.24
Total MAT ~ 48+10 .44+.19 361  11+7  21+16 .15:+.16 .21+.17 4436 550+1.46  2.85%7.8  106+.98 129+.53 .42+.26 .51+.29 .032+.07 1,786+1546 35%.23

Note: Data expressed as average * standard deviation.

132



Nuevas aproximaciones metodoldgicas al estudio de la colaboracion en la ciencia a través de las publicaciones cientificas

0.8

06

0.4

0.2

Axis 2

-0.2

-0.4

-0.6

-0.8

POST-DOC (CHEM)

POST-DOC (MAT)

I [ I
Research Level

Co-authorship index

First author

TENURE (MAT)

pp int collab

_ Last author

PROFESSOR (CHEM)

T——Age

-0.5 0 05
Axis 1

_—y

Figure 7.2. Two dimensional Canonical Biplot for authors performance (plane 1-2). Variables coloured in grey present a QLR below 50 points.
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Since Canonical Biplots provide discriminant coordinates, a straightforward separation
among the groupings of scientists can be clearly seen in the first factorial plane. The
most remarkable feature is that there are major discrepancies between scientists from
different academic ranks since they show singular features which separate them from
the rest, especially in the lowest and highest ranks. There are global differences in the
ANOVA test (p < 0.01) for all indicators except for pp nat collab, pp industry and MNCS.
The coordinates of Axis 1 show that the discrepancies between Post-docs and the
three types of full-time scientists are mainly based on age, production, number of
collaborators and order of signature (first author, last author). These indicators have
the largest univariate Snedecor F in the ANOVA. Accordingly, the variables that best
separate one group from another present high contributions to the axes and those
who present low discriminatory power have a poor QLR (coloured in grey in Figure 7.2)
and their information is put aside by the Biplot (Table 7.3). For further analysis on the
discrepancies between pairs of groups, we focus on the projections of the circles in the
direction of the variables.

Table 7.3. Quality of representation (QLR) to explain the group means.

Variables Axis 1 Axis 2 Axis 3 Axis 4 Axis 5
Age 99.40 0.28 0.13 0.13 0.01
pp nat collab 11.48 21.25 17.59 14.17 14.08
Pratt index 65.55 16.09 13.73 0.34 2.15
Research level 16.72 72.53 7.16 2.13 0.58
G-Index 96.00 1.11 0.21 0.15 1.49
Production 92.91 1.96 2.38 0.00 1.55
First author 80.25 0.99 17.6 0.77 0.07
Last author 79.35 12.14 3.00 3.47 1.52
N collaborators 88.68 3.03 1.3 1.42 5.42
Co-authorship index 5.54 69.12 5.45 0.00 19.25
Ptopl10% 70.89 1.78 13.12 11.02 0.68
MNCS 0.03 1.41 27.5 4.17 60.85
MNJS 10.25 41.91 25.79 11.19 9.82
pp int collab 2.33 82.43 4.85 4.9 291
pp industry 1.58 19.30 58.66 6.75 13.65
MGCD 34.68 20.98 34.44 0.91 2.25
pp long dist collab 0.85 78.37 10.32 0.31 3.85

* Bold values > 50.

When the circles of the groups are projected onto different vectors, we observe for
Axis 1 that there are statistical differences (the projections of the circles do not
overlap) on age, production, g-index, number of collaborators, ptopl0% and the
proportion of papers published as first author for each academic rank. Thus, as we
move from left to right across the plot, researchers with the highest rank (Research
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Professors) are older and show higher rates of performance with a growing number of
papers published, their networks in terms of collaborators become larger and their
rate of papers with a high number of citations (acute angle between vectors) is higher.
On the other hand, as scientists move up in academic rank, interdisciplinarity (Pratt
index) tends to shrink and their publications are concentrated in a smaller number of
subject categories. Interestingly, the measures of individual citation performance vary
according to the selected indicator. For size-dependent indicators, such as ptop10%
and g-index, a better citations performance is found for higher ranks. Nevertheless, if
we take the MNCS for reference, the behaviour on average is similar for all scientists as
we have already pointed out (no global differences). Regarding the order of signature,
it appears, for instance, that last authors seem to be more common at higher academic
ranks, although there are no significant differences for some pairwise comparisons
such as between Researcher Scientists and Research Professors in Chemistry
(projections of circle do overlap). On the other hand, Post-docs most distinctive
feature, which separate them from the rest of the groups, is the higher proportion of
papers signed as first authors. This variable has a high negative correlation (obtuse
angles) with the aforesaid indicators for which scientists with high academic rank show
top values. All in all, the first position of signature seems to discriminate very well
between low and high academic ranks in both fields.

Concerning Axis 2, we observe there are inherent features among full permanent
scientists for each field due to the fact that scientists within the same rank perform
alike in both fields (Figure 7.2). Chemistry scientists are placed on top of the plot
performing on average a more basic and slightly more interdisciplinary research with a
higher number of collaborators (group markers are close in projection to research level
and the co-authorship index and far away from the Pratt index). Materials Science
researchers, which are placed at the bottom, collaborate more at international level
with more distant partners and are involved in more applied research. Moreover, a
higher MNIJS is observed in Chemistry when compared to that in Materials Science.

On the other hand, we have also depicted plane 3-5 where most of the variance for
collaboration with industry and MNCS is explained (Figure 7.3). This plane can be
interesting in order to observe that these two indicators show a weak discriminatory
power. Axis 3 is chiefly characterised by pp industry whereas Axis 5 accounts for
MNCS. It is clear that all confidence intervals overlap, so there is no difference
between groupings in terms of average citations and the degree of collaboration with
enterprises. Besides, there is no relation between both indicators (right angle between
vectors).
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Figure 7.3. Two dimensional Canonical Biplot for authors performance (plane 3-5). Variables coloured in grey present a QLR below 50 points.
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7.3.2. Effect sizes results

We have computed effect sizes by means of Hedge's g for some pairwise comparisons
in order to estimate the magnitudes of the differences between groupings. These
results are useful both due to the influence of sample size in the statistical values and
as a means to support the Biplot analysis. Since the number of possible comparisons is
extremely high, Table 7.4 displays a small but meaningful selection of effect sizes and
variables. We mainly display effect sizes for Post-docs because of their smaller sample

size.
Table 7.4. Hedge's g by field and academic rank.
Academic rank Production Collab::rators AEitrli:)r G-index ::):IIiant: ReLSee:;ICh MNCS ind':':try
Post-doc (CHEM) vs. Tenure (CHEM) 0.49 0.43 0.96 0.57 0.05 0.04 0.27 0.30
Post-doc (CHEM) vs. Researcher (CHEM) 0.52 0.52 1.35 0.60 0.12 0.16 0.11 0.20
Post-doc (CHEM) vs. Professor (CHEM) 0.52 0.53 141 0.58 0.06 0.18 0.14 0.20
Tenure (CHEM) vs. Professor (MAT) 0.83 0.63 0.34 0.32 0.47 0.07 0.01 0.26
Researcher (CHEM) vs. Tenure (MAT) 0.20 0.04 0.40 0.26 0.17 0.58 0.07 0.04
Post-doc (MAT) vs. Tenure (MAT) 0.62 0.58 0.94 0.35 0.13 0.13 0.00 0.16
Post-doc (MAT) vs. Researcher (MAT) 0.81 0.71 0.94 0.56 0.03 0.05 0.07 0.17
Post-doc (MAT) vs. Professor (MAT) 0.91 0.83 1.60 0.57 0.23 0.17 0.07 0.01
Tenure (MAT) vs. Professor (CHEM) 0.47 0.44 0.50 0.43 0.35 0.61 0.05 0.08
Researcher (MAT) vs. Professor (CHEM) 0.29 0.30 0.36 0.23 0.27 0.53 0.01 0.06
Post-doc (MAT) vs. Professor (CHEM) 0.50 0.56 1.22 0.53 0.22 0.47 0.06 0.12
Post-doc (CHEM) vs. Professor (MAT) 0.94 0.78 1.83 0.64 0.53 0.12 0.16 0.10

* Effect size: g <0.20 trivial, g >= 0.20 small effect, g >=0.50 medium effect, g >= 0.80 large effect and g
>=1.30 very large effect.

Accordingly, the indicators which showed a stronger discriminatory power among
groups of authors such as production, number of collaborators, first author and g-
index obtain high g values as well. We can see what variables and pairs of groups differ
most in terms of standard deviation units. In this regard, Post-doc researchers
presented as a singular feature appear as first author in the byline at the Canonical
Biplot. This becomes clear looking at Hedge’s g for Post-docs with regard to the three
types of full permanent scientists since size effects are larger (g > 0.80), which means
the distribution of group scores do not overlap. Likewise, production, number of
collaborators and g-index range from medium to large effect sizes which can be
considered consistent enough. For instance, the largest effect sizes for production are
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observed between Post-docs and Research Professors, but also for Tenure (CHEM) vs.
Professor (MAT) where g = 0.83. Interestingly, if we focus on international
collaboration and research level, which were variables accounted for on Axis 2 of the
Biplot, distributions within the same field are similar for all four academic ranks.
Nevertheless, the biggest effect sizes arise when scientists from distinct fields are
compared (Post-doc (CHEM) vs. Professor (MAT) g = 0.53 for pp int collab and Tenure
(MAT) vs. Professor (CHEM) g = 0.61 for research level). On the other hand, MNCS and
collaboration with industry, two of the indicators which showed weak discriminatory
power for group means (no global differences) also present small g values for all
pairwise comparisons, i.e. the differences are scant between groupings.

7.4. Discussion and conclusions

Due to the multidimensional nature of research activity, multiple indicators are
needed to obtain a reliable picture of the research performance of scientists.
Moreover, research performance may be affected by a wide range of factors, including
personal data (age, gender), career (academic rank, promotion), organisational
(teaching, mobility) or economic issues (research funds); and this generates a wide
diversity of possibilities for the analysis of scientific performance. Due to this diversity
and its multidimensionality, it is sometimes difficult to extract meaningful information
from a multiplicity of variables and groups of researchers. In this study we provide a
practical solution to this problem. Canonical Biplot analysis has been applied to study
the behaviour of 729 researchers in two areas at the Spanish CSIC. Our aim was to
build a joint plot for 8 groups (2 fields x 4 academic ranks) and 17 variables where the
groups were separated by the maximum discriminating power between them. As a
result, we have studied which structure of variables offers the highest separation
between groups of authors in a broad set of bibliometric indicators. Besides, statistical
differences between group means have been assessed. Since test hypotheses are
sensitive to different samples sizes, we have supported our results by means of effect
sizes. They can be a relevant measure at the individual-level since data collection at
this level is a tough job and it is not always possible to achieve a good sample size for
the different categories or groupings.

In contrast to other multivariate techniques, Canonical Biplot offers some interesting
and advantageous features. For instance, if we would have applied a MANOVA, we
should have examined many tables and we would not have obtained a joint
representation in a low dimensional space for a visual inspection of the underlying
structure of the data matrix. If we would have used a Discriminant Analysis, we would
have obtained a low dimensional plot describing the group’s structure, but we would
not have had direct information about the bibliometric indicators responsible for the
separation between groupings and their correlations.
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In our study, we have found two gradients for CSIC scientists. First, researchers of
different academic ranks are clearly separated according to their age, level of
production of papers, distinct number of collaborators, the number of highly-cited
papers and their position in the byline. The second gradient relates to intrinsic field
features since it separates Chemistry from Materials Science. The scientific activity of
Materials Science researchers is less interdisciplinary and shows a higher share of
international links compared to Chemistry, where the nature of research is more basic
and takes place in larger teams. The lower interdisciplinarity of Materials Science is an
unexpected finding, since it is a more recent and more applied field and it is supposed
to require more diverse inputs. Actually, interdisciplinarity is often associated with
application-oriented research and complex problem solving (van Rijnsoever & Hessels,
2011). A possible explanation is that our interdisciplinarity measure considers the
diversity of WoS categories to which the publication journals are assigned, but not the
heterogeneous nature of each category. Accordingly, taking into account other
measures such as the specialisation of team members could be advisable.

Our results show that the higher the academic rank, the higher the production of the
researcher and his/her share of highly-cited papers and the more likely it is to appear
as last author in the byline. The higher production of researchers in the highest
academic rank has been described for other research areas at the Spanish CSIC (Costas
et al., 2010) and elsewhere (Abramo, D’Angelo, & Di Costa, 2011). Moreover, Abramo
et al. (2014) denoted a moderate correlation for several fields (mild for Chemistry)
between being a top productive scientist and the probability of having produced
highly-cited papers. The same study also evidences that the highest probability of
yielding highly-cited papers for non-top productive scientists lies with Assistant
Professors, which can be considered to be on the same level as our Post-doc scientists.
Interestingly, although our results show no differences in MNCS by academic rank and
field, Post-docs obtain the highest average MNIJS, probably because they are at the
beginning of their careers and are very aware of the importance of publishing in
prestigious journals to build a solid scientific career and gain a tenured position. On the
other hand, an enhanced impact has been identified for those scientists who have
heterogeneous collaboration patterns, chiefly at the international level (Franceschet &
Constantini, 2010; Abramo et al. 2011; Bordons, Aparicio, & Costas, 2013), even
though there are some exceptions, maybe due to hyper-authorship (Cronin, 2001). Our
results show that there are differences on international and long distance
collaboration, but they seem to be more related to field adscription. However, having
an extensive network of collaborators proved valuable in terms of performance.

As regards authorship order and age, it has been shown in the literature that, in
experimental sciences, first-authored papers predominate among younger researchers
while last position tends to be reserved to the more experienced scientists (Gingras,
Lariviere, Macaluso, & Robitalle, 2008; Costas & Bordons, 2011). Last-author position
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has been pointed out as a major position since it can be assumed to name the driving
force behind the research, both intellectually and financially (Tscharntke et al., 2007).
This is the role mainly played by authors in the higher academic ranks. Nevertheless,
the strongest contribution to the actual work carried out is often expected from the
researcher in the first-author position of the byline (Liu & Fang, 2014). This is indeed
the most distinctive feature of Post-docs in our study, since they obtain the highest
share of first-authored papers (around 1/3 of their production) and the lowest
proportion of last-authored ones. Post-docs might be able to lead a research line and
can work independently or within an existing team. Since we are dealing with two
experimental fields, the junior signing pattern observed for Post-docs (Costas &
Bordons, 2011) and their relatively high co-authorship index suggest their integration
into more or less consolidated teams, which in fact is being fostered by some
programmes to increase the size and competitiveness of teams. Although Post-docs
are not so well connected to other people as researchers in tenured positions and yield
less number of papers, they obtain an outstanding impact as measured by the MNIJS.
These results are consistent with previous studies focused on academic rank influence
and signature order for CSIC scientists (see Costas & Bordons, 2011), where a relation
between publishing in prestigious journals or being highly rewarded with citations and
any specific position in the byline was not found.

We have to mention some limitations to the present study. First, the fact that each
scientist was considered in the professional rank he/she held in 2007 and some of
them may have been promoted during our period of reference. Nonetheless, this is
only the case in a very small percentage of scientists. Second, due note should be
taken that the small sample size of Post-docs limits the scope of the analysis and the
significance of the results concerning this category of researchers. And third and last,
our study focuses on CSIC scientists in two fields and we cannot generalise our results
across other fields, institutions or countries. Concerning future research, including
other factors such as promotion, teaching or mobility issues might be helpful to better
understand certain patterns with a bearing on performance. PhD students also remain
as an attractive group for further study due to the lack of large-scale analyses on them
(Lariviere, 2012, is an exception).

In summary, the approach set forth in this paper concerning the study of research
performance at the individual level by means of a Canonical Biplot analysis enables us
to examine a large set of indicators and to explore the underlying matrix structure. In
this specific case, the most distinctive patterns that characterise researchers grouped
by field and academic rank have been revealed. In view of all the foregoing, we
conclude that the Canonical Biplot analysis is a strong exploratory tool with high
potential in order to make headway in the unravelling of the intricate structure of
relationships between research performance indicators and the individual
characteristics of researchers.
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