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Abstract
When research groups are evaluated by an expeet,pars an open question how one can

determine the match between panel and researctpgrdn this paper, we outline two
guantitative approaches that determine the cognitiNstance between evaluators and
evaluees, based on the journals they have publishew/e use example data from four

research evaluations carried out between 2009 @bd &t the University of Antwerp.

While the barycenter approach is based on a jourragd, the similarity-adapted publication
vector (SAPV) approach is based on the full joursiahilarity matrix. Both approaches
determine an entity’s profile based on the journalgvhich it has published. Subsequently,
we determine the Euclidean distance between thedater or SAPV profiles of two entities
as an indicator of the cognitive distance betwdwmt Using a bootstrapping approach, we
determine confidence intervals for these distandsssuch, the present article constitutes a
refinement of a previous proposal that operateshenlevel of Web of Science subject
categories.

Keywords Research evaluation; Barycenter; Similarity-addppublication vector; Journal
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1 Introduction

Research evaluation exercises are carried out muraber of countries across the world
including the UK, Norway, Finland, Sweden, Denmattke Netherlands, Belgium, Italy,
Australia, New Zealand, Romania, China (Hong Kor@g@rmany, Czech Republic (Barker,
2007; Molas-Gallart, 2012; Simon & Knie, 2013; Malta, 2015; Milat, Bauman, &
Redman, 2015). The principal objective of such eatbns is to improve the quality of
scientific research groups or departments withiragonal or regional context (Engels, Goos,
Dexters, & Spruyt, 2013). In academia, publicatiares considered key indicators of expertise
(Rybak, Balog, & Ngrvag, 2014) that help to identlie qualified or similar experts to assign
papers for review (Neshati, Beigy, & Hiemstra, 20Ehd to form an expert panel (Hashemi,
Neshati, & Beigy, 2013).

When peer review is carried out by one or moreviddials, we refer to it as individual
evaluation. Although multiple individuals may evaile the same thing, they carry out their
peer review as individuals and without communigatith the other evaluators. This kind of
peer review is most commonly used for publicatioDds. the other hand, panel evaluation
(Coryn & Scriven, 2008; Abramo & D’Angelo, 2011)fees to a panel of experts working
together in their evaluation of, e.g., a researobug, an institution or a research grant
application (ESF, 2011; Boyack, Chen, & Chacko,f0Contrary to individual evaluation,
this kind of peer review presupposes frequent @bngad communication between the
evaluators. It may include site visits by the expgmnel members for data gathering and
evaluations (Borum & Hansen, 2000; Hansson, 20E3yrenz, Thao, & Johnson, 2012).
Mixed forms of both types occur frequently. In gexhe however, the current paper is
especially concerned with the peer review proceske context of expert panel evaluation of
research groups.

A downside of the peer review process can be teerade of an adequate methodology to find
relevant experts (Hofmann, Balog, Bogers, & de ®ijR010; Gould, 2013; Lee, Sugimoto,
Zhang, & Cronin, 2013; Berendsen, de Rijke, Bal®ggers, & Bosch, 2013; Oleinik, 2014;
Buckley, Sciligo, Adair, Case, & Monks, 2014). Tpeer review process is an established
component of professional practice, and often thped is anonymous to the unit of
assessment. Expert panel review is a standardiqeatdr evaluating research groups
(Nedeva, Georghiou, Loveridge, & Cameron, 1996; dde Bruyn, & Cornelis, 2008;
Butler & McAllister, 2011; Lawrenz et al., 2012; i et al., 2015), and for research
proposals submitted to research funding organiaat{®essely, 1998; van den Besselaar &
Leydesdorff, 2009; Li & Agha, 2015; Wang & Sandstr62015; Pina, Hren, & Marusi
2015). In expert panel evaluation, however, theepamembers are visible, and hence the
units of assessment themselves can judge the esegeftthe panel member and the expert
panel in relation to their research domain.

The exponential growth of research literature iaths the growth of specialized disciplines
(Sobkowicz, 2015) as well as the growth of databdkemselves. Therefore, an individual
panel member may have sufficient expertise in @&mifield, but collaborative evaluation
together with peers is crucial unless and until tha@ividual panel member covers the



expertise of the research groups. In expert paveduation the entire panel preferably has
expertise on the discipline of the research growgiberwise the trustworthiness of the

evaluation is open for discussion (Engels et @132. In our opinion, a methodology is

required to set the standard for most approprigpere panel composition. One of the main
factors that need to be taken into account is tgnitive distance between an expert panel
and research groups (Rahman, Guns, Rousseau, &sE2044, 2015; Wang & Sandstrém,

2015).

The concept of cognitive distance has been deedlojm the academic literature by
Nooteboom and colleagues (Nooteboom, 1999, 20006téoom, Van Haverbeke, Duysters,
Gilsing, & van den Oord, 2007). Cohen & Levinth&b89, 1990) explained the process by
which an individual or organization, by extrapadatican integrate and reuse knowledge from
outside sources in research and development, Woitdeboom uses these ideas to define the
concept of cognitive distance between individuald arganizations. Nooteboom (2000, p.
73) defines cognitive distance as “a differenceagnitive function. This can be a difference
in domain, range, or mapping. People could havéharesl domain but a difference of
mapping: two people can make sense of the sameopteara, but do so differently”. Thus,
cognitive distance describes how two individuaknd, by extension, organizations or groups
of individuals — are different, in terms of knowtgr] but also in the way they perceive and
interpret external phenomena. In this paper, are\Wang & Sandstrém (2015), we consider
the publication profile of the involved researchersdetermine cognitive distance between
people and groups of people. For example, if a Ipar@enber and a research group have a
publication in the same or similar journals it icalies a smaller cognitive distance between
them. Hence, we measured cognitive distance betwaral members and research groups
based on how often they have published in the samsenilar journals.

In this paper, we study the problem of composingeapert panel, such that the individual
panel members’ expertise covers the specific sulatttsrin the discipline where the units of
assessment have publications. Since 2007, the kditivef Antwerp (Belgium) expert panel
evaluation has included site visits by the expeahgd members. One expert panel is
accountable for a specific department, e.g. Biolagyd evaluates all the research groups
belonging to this department. Following the Dutctardard Evaluation Protocol (SEP:
VSNU, 2003, 2009), the panels assessed the qudd@yproductivity, the relevance, and the
viability of the research groups without, howevaer,direct influence on the resource
(re)allocation to those groups. The panel membersecognized independent international
specialists in at least one of the fields addrebsgetthe department under evaluation, and have
no prior joint affiliations, no co-publications, mmmon projects etc. with the assessed
research groups. The research groups consist déssars (of all ranks), research and
teaching assistants, and researchers (PhD stualeditsostdocs). These evaluations consider
the entire research groups scientific activity #ospecific period, typically eight years. We
previously explored expertise overlap between pandlresearch groups through publishing
in the same or similar WoS subject categories (Rahet al., 2014, 2015; Ronald Rousseau,
Rahman, Guns, & Engels, 2016) . Since one subgegory may comprise a wide array of
different subfields and topics (Bornmann, Mutz, kjaBchier, & Daniel, 2011), it is up for



discussion how relevant it is to have panel membedsresearch group members publishing
in the same subject categories. As journals coverenalosely related subfields and topics
(Tseng & Tsay, 2013), we present a journal levelysis to explore the issue.

The analysis relies on the journal similarity matand the overlay map derived from it.
Science overlay maps (Rafols, Porter, & Leydesdd@10) have received considerable
attention from the field of informetrics (Grauwin &nsen, 2011; Boyack & Klavans, 2014,
Fields, 2015; Chen, Arsenault, Gingras, & Larivje2815; Gorjiara & Baldock, 2014). We
present two bibliometric approaches to assessadtpeitive distances between research groups
in the Department of Biomedical Sciences, Vetegindciences, Pharmaceutical Sciences,
Biology, and the respective expert panels basedesearch evaluations carried out at the
University of Antwerp. We have used the data codlddn the frame of research evaluation
by the University of Antwerp. We explore the cogretdistance between expert panel and
research groups. The research questions are:

1) How can one quantify the cognitive distances betwee entities using the journals
in which they have published? How can one estirtiegaincertainty inherent to these
cognitive distances?

2) To what extent was each individual research groapjsertise covered by the panel’s
expertise?

3) To what extent does each individual panel membexjsertise cover the individual
research groups?

2 Data

In this paper, we consider data from the reseassessments of all the research groups
belonging to four departments of the UniversityAoftwerp, Belgium. These are the 2014

assessment of 15 research groups belonging toeghartthent of Biomedical Sciences, the

2014 assessment of the three research groups Wktkenary Sciences department, the 2009
assessment of the 10 research groups of the degdrohPharmaceutical Sciences, and the
2011 assessment of the nine research groups detreatment of Biology. The group names

will be standardized using the first four lettefslte corresponding department, for example
BIOM-A for Biomedical Sciences group A, VETE-C fdlieterinary Sciences group C, etc.

The reference period encompasses eight years pmgabeé evaluation. We considered all the
articles, letters, notes, proceedings papers, angws by the research groups published
during the reference period and included in thes® Citation Index Expanded (SCIE), and
the Social Sciences Citation Index (SSCI) of theS/Afothe evaluation.



Table 1 Publication profile of the research groups.

Group code Number of Number of Group code Number of Number of
Journals  Publications Journals  Publications
Biomedical Sciences (2006-2013) Pharmaceutical Sciences (2001-2008)
BIOM-A 55 96 PHAR-A 22 40
BIOM-B 27 43 PHAR-B 32 62
BIOM-C 47 107 PHAR-C 35 61
BIOM-D 95 201 PHAR-D 17 32
BIOM-E 34 70 PHAR-E 42 64
BIOM-F 17 27 PHAR-F 21 34
BIOM-G 115 241 PHAR-G 31 67
BIOM-H 29 50 PHAR-H 27 39
BIOM-I 55 89 PHAR-| 10 29
BIOM-J 27 47 PHAR-J 9 11
BIOM-K 43 74 All groups together 180 376
BIOM-L 11 12
BIOM-M 67 164
BIOM-N 43 114
BIOM-O 32 60
All groups together 476 1,213
Veterinary Sciences (2006-2013) Biology (2004-2010)
VETE-A 102 144 BIOL-A 53 168
VETE-B 33 41 BIOL-B 33 58
VETE-C 21 52 BIOL-C 75 212
All groups together 146 231 BIOL-D 68 176
BIOL-E 69 169
BIOL-F 35 58
BIOL-G 139 280
BIOL-H 42 67
BIOL-I 52 86
All groups together 372 1,156

Table 1 lists the number of publications of theeegsh groups. The numbers reported for all
groups together are smaller than the sum of thigithehl research groups’ publication or
journal counts, because of joint publications betwvgroups.

Table 2 Publication profile of the panel members.

Number of
publications

Number of
journals

Panel member Number of Number of Panel member
code journals  publications code

Biomedical Sciences Pharmaceutical Sciences

BIOM-PM1 78 153 PHARPM1 39 122
BIOM-PM2 81 201 PHARPM2 93 351
BIOM-PM3 79 261 PHARPM3 91 259
BIOM-PM4 86 240 PHARPM4 67 124
BIOM-PM5 37 74 PHARPM5 86 180
BIOM-PM6 All Panel

35 109 members together 300 1,032
BIOM-PM7 68 194
BIOM-PM8 32 101

All Panel 395 1,319

members together



Panel member Number of Number of Panel member Number of Number of
code journals  publications code journals publications
Veterinary Sciences Biology
VETE-PM1 50 313 BIOLPM1 48 146
VETE-PM2 66 121 BIOLPM2 49 177
VETE-PM3 46 272 BIOLPM3 35 76
VETE-PM4 53 131 BIOLPM4 49 185
BIOL-PM5 76 262
All Panel 200 837 All Panel 217 792

members together members together

Table 2 lists the number of publications of the gdanembers. The entire WoS publication

record of the individual panel members up to tharye assessment was taken into account.
The Veterinary Sciences and Biomedical Scienceglpamere composed of four and eight

members respectively. Both the Pharmaceutical Segeand Biology panels were composed
of five members including the chair. There are veaathored publications between panel

members of Veterinary Sciences. PharmaceuticahBese Biomedical Sciences, and Biology

panel members have 4, 14, and 54 publications liabmration between two or more panel

members respectively.

3 Methods

3.1 Journal similarity matrix and maps

Our method is based on the assumption that theitoggdistance between entities decreases
as they have more publications in the same or ainolurnals, since journals cover closely
related subfields and topics. The similarity betwgmirnals should be taken into account: if a
panel member publishes in different journals thaa tesearch groups, they may still have
relevant expertise, if their publications are imigar or closely related journals. This
requirement rules out a number of approaches, ditudirect comparison of the top n
journals in which two entities have published aodeations between journal portfolios.

We have harvested data from Thomson Reuters’ WaghdbCitation Reports (JCR) of the
Science and Social Science Editions 2011. An agdeegjournal-journal citation matrix of
10,675 journafswas constructed with a grand total of 35,295 ,4B&ions over the entire
matrix, which was subsequently normalized in thiengidirection. The distances between
journals are calculated using the cosine similafitgtween their citing distributions
respectively (see Leydesdorff, Rafols, & Chen (2048 details). The resulting journal
similarity matrix can be considered as an adjacemagrix, and thus is equivalent to a
weighted network where similar journals are linledl link weights increase with similarity
strength. At the moment, it is not yet entirelyacl@ow intense citation traffic around journals
such as PLoS ONE (Leydesdorff & de Nooy, 2015)cff¢he journal similarity matrix.

! The Science and Social Science Editions 2011 o8ta81 and 2,943 journals respectively. Of thesenals,
549 are contained in both databases.



The journal similarity matrix consists of 10,675 113,955,625 cells. The matrix was stored
using the HDF5 format (Hierarchical Data Formatsian 5), which was found to be the most
efficient way of storing the data in terms of spaed memory requirements.

We used the full title of the journals for matchijegrnals in the panel’s publication list with
journals in the research groups’ publication listewever, journals are not static entities and
may undergo a name or organizational changes maer Possible changes include:

- The journal title is changed, shortened or extended

- Two or more journals merge into a new journal;

- One journal splits into two or more new journals;

- A journal is excluded from the WoS, discontinued, mot listed during the
construction of the aggregated journal-journaltmtamatrix.

While cross-matching, we found 165 journals in data set that belong to any of the above
mentioned categories. We developed the followingeines to handle these uniformly:

- Ifjournal A is renamed to B then treat both asiegjent.

- If journals A1 and A2 are merged into journal B, Wweat both A1 and A2 as
equivalent to B.

- If journal X splits into multiple journals, we loakp which research groups or panel
members have publications in journal X and deteemwhich of the new journals best
corresponds to the specialty of the authors, tiamge all occurrences of the journals
in the WoS exported data with the best fittingdajournals. This was necessary in 15
cases; each time the decision was quite clear.

- If a journal is discontinued or excluded from Wa®,not included in the aggregated
journal-journal citation matrix and there is no malent for some other reason, then it
is removed from the sample.

From the journal similarity matrix, one can constra global journal map (Leydesdorff &
Rafols, 2012), in which similar journals are locht@ore closely together. When used as a
portfolio map, the size of the nodes depends omtimeber of publications in each node, and
helps to compare the degree of overlap of muligplgties visually (Leydesdorff, Heimeriks,
& Rotolo, 2015). The overlay of research group padel publications can be visualized on
the global journal map based on the retrieved pabbns data, using the visualization
program VOSviewer (van Eck & Waltman, 2010). Howe\we the process of visualization,
the multi-dimensional space is reduced to a prigecin two dimensions. Moreover,
comparison of overlay maps is difficult, speciflgalvhen the journals are located (very)
closely to one another or when a panel member sgareh group has published in many
different journals. Therefore, we will explore tapproaches to create a ‘profile’ of a panel
member or research group: (i) barycenters on tleelay map (Rahman et al., 2015), and (ii)
similarity-adapted publication vectors or SAPVs (Reeau et al., 2016). Subsequently, we
can determine and compare the distances betwedregnwith overlay maps providing
additional qualitative context.



3.2 Barycenter and distance calculation

Our barycenter approach is based on the journal iitag barycenter is an entity’s weighted
average location on the map. More specificallyeatity’s barycenter is the center of weight
(Rousseau, 1989, 2008) of the journals in whidiag published, where a journal’s weight is
the entity’s number of publications in that journ@he barycenter is defined as the point
C = (Cy,C,), where

¢, = Xj=1myLq c, = Xj=1myLy2 (1)
T T
Here, L;1 andL,are the horizontal and vertical coordinates ofjalif on the mapsn; is the
number of publications in journg) andT = Z?’nmj is the total number of publications of

the entity. For further elaboration on the baryeentve refer to (Rousseau, 1989; Jin &
Rousseau, 2001; Verleysen & Engels, 2013, 2014).

The Euclidean distance between poiitts= (C;,C,) and D = (D,,D,) is calculated as
follows:

d = /(C; — D)% + (C; — D;)?. (2)

Many different algorithms and layout techniques éhdeen developed for visualization of
matrices. Rahman et al.,, (2015) found that at I¢ast strongly different techniques —
Kamada-Kawai (Kamada & Kawai, 1989) and VOS (vak EBcWaltman, 2007; van Eck,
Waltman, Dekker, & van den Berg, 2010) — yieldedy\®@milar results in terms of barycenter
distances. The journal map used in this paper weated using the VOS algorithm as
implemented in VOSviewer (van Eck & Waltman, 2018ubsequently, we determine and
compare the cognitive distance between entitieth wverlay maps providing additional
gualitative context through visual comparison. he tResults section, we present several
overlay maps (see figure 1 to 4) including baryeentand corresponding confidence regions
(see section 3.4 for details). These maps are zdom® better highlight places of interest,
hence independent of the zoom level of the figures.

3.3 Similarity-adapted publication vectors (SAPV) anstahce calculation

In earlier work (Rahman et al., 2015) we introdu@dechnique we referred to as ‘N-
dimensional barycenters’. This terminology, as veslithe normalization used, was corrected
by Rousseau et al., (2016) who introduced the adesmilarity-adapted publication vectors
(SAPVs). Whereas a regular publication vector syngointains publication counts per journal
(or subject category), in a similarity-adapted jedilon vector these counts are adapted to
account for similarity between journals. We willeusormalized SAPVSs, such that there is
scale invariance and publication vectors of emtited varying size can be meaningfully
compared.



We calculate SAPVs for each entity, starting frame original journal similarity matrix,
whereN = 10,675 is the number of rows or columns in thérmmaBased on their respective
SAPVs, the distance can be calculated betweenxihertepanel, panel members, groups, and
separate groups.

A similarity-adapted publication vector is deterginas the vecto€ = (Cy,Cs, ..., Cy),
where

Z?’=1 m;Sjg )

N VN
i=1 Zj=1mi5i.j

Ck:

Here s; , denotes thé:-th coordinate of journaj andm; is the number of publications in
journal j. The numerator of Equation (3) is equal to tkéh element ofS * M, the
multiplication of the similarity matriXS and the column matrix of publication$ = (mj)j'

The denominator is the;inorm of the unnormalized vector.
Subsequently, we determine the distance betweeaxjpert panel as a whole and individual

panel members on the one hand, and the departthentgmbined groups), and individual
groups on the other. The Euclidean distance betweetors a and b iR" is:

d(a,b) =+/(a; — b))% + -+ (ay — by)? (4)

Although the matrix and vectors are large, theudatoon of SAPV and distances is relatively
fast, due to the use of efficient matrix procedimgslemented in NumPy and SciPy.

Both the SAPV approach and barycenter approachbeamsed to determine an entity’s
‘profile’. One can then calculate the distance testw profiles as an indicator of cognitive
distance. For each research group we find the estodistance to one of the panel members.
We use the average and standard deviation of thréesh distances as a comparative measure.
All the distances are shown up to the third decimig distances are arbitrary units on a ratio
scale (Egghe & Rousseau, 1990). Hence, one canimgéaty compare them in terms like ‘x

is twice as large as y'.

3.4 Confidence intervals

The barycenter and SAPV approaches determine cegiistance on the basis of the
journals in which the groups and panel members pabéished. However, such information

is not entirely deterministic; it is, for instancdependent on the database used as well as
environmental factors like the speed with whiclo@arpal processes a submission. It logically
follows that small differences in Euclidean distesicbear little meaning. To study this
problem in a more systematic way, we employ a lagping approach in order to determine
95% confidence intervals (ClIs) to each Euclidesstatice (both between barycenters and
SAPVs). If two Cls do not overlap, the differencetweeen the distances is statistically

2 http://www.numpy.org/ and http://scipy.org



significant at the 0.05 level. Although it is pddsi for overlapping Cls to have a statistically
significant difference between the correspondingtattices, the difference between the
distances is less likely to have practical meaning.

Bootstrapping (Efron & Tibshirani, 1998) is a simibn-based method for estimating
standard error and confidence intervals. Bootstrepdepends on the notion ofbaotstrap
sample To determine a bootstrap sample for a panel mermobeesearch group with N
publications, we randomly sample with replacement phbblications from its set of
publications. In other words, the same publicatcam be chosen multiple times. Some
publications in the original data set will not océn the bootstrap data set, whereas others
will occur once, twice or even more times. From Ho®tstrap sample, one can calculate a
bootstrap replicationin our case a barycenter using formula (1) or 8ABiIng formula (3).

By generating a large amount of independent bagstamples (in our case 1000) and each
time calculating the bootstrap replication, we eaproximate the variability within the data
set. Since we have a two-sample problem (distaateden two entities; Efron & Tibshirani,
1998, Ch. 8), we calculate the distances betwe&s pabootstrap replications, from which
we obtain a Cl using a bootstrap percentile apprd&éron & Tibshirani, 1998, Ch. 13). A
more detailed explanation and implementation of owgthod is available on Github
(http://nbviewer.jupyter.org/gist/rafguns/6fa346@841e356538337003692389).

The bootstrap replications of barycenters are atsd to add a 95% confidence region for
each barycenter to the maps. For each barycenterhave a cloud of 1000 points
(bootstrapped barycenters) surrounding it. Theidente region is an ellipse that covers 95%
of the bootstrapped barycenters and is obtainatyusn implementation by Kington (2014).
The larger the confidence region, the less staidebiarycenter is. Although the CI of the
distance between two barycenters and their confeleagions are related, the two should not
be conflated. In particular, we stress that ovemilag confidence regions as seen in e.g. Fig. 1
does not correspond to overlap between Cls foaiss.

4 Results

We present the results in four parts. In the fgstction 4.1) and the second part (section 4.2),
we will discuss the results of Euclidean distanoetsveen barycenters and distances between
SAPVs respectively. In the third part (section 4@ discuss the confidence intervals of both
the approaches. However, for the intelligibility veéhow all the relevant tables of the
Euclidean distance of barycenter and SAPV in tliti@e 4.1 and 4.2, where the confidence
intervals are included through the typography ef ¥alues. In the last part (section 4.4), we
make a comparison between our two approaches.

4.1 Barycenter and distances
For each discipline, the barycenters of the pgmehel members, individual research groups
and department, as well as Euclidean distanceseleetwarycenters are calculated. For each

research group we also calculate the average shalitdance to one of the panel members.
The visualizations of barycenters and their comftgeregions are added to the overlay maps.
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Biomedical Sciences

Table 3 provides data on the distances betweehahgenters of the panel and its members
on the one hand and those of the department amddodl research groups on the other. The
Biomedical panel is very near to BIOM-F (0.064),iBIOM-G (0.396), BIOM-H (0.354),
BIOM-L (0.383), and BIOM-N (0.371) are almost 5@dimes farther away from the panel
than BIOM-F. BIOM-C (0.146), BIOM-D (0.109), BIOM-[0.133) groups are situated
comparatively close to the panel’'s coordinates, leviBIOM-E (0.263) is found at a
considerable distance from the panel's barycenter.

In Table 3, the average of the shortest distantedsm the Biomedical Sciences groups and
panel members is 0.138D 0.06) and can be used as a measure of thetfitelbn the
expertise of the Biomedical Sciences panel anddbearch groups. Groups BIOM-G, BIOM-
H, BIOM-M, and BIOM-N are situated moderately favey from the panel’s coordinates, but
PM2 and PM6 are located in their immediate neighbod.

Similar conclusions can be drawn from the visualmain Figure 1. Here, ‘PM’ stands for

‘panel member’, ‘Panel’ represents the barycerdeation of the publication profile of the

entire panel, and ‘Groups’ does the same for theeaeh groups taken together (the
department). The advantage of the visual representaonsists in providing an easily

interpretable overview of how the panel and redegups relate, which is much less
straightforward from a table of distances.

Table 3 Euclidean distances between barycenters Bfomedical Sciences individual research
groups, panel members, panel and groups together the journal VOS-map.

Groups BIOM- BIOM- BIOM- BIOM- BIOM- BIOM- BIOM- BIOM- BIOM- BIOM- BIOM- BIOM- BIOM- BIOM- BIOM-
A B C D E F G H | J K L M N o

Panel 0.177 0.225 0.132 0.146 0.109 0.263 0.064 0.396540.30.133 0.303 0.268 0.383 0.312 0.371 0.282
PML 0265 0.350 0180 02240110 0242 0.081 0473 0.319 0159 0445 0.387 0.471 0.397 0436 0344
PM2 0.085§ 0.176 0.038 0.046 0.201 0.177 0.119 0.302 0.267 0.234 0.297 0.208 0.294 0.221 0.272 0.181
PM3 0.413§ 0.390 0.397 0.397 0.241 0.530 0.303 0.611210.60.194 0.356 0.438 0.586 0.527 0.599 0.522
PM4 0.389§ 0.391 0.355 0.3650.168 0.479 0.243 0.600 0.5680.119 0.390 0.440 0.580 0.515 0.582 0.498
PM5 0.149§ 0.250 0.058 0.107 0.183 0.144 0.099.348 0.233 0.227 0.371 0.280 0.348 0.274 0.311 0.220
PM6 0.189§ 0.295 0.177 0.184 0.383 0.072 0.295 0.236 0.086 0.426 0.442 0.291 0.258 _0.207 0.187 0.135
PM7 0.251§ 0.367 0.173 0.217 0.2820.103 0.209 0.395 0.148 0.331 0.500 0.3850.407 0.342 0.348 0.271
PM8 0.275§ 0.171 0.363 0.314 0.497 0.445 0.44%.238 0.502 0.504 0.154 0.140 0.199 0.213 0.271 0.281

Shortest distances between a group and a panel enemédunderlined and printed in bold. Average t&sbr
distances is 0.132 (SD 0.06). Distances whose @endie intervals overlap with that of the shortéstiatice are
in bold.
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Fig. 1 Barycenter overlay map of Biomedical Sciensepanel, panel members (PM), research
groups and research groups together (groups) wittheir confidence regions.

Veterinary Science

Table 4 provides data on the distances betweeNelerinary science panel’s barycenter and
those of the individual research groups. The Vegayi panel is the closest to VETE-B, while
VETE-Ais 1.9 times and VETE-C is 1.7 times fartheray from the panel than VETE-B.

Table 4 Euclidean distances between barycenters @eterinary Sciences individual research
groups, panel members, panel and groups together the journal VOS-map.

Groups VETE-A VETE-B VETE-C
Panel 0092 0179 . 0076 _________ 0156
PM1 0178  0.260 0.160 0.124
PM2 0088  0.41 0.108 0.227
PM3 0.195  0.273 0.182 0.145
PM4 0306  0.272 0.310 0.469

Shortest distances between a group and a panel enemdunderlined and printed in bold. Average t&sor
distances is 0.124 (SD 0.013). Distances whosadmmde intervals overlap with that of the shortistance are
in bold.

The overlay map (Fig. 2) shows that the panel mesnbhee generally quite close to the
research groups. Only PM4 is located a bit furtheay from the groups. Although the fit in
this case is fairly good, an even better fit cob&l obtained if PM4 were replaced with a
different person with publications in journals thee more closely related to the groups’
publication profile.
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Fig. 2 Barycenter overlay map of Veterinary Sciencepanel, panel members (PM),
research groups and research groups together (grogpwith their confidence regions.

Pharmaceutical Sciences

Table 5 provides data on the distances between Pth@maceutical sciences panel's
barycenter and individual research groups. FigisBalizes the situation. The average of the
shortest distance between the Pharmaceutical granghgpanel members is 0.143. PHAR-C
(0.536) and PHAR-I (0.769) are 5.58, and 8.01 tifaether away respectively from the panel
than PHAR-D (0.096). PHAR-B (0.240), PHAR-F (0.23®HAR-H (0.120) are situated
comparatively close to the panel's coordinates|avRHAR-A (0.410) and PHAR-J (0.495)
are found at a considerable distance from the {mamarycenter. The case of PHAR-A
reinforces our assertion that the mere overlapoafnals is not sufficient to quantify the
cognitive distance: although 60% of the journalsvimich this group has published are also
covered by the panel, it is located relativelydamy from the panel.

PHAR-I and the panel do not share any common jésir®iHAR-I is located far away from
the panel as a whole as well as from any individpahel member. In summary, the
Pharmaceutical Sciences panel appears to cover negestrch groups adequately, with the
exception of two.
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Fig. 3 Barycenter overlay map of Pharmaceutical Sences panel, panel members (PM), research
groups and research groups together (groups) wittheir confidence regions.

Table 5 Euclidean distances between barycenters Bharmaceutical Sciences research groups,
panel members, panel and groups together in the jonal VOS-map.

Groups PHAR-A PHAR-B PHAR-C PHAR-D PHAR-E PHAR-F RR-G PHAR-H PHAR-I PHAR-J

Panel  0.078 0.410 0.240 0.536 0.096 0.325 0.239 8103 0.120 0.769 0.495
PML 0559 | 0101 0267 1017 0413 0807 0271 0262 0471 1251 0972
PM2  0.268 0.750 0581 0.205 0428 0021  0.579 0.689 0.398 0429  0.162
PM3  0.156 0.339 0.163 0610  0.043 0402  0.162 0332 _0110 0844 0573
PM4 0160 | 0332 0161 0616 0052 0408  0.160 0.322 0120 0850 0577
PM5 0318 | 0.186 0057 0773 0170 0566  0.062 0242 0233  1.008 0.735

Shortest distanées between a group and a panel enemrdunderlined and printed in bold. Average t&sbr
distances is 0.143 (SD 0.124). Distances whosadmmde intervals overlap with that of the shortistance are
in bold.

Biology

Table 6 and Fig. 4 provide data on the distancésdsn the Biology panel’s barycenter and
individual research groups. The average of thetebbdistances between the Biology groups
and panel members is 0.09. The Biology panel at@lenis closer to BIOL-I (0.087) and
BIOL-G (0.065). BIOL-B (0.242), BIOL-C (0.271), BIGD (0.228) and BIOL-H (0.262) are
the furthest from the panel. BIOL-A and BIOL-E doeind at a considerable distance from
the panel’s barycenter but PM2 is in their immeslighborhood.
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Fig. 4 Barycenter overlay map of Biology panel, pagl members (PM), research groups and
research groups together (groups) with their confidnce regions.

Table 6 Euclidean distances between barycenters Bfology individual research groups, panel
members, panel and groups together in the journal @S-map.

Groups BIOL-A  BIOL-B BIOL-C BIOL D BIOL-E BIOL-F BIOL-G BIOL-H BIOL- |

Panel 0.136 0.128 0.242 0.271 0.220 0.208 0.136 870.0 0.262 0.087
PML 0072 | 0154 0125 0198 0105 0160 0239 0056 0146  0.164
PM2 0.087 0.016 0.249 0.168 0.190 0.090 0.257 0.091 0.227 0.217
PM3 0.248 0.223 0.336 0.382 0.326 0.316 0.029 0.199 0.368 0.075
PM4 0.148 0.205 0.163 0.279 0.175 0.245 0.187 0.110 0.211 0.106
PM5 0.253 0.195 0.374 0.373 0.348 0.297 0.104 0.211 0.390 0.145

Shortest distances between a group and a panel enemunderlined and printed in bold. Average telsor
distances is 0.09 (SD 0.05). Distances whose cendigl intervals overlap with that of the shortestatice are in
bold.

4.2 Similarity-adapted publication vectors (SAPV) anstahces

For each discipline, the SAPV of the panel, paneminers, individual research groups and
department, as well as Euclidean distances bet®ééhV/s are calculated. For each research
group we also calculate the average shortest disti@none of the panel members.

Biomedical SciencesTable 7 provides data on thdidaan distances between (SAPVs of)
Biomedical groups, panel and panel members. BIOM#t€e BIOM-I are in the immediate
neighborhood of the panel while BIOM-N (0.010)asated farest away from the panel. PM2
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and PM5 are closer to nine and ten research groegsectively, while PM8 is situated
moderately far away from all the research grougse &verage of the shortest distances
between the Biomedical Sciences groups and panmlers is 0.005 (SD 0.002), which can
be used as a measure of the fit between the espatithe panel members and the research
groups.

Table 7 Euclidean distances between SAPV of Biomedil Sciences individual research groups,
panel members, panel and groups together in the jonal similarity matrix.

Groups BIOM- BIOM-  BIOM- BIOM- BIOM- BIOM- BIOM- BIOM- BIOM- BIOM- BIOM- BIOM- BIOM- BIOM-  BIOM-
B C D E F G H | J K L M N

panel 0.004 0.004 0004 0.04 0.006 0005 0.003 0.009080.00.003 0.008 0.005 0.009 0.006 0.010 0.007
pM1 0.006! 0.007 0.006 0.006 0.007 0.009.003 0.011 0.009 0.002 0.009 0.007 0.011 0.008 0.012 0.009
Mz 0.005! 0.004 0006 0007 0.008 0.0070.003 0.008 0010 0005 0.005 0.006 0.009 0.006 0.010 0.007
pM3 0007! 0007 0006 0007 0008 0008 0.006 0011110.00.006 0.008 0.006 00110008 0.011 0.009
pMa 0007! 0007 0007 0007 0007 0.008.004 0011 0010 0.002 0.009 0007 0.011 0.009 0.012 0.009
pms 0004} 0.005 0002 0.003 0007 0.006 0.0050.009 0009 0.005 0.008 0.004 0.009 0.006 0.009 0.006
pme 0006 0.008 0.008 0007 0.008.003 0.009 0.009 0006 0.009 0012 0.0080.011 0009 0.011 0.009
pM7 0007! 0008 0008 00070005 0.007 0009 0.010 0007 0.008 0012 0.0080.011 0009 0.011 0.009

PM8 0011} 0.009 0012 0013 0014 0013 001009 0.014 0014 0011 0.0110.010 0.010 0.010 0.010

Shortest distances between a group and a panel enemdunderlined and printed in bold. Average t&sbr
distances is 0.005 (SD 0.002). Distances whoseadsde intervals overlap with that of shortestatise are in
bold.

Veterinary Science

The Veterinary panel is the closest to VETE-B (6)00The average shortest distances
between the panel and individual research group3.de5 (SD 0.002)in the Veterinary
department, the panel members are quite closeetoetbearch groups except for PM3 and
PM4 (Table 8). PM3 and PM4 could be replaced witleo potential panel members who
have publications in journals that are more closelgted to the groups’ publication profile to
obtain a better panel fit.

Table 8 Euclidean distances between SAPV of Veteany Sciences individual research groups,
panel members, panel and groups together in the jonal similarity matrix.

Groups VETE-A VETE-B VETE-C

0.007 0.008 0.005 0.006
panel ~ —7 T T
PM1 0.011 0.013 0.010 0.005
PM2 0.005 0.005 0.005 0.011
PM3 0.015 0.016 0.013 0.013

0.010 | 0.010 0.010 0.015
PM4 !

Shortest distances between a group and a panel energunderlined and printed in bold. Average teisor
distances is 0.005 (SD 0.000). There are no shdigsnces whose confidence intervals overlap thighother
distances.
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Pharmaceutical Sciences

Table 9 provides data on the distances betweenPtiemaceutical Sciences panel and
individual research groups. The average shortesamtes between the panel and individual
research groups is 0.008 (SD 0.042HAR-E (0.004) and PHAR-H (0.005) are closer to the
panel while PHAR-I (0.013) is located moderately davay from all panel members except
PM2. PHAR-I (0.011) and the panel do not share @mymon journals, but PM2 is also

closer to this group than other panel members.

Table 9 Euclidean distances between SAPV of Pharmautical Sciences individual research
groups, panel members, panel and groups together the journal similarity matrix.

Groups PHAR-A PHAR-B PHAR-C PHAR-D PHAR-E PHAR-F RR-G PHAR-H PHAR-I PHAR-J
0.003 0.009 0.008 0.007 0.009 0.004 0.007 0.017 0.005 0.013 0.011

E;nlel 0.013/ 0011 0011 0017 0.015 0.015 0.008 0.020 0.012 0.021  0.020
oM 0.005 0012 0010 0.005 0011 0.004 0011 0018 0008 0.011  0.008
o3 0006/ 0010 0.009 0009 0.007 0007 0008 0018 0.007 0015 0.013
o4 0.006; 0010 0.008 0009 0011 0007 0006 0018 0007 0014  0.012
oM 0.007. 0.007 0.008 0.010 0.012 0.008 0.007 0.017 0.007 0017 0.014

Shortest distances between a group and a panel energunderlined and printed in bold. Average teisbr
distances is 0.008 (SD 0.004). Distances whosddmmde intervals overlap with that of shortestatise are in
bold.

Biology

The Biology panel is closer to BIOL-A (0.005) anttOB-G (0.006), while BIOL-B (0.010)
and BIOL-C (0.012) are at least 2 times fartheryafwam the panel (Table 10). The average
of the shortest distances between the Biology gg@mnal panel members is 0.006.

Table 10 Euclidean distances between SAPV of Biolpindividual research groups, panel
members, panel and groups together in the journalisiilarity matrix.

Groups BIOL- A BIOL- B BIOL-C BIOL D BIOL-E BIOL-F BIOL-G BIOL- H BIOL- |
Panel  0.004  0.005 0.010 0012 0007 0.008 0.007 060.0 0.010  0.008
PM1 0.004 | '0.007 0.009 0013 _0.004 0.008 0.08 0006 0.009 0.008
PM2 0.005 | 0003 0010 0015 0009 0.005 0012 0.005 0011 0.012
PM3 0.009 | 0011 0015 0013 0011 0014 0003 0013 0015 0.004
PM4 0.007 | 0006 0009 0016 0009 0006 0.014 0004 0010 0013

PM5 0.009 : 0.009 0.013 0.012 0.012 0.012 0.008 0.011 0.014 0.009

Shortest distancesl between a group and a panel energunderlined and printed in bold. Average t&sbr
distances is 0.006 (SD 0.003). Distances whoseadstde intervals overlap with that of the shortistance are
in bold.

4.3 Confidence intervals

To get an idea of the reliability of our barycentend SAPV distances, we apply a
bootstrapping approach to obtain 95% confidencennats (Cls). Comparison of the Cls can
then inform the analysis. Specifically, if two @istes are not equal but their Cls overlap, the
difference may not be meaningful.
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Fig. 5 Histogram of 1000 bootstrapped distances tveeen the barycenters of VETE-B and
VETE-PML1 (Veterinary Sciences). The full line indiates the empirically found distance, the
dashed lines indicate the CI.

As explained in the Methods section, we calculagéadces for 1000 bootstrap samples. The
resulting distances tend to be normally distribytslillustrated in Fig. 5. A similar image
emerges for all disciplines and for both barycenterd SAPVSs. It can be seen that the Cl is a
reliable approximation of the variability across thootstrap samples.

We illustrate the interpretation of the Cls usinfipa examples. Our focus will be on the task
of finding the panel members that are cognitivdbsest to a given research group. Fig. 6
displays the Cls for the distances between theceatgr of BIOM-D and the barycenters of
all panel members in Biomedical Sciences. Ignotirggpanel as a whole, the panel member
for which we find the closest distance to BIOM-DPiBI1 but we cannot simply conclude that
this panel member is cognitively closest to theugroboth PM4 and PM5 have Cls that
partially overlap with PM1. Hence, PM4 and PM5 dbdoe treated as viable alternatives to
PML1 if one is seeking a panel member with expesdiselar to that of research group BIOM-
D.

Likewise, Fig. 7 displays Cls for SAPV distancesjng the example of Pharmaceutical
Sciences research group PHAR-A. In this caseritstout that the differences between the
panel members are relatively small. The resulh&,twith the exception of PM2, all panel

members are eligible candidates. Cl plots like Figp and Fig. 7 are available as

supplementary online material for all research gsoand for both barycenters and SAPVs.
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Fig. 6 Confidence intervals for barycenter distanes for Biomedical Sciences research group D.
The highlighted part indicates the confidence interal of the shortest distance to the research
group.
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Fig. 7 Confidence intervals for SAPV distances foPharmaceutical Sciences research group A.
The highlighted part indicates the confidence interal of the shortest distance to the research

group.

We calculated the rate of overlap of Cls in thescafsthe barycenter approach and the case of
the SAPV approach in all the four departments {se#e 11) in order to get a feel of the
extent they might give rise to different concluso@verall, the degree of overlap due to the
Cls of the barycenter approach seems similar toathidne SAPV approach.
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Table 11 Percentage of overlapping ClI's for baryceters and SAPVs in each of the four
disciplines.

Department Barycenter approach SAPV approach
Biomedical Sciences 36% 34%
Veterinary Sciences 44% 0%
Pharmaceuticals Sciences 43% 55%
Biology 28% 28%

4.4 Comparison between two approaches

To more directly compare the results we obtainednfboth approaches, we calculated the
Pearson correlation coefficient (r) and the Spearnaak correlation coefficienp) between
the distances obtained through the barycenter apprand SAPV approach. The correlation
calculation is based on all distances between relsepoups and individual panel members.
Correlations for the Biomedical department (r =00.6 = 0.56), Biology department (r =
0.73,p = 0.71), Pharmaceutical department (r = 063,0.62) and Veterinary department (r
= 0.64,p = 0.66) are moderately strong (Fig. 8).
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Fig. 8Scatter plot of the barycenter and SAPV distancesdiween groups and individual panel members
in the Biomedical Sciences, Biology, Pharmaceutic8ciences, and Veterinary Sciences departments.
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We now turn to the question how the barycenter @gpgr and the SAPV approach compare.
Both try to quantify the cognitive distance by daetming the Euclidean distance between
representations or ‘profiles’ of an entity, but thvay these profiles are obtained is quite
different. The barycenter approach has the bemdfivisualization, but the reduction of

dimensionality that is inherent to creating a twaehsional map may cause distortions in
some cases. In this respect, the SAPV distancestheremost reliable measure. We
hypothesize that this advantage plays a largeratollee journal level than it did at the level of
WoS categories, since there are many more dimensiothe former case. In general, we
recommend using the SAPV approach for distanceuledion and consider the barycenter
approach more appropriate for visual exploration.

From the discussion on the composition of the fxpert panels, it follows that a group can
be far away from the panel as a whole. However,esorividual panel members may have
sufficient expertise to evaluate a single groupindgcated by publications in closely related

or similar journals. For example, as discussed daatisn 4.1 and shown in Fig. 1, the

barycenter of PM8 for Biomedical Sciences is in tmenediate neighborhood of research
groups BIOM-A, BIOM-J, BIOM-K and BIOM-L, while o#r panel members are farther

away from them. On the other hand, according tdSABV approach, BIOM-PM8 is situated

moderately far away from all the research groupshé same way, the barycenter of VETE-
PM4 is far away from all the groups, while in th&RS/ approach this is the case for PM3.
These examples illustrate that, while the two apgihes are clearly correlated, they may yield
rather different results at the level of individgabups or panel members.

Even if a research group has no publications ifjdbenals where the panel has publications,
the panel might be able to evaluate the reseaminpgi~or example, as discussed in section
4.1 and 4.2, there is no overlap between the jdyspnédfolio of group PHAR-I and the
Pharmaceutical Sciences panel, but PM2 is stitlyfailose to this research group (Fig. 3)
both in the barycenter and the SAPV approach (Talaled Table 9).

Both the approaches give the opportunity to seeWwellfit the composition of the panel is if
one or more panel members are replaced and contpareelative contribution of each
potential panel member to the panel fit as a whoyepbserving the changes to the distance
between the panel's and the groups’. In future aete we intend to compare these
approaches, as well as some others, with exteataltd gain more insight in their ‘practical’
merits.

5 Conclusion

We have considered two potential approaches ofrrdatang the match between research
groups and expert panel members based on the |suimavhich they have published:
distances (including confidence intervals) betwkarycenters on the map and distances (also
including confidence intervals) between SAPVs. Bibth barycenter and SAPV approaches
hold serious advantages over a simple comparis@ulafcation portfolios. Visualizations in
the form of overlay maps can provide an intuitivetyre of an entity’s publication profile and
include information on journal similarity, but theye less suited for actually distinguishing
between, say, a few different panel members. Isetheases, we have argued, distances
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between profiles that take similarity into acco(like barycenters and SAPVS) constitute an
approach with more ‘actionable’ results.

5.1 Discussion

A research group may deliberately hire other psitewls, e.g., a biology research group
might hire a physicist or computer scientist whatomes to publish in their own discipline.
In that case, the group’s publication profile mdnamge somewhat. We argue that it is the
choice of the research group whether or not touthelsuch publications in their research
group profile during the period of research evatuat As the formation of expert panel
considers the focus of the research groups, théicappn of the barycenter and SAPV
approaches are not affected.

In our case, the panel members have no prior imvoént with the research groups, but the
barycenter approach and SAPV approach can alsgqppked if the panel members have

already collaborated with a research group or ahiassessment. The involvement of the
panel member with the research group may reswtnmuch better panel fit, but the research
assessment itself might be subject to bias. Howeweh influence is outside the scope of our
paper, as the formulation of criteria for selectioihthe panel members depends on the
objectives of the concerned authority.

One might ask what distance between panel androésgeoups is acceptable for evaluation
purposes. It seems to us that there isanpriori answer to this question, as the context,
objectives and practical setting of an expert paveluation may all play a role. Hence, this
cannot be decided beforehand. However, ‘the shdénerdistances the better the fit of the
expert panel’ can be suggested as a rule of thénthis point, we cannot make any claim
regarding acceptable or preferable distances, andehcertainly not about the link between
distances and the ‘quality’ of evaluations. In fetuesearch, we intend to address this issue,
without, however, expecting to be able to set amor

Our proposed approaches help to identify experelparembers who have closely related

expertise on the topic of the research group. Bpfiroaches start from the publication profile

of both the panel members and the research gragpaming that these publication profiles

adequately represent what they do. Therefore oopgsed approaches might be less
acceptable in some fields, e.g. the Engineeringnseis, computer science, or social science
and humanities, where non-journal outputs repreadatger part of the total output (see e.g.

Rahm (2008) on computer science and Engels, OsderbSpruyt (2012) on SSH).

The scope of journals can vary significantly; sojmérnals focus on rather specific topics,
whereas others, such as PLoS ONE, are multidisaipliin nature. One might therefore
guestion whether journals are the adequate levahalysis. We suggest two possible routes
for future research in this regard. First, it wobklinteresting if a comparison could be made
between an analysis that considers all journals arathat leaves out multidisciplinary or
otherwise broadly scoped journals. Second, onedcoeplace journals with clusters of
cognitively related articles. For instance, oneldawse the CWTS (Centre for Science and
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Technology Studies) article-level classification dfvhan & van Eck, 2012), which groups
related articles together on the basis of dirgettions regardless of the journal in which they
were published. While we consider this an intengstilea, we also point out that it harbors its
own set of theoretical and practical problems.

5.2 Normative implications

Our proposed expert panel composition methods basegburnal data allow the panel
composition authority to see in advance about @reels fit to the research groups that are
going to be evaluated. The distance between uhassessment can be used as an indicator of
cognitive distance. Therefore, the concerned aityharill have the opportunity to replace
outliers among the panel members to make the pganell with the research groups to be
evaluated. For example, the authority can find t-b#ing expert panel by replacing a more
distant panel member with a potential panel mendmated closer to the groups, in addition
to the other panel member to cover the expertisthh@fPHAR-I research group. Also, the
distances between panel members and research groulosbe used to facilitate the division
of labor among the panel members. In our opinialgqaate coverage can be considered a
necessary condition for the quality of an evaluatio

Both the barycenter and SAPV approaches to mea&sgognitive distance can be used to
inform the process of expert panel compositionafaollection of research groups. Rahman et
al. (2015) applied the barycenter approach on éaplonap of science based on Web of
Science subject categories. In this study at thellef journals, we have applied both
barycenter and SAPV approaches. Our future resemittifiocus on the difference between
these two approaches in WoS subject categoriegoandhls, and lead us to a comprehensive
approach to expert panel composition.
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Confidence interval plot of barycenter distances
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Figure 1. Confidenceinterval plot of barycenter distances of BIOM-A research group. The highlighted
part indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 2. Confidence interval plot of barycenter distances of BIOM-B resear ch group. The highlighted
part indicates the confidence interval of the shortest distanceto the research group.
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Figure 3. Confidenceinterval plot of barycenter distances of BIOM-C research group. The highlighted
part indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 4. Confidenceinterval plot of barycenter distances of BIOM-D research group. The highlighted
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Figure5. Confidenceinterval plot of barycenter distances of BIOM-E resear ch group. The highlighted

part indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 6. Confidence interval plot of barycenter distances of BIOM-F research group. The highlighted
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Figure 7. Confidenceinterval plot of barycenter distances of BIOM-G resear ch group. The highlighted

part indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 8. Confidenceinterval plot of barycenter distances of BIOM-H research group. The highlighted
part indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 9. Confidenceinterval plot of barycenter distances of BIOM-I research group. The highlighted
part indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 10. Confidence interval plot of barycenter distances of BIOM-J resear ch group. The highlighted
part indicates the confidence interval of the shortest distanceto the research group.
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Figure 11. Confidenceinterval plot of barycenter distances of BIOM-K research group. The highlighted
part indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 12. Confidenceinterval plot of barycenter distances of BIOM-L research group. The highlighted
part indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 13. Confidence interval plot of barycenter distances of BIOM-M research group. The highlighted
part indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 14. Confidenceinterval plot of barycenter distances of BIOM-N resear ch group. The highlighted
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Figure 15. Confidenceinterval plot of barycenter distances of BIOM-O research group. The highlighted

part indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 16. Confidenceinterval plot of barycenter distances of VETE-A research group. The highlighted
part indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 17. Confidenceinterval plot of barycenter distances of VETE-B research group. The highlighted
part indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 18. Confidenceinterval plot of barycenter distances of VETE-C resear ch group. The highlighted
part indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 19. Confidenceinterval plot of barycenter distances of PHAR-A research group. The highlighted
part indicatesthe confidence interval of the shortest distanceto the research group.

Page 10 of 38



0.7 PHAR-B

0.6} ]

0.5

0.3} i
0.2} i

0] ]l

o . o L L L
N > > g v
Qé QQ\ Qé\ Qé\ Q@

Figure 20. Confidenceinterval plot of barycenter distances of PHAR-B resear ch group. The highlighted
part indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 21. Confidenceinterval plot of barycenter distances of PHAR-C research group. The highlighted
part indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 22. Confidenceinterval plot of barycenter distances of PHAR-D research group. The highlighted
part indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 23. Confidenceinterval plot of barycenter distances of PHAR-E resear ch group. The highlighted
part indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 24. Confidenceinterval plot of barycenter distances of PHAR-F research group. The highlighted
part indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 25. Confidence interval plot of barycenter distances of PHAR-G resear ch group. The highlighted
part indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 26. Confidence interval plot of barycenter distances of PHAR-H resear ch group. The highlighted
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Figure 27. Confidence interval plot of barycenter distances of PHAR-I resear ch group. The highlighted

part indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 28. Confidence interval plot of barycenter distances of PHAR-J resear ch group. The highlighted
part indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 29. Confidence interval plot of barycenter distances of BIOL-A resear ch group. The highlighted
part indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 30. Confidenceinterval plot of barycenter distances of BIOL-B research group. The highlighted
part indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 31. Confidence interval plot of barycenter distances of BIOL-C resear ch group. The highlighted
part indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 32. Confidence interval plot of barycenter distances of BIOL-D resear ch group. The highlighted
part indicatesthe confidence interval of the shortest distanceto the research group.

0.40 : B'O.L'E

0.35}

0.30

0.25} i

0.20} §

0.15} §

0.10} i

0.05 I ! I L I

Figure 33. Confidenceinterval plot of barycenter distances of BIOL -E research group. The highlighted
part indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 34. Confidenceinterval plot of barycenter distances of BIOL -F resear ch group. The highlighted
part indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 35. Confidence interval plot of barycenter distances of BIOL -G research group. The highlighted
part indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 36. Confidence interval plot of barycenter distances of BIOL-H research group. The highlighted
part indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 37. Confidenceinterval plot of barycenter distances of BIOL-I research group. The highlighted
part indicatesthe confidence interval of the shortest distanceto the research group.
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Confidence interval plot of SAPV distances
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Figure 38. Confidence interval plot of SAPV distances of BIOM-A resear ch group. The highlighted part
indicates the confidence interval of the shortest distance to the resear ch group.
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Figure 39.Confidenceinterval plot of SAPV distances of BIOM-B resear ch group. The highlighted part
indicates the confidence interval of the shortest distance to the research group.
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Figure 40. Confidence interval plot of SAPV distances of BIOM-C resear ch group. The highlighted part
indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 41. Confidenceinterval plot of SAPV distances of BIOM-D resear ch group. The highlighted part
indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 42. Confidence interval plot of SAPV distances of BIOM-E research group. The highlighted part
indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 43. Confidence interval plot of SAPV distances of BIOM-F resear ch group. The highlighted part
indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 44. Confidence interval plot of SAPV distances of BIOM-G research group. The highlighted part
indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 45. Confidence interval plot of SAPV distances of BIOM-H research group. The highlighted part
indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 46. Confidence interval plot of SAPV distances of BIOM-I research group. The highlighted part
indicatesthe confidence interval of the shortest distanceto the research group.

0.016 : BIOM- :

0.014}

0.012f §

0.010

T
L

0.008

0.006

T
L

0‘004 ! ! ! I I ! I !

Figure 47. Confidenceinterval plot of SAPV distances of BIOM-J resear ch group. The highlighted part
indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 48. Confidence interval plot of SAPV distances of BIOM-K research group. The highlighted part
indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 49. Confidence interval plot of SAPV distances of BIOM-L research group. The highlighted part
indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 50. Confidenceinterval plot of SAPV distances of BIOM-M research group. The highlighted part
indicatesthe confidence interval of the shortest distanceto the research group.
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Figure51. Confidenceinterval plot of SAPV distances of BIOM-N resear ch group. The highlighted part
indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 52. Confidence interval plot of SAPV distances of BIOM-O research group. The highlighted part
indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 53. Confidence interval plot of SAPV distances of VETE-A research group. The highlighted part
indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 54. Confidence interval plot of SAPV distances of VETE-B research group. The highlighted part
indicates the confidence interval of the shortest distanceto the research group.
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Figure55. Confidence interval plot of SAPV distances of VETE-C research group. The highlighted part
indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 56. Confidence interval plot of SAPV distances of PHAR-A research group. The highlighted part
indicatesthe confidence interval of the shortest distanceto the research group.
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Figure57. Confidence interval plot of SAPV distances of PHAR-B resear ch group. The highlighted part
indicatesthe confidence interval of the shortest distanceto the research group.
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Figure58. Confidence interval plot of SAPV distances of PHAR-C research group. The highlighted part
indicatesthe confidence interval of the shortest distanceto the research group.
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Figure59. Confidence interval plot of SAPV distances of PHAR-D research group. The highlighted part
indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 60. Confidence interval plot of SAPV distances of PHAR-E resear ch group. The highlighted part
indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 61. Confidence interval plot of SAPV distances of PHAR-F research group. The highlighted part
indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 62. Confidenceinterval plot of SAPV distances of PHAR-G resear ch group. The highlighted part
indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 63. Confidenceinterval plot of SAPV distances of PHAR-H resear ch group. The highlighted part
indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 64. Confidenceinterval plot of SAPV distances of PHAR-I research group. The highlighted part
indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 65. Confidenceinterval plot of SAPV distances of PHAR-J resear ch group. The highlighted part
indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 66. Confidenceinterval plot of SAPV distances of BIOL-A research group. The highlighted part
indicates the confidence interval of the shortest distanceto the research group.
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Figure 67. Confidence interval plot of SAPV distances of BIOL-B research group. The highlighted part
indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 68. Confidenceinterval plot of SAPV distances of BIOL-C resear ch group. The highlighted part
indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 69. Confidenceinterval plot of SAPV distances of BIOL-D research group. The highlighted part
indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 70. Confidence interval plot of SAPV distances of BIOL -E research group. The highlighted part
indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 71. Confidence interval plot of SAPV distances of BIOL -F research group. The highlighted part
indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 72. Confidenceinterval plot of SAPV distances of BIOL -G research group. The highlighted part
indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 73. Confidenceinterval plot of SAPV distances of BIOL -H research group. The highlighted part
indicatesthe confidence interval of the shortest distanceto the research group.
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Figure 74. Confidenceinterval plot of SAPV distances of BIOL-I research group. The highlighted part
indicatesthe confidence interval of the shortest distanceto the research group.
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