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ABSTRACT
The selection of grant applications generally is based on peer and panel review, but as shown
in many studies, the outcome of this process does not only depend on the scientific merit or
excellence, but also on social factors, and on the way the decision-making process is
organized. A major criticism on the peer review process is that it is inherently conservative,
with panel members inclined to select applications that are line with their own theoretical
perspective. In this paper we define ‘cognitive distance’ and operationalize it. We apply the
concept, and investigate whether it influences the probability to get funded.

INTRODUCTION
Core in any grant selection procedure is the review panel, evaluating, discussing and selecting
a small percentage of the applications for funding. Peer review plays an important role, but as
shown in many studies, the outcome of this process does not only depend on the scientific
merit or excellence, but also on social factors (e.g., Sandström & Hällsten 2008; Lamont
2012; 2014) and on the way the decision-making process is organized (e.g., Van Arensbergen
2014; Langfeldt 2004). Importantly, this may lead to biased outcomes as has been empirically
shown in quite some studies since the 1970s (Cole 1994; Chubin & Hackett 199; Wennerås &
Wold 1997).
One of the core problems with peer review is that the reviewers are often not the real peers, as
they have to cover a much wider domain than only what belongs to their real expertise
(Sandström 2009; Wang & Sandström 2015). This may result in a conservative approach,
where panel members select applications that are in the mainstream of their field, or (even
more narrowly) are related to their own work (Travis & Collins 1991). This kind of ‘cognitive
bias’2 may be unavoidable due to the “cognitive structure of science” which is characterized
by “the existence of cognitive boundaries within and between scientific specialties and
disciplines” (Travis & Collins 1991). But if panel members not really represent the top of the
field (Sandström 2012), the risk of conservatism may be even larger.
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Cognitive distance as an analytical variable
Cognitive distance refers to the general “homophily mechanism” in social network theory:
more similar nodes are more likely to be connected than less similar nodes (Monge &
Contractor 2003). Travis & Collins indicates a sentiment among researchers to guard their
own subject area implicating that money going to the own area is good spent money.
Cognitive distance between two units can be defined as the level of similarity between the
research contributions done by them. If two researchers are in the same specialty (or
specialties), the cognitive distance is low. If they do not share any research specialty, the
distance between the researchers is large. We deploy a strategy that is based on hybrid
methods for identifying research topics, an approach that emerged in the mid-2000s (Van den
Besselaar & Heimeriks 2006; Liu et al. 2010). Within this hybrid approach, similarity
between papers is defined in terms of title words used (measuring the topic covered), and in
terms of the references used (measuring the theoretical tradition of the paper). The advantages
of combining these two approaches are evident (Van den Besselaar & Heimeriks 1996;
Boyack & Klavans 2010. Cognitive distance between two authors can be calculated by
aggregating the distances between the papers that were authored by the two authors. Here we
use the approach developed in (Qi & Sandström 2015)3, supported by the BMX infrastructure
to calculate the bibliometric indicators (Sandström & Sandström 2009; Sandström 2014).

Research questions
We investigate the relation between applicants’ success rates and cognitive distance. As
success should depend on performance, we take indicators for past performance of the
applicant into consideration. Specifically, we therefore test the following hypotheses:
(i)
Applicants with a smaller average distance to the panel members have a higher
chance to be funded than applicants in topics/ topical clusters without panel
members.
(ii)
The previous patterns remain exist when controlling for performance level.

DATA AND METHOD
For analysing the cognitive distance, we use data on the publications of the panel members
and of the applicants since 2006. For the latter, this covers the eight years period after the
PhD, the maximum allowed for applicants. Panel members have a much longer publication
history. But we expect that the more recent work is the most relevant in the context of our
research question. We calculate the distance to (or: similarity between) an applicant and each
of the panel members. We derive from those two indicators for cognitive distance: (i) the first
indicator is the average of these distances between applicant A and all panel members Pi. (ii)
As a second indicator we use the cognitive distance to (or similarity with) the nearest panel
member. Both are needed as an applicant may be close to some and further away from other
panel members, whereas another applicant may have about similar moderate distances to the
panel members. By including both distance indicators, we capture both situations.
We use here data of four panels that together include about 40 panel members and 400
applicants. For each of these panel members and applicants we downloaded from WoS all
publications since 2006. We checked these publications against CVs and where needed
homepages. The data collection was very time consuming, mainly because of the need to
identify publications and disambiguate the names of the panel members and applicants. The
data were collected and double checked several times. Therefore the quality of the dataset can
be considered as highly consistent and reliable.
3
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Using these publication data, we could calculate at the panel level the cognitive distance
measure between all involved – the applicants and the panel members.
The cognitive distance between two authors is defined as the reciprocal of the “hybrid
similarity” (see Glänzel and Thijs, 2011) between the set of papers published by each author
(included in the publication data), using 1) “bibliographic coupling” and 2) “title similarity”
as similarity measures.
The bibliographic coupling between two authors is a cosine normalized (see Salton & McGill,
1983) measure of the rate of shared cited references, defined below where ai and bi is the
occurrences of (number of) cited reference i in the publication set of author a and b,
respectively, and N is the total number of unique cited reference in the publication set.
The title similarity is calculated using Latent Dirichlet Allocation method (LDA) (Blei et al.
2003), which creates a distribution of “topics” over papers (see Blei et al. 2003). The title
similarity between two papers is a cosine normalized measure of the rate of shared topics,
defined in the same way as in the formula above except that the co-occurrences are shared
topics instead of shared cited references.
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The bibliographic coupling and the title similarity is combined using the hybrid similarity
approach suggested by Glänzel and Thijs (2011), where 𝜂 is the bibliographic coupling and
𝜉is the title similarity; 𝜆 has been set to 0.833. The cognitive distance is the reciprocal of the
hybrid similarity, i.e. 1/r.
𝑟 = cos 𝜆 ∙ arccos 𝜂 + 1 − 𝜆 ∙ arccos 𝜉

,

𝜆 ∈ 0,1

Clustering procedures uses the SLM (Smart Local Moving) algorithm suggested by Waltman
& van Eck (2013). Resolution was set to 1.5 for all panels. This leads to networks of
panellists and applicants in which all nodes are connected with all others, as there is always
some (very low) similarity. We have for each of the applicants the cognitive distance to all
panel members in the panel. We now can calculate the average cognitive distance between an
applicant and all panel members, as well as the distance the applicant has to the nearest panel
member (or members). In principle, similarity is between 0 (completely dissimilar) to 1
(completely similar). But in our panels, the minimum and maximum values are 0.001 and
0.31. respectively.
Cognitive distance is not the only relevant particularistic (Merton 1973, Cole 1992) factor that
may influence decision-making. One may also take into account other distance measures,
such as geographic, organizational, cultural (language, nationality, gender) distance, and a
variety of personal relations (co-authors, whether the applicants previous supervisor is a
friend, colleague, co-author of one or more panel members, and so on).
For analysing the effect of cognitive distance on the panel decision, one needs to take the
meritocratic dimension into account: the quality of the PI. Using the publications of panel
members and PIs, we calculate the following performance indicators:
- NCSf: the field (subject categories of the WoS) Normalized Citation Score; publications
period = 2006-2012; normalization includes document categories and publication year;
citations: open citation window until 2014.
- TOP5: Share of the papers of an author by that are in the top 5% most cited papers, taking
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fields (subject categories), document categories and publication year into account during
the period 2006-2012.
- FAP: Field Adjusted Production during the period 2008-2012. Different fields have
different productivity levels (Sandström & Sandström 2009; Sandström & Wold 2015),
and normalization (here based on Nordic reference values) is needed for comparing
applicants.
- PM Model: We multiply (fractionalized and FAP normalized) publications within each
percentile group (1%, 5%, 10%, 25%, 50% and 100%) with percentile group dependent
credits: 100, 20, 10, 5, 2, and 1 credit respectively (for an explanation: Sandström &
Wold 2015).
- PM Level: We use the complete population of 50,000 Swedish researchers during 20082012 as a benchmark: we calculate the PM model score for every applicant, and
determine in which Swedish percentile the applicant. That gives the value of the indicator
PM Level. As Sweden is a well-performing science country, this is a reliable approach.
In this way it can be assessed whether a PI in the recent period belongs to the top 1%
researchers, the top 5%, and so on.
Figure 1: Cognitive distance network of panel A

Open Ord edge cut 0.8, Kamada-Kawai layout
Blue: nodes unsuccessful applicants; red= successful applicants; green = panel members;
M= male panel member/applicant; F= female panel member/applicant
Size = performance level

FINDINGS
In Figure 1 we show the proximity network of one of the panels. The distance between nodes
on the map indicate cognitive distance: the closer two nodes are, the more similar. The size of
the nodes reflects their performance level. The map is based on an edge cut using Open Ord
algorithm (Martin et al. (2012) and the Kamada-Kawai layout algorithm (Kamada & Kawai
1989). Several unconnected components are visible, suggesting that the panel covers a
heterogeneous field. The components without panel members may indicate the emergence of
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new topics. Visual inspection of the figure shows that generally the funded applicants (red
nodes) are not too far from the panel members (green nodes) in the left and the right of the
map. In contrast, quite some unsuccessful applicants (blue nodes) are far from green nodes
(e.g. the component in the right top) and sometimes even in separate components (which
means a very low degree of similarity). But we also see green nodes with only blue nodes in
the vicinity (centre of the map, and the top right). There we find panel members but no
granted applicants – so it is no guarantee that close distance leads to grants. As the size of the
nodes reflects their performance level the size distribution of red and blue applicants indicates
that not always the most performing applicants are granted.
The table 1 gives an overview of the findings. For each of the four panels we give show
whether successful applicants are more similar to the panellist than the non-successful. The
results are the same for the distance to the nearest panel member as for the mean distance to
all panel members. We summarize the five performance scores into one. We compare the
performance of the successful with the performance of the panellists, and with the best nonsuccessful. Obviously, in three (A, B, D), cognitive similarity has a positive effect on the
probability of getting a grant. And – comparing the successful with the non-successful
applicants) this is not explained by performance differences. Panel C is deviant: cognitive
similarity has a negative effect in panel C, and at the same time, performance does not seem
to have an impact on being selected.
Table 1: Overview results
Successful more cognitive similar to panel?
N granted perform better than
- All non-granted applicants
- N best non-granted applicants
- 2N best non-granted applicants
Panellists better than applicants

panel A

panel B

panel C

panel D

More similar

More similar

Less similar

More similar

Yes
Equal
No
Yes

Yes
Equal
Equal
Yes

Equal
No
No
Yes

Yes
No
No
Yes

CONCLUSIONS
We found that cognitive distance seems to play a role in grant decision-making. Three
interpretations come up. (i) As grantees outperform non-grantee, which explains why they are
selected. As table 1 shows, this is not overall the case. (ii) Panel members are selected as they
are top researchers, representing the most important research fronts in their fields. Therefore,
it should be expected that well performing applicants who are more similar to panellists do
have a better chance to be funded, as they and not the others, are in the active research fronts.
(ii) Panellists are generally older, and although they may be top researchers, they represent
yesterdays’ research fronts. The cognitive distance effect may in that case lead to a
conservative decision making, and any promising new developments can be missed. In
practice, it may be somewhere in between. Further research, however, is needed as
distribution of research grants may directly influence the research field (and indirectly
through the effects of grants on the careers of the applicants).
Further research could focus on:
- Including more panels, as that would make the comparison more robust, and would
also enable (multi-level) statistical analysis.
- Using topic maps and positioning of panel members and applicants on those topic
maps as an alternative approach to cognitive distance.
- Extending the analysis to other networks than only cognitive networks: networks
based on nationality, language, shared work environments, informal relations, gender.

This work is licensed under a Creative Commons License: Attribution-NonCommercial-NoDerivatives 4.0 International.

STI CONFERENCE, PARIS 2017
- As generally a few panel members review an applicant, we may apply cognitive
distance to the relation with those panel members only.
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