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paper between them. The latter lowers the eigenvector centrality and increases the
clustering coefficient of the main supervisor. In this case one may 'merge' the two
supervisors, to get a better indicator for the position of the supervisors in the network of

RD.

Is this collaboration pattern reflected in the research lines of the two researchers? As the
different numbers of co-authored papers suggest, also the number of own topics of the
researcher may differ. This is indeed the case: A large share of RC’s papers (0.83%) are not
co-authored with the supervisor SC, and consequently half of the topics (50%) RC is active in
are not covered by the supervisor. RD on the other hand has no research topics without one

of the two supervisors (Fig 5).

Fig 5: The topic network of researcher RC and the supervisors
(Legend: see Fig 2)
It is interesting to have a deeper look at RD: despite having 25 % of the papers not co-
authored with the two supervisors, these papers are in fact all in one of the research topics
in which also the supervisors are active in (T10 and T12). This confirms that we indeed need
more sophisticated indicators for independence than “some papers without the former

supervisor” as e.g., the ERC formulates for the starting grant.
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Then again, RC is also interesting from another perspective. RD has two supervisors, who
not co-authored any paper. At the same time, we see RD modestly authoring and co-
authoring with supervisor SD1 in topic T12, and frequent authoring and co-authoring with
supervisor SD2 in topic T10 (Fig 5). Given this pattern, an alternative interpretation is that
RD is not dependent on the supervisors, but doing original (interdisciplinary) work, linking
the research lines of the two supervisors. Which of the interpretations is correct, is
dependent on the moment of publishing: were RD’s papers in the two clusters published
earlier than those of the supervisors or not? Inspecting the data suggests dependency, as

the supervisors started to publish in those clusters years before RD entered those topics.

1.5

1.0

0.5 II I I

mld il ah
Publications FracP Citations  Own papers Own topics  Supervisor  Supervsior

(/100) /10 /1000 % % Eigenvector C Clustering C

Both Researcher C (RC) and Researcher D (RD) were productive and had
considerable impact. RC had slightly more publications, and substantially less
citations than RD. However RC is more independent than RD: More publications
and research topics without supervisor SC, who is less central in the network of RC
(low Eigenvector Centrality) whereas supervisor SD is very central in the network of
RD (high Eigenvector Centrality. The clustering coefficient of SC is higher than of SD
which would suggest more independence of RD. However, this is due to the specific
collaboration pattern where RD collaborated with two supervisors, but nthe two

Fig 6: Indicator values for RC (blue) and RD (red)
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Conclusions and discussion

This paper started by defining quality as a more-dimensional construct, and argued that
there is a need for extending the indicators portfolio reflecting this multi-dimensionality.
Then we argued that independence is an important dimension, which is emphasized in a
variety of studies and reports. We proposed two indicators for this: the position of the
former supervisor in the co-author network of a researcher, and the position of the former
supervisor in the topic network of the researcher. These indicators could serve as a relevant
start, as we have illustrated in the paper. The indicators also give a rather consistent picture:
each of the different measures does put the researchers in about the same ranking, and the
indicators together may constitute a valid measurement of independence. The overall

(average) score clearly distinguish RA and RC from RB and RD (Table 4).

Table 4: Independence indicator scores.

Rank order Researcher Overallcl Centr.ality. Clustfaring" Own !:.).apers Own.topics
score . Supervisor (i)  Supervisor (ii) (iii) (iv)
1. Most independent RC 0.86 ! 0.04 0.76 0.83 0.43
2 RA* | 079 1009 043 083 050
3. RD** 0.33 : 0.28 0.36 0.25 0.00
4. Least independent RB 0.13 0.91 0.11 0.04 0.14

* We use here the first supervisor for calculating the indicators, the second supervisor gives similar values.
** We use the second supervisor, as this supervisor was the main collaborator of RD (Fig 5).

Interestingly, RA had an equal output and a lower impact than RB, and RC had a somewhat
lower output and a much lower impact than RD. But RA and RC had the successful academic
career whereas the others stopped, indicating that the commonly discussed publication-
based and citation-based indicators are not really informative in these career stages. At his
career level, one assumes rather good numbers of publications and citations, and
differences between those may not decisive in these career stages, whereas other
evaluation dimensions than productivity and impact play a role. In our cases, the career
success does correspond with the independence scores. We do not suggest that
independence is always the decisive variable, as job selection is a multi-criteria decision-

making problem.

10 Calculated as [(1 —1i) +ii +iii + 2 * iv] / 4. The score of (iv) is weighted double, as the range is between 0 and
0.5 whereas the other indicates have a range between 0 and 1.
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In this era of team science, it is not anymore possible to show independence by single
authored papers, therefore there is a need for more sophisticated assessment methods, and
our proposal in this paper seems to be a step in that direction. Further development is

needed, and several issues need to be addressed in order to have a functioning indicator:

(i) Here we had four researchers in the chemistry and life sciences; and then using the WoS
data seems a reasonable approach. However, as is often argued, for other fields the WoS is
not covering enough of the output. Partly this is a statistical issue: If the WoS papers are
representative for the whole oeuvre, also in terms of co-authorships, then relying on the
WoS data may not be problematic. Nevertheless, we would agree that the indicators should
be tested on other datasets too. For a social science case and a computer science case, we
experimented with Google Scholar data, and this suggests that the proposed independence

indicator can be generalized to other data sources [35].

(ii) Another extension is to introduce a temporal dimension — one could imagine that an
early career researcher starts a new topic without the supervisor(s) being involved, with the
supervisors later jumping on that bandwagon when it proves to be successful. Then a joint
topic is not a proof of dependence — on the contrary. This phenomenon was briefly

discussed for researcher D and should be included in the indicators.

(iii) Similarly, dependency may not only occur with the previous supervisor, but also with
other collaborators later in the career. To control for that, the indicators should probably

also be calculated for all frequent co-authors of the researcher.

(iv) For individual evaluations, the data cleaning and calculations can be easily done.
However, it would be useful to test on a large sample whether the independence indicator
predict success better than other variables. In such a case data collection and cleaning may
be resource and time intensive. That type of procedure indeed should be done for all
indicators: their real life value should be shown in a multivariate prediction of career or
grant success. If the independence indicators as defined here have validity, such test would

show whether independence does make a difference.

Overall, this paper suggests that it is useful to derive more indicators for different quality
dimensions of scholarly work. We would emphasize that this is a better way to move

forward: if current indicators are not adequate (enough) as claimed e.g., in the Leiden
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Manifesto [8], one should try to develop better indicators, and not reduce the role of
indicators and reinforce the role of peer review. Peer review is more problematic than

indicators — as we argued in the introduction.
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