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AI - THE HYPE!



“WHEN YOU’RE FUNDRAISING, IT’S 
AI. WHEN YOU’RE HIRING, IT’S ML. 
WHEN YOU’RE IMPLEMENTING, IT’S 
LOGISTIC REGRESSION.”

everyone on Twitter ever 

THE HYPE



HANDLING AND 
SELECTION

ML FOR PROPOSAL



Wait it’s all about peer review 

Always has been 



PEER REVIEW



THE OXFORD ENGLISH DICTIONARY 
DEFINES PEER REVIEW …

WHAT IS PEER REVIEW?

WIKIPEDIA



PEER REVIEW IS THE EVALUATION OF SCHOLARLY 
WORK, RESEARCH, OR IDEAS BY ONE OR MORE 
PEOPLE WITH SIMILAR COMPETENCIES AS THE 
PRODUCERS.

c.f.  Wikipedia 

WHAT IS PEER REVIEW?



WHAT IS PEER REVIEW?

▸ A form of self-regulation of the scientific community 

▸ It should (according to Wikipedia) be used to  

▸ maintain quality standards 

▸ improve performance 

▸ provide credibility 

▸ Focussing on resource allocation in this talk



HISTORY OF PEER REVIEW

SOME HISTORY

▸ Credibility of science is most crucial in medical 
science 

▸ “Ethics of the Physician” written by Alī al-Ruhāwī in 
~900 CE 

▸ Modern peer review Royal Society of Edinburgh in 
1731 

▸ Second half of 20th century more widespread (see 
e.g. Spier 2002)



THE CHALLENGE: A GROWING AND 
GLOBAL SCIENTIFIC COMMUNITY



A GROWING WORLD

Data Source: Our World in Data



NERDS PER SECOND



NERDS PER SECOND

Data Sources: Our World in Data / UIS



NERDS PER SECOND

Data Sources: Our World in Data / UIS



NERDS PER SECOND

Data Sources: Our World in Data / UIS

Rise of the Nerds



GROWTH IN ASTRONOMY

RISE OF THE ASTRONOMERS Vicente Amado Bea Lu

PRELIMINARY



MANY RESEARCHERS  
MUCH OUTPUT



MANY RESEARCHERS MANY PROPOSALS

Patat et al. 2017 (updated)

1977 2022

@ESO

VLT

COVID 19



MANY RESEARCHERS MANY PAPERS



HUMANS WON’T GET SMARTER … FAST ENOUGH

SOURCE GEERT BARENTSEN



WHY IS IT A 
CHALLENGE?



PROBLEMS OF PEER REVIEW

COST OF PEER REVIEW

▸ Rising number of researchers and rising number of research products 

▸ Funding does not increase as steeply 

▸ Net-injection financial can be negative

correspondence

Why many funding schemes harm rather than 
support research
To the editor — Researchers are spending 
an increasing fraction of their time 
applying for funding. However, despite 
extensive efforts invested in applications 
and evaluations, the current funding system 
appears to largely fail in its task of reliably 
ranking the relative research quality of 
proposals1–3. Hence, the current funding 
system to a considerable degree represents  
a lottery — and a strikingly inefficient  
one at that4–6.

These observations raise a more general 
question: of whether the benefits of current 
funding schemes outweigh their costs, on 
both the individual and societal level.  
At first glance, any initiative that provides 
resources for research seems to be beneficial 
to research and society. However, writing 
grant proposals reduces the time that is 
available for research, and the sum of these 
opportunity costs has to be weighed against 
the sum of awarded funding.

Some real-world examples include 
the European Research Council (ERC) 
Advanced Grant, which awards €2,500,000 
with a success rate of about 10% (equalling 
a mean expected return for an average 
proposal of €250,000). By comparison, 
the Marie Skłodowska-Curie Actions 
Postdoc Fellowships have a considerably 
lower expected average return of €30,000 
(about €200,000 per award, with a success 
rate of about 15%). Most other funding 
schemes also involve an expected return 
that is considerably lower than the ERC 
Advanced Grant, but often require a 
similar amount of application effort. Two 
funding programmes that we came across, 
by smaller funding bodies, award grants 
of €50,000 and €30,000 with success rates 
of 5% and 2.5%, respectively: the mean 
expected return of an average proposal for 
these programmes is only €2,500 and €750, 
respectively, against which the costs (and 
opportunity costs) of the application have to 
be weighed. Considering typical salary and 
overhead costs for research positions, if the 
cumulative work that goes into an average 
grant application adds up to considerably 
more than a couple of days, these grant 
schemes draw more resources from the 
scientific community than they add — even 
when the comparably smaller costs of review 
and administration are not considered.

Figure 1 quantifies the extent of this 
problem from two different angles: the net 

return that an individual grant yields on 
average as a function of the time invested 
in the proposal, and the total net return as 
a function of the funding rate. The smaller 
the grant and the funding rate, the faster one 
reaches a negative net return: the costs of the 
applicants’ time invested in the proposals 
exceed the granted funding.

A zero net return corresponds to a 
situation in which all funding is spent 
solely on the distribution of funding — 
not a single hour of actual research would 
be funded. Funding organizations only 
actually support research if the expected 
funding value considerably exceeds the 
costs of the distribution (that is, producing 
and evaluating grant proposals plus 
administrative overheads); otherwise, they 
effectively impede it.

Several solutions exist to remedy this 
unfortunate situation. First, funding 
agencies should calculate whether a  
planned call can be expected to invest  
more resources into the system than it  
draws from it, considering all costs not  
only of the agency and its reviewers but  
also — and in particular — on the side  
of applicants.

Second, to allow researchers to perform 
their own cost–benefit analyses before 
applying for a grant, funders should publish 
accurate numbers regarding success rates 
in previous calls, and evaluate the average 

time spent on proposals by applicants. 
For researchers who would like to explore 
the expected value of a planned grant 
application, we provide a simple online 
calculation tool that weighs the funding 
amount against time investment and success 
rates (http://f.unding.com).

Third, current funding initiatives should 
consider a more fundamental overhaul of 
their distribution strategies to reduce the 
required time investment by applicants. 
Promising options are two-stage application 
procedures; switching from de facto to 
actual funding lotteries7; peer-to-peer 
funding8; and a general shift from 
competitive distribution to increased base 
funding of universities9,10.

Such strategies might appear less 
merit-driven than a peer-reviewed selection 
of the most excellent applications in a 
competitive grant call. However, considering 
the shortcomings of current practices of 
funding distribution and the prevalence of 
funding schemes with negative net effects, 
more efficient alternatives will pay off for 
research as a whole. ❐

Martin Dresler! !1,2�ᅒ, Eva Buddeberg! !1,3, 
Ulrike Endesfelder! !1,4, Jan Haaker! !1,5, 
Christian Hof! !1,6, Robert Kretschmer! !1,7, 
Dirk Pflüger! !1,8 and Fabian Schmidt1,9

1Die Junge Akademie, Berlin, Germany. 2Radboud 
University Medical Center, Nijmegen, !e 
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Fig. 1 | Associations between time investment, funding rates and net return of funding schemes. For 
simplicity, we focus on the applicants’ time investment only (representing the majority of the effort 
involved). a, Expected net return for an individual applicant of a grant as a function of time spent on 
the proposal, for three example grant sizes and funding rates. b, Total net return for all applicants (total 
funding amount minus the total cost of submitted proposals), as a function of the success rate. The 
three lines represent different mean time invested into proposals. All results assume a representative 
annual gross salary cost of €90,000.

NATURE HUMAN BEHAVIOUR | www.nature.com/nathumbehav

Dresler et al.  2022
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A PATCH - NOT A 
SOLUTION



DISTRIBUTED PEER REVIEW
ML ENHANCED

Featuring Nando and many others here at ESO

Kerzendorf, Patat et al. 2020



TWO ASPECTS OF THE EXPERIMENT

DISTRIBUTED PEER 
REVIEW

IDENTIFYING 
EXPERTISE WITH ML



DISTRIBUTED PEER REVIEW

DISTRIBUTED PEER REVIEW HISTORY

▸ Distributing the peer review task among the applicants as opposed to an invited panel 

▸ Internet is changing things (Kohane & Altman 2000; The new peer review): 

▸ Recent proposals to start a life sciences online repository of preprints highlights the trend towards 
"publish first, review later" that seems to be emerging.  

▸ For example - Wikipedia - a new form of peer review (March 9, 2000) 

▸ Formalized Distributed Peer Review (Merrifield & Saari 2009) 

▸ Gemini Fast Turnaround program (since 2015; Andersen+ 2019) 

▸ Pilot at NSF in 2016 for Civil, Mechanical, and Manufacturing Innovation Division 

▸ Program Officer retired



EXPERIMENT OVERVIEW



DEEPTHOUGHT DPR

▸ Period 103 (2018) a distributed peer review was run in parallel to normal ESO 
Time Allocation Committee operations.  

▸ 172 proposals  - 23% of PIs participated in this process 

▸ Everyone who submits one proposal needs to review 8 proposals (each 
proposal has 8 reviews)



HOW DOES IT WORK? 



THE EXPERIMENTAL SETUP

SYSTEM SETUP
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Figure 1: Overview of the enhanced distributed peer-review process. The graph shows the flow of the proposal starting with the proposer in
the upper left-hand corned. The proposal then goes into the reviewer selection (with the two groups marked), via the review and finally to the
grade-aggregation. The loop closes with the proposer giving feedback on the usefulness of the review.

Figure 2: Comparison of reviewer agreement between both DPR and the classic process Comparison between the panel-panel for the OPC
subsets (left, from P18 Table 3) and the DPR subsets (right). Each panel shows the probability the second panel (or DPR subset) is grading
a specific proposal given the response by the first panel. The probability is highest on the diagonal which suggests there is some correlation
between di↵erent reviewers grading – albeit a relatively weak one.
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TWO ASPECTS

DISTRIBUTED PEER 
REVIEW

IDENTIFYING 
EXPERTISE WITH ML



OBJECTIVELY
IDENTIFYING EXPERTISE



REFEREE MATCHING

FINDING EXPERTS 

▸ Panel expertise and proposal often matched by self-identified knowledge 
categories 

▸ Distributed peer review also requires matching 

▸ Should be automatic to lower impact on observatory 

▸ Expertise is partially expressed in papers people write 

▸ … and they are easily accessible through Arxiv 

▸ … and Arxiv can be fully downloaded (~2 TB) 



KERZENDORF 2017

DOWNLOAD ARXIV LATEX SOURCE 
FILES CONVERT TO PLAIN TEXT

USE NATURAL 
LANGUAGE PROCESSING

INFORMATION 
ENCAPSULED IN 

DOCUMENT VECTORS

@ESO - thanks to Uta and team 



LOTS OF JARGON! 
WHAT DID WE DO?



NATURAL LANGUAGE PROCESSING
DETOUR TO



KERZENDORF 2017A

DOCUMENT WORD VECTORS (TFIDF - LUHN 1957; SPÄRCK JONES 1972)

~Document =

0

BBBB@

star 0.021

model 0.019
...

...

galaxy 0.1

1

CCCCA

<latexit sha1_base64="+wYKyCYzolx/kGyLylsqEOVpH/U="></latexit>



MATCHING REVIEWERS

WHAT IF WE COULD KNOW WHAT EVERYONE KNOWS

Kerzendorf+ 2020

Sum of Scientist - published works  

document vectors

Knowledge Vector

0.3
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Proposal Vectors
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HOW WELL DOES IT WORK?

SELF-ASSESSED EXPERTISE VS DEEPTHOUGHT

Figure 3: Accuracy of DeepThought expertise predciction Condi-
tional probability P(self reported|DeepThought) for the various combi-
nations of perceived and DeepThought inferred knowledge. The self-
reported knowledge came directly from being a required field to an-
swer in the refereeing proposal. The match provided by deepthought
was calculated purely algorithmically.

assume that the self-judgement of expertise (self-e�cacy) is a good
measure that might approximate such a quantity.

Given:

• “self reported” as the self reported domain knowledge

• DeepThought as the DeepThought inferred domain knowledge

For our experiment, we calculate the joint probability
P(Self Reported|DeepThought) using Bayes theorem:

P(Self Reported|DeepThought) = (1)
P(DeepThought|Self Reported)P(Self Reported)

P(DeepThought)

P(Self Reported|DeepThought) = (2)
P(DeepThought) \ (Self Reported)

P(DeepThought)

Figure 3 shows the correlation between self reported knowledge
(see the detailed description of the experiment in the supplementary
material) and our predicted DeepThought inferred knowledge (see sup-
plementary material for a detailed description of the method).

We reiterate that we are not comparing to the true domain knowl-
edge but to the self-reported knowledge. We find that DeepThought
will predict the opposite of the self-reported knowledge in only ⇡ 10%
of the cases (predicting expert with self-reported “no knowledge” and
vice versa). We emphasize the ⇡ 80% success rate of predicting “no
knowledge”. These numbers show a high success rate in removing
whose expertise does not overlap with the proposal.

3.3 Rating the helpfulness of review comments
After the review process, we asked the proposers to evaluate the “help-
fulness” of the review comments. A total of 136 reviewers provided
feedback.

The review usefulness distribution shows a steady rise, with a sud-
den drop-o↵ at the ‘very helpful’ bin, as shown in all panels of Fig. 4.

About 55% of the users rated the comments in the ‘helpful’ and ‘very
helpful’ bins.

To check what factors might influence the ability to write helpful
comments we use the statistical method given at the beginning of this
section.

The reviewer’s expertise is expected to have an influence on the
helpfulness of comments. Figure 4a,b shows the influence of both self-
reported knowledge and DeepThought-inferred knowledge on the help-
fulness of the comment. The probabilities are very similar between the
self-reported and inferred knowledge. We highlight that experts seem-
ingly very rarely give unhelpful comments and that non-experts rarely
give very helpful comments.

The last test is to see how the comments helpfulness is be-
ing evaluated given the ranking of the proposal within the quartiles
P(helpful comment|proposal quartile). This shows a similar distribu-
tion to the other panels in Fig. 4. There are some small di↵erences.
Comments for proposals from the second to the top quartile often were
perceived as relatively helpful. Comments on proposals in the last quar-
tile were rarely ranked as very helpful (Van Rooyen et al., 1999, finds
a similar e↵ect).

We checked whether seniority has an influence on the ability to cre-
ate helpful comments. Figure 4c shows some correlation between the
seniority and the ability for the referee to give helpful comments. Most
interesting is the apparent inability of graduate students to give very
helpful comments. This might be a training issue and can be resolved
by exposing the students to schemes such as DPR.

We have also asked about the helpfulness of the comment in our
general feedback (Supplementary Information). The distribution of
comment usefulness follows the distribution of helpfulness for indi-
vidual comments relatively closely (see statistics in Supplementary In-
formation). The comments given in the DPR compare very favourably
with the OPC (see details in Supplementary Information).

4 Summary and Conclusions

The main advantages of the DPR paradigm (coupled to the
DeepThought approach) over the classic panel concept can be listed
as follows.

Advantages:

• it allows a much larger statistical basis (each proposal can be eas-
ily reviewed by 8-10 scientists), enabling robust outlier rejection;

• it removes possible biases generated by panel member nomina-
tions;

• the larger pool of scientists allows a much better coverage in terms
of proposal–expertise matching;

• the smaller number of proposals per reviewer allows for more
careful work and more useful feedback;

• coupled to the DeepThought approach for proposal–referee
matching, it is suited to be made semi-automatised; it also gives an
objective criteria for ‘expertise’ removing biases in self-reporting;

• it removes the concept of panel, which adds rigidity to the process;

• it addresses the problem of maximising the proposal–referee
match while maximising the overlap in the evaluations, which is
a typical issue in pre-allocated panels (see Cook et al., 2005, and
references therein);

4
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DOES EXPERTISE 
MATTER?



REVIEWER EXPERTISE

ARE EXPERTS BETTER AT PEER REVIEWFigure 8: Left: Self-reported domain knowledge given seniority of participants. Right: Self E�cacy for Male and Female reviewers.
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Figure 9: The distribution of grades for di↵erent groups of referees. The horizontal lines mark quartiles. Left: The distribution of grades for
the di↵erent groups domain knowledge inferred by the DeepThought algorithm. Right: The distribution of grades for the di↵erent groups of
self-reported domain knowledge.

shows that the average r-r agreement is identical in the two processes.
On average, the ranking lists produced by two distinct referees have
about 33% of the proposals in common in their first and last quartiles.
This corresponds to a Cohen’s kappa coe�cient =0.11 (Cohen, 1960).
In the central quartiles the intersection is compatible with a purely ran-
dom selection. This extends to the mixed cases (i , j), with the ex-
ception of the extreme quartiles: the fraction of proposals ranked in the
first quartile by one referee and in the fourth quartile by another referee
is ⇠18%, which deviates in a statistically significant way from the ran-
dom value ( = �0.28). No meaningful di↵erence is seen in the QAMs
computed for the OPC-Emulate (OE; 60 proposals) and Deep-Thought
(DT; 112 proposals) sub-samples.

As a further test, we have investigated the possible dependence on
the scientific seniority level. In the feedback questionnaire we asked
the participants to express it in terms of the years after PhD, specified
within 4 groups (0=no PhD; 1=less than 4 years; 2=between 4 and 12;
3: more than 12). Of the 167 reviewers, 136 provided this information,
which we used to divide the reviewers in two classes: junior (groups 0
and 1) and senior (groups 2 and 3). These classes roughly correspond
to PhD students plus junior post-docs (37), and advanced post-docs
plus senior scientists (99). We then computed the r-r QAM for the two

classes. The first quartile terms are 0.22 and 0.32 for the two classes,
respectively. At face value this indicates a larger agreement between
senior reviewers. However, the small size of the junior class (37 people)
produces a significant scatter, and therefore we do not attach too much
confidence to this result.

We have defined the panel-panel (p-p) agreement fraction in the
main text (see Section 3). For the OE and DT sub-samples yield sta-
tistically indistinguishable values. Finally, the numbers derived from
the bootstrap procedure fully agree with the results presented in P18
for di↵erent panel sizes. For Nr=1, 2, and 3 the first quartile agreement
fractions are 0.34, 0.37 and 0.41, respectively. These match (within the
noise) the corresponding P18 values (Table 8): 0.33, 0.39 and 0.45.

The conclusion is that, in terms of self-consistency, the DPR review
behaves in the same way as the pre-meeting OPC process.

10.5 The DPR-OPC agreement fraction

As anticipated, the proposals used in the DPR experiment were also
subject to the regular OPC review. This enables the comparison be-
tween the outcomes of the two selections, with the caveats outlined
above about their inherent di↵erences.
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REVIEWER EXPERTISE

EXPERT REVIEWERS NOT NECESSARILY DIFFERENT … BUT CHEAPER

Less time on
proposals for
which I am an

expert

About the same More time on
proposals for
which I am an

expert
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Figure 18: The referee was asked the question Was the time spent for
proposals for which you are an expert versus a non-expert di↵erent?

Figure 19: The referee was asked the question How appropriate were
the assessment criteria to evaluate the proposals?

Figure 20: The referee was asked the question How satisfactorily were
you able to evaluate the proposals for which you were a non-expert?

Figure 21: The referee was asked the question How useful were the
comments that you received on your proposal?
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THE EXPERIMENTAL SETUP

SYSTEM SETUP
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Figure 1: Overview of the enhanced distributed peer-review process. The graph shows the flow of the proposal starting with the proposer in
the upper left-hand corned. The proposal then goes into the reviewer selection (with the two groups marked), via the review and finally to the
grade-aggregation. The loop closes with the proposer giving feedback on the usefulness of the review.

Figure 2: Comparison of reviewer agreement between both DPR and the classic process Comparison between the panel-panel for the OPC
subsets (left, from P18 Table 3) and the DPR subsets (right). Each panel shows the probability the second panel (or DPR subset) is grading
a specific proposal given the response by the first panel. The probability is highest on the diagonal which suggests there is some correlation
between di↵erent reviewers grading – albeit a relatively weak one.
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COMPARING TO 
TRADITIONAL TAC



COMPARING TO TRADITIONAL TAC

HARD COMPARISON

▸ People don’t agree what is good - the problem with inter-reviewer reliability 

▸ First experiment in the 1970s National Academy of Sciences Committee on 
Science and Public Policy (Cole, Cole & Simon 1981) 

▸ 150 NSF proposals from Chemical Dynamics, Economics, and solid-state 
physics 

▸ Half successful, half unsuccessful 

▸ Re-evaluated by scientists chosen by the National Academy of Science for 
each proposal



INTER-REVIEWER RELIABILITY

A KNOWN PROBLEM

resentative negative or positive ratings
to a proposal, this could create a rever-
sal.

Second, reversals could have resulted
from disagreements among fairly select-
ed reviewers using the same criteria. If
there is substantial dissensus in the pop-
ulation of eligible reviewers of a given
proposal, then it would be possible for
equally qualified and unbiased groups of
reviewers using the same criteria to dif-
fer in the mean rating.

Consider a hypothetical proposal for
which there is a population of approxi-
mately 100 eligible reviewers. If all 100
were totally agreed about its merits, then
any sample of four or five selected at
random from the 100 would agree among
themselves, and two independently se-
lected samples would not reach different
conclusions. However, if the population
of eligible reviewers had substantial dis-
agreement about the proposal, two ran-
domly selected samples could yield dif-
ferent mean ratings possibly leading to
different outcomes for the proposal. Our
data indicate that the reversals in this
experiment were a result of such dis-
agreement.

Consensus

In order to determine the extent to
which the reversals could be explained
by bias or disagreement we used analy-
sis-of-variance techniques. Because we
did not want to make the usual statistical
assumptions (such as normality) which
must be made in a standard two-way
analysis of variance, we used a compo-
nents-of-variance model that did not re-
quire some of these assumptions but
would be useful in answering the same
substantive question.

In order to assess the relative magni-

Table 2. Percentage of NSF outcomes (mean rating of NSF reviewers or actual funding
decision) reversed in COSPUP rank-order quintiles and overall. Reversals are shifts from the
top 25 positions in the COSPUP rank order to the bottom 25 or vice versa.

Quintile based on COSPUP rating Overall
NSF outcome Overall

.1 2 3 4 5 (N= 50)

Chemical dynamics
Mean rating 26 24 60 20 20 30
Decision 26 24 60 20 20 30

Economics
Mean rating 20 45 30 45 0 28
Decision 5 45 28 42 0 24

Solid-state physics
Mean rating 23 22 49 34 6 27
Decision 16 24 43 29 11 25

tude of contributions of the proposal
evaluation method and the reviewer to
the variation in ratings, we represent the
rating Yijk, given by the kth reviewer
under method i to proposal j, by

yijk = ai + bj + ci1 + eijk

where ai is the overall average rating by
evaluation method i (i = 1 for NSF and
i = 2 for COSPUP), bj is the differential
effect of proposal j, cij measures the
extent to which the rating on proposal j
depends on the evaluation method, and
eijk is the effect caused by the kth review-
er of proposal j by evaluation method i.
We consider ai to be a fixed quantity

and the remaining terms to be random
with means equal to zero. Then we can
decompose the variance associated with
proposals under evaluation method i into
three terms:

Var (Yijk) = r2 + c2 + R2,i
where u,2 = Var (bj) reflects the intrinsic
variability of the proposals: u2 = Var
(cij) is the variability associated with the
interaction of proposals and evaluation
method; and Cu i = Var (eijk) is the re-
viewer variance for method i.

If cp2 is large relative to cr2, CR1, and
UR 2, we interpret this to mean that it is
relatively easy to distinguish the propos-
als independent of the evaluation meth-
od. However, if a2 is of the same order
of magnitude as a2, this would suggest
that dependence between proposal and
evaluation method is masking some of
the intrinsic proposal variability. As a
consequence, the proposals would be
ranked differently under the two evalua-
tion methods. If, as actually occurs in
these data, Cr,R and oR,2 dominate i2 and
are of the same magnitude as 42, then
reviewer variability will be so pro-
nounced that two different evaluations
will give dissimilar rank orders.
The estimates of o2, uR2,i, and Cr2-2

are presented in Table 3. The dependent
variable for the analysis is the rating
given the proposal by a reviewer. If we
consider all the variance in an entire set
of reviews (for example, all reviews
done by both NSF and COSPUP review-
ers for the 50 proposals), we want to
know the sources of variance. There are
four possible sources of variance, two of
which turned out to be trivial in this
study. Consider these four sources and
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QUALITY OF THE DEEPTHOUGHT DPR

OUR ATTEMPT AT COMPARISON
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Figure 1: Overview of the enhanced distributed peer-review process. The graph shows the flow of the proposal starting with the proposer in
the upper left-hand corned. The proposal then goes into the reviewer selection (with the two groups marked), via the review and finally to the
grade-aggregation. The loop closes with the proposer giving feedback on the usefulness of the review.

Figure 2: Comparison of reviewer agreement between both DPR and the classic process Comparison between the panel-panel for the OPC
subsets (left, from P18 Table 3) and the DPR subsets (right). Each panel shows the probability the second panel (or DPR subset) is grading
a specific proposal given the response by the first panel. The probability is highest on the diagonal which suggests there is some correlation
between di↵erent reviewers grading – albeit a relatively weak one.
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CONCLUSION



DEEPTHOUGHT DPR

DISTRIBUTED PEER REVIEW - A NEW HOPE

▸ Distributed Peer Review has several advantages 

▸ Spread the load 

▸ Train younger scientist quicker on review 

▸ With ML - faster matching of expertise to proposals 

▸ and no clear disadvantages 

▸ ESO Council has approved roll out after successful experiment for P110 (without the complex matching 
algorithm) 

▸ Kerzendorf+ 2020 Very data rich experiment and loads more to learn 

▸ Anonymized open data at https://zenodo.org/record/2634598 



PEER REVIEW - CONCLUSIONS

▸ Peer Review is a deeply flawed system 

▸ … but the best we have and likely better than alternatives 

▸ Difficulty to ensure maintaining of quality standards, increase in performance, 
AND credibility to our benefactors 

▸ Still lots to research and understand - bring in ML with caution 

▸ A foundation of our trade and the trust that is placed in us 

▸ A complex endeavor deserving of the same care than our astrophysics efforts



DEEPTHOUGHT 
INTIATIVE

LITERATURE AS BIG 
DATA

PI Kerzendorf

Vicente Amado Bea Lu

Credit Bruno Murai



A NEW ERA OF SCIENCE

▸ 2.6 million articles a year in science - doubling every 20 years (NSF statistics) 

▸ Complex science questions require input from many fields 

▸ Difficult to get an overview - specifically problematic in training next generation 

▸ Knowledge retrieval systems based on last names has issues 

▸ Papers often contain many bits of information useful for various different applications 

▸ DeepThought Initiative working on a variety of topics 

▸ Emphasis on evaluating tools for usefulness astrophysics science questions 

▸ Physics training of interdisciplinary team members is crucial



MEASURING IMPACT



IDENTIFYING THE USE OF FACILITIES IN PAPERS 
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VIRTUAL JOURNALS



VIRTUAL JOURNALS

▸ Many subfields do not have dedicated publication spaces 

▸ Scattered publications across multiple journals 

▸ Papers combining multiple subfields including the required one 

▸ Organizations partially hand-curate such virtual journals 

▸ Development and testing of algorithms to automate this process  

▸ Work in progress for Nuclear Physics literature (for the Facility of the Rare Isotope Beam) 

▸ Potential expansion to summarize and provide ML generated reviews

Bea Lu



AN OPPORTUNITY: A GROWING AND 
GLOBAL SCIENTIFIC COMMUNITY



GROWING INVESTMENT IN SCIENCE

their assembly lines. Since the developers used open-source 
techniques, other manufacturers have been able to download 
the same design (see chapter 7).

Many governments have provided incentives for small and 
medium-sized enterprises (SMEs) to tackle the pandemic.  
In Iran, the Corona Plus campaign o!ered start-ups "nancial 
incentives in 2020 to help them produce medical equipment 
such as protective gear and ventilators (see chapter 15). 

Canada’s Industrial Research Assistance Program has 
provided "nancial support to help SMEs re"ne their Covid-
19-related product or process and get it to market; in all, the 
federal government has allocated Can$ 1 billion to a national 
medical research strategy as part of its rapid response to the 
Covid-19 pandemic (see chapter 4). 

Until 2020, when Covid-19 radically transformed Canadians’ 
way of life, there had been no crisis to spark any serious 
national conversation about the direction in which Canada 
was taking science, technology and innovation (STI). The 
pandemic ‘may, ultimately, rede"ne Canada’s science 
processes, output and governance, in ways that cannot yet be 
foreseen. It will also a!ect the next generation of researchers 
and the mechanisms by which science itself is funded’.

The Covid-19 crisis raises broader, more fundamental 
questions than the Great Recession of 2008, such as with 
regard to the role of the state in the economy, the reshoring 
of supply chains, the organization of work or the value of 
proximity (see chapter 9).

THE DUAL DIGITAL AND GREEN 
TRANSITION

The pandemic has highlighted dependence on global 
value chains
The pandemic has highlighted countries’ dependence on 
global value chains for strategic resources. The complexity 
of components in modern everyday devices means that 
manufacturers have recourse to subcontractors abroad who 
specialize in a narrow "eld; they, in turn, rely on other suppliers 
for essential materials. Having such a tiered supply system, or 
value chain, makes it very di#cult to reshore manufacturing, 
or repurpose a production plant overnight (see chapter 5). 
For instance, lung ventilators manufactured in the USA for 
Covid-19 patients contain key components sourced in Canada. 
That is why the closing of the border in early 2020 slowed the 
production of lung ventilators in the USA (see chapter 4).

The European Union (EU) is dependent on imported 
products like microprocessors and, for key technologies, on 
imported raw materials such as rare earth elements. For the 
European Commission’s "rst annual 2020 Strategic Foresight 
Report: Charting the Course Towards a More Resilient Europe 
(2020), this dependence poses potential threats to European 
economic sovereignty (see chapter 9).

Having relocated much of their production to the 
developing world in the 1980s, where cheap, unskilled labour 
was plentiful, industrialized countries found themselves 

Figure 1.2: Investment in research and development as a share of GDP, by region and 
selected country, 2014 and 2018 (%)
Data for 2014 are given within brackets

Source: global and regional estimates based on country-level data from the UNESCO Institute for Statistics, August 2020, without extrapolation
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DEEPTHOUGHT DPR

EXPERTISE IDENTIFICATION TOOL

▸ Large number of researchers separated by geography and communities 

▸ Worldwide science collaboration building additional connections in addition to economics and 
politics  

▸ Construct and maintain a list of unique authors and their publications 

▸ Provide various algorithms for identifying expertise in researchers as reviewers or new 
collaborators 

▸ Lower barriers for connections to under-represented communities 

▸ Transparently constructed through open-science techniques 

▸ … work in the beginning - watch this space

Vicente Amado
Lou Strolger @ STScI



THE DEEPTHOUGHT INITIATIVE

A META-RESEARCH ENDEAVOR

▸ ML and NLP providing opportunities for new knowledge retrieval paradigms 

▸ Growing and global community requires a rethink of our current processes 

▸ Not unique to astronomy - Medical field is calling this meta research (see 
METRICS@Stanford with Ioannidis) 

▸ Other efforts underway but very few with deep domain knowledge embedding 

▸ Next steps, initial discussions with ArXiv, ESO, ESA, NASA underway 

▸ Your input invaluable



THANK YOU



QUESTIONS?
Please contact me: 

wkerzend@msu.edu 

Twitter: @dtspace42 

@wkerzendorf

mailto:wkerzend@msu.edu

