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Abstract

Some research funding organizations (funders) are experimenting with random allocation of funding (funding lotteries), whereby funding is
awarded to a random subset of eligible applicants evaluated positively by review panels. There is no consensus on which allocation rule is
fairer—traditional peer review or funding lotteries—partly because there exist different ways of implementing funding lotteries, and partly be-
cause different selection procedures satisfy different ideas of fairness (desiderata). Here we focus on two desiderata: that funding be allocated
by ‘merit’ (epistemic correctness) versus following ethical considerations, for example without perpetuating biases (unbiased fairness) and with-
out concentrating resources in the hands of a few (distributive fairness). We contribute to the debate first by differentiating among different
existing lottery types in an extended taxonomy of selection procedures; and second, by evaluating (via Monte Carlo simulations) how these dif-
ferent selection procedures meet the different desiderata under different conditions. The extended taxonomy distinguishes “Types” of selec-
tion procedures by the role of randomness in guiding funding decisions, from null (traditional peer review), to minimal and extensive (various
types of funding lotteries). Simulations show that low-randomness Types (e.g. tie-breaking’ lotteries) do not differ meaningfully from traditional
peer review in the way they prioritize epistemic correctness at the cost of lower unbiased and distributive fairness. Probably unbeknownst to
funders, another common lottery Type (lotteries where some favorably-evaluated proposals bypass the lottery) displays marked variation in epi-
stemic correctness and fairness depending on the specific bypass implementation. We discuss implications for funders who run funding lotter-

ies or are considering doing so.

Keywords: funding lottery; randomization; research evaluation; science funding; social simulation.

1. Introduction

The allocation of grants by research funding bodies (hereafter:
funders) relies extensively on peer review by experts who are
expected to evaluate proposals for their scientific merit, poten-
tial for impact, and other factors, depending on the goals of the
funding agency and the particular grant program. However,
researchers and funders have expressed doubts about the effec-
tiveness of peer review in the process of grant allocation, and
trust in grant peer review is dwindling (Langfeldt, Reymert and
Svartefoss 2023). Biased outcomes; the time and labor required
of applicants, reviewers, and program officers; conservatism in
outcomes; the lack of reliability of the peer review process; and
poor correlation of funded research with desired impacts are
some of the criticisms raised by stakeholders (Luukkonen 2012;
Lee et al. 2013; Bol, de Vaan and van de Rijt 2018; Pier et al.
2018; Aczel, Szaszi and Holcombe 2021; Conix et al. 2021,
among others).

In light of these critiques, some funders' have introduced an
element of randomness into their selection procedures as an at-
tempt to reduce some of the identified problems (Greenberg
1998; Fang and Casadevall 2016; Adam 2019; Piper 2019; Liu
et al. 2020). In these selection procedures, some of the proposals
recommended by the review panel are funded directly and some
are put in a lottery pool whence grant winners are chosen at
random following a predetermined protocol. Such selection pro-
cedures are generally called funding lotteries.

Funding lotteries are controversial: for instance, some
question their capacity to address the flaws of traditional
peer review (Barnett 2016; Avin 2019; Lee, Grant and
Erosheva 2020; Reinhart and Schendzielorz 2020; Philipps
2021; De Peuter and Conix 2022). Epistemic and ethical con-
siderations are also central in this debate. Some scholars put
epistemic considerations first: they argue that a fair selection
procedure is one that allocates funding to the ‘best” — mean-
ing most meritorious, most promising or most significant—
project proposals (e.g. Reinhart and Schendzielorz 2020).
These scholars prefer traditional peer review over funding
lotteries. Other scholars put ethical considerations first. For
instance, selection procedures are fair to the extent that they
are unbiased—that is if, ceteris paribus, they give equal op-
portunity to male and female applicants; early career and se-
nior applicants; applicants from renowned and less-
renowned institutions; (mono)disciplinary and interdisciplin-
ary research; novel research ideas and approaches and more
traditional ones; and so forth (e.g. Gillies 2014; Fang and
Casadevall 2016; Adam 2019; Zhuang and Acuna 2019;
Osterloh and Frey 2020). Another ethical consideration is the
even distribution of research funding. Selection procedures
would be fair to the extent that they distribute funding evenly
across researchers, labs, universities, or geographic regions,
thus avoiding the accumulation of funding in the hands of a
few (e.g. Gildenhuys 2020). Ethical considerations are typi-
cally brough forth as arguments in favor of funding lotteries.
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Adding nuance to the discussion is the fact that there is con-
siderable and largely unacknowledged variation in how funding
lotteries can be implemented (Philipps 2022; Shaw 2022).
At one end of the spectrum are funding lotteries where peer re-
view panels are minimally (if at all) involved in the funding deci-
sion. At the opposite extreme are tie-breaking lotteries, where
most funding decisions are made by traditional peer review pan-
els—and funders draw lots only to decide among equally
funding-worthy proposals that cannot all be funded. This varia-
tion in lottery implementation holds significance, as funding al-
location might be more or less epistemically correct or fair
depending on how exactly randomization is incorporated in the
selection procedure. However, a critical gap in the literature is
the lack of a systematic classification of selection procedures
that distinguishes existing #ypes of funding lotteries.

In this article we do not take a stance on the desirability of
funding lotteries or on which considerations should be privi-
leged in funding. Rather, we aim to contribute to an informed
debate on funding lotteries in two ways: (1) by expanding an
existing taxonomy of selection procedures for research funding
to account for variation among existing funding lotteries; (2) by
using Monte Carlo simulations to evaluate the fairness of
various lottery types versus traditional peer review capturing
both epistemic and ethical considerations.

The article is structured as follows. Section 2 reviews some
prominent epistemic and ethical considerations on the fairness
of funding lotteries that emerge from published opinions in the
literature. Section 3 extends a taxonomy of selection procedures
to differentiate among alternative types of funding lotteries.
Then we focus on evaluating the epistemic correctness and fair-
ness of funding allocation: Section 4 presents the formal and
computational model of selection procedures from the extended
taxonomy; Section 5 presents the results of numerical simula-
tions. Our findings suggest possible ramifications for funders’
decisions on whether—and how exactly—to implement a fund-
ing lottery: these are discussed in Section 6 along with the gener-
alizability and limitations of our study.

2. Fairness in science funding allocation:
epistemic and ethical considerations

Epistemic and ethical considerations feature prominently in
the debate around funding lotteries—and they can lead to po-
tentially conflicting expectations as to which are fair ways to
allocate research funding. We provide an outline of these con-
cepts in Table 1.

Epistemic considerations are about ensuring that funding is
allocated to the ‘best’ proposals. Selecting the best proposals
(and thus determining which is an epistemically correct distri-
bution of funding across applicants) is not easy. To begin
with, one has to define what is meant by ‘a good proposal’. A
proposal might be ‘good’ by virtue of having a sound re-
search plan, the aim to fill an important gap in the literature;
or a good potential for, for example, societal impact; several
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of these things together, or other things entirely. There is not
one recipe, though usually there is a list of evaluation criteria
and reviewer instructions issued by funders to guide panels in
their assessment. Secondly, the determination of which pro-
posals are the best is to be made ‘ex-ante’, meaning prior to
the research being done. Review panels tasked with evaluat-
ing grant proposals ex-ante have limited information: they
may evaluate the feasibility of a research project, judge the fit
of the applicants and supporting institutions with the pro-
posed research, and they may rely on applicants’ prior re-
search experience, publication record and other performance
indicators as proxies to guess their future achievements.
Ultimately, there is not one objective way for reviewers to se-
lect the best proposals; and the determination of which pro-
posals are the best hinges on funders and review panels
selecting some relevant indicators of what constitutes ‘good’.

Because so many decisions come into play in a panel’s
funding recommendations, we remain agnostic as to how ex-
actly reviewers and review panels select the ‘best proposals’:
instead we define epistemic correctness as the panel’s ability
to direct funding to what they find to be the ‘best’ (and thus
most funding-worthy) proposals. For some scholars, funding
lotteries risk compromising the epistemic correctness of fund-
ing decisions by potentially allocating funding to proposals
that are not the ‘best proposals’ in reviewers’ eyes (see e.g.
Bedessem 2020; Vindin 2020; Philipps 2021). Arguably, tra-
ditional peer review, despite being imperfect, is the most epi-
stemically correct method we currently have to identify the
‘best’ science.

While epistemic considerations seem to be better handled
by traditional peer review, ethical considerations are often
cited as reasons for drawing lots in many domains (Broome
1984), including science funding (Woods and Wilsdon 2021).
We distinguish between unbiased fairness and distributive
fairness as two prominent examples of ethical considerations.

First of all, funding decisions are unbiasedly fair if they are
blind to characteristics of applicants or proposals that ought
not matter in the evaluation and thus bias, or skew, panel rec-
ommendations. In peer review, evaluations can be biased by
various characteristics of applicants or proposals (Lee et al.
2013), but here we only use gender as an illustrative example.
Applicants’ gender should not matter for funding decisions;
and yet, ceteris paribus and with few reported exceptions (i.e.
Mutz, Bornmann and Daniel 2012; Yip et al. 2020), funding
rates and grant sizes are higher for male applicants than for
female applicants (Bornmann, Mutz, and Daniel 2007;
McAllister, Juillerat and Hunter 2016; Burns et al. 2019;
Witteman et al. 2019). It is argued that randomization can
help prevent bad reasons (such as bias on demographic char-
acteristics) from informing funding decisions (Stone 2009).
Because lotteries are blind to these characteristics of appli-
cants and proposals, they should correct—or help mini-
mize—the influence of bias on funding decisions. Therefore,
proponents of unbiased fairness in funding decisions

Table 1. Summary of the alternative notions of fairness as emerging from the literature.

Notion of fairness

Normative definition

Chosen selection procedure

Epistemic correctness
Ethical consideration: unbiased fairness

Funding should go to the ‘best’ proposals.
Funding should be distributed without gender,

Traditional peer review
Funding lotteries

racial, geographic, or other biases.

Ethical consideration: distributive fairness

Funding should be distributed evenly.

Funding lotteries
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generally expect funding lotteries to be fairer than traditional
peer review (Gillies 2014; Adam 2019; Gildenhuys 2020;
Osterloh and Frey 2020; Horbach, Tijdink and Bouter 2022).

The other ethical consideration examined here is distributive
fairness: the idea that funding should be evenly distributed across
equally eligible applicants. Distributive fairness can be motivated
by the fact that it can be difficult to tell which of two projects is
more deserving (Bornmann, Leydesdorff and Van den Besselaar
2010; van den Besselaar, Sandstrom and Schiffbaenker 2018). In
these cases an even distribution of resources may feel “fairer’ than
an arbitrary decision to fund one project and not the other.
Another reason to pursue distribute fairness is that scholars who
have won funding in the past are more likely to receive funding
moving forward (Bol, de Vaan and van de Rijt 2018; Zhang et al.
2020). This is because reviewer assessments skew in favor of previ-
ously successful applicants, causing a progressive, self-perpetuating
concentration of funding in the hands of a few researchers, labs,
institutions which have already won funding in the past or are
well-networked. Pursuing distributive fairness means trying to pre-
vent the concentration of funding in the hands of a few.
Distributive fairness is presumed to favor funding lotteries because,
over the long run, lotteries will tend to distribute funding more
evenly across researchers regardless of their past grants, networks,
affiliations or location (Martin 2000; Gildenhuys 2020).%

In principle, epistemic correctness on the one hand, and un-
biased and distributive fairness on the other, need not be at
odds, in the sense that funding can theoretically be distrib-
uted in a way that simultaneously meets all desiderata.
However, reviewer evaluations tend to skew in favor of some
groups of applicants—for example male researchers, or
researchers who have already won funding in the past (Lee
et al. 2013; Bol, de Vaan and van de Rijt 2018). These and
other biases can give rise to conflicts between epistemic cor-
rectness and ethical considerations such that pursuing one
can mean sacrificing the others. For a panel with strong gen-
der bias, for example, an epistemically correct allocation will
favor male applicants because applications by male appli-
cants are found to be the best; such allocation would of
course lack unbiased fairness and be ethically questionable.
Likewise, a panel with a strong bias in favor of past grant
winners will evaluate more positively proposals from past
grant winners: thus, a recommendation to award funding to
those past winners will be epistemically correct, but distribu-
tively unfair. This makes it particularly important to tease
out these various dimensions of fairness and understand how
different selection procedures navigate epistemic and ethical
considerations under various levels of reviewer biases and
various other conditions.

Ultimately, the decision to prioritize some considerations
over others is strategic. Usually, this decision around priori-
ties aligns with the mandates of funders and the specific
objectives of the funding calls. Ideally, priorities would also
be agreed upon by the scholarly community and, for public
funders, the taxpayers. But our focus lies downstream of this
decision: in light of the established priorities, what selection
procedures should be preferred, under what conditions, and
at what costs?

3. Extended taxonomy: five types of
selection procedures

The contemporary debate on funding lotteries started with
Greenberg (1998). Greenberg noticed that peer reviewers rate

most applicants as meritorious and there is often little distinc-
tion between proposals that fall just above versus just below
the funding line. This intuition has gained empirical support:
comparing peer review reports and citation metrics of grant
application just above and below the funding line reveals that
proposals around the funding line are often indistinguishably
good (Bornmann, Leydesdorff and Van den Besselaar 2010;
van den Besselaar, Sandstrom and Schiffbaenker 2018).
Indistinguishability matters: the fact of being above or below
the funding line, however aleatory, is shown to have impor-
tant ramifications for science and science careers (Bol, de
Vaan and van de Rijt 2018).

For Greenberg indistinguishability around the funding line
indicated that we should consider distributing research fund-
ing at random among all qualified applicants and do away
with expensive peer review panels (Greenberg 1998).°
Greenberg proposed what today we call a ‘non-partial’, or
full lottery: “full’ because grant winners are chosen by lot,
without any involvement of peer reviewers. To our knowl-
edge no funder has ever run a full lottery.

Others after Greenberg proposed instead that randomiza-
tion should support funding decisions only where distinctions
must be made among indistinguishably good proposals
(Adam 2019; Osterloh and Frey 2020; Heyard et al. 2022).
So, for example, if indistinguishability mainly affects pro-
posals around the funding line (e.g. when the ‘exceptionally
good’ and the ‘exceptionally bad’ proposals are easier to tell
apart from the rest), then only decisions about proposals in
the gray middle around the funding line should be made by
drawing lots. This solution is called a partial lottery.

In essence, partial lotteries are selection procedures that
combine recommendations by a peer review panel and ran-
domization to make decisions among proposals around the
funding line that are indistinguishably funding-worthy.
Partial lotteries have historically been used as sortition mech-
anisms in some voting systems’; and they are the kind of
funding lotteries adopted by some funders in recent years.

The distinction between full and partial lotteries is one of
the three criteria on which Shaw constructed a preliminary
taxonomy of funding lotteries (Shaw 2022):

1) Partiality—or whether a traditional peer review panel is
involved in setting up the lottery pool: partial lotteries
require a peer review panel that ranks proposals and a
cut-off rule to determine which portion of the ranking
constitutes the lottery pool. Conversely, no peer review
panel is involved in full lotteries.

2) Weighting—or whether the probability of winning is
uniform in the lottery pool: uniform in non-weighted
lotteries; not uniform in weighted lotteries.

3) Tiering—that is, the granularity of the ranking of pro-
posals. A ranking with minimal granularity is one that
only has two valid ranking positions (e.g. eligible pro-
posals at the top and ineligible proposals at the bottom);
a ranking with maximal granularity is one where there
are as many ranking positions as there are proposals,
virtually without any ties (i.e. a strict ordering of pro-
posals, from ‘best’ to ‘worst’).

To the best of our knowledge, all funding lotteries that were
ever implemented are partial, non-weighted lotteries.
Therefore, our first goal is to extend Shaw’s taxonomy to ac-
count for the existing range of variation within this class of
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Table 2. Taxonomy of selection procedures populated with empirical examples.

Type Description Is a lottery Has focal Adopted in some funding schemes®
randomization
0 Traditional peer review No No Most research funding organizations
1 Tie-breaking partial lottery Yes Yes * Swiss National Science Foundation;
* Natural Environment Research Council (UK);
* Research Council of Norway;
* Science Foundation Ireland.
2 Partial lottery with bypass Yes Yes * Volkswagen Foundation (Germany);
* Austrian Science Fund;
* Novo Nordisk Foundation (Denmark).
3 Partial lottery of fundable proposals Yes No * Health Research Council of New Zealand;
* Science for Technological Innovation (New Zealand);
* New Frontiers in Research Fund (Canada);
® The British Academy.
4 Full lottery Yes No N/A

*The list of funders in Table 2 only includes those funders for which we could determine with certainty the position in the taxonomy by examining publicly
available call documents. Therefore, Table 2 excludes the Foundational Questions Institute (U.S.), for which insufficient information is publicly available,
and several (unnamed) funders who are currently considering setting up a lottery but who, at the time of writing, have not yet to published call documents

that describe in detail how the lottery is to be implemented.

funding lotteries. We do so by making finer distinctions along
the partiality criterion. We note that the criteria of weighting
and tiering are orthogonal to the criterion of partiality—in
other words, weighting and tiering need to be specified for all
selection procedures, including partial and full lotteries. To
stay within scope we do not thoroughly examine these two
variations here; instead, we compare selection procedures as-
suming the same weighting and tiering conditions.” We come
back to this point in our conclusion and discussion (Section 6).

In the extended taxonomy we classify funding lotteries by the
role of randomization in the funding decisions, from no-
randomness (Type O—traditional peer review) to partial lotter-
ies (Types 1-3), to complete randomness (Type 4 full lotteries).®
This extension allows the taxonomy to include non-lotteries
(Type 0) and to distinguish between various existing implemen-
tations of partial lotteries sitting at different levels of ‘partiality’
(Types 1-3). Table 2 provides an overview along with pointers
to funders that adopt or have adopted one or the other selection
procedures in some of their calls.

Peer reviewers and review panels make their assessments of
the submitted proposals following some protocol—for exam-
ple evaluating each applicant or proposal against some prede-
fined criteria. The taxonomy of selection procedures is
agnostic as to which criteria are adopted (e.g. whether cita-
tion metrics or other bibliometric indicators are used). What
matters in the taxonomy is that the review panel is able, at
the end of the assessment, to construct a ranking of all eligi-
ble proposals. This ranking is more properly called a weak
ordering, which means that it may have ties: two or more
proposals may be found to be equally worthy of funding.
Some Types of selection procedures are characterized by the
way these ties in the panel ranking are treated.

Type O denotes a traditional selection procedure, where
funding is allocated following the recommendation by peer
review panels. Proposals at the top of the ranking are recom-
mended for funding directly; those at the bottom are rejected.
Crucially, there may be ties around the funding line: that is,
the panel deems equally funding-worthy two or more pro-
posals that cannot all be funded. In Type 0 selection proce-
dures, these ties need to be arbitrarily broken, generally by
invoking a further discussion by the review panel.

By contrast, Type 1 ‘tie-breaking’ lotteries resolve ties that
need breaking by choosing at random from the tied proposals
the one(s) that will be funded. Type 1 are partial lotteries
with focal randomization. The label ‘partial’ signifies some
form of involvement of a peer review panel in the funding de-
cision; and ‘focal randomization’ signifies that only some of
the funding decisions are made by lot (the remaining funding
decisions are made directly by the review panel). The concept
of ‘focal randomization’ is owed to Brezis (2007), who
describes partial lotteries where the review panel divides the
submitted proposals into three sets. The first set comprises
the most promising proposals to be directly recommended for
funding—we call this the ‘bypass set’ because it comprises
proposals to be directly funded bypassing the lottery.
The second is the focal randomization set (or ‘lottery pool’).
The lottery pool comprises all funding-worthy proposals that
are somewhat ‘less good’ than the bypass set. The third set
are proposals that are not recommended for funding. In selec-
tion procedures with focal randomization, the lottery pool is
a device that allows review panels to recommend some pro-
posals directly for funding, and some other proposals to be
eligible for entering a funding lottery.

Type 2 selection procedures are a different flavor of partial
lotteries with focal randomization. While in Type 1 the re-
view panel must come up with a bypass set and may create a
lottery pool to resolve ties, in Type 2 the panel must set up a
lottery pool.” The lottery pool typically consists of all eligible
proposals deemed to be funding-worthy. Partial lotteries with
bypass (Type 2) aim to ensure that excellent proposals are
not being missed to bad luck (thanks to the bypass), and also
promote a chance for those transformative, innovative or
riskier research projects that may be disliked by some
reviewers (thanks to the lottery).

Note that Type 2 can be further distinguished by the size of
the lottery pool. For example, a funder using a Type 2 proce-
dure may mandate that a number of funding decisions (e.g.
10% of them) is to be determined by lottery (and 90% cho-
sen directly via the bypass): in this case, we can say that the
Type 2 lottery is running with a 10% lottery choice rate. A
different funder may mandate a 90% lottery choice rate,
meaning that 90% of funding awards are chosen from the
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lottery pool, and only 10% via the bypass. Such lottery
choice rates will become important in our simulation experi-
ment and recommendations for funders.

Type 3 selection procedures are partial lotteries without fo-
cal randomization: the lottery pool comprises all eligible pro-
posals deemed funding-worthy by review panels; and there is
no bypass set. This is equivalent to a Type 2 procedure with a
100% lottery choice rate.

Lastly, Type 4 selection procedures are Greenberg-like full
lotteries where funding decisions are guided solely by the lot-
tery and no peer review is involved. In a Type 4 lottery all eli-
gible proposals enter the lottery pool and winners are
selected at random uniform. Although to our knowledge no
research funding organization has ever adopted a Type 4 se-
lection procedure, we include Type 4 in our study because it
is discussed in the literature and has some advocates (see e.g.
Roumbanis 2019; Shaw 2023).

These different Types of selection procedures can in theory
be combined to create novel hybrids. For example, in a recent
exploration of alternative selection procedures, Luebber et al.
(2023) propose one consisting of two steps. The first step is a
Type 4 full lottery, the winners of which move on to the sec-
ond step in the selection. The second step consists of a tradi-
tional peer review panel ranking the proposals (Type 0).
While other hybrids are theoretically possible, all existing
implementations of funding lottery we could find conform to
the fundamental Types outlined here.

4. Simulation model and experiment

Our study follows a growing body of research that studies se-
lection procedures in grant funding (and beyond) using com-
puter simulation experiments (e.g. Brezis 2007; Zollman
2009; Avin 2015; Gross and Bergstrom 2019; Sakamoto
2023). Formal and computational models of science evalua-
tion are growing in use, mainly because they allow to arbi-
trarily manipulate conditions and refine interventions ‘in
silico’ in ways that ethics, costs, data availability or practical-
ity prohibit to directly do ‘i vivo’ (Feliciani et al. 2019).

Here, simulation experiments allow us to observe how differ-
ent selection procedures would allocate grants over the same
sets of candidate proposals; and to gauge the degree to which
each funding allocation is epistemically correct or unbiasedly/
distributively fair. Each run of the simulation model simulates
the selection process for a hypothetical funding call, from the
submission of proposals through the funding decisions. We re-
peat independent simulation runs multiple times, systematically
varying all relevant conditions including the Type of selection
procedure adopted. At the end of each simulation run we mea-
sure the degree of epistemic correctness, unbiased and distribu-
tive fairness of the funding decisions.

In the following subsections we define the components of a
simulation run in the order in which they become relevant
during the execution of the simulation. All model parameters
and notations are summarized in Section 4.4. Reproducible
code for R 4.3.2 (R Core Team 2023) is available in a public
repository at https://github.com/thomasfeliciani/mixed-lotter
ies-for-science-funding/.

4.1. Proposal evaluation and standard of
correctness

Each simulation run starts with the creation of a review
panel. The task of a review panel, in essence, is to examine a

set of competing proposals in the light of various evaluation
criteria, and then to synthesize the opinions of different panel
members on the different proposals and criteria into a one-
dimensional ranking of proposals from the ‘best’ (shorthand
for the most funding-worthy) to the ‘worst’. It is important
here to define what is the standard of correctness against
which to measure how well panels did their evaluations—
how epistemically correct they were.

Some of the empirical (Lindsey 1988; Lee et al. 2013) and
most of the theoretical/modeling (Feliciani et al. 2019) litera-
ture on peer review assumes that submissions (in our case,
funding proposals) have some intrinsic, objective value,
sometimes referred to as ‘true quality’. This literature takes
submissions’ true quality as the standard of correctness that
reviewers try to adhere to in their assessments. This standard
assumption is challenged in more recent work (e.g. Feliciani
et al. 2022): first, because it makes epistemic correctness diffi-
cult to measure (as we cannot observe true quality directly);
and second, because the very notion that research quality can
be assessed objectively is questionable.

Therefore, we assume instead that reviewers and review pan-
els have subjective standards of correctness—that is, ideal evalu-
ations that might differ between reviewers or between review
panels. The subjective ideal evaluation can be thought of as the
evaluation each reviewer (or panel) would make under ideal
conditions, for example with infinite knowledge, time and
resources. This is a more realistic assumption and makes cor-
rectness somewhat easier to measurable empirically.

To implement these assumptions we model proposals in
the simulation as ‘entities’ with three attributes: their refer-
ence evaluation, the actual panel evaluation, and a bias fac-
tor. Assume there exists a review panel that can work under
ideal conditions and can rank all proposals from best to
worst with perfect accuracy. This is our reference panel; its
evaluation is our standard of correctness and we call it the
reference evaluation. To the extent that different reviewers
and panels will evaluate merit differently, typical panels will
each have their own ‘reference’ version—this is what makes
the notion of reference evaluation a subjective standard of
correctness (Feliciani et al. 2022).

Compared to the reference panel, evaluations of a ‘typical’
peer review panel are: (1) prone to errors for example due to
lack of knowledge, time or other resources; (2) biased—that
is, evaluations are skewed by some attributes that ought not
matter, for example the gender of the applicants (the bias
factor); (3) coarse, meaning that sometimes two or more pro-
posals are indistinguishably good, and so are assigned the
very same grade or ranking position. More formally,
we assume that each review panel evaluates N funding
proposals, and that the evaluation x of a proposal i is:

xi=%x;t+&+ (b x4)

Where x; is the reference evaluation of i, ¢; is random error
in the evaluation of i, and (b;x1) is a quantity that represents
the effect of bias on the evaluation. Reference evaluations x
range in [0,1], where higher values represent a more positive
evaluation. They follow a beta distribution with parameters a
and pB. Generally we assume this distribution to be bell-
shaped (a>1 and > 1), and we allow for it to be skewed
(when a# ). From the literature and from previous research
we know that reviewer evaluations tend in fact to be nega-
tively skewed—meaning that most proposals are found to be
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good, and few proposals are found to be bad (Feliciani et al.
2022). To reflect this we will assume that a> > 1.

The random error ¢ is assumed to be normally distributed
(=0; 6=0,). Its standard deviation o, is a key model pa-
rameter representing the size of the errors made by the typical
review panel compared to their reference panel.

The effect of bias is the product of two terms: b; and 1. The
former represents some attribute (or the combination of mul-
tiple attributes) of a proposal i that may bias the panel evalu-
ation, though it should not. This attribute b; is modeled as a
real number drawn from a uniform distribution in [0,1].
Whether and to what degree this attribute influences the
panel evaluation depends on the evaluation bias (4): this is a
model parameter also ranging in [0,1]. By setting A=0 we
model a review panel whose judgment is not at all affected by
the potential bias towards the attribute b. Conversely, higher
A models biased panels whose evaluation will be unduly
steered by proposals’ attribute b.

The resulting value of x; needs to be truncated to ensure its
range is in [0,1]. We do so as follows:

O, Zf x,-<0
xi=4q x, if 0<x;<1
1, lf x> 1

Lastly, the typical panel evaluation is converted into a
grade on an appropriate grading scale. The preliminary tax-
onomy of funding lotteries by Shaw (2022) highlights the
granularity of the evaluation, or tiering, as an important de-
gree of freedom in designing a funding lottery. Generally,
coarse evaluations imply proposal rankings with fewer and
larger equivalence classes: this means that many proposals
will receive the same grade resulting in many ranking ties.
Therefore, we introduce G as an additional model parameter
that captures the granularity of the evaluation by the typical
peer review panel.

The value of parameter G can be any natural number
larger than 1 and can be thought of as the number of grades
available for a peer review panel to choose from. Peer review
panels usually aggregate the grades assigned by their individ-
ual reviewers, for example by averaging them. Therefore, G
depends on how many reviewers there are on the panel
(denoted R), and on the granularity of the evaluation scale
used by the individual reviewers (denoted y). G then is:

G=AxR-(R-1)

So, for example, if there are R =2 reviewers on the typical
peer review panel who issue a pass/fail grade (thus, 1=2), the
panel as a whole will have G=2x2-(2-1) = 3 available
grades: the top grade if both reviewers choose ‘pass’; the mid-
dle grade if one reviewers chooses ‘pass’ and the other ‘fail’;
and the bottom grade if both choose “fail’.

Therefore, let us denote g; the final grade assigned by the
typical peer review panel to a proposal i. To determine g; we
first discretize the interval of x; (which is [0,1]) into G evenly-
sized partitions. Numbering the panel grades from 1 (worst
available grade) to G (best available grade), we can define the
chosen grade g; as the index number of the partition corre-
sponding to x;. Following the example where G = 3, suppose
that xi=0.6. The interval [0,1] can be partitioned into:
[0,1/3], (1/3, 2/3], (2/3, 1]. The evaluation of 0.6 falls within
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the second interval: thus, on our scale from 1 to G = 3, the fi-
nal grade is g;= 2.

In the end, the evaluations by the typical peer review panel
are used to rank proposals from worst-rated to best-rated.®
Generally, there will be more ranking positions and fewer ties
when G is high. This ranking constitutes the panel recom-
mendations and is used as input for a Type 0—4 selection pro-
cedure, which in turn determines the final funding decisions.

4.2. Types of selection procedures and
funding decisions

In our model, funding decisions are binary decisions (‘fund’/
‘not fund’) made by a review panel on the basis of the ranking
of proposals. We assume that generally, the review panel is
tasked with identifying T proposals for funding: thus, there
will be N funding decisions to be made, T of which will be
‘fund’, and N—T will be ‘not fund’. To increase model real-
ism, we also assume that in selection procedures where a re-
view panel is involved (i.e. Types 0-3), proposals must
receive from the panel a sufficiently positive grade in order
for them to be considered for funding. How high is the bar
for sufficiency is determined by a model parameter denoted 0
with range [0,1]. Formally, proposal i can only be considered
for funding if g; > 6x(G-1).”

How exactly the ranking is converted into funding deci-
sions varies depending on the Type of selection procedure be-
ing run.

In Type O selection procedures—traditional peer review—
the panel recommends for funding the T proposals at the top
of the ranking that received a sufficiently positive evaluation
(gi = 0 X(G - 1)). It can happen that two or more proposals
tie for T™ position because they receive the same final grade
from the panel. The tie is broken by re-evaluating the tied
proposals, following the same equation as above:

xi=%x;+&+(bixA)

Just like before, the new evaluation approximates the refer-
ence evaluation x, plus the random error ¢ and the effect of
bias (b;xA). Of the tied proposals, the panel recommends
funding the one(s) with the highest evaluation x.

Type 1 selection procedures—tie-breaking partial lotter-
ies—work similarly to Type 0, in that they also recommend T
proposals moving from the top of the ranking downwards, as
long as g; > 0x(G - 1). If there are no ties for the T™ position,
a panel following a Type 1 procedure will choose the same
proposals as a panel following Type 0. The difference be-
tween Types 1 and 0 comes about when there are ties for T™
position that need to be broken. Instead of re-evaluating the
tied proposals (as in Type 0), Type 1 panels break the panel
at random uniform.

Type 2 selection procedures—partial lotteries with bypass
—, unlike Types 0-1, always have a lottery element, even if
there are no ties in the ranking. More precisely, Type 2 panels
choose (1) a bypass set of proposals from the top of the rank-
ing (these are funded directly); and then (2) a lottery pool
from which some of the winners are drawn. Let S be the num-
ber of proposals that must be chosen by lottery. Then, the by-
pass set will consist of the T-S proposals chosen from the top
of the ranking.'® The remaining S proposals to be funded will
be randomly drawn from the lottery pool with uniform prob-
ability. The lottery pool consists of all proposals that have
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received a sufficiently high grade and that are not in the by-
pass set.

In Type 3 selection procedures—partial lotteries of fund-
able proposals—all proposals with a sufficiently high grade
enter the lottery pool, and T grant winners are drawn at ran-
dom uniform.

In Type 4 selection procedures—full lotteries—the lottery
pool consists of all proposals. All T funding winners are
drawn at random from the lottery pool.

4.3. Operationalization of epistemic correctness,
unbiased fairness and distributive fairness

Epistemic correctness is operationalized as the rank correla-
tion (Spearman's p) between funding recommendations of
typical peer review panels and their reference evaluation. A
strong positive correlation indicates that funding recommen-
dations align with the subjective evaluation that the review
panel could make under ideal conditions—in other words,
funding is being allocated to those proposals that the panel
should identify as the best, or most funding-worthy.

Unbiased fairness is the degree to which a selection proce-
dure can compensate for the biased evaluations by the typical
review panels. To operationalize unbiased fairness we take
the rank correlation (Spearman's p) between funding recom-
mendations and proposals’ bias factor. The bias factor, recall,
is a real number that defines, for each proposal, the size of
the skew in panel evaluations. It is meant to represent the
(combined) effect of proposal attributes that should not mat-
ter in the evaluation, but which do—for example applicants’
gender, ethnicity, career stage, etc. Technically, we define un-
biased fairness as 1 - |p|. Panels whose decisions are strongly
influenced by these biases will tend to rank proposals in a
way that matches or resembles the ordering of proposals by
bias factors (e.g. senior male applicants at the top, and early-
career female applicants at the bottom). The Spearman p be-
tween funding recommendations and proposals’ bias factor
will therefore be high, and unbiased fairness low. Conversely,
unbiased fairness will score high when there is no correlation
between the irrelevant attributes and the funding decisions.

To measure distributive fairness we simulate Type 0—4 se-
lection procedures multiple times over the same set of pro-
posals. We keep a tally of how many times each proposal has
won funding. Distributive fairness is operationalized as 1—
the Gini coefficient calculated over the tallies.'! As before, a
high score indicates a distributively-fairer decision where,
over the long run, funding is being distributed evenly across
all proposals/applicants. Conversely, a low score indicates
that, over the long run, most of the funding goes to a few pro-
posals/applicants, and most others receive little funding or no
funding at all.

4.4. Outline of the simulation experiment

We conduct our experiment by simulating a number of selec-
tion procedures and systematically varying the conditions un-
der which the selection takes place. Even with an abstract
model of selection such as ours there are many conditions—
degrees of freedom—to consider and explore. This is an over-
view of the main ones:

* Evaluation bias (denoted 1). Correlation between the
evaluation by the typical panel and the bias factor—that
is the proposal attribute, like for example gender, that
should not correlate with the evaluation. A high value A

models a scenario where reviewer evaluations are strongly
biased. This represents the bias of reviewers that an
unbiasedly fair selection procedure should mitigate. An
unbiasedly fair selection procedure will compensate for
this bias by distributing funding evenly across proposals
that were favorably and unfavorably discriminated by
evaluation bias.

Size of the review panel (denoted R). Number of reviewers
in the typical panel. This parameter, too, influences the
number of ties in the panel ranking. Ceteris paribus, a
large review panel as a whole is able to make finer distinc-
tions (and thus have fewer ties in the ranking) than a
small panel.

Granularity of the evaluation scale (denoted y). Number
of grades available for reviewers to choose from.
Generally, more granularity helps reduce the number of
ties in the panel ranking, because reviewers can make finer
distinctions among proposals.

Funding rate (denoted T). Indicates what percentage of all
submissions is to be recommended for funding. For exam-
ple, a high funding rate (e.g. 75%) characterizes a very
generous grant scheme with relatively low competition,
where three in four submissions are awarded funding.
Sufficient merit (denoted ). Funders may elect never to
fund proposals that were rated poorly. Proposals that do
not receive a sufficiently high grade cannot be chosen by
the review panel, cannot enter the lottery pool and gener-
ally cannot be recommended for funding. The parameter
‘sufficient merit’ determines what is the minimum suffi-
cient grade a submission must be given by the typical
panel for it to be considered ‘fundable’. Higher sufficient
merit implies stricter quality requirements.

Lottery choice rate (for Type 2 partial lotteries with by-
pass; denoted S). This parameter is inversely proportional
to the size of the bypass and is more technically defined as
the percentage of proposals that a Type 2 panel will
choose by lottery. The remainder will be directly chosen
by the panel.

We show below a summary table of model parameters
along with the values we have explored in the simulation ex-
periment (Table 3). We have run 100 independent repetitions
for each unique combination of parameters.'? Each repetition
was executed as follows. First, we generated a new set of pro-
posals and reference evaluations; then, we repeated each
Type of selection procedure 100 times. Our outcome meas-
ures (epistemic correctness, unbiased and distributive fair-
ness) are measured separately each time, for each Type and
for each repetition.

5. Results

Figure 1 compares Types of selection procedures under a pa-
rameter configuration that represents typical, non-extreme
conditions. This configuration is characterized by, among
others: a little evaluation bias (1=0.2); a review panel con-
sisting of 5 panel members (R =35), a grading scale with 5
available grades (y=35, e.g. as in a five-point Likert scale
where 1 = ‘bad’; 5 = ‘excellent’); a generous funding rate
(T =50%, meaning that half of all proposals will be funded);
and a fairly low threshold for sufficient merit (¢ =0.5) of the
submitted proposals.
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In Figure 1, the different Types of selection procedures are
shown on the Y-axis and are ordered by role of randomness,
from Type 0 to Type 4. This includes the different flavors of
Type 2 partial lotteries based on the lottery choice rate
adopted (Se {10, 50, 90}%). The plot is divided into three
panels, each dedicated to one of the three measures of fairness
(X-axis). Violins (gray) and boxplots'?® (colored) show distri-
butions across simulation runs.

At a glance, the effect of randomness on fairness is mono-
tonic: increasing the role of randomness (i.e. selecting a
higher-numbered Type) generally degrades epistemic correct-
ness while improving unbiased fairness and distributive fair-
ness. As can be expected, traditional peer review (Type 0) is
better performing in terms of epistemic correctness, whereas
the various lottery Types (1-4) do better with regard to

Table 3. Summary table of model parameters and their explored values.

Parameter Value Description

N 100 Number of proposals.

a, p a=10;=3 Parameters of the beta distribution of
reference evaluations.

Ce 0.1 Size of evaluation errors.

A {0.2,0.5} Size of evaluation bias.

G,R,y Re{3,5,7} Granularity of the ranking of

y€{3,5,10} proposals by the typical peer review
This results in: panel. G is the number of available
Ge{7,11,13, ranking positions, and is
15,21,28, determined by R (the number of
29, 46, 64} reviewers on the panel) and by y
(the number of grades available for
each reviewer to choose from).

T {25, 50,75} % Funding rate.

0 {0.25,0.5,0.75} In Type 0-3 funding procedures, 0 is
the ‘sufficiency bar’: a threshold
that determines whether grade g is
sufficiently high for a proposal to
be funded. Proposals with a grade
lower than x(G-1) cannot
be funded.

S {10, 50, 90} % Lottery choice rate. In Type 2 funding

procedures, this parameter denotes
the percentage of proposals to be
chosen by lot.

Underscored values represent what we call a ‘non-extreme’ condition.

epistemic correctness

Type 0 -}

Type 1 -}
Type 2, S=10 ofs
Type 2, S=50 —[
Type 2, S=90 —1+

Type 31 eo=1l—

Type4] ={I[}=-

unbiased fairness
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ethical considerations: they better compensate for evaluation
bias (higher unbiased fairness) and distribute funding more
evenly (higher distributive fairness).

However, Figure 1 also shows some less predictable results.
Across epistemic and ethical considerations, Type 0 performs
very similarly to Type 2 and, to a lesser degree, to Type 2
(when §=10). Types 0 and 1 have nearly identical scores on
epistemic correctness and unbiased fairness; only in distribu-
tive fairness they come apart, with Type 0 coming at the bot-
tom. This suggests that, at least under the conditions
explored in Figure 1 and for these metrics of fairness, tradi-
tional peer review may not be distinguishably—or meaning-
fully—different from those Types of lotteries where chance
plays a limited role.

We observe a similar pattern for Type 3 (which we labeled
‘partial lotteries of fundable proposals’) and Type 4 (full lot-
teries). They have very similarly high scores in unbiased and
distributive fairness. They only differ in epistemic correct-
ness, where Type 4 performs more poorly.

Another unanticipated result concerns Type 2 partial lot-
teries with bypass. Across all notions of fairness, the perfor-
mance of Type 2 procedures seems to greatly depend on the
lottery choice rate (parameter S). When the lottery choice
rate is low (e.g. Type 2, S=10), Type 2 resembles Type 0-1
in having very high epistemic correctness and very low unbi-
ased and distributive fairness. Conversely, when the lottery
choice rate is high (Type 2, S=90), Type 2 resembles Types
3-4, with very low epistemic correctness and very high unbi-
ased and distributive fairness. Considering that Type 2 proce-
dures are in use by several funders (see Section 3, Table 2)
and that we could find no literature that describes, motivates
or attempts to evaluate the lottery choice rate in these selec-
tion procedures, the role of the lottery choice rate in Type 2
lotteries seems to be an underappreciated consequential as-
pect of lottery design.

All these things considered, we may synthesize these find-
ings by grouping selection procedures into low randomness
and strong randomness Types. Low randomness Types are
procedures where lottery plays little to no role. These include
Types 0-1 (traditional peer review and tie-breaking partial
lotteries), as well as Type 2 partial lotteries with bypass and
low lottery choice rate (e.g. Type 2, S=10). Conversely,
strong randomness Types are procedures where funding

distributive fairness
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Figure 1. Comparison of the three types of fairness of various grant selection procedures under non-extreme conditions (technically, A=0.2, R=5, y =5,

T=50%, h=0.5).

$20z Jaquiardesg 9Q uo Jasn o)) abs|j0) Ausieniun AQ ZZESE L //SZ0BBAY/L/SE/B101HE/AS)/WO0D dNO"dIWBpEIE//:SANY WO} POPEOJUMO(]



Research Evaluation, 2024, Vol. 33, No. 1

decisions are mainly or solely determined by chance. These
include Type 2 with high lottery choice rate (e.g. Type 2,
§=90) and Types 3—4 (partial lotteries of fundable proposals
and full lotteries).

With this grouping of selection procedures in mind, we can
say that low randomness Types are better at allocating fund-
ing consistently with the evaluation of the peer review panel
(high epistemic correctness). Conversely, strong randomness
Types are better at correcting evaluation biases by the panel
(high unbiased fairness) and at awarding grants more evenly
across applicants and proposals (high distributive fairness).

The Supplementary appendix presents more fully the
results from other regions of the parameter space. The find-
ings presented thus far persist under many of the explored
conditions; but there are noteworthy exceptions that we re-
port here.

These exceptions emerge in a few circumstances, particu-
larly if we assume stronger competition among proposals
through, for example, a lower funding rate or tougher
‘sufficient merit’ requirements.'* This scenario may be partic-
ularly relevant because these conditions of stronger competi-
tion are more representative of typical funding calls in the
real world where submissions are many but funding is scarce.
Figure 2 illustrates this scenario by showing simulation
results where all conditions are the same as in Figure 1 except
for the funding rate (here set to a lower level, T=25%) and a
higher-than-earlier bar for sufficient merit (0 =0.75).

The first emerging exception we can see in Figure 2 con-
cerns distributive fairness: under stronger competition, the ef-
fect of randomness on distributive fairness is not monotonic.
Here, tie-breaking partial lotteries (Type 1) show better dis-
tributive fairness than both traditional peer review (Type 0)
and low randomness partial lotteries with bypass (Type 2,
§=10); and this is different than in Figure 1 where we had
the monotonic effect on distributive fairness: Type 0 < Type
1 < Type 2. The reason why Type 1 can outperform Type 2
(§=10) under strong competition lies with the composition
of the lottery pools in these selection procedures. Recall that
in Type 1 the lottery pool only comprises proposals that tie
for the last fundable ranking position; whereas in Type 2 the
pool comprises all proposals that received a sufficient grade.
With strong competition the selection is being made among
many proposals with a very positive evaluation, and many of

epistemic correctness

unbiased fairness

these might tie for the last fundable ranking position. Thus,
the lottery pool in this condition may be larger for Type 1
than Type 2 (§=10). In turn, a larger pool can result in
awards being distributed more evenly among proposals,
eventually leading to higher distributive fairness for Type 1
than for Type 2 with §=10. Furthermore, as can be seen in
Figure 2, while strong competition affects the relative perfor-
mance of Type 1 and Type 2 in terms of distributive fairness,
it does not affect their relative performance in terms of episte-
mic correctness and unbiased fairness. Ultimately, this is be-
cause the lottery pool in Type 1—however larger—tends to
comprise higher-rated proposals than in Type 2. In sum, this
suggests that, according to all definitions of fairness exam-
ined here, when there is strong competition a tie-breaking
partial lottery might be the selection procedure with the high-
est distributive fairness among all low randomness Types.

The second noteworthy new result that emerges under
strong competition (Figure 2) concerns the differences among
strong randomness Types. These differences were subtle and
mostly limited to epistemic correctness in Figure 1; by con-
trast, under strong competition these differences between
partial lotteries of fundable proposals (Type 3) and full lotter-
ies (Type 4) are wider across all measures. Specifically, Type
4 is markedly less epistemically correct than Type 3 and the
rest, and markedly more unbiasedly and distributively fair.

This is an important finding about the difference between
partial and full lotteries. Whereas Type 4 full lotteries do not
involve any peer review panel, Type 3 partial lotteries do in-
volve a panel, albeit to a limited capacity (the panel is only
tasked with determining which proposals are ‘fundable’). The
differences between Type 3 and 4 in Figure 2 demonstrate
that, however minimal, the involvement of peer reviewers can
make a big difference, under the right conditions. Peer review
panels can steer funding decisions in the directions of refer-
ence panel evaluations (higher epistemic correctness); inject
bias in funding decisions (lower unbiased fairness); and/or
lead to the concentration of resources in the hands of a few
(lower distributive fairness).

6. Conclusion and discussion

In this study we introduced an expanded taxonomy of selec-
tion procedures in science funding systems. Our expansion

distributive fairness
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Figure 2. Comparison of the three types of fairness of various grant selection procedures under a stronger competition condition: lower funding rate T

and higher 0 (1=0.2, R=5, y=5, T=25%, 6=0.75).
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allows us to further distinguish among ‘Types’ of selection
procedures adopted by research funding organizations that
were all previously classified as ‘partial lotteries>—despite
their large differences in implementation. In the expanded
taxonomy we rank selection procedures by the role of ran-
domness from Type O (traditional peer review), where there
is no randomness involved, to Type 4 (full lotteries), where
all grant winners are determined exclusively by chance.

Then, we compared these Types of selection procedures in
terms of two often-conflicting desired properties, or
‘desiderata’: epistemic correctness and ethical considerations
including unbiased fairness and distributive fairness. We base
our comparison of Types 0—4 on simulated counterfactuals
run in numerical (Monte Carlo) experiments. Numerical sim-
ulations allow us to quantify how exactly each Type performs
in terms of epistemic and ethical considerations, and how the
performance varies under different conditions (e.g. for differ-
ent funding rates, different review panel sizes, etc).

The simulation results show that the big distinction in epi-
stemic and ethical considerations of fairness may not distin-
guish between traditional peer review and funding lotteries
overall, but rather between low- and strong-randomness
Types. Under most conditions, we find that ‘low-random-
ness’ Types (i.e. Type 0, traditional peer review, and Type 1,
tie-breaking lotteries) with small distinctions similarly priori-
tize epistemic correctness at the expense of ethical considera-
tions. The distinction among strong-randomness Types such
as Type 3 (partial lotteries of fundable proposals) and Type 4
(full lotteries) is bigger than among low-randomness types
but they also similarly prioritize ethical considerations at the
cost of lower epistemic correctness.

The similarity among low-randomness and among strong-
randomness Types can be important for funders to consider.
For example, if Types 0 and 1 are similarly fair, what is the
point of adopting a controversial Type 1 in the first place?
The decision to choose a higher-randomness Type (e.g. Type
1 over 0, or Type 4 over 3) should be based on some other
criteria such as their costs and public acceptance.
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Another unexpected finding that deserves discussion is the
large variation in the performance of partial lotteries with by-
pass (Type 2) which are being run by several funders. The
performance of Type 2 strongly depends on the lottery choice
rate: when only a few of the awards are determined by lot,
Type 2 procedures balance epistemic and ethical considera-
tions in the way low-randomness Types 0 and 1 do. When
most of the awards are determined by lot, Type 2 is at the op-
posite end of the spectrum, coming closer to high-
randomness Types 3 and 4. Funders adopting a Type 2 selec-
tion procedure should therefore be aware that the lottery rate
can be very consequential, tune it carefully, and perhaps most
importantly, make it known to applicants and the public.

More broadly, our results exemplify the usefulness of our
simulation model—and of simulation experiments in gen-
eral—as tools to ask new research questions, inform the de-
bate on science funding allocation and, eventually, advise
policy. Re-elaborating the results from Figure 1 in another
way, for example, we can highlight the balance between epi-
stemic and ethical considerations in a two-way plot that
shows which areas of the plot are covered by each Type (see
Figure 3). Given the priorities set by different funders, plots
such as those proposed in Figure 3 can be generated showing
the expected performance of each Type for the conditions set
by the funder for a given funding call (from the expected
funding rate, to the number of reviewers available, the evalu-
ation scales adopted, etc). Such plots can inform funders as to
which Type of selection procedure best meets the mix of de-
siderata they set for specific calls.

Our research has several limitations, the first of which is
the very narrow domain of validity of our results. On a meth-
odological level, our findings follow deductively from a series
of assumptions about the grant selection process: how pro-
posals are submitted, how review panels make their evalua-
tion and how selection procedures are implemented. We tried
to surface these assumptions and to balance model realism
and plausibility with experimental needs to the best of our

—— TypeO

—— Type 1

—— Type 2

o %03 W ~— Type 3
Y 1 ype

) ‘3.. % Type 4
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Figure 3. Re-elaboration of the results presented in Figure 1. Here, points are individual simulation runs under non-extreme conditions (1=0.2, R=5,
y=5, T=50%, 6=0.5). Plot axes show the desiderata, epistemic correctness (X-axis) and ethical considerations (unbiased fairness on the Y-axis of the
left-hand panel; distributive fairness on the Y-axis of the right-hand panel). Color represents the Type of selection procedure. Shaded areas show the
convex hull of each Type, with some padding for visual clarity. The distribution of convex hulls on the plane shows how each Type balances the two

desiderata under the specified conditions.
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ability. However, our findings are only as good as the under-
lying assumptions are sound.

On a more substantive level, here we only considered some
aspects of fairness in grant allocation. Fairness is of course an
important consideration for funders who are considering
adopting lotteries, but there are other considerations being
discussed in the literature that may be of equal or greater im-
portance—mainly cost, time savings and workload for appli-
cants and reviewers (Avin 2015; Fang and Casadevall 2016;
Gross and Bergstrom 2019; Conix et al. 2021; Dresler et al.
2023). Another is diversity, often mentioned as an argument
in favor of implementing funding lotteries (Horbach, Tijdink
and Bouter 2022); and while here we did examine the related
concept of distributive fairness, diversity is a more general,
multifaceted idea. Other considerations concern potential
unintended consequences of lottery systems on the produc-
tion of science (see e.g. Reinhart and Schendzielorz 2020;
Reinhart 2021). One last consideration is the public accep-
tance of funding lotteries as alternative to traditional peer re-
view: for instance, Type 4 selection procedures seem not
welcome by scholars, though opinions may be more nuanced
when it comes to Type 1-3 partial lotteries (Liu et al. 2020;
Reinhart and Schendzielorz 2020; Philipps 2021, 2022;
Barlosius and Philipps 2022; Barlosius, Paruschke and
Philipps 2023). Acceptability by funders and by the wider
public is also under discussion (Barnett 2016; Bouacida and
Foucard 2020).

Lastly, we remind the reader that ours is just a simulation
experiment. While it does offer insights into what we might
expect of funding lotteries, these expectations will need to be
tested empirically. This might be possible in the near future
when funders who are running lotteries today will have gath-
ered sufficient data for researchers to retrospectively compare
selection procedures. Data needed for studying lottery-based
selection procedures primarily entail microdata on appli-
cants, ranging from their demographic characteristics to the
calls they participated in, to the outcomes of their applica-
tions—from review panel evaluations to final funding deci-
sions. Second, data on the selection procedure adopted for
each call are also needed—including a description of the peer
review process and the adopted procedure for drawing lots.
We particularly encourage researchers to re-use or extend our
simulation model in order to explore relevant questions or
test their empirical assumptions.

Ultimately, funders who are implementing lottery-based
grants are in a unique position to also enable and pioneer em-
pirical research on funding lotteries. Involving these funders
in future research on funding lotteries—first and foremost via
data sharing agreements—seems the only way forward for in-
vestigating funding lotteries empirically.

Future research should also examine more closely the inter-
play between selection procedures Types 0—4 and the other
aspects of the design of selection procedures (Fiss 2007). Two
particularly relevant aspects are, for instance, weighting and
tiering (Shaw 2022). In short, weighting refers to the idea of
assigning a different number of ‘lottery tickets’ to different
proposals, as a way to proportionally favor disadvantaged or
otherwise underrepresented groups of applicants; tiering
refers to a panel’s capacity to construct finer-grained rank-
ings of proposals. These two aspects are orthogonal to the as-
pect of partiality that we captured by teasing apart Types 0—4
and they may be consequential for the epistemic correctness
and unbiased/distributive fairness: weights are conceived as a

1

means to better distribute research resources among appli-
cants; and tiering affects the performance of all Types of se-
lection procedures. Research on the interplay between the
role of randomness (i.e. from Type 0 to Type 4), weighting
and tiering of selection procedures is the natural next step in
this line of research.
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Notes

1. A tentative list of funders who have introduced a funding lottery is
provided below in Section 3, Table 2.

2. We set aside the distinction between a ‘more even’ distribution of
funding and the notion of ‘perfect equality’. While funding lotteries
might in principle distribute funding more evenly than traditional peer
review, they are not ideal method of distributing funding perfectly
evenly across applicants. By definition, the ideal method would be an
‘egalitarian sharing’ of government research funding among eligible
researchers, e.g. by replacing grants with stipends, the same for all
researchers, and possibly adjusted to compensate for differences in
costs (e.g. of equipment) between research fields. Although the pro-
posal of egalitarian sharing has been considered in the literature
(Martin 20005 Sakamoto 2023; Vaesen and Katzav 2017), egalitarian
sharing does not belong in the extended taxonomy of selection proce-
dures because it requires no selection at all and therefore, in the strict
sense of the term, it is not a selection procedure.
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3. Here we discuss ‘indistinguishability’ around the funding line.
Admittedly, other authors have found that the ‘area of indistinguish-
ability’ may not be (limited to) near the funding line (for a discussion,
see Shaw 2022, Section 4.2.4). Greenberg’s argument extends to these
cases, t00.

4. Historically, the idea of partial lotteries originates in an electoral sys-
tem in Renaissance Florence known as scrutinio e tratta (‘scrutiny and
lot’). Scrutinio e tratta is a form of sortition where several candidates
were elected or nominated for the same public office; the winner
among them was then determined by lot. It was proposed as a method
to preserve political balance in the city, preventing all political offices
from being assigned to one faction, the powerful Medici family and
their allies (Najemy 1982).

5. Concerning weighting, we will assume that no weighting is applied
(all proposals in a lottery pool have the same chance of winning—ie
uniform win probability). Concerning tiering, we will assume that the
number of possible ranking positions (‘granularity’) depends solely on
(1) the number of reviewers on the peer review panel, and (2) the num-
ber of available grades that each reviewer can choose from. We will
set both to plausible values. Implementation details are discussed in
Section 4.1.

6. This generally follows Shaw’s distinction between non-lotteries (which
we denote Type 0), ‘partial’ lotteries (Types 1-3) and ‘non-partial’ lot-
teries (Type 4) (Shaw 2022).

7. Practically, the bypass in Type 2 selection procedures can be done via
‘wildcards’ or ‘unanimous approval’. Wildcards are the opportunity
given by the funder to individual reviewers to arbitrarily choose one
or a few proposals to be funded, even though the rest of the review
panel would disagree. By contrast, bypass by unanimous approval
means that all reviewers must agree that a given proposal should be
funded, for it to bypass the lottery. Despite this implementation differ-
ences, in both cases it is optional for the panel to choose a bypass set
(whereas it is a requirement for it to choose a lottery set). We do not
reflect this distinction in the taxonomy because the role of chance in
the final funding decision is the same in both cases.

8. Because evaluations are coarse, the ranking will generally be a weak
ordering of the evaluated proposals—that is, two or more proposals
might tie for the same ranking position.

9. This implies that, by setting 6 =0, the model reproduces a selection
procedure where there are no ‘sufficiency of grade’ requirements.
Conversely, §=1 reproduces a selection procedure where only pro-
posals that obtained the best possible grade are considered
for funding.

10. If there are ties for the T-S™ position, the tie is broken at random uni-
form. If, among the T-S highest-ranking proposals there are some that
received an insufficient grade, these are removed from the bypass set,
and the lottery pool will be empty—this is a degenerate case where
Type 2 is equivalent to Type 1.

11. For a similar operationalization, see Squazzoni and Gandelli (2013)
and follow-up work.

12. In other words, we ran a full-factorial experiment design. In the case
of parameters G, R and y we disregarded R and y in the factorial ex-
perimental design and only considered G instead. This is for simplic-
ity: of the three, G is the only parameter of interest and R and y have a
predictable, positive linear effect on G and therefore on the simula-
tion results.

13. Boxplots display the quartiles of the distributions (first: outside of the
box, on the left; second: left part of the box; third: right part of the
box; fourth: outside of the box, on the right). The vertical line inside
the boxplots is therefore median; and the whiskers outside of the box-
plots extend horizontally 1.5 times the interquartile range.

14. These exceptions are observed not only when we model stronger com-
petition (lower T and higher 6, but also when we increase the evalua-
tion bias by the typical panel, 2; and if we reduce the granularity of
the panel ranking, e.g. by lowering R and/or y. Results from these
other conditions are presented in the Supplementary Data.
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