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Abstract
Here, we argue that polygenic risk scores (PRSs) are different epistemic objects as compared to other biomarkers such as
blood pressure or sodium level. While the latter two may be subject to variation, measured inaccurately or interpreted in various ways, blood flow has pressure and sodium is available in a concentration that can be quantified and visualised. In stark
contrast, PRSs are calculated, compiled or constructed through the statistical assemblage of genetic variants. How researchers
frame and name PRSs has consequences for how we interpret and value their results. We distinguish between the tangible
and inferential understanding of PRS and the corresponding languages of measurement and computation, respectively. The
conflation of these frames obscures important questions we need to ask: what PRS seeks to represent, whether current ways
of ‘doing PRS’ are optimal and responsible, and upon what we base the credibility of PRS-based knowledge claims.
Abbreviations
GWAS	Genome-wide association studies
PRS(s)	Polygenic Risk Score(s)
RCT	Randomized clinical trial
SNP	Single nucleotide polymorphism

Introducing PRS
PRSs are used for investigating the genetic contribution to
complex diseases and traits, the overlap in genetic contribution between multiple diseases and traits, and the contribution of genetic risk factors in their prediction. PRSs were
introduced as a heuristic to handle the large number of SNPs
that are implicated in complex diseases and traits. When
the number of SNPs became too large to include them as
separate variables in regression analysis, PRSs became a
pragmatic alternative strategy for calculation. Some of the
earliest studies that investigated the combined predictive
performance of clinical and genetic risk factors included
a handful of SNPs as separate variables in the prediction models (e.g. Maller et al. 2006; Seddon et al. 2009).
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Others included unweighted risk scores where all SNPs were
counted equally (Meigs et al. 2008; van Hoek et al. 2008;
Lango et al. 2008), but soon the weighted scores became
the standard (International Schizophrenia Consortium 2009;
Talmud et al. 2010). In the weighted scores, risk alleles are
first multiplied with their weight before they are summed
into a score.
In recent years, the construction of the PRS has become
more advanced. PRSs are still calculated as sum scores, but
the estimation of the weights has become more sophisticated (Choi et al. 2020). When PRSs are constructed from
genome-wide significant SNPs only, weights are generally
taken from GWAS. When they are constructed from all
genotyped SNPs and include millions of variants, then the
estimation of the weights may take into account the weights
of neighboring variants. It is known that GWAS weights may
be overestimated and that the weights are pooled effects,
largely dictated by the largest studies in the GWAS metaanalysis, and they may not generalize to other populations
(Choi et al. 2020). The sum score is considered appropriate because it fits the distribution of genetic variation for
complex diseases that was outlined by Fisher (Visscher and
Goddard 2019). That this sum score is considered appropriate, does not mean that the only way to approach that
distribution is by putting all SNPs into a single score, in the
way it is currently done. This has generated discussion about
PRS, and about the appropriateness of the particular statistical approaches, it contains in particular (e.g. Wald and Old
2019; Janssens 2019).
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PRSs are also used in the context of the study of traits or
characteristics that are not usually or at least not primarily
considered genetic. This further stimulates continued critical examination of the aforementioned decisions and their
(potential) consequences. To name but a few, PRSs are used
in the study of household income (Hill et al. 2019), educational attainment (Lee et al. 2018), or even entrepreneurship
(Rietveld et al. 2020). This has led to an ongoing conversation about PRS and questions about the validity, limits,
character and characteristics of the method (Janssens 2019).
Hence, we should ask ourselves how we should understand
the method and the scientific claims it generates.

Situating PRS
To help understand and explain different levels of credibility
assigned to scientific methods, approaches and claims, the
sociology of science and knowledge scholar Harry Collins
proposes to differentiate between tangible and inferential
experiments and observations (2019, pp. 114–122). In tangible experiments or observations, statistical claims form
only a part of the support for the claims they produce. The
rest of the support is not statistical, but tangible, and consists
of described mechanisms, visible or understood. “When an
outcome is tangible”, Collins writes, “this [understanding]
can support a statistical inference” (p. 115). In inferential
experiments or observations, the evidence consists solely of
statistical claims. Inferential experiments or observations are
not inferior to tangible ones, but the process through which
they build credibility for that evidence is different. Tangible
outcomes can seek alignment with existing credible word
views, where inferential ones cannot.
The distinction between the tangible and the inferential
is a conceptual clarification of an argument he and Trevor
Pinch made over a decade ago. Collins and Pinch sketch
examples of hypothetical research on a condition called
‘undifferentiated broken limb’ (Collins and Pinch 2008, pp.
32–33). First preliminary studies, they write, showed that a
cast applied to the left leg led to full recovery in up to 25%
of all cases. A subsequent randomised clinical trial (RCT)
to consolidate the efficacy of casting the left leg confirmed
the preliminary findings.
A clinical study on the efficacy of casting without checking which leg is broken is, and we hope all agree, quite
absurd. We realise that it is absurd because a cast is a tangible intervention: we ‘know’ that casting a leg that is not broken will not heal the leg that is broken. In other words: one
would always check which limb is broken and use this (tangible) observation to inform which limb needs a cast. Thus,
the determination of what constitutes a reasonable treatment
draws its credibility not from the statistical or methodological rigour an RCT can provide, but from everybody knowing
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that the tangible intervention will lead to the tangible outcome: casts applied to the right limb will heal the broken
limb. This formal type of evidence can be nice as an extra,
a bonus, if we have some understanding of the mechanism
of a problem, but the credibility of an intervention does not
depend on it, whether that is a cast for a broken limb or—
another famous example—the value of a parachute when
jumping out of an aeroplane (Yeh et al. 2018). A broken arm
or leg and the cast that accompanies them, as well as parachutes and aeroplanes for that matter, are tangible objects in
our lives. We can all reasonably produce a narrative credibly
connecting the intervention (a cast applied to a broken limb;
or jumping from a plane without a parachute) to the tangible
outcome (improved healing of that limb; death) that would
be convincing to all or most audiences without any need for
statistics.
Many of the research contexts in the medical, life and
psychological sciences do not have the “luxury” of tangible
interventions and outcomes. A treatment, a cure, or a protocol can work without tangibility, in which the meaning of
‘work’ differs per situation, but, this lack of tangibility limits
ways to build credibility and trust for the intervention. For
inferential interventions and outcomes, the evidence consists
of statistics alone. When the credibility of a scientific claim
rests only on statistical inference, Collins argues, this produces fragile credibility. It has to rest upon the assumption
that everything has happened according to the rules of the
game, no mistakes were made, no actors or circumstances
may have had an undue influence, and a lot more. To Collins,
this fragility manifests itself in ‘statistical paranoia’ in the
form of explicit rules and thresholds, clear protocols, preregistrations and endless possibilities to question and discredit
the claim. This contrast, Collins argues, shows that “[w]
e only reach for statistical punctiliousness when we don’t
know what is going on” (Collins 2019, p. 115). While these
rules and thresholds are also applied to tangible experiments
and observations, in that case, a little bit of “post-hoccery”
is less of a problem, since the credibility of the scientific
claim draws from the tangible outcome, and rests less on the
numbers. This stronger credibility that may withstand some
“post-hoccery” is not an excuse or permission to p-hack
or cut corners. Rather, it helps explain why, after errors or
wrongdoing have been discovered, some claims remain credible. In the case of inferential experiments, the opposite is
the case and every little taint on the study quickly erodes its
credibility—hence its fragility.

Framing PRS
When does something fall in the tangible category and when
in the inferential? How do we describe the differences? The
answer is not straightforward since no outcome is absolutely
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tangible. Even relatively direct measurements, such as
height, weight or temperature are to some extent dependent on human decision-making (Chang 2004). While such
decisions may influence measurements (do we weigh people with or without their underwear?), they do not seriously
deny measurability. On the tangible end of the spectrum, we
find height, weight, numerical counts, and on the inferential
end, we find complex networked assemblages such as IQ
scores or personality tests. Access to the object of study is
an indicator for tangibility, as is the materiality of the object
of study (arms, legs, parachutes, proteins, etc.). The use of
terminology such as “measurement” rhetorically suggests
such access, as does language centering on discovery (‘discovered’, ‘revealed’, ‘found’, etc.).
In the case of PRSs, the vocabulary of measurement
is used by some. For instance, Frank et al. (2015) write
“genetic risk was assessed by measuring the polygenic risk
score” and Domingue et al. (2014) write “Genetic risk was
measured using the genetic risk score for Europeans (GRSE)”. When authors write that they measured PRS, they suggest that their analyses are tangible experiments and that
PRS is “out there” to be documented. Other authors write
about calculating (e.g. Derks et al. 2012), assembling (Dron
and Hegele 2018), or compiling (Papiol et al. 2014) PRSs,
conceptualising their method as inferential. The wording
reveals how authors frame PRS (Goffmann 1974) and how
they think about the credibility of their claims, intentionally
or unintentionally.
In the aforementioned, we can distinguish two frames. Let
us call the former “measurement” and the latter “computation”. These conceptual frames are ways to define situations,
organise collective experiences about them, as well as offer
avenues for action (Goffmann 1974). All our engagements
with the world use frames since observing or speaking about
the world in all its intricacies is impossible. Frames make
understanding and communication possible and there is no
science communication that is unframed. However, the same
situations can be described through multiple frames. Multiple frames may coexist or one frame may dominate over
others. Since frames are implicit, it is often difficult to recognise them. In the case of PRS, measurement (tangible) and
computation (inferential) frames seem to co-exist. Whether
such framing is intentional, is unknown.
Frames have consequences. Framing allows a certain
definition of a problem, the attribution of blame, and the
legitimation of some solutions while delegitimizing others
(Saguy 2012). An example: discussions on research integrity
distinguish between the ‘bad apples’ and the ‘bad baskets’
frames (corrupted individuals or corrupted structures). If a
concrete digression is framed as a problem of a bad apple,
the individual scientist is to be blamed and their moral character was the problem (Zwart and Ter Meulen 2019). Firing
the scientists and educating the rest would be the obvious

solution. If the same digression is framed as a bad basket
problem, the system is blamed and the rewards and incentives hardwired into science as seen as the problem—redesigning them would be the obvious solution.
PRS literature frames PRS as either “measurement” or
as “computation”. These frames imply either the presence
or the absence of a tangible outcome, and, therewith, a narrative explaining that outcome. In the case of PRS, the two
frames position the genetic origin of complex diseases and
traits either as tangible or as inferential. The “measurement”
frame argues that predicted risk is such a tangible outcome
and, as a consequence, provides protection against what Collins calls ‘statistical paranoia’. The “computation” frame
foregoes that protection by arguing that the risk prediction
is computed. That these frames exist and exist next to one
another does not mean that all researchers who employ them
are aware of them. Unintentional or not, framing still has
consequences.

Portraying PRS
PRSs belong, in our view, on the inferential end of the
spectrum. In other words, we see PRS as a concept that is
actively constructed: as “computation”. PRSs are sophisticated calculations and the product of statistical innovation. PRSs are constructed out of a variety of components,
brought together as a heuristic for managing the intricacies
of the genetic contribution to the origins of complex diseases and traits. In the statistical synthesis that brings them
into being, we can discern various choices, all shaping a
concept—the risk score—that is far from tangible. Framing
PRS as measurement comes with a language of discovery
and thereby, obscures those choices and obscures the many
intermediaries required to produce a polygenic risk score.
The computation frame offers, at the very least, a possible
window on this production process and the display of the
underlying choices through the language it employs: that of
a process to be managed and maintained.
Language matters. All scientific language renders certain
elements of the practice more visible and others less visible. The passive voice is a famous example. It renders the
researcher(s) invisible, suggesting objectivity by deleting
the subject. This rhetorical strategy or frame, also called
the “God trick” or the “voice from nowhere”, is heavily critiqued for exactly this reason (Haraway 1991). The inferential ‘computation’ frame emphasizes that the object does
not exist ‘out there’, tangibly, but that it is the result of a
process of computation. Furthermore, the inferential frame
allows experts and others to judge, weigh and decide how
credulous or sceptical to be when approaching the knowledge claims surrounding PRSs. The computation frame
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promotes continued thinking over the meek acceptance of
PRS as a black box.
We have to think about how we speak about things,
including but not limited to PRSs. Our scientific vocabulary allows us to differentiate between the tangible and
the inferential and between measurement and computation frames even without explicit reference to the sociological theory we mention in this text. We invite scientists
and scholars who develop and use PRSs to reflect upon
the objects they are producing and discussing, and use
appropriate language when they do. To compute, calculate, construct, compile, or even to build or assemble, does
justice to the process and labour that results in PRSs and
to the relationship they have to the biological world they
aim to describe. It establishes PRS not as tangible but as
inferential, the result of a distinct and specific statistical
process populated by assumptions, traditions, and tools
and separated from the biological world through a substantial series of intermediaries and proxies, a process
that can be improved, adapted, optimised and more. This
language also allows the recognition of the expertise, skill
and labour it requires to compute PRSs well, as opposed to
a language of discovery (Bartlett et al. 2017).
The words and numbers that we use, shape the world we
aim to describe with them. When it comes to PRS, an open
conversation about framing would stimulate us to continually and critically think about the constitutive ingredients
of PRS, and the statistical and social translations required,
as well as what this means for its legitimate and responsible use in (clinical) practice. When PRS is framed as
an inferential outcome, this conversation should include
questions about what PRS exactly tries to represent and
whether it accomplishes this representation, and if so, how
it compiles this representation optimally and responsibly.
As a final note, the way we position, interpret and
describe PRS as either tangible or inferential is not necessarily forever stable. As the knowledge base underpinning
genetic variance and our understanding of the mechanisms
through which they contribute to phenotypic variance
grows, the constitutive elements of PRS may advance
slowly towards the tangible and thereby assemble defenses
against statistical paranoia (Collins 2019). When this happens, vocabularies may responsibly shift along. But today
is not that day.
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