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Reverse inference (RI) is a crucial inferential strategy widely employed
in cognitive neuroscience to derive conclusions about the engagement of cog-
nitive processes from patterns of brain activation. Despite its central role, in
recent years RI faced increasing skepticism in the neuroscientific community,
especially after the influential critique advanced by leading neuroscientist
Russell Poldrack (2006). Poldrack’s paper triggered a hot debate, but no
convincing solution seems still on offer.

In this paper, we provide an assessment of this debate and advance some
positive suggestions about the methodological status of RI. First, we pre-
cisely characterize RI by analyzing relevant case studies in the neuroscientific
literature, including the famous fMRI study of moral reasoning by Greene
et al. (2001). Second, we survey different proposals in the literature that
conceptualize RI either as Bayesian inference (Poldrack 2006; Hutzler 2014),
in purely “likelihoodist” terms (Machery 2014), or as a form of abductive
reasoning (Poldrack 2006; Bourgeois-Gironde 2010).

Third, we argue that the notion of confirmation as studied in Bayesian
philosophy of science (Crupi 2020; Niiniluoto 2018) helps clarifying various
aspects of RI while conforming to the intuitions of practising neuroscientists.
We conclude by exploring the implications of our analysis for the current
methodological debate within the neuroscientific community.

Reverse inference and its problem: mapping the debate. In a typ-
ical neuroimaging study, the experimenter observes patterns of neural ac-
tivation in subjects performing a task and infers, on the basis of previous
relevant knowledge, the likely engagement of one or more relevant functions.
A now classical example is the fMRI-based study of moral judgment con-
ducted by Greene et al. (2001). Participants were requested to evaluate the
moral permissibility of an action in two different kinds of moral dilemma.
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Greene et al. (2001) found that different judgments correlated with different
patterns of brain activation. Previous literature showed how the relevant
areas were activated by specific cognitive functions, like emotion processing.
From this, the authors concluded, by RI, that different moral judgments
were due to the different emotional response elicited by the two dilemmas.

The use of RI raises a couple of interesting issues. First, as Poldrack
(2006) notes, from a logical point of view RI reflects the fallacy of “affirming
the consequent”: from the fact that cognitive process C recruits a pattern
of brain activation A, and that A is indeed activated in the task, one infer
the actual engagement of C. Following C. S. Peirce, philosophers of science
call “abduction” such a fallible, non-deductive form of reasoning, which is
still central in science (Niiniluoto 2018).

Second, a crucial weakness of RI has to do with the degree of selectivity
of the neural response. In short, the more a given brain region is engaged
by different cognitive processes, the less specific it is. As a consequence,
a RI relying on the activation of a lowly specific region will provide only
weak evidence in favor of its conclusion. Moreover, a larger size of the
brain area chosen as the region of interest may alsp decrease the degree
of selectivity (Poldrack 2006). Both neuroscientists and philosophers have
tried to answer such “lack of selectivity” objection, but the debate on the
controversial status of RI still didn’t reach a satisfying solution (see, e.g.,
Hutzler 2014; Machery 2014; Nathan and Del Pinal 2017).

In the meantine, projects like BrainMap and Neurosynth offer a tool for
the practicing neuroscientist to deal with the selectivity issue. In particu-
lar, the explicit aim of Neurosynth is precisely to improve the reliability of
RI through systematic meta-analyses and the use of machine learning tech-
niques (Yarkoni et al. 2011). However, these techniques also have shortcom-
ings and have left the issue essentially unresolved, as attested, for instance,
by the recent revision of the Neurosynth website (to be compared with the
one at old.neurosynth.org).

Reverse inference and Bayesian confirmation. In this paper, we ar-
gue that Bayesian confirmation theory, as developed within formal philoso-
phy of science (Crupi 2020; Sprenger and Hartmann 2019), offers the right
conceptual framework to deal with the issues raised by RI. Here, we simply
outline the main argument.

The Bayesian approach to scientific inference provides a natural way to
formalize RI (Poldrack 2006). Calling C the target cognitive process and A
the observed activation of a relevant brain region, Bayes theorem allows us
to compute the probability of engagement of C given A, as follows:

p(C|A) =
p(A|C)p(C)

p(A|C)p(C) + p(A|¬C)p(¬C)
(1)

The selectivity issue is here reflected in the problem of determining the
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likelihoods of A—i.e., p(A|C) and p(A|¬C)—expressing, respectively, how
probable is to find the relevant activation given or not the target process.
An estimation of such likelihood values can be extracted, for instance, from
the Neurosynth database (Yarkoni et al. 2011). Then the posterior prob-
ability p(C|A), expressing the credibility of the conclusion of the corre-
sponding RI, can be computed assuming, for instance, equal priors (i.e.,
p(C) = p(¬C)=0.5).

The simple Bayesian reconstruction of RI outlined above has been crit-
icized on different grounds (see, e.g., Hutzler 2014; Machery 2014). In this
connection, it is useful to introduce the distinction between posterior prob-
ability and confirmation, which has been long known and discussed in the
logical analysis of inductive reasoning (Fitelson 2005; Peijnenburg 2012). In
general, a hypothesis C is confirmed by some evidence A when p(C|A) is
(much) higher than p(C), i.e., when observing A makes the probability of
C increase. Importantly, assessment of posterior probability and of confir-
mation may well diverge, since, as John Irving Good (1968, p. 134)) once
remarked, “if you had p(C|A) close to unity, but less than p(C), you ought
not to say that C was confirmed by A”.

We argue that confirmation, not plain posterior probability, is the right
tool for modelling RI in cognitive neuroscience. To show this, we offer both
theoretical arguments and evidence from neuroscientific practice, as follows.
First, let us say that the engagement of cognitive process C inductively
explains neural activation pattern A when p(A|C) is greater than p(A), i.e.,
when A is more expected when C is taken into account than if not. Then, a
basic result in the logical analysis of abductive reasoning from the point of
view of Bayesian confirmation theory (Niiniluoto 2018, ch. 6) shows that:

If C inductively explains A, then A confirms C (2)

In other words, RI can be construed as an abductive inference which lends
credibility to its conclusion (the engagement of process C) given the success
of C in explaining the observed activation A.

Second, our analysis is supported by current neuroscientific practice of
using Bayes Factors (BF) for quantifying the selectivity of competing hy-
potheses and hence the strength of the corresponding RIs (Poldrack 2006;
Hutzler 2014; Cauda et al. 2019). In fact, one can easily show that:

BF =
o(C|A)

o(C)
=

p(A|H)

p(A|¬H)
(3)

Interestingly, the first ratio appearing in (3) is the “odds ratio” measure of
confirmation studied by Good (recall that o(C) is defined as p(C)/p(¬C)),
and the second one is the likelihood ratio advocated for instance by Mach-
ery (2014) to deal with RI. This suggests that neuroscientists actually tackle
the selectivity issue by choosing the most confirmed among the competing
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cognitive hypotheses. Given the great variety of confirmation measures dis-
cussed by philosophers (Festa and Cevolani 2017), our analysis also shed new
light on promising ways of systematizing and improving current discussion
concerning robust inferential strategies in cognitive neuroscience.
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