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ARTICLE INFO ABSTRACT

Keywords: Reasoning is a process of inference from given premises to new conclusions. Deductive reasoning is truth-
Reasoning preserving and conclusions can only be either true or false. Probabilistic reasoning is based on degrees of belief
Conditionals

and conclusions can be more or less likely. While deductive reasoning requires people to focus on the logical
structure of the inference and ignore its content, probabilistic reasoning requires the retrieval of prior knowledge
from memory. Recently, however, some researchers have denied that deductive reasoning is a faculty of the hu-
man mind. What looks like deductive inference might actually also be probabilistic inference, only with extreme
probabilities. We tested this assumption in an fMRI experiment with two groups of participants: one group was
instructed to reason deductively, the other received probabilistic instructions. They could freely choose between
a binary and a graded response to each problem. The conditional probability and the logical validity of the infer-
ences were systematically varied. Results show that prior knowledge was only used in the probabilistic reasoning
group. These participants gave graded responses more often than those in the deductive reasoning group and their
reasoning was accompanied by activations in the hippocampus. Participants in the deductive group mostly gave
binary responses and their reasoning was accompanied by activations in the anterior cingulate cortex, inferior
frontal cortex, and parietal regions. These findings show that (1) deductive and probabilistic reasoning rely on
different neurocognitive processes, (2) people can suppress their prior knowledge to reason deductively, and (3)
not all inferences can be reduced to probabilistic reasoning.

Deductive reasoning
Probabilistic reasoning

1. Background and motivation

For decades, cognitive psychologists studied human deductive rea-
soning by asking people to draw logically valid conclusions from given
premises (e.g., Johnson-Laird & Byrne, 1991; Rips; 1994; Braine, 1978).
An inference was considered rational if it conformed with the norms of
classical logic, otherwise irrational. The roots of classical logic can be
traced back to Aristotle, and latter to the pioneering work by the em-
inent mathematicians and logicians George Boole (1854) and Gottlob
Frege (1879). The first psychological experiments on deductive reason-
ing were conducted by Storring (1908) and then by Wilkins (1928) and
Woodworth and Sells (1935). In the following, we refer to this research
as the deductive paradigm. The results of experiments in this paradigm
show that humans make many deductive reasoning errors, they fre-
quently draw inferences that are deductively invalid, and they are often
biased by factors that are irrelevant according to the principles of clas-
sical logic (Evans, Newstead, & Byrne, 1993).

Today, many reasoning researchers argue that the deductive
paradigm is inadequate for studying human thinking. Classical logic is
not the right standard for human rationality, they argue, and hence
the earlier results do not prove people to be irrational. They just
show that the wrong normative standards were used. As an alterna-
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tive normative framework these researchers suggest probability the-
ory, the calculus of uncertain reasoning, instead of logic, the calculus
of certain reasoning (Elgayam, Bonnefon, & Over, 2016; Oaksford &
Chater, 2020; Over, 2009; Evans, 2012). The foundations of this nor-
mative framework go back to the groundbreaking work by Reverend
Thomas Bayes (1763) and Frank P. Ramsey (1990). In a typical proba-
bilistic reasoning experiment, people are asked to use their prior knowl-
edge to evaluate how probable a conclusion is given what they know
about the content of the premises. They do not just choose between
“true” or “false”, as in the deductive paradigm, but rather give a prob-
ability rating between 0 and 100%, from highly improbable to highly
probable. In the following, we refer to this research as the probabilistic
paradigm.

The probabilistic paradigm has had a huge impact on cognitive psy-
chology in the last decades. More and more studies have begun to in-
vestigate uncertain reasoning, and even theories initially developed for
deduction have proposed accounts to explain uncertain reasoning and
the consideration of probabilities (e.g., Johnson-Laird, Legrenzi, Girotto,
Legrenzi, & Caverni, 1999; Johnson-Laird, Khemlani, & Goodwin, 2015).
The growing interest in probabilities, however, also has the consequence
that some researchers completely deny deductive reasoning as a faculty
of the human mind. Oaksford (2015) even argues that what looks like
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deductive inferences are actually probabilistic inferences, only with ex-
treme probabilities. But is all human reasoning indeed probabilistic? Or
do people also reason deductively? The goal of the present paper is to
answer these questions by measuring the cortical activity of participants
while they solve reasoning problems either with a deductive or with a
probabilistic instruction. The results disagree with the assumption of
the probabilistic approach to reasoning: not all reasoning processes are
probabilistic, and not all deductive reasoning processes can be reduced
to probabilistic reasoning. People can and actually do reason both de-
ductively and probabilistically.

2. Deductive reasoning

Most cognitive experiments on deduction, that is truth-preserving
reasoning, use binary extensional logic as the normative standard. Par-
ticipants are usually confronted with conditional inference tasks that
consist of two premises and a conclusion they have to evaluate. Par-
ticipants are instructed to assume the premises are true and to indi-
cate what necessarily follows from these premises. An example (cf.
De Neys, Schaeken, & d’Ydewalle, 2002):

If a person does sports (p), then the person loses weight (q).
A person does sports (p).

The person loses weight (q).

The sentences above the line are the premises, the statement be-
low the line is the conclusion to-be-verified. The first premise is also
called the major premise and the second one the minor premise. The
major premise contains the conditional rule consisting of an if-part (an-
tecedent) and a then-part (consequent). To provide their answers, par-
ticipants can choose between two responses: they can say that the con-
clusion is true or that it is false, nothing else. This dichotomous response
format results from the binary logic that underlies those experiments: in
classical logic a conclusion can only be true or false and nothing in be-
tween. In the example the conclusion is true because

If p, then q

p
Therefore, q

is a logically valid inference called modus ponens (MP). Another valid
inference is modus tollens (MT):

If p then g
Not-q
Therefore, not-p.

Invalid inferences are the affirmation of the consequent (AC):

If p then g

q
Therefore, p

and the denial of the antecedent (DA):

If p then g
Not-p
Therefore, not-q.

The validity of an inference depends only on the logical structure
of the inference. The concrete content of the conditional is irrelevant.
Dozens of experiments have shown that the MP inference is relatively
easy for most people, while the MT inference is harder, and that peo-
ple often accept AC and DA inferences (Evans et al., 1993), which are
mistakes in classical logic.

Reasoning researchers have suggested different cognitive theories to
explain this pattern of results in human deductive reasoning (Johnson-
Laird & Byrne, 1991; Evans et al., 1993; Knauff, 2006; Knauff and

Neurolmage 275 (2023) 120180

Spohn, 2021). Mental rules theories adopt a syntactic point of view (e.g.,
Rips, 1994; Braine, 1978; Braine & O’Brien, 1991, 1998; Braine, Reiser,
& Rumain, 1984). The main assumption is that people reason deduc-
tively by applying abstract reasoning rules to the premises of reason-
ing problems. Such mental rules are similar to those of formal classical
logic. People consider the to-be-verified conclusion of an inference task
to be true if there is a match between it and the conclusion reached
by the application of the mental rules. Due to its language-like nature,
mental rules theories have often been called linguistic or syntactic ap-
proaches to reasoning (see Goel & Dolan, 2001; Goel, Buchel, Frith, &
Dolan, 2000). Accordingly, some support for this approach comes from
neuroimaging studies in the deductive paradigm that reported activa-
tions in areas related to language, such as the left inferior gyrus, the
lingual gyri, the left middle/superior temporal lobe, and the left inferior
temporal lobe (e.g., Goel et al., 2000; Goel & Dolan, 2003; Luo, Tang,
Zhang, & Stupple, 2014; Prado, Chadha, & Booth, 2011; Reverberi et al.,
2010). However, not all studies have found activation in these areas
(e.g., Noveck, Goel, & Smith, 2004; Knauff, Mulack, Kassubek, Salih,
& Greenlee, 2002). One possible explanation for these inconsistent find-
ings is that these language-related activations are not reasoning specific,
but only the result of the comprehension and encoding of verbal infor-
mation into mental representations (e.g., Coetzee & Monti, 2018; Monti
& Osherson, 2012).

Another influential theory is the mental model theory of reason-
ing (Johnson-Laird & Byrne, 1991, 2002). The key idea is not to
use formal inference rules but the meaning and interpretation of the
premises, which are used to construct mental models (Knauff, 2006;
Johnson-Laird, 2001; Yang & Johnson-Laird, 2000). These mental mod-
els represent what the premises describe. People can mentally inspect
and vary these models to arrive at a valid conclusion.! An impor-
tant characteristic of mental models is that they are spatial represen-
tations which are more abstract than visual images and more concrete
than language-based representations (Gazzo Castafieda & Knauff, 2013;
Knauff & Johnson-Laird, 2002; Knauff & May, 2006). The cognitive
processes responsible for deductive reasoning should therefore resem-
ble those of spatial reasoning (Knauff, 2013). The account is sup-
ported by several studies in the deductive paradigm that found ac-
tivations in parietal areas that are related to spatial reasoning, such
as superior and inferior parietal regions and the precuneus (e.g.,
Knauff et al., 2002; Mackey, Singley, & Bungle, 2013; Rodriguez-Moreno
& Hirsch, 2009). These parietal areas are consistently activated dur-
ing relational reasoning (e.g., Knauff, 2009; Knauff, Fangmeier, Ruff, &
Johnson-Laird, 2003; Fangmeier, Knauff, Ruff, & Sloutsky, 2006; Goel
& Dolan, 2001; Wertheim & Ragni, 2018), while the results for condi-
tional reasoning are heterogeneous. Some studies found activations in
spatial areas (Noveck et al., 2004), but others not (e.g., Prado, Van der
Henst, & Noveck, 2010; Reverberi et al., 2010). In a meta-analysis,
Prado et al. (2011) found consistent activations for conditional reason-
ing in the left medial frontal gyrus, the left precentral gyrus, and the pos-
terior parietal cortex (PPC). In particular the PPC could be linked to spa-
tial reasoning (cf. Knauff, 2013). However, the PPC activation was left
lateralized and centered around the angular gyrus, which according to
Prado et al. (2011) is related to verbal processing and not spatial reason-
ing. A more recent meta-analysis by Wertheim and Ragni (2020) again
found parietal activations, but only for conditionals with abstract con-
tent (e.g., “If there is a box, then there is a ball”). Conditionals with
meaningful content (e.g., “If Ann eats too much sugar, then she will gain
weight”), however, led mostly to activations in the left frontal lobes,
which were also active during reasoning with abstract conditionals.

! Mental models theory was initially created as a theory of deduction, but has
been adapted in the last years to also cover probabilistic and everyday reasoning.
In this paper, however, we focus only on the initial theory of deduction.
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3. Probabilistic reasoning

The starting point of probabilistic reasoning is that prior knowledge
is essential for human reasoning (Oaksford & Chater, 2020). When we
reason in our daily life, we seldom assume the information we get is
either true or false, but rather assign degrees of belief to the content
of an inference. Therefore, most researchers in this field explore how
people reason with uncertainties and use Bayesian probability theory
as the normative standard (e.g., Oaksford & Chater, 2007; Evans &
Over, 2004; Pfeifer, 2013). Take, for instance, our sports example, in
which the conclusion that a person loses weight after doing sports is de-
ductively true. It is a valid inference, but when people are asked to eval-
uate this conclusion, they often hesitate to accept it (e.g., Byrne, 1989;
Cummins, 1995; De Neys, Schaeken, & d’Ydewalle, 2003; Gazzo Cas-
tafieda & Knauff, 2018, 2021). Probabilistic theories explain this by ar-
guing that people use their prior knowledge and know, for instance, that
although sport usually leads to weight loss, this is not always the case.
They know that disabling conditions, such as wrong exercises or bad nutri-
tion, can prevent people from losing weight even though they do sports
(see Cummins, Lubart, Alksnis, & Rist, 1991; Cummins, 1995; De Neys
et al., 2003). To capture this uncertainty of everyday reasoning, in prob-
abilistic theories conditionals are understood as the conditional probabil-
ity of q given p (Evans, 2012; Evans, Handley, & Over, 2003; Oaksford &
Chater, 2020). This is described by the Ramsey test (1929,/1990). Partic-
ipants first assume that p holds (here: that a person does sports). Based
on this assumption and their prior knowledge, they then calculate how
probable g is (here: losing weight). The more disabling conditions they
know, the lower the conditional probability. And the lower the condi-
tional probability, the less probable it is that MP and MT conclusions are
accepted (Evans & Over, 2004; Weidenfeld, Oberauer, & Hornig; 2005;
but see Oaksford, Chater, & Larkin, 2000). Therefore, to be able to give
uncertain responses, in the probabilistic paradigm participants usually
have to provide their inferences on a scale (often ranging from 0% to
100%) and indicate how strongly they accept a conclusion. This differs
strongly from experiments on deduction, where participants typically
can only choose between two response options: true and false.

Since prior knowledge is essential for probabilistic reasoning, it is
reasonable that the underlying processes of probabilistic reasoning are
related to retrieval from memory. In neuroimaging studies this should
result in activations in hippocampal areas (e.g., Greicius et al., 2003;
Lepage, Habib, & Tulving, 1998). However, until now there are no neu-
roimaging studies that explicitly address probabilistic reasoning. There
is, on the one hand, a study by Schwartz, Epinat-Duclos, Léone, and
Prado (2017), in which children were asked to evaluate conclusions
either according to their logical validity or according to their likeli-
hood. The question about the likelihood could be considered as a kind of
probabilistic reasoning, which, interestingly, led to activations in right
frontal and bilateral parietal regions. However, participants were al-
ways instructed to consider the premises as true — also in the likeli-
hood condition — which is a quite logical and very “un-probabilistic”
instruction. On the other hand, there is indirect evidence from neu-
roimaging studies on inductive reasoning that dealt with some kind of
“probabilistic” reasoning (e.g., Goel, Gold, Kapur, & Houle, 1997; Goel
& Dolan, 2004; Osherson et al., 1998; Parsons & Osherson, 2001). In
these studies, activation was found in regions in the left medial frontal
gyrus (Goel et al., 1997) and the left dorsolateral frontal gyrus (Goel &
Dolan, 2004; Osherson et al., 1998), but also in areas related to memory
retrieval, such as the posterior cingulate, parahippocampal regions, and
medial temporal areas (Parsons & Osherson, 2001). From a probabilistic
point of view, however, these neuroimaging studies have several disad-
vantages. Participants did not respond on a scale, which is essential for
mapping probabilities, but rather gave binary responses (e.g., plausible
vs. implausible). And, most importantly, the inductive inferences were
very different from the probabilistic reasoning problems currently dis-
cussed in the probabilistic paradigm. They did not measure the neural
correlates of people using their prior knowledge to reason probabilis-
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tically with conditional inferences that can be valid or invalid from a
deductive point of view. Instead, they focused on other kinds of prob-
abilistic reasoning, such as generalizations from specific observations
to general rules (e.g. “George was a woolly mammoth. George ate pine
cones. All woolly mammoths ate pine cones” in Goel et al., 1997; see also
Goel & Dolan, 2004 and Kochari, van Rooij, & Schulz, 2020). Overall,
then, there is still no single brain imaging study that uses the paradigms
currently routinely employed in behavioral studies on probabilistic rea-
soning.

4. Deductive vs. probabilistic reasoning

A main difference between the deductive and probabilistic
paradigms is thus the role of prior knowledge. While prior knowledge
is essential for probabilistic reasoning, it is (by definition) irrelevant
for deduction. In fact, for probabilistic reasoning, prior knowledge is
necessary to calculate the probabilities of premises and hence evaluate
conclusions. In contrast, in deductive reasoning the validity of a conclu-
sion only depends on the structure of the premises. Hence, for deciding
whether a conclusion is deductively valid, people have to ignore what
they know about the content and focus solely on the logical structure of
the inference.

Researchers from the probabilistic camp deny that this kind of “log-
ical” reasoning is possible. People cannot suppress what they know, it
always affects their inferences. Therefore, according to Oaksford, one of
the main advocates of this approach, every kind of reasoning is proba-
bilistic and always involves prior knowledge — even when people rea-
son with abstract problems, i.e., problems with a content about which
they do not have any particular prior knowledge (see Oaksford, 2015;
see also Oaksford & Chater, 2010). People can achieve “more logic like
processing” by inhibiting prior knowledge (Oaksford & Chater, 2012,
p. 21), but this reasoning is still probabilistic, just now with proba-
bilities of 0 or 1 (Oaksford, 2015, p. 4). Based on this assumption,
Oaksford (2015) argues that the existing studies on deduction actually
did not measure deductive reasoning, but just a special form of prob-
abilistic reasoning. In other words, there is no such thing as deductive
reasoning, but only probabilistic reasoning that can lead to responses
that look like the results of deductive reasoning. Some neuroimaging
studies seem to support this view, by showing that deductive reasoning
is often accompanied by activations in areas related to inhibitory control
(e.g., Goel et al., 2000; Houdé et al., 2000, 2001; Houdé & Borst, 2015;
Prado & Noveck, 2007; see also De Neys, Vartanian, & Goel, 2008). How-
ever, there is one difficulty with this interpretation. Even if deductive
reasoning is accompanied by the inhibition of prior knowledge, this does
not imply that the reasoning process is probabilistic. Deductive reason-
ing can still rely on specific cognitive processes that differ from those of
probabilistic reasoning.

The goal of the present research is to uncover the neural correlates of
deductive and probabilistic reasoning in the human brain. Our hypoth-
esis is that people do not reason only probabilistically, but that they can
actually do both deductive and probabilistic reasoning. Yes, we agree
that prior knowledge and memory retrieval are essential in everyday
reasoning. We live in an uncertain world where the information we get is
only true to a certain degree. Hence, when people have to reason deduc-
tively, they may indeed have to inhibit their prior knowledge. However,
once prior knowledge has been inhibited, deductive reasoning can still
rely on specific cognitive processes that differ from those of probabilis-
tic reasoning. People can thus reason one or the other way, depending
on the given information, the context, the demands of the situation, the
availability and suitability of prior knowledge, etc. If a task allows con-
sidering prior knowledge, people may indeed retrieve knowledge about
the contents of inferences from memory to decide how strongly they ac-
cept a conclusion. If, however, a task demands to ignore content and to
consider only the structure of inferences, then people can concentrate
on the logical form of an argument to reason deductively.
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To test this view on human reasoning, we conducted an fMRI exper-
iment in which

1 two groups of participants were instructed either to reason
deductively or to reason probabilistically. This variation should al-
Tow us to directly compare the neural correlates of the two kinds of
reasoning;

2 all participants could freely choose between two response formats.
They could either give a binary answer (“yes” or “no”) on a dichoto-
mous response format or a graded response on a scale. This factor
should help us to explore whether people indeed always consider un-
certainties during reasoning, as suggested by probabilistic theories;

3 the content of the inferences was systematically varied. Two
thirds of the problems had a content that people definitely had
prior knowledge about. In half of these problems the condi-
tional had a high conditional probability and in the other half a
low conditional probability. The last third of the problems was
abstract, i.e., people did not have any prior knowledge on the con-
ditional relationship and thus no probability information they could
use for the inference. This factor should help us to explore whether
people still prefer to give a graded response, if possible, as suggested
by the proponents of the probabilistic theories.

For all three variations, we had clearly testable predictions, both on
the behavioral and the cortical level. On the behavioral level, we ex-
pected that participants under deductive instructions should be able to
focus on the structure of the inference and inhibit their prior knowledge
about the content of the inference. As a result, participants should pre-
fer giving binary responses under deductive instructions, whereas they
should prefer graded responses under probabilistic instructions. We also
hypothesized that the contents of the reasoning problems affect infer-
ences under probabilistic instructions, but not under deductive instruc-
tions.

On the cortical level, we expected different activations for deduc-
tive and probabilistic reasoning. In deductive reasoning, people have to
suppress prior knowledge, which should be accompanied by increased
activity in brain regions related to inhibition. These are the right lat-
eral prefrontal cortex (Goel et al., 2000; Goel & Dolan, 2003; see also
Houdé et al., 2000, 2001; Houdé & Borst, 2015), mid-dorsolateral pre-
frontal cortex (Prado & Noveck, 2007; see also Knoch, Pascual-Leone,
Meye, Treyer, & Fehr, 2006), the right inferior frontal cortex (IFC; e.g.,
Tsujii, Masuda, Akiyama, & Watanabe, 2010; Aron et al., 2003), but
also the anterior cingulate cortex (ACC), which has been related to cog-
nitive control and conflict monitoring (e.g., Botvinick, Braver, Barch,
Carter, & Cohen, 2001; Botvinick, Cohen, & Carter, 2004). We should
also find neural activity in areas that were already identified in previ-
ous studies on deductive reasoning (cf. Prado et al., 2011). Since the
previous research is still equivocal, we predict additional activity either
in language-related or in spatial brain areas or in both. In any case,
this activity should only be measurable during deductive but not during
probabilistic reasoning.

In probabilistic reasoning, in contrast, our most important pre-
diction is that people will consider their prior knowledge, which
should be accompanied by neural activity in areas of memory re-
trieval such as the hippocampal regions (e.g., Addis, Wong, & Schac-
ter, 2007; Eldridge, Knowlton, Furmanski, Bookheimer, & Engel, 2000;
Svoboda, McKinnon, & Levine, 2006). Crucially, these brain areas
should be only active during probabilistic but not during deductive rea-
soning. Conversely, the “inhibition areas” should be only active during
deductive but not during probabilistic reasoning. We now report the ex-
periment that tested these hypotheses. The pattern of results is complex
but clearly supports our hybrid view on the cognitive and neural basis
of human reasoning.
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5. Methods
5.1. Participants

Forty-four healthy right-handed adult participants took part in the
study. Four participants were excluded from the analysis. One because of
dizziness, one deliberately ignored the instructions, and two participants
reported a malfunction of the response device. The final sample thus
consisted of 40 participants (23 female, 17 male). Participants were on
average 24.05 years old (SD = 2.68), had normal or corrected-to-normal
vision, and gave fully informed consent. Participants were randomly
assigned to two groups: twenty participants were instructed to reason
deductively, the other twenty received probabilistic instructions. In the
following, we refer to the two groups of participants as the deductive
reasoning group and the probabilistic reasoning group (see Materials and
Design section). All participants received a monetary compensation for
taking part in the experiment. Written consent was obtained from each
participant. The study was approved by the Local Ethical Committee of
the Department of Psychology and Sports Science at the University of
Giessen.

5.2. Materials and design

All participants had to solve 96 conditional inference problems and
24 baseline problems. The inference problems consisted of forty-eight
valid and forty-eight invalid inferences. The valid inferences were MP
and MT inferences. The invalid inferences had the same structure as
the MP and MT inferences, but with the opposite conclusion (“If p,
then g; p; therefore not-q” and “If p, then g; not-q; therefore p”). The
inference problems consisted thus of a major premise containing the
conditional rule, a minor premise referring either to the antecedent or
the consequent of the conditional, and a conclusion. The conditional
probability was varied in the first premise. Eight conditional premises
had a high conditional probability, eight had a low conditional probabil-
ity, and eight had an abstract content. The conditionals with high and
low conditional probabilities were taken from De Neys et al. (2002) and
Verschueren et al. (2005). Verschueren et al. directly asked participants
for the likelihood of q given p, while De Neys et al. asked their partic-
ipants to generate disabling conditions. We therefore used the number
of disabling conditions to classify the conditionals of the latter study as
having high or low conditional probability. Here are examples for the
three types of conditionals:

High conditional probability: “If the person jumps into the swimming
pool, then the person gets wet.”

Low conditional probability: “If the person sits in the draught, then
the person catches a cold.”

Abstract: “If the box is empty, then the box has stars on it.”

The conditionals with high and low conditional probabilities thus de-
scribed relationships for which participants had prior knowledge, while
abstract problems described relationships for which they did not have
prior knowledge. For the low conditional probabilities, participants can
usually generate more disabling conditions (e.g., that the person wears
warm clothes, has a good immune system, is used to cold weather, took
vitamins for precaution, the draught is not so strong, etc.) than for the
high probability conditionals (there are only very few exceptions to get-
ting wet when jumping into a swimming pool). All conditionals (low,
high, and abstract) were presented four times: in a valid and invalid MP
inference as well as in a valid and invalid MT inference. Participants in
the deductive reasoning group were instructed to indicate “whether the
conclusion follows logically from the previous premises” and instructed that
a conclusion is “logically valid if it follows necessarily from the premises”.
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The person gets wet.

Does this conclusion follow necessarily
from the premises?

Definitely not D . D Definitely yes

The person gets wet.

How likely is it that this conclusion

% 1 W [ 100%

Fig. 1. Flexible response format. Partici-
pants could expand the dichotomous re-
sponse format into a scale and then switch
from one to the other format as many times
as they wanted. The figure only shows the
screen during conclusion evaluation. The en-
tire stimuli presentation including premises
is presented in Fig. 2.

holds?

!

!

The person gets wet.

Does this conclusion follow necessarily
from the premises?

Definitely not I:.:I Definitely yes

The person gets wet.

How likely is it that this conclusion

holds?

Deductive reasoning group

Therefore, they should “consider only the information in the premises”.
Participants in the probabilistic reasoning group, in contrast, had to in-
dicate “how likely it is that the conclusion holds”. They should do so “as
in everyday life and spontaneously”. Therefore, they were told that “they
could consider their own experiences and beliefs”.

All problems were presented with the flexible response format that
is illustrated in Fig. 1. Initially, participants saw a dichotomous response
format, with the labels “definitely not” and “definitely yes”, in the deduc-
tive reasoning group, and the labels “0%” and “100%”, in the probabilis-
tic reasoning group. But then, if wanted, they could press a key in order
to expand this dichotomous format into a 7-point Likert scale, with the
same labels at the poles. They could switch between the two formats as
often as they wanted and give their answer by moving a black square to
the right or left, until the desired position. We decided to always present
the dichotomous format first, to see whether people indeed feel the urge
to give graded responses, as suggested by probabilistic theories.

For the baseline task we created a simple reading and comparison
task. First, we presented to the participants two sentences whose con-
tent we had previously used in the inference task (e.g., “The person
jumps into the swimming pool”, “The person gets wet”). Then, we re-
peated the first of these two sentences (e.g., “The person jumps into the
swimming pool”). And finally, we presented either the second of these
two sentences (e.g., “The person gets wet”) or its negation (e.g., “The
person does not get wet”). Participants had to indicate whether or not
(deduction group) or to what extent (probabilistic group) the first two
sentences were repeated correctly. The baseline problems were also pre-
sented with the flexible response format.

The experiment thus followed a 2 (group: deductive vs. probabilis-
tic reasoning) x 3 (content: low conditional probability vs. high condi-
tional probability vs. abstract content) x 2 (validity: valid vs. invalid)
mixed design, with “group” as a between-subjects variable and “con-
tent” and “validity” as within-subjects variables. As dependent variables
we measured people’s binary or graded responses and the neural acti-
vations during presentation of the second premise and the evaluation

Probabilistic reasoning group

of the conclusion (cf. Rodrigo-Moreno & Hirsch, 2009; Luo et al., 2014;
Prado et al., 2010).

5.3. Procedure

The experiment was conducted in OpenSesame (Mathot, Schreij, &
Theeuwes, 2012). Before entering the scanner, participants were famil-
iarized with the task on a desktop computer. They were told that they
would see problems consisting of an if-then statement, a factual state-
ment, and a conclusion that they would have to evaluate. Half of the
participants were carefully instructed to evaluate the conclusions de-
ductively, and the other half, probabilistically. This was done twice, at
the beginning and at the end of the instruction part. In eight practice
problems, participants learned to handle the flexible response format.
They could only participate in the fMRI experiment when they were
able to describe their instructions in their own words. Instructions and
four practice problems were again presented at the beginning of the
scanning session.

The 96 conditional inference problems were presented randomly in
two separate runs of 48 problems each. The baseline problems were pre-
sented randomly in a third run, at the end of the experiment. A pause
was possible between runs. Both premises and the conclusion were pre-
sented on separate screens for a fixed time interval (see Fig. 2). Con-
clusions were presented in red font together with the flexible response
format. Between the problems, a jittered ITI of 1500-3750 msec was
used.

5.4. fMRI acquisition

Magnetic resonance images were collected on a 3 T whole-body
scanner (Magnetom Prisma, Siemens Medical Systems, Erlangen, Ger-
many) with a 64-channel head coil. For functional imaging, we acquired
gradient-echo echo-planar images (EPI; TR = 2200 ms, TE = 30 ms, 40
slices, voxel size = 3 x 3 x 3 mm, gap = 0.75 mm, FoV =216 x 216 x 150
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Fig. 2. Exemplar trial and stimuli presentation.

mm?; flip angle = 75°, acceleration factor = 2) in a descending sequence
with an orientation of -30° to the anterior commissure-posterior commis-
sure line. Functional data were collected in three separate runs. During
the first two runs, participants were confronted with the conditional in-
ference problems. These two runs were of approx. 308 volumes. The
third run contained the baseline problems and was of approx. 155 vol-
umes. To correct for distortion of the functional images due to B, inho-
mogeneity, we also used a gradient-echo field map sequence (TE 1 = 10
ms, TE 2 = 12.46 ms, TR = 1000 ms, 40 slices, voxel size = 2 x 2 x 3
mm). Anatomical images were collected using a T1-weighted sequence
(MPRAGE, TR = 1880 ms, TE = 3.53 ms, voxel size = 0.9 x 0.9 x 0.9
mm). Head movements were decreased by the use of foam pads and
scanner noise was minimized with ear plugs.

5.5. fMRI analysis

Preprocessing and data analysis were performed using the soft-
ware package Statistical Parametric Mapping implemented in Mat-
lab (SPM12; Wellcome Trust Centre for Neuroimaging, London, UK).
Raw functional data quality was checked with the ArtRepair toolbox
(Mazaika, Hoeft, Glover, & Reiss, 2009) and each detected bad volume
was later included into the statistical model as a separate regressor in the
first-level analysis. The following preprocessing steps were applied: re-
orientation; realignment and unwarping, with realignment parameters
examined on a volume-to-volume basis and cut-off values set at 1 mm
for translation and 0.5° for rotation; slice timing correction; normaliza-
tion to MNI space based on segmentation of the anatomical image and
with resampling to 2 X 2 x 2 mm; and smoothing using an 8 mm Gaus-
sian kernel. Data were high-pass filtered (cut-off: 128 s) and whitened
using an AR(1) model.

5.6. fMRI models

For the statistical analysis, trial-related activity for each participant
was modelled by a vector of trial onsets convolved with a canonical
hemodynamic response function. For each reasoning group (deductive
and probabilistic) we set up two models: one model to measure neural
processes at the time of the presentation of the second premise (hence-
forth: P2-model), and a second model to measure neural processes at
the time of the presentation of the conclusion (henceforth: C-model).
For the first two runs containing the inference problems, we used the
same regressors in both models: three boxcar regressors captured activ-
ity related to the presentation of the first premise (first premise with
low conditional probability, high conditional probability, and abstract

content); six boxcar regressors were specified to represent the presenta-
tion of the second premise (the second premise was subdivided into the
same categories as the first, and additionally each regressor was split by
MP and MT); and twelve boxcar regressors captured activity related to
the presentation of the conclusion (which was also differentiated into
low and high conditional probability and abstract content, and each
of these partitions was split by MP, MT, invalid MP, and invalid MT).
However, for the baseline (the third run), the two models differed in the
specification of their regressors. For this run, different regressors were
specified for each model in order to avoid multicollinearity. In both
models, one boxcar regressor was specified to represent the presenta-
tion of the first premise baseline items. In the P2-model, three boxcar
regressors represented the presentation of the second premise (low con-
ditional probability, high conditional probability, abstract content) and
two boxcar regressors characterized the presentation of the conclusion
(valid/invalid). In the C-model it was exactly the opposite: three boxcar
regressors captured activity related to the presentation of the conclu-
sion (low conditional probability, high conditional probability, abstract
content) and two boxcar regressors represented the presentation of the
second premise (valid/invalid). All regressors were set to the respective
presentation durations. Efficiency estimations in FEAT (FMRIB software
library; Jenkinson, Beckmann, Behrens, Woolrich, & Smith, 2012) prior
to the analysis showed that this design was superior to alternative de-
signs with varying jitters and varying trial combinations. A general lin-
ear model (GLM) was calculated for each participant to model the effects
of interest and six regressors capturing residual motion-related artefacts.

5.7. fMRI contrasts

We set up two types of contrasts for the analysis of our data: (1) con-
trasts that allowed us to test the activation patterns for either deductive
or probabilistic reasoning alone, and (2) contrasts for the direct assess-
ment of differences between the two kinds of reasoning. For the analysis
of the activation patterns of deductive and probabilistic reasoning alone,
we set up for each model (the P2-model and the C-model) the following
three t-contrasts for content (high conditional probability/low condi-
tional probability/abstract) on first level, followed by a random-effects
second-level analysis to assess group effects: overall (high conditional
probability + low conditional probability + abstract vs. baseline), high
(high conditional probability vs. baseline), low (low conditional prob-
ability vs. baseline), and abstract problems (abstract vs. baseline). For
the analysis of the differences between deductive and probabilistic rea-
soning we set up, for each model (the P2-model and the C-model), t-
contrasts for content with the same differentiation on first level: overall
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(high conditional probability + low conditional probability + abstract
vs. baseline), high (high conditional probability vs. baseline), low (low
conditional probability vs. baseline), and abstract problems (abstract vs.
baseline). Then, we employed t-tests for independent measures (two-
sample t-tests) on second level.

Brain regions for analysis were determined based on their involve-
ment in memory retrieval in probabilistic reasoning, and inhibition of
prior knowledge, cognitive control, and conflict monitoring in deductive
reasoning. Results were initially thresholded at p < .0005 (uncorrected)
and corrected for multiple comparisons using small volume correction
(SVQ) in a priori regions of interest (ROIs; p < .05, family-wise error rate
[FWE] corrected). Accordingly, for display purposes, all SVC significant
activations are displayed at the initial threshold. SVC was carried out us-
ing anatomical masks of bilateral Hippocampus, LPFC, and ACC from the
Harvard-Oxford probabilistic atlas (Harvard Center for Morphometric
Analysis). Apart from our ROIs, data were analysed using a whole-brain
FWE-corrected threshold (p < .05). Activations are displayed overlaid
onto the averaged structural MRI scan of study participants. Stereotaxic
coordinates are given in MNI space.

6. Results
6.1. Preferred response format

We first analyzed how often participants decided to give a binary
response in the inference task.” Descriptive data can be found in Fig. 3.

A 2 (group: deductive vs. probabilistic reasoning) x 3 (content: low
conditional probability vs. high conditional probability vs. abstract)
mixed Analysis of Variance (ANOVA) on the percentage of binary re-
sponses revealed main effects for group, F(1, 38) = 50.86, p < .001,
n,? = .572, and content, F(1.53, 58.05) = 42.85, p < .001, 5,% = .530,
but also an interaction between both factors, F(1.53, 58.05) = 39.76, p
< .001, npz = .511. Therefore, we now concentrate only on the inter-
action. As expected, the content of inferences only affected participants
in the probabilistic reasoning group, F(1.48, 28.13) = 43.01, p < .001,
np2 =.694. Participants gave more binary responses for inferences with
abstract content (M = 84.84%, SD = 21.42), followed by inferences with
high conditional probability (M = 62.81%, SD = 25.71; t(19) = 3.92,

2 The preferred response for the baseline problems was, in both groups, a
binary response (deduction group: 99.79%; probabilistic group: 93.75%).
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Fig. 3. Percentage of binary responses (%) for problems of low condi-
tional probability, high conditional probability, and abstract content
in the deductive and probabilistic reasoning groups. Error bars show
standard errors.

p=.001, d=0.925%), followed by inferences with low conditional prob-
ability (M = 35.94%, SD = 28.22; t(19) = 7.73, p < .001, d = 0.983)
(Bonferroni-adjusted alpha: 0.025). In the deductive reasoning group,
in contrast, the selection of binary responses was constantly high, not
varying with content, F(1.54, 29.27) = 2.65, p = .099, np2 =.123.

6.2. Acceptance ratings

We next analyzed participants’ acceptance ratings for the conditional
inference task. To make the participants responses comparable, binary
and graded responses were mapped onto the same 7-point Likert scale
by coding “definitely no” and “0%” responses as 1, and “definitely yes”
and “100%” responses as 7. Values of 2-6 were used for answers in
between. Descriptive statistics can be found in Fig. 4.

A 2 (group: deductive vs. probabilistic reasoning) x 3 (content: low
conditional probability vs. high conditional probability vs. abstract) x
2 (validity: valid vs. invalid) ANOVA revealed a three-way interaction
between instructions, validity, and content, F(2, 76) = 19.07, p < .001,
npz =.334,* which allowed us to further analyze our data with two sep-
arate 2 (validity: valid vs. invalid) x 3 (content: low conditional prob-
ability vs. high conditional probability vs. abstract) ANOVAs, one for
deductive and one for probabilistic instructions.

As expected, content only affected acceptance ratings in the prob-
abilistic reasoning group, but not in the deductive reasoning group.
For deductive reasoning, content had no effect on acceptance ratings;
there was only a main effect of validity, F(1, 19) = 3906.73, p < .001,
npz = .995, but no main effect of content or interaction with content
(both F’s < 1.39, p’s > .262). For probabilistic reasoning, in contrast,
content affected inferences. We found a main effect of validity, F(1,
19) = 553.72, p < .001, npz = .967, no main effect of content, F(2,
38) =1.34, p = .273, npz = .066, but an interaction between validity
and content, F(2, 38) = 19.31, p < .001, npz = .504. For valid infer-
ences, acceptance ratings increased from problems with low conditional
probability (M = 5.87, SD = 0.58) to problems with high conditional

3 3 Standardized mean differences (d) were computed as described by
Borenstein (2009).

4 In addition to the three-way interaction, the ANOVA also revealed a main
effect of validity, F(1, 38) = 2342.25, p < .001, np2 = .984, and interactions
between validity and group, F(1, 38) = 36.35, p < .001, npz =.489, and between
validity and content, F(2, 76) = 12.71, p < .001, npz = .251. All other effects
were not significant, F's < 1.92, p’s > .174.



L.E. Gazzo Castafieda, B. Sklarek, D.E. Dal Mas et al.

Neurolmage 275 (2023) 120180

7 - Fig. 4. Acceptance ratings (1-7) for valid and invalid problems of
- Low P(qlp) low conditional probability, high conditional probability, and abstract
1 - High P(alp) content in the deductive and probabilistic reasoning groups. Error bars
5 :l Abstract show standard errors.
r\l\ ]
5
(@]
L
-—
o
@ 4
o
c
©
a
O 3+
Q
(8]
< A
2
Deduction Probabilistic Deduction Probabilistic
Valid Invalid

probability (M = 6.37, SD = 0.55; t(19) = 4.48, p < .001, d = 0.877), and
—descriptively - to problems with abstract content (M = 6.46, SD = 0.24;
t(19) =0.71, p = .486, d = 0.216; Bonferroni-adjusted alpha: 0.025). This
linear trend (low < high < abstract) was significant, F(1,19) =19.32,p <
.001, VIPZ = .504. For invalid inferences, in contrast, acceptance ratings
decreased from problems with low conditional probability (M = 2.34,
SD = 0.78) to problems with high conditional probability (M = 1.70,
SD = 0.57; t(19) = 6.00, p < .001, d = 0.859), and - descriptively —
to problems with abstract content (M = 1.55, SD = 0.54; t(19) = 1.07,
p =.296, d = 0.266; Bonferroni-adjusted alpha: 0.025). This linear trend
(low > high > abstract) was significant too, F(1, 19) = 20.96, p < .001,
np? = .524.

6.3. fMRI Results

We now report the most relevant neural activations related to our
hypotheses about the relation between deductive and probabilistic rea-
soning in the human brain. An overview of our complete results, includ-
ing peak statistics and MNI coordinates, can be found in Tables 1, 2 and
3.5 We start with the results for deductive reasoning, then give those for
probabilistic reasoning, both compared to baseline, and then conclude
with those for the two contrasts between the two reasoning conditions.
As we are using three different ROIs (LPFC, ACC, and Hippocampus), we
adjusted our alpha for the SVC results with Bonferroni Holmes. For LPFC
our alpha was 0.017, for ACC it was 0.025 and for the Hippocampus it
was 0.05.

5 Our computations include data from two participants for which we had re-
duced amounts of data points. For one participant, during the first run of the
experiment, the scanner reported an error and stopped scanning until the end of
this run. We lost approximately thirty seconds of data collection for this partici-
pant. Another participant stopped the experiment while performing the baseline
task. We had to interrupt the experiment at that point and lost approximately
one minute of data collection in that third run of the experiment. However,
we did not exclude these participants from analysis because we still collected a
sufficient amount of data from them.

6.4. Deductive reasoning

One of our main hypotheses was that deductive reasoning should
be accompanied by cortical activity in regions known to be involved in
mediating conflict and inhibition processes. Hence, we were particularly
interested in patterns of activation in ACC and right LPFC, especially
DLPFC and IFC (Goel et al., 2000; Prado & Noveck, 2007; Tsujii et al.,
2010; Botvinick et al., 2004), which we explored on a whole-brain level
as well as using two different ROIs (ACC and LPFC).

As expected, in the deductive reasoning group we found significant
rACC activations during processing of the second premise for all prob-
lems compared to baseline (Fig. 5A; p = .022, z = 4.05, SVC). The same
rACC activations were found for problems with low conditional proba-
bility compared to the baseline (p = .046, z = 3.83, SVC), and abstract
problems compared to baseline (p =.018, z = 4.11, SVC), although the
former did not reach the adjusted alpha level of 0.025. We also measured
significant dACC activation during the processing of the second premise
for all problems compared to baseline (p = .001, z = 4.95, SVC), for
high-conditional-probability problems compared to baseline (p = .020,
z =4.08, SVC), low-conditional-probability problems compared to base-
line (p = .001, z = 4.89, SVC), and abstract problems compared to base-
line (p < .001, z = 5.12, SVC). Moreover, also in accordance with our
predictions, in the deductive reasoning group, we found elevated activ-
ity in right IFC during the processing of the second premise for all prob-
lems compared to baseline (Fig. 5B; p = .017, 2z = 4.68, SVC) and for
low-conditional-probability problems compared to baseline (p = .041,
z = 5.03, whole-brain FWE). Importantly, all of these activations were
only found in the deductive reasoning group, but not in the probabilis-
tic reasoning group. These results support the conclusion that deductive
reasoning is mediated by ACC and right IFC activity, suggesting the in-
hibition of prior knowledge in deduction.

We also predicted that deductive reasoning should lead to additional
activity either in parietal areas, which would speak for the involvement
of spatial representations and processes, or in temporal areas, which
would speak for language-related processes in deductive reasoning. Our
analysis only yielded additional parietal activations in the precuneus
during the processing of the second premise for all problems compared
to baseline (Fig. 5C, p = .004, z = 5.47, whole-brain FWE). This ac-
tivation in precuneus was also found for low-conditional-probability
problems compared to baseline (p = .003, z = 5.51, whole-brain FWE),
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Table 1
fMRI results for deductive reasoning.

Regions Peak Statistics
p-value z-score MNI coordinates (%, y, z)
Whole-brain FWE corrected, p < .05
Overall: High+Low+Abstract vs. Baseline
Precuneus .004 5.47 10, -66, 20
Occipital cortex .001 5.70 -14, -72, 16
.013 5.25 14,-72,12
Somatosensory cortex .001 5.68 56, -26, 22
.012 5.33 -62, -22, 18
.033 5.38 -58, -22, 38
Motor cortex .005 5.44 -36, -16, 38
High vs. Baseline
Precuneus .044 5.02 10, -66, 18
Occipital cortex .027 5.11 -14, -64, 14
Somatosensory cortex <.001 5.90 56, -24, 24
.020 5.11 -54, -28, 18
Low vs. Baseline
Precuneus .003 5.51 8, -68, 20
Occipital cortex .003 5.51 -12,-70,6
IFC .041 5.03 54, 34,2
mCC .037 5.06 12,-18, 44
Somatosensory cortex .002 5.62 -46, -24, 40
.003 5.53 56, -28, 24
Abstract vs. Baseline
Precuneus .008 5.35 10, -66, 18
Occipital cortex .002 5.59 -16, -72, 12
Somatosensory cortex .002 5.61 -62, -20, 36
.009 5.32 56, -16, 44
.016 5.21 -64, -22, 16
.015 5.23 -44, -30, 18
Motor cortex .003 5.50 -36, -18, 40
ROIs, SVC corrected, p < .05"
Overall: High+Low+Abstract vs. Baseline
IFC .017 4.68 54,34,2
rACC .022 4.05 6, 40, 2
dACC/ mCC .001 4.95 -4, -10, 40
High vs. Baseline
dACC/mCC .020 4.08 -4, 2, 44
.031 3.96 -4, -8, 38
Low vs. Baseline
IFC .003 5.03 54,34,2
rACC .046 3.83 2, 40, -4
dACC/ mCC .001 4.89 4, -4, 40
Abstract vs. Baseline
rACC .018 4.11 6,40,0
dACC/ mCC .021 4.07 -4, 2, 44
dACC/ mCC <.001 5.12 -4, -10, 40
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All activations resulted from the P2-model. There were no significant results in the C-
model. Peak statistics for all SVC-corrected activations initially thresholded at p < .0005
(uncorrected) and minimum cluster size threshold k = 5 voxels.

* p-values were tested against Bonferroni Holmes adjusted alphas (LPFC: al-
pha = 0.017; ACC: alpha = 0.025; Hippocampus: alpha = 0.05).

high-conditional-probability problems compared to baseline (p = .044,
2 =5.02, whole-brain FWE), and abstract problems compared to baseline
(p = .008, z = 5.35, whole-brain FWE). Parietal activations were found
in the deductive reasoning group, but not in the probabilistic reasoning
group. These results indicate that spatial representation and processing
are particularly important for deductive reasoning.

6.5. Probabilistic reasoning

A further hypothesis was that probabilistic reasoning should lead
to increased neural activation in the hippocampus because of its role
in memory retrieval (e.g., Addis et al., 2007; Eldridge et al., 2000;
Svoboda et al., 2006). In fact, we found increased hippocampal activ-
ity in the probabilistic reasoning group during the processing of the
second premise for high-conditional-probability problems (p = .030,
z = 3.89, SVC) and also during the processing of the conclusion for
high-conditional-probability problems compared to baseline (p = .032,

z = 3.84, SVC) and low-conditional-probability problems compared to
baseline (Fig. 6A; p = .046, z = 3.74, SVC). This activity was also ob-
tained for the processing of the conclusion for abstract problems com-
pared to baseline (p = .035, z = 3.79, SVC). No hippocampal activations
were found in the deductive reasoning group. These results indicate that
memory retrieval plays an important role in probabilistic reasoning.

6.6. Deductive versus probabilistic reasoning

A further comparison is the direct contrast between deductive ver-
sus probabilistic reasoning. This analysis suggests higher activity in the
IFC in the deductive reasoning group for abstract problems compared to
baseline during the processing of the second premise (Fig. 5C; p = .019,
z = 4.59, SVC)(adjusted alpha = 0.017). The IFC seems thus to be im-
portant in deductive but not probabilistic reasoning.



L.E. Gazzo Castafieda, B. Sklarek, D.E. Dal Mas et al.

Table 2
fMRI results for probabilistic reasoning.
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Regions Peak Statistics
p-value z-score MNI coordinates (%, y, z)

Whole-brain FWE corrected, p < .05
P2-Model
Overall: High+Low+Abstract vs.
Baseline

Motor Cortex .026 5.11 52,-2,12
High vs. Baseline

VMPFC .015 5.22 -12, 44, -2
Abstract vs. Baseline

Motor Cortex .020 5.16 52,-2,12
C-Modell

Insula .021 5.15 -38,-8, -8
ROIs, SVC corrected, p < .05
P2-Model
High vs. Baseline

Hippocampus .030 3.89 30, -12, -20
C-Model
High vs. Baseline

Hippocampus .032 3.84 -24, -30, -12
Low vs. Baseline

Hippocampus .046 3.74 -26, -32, -12
Abstract vs. Baseline

Hippocampus .035 3.79 -22,-14, -16

Peak statistics for all SVC-corrected activations initially thresholded at p < .0005 (uncorrected) and mini-

mum cluster size threshold k = 5 voxels.

* p-values were tested against Bonferroni Holmes adjusted alphas (LPFC: alpha =

pha = 0.025; Hippocampus: alpha = 0.05).

Table 3

0.017; ACC: al-

fMRI results for deductive vs. probabilistic reasoning.

Regions

Peak Statistics

p-value

Z-score MNI coordinates (x, y, z)

Deductive vs. probabilistic reasoning
ROIs, SVC corrected, p < .05"
P2-Model
Abstract vs. Baseline
IFC
Probabilistic vs. deductive reasoning
ROIs, SVC corrected, p < .05*
C-Model
Overall: High+Low+Abstract vs. Baseline
Hippocampus
Abstract vs. Baseline
Hippocampus

.019

.041

.011

4.59 54,32,2

3.69 -34,-18, -18

4.07 -34,-18, -18

Peak statistics for all SVC-corrected activations p < .05) initially thresholded at p <
.0005 (uncorrected) and minimum cluster size threshold k = 5 voxels.

* p-values were tested against Bonferroni Holmes adjusted alphas (LPFC: al-
pha = 0.017; ACC: alpha = 0.025; Hippocampus: alpha = 0.05).

6.7. Probabilistic versus deductive reasoning

Importantly, the reversed contrast — the direct comparison between
probabilistic versus deductive reasoning — revealed significantly ele-
vated activity in the hippocampus in the probabilistic reasoning group
during conclusion processing. This higher hippocampus activation was
obtained for all problems compared to baseline as well as for abstract
problems compared to the baseline (Fig 6B; p = .041, z = 3.69; p = .011,
z=4.07, SVC, respectively). The hippocampus is thus important in prob-
abilistic but not in deductive reasoning.

7. Discussion

When people reason in daily life they often consider their prior
knowledge about the content of inferences. This has motivated many

10

researchers to argue that everyday reasoning is uncertain and thus often
based on probabilistic inferences (e.g., Evans & Over, 2004; Evans, 2012;
Oaksford, 2015). Some researchers, however, go even further and argue
that all human reasoning is probabilistic. But is probabilistic reasoning
sufficient for human rationality? Isn’t the ability to reason deductively,
and even in new domains about which we do not have prior knowl-
edge, a hallmark of human intelligence and rationality? We think so,
and therefore we argued in this paper that human reasoning is not only
probabilistic. Instead, we proposed that people can also reason deduc-
tively and that deductive and probabilistic reasoning are distinct pro-
cesses with their own specific merits. Our assumptions are supported by
our behavioral and neuroimaging findings.

On the behavioral level, we were able to show that content only af-
fected inferences in the probabilistic but not in the deductive reasoning
group. This indicates that — when reasoning with conditionals — people



L.E. Gazzo Castafieda, B. Sklarek, D.E. Dal Mas et al.

can indeed inhibit their prior knowledge and reason in a knowledge-
free fashion. This inhibition of prior knowledge may certainly depend
on how participants are instructed (Vadeboncoeur and Markovits, 1999)
and on which kind of inference problems they have to solve (cf. Goel &
Dolan, 2003). Yet, our findings nonetheless show that there are situa-
tions where people can reason deductively. Importantly, and somewhat
unexpectedly, even in the probabilistic group there was still a consid-
erable number of participants that preferred the dichotomous response
format and gave binary responses. This was the case for abstract con-
ditionals (85%), conditionals with high conditional probability (63%),
and even for conditionals with low conditional probability (36%). As a
result, valid inferences were accepted more strongly for abstract con-
ditionals than for conditionals with low conditional probabilities, and
invalid inferences more strongly for low-conditional-probability prob-
lems than for abstract conditionals.

It is interesting that so many participants in the probabilistic group
decided to give binary responses. One of the main arguments of proba-
bilistic theories is that people want to use their prior knowledge during
reasoning and that this is what leads to probabilistic and uncertain rea-
soning. This was actually the reason why our flexible response format
always started with the dichotomous format that had to be extended into
the scale. We used this order because a switch to the scale would indeed
show that people feel the urge to give a graded response, as suggested
by probabilistic theory. Yet, even in the probabilistic reasoning group
only a few participants expanded the dichotomous response format into

11
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Fig. 5. ACC, IFC, and parietal activity mediate deductive reasoning
(A-D). Significant activations for the deductive reasoning group dur-
ing the processing of the second premise (P2-model) (SVC corrected, p
< .05) in the (A) rACC (ACC ROI; contrast high + low + abstract vs.
baseline (presented): 6, 40, 2; contrast abstract vs. baseline: 6, 40, 0),
(B) IFC (LPFC ROI; contrast high + low + abstract vs. baseline (pre-
sented); contrast low vs. baseline: both 54, 34, 2), (C) IFC in the direct
comparison between deductive vs. probabilistic reasoning (marginally
significant)(contrast abstract vs. baseline (presented): 54, 32, 2), and
(D) in the precuneus (whole-brain FWE corrected, p < .05; contrast
high + low + abstract vs. baseline (presented): 10, -66, 20; contrast
low vs. baseline: 8, -68, 20; contrast high vs. baseline; contrast abstract
vs. baseline: both 10, -66, 18). Peak MNI coordinates are displayed.
Clusters are shown in neurological orientation at a display threshold
of p < .0005 (uncorrected), k = 5 voxels. Colour bars indicate t values.
For clarity, the information whether the activations stem from SVC or
FEW analyses are underlined.

Fig. 6. Hippocampal activity underlies probabilistic reasoning (A-B).
(A) Significant activations for the probabilistic reasoning group during
the processing of the conclusion (C-model) in the hippocampus (hip-
pocampus ROI; SVC corrected, p < .05)(contrast high vs. baseline: -24,
-30, -12; contrast low vs. baseline (presented): -26, -32, -12; contrast
abstract vs. baseline: -22, -14, -16), and (B) in the direct compari-
son between probabilistic vs. deductive reasoning (hippocampus ROI;
SVC corrected, p < .05)(contrast high + low + abstract vs. baseline;
contrast abstract vs. baseline (presented): -34, -18, -18). Peak MNI
coordinates are displayed. Clusters are shown in neurological orienta-
tion at a display threshold of p < .0005 (uncorrected), k = 5 voxels.
Colour bars indicate t values. For clarity, the information whether the
activations stem from SVC or FEW analyses are underlined.

a scale. The easiest explanation, of course, is that this is just an artifact
of the order of response formats. However, we do not think that this
explanation is sufficient. As just explained, probabilistic theorists argue
that people always want to give graded responses. They argue that peo-
ple’s beliefs are represented in “many shades of grey” and not in “black”
or “white” as in binary logic (Evans, 2012, p. 9; cf. Oaksford & Chater,
2007; Over, 2009). Our finding that so many participants did not switch
to the scale challenges this assumption. If people really had such a strong
impulse to give a graded response, that should not be prevented by the
very small extra effort needed to switch to the scale format. This is an
important empirical finding on the behavioural level: it shows that par-
ticipants do not always feel the desire to consider degrees of belief and
to reason probabilistically. In fact, they also often want to give a clear
“yes” or “no” answer.

This is also supported by the neuroimaging findings, which also
speak for a coexistence of deductive and probabilistic reasoning in the
human brain. In the probabilistic reasoning group, but not in the de-
ductive group, we found - as expected — activation in the hippocampus
related to memory retrieval (Eldridge et al., 2000; Greicius et al., 2003).
In contrast, in the deductive group, but not in the probabilistic group,
we found activations in the ACC and the IFC - both regions that are re-
lated to conflict monitoring and inhibition (e.g., Botvinick et al., 2001,
2004; Tsujii et al., 2010; Aron et al., 2003). In addition, in this group we
also found activations in parietal regions that have been related to spa-
tial representation and deductive reasoning (e.g., Goel & Dolan, 2001;
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Knauff et al., 2002, 2003; Fangmeier et al., 2006; Mackey et al., 2013;
Knauff, 2013). Again, we did not find these activations during proba-
bilistic reasoning.

The reported activation pattern suggests that prior knowledge is ac-
tivated during both deductive and probabilistic reasoning, but that the
way this prior knowledge is handled differs between the two kinds of
reasoning. In probabilistic reasoning, prior knowledge is essential for the
evaluation of conclusions. Reasoners have to retrieve their knowledge
about the content of an inference and decide on the basis of this knowl-
edge the probability of the conclusion. This explains the hippocampal
activation. In deductive reasoning, prior knowledge is also retrieved, but
subsequently inhibited in order to be able to reason deductively. There-
fore, no hippocampal activations are observable, but only the activations
related to the inhibition of prior knowledge. However, once prior knowl-
edge is inhibited, reasoning proceeds in a knowledge-free way that is
qualitatively different from probabilistic reasoning and seems to rely on
spatial representations and processes — as indicated by the parietal acti-
vation unique for deductive reasoning. This finding supports the mental
models theory of deductive reasoning (e.g., Knauff et al., 2002, 2003;
Fangmeier et al., 2006).

We admit that there might be alternative interpretations for the IFC
activation. For instance, one reviewer suggested that if the right IFC
is more active during deductive vs. probabilistic reasoning in the ab-
stract problems, then the inhibition interpretation would be question-
able. The right IFC could in fact be active regardless of response inhi-
bition (Hampshire et al., 2010) and rule representations might be de-
coded from its activity patterns (Reverberi et al., 2012). The activation
we found in the right IFC could thus result from higher attentional con-
trol instead of response inhibition per se (cf. Hampshire et al., 2010).
We cannot completely rule out this interpretation, but consider it un-
likely. First, because although our abstract problems were abstract with
relation to the conditional relation between p and q (e.g., “If the box is
empty, then the box has stars on it”), they still contained familiar terms
about which the participants had prior knowledge (e.g., “box”, “stars”
etc.; see Gazzo Castafieda & Knauff, 2021). That is, also for abstract
problems participants had to inhibit prior knowledge to reason deduc-
tively — albeit not for the evaluation of the conclusion, but for decoding
the logical form from the premises. The IFC activation is thus not sur-
prising. And second, because we found a distinct activation pattern in
the comparisons against baseline. Here, the ACC was active for all kinds
of problems (abstract, high and low conditional probability), while the
IFC was only activated during problems of low conditional probability,
i.e., when participants are processing problems with many disabler and
thus need most inhibition of prior knowledge. This is difficult to recon-
cile with the alternative explanation and supports our initial assumption
that the IFC is important for inhibition of prior knowledge.

A final observation that supports our approach of distinguishing de-
ductive and probabilistic reasoning processes is that we found all in-
creased activations for deductive reasoning during the processing of
the second premise, whereas most relevant activations for probabilis-
tic reasoning appeared during conclusion processing. The higher acti-
vations during the processing of the second premise in deductive rea-
soning agrees with many previous findings (e.g., Rodriguez-Moreno &
Hirsch, 2009; Luo et al., 2014; Prado et al., 2010). When reasoning de-
ductively, most of the mental work can already be done when the second
premise is presented. People then already can integrate the information
from the two premises, which is the core of the deductive reasoning
process. Therefore, when confronted with the to-be-evaluated conclu-
sion, they can compare it with the conclusion they drew beforehand.
In Fangmeier et al. (2006) we presented an fMRI study that carefully
distinguished between the different phases of a reasoning process, and
also identified this phase as essential for deductive inferences. However,
the fact that for probabilistic reasoning we found significant activity
mostly during conclusion processing shows that, here, people are rea-
soning differently. When people reasoned probabilistically, they waited
for the conclusion and only then considered their prior knowledge to
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give a response. This is also reflected in our observation that most of
the participants in the probabilistic reasoning group moved the cursor
back and forth several times along the scale until they selected a re-
sponse, whereas participants in the deductive group right away selected
their “yes” or “no” response.

Our results draw a clear picture about human reasoning: people
can reason both deductively and probabilistically, and the two are
distinct cognitive processes. This reminds us of dual-process theories
that postulate two modes of reasoning (Evans & Stanovich, 2013;
Markovits, Brunet, Thompson, & Brisson, 2013). One mode is usually
described as contextualized, automatic, and effortless, the other as ab-
stract, controlled, and dependent on working memory (e.g., Evans &
Stanovich, 2013; Evans, 2008). In particular the distinction between ab-
stract and contextualized reasoning can be related to the distinction be-
tween deductive and probabilistic reasoning. Verschueren et al. (2005),
for instance, showed in a behavioral study that people can solve in-
ference problems in two different ways. They can do so probabilis-
tically, by considering likelihood information, and more deductively,
based on mental models. In this latter form of reasoning, conclusions
do not depend on probability information, but on reasoners’ knowledge
about counterexamples to the conclusion, i.e., situations in which the
premises are true but the conclusion is not. This is also supported by
the work of Markovits and colleagues, who could show that people
can indeed reason either probabilistically or based on mental models
(Markovits, Brisson, & de Chantal, 2017; Markovits, Brunet, Thomp-
son, & Brisson, 2013; Markovits, de Chantal, Brisson, & Gagnon-St-
Pierre, 2019; see also Gazzo Castaneda & Knauff, 2021). Similarly,
Rips (2001) and Rotello and Heit (2009) have found evidence in favor
of two distinct ways of thinking. Although they contrasted deductive
and inductive reasoning rather than deductive and probabilistic reason-
ing, their experiments do show that people reason differently when they
have to make evaluations on the necessity or the plausibility of argu-
ments. Reasoning about the necessity of arguments depended mostly on
analytic processing, while reasoning about their plausibility depended
mostly on heuristic processing (Heit & Rotello, 2010). The present brain-
imaging findings are novel, as they demonstrate for the first time that
deductive and probabilistic reasoning processes also coexist on the brain
level.

Proponents of probabilistic theories might nonetheless argue that
the different activation patterns are just due to our baseline condi-
tion. The purpose of baselines in reasoning experiments is to control
for reasoning-irrelevant activations, such as reading and text compre-
hension. Therefore, such baselines often have the same content as the
actual inference problems, but without asking participants to reason.
The activations found during the baseline problems are then subtracted
from the activations found during the reasoning task, so that the “core”
neural correlates for reasoning can be found. Oaksford (2015), however,
argues that in this way the effect of prior knowledge disappears, because
the baseline, which has the same content, is subtracted from the reason-
ing condition. As a result, he argues, many imaging studies fail to find
prior-knowledge-related activations that were actually there. This criti-
cism may also apply to our study, in which the baseline problems also
had the same content as the inferences. So, maybe our baseline elimi-
nated some retrieval-specific activations during deduction. The crucial
point, however, is that we nevertheless found hippocampal activation
in the probabilistic condition and conflict-monitoring and inhibition-
related activity during deductive reasoning. Prior knowledge thus seems
only to be necessary for probabilistic reasoning, where we were still able
to find hippocampal activation (although we used a content-rich base-
line), but not for deductive reasoning.

Advocates of probabilistic theories might also criticize that we did
not distinguish between the response options chosen by participants.
We found that deductive reasoning is accompanied by parietal, ACC,
and IFC activations, and that probabilistic reasoning is related to ac-
tivations in the hippocampus. A difficulty, though, is that we do not
know whether these activations differed when participants either chose
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the binary or the scaled response option. To test this, we conducted a
re-analysis with only those problems in which participants in the deduc-
tion group gave a binary response and those problems in which partici-
pants in the probability group gave a scaled response. For the deduction
group, such an analysis was possible and we could replicate the activ-
ity in parietal, ACC, and IFC areas. For the probability group, however,
we had too few observations to conduct this analysis, since participants
did not give enough graded responses. We will explore this in future ex-
periments. Yet, the problem of too few observations may remain, even
with larger samples, because even under probabilistic instructions par-
ticipants often give binary responses, as we have shown.

Finally, another criticism may be that our interpretations rely on re-
verse inferences, i.e., interpreting brain activities as indicators for cer-
tain kinds of cognitive processes. However, since we were aware of this
problem from the start, we strictly avoided post-hoc cognitive interpre-
tations of neural activations. We had clear cognitive hypotheses which
we translated into clear hypotheses about neural activities. Only these
hypotheses were tested and our study led to novel findings that are im-
portant for the psychology of human reasoning. Moreover, proponents
of probabilistic theories might also refer to our relatively small sample
size to question our results. But that is no convincing argument, as be-
havioral studies on conditional reasoning have shown large effects of in-
structions (d = 0.96; Singmann and Klauer, 2011, Exp. 1, MP-Inferences)
and content in everyday reasoning (d = 0.82 [d,=0.70]; Gazzo Cas-
tafieda & Knauff, 2021, Exp. 2, high vs. low conditional probability).
Power analyses based on these effect sizes (using G*Power, Faul et al.,
2009) show that our sample size is strong enough to detect such effects
of instructions and content (80% power, alpha = .05, two tailed, with
independent samples t-test and depended samples t-test, respectively).
In fact, other fMRI studies on reasoning have used similar sample sizes
(e.g., 20 participants in Coetzee & Monti, 2018; 16 in Luo et al., 2014;
and 17 participants in Prado et al., 2010).

Some cognitive reasoning researchers have argued that most of the
information we get in our daily life is only true up to a certain degree.
They also emphasize that people consider their prior knowledge to eval-
uate this uncertain information. We do not deny either. However, they
throw the baby out with the bathwater when they say that all reason-
ing is probabilistic. The ability to reason deductively is a hallmark of
human intelligence and rationality, even though, of course, we also
sometimes use our prior knowledge to solve inference problems. The
present research provides new evidence for the coexistence of deduc-
tive and probabilistic processes in human reasoning. This has important
implications for the psychology of reasoning. In recent years, the de-
ductive and the probabilistic paradigm have become increasingly sepa-
rated. The probabilistic paradigm claims to be “the new psychology of
reasoning” and considers deductive reasoning to be the “old paradigm”
(e.g., Evans, 2012; Elgayam & Over, 2013). This alleged opposition be-
tween “old” and “new”, however, hinders progress in the field (Knauff
& Gazzo Castafieda, 2021). Our study shows that both paradigms are
crucial for our empirical and theoretical understanding of human rea-
soning. Therefore, instead of promoting rivalry, cognitive psychologists
should work harder on finding further connections between the two
paradigms.
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