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Abstract
Scientifically literate individuals are defined as individuals who are able to apply scientific knowledge and use scientific 
reasoning skills to solve problems. In recent years, cognitive neuroscience has turned its attention to understanding the 
brain activation patterns associated with scientific reasoning skills, but this work has not been systematically reviewed for 
more than a decade. The present study reviews neuroimaging studies related to three types of scientific reasoning tasks: 
overcoming misconceptions, causal reasoning, and hypothesis generation. These studies indicate converging evidence for the 
involvement of (1) lateral prefrontal areas, reinforcing the idea of an association between scientific reasoning and executive 
functions, and (2) middle temporal areas, suggesting an association between scientific reasoning and declarative memory. 
Potential educational implications and leads for future research are discussed.
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Introduction

Science plays a crucial role in most industrialized socie-
ties, meaning that being an informed citizen in today’s world 
requires the ability to engage with science-related issues 
such as climate change, epidemics, genetically modified 
foods, and nuclear energy (Dragos and Mih 2015; Organisa-
tion for Economic Co-operation and Development [OECD] 
2017; United Nations Educational Scientific and Cultural 
Organization [UNESCO] 2010). It is therefore no surprise 
that leaders in both the European Union and the USA agree 
that scientific literacy is important, and that improving rates 
of scientific literacy could be beneficial to society (Ogunkola 
2013). Scientifically literate individuals are defined as indi-
viduals who are able to correctly apply scientific knowledge 
and scientific reasoning skills to solve problems and make 
practical and informed decisions in their personal, civic, 

and professional lives (Brickhouse et al. 1989; Dragos and 
Mih 2015; Holbrook and Rannikmae 2009; Laetsch 1987; 
Laugksch 1998). Dismal scores on international science 
examinations have led many countries to deplore low levels 
of scientific literacy and to assert that scientific reasoning 
skills “are often missing from the scientific learning effort” 
(Dragos and Mih 2015, p. 170). Better understanding the 
nature of scientific reasoning could bring an interesting per-
spective to this global educational concern and eventually 
help political leaders and educators make more informed 
decisions on how education can contribute to developing 
scientific reasoning.

There is a growing corpus of studies that focus on explor-
ing the brain activation patterns associated with scientific 
reasoning tasks. Pettito and Dunbar conducted a review in 
2004 that synthesized the findings of this research. Consid-
ering that new studies have since been published, but no 
other reviews have been conducted, an updated review would 
appear to be in order. Thus, the aim of the present review 
is to synthesize findings from studies published both before 
and after 2004 that examine brain activation patterns asso-
ciated with scientific reasoning tasks. The potential for a 
neuroscientific approach to provide insight into learning and 
reasoning has been acknowledged by several major organi-
zations over the last decade (e.g., OECD 2007; The Royal 
Society 2011; UNESCO 2013). It is generally accepted that 
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the neuroscientific approach complements other existing 
educational approaches (e.g., cognitivism, constructivism, 
socio-constructivism) and that brain-informed theories of 
learning could be useful for developing new teaching and 
educational practices. Thus, the present review has the 
potential to shed new light on the nature of scientific rea-
soning and to help educational leaders make better-informed 
decisions regarding science curricula and pedagogical prac-
tices in the science classroom.

Methods

Neuroimaging articles focusing on scientific reasoning were 
identified from three databases (i.e., ERIC, Google Scholar, 
and PsycINFO) using an algorithm combining sets of key-
words related to neuroimaging techniques and scientific dis-
ciplines. The complete algorithm used to search databases 
was as follows:

(“computerized tomography” OR tomography OR 
“magnetic resonance imaging” OR MRI OR fMRI OR 
“electrophysiological imaging” OR “metabolic imag-
ing” OR “computerized electroencephalog*” OR elec-
troencephalog* OR EEG OR “evoked potentials” OR 
“event-related potentials” OR ERP OR “spectral anal-
ysis” OR spectroscopy OR “topographic brain map-
ping” OR “positron emission tomography” OR PET 
OR “single photon emission computerized tomogra-
phy” OR magnetoencephalog* OR MEG)
AND
(science* OR physic* OR chemist* OR biolog* OR 
geography OR geology OR “earth science” OR astron-
omy)

This search led to 581 articles, which were screened for 
inclusion criteria by reading titles and abstracts (Mateen 
et al. 2013). Studies included in this review satisfied the 
following criteria:

1.	 Involve a cognitive task performed in a scientific disci-
pline (e.g., physics, chemistry, biology).

2.	 Present brain activation data during task execution.
3.	 Comprise a comparison consisting of either (1) compar-

ing brain activation of two groups (e.g., a two-group 
design in which participants in both groups answered the 
same types of questions), (2) comparing brain activation 
in two conditions (e.g., a single-group design in which 
participants answered at least two types of questions), 
or (3) comparing brain activation at two moments (e.g., 
a single-group design in which participants answered 
the same types of questions at a pretest and then at a 
posttest).

4.	 Be published in a peer-reviewed journal.

This first step led to a body of 8 apparently relevant 
studies. Then, each article’s reference list was screened for 
additional studies (Greenhalgh and Peacock 2005). For the 
sake of completeness, the reference list of Pettito and Dun-
bar’s (2004) review was also screened. This second step led 
to a new total of 22 apparently relevant studies. The full 
texts of these 22 studies were read, and inclusion criteria 
were applied, leading to a final count of 10 relevant studies. 
Although several types of classification of these 10 stud-
ies appeared possible, such as categorizing them by scien-
tific discipline or by type of comparison involved, the most 
coherent type of classification in line with the purpose of 
this review was considered to be a categorization by type 
of cognitive task involved. Thus, the 10 studies were classi-
fied into three categories of cognitive tasks emerging from 
keywords provided by the studies’ authors to describe their 
research: overcoming misconceptions, causal reasoning, and 
hypothesis generation.

Results and discussion

Overcoming misconceptions

Misconceptions are erroneous representations regarding 
natural phenomena that seem intuitively true to the learner, 
but are discordant with scientific representations (Shtulman 
and Valcarcel 2012). Misconceptions are persistent (Wan-
dersee et al. 1994), resistant to change (Treagust and Duit 
2008), and need to be overcome in order for learning of sev-
eral counterintuitive scientific concepts to occur (Stavy and 
Babai 2010). Recently, diSessa (2017, p. 5) emphasized the 
importance of a better understanding of the learning mecha-
nisms involved in overcoming misconceptions and indicated 
that such understanding remains “a compelling challenge for 
the field to resolve.”

Mechanisms involved in overcoming misconceptions 
have been examined by several studies from the standpoint 
of cognitive psychology (e.g., Babai and Amsterdamer 2008; 
Shtulman and Harrington 2015; Kelemen and Rosset 2009). 
These studies all conclude that overcoming misconceptions 
is related to the implementation of inhibitory control. At the 
cognitive level, inhibitory control is a process that involves 
the ability to resist a habit, a spontaneous and tempting 
response, a strategy, or a conception that is inappropriate or 
erroneous in some contexts, such as misconceptions in sci-
ence (Dempster 1995; Dempster and Corkill 1999; Diamond 
2013; Houdé and Borst 2014). The process of inhibitory 
control is related to error detection and suppression. It is 
part of a family of top-down mental processes known as 
executive functions: high-level cognitive processes, often 
associated with the frontal lobes, which control lower-level 
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processes in the service of goal-directed behavior (Diamond 
2013; Friedman and Miyake 2017).

One of the first studies to establish a link between over-
coming misconceptions and inhibition using neuropsycho-
logical tests was conducted by Kwon and Lawson (2000). 
This study focused on students aged 13–16 and observed a 
positive correlation between three variables: the students’ 
inhibitory control ability, measured using the Wisconsin 
Card Sorting Test (Berg 1948); scientific reasoning ability, 
measured using Lawson’s Classroom Test (Lawson 1978); 
and scientific concept acquisition, measured using a test 
on air pressure concepts. The results of this study showed 
that inhibitory control explained 29% of concept acquisi-
tion. Later studies that also used a cognitive psychology 
approach (Babai and Amsterdamer 2008; Babai et al. 2006, 
2010; Kelemen and Rosset 2009; Kelemen et  al. 2013; 
Shtulman and Harrington 2015; Shtulman and Valcarcel 
2012) reported that participants with several years of science 
education took more time to answer test items containing a 
misconception than they did with control items that did not. 
According to these studies’ authors, longer response times 
could be explained by the recruitment of inhibitory control 
mechanisms.

The three neuroimaging studies (Brault Foisy et al. 2015; 
Masson et al. 2014; Potvin et al. 2014) included in the pre-
sent review under the category of overcoming misconcep-
tions obtained results along the same lines, providing further 
evidence of an association between inhibitory control and 
scientific reasoning when students have to overcome mis-
conceptions. At the neural level, inhibitory control refers 
to the capacity of a neural network to block the activation 
of another neural network, such as that in which a miscon-
ception is embedded, and which would otherwise lead to 
an inappropriate behavioral response (Hunter et al. 2011; 
Snyder et al. 2010).

Inspired by a preliminary study conducted by Dunbar, 
Fugelsang and Stein (2007), Masson et  al. (2014) used 
fMRI, an electricity task, and a two-group design on under-
graduate students to compare brain activations of experts 
(n = 11; M = 22.1  years; SD = 3.5) and novices (n = 12; 
Mage = 22.9 years; SD = 3.5) in science, while evaluating 
the correctness of stimuli depicting simple electric circuits. 
Both groups were presented with images illustrating either 
scientific circuits (i.e., a bulb lights up when connected to 
a battery by two wires, thereby completing the circuit) or 
naïve, misconceptual circuits (i.e., a bulb lights up when 
connected to a battery by a single wire). Experts’ answers 
were in accordance with the scientific concept of the electric 
circuit, whereas novices’ answers were in accordance with 
the misconception. The authors’ a priori hypothesis was that 
experts would show more activation than novices in brain 
areas involved in inhibitory control. On the basis of previ-
ous neuroscientific studies that examined tasks requiring 

inhibitory control, such as the Stroop (e.g., Bush et al. 1998) 
and Go/No-go tasks (e.g., Menon et al. 2001), they identified 
three such brain areas in their a priori hypothesis: the ante-
rior cingulate cortex (ACC), the ventrolateral prefrontal cor-
tex (VLPC), and the dorsolateral prefrontal cortex (DLPC).

Results of the contrast analysis Experts > Novices for 
misconceptual circuits conformed with the authors’ a priori 
hypotheses by showing significantly greater relative acti-
vation of the ACC (Brodmann Area [BA] 32), left DLPC 
(BA 9), and left VLPC (BA 45). They reported that a likely 
interpretation of differential ACC activation, based on the 
neuroscientific literature (van Veen and Carter 2002; see 
also Botvinick 2007; Botvinick et al. 2001, 2004), was that 
experts had to monitor the conflict between two responses 
and detect the erroneous response. Similarly, the authors 
reported that the likely interpretation of differential activa-
tions of the lDLPC (Buchsbaum et al. 2005; see also Bush 
et al. 2006; Garavan et al. 2002; Menon et al. 2001; Monchi 
et al. 2001) and lVLPC (Buchsbaum et al. 2005; see also 
Badre and Wagner 2007; Casey et al. 1997; Gold et al. 2006; 
Levy and Wagner 2011) was that experts had to implement 
inhibitory control, a cerebral process distinct from conflict 
monitoring and error detection, which occurs after the brain 
has detected an error (Garavan et al. 2002; MacDonald et al. 
2000; Menon et al. 2001). Based on these results, Masson 
et al. (2014) concluded that misconceptions and formal 
electricity knowledge likely still coexist in experts’ neural 
networks, and that inhibitory control is necessary to avoid 
naïve answers.

Brault Foisy et al. (2015) used fMRI and a mechanics 
task in a similar two-group study design involving under-
graduate students, to compare the cerebral activity of experts 
(n = 10; Mage = 22.3 years; SD = 2.4) and novices (n = 19; 
Mage = 23.5 years; SD = 2.8) in science, while evaluating the 
correctness of stimuli depicting two free-falling balls of dif-
ferent sizes. Both groups were presented with short films 
showing either a scientific free fall (i.e., both balls falling 
at the same speed) or a naïve, misconceptual free fall (i.e., 
largest ball falling faster). Experts’ answers were in accord-
ance with the scientific concept of free fall, whereas novices’ 
answers were in accordance with the misconception. The 
authors’ a priori hypothesis was identical to Masson et al.’s 
(2014), and experts were expected to activate the three same 
brain areas (ACC, DLPC, VLPC) more than novices.

Results of the contrast analysis Experts > Novices for the 
misconceptual free fall conformed, although not entirely, 
with the authors’ a priori hypotheses, by showing signifi-
cantly greater relative activation of the lDLPC (BA 46) and 
rVLPC (BA 47), but not of the ACC. They reported that the 
likely interpretation of differential activations of the DLPC 
and VLPC, based on the neuroscientific literature (Buchs-
baum et al. 2005; see also Aron et al. 2003, 2004; Badre and 
Wagner 2007; Casey et al. 1997; Menon et al. 2001; Monchi 
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et al. 2001), was that experts had to implement inhibitory 
control processes to avoid naïve answers. Moreover, Brault 
Foisy et al. proposed that the unexpected lack of relative 
activation of the ACC could be due to the fact that both 
experts and novices activated the ACC when evaluating mis-
conceptual free falls. They suggested that novices could have 
activated the ACC because their brain possibly detected the 
presence of a conflict between their initial conception of 
free fall and the scientific conception previously learned in 
school. It thus appeared that the novices in this study may 
have been at a more advanced stage of conceptual change 
than expected, although they had not yet reached the stage 
of being able to overcome their initial conception to provide 
scientific answers. Similarly to Masson et al. (2014), Brault 
Foisy et al.’s general conclusion was that this cerebral acti-
vation pattern likely supports the hypothesis that experts’ 
misconceptions about mechanics are not eradicated dur-
ing formal learning. Instead, their misconceptions remain 
encoded in their neural networks where they coexist with 
scientific knowledge, and inhibitory control is required to 
provide correct answers.

Finally, in a somewhat different study by Potvin et al. 
(2014) using fMRI and a single group of undergraduates 
(n = 22; Mage = 18.5 years; SD = 0.7) considered to be nov-
ices in science, participants performed an electricity task in 
which they had to express their certainty level (i.e., sure or 
unsure) regarding the correctness of photographs of electric 
circuits. Some photographs depicted scientifically correct 
electric circuits, while others depicted incorrect electric 
circuits reflecting common misconceptions, such as “only 
one wire is enough to light up a bulb.” The photographs for 
which participants claimed to be certain of their answers 
comprised a similar number of correct and incorrect electric 
circuits (45.3 vs. 54.7%, respectively). The photographs for 
which participants claimed to be uncertain of their answers 
also comprised a similar number of scientifically correct and 
incorrect electric circuits (50.7 vs. 49.3%, respectively). The 
authors’ a priori hypothesis was that, due to internal lack 
of knowledge, novices would show more activation in the 
Uncertainty condition, compared to the Certainty condi-
tion, in brain areas involved in detecting uncertainty. On the 
basis of previous neuroscientific studies that examined this 
kind of uncertainty with tasks involving making predictions 
based on ambiguous rules (e.g., Volz et al. 2004) or judging 
written statements as being undecidable (e.g., Harris et al. 
2008), Potvin et al. identified two such brain areas in their a 
priori hypothesis: the anterior cingulate cortex (ACC) and 
the dorsolateral prefrontal cortex (DLPC). The authors did 
not have any a priori hypothesis for the Certainty > Uncer-
tainty comparison.

Results of the contrast analysis between Uncer-
tainty > Certainty responses conformed with the authors’ 
a priori hypothesis by yielding greater relative activation 

in the ACC (BA 24/32) and in the rDLPC (BA 8/9). They 
reported that the likely interpretation of ACC activation, 
based on the neuroscientific literature (van Veen and Carter 
2002; see also Botvinick 2007; Botvinick et al. 2001, 2004; 
Bush et al. 2002; Eisenberger et al. 2003; van Duijvenvoorde 
et al. 2008), was the recruitment of processes related to con-
flict monitoring caused by competing conceptions. These 
competing conceptions were presumed to be scientific elec-
tricity knowledge learned in school versus intuitive mis-
conceptions that continued to influence decision-making. 
Similarly, the authors reported that a likely interpretation of 
rDLPC activation could be the recruitment of the executive 
function of decision-making to resolve the conflict between 
two competing responses (Volz et al. 2005; see also Daniel 
et al. 2010; Harris et al. 2008; Hosseini et al. 2010; Stern 
et al. 2010). The opposite contrast analysis between Cer-
tainty > Uncertainty responses, for which they did not have 
any a priori hypotheses, yielded significantly stronger activa-
tions in posterior areas, such as the inferomedial occipital 
and inferior temporal gyri (BA 18/19/37), but not in the dor-
sal prefrontal areas. Based on task settings and on the neu-
roscientific literature (Fortin et al. 2001; Lamm et al. 2001; 
Waberski et al. 2008), they suggested that a possible inter-
pretation of these activations was that scientific knowledge 
about electric circuits might be grounded in the visuospatial 
circuits of the brain. When certain about their answers, it 
is thus possible that participants automatically retrieve this 
scientific knowledge without recruitment of decision-making 
processes. Moreover, unlike the conclusion reached by the 
previously discussed Masson et al. (2014) and Brault Foisy 
et al. (2015) studies, Potvin et al. concluded that their results 
did not show inhibitory control, and suggested the possi-
bility that the development of a certain level of expertise 
is required to record activations of inhibitory control areas 
when overcoming misconceptions.

Some common results and interpretations emerged from 
these three studies with respect to the neural correlates 
and processes involved in overcoming misconceptions. 
In two of the studies (Masson et al. 2014; Potvin et al. 
2014), researchers observed ACC (BA 24/32) activation 
and, based on the task and on neuroscientific literature, 
suggested that this activation may have been associated 
with monitoring the conflict between competing concep-
tions and detecting the erroneous conception or answer. 
Two of the three studies (Brault Foisy et al. 2015; Masson 
et al. 2014) also interpreted VLPC and DLPC activations 
observed in experts’ brains as a possible sign that inhibi-
tory control was implemented to inhibit a task-relevant 
misconception. While Potvin et al.’s conclusions (2014) 
do not suggest the presence of inhibitory control, they 
explicitly hypothesized that participants likely did not 
possess enough expertise to implement inhibitory control 
mechanisms when overcoming misconceptions. Thus, the 
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findings of these neuroimaging studies largely confirm the 
results of the cognitive psychology studies. They suggest 
that error detection, conflict monitoring, and particularly 
inhibitory control are important neural processes involved 
in overcoming misconceptions. Despite these common 
findings and similar conclusions, there were notable differ-
ences across the neural findings of these three studies, thus 
precluding a precise mapping of brain areas responsible for 
overcoming misconceptions. Most importantly, whereas 
Masson et al. (2014) and Brault Foisy et al. (2015) both 
found activations in the DLPC and VLPC, the respective 
activations occurred in different Brodmann Areas: left BA 
9 and left BA 45 in Masson et al.’s study versus left BA 46 
and right BA 47 in Brault Foisy et al.’s study.

These three studies also share certain limitations. Two 
of these limitations appear to be common among studies 
included in the three categories and will be examined in fur-
ther detail in the general discussion of this review. These two 
limitations are (1) a problematic use of reverse inference to 
interpret neuroimaging findings and (2) small sample sizes 
(n < 20). However, the following discussion will concentrate 
on two limitations that appear to be specific to the three stud-
ies described above.

First, the three studies focused exclusively on undergradu-
ates. Moreover, two of the studies focused on undergradu-
ates who were considered to be science experts. Thus, it 
remains unclear whether error detection, conflict monitor-
ing, and inhibitory control processes could be implemented 
in overcoming misconceptions among younger learners, 
such as elementary and secondary school students. Given 
the importance of brain development prior to adulthood 
(Kappel et al. 2015), adult neuroimaging findings cannot 
be readily generalized to children and adolescents. Indeed, 
because of developmental differences in both brain struc-
ture and function (e.g., Fair et al. 2009; Falk et al. 2013), 
the adult brain is generally considered non-representative of 
the younger brain (Henrich et al. 2010). In particular, neu-
ral structures and processes supporting executive functions, 
such as inhibitory control, are not fully developed in younger 
learners and continue to significantly strengthen throughout 
childhood and adolescence (Best and Miller 2010). Thus, it 
cannot be excluded that different mechanisms are recruited 
by younger learners to overcome misconceptions. Future 
neuroimaging studies could hence focus on younger learn-
ers to verify whether they recruit the same neural correlates 
and processes as adults when overcoming misconceptions. 
Moreover, focusing on younger learners appears necessary 
in future research, given the importance of gaining a bet-
ter understanding of the learning mechanisms involved in 
overcoming misconceptions, as highlighted at the beginning 
of this section (diSessa 2017). Indeed, in comparison with 
adults, a greater proportion of younger learners possess com-
mon misconceptions (e.g., Cepni and Keles 2006; Potvin and 

Cyr 2017; Stavy et al. 2006), and formal science teaching in 
most Western countries starts in early elementary education.

Secondly, these three studies used an observational 
design and did not address the effect of instruction on 
brain activation patterns. An interesting question for future 
research would thus be whether different types of science 
instruction yield different patterns of change at the neural 
level. Previous research in non-scientific fields suggests that 
this might be the case; it also indicates that certain types 
of instruction could be more beneficial than others at the 
neural level, because they generate a brain activation pattern 
that the literature has previously associated with expertise in 
that particular domain. For example, in the domain of read-
ing, it was observed by Yoncheva et al. (2010), using EEG, 
that two different types of artificial orthography training 
in young adults yielded different brain activation patterns. 
Training that consisted in directing participants’ attention 
to grapheme–phoneme associations yielded more left-lat-
eralized activation, which is associated in the neuroscien-
tific literature with reading expertise (e.g., Shaywitz et al. 
2002, 2007). In contrast, training that consisted in directing 
participants’ attention to whole-word associations yielded 
more right-lateralized activation. In the area of arithmetics, 
it was observed by Delazer et al. (2005), using fMRI, that 
two different types of complex operations training in young 
adults yielded different brain activation patterns. Training 
that consisted of drills (i.e., learning the association between 
the operands and the result) yielded more activation in the 
left angular gyrus, an area associated in scientific literature 
with expertise in arithmetic fact retrieval (e.g., Grabner et al. 
2009; Seghier 2013). In contrast, training that consisted in 
applying strategies yielded more activation in the precuneus. 
Thus, in the area of conceptual learning in science, future 
research could compare two different types of instruction to 
see if they result in different patterns of change at the neural 
level, and whether the brain activation pattern in novices 
nears the pattern observed in experts.

Causal reasoning

Another fundamental aspect of scientific literacy is causal 
reasoning, the mental process that consists in identifying 
causality—in other words, deciding whether and how one 
event (cause) brings about another event (effect) (Drouet 
2012; McKay Illari et al. 2011). Causal reasoning can occur 
by perceptual causality, the direct perception of causality 
from observing two events, or inferential causality, the infer-
ence of causality from the observation of events combined 
with real-world knowledge (Roser et al. 2005). Causal per-
ception is thus a more automatic process; the type of causal 
relationship is generally mechanical, meaning that it is based 
on the spatial or temporal contiguity of two events, such as 
two balls colliding (Ray and Schlottmann 2007; Scholl and 
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Nakayama 2002; Roser et al. 2005). Causal inference is a 
more complex process in which the reasoner must evalu-
ate the extent to which two events have a cause-and-effect 
relationship. The type of causal relationship involved in 
causal inference is frequently covariation, that is, based on 
the observation of concomitant variations in two events, 
phenomena, or variables (Bullock et al. 1982; Cheng 1997; 
Novick and Cheng 2004; Roser et al. 2005). The recent lit-
erature (Lappi and Rusanen 2011; McKay Illari et al. 2011; 
Rusanen 2014) has pointed out that natural science instruc-
tion and learning routinely make use of causality, a long-
established and central concept in scientific disciplines, but 
often lead to a range of interpretations. This tendency sug-
gests the need for a better understanding of the tools underly-
ing causality, including the cognitive mechanisms involved 
in perceiving and inferring causality.

As with overcoming misconceptions, mechanisms 
involved in causal reasoning have been extensively studied 
in the field of cognitive development. Causal reasoning has 
been linked to cognitive processes related to attention, such 
as attentional shifting, and to memory, such as retrieval of 
prior knowledge (Bes et al. 2012; Bullock et al. 1982; Cheng 
1997; Mendelson and Shultz 1976; Novick and Cheng 2004; 
Ray and Schlottmann 2007; Shultz et al. 1986). The four 
neuroimaging studies included in the present review under 
the category of causal reasoning (Blakemore et al. 2001; 
Fonlupt 2003; Fugelsang and Dunbar 2005; Fugelsang et al. 
2005) obtained similar results, but they also suggest that 
different neural correlates may be recruited when causality 
is perceived versus when it is inferred.

First, Blakemore et al. (2001) used fMRI and a physics 
task to compare the brain activity of a single group of 8 col-
lege students (age range 20–25 years) who were presented 
with short movies depicting different types of visual events, 
including causal and non-causal events. The causal events 
comprised an elementary, billiard ball type of mechanical 
causality in which a ball rolled and collided with a second 
ball, with the second ball immediately moving upon impact. 
In the non-causality events, the first ball rolled beneath the 
second ball without colliding with it and without any move-
ment of the second ball occurring. Thus, this task involved 
perceptual causality and a mechanical type of causal rela-
tionship. The contrast analysis Causality > Non-causality 
yielded significantly greater relative activation of the bilat-
eral medial occipito-temporal area V5/MT, the bilateral 
superior temporal sulci (STS), and the left intraparietal sul-
cus (lIPS). These neural findings were entirely consistent 
with the authors’ a priori hypotheses. This pattern of activa-
tion was thus interpreted as supporting the hypothesis that 
the elementary, billiard ball type of mechanical causality 
seems to be automatically processed by the visual system. 
More precisely, they interpreted (1) the V5/MT activation as 
being likely explained by engagement of motion information 

processing (Antal et al. 2004; Ueno et al. 2009; Zeki 2015), 
(2) the STS activation as being likely explained by engage-
ment of processes related to the perception of complex non-
biological motion that conveys significance (i.e., movement 
of inanimate objects, such as balls rolling) (Beauchamp et al. 
2002, 2004; Redcay 2008), and (3) the lIPS activation as 
being likely due to processing of visuospatial relationships 
involving causal contingency in causal events, but not in 
non-causal events (Becker et al. 1999; Majerus et al. 2006; 
Ravizza et al. 2004). Blakemore et al. did not address the 
opposite contrast (i.e., Non-causality > Causality). Thus, 
they concluded that the visual system seems to work toward 
recovering the causal structure of the world, and may play 
a particularly important role in detecting causality in visual 
events.

Fonlupt (2003) used fMRI and the same billiard ball 
collision movies as in the previously described study by 
Blakemore et al. (2001) to compare brain activation in a 
single group of 10 college students (age range 20–25 years) 
in causal versus non-causal events. For each type of event, 
participants were instructed to make both a causal judge-
ment (i.e., detect the presence or absence of causality) and a 
movement direction judgement (i.e., detect if the ball moved 
toward the right or left side of the screen). Despite implying 
a mechanical type of causal relationship, this task involved a 
conscious level of inference about the presence of causality. 
The contrast analysis Causality detection > Direction detec-
tion showed significantly greater relative activity of several 
foci in the medial dorsal part of the superior frontal cortex 
(dMPFC, BA 8/9), which was consistent with the authors’ a 
priori hypothesis. Considering this finding, neuroscientific 
literature, and results obtained by Blakemore et al. (2001), 
Fonlupt interpreted this pattern of activation as likely sug-
gesting that (1) the perception of causality is processed pri-
marily by a visual module independently from higher-level 
processes, and that (2) output from this module is available 
to be read and interpreted by higher-order processes occur-
ring in the dMPFC during the explicit search for causality 
and the inference of its presence or absence. More precisely, 
by comparing the foci of activation observed in the dMPFC 
with activation locations derived from the literature, the 
authors suggested that the pattern of activation observed in 
their study could be explained by the recruitment of pro-
cesses such as externally focused attention (Banich et al. 
2000; Dove et al. 2000), memory, e.g., working memory, 
recognition memory (Donaldson et al. 2001; Prabhakaran 
et al. 2000), general reasoning, e.g., inductive reasoning, 
relational integration (Christoff et al. 2001; Goel et al. 1997), 
and self-referential processes (Gusnard et al. 2001). In brief, 
they concluded that explicit determination of physical cau-
sality appears to involve comparison with a reference that 
could consist of participants’ knowledge of physical laws 
governing collisions, memories of past events involving 



145Cognitive Processing (2019) 20:139–161	

1 3

these laws, and the representation of complex interrelation 
between objects.

Fugelsang et al. (2005) also used fMRI and a billiard 
ball collision task to compare cerebral activity in a single 
group of 16 college students (Mage = 26.8 years) who were 
presented with short movies depicting three types of visual 
events. The first type of event was a causal event in which a 
ball rolled and collided with a second ball, with the second 
ball immediately moving upon impact. The two other types 
of events were non-causal and consisted of a temporal gap 
event in which the second ball moved with a short delay 
after impact, and of a spatial gap event in which the first 
ball stopped short of touching the second ball, but the second 
ball moved nevertheless. Thus, this task involved perceptual 
causality and a mechanical type of causal relationship. The 
contrast analysis comparing cerebral activity for the causal 
event with the conjunction of the two non-causal events 
(i.e., Causal > conjunction of Temporal and Spatial gaps) 
yielded significantly greater relative activity in the right infe-
rior parietal lobule (rIPL, BA 39), the right inferior frontal 
gyrus (rIFG, BA 45), the middle and superior frontal gyri 
(MFG and SFG, BA 6/8), and the right superior parietal 
lobule (rSPL, BA 7).

These neural findings were entirely consistent with the 
authors’ a priori hypotheses. Thus, this pattern of activation 
was interpreted as likely providing support for the hypoth-
esis that perceiving causality from dynamic visual events 
recruits visual attention and executive processes. More 
precisely, they interpreted (1) the rIPL (BA 39) and rIFG 
(BA 45) activations as being likely explained by the recruit-
ment of processes sustaining visual attention and vigilance 
(Buchsbaum et al. 2006; Singh-Curry and Husain 2009), 
and (2) MFG/SFG (BA 6/8) and rSPL (BA 7) activations 
as likely being due to recruitment of processes subserving 
visuospatial working memory (Babiloni et al. 2005; Cheng 
et al. 1995; Courtney et al. 1996). Also consistent with the 
authors’ a priori hypotheses, the opposite contrast analysis 
(i.e., conjunction of Temporal and Spatial gaps > Causal) 
yielded significantly greater relative activity in parieto-
occipital areas, such as the cuneus (BA 18) and the lingual 
gyrus (BA 19). These activations were thus interpreted as 
likely suggesting engagement of higher-order visuospatial 
information processing, but not engagement of attentional/
executive processes (Fortin et al. 2001; Lamm et al. 2001; 
Waberski et al. 2008). In brief, they concluded that greater 
activation of regions in the prefrontal cortices when par-
ticipants viewed causal events, compared with non-causal 
events, suggests that causal events may recruit more atten-
tional/executive processes, thus resulting in more attentional 
resources devoted to such events.

Lastly, using fMRI and a task about pharmacology, 
Fugelsang and Dunbar (2005) compared cerebral activity in 
a single group of 14 college students (age range 18–31 years) 

who were presented with four visual event types: data either 
consistent or inconsistent with a plausible causal theory 
(e.g., a serotonin reuptake inhibitor [a type of antidepres-
sant medication] improves mood) and data either consist-
ent or inconsistent with an implausible causal theory (e.g., 
a topoisomerase inhibitor [a type of antibiotic medication] 
improves mood). Data were presented in combinations of 
cause (i.e., a colored pill representing the medication) and 
effect (i.e., mood variation). Thus, this task involved infer-
ential causality and a covariation type of causal relation-
ship. The contrast analysis Consistent > Inconsistent showed 
significantly greater relative activation of the left parahip-
pocampal gyrus (lPHG) and the right precentral gyrus (BA 
6) for both plausible and implausible theories, and signifi-
cantly greater relative activation of the left caudate nucleus 
for implausible theories only. The contrast analysis Incon-
sistent > Consistent showed significantly greater relative 
activation of the ACC (BA 24/32), the precuneus (BA 7), 
and the lDLPC (BA 9) for plausible theories and no signifi-
cantly greater relative activation for implausible theories.

These neural findings were consistent with the authors’ a 
priori hypotheses only regarding lPHG and ACC activations. 
They had no a priori hypotheses on the other activations. 
Based on the task settings and on neuroscientific literature, 
they reported that a possible unified interpretation of the 
three activations observed in the contrast analysis Consist-
ent > Inconsistent could be explained by the recruitment of 
processes related to memory and learning. More precisely, 
they interpreted the lPHG and caudate activations as being 
both likely explained by the engagement of processes related 
to encoding and binding of stimulus features to memory 
traces and the retrieval of information from declarative 
memory necessary to make causal inferences (Spaniol et al. 
2009; see also Aminoff et al. 2013; Ekstrom and Bookheimer 
2007; Grahn et al. 2008; Kohler et al. 1998; Monchi et al. 
2006; Owen et al. 1996). The unexpected recruitment of the 
precentral gyrus (BA 6), which was coactivated with these 
regions, was interpreted as possibly reflecting the extent to 
which preparatory motor functions were occurring during 
the data accumulation phase of the task (Hanakawa et al. 
2002; Lamm et al. 2001; Nobre et al. 1997; Tanaka et al. 
2005).

Similarly, the authors reported that a possible unified 
account of the three activations observed in the contrast 
analysis Inconsistent > Consistent could be that data incon-
sistent with the plausibility of theories are likely processed 
by the brain as errors, and lead to reallocation of attentional 
resources away from the task. More precisely, they inter-
preted ACC (BA 24/32) activation as being likely explained 
by participants detecting erroneous data and monitoring con-
flict engendered by these data (van Veen and Carter 2002; 
see also Botvinick 2007; Botvinick et al. 2001, 2004). They 
also suggested that (1) lDLPC (BA 9) activation could be 
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possibly explained by the active inhibition of attentional 
processes associated with the task (Buchsbaum et al. 2005; 
see also Bush et al. 2006; Garavan et al. 2002; Menon et al. 
2001; Monchi et al. 2001), and that (2) precuneus (BA 7) 
activation could be possibly explained by the reorientation 
or reallocation of attentional resources away from the task 
(Cavanna and Trimble 2006; see also Bartolomeo et al. 
2012; Corbetta et al. 1995; Mahayana et al. 2014; Simon 
et al. 2002). In brief, they concluded that conditions in 
which data are consistent with the plausibility of a theory 
may imply that participants are likely more apt to efficiently 
encode and retrieve information and, thus, likely more apt to 
learn. Conversely, they concluded that conditions in which 
data are inconsistent with the plausibility of a theory appear 
to recruit error processing and attentional reallocation mech-
anisms and, thus, do not seem to benefit learning.

With respect to overall findings, the four studies reviewed 
in this section did not find any neural commonalities between 
inference and perception of causality. Indeed, Fugelsang and 
Dunbar (2005) and Fonlupt (2003) examined causal infer-
ence, and their findings suggest that brain activations (e.g., 
lPHG, ldMPC) observed when inferring causality stem from 
the recruitment of processes related to attention, memory, 
and reasoning. The results of the two other studies, which 
examined causal perception (Blakemore et al. 2001; Fugel-
sang et al. 2005), suggest that brain activations (i.e., mainly 
visual system areas) observed when perceiving causality are 
different and stem from a more automatized processing of 
visuospatial information. Moreover, Fugelsang and Dunbar 
(2005) found more left-lateralized activations associated 
with inferring causality, whereas Blakemore et al. (2001) 
found more right-lateralized activations associated with 
perceiving causality. This discrepancy between neural cor-
relates and processes recruited in causal inference and per-
ception is consistent with the findings of several other stud-
ies in the literature (e.g., Roser et al. 2005; Schlottmann and 
Shanks 1992; Scholl and Nakayama 2002), and strengthens 
the idea that separate neural systems for causal perception 
and causal inference appear to exist in the human brain.

As a prime example of such studies, Roser et al. (2005) 
conducted a series of experiments on callosotomy (split-
brain) patients (n = 2). In a first experiment, participants had 
to perceive the presence or absence of causality in the same 
billiard ball collision task as in the above-mentioned study 
by Fugelsang et al. (2005). When stimuli were shown in their 
left visual field, participants performed well and were able to 
identify spatial and temporal gap events as being non-causal 
events. However, when stimuli were shown in their right 
visual field, participants performed poorly and were not able 
to identify gap events as being non-causal events. Because 
left visual field stimuli are processed by the right hemisphere 
and vice versa, it was thus concluded that the right hemi-
sphere was dominant in perceiving causality in this task. In a 

second experiment, the same participants were asked to infer 
causality in a series of movements of “switches” and their 
effect on a “lightbox” and then to decide whether a presented 
stimulus (i.e., the movement of one of the switches) was 
the reason the box lit up. Stimuli were once again shown in 
either their right or left visual field. Contrary to the results 
of the first experiment, participants performed well and were 
able to infer causality correctly when stimuli were shown 
in their right visual field, but not when they were shown in 
the left. It was thus concluded that the left hemisphere was 
dominant in inferring causality in this task. Thus, the human 
brain appears to have separate neural systems for causal per-
ception and causal inference, with perception being more 
right-lateralized and inference being more left-lateralized.

As observed in the studies on overcoming misconcep-
tions, the four studies on causal reasoning reviewed here 
have certain limitations. The two mentioned above (i.e., 
problematic reverse inference and small sample sizes) will 
be more closely examined in the general discussion of this 
review. First, the four studies focused on a single type of 
mechanical causality, namely, the collision between two 
bodies. However, the physical world includes a variety 
of types of mechanical causality, such as crushing, bend-
ing, pulling, shattering, and launching (Patterson and Bar-
bey 2005). These are very common in the real world and 
underlie the learning of several concepts, theories, and 
laws in science curricula, such as physics (e.g., projec-
tile motion, the behavior of a spring). Thus, it is possible 
that different neural correlates and processes are recruited 
when perceiving or inferring these other types of mechani-
cal causality. Further studies are needed to achieve a more 
accurate picture of the neural correlates associated with 
other types of mechanical causality.

The second limitation of these causal reasoning studies 
is their use of a single type of perceptual modality (i.e., 
visual modality) to examine neural correlates recruited 
by the perception and inference of causality. However, 
there are other types of perceptual modalities that sub-
tend the perception and inference of causality, such as 
touch and audition (Kording et al. 2007; McGann 2010). 
In a scientific context, auditory processing is involved, for 
instance, in several causal events that make characteristic 
sounds (Patterson and Barbey 2005), such as the tearing 
of a piece of paper, the cracking of a stick, reverberation, 
or the acceleration of a motor vehicle. Future neuroimag-
ing research on causality in scientific contexts could thus 
focus on causal events involving perceptual modalities 
other than vision, to determine whether the neural corre-
lates and processes recruited by such events are the same 
as those recruited by visual perception and inference of 
causality. Neural commonalities between modalities would 
suggest the presence of a unitary neural system subtending 
the perception and inference of physical causality.
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Hypothesis generation

Hypothesis generation can be defined as a deductive rea-
soning process by which a theoretical proposition is formu-
lated by a reasoner to explain or predict natural phenomena 
occurring in the environment (McGuire 1997). It is generally 
acknowledged (McGuire 1997; Zavrel and Sharpsteen 2016) 
that generating hypotheses is a critical ability among other 
skills related to scientific inquiry, the process by which new 
scientific knowledge is produced. Training science learners 
to generate hypotheses is usually part of the science curricu-
lum (National Research Council [NRC] 2005). According 
to cognitivist models (Cooper and Yule 2013; Pleskac et al. 
2007), the main cognitive processes involved in generating 
a hypothesis are the retrieval of relevant declarative knowl-
edge from long-term memory, the inference of associations 
between this knowledge and cues from the environment, the 
updating of working memory with these representations, and 
the evaluation of the consequences of the action related to 
a hypothesis. Pleskac et al. (2007), however, underline that, 
because multiple cognitive processes appear to contribute 
to hypothesis generation, it is difficult to arrive at an exact 
understanding of how a hypothesis is generated by human 
cognition. The three neuroimaging studies (Lee and Kwon 
2011, 2012; Kwon et al. 2009) on hypothesis generation 
included in this review obtained similar results, suggest-
ing that the above-mentioned processes indeed appear to 
be involved when generating a hypothesis. Moreover, as 
highlighted below, these studies suggest that generating a 
hypothesis could have a more positive effect on learning 
and motivation than understanding a hypothesis. Hypothesis 
understanding in these studies comprises expository teach-
ing about natural phenomena, in which students are provided 
with direct explanations of phenomena without formulating 
any hypotheses (Lee and Kwon 2011).

First, Kwon et al. (2009) used fMRI and an experimen-
tal two-group design to compare the change in cerebral 
activation patterns caused by two different training pro-
grams. Participants were female undergraduates (age range 
20–25 years) who were randomly split between either of the 
instruction programs. The experimental group (n = 9) under-
went an eight-week program in which they were trained to 
generate their own hypotheses about various biological phe-
nomena for 60 min per week. More precisely, the training 
session administered each week to the experimental group 
consisted of six steps: (1) observe a picture depicting a 
natural phenomena (e.g., sap oozing from a tomato stump), 
(2) generate a causal question with regard to the given phe-
nomena (e.g., “Why did sap ooze from the stump?”), (3) 
analyze the question, (4) represent a phenomena similar to 
the given phenomena, which helped them, (5) find possible 
explanations for the given phenomena, and (6) construct a 
hypothesis (or explanation) about the given phenomena. 

Meanwhile, the control group (n = 9) was given instructions 
on understanding hypotheses and was thus passively pro-
vided with correct explanations about the same phenomena 
rather than generating their own hypotheses. The cerebral 
activity of both groups was measured before and after the 
2-month period, using a hypothesis generation visual task. In 
the task, participants were shown biological pictures depict-
ing natural phenomena different from training, accompanied 
by a causal question (e.g., “Why is the monkey covered with 
white fur?”), and were asked to generate a hypothesis with 
regard to this question. In addition, immediately after the 
scanning session at both pretest and posttest, participants 
were asked to write down the hypotheses they had generated 
during the task, and these were scored.

With respect to behavioral data first, the experimen-
tal group showed substantial improvement between pre-
test (Mscore = 2.33, SD = 0.71) and posttest (Mscore = 4.59, 
SD = 1.10) scores, whereas the control group showed a 
more modest improvement between pretest (Mscore = 2.00, 
SD = 0.75) and posttest (Mscore = 2.26, SD = 0.72) scores. 
Comparative analysis of the two groups’ pretest and 
posttest scores was conducted using a one-way ANOVA with 
repeated measures. While the ANOVA showed no statisti-
cal difference between the two groups’ mean scores on the 
pretest (p = 0.195), the mean score of the experimental group 
was significantly higher on the posttest (p < 0.001). The 
authors thus concluded that participants in the experimen-
tal group performed better than those in the control group. 
However, they do not appear to have addressed the group 
(training/control) × time (pre/post) interaction using a two-
way ANOVA. As discussed below, this type of statistical 
analysis is crucial when attempting to demonstrate signifi-
cant training effects (Livelli et al. 2015; Sternberg 2008).

With respect to neuroimaging data, this study was mostly 
exploratory, and thus, the authors did not have precise a pri-
ori hypotheses with regard to expected brain activations. 
The Post > Pre contrast analysis for the control group, using 
a paired t test, yielded no significant difference in brain acti-
vation. The same Post > Pre (paired t-test) contrast analysis 
for the experimental group yielded significantly increased 
activation, notably in the bilateral superior frontal gyri 
(SFG, BA 6) and the left inferior frontal gyrus (lIFG, BA 
9), as well as significantly decreased activation, notably in 
the left inferior parietal lobule (lIPL, BA 40) and right insula 
(BA 13). In addition, a one-way ANOVA was conducted to 
compare the brain activations of the two groups at posttest. 
The authors reported that the experimental group’s brain 
activity on the posttest was significantly higher than that of 
the control group in the same two above-mentioned regions 
(SFG, BA 6 and lIFG, BA 9) and significantly lower in the 
same two above-mentioned regions (lIPL, BA 40 and right 
insula, BA 13). Similar to behavioral data, a group (train-
ing/control) × time (pre/post) comparison of relative brain 
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activation using a two-way ANOVA does not appear to have 
been conducted. Based on the task settings and on neurosci-
entific literature, the authors interpreted greater lIFG (BA 
9) activation as being possibly due to the engagement of a 
greater working memory load necessary to generate hypoth-
eses (Hirshorn and Thompson-Schill 2006; Kuperberg et al. 
2006; Moss et al. 2005; Thompson-Schill et al. 1997). Simi-
larly, SFG (BA 6) activation was explained as likely due to 
recruitment of higher-order inferential reasoning processes 
involved in generating hypotheses, which consist in evalu-
ating information and establishing complex relationships 
among pieces of information (Christoff et al. 2001; Green 
et al. 2006; Kroger et al. 2002). Lesser activation of the 
right insula (BA 13) was explained as being possibly due to 
the experimental group’s increased confidence in generating 
hypotheses following experimental training. This explana-
tion was based on neuroscientific literature showing that the 
right insula is linked with combined cognitive and affective 
processing when adverse outcomes are expected, such as 
in the risky, uncertain decision-making behavior involved 
in hypothesis generation (Elliott et al. 2000; Paulus et al. 
2003; Sawamoto et al. 2000). Finally, lesser activation of the 
lIPL (BA 40) was explained as being possibly due to the fact 
that participants in the experimental group more efficiently 
analyzed the visual stimuli after the training program than 
before it. This explanation was based on neuroscientific lit-
erature, showing that the lIPL is recruited by tasks assessing 
sustained visuospatial attention and vigilance (Adler et al. 
2001; Coull et al. 1998; Foucher et al. 2004).

In brief, Kwon et al. (2009) found that hypothesis genera-
tion recruited processes similar to those described in cog-
nitivist models as supporting hypothesis generation, such 
as working memory updating, inferential reasoning, and 
evaluation of the consequences (e.g., “risks”) of making a 
hypothesis. In addition, they concluded that hypothesis-gen-
erating training had a more positive effect on learning than 
hypothesis-understanding instruction, because it induced (1) 
better task performance and (2) above-mentioned changes 
in neural activation patterns that suggest implementation of 
training-dependent brain plasticity mechanisms.

In a later study, Lee and Kwon (2011) used fMRI to 
compare the cerebral activity of a single group of 60 male 
participants (Mage = 24.05 years; age range 16–42 years) 
during completion of two types of tasks in biology. In both 
tasks, participants were shown visual stimuli representing 
biological phenomena (e.g., formation of dung balls by dung 
beetles). In the first task (hypothesis generating), they were 
presented with separate stimuli of the cause and effect of 
natural phenomena and were asked to generate a hypothesis 
(or explanation) on the biological process linking the cause 
to the effect. After producing a hypothesis, participants 
were shown the correct biological process to validate their 
hypothesis. In the second task (hypothesis understanding), 

participants did not generate any hypotheses. They were 
directly presented with the correct biological process link-
ing the cause and effect of phenomena, which they only had 
to understand.

Similar to Kwon et al.’s (2009) study, the authors did not 
have precise a priori hypotheses with regard to expected 
brain activations. The contrast analysis Hypothesis gener-
ating > Hypothesis understanding revealed greater relative 
activity in a left hemisphere neural network notably com-
prising the lDLPC (BA 9/46), putamen, lPHG (BA 22), and 
left middle occipital gyrus (lMOG, BA 19). Based on the 
task and the literature, they suggested that the activation of 
the lDLPC (BA 9/46) could possibly be explained by the 
integration of abstract level causal relationships that are 
required to generate hypotheses from observing complex 
biological phenomena (Kwon et al. 2006). This process 
involves the establishment of complex relationships between 
pieces of information contained in working memory (Christ-
off et al. 2001; Green et al. 2006; Kroger et al. 2002). Simi-
larly, activation of the putamen, an area of the mesolimbic 
system, was explained as being possibly due to the feeling 
of uncertainty felt while generating a hypothesis (Balleine 
et al. 2007; Chang et al. 2002; Sefcsik et al. 2009), or to 
the anticipation of the reward accompanying an accurate 
hypothesis (Haruno and Kawato 2006; Tanaka et al. 2006). 
Moreover, they emphasized that the putamen is part of the 
brain’s reward system and, moreover, that its recruitment 
has been linked in the literature to academic achievement 
motivation (Berridge 1996; Berridge and Robinson 1998; 
Mizuno et al. 2008). Activation of the lPHG (BA 22) was 
explained as being likely due to the establishment of con-
textual associations between prior knowledge retrieved from 
declarative memory and informations processed from the 
task’s stimuli (Spaniol et al. 2009; see also Aminoff et al. 
2013; Ekstrom and Bookheimer 2007; Kohler et al. 1998; 
Owen et al. 1996). Finally, activation of the BA 19, a higher-
order visuospatial processing area (Fortin et al. 2001; Lamm 
et al. 2001; Waberski et al. 2008), was explained as being 
possibly due to a more intense visual exploration of the stim-
uli by participants when they had to generate a hypothesis 
compared to when they had to understand it.

In brief, the findings of Lee and Kwon’s study (2009) 
again suggested that generating a hypothesis appears to 
recruit processes similar to those described in cognitiv-
ist models of hypothesis generation, such as (1) inferring 
associations between externally derived cues and internally 
derived prior knowledge and (2) evaluating or anticipating 
the consequences (e.g., “reward”) of making a hypothesis. 
In addition, because of the above-mentioned recruitment of 
the brain reward system, they suggested that students could 
be more interested in generating a hypothesis than in receiv-
ing passive instruction from which they have to understand 
a hypothesis.
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Lastly, Lee and Kwon (2012) used fMRI to compare the 
cerebral activation patterns of two groups of high school 
students (Mage = 16.71 years; age range 16–17 years) who 
received either hypothesis-generating training (n = 7) or 
hypothesis-understanding instruction (n = 7) for 12 weeks. 
The hypothesis-generating group received twelve training 
sessions on biological hypothesis generation on different 
biological topics (e.g., rubber hand illusion) for 4 h each 
week. Each weekly training session comprised the same six 
steps as those used in the Kwon et al. (2009) study previ-
ously described. Meanwhile, the control group received the 
same type of hypothesis-understanding instruction as in the 
Kwon et al. (2009) study. Both groups were scanned before 
and after the 12-week period using both a hypothesis-gen-
erating visual task and a hypothesis-understanding visual 
task. In the hypothesis-generating task, participants were 
presented with biological pictures showing natural phenom-
ena different from training. Pictures were accompanied by a 
causal question (e.g., “What causes a dung ball to appear?”) 
and participants were asked to generate a hypothesis explain-
ing the phenomena in question. They were then shown the 
correct explanation and were required to indicate, by click-
ing on one of the two mouse buttons, whether or not their 
hypothesis was in agreement with the correct explanation. 
Data obtained from participants’ mouse clicks, although 
subjective, were considered as behavioral data represent-
ing accuracy during the hypothesis-generating task. In the 
hypothesis-understanding task, participants were passively 
presented with the correct explanation of the phenomena and 
only had to understand it. They were then required to indi-
cate, by clicking on one of the two mouse buttons, whether 
or not they fully understood the correct explanation. Data 
obtained from participants’ mouse clicks were considered as 
representing accuracy during the hypothesis-understanding 
task. In addition, immediately after the scanning session at 
both pretest and posttest, both groups were administered 
a paper and pencil test to measure their general scientific 
hypothesis generation ability (Lee 2009).

With respect to behavioral data first, this study conducted 
a two-way ANOVA (group [training/control] × time [pre/
post]) on both types of behavioral data (i.e., accuracy dur-
ing the task and hypothesis-generating ability). For accu-
racy, the authors reported a nonsignificant interaction effect 
(p = 0.441) between group and time, suggesting that varia-
tion in the means of the two groups’ accuracy scores over 
the 12-week treatment period was not significantly different 
depending on the type of treatment received. For the hypoth-
esis-generating ability, they reported a significant main 
effect of group (p = 0.004), but a nonsignificant interaction 
effect (p = 0.623) between group and time. Because the mean 
scores of the two groups’ hypothesis-generating ability were 
not statistically different at pretest (p = 0.124), the authors 
interpreted these findings as suggesting participants of the 

trained group showed significantly higher ability improve-
ment than those in the control group due to the 12-week 
training program. However, this interpretation appears ques-
tionable because of the absence of a significant interaction 
effect between group and time. Such an interaction, as previ-
ously stated and as discussed below, is critical when attempt-
ing to demonstrate significant training effects.

With respect to neuroimaging data, the authors used a 
one-way ANOVA at posttest to compare experimental versus 
control group cerebral activity during hypothesis generation 
and hypothesis-understanding tasks. In addition to the one-
way ANOVA, they conducted paired t-tests to determine 
the regions in which a group showed a relative increase or 
decrease in activity compared with the other group from 
pretest to posttest. Similarly to Kwon et al.’s (2009) study, a 
two-way ANOVA (group × time) with cerebral activity as a 
dependant variable was not conducted. Moreover, because 
two unrelated groups were compared, it seems unclear 
why and how paired rather than independent t tests were 
used. Lastly, authors had precise hypotheses with regard to 
expected brain activations, based on the findings of previ-
ous studies, such as Kwon et al. (2009) and Lee and Kwon 
(2011). Neural findings confirmed their hypotheses.

For the hypothesis generation task, it was found that the 
experimental group’s neural activity increased significantly 
more from pretest to posttest, compared with the control 
group, in the left PHG, left DLPC, left superior temporal 
gyrus (lSTG), and left putamen. Conversely, the experimen-
tal group’s neural activity decreased significantly more from 
pretest to posttest, compared with the control group, in the 
left middle occipital gyrus (lMOG) and right lingual gyrus. 
On the other hand, for the hypothesis-understanding task, it 
was found that the control group’s neural activity increased 
significantly more from pretest to posttest, compared with 
the experimental group, in the right middle frontal gyrus 
(rMFG) and the right precuneus. Conversely, the control 
group’s neural activity decreased significantly more from 
pretest to posttest, compared with the experimental group, 
in the left corpus callosum.

For the hypothesis-generating task, the pattern of com-
parative change in cerebral activity, and its accompany-
ing interpretations, presents major similarities with find-
ings from previously described studies by Lee and Kwon 
(2011) and Kwon et al. (2009). Eloquent examples of such 
similarities are the greater comparative activations in the 
lPHG, lDLPC, and left putamen observed in the experimen-
tal group. The comparative lPHG activity increase in the 
experimental group was explained by Lee and Kwon (2012) 
as being likely due to the creation of contextual associa-
tions between informations derived from the task’s stimuli 
and prior knowledge stored in declarative memory (Span-
iol et al. 2009; see also Aminoff et al. 2013; Ekstrom and 
Bookheimer 2007; Kohler et al. 1998; Owen et al. 1996; Yue 
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et al. 2007). The comparative lDLPC activity increase in the 
experimental group was explained as being likely due to the 
engagement of information integration processes consist-
ing of establishing complex relationships between pieces of 
information (Christoff et al. 2001; Green et al. 2006; Kroger 
et al. 2002; Kwon et al. 2009). This finding was explained 
as being likely caused by the 12-week training program that 
engaged these processes in the experimental group, whereas 
these processes were less recruited in the control group. The 
comparative putamen activity increase in the experimental 
group was explained as being likely due to the uncertainty 
felt while generating a hypothesis or to the engagement of 
the brain reward system (Balleine et al. 2007; Chang et al. 
2002; Mizuno et al. 2008; Sefcsik et al. 2009). This finding 
was explained as being likely caused by experimental group 
participants being more motivated because they could seek 
explanations actively, whereas control group participants 
were accustomed to having the explanations passively pro-
vided to them.

Lastly, Lee and Kwon’s (2012) study also presents similar 
findings to Lee and Kwon (2011) on the important role of 
higher-order visuospatial processing areas (i.e., left MOG, 
lingual gyrus) during hypothesis generation. The compara-
tive decrease in these regions in the experimental group 
was explained as being likely due to the neural efficiency 
hypothesis (Dunst et al. 2014; Haier et al. 1992). Participants 
who were trained in hypothesis generation for 12 weeks 
processed task-dependent visual information more effi-
ciently. Conversely, participants who received the hypoth-
esis-understanding treatment were less efficient at process-
ing task-dependent visual information because of the few 
opportunities given to them to do so during treatment. Thus, 
participants in the experimental group needed substantially 
less recruitment of brain areas subserving higher-order visu-
ospatial processing during the hypothesis generation task.

For the hypothesis-understanding task, the authors inter-
preted the pattern of comparative change in cerebral activity 
as pointing toward a greater working memory load in the 
control group. For example, the comparative rMFG activity 
increase in the control group was explained as being likely 
due to increased requirements of information maintenance 
in working memory (Olesen et al. 2004). The comparative 
right precuneal increase in the control group was explained 
as being likely due to increased requirements of temporary 
storage of basic visuospatial information in working memory 
(Smith and Jiondes 1997). These findings were explained 
as being likely caused by control group participants being 
constantly pushed to memorize the correct explanations of 
the presented natural phenomena during the hypothesis-
understanding instruction.

In summary, when considered as a whole, the neuroimag-
ing findings from these three studies suggest the recruitment 
of mostly left-lateralized neural correlates in frontal (e.g., 

superior and inferior frontal gyri), temporal (e.g., parahip-
pocampal gyrus), and basal ganglia (e.g., putamen) areas 
when a hypothesis is generated. Moreover, these activa-
tions are interpreted by the authors as subtending mental 
processes similar to those described in cognitivist models 
as supporting hypothesis generation—namely, retrieval 
of prior knowledge from long-term memory, inference of 
associations between prior knowledge and stimuli from the 
task, updating of working memory, and evaluation of the 
consequences of making a hypothesis (e.g., being right and 
receiving a reward, such as positive feedback, or the risk of 
being wrong and receiving negative feedback).

In addition to appearing to confirm the recruitment of 
mental processes similar to those suggested by cognitiv-
ist models, the findings of the three neuroimaging studies 
reviewed here suggest that hypothesis generation training 
may have a more positive effect on learning and motivation 
than hypothesis understanding. An example of such findings 
is the behavioral data gathered by Kwon et al. (2009) and 
Lee and Kwon (2012). In both studies, researchers found that 
participants trained in generating hypotheses appeared to 
perform better on written tests measuring the ability to gen-
erate scientific hypotheses than participants who received 
instruction in hypothesis understanding. Although the tests 
represented a near transfer type of task (Barnard and Jacobs 
2007) that measured learning in a context closely related 
to training, these results can nevertheless be interpreted as 
indicating a positive effect on learning due to the critical 
role of hypothesis generation in scientific inquiry (McGuire 
1997; Zavrel and Sharpsteen 2016).

Another example of a possible positive effect on learning 
are the results of the study by Lee and Kwon (2012), show-
ing that, at posttest, trained participants exhibited a relative 
decrease in activity in higher visuospatial processing areas 
compared with control participants. This was interpreted as 
the trained group becoming more neurally efficient at pro-
cessing sufficient visual information from the task’s stimuli. 
Neural efficiency is a well-established concept in neurosci-
entific studies on human intelligence. It has been observed in 
a variety of studies employing different neurophysiological 
measurement methods and a broad range of cognitive task 
demands (Dunst et al. 2014; Neubauer and Fink 2009; Neu-
bauer et al. 2002). Neurally efficient individuals use a more 
limited group of neural circuits and/or fewer neurons, result-
ing in lower total cortical activation and greater efficiency 
when engaged in performing cognitively demanding tasks 
(Haier et al. 1988, 1992). Lastly, as already pointed out, Lee 
and Kwon (2011, 2012) explained the greater relative puta-
men recruitment in hypothesis generation as likely being due 
to greater engagement of motivation processes. This appears 
to be in line with findings from previous behavioral studies 
comparing emotional changes in hypothesis-generating vs. 
hypothesis-understanding conditions (Lee and Kwon 2008; 
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Teixeira-Dias et al. 2005; van Zee 2000). In these studies, 
participants in hypothesis-generating conditions generally 
expressed more positive emotions, such as higher interest 
and motivation.

As discussed earlier in this review, the three studies on 
hypothesis generation have certain limitations in common. 
One of these has already been briefly mentioned and con-
cerns statistical data analysis conducted in the two-group 
design studies (i.e., Kwon et al. 2009; Lee and Kwon 2012). 
These two studies evaluated the effect on a dependent vari-
able (e.g., cerebral activity, task accuracy) of a mix of one 
between-subject factor (i.e., group: trained vs. control) and 
one within-subject factor (i.e., time: pretest vs. posttest). 
Thus, a two-way mixed ANOVA would have appeared to 
be the most appropriate type of statistical data analysis in 
this case to demonstrate a significant training effect. More 
precisely, a significant interaction effect between group and 
time would have made it possible to infer that the variation 
in the dependent variable over the treatment period (time) 
differed depending on the type of treatment received (group) 
(Hinkle et al. 2003; Howell 2002; Seltman 2015). In addition 
to being largely documented in the analysis of behavioral 
data (e.g., Seltman 2015), the use of a two-way ANOVA 
is also well documented for the analysis of neuroimaging 
data (Auffermann et al. 2001; Chen et al. 2013; Henson and 
Penny 2005; Ward and Chen 2006). However, in the Kwon 
et al. (2009) and Lee and Kwon (2012) studies, a two-way 
mixed ANOVA was not conducted, and the interaction effect 
was addressed using another form of statistical analysis. For 
example, Kwon et al. (2009) used paired t-tests to compare 
the pre and posttest cerebral activity of each group and a 
one-way ANOVA to compare the cerebral activity of the two 
groups at posttest. This combination of analyses appears less 
appropriate than a two-way mixed ANOVA, for several rea-
sons. First, the within-subject and between-subject factors 
were considered separately, making it impossible to test for 
the interaction of their effects (Auffermann et al. 2001). In 
addition, the one-way ANOVA did not consider the pretest 
cerebral activity of the two groups, which may have revealed 
comparative differences. Lastly, this combination of t-tests 
and one-way ANOVA involved analyzing certain data twice, 
potentially increasing the risk of committing a type I error 
(Seltman 2015).

Another significant limitation is that none of the two-
group design studies in which one group received hypothesis 
generation training (Lee and Kwon 2012; Kwon et al. 2009) 
used a delayed posttest to compare the cerebral activity of 
the two groups after a supplementary period of no training. 
It is therefore unclear whether differences in brain activa-
tion patterns of the two groups observed immediately after 
training would still be present a few weeks later. A future 
study could examine the delayed effect of hypothesis genera-
tion training on cerebral activity by comparing the cerebral 

activity of previously trained participants and control par-
ticipants during a hypothesis-generating task completed 
several weeks after training. A delayed comparison would 
seem especially relevant given results obtained by Kwon 
et al. (2009) and Lee and Kwon (2012), which suggest the 
occurrence of neural changes related to learning and moti-
vational benefits in the trained group, such as greater neu-
ral efficiency and greater engagement of the brain reward 
system.

General discussion

Thus far, the present review has examined the conclusions of 
various studies regarding neural correlates and processes for 
each type of cognitive task, highlighting the limitations spe-
cific to each category. This section will discuss convergent 
findings and limitations across all three scientific reasoning 
tasks.

Convergent findings

Firstly, recruitment of the lateral prefrontal areas subtending 
diverse executive functions (i.e., inhibitory control, decision-
making, and working memory updating) was observed for 
all three types of cognitive tasks. This observation seems 
to support the idea that executive functions play a role in 
scientific reasoning and, potentially, in scientific literacy and 
science learning achievement in school. Cognitive studies 
have previously found associations between science learn-
ing achievement and (1) working memory updating (Bahar 
and Hansell 2000; Danili and Reid 2004; Gathercole et al. 
2004; Jarvis and Gathercole 2003; Rhodes et al. 2014, 2016; 
St Clair-Thompson and Gathercole 2006; St Clair-Thompson 
et al. 2012); (2) attention set-shifting (Latzman et al. 2010); 
and (3) planning (Rhodes et al. 2014).

With respect to pedagogical implications, one interest-
ing hypothesis arising from these findings is the possibility 
that executive function-based teaching strategies improve 
scientific reasoning ability, and might therefore also improve 
overall academic performance in scientific disciplines. This 
hypothesis has been tested by previous empirical research in 
literacy and mathematics in two contexts: far transfer situa-
tions and near transfer situations (Sala and Gobet 2017a, b). 
A far transfer situation involves applying previous learning 
to dissimilar situations, such as contexts and tasks differ-
ent from those in which the original learning event took 
place (Barnard and Jacobs 2007; Laker 1990). A signifi-
cant number of empirical studies were conducted to test for 
far transfer between executive function-based training and 
academic achievement in mathematics (e.g., Henry et al. 
2014; Holmes et al. 2009; Karbach et al. 2015; Kroesber-
gen et al. 2014) and literacy (e.g., Lee 2014; Loosli et al. 
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2012; Nevo and Breznitz 2014; Studer-Luethi et al. 2016). 
For example, St Clair-Thompson, Stevens, Hunt, and Bolder 
(2010) examined the effectiveness of computerized working 
memory training (e.g., digit recall, block recall, listening 
recall) among 5- to 8-year-olds. Although training led to an 
improvement in working memory skills, no improvement 
was observed on standardized tests for mathematics and 
reading, either immediately following training or 5 months 
later. Recent meta-syntheses (Cragg and Gilmore 2014) and 
meta-analyses (Melby-Lervåg et al. 2016; Sala and Gobet 
2017b; Simons et al. 2016) have concluded that, in far trans-
fer situations, there is not enough evidence to date to sup-
port the idea that executive function-based training enhances 
academic performance in mathematics and literacy.

A near transfer situation involves applying previous 
learning to similar situations, such as contexts and tasks 
closely related to those in which the original learning event 
took place (Barnard and Jacobs 2007; Laker 1990). Several 
empirical studies have been conducted to test for near trans-
fer between a training task comprising executive function-
based training strategies and a closely related testing task. 
These studies have largely focused on mathematical abili-
ties in the fields of logic (e.g., Houdé et al. 2001; Houde 
and Moutier 1996, 1999; Moutier et al. 2002) and geometry 
(e.g., Babai et al. 2015). Their findings generally indicate 
that executive function-based training strategies have a 
positive effect on learning. For example, Babai et al. (2015) 
tested the effects of warnings on performance in a geometry 
task where participants (sixth graders aged 11–12) had to 
determine which of two shapes had the larger perimeter. 
Warnings are a teaching strategy intended to activate inhibi-
tory control processes and consist in explicitly informing 
participants about the appealing but erroneous reasoning 
strategies that they have to inhibit. The warning interven-
tion was administered to an experimental group in training 
trials similar though not identical to the test trials. Warnings 
resulted in an improvement in the accuracy of responses in 
comparison with the control group.

Thus, the literature suggests that executive function-based 
training strategies may have a beneficial effect on learning 
when used in near transfer but not far transfer situations. 
However, in the domain of science, as pointed out by Sala 
and Gobet’s recent meta-analysis (2017a, b), no peer-
reviewed journal appears to have published studies on the 
effects of executive function-based training strategies on sci-
ence achievement, either in far transfer or near transfer situ-
ations. This subject would therefore be an interesting area 
for future empirical research to examine, particularly with 
near transfer situations, which appear to be most promising.

Another interesting finding arising from the present 
review is that other brain areas seem to be associated with 
scientific reasoning abilities across more than one type of 
task. A noteworthy example is the parahippocampal gyrus, 

or the medial temporal lobe in general, which was found 
to be recruited when participants performed causal reason-
ing and hypothesis generation. This observation suggests 
an association between declarative memory processes (i.e., 
encoding, consolidation, and retrieval) and scientific rea-
soning; it also reinforces previous evidence from cognitive 
and developmental research showing the profound influence 
of prior knowledge and experience on scientific reasoning 
(Shah et al. 2017). In other words, scientific reasoning in 
a given task always draws on prior knowledge, including 
facts, concepts, theories, laws, and models. These conclu-
sions, along with the massive amount of information covered 
in science curricula and the prevalence of misconceptions, 
all point to one straightforward pedagogical implication: 
one way to improve students’ scientific reasoning could be 
to provide better guidance on what knowledge should be 
accessed and for what purpose during a learning task in sci-
ence. This hypothesis echoes recent meta-analytic literature, 
which suggests that instructional guidance is beneficial to 
the development of scientific knowledge and reasoning skills 
and, moreover, that what constitutes the best type of instruc-
tional guidance in science depends on students’ age (Alfieri 
et al. 2011; D’Angelo et al. 2014; Carolan et al. 2014; Furtak 
et al. 2012; Lazonder and Harmsen 2016).

As an eloquent example, the meta-analysis completed by 
Lazonder and Harmsen (2016) synthesized the results of 
72 studies to compare the effectiveness of different types 
of instructional guidance on science learning outcomes—
namely, scientific knowledge and reasoning abilities, as 
assessed through posttests, criterion tasks, interviews, or 
questionnaires. The different types of instructional guid-
ance ranged in specificity. More specific types of guidance 
consisted of precise scaffolds and explanations with regard 
to the knowledge and reasoning skills relevant to the task. 
Less specific or more minimal types of guidance consisted 
of prompts, or reminders to perform an action, and process 
constraints, which restricted the comprehensiveness of the 
learning task. Results showed that receiving guidance (all 
types combined) had a significant positive overall effect 
(d = 0.50) on learning outcomes compared with receiv-
ing no guidance at all. In addition, results showed that less 
specific types of guidance appeared to be more beneficial 
for older students (d = 0.94), aged 15–22, than for younger 
students (d = 0.78), aged 5–12. Conversely, more specific 
types of guidance appeared to be more beneficial for younger 
students (d = 3.62) than for older students (d = 0.70). The 
authors explained these results as being likely due to the fact 
that younger students have less content knowledge and less 
familiarity with scientific reasoning skills, therefore requir-
ing more specific instructional guidance.

Several authors have also proposed that simply carry-
ing out science learning tasks, with minimal or no guid-
ance, could impose excessive demands on novice learners’ 
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working memory, leaving too little capacity to recruit long-
term memory processes during the task (Hushman and Mar-
ley 2015; Kirschner et al. 2006; Paas et al. 2003; Sweller 
1999; Tuovinen and Sweller 1999). With more specific 
instructional guidance, novice learners receive more sup-
port in terms of relevant knowledge and reasoning skills, 
thus decreasing their working memory load and increasing 
the capacity to recruit long-term memory processes, such 
as encoding new knowledge (Mayer 2004; Hushman and 
Marley 2015; Shulman and Keisler 1966). This mechanism, 
postulated as subtending the beneficial behavioral effects 
of more specific instructional guidance on novice learners, 
does not yet appear to have been addressed using neuroim-
aging. It could thus represent an interesting lead for future 
research, which could examine the combined neural and 
behavioral effects of different types of instructional guidance 
on novice learners. In accordance with Lazonder and Harm-
sen’s (2016) results discussed above, it would be expected 
that more, rather than less, specific guidance would benefit 
younger, more novice learners, such as elementary school 
students. Providing these students with specific guidance 
could lead, on the one hand, to lesser relative activation in 
working memory areas and greater relative activation in 
long-term memory areas and, on the other hand, to a posi-
tive correlation between greater neural activity in long-term 
memory areas and better posttest behavioral results.

Common limitations

With regard to common limitations among the studies 
included in this review, one that applies to most of these 
studies is the use of potentially problematic reverse infer-
ences. Reverse inference is the inference of the engagement 
of a specific cognitive process based on brain activation 
observed during a task (Aguirre 2003; Poldrack 2006; Hut-
zler 2013). Reverse inference is a frequent practice in the 
interpretation of neuroimaging results and is used most often 
in cases where the activation of a brain region that was not 
part of the a priori research hypotheses occurs (Poldrack 
2011). Pinal and Nathan (2017) point out that reverse infer-
ence is widely criticized, and that some researchers have 
gone as far as suggesting that it be removed from the cogni-
tive neuroscience tool kit. However, reverse inference is not 
problematic per se if there is a high likelihood of engage-
ment of the particular cognitive process (C) inferred from 
the observed pattern of brain activity (A) and the task set-
tings (T). This likelihood can be framed as the conditional 
probability P (C|A∩T) (Hutzler 2013; Poldrack 2011; Sarter 
et al. 1996). According to this formula, the two conditions 
that would increase conditional probability, thereby increas-
ing the validity of a reverse inference, are functional speci-
ficity and task specificity. Functional specificity is the extent 
to which a brain region is specialized for a single cognitive 

process (Kanwisher 2010)—in other words, the specificity 
of activation of a brain region. As emphasized by Poldrack 
(2006, 2011) and Pinal and Nathan (2017), several brain 
regions, especially those in the heteromodal associative cor-
tex, can be activated by a wide range of cognitive processes. 
Inferring the engagement of a specific cognitive process 
from the activation of one of these regions would therefore 
be a weak form of reverse inference and consequently dimin-
ish the validity of the results’ interpretation. Likewise, the 
fact that smaller brain regions (e.g., BA 19) are more selec-
tive of cognitive processes than larger brain regions (e.g., 
medial temporal lobe) weakens the validity of reverse infer-
ence based on the activation of a larger region (Poldrack 
2006). Task specificity refers to the extent to which task 
settings isolate a particular cognitive process. As Hutzler 
(2013) explains, higher task specificity reduces the prob-
ability that the observed activation of a brain region could be 
explained by other cognitive processes implemented in that 
region. Thus, reverse inference in the case of tasks involving 
several cognitive processes could also be unreliable.

The studies in all three categories of the present review 
provide examples of problematic instances of reverse infer-
ence. For example, Potvin et al. (2014, p. 9) interpreted the 
“bilateral extended activations in the posterior region of the 
brain, beginning at the inferior occipital gyrus and ending at 
the angular gyrus and the superior parietal lobule,” for which 
there was no a priori hypothesis, as likely being the result 
of “visuospatial processing.” This inference is problematic 
mostly with regard to functional specificity, because the 
observed activation appears to encompass a large region of 
the brain. Similarly, Fugelsang and Dunbar (2005, p. 1210) 
interpreted the observed DLPC activation, for which there 
was no a priori hypothesis, as being possibly explained by 
“the active inhibition of the attentional processes associated 
with the task.” Once again, the problem with this reverse 
inference relates primarily to functional specificity, as the 
DLPC is part of the frontal heteromodal associative cor-
tex, and several cognitive processes are implemented in this 
region. As a last example, Kwon et al. (2009, p. 394) inter-
preted the activation of the DLPC, for which there was no 
precise a priori hypothesis, as being likely explained by the 
“integration of abstract level causal relation structure […] 
to generate biological hypotheses from complex biological 
phenomena.” The issues with this reverse inference mirror 
those outlined above regarding the Fugelsang and Dunbar 
(2005) study.

Another significant limitation in several of the studies 
discussed in this review is the use of small sample sizes. 
For example, Masson et al. (2014) used two groups of 11 
and 12 participants, respectively, Blakemore et al. (2001) 
used a single group of 8 participants, and Lee and Kwon 
(2012) used two groups of 7 participants each. As will be 
explained below, small sample sizes are associated with 
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decreased statistical power, and greater risk of committing 
a type II error and missing true activations. Using meth-
ods such as simulations (Desmond and Glover 2002) and 
resampling (Murphy and Garavan 2004), fMRI-specialized 
statisticians have predicted power in fMRI studies and pro-
duced power curves to summarize their results. Their work 
is often referenced in the neuroimaging community with 
respect to power and sample size issues (Hayasaka et al. 
2007). To reach the acceptable 80% threshold of statistical 
power at conservative alpha values (e.g., α < 0.001) com-
monly used in fMRI studies, these statisticians recommend 
using sampling groups of about 20 participants. It is sug-
gested that once the sample size exceeds 20, fMRI activa-
tion maps generally cease to show significant supplementary 
activations for a given task. For example, there would be 
little to no benefit in scanning a sample of 50 participants 
in terms of significant observed supplementary activations. 
Conversely, scanning smaller samples (n < 20) for a given 
task yields activation maps showing fewer significant acti-
vations. Smaller samples, such as those used in most of the 
studies discussed in this review, could therefore result in less 
complete activation maps, increasing the risk of missing true 
activations and thereby committing a type II error.

Moreover, lower statistical power could lead to another 
problem affecting the reliability of findings, namely, a lower 
positive predictive value (Button et al. 2013; Heston and 
King 2017; Nichols et al. 2016). The positive predictive 
value (PPV) is the probability that a significant research 
finding reflects a true effect, or, in other words, that the 
finding is a true positive. The PPV depends on factors such 
as the a priori probability of the finding being true, the sta-
tistical power of the study, and the level of statistical sig-
nificance (Button et al. 2013; Nichols et al. 2016). Through 
their meta-analysis, Button et al. (2013) demonstrate that 
low statistical power appears to be endemic in the field of 
neuroscientific research and argue that the major implica-
tion of a lower associated PPV is the decreased likelihood 
that any nominally significant neuroimaging finding actually 
reflects a true effect.

In summary, while the potential problems associated 
with the use of reverse inference and small sample sizes do 
not invalidate the findings of neuroimaging studies, such as 
those discussed in this review, they are nevertheless worth 
keeping in mind.

Conclusion

The objective of this review was to synthesize and classify 
neuroimaging studies that examined brain activation dur-
ing three types of scientific reasoning tasks: overcoming 
misconceptions, causal reasoning, and hypothesis genera-
tion. The findings across all three tasks suggest converging 

evidence for the recruitment of (1) lateral prefrontal areas, 
likely caused by the engagement of executive function pro-
cesses, and (2) medial temporal areas, likely caused by the 
engagement of declarative memory processes. The main 
hypotheses with respect to pedagogical implications that can 
be derived from these findings, in combination with previous 
literature, are that scientific reasoning skills and scientific 
literacy could be improved with the use of (1) executive 
function-based teaching strategies applied in near transfer 
situations and (2) better instructional guidance during sci-
entific learning activities regarding what knowledge to use 
and why. These hypotheses need to be tested and refined in 
future research. Most of the studies discussed in this review 
also present two notable limitations: a problematic use of 
reverse inference, which could undermine the interpretation 
of results, and small sample sizes, which could diminish the 
completeness and reliability of findings.
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