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Significance 

Which cognitive mechanisms 
allow humans to reason logically, 
to understand whether a 
conclusion follows from the 
premises? Are they the same 
ones that allow the assembly 
of words into structured 
representations? Scholars have 
debated for millennia whether 
logical reasoning is inextricably 
tied to natural language, or 
instead relies on a distinct 
“language of thought” (LOT). 
Using fMRI in healthy adults 
and evaluating logical ability in 
individuals with severe aphasia, 
we find that distinct neural 
systems support language 
processing vs. logical (inductive 
and deductive) reasoning. These 
results suggest that, at least in 
mature brains, language 
processing does not underpin 
logical inference, perhaps due to 
the distinct representational 
format of the logical LOT. 

Humans are endowed with a powerful capacity for inductive and deductive logical 
thought: we easily form generalizations based on a few examples and draw conclusions 
from known premises. Humans also arguably have the most sophisticated communi-
cation system in the animal kingdom: natural language allows us to express complex 
and structured meanings. Some have therefore argued for a tight relationship between 
complex thought and language, postulating that reasoning, including logical reason-
ing, relies on linguistic representations. We systematically investigated the relationship 
between logical reasoning and language using two complementary approaches. First, 
we used noninvasive brain imaging (fMRI) to examine neural activity as healthy adults 
engaged in logical reasoning tasks. And second, we behaviorally evaluated logical abil-
ities in individuals with extensive lesions to the language brain areas and consequent 
severe linguistic impairment. Our findings reveal that the language brain network is not 
engaged during logical reasoning, and patients with severe aphasia exhibit intact perfor-
mance on logic tasks. Instead, inductive reasoning recruits the domain-general multiple 
demand network implicated broadly in goal-directed behaviors, whereas deductive rea-
soning draws on brain regions that are distinct from both the language and the multiple 
demand networks. Together, these results indicate that linguistic representations are 
neither utilized nor required for inductive or deductive logical reasoning. 

language of thought | logical reasoning | aphasia | fMRI | cognitive neuroscience; language 

In 350 BC, Aristotle wrote that “writing and speech are not the same for all people, but 
mental acts themselves, of which words signify, are the same for all people” (1). This 
reflection highlights a distinction between linguistic symbols and the underlying cognitive 
structures they aim to express. But over the years, many philosophers, linguists, and 
cognitive scientists have argued that natural language is, in fact, the medium of complex 
thought (e.g., ref. 2–18); for counterarguments, see refs. 19, 20. We here challenge this 
view using evidence from human neuroscience. 

A key argument for language underlying thinking has to do with similarities between 
them. For example, one prominent proposal about thought—the “language of thought” 
(LOT) hypothesis (21)—has emphasized the compositional and hierarchical nature of 
thoughts. According to this hypothesis, thoughts are composed of smaller atomic pieces 
in a structured format with hierarchical relations among the component elements. A 
parallel to natural language is easy to draw: sentences are built out of words, which are 
related to one another hierarchically. But a parallel can also be drawn to computer pro­
grams, which are built out of a small collection of primitive operations, or to melodies, 
which are composed of hierarchically related notes and chords. So, this similarity alone 
is insufficient to conclude that we think in language. Furthermore, although many 
thoughts can be cast into natural language (which is what makes language an effective 
communication system), we can also express ideas—including abstract ones—using non­
linguistic symbols, mathematical expressions, visual schematics or diagrams, and so on. 
Therefore, a degree of isomorphism between certain thoughts and linguistic expressions 
need not entail that linguistic representations are used for thinking, any more than the 
possibility of expressing certain ideas using visual images entails that our thinking is visual 
in nature. 

Indeed, empirical data have been accumulating that suggest that linguistic representa­
tions are neither utilized nor necessary for thinking. Some patients with aphasia appear 
capable of diverse forms of thought, as evidenced by their intact performance on tasks 
requiring mathematical reasoning (22), causal reasoning (23), and Theory of Mind (24, 
25); (see refs. 26, 27 for reviews). Converging evidence for the separability of language 
and reasoning comes from brain imaging studies. The brain areas that support language D
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comprehension and production (28–30) are strongly sensitive to 
linguistic syntactic structure (31–37) but are not engaged during 
nonlinguistic cognitively demanding tasks, including those that 
require representing and manipulating structured representations 
(see ref. 38 for a review). These tasks span solving arithmetic and 
algebraic problems (39–41), understanding computer code (42, 
43), social reasoning (44–47), and performing demanding exec­
utive function tasks (39, 48, 49), which require skills linked to 
fluid intelligence (50, 51). 

The separability of language and thought has been questioned 
by some researchers based on a) correlations between the degree 
of linguistic impairment and impairment on cognitive tasks in 
aphasia (e.g., refs. 52–55) and b) evidence from verbal interference 
dual-task paradigms (for a review, see ref. 56). We believe that 
these findings have straightforward alternative explanations and 
thus do not present a challenge for the claim that language and 
thought rely on distinct resources (see Discussion). However, there 
is one domain of thought whose relationship with language has 
only received limited attention in the prior literature, despite it 
being a hallmark domain where the role of language has been 
emphasized (11, 57). This domain is  abstract logical reasoning . 

One prior fMRI study examined the relationship between lan­
guage and deductive reasoning by comparing neural responses 
during a logical inference task (judging the validity of a conclu­
sion given a premise) versus a linguistic inference task (judging 
the validity of thematic roles across two sentences) relative to 
lower-level control conditions (judging expression well-formedness) 
(58). A partial dissociation was observed: although both the logic 
and the language contrast elicited left-lateralized responses in the 
frontal, temporal, and parietal cortex, some brain areas—in the 
vicinity of areas traditionally implicated in language processing 
(38, 59–62)—showed a stronger response to linguistic inference, 
whereas other areas responded more strongly during logical infer­
ence (see ref. 63 for concordant evidence from TMS). However, 
recent evidence suggests that the kind of linguistic paradigm used 
by Monti et al. (58) engages both language-processing areas but 
also brain areas sensitive to general cognitive effort (e.g., ref. 64), 
which makes previously observed dissociations more difficult to 
interpret. Another past study examined logical and mathematical 
reasoning and argued that neither engaged the language areas (57), 
but that study did not include a language task, which would 
be necessary to make such a claim. Thus, these prior findings 
are intriguing, but have not conclusively answered the question 
of whether logical reasoning relies on linguistic processing 
mechanisms. 

Two other bodies of work speak to the logic–language relation­
ship. The first comes from developmental psychology and suggests 
that the timelines of linguistic and logic development diverge. 
Inductive reasoning appears to come online very early (e.g., refs. 
65, 66). The representations are argued to be sensorimotor, not 
linguistic, in nature, and the main debate concerns their domain 
specificity (e.g., refs. 67, 68) vs. generality (e.g., refs. 69, 70) (e.g., 
do infants have distinct representations for reasoning about the 
physical world vs. about social agents?). For deductive reasoning, 
the picture is less clear: some have argued that preverbal infants 
can already reason disjunctively (71), which implies a separation 
of logical and linguistic ability. However, others have reported 
failures in simple disjunctive inferences as late as age 2.5 y (72), 
and even later for more complex inferences (73). These late failures 
may suggest that a certain level of linguistic competence is required 
for the development of these capacities, although they may also 
reflect the slow development of executive abilities (74–76), which 
may be needed to deal with the task demands in complex 
paradigms. 

The second body of work comes from AI, where recent advances 
have provided additional motivation for investigating the relation­
ship between language and logic. In particular, neural network 
language models (77–79) not only achieve human-level perfor­
mance on diverse language tasks (80–82), but also exhibit impres­
sive successes on certain reasoning tasks [e.g., ARC: (83); 
BIG-Bench: (84); LogiQA: (85); MATH: (86); WildBench: (87); 
Templates: (88)]. These findings beg the question of whether lin­
guistic competence inevitably leads to logical ability, although 
many have pointed out that reasoning in large language models 
lacks robustness and generalizability (e.g., refs. 89–94). 

Thus, the relationship between language and logic—and more 
specifically, whether abstract logical reasoning relies on linguistic 
representations in humans—remains unclear. To systematically 
examine the role of language in human logical reasoning, we 
adopted a two-pronged approach. We first used fMRI in healthy 
adults to test whether the language network (38) responds to 
logical reasoning demands (Study 1). Next, we used behavioral 
experiments in individuals with severe aphasia resulting from 
extensive damage to the left peri-Sylvian cortex, to test whether 
linguistic ability is necessary for logical reasoning (Study 2). Note 
that our research does not speak to the potential role of language 
in the acquisition of logical concepts or in learning to reason 
during childhood (we briefly touch on this point in the Discussion). 
To foreshadow our findings, we find no evidence for the idea that 
abstract logical reasoning draws on linguistic resources. 

Results 

In each study, we examined two paradigmatic forms of logical 
reasoning: inductive and deductive reasoning. The inductive rea­
soning paradigm (Fig. 1, Left) was adapted from Rule et al. (95) 
(for related paradigms, see refs. 96–100). Participants were pre­
sented with an input number list and an output list (e.g., [5, 7] 
→ [7, 5, 7]) and asked to infer the rule that governs the input-to-
output transformation. They could then test their hypothesis on 
a new input list, and so on, until they guess the correct rule. The 
rules involve a combination of mathematical operations (e.g., 
ƒ (l) = [ x  + 2 | x ∈ l]), “add 2 to every number”), list operations 
(e.g., ƒ (l) = [ xi    | xi    ∈ l , ∀j < i , xi    ≠ xj  ], “leave only unique, non­
repeated elements”), and structural operations (e.g., ƒ (l ) = 
l [3:]^l[0:3], “rotate the list by three elements”), each of which can 
be written as a short computer program. The fMRI version also 
included a control condition where participants were told the rule 
and asked to apply it to new input lists.          

For  deductive reasoning , we used two paradigms: syllogistic 
reasoning and matrix reasoning. The first paradigm was introduced 
in Coetzee and Monti (101) and was only used here for the fMRI 
component of the study (Fig. 1, Center). Participants were pre­
sented with a classic syllogism consisting of two premises and a 
conclusion (e.g., i) If A is B, then A is also C. ii) A is not C. iii) 
Therefore, A is not B) and were asked to judge the validity of 
the conclusion. Half of the syllogisms used real words (e.g., “If 
the block is large...”), and the other half used nonwords (e.g., “If 
the tep is ag…”). Although deductive reasoning and language 
processing are required for all problems, the problems critically 
vary in the difficulty of the deduction. The easier problems, known 
as Modus Ponens, had the following forms: “If the block is large, 
then it is not yellow. The block is large. So, the block is not yellow.” 
(the conclusion follows from the premises), or “If the block is 
large, then is it not yellow. The block is large. So, the block is 
yellow.” (the conclusion does not follow from the premises). The 
more complex problems, known as Modus Tollens, had the fol­
lowing forms: “If the block is large, then it is not yellow. The block D
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Inductive 
Reasoning 

[ 5 7 ] → [ 7 5 7 ] 

[ 8 6 3 ] →  ...? 

If the block is large,
   then it is not blue. 
The block is blue. 

If the block is large,
   then it is blue. 
The block is large. 

? 
n=17 

LR 

n=2 

n=17 
[ 6 8 ] → [ 8 6 8 ] 

[ 8 4 2 ] → ...? 

A B C 

C B A B C 
The block is blue. 

What is the transformation rule? Does the conclusion follow? 
Hard Syllogisms Condition 

Easy Syllogisms Condition 

Rule Induction Condition 

Apply the rule. 
Rule Application Condition 

n=23 

The block is not large. 

Does the conclusion follow? 

Which doesn’t follow (the rule)? 
Hard Patterns Condition 

Easy Patterns Condition 
Which doesn’t follow? 

1 2 3 4 

1 2 3 4 

LR 

n=2 

Deductive 
(Syllogistic) 
Reasoning 

Matrix 
Reasoning 

Induction + Deduction 

. . . 

. . .. . . 

Fig. 1. Logical reasoning paradigms. In the inductive reasoning task (Left), participants are shown an input list of 1 to 5 single-digit numbers and an output 
list of 0 to 5 single-digit numbers and asked to guess the rule that transformed the input list into the output list (see Materials and Methods for details). In the 
fMRI version, after the eighth problem, participants were told—via a schematic— the correct rule and were asked to apply this rule to two more input lists. In 
the deductive syllogistic reasoning task (Middle), participants are presented with classic three-sentence syllogisms and asked to judge the validity of the third 
sentence (the conclusion) given the first two sentences (the premises). Trials vary in difficulty between harder deduction (Modus Tollens) and easier deduction 
(Modus Ponens). In the matrix reasoning task (Right), participants are presented with images of geometrical shapes and asked to figure out the rule. In the fMRI 
version, they are asked to decide which image does not fit with the others, and in the behavioral version, they have to identify the missing image (see Materials 
and Methods for details). 

is yellow. So, the block is not large.” (the conclusion follows from 
the premises), or “If the block is large, then it is not yellow. The 
block is not yellow. So, the ball is large.” (the conclusion does not 
follow from the premises). 

The syllogistic paradigm is a classic paradigm in logical reason­
ing research (102–106) and the contrast between the Modus 
Tollens versus Modus Ponens problems elegantly isolates deductive 
demands. However, this task is not suitable for patients with apha­
sia because it uses verbal stimuli. As a result, for the second para­
digm, we chose a nonverbal task, which could also be performed 
by the patients: matrix reasoning (107) (for prior fMRI use, see 

ref. 108). Participants were presented with a matrix of four 
geometric patterns and asked to find an outlier (Fig. 1, Right ). In 
the control condition, the task is similarly structured but does not 
require much logical reasoning and can be performed using visual 
pattern recognition. Patients with aphasia performed a similar 
version (109), except that a matrix of geometric patterns was miss­
ing a pattern, and participants had to decide which option from 
several possible answers completes the matrix (Fig. 1, Bottom Right 
panel). This type of paradigm, commonly used in assessing fluid 
reasoning capacity across diverse populations (110–119), taxes 
both deductive and inductive reasoning (120, 121). Inductive D
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reasoning is needed to make guesses about the underlying rules, 
and deductive reasoning—to evaluate logical constraints and elim­
inate incorrect options. Thus, although not as pure as the syllo­
gistic reasoning task, this paradigm is still well-suited to test the 
necessity of language for deductive reasoning. 

If linguistic representations underlie logical inference, then 
a) the language brain areas should be sensitive to inductive 
demands, deductive demands, or both, as measured with fMRI; 
and b) patients with profound aphasia should show impairments 
on these tasks. 

The Language Network Is Not Engaged During Inductive, 
Deductive, or Matrix Reasoning. The language-processing brain 
areas show little or no response to the inductive, deductive 
(syllogistic), and matrix reasoning contrasts. As expected based 
on much prior work (e.g., see ref. 38 for a review), these areas 
showed a robust response to language processing, evidenced by a 
stronger response during the sentence compared to the nonword-
list condition estimated in independent data (P < 0.001 at the 
network level; Fig. 2B and Table 1). Note that although a particular 
localizer contrast is used here to define the language areas, this 

Language 
Localizer 

... 

WORDS 

Inductive 
Reasoning Task 

... 

[ 1 2 3 ] --> [ 3 2 1] 
[ 8 6 ] --> [ 6 8 ] 
[ 5 9 2 ] --> 

Deductive 
Reasoning Task 

... 
If the block is blue,
     then is is large. 
The block is blue. 

LANGUAGE 
BEHAVIORAL 

ASSESSMENTS 

INDUCTION 
BEHAVIORAL 

TASK 

MATRIX REASONING 
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TASK 
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Fig. 2. The language network does not support logical reasoning. (A) Activation maps for the language contrast (1st row, yellow) and three logical reasoning 
contrasts (2nd to 4th rows, purple and green) in two individual sample participants. (B) Responses in the language network (individually defined in each 
participant; see Materials and Methods), in percent BOLD signal change, to the language contrast (sentences > nonwords; estimated in left-out data; gray), the 
induction contrast (rule induction > rule application; magenta), the deduction contrast (hard syllogisms > easy syllogisms; green), and the matrix contrast (hard 
patterns > easy patterns; teal). The bars show the across-network averages and the error bars correspond to the SEM by participant; the light dots correspond 
to individual participants’ responses; the means for each of the 5 language fROIs (IFGorb, IFG, MFG, AntTemp, and PostTemp) are shown with horizontal dashed 
lines. (C) The anatomical scans of the two patients with severe aphasia (S.A. and G.S.), brief info on the patients, and a projection of the probabilistic atlas for 
the language network (from ref. 129) into the MRI image of G.S. (D) Behavioral performance of the patients with aphasia and—for the critical tasks—control 
participants. The first column shows performance on the language evaluation tasks [spoken and written sentence comprehension; (130)] for S.A. (light gray 
bars) and G.S. (dark gray bars). Both participants show at or below chance performance. In the Bottom row, we show a sample item. (See Materials and Methods 
for additional details of the linguistic evaluation of the patients.) The second and third columns show performance on the induction and matrix reasoning 
tasks (S.A.: light gray dots; G.S.: dark gray dots). For the induction task, the control data are shown with a pink bar. In the Bottom row, we show two sample 
rule representations generated by G.S., where he illustrates the “reverse the numbers” rule (Top) and the “insert index after number” (Bottom). For the matrix 
reasoning task, the control data are shown with the normal age-matched distribution, and in the Bottom row, we show a sample item. D
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Table 1. The responses of the language network to the 
language and logical reasoning contrasts 
Predictors Estimate P-value 

Language task 
Intercept (nonwords) 0.7407 0.0666 
Critical effect (sentences) 1.5518 <0.0001 

Inductive reasoning task 
Intercept (rule application) 0.1408 0.7414 
Critical effect (rule induction) 0.2601 0.0224 

Deductive (syllogistic) reasoning task 
Intercept (easy syllogisms / 
Modus Ponens) 

1.9361 0.0065 

Critical effect (hard syllogisms/Modus 
Tollens) 

−0.0444 0.7102 

Matrix reasoning task 
Intercept (easy patterns) −0.2234 0.3527 
Critical effect (hard patterns) 0.1533 0.1185 
The results from the linear mixed-effects models (Materials and Methods) at the network 
level (see SI Appendix, Table S1 for the results broken down by fROI). 

contrast is highly generalizable across presentation modalities, 
languages, stimuli, and tasks (e.g., refs. 48, 122–124), and this 
network can also be defined without a contrast, using patterns 
of functional connectivity (e.g., refs. 125–127). Moreover, these 
language-responsive areas have been shown to be robustly sensitive 
to linguistic processing demands in both comprehension and 
production, and across controlled and naturalistic paradigms 
[review: (38)], and this ubiquity of engagement across diverse 
language tasks aligns with the fact that damage to these areas leads 
to language deficits (60, 128). 

Critically, the language areas showed little or no sensitivity to 
the logic contrasts. The inductive contrast did elicit a reliable 
response at the network level (P  < 0.05), but the effect was small, 
with the language contrast being over four times stronger, and the 
critical induction condition eliciting a response at or below the 
level of the control condition of the language task (reading non­
words) (SI Appendix, Fig. S1B). For the remaining tasks, neither 
the deductive (syllogistic) nor the matrix reasoning contrast elic­
ited a significant response in the language areas (ps > 0.1 at the 
network level; Fig. 2 A and B and Table 1; see SI Appendix, 
Fig. S1A and Table S1 for evidence that the results are similar for 
the five language areas examined separately), despite significant 
behavioral difficulty effects in both accuracies and reaction times 
for both tasks (SI Appendix, Fig. S4). For the syllogistic task, the 
responses relative to the low-level (fixation) baseline were strong 
to both the Modus Ponens and the Modus Tollens conditions, 
and comparable to the level of response to the sentences in the 
language localizer, which uses similar-length sentences but with 
no logic-related content (SI Appendix, Fig. S1B). This result is 
expected given that the processing of syllogisms requires lexical 
and syntactic processing). The critical result of no sensitivity to 
deductive reasoning difficulty generalized across words and non­
words (SI Appendix, Fig. S5). Interestingly, the conditions that use 
real words did not elicit a stronger response than the conditions 
that use nonwords in the language areas. The nonword conditions 
(“If the tep is ag…”) are similar to the so-called Jabberwocky 
sentences (131), which in past fMRI studies have been shown to 
elicit a lower response than real sentences in the language areas 
(e.g., refs. 37, 122, 132, 133). We speculate that this effect is 
absent here because the words’ meanings are irrelevant to the task, 
and, as a result, participants treat both words and nonwords as 

variables and parse the sentences in similar ways, extracting basic 
relational structures, which can then be “passed” to the brain sys­
tem that supports this type of reasoning (see Logical Reasoning 
Elicits Strong Responses Outside the Language Network). 

Patients With Profound Aphasia Can Nevertheless Reason 
Logically. Two individuals with profound aphasia, S.A. and G.S., 
showed preserved logical reasoning abilities. Both individuals 
have sustained extensive damage to the left peri-Sylvian cortex 
(Fig. 2C) and, consequently, exhibited severe linguistic impairments 
(Fig. 2D and SI Appendix, Table S3). In particular, critical to the 
hypothesis that linguistic syntactic structures mediate logical 
reasoning, these patients showed severe grammatical impairments 
in both comprehension and production, with at or near-chance 
performance on multiple syntactic assessments. For example, 
both exhibited marked impairment in assigning thematic roles 
in understanding reversible sentences, such as “The diver splashed 
the dolphin”. Nevertheless, despite their profound aphasia, both 
patients showed typical-like performance on the inductive and 
matrix reasoning tasks. In the inductive reasoning task (Fig. 1, 
Left), they solved the vast majority of the rules presented to them 
(S.A.: 19/25; G.S.: 39/40). This performance level is comparable 
to a normative sample of control participants; neither patient 
significantly differs from the controls (Crawford-Howell single-
case test ps > 0.499). Similarly, in the matrix reasoning task, 
both patients solved the vast majority of the problems (25/30 
and 26/30), which puts them +2.3 and +1.8 SD above the mean 
based on the age-matched normative data available for this task 
[WASI-II; (109)] (these raw scores correspond to T-scores of 73 
and 68; normative T = 50, SD = 10). 

Logical Reasoning Elicits Strong Responses Outside the Language 
Network. Given that logical reasoning demands in our paradigms 
did not engage the language network, we wanted to ensure that 
they elicit a response somewhere in the brain. We first examined 
neural responses in one plausible candidate system—the Multiple 
Demand (MD) network (51, 134, 135). This network comprises 
a set of bilateral frontal and parietal brain areas that show strong 
activity during diverse cognitively demanding tasks, such as 
standard executive function tasks (134, 136–139). Damage to 
the MD network is associated with decreases in fluid intelligence 
(140–142). In addition, and most relevantly here, certain forms 
of reasoning recruit the MD network, including mathematical 
reasoning (40, 41, 143) and the kind of reasoning necessary to 
understand computer code (42, 43, 144). Replicating much prior 
work [e.g., refs. 143, 145], the areas of the MD network showed 
a robust response to a spatial working memory task, including a 
stronger response during the more demanding condition estimated 
in independent data (P < 0.001 at the network level; SI Appendix, 
Fig. S2 and Table S2). The inductive reasoning task elicited a 
robust response across the MD network, with a stronger response 
during the rule induction condition compared to the control, rule 
application condition (P < 0.001 at the network level; SI Appendix, 
Fig. S2 and Table S2). So did the matrix reasoning task (P < 
0.001 at the network level; SI Appendix, Fig. S2 and Table S2). 
However, the deductive syllogistic reasoning task did not engage 
the MD network (P > 0.48 at the network level). This finding 
aligns with the results in Coetzee & Monti (2018), who reported 
a dissociation between brain areas sensitive to deductive reasoning 
versus to general task difficulty, the latter being a key signature 
of the MD network (see also refs. 57, 146, and 147). A whole-
brain search revealed several frontal and parietal areas that showed 
a stronger response to the Modus Tollens condition compared 
to the Modus Ponens condition estimated in independent data D
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(P < 0.001 across the set of areas; SI Appendix, Fig. S2; see (148) 
for a detailed investigation of these brain areas). 

Discussion 

To shed light on the long-standing debate on the role of linguistic 
representations in formal logical reasoning, we examined the 
responses of the language brain areas—robustly sensitive to lin­
guistic syntactic structure (29, 32, 36, 37)—to inductive and 
deductive reasoning. In a complementary approach, we tested 
logical reasoning abilities in individuals with severe damage to the 
language areas. The results converged on a clear answer: linguistic 
representations are not engaged nor necessary for logical reasoning, 
at least in the adult brain. Below, we contextualize these findings 
with respect to the broader literature. 

Accumulating Evidence for the Separability of Language From 
Other Cognitive Functions. Our results showing that the left-
lateralized language network is not engaged in logical reasoning add 
to a growing body of evidence that the language network supports 
specifically linguistic computations. Relative to our perceptual and 
motor systems, our memory and attention mechanisms, and our 
social reasoning capacities, language is a recent cultural invention 
(149). As a result, it is reasonable to hypothesize that when 
language emerged, it co-opted various components of preexisting 
brain machinery. However, although language undeniably shares 
similarities with diverse nonlinguistic functions, hypotheses about 
neural overlap have not found empirical support. For example, 
despite the fact that language serves a social-communicative 
function (27, 150–152) and is similar, in some ways, to nonverbal 
socially relevant signals, such as facial expressions, nonverbal 
vocalizations, and gestures, evidence suggests that such nonverbal 
signals are processed in brain areas distinct from the language 
network [e.g., refs. 153–155]. Despite the fact that language 
shares hierarchical structure with music and other domains (156, 
157), music does not engage the language areas (39, 158, 159). 
And despite the fact that language processing requires executive 
resources, such as working memory and cognitive control (160– 
164), executive tasks do not engage the language network (39, 
48, 49), and demanding linguistic computations—for example, 
forming nonlocal syntactic dependencies—are instead carried out 
locally within the language network [(34, 36, 165–167) see ref. 
168 for a review]. 

Of greatest relevance to the current investigation, the syntactic 
structure of language bears similarity to structure that characterizes 
abstract reasoning, including formal—mathematical and logical— 
thinking (11, 169, 170), as well as domain-specific reasoning, 
such as intuitive physical reasoning (171–173) and social rea­
soning (174). However, as with other nonlinguistic functions, 
the studies that had examined the relationship between language 
processing and these types of reasoning found no overlap: math­
ematical reasoning (39, 41, 175) [for evidence from aphasia, 
see (22)], computer code comprehension (42, 43), physical rea­
soning (176), and social reasoning (44–46, 177) [for evidence 
from aphasia, see refs. 23, 25, and 178]. Our study adds to this 
body of work, showing that formal logical reasoning—including both 
induction and deduction—does not recruit nor require linguistic 
representations.  

Challenges to the View That Language Does Not Support 
Thinking? Some have challenged the separability of language and 
thought based on correlations between the degree of linguistic 
impairment and impairment on certain cognitive tasks [e.g., refs. 
52–55]. However, these effects can be explained by the proximity 

between the language areas and other cognitive areas (125, 179, 
180)—and, in some cases, colateralization of those functions 
to the left hemisphere [e.g., language and arithmetic: (181)]— 
combined with the fact that stroke damage does not respect 
functional boundaries. For this reason, dissociations are generally 
considered more informative than associations (182). 

Another potential challenge to the language-thought separabil­
ity comes from dual-task studies that show that a verbal task can 
interfere with one’s ability to perform a nonverbal cognitive task 
(e.g., refs. 183–185). However, the empirical landscape is complex 
(for a review, see ref. 56), and many studies do not meet the evi­
dential standard necessary to argue for the role of verbal rep­
resentations in nonlinguistic cognition. In particular, to argue that 
a verbal task that interferes with some critical task shares resources 
with that task, it is important to include a control interference 
task, matched for difficulty to the verbal task (evaluated in a 
single-task design), and to obtain an interaction such that the 
verbal task affects performance on the critical task to a reliably 
greater extent; the nonverbal task should further be shown to 
reliably affect performance on some other task (see ref. 186 for a 
discussion of these methodological issues). In addition to these 
design and statistical considerations, many verbal interference 
paradigms (e.g., syllable or word/nonword repetition tasks) engage 
lower-level speech articulation and perception brain areas (e.g., 
refs. 187 and 188), not the language areas. Because most proposals 
about the role of language in thinking concern lexical and/or 
syntactic representations [which are handled by the higher-level 
language areas; (38)] it is difficult to know what verbal interference 
effects—even in studies that are properly designed—would mean 
for these proposals. 

Thus, to our knowledge, no prior study—based on neuropsy­
chological patient data or using verbal interference paradigms— 
provides unambiguous evidence that humans rely on lexical or 
syntactic representations to think, but we remain open to seeing 
such studies in the future, including studies that may show tran­
sient recruitment of linguistic representations, which may not be 
easily detectable with fMRI but may show up in studies that use 
approaches such as intracranial recordings. 

Neural Dissociation Does Not Entail Encapsulation. The 
evidence that language and thinking are dissociable in the human 
mind and brain is perfectly compatible with the fact that the 
language network has to constantly interact with our knowledge 
and reasoning systems (see refs. 38, 90, and 189 for discussion). 
First, language is only useful insofar as it allows us to share ideas 
with one another: both language production and comprehension 
therefore necessarily require our knowledge and reasoning 
systems in addition to our core linguistic mechanisms. Moreover, 
language is a powerful information compression tool, allowing 
for efficient representation of concepts that are useful to a given 
culture (190–196). In this way, language may play a facilitatory 
role during some cognitive tasks, but not because we use words 
and linguistic syntax to represent and manipulate ideas, but 
because using words or nonlinguistic symbols (e.g., Arabic digits) 
or schematics (e.g., Venn diagrams) allows offloading partial 
or intermediate products of internal computation. Whether 
language is special relative to other compression tools is not 
known and would require careful comparisons. Finally, language 
can certainly facilitate learning of certain ideas, including 
abstract logical or relational structures (e.g., refs. 67 and 197– 
202). However, this role of language in concept acquisition again 
does not imply that we use linguistic representations to think 
any more than learning concepts from visual inputs implies that 
we use our visual system to think. D
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Why Do Language Processing and Logical Reasoning Dissociate? 
The language-logic dissociation presumably stems from the 
distinct demands associated with linguistic communication vs. 
formal reasoning. One key difference may have to do with the 
kinds of meanings these systems express: natural languages tend 
to express meanings related to the external and internal world, 
but mathematics, logic, and computer code express mostly 
abstract, relational meanings that do not bear a direct or necessary 
connection to the world (see ref. 203 for discussion). This difference 
may provide a strong signal during the early processing of the 
input that a particular problem should be routed to a particular 
system. Of course, if a problem is cast into a sentence form (as 
in our syllogistic reasoning task here), it necessarily has to go 
through the language system to be parsed, before it can be solved 
by a (putatively downstream) reasoning system. 

Another reason for the dissociation may be that the linguistic 
format is not well-suited for formal reasoning: in spite of super­
ficial similarities in the structured nature of linguistic and logical 
expressions, linguistic representations are noisy and ambiguous in 
ways that make them unreliable for supporting formal inference. 
Natural language is riddled with referential vagueness, scope ambi­
guities, and underspecification, requiring pragmatic enrichment, 
all of which can obscure the logical structure of a sentence. Indeed, 
recent evidence from AI research suggests that language-only neu­
ral network models can struggle with formal reasoning tasks (90, 
92, 204–206), but converting linguistic inputs into logical for­
malisms (e.g., statements in first-order logic), which can then be 
fed into an external theorem solver, leads to large performance 
gains (e.g., refs. 207–217).  

Alternatives to Linguistic Representations. If we do not think in 
language, what kind of representations support logical reasoning? 
Competing accounts postulate distinct formats of thought-mediating 
representations, which could translate into distinct predictions about 
neural implementation. For example, according to the mental model 
framework, reasoners construct analog simulations of the problem, 
exploiting visuo-spatial representations and working memory 
resources to model the possible consequences of premises (218, 219). 
These accounts therefore predict the engagement of brain areas that 
support visual/spatial imagery and working memory (220, 221). 
Alternatively, script- or schema-based approaches propose that 
reasoning draws on cached relational templates (structured 
representations of events or situations abstracted from prior 
experience) (222–225). These accounts suggest that reasoning is 
scaffolded by context- and domain-specific knowledge structures, 
which may draw on multiple semantic networks (e.g., refs. 226, 227). 
And the mental logic proposals construe abstract reasoning as the 
manipulation of amodal, abstract symbols according to syntactic 
inference rules (228–230). Perhaps the most promising candidate 
from the latter class of proposals is the probabilistic language of 
thought (PLOT) hypothesis (231–237). According to this hypothesis, 
mental algorithms are construed as symbolic programs over concepts, 
which encode probabilistic knowledge, including both domain-
specific knowledge and abstract relational knowledge. In this way, 
the PLOT provides a flexible medium for any type of reasoning, 
and captures the graded nature of mental representations. Future 
brain imaging studies may help determine whether logical reasoning 
depends on visuo-spatial, fully abstract, or domain-specific (at least 
during early stages of development) representations. 

Modularity of Reasoning. Aside from the language-logic 
dissociation, this study highlights the fact that different kinds of 
reasoning dissociate from one another. Some forms of reasoning 
have been shown to be domain-specific, including social reasoning 

(238–241) and intuitive physical reasoning (242–245). Both of 
these systems are distinct from the Multiple Demand (MD) 
network, implicated in diverse goal-directed behaviors and some 
forms of abstract reasoning (51, 139), and from the Default 
network, implicated in episodic self-projection and constructing 
situation models (246–249), perhaps using spatial representations 
(250). We here show that inductive and matrix reasoning, similar 
to arithmetic reasoning, strongly engage the MD network, but 
syllogistic deductive reasoning does not, and instead recruits a 
distinct set of brain areas, in line with some past studies [(57, 101, 
146, 147); see ref. 148 for a systematic investigation of these areas]. 
Why do these different forms of reasoning dissociate? Is it because 
of the distinct content/structure of the problems? Or, perhaps, 
differences in the mental operations that those problems require? 
Given the strong integration between memory and computation 
in the brain (see e.g., refs. 251, 252 for discussions), both of these 
factors may contribute to the observed dissociations. 

Limitations and Open Questions. The current study is limited in 
at least two ways. (#1) The aphasia component includes only two 
participants. This small number was dictated by the requirement 
of a profound linguistic impairment, which is rare (253). Evidence 
of intact logical abilities in patients with less severe aphasia would 
be less informative because it would always be possible that the 
patients are relying on the remaining portions of the language 
network to reason. Evidence of intact cognition in severely 
linguistically impaired individuals is precious and important, 
even if it comes from a handful of participants. After all, the 
field of cognitive neuroscience has gained some of its greatest 
insights from case studies (254–257). (#2) These findings should 
be extended to a broader array of logical reasoning tasks, including 
contextualized paradigms (258–261), and nonverbal versions of 
purely deductive tasks. 

Many questions remain open. For example: Is the language-logic 
dissociation already present during early childhood, or does it 
emerge over development? Is linguistic exposure necessary to learn 
to reason logically? And is the dissociation between language and 
logic, or among different types of reasoning, an inevitability given 
the computational demands of these different cognitive tasks, or 
merely an accident of biological evolution—a question that can 
now be tested in neural network models (262–266).  

Conclusions. Our results provide evidence against the hypothesis 
that natural language serves as the medium of abstract logical 
reasoning and suggest that such reasoning is underpinned by a 
distinct representational format. 

Materials and Methods 

Study 1 (fMRI) Participants. Twenty-nine adults (15 females; mean age = 27.3 y, 
SD = 12.9 y) from MIT and the surrounding Boston, MA community participated 
for payment. All were native English speakers, had normal hearing and vision, 
no history of language impairment, and canonical left-lateralized language net-
works (as determined by the language localizer). All participants provided written 
informed consent in line with the requirements of MIT’s Committee on the Use 
of Humans as Experimental Subjects (Protocol #2010000243). All participants 
completed the language localizer task and the Multiple Demand (MD) localizer 
task; different subsets of the 29 participants completed the logic tasks, with at 
least 17 participants per task (17 completed the induction and the matrix rea-
soning tasks; 23 completed the syllogistic reasoning task). 

Study 2 (Behavior) Participants. Two profoundly aphasic male participants 
participated (S.A.: 78 y; G.S.: 50 y). Both had large lesions that had significantly 
damaged the left inferior frontal and left temporal brain areas, and were classi-
fied as severely agrammatic (SI Appendix, Table S3). Both were native English D
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speakers, did not present with any visual impairments, and were premorbidly 
right-handed. Forty age-matched neurotypical participants were included as 
controls (see SI Appendix, Materials and Methods for details). Ethics approval 
was granted by the UCL Language and Cognition Departmental Ethics Committee 
(LC/2023/05). All participants provided informed consent prior to taking part in 
the study. 

Inductive Reasoning Task (fMRI, Behavior). Participants were shown an input 
list of 1-5 single-digit numbers and an output list of 0 to 5 single-digit numbers 
and asked to guess the rule that transformed the input list into the output list. 
They were then shown another input list and asked to type the output list. They 
were told whether or not their guess about the underlying rule was correct and 
were shown another input list. In the fMRI version, each trial (corresponding to a 
rule) consisted of 8 problems. After the last problem, participants were told—via a 
schematic (Fig. 1, Left)—the correct rule and asked to apply this rule to two more 
input lists. We defined the induction period as the 8 problems before the correct 
rule was revealed, and the application period as the two problems after the correct 
rule was revealed. The rule induction > rule application contrast targets neural 
processes involved in hypothesis generation and rule discovery beyond those 
required for rule implementation and response entry. Each participant completed 
40 rules. For this and other tasks, all the materials are available at OSF (https://osf. 
io/jm9rd); additional procedural and timing details are included in SI Appendix, 
Materials and Methods. 

For the behavioral version of the task, the problems were presented on paper, 
and participants provided written responses. The same 40 rules were used, except 
that a few problems were added in order to have 14 problems (input–output pairs) 
per rule, and a few problems were replaced based on feedback from the fMRI partic-
ipants who found some input–output pairs confusing. The stimuli were divided 
into four sets, with ten rules per set. GS completed all 40 rules across several 
sessions (~6 rules per session); SA only completed sets 1-3 also across sessions 
(~4 rules per session); the variability in the number of rules per session was due 
to age-related health conditions and because the experiment had to be com-
pleted among other activities at routine check-in sessions. Control participants 
each completed one set of 10 rules within a single testing session, with a brief 
break half-way through, and 10 participants completed each set. For both the 
patients and the controls, testing for a given rule was stopped after the participant 
answered four problems in a row correctly. Time permitting, the participants with 
aphasia were sometimes offered to schematically illustrate the rule they guessed 
(see Fig. 2 for examples). 

Deductive (Syllogistic) Reasoning Task (fMRI). Participants were presented 
with classic syllogisms and asked to judge the validity of the third sentence (the 
conclusion) given the first two sentences (the premises). Each trial corresponded 
to a syllogism, and trials varied in difficulty between harder syllogisms (Modus 
Tollens) and easier syllogisms (Modus Ponens), and in whether the problems used 
real words or nonwords. The hard syllogisms > easy syllogisms contrast targets 
cognitive processes related to the complexity of logical deductive reasoning. Each 
participant completed between 16 and 32 trials of each condition. 

Matrix Reasoning Task (fMRI, Behavior). Participants were presented with 
sets of images of geometrical shapes and asked to find an outlier (fMRI version) 
or a missing image (behavioral version). In fMRI, participants were presented 
with four images and asked to decide which image does not fit with the others. 
The experiment used a blocked design; trials in the hard blocks used stimuli 
from Cattell (107), and trials in the easy blocks used simpler problems created 
by Woolgar et al. (143), who adapted this task for fMRI (e.g., three images of the 
same simple shape and an image of a different shape); this easier condition 
can be solved by visual pattern recognition. The hard patterns > easy patterns 
contrast targets cognitive processes related to relational reasoning, hypothesis 
generation, and deductive inference. 

For the behavioral version, we used the Matrix Reasoning subtest of the 
Wechsler Abbreviated Scale of Intelligence, Second Edition (WASI-II). Participants 
were presented with an array of images with one image missing and asked to 

choose the missing image from five options to complete the pattern. The test 
was administered on paper, following the standard WASI-II administration 
procedures. Testing was stopped after the participant answered three problems 
incorrectly. 

Critical Analyses—fMRI. (For the details of fMRI data acquisition, preprocessing, 
and modeling, see SI Appendix, Materials and Methods.) To test whether the 
language areas respond during logical reasoning tasks, we used an extensively 
validated localizer (122) to identify regions of interest functionally in individual 
participants. Participants were asked to attentively read sentences and sequences 
of nonwords (for details, see SI Appendix, Materials and Methods). The responses 
in the language fROIs (and control fROIs, as explained below) were statistically 
evaluated using linear mixed-effects models. For each contrast, we fit separate 
models at both the network level and for individual fROIs. 

The network-level model: BOLD ~ Condition + (1 | Participant) + (1 | fROI). 
The individual fROI-level model: BOLD ~ Condition + (1 | Participant). 
To ensure that our logical reasoning tasks elicit a strong response some-

where in the brain, we performed two analyses. First, we used a spatial working 
memory task (keeping track of 8 vs. 4 squares in a 3x4 grid) as a localizer for 
the Multiple Demand network (e.g., refs. 145) (for details, see SI Appendix, 
Materials and Methods). And second, because the deductive syllogistic reason-
ing task did not elicit a response in the MD network, we additionally performed 
a whole-brain search for areas that respond to the hard syllogisms > easy 
syllogisms contrast (see SI Appendix, Materials and Methods). (For information 
on the behavioral performance of participants in the critical fMRI tasks, see 
SI Appendix, Fig. S4) 

Critical Analyses—Behavior. For the inductive reasoning task, we used the 
Crawford and Howell (267) test to compare each patient’s performance to the 
controls. The Matrix Reasoning WASI-II data were scored according to the standard 
guidelines provided in the official manual. 

Data, Materials, and Software Availability. Brain data and accompanying 
materials data have been deposited in Open Science Framework (OSF) (https:// 
osf.io/jm9rd) (268). All other data are included in the article and/or SI Appendix. 
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