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Abstract 

The neurochemical mechanisms underlying individual differences in children's mathematical and 

reading abilities remain largely unknown. Here we investigate how neurotransmitter systems 

relate to brain structural organization supporting these abilities in two independent cohorts of 

children (N=991). We mapped brain-wide structural phenotypes associated with academic 

performance onto a comprehensive PET atlas of 19 neurotransmitter receptors and transporters. 

Across both domains and cohorts, NMDA glutamatergic receptor distribution showed the most 

consistent associations with brain structural organization supporting academic abilities 

(replication Bayes factors >9e4 for mathematics; >4 for reading). NMDA receptor density 

corresponded with multiple functional networks for mathematical abilities but showed more 

spatially focused associations within visual networks for reading, suggesting both shared and 

domain-specific neurochemical mechanisms. Dopaminergic, cholinergic, serotonergic, and 

GABAergic systems showed weaker, non-replicable associations. These findings bridge 

molecular neurochemistry and macro-scale brain architecture supporting academic skills, 

identifying glutamatergic signaling as a candidate target for interventions addressing learning 

disabilities. 
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Introduction  

 

Mathematics and reading are fundamental pillars of children’s cognitive development, serving as 

essential skills for everyday functioning and academic achievement 1. Proficiency in these 

domains is acquired over extended educational experience and strongly predicts professional 

success and economic growth 2,3. However, substantial variability exists in the development of 

these skills, with learning disabilities affecting approximately 20% of school-aged children 

globally 4. This prevalence underscores a critical question in developmental cognitive 

neuroscience: what molecular substrates contribute to individual differences in mathematical and 

reading abilities? 

 

While decades of neuroimaging research have identified brain regions and networks supporting 

mathematical 5-11 and reading 12 abilities, a fundamental gap exists in our understanding of the 

molecular substrates that support these neural systems. This gap represents a major barrier to 

advancing both our theoretical understanding of cognitive development and our ability to 

develop effective interventions for learning difficulties. The molecular level is particularly 

important because neurotransmitter systems – the brain's primary signaling mechanisms – not 

only mediate neural communication but also shape brain development and plasticity, making 

them potential targets for intervention 13,14. 

 

Neurotransmitters are key signaling molecules that shape both neural architecture and cognitive 

function through multiple mechanisms 15-17. Beyond their classical role in synaptic transmission, 

neurotransmitters guide neural development by influencing cell differentiation, neuronal 



ARTI
CLE

 IN
 P

RES
S

ARTICLE IN PRESS

 

 

migration, and synaptic formation 18. As the brain matures, these molecular systems continue to 

influence neural plasticity, learning, and memory formation, all processes critical for developing 

complex cognitive skills like mathematics and reading. Understanding how different 

neurotransmitter systems relate to brain organization supporting these cognitive abilities could 

fundamentally transform our approach to learning and its difficulties. 

 

The two primary neurotransmitter systems in the brain – glutamate and GABA (γ-aminobutyric 

acid) – are particularly relevant for learning and cognitive development 19-27. N-methyl-D-

aspartate (NMDA) receptors, a key type of glutamate receptor, are crucial for synaptic plasticity 

and learning through their role in strengthening connections between neurons 28. In parallel, 

GABA maintains optimal neural function by preventing excessive excitation and helping 

orchestrate the precise timing of neural activity 29. The balance between these excitatory and 

inhibitory systems is critical for learning, with disruptions linked to various cognitive difficulties  

30-38. Other key modulatory systems include dopamine, which shapes reward-based learning, 

motivation, and cognitive flexibility 39-42, and serotonin, which influences mood and cognitive 

flexibility 43. However, we lack understanding of how these various neurotransmitter systems 

work across the whole brain to support complex cognitive abilities like mathematics and reading.  

 

Previous investigations of neurotransmitters in mathematical and reading abilities have primarily 

relied on magnetic resonance spectroscopy (MRS) 44,45 (see Supplementary Table 1 for a 

summary), a non-invasive method that provides in vivo, individual-specific measures of 

metabolite concentrations within targeted regions. This makes MRS particularly valuable for 

characterizing individual differences in neurochemical levels within a study sample. Using this 
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approach, prior studies have yielded important insights: glutamate and GABA levels in the 

intraparietal sulcus and middle frontal gyrus predict mathematical performance 37,46,47, with 

developmental changes in these relationships suggesting age-specific effects. In reading research, 

glutamate levels in the occipital cortex and anterior cingulate and GABA concentration in the 

inferior frontal gyrus were associated with reading performance in children 48-50.  

 

However, several important methodological limitations constrain the field. Traditional MRS 

studies are typically restricted to one or a small number of pre-selected brain regions per 

acquisition, and while recent advances now enable broader spatial coverage 51, these approaches 

remain limited in their ability to simultaneously characterize the full diversity of neurotransmitter 

receptor subtypes across the whole brain. A further important constraint is that MRS measures 

the total metabolite pool within a voxel, reflecting contributions from synaptic, extrasynaptic, 

and metabolic compartments, and tightly coupled to the neuron–astrocyte glutamate–glutamine 

cycle, making it difficult to draw specific conclusions about receptor-mediated signaling from 

MRS data alone 52. Beyond these technical constraints, other neurotransmitter systems crucial for 

learning and motivation, including dopamine, serotonin, and acetylcholine, remain largely 

unexplored in the context of mathematical and reading abilities. No studies have concurrently 

investigated neurotransmitter contributions to both mathematical and reading abilities, and 

replication efforts have been minimal, raising questions about the reliability of existing findings. 

 

Recent advances in positron emission tomography (PET) imaging now provide a complementary 

opportunity to characterize multiple neurotransmitter systems at the whole-brain level by 

measuring receptor densities and their spatial distributions across the entire brain 16,53-58. While 
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MRS is well suited for identifying regionally localized, individual-level variation in 

neurochemical concentrations, PET offers a system-level framework for understanding the 

molecular architecture of the distributed brain networks that support mathematical and reading 

abilities. Specifically, PET can quantify the spatial distribution of specific neurotransmitter 

receptors and transporters throughout the brain 59, enabling tests of whether large-scale brain-

behavior associations are spatially aligned with particular neurotransmitter systems. Using 

radioligands that selectively bind to different receptor types, PET has enabled measurement of 

multiple neurotransmitter systems, including glutamate 19-25,60, GABA 26,27,55,60, acetylcholine 

16,54,61, dopamine 16,54,56, and serotonin 54-56. However, because PET requires radiotracer 

administration and involves ionizing radiation, it is not well suited for direct acquisition in 

healthy pediatric samples. 

 

In this context, the recent development of a comprehensive human brain atlas of multiple 

neurotransmitter systems 59 provides an unprecedented opportunity to examine how multiple 

molecular systems relate to individual differences in cognitive abilities. Constructed from PET 

imaging data from over 1,200 healthy individuals (mean ages 19.9-68.3 years), this atlas maps 

the distribution of 19 different neurotransmitter receptors and transporters across the whole brain 

at high spatial resolution 13,62. By leveraging this atlas as a normative spatial reference, we can 

characterize how receptor distribution patterns correspond to the brain structural organization 

supporting academic abilities. This atlas-based approach complements and extends what is 

possible with MRS alone by providing a whole-brain, system-level view of neurotransmitter 

architecture, while avoiding direct radiotracer administration in children. 
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In the present study, we address the critical gap between molecular substrates and cognitive 

abilities by examining how multiple neurotransmitter systems relate to brain structural 

organization supporting mathematical and reading abilities in children. Our analytical approach 

has two key components (Fig. 1). First, using structural MRI and Brainnetome atlas-based 

canonical correlation analysis (CCA), we identified whole-brain structural phenotypes associated 

with mathematical and reading abilities. These phenotypes are defined as multivariate patterns of 

associations between regional grey matter volume across the whole brain and mathematical or 

reading ability across participants, and their spatial expression is referred to here as brain 

structural organization. Second, we examined how these structural phenotypes map onto the 

spatial distribution of 19 neurotransmitter receptors and transporters, allowing us to identify 

which molecular systems most strongly correspond to brain structural organization supporting 

these cognitive abilities. To ensure robust and replicable findings, we employed a discovery-

validation approach using two independent cohorts of children aged 7-14 years. The Child Mind 

Institute–Healthy Brain Network (CMI-HBN) discovery cohort (N=760) represents one of the 

largest neuroimaging studies of mathematical and reading abilities to date 63 for identifying 

reliable brain-behavior relationships in the developing brain. We then tested whether these 

relationships replicated in an independent Stanford validation cohort (N=231). By examining 

both mathematical and reading abilities within same participants using identical methods, we can 

directly compare how different neurotransmitter systems relate to brain structural organization 

supporting these distinct but related cognitive domains.  

 

Grounded in the well-established excitatory-inhibitory (E/I) balance framework, which posits 

that optimal learning requires precise coordination between glutamate-mediated excitation and 
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GABA-mediated inhibition 31,38,64, we hypothesized that glutamate and GABA systems would 

show significant spatial correspondence with brain structural organization supporting both 

mathematical and reading abilities. This hypothesis was motivated by the established role of 

glutamatergic and GABAergic systems in neural plasticity and circuit refinement during 

childhood 30-38. At the same time, while mathematical and reading abilities share substantial 

cognitive, genetic, and environmental architecture, including overlapping genetic risk factors, 

and co-occurring learning difficulties 65,66, the neural systems supporting these domains are not 

identical. We therefore further hypothesized that neurotransmitter systems would exhibit both 

convergent (domain-general) and partially dissociable (domain-specific) spatial associations with 

brain structural organization for mathematical versus reading abilities. Additionally, 

neurotransmitter systems including dopamine, serotonin, and acetylcholine, implicated in 

motivation, cognitive flexibility, learning, and attention, were predicted to show associations 

with brain structural organization across both domains. Finally, we predicted that 

neurotransmitter-brain structure associations would replicate consistently across both 

independent cohorts, providing evidence for robust and generalizable molecular signatures of 

cognitive abilities. 

 

Our study provides a comprehensive characterization of the correspondence between 

neurotransmitter receptor distributions and brain structural organization supporting mathematical 

and reading abilities, bridging molecular and systems-level neuroscience. This bridge is crucial 

because it helps explain how the molecular basis of learning and plasticity relates to the 

development of large-scale brain networks supporting complex cognitive skills. More broadly, 

our findings contribute to a multi-level model of cognitive development that connects molecular 
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foundations to brain structure to behavior, providing a framework for understanding both typical 

development and learning difficulties. 

 

Results 

 

Behavioral characteristics and correlations 

 

Given the known overlap between mathematical and reading abilities, we first examined their 

behavioral relationships using two-sided Pearson correlations in the CMI-HBN discovery cohort 

(N = 760) and then in the Stanford validation cohort (N = 231).  

 

In the CMI-HBN discovery cohort, we examined the relationship between mathematical and 

reading abilities using standardized grade-normed scores from the WIAT-III (Table 1). 

Mathematical abilities were assessed using numerical operations and math problem-solving 

scores, and reading abilities were assessed using word reading and reading comprehension 

scores. Mathematical and reading abilities were highly correlated: numerical operations 

correlated with word reading (t(758) = 14.42, r = 0.46, 95% CI [0.41, 0.52], p = 7.7e-42) and 

reading comprehension (t(758) = 11.74, r = 0.39, 95% CI [0.33, 0.45], p = 2.4e-29); math 

problem solving showed even stronger correlations with word reading (t(758) = 17.48, r = 0.54, 

95% CI [0.48, 0.58], p = 9.1e-58) and reading comprehension (t(758) = 16.98, r = 0.52, 95% CI 

[0.47, 0.57], p = 5.0e-55).  
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In the Stanford validation cohort, we examined whether these behavioral relationships were 

replicated. Using WIAT-II scores (Table 1), we again observed strong correlations between 

mathematical and reading abilities: numerical operations correlated with word reading (t(229) = 

8.04, r = 0.47, 95% CI [0.36, 0.56], p = 4.8e-14) and reading comprehension (t(229) = 7.72, r = 

0.45, 95% CI [0.35, 0.55], p = 3.6e-13); math reasoning showed stronger correlations with word 

reading (t(229) = 10.37, r = 0.57, 95% CI [0.47, 0.65], p = 6.6e-21) and reading comprehension 

(t(229) = 9.76, r = 0.54, 95% CI [0.44, 0.63], p = 4.8e-19).  

 

The robust correlations between mathematical and reading abilities across both cohorts indicate 

substantial behavioral overlap between these domains, suggesting that subsequent brain-behavior 

analyses may capture both shared and partially dissociable components.  

 

Brain structural organization associated with mathematical ability 

 

To identify brain structural features associated with mathematical ability, we first characterized 

the multivariate relationships between brain structure and mathematical skills. We employed 

canonical correlation analysis (CCA) to examine relationships between grey matter volume 

across 218 brain regions and two measures of mathematical ability (numerical operations and 

math problem-solving/reasoning), while controlling for age. 

In the CMI-HBN discovery cohort (N = 760), CCA revealed a significant relationship between 

brain structure and mathematical abilities (Pillai's trace = 0.34, permutation p = 0.0002), 

accounting for 31.5% of the shared variance between brain structure and mathematical 

performance. A robust canonical correlation (r = 0.26, bootstrap 95% CI [0.24, 0.36], FDR-
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corrected permutation p = 3.0e-4) emerged between brain structure and mathematical ability. 

Both numerical operations and math problem-solving subtests contributed positively to this 

relationship (Fig. 2a). The brain-behavior associations were distributed across multiple regions, 

with the strongest positive associations observed in the insula, anterior cingulate cortex, 

prefrontal cortex, and posterior cingulate cortex (Supplementary Fig. 1a; Supplementary Table 

2). Additional analyses confirmed that the brain-behavior relationships were stable across age 

groups and sexes, and remained robust after controlling for IQ, SES, site, and total brain volume 

(see Supplementary Notes).  

In the Stanford validation cohort (N = 231), we successfully replicated the key findings from our 

discovery cohort. The CCA model again demonstrated a significant relationship between brain 

structure and mathematical abilities (Pillai's trace = 0.56, permutation p = 0.0002), accounting 

for 49.8% of the shared variance in the brain-behavior relationship. The brain-behavior mode 

showed a robust canonical correlation (r = 0.35, bootstrap 95% CI [0.31, 0.51], FDR-corrected 

permutation p = 3.0e-4) between brain structure and mathematical ability. Critically, the spatial 

pattern of brain-behavior relationships displayed remarkable consistency with that of the 

discovery cohort (Fig. 2b), involving similar brain regions and networks (Supplementary Fig. 1a; 

Supplementary Table 2). Again, the identified brain-behavior relationships were stable across 

age groups and sexes, and remained robust after controlling for IQ, SES, site, and total brain 

volume (see Supplementary Notes). 

To directly test generalizability, we applied the CCA model derived from the discovery cohort to 

the validation cohort (see Methods), finding significant prediction of brain-behavior relationships 

(r = 0.19, bootstrap 95% CI [0.07, 0.30], permutation p = 0.002; Fig. 3a).  



ARTI
CLE

 IN
 P

RES
S

ARTICLE IN PRESS

 

 

 

The replication of these brain-behavior relationships across two independent cohorts provides 

strong evidence for reliable associations between brain structure and mathematical ability. The 

distributed pattern of involved brain regions, particularly in prefrontal and cingulate areas, 

suggests that mathematical ability relates to structural variation across multiple functional 

networks rather than in isolated regions.  

 

Neurotransmitter mapping for mathematical ability 

 

Having established reliable brain structural phenotypes associated with mathematical ability, we 

next investigated which neurotransmitter systems might relate to its spatial expression. 

Specifically, we examined how the spatial distribution of 19 different neurotransmitter receptors 

and transporters mapped onto the CCA-derived brain structural organization, using linear 

regression with spatial autocorrelation-preserving permutation tests and Bayesian analyses to 

assess significance. 

 

In the CMI-HBN discovery cohort, NMDA receptor distribution significantly mapped onto brain 

structural organization associated with mathematical ability (adjusted R² = 0.15, FDR-corrected 

spin-test p = 0.013, BF10 = 4.0e6). Two other neurotransmitter systems also showed significant 

associations: acetylcholine (VAChT: adjusted R² = 0.34, FDR-corrected spin-test p = 0.002, BF10 

= 2.0e18) and histamine (H3: adjusted R² = 0.24, FDR-corrected spin-test p = 0.002, BF10 = 

6.0e11). The spatial distribution of these receptors showed positive correlations with brain 
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regions where greater grey matter volume was associated with better mathematical ability (Fig. 

4a). 

 

In the Stanford validation cohort, NMDA receptor distribution again significantly mapped onto 

math-related brain structural organization (adjusted R² = 0.20, FDR-corrected spin-test p = 0.001, 

BFr10 = 9.0e4), along with several other neurotransmitter systems including mGluR5, GABAA/BZ, 

and dopamine receptors (Fig. 4b).  

 

Notably, NMDA was the only neurotransmitter system that showed consistent relationships 

across both cohorts (Fig. 5a), as indicated by significant effects in both the discovery and 

validation samples. This cross-cohort consistency substantiates the role of glutamatergic 

signaling, particularly through NMDA receptors, in its association with brain structural 

organization supporting mathematical ability.  

 

Network-level NMDA mapping for mathematical ability 

 

Given NMDA's consistent relationship with mathematical ability across cohorts, we examined 

how these relationships manifested across different functional brain networks. This network-

level analysis aimed to understand whether NMDA's influence showed network specificity. 

 

In the CMI-HBN discovery cohort, NMDA receptor distribution showed significant positive 

correlations with math-related brain structural organization in four networks: dorsal default mode 

(t(21) = 5.18, r = 0.75, 95% CI [0.49, 0.89], FDR-corrected p = 5.0e-4), anterior (t(22) = 3.96, r 
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= 0.65, 95% CI [0.33, 0.83], FDR-corrected p = 0.004) and posterior salience (t(8) = 3.65, r = 

0.79, 95% CI [0.32, 0.95], FDR-corrected p = 0.023), and higher-order visual networks (t(12) = 

3.24, r = 0.68, 95% CI [0.24, 0.89], FDR-corrected p = 0.023) (Fig. 6a-d; Supplementary Table 

3).  

 

In the Stanford validation cohort, the network-level relationships observed in the discovery 

cohort were replicated in dorsal default mode (t(21) = 3.56, r = 0.61, 95% CI [0.27, 0.82], FDR-

corrected p = 0.004), anterior (t(22) = 2.63, r = 0.49, 95% CI [0.11, 0.75], FDR-corrected p = 

0.015) and posterior salience (t(8) = 3.16, r = 0.75, 95% CI [0.22, 0.94], FDR-corrected p = 

0.015), and higher-order visual (t(12) = 3.88, r = 0.75, 95% CI [0.36, 0.91], FDR-corrected p = 

0.004) networks (Fig. 6a-d; Supplementary Table 3).  

 

The consistency of these network-level patterns across cohorts suggests a robust association 

between NMDA receptor distribution and mathematical ability across multiple functional 

networks. 

 

Brain structural organization associated with reading ability 

 

We next examined how brain structure relates to reading ability, allowing us to later compare 

molecular substrates across these cognitive domains. Using the same CCA approach, we 

examined relationships between grey matter volume and two measures of reading ability (word 

reading and reading comprehension), while controlling for age. 
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In the CMI-HBN discovery cohort, CCA revealed a significant relationship between brain 

structure and reading abilities (Pillai's trace = 0.31, permutation p = 0.0002), accounting for 

29.5% of the shared variance between brain structure and reading. A robust canonical correlation 

(r = 0.22, bootstrap 95% CI [0.21, 0.33], FDR-corrected permutation p = 3.0e-4) emerged 

between brain structure and reading ability. Both word reading and reading comprehension 

subtests contributed positively to this relationship (Fig. 7a). Brain regions showing the strongest 

positive associations included prefrontal, ventral temporal-occipital, and posterior cingulate 

cortices, suggesting involvement of both reading-specific and domain-general networks 

(Supplementary Fig. 1b; Supplementary Table 4). Additional analyses confirmed that the brain-

behavior relationships were stable across age groups and sexes, and remained robust after 

controlling for IQ, SES, site, and total brain volume (see Supplementary Notes).  

In the Stanford validation cohort, we successfully replicated the key findings from our discovery 

cohort. The CCA model again demonstrated a significant relationship between brain structure 

and reading abilities (Pillai's trace = 0.57, permutation p = 0.0002), accounting for 50.1% of the 

shared variance in the brain-behavior relationship. The brain-behavior mode showed a robust 

canonical correlation (r = 0.34, bootstrap 95% CI [0.32, 0.51], FDR-corrected permutation p = 

0.001) between brain structure and reading ability. Critically, the spatial pattern of brain-

behavior relationships displayed remarkable consistency with that of the discovery cohort (Fig. 

7b), involving similar brain regions and networks (Supplementary Fig. 1b; Supplementary Table 

4). Again, the identified brain-behavior relationships were stable across age groups and sexes, 

and remained robust after controlling for IQ, SES, site, and total brain volume (see 

Supplementary Notes). 
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To formally test generalizability, we applied the CCA model derived from the discovery cohort 

to the validation cohort (see Methods), finding significant prediction of brain-behavior 

relationships (r = 0.16, bootstrap 95% CI [0.04, 0.28], permutation p = 0.007; Fig. 3b). 

 

The replication of these brain-behavior relationships across two independent cohorts establishes 

reliable associations between brain structure and reading ability. While some involved regions 

overlap with those identified for mathematical ability, including prefrontal and posterior 

cingulate cortices, others appear more specific to reading (e.g., ventral temporal-occipital 

cortex). This pattern of common and distinct regions suggests both shared and domain-specific 

neural underpinnings of mathematical and reading abilities. 

 

Neurotransmitter mapping for reading ability 

 

To identify the molecular substrates related to reading ability, we applied the same 

neurotransmitter mapping approach to the CCA-derived brain structural organization associated 

with reading. This parallel analysis allowed direct comparison of molecular substrates across 

cognitive domains while maintaining methodological consistency. 

 

In the CMI-HBN discovery cohort, NMDA receptor distribution significantly mapped onto brain 

structural organization associated with reading ability (adjusted R² = 0.09, FDR-corrected spin-

test p = 0.038, BF10 = 3.0e3). The spatial distribution of NMDA receptors was positively 

correlated with regions where greater grey matter volume predicted better reading performance 

(Fig. 8a). 
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In the Stanford validation cohort, NMDA receptor distribution again significantly mapped onto 

reading-related brain structural organization (adjusted R² = 0.08, FDR-corrected spin-test p = 

0.009, BFr10 = 4.1). Several other neurotransmitter systems showed significant associations in 

this cohort (including mGluR5, dopamine D1, and acetylcholine α4β2; Fig. 8b).  

 

Notably, NMDA was the only neurotransmitter system that showed consistent relationships 

across both cohorts (Fig. 5b), as indicated by significant effects in both the discovery and 

validation samples. This cross-cohort consistency substantiates the role of glutamatergic 

signaling, particularly through NMDA receptors, in its association with brain structural 

organization supporting reading ability.  

 

Network-level NMDA mapping for reading ability  

 

Given NMDA's consistent relationship with reading ability across cohorts, we examined how 

these relationships manifested across different functional brain networks.  

 

In the CMI-HBN discovery cohort, NMDA receptor distribution showed significant positive 

correlations with reading-related brain structural organization in two networks: dorsal default 

mode (t(21) = 4.00, r = 0.66, 95% CI [0.34, 0.84], FDR-corrected p = 0.008) and higher-order 

visual networks (t(12) = 3.73, r = 0.73, 95% CI [0.33, 0.91], FDR-corrected p = 0.019) (Fig. 6e; 

Supplementary Table 5).  
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In the Stanford validation cohort, the network-level relationships observed in the discovery 

cohort were replicated in the higher-order visual (t(12) = 2.60, r = 0.60, 95% CI [0.10, 0.86], 

FDR-corrected p = 0.046) but not the dorsal default mode network (Fig. 6e; Supplementary 

Table 5). 

 

This more focused pattern, in contrast to the distributed network relationships observed for 

mathematical ability, suggests that NMDA receptor distribution relates to reading ability 

primarily through visual processing networks. 

 

Stability of brain-behavior-receptor associations across age groups 

 

Given that our neurotransmitter inferences necessarily relied on receptor maps derived from 

adults while our brain-behavior data came from children, we conducted comprehensive analyses 

to examine whether these associations were stable across age groups. Our results demonstrate 

that the brain-behavior-receptor associations identified above are stable across age groups and 

relate to the neurobiological underpinnings of math and reading skills (Supplementary Notes). 

 

Disentangling shared and domain-specific contributions 

 

To further parse shared versus domain-specific effects, we conducted a joint CCA including both 

math and reading measures simultaneously. We identified a shared academic-skill mode in both 

the CMI-HBN and Stanford cohorts, but did not observe a consistent and interpretable separation 

into math-specific and reading-specific modes. Neurotransmitter mapping of this shared mode 
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again highlighted NMDA as the only receptor showing consistent cross-cohort associations. 

Comparison of brain weight maps across models indicated that the original math- and reading-

related modes are driven primarily by variance shared across mathematics and reading, while 

still retaining some domain-specific variance and therefore not being fully reducible to the 

shared component alone. This further suggests that NMDA receptor associations reflect 

primarily shared structural variance across both academic domains, while also capturing domain-

relevant organization (See Supplementary Notes for details).  

 

Discussion  

 

Our study provides important insights into the molecular substrates supporting mathematical and 

reading abilities in children by comprehensively mapping neurotransmitter systems onto brain 

structural organization. Three key findings emerged from our analyses. First, NMDA receptor 

distribution consistently and robustly corresponded with brain structural organization associated 

with both mathematical and reading abilities across two independent cohorts, highlighting a 

critical association between glutamatergic signaling and cognitive development. Second, the 

spatial pattern of NMDA receptor associations differed across cognitive domains: associations 

were widely distributed across multiple functional networks for mathematical ability, whereas 

they were more focal within visual networks for reading ability, suggesting both common and 

domain-specific molecular substrates. Third, these associations showed notable specificity to 

NMDA receptors, while other neurotransmitter systems exhibited weaker, less consistent, or 

non-replicable relationships. Our findings establish a crucial bridge between molecular 

neurobiology and cognitive function, revealing how specific neurotransmitter systems relate to 
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the neural architecture underlying mathematical and reading abilities in the developing brain, and 

advance an integrative framework that spans from receptor-level organization to complex 

cognitive skills essential for academic achievement. 

 

Prior neuroanatomical studies of mathematical and reading abilities have predominantly 

employed univariate voxel-based morphometry (VBM) approaches, testing each brain region 

independently 10,12,67-81. CCA, by contrast, identifies the multivariate combination of brain 

regions whose grey matter volumes collectively covary most strongly with academic 

performance across individuals, yielding a distributed spatial phenotype that is then used as the 

basis for neurotransmitter mapping. This approach captures coordinated, brain-wide structural 

patterns that would be missed by region-by-region testing, and is particularly well-suited for 

linking to the spatially comprehensive PET-derived receptor maps. A detailed comparison of our 

findings with the prior VBM-based structural brain imaging literature, as well as discussion of 

convergent and divergent regional patterns of findings observed across cohorts, is provided in the 

Supplementary Discussion. 

 

Our study is anchored in the well-established principle that excitatory-inhibitory (E/I) balance is 

fundamental to cognitive development and learning 38, with disruptions in this balance 

implicated in various neurodevelopmental disorders 30,82. This framework, supported by 

extensive human and rodent research, posits that optimal learning requires precise coordination 

between glutamate-mediated excitation and GABA-mediated inhibition 31,38,64. Given that 

academic skill acquisition involves intensive neural plasticity and circuit refinement during 

childhood, we hypothesized that glutamatergic and GABAergic receptor distributions would 
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show spatial correspondence with brain structural organization supporting mathematical and 

reading abilities.  

 

Our findings specifically, and consistently, implicate NMDA receptor-mediated glutamatergic 

signaling as a key molecular substrate of both abilities. The robust and replicable spatial 

alignment between NMDA receptor density and structural phenotypes across independent 

cohorts suggest that regions where grey matter volume most strongly covaries with academic 

ability tend to be regions with higher NMDA receptor density, a pattern consistent with the view 

that NMDA receptor-dependent synaptic plasticity processes may contribute to experience-

driven circuit refinement supporting learning and memory 24,28,83,84. In contrast, the absence of 

consistent GABA associations across cohorts suggests a less dominant role for inhibitory 

signaling in these large-scale structural organization. Previous regional MRS studies have linked 

local GABA concentrations to mathematical skills in children 37 and in adolescents and young 

adults 46,47. This pattern may suggest that GABAergic effects are more regionally specific and 

potentially more prominent at later developmental stages, whereas NMDA receptor distributions 

may play a more foundational role in the broader structural organization of academic skill 

networks during childhood (see Supplementary Discussion). 

 

Our findings reveal both convergent and divergent neurochemical signatures across domains. For 

mathematical abilities, NMDA receptor density spatially corresponded with brain structural 

organization spanning insula, anterior cingulate, and prefrontal cortices, regions consistently 

implicated in numerical cognition and mathematical reasoning 8-10,68,70,72-74,76,77,79,80,85-88. The 

prefrontal predominance of this pattern is consistent with anatomical evidence that layer 3 
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pyramidal neurons in prefrontal cortex have greater density of NMDA-dependent synaptic input 

than their parietal counterparts 89, and with the spatial distribution of NMDA receptor density in 

the Hansen et al. atlas itself 59 (see Supplementary Discussion). 

 

For reading abilities, NMDA receptor density showed spatial correspondence with brain 

structural organization in prefrontal and, notably, ventral temporal-occipital cortex, a key region 

for orthographic processing and visual word recognition. These regions encompass both reading-

specific and domain-general circuits implicated in attention and executive function, all critical 

for successful reading acquisition and proficiency 71,75,90-92. These findings are consistent with 

the neuronal recycling hypothesis, which postulates that reading acquisition repurposes neural 

circuits, originally evolved for object recognition, toward processing written language 92. The 

spatial correspondence between NMDA receptor density and grey matter volume associations 

with reading ability in ventral temporal-occipital cortex is consistent with the idea that NMDA 

receptor-dependent plasticity may facilitate the functional specialization of visual cortical 

neurons during reading acquisition 93,94. 

 

Importantly, NMDA receptor associations for reading were more spatially constrained, 

concentrated within higher-order visual networks, compared to the multi-network pattern 

observed for mathematics, providing structural-level evidence for partially dissociable 

neurochemical substrates across domains despite their shared glutamatergic basis. While 

mathematical and reading abilities share substantial cognitive, genetic, and environmental 

architecture, evidenced by moderate-to-strong behavioral correlations across our cohorts (r = 

0.39–0.57) and overlapping genetic risk factors 65,66, the domain-level differences in NMDA 
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spatial patterns suggest that common glutamatergic receptor architecture is expressed through 

partially distinct circuit-level organization for each skill. 

 

Our whole-brain neurotransmitter mapping substantially extends previous regional MRS studies 

by moving beyond isolated brain areas and by examining replicability in independent cohorts 

37,46-48,95. A critical distinction from MRS-based approaches is that the present study uses 

population-level PET receptor density maps as a spatial reference, rather than directly measuring 

individual participants' neurochemical levels. These approaches are therefore complementary: 

PET-derived atlas maps provide spatially comprehensive, receptor-specific information that can 

contextualize and guide MRS research, while MRS provides individual-level neurochemical 

measurements within specific regions that can directly test mechanistic hypotheses suggested by 

atlas-based findings (see Supplementary Discussion for an integrative framework). 

 

Beyond glutamate and GABA, our whole-brain mapping of 19 neurotransmitter receptors and 

transporters enabled examination of modulatory systems, including dopamine, serotonin, and 

acetylcholine, which are not readily accessible in traditional MRS studies. Despite theoretical 

predictions that these systems would show domain-general associations given their roles in 

reward-based learning, motivation, sustained attention, and cognitive flexibility 39-43, evidence 

for these systems was weaker and inconsistent across cohorts. While suggestive associations 

emerged, particularly for dopaminergic systems with mathematical abilities and cholinergic 

systems with reading abilities, these did not achieve cross-cohort replicability. These results 

suggest that modulatory neurotransmitter systems may influence academic skill acquisition 
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through more variable and indirect pathways, rather than being reflected in the stable structural 

organization of academic skill networks. 

 

The present findings gain additional interpretive depth when considered alongside our prior 

transcriptomic work demonstrating that math-related brain structural organization is associated 

with genes enriched for voltage-gated potassium channel activity 86. Potassium channels are 

essential for maintaining resting membrane potentials, controlling synaptic transmission, and 

shaping action potentials 96-99. NMDA receptors and potassium channels are functionally 

coupled: NMDA receptor activation leads to calcium influx that activates calcium-dependent 

potassium channels, altering neuronal excitability and synaptic plasticity 100,101, while potassium 

channel activity regulates post-synaptic depolarization and thereby modulates the voltage-

dependent magnesium block of NMDA receptors 102. This bidirectional relationship creates a 

finely tuned system for regulating neural excitability and plasticity critical for learning and 

memory 28,30-38. Anomalies in potassium channel-associated genes have been identified in 

individuals with learning disabilities 103 and neurodevelopmental delays 98, and disruptions in 

NMDA receptor-mediated signaling are similarly linked to learning impairments 104,105. 

Together, our NMDA receptor and prior transcriptomic findings converge on a common 

neurobiological pathway involving the interplay between excitatory neurotransmission and 

membrane excitability, which may underlie the structural organization of circuits supporting 

academically-relevant cognitive abilities and offer promising targets for intervention and 

biomarker development.  
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Several limitations warrant consideration. First, our sample was restricted to children aged 7-14, 

excluding earlier developmental periods and later specialization phases. Although the CMI-HBN 

cohort extends to age 21, we intentionally restricted the age range to match the Stanford 

validation cohort. Examining an older CMI-HBN subgroup in future work would test 

developmental generalizability of the present effects. Second, our neurotransmitter inferences 

relied on receptor maps derived from over 1,200 healthy adults (mean ages 19.9-68.3 years) 

rather than age-matched children 59. Neurotransmitter receptor systems undergo substantial 

developmental changes, including the protracted maturation of NMDA receptor subunit 

composition 106-108. The adult-derived molecular maps may therefore not fully reflect the 

neurotransmitter landscape of the developing brain, and our interpretations regarding 

developmental plasticity mechanisms should be treated as theoretically motivated hypotheses 

rather than directly demonstrated conclusions. Our analyses confirm that brain-behavior-receptor 

associations are developmentally stable across the age range examined. Developing pediatric 

neurotransmitter atlases and novel non-invasive imaging methods with appropriate ethical 

safeguards, remains a priority albeit a challenging one. Third, the cross-sectional design 

precludes causal inference. Longitudinal designs tracking brain structure, academic abilities, and 

molecular markers across development, combined with intervention studies targeting 

neurotransmitter systems, would provide critical insights into developmental mechanisms. 

Finally, future studies employing larger samples with sufficient power to reliably characterize 

domain-specific structural phenotypes, as well as samples enriched for selective learning 

disabilities affecting only one domain, will be essential for determining whether glutamatergic 

signaling relates differentially to mathematical versus reading abilities or whether it constitutes a 

common neurobiological substrate underlying academic skill acquisition more broadly. 
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In summary, our study provides a comprehensive brain-wide mapping of neurotransmitter 

receptor distributions that spatially correspond to the structural organization of networks 

supporting children's academic abilities. Across 19 neurotransmitter receptors and transporters 

examined, NMDA receptor distribution showed robust and spatially selective associations with 

brain structural organization for both mathematical and reading abilities across two independent 

cohorts, highlighting the specific and replicable role of NMDA receptor-mediated glutamatergic 

signaling in academic skill development. By bridging molecular neuroscience and cognitive 

development, our findings offer an integrated multi-level framework for characterizing 

individual differences in academic abilities. Future studies integrating molecular, neural, and 

behavioral assessments across developmental stages will be essential for translating these 

insights into effective educational and clinical strategies. 

 

Methods 

 

Participants  

 

CMI-HBN discovery cohort. The Child Mind Institute – Healthy Brain Network (CMI-HBN) is 

an open resource for transdiagnostic research in pediatric mental health and learning disorders 63. 

Given its large sample size and wide age range, we used it as our discovery cohort. Our initial 

sample comprised 1,236 typically developing children aged 7 to 14 years with Full Scale IQ 

scores of 80 or above on the WISC-V 109 and valid scores of numerical operations, math 

problem-solving, word reading, and reading comprehension subtests of the WIAT-III 110. Among 
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these children, 858 had structural MRI images collected within one year of WIAT-III score 

collection. These scans underwent a multistage quality control procedure (see Quality Control 

for details), including manual review of raw structural images and visual inspection of post-

processing outputs following processing with the Advanced Normalization Tools (ANTs) 

pipeline 111. Based on these quality control procedures, 98 children were excluded because of 

poor image quality and/or unsatisfactory processing outputs. The remaining scans were retained 

for grey matter volume computation. Consequently, the final cohort for further analysis consisted 

of 760 children, including 485 males and 275 females (Table 1).  

 

Stanford validation cohort. We pooled data across multiple research studies conducted at 

Stanford University. Informed written consent was obtained from the child’s legal guardian and 

the protocol was approved by the Stanford University Institutional Review Board for the original 

studies. Our initial sample comprised 423 typically developing children aged 7 to 14 years with 

Full Scale IQ scores of 80 or above on the WASI-I/II 112 and valid scores of numerical 

operations, math reasoning, word reading, and reading comprehension subtests of the WIAT-II 

113. Among these children, 240 had structural MRI images collected within one year of WIAT-II 

score collection. These scans underwent a multistage quality control procedure (see Quality 

Control for details), including manual review of raw structural images and visual inspection of 

post-processing outputs following processing with the ANTs pipeline 111. Based on these quality 

control procedures, 9 children were excluded because of poor image quality and/or 

unsatisfactory processing outputs. The remaining scans were retained for grey matter volume 

computation. Consequently, the final cohort for further analysis consisted of 231 children, 

including 133 males and 98 females (Table 1).  
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Sex reporting. Sex information was obtained from the demographic variables provided by each 

cohort. In the CMI-HBN cohort, participants were categorized as male or female based on the 

demographic information available in the public dataset. In the Stanford cohort, participants were 

categorized as male or female based on demographic information collected as part of the original 

study protocol. Sex was considered in sample characterization and is reported for each cohort. 

The present study was designed to identify brain structural phenotypes associated with 

mathematical and reading abilities and to test their correspondence with neurotransmitter 

receptor maps across independent cohorts. To examine whether the identified brain-behavior 

relationships were present in both male and female participants, sex-stratified analyses were 

conducted in both cohorts (see Supplementary Notes).  

 

Ethics and informed consent 

 

For the CMI-HBN cohort, data were obtained from the publicly available Child Mind Institute 

Healthy Brain Network (CMI-HBN) database. All participants provided informed consent (or 

assent with parental/guardian consent) under protocols approved by the institutional review 

boards overseeing data collection by the original investigators. Information on participant 

compensation for the CMI-HBN cohort was determined by the original study protocols and was 

not available to the present study investigators. 

 

For the Stanford cohort, all participants (and their legal guardians for minors) provided written 

informed consent in accordance with protocols approved by the Stanford University Institutional 

Review Board (IRB Protocol No. 11849 and Assurance No. FWA00000935 (SU)). Participant 



ARTI
CLE

 IN
 P

RES
S

ARTICLE IN PRESS

 

 

compensation, if applicable, was administered according to the approved Stanford study 

protocol. 

 

Standardized assessments of math and reading abilities 

 

We used subtests from the WIAT-II/III neuropsychological assessment 110,113 to measure 

children’s math and reading abilities. Grade-normed standardized scores were used to minimize 

potential differences between different versions of equivalent subtests.  

 

CMI-HBN discovery cohort. Standardized scores of numerical operations and math problem 

solving subtests from the WIAT-III were used to measure children’s math abilities; standardized 

scores of word reading and reading comprehension subtests from the WIAT-III were used to 

measure children’s reading abilities.  

 

Stanford validation cohort Standardized scores of numerical operations and math reasoning 

subtests from the WIAT-II were used to measure children’s math abilities; standardized scores of 

word reading and reading comprehension subtests from the WIAT-II were used to measure 

children’s reading abilities.  

 

The numerical operations subtest (WIAT-II/III) evaluates children’s ability to identify and write 

dictated numerals and solve written calculation problems and equations involving addition, 

subtraction, multiplication, and division. The math reasoning (WIAT-II) and math problem 

solving (WIAT-III) subtests evaluate children’s ability to use math reasoning and problem-



ARTI
CLE

 IN
 P

RES
S

ARTICLE IN PRESS

 

 

solving skills, including identification of geometric shapes and single- and multi-step word 

problems involving time, money, and measurement. The word reading subtest (WIAT-II/III) 

evaluates children’s ability to read familiar words aloud from a list. The reading comprehension 

subtest (WIAT-II/III) requires children to match a written word with its representative picture, 

read different types of passages, and respond to questions involving comprehension of the 

content.  

 

Structural MRI data acquisition  

 

CMI-HBN discovery cohort. The CMI-HBN is an open resource dataset for transdiagnostic 

research in pediatric mental health and learning disorders 63. MRI images were acquired at 

multiple sites with protocols and parameters varied across locations. Details of CMI-HBN 

imaging protocols can be found at the data portal website: 

https://fcon_1000.projects.nitrc.org/indi/cmi_healthy_brain_network/MRI_Protocol.html.  

 

Stanford validation cohort. Structural MRI images were acquired at Stanford University Lucas 

Center on a 3T GE scanner (General Electric, Milwaukee, WI). Head movement was minimized 

using additional pads and pillows around children’s heads. Image parameters are listed in 

Supplementary Table 6. 

 

Quality Control 

 

https://fcon_1000.projects.nitrc.org/indi/cmi_healthy_brain_network/MRI_Protocol.html
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The structural MRI data underwent a multistage, manual, and systematic quality control 

procedure prior to inclusion in the final analyses. For each participant and visit, all available T1-

weighted scans were first visually reviewed to identify the optimal acquisition. Raw-image 

inspection focused on artifacts including ringing, ghosting, blurring, susceptibility-related signal 

loss, radiofrequency noise/spiking, intensity inhomogeneity, wrapping artifacts, and field-of-

view clipping. When multiple scans were available, the highest-quality scan was selected for 

processing. The selected scans were then processed using the ANTs pipeline. Post-processing 

quality control included visual inspection of brain extraction, tissue segmentation, and 

downstream outputs. QC reports displaying extracted brain images and grey matter/white matter 

segmentations overlaid on the native anatomy in axial, coronal, and sagittal views were reviewed 

to assess tissue classification accuracy, boundary integrity, and over- or under-extraction. 

Downstream outputs were additionally inspected for anatomical plausibility, focal outliers, 

boundary irregularities, and consistency with the underlying anatomy. Structural scans were 

rated on a 0–5 scale, where 0 indicated unusable data, 1 poor quality unusable for research, 2 fair 

quality with substantial artifacts and likely unusable, 3 good quality with some artifacts that did 

not preclude interpretation, 4 very good quality with only minor artifacts, and 5 excellent quality 

with no discernible artifacts. Ratings were performed independently by two raters, and discrepant 

cases were resolved by detailed review and consensus discussion. Scans flagged as problematic 

at any stage underwent further review to determine whether reprocessing, substitution with an 

alternative scan from the same visit, adjustment of brain extraction parameters, or exclusion was 

warranted. 

 

Estimation of grey matter volume 
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To estimate the grey matter volume for each child, we used the volume-based Advanced 

Normalization Tools (ANTs v2.3.5) Longitudinal Cortical Thickness Pipeline (LCT) 111, which 

comprises well-vetted components for multivariate template construction, image registration, 

bias correction, n-tissue segmentation, and cortical thickness estimation. 

 

First, we created a population-specific template from 259 quality controlled T1-weighted 

structural images of a pediatric population aged 7-14 years collected at Stanford University. 

Among the T1-weighted images, 59 of them overlapped with our final sample of the Stanford 

validation cohort. This template was generated using the ANTs multivariate template 

construction component, which mapped the images to a common anatomy and iteratively 

estimated the average shape and appearance image. 

 

Second, we utilized ANTs Atropos component and the publicly available Oasis template tissue 

priors 114 to segment the population specific template into 6 tissue classes, including 

cerebrospinal fluid (CSF), grey matter (GM), white matter (WM), deep grey matter (striatum and 

thalamus), brain stem, and cerebellum. The tissue probability maps of the 6 tissue classes were 

further generated for the population specific template using ANTs cook component, which were 

then used to generate for each child a single subject template (SST) that proceeds through the 

ANTs cross-sectional Cortical Thickness Pipeline producing a brain extraction mask and a CSF 

tissue probability map in the SST space. Joint label fusion was further performed to create tissue 

probability maps for all 6 tissue classes for each child. 
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Third, we used the ANTs LCT Pipeline to generate cortical thickness maps for each child. This 

process involves the creation of a SST for each child using all available images collected at 

multiple time points, the population specific template and its priors that were generated from the 

step above as a reference. This process generates individualized probability maps for all 6 tissue 

classes and cortical thickness estimation in the SST space. The SST and resulting tissue priors 

are warped into individual subject space and serve as the reference template for processing of 

each structural MRI image. Individual-level n4 bias correction, brain extraction, and tissue 

segmentations are generated prior to cortical thickness estimation. Cortical Thickness (CT) is 

estimated using the Diffeomorphic Registration-based Estimation algorithm (DiReCT), which 

involves the alignment of the white matter (WM) probability map to the combined grey 

matter/white matter (GM/WM) probability maps. This process allows for assignment of cortical 

thickness values to each spatial location within the cortex, following a diffeomorphic path at 

each GM/WM interface until the grey matter/cerebrospinal fluid (GM/CSF) boundary is reached. 

CT and tissue segmentation quality was assessed to ensure integrity of brain extractions, 

segmentation, spatial normalization, and cortical thickness estimates.  

 

Finally, each individual's SST generated from the LCT pipeline allows for the computation of 

grey matter volume. Each child's brain is registered to the Brainnetome atlas in the SST space, 

ensuring consistent anatomical comparisons across individuals. The high-resolution (1mm 

isotropic) ROIs provided by the atlas serve as precise references for defining specific brain 

regions. After registration, a binarized mask is created for each ROI to isolate grey matter from 

the cortical thickness LCT output images. Using this mask in combination with cortical thickness 

outputs allows for the calculation of cortical thickness, surface area, and grey matter volume 



ARTI
CLE

 IN
 P

RES
S

ARTICLE IN PRESS

 

 

estimates within each ROI. Because subcortical structures such as basal ganglia lack the distinct 

grey-white and grey-CSF boundaries required for cortical thickness estimation, the LCT pipeline 

treats these regions as tissue priors. Consequently, we included only the first 218 Brainnetome 

ROIs for analysis, excluding ROIs 219-246 that corresponds to the subcortical prior regions. In 

the current study, we focused on grey matter volume only. 

 

Canonical correlation analysis  

 

We conducted canonical correlation analysis (CCA), a powerful multivariate method for 

capturing associations between 2 modalities of data (e.g., brain and behavior), to determine the 

multivariate associations between mathematical or reading abilities and brain structure 

organization. Prior to analysis, extreme outliers were identified for each brain and behavioral 

variable of interest using an interquartile range (IQR-based rule). Specifically, extreme outliers 

were defined as observations more than three interquartile ranges below the first quartile or 

above the third quartile. Participants identified as extreme outliers on any variable were excluded 

from further analyses. This resulted in the removal of 9 participants from the CMI-HBN cohort 

and 3 participants from the Stanford cohort, yielding final CCA samples of 751 participants for 

CMI-HBN and 228 participants for Stanford.   

 

CMI-HBN discovery cohort. Two standardized scores including numerical operations and math 

problem-solving scores from the WIAT-III were used to capture associations between math 

abilities and grey matter volume, and two standardized scores including word reading and 

reading comprehension scores from the WIAT-III were used to capture associations between 
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reading abilities and grey matter volume. Given the moderate correlations between math or 

reading abilities and age (see Supplementary Notes), we controlled for age in the analyses of 

brain-behavior relationships by including age together with the math or reading ability measures 

as the behavioral variable set (Y). Moreover, grey matter volume of the 218 brain regions of 

interest from the Brainnetome atlas 115 were used as the brain variable set. To avoid overfitting 

and multicollinearity issues, we reduced the dimensionality of the brain variable set (X) by 

applying a principal component analysis (PCA) and retained the first 17 components that 

together explained 90% of the total variance. The behavior variable set and the retained principal 

components (Xpca) of the brain variable set were subsequently fed into CCA. 

 

CCA takes the brain and behavioral variable sets Xpca and Y as inputs and identifies pairs of 

brain and behavioral weights A and B such that the linear combination (weighted sum) of the 

brain and behavioral variables maximizes the correlation between the resulting brain and 

behavioral canonical variates, i.e. U = XpcaA and V = YB. A canonical mode refers to a pair of 

canonical variates that jointly share variance in both variables sets. The canonical correlation of a 

mode refers to the Pearson correlation between its corresponding pair of canonical variates.     

 

A permutation test was performed to assess the significance of CCA model fit and canonical 

modes. Specifically, for CCA involving math ability measures, we permuted the order of 

numerical operations and math problem-solving scores in the behavioral variable set; for CCA 

involving reading ability measures, we permuted the order of word reading and reading 

comprehension scores in the behavioral variable set. Next, we re-ran CCA using the permuted 

behavioral variable set (Yperm) and the original brain variable set (Xpca), and recorded the model 
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fit as well as canonical correlation for each mode. This procedure was repeated for 5,000 times 

for each CCA model, and the recorded model fits and canonical correlations were used to 

establish their null distributions. The observed model fit, quantified using Pillai’s trace, and the 

canonical correlations were compared with their respective null distributions to determine 

permutation p values. Permutation p values were computed as the proportion of permuted 

statistics greater than or equal to the observed statistic. FDR correction was applied where 

appropriate.  

 

Finally, to obtain relative weights and signs of involvement of the original brain and behavioral 

variables, we correlated U and V respectively against the original brain (X) and behavioral (Y) 

variables. We focused on modes that survived permutation tests, and interpreted their meanings 

according to the relative weights of behavioral variables. The relative weights of brain variables 

were further used to explore the mapping between neurotransmitter systems and brain structure 

organizations associated with math and reading abilities.   

 

Stanford validation cohort. To examine the replicability of our findings, we applied the same 

CCA procedure to determine the multivariate associations between mathematical or reading 

abilities and brain structure organization in an independent Stanford validation cohort.  

 

Briefly, two standardized scores including numerical operations and math reasoning scores from 

the WIAT-II were used to capture associations between math abilities and grey matter volume, 

and two standardized scores including word reading and reading comprehension scores from the 

WIAT-II were used to capture associations between reading abilities and grey matter volume.  
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Given the moderate correlations between math or reading abilities and age (see Supplementary 

Notes), we controlled for age in the analyses of brain-behavior relationships by including age 

together with the math or reading ability measures as the behavioral variable set (Y), and grey 

matter volume of the 218 brain regions of interest from the Brainnetome atlas 115 as the brain 

variable set. We reduced the dimensionality of the brain variable set (X) by applying a PCA and 

retained the first 13 components that together explained 90% of the total variance. The behavior 

variable set and the retained principal components (Xpca) were subsequently fed into CCA. The 

significance of CCA model fit and canonical modes were assessed using permutation tests with 

5,000 iterations. Finally, we obtained the relative weights and signs of involvement of the 

original brain and behavioral variable, and used them to interpret the meanings of significant 

canonical modes and explore the mapping between neurotransmitter systems and brain structure 

organizations associated with math and reading abilities.   

 

For visualization, the signs of the canonical variates and corresponding loadings were oriented so 

that higher behavioral canonical scores correspond to higher academic performance; this sign 

orientation does not affect canonical correlations or statistical significance. 

 

Out-of-sample generalization of brain-behavior relationships 

 

To directly examine the generalizability of the brain-behavior findings, we applied the CCA 

model derived from the CMI-HBN discovery cohort to an independent Stanford validation 

cohort, and assessed the correlation between the predicted brain and behavioral canonical 

variates.  
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On the behavioral side, the analysis of math abilities used age and two standardized scores − 

numerical operations and math problem-solving scores from the WIAT-II in the Stanford 

validation cohort − as the behavioral variable set (YStanford). Similarly, the analysis of reading 

abilities used age and two standardized scores − word reading and reading comprehension scores 

from the WIAT-II in the validation cohort − as the behavioral variable set (YStanford).  

 

On the brain side, we projected the grey matter volumes of 218 regions of interest from the 

Stanford validation cohort onto the same dimensional space as the CMI-HBN discovery cohort. 

This process involved centering the brain variables of the validation cohort using the mean 

values from the discovery cohort, and then applying the PCA rotation matrix derived from the 

discovery cohort to the centered data. Finally, we retained the first 17 principal components, 

aligning with the discovery cohort’s dimensionality. This resulting brain variable set for the 

Stanford validation cohort is referred to as Xpca-Stanford.   

 

We then computed the predicted brain canonical variates (UStanford) by multiplying the brain 

variable set, Xpca-Stanford, by the brain weights A derived from the CMI-HBN discovery cohort. 

Similarly, we obtained the predicted behavioral canonical variates (VStanford) by multiplying the 

behavioral variable set, YStanford, by the behavioral weights B derived from the CMI-HBN 

discovery cohort. We then computed the Pearson correlations between the predicted brain and 

behavioral canonical variates for the mathematics- and reading-related modes in the validation 

cohort. To evaluate the significance of the predicted canonical correlation, we permuted the 

predicted behavioral canonical variate and computed its Pearson correlation with the predicted 



ARTI
CLE

 IN
 P

RES
S

ARTICLE IN PRESS

 

 

brain canonical variate. This permutation procedure was repeated 5,000 times to generate a null 

distribution, which was then used to assess the significance of the observed predicted canonical 

correlation. Upper-tail permutation p values were computed as the proportion of permuted 

correlations greater than or equal to the observed correlation. For visualization, the signs of the 

predicted brain and behavioral canonical variates were oriented so that higher grey matter 

volume scores correspond to higher academic performance; this sign orientation does not affect 

canonical correlations or statistical significance. 

 

Maps of neurotransmitter receptors and transporters  

 

We used the volumetric PET images 

(https://github.com/netneurolab/hansen_receptors/tree/main/data/PET_nifti_images/) shared by 

Hansen et al. 59 to derive the whole-brain maps of the 19 neurotransmitter receptors and 

transporters (Supplementary Fig. 2). Specifically, these PET images were collected from over 

1,200 healthy participants across multiple studies and averaged across individual participant 

maps within studies shared before 59. The images are an estimate proportional to receptor 

densities. We registered the images to the MNI 152 template and then parcellated into 246 brain 

regions according to the brainnetome atlas. Receptors and transporters with more than one mean 

image of the same tracer (e.g., D2, mGluR5) were combined using a weighted average. Finally, 

each receptor/transporter map was z-scored across regions for further analysis.  

 

Neurotransmitter mapping of brain organization for math and reading 

 

https://github.com/netneurolab/hansen_receptors/tree/main/data/PET_nifti_images


ARTI
CLE

 IN
 P

RES
S

ARTICLE IN PRESS

 

 

We further investigated how the spatial distributions of neurotransmitter systems correspond to 

brain structural organization associated with mathematical or reading ability. 

 

CMI-HBN discovery cohort. We examined 19 neurotransmitter receptors and transporters 59 to 

test the hypothesis that glutamate (mGluR5, NMDA), the primary excitatory neurotransmitter, 

and GABA (GABAA/BZ), the main inhibitory neurotransmitter, would map onto variation in brain 

structural organization associated with math or reading ability. For each neurotransmitter 

receptor or transporter, we fitted a linear regression model with the whole-brain neurotransmitter 

map as the independent variable and the CCA-derived brain weight map associated with math or 

reading ability as the dependent variable. Model significance was assessed using spatial 

autocorrelation-preserving spin-permuted tests with 5,000 iterations (see Null Model section). 

Permutation p values were computed using upper-tail tests by comparing the observed model fit 

with the null distribution generated from spin-permuted maps. Multiple comparisons across 

neurotransmitter maps were controlled using the false discovery rate (FDR) approach. 

 

Additionally, we computed Bayes factors (BF10) to quantify the strength of evidence for each 

neurotransmitter model relative to an intercept-only null model in the CMI-HBN discovery 

cohort. Bayes factors were computed using the lmBF function in the R BayesFactor package. We 

used the default Jeffreys-Zellner-Siow prior specification for Bayesian linear models and the 

default medium Cauchy prior scale for standardized regression coefficients. No Markov chain 

Monte Carlo sampling was used, as lmBF computes Bayes factors by numerical integration. 

Individual neurotransmitter receptors or transporters were considered as significant if both the 

FDR-corrected spin-test p value was < 0.05 and BF10 was > 3. 
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Stanford validation cohort. To examine replicability of our findings, we conducted the same 

neurotransmitter mapping analysis in the independent Stanford validation cohort. For the 

Stanford cohort, we additionally computed replication Bayes Factor (BFr10) to quantify the 

strength of evidence from the Stanford validation cohort given data already acquired from the 

CMI-HBN discovery cohort 116. For each neurotransmitter map, BFr10 was calculated as the 

Bayes factor from the combined CMI-HBN and Stanford datasets divided by the Bayes factor for 

the CMI-HBN discovery dataset alone. Thus, BFr10 quantified the additional evidence for the 

association provided by the Stanford validation cohort. Bayes factors for the discovery, 

validation, and combined datasets were computed using the same lmBF model specification, 

default Jeffreys-Zellner-Siow prior, and default medium Cauchy prior scale described above. No 

Markov chain Monte Carlo sampling was used. Individual neurotransmitter receptors or 

transporters were considered as significant if both FDR-corrected spin-test p value was < 0.05 

and BFr10 was > 3. 

 

Network-level neurotransmitter mapping for math and reading 

 

For neurotransmitter receptors consistently showing significant association with brain structural 

organization supporting mathematical or reading ability across cohorts, we further conducted 

network-level analysis to examine how these relationships manifested across different functional 

brain networks.  
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CMI-HBN discovery cohort. For each Brainnetome ROI, we calculated the number of 

overlapping voxels between the ROI and each of the 14 Shirer network 117, assigning the ROI to 

the network with the greatest overlap. Next, for each Shirer network, we examined the 

correlation between the distribution of a receptor and the CCA-derived brain weight map 

associated with mathematical or reading ability.  

 

Stanford validation cohort. We examined the replicability of our findings using the same 

network-level analysis, focusing on networks showing significant effects in the discovery cohort. 

 

Significance was assessed using two-sided Pearson correlations across ROIs within each Shirer 

network. The number of ROIs varied across networks and results from networks with small 

numbers of ROIs should be interpreted cautiously. 

 

Null Models  

 

To assess the statistical significance of associations across brain regions, we employed spatial 

autocorrelation-preserving permutation tests (spin tests). Specifically, we utilized the Moran 

spectral randomization method 118 as implemented in the BrainSpace Python package 

(https://brainspace.readthedocs.io/). This method generates surrogate brain maps with spatial 

autocorrelation that matches the spatial autocorrelation observed in the original brain-behavior 

association map. This procedure involves constructing a spatially-informed weight matrix, 

typically represented as an inverse distance matrix between brain regions. An eigen 

decomposition of this matrix is then performed to derive spatial eigenvectors, which estimate the 

https://brainspace.readthedocs.io/
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autocorrelation structure. These eigenvectors are subsequently used to impose a similar spatial 

structure on randomly generated surrogate data.  

 

For each spin test, we generated 5,000 null maps based on the original brain weight map 

obtained from CCA. Linear regressions were conducted to map neurotransmitter systems onto 

each of the 5,000 null maps, resulting in a distribution of 5,000 adjusted R2 values. This null 

distribution was then used to assess the significance of the observed adjusted R2 value from the 

original data by comparing it against the corresponding null distribution.  

 

Software and packages  

Analyses and figure generation were performed using R v4.3.1, Python v3.11.13, and MATLAB 

R2023a. Structural MRI processing was performed using Advanced Normalization Tools (ANTs 

v2.3.4). R analyses used the packages CCA, CCP, ppcor, BayesFactor, permute, psych, readxl, 

R.matlab, reshape2, ggplot2, ggrepel, and ggseg. Python analyses used numpy, pandas, scipy, 

scikit-learn, and BrainSpace. Matlab-based visualization of brain maps was performed using 

BrainNet Viewer (v1.7). Full package versions are provided in the code repository. Figures were 

assembled in Adobe Illustrator. 

 

Data availability  

The de-identified behavioral data and extracted grey matter volume values generated in this 

study and necessary to reproduce the study findings have been deposited in an archived GitHub 

repository release on Zenodo and are publicly available at 

https://doi.org/10.5281/zenodo.20574388 119. Source data generated in this study are provided 

https://doi.org/10.5281/zenodo.20574388
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with this paper as a Source Data file. Raw imaging data from the CMI-HBN cohort used in this 

study are available through the Child Mind Institute Healthy Brain Network data portal at 

https://data.healthybrainnetwork.org/main.php, in accordance with the cohort’s data access 

procedures and data use terms. Raw imaging data from the Stanford cohort are available under 

restricted access because the conditions of the ethics approval do not permit public archival or 

unrestricted public sharing of these data. Access to Stanford raw imaging data can be requested 

by contacting the corresponding authors and requires execution of a Data Use Agreement with 

Stanford University. Access is subject to approval by Stanford University and is limited to 

research purposes consistent with the original ethics approval and participant consent. Requests 

will be reviewed in accordance with Stanford University policies. The atlas of PET-derived 

whole-brain neurotransmitter receptor maps used in this study, comprising 19 neurotransmitter 

receptors, receptor-binding sites, and transporters across nine neurotransmitter systems and more 

than 1,200 healthy individuals, is available at https://github.com/netneurolab/hansen_receptors. 

 

Code availability  

Custom code for analyses and visualization has been deposited in an archived GitHub repository 

release on Zenodo and is publicly available at https://doi.org/10.5281/zenodo.20574388 119.  

https://doi.org/10.5281/zenodo.20574388
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Table 1. Demographics and neuropsychological assessment scores of the CMI-HBN 

discovery and Stanford validation cohorts  
 

 
CMI-HBN 

Cohort 

Stanford 

Cohort 
Group Difference 

Sample Size  760 231 ⎯ 

Age range (years) 7.0 ~ 14.0 7.1 ~ 13.8 ⎯ 

Age (mean  SD; years) 9.7  1.8  9.2  1.6  

t(989) = 3.59, p = 3.5e-4, 

Cohen’s d = 0.27,  

95% CI [0.12, 0.42] 

Sex (M/F) 485/275 133/98 

𝜒2(1) = 2.94, p = 0.09, 

Cramer’s V = 0.04, 

95% CI [0.00, 1.00] 

WISC/WASI full-scale 

IQ 
104.4  13.4 113.1  13.4 

t(989) = -8.63, p = 2.4e-17, 

Cohen’s d = -0.65,  

95% CI [-0.80, -0.50] 

WIAT-II/III numerical 

operations (standardized 

score) 
103.0  16.0 108.1  19.1 

t(989) = -4.00, p = 7.0e-5, 

Cohen’s d = -0.30,  

95% CI [-0.45, -0.15] 

WIAT-II/III math 

reasoning/math problem 

solving (standardized 

score) 

101.5  16.3 111.8  16.5 

t(989) = -8.38, p = 1.8e-16, 

Cohen’s d = -0.63,  

95% CI [-0.78, -0.48] 

WIAT-II/III word 

reading (standardized 

score) 
104.4  15.4 109.7  11.4 

t(989) = -4.92, p = 1.0e-6, 

Cohen’s d = -0.37,  

95% CI [-0.52, -0.22] 

WIAT-II/III reading 

comprehension 

(standardized score) 
102.0  13.4 108.8  11.1 

t(989) = -7.08, p = 2.7e-12, 

Cohen’s d = -0.53,  

95% CI [-0.68, -0.38] 

Values are presented as mean  SD unless otherwise indicated. Group differences were assessed 

using two-sided independent-samples t tests for continuous variables and two-sided chi-square 

tests for sex. Abbreviations: WISC, Wechsler Intelligence Scale for Children; WASI, Wechsler 

Abbreviated Scale of Intelligence; WIAT-II/III, Wechsler Individual Achievement Test, 

Second/Third Edition; SD, standard deviation; CI: confidence interval. 
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Figure Legends 

Fig. 1. Study overview of neurotransmitter mapping to brain structural organization 

associated with mathematical and reading abilities in children. We used a two-stage 

analytical approach in two independent cohorts of children aged 7-14 years: the CMI-HBN 

discovery cohort (N=760) and the Stanford validation cohort (N=231). Structural MRI images 

from both cohorts were processed using Advanced Normalization Tools (ANTs), and regional 

grey matter volume (GMV) values were extracted using the Brainnetome atlas. GMV values and 

measures of mathematical and reading abilities were used in subsequent analyses. First, we 

conducted brain-behavior analyses using canonical correlation analysis (CCA) to identify whole-

brain structural phenotypes associated with mathematical and reading abilities in each cohort. 

This yielded spatial maps of brain regions whose GMV collectively covaried with academic 

performance. Second, we performed neurotransmitter mapping analyses to test how 19 

neurotransmitter receptors and transporters related to the spatial expression of CCA-derived 

brain structural phenotypes. Linear regression models with spatial autocorrelation-preserving 

permutation tests were used to identify neurotransmitter systems that mapped most strongly onto 

brain structural organization associated with each academic domain. Blue schematic elements 

indicate mathematical measures, and orange schematic elements indicate reading measures. 

Brain maps schematically illustrate CCA-derived GMV weight maps. ANTs = Advanced 

Normalization Tools; CCA = canonical correlation analysis; GMV = grey matter volume; MRI = 

magnetic resonance imaging; numop = numerical operations; mathprob = math problem solving; 

mathreas = math reasoning; reading comp =  reading comprehension. 

 



ARTI
CLE

 IN
 P

RES
S

ARTICLE IN PRESS

 

 

Fig. 2. Multivariate associations between mathematical ability and grey matter volume 

replicate across independent cohorts. Canonical correlation analysis (CCA) identified 

mathematical ability-related modes in both (a) the CMI-HBN discovery cohort and (b) the 

Stanford validation cohort. Scatter plots show associations between brain and behavioral 

canonical variates. Shaded bands indicate 95% confidence intervals around the fitted values from 

linear regression models. Statistical significance of canonical correlations was assessed using 

upper-tail permutation tests with 5,000 iterations, with FDR correction applied across canonical 

modes within each cohort. Pearson’s r and exact FDR-corrected permutation p values are shown 

in each scatter plot. Color squares along the behavioral axis show correlations between the 

behavioral canonical variate and the original behavioral measures: age, numerical operations, 

and math problem solving/reasoning. Brain plots show correlations between regional grey matter 

volume (GMV) and the brain canonical variate across 218 Brainnetome regions of interest. 

Warmer colors indicate stronger positive GMV loadings; cooler colors indicate weaker loadings. 

L = left hemisphere; R= right hemisphere; numop = numerical operations; mathprob = math 

problem solving; mathreas = math reasoning. Source data are provided as a Source Data file.  

 

Fig. 3. Generalizability of brain-behavior associations across independent cohorts. The 

Canonical Correlation Analysis (CCA) models derived from the CMI-HBN discovery cohort 

were applied to the independent Stanford validation cohort to predict associations between brain 

structure and academic abilities. (a) Cross-prediction of the relationship between grey matter 

volume (GMV) and mathematical ability. (b) Cross-prediction of the relationship between GMV 

and reading ability. Scatter plots show correlations between predicted GMV scores and predicted 

academic performance scores in the Stanford validation cohort. Points represent individual 
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participants. Shaded bands indicate 95% confidence intervals around the fitted values from linear 

regression models. Pearson’s r and exact permutation p values are shown in each panel. 

Statistical significance of the correlations between predicted GMV scores and predicted 

academic performance scores was assessed using upper-tail permutation tests with 5,000 

iterations. Source data are provided as a Source Data file. 

 

Fig. 4. NMDA receptors consistently map onto brain structural organization associated 

with mathematical ability across cohorts. Linear regression analyses tested associations 

between 19 neurotransmitter receptors and transporters and math-related CCA-derived brain 

structural phenotype in (a) the CMI-HBN discovery cohort and (b) the Stanford validation 

cohort. Bar lengths represent adjusted R2 values from the linear regression models. Statistical 

significance was assessed using upper-tail spatial autocorrelation-preserving spin tests with 

5,000 permutations, and FDR correction was applied across neurotransmitter maps. Reported p 

values are FDR-corrected spin-test p values. Dark orange bars indicate strong evidence of 

association, defined as FDR-corrected spin-test p < 0.05 and Bayes factor > 3. Light orange bars 

indicate moderate evidence, defined as either FDR-corrected spin-test p < 0.05 or Bayes factor > 

3. Grey bars indicate no evidence by these predefined criteria. NMDA receptors, marked with an 

asterisked, showed robust associations with math-related brain structural organization across 

both independent cohorts. BF10 denotes the Bayes factor in the discovery cohort; BFr10 denotes 

the replication Bayes factor in the validation cohort. Source data are provided as a Source Data 

file. 
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Fig. 5. NMDA receptor density maps onto brain structural organization associated with 

academic abilities across cohorts. Linear regression analyses showed positive correlations 

between NMDA receptor density and CCA-derived brain structural phenotypes associated with 

(a) mathematical abilities and (b) reading abilities in both the CMI-HBN discovery cohort and 

the Stanford validation cohort. Scatter plots show robust and consistent associations across 

Brainnetome regions of interest; each point represents one region. Shaded bands indicate 95% 

confidence intervals around the fitted values from the linear regression models. Pearson’s r and 

adjusted R2 are shown to summarize the linear association and model fit. Statistical significance 

was assessed using upper-tail spatial autocorrelation-preserving spin tests with 5,000 

permutations, with FDR correction applied across neurotransmitter maps. Reported p values are 

FDR-corrected spin-test p values. Source data are provided as a Source Data file. 

 

Fig. 6. Network-level associations between NMDA receptor distribution and academic 

ability-related brain structural organization. NMDA receptor density showed positive 

correlations with math-related brain structural organization across multiple functional networks 

in both cohorts: (a) dorsal default mode network, (b) anterior salience network, (c) posterior 

salience network, and (d) higher-order visual network. For reading-related brain structural 

organization, NMDA receptor density showed consistent positive correlations in (e) the higher-

order visual network across both cohorts. Scatter plots show associations across Brainnetome 

regions of interest within each functional network; each point represents one region. Shaded 

bands indicate 95% confidence intervals around the fitted values from linear regression models. 

Statistical significance was assessed using two-sided Pearson correlation tests within each 

network. In the CMI-HBN discovery cohort, FDR correction was applied across all tested 
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networks. In the Stanford validation cohort, replication analyses were restricted to networks that 

were significant in the CMI-HBN cohort, and FDR correction was applied across those tested 

replication networks. Reported p values are FDR-corrected p values. dDMN = dorsal default 

mode network; aSalience = anterior salience network; pSalience = posterior salience network; 

High Visual = higher-order visual network. Source data are provided as a Source Data file. 

 

Fig. 7. Multivariate associations between reading ability and grey matter volume replicate 

across independent cohorts.  Canonical correlation analysis (CCA) identified reading ability-

related modes in both (a) the CMI-HBN discovery cohort and (b) the Stanford validation cohort. 

Scatter plots show associations between brain and behavioral canonical variates. Shaded bands 

indicate 95% confidence interval around the fitted values from linear regression models. 

Statistical significance of canonical correlations was assessed using upper-tail permutation tests 

with 5,000 iterations, with FDR correction applied across canonical modes within each cohort. 

Pearson’s r and exact FDR-corrected permutation p values are shown in each scatter plot. Color 

squares along the behavioral axis show correlations between the behavioral canonical variate and 

the original behavioral measures: age, word reading, and reading comprehension. Brain plots 

show correlations between regional grey matter volume (GMV) and the brain canonical variate 

across 218 Brainnetome regions of interest. Warmer colors indicate stronger positive GMV 

loadings; cooler colors indicate weaker loadings. L = left hemisphere; R = right hemisphere; 

wordread = word reading; readcp = reading comprehension. Source data are provided as a 

Source Data file. 
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Fig. 8. NMDA receptors consistently map onto brain structural organization associated 

with reading ability across cohorts. Linear regression analyses tested associations between 19 

neurotransmitter receptors and transporters and reading-related CCA-derived brain structural 

phenotype in (a) the CMI-HBN discovery cohort and (b) the Stanford validation cohort. Bar 

lengths represent adjusted R2 values from the linear regression models. Statistical significance 

was assessed using upper-tail spatial autocorrelation-preserving spin tests with 5,000 

permutations, and FDR correction was applied across neurotransmitter maps. Reported p values 

are FDR-corrected spin-test p values. Dark orange bars indicate strong evidence of association, 

defined as FDR-corrected spin-test p < 0.05 and Bayes factor > 3. Light orange bars indicate 

moderate evidence, defined as either FDR-corrected spin-test p < 0.05 or Bayes factor > 3. Grey 

bars indicate no evidence by these predefined criteria. NMDA receptors, marked with an 

asterisked, showed robust associations with reading-related brain structural organization across 

both independent cohorts. BF10 denotes the Bayes factor in the discovery cohort; BFr10 denotes 

the replication Bayes factor in the validation cohort. Source data are provided as a Source Data 

file. 
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