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SUMMARY

The ability to learn simple arithmetic is often attributed to the associative nature of human memory, where 

repeated exposure strengthens the relations between operands and outcomes. Because artificial neural net

works (ANNs) also learn input-output associations, we tested whether ANN-derived features would increas

ingly capture arithmetic-related brain activity with development. We analyzed fMRI responses to addition 

problems in 104 participants across four age groups (8-, 11-, 14-year-olds, and adults). An ANN-based en

coding model better predicted activity in older than younger participants in the left precentral sulcus. In 

adults, prediction accuracy was higher for smaller than larger problems. ANN prediction patterns were 

consistent with increasingly discrete representations of individual addition problems with age. These find

ings suggest that some neural representations of arithmetic problems become discretely organized with 

development. However, ANN-derived features captured this change only in the left precentral sulcus, sug

gesting that associative mechanisms may account for only part of arithmetic processing.

INTRODUCTION

Our capacity to learn is largely thought to result from our ability to 

form and strengthen associations between elements. The idea 

that human memory is associative in nature has profound histor

ical roots in both philosophy and psychology,1 supporting cogni

tive models that posit the existence of networks of associations 

in the human mind.2 These accounts not only assume that asso

ciative bonds can form between perceived elements, but also 

that bonds can form between elements and the outcomes of 

mental computations that are performed on them. The domain 

of simple arithmetic learning provides a compelling illustration 

of this principle. For example, it has been argued that there is a 

shift in the type of overt strategy children use to solve simple 

arithmetic problems, such as 5 + 2, with learning and experi

ence.3–6 Up until the age of 9 or 10, children tend to solve these 

problems by using counting strategies, first with manipulatives 

(e.g., fingers) and then without.7 As children gain experience 

with these problems, overt counting strategies become less 

frequent, and answers to these problems are progressively given 

quickly without any conscious report of a specific strategy.8,9

This has been traditionally interpreted as evidence of direct 

recollection from long term-memory, which would be made 

possible by the progressive forming and strengthening of asso

ciations between operands (e.g., 5 + 2) and outcomes (e.g., 7) 

over the course of multiple exposures during learning.3,10,11 In 

sum, mental arithmetic would be a representative example of a 

domain in which the associative nature of human memory is 

thought to support the shift from relatively slow and inefficient 

computations to relatively fast and efficient retrieval of associa

tions from memory.

The hypothesized process of strengthening associations be

tween operands and answers when children learn simple arith

metic may, to some extent, be related to the way learning is 

achieved in large-language artificial neural networks (ANNs). 

ANNs are computational models inspired by biological neural 

networks (BNNs), usually organized in a directed network that 

may include multiple layers of neuronal units.12,13 Each layer ag

gregates the outputs of preceding units, applies (typically 

nonlinear) transformations, and transmits the result to the next 

layer, enabling the network to learn complex input-output rela

tionships. Much like natural language, mathematics involves 

processing sequences of symbols.14 Building on the recently 

developed Transformer model that can handle long-distance de

pendency in natural languages,15 several models have now been 

proposed to process mathematical expressions.16–20 Trained on 

large text corpora that include mathematical content, such ANNs 

output symbols based on statistical associations with the input 

symbol sequence (i.e., a math expression). Although ANNs can 

capture structural information in math expressions,21 their 

math ability may partly depend on the memorization of training 

samples, reflecting their reliance on statistical associations 

learned from data.22,23 In this sense, ANNs process math ex

pressions by leveraging these associations and may therefore 
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serve as a useful computational tool to characterize representa

tional changes related to the retrieval of associations between 

problem elements and their outcomes.

Recent neuroimaging studies have observed similarities be

tween the adult human brain and ANNs. For example, there is 

a correspondence between the hierarchy of human visual path

ways and that of ANN layers in processing natural images,24–26

where shallower layers correspond to low-level features (e.g., 

local contrast, edge, and so forth) and deeper layers correspond 

to more complex information (e.g., entire shape). Similar hierar

chical correspondence has been reported for auditory27 and lan

guage processing.28 In the math domain, a Transformer-based 

ANN model has been shown to predict brain activity of adult par

ticipants when they solve a variety of arithmetic problems.29

Much like with complex visual shapes, deeper ANN layers 

showed a better fit to the activity patterns of mathematical oper

ators, suggesting that the latent features underlying mathemat

ical operations reflect higher-order information integrated 

through cumulative transformations of stimulus input. However, 

this study only included adult participants, who represent the 

later point of arithmetic learning. It remains unknown whether 

an ANN model may also predict arithmetic-related activity in chil

dren who are still in the earlier process of learning arithmetic, and 

may therefore rely to a greater extent on counting strategies. 

Clearly, associationist models of arithmetic learning3,10,11 would 

hypothesize that the performance of an ANN model in predicting 

arithmetic-related activity would improve with age and degree of 

exposure to simple problems, as associations between oper

ands and answers would strengthen (Figure 1A).

To test this hypothesis, we measured fMRI activity of 104 par

ticipants in four age groups (8-year-olds [yo], 11-yo, 14-yo, and 

adults) while they solved single-digit addition problems 

(Figure 1B). We then compared arithmetic-related activity with 

ANN features using vertex-wise encoding models.30 Encoding 

models, which are widely used in studies comparing brain activ

ity and various ANN models, predict brain activity by a weighted 

linear combination of features extracted from experimental stim

uli.24,25,29,31,32 To mitigate effects of differences in processing 

times between different age groups, we first obtained trial-by- 

trial beta estimates of brain activity by means of a general linear 
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Figure 1. Hypothesis, experimental design, and analyses 

(A) Associative models of arithmetic learning assume that the decrease in overt counting strategies observed across development is explained by an increase in 

associations between operands of problems and answers, which would then be retrieved (see main text). Therefore, these models predict that solving arithmetic 

problems in older children and adults should be comparable to the way artificial neural networks (ANNs) provide the answer to an arithmetic problem. 

(B) In the scanner, participants were presented with single-digit addition problems and pressed a response button when they came up with an answer in their 

head (timing was self-paced). In some trials, participants said the answer aloud after being presented with an exclamation point. 

(C) Trial-wise brain signals were estimated for each subject using a general linear model (GLM). Vertex-wise encoding models were trained using feature matrices 

extracted from addition problems via ANNs and trial-wise brain signal estimates concatenated across participants. Prediction performance was evaluated with 

the data of the left-out subject.

2 iScience 29, 117180, September 18, 2026 

iScience
Article

ll
OPEN ACCESS



model for each participant. We then built a series of vertex-wise 

encoding models predicting brain activity (trial beta estimates) 

from latent features extracted from a pre-trained large language 

ANN model (MathBERT)17 (Figure 1C). The encoding model was 

trained for each age group and tested using leave-one-subject- 

out cross-validation.

This computational approach enabled us to test two main hy

potheses. First, if operands become increasingly associated 

with answers of problems over the course of learning and expo

sure to arithmetic problems, then neural representations associ

ated with simple addition problem-solving may be increasingly 

captured by ANN-derived features. Therefore, the ANN-based 

encoding model should show higher prediction performance 

for older participants (i.e., 14-yo and adults) than younger partic

ipants (i.e., 11-yo and 8-yo). Second, associationist accounts 

often predict that the strength of associations between operands 

and answers depends on the frequency of exposure,3,33 which is 

believed to be higher for problems with a small sum than prob

lems with a large sum (the latter being found less frequently in 

formal schooling34). Therefore, the ANN-based encoding model 

should show better prediction performance for relatively small 

addition problems (i.e., problems with operands ≤4) than prob

lems that are larger in comparison (i.e., problems with operands 

≥5).

RESULTS

ANN better predicts arithmetic-related activity in older 

than younger participants in the left frontal cortex

To test whether ANN features may better predict brain activity 

during addition problem solving in older than younger partici

pants, we independently constructed an encoding model (here

after referred to as ‘‘ANN model’’) and quantified model perfor

mance for each of the four age groups. Based on the 

observation in our previous study,29 we expected that deeper 

ANN layers would capture higher-order information related to 

mathematical operations than shallower layers and thus ex

AdultA B

C

14-yo

D11-yo 8-yo
R. ACC

L. PreCS
L. PreCG

R. PostCG R. MFG

L. PreCS

R. IPS

R. STS

L. MOG
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R. MOG

L. Insula

Figure 2. Prediction performance of ANN 

encoding model for each age group 

Prediction accuracy of ANN encoding model using 

the 12th layer mapped onto the cortical surface for 

(A) adults, (B) 14-yo, (C) 11-yo, and (D) 8-yo. Only 

significantly predicted vertices are shown (Wil

coxon signed-rank test: peak-level, uncorrected 

p < 0.001; cluster-level, false-discovery rate [FDR] 

corrected p < 0.05).

tracted ANN features from the last layer 

of the MathBERT. In adults, the ANN 

model significantly predicted activity in 

several brain regions, including the left 

precentral sulcus (L. PreCS), left precen

tral gyrus (L. PreCG), left insula, right 

middle frontal gyrus (R. MFG), and right 

postcentral gyrus (R. PostCG) (Wilcoxon 

signed-rank test: peak level, uncorrected 

p < 0.001; cluster level, corrected 

p < 0.05) (Figure 2A). In 14-yo, prediction accuracy was signifi

cant in the L. PreCS, as well as in the left occipital pole (L. OP), 

right anterior cingulate cortex (R. ACC), right superior temporal 

sulcus (R. STS), and left middle occipital gyrus (R. MOG) 

(Figure 2B). In 11-yo, the ANN model predicted activity in the L. 

MOG and right intraparietal sulcus (R. IPS) (Figure 2C). Finally, 

in 8-yo, no brain regions showed significant prediction accuracy 

(Figure 2D). Critically, the number of significant vertices 

increased with age (adults, 121 vertices; 14-yo, 92 vertices; 

11-yo, 43 vertices; 8-yo, 0 vertices), even without cluster thresh

olding (adults, 391 vertices; 14-yo, 335 vertices; 11-yo, 219 

vertices; 8-yo, 236 vertices). Therefore, the ANN model appeared 

to predict activity in larger brain regions in older participants.

We then formally tested whether the prediction performance 

of the ANN model increased with age (and therefore frequency 

of exposure to arithmetic problems). We first examined whether 

some brain regions displayed different prediction accuracy be

tween the four age groups using a Kruskal-Wallis test (peak level, 

uncorrected p < 0.001; cluster level, corrected p < 0.05). To 

ensure that any between-group effect would only be observed 

in brain regions that also showed significant prediction accuracy 

in at least one of the groups, we inclusively masked that contrast 

by brain regions showing significant prediction accuracy in at 

least one of the four age groups (i.e., the union of Figures 2A– 

2D). We found a significant main effect of age in the anterior 

and posterior L. PreCS (Figure 3A), indicating that prediction per

formance of the ANN model differed between groups in these 

two prefrontal clusters. Using post-hoc paired tests between 

groups, we then compared prediction accuracy by the ANN 

model for all combinations of age groups using functional re

gions-of-interest (ROIs) in the anterior and posterior PreCS. 

The two functional L. PreCS subclusters showed distinct pat

terns. In the anterior L. PreCS subcluster, which was located 

on the boundary of the opercular part of left inferior frontal gyrus 

(L. IFG), prediction accuracy was significantly larger in adults 

than in the other three groups (Wilcoxon rank-sum test: 

Adult vs. 14-yo, p < 0.001; d = 1.85; Adult vs. 11-yo, p < 0.001, 
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d = 1.60; Adult vs. 8-yo, p = 0.001, d = 0.90; Figure 3B). In the 

posterior L. PreCS subcluster, both adults and 14-yo showed 

larger prediction accuracy than 11-yo and 8-yo (Adult vs. 

11-yo, p < 0.001, d = 1.48; Adult vs. 8-yo, p = 0.003, d = 0.82; 

14-yo vs. 11-yo, p < 0.001, d = 1.90; 14-yo vs. 8-yo, p < 0.001, 

d = 1.15; Figure 3C). Finally, a L. PreCS ROI defined anatomically 

showed a significant main effect of age (Kruskal-Wallis test, p = 

0.002, η2 = 0.161) and larger prediction accuracy in Adult and 

14-yo than 11-yo (Adult vs. 11-yo, p < 0.001, d = 1.03; 14-yo 

vs. 11-yo, p < 0.003, d = 0.98; Figure 3D; also see Figure S1

for other anatomical ROIs). We did not observe significant acti

vation differences in analyses based on beta contrasts, either 

across the cortex or in ROI-based analyses (all p > 0.066; 

Figure S2). These results suggest that the ANN model better pre

dicts arithmetic-related activity in older than younger partici

pants in the L. PreCS.

As a control analysis, we performed the same group-level 

comparison using features extracted from a ResNet-18 model, 

a convolutional neural network that captures visual properties 

of the stimuli and has an architecture distinct from the Trans

former-based MathBERT model. As with the MathBERT model, 

this analysis was restricted to regions showing significant pre

diction accuracy in at least one of the four age groups using an 

inclusive mask. In contrast to the MathBERT model, this analysis 

did not reveal any significant main effect of age across the cortex 

(Kruskal-Wallis test, peak-level uncorrected p < 0.001; cluster- 

level corrected p < 0.05). This suggests that the age-related in

crease in prediction accuracy observed in the L. PreCS is not 

driven by low-level visual features of the stimuli.

One concern in evaluating between-age differences is the po

tential impact of differences in signal-to-noise ratio (SNR). 

Indeed, the higher prediction accuracy in the older group might 

be attributed to their higher SNR. To exclude this possibility, 

we calculated noise ceiling (i.e., maximum prediction accuracy) 

and SNR values for each subject and compared them between 

different age groups35 (Figure S3). In either index, we did not 

find any significant group differences for the whole-cortex com

parison or the anatomical ROI analysis in the L. PreCS (noise 

ceiling, p = 0.849, η2 = 0.009; SNR, p = 0.845, η2 = 0.007), sug

gesting that the higher prediction accuracy of older groups 

was not caused by a reduced noise level.

ANN better predicts arithmetic-related activity for 

smaller than larger problems in the left frontal cortex of 

adult participants

Next, we tested whether prediction performance was larger for 

small problems (where the operands are ≤4) than for large prob

lems (where the operands are ≥5). Across the whole cortex, the 

contrast revealed significantly better prediction accuracy for 

small than large problems in the L. PreCS and left inferior frontal 

sulcus in adult participants, but not in any other groups 

(Figures 3E and S4). An anatomical ROI analysis in the L. 

PreCS further replicated this better prediction accuracy for small 

than large problems in adults (Wilcoxon signed-rank test, 

p < 0.001, d = 1.26; Figure 3F). The difference between small 

and large problems was greater in adults than in other groups 

(Adult vs. 14-yo, p < 0.001, d = 1.52; Adult vs. 11-yo, p = 

0.017, d = 0.63; Adult vs. 8-yo, p < 0.001, d = 1.07). We did 

not observe significant beta-value differences between small 

and large problems in any age group, either at the whole-brain 

level or in ROI-based analyses (all p > 0.079; Figure S5). These 

results suggest that the ANN model could better predict activity 

associated with small problems compared to activity associated 

with large problems, but only for adults who were the most 

exposed to arithmetic problems.

ANN performance correlates with that of a model in 

which representations of individual addition problems 

are discrete in older participants

The ANN model consists of a large number of parameters, and its 

internal representation is often difficult to interpret.36,37 Specif

ically, it remains unclear how information from input stimuli is 

transformed into ANN-derived features that both support accu

rate prediction of brain activity and correspond to interpretable 

A B

C D

FE

Figure 3. ANN prediction performance increases with age and de

creases with problem size in the left PreCS 

(A) A whole cortical map of the main effect of prediction accuracy across four 

age groups (Kruskal-Wallis test), within the inclusion mask of the union of 

Figures 2A–2D. Statistical significance is evaluated with a peak-level 

p < 0.001 and cluster-level p < 0.05 (FDR corrected). 

(B–D) Boxplots show the prediction accuracy of four age groups using the ANN 

model, averaged in the (B) anterior and (C) posterior parts of the L. PreCS 

functional ROIs, which are extracted from Figure 3A, and (D) anatomical L. 

PreCS ROI. 

(E) A whole cortical map of the direct comparison of prediction accuracy be

tween small and large problems (Wilcoxon signed-rank test) for adults (see 

Figure S3 for other age groups). 

(F) A boxplot shows prediction accuracy of four age groups, separately 

calculated for small ≤4) and large (≥5) problems, averaged in the anatomical L. 

PreCS ROI. Boxplots show the median and interquartile range, with whiskers 

extending to the most extreme values within 1.5 times the interquartile range. 

Individual points beyond the whiskers represent outliers. *, p < 0.05; **, 

p < 0.01; and ***, p < 0.001. Age-group comparisons used Wilcoxon rank-sum 

tests, and small-versus-large comparisons used Wilcoxon signed-rank tests.
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cognitive functions. To shed some light on the reasons for an age- 

dependent increase in prediction accuracy of the ANN model, we 

performed several additional analyses. The first of these analyses 

assessed the correlation of prediction patterns across partici

pants between ANN and different features. Specifically, we con

structed additional encoding models using different features 

and compared their prediction patterns against those of ANNs. 

We reasoned that, if the ANN model exhibits similar prediction 

patterns as encoding models of other features, the ANN should 

represent information in a way that is similar to these features.

We defined three models. The ‘‘discrete’’ model included fea

tures consisting of 45 one-hot vectors (i.e., 45 dimensions) rep

resenting all 45 addition problems as discrete instances. The 

‘‘problem-size’’ model included a one-dimensional feature cor

responding to the sum of addition problems. Finally, the ‘‘diffi

culty’’ model included a one-dimensional feature corresponding 

to reaction times of addition problems (averaged across all runs 

for each participant).

We found similar prediction patterns between the ANN model 

and the discrete model. The discrete model significantly pre

dicted brain activity in the left PreCS for adults and 14-yo 

(Figures S6A and SB), but only the left occipital cortex was sig

nificant for 11-yo (Figure S6C). No significant regions were found 

for 8-yo (Figure S6D). Participants showing higher prediction 

performance with the ANN model also exhibited higher predic

tion performance with the discrete model across the cortex 

(Spearman’s correlation coefficient, 0.621 ± 0.070; Figure 4A) 

and in the L. PreCS (ρ = 0.60; Figure 4D).

In contrast, the problem-size and difficulty models displayed 

distinct patterns. Notably, Figures S7 and S8 show prediction 

accuracy of these models themselves, rather than their correla

tion with the ANN model. The mean prediction accuracies in the 

L. PreCS displayed a smaller correlation between the ANN and 

problem-size models (across the cortex, 0.148 ± 0.109; in L. 

PreCS, ρ = 0.32; Figures 4B and E) and between the ANN and dif

ficulty models (across the cortex, 0.007 ± 0.111; in L. PreCS, ρ = 

− 0.10; Figures 4C and F). Direct comparison revealed that the 

correlation between ANN and discrete models was higher than 

that between ANN and problem-size models in 99.6% of 

vertices, and higher than that between ANN and difficulty models 

in all vertices (permutation tests, FDR-corrected p < 0.05), indi

cating that problem-size information and cognitive load cannot 

explain prediction patterns of the ANN model. Overall, these re

sults suggest that, in the ANN model, addition problems are 

more likely represented as discrete categories.

Addition problems are more discretely represented in 

older participants

A second analysis aiming to shed some light on the reasons for 

an age-dependent increase in prediction accuracy of the ANN 

model involved a visualization of 45 addition problems using 

ANN model weights. Specifically, we visualized the relation 

among 45 addition problems using principal component analysis 

(PCA). First, we applied PCA to the discrete model weights 

(concatenated across four age groups) in the L. PreCS, and map

ped all addition problems on the two-dimensional space using 

the first and second PC loadings.

We found that addition problems are most widely scattered in 

this space for adults (Figure 5A). Such representational disper

sion decreased in younger participants: 14-yo, 11-yo, and 8-yo 
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Figure 4. The discrete model exhibited prediction patterns that were similar to the ANN model 

(A–C) Whole cortical maps show Spearman’s correlation coefficients of prediction accuracy (A) between the discrete and ANN models, (B) between the problem- 

size and ANN models, and (C) between the difficulty and ANN models. 

(D–F) Scatterplots show correlations of prediction accuracies (D) between the discrete and ANN models, (E) between the problem-size and ANN models, and 

(F) between the difficulty and ANN models, averaged in the left PreCS (anatomical ROI). The regression line and Spearman’s correlation coefficient (ρ, indicated at 

the bottom of each plot) are calculated based on the concatenated data across adults (red dots), 14-yo (blue dots), 11-yo (green dots), and 8-yo (yellow dots).
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(Figures 5B–D, respectively). A quantitative assessment of 

weight variance showed a similar trend. The weight variance 

was significantly larger in older groups than in younger 

groups (Kruskal-Wallis test: p < 0.001, η2 = 0.639; Wilcoxon 

rank-sum test: Adult vs. 14-yo, p < 0.001, d = 1.81; Adult vs. 

11-yo, p < 0.001, d = 2.14; Adult vs. 8-yo, p < 0.001, d = 2.52; 

A B

C D

E F

G H

Figure 5. Representations of addition prob

lems become discrete in older participants 

(A–D) Principal component analysis based on the 

weight matrix of the discrete model. 45 addition 

problems are mapped onto the two-dimensional 

space of the first and second principal compo

nents (PC1 and PC2, respectively) based on their 

loadings, separately visualized for (A) adults, (B) 

14-yo, (C) 11-yo, and (D) 8-yo participants. 

(E) The variance of model weights across 45 

addition problems is plotted using boxplots. 

(F) The variance of model weights is separately 

calculated for small (problems with operands ≤4) 

and large (problems with operands ≥5) problems 

and plotted using boxplots. 

(G) Discrete model weights are reconstructed 

using the ANN model, and the variance of the re

constructed weights across 45 addition problems 

is plotted using boxplots. 

(H) The variance of reconstructed weights is 

separately calculated for small (problems with 

operands ≤4) and large (problems with operands 

≥5) problems and plotted using boxplots. Box

plots show the median and interquartile range, 

with whiskers extending to the most extreme 

values within 1.5 times the interquartile range. 

Individual points beyond the whiskers represent 

outliers. *, p < 0.05; **, p < 0.01; and ***, p < 0.001. 

Age-group comparisons used Wilcoxon rank-sum 

tests, and small-versus-large comparisons used 

Wilcoxon signed-rank tests.

14-yo vs. 11-yo, p < 0.001, d = 1.11; 

14-yo vs. 8-yo, p < 0.001, d = 2.94; 

11-yo vs. 8-yo, p < 0.001, d = 1.66; 

Figure 5E). Furthermore, the small prob

lems (i.e., problems with operands ≤4) 

were more widely scattered compared 

to the large problems (Adult, p < 0.001, 

d = 1.45; 14-yo, p < 0.001, d = 1.16; 

11-yo, p < 0.001, d = 0.86; 8-yo, 

p < 0.001, d = 0.70; Figure 5F), which is 

consistent with the prediction perfor

mance result (shown in Figure 3F). Similar 

patterns were also observed in other 

math-relevant regions, including the hip

pocampus and IPS (Figure S9). These re

sults indicate that, for older groups, addi

tion problems are represented as 

discrete categories in the brain. Such 

discrete representations could have 

contributed to prediction patterns in the 

discrete model (and hence in the ANN 

model too).

Next, we tested whether such discrete representations of 

addition problems spontaneously emerge using the ANN model 

without assuming discrete representations in the model. To this 

end, we reconstructed discrete model weights by multiplying the 

ANN features for each addition problem by the ANN model 

weights, resulting in highly similar reconstructed weights across 
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the cortex (Figures S10A and S10B). We then performed PCA us

ing the reconstructed weight values. We again found that addi

tion problems are most widely scattered in the two-dimensional 

space for adults than younger age groups (Figures S10C–S10F). 

The weight variance was significantly larger in older groups than 

in younger groups (Figure 5G), and the small problems were 

more widely scattered compared to the large problems 

(Figure 5H). These results indicate that addition problems are 

represented discretely within the ANN model, and such repre

sentations become more apparent with older age groups having 

more exposure to arithmetic problems.

ANN predicts arithmetic-related activity in a layer- 

dependent manner

A third analysis aiming to shed light on the reasons for an age- 

dependent increase in prediction accuracy of the ANN model 

involved a comparison of prediction performance across 

different intermediate ANN layers. Indeed, our previous study 

had revealed a stronger association between arithmetic-related 

activity and ANN features in deeper layers,29 which is in line with 

a large number of studies investigating the association between 

ANNs and the human brain.24–28 If arithmetic-related representa

tions in older participants are more similar to the ANN model than 

in younger participants, such hierarchical correspondence 

would be more evident in older than younger participants.

To test this possibility, we extracted latent features from the 

shallowest layer (i.e., first hidden layer) to the deepest layer 

(twelfth hidden layer) and examined whether such layer-depen

dent prediction patterns depend on age groups. We observed a 

topographic expansion of significant vertices in the L. PreCS for 

adult participants (Figures 6A and 6B). That is, deeper ANN layers 

predicted larger brain regions for this age group. Such topo

graphic expansion in the frontal cortex was absent in younger 

groups (Figures 6C–6I). In contrast, there was a topographic 

reduction of significant vertices in the left inferior occipital gyrus 

(L. IOG) in adults and 14-yo (Figures 6A–6E). The same pattern 

was observed in 11-yo and 8-yo, but in a different sub-portion 

of the occipital cortex (i.e., left lingual gyrus, L. LG) (Figures 6F– 

6I). In sum, prediction performance by the ANN model increased 

with intermediate layers in the left frontal region in adults and 

14-yo and in the right parietal region in adults, 11-yo, and 8-yo. 

In contrast, it decreased in the occipital region in all age groups.

These observations suggest that between-age effect in the ANN 

model performance may depend on the target layers. Indeed, we 

found a significant main effect of age of prediction accuracy in the 

L. PreCS (Kruskal-Wallis test: peak level, uncorrected p < 0.001; 

cluster level, corrected p < 0.05) when using features extracted 

from the 8th layer (Figure S11), but no significant effect was found 

when using features extracted from the 4th and 1st layers. This sug

gests that age-related representational changes in arithmetic 

emerge primarily in deeper layers of the ANN model.

DISCUSSION

Models of arithmetic processing suggest that arithmetic learning 

involves an increase in memory-based retrieval of associations 
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Figure 6. Topographic expansion and reduction of predictable brain regions with ANN layers across age groups 

(A) The target anatomical regions-of-interest (in red) and the surrounding areas (in blue squares) of the left precentral sulcus (L. PreCS), left inferior occipital gyrus 

(L. IOG), and left lingual gyrus (L. LG) are shown on the cortical surface. 

(B, D, F, and H) Prediction patterns are shown for the 1st, 4th, 8th, and 12th ANN layers. Only significantly predicted vertices are shown (peak-level, uncorrected 

p < 0.001; cluster-level, corrected p < 0.05). Areas around the L. PreCS and L. IOG are shown for (B) adults and (D) 14-yo, while those around the L. PreCS and L. 

LG are shown for (F) 11-yo and (H) 8-yo. 

(C, E, G, and I) Bar graphs of the percent of significant vertices are plotted for all of the twelve ANN layers. Bar graphs of the L. PreCS and L. IOG are shown for 

(C) adults and (E) 14-yo, while those of the L. PreCS and L. LG are shown for (G) 11-yo and (I) 8-yo.
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between operands of problems and their answers.3 Because this 

process bears similarity with the way information is retrieved in 

ANNs (i.e., through retrieval of statistical associations between 

elements), we asked in the current study whether arithmetic- 

related brain activity would be increasingly captured by an 

ANN-based encoding model with age. Measuring fMRI activity 

associated with single-digit mental addition in participants 

from age 8 to adulthood, we found that this was the case in a re

gion of the L. PreCS, particularly for the small problems. Further 

analyses showed that ANN predictions best aligned with a model 

in which representations of arithmetic problems were discrete, 

compared to models in which problems were categorized as 

varying with problem size or difficulty. PCA visualization revealed 

that addition problems were more discretely distributed in older 

than in younger participants, even when using discrete model 

weights reconstructed via ANN features. Finally, layer-depen

dent increase in prediction accuracy was primarily observed in 

the L. PreCS in adults. To some extent, these findings suggest 

that neural activity associated with mental arithmetic can be 

increasingly predicted by an ANN with learning and develop

ment. However, this was largely constrained to a specific area 

of the left frontal cortex, suggesting that ANN-derived features 

capture only a portion of the neural processes underlying mental 

arithmetic.

The developmental increase in similarity between arithmetic- 

related activity and predictions from an ANN in the L. PreCS is 

consistent with the idea that, with increasing age, arithmetic 

problem solving relies more on the retrieval of associations be

tween operands and answers. This is in keeping with associative 

models of arithmetic learning. Indeed, these models assume that 

operands and answers of problems are progressively associated 

with one another through repeated exposure,3,11 a property that 

can be captured by models based on statistical learning. Inter

estingly, because smaller problems tend to be more frequently 

encountered than larger problems,34 associative models typi

cally predict that associations between operands and answers 

decrease with problem size.11 In line with this idea, we found 

that activity associated with the small problems (i.e., problems 

with operands ≤4) was better explained by the ANN-based 

model than large problems (i.e., problems with operands >4) in 

older participants.

On the one hand, the similarity between arithmetic-related ac

tivity and predictions from an ANN provides some support for the 

idea that solving single-digit addition problems in adults and 

older children may rely on retrieving associations between oper

ands and answers from memory, much like an ANN may have 

learned to associate co-occurring elements in its training set. 

On the other hand, our ANN model was only able to increasingly 

predict arithmetic-related activity with age in a cluster of the left 

frontal cortex, located in the L. PreCS. In other words, we did not 

find an age-related increase in ANN prediction accuracy in most 

of the brain, including in regions that are classically associated 

with mental arithmetic such as the bilateral IPS, left AG, and 

hippocampus.38,39

A lack of similarity between ANN predictions and IPS activity 

may be explained by the fact that IPS-related activity in mental 

arithmetic is often interpreted as reflecting explicit manipulation 

of quantities rather than retrieval of associations.40 We note that 

ANN prediction was observed in the right IPS in the 11-year-old 

group (Figure 2C), although this finding was isolated to a single 

age group and did not emerge in the between-group comparison 

of the L. PreCS. The interpretation of this observation remains 

unclear, and we refrain from drawing strong developmental con

clusions from it. However, the lack of similarity with the left AG 

and the hippocampus is surprising, given the hypothesized 

role of these regions in memory-based retrieval of associa

tions.38,41–43 In fact, we even found a decrease in prediction ac

curacy with age using the ANN model in the right hippocampus 

(Figure S1).

We can see two possible explanations for why the age-related 

increase in ANN prediction may be restricted to the L. PreCS. 

First, it is possible that this region may play a more critical role 

in memory retrieval for overlearned problems than regions such 

as the hippocampus,38 which may support encoding of associa

tions between operands and answers in the early stages of arith

metic learning and more stable representation of mental arith

metic in later stages of development.42 Indeed, in contrast to 

the hippocampus, activations in the left frontal cortex (Figures 2

and 3) have frequently been observed in arithmetic task fMRI. Co

ordinate-based meta-analyses indicate that activation of the L. 

PreCS/PreCG and neighboring L. IFG is frequently observed in 

tasks involving addition problem solving.39,44 Activation in the L. 

IFG in arithmetic tasks also overlapped with sentence compre

hension45,46 and semantic memory retrieval tasks,47 which may 

suggest that this region contributes to the retrieval of arithmetic 

facts from memory. Overall, these observations are in line with 

developmental neuroimaging studies reporting brain-behavior 

correlations between arithmetic skills and structural properties 

of left frontal areas,48,49 as well as anatomical connectivity be

tween the L. PreCS/IFG and IPS.50 Note that our study identifies 

a cluster located in the L. PreCS rather than the L. IFG per se. 

However, because volume-based analysis may ignore informa

tion on cortical folding patterns and is less sensitive to local spatial 

patterns,51,52 we adopt here a surface-based analysis.53,54 There

fore, clusters in the dorsal and posterior parts of the IFG identified 

in previous volume-based analyses may be relatively close to the 

L. PreCS identified here.

There is a second possibility to explain why the ANN-based 

model accounts for arithmetic-related activity only to a limited 

extent. Under a purely associative account of arithmetic 

learning, one might expect ANN-derived features to broadly pre

dict arithmetic-related activity in adults, including in regions such 

as the AG and hippocampus that have been specifically associ

ated with memory-based retrieval of arithmetic facts.38,41 The 

fact that the age-related increase in ANN prediction is restricted 

to the L. PreCS (and is even reversed in the right hippocampus, 

see Figure S1), suggests that associative retrieval may only 

partially account for arithmetic processing in adults. Indeed, a 

series of recent studies6,55–60 suggest that counting procedures 

that may be used by young children when learning to add 

numbers may be accelerated up to the point that they become 

automatic and unconscious.57 This may explain a range of 

behavioral and neuroimaging findings, including the presence 

of a problem size effect with small addition problems,57 the 

difference between single-digit addition and single-digit multipli

cation,56,61,62 and the recent findings that patterns of brain 
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activity associated with the problem size effect change quantita

tively but not qualitatively over development.60 Critically, autom

atized counting is fundamentally different from the type of statis

tical learning at the core of an ANN, because it involves the rapid 

execution of a sequential procedure rather than the retrieval of a 

stored association. It has recently been proposed that automa

tized counting may coexist with retrieval of associations from 

memory.63 Under such a dual-mechanism account, the 

restricted scope of ANN predictions in the present study would 

be expected. That is, ANN-derived features would capture the 

associative component of arithmetic processing, while the pro

cedural component (reflecting automatized counting) would not.

Interestingly, among the four models implemented in this 

study, the difficulty model was the only one to show greater sim

ilarity with brain activity patterns in younger than older partici

pants (in the primary motor cortex) (Figure S8). We speculate 

that activity in this region may reflect some finger-related pro

cessing supporting counting. For example, previous studies re

ported activity of the primary motor and premotor cortices during 

counting tasks.64–66 Indeed, the difficulty model showed signifi

cant prediction in the dorsal part of the central sulcus (Figure S8), 

which is associated with finger movements rather than with the 

mouth and tongue.67,68 The high predictive accuracy of this 

model for the younger groups, as well as a tendency of negative 

correlation between the ANN and difficulty model (Figure 4), is 

consistent with the fact that younger participants may frequently 

adopt silent counting strategies.7–9,42,59 This pattern suggests 

that the difficulty model captures effortful, procedure-based 

strategies such as explicit counting, which are more prevalent 

in early stages of development and distinct from the associative 

retrieval processes partly captured by the ANN model. Note that 

under the automatized counting account,63 the developmental 

trajectory would involve a transition from these overt, effortful 

counting procedures (reflected in the prediction of the difficulty 

model in the primary motor cortex in younger participants) to 

fast, automatized counting procedures that would no longer 

engage primary motor cortex but may still rely on sequential pro

cessing rather than memory retrieval.

To shed some light on the nature of the relation between the 

ANN model and brain activity, we performed several additional 

analyses comparing the ANN model to other models in which 

arithmetic problems were categorized in different ways. There 

was a positive correlation between prediction performance of 

the ANN model and prediction performance of a model in which 

addition problems were each represented separately, suggest

ing that the ANN model may represent (at least in part) each 

addition problem discretely (Figure 4). As we observed a highly 

positive correlation across the entire cortex, this effect is likely 

due to the shared features underlying the ANN and that ‘‘discrete 

model,’’ rather than to the specific brain activity pattern of the L. 

PreCS. PCA results further support these findings. Increasing 

weight variance (Figure 5), as well as their two-dimensional visu

alization, indicated that older participants have more discrete 

representations of each addition problem in the brain. Moreover, 

the ANN-based reconstruction analysis indicates that such 

discrete representations can be obtained using the ANN model, 

even using continuous latent features of addition problems. 

These results suggest that the ANN-based model may better ac

count for arithmetic-related activity in older participants to the 

extent that their neural representations are more discretely orga

nized. The increased dispersion observed in PCA space may 

reflect increasingly differentiated representations of arithmetic 

problems. However, the interpretation of such sparsity in low- 

dimensional space remains an open question. While this pattern 

may be consistent with the strengthening of associations be

tween operands and answers, it does not uniquely imply a 

specific cognitive mechanism or a region-specific arithmetic 

representation, and may arise from multiple representational 

changes. Importantly, these results do not imply that brain activ

ity related to arithmetic can be fully accounted for by simple 

discrete models alone. Rather, the ANN model may provide a 

useful framework to characterize representational structure in a 

continuous feature space, complementing simpler models 

based on discrete problem representations.

Indeed, a model in which problems were categorized as a 

function of their size also showed a positive (though reduced) 

correlation with the ANN model (Figure 4), suggesting that the 

ANN model may contain some information about problem-size, 

which is well known to influence brain activity.60 However, this 

correspondence was substantially weaker than that observed 

for the discrete model, indicating that problem size alone is insuf

ficient to account for the neural representations captured by the 

ANN model. Nevertheless, although we did not observe a mono

tonic effect of age for the problem-size model, a significant 

group main effect was found in the right parietal cortex 

(Figure S7E). This suggests that problem-size-related process

ing may vary across developmental stages, particularly in parie

tal regions associated with quantity processing, even if it does 

not show a systematic increase or decrease with age.

The hierarchical prediction pattern in the left frontal and visual 

cortices (Figure 6) is in line with previous studies in visual neurosci

ence combining ANN and human data,24–26 where deeper ANN 

layers showed an increase in prediction performance in higher-or

der visual cortex. Such patterns have also been observed in the 

auditory,27,69 language,28,32 and arithmetic processing in adults.29

In arithmetic processing, input information is thought to ascend 

the brain’s hierarchy from lower-level sensory areas to higher- 

level association cortex,70,71 in line with the observed decrease 

in prediction in areas of the visual cortex and the increase in pre

diction in the left frontal cortex. This might indicate that deeper 

ANN layers hold higher-order information than simple visual fea

tures. More generally, sensory perception such as vision and audi

tion and abstract cognitive functions such as language and math

ematics may not follow exactly the same hierarchical pathways in 

the brain. However, the current study shows that there may be 

common principles in how ANN-derived features account for 

brain activity across these domains.

Limitations of the study

We note five limitations of the current study. First, our encoding 

models did not directly predict brain activity but rather beta es

timates after estimating first-level GLM for each participant. 

Although this approach deviates from conventional encoding 

models using naturalistic stimuli (e.g., movie viewing task),72,73

it enables us to minimize the impact of performance (e.g., 

response times) variations from trial to trial and to compare 
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model performance across age groups using the same training 

and testing sample size. Nevertheless, because this method in

volves fitting the data in two stages, it might downplay informa

tion about the dynamic processing of arithmetic in the first stage. 

In addition, we used a standard GLM to estimate condition-level 

responses rather than single-trial approaches such as GLMsin

gle,74 which may provide improved noise modeling. Future 

work could benefit from incorporating them.

Second, our task design contained only addition problems. 

Therefore, it remains unclear whether our results may apply to 

other arithmetic operations. Nonetheless, in a previous study, 

we have shown that an ANN encoding model may predict brain 

activity of addition, subtraction, multiplication, and division prob

lems, as well as their combinations (e.g., ‘‘(3 + 2) × 4’’).29

Third, the ANN used in the current study (MathBERT) was 

trained with a very large dataset of mathematical problems, 

which contains not only simple arithmetic problems but also 

more complex algebra.17 This arguably departs from the way 

children acquire simple arithmetic skills. Future studies using 

more realistic models based on actual learning materials (i.e., 

math textbooks) may allow for more accurate models that could 

potentially predict brain representations of arithmetic in children.

Fourth, the present study primarily focused on a single ANN 

architecture (MathBERT), with an additional convolutional neural 

network (ResNet-18) included as a control for low-level visual 

features, and did not systematically compare performance 

across a broader range of computational models. Although our 

control analysis using ResNet-18 suggests that the observed ef

fects are not driven by visual properties of the stimuli, future work 

incorporating a wider variety of architectures, such as alternative 

language models or biologically inspired models, will be impor

tant to more precisely identify the computational properties 

that best account for arithmetic-related brain activity.

Finally, the ANN model used in the present study was not 

explicitly trained on the current task, as we extracted features 

from a pre-trained model. Although such models are trained to 

capture input-output relationships in large corpora, their internal 

representations may reflect statistical regularities that are 

broadly consistent with associative representations. Therefore, 

our use of ANN-derived features should be understood as 

testing whether brain representations exhibit similar patterns, 

rather than assuming a specific underlying mechanism. Also, 

the present results do not allow us to determine whether the 

ANN model performs calculation-like operations or relies on 

associative representations. Because the ANN-derived features 

were extracted from a pre-trained model, they may capture mul

tiple aspects of arithmetic problems, including both structural 

and relational information. As a result, the observed correspon

dence between ANN predictions and brain activity does not 

imply a specific computational mechanism, but rather suggests 

that ANN representations share some representational proper

ties with neural responses during arithmetic processing.

In summary, this study demonstrates that neural activity asso

ciated with addition problem solving can be increasingly captured 

by ANN-based models with learning and development, particu

larly in the L. PreCS. This pattern is likely to arise from increasingly 

discrete organization of addition problems in the brain, especially 

for smaller problems. On the one hand, this generally supports 

associative models of arithmetic learning (e.g., Ashcraft, 19923). 

On the other hand, the limited correspondence between arith

metic-related activity and predictions from the ANN outside the 

precentral sulcus suggests that associative retrieval may only 

partially account for arithmetic processing in adults, leaving 

open the possibility that non-associative mechanisms such as 

automatized counting procedures57,63 also contribute. This, in 

turn, highlights the need for integrative computational models 

that combine ANN-based associative representations with 

automatized counting mechanisms. These findings provide in

sights into the neural and computational foundations of mathe

matical cognition, suggesting that ANN-based models may char

acterize the associative component of arithmetic learning while 

highlighting the need for complementary computational ap

proaches to capture the full range of mechanisms underlying arith

metic development.
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STAR★METHODS

KEY RESOURCES TABLE

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

One hundred and forty-nine children, adolescents, and adults between the ages of 8 and 30 were recruited for the study (see also 

previous work60). The sample size was determined based on the single-digit multiplication and subtraction problem-solving in chil

dren.75 Participants were contacted through advertisements on social media. They were divided into four age groups: 8- to 9-year- 

olds (hereafter 8-yo, n = 41), 11- to 12-year-olds (hereafter 11-yo, n = 36), 14- to 15-year-olds (hereafter 14-yo, n = 30), and adults over 

the age of 18 (n = 42). Ten participants were excluded from the final analyses because they did not complete the fMRI session (8-yo, 

n = 4; 11-yo, n = 3; 14-yo, n = 3). Fourteen participants were also excluded after fMRI preprocessing, either because of excessive 

head motion in the scanner (see criteria below) or poor image quality (8-yo, n = 8; 11-yo, n = 2; 14-yo, n = 1; adults, n = 3). Finally, 

in order to match the number of participants in the four age groups, we randomly selected 26 participants (the minimum group size 

across the four groups) from each group. The final sample (n = 104) consisted of 26 participants in each of the four groups.

All participants were native French speakers. Participants below the age of 18 gave their assent to participate in the study, while 

their parents gave written informed consent. Adult participants gave written informed consent. The study was approved by a French 

ethics committee (Comité de Protection des Personnes Est 4, IDRCB 2019-A01918–49). Participants (or parents if participants were 

below 18) were paid 40 euros per session for their participation.

METHOD DETAILS

Experimental procedure

The study consisted of two separate testing sessions: one behavioral session (which included psychometric and behavioral testing, 

as well as mock MRI scanning for children and adolescents) and one fMRI session.

In the first testing session, children and adolescents were familiarized with the fMRI environment in a mock scanner. They listened 

to a recording of the noises associated with all fMRI sequences. A motion tracker system (3D Guidance track STAR, Ascension Tech

nology Corporation) was used to measure head movements and provide online feedback to the participants. Finally, participants 

practiced 25 trials of the silent arithmetic task in that mock scanner.

In the second testing session, participants performed a mental addition task in the MRI scanner. The task consisted of all 45 single- 

digit addition problems with a sum less than or equal to 10. Problems were presented in both commutative orders (e.g., 2 + 3 and 3 + 

2). Each addition problem was presented five times over five consecutive runs to maximize signal-to-noise ratio in the fMRI scanner, 

for a total of 225 trials. In each trial, an addition problem (which remained on the screen until a response was detected) was preceded 

by a red square for a fixed duration of 1,000 ms and followed by a variable period of fixation (i.e., a white square) from 2,000 to 

4,000 ms. Participants were instructed to not say the answer to each problem out loud but rather to press a button with their right 

hand as soon as they came up with the answer in their head. To ensure that participants performed mental calculations, some prob

lems were immediately followed by an exclamation mark on the screen for 1,000 ms. In such cases, participants had to quickly say 

the answer out loud before the disappearance of the exclamation mark. Answers were recorded manually by the experimenter. There 

were four arithmetic problems of such kind for every run of 45 trials. These trials with vocal answers were excluded from the fMRI 

analyses. For further information on the behavioral data, see our previous work.60

Trial order within each run and run order was randomized across the participants. Trials with vocal response were pseudo-random

ized in the trial list, such that these trials were not located at the beginning of a run and were not consecutive. The task was pro

grammed and presented with PsychoPy3 (v2020.2.5). Visual stimuli were projected on an in-scanner display by a projector in the 

room adjacent to the scanner. Head movement was minimized by cushions placed around the participant’s head.

REAGENT or RESOURCE SOURCE IDENTIFIER

Software and algorithms

fMRIPrep version 21.0.2 https://fmriprep.org RRID:SCR_016216

Python version 3.8.8 http://www.python.org/ RRID:SCR_008394

Scikit-learn version 0.24.1 http://scikit-learn.org/ RRID:SCR_002577

Nilearn version 0.8.1 http://nilearn.github.io RRID:SCR_001362

MathBERT https://huggingface.co/tbs17/MathBERT Hugging Face model: tbs17/MathBERT

Pycortex version 1.2.1 https://github.com/gallantlab/pycortex GitHub repository: gallantlab/pycortex

Analysis code in this study https://zenodo.org/records/15395718 https://doi.org/10.5281/zenodo.15395718

14 iScience 29, 117180, September 18, 2026 

iScience
Article

ll
OPEN ACCESS

https://fmriprep.org/
https://www.python.org/
http://scikit-learn.org/
http://nilearn.github.io/
https://huggingface.co/tbs17/MathBERT
https://github.com/gallantlab/pycortex
https://zenodo.org/records/15395718
https://doi.org/10.5281/zenodo.15395718


fMRI data acquisition

Images were collected using a Siemens Prisma 3 T MRI scanner with a 64-channel receiver head-neck coil (Siemens Healthcare, 

Erlangen, Germany) at the CERMEP Imagerie du vivant in Lyon, France. The blood oxygenation level-dependent (BOLD) signal 

was measured with a susceptibility-weighted single-shot echo planar imaging sequence. Imaging parameters were as follows: repe

tition time (TR) = 2,000 ms, echo time (TE) = 24 ms, flip angle = 80◦, field of view (FOV) = 220 × 206 mm2, resolution = 1.72 × 1.72 mm2, 

slice thickness = 3 mm (0.48 mm gap), number of slices = 32. A high-resolution T1-weighted whole-brain anatomical volume was also 

collected for each participant. Parameters were as follows: TR = 2,400 ms, TE = 2.81 ms, flip angle = 8◦, FOV = 224 × 256 mm2, 

resolution = 1.0 × 1.0 mm2, slice thickness = 1.0 mm, number of slices = 192.

fMRI data preprocessing

The preprocessing of both functional and anatomical MRI data was carried out using fMRIPrep 21.0.2.76 The T1-weighted image un

derwent a correction for intensity non-uniformity using ANTs 2.3.3 N4BiasFieldCorrection77 and was skull-stripped using a Nipype 

implementation of the antsBrainExtraction.sh workflow. Brain tissue segmentation was conducted using fast (FSL 6.0.5.1).78 Brain 

surfaces were reconstructed using recon-all (FreeSurfer 6.0.1).53 Volume-based spatial normalization to the standard space 

(MNI152NLin6Asym) was achieved through nonlinear registration with antsRegistration (ANTs 2.3.3).

For the functional scans, a reference volume and its skull-stripped version were initially produced using the custom methodology 

of fMRIPrep. Prior to spatiotemporal filtering, head-motion parameters, including six rotation and translation parameters, were 

estimated in relation to the reference scan using mcflirt (FSL 6.0.5.1).79 All functional scans underwent slice-time correction to the 

middle slice using 3dTshift from AFNI.80 The reference scan was subsequently co-registered with the T1w reference using bbregister 

(FreeSurfer).81 Three global signals were extracted within the cerebrospinal fluid (CSF), white matter (WM), and whole-brain 

masks. The blood oxygenation level-dependent time-series were resampled into the standard spaces (MNI152NLin6Asym). 

Runs in which translations greater than 2 mm or rotations greater than 2 radians were detected in more than 5% of volumes were 

excluded from the analysis (8-yo, n = 3; 11-yo, n = 2; 14-yo, n = 1 of runs). Mean head motion (after exclusion of high-motion 

runs, translation: x/y/z in mm; rotation: pitch/roll/yaw in radians) was 0.057/0.057/0.111 mm and 0.002/0.001/0.001 for adults, 

0.030/0.052/0.095 mm and 0.002/0.001/0.001 rad for 14-yo, 0.035/0.064/0.132 mm and 0.002/0.001/0.001 rad for 11-yo, and 

0.050/0.098/0.265 mm and 0.005/0.002/0.001 rad for 8-yo. Participants having less than three available runs were excluded (see 

Participants subsection).

The resulting functional data underwent high-pass filtering at 0.01 Hz and low-pass filtering at 0.15 Hz. Confounding factors, 

including the six head-motion parameters, global signals from the CSF, WM, and whole-brain masks, as well as the derivative of 

each factor, were eliminated using linear regression implemented in Scikit-learn. The functional data were then standardized to 

have a zero mean and unit variance for each of the 18,715 cortical vertices in the fsaverage5 space, excluding non-cortical vertices. 

Spatial smoothing was applied using a Gaussian filter with 8 mm full-width at half-maximum based on the geodesic distance on the 

cortical surface.

Trial-based signal estimation

First-level individual analysis was performed based on the preprocessed fMRI data using the Nilearn package in Python.82 Univariate 

activity (i.e., beta value) associated with the 45 mental addition problems was analyzed using a general linear model, where the 

fMRI signal for each problem was modeled as an epoch of the same length as the reaction time, starting with the presentation of 

the problem, convolved with a hemodynamic response function. In addition, we included the following regressors of non-interest: 

a button response regressor with a duration of 0.5 s starting with each button response, three drift regressors describing low-fre

quency signals, regressors representing experimental runs, and a constant regressor. Forty-five beta series representing brain ac

tivity associated with each arithmetic problem were obtained for each of the 104 participants (i.e., 26 participants for each of the four 

age groups).

Feature extraction

Latent ANN features were extracted using a pre-trained large language model specifically tailored for understanding mathematical 

formulas, MathBERT (https://huggingface.co/tbs17/MathBERT).17 Each addition problem was used as input, and intermediate out

puts from the first to the twelfth layers (out of a total of twelve layers) were extracted as features. These resultant series of features 

were further reduced to 100 dimensions using PCA.

Latent features from ANN models were compared to encoding models that incorporated three features that represented different 

aspects of the problems: ‘discrete’ features consisting of 45 one-hot vectors (i.e., 45 dimensions) representing all 45 addition prob

lems as distinct categories, a ‘problem-size’ feature corresponding to the sum of addition problems, and a ‘difficulty’ feature corre

sponding to reaction times of addition problems (averaged across all runs for each participant).

In addition, to control for low-level visual properties of the stimuli, we extracted visual features using a pre-trained convolutional 

neural network (ResNet-18). The input to the network consisted of images of the arithmetic problems as presented during the exper

iment. We extracted feature maps from the first residual block and computed the spatial average across each channel, resulting in a 

64-dimensional feature vector for each problem.
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QUANTIFICATION AND STATISTICAL ANALYSIS

Vertex-wise encoding model fitting

In the encoding model, each vertex’s cortical activity (beta series concatenated across participants, denoted as R of dimensions 

[T × V]) was modeled by multiplying the feature matrix F of dimensions [T × N] by the weight matrix W of dimensions [N × V] (where 

T = number of samples; N = number of features; V = number of vertices):

R̂ = FW 

Beta-series estimates were used to minimize the impact of variability in response times across trials and participants, thereby 

enabling more comparable model fitting across age groups. Model performance was evaluated using a nested leave-one-out 

cross-validation across participants. The weight matrix W was obtained using L2-regularized linear regression with the training 

data of 25 participants, which consisted of 1,125 samples. The optimal regularization parameter was determined using 10-fold 

cross-validation in the inner loop, where the regularization parameters varied from 1 to 106.

The test data of the left-out participant consisted of 45 samples for each outer loop. The prediction accuracy was evaluated using 

Pearson’s correlation coefficient between the predicted and actual test samples. The peak-level statistical significance was calcu

lated using a one-sided Wilcoxon signed-rank test (p < 0.001). A null distribution of cluster size was assessed with 1,000 permutation 

samples, and cluster-level significance was calculated based on this null distribution (p < 0.05), corrected for multiple comparisons 

using the false-discovery rate (FDR).83 Pycortex was used to visualize data on cortical maps.84

Age-group comparisons were performed using Kruskal–Wallis tests followed by Wilcoxon rank-sum tests, whereas comparisons 

between small and large problems within each age group were performed using Wilcoxon signed-rank tests. Effect sizes were quan

tified using η2 and Cohen’s d. Boxplots show the median and interquartile range; whiskers extend to the most extreme data points 

within 1.5 times the interquartile range, and points beyond the whiskers represent outliers.

Principal component analysis

Brain representations for the 45 addition problems were visualized using PCA. For this analysis and the following weight recon

struction analysis, we calculated a weight matrix using data from all participants (without leaving out one participant) into model 

training for each age group. To control the effect of varying scales of the weight matrices, we selected the same regularization 

parameter across all participant groups (i.e., the mode of the four age groups). We applied PCA to the [45*V] weight matrices 

(V = number of vertices, concatenated across four groups) of the encoding model. To show the structure of the representational 

space of addition problems, 45 problems were mapped onto the two-dimensional space using the loadings of the first and sec

ond PCs as the x axis and y axis, respectively.

Weight reconstruction

To bridge the discrete model and ANN model weights, we reconstructed weight values of 45 addition problems of the discrete 

model using the ANN model weights. We first extracted latent ANN features of each addition problem (here denoted as refer

ence feature vectors) and multiplied these features with the weight vectors obtained from the ANN encoding model. This anal

ysis highlights how well the latent features can mediate between categorical concepts (addition problems in this case) and the 

brain. As a result, we obtained a 45-dimensional vector (i.e., reconstructed weights) in each vertex, which can be interpreted as 

a reconstruction of the discrete model weights via ANN latent features. We then performed a PCA using these reconstructed 

weights.

Prediction accuracy in other anatomical ROIs

We evaluated between-group differences in other anatomical ROIs that have been frequently found implicated in previous studies 

of mental arithmetic in adults and children.38,39 These included the left inferior frontal gyrus (IFG), the hippocampus, the angular 

gyrus (AG), and the intraparietal sulcus (IPS). In the opercular part of the left inferior frontal gyrus (IFG), we found significantly 

higher prediction accuracy for adult participants than the other groups (Kruskal-Wallis test: p < 0.001, η2 = 0.162; Wilcoxon 

rank-sum test: Adult vs. 14-yo, p < 0.001, d = 1.00; Adult vs. 11-yo, p < 0.001, d = 1.12; Adult vs. 8-yo, p = 0.006, d = 0.75; 

Figure S1A). In contrast, we found a significant main effect of age and larger prediction accuracy for 11-yo than adults in the right 

hippocampus (Kruskal-Wallis test: p = 0.035, η2 = 0.049; 11-yo vs. Adult, p = 0.005, d = 0.76; Figure S1B), but no significant main 

effect was found in the left hippocampus (p = 0.071, η2 = 0.065; Figure S1C). In the right AG, we found a significant main effect of 

age groups, but post-hoc tests did not show a monotonic increase with age (Kruskal-Wallis test: p = 0.019, η2 = 0.081; Wilcoxon 

rank-sum test: adults vs. 14-yo, p = 0.0049, d = 0.72; 11-yo vs. 14-yo, p = 0.0034, d = 0.70; Figure S1E). No clear between-group 

difference was observed in the left AG (p = 0.1436, η2 = 0.044; Figure S1D), left IPS (p = 0.594, η2 = 0.012; Figure S1F), and right 

IPS (p = 0.237, η2 = 0.075; Figure S1G). Overall, these results indicate that the age-related increase in similarity with the ANN is 

primarily seen in left frontal areas in older participants, though a similarity between the ANN and the right hippocampus may also 

be seen earlier in development.
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Effect of tie problems and sum-to-10 problems

In addition to small and large problems, previous studies have reported faster reaction times for tie problems (e.g., ‘‘3 + 3’’) and 

sum-to-10 problems (e.g., ‘‘3 + 7’’) compared to other addition problems.8,85 Indeed, these problems may have a special status 

in memory.11,86 We therefore tested whether ties and sum-to-10 problems demonstrate better prediction patterns compared to other 

problems using the ANN model. We did not find any significant difference for these problems compared to other problems in any 

groups (Figures S12A–S12D). In the anatomical L. PreCS ROI, no age group showed larger prediction accuracy in ties and sum- 

to-10 problems than other problems (Wilcoxon signed-rank test: p > 0.227 for all age groups; Figure S12E). These results indicate 

that the ANN model does not show better prediction performance for activity associated with ties and sum-to-10 problems compared 

to other problems.

Noise ceiling and signal-to-noise ratio

To compare the signal-to-noise level of different age groups, we applied a noise ceiling calculation.35 Due to a need for repeated 

signals for this calculation, we divided the original fMRI data into two subsets: the first to second runs, and the third to fourth runs 

(the fifth run was not used in this analysis). A general linear model was fitted for each of these subsets, resulting in two sets of 

beta series for each subject.

The noise ceiling was calculated using the formula introduced in a previous study.87 First, the variance of repetitive neural re

sponses (i.e., total power; TP) is split into estimators of signal power (SP) and noise power (NP):

TP =
1

N

∑

n

Var(rn)

SP =
1

N − 1

(

N×Var

(
1

N

∑

n

rn

)

− TP

)

NP = TP − SP 

Where N is the total number of repetitions (=2 in the current study), rn is a time series of neural responses at the nth repetition. Based 

on these estimators, the noise ceiling value NC (maximum prediction accuracy) can be calculated as follows:

NC =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
SP

SP +
NP

N

√
√
√
√

In the present study, we further calculated the signal-to-noise ratio (SNR) by dividing the signal power by the noise power:

SNR =
SP

NP 

ADDITIONAL RESOURCES

This study did not create any additional resources.
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