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Abstract 1 

The development of mathematical skills in early childhood relies on number sense, the 2 

foundational ability to discriminate between quantities. Number sense in early childhood is 3 

predictive of academic and professional success, and deficits in number sense are thought to 4 

underlie lifelong impairments in mathematical abilities. Despite its importance, the brain circuit 5 

mechanisms that support number sense learning remain poorly understood. Here, we designed 6 

a theoretically motivated training program to determine brain circuit mechanisms underlying 7 

foundational number sense learning in female and male elementary school-aged children (ages 8 

7-10). Our four-week integrative number sense training program gradually strengthened the 9 

understanding of the relations between symbolic (Arabic numerals) and non-symbolic (sets of 10 

items) representations of quantity. We found that our number sense training program improved 11 

symbolic quantity discrimination ability in children across a wide a range of math abilities 12 

including those with learning difficulties. Crucially, the strength of pre-training functional 13 

connectivity between the hippocampus and intraparietal sulcus, brain regions implicated in 14 

associative learning and quantity discrimination, respectively, predicted individual differences in 15 

number sense learning across typically developing children and children with learning difficulties. 16 

Reverse meta-analysis of inter-regional co-activations across 14,371 fMRI studies and 89 17 

cognitive functions confirmed a reliable role for hippocampal–intraparietal-sulcus circuits in 18 

learning. Our study identifies a canonical hippocampal–parietal circuit for learning which plays a 19 

foundational role in children’s cognitive skill acquisition. Findings provide important insights into 20 

neurobiological circuit markers of individual differences in children’s learning and delineate a 21 

robust target for effective cognitive interventions.   22 
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Significance Statement 23 

Mathematical skill development relies on number sense, the ability to discriminate between 24 

quantities. Here, we develop a theoretically motivated training program and investigate brain 25 

circuits that predict number sense learning in children during a period important for acquisition 26 

of foundational cognitive skills. Our integrated number sense training program was effective in 27 

children across a wide a range of math abilities, including children with learning difficulties. We 28 

identify hippocampal–parietal circuits that predict individual differences in learning gains. Our 29 

study identifies a novel brain circuit predictive of the acquistion of foundational number sense 30 

skills and delineates a robust target for effective interventions and monitoring response to 31 

cognitive training.  32 
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Introduction 33 

Number sense, the ability to discriminate quantities, is predictive of academic achievement and 34 

professional success (Jordan, Kaplan, Ramineni, & Locuniak, 2009; National Mathematics 35 

Advisory Panel, 2008). In particular, weaknesses in mapping symbolic numbers (e.g., the 36 

symbol “2”) to their magnitude representations (e.g., two objects) in early childhood are 37 

associated with difficulties in subsequent mathematical skill acquisition (De Smedt & Gilmore, 38 

2011; Rousselle & Noël, 2007). The knowledge about the neural mechanisms that support 39 

number sense acquisition in children can provide important insights into neurobiological markers 40 

of individual differences in learning and inform more effective interventions. Here we develop a 41 

theoretically motivated training protocol to address a critical gap in our understanding of the 42 

acquisition of foundational skills and the brain circuits that predict learning in early elementary 43 

school children.  44 

 45 

Recent studies have begun to uncover a crucial role for the hippocampal memory system in 46 

mathematical skill acquisition (Menon & Chang, 2021; Supekar, Chang, Mistry, Iuculano, & 47 

Menon, 2021). Most previous studies of mathematical cognition have focused on cortical 48 

regions, most notably the posterior parietal cortex; consequently, the role of medial temporal 49 

lobe regions in mathematical cognition and learning has received less attention because of this 50 

cortico-centric focus. Notably, in a study on arithmetic fact learning (e.g., 3 + 5 = 8), 51 

hippocampal functional connectivity with multiple cortical regions predicted individual differences 52 

in performance gains in children (Supekar et al., 2013). Furthermore, the strength of this 53 

association with learning was stronger than the connectivity of the intraparietal sulcus (IPS), a 54 

brain region consistently implicated in representation of numerical quantities across symbolic 55 

and non-symbolic formats (Butterworth & Walsh, 2011; Piazza & Eger, 2016). These findings 56 

provide support for theoretical models which posit that hippocampal circuitry is critical during 57 

early stages of math skill acquisition (Menon, 2016; Menon & Chang, 2021). Here we test the 58 
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hypothesis that brain circuits linking the hippocampus, a brain region crucial for binding new 59 

information (Eichenbaum, 2004; Olsen, Moses, Riggs, & Ryan, 2012; Zeithamova & Bowman, 60 

2020), and parietal cortical areas important for representation of numerial quantity supports 61 

foundational number sense learning. 62 

 63 

We developed a number sense training protocol which emphasized strengthening children’s 64 

understanding of the relations between symbolic and non-symbolic representations of quantity 65 

(Figures 1A-B). To probe learning during an important period for building foundational cognitive 66 

skills, we recruited 96, 7-10-year-old, children with a broad range of math abilities. Functional, 67 

diffusion, and structural MRI scans acquired before training and training-related changes in 68 

performance on symbolic quantity discrimination were used to determine integrity of brain 69 

circuits associated with learning in response to number sense training (Figures 1C-E). We had 70 

four goals. Our first goal was to determine whether number sense training is effective in children, 71 

including typically developing (TD) children and those with mathematical learning difficulties 72 

(MLD). Our second goal was to identify functional brain circuits that predict children’s gains in 73 

number sense following training. We used task-independent, resting-state functional MRI to 74 

measure intrinsic functional connectivity, which is thought to reflect integrity of functional 75 

circuitry (Greicius, Krasnow, Reiss, & Menon, 2003) and is considered to be a relatively stable 76 

measure compared to task-dependent fMRI. Our third goal was to determine, as an adjunct to 77 

intrinsic functional connectivity measures, whether number sense training gains are predicted by 78 

white matter pathways linking the hippocampus with the parietal cortex. We used advanced 79 

High Angular Resolution Diffusion Imaging (HARDI) protocol that examines complex fiber tracts 80 

(Tuch et al., 2002) to enable high-quality reconstructions of white matter pathways. The final 81 

goal of our study was to expand on findings from our training study to investigate the broader 82 

role of hippocampal–parietal circuits in learning across a large set of fMRI studies using reverse 83 

meta-analysis (see Methods). We examined co-activations of hippocampus and parietal cortex 84 
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across 14,371 published fMRI studies in relation to 89 cognitive functions to determine whether 85 

hippocampal–parietal functional circuits identified in the present study constitute a canonical 86 

circuit for learning.  87 

 88 

Materials and Methods 89 

Participants 90 

A total of 96 children in 2nd and 3rd grades (age: M = 8.19, SD = 0.63, 54 females) recruited with 91 

flyers sent to schools and posted at libraries and community centers in the San Francisco Bay 92 

Area participated in the study. All participants were right-handed and did not report any current 93 

neurological or psychiatric illness. Among them, 66 children (age: M = 8.15, SD = 0.65, 35 94 

females) participated in the training program and 30 children (age: M = 8.27, SD = 0.61, 19 95 

females) served as no-contact controls. MLD in children was identified using normed-based 96 

cutoff criteria applied to math fluency, similar to previously published studies (Iuculano et al., 97 

2015; Jolles et al., 2016; Rosenberg-Lee et al., 2015). Children who scored at or below 90 (25th 98 

percentile or below) on the Math Fluency subtest of the Woodcock Johnson Third Edition (WJ-III) 99 

(Woodcock, McGrew, & Mather, 2001) were included in the MLD group (M = 85.61, SD = 3.97), 100 

and children who scored above 90 were included in the TD group (M = 103.65, SD = 9.09). No 101 

participant was excluded due to MLD or TD status. 102 

 103 

All study protocols were approved by the Stanford University School of Medicine Institutional 104 

Review broad and informed consent was obtained from the parents of the children. Children 105 

received $50 for completing each MRI scanning session, $50 for completing neuropsychological 106 

assessment battery, and $50 for participating in the training program. Twenty-seven children 107 

were excluded from resting-state fMRI analysis due to no structural MRI data acquired (n = 3), 108 

poor structural MRI image quality (n = 6), missing behavioral data from fMRI task (n = 2), or 109 

inadequate whole brain coverage or excessive head movement (n = 16; see fMRI 110 
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preprocessing in Methods) in the scanner. For diffusion MRI analysis, 13 children were 111 

additionally excluded due to incomplete diffusion MRI data acquisition (n = 1), poor diffusion 112 

MRI data quality (n = 10), or identification as extreme outliers in structural connectivity 113 

measures (n = 2). The final resting-state fMRI analysis sample included 52 children (18 children 114 

with MLD, 34 TD children) and 17 children in the training and control group, respectively; the 115 

diffusion MRI analysis sample included 43 children (15 children with MLD, 28 TD children) and 116 

13 children in the training and control group, respectively. 117 

 118 

Experimental design and statistical analyses 119 

The current study examined the brain circuit mechanisms that predict the acquisition of 120 

foundational cognitive skills, following integrative number sense training. The overall study 121 

design is summarized in Figure 1A. Children completed MRI scanning session and cognitive 122 

assessments before and after training (in the training group) or no contact (in the control group). 123 

The no-contact control group participated in all aspects of the study except for training to control 124 

for normal “business-as-usual” schooling (Fuchs et al., 2009) and determine the specificity of 125 

brain circuits that predict gains in intervention. 126 

 127 

Children in the training group completed a 4-week number sense training program (3 days/week, 128 

for approx. 60 minutes/day), which focused on strengthening of children’s understanding of the 129 

relations between symbolic and non-symbolic representations of quantity ranging from 1 to 9. 130 

The first week of training began with a review of counting principles, followed by practice in 131 

enumeration and comparisons between non-symbolic quantities (sets of items or dot arrays) in 132 

the second week, comparisons between non-symbolic and symbolic (Arabic numbers) 133 

quantities in the third week, and finally, comparisons between symbolic quantities in the fourth 134 

week. Training with non-symbolic numbers included in weeks 2 and 3 was used to scaffold 135 

children’s learning of symbolic numbers through mapping non-symbolic quantities to verbal 136 
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(number words) or visual (Arabic numerals) symbolic numbers. This was followed by training 137 

with symbolic numbers, without the use of non-symbolic numbers, in the final week. Response 138 

to training was examined using symbolic quantity discrimination task acquired before and after 139 

training. 140 

 141 

For statistical analyses of behavioral data, two-sample t-tests, Chi squared tests, and 142 

multivariate analysis of variance (MANOVA) were performed for comparisons between groups 143 

of age, gender, or neuropsychological assessments. A repeated measures ANOVA with time as 144 

a within-subject factor and group as a between-subject factor was conducted to assess the 145 

effects of training on symbolic quantity discrimination task performance. Follow-up paired t-tests 146 

examined changes in task performance (learning gains) in each group. In addition, two sample 147 

t-tests assessed differences in learning gains and pre- and post-training differences in task 148 

performance between groups. Spearman correlations were used for analysis on relations 149 

between behavioral measures and brain-behavior relations to minimize influence of potential 150 

outliers. In addition to frequentist statistics (e.g., p-values), Bayes factor (BF) was used to 151 

assess presence or absence of evidence for H1 or Ho (Keysers, Gazzola, & Wagenmakers, 152 

2020). BF values greater than 3 provide evidence for H1. BF values between .33 and 3 provide 153 

absence of evidence. BF values below .33 provide evidence of absence (evidence for Ho). 154 

 155 

Details on statistical analyses of brain imaging data are described in Intrinsic functional 156 

connectivity analysis, Structural connectivity analysis, and Cross-validation analysis 157 

subsections. In addition, Reverse meta-analysis subsection describes the procedures for 158 

identifying cognitive functions associated with inter-regional coactivations reported in fMRI 159 

studies. 160 

 161 

Training sessions 162 
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Across four weeks, children in the training group completed a variety of activities with a tutor 163 

(Figure 1B; Table 1). Generally, in each training session, children received a lesson on 164 

counting or comparisons, played computerized and interactive games, and completed review 165 

worksheets (counting or comparisons). Quantities from 1 to 9 were used in all activities. Upon 166 

successful completion of each activity, children added to a sticker sheet.  167 

 168 

Lessons. In tutoring sessions in week 1, the tutor provided a lesson on counting by reviewing 169 

counting principles with examples of correct and incorrect counting of erasers; after the lesson, 170 

children viewed a video of a sock puppet counting and were asked to determine whether or not 171 

the sock puppet counted correctly. In tutoring sessions from weeks 2 to 4, children were asked 172 

to count out loud from 1 to 9 and was reminded that each number they counted up was bigger 173 

than the number before it. Then, in weeks 2 and 3, children completed Math Circles, where they 174 

enumerated the number (of erasers) in each of two Math Circles on the table and determined 175 

which number is bigger than the other. In week 2 (lesson on non-symbolic quantities), the tutor 176 

put two sets of erasers of different quantities in the two Math Circles (one quantity in each Math 177 

Circle). In week 3 (lesson on non-symbolic and symbolic quantities), the tutor put a card 178 

showing a number (Arabic numeral) and a set of erasers of different quantities from the number 179 

on the card in the two Math Circles. In week 4 (lesson on symbolic quantities), the tutor 180 

administered a number-ordering version of Beat Your Score (Chang, Rosenberg-Lee, Qin, & 181 

Menon, 2019), where the child was asked to order 4 decks of cards with quantities in non-182 

symbolic (array of dots), mixed (symbolic and non-symbolic), or symbolic (Arabic numeral) 183 

format more quickly each time they ordered the cards. For each deck of cards, children 184 

completed the ordering of cards 3 times (after the tutor shuffled the cards), with the goal of 185 

beating their previous time taken to order the cards on the 3rd time for at least 3 decks of cards.   186 

 187 
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Games. In week 1, children played Restaurant Game (Blair, 2013a, 2013b) (computerized 188 

game), where they enumerated the number of dishes to cook for presented number of animals. 189 

From weeks 2 to 4, children played an adapted version of Number Race (Wilson, Revkin, 190 

Cohen, Cohen, & Dehaene, 2006) (computerized game), which was structured to align with the 191 

progression of training activities (comparison between non-symbolic quantities [week 2], 192 

symbolic and non-symbolic quantities [week 3], and symbolic quantities [week 4]) and did not 193 

include arithmetic training. Children also played Math War (Iuculano et al., 2015) (interactive 194 

game with the tutor) where they determined the larger quantity between two sets of dot arrays 195 

(week 2), between one set of dot arrays and a number (week 3), and between two numbers 196 

(week 4). In each Math War game, the child and the tutor each had a deck of cards, from which 197 

they drew one card at a time. The child first wrote down the number on their card and the 198 

number on the tutor’s card and then marked the larger number. The game continued until the 199 

child and tutor drew all their cards. Finally, children played Comparing Speed with the tutor, 200 

where the child and the tutor identified cards with quantities one value above or below the 201 

quantities on the cards on the table. The cards had quantities in non-symbolic (week 2), 202 

symbolic and non-symbolic (week 3), or symbolic (week 4) format. In each Comparing Speed 203 

game, the tutor first put 4 cards on the table with quantities of 4, 5, 6, and 7. Then, the child and 204 

tutor each took 5 cards from two decks of cards (one for the child, another for the tutor). The 205 

child and the tutor placed their cards on top of any of 4 cards on the table when their cards had 206 

quantities one value above or below the quantities on the cards on the table. The child and the 207 

tutor drew more cards from their decks, keeping up to 5 cards in their hands. The game 208 

continued until the child finished placing their deck of cards and “won” the game.  209 

 210 

Review worksheets. The review worksheets consisted of counting the number of animals 211 

(week 1) or identifying the larger quantity between two non-symbolic (week 2), symbolic and 212 

non-symbolic (week 3), or symbolic (week 4) quantities. Children circled, matched, or wrote the 213 
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number of animals (week 1) or circled the larger quantity (weeks 2-4) on the worksheet. 214 

Accuracy was emphasized in the worksheets from weeks 1 to 3 (worksheet included 42 trials in 215 

week 1, 24 trials in week 2, and 48 trials in week 3). In week 4, children were given one minute 216 

to complete 24 symbolic number comparison trials the worksheet.  217 

 218 

Symbolic quantity discrimination task 219 

Before and after training (or no contact), children performed one run of symbolic quantity 220 

discrimination task in the MRI scanner, in which they had to determine which of two symbolic 221 

numbers presented on the screen was larger (Figure 2A). A total of 64 comparison trials, 222 

including quantities 1 through 9 (excluding 5) were presented in each run. Participants were 223 

instructed to press a left button if the left side had a larger quantity and the right button 224 

otherwise. Half of the trials had a near distance (1 unit) between the two quantities (e.g., 7:6), 225 

while the remaining trials had a far distance (5 units) between the two quantities (e.g., 3:8). 226 

Numerical magnitude was matched between the two distance conditions with an equal 227 

distribution of “big” (sum of pair of quantities greater than 10) and “little” (sum of pair of 228 

quantities less than 10) conditions. Our main outcome measure, number sense learning, was 229 

assessed by gains in performance efficiency in the symbolic quantity discrimination task. This 230 

was measured by the difference in symbolic quantity discrimination task efficiency (Townsend & 231 

Ashby, 1978), obtained by accuracy divided by reaction time, from pre- to post-training, with 232 

higher scores representing greater efficiency gains.  233 

 234 

MRI data acquisition 235 

Images were acquired on a 3T GE Signa scanner (General Electric, Milwaukee, WI) using a 236 

custom-built head coil at the Stanford University Lucas Center. Head movement was minimized 237 

during the scan by cushions placed around the participant’s head. A total of 31 axial slices (4.0 238 

mm thickness, 0.5 mm skip) parallel to the anterior commissure (AC)-posterior commissure (PC) 239 
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line and covering the whole brain were imaged using a T2* weighted gradient echo spiral in-out 240 

pulse sequence (Glover & Lai, 1998) with the following parameters: TR = 2 sec, TE = 30 msec, 241 

flip angle = 80°, 1 interleave. The field of view was 22 cm, and the matrix size was 64 x 64, 242 

providing an in-plane spatial resolution of 3.4375 mm. The total length of the run was 6 minutes 243 

and 10 seconds. To reduce blurring and signal loss from field inhomogeneity, an automated 244 

high-order shimming method based on spiral acquisitions was used before acquiring functional 245 

MRI scans (Kim, Adalsteinsson, Glover, & Spielman, 2002). High-resolution T1-weighted 3D 246 

MRI sequences were acquired to facilitate anatomical co-registration of fMRI maps, with the 247 

following parameters: I = 400ms, TR = 5.9ms; TE = minimum; flip angle = 11°; field of view = 248 

240mm; matrix size = 256 × 192; 170 axial slices (1.0-mm thickness). 249 

 250 

A state-of-the-art diffusion-weighted single-shot spin-echo, echo planar imaging HARDI pulse 251 

sequence was used for more precise examination of white-matter fibers, including crossing 252 

fibers (Tuch et al., 2002), with the following parameters: TR = 5.3s; TE = minimum; flip angle = 253 

90°; field of view = 260mm; matrix size = 128 × 128; 50 axial slices (2.9-mm thickness, no 254 

spacing). The high b value (2500s/mm2) was obtained by applying gradients along 150 different 255 

diffusion directions.  256 

 257 

fMRI preprocessing 258 

Resting-state functional MRI data were analyzed using SPM12 259 

(http://www.fil.ion.ucl.ac.uk/spm/). The first 5 volumes were not analyzed to allow for T1 260 

equilibration. A linear shim correction was applied separately for each slice during 261 

reconstruction (Glover & Lai, 1998). Images were realigned to the first scan to correct for motion 262 

and slice acquisition timing, co-registered to each individual's structural T1 images, spatially 263 

transformed to standard stereotaxic space (based on the Montreal Neurologic Institute 264 

coordinate system), resampled every 2 mm using sinc interpolation, and smoothed with a 6mm 265 
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full-width half maximum Gaussian kernel to decrease spatial noise prior to statistical analysis. A 266 

bandpass filter (.008-.1 Hz) was applied to the smoothed data to remove high frequency 267 

artifacts. Translational movement in millimeters (x,y,z), and rotational motion in degrees (pitch, 268 

roll, yaw) were calculated based on the SPM12 parameters for motion correction of the 269 

functional images of each subject. We excluded participants with movement larger than 10mm 270 

in any of the x,y,z directions. Mean scan-to-scan displacement of movement did not exceed 271 

0.5mm for all participants. 272 

 273 

Intrinsic functional connectivity analysis 274 

Intrinsic functional connectivity analysis was conducted using resting-state fMRI to investigate 275 

specific functional circuits that relate to change in symbolic quantity discrimination task 276 

performance with training. Regions of interest (ROIs) for functional connectivity were selected 277 

from Brainnetome (Fan et al., 2016) parcellations of the left and right hippocampus (rostral and 278 

caudal subdivisions combined). Seed-to-whole-brain functional connectivity for each ROI was 279 

estimated by extracting eigenvalues of time series of all voxels within the ROI, regressing out 280 

the global mean signal, white matter signal, cerebrospinal fluid signal, and six motion 281 

parameters. A bandpass filter (.008-.1 Hz) was applied to reduce high frequency noise. 282 

Functional connectivity maps were then submitted to a second-level analysis to examine 283 

whether the connectivity of these regions at the voxel-by-voxel level is predictive of learning 284 

(post-training – pre-training efficiency in symbolic quantity discrimination task).  285 

 286 

Pre-training performance on symbolic quantity discrimination was regressed out to control for 287 

regression to the mean, a known phenomenon in intervention studies (Barnett, van der Pols, & 288 

Dobson, 2005), and to obtain more precise estimates of intervention effects (Pocock, Assmann, 289 

Enos, & Kasten, 2002; Thompson, Lingsma, Whiteley, Murray, & Steyerberg, 2015). This 290 

analysis approach allowed us to minimize the potential influence of pre-training performance on 291 
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learning. In the current study, the association between change in performance and pre-training 292 

performance on symbolic quantity discrimination was significant in the training (ρ = -.50, p 293 

< .001) but not in the control (ρ = -.18, p = .49) group, which indicates that the degree to which 294 

pre-training performance influences changes in performance varied between groups.   295 

 296 

Significant clusters were identified using a height threshold of p < .005 with multiple comparison 297 

correction at p < .05 after grey matter masking. This statistical threshold was chosen to balance 298 

between Type I and Type II errors in the current study, considering that larger sample sizes are 299 

typically needed to detect effects with a more stringent threshold (Carter, Lesh, & Barch, 2016). 300 

The cluster threshold was determined based on Monte Carlo simulations (Forman et al., 1995; 301 

Nichols & Hayasaka, 2003; Ward, 2000) implemented in custom Matlab scripts, similar to 302 

previous studies (Cho et al., 2012; Cho, Ryali, Geary, & Menon, 2011; Iuculano et al., 2015; 303 

Iuculano et al., 2014; Qin et al., 2014; Rosenberg-Lee, Barth, & Menon, 2011; Rosenberg-Lee 304 

et al., 2018). Ten thousand iterations of random 3D images, with the same resolution and 305 

dimensions as the fMRI data, were generated. The resulting images were masked for grey 306 

matter and then smoothed with the same 6mm FWHM Gaussian kernel used to smooth the 307 

fMRI data. The maximum cluster size was then computed for each iteration and the probability 308 

distribution was estimated across the 10,000 iterations. Based on this procedure, 67 voxels 309 

corresponding to p < .05 was used for the cluster threshold. 310 

 311 

Follow-up ROI-based analyses were performed to visualize the results, ensure that the results 312 

were not driven by outliers, and confirm differences in correlation between brain and behavioral 313 

measures across groups. ROIs were defined as 6-mm spheres centered at peak of the left 314 

intraparietal sulcus (IPS) identified from hippocampal connectivity patterns in the training group 315 

and its contralateral region for the right IPS. Similar to the whole brain analysis (see above), 316 
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pre-training symbolic quantity discrimination task efficiency was regressed out from symbolic 317 

quantity discrimination task efficiency gains and connectivity estimates in each group.  318 

 319 

Structural connectivity analysis 320 

Diffusion images were preprocessed to correct artifact issues from movement and eddy currents 321 

using FSL 5.0.11 (Andersson & Sotiropoulos, 2016). Then, probabilistic tractography to estimate 322 

structural connectivity between the left and right hippocampus and the left and right IPS ROIs 323 

was performed in native volume space using FSL’s probtrackX 324 

(http://fsl.fmrib.ox.ac.uk/fsl/fslwiki/ (2007)). The hippocampus ROIs were from Brainnetome (Fan 325 

et al., 2016) parcellations (rostral and caudal subdivisions combined) and the IPS ROIs were 326 

from Brainnetome (Fan et al., 2016) parcellations that overlapped with target ROIs identified 327 

from intrinsic functional connectivity analysis (superior parietal lobule [lateral area 5] and inferior 328 

parietal lobule [rostrodorsal area 40] subdivisions combined; left IPS) and the contralateral 329 

regions (right IPS). These ROIs were warped to each subject’s diffusion space, which was 330 

achieved by registering the B0 image of each subject’s diffusion MRI image to MNI space using 331 

ANTs (Avants, Schoenemann, & Gee, 2006). ROIs were then dilated 3mm into the white matter 332 

to avoid biases generated by superficial white matter tracts (Thomas et al., 2014). Structural 333 

connectivity between two ROIs, A and B, was computed by the probability that diffusion images 334 

provide evidence that a white matter connection exist between these ROIs. This was calculated 335 

by the ratio between the number of tracts with origin in A or B reaching the other region and the 336 

total number of tracts seeded on A or B. Tracts were only considered if they stayed within the 337 

white matter and had a minimum length of 5mm between the ROIs. Finally, these measures 338 

were corrected for distance bias using the approach proposed by Donahue et al. (Donahue et 339 

al., 2016). To estimate structural connectivity between the ROIs, 5,000 tracts were seeded at 340 

each ROI for each individual, based on a preliminary analysis that determined the number of 341 

seeds needed to stabilize the connectivity measure. We computed structural connectivity 342 
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strength between each pair of ROIs per subject. ROI-based analyses were then performed to 343 

assess the relation between hippocampal–parietal structural connectivity and learning, using 344 

similar procedures described in intrinsic functional connectivity analysis.  345 

 346 

Cross-validation analysis  347 

A machine-learning approach with balanced fourfold cross-validation combined with linear 348 

regression (https://github.com/poldrack/regressioncv) (Cohen et al., 2010; Supekar et al., 2013) 349 

was conducted to investigate the robustness of brain-based predictors of individual differences 350 

in number sense learning gains. Learning gain as a dependent variable and the brain-based 351 

predictor (connectivity) as an independent variable were treated as inputs to a linear regression 352 

algorithm. r(predicted, observed), a measure of how well the independent variable predicts the 353 

dependent variable, was first estimated using a balanced fourfold cross-validation procedure. 354 

Participants were assigned to one of four folds. A linear regression model was built using three 355 

folds leaving out the fourth, and this model was then used to predict the data in the left-out fold. 356 

This procedure was repeated four times to compute a final r(predicted, observed) representing 357 

the correlation between the data predicted by the regression model and the observed data. 358 

Finally, the statistical significance of the model was assessed using a non-parametric testing 359 

approach. The empirical null distribution of r(predicted, observed) was estimated by generating 360 

1000 surrogate datasets under the null hypothesis that there was no association between 361 

changes in numerical skills and brain-based predictor.  362 

 363 

Reverse meta-analysis 364 

To examine the role of the hippocampal–parietal functional circuits, we conducted a novel 365 

reverse meta-analysis of inter-regional coactivation of the hippocampus and the parietal cortex, 366 

using regions identified in the present study, reported across 14,371 published fMRI studies up 367 

to July 2018 from NeuroSynth (Yarkoni, Poldrack, Nichols, Van Essen, & Wager, 2011) 368 
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database and 89 cognitive atlas terms (CogAt) (Poldrack et al., 2011) (Figure 7A). The 369 

hippocampal ROIs were from Brainnetome (Fan et al., 2016) parcellations (rostral and caudal 370 

subdivisions combined) and the parietal ROIs were from Brainnetome (Fan et al., 2016) 371 

parcellations that overlapped with target ROIs identified from intrinsic functional connectivity 372 

analysis (superior parietal lobule [lateral area 5] and inferior parietal lobule [rostrodorsal area 40] 373 

subdivisions combined; left IPS) and the contralateral regions (right IPS). 374 

 375 

Our reverse meta-analysis estimated the probability that a term related to a cognitive function 376 

was mentioned in an fMRI study, provided that activations in both the hippocampus and parietal 377 

cortex were also reported. For instance, we estimated the probability that for any given study: 378 

 379 

P (term ‘learning’ is mentioned | activations are reported in the left hippocampus and in the left 380 

parietal cortex) 381 

 382 

This probability was estimated across different domains and contexts in the neuroimaging 383 

literature. We performed this analysis on ipsilateral and contralateral hippocampal–parietal 384 

circuits on both hemispheres (i.e., left hippocampus – left IPS, right hippocampus – left IPS, left 385 

hippocampus – right IPS, right hippocampus – right IPS). To estimate these probabilities, we 386 

programmed this hypothesis in the probabilistic logic language NeuroLang (neurolang.github.io) 387 

(Iovene & Wassermann, 2020) using the full NeuroSynth (Yarkoni et al., 2011) open access 388 

database v0.7. 389 

 390 

To estimate reverse meta-analysis probabilities, we followed the following steps. First, we 391 

encoded the probability of a term being present in a study by thresholding the term frequency – 392 

inverse document frequency (TF – IDF) value of the term being present at 10-3, in agreement 393 

with NeuroSynth’s implementation (Yarkoni et al., 2011). Second, we considered the probability 394 
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of a region being reported in a given study as directly proportional to the number of activations 395 

within the regions being present in the study, for which we resampled the activation foci to 4mm3 396 

voxels in MNI152 space. Third, terms were filtered using the CogAt (Poldrack et al., 2011) 397 

ontology to ensure that only those relating to cognitive processes (89 terms listed in Figure 7B) 398 

were taken into account. To assess the stability of our estimations, we computed the confidence 399 

interval of our reverse meta-analysis probability estimations, we split the 14,371 studies in 20 400 

equal folds, maximizing the measurements for estimation. Finally, top 5% probable terms were 401 

considered to be sufficient evidence for associations with analyzed circuits. 402 

 403 

Our analysis resulted in the selection of 25 out of 356 associations (4 circuits, 89 terms), which 404 

represented above 95 percentile of probable term mentions for studies where hippocampal–405 

parietal circuits were reported. For these top 5% terms, the maximum probability was estimated, 406 

across all splits, at 0.34±0.011 for memory being mentioned in studies where left hippocampus 407 

and right IPS activations are simultaneously reported, and the minimum was estimated at 408 

0.10±0.005 for mentioning recognition in studies where left hippocampus and left IPS 409 

activations are simultaneously reported. Hence, the standard deviation for all top 5% 410 

probabilities, is an order of magnitude smaller than the estimated probability, pointing out to a 411 

high confidence in our estimation. 412 

 413 

Results 414 

Comparison of neuropsychological measures between groups 415 

A total of 96 children in 2nd and 3rd grades (age: M = 8.19, SD = 0.63, 54 females) participated in 416 

number sense training or served as no-contact controls (Figure 1). Sixty-nine of these children 417 

had high-quality behavioral and fMRI data (see Methods for details). We used two-sample t-418 

tests, Chi squared tests, and multivariate analysis of variance (MANOVA) to compare age, 419 

gender, or neuropsychological assessments between the training and control groups.  420 



 

  

 

20 

 421 

Children in the training and control groups did not significantly differ in age (t(67) = .66, p = .51, 422 

Cohen’s d = .18, BF = .33) and gender (  
1 
= .41, p = .52,   = .08, BF = .38; Table 2). A 423 

MANOVA between training and control groups on multiple neuropsychological assessments, 424 

including Wechsler Abbreviated Scale of Intelligence (WASI) (Wechsler, 1999) (Full-Scale, 425 

Verbal, and Performance IQ) and WJ-III (Math Fluency, Calculation, Applied Problems, Letter-426 

Word Identification, and Word Attack) subtests (F(8,60) = .56, p = .807) showed no significant 427 

difference between groups. Two-sample t-tests confirmed that children in the training and 428 

control groups did not significantly differ in WASI (|t|s < .55, ps > .58, |Cohen’s d| < .16, BFs 429 

< .33) and WJ-III subtests (ts < 1.31, ps > .19, Cohen’s d < .37, BFs < .57; Table 2).  430 

 431 

TD children and children with MLD in the training group were well-matched on age (t(50) = 1.47, 432 

p = .15, Cohen’s d = .43, BF = .69) and gender (  
1 
= .01, p = .93,   = .01, BF = .34; Table 3). A 433 

MANOVA revealed a significant difference between TD and MLD groups on combined 434 

neuropsychological assessments (F(8,43) = 8.09, p < .001). TD children and children with MLD 435 

in the training group were well-matched on IQ measures (|t|s < 1.22, ps > .23, |Cohen’s d| < .36, 436 

BF < .53; Table 3). As expected, children with MLD performed significantly worse than TD 437 

children on all of WJ-III math subtests (|t|s > 3.17, ps < .003, |Cohen’s d| > .92, BFs > 14.57). 438 

Children with MLD also performed poorly on WJ-III reading subtests, compared to TD children 439 

(|t|s > 2.01, ps < .05, |Cohen’s d| > .58), though there was insufficient evidence for group 440 

difference (.33 < BFs < 3). 441 

 442 

In summary, children included in training and control groups were well-matched in terms of age, 443 

gender, and IQ, as well as other standardized measures of math and reading abilities. TD 444 

children and children with MLD in the training group were matched in age, gender, and IQ. 445 
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Compared to TD children, children with MLD performed poorly on both math and reading 446 

assessments, consistent with observations that comorbidity is one of the characteristics of MLD 447 

(Kaufmann & von Aster, 2012; Landerl, Göbel, & Moll, 2013). Nonetheless, strong evidence 448 

(BFs > 10) for group differences in math ability and insufficient evidence (.33 < BFs < 3) for 449 

group differences in reading ability indicate specific impairments in math skills in children with 450 

MLD. As shown in Tables 4-5, these results are similar for sample included in diffusion MRI 451 

data analysis (a subset of resting-state fMRI data analysis sample). In subsequent behavioral 452 

data analyses, we use the sample from resting-state fMRI data analysis. 453 

 454 

Changes in performance on symbolic quantity discrimination in response to four weeks 455 

of number sense training 456 

To assess children’s behavioral performance on the symbolic quantity discrimination task 457 

(Figure 2A), we measured efficiency (Townsend & Ashby, 1978), derived from dividing 458 

accuracy by reaction time, to control for variations in speed-accuracy tradeoff and to reduce the 459 

number of statistical tests required. Higher efficiency scores indicated better performance. A 460 

repeated measures ANOVA on efficiency with time (pre/post) as a within-subject factor and 461 

group (training/control) as a between-subject factor was conducted to assess the effects of 462 

training on symbolic quantity discrimination task performance. Follow-up paired t-tests 463 

examined changes in task performance (learning gains) in each group and two sample t-tests 464 

assessed differences in learning gains and pre- and post-training differences in task 465 

performance between groups. 466 

 467 

A repeated measures ANOVA on symbolic quantity discrimination task efficiency revealed a 468 

main effect of time (F(1,67) = 29.37, p < .001,   
 = .30) and an interaction between time and 469 

group (F(1,67) = 8.31, p = .005,   
  = .11). There was no significant main effect of group (F(1,67) 470 
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= .21, p = .65,   
  < .01). Training significantly improved symbolic quantity discrimination task 471 

efficiency in the training group (t(51) = 6.28, p < .001, Cohen’s d = .87, BF > 100), but not in the 472 

control group (t(16) = .17, p = .86, Cohen’s d = .04, BF = .25, Figure 2B). Both TD children (t(33) 473 

= 5.47, p <.001, Cohen’s d = .94, BF > 100) and children with MLD (t(17) = 3.16, p = .006, 474 

Cohen’s d = .74, BF = 8.43) improved with large individual differences in both groups 475 

(coefficient of variation: TD children: 1.06; children with MLD: 1.34). In addition, learning gains – 476 

changes (post-training – pre-training) in symbolic quantity discrimination task efficiency – were 477 

not significantly different between the two training groups (two-sample t-test, t(50) = -.26, p = .80, 478 

Cohen’s d = -.08, BF = .30). These results demonstrate that four weeks of number sense 479 

training improved symbolic quantity discrimination ability in both TD children and children with 480 

MLD.  481 

 482 

Surprisingly, our sample of children with MLD did not perform poorly on symbolic quantity 483 

discrimination compared to TD children either before (t(50) = -.71, p = .48, Cohen’s d = -.21, BF 484 

= .36) or after (t(50) = -1.01, p = .32, Cohen’s d = -.30, BF = .44) training, with comparable 485 

variability between groups across time (coefficient of variation range: TD children: .23 – .31; 486 

children with MLD: .26 – .35; test of variance: Fs < 1.14, ps > .73). Post-hoc analysis revealed 487 

that children’s performance on all measures of WJ-III math subtests were not significantly 488 

correlated with symbolic quantity discrimination before training in either group ( s < .21, ps > .42, 489 

BFs < .65). These results suggest that there is a large variability in these children’s ability to 490 

perform on basic numerical tasks and that mathematical difficulties may be present even in the 491 

absence of number sense deficits. 492 

 493 

Association between intrinsic functional connectivity of the hippocampus and training-494 

induced number sense learning 495 
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To test our central hypothesis that hippocampal functional circuits underpin number sense 496 

learning, we performed seed-to-whole-brain functional connectivity analyses using the left and 497 

right hippocampus ROIs derived from the Brainnetome (Fan et al., 2016). We first examined 498 

hippocampal connectivity patterns associated with number sense learning in the training group 499 

as a whole, and then followed up with analysis on TD children and children with MLD. As 500 

described in Methods, the analyses of associations between hippocampal connectivity and 501 

number sense learning controlled for pre-training symbolic quantity discrimination ability. 502 

 503 

Training group. Functional connectivity of the left and right hippocampal ROIs with the left IPS 504 

before training was positively correlated with number sense learning in the training group (height 505 

threshold p < .005, cluster extent threshold p < .05) (Figures 3A-B; Tables 6-7). Similar results 506 

were observed at a more stringent height threshold (p < .001, uncorrected). A conjunction 507 

analysis of connectivity patterns across the left and right hippocampal ROIs confirmed a single 508 

overlapping target region in the left IPS, as identified by Juelich Histological Atlas, positively 509 

associated with number sense learning (Figure 3C). The left cuneus was identified as an 510 

overlapping target region negatively associated with number sense learning. Follow-up ROI-511 

based correlation analyses were conducted in the training and control group, using the 512 

functional connectivity between both the left and right hippocampal regions and the left IPS 513 

region identified in the training group. Similar to results from whole-brain regression analysis, 514 

hippocampal functional connectivity with the left IPS predicted number sense learning in the 515 

training group (left hippocampus: ρ = .42, p = .002, BF = 18.10; right hippocampus: ρ = .41, p 516 

= .003, BF = 9.93; Figures 4A-B; Table 8). This association was not significant in the control 517 

group (left hippocampus: ρ = -.20, p = .45, BF = .56; right hippocampus: ρ = -.14, p = .59, BF 518 

= .53). A balanced fourfold cross-validation combined with linear regression (see Methods) 519 

further validated the robustness of findings in the training group. Functional connectivity of the 520 

left hippocampus [r(pred,actual) = .33, p = .002] and the right hippocampus [r(pred,actual) = .32, 521 
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p = .002] with the left IPS was predictive of gains in symbolic quantity discrimination task 522 

efficiency following training. This relationship was not significant in the control group for both the 523 

left and right hippocampal ROIs (ps > .50).  524 

 525 

Direct comparisons of correlation coefficients between training and control groups revealed a 526 

significant difference in the relationship between functional connectivity with the left IPS and 527 

learning for the left (Z = 2.15, p = .02) and the right hippocampus (Z = 1.90, p = .03). Additional 528 

correlational analyses were conducted to examine the specificity of left-lateralized IPS functional 529 

connectivity patterns associated with learning. Here, the functional connectivity of the left and 530 

the right hippocampus with the right IPS (a contralateral region of the left IPS identified in the 531 

whole training group) did not significantly relate to number sense learning in the training or 532 

control group (ρs < .16, ps > .28, BFs < .56; Table 8).  533 

 534 

Additional analysis confirmed that IPS regions identified from the current study overlap with the 535 

left IPS region identified from Neurosynth based meta-analysis, using the term “arithmetic” as 536 

defined in a previous study (Supekar et al., 2021) (Figures 5A-B), which indicates that the IPS 537 

region identified from our whole brain analysis converges with the region previously shown to be 538 

involved in math cognition. Finally, when using the IPS region identified from Neurosynth based 539 

meta-analysis, the association between hippocampal-left IPS circuits and learning in response 540 

to number sense training remains significant (left hippocampus-left IPS: ρ = .35, p = .011; right 541 

hippocampus-left IPS: ρ = .30, p = .03; Figures 5C-D). 542 

 543 

Taken together, these results demonstrate that bilateral hippocampal functional connectivity 544 

with a common target in the left IPS is predictive of learning in response to a 4-week number 545 

sense training.   546 

 547 
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TD and MLD groups. We next examined whether hippocampal functional circuits predict 548 

number sense learning similarly or differently between children with and without MLD. We first 549 

separately conducted seed-to-whole-brain connectivity analyses for the left and right 550 

hippocampus in TD children and children with MLD. In TD children, functional connectivity of the 551 

left and right hippocampal ROIs with the left IPS predicted number sense learning (Tables 6-7), 552 

similar to the results in the whole training group. In a conjunction analysis of the connectivity 553 

patterns across the left and right hippocampal ROIs, TD children showed the left IPS as an 554 

overlapping region positively associated with learning, and the left cuneus as an overlapping 555 

region negatively associated with learning (Figure 3D), again replicating the results of the whole 556 

training group. In contrast to the distinctive pattern observed with the TD group whose functional 557 

connectivity between hippocampal regions and the left IPS was positively associated with 558 

learning, children with MLD showed no brain regions as targets from hippocampus-to-whole-559 

brain connectivity positively associated with number sense learning, for either left or right 560 

hippocampal ROI (Tables 6-7). For the right hippocampus, its connectivity with the right cuneus 561 

was negatively associated with learning in children with MLD, a similar pattern observed in TD 562 

children though in the contralateral side of the cuneus. Considering the possibility that 563 

hippocampal–left IPS circuits were not detected at the whole brain level due to more 564 

heterogeneous sample in the MLD group, we next performed ROI-based correlation analyses 565 

for both groups.  566 

 567 

Using the left IPS region identified in the whole training group as target ROI, we found that 568 

hippocampal functional connectivity with the left IPS is positively associated with number sense 569 

learning in the TD group (left hippocampus: ρ = .43, p = .01, BF = 3.98; right hippocampus: ρ 570 

= .38, p = .03, BF = 4.58; Table 9) as well as in children with MLD (left hippocampus: ρ = .52, p 571 

= .03, BF = 2.20; right hippocampus: ρ = .52, p = .03, BF = .93). In a cross-validation analysis 572 

(see Methods), functional connectivity of the left [r(pred,actual) = .26, p = .02] and right 573 
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hippocampus [r(pred,actual) = .37, p = .006] with the left IPS was predictive of learning in TD 574 

children. In children with MLD, the relationship between functional connectivity and learning did 575 

not reach statistical significance at p < .05 in the left [r(pred,actual) = 22, p = .06] and right 576 

[r(pred,actual) = .10, p = .15] hippocampus.  577 

 578 

Direct comparisons of correlation coefficients between TD and MLD groups revealed no 579 

significant difference in the relationship between hippocampal functional connectivity with the 580 

left IPS and learning gains (left hippocampus: Z = .37, p = .36; right hippocampus: Z = .56, p 581 

= .29). Finally, similar to the results from whole training group, functional connectivity of the left 582 

and right hippocampus with the right IPS did not significantly relate to learning in TD children or 583 

children with MLD (ρs < .33, ps > .19, BFs < .55; Table 9).  584 

 585 

To further address whether the relation between hippocampal-parietal functional connectivity 586 

and number sense learning varies as a function of individual differences in math ability, we 587 

additionally used a dimensional approach. In a multiple regression model, number sense 588 

learning (gains in symbolic quantity discrimination task efficiency) was entered as dependent 589 

variable, hippocampal-parietal connectivity (left hippocampus – left IPS or right hippocampus – 590 

left IPS link), math ability (WJ-III Math Fluency), and interaction between hippocampal-parietal 591 

connectivity and math ability were entered as independent variables, and pre-training symbolic 592 

number comparison efficiency was entered as a covariate. We found a significant main effect of 593 

hippocampal-parietal connectivity (left hippocampus – left IPS: b = .36, se = .12, t = 3.13, p 594 

= .003; right hippocampus – left IPS: b = .32, se = .12, t = 2.57, p = .01) but no significant main 595 

effect of math ability or interaction between hippocampal-parietal connectivity and math ability 596 

(ts < .81, ps > .42) on number sense learning.  597 

 598 
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In summary, in TD children, both left and right hippocampal functional connectivity with the left 599 

IPS predicted training-induced number sense learning, similar to the whole training group. 600 

Although hippocampal–left IPS circuits were not detected at the whole brain level, children with 601 

MLD showed hippocampal–left IPS functional connectivity associated with number sense 602 

learning in ROI-based analysis, which was relatively weaker but not significantly different from 603 

TD children. Finally, additional analysis using math ability as a continuous variable confirmed 604 

that the relation between hippocampal-parietal connectivity and learning did not significantly 605 

vary between individuals with different levels of math ability. 606 

 607 

Association between hippocampal–parietal white matter pathways and training-induced 608 

number sense learning 609 

To determine whether structural integrity plays a similar role in learning as functional circuitry, 610 

we examined the relation between pre-training hippocampal–parietal white matter connectivity 611 

and number sense learning. Using probabilistic tractography of HARDI data, we identified long-612 

range anatomical connections between the hippocampus and IPS, identified from functional 613 

connectivity analysis, averaged across all children (Figure 6; see Methods for details) and 614 

assessed the relation between hippocampal–parietal structural connectivity and number sense 615 

learning. In contrast to the functional connectivity results, however, we did not observe evidence 616 

for structural connectivity of the hippocampus with IPS associated with training-related gains in 617 

symbolic quantity discrimination task (|ρ|s < .21, ps > .18, BFs < .62; Table 8). Further, there 618 

were no significant associations between structural connectivity between hippocampus and IPS 619 

and number sense learning in TD children and children with MLD (|ρ|s < .39, ps > .16, BFs < 620 

1.34; Table 9). 621 

 622 

To further address potential contribution of structural connectivity measures to learning, we 623 

conducted multiple regression analysis to determine whether functional and structural 624 
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connectivity measures together predicted number sense learning better than each measure 625 

alone. Specifically, we examined whether the full model (Model 4) including all hippocampal–626 

IPS functional and structural connectivity measures as predictors, compared to including 627 

functional or structural connectivity measures alone (Model 2 and Model 3, respectively), better 628 

predict number sense learning (Table 10). Here we found that the full model (Model 4) 629 

explained most variance in number sense learning (adjusted R2 = .54, F (9,33) = 6.55, p <.001), 630 

significantly better than the model including structural connectivity measures alone (Model 3; 631 

 R2 = .33, p <.001, BF > 100). Critically, there was insufficient evidence (.33 < BF < 3) that the 632 

full model including both functional and structural connectivity measures (Model 4) explain 633 

additional variance in learning, compared to the model including functional connectivity 634 

measures alone (Model 2;  R2 = .14, p = .026, BF = 2.26). Thus, we did not observe evidence 635 

that structural connectivity measures jointly predict number sense learning over and above 636 

functional connectivity measures. 637 

 638 

Taken together, these results suggest that the integrity of white matter pathways between the 639 

hippocampus and IPS in early childhood is not predictive of number sense learning in the 640 

current study. In addition, we observed evidence for joint associations between hippocampal–641 

IPS functional circuits and number sense learning, independent of the underlying structural 642 

connectivity.   643 

 644 

Reverse meta-analysis of associations between hippocampal–parietal circuits and 645 

cognitive functions 646 

To further determine the functional role of hippocampal–IPS circuits identified in the current 647 

study, we conducted a reverse meta-analysis across 14,371 published fMRI studies up to July 648 

2018 from NeuroSynth (Yarkoni et al., 2011) database in relation to 89 cognitive atlas terms 649 

CogAt (Poldrack et al., 2011). To perform reverse meta-analysis relating a cognitive function 650 
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with a specific circuit, we computed the probability that a term associated with a cognitive 651 

function is mentioned in a study, given that the study jointly reports activations in the left or right 652 

hippocampus and left or right IPS. We considered sufficient evidence for an association if its 653 

probability is amongst the 5% most probable term associations for all analyzed circuits (see 654 

Methods for details). This meta-analysis tool allowed us to synthesize a wealth of findings from 655 

previous research and generalize the findings of hippocampal–parietal circuits across various 656 

tasks and analysis approaches (Muller et al., 2018). 657 

 658 

Our results from reverse meta-analysis show that co-activations of both the left and right 659 

hippocampus and IPS are significantly associated with the term learning as well as related 660 

terms, encoding, memory, and retrieval (Figure 7). The term recognition was associated with 661 

co-activations of the left hippocampus and left IPS and those of bilateral hippocampus and right 662 

IPS. Two terms, attention and working memory, were associated with co-activations of the right 663 

hippocampus and bilateral IPS. The term emotion was associated with co-activations of the right 664 

hippocampus and right IPS. Finally, the term perception was associated with co-activations of 665 

the left hippocampus and left IPS. Notably, no other cognitive atlas terms were significantly 666 

associated with hippocampal–parietal functional circuits. These meta-analytic findings from a 667 

large set of fMRI studies expand on findings from our training study and provide converging 668 

evidence for a strong association between hippocampal–parietal functional circuitry and learning 669 

and related functions. 670 

 671 

Discussion  672 

The current study examined brain circuit mechanisms of learning in response to an integrative 673 

number sense training during an important developmental period for foundational cognitive skill 674 

acquisition. Our results reveal that number sense training significantly improves symbolic 675 

quantity discrimination ability in both TD children and children with MLD, and that hippocampal–676 
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left IPS functional circuits predict number sense training gains. Our findings provide important 677 

insights into brain-based biomarkers for early identification of individual differences in 678 

acquisition of number sense and inform interventions targeting individual needs (Hale et al., 679 

2010). 680 

 681 

We show that our integrative number sense training is effective across children with a wide 682 

range of abilities. Our results build on previous training studies that enhance understanding of 683 

numerical magnitudes in children (Dyson, Jordan, & Glutting, 2013; Kucian et al., 2011; Wilson 684 

et al., 2006). Our study maximized effectiveness of training by uniquely combining computerized 685 

games with tutoring activities using physical manipulatives and provide new insights into the 686 

development of effective ‘hybrid’ interventions across children with different backgrounds. More 687 

generally, individualized training programs designed to enhance integration of symbolic and 688 

non-symbolic representations of quantity may have the potential to build strong foundations for 689 

mathematical learning across all children.  690 

 691 

It is noteworthy that prior to training, we did not observe poor number sense in our sample of 692 

children with MLD, who performed significantly worse than TD children on assessments of 693 

arithmetic problem solving and mathematical reasoning, similar to previous observation that 694 

difficulties in math problem solving may be present even in the absence of number sense 695 

deficits (Peters, Op de Beeck, & De Smedt, 2020). As MLD is considered a heterogeneous 696 

disorder with multiple cognitive deficits (Fias, Menon, & Szucs, 2013; Kaufmann et al., 2013), 697 

further studies that employ assessments in various cognitive domains may help determine 698 

multidimensional neurocognitive deficits in MLD. In addition, development of classification of 699 

subtypes of MLD will be an important avenue for future research.  700 

 701 
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Our next goal was to investigate whether the integrity of hippocampal–parietal circuits predicts 702 

individual differences in number sense training gains in children. We identified an intrinsic 703 

functional circuit that links the hippocampus, a hub for learning and memory, with a parietal 704 

region consistently implicated in numerical quantity representation. Our finding converges on 705 

previous studies demonstrating the key functional role of the hippocampus in the development 706 

of arithmetic skills in children (Menon, 2016; Menon & Chang, 2021) and learning and memory 707 

more broadly (Zeithamova & Bowman, 2020). Notably, this contribution occurred even though 708 

our number sense training did not require rote memorization of facts, and is consistent with 709 

emerging evidence for a role of the hippocampus that extends beyond explicit memory and 710 

learning (Degonda et al., 2005; Olsen et al., 2012).  711 

 712 

Our finding is also consistent with previous evidence indicating the role of IPS in representation 713 

of quantities (Cohen Kadosh, Cohen Kadosh, Kaas, Henik, & Goebel, 2007; Piazza & Eger, 714 

2016). Remarkably, functional connectivity of the left and right hippocampus identified a single 715 

region in the left IPS that predicted learning. Previous studies have found that compared to its 716 

right hemisphere homolog, the left IPS is particularly important for symbolic number processing 717 

(Ansari, 2007; Bugden, Price, McLean, & Ansari, 2012; Piazza, Pinel, Le Bihan, & Dehaene, 718 

2007; Sokolowski, Fias, Mousa, & Ansari, 2017) and that with age and increased proficiency in 719 

numerical skills, there is an increase in left IPS activity (Ansari, 2008; Bugden, DeWind, & 720 

Brannon, 2016; Emerson & Cantlon, 2015; Rivera, Reiss, Eckert, & Menon, 2005). In this 721 

context, it is possible that our finding of left-lateralized IPS response may be reflective of 722 

increased proficiency for symbolic numbers.   723 

 724 

In addition to the left IPS as a converging target region for the left and right hippocampal 725 

functional circuits positively associated with number sense learning, the left cuneus, implicated 726 

in low-level visual processing (Vanni, Tanskanen, Seppa, Uutela, & Hari, 2001), was identified 727 
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as a target region negatively associated with number sense training gains. This finding suggests 728 

that children’s number sense learning likely relies on enhanced semantic representation of 729 

quantity, rather than visual perception of numbers. In fact, greater hippocampal functional 730 

connectivity with a visual region (cuneus) predicted poor learning. No other brain regions were 731 

identified as overlapping target regions across the left and right hippocampal functional 732 

connectivity associated with learning. Taken together, our findings demonstrate a key role for 733 

hippocampal–parietal circuits in children’s number sense learning.  734 

 735 

Our whole brain analysis of subgroups of children revealed that TD children recapitulate the 736 

hippocampal–left IPS functional circuit-related learning as seen in the combined group. While no 737 

significant target regions were detected in hippocampal connectivity positively associated with 738 

learning in children with MLD possibly due to modest sample size in this group, additional 739 

analysis confirmed that the association between hippocampal–left IPS circuits and learning was 740 

similar in the TD and MLD groups, consistent with our observation of comparable training gains 741 

in the two groups. Thus, our findings identify hippocampal–left IPS functional circuit as a novel 742 

locus of learning that supports acquisition of fundamental building blocks of numerical 743 

proficiency across all children, including those with learning disabilities. Future studies with a 744 

larger sample of children with MLD may further clarify heterogeneous profiles of learning-related 745 

hippocampal circuits. 746 

 747 

Our probabilistic tractography of HARDI data indicates the presence of long-range anatomical 748 

connections between the hippocampus and the parietal cortex in 7-10 year old children, similar 749 

to the observation in younger children (Ngo et al., 2017). In contrast to findings from functional 750 

circuit analysis, however, structural connectivity between the hippocampus and IPS did not 751 

relate to individual differences in learning. In addition, while hippocampal–parietal functional 752 

connectivity measures jointly predicted learning over and above measures of structural integrity, 753 



 

  

 

33 

we did not find evidence that structural connectivity measures jointly predict learning over and 754 

above functional connectivity measures. Thus, although hippocampal–parietal white matter 755 

tracts appear to be formed by early childhood, how they contribute to number sense learning 756 

remains unresolved. Crucially, our study provides evidence for emergent functional properties of 757 

hippocampal–parietal circuits as significant and independent neural predictors of number sense 758 

learning, which may inform early identification of individual differences in response to 759 

intervention. Future studies employing larger data sets with an active control group may help 760 

identify generalizable predictive features of learning and further determine specific mechanisms 761 

underlying acquisition of foundational cognitive skills.  762 

 763 

Finally, our findings converge on results from a reverse meta-analysis in which we examined the 764 

role of hippocampal–parietal functional links identified in the present study. Across 14,371 fMRI 765 

studies and 89 cognitive atlas terms, our analysis revealed a significant association between 766 

bilateral hippocampal–IPS functional circuits and the term learning, along with related terms 767 

memory, encoding, and retrieval. Interactions between the hippocampus and neocortex are 768 

known to be crucial for memory formation (McClelland, McNaughton, & O'Reilly, 1995; Tse et al., 769 

2007) and hippocampal connectivity with parietal and frontal cortical regions have been shown 770 

to be associated with longitudinal gains in memory retrieval fluency in children (Qin et al., 2014). 771 

Taken together, our findings identify specific hippocampal–neocortical functional circuitries that 772 

may contribute to learning and memory consolidation. 773 

 774 

While involvement of the hippocampus in learning and memory is well known, the specific role 775 

of hippocampal–IPS functional circuits has been less clear, as research on the role of parietal 776 

cortex in memory has emphasized its angular gyrus subdivision in episodic memory (Sestieri, 777 

Shulman, & Corbetta, 2017). The angular gyrus, as part of the default mode network, is crucial 778 

for generating integrated representation of information retrieved from episodic memory (Binder 779 
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& Desai, 2011). In contrast, the IPS, as part of the dorsal attention network, is crucial for 780 

representing and manipulating visuospatial perceptual information (Uddin et al., 2010). 781 

Consistent with this view, we found that IPS-relevant terms, specifically perception, attention, 782 

and working memory, are associated with hippocampus–IPS circuits. In the context of number 783 

sense learning, we propose that these functions, together with learning and memory, support 784 

the formation of semantic associations between quantities presented in non-symbolic and 785 

symbolic formats. Thus, findings from a reverse meta-analysis of a large corpus of fMRI studies 786 

and our training study suggest that hippocampal–IPS circuits constitute a distinct canonical 787 

circuit for integrating and manipulating mnemonic and visuospatial information that plays a 788 

foundational role in children’s cognitive skill acquisition. More broadly, interventions designed to 789 

engage these brain circuits, such as integrative number sense training in the current study, may 790 

effectively promote learning across various cognitive domains.  791 

 792 

In summary, the current study demonstrates that core learning and memory functional circuits 793 

anchored in the hippocampus play an important role in learning number sense, a fundamental 794 

building block of mathematical skill acquisition. Notably, the left IPS, implicated in numerical 795 

proficiency, was a convergence zone for the left and right hippocampal functional circuits that 796 

predict individual differences in number sense learning. Our study provides foundational 797 

knowledge about brain circuit mechanisms that propel learning in all children and delineates a 798 

robust target for effective interventions and monitoring response to cognitive training.   799 
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Figures and Tables 1051 

 

 

Figure 1. Overview of study design, sample training materials, and schematic illustration 1052 

of analysis approach.  1053 

A. Overview of study design. The study involved multiple sessions: pre-training demographic 1054 

and neuropsychological (NP) assessments; pre-training (time 1) cognitive assessments and 1055 

brain imaging, including task-related and resting-state functional MRI (fMRI), diffusion MRI 1056 

(dMRI) using a High Angular Resolution Diffusion Imaging sequence, and high-resolution 1057 

structural MRI (sMRI); number sense training (in the training group; see Methods for details) or 1058 

no contact (in the control group); and post-training (time 2) brain imaging and cognitive 1059 

assessments identical to pre-training. Children in the training group engaged in progressive 1060 

learning activities across four weeks to strengthen their understanding of the relations between 1061 

symbolic and non-symbolic representations of quantity. B. Sample training materials. Across 4 1062 

weeks of one-on-one tutoring sessions, children in the training group completed a variety of 1063 

activities with a tutor (see Methods for details). C. Number sense learning. Children’s number 1064 

sense learning was measured by changes in efficiency in symbolic quantity discrimination task 1065 
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from time 1 to time 2 in response to 4 weeks of number sense training (or no contact). D. 1066 

Functional connectivity. Using Time 1 resting-state fMRI data, hippocampal seed-to-whole-1067 

brain connectivity analysis was performed to assess intrinsic functional connectivity of the 1068 

hippocampus predictive of number sense learning. A conjunction analysis was performed 1069 

between left and right hippocampal functional connectivity patterns to identify overlapping target 1070 

regions associated with learning. Region of interest (ROI) based analysis was used to examine 1071 

the association between functional connectivity and learning in training and control groups. E. 1072 

Structural connectivity. Using High Angular Resolution Diffusion Imaging data, probabilistic 1073 

tractography was performed using ROIs identified from functional connectivity (FC) analysis. 1074 

Structural connectivity strengths between the ROIs were estimated for each subject to test the 1075 

associations with number sense learning. ROI-based analysis was performed to examine the 1076 

relation between structural connectivity and learning in training and control groups.   1077 
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Figure 2. Symbolic quantity discrimination task design and behavioral results.  1078 

A. Task design. Before and after training (or no contact), children completed one run of 1079 

symbolic quantity discrimination task in the fMRI scanner. Participants first saw a fixation cross, 1080 

followed by horizontal presentation of two quantities in Arabic numbers. Participants were 1081 

instructed to press the left button if the left side had a larger quantity and the right button if the 1082 

right side had a larger quantity. Upon the button press, a blank screen was presented to fill up 1083 

the response phase, followed by a jittered intertrial interval. The duration of each phase in 1084 

seconds is reported in parenthesis. B. Behavioral results. Four weeks of training improved 1085 

performance on symbolic quantity discrimination task in both training groups of typically 1086 

developing (TD) children and children with mathematical learning difficulties (MLD) but not in 1087 

no-contact control group. ** p < .01; *** p < .001.  1088 



 

  

 

48 

 

Figure 3. Hippocampal functional connectivity predicts number sense training gains.  1089 

A, B. Functional connectivity before training of the left and right hippocampal regions of interest 1090 

(ROIs; selected from Brainnetome (Fan et al., 2016) parcellations) with the left intraparietal 1091 

sulcus (IPS) positively (red) predicted learning (efficiency gains in symbolic quantity 1092 

discrimination) in the training group. Hippocampal connectivity with the left cuneus was 1093 

negatively (blue) correlated with learning. C. Conjunction analysis of functional connectivity 1094 

patterns revealed the left IPS and the left cuneus to be an overlapping target region across the 1095 

left and right hippocampal seed-to-whole brain connectivity positively (red) and negatively (blue) 1096 

associated with learning, respectively, in the training group. D. In typically developing (TD) 1097 

children in the training group, hippocampal functional connectivity with the left IPS was 1098 

positively associated with learning (red) and that with the left cuneus was negatively associated 1099 

with learning (blue). In children with mathematical learning difficulties (MLD) in the training 1100 
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group, conjunction analysis did not yield any overlapping target region across the left and right 1101 

hippocampal seed-to-whole-brain functional connectivity associated with learning. L = left, R = 1102 

right.  1103 
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Figure 4. Hippocampal–parietal functional circuits predict number sense training gains.   1104 

Scatter plots of the relationship between functional connectivity (FC) of the left (A) and right (B) 1105 

hippocampus with the left intraparietal sulcus (IPS) and changes in efficiency in symbolic 1106 

quantity discrimination (efficiency gain) in children who received training (Training) and no-1107 

contact control group (Control). Greater FC with the left IPS predicts efficiency gain in the 1108 

Training group (ρs > .40, ps < .004), but not in the Control group (|ρ|s < .21, ps > .44). Target 1109 

(IPS) regions of interest were identified using a 6-mm sphere centered on the peak voxel to 1110 

estimate FC. L = left, R = right.  1111 



 

  

 

51 

 

Figure 5. Hippocampal connectivity with a left intraparietal sulcus (IPS) region, identified 1112 

using Neurosynth based meta-analysis, predicts number sense training gains. Left IPS 1113 

regions (in white circle) overlap across (A) left and (B) right hippocampal connectivity patterns 1114 

identified in the current study and the IPS region identified from Neurosynth based meta-1115 

analysis. (C-D). Scatter plots of the relationship between functional connectivity (FC) of the (A) 1116 

left and (B) right hippocampal with the left IPS region identified from Neurosynth based meta-1117 

analysis. FC between the hippocampus and left IPS correlates with changes in efficiency in 1118 

symbolic quantity discrimination (efficiency gain) following number sense training (ρs > .29, ps 1119 

< .04). The IPS region of interest was identified using a 6-mm sphere centered on the peak 1120 

voxel to estimate FC. L = left, R = right.   1121 
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Figure 6. Hippocampal–parietal white matter tracts in children. 1122 

White matter tracts (depicted in orange) are identified between the hippocampus (purple) and 1123 

intraparietal sulcus (IPS) (light green), averaged across all children using probabilistic 1124 

tractography of High Angular Resolution Diffusion Imaging data. IPS regions of interest (ROIs) 1125 

were selected from Brainnetome (Fan et al., 2016) parcellations that overlapped with target 1126 

ROIs identified in functional connectivity analysis (left IPS) and contralateral regions (right IPS) 1127 

to estimate hippocampal–parietal structural connectivity. L = left, R = right.   1128 
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Figure 7. Reverse meta-analysis of 14,371 fMRI studies and cognitive functions reveals a 1129 

significant association between hippocampal–parietal functional circuits and learning.  1130 

A. A reverse meta-analysis was performed to map hippocampal–parietal functional circuits 1131 

identified in the current study to cognitive functions (see Methods for details). B. Top 5% 1132 

cognitive functions that are mentioned in published articles where co-activations of the left or 1133 

right hippocampus (HIPP) and the left or right intraparietal cortex (IPS) are reported. L = left, R 1134 

= right.  1135 
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Table 1. Training activities in each session (3 sessions/week). 1136 

 Lessons Games Review 

Week 1 

 Counting 

 Video of a sock 

puppet counting 

 Restaurant Game (Blair, 

2013a, 2013b) 
 Counting 

Week 2 
 Comparison 

 Math Circles 

 Number Race (Wilson et 

al., 2006) 

 Math War (Iuculano et 

al., 2015) 

 Comparing Speed 

 Comparison between 

non-symbolic quantities 

Week 3 
 Comparison 

 Math Circles 

 Number Race (Wilson et 

al., 2006) 

 Math War (Iuculano et 

al., 2015) 

 Comparing Speed 

 Comparison between 

non-symbolic and 

symbolic quantities 

Week 4 

 Comparison 

 Beat Your Score 

(Chang et al., 2019) 

 Number Race (Wilson et 

al., 2006) 

 Math War (Iuculano et 

al., 2015) 

 Comparing Speed 

 Comparison between 

symbolic quantities 
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Table 2. Resting state fMRI data analysis sample. Time 1 demographics and 1137 

neuropsychological measures of 4-week number sense training (Training) and no-contact 1138 

control (Control) groups.  1139 

  
Training 

 
Control 

 
   test or two-sample t-test 

  
M (SD) 

 
M (SD) 

 

  
1 or t(67) p                BF 

   Female to Male ratio  27 : 25  11 : 6  .41 .523 .08 .38 

   Age 
 

8.21 (.61) 
 

8.32 (.56) 
 

.66 .513 .18 .33 

WASI: 
     

    

   Verbal IQ 
 

109.25 (12.81) 
 

107.35 (11.59) 
 

-.54 .590 -.15 .32 

   Performance IQ 
 

105.44 (14.73) 
 

105.53 (11.41) 
 

.02 .982 .01 .28 

   Full-Scale IQ 
 

108.04 (12.78) 
 

107.29 (10.02) 
 

-.22 .828 -.06 .29 

WJ-III: 
     

    

   Math Fluency 
 

97.40 (11.56) 
 

101.41 (9.08) 
 

1.30 .198 .36 .56 

   Calculation 
 

104.90 (14.44) 
 

106.88 (11.87) 
 

.51 .611 .14 .31 

   Applied Problems 
 

104.42 (13.15) 
 

106.59 (10.88) 
 

.61 .542 .17 .33 

   Letter-Word Identification 
 

109.35 (9.40) 
 

112.00 (8.84) 
 

1.02 .309 .29 .43 

   Word Attack 
 

106.73 (9.42) 
 

107.41 (6.98) 
 

.27 .785 .08 .29 

Abbreviations: WASI = Wechsler Abbreviated Scale of Intelligence; WJ-III = Woodcock Johnson 

III.  
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Table 3. Resting state fMRI data analysis sample. Time 1 demographics neuropsychological 1140 

measures of typically developing (TD) children and children with mathematical learning 1141 

difficulties (MLD) in the training group (TD_Training and MLD_Training). 1142 

  
TD_Training 

 
MLD_Training 

 
   test or two-sample t-test 

  
M (SD) 

 
M (SD) 

 

  
1 or t(50) p                BF 

   Female to Male ratio  17 : 17  10 : 8  .01 .929 .01 .34 

   Age 
 

8.12 (.57) 
 

8.38 (.68) 
 

1.47 .148 .43 .69 

WASI: 
     

    

   Verbal IQ 
 

109.85 (12.23) 
 

108.11 (14.14) 
 

-.46 .646 -.13 .32 

   Performance IQ 
 

107.24 (13.62) 
 

102.06 (16.50) 
 

-1.21 .231 -.35 .52 

   Full-Scale IQ 
 

109.44 (11.70) 
 

105.39 (14.59) 
 

-1.09 .281 -.32 .47 

WJ-III: 
     

    

   Math Fluency 
 

103.65 (9.09) 
 

85.61 (3.97) 
 

-8.00 <.001 -2.33 >100 

   Calculation 
 

109.18 (14.46) 
 

96.83 (10.70) 
 

-3.18 .002 -.93 14.58 

   Applied Problems 
 

109.06 (10.08) 
 

95.67 (14.04) 
 

-3.97 <.001 -1.16 105.31 

   Letter-Word Identification 
 

111.21 (9.00) 
 

105.83 (9.38) 
 

-2.02 .049 -.59 1.47 

   Word Attack 
 

108.88 (9.62) 
 

102.67 (7.73) 
 

-2.36 .022 -.69 2.65 

Abbreviations: WASI = Wechsler Abbreviated Scale of Intelligence; WJ-III = Woodcock Johnson 

III.  
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Table 4. Diffusion MRI data analysis sample. Time 1 demographics and neuropsychological 1143 

measures of 4-week number sense training (Training) and no-contact control (Control) groups.  1144 

  
Training 

 
Control 

 
   test or two-sample t-test 

  

M (SD) 

 

M (SD) 

 

  
1 or t(54) p                BF 

   Female to Male ratio  22 : 21  7 : 6  <.01 >.999 <.01 .28 

   Age 
 

8.21 (.64) 
 

8.39 (.56) 
 

.92 .360 .29 .43 

WASI: 
     

    

   Verbal IQ 
 

109.35 (12.85) 
 

109.15 (12.12) 
 

-.05 .962 -.02 .31 

   Performance IQ 
 

103.95 (14.05) 
 

106.23 (11.48) 
 

.53 .597 .17 .35 

   Full-Scale IQ 
 

107.30 (12.82) 
 

108.54 (10.37) 
 

.32 .752 .10 .32 

WJ-III: 
     

    

   Math Fluency 
 

97.67 (11.66) 
 

101.77 (8.76) 
 

1.17 .248 .37 .53 

   Calculation 
 

105.26 (13.41) 
 

107.77 (12.09) 
 

.61 .548 .19 .36 

   Applied Problems 
 

103.88 (12.08) 
 

109.85 (10.16) 
 

1.61 .113 .51 .86 

   Letter-Word Identification 
 

108.93 (9.13) 
 

111.00 (8.42) 
 

.73 .469 .23 .38 

   Word Attack 
 

106.58 (9.65) 
 

106.38 (6.32) 
 

-.07 .945 -.02 .31 

Abbreviations: WASI = Wechsler Abbreviated Scale of Intelligence; WJ-III = Woodcock Johnson 

III.  
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Table 5. Diffusion MRI data analysis sample. Time 1 demographics neuropsychological 1145 

measures of typically developing (TD) children and children with mathematical learning 1146 

difficulties (MLD) in the training group (TD_Training and MLD_Training). 1147 

  
TD_Training 

 
MLD_Training 

 
   test or two-sample t-test 

  
M (SD) 

 
M (SD) 

 

  
1 or t(41) p                BF 

   Female to Male ratio  15 : 13  7 : 8  .01 .911 .02 .38 

   Age 
 

8.15 (0.61) 
 

8.33 (0.70) 
 

.91 .370 .29 .43 

WASI: 
     

    

   Verbal IQ 
 

109.00 (12.11) 
 

110.00 (14.55) 
 

.24 .811 .08 .32 

   Performance IQ 
 

105.86 (13.69) 
 

100.40 (14.51) 
 

-1.22 .229 -.39 .56 

   Full-Scale IQ 
 

108.25 (11.98) 
 

105.53 (14.54) 
 

-.66 .514 -.21 .37 

WJ-III: 
     

    

   Math Fluency 
 

103.86 (9.56) 
 

86.13 (3.50) 
 

-6.90 <.001 -2.21 >100 

   Calculation 
 

108.71 (14.11) 
 

98.80 (9.30) 
 

-2.44 .019 -.78 3.05 

   Applied Problems 
 

108.46 (10.05) 
 

95.33 (11.09) 
 

-3.94 <.001 -1.26 81.81 

   Letter-Word Identification 
 

110.82 (8.82) 
 

105.40 (8.93) 
 

-1.91 .063 -.61 1.29 

   Word Attack 
 

108.86 (10.38) 
 

102.33 (6.47) 
 

-2.21 .033 -.71 2.03 

Abbreviations: WASI = Wechsler Abbreviated Scale of Intelligence; WJ-III = Woodcock Johnson 

III.  
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Table 6. Brain regions showing positive and negative relation between functional connectivity 1148 

with the left hippocampus and symbolic quantity discrimination efficiency gain in response to 4-1149 

week number sense training. 1150 

Region 
Number of 

voxels 
Peak intensity 

MNI coordinates:  

x,y,z (mm) 

Positive relation 

  Training 

     L IPS/SMG/SPL 83 3.49 -48 -42 54 

  Training: TD children 

     L IPS/SPL/SMG 69 4.59 -24 -48 42 

     L MFG/PCG/SFG 68 4.18 -22 12 50 

  Training: children with MLD 

     (none)    

Negative relation 

  Training 

     L CUN/PCUN 112 3.48 -10 -64 26 

  Training: TD children 

     L SOG/CUN/PCUN 243 4.46 -22 -62 24 

  Training: children with MLD 

     (none)    

Notes: Anatomical locations of brain regions were identified by Automated Anatomical Labeling 

(AAL) (Tzourio-Mazoyer et al., 2002), Harvard-Oxford (Desikan et al., 2006), and Juelich 

histological (Eickhoff et al., 2005) atlases. Abbreviations: CUN = cuneus; IPS = intraparietal 

sulcus; MFG = middle frontal gyrus; PCG = precentral gyrus; PCUN = precuneus; SFG = 

superior frontal gyrus; SMG = supramarginal gyrus; SOG = superior occipital gyrus; SPL = 
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superior parietal lobule; TD = typically developing; MLD = mathematical learning difficulties; L = 

left; R = right.  
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Table 7. Brain regions showing positive and negative relation between functional connectivity 1151 

with the right hippocampus and symbolic quantity discrimination efficiency gain in response to 4-1152 

week number sense training. 1153 

Region Number of voxels 
Peak 

intensity 

MNI coordinates: 

x,y,z (mm) 

Positive relation 

  Training 

     L IPS/SPL/SMG 156 3.33 -34 -40 50 

  Training: TD children 

     L IPS/SPL/SMG 75 4.20 -24 -48 44 

  Training: children with MLD 

     (none)    

Negative relation 

  Training 

     L CUN/PCUN 140 3.92 -12 -62 28 

  Training: TD children 

     L PCUN/PCC 86 4.69 -4 -50 10 

     L SOG/CUN/PCUN 138 3.95 -22 -62 24 

     R SMG/AG/IPS 219 3.71 38 -52 28 

     L AG/LOC 147 3.44 -40 -76 44 

  Training: children with MLD 

     R CUN/LOC/OP 314 7.56 14 -90 30 

Notes: Anatomical locations of brain regions were identified by Automated Anatomical Labeling 

(AAL) (Tzourio-Mazoyer et al., 2002), Harvard-Oxford (Desikan et al., 2006), and Juelich 

histological (Eickhoff et al., 2005) atlases. Abbreviations: AG = angular gyrus; CUN = cuneus; 

IPS = intraparietal sulcus; LOC = lateral occipital cortex; OP = occipital pole; PCUN = 
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precuneus; SMG = supramarginal gyrus; SOG = superior occipital gyrus; SPL = superior 

parietal lobule; TD = typically developing; MLD = mathematical learning difficulties; L = left; R = 

right.  
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Table 8. Correlations between functional and structural connectivity and symbolic quantity 1154 

discrimination efficiency gain in 4-week number sense training (Training) and no-contact control 1155 

(Control) groups. 1156 

 

 
Training (N = 52†; 43‡)  

 
Control (N = 17†; 13‡) 

 
ρ p  BF 

 
ρ p  BF 

Functional connectivity 

L HIPP - L IPS 
 

 .42**  .002 18.10 
 

-.20 .445 .57 

R HIPP - L IPS 
 

 .41** .003 9.93 
 

-.14 .589 .53 

L HIPP - R IPS 
 

-.10 .500 .33 
 

-.14 .586 .54 

R HIPP - R IPS 
 

.15 .289 .34 
 

-.10 .708 .55 

Structural connectivity  

L HIPP - L IPS 
 

-.04 .821 .39 
 

.16 .603 .57 

R HIPP - L IPS 
 

-.20 .190 .61 
 

-.08 .803 .75 

L HIPP - R IPS 
 

-.12 .448 .54 
 

.08 .803 .59 

R HIPP - R IPS 
 

-.03 .865 .38 
 

-.25 .415 1.10 

Abbreviations: HIPP = hippocampus; IPS = intraparietal sulcus; BF = Bayes factor; L = left; R = 

right. Notes: †number of participants included in functional connectivity analysis. ‡number of 

participants included in structural connectivity analysis. ** p < .01. Bolded BF values (>3) 

provide evidence for H1. BF values between .33 and 3 provide absence of evidence (i.e., 

insufficient evidence for either H1 or Ho) (Keysers et al., 2020).  
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Table 9. Correlations between functional and structural connectivity and symbolic quantity 1157 

discrimination efficiency gain in typically developing (TD) children and children with 1158 

mathematical learning difficulties (MLD) in the training group (TD_Training and MLD_Training). 1159 

 

 
TD_Training (N = 34†; 28‡)  MLD_Training (N = 18†; 15‡) 

 
ρ p  BF 

 
ρ p  BF 

Functional connectivity    

L HIPP - L IPS 
 

.43* .012 3.98 
 

.52* .026 2.20 

R HIPP - L IPS 
 

.38* .025 4.58 
 

.52* .027 .93 

L HIPP - R IPS 
 

-.16 .358 .44 
 

<.01 .997 .50 

R HIPP - R IPS 
 

.03 .855 .39 
 

.32 .197 .54 

Structural connectivity    

L HIPP - L IPS 
 

-.07 .734 .42 
 

-.11 .694 .59 

R HIPP - L IPS 
 

-.23 .238 1.33 
 

-.25 .362 .54 

L HIPP - R IPS 
 

-.05 .806 .43 
 

-.38 .164 .91 

R HIPP - R IPS 
 

.03 .897 .41 
 

-.24 .398 .57 

Abbreviations: HIPP = hippocampus; IPS = intraparietal sulcus; BF = Bayes factor; L = left; R = 

right. Notes: †number of participants included in functional connectivity analysis. ‡number of 

participants included in structural connectivity analysis. * p < .05. Bolded BF values (>3) provide 

evidence for H1. BF values between .33 and 3 provide absence of evidence (i.e., insufficient 

evidence for either H1 or Ho) (Keysers et al., 2020).   
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Table 10. Model comparison between multiple regression analysis including functional and/or 1160 

structural connectivity measures as predictors of symbolic quantity discrimination efficiency gain 1161 

in the training group (N = 43). 1162 

Model fit  Adjusted R2  F  df  p 

Model 1: Baseline (1 + Control)  .25  14.73***  1, 41  <.001 

Model 2: (Baseline + FC)  .44  7.50***  5, 37  <.001 

Model 3: (Baseline + SC)  .22  3.33*  5, 37  .014 

Model 4: (Baseline + FC + SC)  .54  6.55***  9, 33  <.001 

 

Model comparison    R2  F  df  p BF 

Model 2 (Model 1 + FC) vs. Model 1 (Baseline)  .24  4.45**  4  .005 7.33 

Model 3 (Model 1 + SC) vs. Model 1  .05  .62  4  .65 .05 

Model 4 (Model 2 + SC) vs. Model 2  .14  3.17*  4  .026 2.26 

Model 4 (Model 3 + FC) vs. Model 3  .33  7.61***  4  <.001 >100 

Notes: Control = Time 1 symbolic quantity discrimination task efficiency; FC = estimates of 

ipsilateral and contralateral functional connectivity between left and right hippocampus and left 

and right intraparietal sulcus; SC = estimates of ipsilateral and contralateral structural 

connectivity between hippocampus and intraparietal sulcus. * p < .05; ** p < .01; *** p <.001. 

Bolded Bayes Factor (BF) (>3) provides evidence for H1. BF values between .33 and 3 provide 

absence of evidence (i.e., insufficient evidence for either H1 or Ho). BF values below .33 provide 

evidence of absence (evidence for Ho) (Keysers et al., 2020). 


