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SUMMARY

Accurate numerical cognition relies on representing and comparing quantities, a fundamental skill for adaptive 

behavior. In nonhuman primates, the parieto-frontal network, including the ventral intraparietal area (VIP) and 

prefrontal cortex (PFC), supports this process, but the functional dynamics and directionality of communication 

between these regions remain unclear. We examine population-level interactions of simultaneously recorded 

neuronal activity between VIP and PFC in two male macaques performing a numerosity task. Using time-lagged 

canonical correlation analyses, we show that correct trials exhibit sustained correlations driven by numerosity- 

selective neurons, with early feedforward dominance from VIP to PFC following sample onset. By contrast, error 

trials show weaker correlations, reduced VIP-to-PFC feedforward signaling, and transient breakdowns during 

the late working memory period. These findings show that coordinated parieto-frontal population activity en

ables accurate numerical judgments, whereas disrupted interactions impair performance, highlighting the crit

ical role of dynamic, task-dependent interareal communication in categorical decisions.

INTRODUCTION

Humans and nonhuman animals alike rely on the ability to 

perceive, represent, and manipulate numerical and quantitative 

information to navigate their environment. Quantitative cate

gories, such as the number of items in a set, its numerosity, 

enable essential cognitive functions including foraging, social in

teractions, and decision-making.1 The capacity to discriminate 

and compare quantities underlies more complex mathematical 

reasoning and problem-solving, making numerical cognition a 

fundamental aspect of adaptive behavior.2,3

The parieto-frontal network, encompassing regions such as the 

intraparietal sulcus (IPS) in the posterior parietal cortex and pre

frontal cortex (PFC), plays a pivotal role in processing numerical in

formation.4–11 In macaques, neurons within the ventral intraparietal 

area (VIP) and PFC exhibit tuning to visual numerosity, suggesting 

a direct encoding of quantity.12–18 This information subsequently, 

with a temporal delay, appears in the PFC, where it is integrated 

with other cognitive processes to support working memory and 

guide decision-making.19–22

Despite known anatomical connections between posterior pa

rietal cortex and PFC,23,24 the functional connectivity between 

VIP and PFC, as well as the directionality of information flow, 

has not been directly tested. The fronto-parietal network provides 

a flexible communication channel supporting attention, working 

memory, and decision-making. Previous studies using synchroni

zation measures (e.g., coherence, phase locking, correlation dy

namics) have shown that coordinated activity between prefrontal 

and parietal regions enables integration of sensory evidence with 

executive control, supporting both bottom-up and top-down pro

cesses.25–30 If parieto-frontal communication is critical for numer

ical cognition, these interactions should be robust during correct 

delayed judgments and break down during errors.

We tested and extended this hypothesis in monkeys performing 

a delayed number-matching task by examining simultaneously re

corded parieto-frontal neuron populations using time-lagged ca

nonical correlation analysis (CCA), a dimensionality reduction 

technique that identifies shared population activity patterns be

tween two brain areas.31 CCA extracts linear combinations of 

neuronal activity—canonical dimensions—that are maximally 

correlated across areas. Unlike traditional synchronization mea

sures, it identifies the specific population subspaces mediating in

ter-areal communication and, by systematically introducing tem

poral lags, reveals the structure and directionality of interactions: 

feedforward signaling occurs when activity in an upstream area 

precedes correlated activity in a downstream area, and feedback 

occurs in the reverse direction. We used this approach to investi

gate how VIP and PFC communicate during numerical judgments, 

providing new insights into the neural mechanisms of numerical 

cognition and highlighting the critical role of intact parieto-frontal 

communication for cognitive performance.

RESULTS

Two rhesus monkeys performed a delayed match-to-sample 

task in which they matched the number of dots in visual arrays 
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(Figure 1A).20 Sample displays contained 1–4 dots, and test dis

plays contained 1–5 dots. To control for low-level visual features, 

half of the trials used a standard protocol (dots of random size 

and location) and half used a control protocol (constant overall 

dot density and area across numerosities). Each trial began 

when the monkey grasped a response bar and maintained fixa

tion on a central target. Sample numerosities were presented, 

followed by a delay period. During up to three sequential test 

phases (test1–test3), the monkey released the bar for matching 

numerosities and withheld responding for nonmatching numer

osities. Test phases were presented pseudo-randomly, resulting 

in four trial types, and sample numerosities and trial types were 

balanced across trials.

Behavioral performance

Both monkeys mastered the task, with mean performance 

across sessions significantly above chance level of 25% (mon

Figure 1. Task protocol, behavioral perfor

mance, and recording sites 

(A) Monkeys performed a delayed match-to- 

sample task with dot arrays. Each trial began 

when the monkey grasped a response bar and 

maintained fixation on a central target. Sample 

numerosities (1–4) were presented, followed by a 

delay period. During up to three sequential test 

phases (test1–test3), the monkey released the bar 

for matching numerosities and withheld respond

ing for nonmatching numerosities (1–5). Test 

phases were pseudo-randomly presented, re

sulting in four trial conditions. Reproduced from 

Machts et al.20

(B) Behavioral performance of the two monkeys 

for sample numerosities 1–4. Functions show the 

probability of judging test displays as matching 

the sample numerosity (four colors, solid lines). 

Peaks indicate correct matches, while data points 

in the flanks reflect errors to nonmatching nu

merosities. The black dotted line shows the 

average performance across sample numer

osities. Error bars (very small) represent SEM 

across sessions. 

(C) Schematic diagram of the lateral macaque 

brain showing recording sites in PFC (blue) and 

VIP (red). 

IPS, intraparietal sulcus; PS, principal sulcus; 

SAR, superior arcuate sulcus; IAR, inferior arcuate 

sulcus.

key 1: 27 sessions, 61.32 ± 1.36%, 

p < 0.001; monkey 2: 33 sessions, 

60.95 ± 0.58%, p < 0.001, Binomial 

test). To assess their ability to identify 

the correct matching numerosity, behav

ioral performance functions were 

computed for each session, reflecting 

the probability of judging test numerosi

ties as equal to the sample. For all sample 

numerosities, both monkeys selected the 

correct numerosity more frequently than 

nonmatches and exhibited clear numeri

cal size and distance effects indicative of the approximate num

ber system (Figure 1B).12,32,33

Canonical correlation analysis

While the monkeys performed the delayed matching task, we 

simultaneously recorded neuronal activity in dorsolateral PFC 

(dlPFC) and VIP of the intraparietal sulcus (60 sessions), brain 

areas known to represent numerical information.8 Single-neuron 

numerosity tuning from this dataset has been reported previ

ously.20 Here, we focused on analyzing network interactions be

tween VIP and PFC populations.

To investigate population-level interactions, we applied CCA, a 

dimensionality reduction approach extracting activity patterns in 

one area that are maximally predictive of activity in the other 

(Figure 2).29 To enhance data robustness, we analyzed voltage- 

thresholded multi-unit activity (MUA) recorded simultaneously 

from multiple electrodes in PFC and VIP. Of the initial 60 sessions, 
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we included only those with at least four recording sites per brain 

area and a minimum of 50 correct and 50 error trials, pooling ses

sions across numerosities and protocol types (standard vs. con

trol). Using these criteria, 43 sessions were retained for analysis.

To characterize how activity in one area relates to activity in the 

other across time lags, we applied CCA to population activity 

vectors from the PFC and VIP, introducing temporal shifts be

tween them.29 Since these areas are reciprocally connected, 

with VIP anatomically upstream of PFC, and because prior 

work shows that neuronal responses and selectivity in VIP lead 

those in PFC,17,19,34 we set the maximum time lag to ±40 ms.

We computed a population correlation function (CCA-derived 

correlation as a function of time lag) across task epochs, from fix

ation through sample presentation and into the working memory 

delay. Subsequent Test periods were excluded from analysis 

due to confounding motor responses. This yielded a two-dimen

sional population correlation map of the coefficients (Figure 3B).

VIP activity was most strongly correlated with later PFC 

activity in correct trials

We first examined network interactions based on population cor

relations during correct trials (Figure 3). Because CCA is sensi

tive to trial count, we equalized the number of trials across ses

sions, which allowed us to compute reliable averages (see STAR 

Methods). Figure 3B shows the average VIP-PFC population 

correlation map for correct trials.

During the pure fixation period, correlations were absent and 

did not reach the significance threshold (p < 0.05, two-sided; 

below the 97.5th percentile of the shuffled distribution), indicating 

chance-level interactions between VIP and PFC. Shortly after 

sample onset, however, correlation coefficients rose signifi

cantly above chance (as indicated by the yellow colors in 

Figure 3B), with higher values for positive (i.e., VIP leading 

PFC) than negative lags (right side of the surface plot in 

Figure 3B). This indicates that VIP activity was most strongly 

Figure 2. Canonical correlation analysis 

captures population-level interactions be

tween neurons 

In this example, VIP (red, left) and PFC (blue, right) 

multi-unit activity (MUA) were recorded simulta

neously from three electrodes per area. Each cir

cle represents population activity on a single trial; 

for each VIP activity point, a corresponding PFC 

point exists. Red axes indicate the first pair of 

canonical dimensions identified by CCA. Corre

lating VIP and PFC activity projected onto these 

dimensions yields a population correlation coeffi

cient (bottom). 

After Semedo et al.29

correlated with later PFC activity, consis

tent with feedforward interaction (until 

∼200 ms after sample onset). Population 

correlations remained significant, though 

lower, until the end of the sample period; 

however, they did not maintain feedfor

ward dominance during the later phase 

(400–700 ms). Although correlations 

declined during the delay, they stayed consistently above 

chance, indicating ongoing communication between VIP and 

PFC across time lags throughout the task.

We quantified the lag at which canonical correlations peaked 

for each time bin using a centroid-based estimation 

(Figure S1). For each peak, the centroid (center of mass) was 

computed relative to zero lag to provide a quantitative measure 

of delays. The centroid was calculated over the range corre

sponding to the 95th percentile of correlation values around the 

peak. During the very early sample period, before neurons re

sponded to the stimulus due to their response latency, correla

tion maxima were near zero lag. Once response latency was ex

ceeded and neurons became active, the maxima shifted 

systematically toward positive lags, peaking around +10 ms, 

consistent with feedforward dominance from VIP to dlPFC. At 

the sample-to-delay transition, correlation maxima returned 

near zero and remained centered throughout the delay, indi

cating balanced bidirectional coupling without a consistent 

lead-lag relationship.

VIP dominance at the onset of the sample

We addressed feedforward and feedback projections function

ally by analyzing the direction and structure of correlated popu

lation activity across time lags. Feedforward interactions were 

defined as stronger correlations when VIP led PFC (positive 

lags), whereas feedback interactions were defined as stronger 

correlations when PFC led VIP (negative lags). These analyses 

were performed across different task epochs (fixation, sample, 

and delay), and first for correct trial conditions.

To quantify VIP-PFC communication directionality, we calcu

lated the area under the positive-lag curve (AUCfeedforward, 

Figure 3C) as a measure of VIP-to-PFC feedforward correlation, 

and the area under the negative-lag curve (AUCfeedback, 

Figure 3A) for PFC-to-VIP feedback, using a sliding-window 

approach at each time step (see STAR Methods). Both 
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Figure 3. VIP-PFC interactions for correct trials 

(A) The area under the feedback sides (AUC, negative lag, PFC → VIP) of the population correlation map (from (B), left half) is shown for correct match trials at all 

time points. Time 0 is the onset of the sample stimulus, indicated by the gray shaded area. The colored shaded area indicates SEM (N = 43 sessions). The dashed 

horizontal line depicts the significance threshold, which is set to p < 0.05 (two-sided). 

(B) Averaged population correlation coefficients at all trial times and lag times during correct match trials (N = 43 sessions). The horizontal axis represents the time 

lag between brain areas (t1 − t2), and the vertical axis represents time relative to sample onset. White horizontal lines indicate the duration of the fixation, sample, 

delay, and test1 periods. The dashed vertical line indicates zero-lag population correlations (t1 = t2; see Figure S1A). White areas denote times for which pop

ulation correlations could not be computed; that is, the PFC activity window had reached either the beginning or the end of the trial. The red boundary indicates 

the significance threshold, which was set to p < 0.05 (two-sided). 

(C) Area under the feedforward sides (AUC, positive lag, VIP → PFC) of the population correlation map (from (B), right half) for correct match trials at all time points. 

Same layout as in (A). 

(D) Feedforward ratio at all time points for correct trials. The feedforward ratio is defined as the difference between the areas under the feedforward (positive lag, 

(A)) and feedback (negative lag, (C)) sides of the population correlation function, divided by their sum. Shaded area indicates SEM (N = 43 sessions). The dashed 

vertical lines indicate the significance threshold set to p < 0.05 (two-sided).
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feedforward and feedback AUC values remained significantly 

above chance from sample onset through the end of the delay 

period.

To quantify directional dominance—whether communication 

was more feedforward or more feedback—we contrasted 

AUCfeedforward and AUCfeedback and computed a feedforward ra

tio (Figure 3D). The feedforward ratio is defined as the difference 

between the area under the positive-lag curve (AUCfeedforward; 

Figure 3C) and the area under the negative-lag curve 

(AUCfeedback; Figure 3A), divided by their sum at each time step 

(see STAR Methods).

Significant VIP dominance emerged shortly after sample onset 

(0.018 ± 0.005; 97.5th percentile: 0.010) and persisted until 

∼200 ms (0.012 ± 0.004; 97.5th percentile: 0.009), indicating pre

dominantly feedforward communication from VIP to PFC. 

Beyond this window, neither area showed significant directional 

dominance during the later sample period or the subsequent 

delay.

Main interaction patterns were qualitatively consistent across 

animals. In both monkeys, VIP‾dlPFC correlations were stron

gest during the sample period, showing transient feedforward 

VIP-to-dlPFC dominance around stimulus onset, followed by 

balanced bidirectional coupling during the delay (Figure S2). 

Correlation magnitudes varied, but the temporal structure and 

directionality were similar across subjects.

Inter-areal communication specific to numerical 

information

To test whether the observed inter-areal communication was 

specific to numerical information rather than reflecting nonspe

cific recurrent or bidirectional dynamics, we repeated the canon

ical correlation analysis as a function of neuronal numerosity 

selectivity (Figure 4). Each recording site was categorized as nu

merosity sample-selective, numerosity delay-selective, or nu

merosity unselective using a one-way ANOVA with the factor 

numerosity (1–4; p < 0.01).20 Note that some MUAs were selec

tive during both the sample and delay periods.

Across VIP and dlPFC, the majority of recording sites showed 

numerosity selectivity during either the sample or delay period 

(VIP: 151/257; dlPFC: 205/270), whereas a smaller fraction did 

not exhibit task-related selectivity (VIP: 106/257; dlPFC: 65/ 

270). The distribution of selectivity classes across cortical areas 

is shown in Figure 4D.

Inter-areal population correlations were driven by numerosity- 

selective units. Correlations were strongest for sample-selective 

MUAs (Figure 4A), followed by weaker VIP-dlPFC correlations for 

delay-selective MUAs. (Figure 4B) In contrast, correlations were 

virtually absent for non-selective MUAs (Figure 4C). Feedforward 

directionality for numerosity-selective neuron groups was 

similar.

To further quantify the contribution of task-selective neuronal 

populations to inter-areal coordination, we computed mean 

population correlation values across time lags for each selec

tivity class (Figure 4E). Sample-selective MUAs showed signifi

cantly higher mean population correlation values than non-se

lective MUAs during sample presentation and the subsequent 

delay period (p < 0.05, Mann-Whitney U test, two-sided). Mean 

correlation values for delay-selective MUAs were lower overall 

but did not differ significantly from those of sample-selec

tive MUAs.

Importantly, weaker inter-areal correlations in non-selective 

MUAs cannot be explained by population size. In VIP, where 

selectivity groups were similar in number (Figure 4D), non-selec

tive MUAs still showed markedly lower correlations. Delay-se

lective MUAs also exceeded non-selective correlations despite 

comparable numbers. Overall, these results indicate that VIP- 

dlPFC communication is specific to numerical information, rather 

than reflecting nonspecific recurrent or bidirectional dynamics.

Interaction breakdown in error trials during the late 

delay period

Next, we analyzed balanced numbers of error trials from the 

same sessions. Error trials were defined exclusively as incorrect 

behavioral decisions, namely failures to release the bar on match 

trials or erroneous releases on non-match trials. Trials with fixa

tion breaks, premature responses, or aborted trials were 

excluded from all analyses.

Figure 5B shows the average VIP-PFC population correlation 

map for error trials. As in correct trials, correlations during fixa

tion remained below significance (p < 0.05, two-sided; below 

the 97.5th percentile of the shuffled distribution). Shortly after 

sample onset, correlation coefficients rose significantly above 

the 97.5th percentile of the shuffled distribution. Correlations 

were higher for positive than negative lags, indicating again feed

forward dominance (VIP leading PFC) after sample onset. Sub

sequently, correlations were balanced on the positive and nega

tive lag sides, eliminating clear lag dominance. This balance 

between positive and negative lags persisted throughout the 

delay period. Notably, in error trials, population correlations 

dropped below chance at the end of the delay for both positive 

and negative lags (Figure 5B), whereas correlations in correct tri

als remained consistently above the significance threshold 

(p < 0.05; Figure 3B).

Interaction differences between correct and error trials

We examined the relative differences (percentage change) in ca

nonical correlation values between correct and error trials for 

each monkey (Figure S3). In both animals, correlations were 

higher for correct trials near the end of the sample period and 

during the late delay. While the magnitude of these differences 

varied across monkeys, the temporal profile and direction of cor

rect-error modulation were consistent. These results indicate 

that the reduction of inter-areal coupling during error trials is a 

reliable phenomenon across subjects.

Next, we compared overall correlation strength between cor

rect and error trials. We computed the percent difference be

tween the population correlation maps of correct and error trials 

(Figure 6A). No differences were present in the pure fixation 

period. However, significant correlation differences emerged 

for positive time lags at the beginning of the sample period and 

for all time lags exceeding 10% at the end of the sample and 

the end of the delay period. Statistical significance was 

confirmed with a binwise two-sided Wilcoxon signed-rank test, 

indicated on the map in Figure 6A by a red line (p < 0.05).

To complement this analysis, we calculated a mean popula

tion correlation function, averaging correlations across all time 
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Figure 4. Numerosity-selective neuronal populations contribute to VIP-dlPFC population correlations 

(A) Averaged population correlation coefficients across all trial and lag times for sample-selective MUAs. Analyses include correct trials only. Layout matches 

Figure 3B. The corresponding feedforward ratio at all time points is shown at the bottom. 

(B) Averaged population correlation coefficients across all trial and lag times for delay-selective MUAs. Layout as in (A). 

(C) Averaged population correlation coefficients across all trial and lag times for non-selective MUAs. Layout as in (A). 

(D) Distribution of task-selective MUAs in VIP and dlPFC. Pie charts show the proportion of sample-selective, delay-selective, and non-selective MUAs in VIP (left) 

and dlPFC (right). Some MUAs were selective in both periods (dashed shading). Non-selective MUAs showed no significant modulation in either epoch. 

(E) Mean time-resolved population correlations for correct trials, shown by selectivity class: sample-selective (magenta), delay-selective (green), and non-se

lective (gray). Mean correlations represent the average across all time lags between brain areas (t1 − t2). Time 0 corresponds to sample onset. The magenta bar at 

the top marks time bins where sample-selective MUAs differ significantly from non-selective MUAs (p < 0.05, two-sided Mann-Whitney U test). The green bar at 

the top marks time bins where delay-selective MUAs differ significantly from non-selective MUAs (p < 0.05, two-sided Mann-Whitney U test). Dark shading 

indicates SEM.
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Figure 5. VIP-PFC interactions for error trials 

(A) The area under the feedback sides (AUC, negative lag, PFC → VIP) of the population correlation map (from (B)) is shown for error trials at all time points. Time 

0 is the onset of the sample stimulus, indicated by the gray shaded area. The colored shaded area indicates SEM (N = 43 sessions, same sessions and scaling as 

in Figure 3). The dashed horizontal line depicts the significance threshold, which is set to p < 0.05 (two-sided). 

(B) Averaged population correlation coefficients at all trial times and lag times during error trials (N = 43 sessions, same sessions and scaling as in Figure 3). The 

dashed vertical line indicates zero-lag population correlations (t1 = t2, see Figure S1B). Same layout as in Figure 3B. 

(C) The area under the feedforward sides (AUC, positive lag, VIP → PFC) of the population correlation map (from (B)) for error trials at all time points. Same layout 

as in (A). 

(D) Feedforward ratio at all time points for error trials. Same layout as in Figure 3D.
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Figure 6. VIP-PFC interaction differences between correct and error trials 

(A) The difference in percent between the population correlation coefficient maps of correct and error trials (N = 43 sessions, from Figures 3B and 5B). Same layout 

as in Figure 3B. The red boundary indicates the results of the bin-wise Wilcoxon signed-rank test (p < 0.05, two-sided). 

(B) Mean time-resolved population correlations for correct trials. The mean population correlation refers to the average of all population correlations across all 

time lags between brain areas (t1 − t2). Time 0 is the onset of the sample stimulus indicated by the gray shaded area. The dark shaded areas indicate SEM (N = 43 

sessions). The dashed horizontal line depicts the significance threshold set to p < 0.05 (two-sided). Red bars on the top of the subplot indicate significant dif

ferences between the mean correlation coefficients per time bin for error trials ((C), p < 0.05, Wilcoxon signed-rank test, two-sided). 

(C) Mean population correlations for error trials. Red bars on the top of the subplot indicate significant differences between the mean correlation coefficients per 

time bin for correct trials ((B), p < 0.05, Wilcoxon signed-rank test, two-sided). Same layout as in (B). 

(D) The absolute difference between the mean population correlations of correct and error trials (N = 43 sessions, from (B) and (C)). The dashed horizontal line 

depicts the difference between the shuffled distributions of correct and error trials. Same layout as in (B).
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lags between brain areas (− 40 to +40 ms). These functions were 

computed separately for correct (Figure 6B) and error trials 

(Figure 6C) and compared using a binwise two-sided Wilcoxon 

signed-rank test. Consistent with previous results, correlations 

were significantly higher in correct trials at the end of the sample 

presentation (500–680 ms) and during the later delay phase 

(1260–1440 ms). The difference between the two functions (cor

rect − error) and the significant difference periods are shown in 

Figure 6D. A similar picture emerged for zero-lag population cor

relations in correct and error trials (Figure S4). These results indi

cate that stronger and sustained VIP-PFC population correla

tions, particularly at the end of the sample and delay periods, 

are associated with correct numerical judgments, whereas 

weakened or disrupted correlations characterize error trials.

DISCUSSION

In this study, we examined how neuronal populations in VIP and 

dlPFC interact during numerical working memory using CCA. 

Our results show that parieto-frontal communication is dynamic 

and task-dependent: during stimulus presentation, VIP activity 

predicted later PFC activity, consistent with a feedforward influ

ence. This early dominance transitioned into balanced bidirec

tional communication, which persisted across the delay period. 

Inter-areal population correlations were driven almost exclu

sively by numerosity-selective neurons, particularly sample-se

lective units and, to a lesser extent, delay-selective units. In 

contrast, non-selective MUAs showed negligible correlations 

across time lags. These results indicate that the reported inter- 

areal communication is specific to numerical information, rather 

than reflecting nonspecific recurrent or bidirectional dynamics 

related to attention or task engagement. Critically, the strength 

and persistence of these correlations distinguished correct 

from error trials, suggesting that intact VIP-PFC interactions 

are necessary for accurate numerical judgments.

Population-level insights with CCA

By using CCA, we were able to reveal population subspaces that 

mediate VIP-PFC communication, going beyond traditional syn

chronization measures. Most previous studies of fronto-parietal 

communication have relied on synchronization measures (e.g., 

coherence, phase locking, or correlation dynamics) to charac

terize large-scale coupling between brain regions.23–28 These 

approaches demonstrate that oscillatory coupling and spike- 

field coherence carry task-relevant information and reflect the 

balance of top-down and bottom-up signaling. However, such 

measures typically assess coupling at the level of individual elec

trodes, frequency bands, or spike-field relations, without directly 

probing the population activity subspaces through which feed

forward and feedback signals are exchanged.

By contrast, Semedo et al.29 introduced a dimensionality 

reduction framework based on CCA that extracts the popula

tion-level patterns of activity in one area that are maximally pre

dictive of activity in another. Crucially, they showed that feedfor

ward and feedback interactions recruit different, largely 

orthogonal subspaces of population activity, implying that infor

mation is routed via distinct channels depending on interaction 

direction. Applying this method to parieto-frontal circuits ex

tends prior work35 by moving beyond simple synchronization 

strength to reveal how population-level communication is struc

tured, temporally directed, and functionally segregated between 

feedforward and feedback signals.

Feedforward dominance at stimulus encoding

The transient feedforward dominance from VIP to PFC shortly af

ter sample onset aligns with anatomical and physiological evi

dence that the intraparietal sulcus provides an initial source of 

numerical information to prefrontal cortex.17 The feedforward 

lags are consistent with physiological conduction delays. The 

∼10 ms VIP response lead over dlPFC after presentation of nu

merosity stimuli aligns with our previous findings of +11 ms (Fig

ure 9 in Merten et al.32) and +13 ms (Figure S6 in Jannasch 

et al.33). Similar feedforward dynamics have been observed for 

perceptual and attentional signals in parieto-frontal net

works.23,26 Our findings suggest that numerical information is 

initially extracted in parietal cortex and transmitted to PFC for 

further evaluation and integration into working memory 

representations.

Recurrent parieto-frontal loops during maintenance

After the initial feedforward phase, correlations remained signif

icant but showed no consistent dominance of VIP or PFC. This 

balance suggests that working memory relies on recurrent 

communication between parietal and prefrontal cortex rather 

than exclusively on PFC maintenance mechanisms.19 This view 

is supported by models of distributed working memory, which 

propose that prefrontal activity is stabilized and reinforced 

through reciprocal interactions with posterior cortical re

gions.28,36–38 Our findings provide direct evidence at the popula

tion level that recurrent VIP-PFC interactions support the mainte

nance of numerical information over memory delays.

Breakdown of communication in error trials

A key finding is that error trials were associated with a break

down of VIP-PFC correlations at the end of the delay, a phase 

critical for transforming maintained representations into decision 

signals. This disruption suggests that errors arise not merely 

from weak tuning within areas but from failures in interareal co

ordination. Similar communication failures have been reported 

in parieto-frontal networks during attentional lapses27 and 

impaired decision-making,24 pointing to a general mechanism 

whereby weakened long-range interactions undermine cognitive 

control and task performance.

Implications for numerical cognition and dyscalculia

These results extend current models of numerical cognition by 

demonstrating that accurate number judgments require not 

only numerosity-selective neurons but also intact communica

tion between parietal and prefrontal populations. The observed 

breakdown of communication in error trials suggests that numer

ical deficits, whether transient or chronic, may partly reflect 

impaired fronto-parietal interactions.

Our findings of disrupted or weakened VIP-PFC interactions 

during errors resonate with evidence from children with develop

mental dyscalculia, where atypical parieto-frontal connectivity 

has been consistently reported. Structural and functional 
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imaging studies show that children with dyscalculia exhibit 

altered connectivity within numerical brain networks, including 

both hyperconnectivity during arithmetic tasks39 and abnormal 

anatomical graph-theoretical properties.40 Importantly, these 

aberrant connectivity patterns are not static: targeted numerical 

interventions can normalize functional hyperconnectivity,41 and 

more recent work demonstrates altered effective connectivity 

specifically in dyscalculic children.42 Longitudinal evidence 

further suggests that mathematical learning deficits originate 

from atypical development of a fronto-parietal brain network 

early in childhood.43 Taken together, these human data align 

with our observation that successful task performance depends 

on strong and sustained VIP-PFC communication, supporting 

the idea that disrupted fronto-parietal interactions constitute a 

core neural mechanism underlying both transient errors in pri

mates and persistent numerical learning difficulties in humans.

Current treatments for developmental dyscalculia rely largely 

on extensive behavioral training, often with limited success. A 

macaque model could provide a valuable platform for testing 

pharmacological interventions aimed at strengthening network 

connectivity. Both the parietal association cortex and the dorso

lateral prefrontal cortex (dlPFC) rely heavily on neuromodulatory 

mechanisms. For example, activation of muscarinic M1 recep

tors (M1Rs) enhances dlPFC circuit function by modulating 

neuronal excitability through KCNQ potassium channels. This 

mechanism supports working memory in primates.44 Cholinergic 

modulation likely interacts with other neuromodulatory systems, 

including dopamine and norepinephrine. These systems also 

shape dlPFC persistent activity and network stability.45–47

Although speculative, M1R agonists such as xanomeline may 

enhance VIP-dlPFC communication. The macaque model might 

be suitable for testing such interventions.

Limitations of the study

A limitation of our study is that time-lagged canonical correlation 

analysis does not provide direct evidence of causal information 

flow between VIP and dlPFC. The observed temporal asymme

tries are consistent with feedforward VIP-to-dlPFC communica

tion but could in principle also arise from a third area projecting to 

both regions with different delays. For instance, neurons in the 

medial temporal lobe of humans, such as parahippocampal 

area and hippocampus, also contain numerosity-selective neu

rons.48–50 While VIP-dlPFC interactions carry numerical informa

tion, future studies using causal manipulations, such as targeted 

inactivation or optogenetic perturbation, are needed to establish 

the functional influence of VIP on dlPFC.

We note that time-lagged canonical correlation analysis bene

fits from large simultaneously recorded populations, whereas 

our recordings included an average of 6.0 ± 0.2 sites in VIP 

and 6.3 ± 0.2 sites in dlPFC per session (43 sessions total). All an

alyses were based on multi-unit activity, which pools spiking 

from multiple neurons per electrode and increases robustness. 

The relatively modest population size may contribute to the lower 

canonical correlation values (∼0.3) compared to larger-scale 

tCCA studies (e.g., Semedo et al., 2022).29 Nevertheless, the 

temporal structure, task selectivity, and inter-areal patterns 

were consistent across sessions and animals, supporting the 

validity of our conclusions.

Future work should test causal links between parieto-frontal 

communication and numerical behavior using perturbation 

methods or causal modeling. Extending this work to develop

mental trajectories will also be critical, as fronto-parietal connec

tivity supporting numerical cognition emerges gradually during 

childhood and undergoes refinement with learning.41 Bridging 

primate neurophysiology with human neuroimaging could help 

identify conserved network mechanisms and, in turn, inform in

terventions for disorders such as developmental dyscalculia. 

More broadly, our approach illustrates how analyzing popula

tion-level communication between higher cortical areas can 

reveal principles of cognitive control and working memory that 

generalize beyond numerosity processing.
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STAR★METHODS

KEY RESOURCES TABLE

EXPERIMENTAL MODEL AND PARTICIPANT DETAILS

Subjects

Two male adult rhesus monkeys (Macaca mulatta) were implanted with two recording chambers each, centered over the principal 

sulcus in the dorsolateral prefrontal cortex (PFC) and the intraparietal sulcus (IPS) in the posterior parietal cortex (monkey 1 and mon

key 2, both left hemisphere). Chamber implantation was guided by anatomical magnetic resonance imaging (MRI) and stereotaxic 

measurements. All surgeries were performed under sterile conditions while the monkeys were under general anesthesia. The mon

keys received postoperative antibiotics and analgesics. All procedures were performed in accordance with the guidelines for animal 

experimentation. All experimental procedures had been ethically reviewed and approved and were regulated and supervised by the 

national authorities, the Regierungspräsidium Tübingen, Germany.

METHOD DETAILS

Experimental apparatus and stimuli

Monkeys were seated inside primate chairs in a chamber 57 cm away from a 15′′ flat screen monitor (with a resolution of 1,024 by 768 

pixels and a refresh rate of 75 Hz). The NIMH Cortex software (Bethesda, MD) was used to present the stimuli and behavioral data 

acquisition. The monkeys’ eye gaze was tracked by an infrared eye tracking system (ISCAN, Cambridge, MA).

We used random dot arrays as numerosity stimuli ranging between 1 and 5 dots (diameter range from 0.5◦ to 0.9◦ of visual angle). 

Each unique dot pattern was presented on a gray background circle subtending 5.4◦ of visual angle and was used as sample and test 

stimulus. A custom-written MATLAB (The Mathworks, Natick, MA) program generated the stimuli anew before each recording ses

sion to prevent the monkeys from memorizing stimulus sequences. Sample and test stimulus of the same countable numerosity were 

never identical within a trial and session. In order to control for low-level, non-numerical visual features in half of the trials, dot diam

eters were selected randomly (standard protocol). In the other half of the trials, dot density and total occupied area were equated 

across stimuli (control protocol). Trials of the standard and control protocol were pseudo-randomly and unpredictably presented.

Behavioral protocol

We trained two macaque monkeys on a modified version of the delayed match-to-numerosity task in which the monkeys had to 

match test numerosities to sample numerosities (see Machts et al.20). Nonmatching numerosities that were presented between sam

ple and matching test stimulus had to be ignored. Up to three sequential numerical nonmatches were presented, i.e., the task con

sisted of up to three test phases and in each test phase the right or wrong numerosity could occur. A trial was initiated from the mon

keys by grabbing a bar and maintaining eye fixation within 3.5◦ of visual angle of a central white dot. Trials were immediately aborted 

(blue screen appears) and excluded from further analysis if the animals broke fixation. At first, a gray circular background was shown 

for 500 ms (pure fixation period). Subsequently, the sample stimulus containing 1 to 4 dots appeared for 600 ms. This sample stimulus 

had to be memorized over a delay of 1000 ms (again gray background circle) and had to be compared in a following sequence of test 

numerosities. Each test stimulus was presented for 800 ms with a 100 ms delay between each other. For the case that the numerosity 

in test stimulus was same as in the sample (match situation, 1–4), monkeys had to respond with a bar release. If the numerosities were 

different (nonmatch situation, 1–5), the animals continued to hold the bar. A nonmatch numerosity was never shown twice per trial. 

Sample numerosities and trial types (i.e., if no nonmatch, one nonmatch, two nonmatch or three nonmatch numerosities were 

REAGENT or RESOURCE SOURCE IDENTIFIER

Experimental models: Organisms/strains

Macaca mulatta German Primate Center, Göttingen www.dpz.eu

Software and algorithms

NIMH Cortex National Institute of 

Mental Health

https://www.nimh.nih.gov/labs-at-nimh/research- 

areas/clinics-and-labs/ln/shn/software-projects. 

shtml

MAP Data Acquisition System Plexon https://plexon.com/

MATLAB R2020b MathWorks https://www.mathworks.com

MATLAB code MathWorks https://doi.org/10.6084/m9.figshare.31235425
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presented) were balanced across conditions and displayed with equal probability (25% each, pseudo-randomly intermixed). Thus, 

monkeys could not predict when or whether the match stimulus would appear. Correct decision per trial was rewarded with a drop of 

water. In 25% of the trials, when presenting three nonmatch numerosities in sequence, monkeys were rewarded when holding the bar 

throughout the whole trial until display-offset. Since the number of trials a monkey can perform during an experimental session is 

limited (on average monkey 1 completed 483 trials and monkey 2 534 trials), not all possible combinations of sample (1–4) and 

test numerosities (1–5) could be presented. Therefore, a predefined collection of 64 unique sample-test-combinations was shown.

Neurophysiological recordings

In each session, arrays of up to eight glass-coated 1 MΩ tungsten microelectrodes (Alpha Omega LTD, Israel) were inserted in each 

recording chamber using custom-made screw microdrives and a grid (Crist Instruments, USA) with 1 mm spacing. To access the IPS, 

electrodes were passed along the course of it to a depth of 9–10 mm. A MAP Plexon system was used for signal acquisition, ampli

fication, filtering and digitalization. Multi-unit selection was performed offline by adjusting a threshold that separates noise from 

neuronal activity (Plexon Systems, USA).

QUANTIFICATION AND STATISTICAL ANALYSIS

Data analysis

To focus on network interactions, we analyzed thresholded multi-unit activity (MUA) rather than single-unit activity, using one MUA 

trace per electrode (up to eight per area). Across 43 sessions, an average of 6.0 ± 0.2 sites were recorded per session in VIP and 6.3 ± 

0.2 in dlPFC. Using MUA increases robustness by pooling spikes from multiple neurons per electrode and allowed us to correlate the 

full population activity between areas for all trials. Electrodes with an average firing rate below 0.5 spikes/s across trials were 

excluded from subsequent analyses.

All values in the main text and figures refer to the mean ± SEM. SEM was calculated as the standard deviation divided by the square 

root of the number of samples.

To ensure that our analysis was not contaminated by motor activity, we analyzed the network interactions between PFC and VIP 

just until the end of the delay period, i.e., the following analyses considered the fixation (500 ms), sample (600 ms) and delay period 

(1000 ms). We set a criterion of at least 50 recorded trials per correct and error trials, respectively. Furthermore, we used just sessions 

with at least four intact electrodes per brain area in order to capture robust brain interactions. 43 of 60 sessions fulfilled this criterion 

(12 sessions from monkey 1, 31 sessions from monkey 2).

Population correlation analysis

The population correlation analysis closely follows the description provided by Semedo et al.29 However, instead of single-unit ac

tivity, we correlated the entire recorded neuronal activity (multi-unit activity) of the inserted electrodes (freed from noise). To capture 

the relationship between neuronal activity across the two brain areas, we filtered out the ‘mean signal’ across the trials. To do this, we 

first z-scored the multi-unit activity and then subtracted the corresponding peri-stimulus time histogram (PSTH), resulting in residual 

activity. This process was repeated for each electrode separately, without considering the different sample sizes and protocols as 

individual groups. We then used CCA to identify pairs of dimensions in each brain area such that the correlation between the pro

jected activity onto these dimensions is maximized. This can be described by the following formula:

argmax
a;b

corr(Xa;Yb);

where X is a n×px matrix containing the residual activity of the VIP population, Y is a n×py matrix containing the residual activity of the 

PFC population, n represents the number of data points, and px and py are the number of electrodes in each of the two areas. The 

vectors a and b are one-dimensional and define dimensions in the population activity space of each area. CCA can identify additional 

pairs of dimensions by searching for vectors that maximize the same correlation, provided they are uncorrelated with the initial pair of 

canonical variables. However, our CCA identified just one pair of dimensions with significant population correlations, since the cor

relation values of the second canonical pair were, on average across all tested sessions, around 80% lower (correct trials: 78.1 ± 

2.26%; error trials: 76.9 ± 2.45%; N = 43 sessions). Therefore, we only considered the first canonical pair for our analyses.

To measure population correlations at different time points, we defined two time windows with a length of 160 ms in each area. 

These time windows with the starting times t1 and t2 relative to trial onset were slide in 20 ms steps along the trial length. While doing 

this we additionally shifted both windows against each other with a maximal lag of ±40 ms in 1 ms steps (d = t1 - t2) to compute pop

ulation correlations at different lag periods. Thus, defining the time within the trial as t = t1, each entry in the population correlation can 

described as follows:

C(t;d) = P(t; t + d) = max
a;b

corr(X ta;Y t + db);

Due to the relatively small number of trials per recording session (at least 50 trials per group; see above), we counted the spikes in 

each time window in non-overlapping 20 ms bins. This process resulted in a two-dimensional map containing the population corre

lation values for each time point and lag period. We created such maps separately for each recording session. To calculate the 
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population correlation maps for correct and error trials, we balanced the number of trials by setting a common value (50 trials) for each 

group. This process was repeated 25 times, with a different random subset of trials each time. The average of these 25 maps was 

taken as the final value for the respective session. Additionally, we calculated a null distribution for each session using the same pro

cedure described above, except that the neuronal activity was shuffled for each area and time window. This process was repeated 

500 times, and the resulting shuffled population correlation maps were used for a permutation test to determine whether the popu

lation correlation coefficient for each time bin could be explained by chance. The significance threshold was set to p < 0.05 (two- 

sided), meaning that the actual population correlation coefficient had to be greater than 97.5% of the values in the null distribution. 

We averaged the results across the 43 sessions that met our criteria and displayed the resulting population correlation map as a 

heatmap.

On the basis of population correlation maps, we computed for each session and each 20 ms time step a feedforward ratio in order 

to see at which time point the neuronal activity is more driven by a feedforward or feedback signal. The feedforward ratio is defined as 

follows:

Feedforward ratio = 
(AUCfeedforward − AUCfeedback)

(AUCfeedforward + AUCfeedback)
, where AUCfeedforward is the area under the positive-lag sides (or curve) of the popula

tion correlation map and AUCfeedback is the area under the negative-lag sides of the population correlation map. By creating a shuffled 

distribution, we were able to see which ratio was significantly above chance or not. To do this, we eliminated the correspondence 

whether the calculated population correlation coefficients belong to the negative or positive lag. We performed this process 500 

times and for each time bin separately. The significance threshold was set to p < 0.05 (two-sided). Furthermore, we compared 

the AUC values for the positive and negative lags between the correct and error trials by using a two-sided Wilcoxon signed-rank 

test. Analogous to what was described above, we used the shuffled distribution of population correlation maps to create a signifi

cance threshold (p < 0.05, two-sided).

Finally, we calculated mean population correlation functions which refer to the average of all population correlation functions 

across the time lags between the brain areas (− 40 ms till +40 ms). These functions were constructed for correct and error trials 

und compared by a two-sided Wilcoxon signed-rank test. For visualization, the differences between the functions were plotted.

Centroid-based lag estimation

To characterize the temporal structure of inter-areal correlations, we quantified the lag at which canonical correlations peaked for 

each time bin during correct trials. For each bin, the lag of the maximum CCA value was identified from the time-lagged correlation 

matrix. To assess the robustness of these lag estimates, we computed a centroid around each peak, defined as the range of lag 

values encompassing the 95th percentile of CCA values centered on the maximum. The centroid provides a measure of the temporal 

spread of the correlation peak and was used for visualization. All analyses used the same preprocessing and CCA parameters as in 

the main analyses.

Population correlation analysis for specific neuronal populations

To examine the contribution of numerosity-selective neuronal populations to inter-areal communication, we repeated the canonical 

correlation analysis after stratifying multi-unit activity (MUA) by task selectivity. MUAs were classified as sample-selective, delay-se

lective, or non-selective based on numerosity tuning during the sample and/or delay period, using the same criteria as our single-unit 

analyses (one-way ANOVA, factor numerosity, p < 0.01; see Machts et al.20). Neuronal responses during the sample period were 

quantified in a 600-ms window, shifted 100 ms after sample onset to account for typical visual response latency. Delay-period activity 

was analyzed in a 1000-ms window, shifted 100 ms after sample offset.

All recording sessions included in the main correct/error trial analyses were also used here. However, stratifying by selectivity re

duces the number of available MUAs per class. Therefore, the analysis required a minimum of one MUA per cortical area (VIP and 

dlPFC) and selectivity class per session, rather than the four-MUA minimum used in the main analyses.

MUAs selective during both sample and delay periods were included in both the sample- and delay-selective groups. Using this 

criterion, heatmaps of time-lagged CCA values were constructed from 43 sessions: 29 sessions with non-selective MUAs, 38 with 

sample-selective MUAs, and 40 with delay-selective MUAs. Apart from the adjusted inclusion criterion, the CCA procedure, prepro

cessing, and statistical analyses were identical to those in the main analyses.
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