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Abstract
Recently, analysis of differences in individual performance has provided evidence to support the
existence of sensorimotor number mechanisms. The individual difference technique assumes that
performance for stimuli processed by the same mechanism should be more correlated between indi-
viduals than are stimuli processed by different mechanisms. Here we replicated this finding and
generalized the results to other sensory modalities. We measured performance for the same partici-
pants on three different numerical tasks: a sensorimotor task (series of actions), a temporal numerosity
task (series of flashes) and a spatial numerosity task (array of dots). We then searched for tuning selec-
tivity within each task and between task pairs by analysing patterns of correlation between tested
numerosities. Correlation within each task showed tuning selectivity in all the three cases, with high
positive correlations for nearby target numbers that decreased with numerical distance, providing
psychophysical and physiological evidence for the existence of multisensory numerosity channels.
Cross-task correlations also suggested a shared tuning between the sensorimotor and temporal visual
numerosity, which points to channels responsible for performance in both visual and motor tempo-
ral number tasks. However, no shared tuning emerged between spatial visual numerosity and the
other two tasks, suggesting partially different patterns of encoding for temporal and spatial numeros-
ity. Taken together our results provide evidence for a similar functional architecture for the three
tasks tested here, but also imply that there is no full overlap of shared resources between numerosity
domains, suggesting at least partially separated mechanisms of encoding.
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1. Introduction

Humans and many other animals can roughly estimate the numerosity of
objects and events in the external environment: an approximate number system
(Dehaene, 2011; Feigenson et al., 2004). This system has been predominantly
investigated from a purely sensory perspective, leading to a consensus for
the existence of visual and auditory number selective neurons (Castelli et al.,
2006; Nieder, 2012, 2016; Piazza et al., 2004), mainly located in the parietal
and prefrontal cortex (Castaldi et al., 2019; Harvey et al., 2013; Piazza et al.,
2006) but also in the human medial temporal lobe (Kutter et al., 2018).

1.1. Motor and Sensorimotor Number Mechanisms

Recently, the investigation of numerosity has been extended to motor and sen-
sorimotor systems. In a seminal paper, Sawamura et al. (2002) discovered
motor cells in the monkey parietal cortex selectively tuned to the number of
self-produced arm actions. Some years later Kirschhock and Nieder (2022)
described sensorimotor cells in the crow brain translating visual numbers (dot
arrays and digits) into the corresponding number of actions (pecks). Unlike the
cells showed by Sawamura et al. (2002), these neurons were active when ani-
mals were programming the actions, between the disappearance of the sensory
instruction (visual digits and dot arrays) and the start of the motor routine (the
series of pecks). The same research group (Kirschhock and Nieder, 2023) went
on to show that number production in the crow obeys Weber Law (variability
scales linearly with stimuli intensity), a behavioral hallmark of the number
sense, previously found for the judgement of sensory numerosity in animals
and humans (Anobile et al., 2014; Feigenson et al., 2004; Ross, 2003).

Human psychophysics has also provided strong evidence for the existence
of sensorimotor number mechanisms, with adaptation and individual differ-
ences studies. Adaptation is a well-established tool to identify brain mech-
anisms involved in a task: post-adaptation perceptual distortion implies the
existence of neurons tuned to that (adapted) feature (Clifford and Rhodes,
2005; Thompson and Burr, 2009). Burr and Ross (2008) showed that after
a sustained presentation of a set of dots with high numerosity, the subse-
quent array was underestimated (and overestimated after adaptation to a few
dots). Arrighi et al. (2014) extended this phenomenon to cross-modal and
cross-format conditions. Adapting to streams of flashes affected the perceived
numerosity of series of flashes (same modality and format) but also of series
of tones (different modality, same format) as well as spatial visual arrays of
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dots (different modality and format), suggesting a generalised (spatiotempo-
ral) sensory number system.

Numerosity adaptation was then extended to the motor domain. Anobile
et al. (2016) showed that after a few seconds of fast up-down hand tapping
(motor adaptation) the numerosity of arrays of dots and sequences of flashes
presented near the adapted region was underestimated (while overestimated
after slow tapping). This evidence has been recently replicated (Yang et al.,
2024), expanded to auditory stimuli (Togoli et al., 2020), and demonstrated
to reflect a genuine sensory phenomenon (Maldonado Moscoso et al., 2020a).
Overall these results all point to the existence of a sensorimotor number system
(Anobile et al., 2021).

1.2. Sensorimotor Number Channels Revealed by Individual Differences

Sensorimotor number mechanisms have also been recently revealed by an
individual differences approach. This technique is based on the assumption
that performance (usually precision) for stimuli processed by the same mech-
anism should be more correlated between individuals than those stimulat-
ing different mechanisms (Peterzell and Kennedy, 2016): higher correlations
between intensity of neighbouring stimuli imply that the sets of stimuli are
processed by a shared channel. Channels will respond maximally to their pre-
ferred stimuli but will also be activated by neighbouring (slightly similar)
stimuli that are included within the response distribution. Conversely, rel-
atively lower correlations between more distant stimuli would indicate that
these are processed by separate channels (Peterzell and Teller, 1996). Thus it
is possible to infer and describe brain mechanisms by looking at the covariance
structure of performance between individuals (Peterzell and Kennedy, 2016).
This method has been successfully exploited in the past, to reveal covariance
channels tuned to basic visual features such as motion (Morrone et al., 1999),
spatial frequency (Reynaud and Hess, 2017; Simpson and McFadden, 2005),
contrast sensitivity (Peterzell and Teller, 1996; Peterzell et al., 1995) colour
(Peterzell and Teller, 2000; Peterzell et al., 2000), and more recently to com-
pare mechanisms for colour and visual motion (Emery et al., 2023).

Following this rationale, Anobile and colleagues (2024) measured partic-
ipants’ precision (Weber fractions) in converting visual digits into the corre-
sponding number of keypresses (without counting). As predicted by the exis-
tence of sensorimotor number channels, precision for similar numbers (e.g.
10 vs 12, low numerical distance) were more correlated than that for more
different numbers (e.g. 10 vs 32, high numerical distance), implying tuning
selectivity for the translation of digit numbers into action sequences (similar
to Kirschhock and Nieder, 2022).
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1.3. The Current Study

Whether the numerical sensorimotor channels described above are specific
for the number-to-action transformation or also activated by the encoding of
purely sensory numerical stimuli (in space and time) is currently unknown.
In other words, is the mechanism involved in translating the digit ‘12’ into
twelve actions also activated when passively visually inspecting 12 dots and/or
12 flashes? Here we addressed this question with the individual difference
approach, described above. We measured the precision in converting dig-
its to actions, as well as precision in estimating dots arrays (visual spatial
numerosity) and flash sequences (visual temporal numerosity). Following the
individual differences technique, we then calculated the covariance structure
emerging within each task and between tasks. In both cases the existence of
tuning selectivity predicts relatively higher correlations for similar numbers
(low numerical distance), decreasing as numerical distance increases (e.g. the
performance for the target number pairs 10–12 should be more correlated than
those for the pair 10–32). Given the available physiological and behavioural
evidence showing visual (dots and flashes) and visual-to-action mechanisms
(described above), we hypothesized the emergence of tuning selectivity within
each of the three tasks, considered separately. Regarding the cross-task analy-
ses, two different scenarios are equally possible. If shared mechanisms exist,
the prediction is that the correlations obtained by similar numbers – but mea-
sured in different tasks – should be higher than those obtained for numbers
that are numerically more distant. A lack of this correlation gradient would
instead indicate the activation of (at least partially) separate mechanisms.

2. Materials and Methods

2.1. Participants

A total of 48 young people participated in this study (mean age = 24.2 ±
6.3, min = 19, max = 51, 45 right-handed, three left-handed, 34 females).
All participants had normal, or corrected-to-normal, vision. The experimen-
tal procedures were approved by the local ethics committee (Commissione
per l’Etica della Ricerca, University of Florence, July 7, 2020, n. 111). The
research was in accordance with the Declaration of Helsinki and informed
consent was obtained from all participants prior to the experiment.

2.2. Stimuli and General Procedures

Stimuli were generated and presented with PsychToolbox (Brainard, 1997;
Kleiner et al., 2007; Pelli, 1997) routines for Matlab (ver. R2020b). Partici-
pants were tested in a dimly lit, quiet room on three numerical tasks (described
below). Participants observed a screen (iMac Retina display 27–inch) placed
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frontally approx. 60 cm from the eyes and target numbers were: 8, 10, 11, 13,
14, 16, 19, 21, 24, 28, 32. Each target was presented (in random order) 30
times (90 across the three tasks) divided into 6 separate blocks of 55 trials (for
a total of 990 trials across the three tasks). The three numerical tasks (Digit-
to-Action, Digit-to-Visual-Sequence, Visual-Dots-Estimation) were adminis-
tered in separate conditions. Overall, the experiment required approx. 3 h of
testing for each participant. To minimise fatigue, participants were tested in
two separate days (approx. 1.5 h of testing each day). The order of conditions
was counter-balanced across participants. Before the testing, participants were
familiarized with the tasks performing one block of trials presenting each tar-
get once (in random order), with feedback (a digit displaying: the number of
tapping’s performed, or the number of flashes presented or the number of dots
in the array, see below for details). These data were not analysed, and no feed-
back was provided during the rest of the experiment.

2.2.1. Digit to Action Task
This task follows that previously published by Anobile and colleagues (2024)
and was designed to index the ability to translate digits into numerical action
sequences (Fig. 1A). On each trial a digit (5° of visual angle) was presented
in the centre of the screen for 1 s. As soon as the digit disappeared partic-
ipants started to tap (up-down) as fast as possible with the dominant hand,

Figure 1. Schematic representation of the three tasks. (A) Digit-to-action: on each trial partic-
ipants were asked to tap mid-air as many times as a target digit. (B) Digit-to-visual-sequence:
on each trial participants were first presented with a visual target digit and soon after with a
series of visual flashes. The task was to stop the sequence (by key press) when the number of
flashes matched the target number. (C) Visual-dots-estimation: on each trial participants were
presented with a dot array and asked to estimate the number of dots. In tasks A and B serial
counting was prevented by subvocal suppression.
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until they felt that the number of actions matched the target. To minimize sen-
sory feedback, participants tapped mid-air with the hand positioned behind a
vertical black panel positioned to the right (or left) to the monitor so that the
moving hand and arm were hidden from view. Hand movements were mon-
itored by an infrared motion sensor device (Leap motion controller https://
www.leapmotion.com/) running at 60 Hz. Serial counting was prevented by
vocal suppression, repeating aloud the syllable ‘ba’ (for a similar procedure
see: Anobile et al., 2024; Cordes et al., 2001; Whalen et al., 1999).

Digit to Visual Sequence Task. This task was designed to mimic the Digit-
to-Action task, but without the motor production component (Fig. 1B). On
each trial a target digit was presented in the centre of the screen (same as
above), then replaced with a series of flashes (50 ms black or white circles,
subtending 5° of visual angle). Participants were asked to interrupt (by key-
press) the visual sequence when they felt that the number of flashes matched
the target. The temporal frequency of the flashes was 7.5 Hz, and to avoid reg-
ular patterns, each flash was slightly jittered in time (max 50 ms). As before,
counting was prevented by vocal suppression.

2.2.1.1. Visual Dots Estimation Task. This task was designed to measure
visual numerosity perception in the spatial domain (Fig. 1C). On each trial, a
circular (5° radius) array of white and black (50%, to balance luminance) dots
(0.25° diameter) was briefly (500 ms) presented in the centre of the screen and
participants were asked to estimate their numerosity and to enter the response
via keypress. In this case, given the brief presentation time, no vocal suppres-
sion was needed.

2.2.2. Data Analyses
2.2.2.1. Pre-processing. In the Visual Dots Estimation task, the first tested
numerosity (N8) might have triggered groupitizing strategies (Maldonado
Moscoso et al., 2020b) resulting in a much higher performance, compared
with the other target numerosities. For this reason, to avoid spurious results,
we removed N8 from further analyses (as a precaution, we also analysed the
data including this target number and the results remained unchanged). We
then detected and eliminated outlier responses separately for each participant
and for each target number (responses falling beyond 1.5 interquartile, approx.
3% of trials for each task).

After this step, we indexed performance as accuracy and precision sepa-
rately for the three task, target number and participant. Accuracy was indexed
as the mean reproduction or response (depending on the task) across trials and
precision as Weber fraction, computed as responses standard deviation divided
by the average reproduction/response. All the analyses were performed with
Matlab software (ver. R2020b) and JASP software (version 0.19).

https://www.leapmotion.com/
https://www.leapmotion.com/
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2.2.3. Correlation Matrices and Correlation Gradient: Within-Task Analysis
In the next step we computed WF correlation matrices separately for each of
the three tasks. The dataset comprised a matrix where each column represents
a participant, each row a target number, and each cell the corresponding WF.
This dataset was analysed with a pairwise correlation (Pearson). For exam-
ple, the WFs provided by the participants when tested with the target number
‘10’ were correlated with those obtained with the target numbers 11, 13, 14,
. . . , 32. According to the technique rationale, if channels exist, the corre-
lation between ‘10 and 11′ (low numerical distance) should be higher than
that between ‘10 and 32′ (higher numerical distance). To better visualize the
results, we then analysed the correlation strength obtained with the described
procedure as a function of numerical distance. This analysis was performed
on binned data. Bins were created to have an approximately equal number
of observations for each bin (6, 6, 7, 7, 6, 6, 6). For each target, the numeri-
cal distance was expressed as the base ten logarithm ratio between itself and
the remaining target numbers (e.g. 6 and 60 would be one log-unit away).
The correlation coefficients were then averaged in the following bins (log10
ratios): <0.06, 0.06–0.11, 0.11–0.16, 0.16–0.22, 0.22–0.28, 0.28–0.35, >0.35.
To test whether the correlation coefficients decreased as a function of numeri-
cal distance (as predicted), we fitted the unbinned correlation coefficients with
a linear fit.

We checked significance with a bootstrap procedure, performing the same
analysis on randomized correlation matrices. On each of 10,000 iterations,
separately for each participant, the WFs were assigned at random to the target
numbers and a new correlation matrix computed. Then (as before) the correla-
tion coefficients were averaged within the reported bins (for visualization) and
fitted with best linear fit, yielding a null-hypothesis distribution.

Following previous studies using similar covariance techniques (Emery et
al., 2023; Morrone et al., 1999; Peterzell and Teller, 2000; Peterzell et al.,
2000; Reynaud and Hess, 2017; Simpson and McFadden, 2005), we also
ran Principal Component Analysis (PCA) on WFs. This analysis provides an
efficient data visualization of the tuning structure. The principal component
analysis was performed on normalized WFs and factors rotated with the non-
orthogonal promax method. We selected the number of components explaining
at least 70% of the variance (see Anobile et al., 2024 for a similar procedure).

2.2.4. Correlation Matrices and Correlation Gradient: Between-Task
Analysis
Before looking at the correlation strength as a function of numerical distance,
we first run a more classic correlation analysis between tasks. This analysis
was performed on between-participants average WFs, across numerical targets
(raw WFs). Shared resources between tasks predict positive correlations.
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Calculating correlations across tasks as function of numerical distance
presents a specific challenge. Correlation between raw values of WFs in two
tasks reflects both the correlation of the underlying perceptual systems (which
we seek) and the correlation between tasks (which we do not want to mea-
sure in this analysis). The presence of correlation between tasks is a strong
nuisance factor and can have positive as well as negative effects on the abil-
ity to detect the genuine correlation specific to the numerosity. For instance,
pairs of numerosities and tasks which impinge on the same mechanism may
not turn out fully correlated if the two tasks are not perfectly correlated. Like-
wise, pairs of numerosities and tasks which do not share the neural substrate
may still yield a positive correlation if the two tasks are correlated. For this
reason, to isolate the genuine component that is specific to the numerosi-
ties we standardized participant performance across each task. This was done
calculating Z scores. So, for each participant we first considered individual
WFs at all numerosities for a given task and then removed the mean and
divided by the standard deviation of the set. As before we then analysed the
correlation strength between each pair of numerosity across tasks as a func-
tion of numerical distance with bins created to have an approximately equal
number of observations (10, 12, 12, 14, 14, 12, 12, 12). The correlation coef-
ficients were averaged within the following numerical distance bins (absolute
value of log10 ratios): <0.01, 0.01–0.06, 0.06–0.11, 0.11–0.16, 0.16–0.22,
0.22–0.28, 0.28–0.35, >0.35. As before, to test whether the correlation coef-
ficients decreased as a function of numerical distance, we fitted the unbinned
correlation coefficients with linear fit, and as the same analysis was also per-
formed on values obtained from randomized correlation matrices to obtain the
null-hypothesis distribution.

3. Results

3.1. Within-Modality Covariance Channels

In three separate tasks, we asked participants to perform a specific number
of mid-air hand taps to match a visual target number (Digit-to-Action), or to
stop a sequence of visual flashes when their number reached a target (Digit-
to-Visual-Sequence), or to estimate the numerosity of dot arrays (Visual-Dots-
Estimation). Performance was indexed by average responses/reproduction and
precision (variability of response, given by Weber fraction, WF). Figure 2A
shows between-participants responses/reproduction as a function of target
numbers. For all tasks the average response was near veridical, close to the
diagonal (Fig. 2A). Figure 2B shows precision (WF). Precision was higher
(lower WFs) in the Visual-Dots-Estimation task (0.16 ± 0.004 standard error
of the mean [SEM]), compared with the other two tasks (0.21 ± 0.009 SEM
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Figure 2. Numerical accuracy and precision. (A) Average estimated/reproduced numerosity as
a function of target numbers divided by tasks (squares: digit-to-actions, circles: dots estimation,
triangles: digit-to-visual sequences). (B) Average Weber fractions (WFs) as a function of target
numbers for the three tasks (same conventions as in A). Error bars are ±1 SEM.

and 0.19 ± 0.01 SEM for Digit-to-Visual-Sequences and Digit-to-Action tasks
respectively, t-test p < 0.003 for both).

Following the individual difference approach (Peterzell and Kennedy,
2016), we then analysed the data of each of the three tasks separately, to extract
sensorimotor and visual covariance tuning channels. Figure 3A,C,E shows
WF’s correlation matrices (from top to bottom: Digit-to-Action, Digit-to-
Visual-Sequences, Visual-Dots-Estimation). The colour of each cell indicates
the correlation strength (red high) obtained for a specific numerical compari-
son. All correlations were positive, ranging from 0.1 to 0.9. Importantly, the
correlation values were not uniformly distributed within the matrices, but there
were higher correlations around the diagonal (low numerical distance), as pre-
dicted by tuning selectivity. To better visualize and quantify this trend, Fig. 3
(panels B, D and F, same task order) shows average binned correlations as
a function of numerical distance (see Section 2. Materials and Methods).
For all the three tasks there was a descending trend as numerical distance
increases, indicating that participant performance correlated more for neigh-
bouring numbers. Linear fits of (unbinned) data confirmed the negative slopes
(Digit-to-Action: b = −0.32, Digit-to-Visual-Sequence: b = −0.31, Visual-
Dots-Estimation: b = −0.64) all different from zero (p < 0.012 for all the
tasks). Importantly, the negative trend does not emerge when the matrices
were randomized (black symbols, see Section 2), confirming that the negative
trend found with original data was genuinely driven by the numerical distance
structure and not by a statistical artefact. Each randomized distribution was
linearly fit, and the distribution of the slopes confirmed to be statistically dif-
ferent from the slope obtained with the real data (p < 0.02 in all cases). These
results suggest the existence of tuning selectivity for each of the three tasks.
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Figure 3. Sensorimotor and visual covariance numerosity channels. (A,C,E) Correlation matri-
ces of Weber fractions for all pairs of target numbers. (B,D,F) Correlation strength as a function
of numerical ratio. Coloured symbols show binned data obtained from the analyses of original
ordered data. Small, black symbols show bootstrapped average correlation strengths of ran-
domized Weber fraction (WF) matrices. Dashed lines are the best linear fit on unbinned data
and error bars are ±1 SEM.
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Figure 4. Principal components factor loadings as a function of target numbers. The strength
of the extracted principal components from principal components analysis (PCA) on the Weber
fractions measured in the digit-to-action (A), the digit-to-visual-sequence (B) and the visual-
dots-estimation tasks. The strength of the components is shown as a function of the different
numerical target levels. The smooth curves are logGaussian fits to the component strengths.

To further characterize the structure of the number channels we applied
PCA) on WFs, separately for each task. Figure 4 shows the (rotated)
component strength as a function of target numbers. The results revealed
two bell-shaped tuning functions for the Digit-to-Action and the Digit-to-
Visual-Sequence tasks (Fig. 4A,B) and three components in the Visual-Dots-
Estimation task (Fig.4C, the values of the third component were multiplied by
−1 to ease interpretation). For all the tasks, the factor strength distributions
were reasonably well described by Gaussian functions (all R2 > 0.70) peak-
ing at different target numbers (Digit-to-Action: N8 and N24; Digit-to-Visual
Sequence: N10 and N28; Visual-Dots-Estimation: N10, N17 and N28).

3.2. Between-Modality Covariance Channels

So far, the results have replicated previous evidence for sensorimotor mecha-
nisms tuned to the number of actions triggered by sensory inputs (Anobile et
al., 2024) and extended the results to visual numerosity perception in temporal
and spatial domains.

We then asked whether these three numerical tasks share common or sep-
arate mechanisms. Before looking at the cross-task covariance structure as
a function of numerical distance, we ran a more typical correlation analysis
between tasks. Figure 5 shows WFs averaged across numerical targets. Over-
all, the analysis shows positive trends between task performance, indicating
that participants doing better (higher precision) on a specific numerical task
also perform generally better in the others (r = 0.40, p = 0.004; r = 0.35,
p = 0.013 and r = 0.28, p = 0.05 for panels A, B and C, respectively).

The positive correlations between tasks suggest shared resources. How-
ever, this analysis is too coarse to describe common channels. We then ran
the same covariance analyses used before on individual tasks, between tasks.
The rationale is the same: if the different tasks tap shared numerical channels,
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Figure 5. Correlation between tasks. Scatter plots between Weber fractions (WFs; averaged
across numerical targets) obtained in the three numerical tasks. Dashed lines are the best linear
fit.

Figure 6. Between-tasks covariance channels. Correlation strength as a function of numerical
ratio. Empty symbols report bin average correlation coefficients calculated from the original,
ordered data. Black symbols show the results as bootstrapped average correlation strengths
obtained by the same analyses but performed on randomized Weber fraction matrices. Dashed
lines are the best linear fit on unbinned data and error bars are ±1 SEM.

the performance (WFs) for similar numbers (low numerical distance) should
be more correlated than that obtained for different numbers (high numerical
distance). Figure 6A–C shows the results for the three tasks pairs. Correlation
values in this analysis are lower than those obtained before for within-task
analysis (e.g. Fig. 3). However, it is worth mentioning that the correlations
presented here originate from standardized values from which the common
correlation across numerosities has been removed, so are necessarily smaller.
In any event, the expected pattern of the results is the same as before: if similar
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numerosities shared perceptual systems, similar numerosities should display
the highest correlations.

This prediction held true when comparing the performance of the Digit-to-
Action task with that of the Digit-to-Visual-Sequence task (Fig. 6A), with the
results showing a clear descending trend of correlations strength as a func-
tion of numerical distance (b = −0.35, p < 0.0001, clearly different from
that obtained by randomized data depicted in Figure 6A as filled symbols,
with a sign-test yielding p = 0.002). The results for the other two task com-
parisons showed no reliable descending pattern, with results similar to the
control randomized data (Digit-to-Visual-Sequence vs Visual-Dots-Estimation
task b = 0.23, p = 0.05, sign-test with random distribution p = 0.03; Digit-to-
Action versus Visual-Dots-Estimation b = −0.13, p = 0.21, bootstrap sign-
test p = 0.15; Fig, 6B, C respectively).

4. Discussion

This study had two main aims. The first was to generalize the covariance tech-
nique previously used to reveal sensorimotor number channels to purely visual
numerical stimuli in space (dots) and time (series of flashes). The second was
to test for shared tuning selectivity between these three numerosity formats.
To this aim we measured the same participants on three different numerical
tasks and then, with a well-established covariance technique based on individ-
ual differences (Peterzell and Kennedy, 2016), searched for tuning selectivity
within each task and between task pairs.

The tasks measured numerosity perception and reproduction in the visual
and sensorimotor domains across space and time. In the temporal sensorimo-
tor task participants had to transform symbolic numbers (visual digits) into
the corresponding number of hand actions (up-down tapping). In two visual
tasks they had to stop a sequence of visual flashes when reaching a previously
presented target digit (temporal) or to verbally estimate the perceived number
of dots simultaneously presented as briefly spatial arrays (spatial). To measure
an intuitive sense of numerical quantities (Anobile et al., 2014), all the tasks
were performed without the possibility to serially count the events/objects and
performance was indexed by estimation/reproduction precision (Weber frac-
tion).

The results within each task show tuning selectivity in all the three cases,
confirming psychophysical and physiological evidence for the existence of
tuning selectivity for visual (Burr et al., 2018; Ditz and Nieder, 2015, 2020;
Piazza et al., 2004) and sensorimotor (Anobile et al., 2016a, 2024; Kirschhock
and Nieder, 2022, 2023; Sawamura et al., 2002) numerosity. In line with the
rationale of this technique, in all cases, the performance for similar numbers
correlated more than that from different numbers and Principal Component
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Analyses revealed partially overlapping bell-shaped tuning channels, peaking
at different target numbers. Moreover, the performance obtained in the three
separate tasks follows Weber Law (precision scales linearly with stimulus
intensity, consistent with the activation of the Approximate Number System)
and average performance (averaged Weber fraction across numerical targets)
correlated positively between tasks, suggesting that the three tasks used shared
resources or at least similar mechanisms. Overall, the results performed within
each task highlight the usefulness of this technique to characterize the struc-
ture of the non-symbolic number system, regardless of the numerical format
of the stimuli and the task being used.

However, clear patterns also emerged between tasks. Performance in the
spatial numerosity task (Visual-Dots-Estimation) was much higher than both
visual and sensorimotor temporal tasks, and while the two temporal tasks
revealed two qualitatively similar tuning channels, three channels emerged
from the spatial numerosity task, suggesting different organizational princi-
ples. In line with this, the between-task covariance analysis contrasting the
performance in the spatial (Visual-Dots-Estimation) and temporal (Digit-to-
Visual-Sequence) visual numerosity tasks revealed no shared tuning with
correlations even showing a weak but positive trend (probably indicating dif-
ferences in the way numbers are represented across different formats).

These results suggest a different functional architecture for temporal and
spatial numerosity in the visual domain, with a finer grain representation of
spatial numerosity (three channels and lower WF). That visual and spatial
numerosity might rely on (at least) partially different mechanisms fits well
with a previous imaging investigation showing the activation of different brain
areas (Cavdaroglu and Knops, 2019), and with a developmental study show-
ing that visual spatial but not temporal numerosity sensitivity (Weber fraction)
correlates with math scores in children (Anobile et al., 2018).

Other evidence for partially separated systems for these two numerical for-
mats comes from a psychophysical adaptation study. Arrighi et al. (2014)
demonstrated that adapting to a series of flashes distorted the subsequent
estimation of numerosity of sets of spatial items (dots), suggesting shared
mechanisms. However, this cross-format adaptation effect was much atten-
uated for the opposite condition in which the authors adapted to a set of
elements and tested with a series of flashes. While the reasons behind the
asymmetry in the adaptation effect are unknown, it suggests that the encoding
of these two numerical formats might not share completely overlapping mech-
anisms. This is in line with an animal study from Nieder and colleagues (Ditz
and Nieder, 2020). The authors recorded neuronal activity in the crow’s brain
while performing visual numerosity tasks (delayed match-to-sample task) with
spatial (dots) and temporal (series of flashes) numerical formats. During the
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sensory representation stage (when inspecting the stimuli), temporal and spa-
tial numerosity were extracted by different populations of neurons. However,
after this encoding phase, while animals kept numbers into working memory
to solve the task, another neural population represented numerosity in both
formats.

Overall, these results suggest that visual numerosity perception of spatial
ensembles and temporal sequences share resources during their processing
hierarchy, but also have different basic encoding properties and different func-
tional architectures. Previous studies have suggested that various numerosity
tasks share common resources. This was predicted because of task corre-
lations, behavioural similarities (e.g. both follows Weber Law) and cross
adaptation (Anobile et al., 2016a, b, 2018; Arrighi et al., 2014; Dehaene,
2003). The technique presented here, however, represents a step forward as it
addresses the mechanism for processing individual numerosities. Our research
has revealed that there is very little correlation specific to similar numerosities.
While this interpretation seems to us plausible, and fits with the observation
in crows, we cannot completely discard the possibility that the lack of shared
covariance channels was due to the difference between the tasks. Subsequent
studies are needed to re-examine this issue using more similar tasks designed
to equate possible sources of noise.

Going beyond visual numerosity, the results obtained by the sensorimo-
tor number task (Digit-to-Action) fully replicated a recent work (Anobile
et al., 2024) showing a clear descending pattern of correlations as a func-
tion of numerical distance and two bell-shaped tuning channels (at least in
this numerical range). Interestingly, the overall precision (across numerical
targets) in this task was (positively) correlated with that in both temporal
(Digit-to-Visual-Sequence) and spatial (Visual-Dots-Estimation) visual tasks,
again suggesting similar mechanisms. Importantly, the results of the between-
task covariance analyses revealed clear evidence for shared tuning channels
between the visual and visuomotor temporal number tasks. The correlational
analyses as a function of numerical distance demonstrated a strong descending
pattern, meaning that similar numbers tested by these two different tasks corre-
lated more than different numbers. These results are in line with a study show-
ing that a period of hand tapping (motor adaptation) distorted the numerosity
estimation of subsequently presented flash sequences (Anobile et al., 2016a),
indicating the existence of a sensorimotor number system (Anobile et al.,
2021). Similar results have been then obtained with temporal auditory stim-
uli (series of tones), suggesting that the system might be generalized across
visual and auditory numerical formats (Togoli et al., 2020), an issue worth
investigating with the covariance technique in the future.

Some might argue that the emergence of this shared tuning could reflect
the temporal rather than numerical features of the stimuli/responses. With the
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current data we cannot definitely discard this possibility. However, the litera-
ture indicates that the Digit-to-Action task is based on the number of discrete
actions, rather than the overall response duration. Indeed, a previous study
using the same task (Anobile et al., 2024) showed that if instead of asking
individuals to translate a digit number into a series of actions, they are asked
to reproduce (again by tapping) the duration of a sound, the precision in the
latter task was significantly lower compared to the numerical task, suggesting
that no temporal strategies were used during the numerical task. Similar results
come also from animal physiology (Kirschhock and Nieder, 2022), showing
that the visual-number-to-action neuronal tunings in crows were independent
from the temporal structure of the motor response phase (series of pecks in
that case). Overall, the results are in line with the existence of tuned channels
in the human brain dealing with both visual and motor temporal number tasks.

At odds with this, the results contrasting the sensorimotor performance
with the spatial visual task (Visual-Dots-Estimation) did not reveal robust evi-
dence for shared tuning. While the correlation strengths show a qualitatively
negative trend as a function of numerical distance (Fig. 6C), the trend was
quantitatively weak (slope −0.13). This result is somehow different from that
previously obtained with motor adaptation, as a series of hand tappings was
found to also reliably distort spatial numerosity estimation (Anobile et al.,
2016a; Maldonado Moscoso et al., 2020a; Yang et al., 2024), suggesting that
the two techniques (covariance channels and adaptation) might capture dif-
ferent aspects of cross-modal numerical processing. However, as mentioned
before, also in this case we cannot rule out the possibility that post-perceptual
noise sources might have mitigated the current results.

The investigation of the mechanisms underlying numerosity perception has
attracted increasing attention in the scientific community, generating results
from many different disciplines. However, most of these studies have focused
on purely sensory mechanisms (visual and acoustic predominantly), leav-
ing out the motor and sensorimotor systems. Only recently the link between
action and numerosity perception is gaining attention (Anobile et al., 2016a,
2021, 2024; Kirschhock and Nieder, 2023; Ranzini et al., 2022). The current
study shows, with a relatively fast and non-invasive behavioural technique,
that there exist brain mechanisms that integrate the number of visual events in
the external environment with that internally self-generated by actions. While
the investigation of this multisensory numerical mechanism has just started,
and many questions are still open, the current study reinforces the idea that it
exists and proposes the covariance technique as a useful tool to investigate its
nature.

Besides the specific number-related results of the current study, some more
general implications can be drawn. While the covariance technique used here
has been extensively applied to reveal channels for visual features (Emery et
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al., 2023; Morrone et al., 1999; Peterzell and Kennedy, 2016; Peterzell and
Teller, 2000; Peterzell et al., 1995; Reynaud and Hess, 2017; Simpson and
McFadden, 2005), to the best of our knowledge, this is the first time it has
been applied in a multisensory perspective, to reveal channels shared between
different stimuli and tasks. The results indicate that this technique is general
and robust enough to be applied to multisensory research, paving the way for
other investigations. Taken together, it would be interesting to fully understand
what this technique can bring compared with other techniques more typically
used to reveal cross-modal mechanisms, such as cross-modal adaptation.

Since the use of individual differences to reveal number channels is a rather
novel design, this study has limitations. The observed descending pattern of
correlations as a function of numerical distance, although possibly caused
by tuning selectivity, could also emerge for other reasons. If participants all
obeyed to a sort of ‘imperfect Weber’s Law’, with each observer starting from
a specific baseline and then evolving an idiosyncratic manner, there would be
higher correlations for similar numerosities, as those highlighted in Figure 3.
It is worth noting however, that the reverse is also true. A pool of observers
with two channels which cross-faded into each other as function of numeros-
ity would exhibit a pattern of Weber fractions akin to that of an idiosyncratic
violation of Weber’s law. The two scenarios are thus intertwined and hard to
be teased apart without specific ad hoc experiments.
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