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Featured Application: Use of virtual reality technology in numerosity estimation tasks.

Abstract: Numeracy, the ability to use basic mathematical skills in everyday life, is essen-

tial in modern society. Recent studies have shown a connection between numeracy and

visual numerosity perception, yet traditional 2D screen-based assessment methods often

lack ecological validity and participant engagement. This study evaluates the viability of

conducting numerosity estimation tasks in virtual reality (VR) and to determine whether

hallmarks of numerosity processing, typically observed in laboratory settings, can be repli-

cated in immersive environments. Six participants completed a psychophysical evaluation

in VR, comparing the numerosity of visual stimuli consisting of two sets of spheres. The

VR experiment successfully replicated two distinctive patterns found in traditional psy-

chophysical studies: increased precision and decreased response times at high numerosities.

Specifically, Weber fractions drop by approximately a factor of two, with values ranging

from ~15% for low and intermediate conditions to ~8% in high numerosities, and response

times decreases from ~663 ms for low numerosities to ~593 ms for high numerosities. These

findings highlight that VR can be effectively used for numerosity estimation tasks, pro-

viding a controlled and immersive environment that traditional methods cannot achieve,

while significantly expanding methodological possibilities in psychophysical research.

Keywords: numerosity estimation; virtual reality; perception; human–computer interaction

1. Introduction

Math is crucial in modern society. During our daily activities, we often base decisions

on numerical information, for example, to organize our diary commitments, to check that

we have received the right change, to manage diet and nutrition, to measure medicine

doses, to estimate time until our train, and much more. Low numeracy, defined as the

inability to understand and use numbers effectively, is a well-known limiting factor for

both education (particularly for STEM disciplines) and employment choices, with huge

economical costs [1,2]. Moreover, low numeracy characterizes developmental dyscalculia,

a common but still poorly understood learning disorder, impairing children mathematical

learning with negative repercussions on quality of life [3]. Numeracy is also often linked to

math anxiety (excessive feelings of fear when exposed to mathematical tasks [4]), a relevant

clinical condition, which is recently attracting much scientific interest. For these and other

reasons, many governments around the world have established activities to continuously

track the quality of mathematical learning in children and adolescents, on a large scale.
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OECD (Organization for Economic Co-operation and Development) director for education

and skills defined good numeracy as “the best protection against unemployment, low

wages and poor health” [5]. Neuroscience can provide significant contributions to this

goal. In this regard, it is widely accepted that understanding the basic neurocognitive

mechanisms governing the early precursors of mathematical abilities represent a key step

to contrast low numeracy, and help dyscalculia and math anxiety [6,7].

Where does mental math come from? Historically, mathematical skills were consid-

ered a paradigmatic example of high-level (human specific) verbal cognitive ability. In

recent decades, this idea has radically changed, grounding mental math into a basic sensory

mechanism: a visual number sense [8–10]. This fascinating idea triggered a huge burst

of research, also for the implications sketched above, and there is now a huge amount

of evidence, coming from different scientific fields, demonstrating that humans have a

brain mechanism able to roughly but very quickly estimate the numerosity of objects in

the environment [10–16]. This mechanism, often referred as the “Approximate Number

System (ANS)” differs from serial counting in that it is faster, much more error-prone [9]

and independent of mathematical language [17]. Moreover, whereas symbolic mathemat-

ics is a uniquely human function, we share the non-symbolic ANS with many animals’

species, including non-human primates [18] but even birds [19,20], fishes [21], and insects

(e.g., bees [22,23]). Going beyond behavioral results, there is now also clear evidence for the

existence of numerosity selective neurons, mainly located in parietal and frontal cortices of

both humans and non-human primates [18].

How does math emerge from this sensory mechanism in humans? The rationale is that

numerical and mathematical meaning is mapped onto this pre-existing sensory number

system, in charge of encoding the numerosity of visual objects. Atypical development

of this basic sensory mechanism, should compromise a meaningful mapping between

numerical symbols (digits) and their non-symbolic counterpart (the associated numerical

quantity), limiting the development of mathematical learning [7]. In line with this idea, a

seminal paper by Halberda and collaborators [24] reported positive correlations between

visual numerosity estimation precision (more blue or yellow dots?) and math performance

(e.g., mental calculation) in adolescents and in previous years, back to kindergarten. More-

over, children with dyscalculia often show deficits in visual numerosity tasks, even when

the verbal component is eliminated, such as by indicating which of two visual ensembles

contains more objects [25–28]. The link between math and visual numerosity abilities is

also in line with recent imaging studies describing areas in the parietal cortex responding

to numerosity [11], digit perception [29], as well as mathematical reasoning [12].

These results highlight the potential of this sensory system to support mathematical

learning. With effective training, it could help mitigate the negative effects of low numeracy,

including those associated with dyscalculia and math anxiety. Moreover, as numerosity

tasks do not require sophisticated language skills, these training activities could be poten-

tially performed relatively early in life, also as a pedagogical strategy for the empowerment

of basic non-symbolic prerequisites for later symbolic mathematical learning (for example

in pre-school children).

Given the potential link between the ANS and math, some studies measured whether

and how much this perceptual system can be improved by perceptual training procedures

and whether the effect of the training generalizes over mathematical abilities (e.g., improv-

ing mental calculation proficiency). Although there are several methodological differences

between studies, in general, the results show a relatively high level of plasticity of the

ANS, even in adults [30,31]. At odds with this, the evidence for a potential transfer of

perceptual improvements to symbolic mathematical abilities (e.g., calculation) is less clear

and still highly debated. For example, Cochrane and colleagues [30] trained adults to
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identify whether a set of elements (dots) briefly (to avoid counting, 500 ms) presented on a

screen contained more white or black dots. By changing (trial-by-trial) the ratio between

black and white dots, they measure sensory thresholds as the difference in numbers of

black and white dots necessary to reach a pre-defined correct response rate (e.g., 75%). The

results showed a clear improvement in thresholds, with performance continuing to improve

even after thousands of trials. Despite the clear sensory improvement, the learning did

not transfer to math abilities (arithmetic operations, including addition, subtraction, and

multiplication), leaving the performance obtained before and after the perceptual training

virtually unchanged.

The traditional approach to numerosity estimation typically involves presenting par-

ticipants with arrays of visual stimuli, such as dots or other shapes, arranged on a 2D

display [32]. These arrays can vary in configuration, including regular grids, random

distributions, or clustered patterns, with key variables such as item density, size, spacing,

and overall arrangement being manipulated [33]. Participants are tasked with estimating

the number of items in the display, typically through direct estimation, comparison with

other arrays, or magnitude estimation techniques. In addition to accuracy, response time is

also often measured [34]. These results can also shed light on perceptual phenomena such

as the Weber fraction, which quantifies sensitivity to numerical differences [35].

Other attempts have been made, with different outcomes, sometime showing transfer

to math [31,36,37], sometimes not [30,38–40]. A relatively recent review critically evaluated

all published studies that aimed to train the ANS finding no conclusive evidence that ANS

training improves symbolic arithmetic [41].

One possible factor behind the lack of generalization of perceptual training in math

could reside in the non-ecological quality of the activities used to train this perceptual

mechanism. We rarely find ourselves discriminating, for tens of minutes, which set of

elements presented on a monitor is the most numerous. These tasks, besides being scarcely

ecological, are often monotonous, and are not very suitable for stimulating motivation.

The use of virtual reality (VR) in numerosity perception tasks could provide a con-

trolled and immersive environment for presenting numerical stimuli in ways that are

difficult or impossible to achieve with traditional methods. This can be useful for exploring

how environmental and contextual factors influence numerosity estimation. This approach

allows for a more natural interaction with numerical stimuli, where arrays of objects can be

distributed in three-dimensional space rather than being constrained to a two-dimensional

screen. This can be particularly useful for simulating real-world environments where partic-

ipants estimate numerosities in dynamic and spatially complex scenes, such as evaluating

the number of objects in a cluttered room or assessing the density of elements in a natural

setting. VR-based studies could significantly improve the ecological validity of numerosity

perception experiments compared to traditional 2D methods based on monitors.

Moreover, there is recent evidence linking actions to numerosity perception, suggest-

ing the existence of a “sensorimotor numerosity mechanism” integrating sensory numerical

information coming from the environment with that internally generated by actions [42–45].

Even if the link between this newly discovered system and math skills is still to be tested,

VR stands as a potentially excellent tool for the implementation of setups aimed at promot-

ing the interaction between action and numerical perception. Unlike traditional methods,

VR enables direct sensorimotor engagement through embodied interactions such as reach-

ing, grasping, or manipulating numerical stimuli in an immersive space. This could

be particularly relevant for studying how proprioceptive and haptic feedback influence

numerical estimation [44] and for developing novel training paradigms that leverage

multimodal learning.
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Furthermore, VR allows for greater experimental control and flexibility in the pre-

sentation of numerical stimuli [46]. In the case of numerosity judgments, variables such

as object size, spatial arrangement, motion, and environmental lighting conditions can

be dynamically isolated or adjusted to investigate their influence on numerosity per-

ception. For example, researchers can test whether numerical estimation differs when

elements are presented in peripersonal space versus extrapersonal space or how different

levels of visual complexity affect estimation accuracy. The ability to manipulate such

parameters in real-time and in an ecologically valid manner makes VR a valuable tool for

uncovering underlying cognitive mechanisms that might not be evident with traditional

screen-based tasks.

Additionally, VR offers the possibility of incorporating adaptive learning mechanisms,

where task difficulty dynamically adjusts based on user performance. This can increase

engagement, prevent fatigue, and provide personalized training experiences tailored to

individual needs. In general, VR experiences delivered to young populations yield high

engagement [47–49], and it is likely that the immersive nature of VR can also enhance

motivation by transforming traditionally repetitive numerical estimation tasks into more

interactive and gamified experiences, potentially improving long-term learning outcomes.

Taken together, these advantages highlight the potential of VR not only as an al-

ternative to traditional numerosity tasks but as a powerful platform for advancing the

understanding of numerical cognition.

At the same time, transposing typical experimental paradigms into a VR system does

not come without its challenges. Inconsistent signals from our visual and vestibular systems

during space exploration can cause motion sickness [50], which may hamper the participant

compliance to long experimental sessions. In addition, the sense of agency—the subjective

experience of controlling one’s actions and their outcomes—and presence —the perceptual

illusion of being physically immersed in the virtual environment— need to be satisfied,

otherwise one risks delivering to the user an immersive but unrealistic environment [51,52].

Further, some VR systems, in particular head mounted displays (HMDs), could provide

inconsistent accommodation and vergence signals, which bring about erroneous spatial

estimates [53].

All these cognitive and perceptual factors indicate that transferring a research protocol

from the typical lab setting to a 3D immersive one may present specific challenges, which

may have a crucial impact on the way the systems for numerosity estimation are engaged.

Given these premises the first step that has to be taken before transposing traditional

laboratory tests in VR and running lengthy training protocols is to check whether immersive

environments yield psychophysical results comparable to those of traditional methods. To

the best of the authors’ knowledge, this study is among the first to explore the use of VR in

the field of numerosity perception [54]. The main aim of the paper is to replicate previous

hallmarks of numerosity tasks performed on traditional 2D screens findings. One is the

finding that Weber’s Law for numerosity is present up to a critical numerosity, but then the

regime is violated and judgments become more precise [14,35]. The other is the fact that

such judgments provide a near constant response time profile at low numerosities and then

speed up at higher numerosities [34].

These findings not only have been replicated multiple times in the literature and may

provide a useful benchmark for the VR setup, but they also have theoretical importance

as this dual behavior is likely reflecting the presence of two separate systems that handle

numerosity judgments, one more invariant to spatial position, contrast, and low level

features for moderate numerosities, and one more capable of deriving global low level

statistics operating with sufficiently dense display [14].
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Replicating these features has the twin scope of both demonstrating that VR environ-

ments carry over results obtained in two-dimensional displays, but also to demonstrate

that 3D cues do not have a major impact in core features of the system for determining the

numerosity of items surrounding us.

2. Materials and Methods

2.1. Experimental Devices

In this study, a head-mounted display, specifically the VIVE Focus 3, was selected to

provide participants with a virtual reality environment, aligning with the study’s objective

of delivering an immersive experience with higher ecological validity, resembling real-

world conditions rather than a conventional laboratory setting. Compared to other VR

technologies, such as Cave Automatic Virtual Environment (CAVE) systems, which require

specialized infrastructure and substantial space [55], the selected solution offers a balance

of high immersion and practicality.

The VIVE Focus 3 was particularly chosen due to its ability to track users’ body,

hand, and head movements, which was essential for capturing natural interactions in the

numerosity task assessment. Additionally, the device’s high-resolution panels and 90 Hz

refresh rate help reduce motion sickness symptoms (e.g., dizziness or headaches), ensuring

a comfortable experience for participants [56]. Observers used the device’s two handheld

controllers to interact with elements in the virtual scene and perform selections for the

numerosity task assessment.

To support real-time rendering of complex virtual environments without compro-

mising performance, the system was connected to an MSI GE66 Raider laptop (Intel Core

i7-10870 x64, 32 GB RAM, NVIDIA GeForce RTX 3060, Intel, Santa Clara, CA, USA) via

the VIVE Business Streaming application. This setup enabled low-latency interaction and

ensured that the VR experience remained smooth and responsive, which is critical for the

accuracy and validity of the experimental tasks [57].

2.2. Immersive Environment

The virtual environment aims to be a first step in moving from traditional 2D numeros-

ity assessment tasks to 3D settings. For this reason, the environment replicates a living

room with a table, chairs, lights, and furnishing elements (Figure 1).

 

tt

ff

ffi
tt

tt

tt

tt

Figure 1. Immersive VR environment developed for the study. The measures indicate the position of

a participant with respect to the fixation point in the middle of the table and a pair of sphere groups.
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The application has been developed using the software Unity 6, combined with the

SteamVR plugin to include the VR settings. The level of detail used in the environment

was the balance point between photorealism and performance. Lights and shadows have

been precomputed and baked using an adaptive probe volume. The method consists of

sampling the lighting at strategic points in the room, denoted by the positions of the probes.

The lighting at any point is approximated by interpolating between the samples obtained

by the nearest probes. The interpolation is fast enough to be used during the tests without

notably affecting the refresh rate of the HMD.

The interaction mechanisms within the virtual environment have been kept as simple

as possible to minimize potential difficulties for participants unfamiliar with VR technology.

To confirm selections and start the experience, only the trigger button on the handheld

controller is used.

2.3. Procedure

Six participants (five males and one female) took part in the study. The average age

of the participants was 34.67 years (range: 28–49 years). All participants had normal or

corrected-to-normal vision. The study was approved by the local health service ethics

committee (“Comitato Bioetico dell’Università di Pisa”, 24 September 2021, n. 31.) and was

conducted in accordance with the Declaration of Helsinki.

Prior to the experiment, a calibration phase was conducted to adjust the HMD for each

participant, specifically by setting the interpupillary distance to match their individual

needs. This calibration ensured accurate visual alignment and optimal comfort. Participants

were then given time to familiarize themselves with the virtual environment, the VR

controllers, and the general mechanics of the study.

The task involved judging two groups of small spheres placed on a virtual table

and determining which group contained more spheres. The participant’s position, while

interacting with the virtual environment, is visually represented by the avatar in Figure 1.

It is important to note that this avatar was added only for illustrative purposes in the figure

and was not present in the actual virtual environment during the study.

Participants began the task by standing in front of a starting panel positioned near the

virtual table. To start the evaluation, they confirmed their readiness by pressing a virtual

button on the panel using the VR controller. Following this confirmation, a series of pairs

of red sphere groups appeared on the table. The virtual table measured 0.9 × 1.9 m2 in area

and was set at a height of 0.7 m. At the center of the table, a light blue semi-sphere served

as a fixation point to help participants maintain their gaze at a consistent location.

Participants were instructed to stand 0.65 m away from the table’s edge (1.1 m from

the blue fixation point). Their standing height ranged approximately from 1.70 to 1.85 m,

resulting in eye heights between 1.58 m and 1.70 m above the floor. A chair positioned

directly behind the participants provided a fixed reference point to standardize positioning

during the task.

The red spheres occupied a circular area with a radius of 18 cm, and the center of this

circular area was located 30 cm from the blue fixation point. Each sphere had a diameter

of 2 cm. Depending on the experimental condition, the number of spheres within each

group varied from 5 to 130. The spatial positions of the spheres were precomputed using

MATLAB R2024a (a high-level programming language designed for numerical computa-

tion, data analysis, and visualization, widely used in engineering, scientific research, and

mathematics), based on a validated algorithm previously employed in similar studies by

the research group [35]. These coordinates were then imported into Unity prior to the

experiment to ensure precise and reproducible spatial arrangements.
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The VR system dynamically calculated the participant’s viewpoint in real-time, ren-

dering the virtual scene based on their physical position. This process ensured that the

retinal projection of the spheres remained accurate for each individual observer. As a result,

a single sphere subtended a degree of visual angle (dva) of 0.8 degrees, with an average

eccentricity of 12.2 dva. The overall spatial extent of the sphere groups spanned approx-

imately 14.5 dva horizontally and 10.6 dva vertically. The dva is a measure of the angle

subtended by an object on the retina, determined by its size and distance from the observer.

During the task, participants were required to determine which group of spheres was

more numerous by pressing the trigger button on the corresponding side of the controller.

Each pair of sphere groups was presented for 240 ms, but participants were allowed to

respond at any time after the initial presentation.

2.4. Experimental Conditions

The experiment involved testing three distinct numerosity conditions, each subdivided

into three different blocks of 40 trials. In the low numerosity condition, the numerosity

of the groups could vary between 5 and 11 (average 8), in the intermediate numerosity

condition between 10 and 26 (average 18), and in the high numerosity condition between

50 and 130 (average 90). To ensure consistency and control over the experimental variables,

the numerosity of the two groups—left and right—was determined in advance, together

with the coordinates of the positions of all the spheres. Importantly, the numerosity

and positioning were chosen independently for the left and right sets, ensuring no bias

between the two groups. An example of the experimental setup as viewed through the

participant’s HMD is shown in Figure 2, where the test is depicted from the perspective

of the observer in all three numerosity conditions that were evaluated. This illustration

provides a visual representation of how the varying quantities of items appeared in the

three conditions, highlighting the differences in numerosity and their potential impact on

the observer’s perception.

   
(a) (b) (c) 
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Figure 2. Sample configurations for the three numerical conditions. Participants compared the

numerosity of two groups of spheres positioned to the left and right of the fixation point (blue dot).

The numerosity levels were categorized as low (a), intermediate (b), or high (c).

2.5. Data Analysis

Each participant estimated numerosity by choosing either “right more numerous” or

“left more numerous” across 120 trials for each of the three evaluated conditions. Data

recorded included the numerosity values of each pair of sphere groups, the participants’

binary choices (1: right more numerous, 0: left more numerous), and the response time for

each decision.

The responses indicating “right more numerous” were plotted as a function of the

numerosity difference between the right and left groups of spheres, normalized by the

average numerosity of the range. These response curves were then fitted with a cumulative

Gaussian function, which served to model the relationship between the numerosity differ-

ence and the likelihood of perceiving the correct group as more numerous. The median

of the Gaussian function represents the point of subjective equality (PSE), which is the
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numerosity difference at which participants are equally likely to judge either the left or right

group as more numerous. The steepness of the Gaussian curve is indicative of the precision

or sensitivity of the participant’s judgment, with steeper curves reflecting more precise

judgments and broader curves suggesting greater uncertainty or noise in the response.

The Weber’s fraction, which measures the smallest noticeable difference between two

stimuli relative to the magnitude of the original stimulus, can be used to quantify how

precisely individuals distinguish between different quantities. To calculate the Weber’s

fraction, the just noticeable difference (JND) was extracted from the fitted Gaussian curve.

The JND represents the smallest change in numerosity required for the participant to

reliably distinguish between the two groups, reaching a 75% correct response rate. The

JND was then divided by the average numerosity of the respective condition (i.e., 8 for the

very low numerosity condition, 18 for the low numerosity condition, and 90 for the high

numerosity condition) to compute the Weber’s fraction. This fraction provides a measure

of the relative sensitivity to numerosity differences, with larger values indicating poorer

discrimination ability.

To estimate the variability and ensure robust statistical analysis, error bars were

calculated using bootstrapping, which involved resampling the original data 1000 times.

This technique enabled the estimation of confidence intervals for each measure, providing

a more reliable representation of the underlying variability in participants’ responses [58].

To statistically assess the effects on precision and response times, Weber fractions and

response times were analyzed using a one-way repeated measures ANOVA to determine

whether statistically significant differences exist among the groups. This was followed by

Bonferroni-corrected post hoc t-tests (two-tailed) to compare group pairs.

Frequentist t-test were complemented with the Bayesian statistics, repeated measures

ANOVA and post hoc t-test, with estimation of Bayes Factors (BF) [59], which quantify the

evidence for or against the null hypothesis by comparing the likelihoods of the alternative

hypothesis (H1) and null hypotheses (H0). By convention, Bayes Factors greater than 3

indicate moderate evidence in favor of the alternative hypothesis (greater than 10 for strong

evidence), whereas values below 1/3 suggest moderate evidence against it (below 1/10 for

strong evidence).

To estimate the required sample size (N) for this preliminary evaluation, a large

effect size (≥2) was considered, along with a high statistical power (1 − β = 0.95) and a

significance level (α = 0.05). Given the context of this study and the use of a paired t-test,

the required sample size was determined to be six participants [60].

3. Results

Six participants took part in a replication of the Anobile et al. study [35], which tested

numerosity precision (i.e., Weber fractions) over a range of numerosities, and investigated

whether humans perceive numerosity directly or infer it indirectly from texture density.

Participants were required to choose which of two sets of red spheres was more numerous

and their preference for the right set was plotted against the numerosity difference between

the numerosity of the right and left sets normalized by the average numerosity of the range

(Figure 3). These responses were fitted by a cumulative Gaussian function whose steepness

indicates the precision in performing the judgment. The range necessary to move from

50% to 75% “right more numerous” responses indicate the extent of the zone of uncertainty

reflecting the precision of the judgment. As visible from the representative participant

shown in Figure 3, the three ranges considered in this study—low (avg 8), intermediate

(avg 18), and high (avg 90)—produced different results. Whereas the initial two ranges

produce similar curves (green and blue), the curve obtained for the high numerosity range
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(red) was steeper, indicating that judgments involving higher numerosities yield more

precise decisions.

ff
≥ − β

α

tt ff

tt

ff

tt ff
tt

ff
tt

Figure 3. Sample psychometric curves for a representative participant for the three numerical

conditions. Raw data for the three numerosity ranges are plotted with different colors: green (low),

blue (intermediate), and red (high). Raw judgments are fitted with a cumulative Gaussian curve

(continuous lines).

To quantify this effect, for each participant, the Weber fraction (i.e., the JND/average

numerosity) has been computed and plotted separately for the three numerosity ranges

(Figure 4). As visible in the plots for low and intermediate numerosities, Weber fractions

are around 13%, whereas for high numerosity they decrease to approximately 8%.

ff

ff

ff

ff
ff

ff
ff

ff
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Figure 4. Weber fractions of participants for the three numerosity conditions. Weber fraction values

and error bars (a), and combined using average values and trend lines (b).

The frequentist statistical analysis with one-way repeated measures ANOVA resulted

in the presence of statistically significant differences among the three numerosity conditions

for Weber fraction values (F(10,2) = 35, p < 0.001). It is also confirmed by the Bayesian

statistics for the model, showing extremely strong evidence in favor of the alternative

hypothesis (BFM = 1665).

Bonferroni corrected post hoc t-test for the various conditions indicate that the dif-

ference between low and intermediate range is not statistically significant (t(5) = 0.31,

p > 0.5 two-tails) and actually there is moderate evidence for the null hypothesis

(BF10 = 0.26); instead, the difference between the lower conditions and the highest nu-

merosity range is significant (low vs. high t(5) = 7.14, p < 0.001, intermediate vs. high
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t(5) = 7.45, p < 0.001) and provide a strong support against the null hypothesis (BF10 = 12.6

and BF10 = 22.5, respectively).

The Cohen’s d values were calculated to estimate the pairwise effect sizes between

group means. The results confirm the frequentist and Bayesian analyses. They indicate a

very large effect for the comparisons between low vs. high (d = 2.44) and intermediate vs.

high (d = 2.93), suggesting substantial differences in means. In contrast, the comparison

between low and intermediate groups yielded a very small effect size (d = 0.09), implying

minimal difference between these conditions.

In summary, there is no significant difference between low and intermediate numerosi-

ties, while high numerosities are perceived significantly more accurately than low and

intermediate conditions.

Recent evidence suggests that another critical index of psychophysical performance

is response times [45]. Previously, our group has demonstrated that response times for

numerosity verbal estimation follows a descending pattern. An initial plateau at low and

moderate numerosities is followed by a second phase where response times are faster [34].

In this study, a similar approach was followed, analyzing the response times for numerosity

discriminations in VR. Figure 5 illustrates the response times recorded for each participant

with a box plot, and the median values in the three conditions. The box plot visually

represents data distribution by displaying the median (Q2) and the interquartile range

(IQR), which is the difference between the third quartile (Q3) and the first quartile (Q1).

The whiskers extend to the maximum and minimum values within 1.5 times the IQR from

Q3 and Q1, while outliers beyond this range are shown as individual black dots.
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Figure 5. Response times of participants for the three numerosity conditions. Box plot of the

response times plotted individually with raw values overlapped (a). Bar chart showing median

values averaged with individual trend lines (b).

The frequentist statistical analysis with one-way repeated measures ANOVA resulted

in the presence of statistically significant differences among the three numerosity conditions

(F(10,2) = 10.4, p = 0.004). It is also confirmed by the Bayesian statistics, showing strong

evidence in favor of the alternative hypothesis (BFM = 11.17).

Bonferroni corrected post hoc t-test for the three conditions founds again a slight

descending pattern, with the two lower numerosities presenting a similar response time

(663 and 643 ms t(5) = 1.27 p = 0.69, BF10 = 0.40) and the higher numerosity leading

to faster responses by about 60 ms (average 593 ms), which is different from the two

lower numerosities (low vs. high t(5) = 4.42, p = 0.004, BF10 = 6.1; intermediate vs. high

t(5) = 3.1, p = 0.031, BF10 = 1.8). Also with the response times, there is no significant

difference between low and intermediate conditions, while high is significantly different

from both intermediate (limited evidence) and low conditions (strong evidence).
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This is also confirmed by the Cohen’s d values for the pairwise effect sizes. The results

indicate a huge effect for the comparisons between low vs. high (d = 1.50) and a very large

effect for intermediate vs. high (d = 0.93), suggesting relevant differences in means. In

contrast, the comparison between low and intermediate conditions yielded a small effect

size (d = 0.33).

4. Discussion and Conclusions

The aim of the current study was to assess the viability of conducting numerosity

decisions in a VR setup and to determine whether the key characteristics of numerosity

judgments observed in typical laboratory settings can be replicated.

The main finding is that the VR platform, powered by Unity and the VIVE Focus 3

headset, proved flexible enough to incorporate the essential features of a psychophysical

experiment. In this paradigm, the classical method of adjustment was employed, where

the experimenter determines the test trials and their randomization before the experiment

begins. This method functioned flawlessly.

However, implementing a modern psychophysical experiment in VR presents certain

challenges. Numerosity judgments typically require that dots forming a cloud are randomly

distributed over a region of interest while adhering to specific constraints (e.g., ensuring

objects do not overlap). This real-time computational demand was addressed by pre-

calculating a list of coordinates in MATLAB, which was then integrated into the VR

pipeline. Although this approach may seem labor-intensive, it is entirely manageable. The

Unity application successfully read and interpreted the MATLAB output without issues.

At the same time, it is worth noting that over the years several efficient methods

have been developed to expedite data collection. To incorporate these, it will certainly be

needed to change the work pipeline. Many of these are adaptive methods that analyze

stimulus-response histories to suggest efficient stimulus intensities for subsequent data

collection. While such algorithms are widely available in various MATLAB toolboxes,

they lack proper integration with systems like Unity, which was originally designed for

application and game development. In addition, the process of generating real-time stimuli

that obey multiple constraints may be challenging and this becomes more complex when the

algorithms reside externally. Nonetheless, since these algorithms are based on mathematical

and statistical principles, translating them into code compatible with Unity is feasible. This

will require additional development and testing to ensure optimal system performance

while maintaining a seamless VR experience.

From a psychophysical perspective, the experiment was successful. Two distinctive

patterns commonly observed in typical 2D displays were successfully replicated, suggesting

that the core features of the numerosity estimation system, previously studied only in

2D environments, are preserved in more realistic VR setups, which are inherently three-

dimensional [34,35].

The previous Anobile et al. study [35] provided evidence that numerosity and density

judgments are governed by separate perceptual mechanisms with different psychophysical

characteristics. In particular, for densities up to 0.25 dots/deg2, Weber fractions remained

constant, supporting a direct perception of numerosity; while beyond 0.25 dots/deg2,

Weber fractions decreased, indicating a transition to texture-density mechanisms. The

drop in Weber fractions reported here (about a factor of 2) is entirely consistent with these

previous findings, which show that, after a breakpoint judgments, the Weber fractions

values follow a regime change and obey a square-root law [14,35]. Interestingly, the

quantitative similarity between the current dataset and previous datasets resides not only

in the drop of Weber Fractions at higher numerosities but also in the average values.
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Previous studies have reported Weber fractions ranging from approximately 15% for low

and intermediate conditions to approximately 8% in high numerosities conditions [61].

Also, response times exhibited a trend similar to previously published data from the

group. In [34], the authors investigated how response times vary across different numeros-

ity perception regimes: subitizing, estimation, and texture. For numerosities greater than

four (estimation range) response times are higher due to a higher cognitive demand for

estimation tasks. At very high numerosities (≥50) with dense item packing, response times

decreased, implying a transition to texture perception mechanisms. Importantly, in that

dataset observers were required to verbally estimate dot numerosity, which led to higher

response times, typically of more than one second. Even if a direct comparison is not

possible, the patterns emerging from the two paradigms are very similar indicating that

one is probing similar sensory systems.

This study focused on numerosity discrimination tasks, which are fundamental for

neuroscientists to infer the quality of underlying sensory representations and are valuable

in basic research. In principle, any property of the numerosity system can be investigated

just as effectively in a VR environment.

Of the two key results reported— an increment in precision at high numerosities and

a decrease in response times—the replication of the Weber fraction pattern as a function of

numerosity is particularly significant. Many training protocols aim to enhance cognitive

and perceptual abilities related to numerosity, which directly depends on the ability to

measure and manipulate sensory precision.

Although based on a limited sample, our results contribute to expanding current

knowledge. Notably, the observed decrease in response times with increasing numerosity

was tested using a two-alternative forced-choice (2AFC) paradigm, which does not require

verbal responses. This is intriguing because previous research observed similar patterns

with verbal estimates. In those cases, faster responses at higher numerosities could be

attributed to coarse estimation strategies (e.g., estimating in tens), leading to quicker

judgments. The fact that this pattern also emerges in a 2AFC setting suggests that the effect

originates at a perceptual level rather than from the process of selecting a verbal estimate.

The findings of this study addressed the dual research questions: first, demonstrating

that VR environments can replicate results obtained using the traditional approach based

on two-dimensional displays; and second, suggesting that the core features of numerosity

perception remain consistent across the two different display methods. However, VR

technology extends the scope of research by enabling the study of additional variables

that cannot be tested in traditional 2D settings. In particular, VR is highly beneficial for

simulating real-world environments where participants estimate numerosities in dynamic

and spatially complex scenes, thereby significantly enhancing the ecological validity of

numerosity perception experiments.

Moreover, VR solutions provide greater experimental control and flexibility in present-

ing numerical stimuli. In numerosity judgment studies, key variables such as object size,

spatial arrangement, motion, and environmental lighting conditions can be dynamically

modified to assess their influence on numerosity perception.

Future research will aim to directly compare the VR-based paradigm with traditional

2D methods to verify whether there is a correlation of the Weber fractions between the

two approaches, thereby assessing the consistency and reliability of VR-based psychophys-

ical experiments. Additionally, it will be important to evaluate the comfort of the VR

experience relative to classical methods, providing insights into user experience and iden-

tifying any potential ergonomic or cognitive load challenges associated with immersive

environments and comparing them with the ones of the traditional setup. Finally, extend-

ing the analysis to a more diverse participant pool will enhance the generalizability of
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the findings, and a deeper investigation into response times will help uncover the cog-

nitive and perceptual mechanisms underlying numerosity judgments in an immersive

VR environment.
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