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Age-related patterns in the 
creation of social prediction 
models: a study using immersive 
virtual reality
Libera Siciliano1,2,14, Maria Pyasik3,14, Gaetano Tieri4,5, Valentina Ciot6,7, 
Claudia Salera5,8, Nicole Urbini2,8, Viola Oldrati9, Andrea Ciricugno10, Giusy Olivito2,8, 
Renato Borgatti10,11, Marco Iosa5,8, Zaira Cattaneo12, Cosimo Urgesi3,13 & Maria Leggio2,8

Exposure to environmental regularities allows individuals to build internal models, supporting the 
integration of prior expectations with sensory input in social contexts. However, how social prediction 
models develop across age and experience remains unclear. To address this, we investigated whether 
the formation of social predictive models varies across age and experiences in neurotypical individuals 
(early adolescents, young adults, and adults). Participants completed, in counterbalanced order, two 
scenarios of an immersive virtual reality (IVR) task that facilitates the creation of top-down predictions 
during action perception, requiring the participants to implicitly associate the hand movement of 
four avatars toward one preferred object among three. Self-report questionnaires and standard social 
cognition tests were used to assess embodiment, presence, usability in the IVR setting, and the 
direct association between the novel IVR task and social-cognitive tests. Results showed significant 
performance improvement from the first to the second scenario in all groups, indicating learning and 
refinement of predictive models. Early adolescents performed significantly worse and showed a lower 
learning rate than adult groups, who did not differ from each other, suggesting slower formation of 
social prior expectations in early adolescents. The IVR paradigm was feasible across all age groups 
and proved valid for assessing social processing. These findings support a developmental trajectory in 
which the creation of predictive internal models improves with age and experience.

Keywords  Immersive virtual reality, Prior expectations, Top-down social predictions, Adolescence, 
Adulthood

Understanding others’ actions and intentions is crucial for social cognition. Efficient social interactions rely not 
only on understanding others in the moment, but also on the ability to anticipate their upcoming actions or 
changes in mental and emotional states1. These social prediction processes rely on the context of actions or social 
events, firstly because identical actions or social events can have different meaning in different contexts, and 
secondly because they are naturally embedded in a certain context and do not occur as a standalone phenomenon2. 
Accordingly, predictive coding accounts of social perception propose that the sensorial information about an 
action (for example, action kinematics) is compared with the prior expectations about the most likely action 
or social event3,4. In general, prior expectations (priors) are based on the previously observed and experienced 
statistical regularities inherent to the natural world5, and the context in which actions or social events occur is 
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one of the sources of these priors6. Indeed, priors7 affect different social prediction processes, such as action 
prediction or recognition (for review, see8.

The use of prior expectations, especially in the social domain, undergoes significant maturation during 
adolescence and is refined across age as it is influenced by the amount of information the brain has collected9. 
Several studies have investigated how predictive abilities in different domains change with ageing. In general, 
the existing evidence suggests that people of older age rely more on priors and less on sensorial information10,11. 
As a result, older adults tend to benefit more from contextual information, especially in situations of perceptual 
ambiguity12. Conversely, evidence investigating the development of social predictive processes in preadolescence 
and adolescence is scanty. One study investigated the role of priors in the social domain (emotion discrimination) 
in adolescents and adults7. While adolescents were generally influenced by priors to a similar extent as adults, 
they showed less bias specifically for the expression of anger, suggesting that social prediction abilities are still 
developing at that age7.

The development of social prediction abilities throughout the lifespan may occur in two ways: first, 
through the maturation of the ability to predict others’ actions and social cues based on sensory information 
(e.g., movement kinematics); and second, through age-related changes in the formation of social priors and 
contextual expectations that may sustain the disambiguation of sensory information. While previous studies 
have used computerized tasks to compare the reliance on pre-existing social priors across lifespan stages7, no 
study has so far tested whether the formation of new social expectations, independently from pre-existing 
knowledge and experience, may change across the lifespan. Immersive virtual reality (IVR) offers a unique 
avenue to compare the formation of social expectations in ecological scenarios. Plenty of literature reports that 
IVR is a suitable technology for studying complex cognitive functions since it incorporates real-world features 
and allows for controlled adjustment of contextual stimuli, demonstrating a substantial ecological validity 
compared to traditional testing tools, given the embodied experience and natural sense of presence conveyed by 
IVR13,14. Accordingly, several studies have demonstrated that IVR interventions implemented in rehabilitation 
protocols can improve emotional recognition and social skills in children and adolescents, including those with 
neurological disorders15,16. In the vein of predictive processing, an IVR rehabilitative training which targeted 
social prediction deficits has proven efficacious in enhancing social prediction abilities in children, adolescents 
and young adults affected by congenital cerebellar malformation17,18. Additionally, several studies proved the 
applicability of IVR for both cognitive testing and rehabilitative intervention in adults and elderly, across a wide 
variety of cognitive and affective domains19,20.

The present study aimed at testing the ability to create social predictive models online in three age groups 
– early adolescents, young adults and adults. To this aim, an IVR task adapted for participants’ age groups 
was implemented. In the task, participants were required to predict the actions (i.e., a choice of one of three 
possible objects) of four virtual avatars that varied in their appearance; three avatars had a preferred object 
category, while the fourth avatar was unpredictable. To anticipate the avatars’ choices, participants needed to 
develop predictive models of the object preferred by each avatar based on the contingency between the avatars’ 
hand movement (and afterward the avatars’ appearance) and their action outcomes (object choices), without 
receiving explicit instructions about the cues that indicate the avatars’ preferences. After the completion of the 
IVR tasks, three questionnaires (embodiment questionnaire21, User Satisfaction Evaluation Questionnaire – 
USEQ22; NASA-Task Load Index - NASA-TLX23 were administered to validate the sense of embodiment and 
presence in the virtual scenarios, as well as their usability. Finally, given the novelty of the IVR task, we aimed to 
test its direct association with widely used social cognition tests. Therefore, participants’ social cognition abilities 
were additionally evaluated with standardized age-appropriate assessments, namely the social perception tests 
of the NEPSY-II battery24 for early adolescents, and the Faux Pas Test25,26 and the Reading the Mind in the Eyes 
test - RMET27,28 for both groups of adults (description of social cognition tests are reported in supplementary 
materials). We hypothesized that the ability to construct predictive internal models of others’ actions evolves 
with age and improves with practice, as assessed by an effective IVR system which facilitates and enhances the 
creation of forward models during social perception. In addition, we expected to observe different patterns of 
performance between early adolescents and adults in the IVR task, considering that the prediction processing 
develops throughout development29.

Materials and methods
Participants
An a priori power analysis was conducted with the G*power software30 using the “as in Cohen 1988” option. 
Healthy participants were recruited for each age group to obtain 90% of power (1-beta) with alpha = 0.05 in 
our mixed-model design with three age groups (early adolescents, young adults and adults) x two IVR task 
blocks (Block 1 vs. Block 2). A moderate to large effect size was estimated, f(V) = 0.39, based on the within-
subject change of action prediction performance after a social IVR training18r = 0.364). A minimum sample 
size of 87 subjects was calculated. Accordingly, we enrolled ≥ 29 participants per group. Specifically, 30 early 
adolescents (age range: 11–17 years), 31 young adults (age range: 18–35 years) and 33 adults (age range: 36–62 
years) were recruited. All participants had no history of neurological disorders or psychiatric illness and had 
normal or corrected-to-normal visual acuity; all participants were native Italian speakers. The demographics of 
each group of participants are described in Table 1. The early adolescents and part of the adults and the young 
adults were recruited at the University of Udine and at secondary schools of Udine, Italy. The young adults 
and part of the adults were recruited at IRCCS Santa Lucia Foundation, Italy. Thus, participants were recruited 
from homogeneous high-education context, but no other socioeconomic information was taken. To assess the 
intellectual level, the adult and pre-adolescent groups with age years ≥ 12 performed the Standard Progressive 
Matrices (SPM31, with transformation of raw scores to numerical Intellectual Quotient (IQ) values in relation 
to age. In contrast, 11-year-old early adolescents performed the Colored Progressive Matrices (CPM32, with 
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transformation of raw scores to percentiles and then to IQ scores. IQ was used as inclusion criteria to ensure 
typical intellectual functioning, rather than as a covariate of theoretical interest, given that it was tested with 
different age-appropriate tests across and within the age groups and, consequently, calculated using different 
standardization procedures. Therefore, the independence assumption required for covariance analyses was 
violated33,34. Participants, or parents in the case of minors, signed a written informed consent for pseudo-
anonymized use of research data. This research study was approved by the Ethics Committees of IRCCS Santa 
Lucia Foundation and of the University of Udine, according to the principles expressed in the Declaration of 
Helsinki.

IVR task
Stimuli
The virtual scenarios and objects were developed in Blender 3D (https://www.blender.org/) and implemented 
in Unity Game Engine (https:/www.unity.com/). The scenarios were designed to represent realistic settings and 
situations appropriate for the age groups of participants (adolescents and adults). In detail, the scenarios for 
early adolescents presented a school library and an outdoor playground, while the scenarios for the two groups 
of adults included a supermarket and a restaurant.

In addition, a practice scenario was created for each age group; its layout, objects and trial structure were 
identical to those in the experimental scenarios, but the scene did not contain any details to identify the virtual 
space; the virtual objects were simple 3D geometric figures, and the avatars were represented as grey shapes 
without distinct features. All scenarios had a similar layout that included a surface (a counter) where the virtual 
objects were placed, which was located in front of the participant, and a door at the far frontal end of the room/
space (Fig. 1A).

Four virtual avatars were created for each set of scenarios (adolescent and adult versions) with MakeHuman 
(http://www.makehumancommunity.org/) and iClone 3D (www.reallusion.com) software. The avatars’ body 
size and features were age-matched with the groups of participants. In both sets, two avatars were male and two 
were female, and all avatars differed in certain characteristics such as hair color, hairstyle, and clothing (Fig. 1B). 
All avatars were animated in Unity Game Engine with the animation of naturalistic walking. The scenarios 
were presented to the participants via a Meta Quest 2 head-mounted display (HMD) with RGB LCDs with 
1832 × 1920 pixels resolution, refresh rate at 120 Hz, the field of view of 110° (diagonal FOV) and 6 degrees of 
freedom. Participants interacted with the content of the scenarios via Meta Quest 2 hand-held game controllers 
for both hands.

Procedure
In all the scenarios, participants observed the virtual scene from the first-person perspective. The only visible 
part of their virtual body were the hands, which moved synchronously with participants’ hand movements 
performed with the game controllers. In the scene, participants were located above a chair in front of the counter 
that was reachable with a forward hand movement. At the onset of each trial (activated by the participants 
via pressing the A key on the right controller), three different objects appeared on the counter in front of the 
participant. Together with the appearance of the objects, one of four avatars entered the scene through the door 
located in the far front end of the scene. The avatar approached the counter by walking at a constant speed and 
grasped one of the objects. In the first four trials, participants were instructed to observe the avatars and the 
objects without performing any movements. After that, participants’ task was to anticipate which object the 
avatar would grasp and to grasp that object themselves before the avatar (Fig. 1C). Once either the avatar or the 
participant grasped one of the objects, the avatar and the objects disappeared and the trial was concluded.

The virtual objects in each scenario belonged to one of three categories: in the supermarket, the categories 
included packaged foods, beverages and household products; in the restaurant, the objects belonged to the 
categories of foods, beverages and sauces; in the library, the objects were books, pencil cases and stationery 
objects; in the playground, the objects were stuffed toys, books and flowers; in the practice scenario, the objects 
were cubes, cylinders and spheres with sizes matching those of the objects used in the other scenarios. In each 
scenario, three avatars had a preferred category of objects that they grasped in all trials. The fourth avatar picked 
the objects pseudo-randomly from any category by picking each of the three objects with equal probability (0.33) 
and therefore an equal number of times per scenario. The avatar-object category mapping was pseudorandomized 
and differed between the two experimental scenarios that each participant performed; moreover, in addition 
to the object preferences, avatars’ clothes changed between the scenarios. Each of the experimental scenarios 
included 44 trials and lasted approximately 7 min in total. The two scenarios developed for the age-group were 
presented in two different blocks, the order of which was counterbalanced across participants.

Group N Age (years) Education (years) Sex I.Q. scores

Early adolescents 30 11.9 (0.76) 5.9 (0.76) 16 (F), 14 (M) 102.9 (16.69)

Young adults 31 25.35 (2.69) 16.74 (1.81) 19 (F), 12 (M) 108.57 (10.48)

Adults 33 49.52 (7.65) 15.97 (3.31) 24 (F), 9 (M) 119.34 (7.54)

Table 1.  Demographic characteristics of the studied groups. Values represent mean and standard deviation (in 
parentheses) for age, years of education, and IQ scores. N = number of participants per group. Sex indicates the 
number of female (F) and male (M) participants within each group.
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Before starting the experimental scenarios, participants sat on a chair in a lab with enough surrounding area 
to safely perform the reaching movements. They were instructed to sit with their back against the back of the 
chair and their arms placed on the armrests, after which they put on the HMD and took the controllers in each 
hand. Then, the practice scenario was launched, and the participants could first take a few moments to gain 
confidence with the virtual environment, performing hand movements, looking around, and describing what 
they saw. These actions were also performed in the beginning of each experimental scenario and were necessary 
to create a sense of embodiment and presence in the virtual environment35. In the practice scenario, the structure 
and the aim of the task were explained: participants were instructed how to grasp the virtual objects, how to start 
the trials, and what the main goal of the task was (predicting the avatars’ preferences in picking the objects and 
grasping that object before the avatar). Crucially, participants were informed that all avatars had a preference for 

Fig. 1.  IVR task description and set-up. (A) Virtual scenarios for the groups of adults (top left panel: 
supermarket scenario, top right panel: restaurant scenario) and early adolescents (bottom left panel: library 
scenario, bottom right panel: playground scenario); (B) Virtual avatars for the adults’ (left panel) and early 
adolescents’ (right panel) scenarios; (C) Experimental setup and procedure, showing a participant wearing the 
HMD and performing a trial of the supermarket virtual scenario via the hand-held game controllers. Informed 
consent was obtained to publish the image in an online open access publication.
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one category of objects. If the participants had grasped the correct object (i.e., the target object of the avatar), 
a high-pitched sound was delivered via the HMD speakers; otherwise, a low-pitched sound marked erroneous 
responses. Participants then performed several trials of the practice scenario until they were comfortable with 
the grasping movement and the procedure. After that, they performed the two experimental scenarios that were 
presented in a counterbalanced order.

Three questionnaires were administered to validate the sense of embodiment and presence in the virtual 
scenarios (embodiment questionnaire21, as well as their usability (USEQ22, NASA-TLX23. Detailed description 
of statistical analyses on questionnaires and discussed results are reported in the section Additional Results of 
Supplementary materials.

Data handling and statistical analysis
IVR task
For each IVR scenario, accuracy (proportion of correct responses) and reaction times (RTs, in s) were extracted 
for each participant. In addition, a learning coefficient was computed by calculating a cumulative accuracy 
(the sum of correct responses) at each trial, and then fitting a linear model for the cumulative accuracy as a 
function of trial number; the coefficient of the fitted model was extracted for each participant in each scenario 
and interpreted as the learning coefficient (learning rate)36.

Evaluation of the normality of distribution for each analyzed variable was based on skewness and kurtosis; all 
variables were normally distributed; hence, parametric analyses were performed.

For each performance metric in the IVR tasks (accuracy, RTs, and the learning coefficient), a 2 × 3 mixed-
effects ANOVA was performed with Scenario order (block 1, block 2) as a within-subject factor and Age group 
(early adolescents, younger adults, adults) as a between-subject factor.

A significance threshold of p = 0.05 was set for all statistical analyses. Bonferroni correction was applied to all 
post-hoc paired comparisons whenever they were performed (pcorr = 0.05). Statistical analyses were performed 
with R software in R Studio37.

IVR task and social cognition tests association
We assessed the association between the IVR task and widely used social cognitive tests to evaluate whether these 
tests predict results on the novel tasks. To this aim, participants were administered standardized age-appropriate 
neuropsychological social tests, namely the social perception tests of the NEPSY-II battery (ToM A, ToM B 
and Affect Recognition24 for early adolescents, and the Faux Pas Test25,26 and the Reading the Mind in the Eyes 
test (RMET27,28 for both groups of adults (description of social cognition tests are reported in supplementary 
materials). Descriptive statistics of social cognition tests and independent-sample t-test (two-tailed) comparing 
young adults and adults are reported in Table 2. Since the different age-related social cognition tests assessed 
the same social cognition components, namely the affective component of ToM (ToM B of the NEPSY-II; the 
affective component of the Faux Pas Test), the cognitive component of ToM (ToM A of the NEPSY-II; the 
cognitive component of the Faux Pas Test) and emotion recognition (Affect Recognition of the NEPSY-II; the 
RMET), we transformed participants’ scores in z-scores, within each age-group. As concerned with the IVR 

Social cognition tests Early adolescents Young adults Adults t-value (p value) Adults together

ToM-A

 Mean 11.34
– – –

 SD 2.96

ToM-B

 Mean 7.71
– – –

 SD 3.60

AR

 Mean 7.71
– – –

 SD 4.76

ToM – Affective Component

 Mean
–

6.97 7.59 -1.14 7.29

 SD 1.94 2.33 (0.26) 2.17

ToM – Cognitive Component

 Mean
–

39.94 39.69 0.11 39.81

 SD 6.88 10.51 (0.91) 8.91

RMET

 Mean
–

27.42 25.85 1.94 26.61

 SD 3.37 3.04 (0.06) 3.3

Table 2.  Descriptive statistics of Social Cognition tests and t-test between young adults and adults. The values 
are reported as mean and standard deviation (SD) of participants scores in the social cognition tests; t-values 
and p-values of the independent-sample t-test (two-tailed) between adults’ groups are reported (results 
significant at p < 0.05).
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scores, to simplify analysis for following regression analysis, a Balanced Integration Score (BIS) was calculated 
for each participant, which reflects overall performance and efficiency since it takes into account both accuracy 
and RTs38,39. First, we converted individual IVR task’s accuracy and RTs into z-scores within each age-group, 
in order to standardize them to a common scale and to balance speed and accuracy. The BIS score (Composite 
IVR) was calculated as follows: ZAccuracy - ZRTs. This calculation rewards both accuracy and speed, because 
subtracting a lower RTs z-score actually adds to the finale score38,39. Then, we run a Hierarchical Regression 
Analyses in all participants together, since IVR performance scores were transformed into z-scores and since the 
different age-related social cognition tests assessed the same social cognition components. The study employed 
a two-step hierarchical approach. Composite IVR score was entered in the model as the dependent variable. 
Concerning the first step, the Affective Component of ToM, the Cognitive Component of ToM and Emotion 
Recognition were entered in the model 1 as independent variables. In the second step, age was also entered in 
the model 2 as independent variables, to assess whether the addition of age would significantly improve the 
model. This approach allowed us to control age-related differences while allowing a combined analysis across 
all participants. However, because different standardized social cognition tests were administered to each age 
group, z-scoring within groups does not assume measurement invariance across ages. Therefore, the regression 
results should be interpreted as exploratory associations rather than evidence of convergent validity. Also, this 
approach might provide more robust and interpretable results compared to separate regression models for each 
group, given the modest sample size (N ≈ 30 per group). Semi-partial correlations (Part²) were computed from 
the regression model to estimate the unique variance explained by each predictor40. Due to concerns about 
normality and sample size, bootstrap resampling (1000 samples) was applied to obtain more robust estimates. A 
significance threshold of p = 0.05 was set for statistical analysis. Adjusted R² values are reported for each model. 
In addition, p-values for individual predictors were adjusted using the Benjamini–Hochberg step-up procedure 
to control for multiple comparisons (pBH), given the exploratory nature of this analysis41. Statistical analyses 
were performed using the Statistical Package for the Social Sciences (SPSS) version 27.

Results
IVR tasks
Descriptive statistics of accuracy, RTs and learning coefficient of IVR tasks per group and block are reported in 
the Supplementary Information (Table S1).

The mean accuracy of the three age groups in the two blocks is presented in Fig. 2A. A 2 × 3 mixed-effects 
ANOVA showed a significant main effect of Age group [F (2, 91) = 8.92, p < 0.01, ηp

2 = 0.16]. Bonferroni corrected 
post-hoc comparisons revealed lower accuracy in early adolescents compared to both young adults (pcorr < 
0.001, d = -0.85, mean difference = -0.13, 95% CI for mean difference [-0.21, -0.05]) and adults (pcorr = 0.003, d 
= -0.74, mean difference = -0.11, 95% CI for mean difference [-0.19, -0.03]). The two groups of adults did not 
differ significantly (pcorr = 0.99, d = -0.11, mean difference = -0.02, 95% CI for mean difference [-0.10, 0.06]). 
In addition, there was a significant main effect of Scenario order [F (1, 91) = 18.25, p < 0.01, ηp

2 = 0.17], with 
lower accuracy in block 1 compared to block 2. No significant interaction of Age group x Scenario order [F (2, 
91) = 0.85, p = 0.43, ηp

2 = 0.02] was present.
The pattern of results for the learning coefficient followed that of the results for the accuracy. Specifically, 

there was a significant main effect of Age group [F(2, 91) = 8.14, p < 0.01, ηp
2 = 0.15] which was defined by slower 

learning in early adolescents compared to both young adults (pcorr < 0.001, d = -0.83, mean difference = -0.13, 
95% CI for mean difference [-0.21, -0.05]) and adults (pcorr = 0.009, d = -0.61, mean difference = -0.10, 95% CI 
for mean difference [-0.18, -0.02]); the two groups of adults did not differ significantly (pcorr = 0.99, d = -0.18, 
mean difference = -0.03, 95% CI for mean difference [-0.11, 0.05]). A significant main effect of Scenario order 
[F (1, 91) = 15.46, p < 0.001, ηp

2 = 0.15] revealed that learning was slower in block 1 than in block 2. There was no 
significant interaction of Age group x Scenario order [F(2, 91) = 0.03, p = 0.97, ηp

2 < 0.001]; see Fig. 2B.
A 2 × 3 mixed-effects ANOVA for RTs showed a significant interaction of Age group x Scenario order [F(2, 

91) = 3.10, p = 0.0498, ηp
2 = 0.06], which was driven by a non-significant trend of faster RTs in the young adult’s 

group in the second block compared with the first block (pcorr = 0.11, d = -0.42, mean difference = 0.59, 95% CI 
for mean difference [-0.33, 1.51]). There were no significant main effects of Age group [F (2, 91) = 0.37, p = 0.69, 
ηp

2 = 0.01], or Scenario order [F (1, 91) = 2.94, p = 0.09, ηp
2 = 0.03] (Fig. 2C).

To summarize, the group of early adolescents had lower performance and learning rate than both groups of 
adults, which in turn did not differ significantly between each other. In addition, the performance in the second 
block was significantly better than in the first one in all age groups.

IVR task and social cognition tests association
The Hierarchical Regression Analysis revealed that model 1 was statistically significant [F (3, 89) = 3.856, 
p = 0.012] and explained approximately 11% of the variance in IVR performance (R² = 0.115, Adjusted R² = 0.085). 
Cognitive component of ToM and Emotion Recognition did not reach statistical significance (respectively, β = 
-0.123, t = -0.965, p = 0.33, pBH = 0.33, Part2 = 0.009; β = 0.163, t = 1.633; p = 0.11; pBH = 0.16, Part2 = 0.027), while 
the Affective Component of ToM emerged as significant predictor (β = 0.349, t = 2.729, p = 0.008; pBH = 0.024, 
Part2 = 0.074) uniquely accounting for approximately 7% of the variance in IVR performance; this indicates that 
higher scores on this measure was associated with better performance in the IVR task (Fig. 3A).

In model 2, age was added as an additional predictor. The model was significant [F (4, 88) = 2.869, p = 0.028], 
and explained an equal proportion of variance (R² = 0.11; Adjusted R² = 0.075), whose change was not statistically 
significant [ΔR² = 0.000, F (1, 88) = 0.036, p = 0.85]. In this model, the Affective Component of ToM remained 
a significant predictor as in model 1 (β = 0.348, t = 2.71, p = 0.008, pBH = 0.032, Part2 = 0.074), and it uniquely 
explained approximately the 7% of the variance, while the Cognitive Component of ToM, Emotion Recognition 
and age were not significant predictors (respectively, β = -0.123, t = -0.959, p = 0.34, pBH = 0.45, Part2 = 0.009; 
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β = 0.164, t = 1.631, p = 0.11, pBH = 0.21, Part2 = 0.026; β = -0.019, t = -0.190, p = 0.85, pBH = 0.85, Part2 = 0.000); 
this indicates that the previously observed effect are not accounted for by shared variance with age.

To assess the robustness of these findings, bootstrap confidence intervals (based on 1,000 samples) were 
examined. In model 1, the Affective Component of ToM remained a significant predictor (B = 0.485, p = 0.009; 
pBH = 0.027), while Emotion Recognition showed a trend to significance (B = 0.249, p = 0.062, pBH = 0.09). The 
Cognitive Component of ToM was not statistically significant (B = -0.174, p = 0.34, pBH = 0.34) (Fig. 3B). In 
model 2, bootstrap estimates showed that the Affective Component of ToM remained a significant predictor 
(B = 0.484, p = 0.01, pBH = 0.04), Emotion Recognition showed a trend to significance (B = 0.251, p = 0.066, pBH 
= 0.13) and both the Cognitive Component of ToM and age were not statistically significant (respectively, B = 
-0.174, p = 0.34, pBH = 0.46; B = -0.002, p = 0.86, pBH = 0.86), confirming that the addition of age did not provide 
a reliable improvement to the model (Fig. 3B).

Collinearity diagnostics indicated no multicollinearity issues, with all VIF values below 1.643. The Durbin-
Watson value (1.766) indicated no autocorrelation in the residuals.

To summarize, Affective Component of ToM, as assessed by conventional social cognition subtests, such as 
the ToM B subtest of the NEPSY-II for early adolescents and the Affective Component of the Faux Pas Test for 
adults, revealed significant predictors of IVR performance. When age was added to the model, the predictive 
effect of the Affective Component remained and age did not significantly contribute to the model, nor did it 
reduce overall explanatory power.

Fig. 2.  Accuracy and RTs in the IVR tasks presented by age group and task block (IVR scenario order). (A) 
Mean accuracy in each age group and task block; (B) Linear fit for cumulative accuracy by trial (learning rate); 
the solid lines represent the group average and the grey bands around the lines represent the standard error, 
while the dotted lines represent the single participants’ fits; (C) Mean RTs in the VR tasks presented by age 
group and task block (VR scenario order). In the boxplots (panels A, C), hinges of the box represent the first 
and the third quartile, with the line in the middle of the box representing the median and the bottom and top 
whiskers representing the smallest and the largest value no further than 1.5*Interquartile Range (IQR) from 
the lower and the upper hinges, respectively, the dots represent single participant’s values, and the triangles 
represent outliers. *Significant difference.
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Discussion
The present study aimed to investigate whether the creation of social prediction models in neurotypical 
individuals changes across age (early adolescents, young adults, and adults). We specifically aimed to test the 
hypothesis that the ability to form and implement predictive internal models of others’ actions evolves across 
age and improves with practice, as assessed by an immersive IVR system that facilitates and enhances the 
creation of forward models during social perception. Additionally, the present study revealed the capacity of 
IVR task to highlight statistically significant differences in terms of social predictions across age groups and 
provided exploratory evidence of direct associations with social cognition measures. Also, as reported in detail 
in supplementary materials, the usability of the IVR task was confirmed.

Updating prediction models throughout experience
The results of the present study showed that IVR performance of all participants significantly improved from 
the first to the second block, suggesting learning and refinement of predictive models about others’ intentions 
(Fig. 2A, B). To infer avatars’ intentions and to succeed in IVR tasks, participants had to implicitly associate 
avatar’s movement toward the object (and afterwards, the avatar’s appearance) with object preference, relying 
on bottom-up sensorial information. As these associations were proven accurate, participants recognized 
contextual regularities in the IVR scenario and developed internal models of the avatars’ intentions, using top-
down predictions adopted as priors to anticipate behavior42. Once the predictive model was deemed adequate 
by practice, the contextual priors induced more accurate expectations and the performance improved, as 
demonstrated by the progressive increase in learning rate both within and between blocks (Fig. 2B). Consistently, 
it has been argued that implicitly learnt contextual priors may guide action recognition prevailing actual 
kinematic information43–45. These assumptions are in line with theoretical models of social prediction, which 
suggest that prior expectations (priors) are based on the formerly observed statistical regularities intrinsic to 
sensorial input (for example, action kinematics or facial expression) experienced in the natural world5, and the 
context of social events or actions is one of the sources of these priors3,6.

These models are grounded in a general hierarchical model of perception and cognition, such as The Bayesian 
Predictive Coding (BPC) framework9,46. According to this framework, the brain operates as a hierarchical 
probabilistic inference system that continuously predicts incoming sensory input on the basis of internal 
models of that input, producing top-down predictions4,9,46. When sensory data aligns with these predictions, 
the system maintains its current model; when discrepancies arise, prediction errors prompt model updating. In 
this study, the decreasing trend in reaction times and the progressive increase of learning rate are in line with 
the assumption that the predictive model needs to be revised to reflect each sample of bottom-up evidence until 
uncertainty is sufficiently minimized and accurate decisions can be made, inducing participants to increasingly 
rely on predictive priors as internal models are stabilized47. According to the predictive model framework, the 
confirmation of prior expectations enhances top-down gain, not only facilitating faster evidence accumulation 
but also speeding decision-making47. Together with this, the IVR tasks prompted the creation of the social 
predictions online, since the information about the avatars’ object preferences was available only during the task. 
In this context, despite the general age-related preferences for relying on priors vs. sensorial information, all age 
groups showed better performance in the second block of the task. This occurred despite the fact that the avatar-

Fig. 3.  Hierarchical regression analysis plots. (A) Partial regression plot showing the relationship of the 
Affective Component of ToM with the Composite IVR (BIS) after controlling for the other predictors included 
in model 1 of the first regression analysis. The X-axis represents the partial values of the predictor Affective-
ToM and the Y-axis the partial values of the dependent variable Composite IVR (BIS), after removing the 
effects of the other predictors included in model 1. The slope of the regression line corresponds to the partial 
regression coefficient (β). Dotted lines indicate the 95% confidence intervals (CIs). (B) Unstandardized 
regression coefficients with 95% bias-corrected bootstrapped confidence intervals (1000 samples). Error bars 
represent 95% bootstrapped CIs. In the plots, the vertical line at zero indicates no effect. Predictors with CIs 
that do not cross zero are statistically significant at p < 0.05 (half-full dots); Predictors that do cross zero are 
not statistically significant at (p > 0.05; full dots); Predictors represented by dashed dots revealed a trend to 
significance (B: Model 1, p = 0.062; Model 2, p = 0.066).

 



Scientific Reports |        (2026) 16:22179 9| https://doi.org/10.1038/s41598-026-53205-z

object preferences were different in the two blocks of the task, suggesting that the creation of the predictive 
models based on the context-related cues subsequently consolidates, facilitating the same process even when 
the cues are different. This outcome aligns with results of a recent study which designed a Virtual Reality Social 
Prediction Improvement and Rehabilitation Intensive Training (VR-Spirit) to specifically target social prediction 
difficulties in children, adolescents, and young adults with congenital cerebellar malformations17. Specifically, 
the authors revealed that VR-Spirit administered over two weeks was effective in improving social prediction of 
the avatars’ intentions even when exposed to a different and novel VR scenario17. Overall, both these findings 
suggested that practicing with IVR task successfully boost and consolidate the ability to flexibly switch predictive 
models among avatars and changing scenarios. On the other hand, while the increased accuracy and learning 
rate observed in the second scenario points to the training-related refinement of the flexibility of the predictive 
models, the present study cannot directly indicate the underlying mechanism of this effect. In particular, the 
present experimental design cannot disentangle between the general refinement of the social prediction models, 
the increased familiarity with the layout of the IVR task in the second block, or the transfer of specific previously 
learned associations. The latter seems the least likely because the two scenarios differed not only in the avatar-
object associations but also in the avatars’ and objects’ appearance per se. In a similar vein, since participants 
familiarized with the IVR scenario in the practice block before the experimental scenarios, the difference 
between the two blocks is less likely to reflect familiarity with the IVR scenario. Indeed, not only performance 
accuracy, but also the learning rate increased from block 1 to block 2. However, we cannot definitively rule out a 
cumulative effect of familiarization across blocks.

Updating prediction models throughout development
The reliance on top-down information has been shown to increase with age11. Nevertheless, thus far no study 
has specifically investigated top-down prediction processes across ages including early adolescents and using 
ecological IVR environments.

In line with our hypothesis, we found that early adolescents performed significantly worse and showed a 
lower learning rate compared to both adult groups, who did not differ significantly from each other (Fig. 2A, 
B). Although the use of additional relevant information, such as eye-tracking data, would have given direct 
supporting evidence, the present results might support the view that in early developmental stages, such as 
childhood and early adolescence, individuals rely more on bottom-up sensory information to interpret the 
world, which is perceived as chaotic and unpredictable due to limited prior knowledge and expectations about 
it11. Although no neuroimaging methods were employed to directly examine the relationship between IVR task 
performance and underlying neural mechanisms, some speculative considerations may be advanced to guide 
future research. Over time, continuous exposure to environmental regularities enables the brain to generate 
and refine the internal models of the world, facilitating the integration of prior knowledge into perception and 
cognition and shifting toward greater reliance on top-down predictive mechanisms29. Accordingly, older adults 
have been shown to derive greater benefit from contextual cues in object recognition tasks involving perceptual 
ambiguity and rely more on top-down processes12. Supporting this, as the brain develops, beginning from 
early adulthood, it generates progressively more sophisticated predictive internal models, thereby reducing the 
complexity of ongoing computations and streamlining perceptual inference48.

In this context, peak brain plasticity is known to unfold until late adolescence49, and the key brain region 
involved in processing prior expectations (the ventro-medial prefrontal cortex, vmPFC) develops structurally 
and functionally throughout adolescence50, which is acknowledged as a critical age for the refinement of 
social cognition. While prefrontal areas’ role in such processes is acknowledged51, much of recent literature 
is pointing to a role of the cerebellum as a hub in the predictive brain system52,53. Specifically, thanks to the 
multiple connections the cerebellum exerts with diffuse brain areas, it functions as a broad regulator and 
integrator across multiple brain networks by generating internal predictive models based on the integration of 
contextual and sensorial cues52,54. As for the social domain, recent advances propose that the cerebellum enables 
the smoothing of social-cognitive processes by upholding optimal predictions about forthcoming and future 
social interaction55. Accordingly, recent fMRI data on young adults showed a functional double dissociation 
across brain regions supporting social prediction models creation vs. feedback-based priors updating, with 
distinctive cerebellar patterns. The study revealed that the generation of a mental model to guide prediction 
is supported by premotor/parietal cortical systems and sensorimotor‑related cerebellar regions, whereas the 
feedback‑based incorporation of prediction error to update the model is supported by prefrontal/mentalizing 
areas and cerebellar posterior associative regions56. As concerned with developmental stages, it has been shown 
that patients with congenital cerebellar alterations were less accurate in making predictions when the available 
sensorial information was not sufficient to inform about the incoming events, resulting in an impaired processing 
of contextual information18,57. These results, together with the scarcity of studies that investigated prediction 
processes in developmental stages, point to the necessity to deepen both behavioral and neural phenomena 
related to age-related predictive processing, broadening the investigation into cerebellar-cerebral networks.

Predictive models and social cognition
Overall, although the study’s conclusions are speculative and need further verification by integrating appropriate 
neural measures (e.g., EEG or fMRI data), our findings might be in line with a predictive coding account of 
social cognition4,29. In this vein, the regression analysis results provided exploratory evidence that the IVR task 
might tap into similar underlying social cognition abilities, namely affective component of ToM, indicating 
that the IVR task might accurately capture real-life-like social abilities. Importantly, while the semi-partial 
correlation indicated that the affective ToM uniquely accounted for approximately 7% of the variance in IVR 
performance, effect sizes of this magnitude are common in individual differences research, particularly when 
multiple predictors are included in the model40. Although this represents a modest effect size, it suggests a 
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specific contribution of affective processes to performance on the IVR task, beyond the influence of other social 
cognition measures included in the model. This result is in line with a study that assessed the efficacy of VR-
Spirit on cerebellar patients’ social prediction abilities, which yielded an improvement in social cognition tests 
outcome (ToM subtest of NEPSY-II) at the end of the two weeks training, as well as an improvement in the 
use of contextual predictions in a computer-based action prediction task at a 2-months follow-up, proving a 
generalizing effects of VR-Spirit on social cognition abilities17. Generally speaking, formation and use of 
prediction models built on the consistent exposure to contextualized behavioral regularities during the VR task 
seems to be related with participants’ capacity to develop conceptual representations about others’ mental and 
affective states, as assessed with conventional social cognition tests (ToM B subtest of the NEPSY-II for early 
adolescents; affective component of the Faux Pas Test for adult groups).

These results agree with previous studies suggesting that VR is a useful tool to measure similar constructs 
as those measured by clinical or experimental measures58,59. Also, as reported in detail in supplementary 
materials, the use of the IVR task is feasible in all age groups: IVR tool is engaging, since it is perceived as easy 
to use and satisfying, and IVR scenarios elicit presence and agency, inducing embodiment of the virtual hands. 
In this vein, as IVR technology keeps improving and advancing, it conveys progressively more accurate and 
engaging platforms that faithfully emulate real-world complexities and cognitive function. For example, several 
studies revealed that IVR provides greater cognitive benefits than non-immersive VR60,61. Indeed, compared 
to non-immersive VR paradigms, IVR interventions were more suitable for the development of complex skills 
in children and adolescents with Autism Spectrum Disorder (ASD)15, and it might improve theory of mind 
in neurodevelopmental clinical conditions like ASD and Williams Syndrome62,63. Similarly, previous studies 
showed that VR-Social Cognition Training improved the ability to recognize emotions, to make inference on 
others’ intentions, and to make daily social functioning conversation in both adults and children with ASD15,64,65.

The use of IVR for cognitive and mental health applications among older adults has been slightly investigated 
compared to research focused on children, adolescents and young adults. Nevertheless, the current state of the 
art defines IVR as a promising tool with the potential to test, screen and enhance a wide variety of cognitive 
and affective functions (spatial cognition, memory, executive functions, activities of daily living) in the aging 
population [for review, see19. In this regard, IVR tools may promote the implementation of next generation 
testing in social-cognitive domains, as well as novel intervention and rehabilitation techniques, encompassing the 
whole lifespan. Another advantage of IVR-training tasks could be its use in combination with other restorative 
rehabilitation interventions, for example coupling IVR-training tasks and Non-Invasive Brain Stimulation 
(NIBS) to boost the efficacy of intervention programs is a promising tool for rehabilitation6. In this vein, future 
studies should take into account cerebellar stimulation, which is receiving a growing consensus to induce the 
generation of predictive internal models of others’ behaviors and therefore to improve social abilities6,66.

Limitations
Although promising, the results of the present study must be interpreted within the context of some limitations. 
First, participants’ age could be considered only as a grouping factor, rather than as a continuous predictor, 
primarily due to the low age variability in the early adolescents’ group (11–13 years old), thus limiting the 
representativeness of this developmental stage. While the age of the present sample was determined by the 
available possibilities for participant recruitment, it is important to acknowledge that early adolescence and 
adolescence are characterized by rapid cognitive, physical, physiological, and neuroplastic changes49, and 
therefore, considering a broader age range among early adolescents and adolescents might have allowed to 
capture continuous development of the social prediction abilities. Another limitation concerns the lack of 
information about the participants’ socioeconomic status, which is a known factor that influences cognition, 
especially during development67–69. The socioeconomic status of the two groups of adults might be considered 
rather homogeneous: the two groups of adults were recruited at a university and in a research center, thus 
suggesting a common social environment from which they were selected. Secondly, as indexed by the total years 
of completed education reported in Table 1, most participants in the two groups of adults had university-level 
education (bachelor’s or master’s degrees), and the three participants who did not hold a university degree (1 
adult and 2 younger adults) completed high school education. On the other hand, less was known about the 
socioeconomic status of the early adolescents’ group. All of them were recruited into general-education secondary 
schools within one city in a relatively rich area of the country (Udine), but we did not collect any information 
about their families’ income, parents’ education, or other related data, which might limit the interpretation of 
our results. Also, future studies should provide IQ estimates based on the same test and normative scales, to 
reliably control its influence on task performance and learning speed. Likewise, another limitation to consider 
concerns the lacking acquisitions of other likely relevant data, such as broader cognitive measures to control for 
domain-general processes (e.g., processing speed and working memory), as well as eye-tracking data, which 
could support the interpretation of the main results (differences in the performance and the learning rate in the 
IVR tasks) as related to the different weighting of predictions and sensorial information. Additionally, although 
the present study relied on the implicit learning of the statistical regularities of avatar-object associations rather 
than on explicit learning, future studies should consider including a manipulation check questionnaire to assess 
whether participants explicitly learned the avatar-object category association rules, thereby providing further 
insight into participants’ strategies. Lastly, samples size should be increased to allow for more robust statistical 
analysis to appropriately assess convergent validity of the novel IVR task with established social cognition 
measures.
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Conclusion
The results of the present study suggest that social prediction abilities improve from early adolescence to adult 
age, as individuals learn to recognize statistical regularities of events in the surrounding environment and 
incorporate them in accurate experience-based internal models of the world. Therefore, our study supports a 
developmental model of social prediction in which the implementation of predictive internal models improves 
with age and experience, consistent with predictive coding accounts9. Indeed, our findings support the presence 
of age differences in social prediction abilities. In detail, early adolescents, compared to younger adults and 
adults, might show stronger reliance on sensorial information and weaker reliance on prior expectations during 
the creation of the predictive models based on contextual cues, as revealed by IVR results. Although speculative 
and needing further proof, these findings shed light on how predictive coding mechanisms might contribute 
to social cognitive development and how internal models are shaped through both learning and development. 
Importantly, in all age groups the IVR task was effective in boosting social prediction of the avatars’ intentions, 
and these learning effects transferred across different scenarios. Noteworthy, our results provide exploratory 
evidence of association between the novel IVR task and conventional social cognition tests, pointing to a 
generalized effect of IVR employment. Also, the use of the IVR task is feasible in all age groups.

Data availability
The datasets used and/or analysed during the current study are available from the corresponding author on 
reasonable request.
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