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The present study offers an adult lifespan perspective on the intellectual characteristics of 111 intellectually
gifted individuals, drawn from a larger representative sample of 2173 individuals aged 16 to 90. We investigated
five main indices of intelligence of the Wechsler Adult Intelligence Scale, 4th Edition (Wechsler, 2008): Crys-
tallized intelligence, Visual, Fluid reasoning, Short-term memory, and Speed. Our findings demonstrate that most

characteristics of the intellectual profiles of gifted individuals can be predicted using a dimensional approach,
thus viewing giftedness as the extreme tail of the population distribution. However, specificities exist and vary
with age, becoming more pronounced with advancing years. Notably, we observed an increase in the stan-
dardized loadings of indices on the g factor with age, with speed (Gs) showing enhanced loading on g over time,
consistent with general trends. Moreover, we identified a significant deviation in the visual elaboration factor
(Gv) among gifted individuals, particularly evident from around the age of 50 onwards.

1. Introduction

The dimensional approach to neurodiversity posits that many “spe-
cial” conditions may just represent extremes of continuous dimensions
that exist across the population. These conditions would differ quanti-
tatively, rather than qualitatively, from the broader population to which
they belong. This framework has been applied to neurodevelopmental
conditions, such as learning disorders and autism (e.g., Astle et al., 2022;
Carretti et al., 2022; Happé & Frith, 2020; Peters & Ansari, 2019). To the
best of our knowledge, it has not yet been extended to the study of in-
tellectual giftedness. Moreover, there has been limited research on the
lifespan trajectory of intellectual giftedness in the general population.
Notable exceptions (e.g., Rinn & Bishop, 2015) do not address the spe-
cific issues explored in this study, particularly those related to older
individuals. This study aims to address this gap by examining the in-
tellectual profiles of gifted individuals aged 16 to 90, assessed using the
CHC indices derived from the Wechsler Adult Intelligence Scale, Fourth
Edition (WAIS-IV; Wechsler, 2008).

According to a dimensional approach, peaks and troughs in the
average intellectual profiles of individuals with intellectual giftedness
may just reflect the selection criteria. When selecting the top 5 % of
individuals based on the highest Full Scale Intelligence Quotient (FSIQ),
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it follows that some domains and subtests will, on average, yield higher
scores than others. The highest scores are expected in domains that: (i)
contribute more subtests to the FSIQ and (ii) have higher loadings on the
g factor, thereby playing a larger role in determining the FSIQ. Using the
WAIS-1V, individuals with top FSIQ scores are predicted to show the
highest average scores in the Verbal Comprehension and Perceptual
Reasoning indices, as each contributes three subtests to the FSIQ. These
are followed by the Working Memory index, which includes only two
subtests, and the Processing Speed index expected to have the lowest
mean scores, as it also includes two subtests and has relatively lower g
loadings compared to the other domains. Beyond these psychometric
considerations, working memory and processing speed may reflect
neural prerequisites of intellectual performance (e.g., Rosenberg et al.,
2020), rather than intelligence per se. From a theoretical perspective,
this may also explain why these indices are relatively lower in the profile
of individuals displaying intellectual giftedness.

In this study, we adopted the CHC model (Schneider & McGrew,
2012), given its widespread acceptance and its integration into recent
presentations of the Wechsler scales. We computed indices for five CHC
broad abilities—Crystallized Intelligence (Gc), Visual Elaboration (Gv),
Fluid Intelligence (Gf), Short-Term Memory (Gsm), and Processing
Speed (Gs)—by adapting Lichtenberger and Kaufman's (2012) model to
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the WAIS-IV (for the Italian validation and standardization; Lang et al.,
2021; see also Pizzigallo et al., 2023). These indices closely align with
those provided by the latest version of the Wechsler Intelligence Scale
for Children (WISC-V; Wechsler, 2014). This model represents the most
advanced theoretical framework for the WAIS-IV and ensures that each
index comprises an equal number of subtests. As previously noted, this
equal distribution of subtests minimizes the risk of psychometric arti-
facts in the mean intellectual profile of gifted individuals. Nonetheless,
discrepancies related to differences across loadings of first-order factors
may still emerge.

An additional layer of complexity arises from the notion that the
structure of intelligence may vary across the lifespan. While mean
standardized scores are fixed by definition (M = 100), the covariance
matrix of intelligence subtest scores may change across different age
groups. Long-established theoretical frameworks, such as the age dif-
ferentiation theory (Garrett, 1946), Cattell's investment theory (Cattell,
1987), and Spearman's law of diminishing returns (Blum & Holling,
2017), suggest that the interrelationships among cognitive abilities
change across the lifespan. Specifically, as general ability levels increase
with development, the relationships between general intelligence and
specific abilities tend to weaken, resulting in a “weaker g factor” in
younger individuals approaching their peak general ability. In contrast,
aging is thought to deplete cognitive resources, leading to overall de-
clines in intellectual functioning. This is accompanied by reduced dif-
ferentiation among broad abilities and an increasing reliance on the g
factor to explain variance. The de-differentiation hypothesis of aging
posits that, in older adults, g factor loadings progressively increase,
leading to a larger proportion of score variance being explained by g
rather than by group-factor domains. Supporting this hypothesis, a
recent systematic review by Breit et al. (2022) estimated that the general
factor of cognitive ability accounts for approximately 40 % of variance
at age 35 and rises to approximately 70 % by age 85.

Various socio-cultural, neurobiological, and cognitive theories have
been proposed to explain age-related cognitive de-differentiation (e.g.,
Cabeza, 2002; Li, 2002; Lindenberger, 2001; Lindenberger & Baltes,
1994; Salthouse, 2012). Processing speed and working memory appear
particularly central to this phenomenon (Borella et al., 2020; Breit et al.,
2022; Ghisletta & de Ribaupierre, 2005), though evidence is mixed
across studies and methodologies (e.g., Deary et al., 2004; Tucker-Drob,
Brandmaier, & Lindenberger, 2019; Tucker-Drob & Salthouse, 2008;
Zelinski & Lewis, 2003). Notably, de-differentiation effects are more
consistently observed when stratifying by ability level rather than age,
suggesting they may be attenuated in high-ability individuals. As such,
gifted older adults may display increasingly uniform and elevated
cognitive profiles, with intercorrelated indices amplifying overall scores
despite a fixed giftedness threshold. A detailed explanation of the
existing evidence and competing hypotheses is provided in the first
section of the Supplemental Materials.

In the present study, we aimed to distinguish between a dimensional
and a categorical account of intellectual giftedness across the adult
lifespan (ages 16 to 90). To achieve this, we employed four types of
statistical analysis: (i) We examined the patterns of correlations among
abilities and their associations with the g factor (standardized loadings
in a Confirmatory Factor Analysis [CFA]) at different ages to confirm the
de-differentiation hypothesis; (ii) We analyzed the observed intellectual
profiles of individuals identified as intellectually gifted (top 5 % in the
FSIQ) across adult age ranges and compared these profiles to profiles
simulated based on a dimensional approach (details below); (iii) We
conducted taxometric analysis, a statistical method used in psychiatry
and clinical psychology to determine whether a condition reflects a
categorical or dimensional latent structure (e.g., Haslam et al., 2020;
Ruscio et al., 2013); (iv) We tested measurement invariance across
different levels of global intellectual ability. These analyses were con-
ducted on a large Italian sample assessed using the latest version of the
Wechsler Adult Intelligence Scale (WAIS-IV).

The second analysis described above employs a Monte Carlo
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simulation technique, recently used in studies of neurodevelopmental
disorders (e.g., Carretti et al., 2022; Mammarella et al., 2021) and
briefly outlined in the context of high cognitive potential in ADHD
(Cornoldi et al., 2023). This approach simulates a population that mir-
rors the covariance matrix and mean scores observed in real data.
Simulated data with target characteristics (e.g., high FSIQ) are then
analyzed. If the average profile of simulated cases matches that of the
real cases, a dimensional account is supported. Conversely, a categorical
account is favored if discrepancies arise, as such divergences indicate
non-linearities or qualitative differences in extreme subgroups defined
by varying ability levels. For example, if real gifted individuals exhibit a
mean score in a specific area that significantly exceeds the prediction
based on simulated cases, it could indicate that such area is uniquely
sensitive to identifying high functioning.

The method outlined above can be viewed as a parametric extension
of the taxometric approach, simultanously relying on the continuity of
the underlying dimension and linearity of relationships across variables.
Additionally, it enables the identification of specific areas of divergence,
as previously described, rather than just distinguishing between a
dimensional and a categorical account. Similar conclusions could be
drawn by testing measurement invariance across different levels of
ability, which we also pursued. However, as detailed below, measure-
ment invariance presented practical and theoretical limitations in our
case. These include the requirement for large subsamples, which poses
challenges when analyzing small subgroups with extreme characteris-
tics, and potential estimation issues arising from the restricted range of
scores within these subgroups.

2. Methods
2.1. Sample

We analyzed the standardization sample of the Italian version of the
WAIS-IV battery, which includes 2173 individuals. We defined an in-
dividual as “intellectually gifted” if their Full Scale Intelligence Quotient
(FSIQ) was >125. According to the standard normal distribution, this
threshold corresponds approximately to the top 5 % of the population (z
> 1.667). Based on this criterion, we identified 111 individuals (60 %
male), representing 5.1 % of the sample and approximately 5 % within
each age group.

2.2. Instrument

The WAIS-IV battery (Wechsler, 2008), Italian Edition (Orsini &
Pezzuti, 2015), was used. As explained above, we opted to use the five
CHC indices, which were computed following the normative data pro-
vided in the psychodiagnostics manual by Lang et al. (2021). These
indices include: Crystallized Intelligence (Gc; derived from the Vocab-
ulary and Information subtests), Visual Processing (Gv; derived from
Block Design and Visual Puzzles), Fluid Reasoning (Gf; derived from
Matrix Reasoning and Figure Weights), Short-Term Memory (Gsm;
derived from Digit Span and Letter-Number Sequencing), and Processing
Speed (Gs; derived from Symbol Search and Coding). These indices align
closely with the five indices used in the latest version of the Wechsler
scales, the WISC-V (Wechsler, 2014). A key distinction distinction from
the traditional WAIS-IV indices is the division of the Perceptual
Reasoning index into Visual Processing and Fluid Reasoning.

2.3. Monte Carlo simulation and smoothing procedure

All analyses were conducted using the R software (version 4.3.2; R
Core Team, 2023). As statistical models involved non-linear smoothing,
most interpretation was based on visual inspection of plotted pre-
dictions. When inference was required, it was performed by comparing
the 95 % confidence intervals (CIs) or confidence bands of the predicted
values. Specifically, if the overlap between two CIs was below 50 % (i.e.,



E. Toffalini et al.

if neither CI included the other point estimate), we tentatively
concluded that the two estimates were statistically different. Since all
analyses used standardized scores, interpreting the magnitude of effect
sizes was straightforward, as one standard deviation (SD) equals 15
points for all indices.

As a preliminary step, we examined the general pattern of intellec-
tual abilities across ages in the entire sample. Subsequently, we focused
on the gifted subgroup, analyzing the distribution of FSIQ scores to
determine whether it corresponded to the tail of a normal distribution
with a mean of 100 and an SD of 15.

2.3.1. Simulation of gifted individuals under the dimensional hypothesis

As previously outlined, the characteristics of giftedness under the
dimensional hypothesis can be predicted through simulation, provided
some global characteristics of the general population. To generate these
predictions, we used data from the standardization samples of the
Wechsler batteries. We simulated a population that replicated the exact
mean scores and standard deviations (M = 10, SD = 3 for subtests; M =
100, SD = 15 for indices) as well as the covariance matrices of all scores
reported in the standardization sample manuals for different age groups.

From this simulated population, we selected “gifted” individuals
with FSIQ >125. To account for uncertainty due to the limited size of the
standardization sample (N = 2173), we employed a Monte Carlo pro-
cedure. The simulation was repeated 10,000 times, with each iteration
resampling n cases for each age range (where n corresponded to the
actual sample size of each age group, see Table 1).

2.3.2. Smoothing

Given the limited number of gifted individuals in each age range and
the uncertainty regarding the precise nature of the relationship between
age and scores across the lifespan, we treated age as a continuum and
modeled mean scores as a function of age using a non-parametric
smoothing procedure. We applied LOESS (Locally Estimated Scatter-
plot Smoothing), a widely used regression method that fits a smooth
curve through a scatterplot without requiring assumptions of linearity or
specific parametric forms (e.g., high-degree polynomials).

To ensure optimal smoothing without overfitting, a span of two was
used in the LOESS procedure. Smoothing was performed for both
simulated and observed data. For the simulated data, final predictions
were derived as the mean values across 10,000 Monte Carlo iterations,
with 95 % confidence intervals (CIs) determined using the quantile
method.

2.4. Taxometric analysis
Taxometric analysis was performed using the “RTaxometrics”

Table 1
Number of individuals in the age ranges considered.

Agerange  Standardization sample of WAIS-IV Subsample of gifted
battery by age range individuals
(total N = 2173) (n=111)
16-24 450 17
years
25-34 337 12
years
35-44 178 11
years
45-54 173 9
years
55-64 168 8
years
65-74 305 19
years
75-84 375 23
years
85-90 187 12
years
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package of R (Ruscio & Wang, 2023), with the 10 Wechsler subtests
composing the CHC indexes serving as observed variables. Candidate
taxon was giftedness (FSIQ > 125), complement group was the
remaining standardization sample. To ensure sufficient sample sizes, no
further division by age subgroup was performed. Comparative Curve Fit
Indices (CCFI) from MAMBAC, MAXEIG, and L-Mode procedures were
computed, along with their mean, as provided by the package, to assess
the taxonicity of the data. CCFI values closer to 1 indicate evidence for a
taxonic structure; values closer to 0 suggest a dimensional structure.

2.5. Measurement invariance across FSIQ tertiles

Multigroup Confirmatory Factor Analysis (CFA) was conducted using
the “lavaan” package in R (Rosseel, 2012). Participants were stratified
into tertiles based on overall ability (FSIQ), with these tertiles serving as
the groups. To ensure sufficiently large subsamples for estimation, no
further division by age subgroup was performed. Different levels of
measurement invariance were tested sequentially: first, the configural
invariance (global adequacy of fit indices); next, sets of coefficients were
constrained to equality across groups to test for loadings invariance,
intercept invariance, and residual invariance.

3. Results

3.1. Confirmatory factor analyses, change of loadings on g and increase
in average correlations with age

As a first step, we computed CFA based on the CHC five-factor
higher-order model (with a superordinate g factor) for all age groups.
Fit indices and standardized loadings were examine. The following fit
indices were considered: Root Mean Square Error of Approximation
(RMSEA); Standardized Root Mean Square Residual (SRMR); and
Comparative Fit Index (CFI).

No constraints were needed to ensure convergence or fit, except that
we had to fix residual variance of the Gf factor to zero in three age
subgroups (details in Supplemental Material) to avoid negative vari-
ances (in fact, Gf is practically isomorphic with g). Globally, fit indices
were adequate: on average, RMSEA = 0.061, SRMR = 0.040, CFI =
0.973, with minor variations across age groups (full details in Supple-
mental Material, Table S1).

Then, we computed the standardized loadings. Fig. 1 shows the
standardized loadings of the five CHC indexes on the superordinate g
factor. In the figure, LOESS smoothing was displayed to interpolate
across data points to facilitate interpretation. Generally, all standardized
loadings tend to approach the maximum value of 1.0 as age increases,
except for Gv and Gf that are close to the maximum regardless of age. In
Gc, a minor tendency to decrease seems to appear at very old age. In-
creases appear steepest for Gsm and Gs. The latter is also the index with
the lowest standardized loading at young ages, but eventually the
magnitude of its loadings reaches or exceeds that of other indices. Full
details are reported in Supplemental Material, Table S2.

The average Pearson correlations across all pairs of subtests were
computed for each age range. To ensure linear properties during aver-
aging, correlations were subjected to Fisher's z transformation and
subsequently back-transformed into Pearson's r. Fig. 2 illustrates the
mean correlations between all pairs of subtests across the lifespan. With
a minor exception in the 35-44 age group, a strictly monotonous and
nearly linear increase in mean correlation was observed, ranging from
just above 0.30 at 16-24 years to approximately 0.55 at 85-90 years.

3.2. Simulation analyses

Fig. 3 presents the histogram of FSIQ scores for the intellectually
gifted group (FSIQ > 125), overlaid with a red curve representing the
upper tail of the expected normal distribution. The observed densities
align closely with the expected ones. No observation reached ceiling (i.
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Fig. 1. Standardized loadings of the five indices on g across age ranges in the standardization sample. LOESS smoothing curves (solid lines) and 95 % confidence

bands (shaded areas) are provided to aid interpretation.

Note. Ge = Crystallized intelligence IQ score; Gv = Visual IQ score; Gf = Fluid reasoning IQ score; Gsm = Short term memory IQ score; Gs = Speed IQ score.
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Fig. 3. Distribution of FSIQ scores of gifted individuals (FSIQ >125) in the
standardization sample of the Wechsler batteries. The red curve represents the
upper tail of the expected normal distribution (M = 100, SD = 15). The vertical
dashed black line marks the cutoff for giftedness identification. (For interpre-
tation of the references to color in this figure legend, the reader is referred to
the web version of this article.)

e., FSIQ = 160).

Fig. 4 depicts point estimates derived from LOESS smoothing models
for both observed and simulated giftedness, plotted at five age points
along the continuum: 20, 35, 50, 65, and 80 years. Complete smoothing
curves are available in the Supplemental Material (Fig. S1). Addition-
ally, the Supplemental Material provides detailed scatterplots of scores

for real gifted individuals, their age-related smoothing, and predicted
levels at different age ranges for all indices and most subtests across the
lifespan (excluding two subtests lacking normative data up to age 90; see
Figs. S2-S19 in the online Supplemental Material).

Fig. 4 suggests that the observed profiles clearly vary with age and
depend on the index considered. Examination of the curves reveals that
the standardized speed index is notably low at younger ages and grad-
ually increases over time. A similar trend is observed for short-term
memory. Importantly, these variations do not reflect absolute perfor-
mance differences across age groups, as all scores are standardized using
age-specific norms.

Regarding the dimensionality hypothesis, the simulated patterns
closely align with the observed ones in younger groups. Some discrep-
ancies emerge with age: observed scores surpass simulated ones in the
visual index and, at the oldest age point, in the crystallized intelligence
and speed indices.

3.3. Taxometric analysis

Taxometric analyses conducted on the 10 core subtests composing
the five CHC factors predominantly supported a dimensional structure
for intellectual giftedness. Comparative Curve Fit Indexes (CCFI) were
calculated for MAMBAC (CCFI = 0.436), MAXEIG (CCFI = 0.387), and L-
Mode (CCFI = 0.492), resulting in a mean CCFI of 0.438. An additional
analysis including all 15 subtests (core and supplemental) similarly
supported a dimensional structure, with CCFI values of 0.424 for
MAMBAC, 0.442 for MAXEIG, and 0.490 for L-Mode, yielding a mean
CCFI of 0.452. In both cases, the mean CCFI values fell below the
threshold of 0.50, indicating that the data are better explained by a
dimensional model rather than a taxonic one. Taxometric curves for the
observed data, along with simulated categorical and dimensional com-
parison data, are presented in the Supplemental Materials (Figs. S20 and
S21).

3.4. Measurement invariance across FSIQ tertiles

Multigroup CFA models across FSIQ tertiles yielded partially sub-
optimal fit indices (RMSEA = 0.057; SRMR = 0.049; CFI = 0.926) and
indicated a lack of loading invariance, X2(18) = 313.81, p < 0.001.
However, major estimation issues arose during analysis, rendering these
results unreliable. Full details and explanation of the issues, along with a
supporting Monte Carlo simulation analysis, are reported in the Sup-
plemental Materials.

4. Discussion

The primary objective of this study was to investigate whether the
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Fig. 4. Observed (red) versus simulated (cyan) profiles of gifted individuals at five different age points (20, 35, 50, 65, and 80 years), as predicted using LOESS

smoothing along the age continuum. Bars represent 95 % confidence intervals.

Note. Ge = Crystallized intelligence IQ score; Gv = Visual IQ score; Gf = Fluid reasoning IQ score; Gsm = Short term memory IQ score; Gs = Speed IQ score. (For
interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

intellectual profiles of individuals with high potential reflect the
dimensional characteristics of intelligence across the adult lifespan. Our
findings indicate age-related variations in intellectual profiles from 16 to
90 years, particularly when comparing younger and older adults, but
overall support a dimensional account of intellectual giftedness. This
suggests that intellectual giftedness can largely be viewed as the upper
tail of a global intelligence continuum.

Regarding developmental effects, we observed a progressive increase
in the standardized loadings of indices on the g factor with advancing
age. This was accompanied by a notable rise in mean correlations among
subtest index scores. Furthermore, we identified a consistent reduction
in within-individual discrepancies across indices, with mean intellectual
profiles becoming increasingly uniform and higher in gifted older adults.
This trend was evident in both the simulated and the observed profiles.
The upward convergence suggests that all indices increasingly reflect
the FSIQ as age advances. FSIQ is inherently the highest index, as gifted
individuals are selected based on it. Gs exhibited the greatest increase, as
it started from the lowest baseline. These findings support the de-
differentiation hypothesis, indicating that aging is associated with
cognitive resources becoming less distinct and specialized over time,
ultimately converging into a generalized resource (Ghisletta & de Rib-
aupierre, 2005).

Simulated data confirm a progressive homogenization of the average
profiles of adults with high intellectual potential as they age (Fig. 3), and
that the processing speed index, which demonstrates the lowest mean
scores in young adults (around 20 years of age), reaches levels compa-
rable to those of other indices in older adults. This finding is further
corroborated by recent research by Pezzuti et al. (2023), published after
the initiation of our study. The trend aligns with the substantial increase
in the standardized loading of the processing speed index on the su-
perordinate g factor with age (Fig. 4), providing further evidence of a
shift toward de-differentiation in later adulthood at the dimensional
level.

Observed data suggest that predictions derived from simulated data
under a dimensional hypothesis are generally accurate but not entirely
precise. One notable deviation concerns the visual elaboration factor
(Gv), particularly from around the age of 50 onward. A discrepancy of
up to 6 points (approximately 0.40 standard deviations) emerges be-
tween simulated and observed estimates of Gv. This suggests that Gv
may demonstrate heightened sensitivity to high potential as individuals
age, exceeding the predictions made under a strictly dimensional hy-
pothesis. One possible explanation for this phenomenon is that excep-
tionally proficient individuals at advanced ages must possess high levels
of visual and visuo-motor functioning (e.g., as measured by tasks such as
Block Design and Puzzles), which are critical for maintaining autonomy
in later life (e.g., Borella et al., 2014).

In summary, the intellectual characteristics and profiles of gifted
individuals across the adult lifespan predominantly align with a

dimensional framework. The taxometric analysis (Ruscio et al., 2013)
further corroborated this conclusion. These findings suggest that gift-
edness, like other neurodiverse conditions (e.g., Carretti et al., 2022),
represent the tail end of a continuous distribution encompassing the
entire population.

To the best of our knowledge, this study is the first to explicitly
conceptualize and quantitatively test a dimensional account of gifted-
ness using standardized intelligence scores across a broad age range
(16-90 years). Unlike studies involving self-identified individuals or
those recruited through specialized channels such as assessment centers,
our sample was drawn from a representative Italian standardization
sample. This methodological approach minimizes the risk of cognitive
profile bias introduced by self-selection. Furthermore, in the context of
our taxometric analysis, this approach avoided the risk of artificial
admixture, which can arise from separately recruiting cases and controls
and increases the likelihood of detecting false taxa (Ruscio & Ruscio,
2004).

Several limitations must be acknowledged. The relatively small size
of the gifted sample (n = 111) may limit generalizability. Furthermore,
our focus was restricted to the five broad abilities derived from the
WAIS-IV, which do not necessarily cover all relevant aspects of intelli-
gence. Additionally, one analysis (i.e., measurement invariance across
FSIQ tertiles) did not yield interpretable results. Its limitations, dis-
cussed further in the Supplemental Material, should be addressed in
future research. It could also be argued that high FSIQ scores might
reduce reliability or result in ceiling effects. However, we can exclude
the risk of a ceiling effect in the present study, as the WAIS-IV measures
up to FSIQ = 160, and no observations in our sample reached this upper
limit. Regarding reliability, the WAIS-IV manual indicates that confi-
dence intervals for FSIQ are virtually identical across all ability levels,
suggesting consistent reliability throughout the scale.

In conclusion, when assessing giftedness, whether for research or
clinical purposes, it is important to acknowledge that non-homogeneous
profiles, characterized by varying levels of scores across indices, are to
be expected. These variations, which differ by age group, are not
necessarily indicative of clinical issues or population anomalies. Instead,
they may reflect psychometric artifacts consistent with a strictly
dimensional account of high potential, where giftedness is just the upper
tail of a continuous distribution of scores. Additionally, our findings
confirm that processing speed becomes increasingly important as a
proxy for global intelligence with advancing age, and this trend applies
to individuals with high potential or giftedness as well. Whether this
warrants a focus on supporting or training processing speed remains
unclear and depends on the theoretical framework adopted. For
instance, some perspectives (e.g., Pezzuti et al., 2019) propose that
processing speed actively contributes to general intelligence, while
others (e.g., Deary et al., 2009) argue that it functions as an indicator
reflecting, rather than causing, g.
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