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ABSTRACT

Introduction: A growing number of studies implicate functional brain networks in intelligence, but it is unclear if network nodal

structure relates to intelligence.

Methods: Using MRI, we studied the relationship of the general intelligence factor (g) with cortical thickness (CT), local
gyrification index (LGI), and voxel-based morphometry in the nodes of the default mode network (DMN) and task-positive network
(TPN) in a cohort of 44 young, healthy adults. Employing a novel strategy, we performed repeated analyses with multiple sets of

g estimates to remove false positives.

Results: CT and LGI in medial and temporal nodes of the DMN were reliably correlated with g (p < 0.05; Pearson’s coefficient:
-0.52 to -0.25 and 0.22 to 0.41, respectively). Linear regression models were developed with these parameters to estimate individual

g scores, with a median adj. R* of 0.25.

Conclusion: Cortical thickness and gyrification in key nodes of the Default Mode Network correlate with intelligence. Linear

regression models with these cortical parameters may provide an estimate of the g factor.

1 | Introduction

The study of intelligence has generated much interest, but its
neural basis is yet to be fully elucidated. With the discovery of
intrinsic or resting-state networks in the brain, cerebral function-
ing has come to be increasingly viewed in terms of networks.
The default mode network (DMN) is a functional brain network
that exhibits activity during the resting state (Raichle et al. 2001,
Raichle 2015), while the task positive network (TPN) exhibits
increased activity in response to cognitive tasks, particularly those
requiring attention (Corbetta and Shulman 2002, Fox et al. 2005).
There is growing evidence that the properties of these networks
are correlated with intelligence.

The global efficiency of the DMN (Song et al. 2009) and nodal
efficiency in the TPN (Hilger et al. 2017) have been found to
correlate with intelligence. Segregation between the DMN and
other resting-state networks is associated with higher intelligence
both in older adults and in children (Lindbergh et al. 2019,
Sherman et al. 2014). The strength, stability, and variability of
connectivity spatial patterns in multiple networks, including
the DMN and dorsal attention network among others, predict
cognitive performance (Liu et al. 2018).

Data suggests that intelligence may be reflected in the nodal
structural characteristics of these networks as well. In mathe-
matically gifted adolescents, cortical thickness (CT) is decreased
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in the superior frontal gyrus, precuneus, and medial pre-frontal
cortex compared to age- and IQ-matched controls. Similarly, the
cortical surface area (SA) is increased in the superior frontal and
lingual gyri, and the inferior parietal lobule, among other regions
(Navas-Sanchez et al. 2016). Cortical surface complexity in the
superior temporal gyrus has been reported to positively correlate
with numerical intelligence in young adults (Heidekum et al.
2020). In multivariate analyses, positive canonical cross-loadings
with intelligence represented by the g-factor have been reported
for cortical SA in the superior temporal, insula, middle frontal,
and fusiform gyri in adolescents (Modabbernia et al. 2021). In a
mixed cohort of children, adolescents, and adults, IQ correlated
with CT in the orbitofrontal cortices, supramarginal gyri, superior
temporal gyri, and left lingual and parahippocampal gyri (Schmitt
et al. 2019). Early adolescents with greater CT in the precuneus,
posterior cingulate, insula, superior frontal, superior and inferior
temporal gyri among others, went on to become high academic
achievers in high school (Meruelo et al. 2019). In light of these
findings, we hypothesized that cortical structure in the nodes of
the DMN and TPN would reflect differences in intelligence in
healthy adults.

The general intelligence (g) factor—a construct put forth by
Spearman in 1904 - has been defined as the common intelli-
gence that underlies cognitive abilities across multiple domains
(Spearman 1904, McGrew 1997, McGrew 2009). The Cattell-Horn-
Carroll model (Floyd et al. 2009, Karama et al. 2011) of general
intelligence postulates three strata of scores, each explaining the
variance of the scores from its lower stratum. At the highest level
is the “g”, followed by scores specific to each cognitive domain
at the middle level, with individual test scores at the basal level.
The g factor is therefore calculated by factor analysis of a set
of test scores spanning multiple cognitive domains (Spearman
1904, McGrew 1997, McGrew 2009). The quality of g depends
on the diversity of the test scores used, but by definition, is
robust to the specific combination of tests used (Spearman 1904,
Floyd et al. 2009, Major et al. 2011)—a property known as the
positive manifold of g. The neurophysiological substrates of g are
believed to include nerve conduction velocity, genes, and brain
size (Deary et al. 2010). IQ, on the other hand, is a summation
of standardized scores, and may be understood as a combination
of g plus specific cognitive abilities and skills (Colom et al.
2002).

Lack of reproducibility is a challenge with much of experimental
science, including neuroimaging (Ioannidis 2018, Eklund et al.
2016, Poldrack et al. 2017). False-positive results may contribute to
the lack of clear consensus among imaging studies of intelligence.
We chose g as our measure of intelligence over other measures
such as IQ, as we wanted to take advantage of the positive
manifold property of g in a novel analysis strategy to exclude
false-positive results. We reasoned that a true neural correlate
of the g factor would correlate with g estimates derived from
different combinations of test scores due to its positive manifold
property. Hence, we derived multiple g estimates using different
combinations of test scores from a test battery in a cohort
of healthy young adults. We then performed parallel analyses
using each set of g estimates, and identified network nodes
that showed structural correlation with a majority of these g
estimates.

2 | Methods

2.1 | Participant Recruitment

This study was approved by the Institutional Ethics Committee
of the Institute of Stem Cell Science and Regenerative Medicine
and performed in accordance with relevant guidelines and regu-
lations. All subjects were enrolled only after obtaining informed
consent with an explanation of the nature of the study.

Healthy individuals between the ages of 22 and 35 years were
recruited for cognitive assessment. Participants had to be fluent in
English (the language of the test battery). As our test battery was
developed and tested on advanced undergraduate and graduate
students, we required participants to have at least three years of a
college education. Intelligence is known to correlate with years
of education, although reverse causality does not appear to be
a major factor (Haier et al. 2004). The relatively homogenous
education level of our subjects mitigated any influence of educa-
tion on g. Those with any history of psychiatric or neurological
disorders were excluded.

A subset of willing participants aged between 25 and 35 years
of age, without contraindications to MRI, underwent scanning.
Their handedness was assigned a rank based on the Edinburgh
Handedness Inventory (http://www.brainmapping.org/shared/
Edinburgh.php).

2.2 | Behavioral Assessment

A battery consisting of tests of cognitive and behavioral function
spanning multiple cognitive domains, was administered over two
separate sessions to participants. Domains traditionally used for
g factor or IQ estimation i.e., math/logic, language, executive
function, and fluency, encompassing nine tests (Table 1), were
used to estimate the g factor for this study. We ensured by
questioning, that participants were not sleep-deprived or fatigued
prior to being tested.

23 | MRI

MRI scans were acquired using a 20-channel RF head coil at a
SIEMENS SKYRA 3 Tesla MRI scanner located in HCG Hospital,
Bangalore. High-resolution T1-weighted images (echo time 3.9
ms, repetition time 8.3 ms, no. of slices 192, field of view 240*240,
slice thickness 1 mm) were obtained.

2.4 | Analysis

2.4.1 | Cognitive Data—g Factor Estimation

We used the Cattell-Horn-Carroll model (Floyd et al. 2009,
Karama et al. 2011) to calculate the g factor. The math, logic,
symbol digit modalities, Stroop, and trail making test scores were
weighted by time to finish. The test scores were then tested
for normality using the Shapiro-Wilks test. Math and logic test
scores were found to have a non-normal distribution and were
log-transformed to approximate a normal distribution.
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TABLE 1 | Tests used to assess subjects’ cognitive abilities.

Domain Function Test Brief description
Executive Attention switching, Modified trail making Modified version of the trail making test (Reitan 1958)
response inhibition test using colored circles with numbers. The task was to
alternate between two colors while selecting numbers
sequentially; numbered circles of a third color served
as a distractor.
Attention, mental speed Symbol digit modalities Substitution for a set of symbols with the digits 1 to 9,
test using a conversion chart (Smith 1973).
Response inhibition Stroop test Three-colored English version of the classic Stroop test
(Jensen and Rohwer 1966).
Language Vocabulary Word puzzles Single word puzzles, anagrams and word analogies.
Comprehension Comprehension Timed passage reading followed by questions to test
comprehension.
Verbal fluency Phonemic fluency F-A-S test Freelisting as many words as possible starting with ‘F’,
‘A’, or ‘S’ in one minute (Spreen 1977).
Semantic fluency Category fluency Freelisting as many words as possible from the
categories—animals and birds—in one minute
(Acevedo et al. 2000, Goodglass and Kaplan 1983).
Math-Logic Mathematics Mathematical puzzles Test of mathematical ability.
Logic Logical reasoning Test of logical deduction.

The g factor was calculated using the statistical software R
(https://www.r-project.org/) by performing factor analysis (with-
out rotation) of a subset of the test scores. For each round of
g factor estimation, we selected four test scores, one from each
of the four cognitive domains. Using factor analysis on the 24
(3x2x2x2) such unique combinations of tests possible, 24 sets of
g score estimates were obtained.

2.4.2 | Voxel-Based Morphometry, Cortical Thickness,
and Gyrification

FSL (https://fsl.fmrib.ox.ac.uk) was used to perform voxel-based
morphometry (VBM) (Ashburner and Friston 2000, Ashburner
and Friston 2001). Images were pre-processed by brain extraction,
segmentation, linear registration, normalization and smoothing.
These images were then correlated with each of the 24 sets of
g scores using the general linear model (GLM), regressing out
gender and handedness. Significance levels were set for this
voxel-based comparison by permutation testing and cluster-wise
thresholding with family-wise error rate correction for multiple
comparisons (pcorrecled < 005)

CT and LGI were estimated using Freesurfer (https://surfer.nmr.
mgh.harvard.edu). Each T1 image was reconstructed using stan-
dard pre-processing (brain co-registration, segmentation, surface
extraction), and surface vertices were generated (Dale et al. 1999,
Fischl et al. 1999, Fischl et al. 1999, Fischl 2012). Before the
group level analysis, each surface was resampled and smoothed
at 10 mm FWHM. A white matter surface was created at the
white-gray matter interface, while two more surfaces were created
over the gray matter: an outer surface that tightly enveloped the
cortical surface visible from the outside, and the pial surface that
followed the actual contours of the pia mater into the depths

of sulci and over the gyri. CT at each vertex was measured as
the shortest distance from the white matter to the pial surface.
LGI quantifies the amount of cortex folded within the sulci as
compared with the visible cortex on the outer surface i.e., the ratio
between the pial surface and the outer surface (Schaer et al. 2008).

We used a region of interest (ROI)-based approach to identifying
the nodes of the DMN and TPN from the Destrieux Atlas
(Destrieux et al. 2010, Thomas Yeo et al. 2011). Each of the
24 sets of g scores derived was then used in GLM analyses,
separately with CT and LGI (cluster-wise corrected for mul-
tiple comparisons, (Peorrecea < 0.05). Gender and handedness
were regressed out as nuisance covariates in all the group-level
analyses.

For each ROI, we tabulated which g factors (out of 24) it showed
a significant correlation with. We then accepted as significant
those ROI’s that correlated in > 50%, i.e., at least 13 out of the
24 GLM analyses. ROIs that did not correlate with at least 50%
of the g score estimates were rejected as possible false positives.
ROT’s Included for - TPN : (1) supramarginal gyrus, (2) superior
and (3) inferior frontal sulci, (4) triangular inferior frontal gyrus,
(5) middle-anterior cingulate gyrus and sulcus, (6) marginal
cingulate sulcus, (7) long insular gyrus and central sulcus of the
insula, and (8) short insular gyri (Figure 1a)

DMN : (1) dorsal and (2) ventral posterior cingulate gyri, (3)
precuneus, (4) subparietal sulcus, (5) angular gyrus, (6) straight
gyrus, (7) subcallosal gyrus, (8) suborbital sulcus, (9) superior
frontal gyrus, (10) inferior, (11) middle and (12) planum polare
of superior temporal gyri, (13) superior and inferior temporal
sulci, (14) temporal pole, (15) collateral sulcus and (16) lingual and
medial occipito-temporal sulcus, and (17) parahippocampal gyrus
(Figure 1b)
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FIGURE 1 | ROIsincluded in the (a) task positive network and (b) default mode network.

2.4.3 | Regression Model and K-Fold Validation

The CT and LGI values for ROIs that were significant in the

group analysis were then stepwise regressed against the g scores
to create a simple linear regression model of the form:

Y =B+ 8X +BX, + X5+ -+ €

where Y is the g score, X; the CT or LGI value, §3; the regression
coefficient, and ¢ the error term.

We then performed a validation of the model using a K-fold
approach. Matlab (http://www.mathworks.com) was used for the
modeling and cross-validation.

3 | Results
We enrolled 98 subjects (22-35 years; 45 female; 71 with advanced

(post-graduate) degrees; 88 right-handed) and assessed them
using a cognitive test battery. Scores from nine tests repre-
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senting four cognitive domains—executive function, math/logic,
language, and word generation fluency—were used to derive
g scores by factor analysis. 24 sets of g scores were obtained
using all possible test combinations covering the four domains.
The 24 g scores were mutually highly correlated (Pearson’s
coefficient: median 0.86; range: 0.71-0.98), as predicted by the
positive manifold phenomenon. (Supplementary Figure)

Of the above cohort, 44 subjects (25-35 years; 16 female; 36 with
post-graduate degrees; 36 right-handed) also underwent MRI
scans. VBM, CT, and LGI maps of the brain were created and
used in ROI-based GLM analyses with each of the 24 sets of g
scores. Only those ROISs that correlated with > 12/24 g scores were
considered true positives.

3.1 | Cortical Thickness and G Factor

The CT in three nodes of the DMN—inferior temporal gyrus,
ventral posterior cingulate gyrus, and parahippocampal gyrus in
the right hemisphere significantly correlated with 24, 23, and 20
g scores respectively (Figure 2a), and Pearson’s correlation values
ranged from -0.52 to -0.25 (Figure 2b). Clusters in the left inferior
temporal gyrus and right collateral and lingual sulci correlated
with <12 g estimates and were rejected.

3.2 | Local Gyrification Index and G Factor

The LGI in five nodes of the DMN significantly correlated with >
12/24 g estimates by GLM (Figure 3a). The right ventral and dorsal
posterior cingulate gyri, right middle temporal gyrus, right and
left collateral and lingual sulci correlated with 24, 20, 19, 18, and
16 g scores respectively, with Pearson’s correlation values ranging
from 0.22 to 0.41 (Figure 3b). The left ventral and dorsal posterior
cingulate gyri, right parahippocampal gyrus, right temporal pole,
right subparietal, and inferior temporal sulci, and left superior
temporal sulcus did not cross the threshold of 12 g-estimates.

Some nodes of the TPN showed correlations, but with fewer than
half the g score estimates. Similarly, the VBM analysis did not
identify any nodes that crossed the 12 g score threshold.

We also performed a separate analysis on the 36 right-handed
subjects only, in an attempt to investigate the effect of handedness
on the results. In this analysis, the CT in the inferior temporal
gyrus, ventral posterior cingulate gyrus and parahippocampal
gyrus in the right hemisphere significantly correlated with only
12, 3, and 5 g scores respectively. Similarly, none of the nodes
identified in the main analysis crossed the combined significance
and “g” score thresholds for LGI, presumably due to the reduced
number of subjects. At the same time, no new significant ROI
correlations appeared. The small number of left-handed subjects
precluded a separate analysis.

3.3 | Regression Model and Estimation of G Factor
Stepwise linear regression of each set of g scores with the CT/LGI
of the eight brain regions (three regions for CT and five regions for
LGI) was performed to create a model for estimation of “g”. The

CT of the right inferior temporal gyrus and LGI of right dorsal
posterior cingulate gyrus were the most frequently significant
parameters across the 24 such regression models of “g”. The
regression models could explain a median of 25% of the variance
in g scores (adjusted R?: 0.15-0.35).

We cross-validated these regression models using K-fold analysis,
using K = 4. The predicted “g” scores have been plotted against
actual scores in Figure 4 for the gfactors with the highest (0.32)
and lowest (0.08) adjusted R-squared values. Excluding outliers,
the mean squared errors (MSE) of prediction were 0.411 and 0.485,

respectively.

4 | Discussion

In a cohort of young adults, we show that CT and gyrification
index in key nodes of the DMN are reliably correlated with
intelligence. Linear regression models using CT and LGI of these
nodes of the DMN could explain between 15 and 35% of the
variance in g in our sample.

Viewed in light of previous evidence that DMN properties such
as global efficiency, segregation from other networks, strength,
stability, and variability of connectivity, are related to intelligence
(Song et al. 2009, Lindbergh et al. 2019, Liu et al. 2018), our
results emphasize the pivotal role of the DMN in intelligence.
The variance explained by our DMN-based model using CT and
LGI (15-35%) is higher than the 11.5% previously reported in
adults using LGI alone (Gregory et al. 2016). This also compares
favorably with the R? for the well-known relationship between
cerebral volume and intelligence, estimated by meta-analyses to
be of the order of 0.06-0.09 (Pietschnig et al. 2015, Gignac and
Bates 2017).

Prior studies—primarily in adolescents—have reported correla-
tions with the nodes of the TPN, especially cortical SA in the
inferior parietal lobule (Navas-Sanchez et al. 2016), CT (Schmitt
et al. 2019) in the supramarginal gyrus, CT (Meruelo et al. 2019,
Lett et al. 2020) and SA (Modabbernia et al. 2021, Lett et al.
2020) in the insula, and CT and SA in the anterior cingulate (Lett
et al. 2020). Another study that included both children and young
adults found significant correlations of CT with g in left frontal
and parietal areas, right frontal, lateral occipital, and precuneus
(Menary et al. 2013).

In contrast, we failed to find any significant structural cor-
relations in the TPN in our adult cohort. Age-heterogeneous
studies in children and adolescents may be more likely to find
correlations due to the concomitant effects of age on both cortical
morphology and intelligence (Salthouse et al. 2015). For example,
both intelligence scores and cortical surface area increase as a
child grows, therefore the two would appear to be correlated
in a mixed-age cohort. It is not clear if statistical methods
such as regression can completely abrogate these confounding
effects.

On the other hand, studies in adults have shown that cortical
structure and functional connectivity do not always correlate.
In an age-heterogeneous sample of adults, there was no sig-
nificant association of functional connectivity with CT (Schulz
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FIGURE 2 | (a) DMN ROIs where CT correlated with g. (1) Right inferior temporal gyrus (cluster-wise corrected p = 0.0022), (2) right
parahippocampal gyrus (p = 0.0050), and (3) right ventral posterior cingulate gyrus (p = 0.0073). (b) Correlation plots of CT versus (median) g scores.

et al. 2022). In another adult sample, the changes in func-
tional connectivity and CT with age showed regionally varying,
positive or negative associations (Vieira et al. 2020). Analysis
of gyral and sulcal fMRI signals within different resting-state
networks showed functional heterogeneity of cortical folding
patterns between the networks, demonstrating that the rela-
tionship between gyrification and functional connectivity is
not uniform (Wang et al. 2022). This dissociation between
functional and structural properties of resting state networks
may explain why we found no nodal structural correlations

with intelligence in the TPN. VBM has previously shown no
correlation with g, in line with the results we obtained (Haier et al.
2004).

We found a correlation of cortical morphology with g primarily in
the temporal and medial nodes of the DMN. A growing body of
evidence points to the importance of medial and temporal areas
such as the parahippocampus, posterior cingulate, precuneus,
fusiform, Broca’s and Wernicke’s areas in intelligence (Menary
et al. 2013, Colom et al. 2009, Karama et al. 2009, Bajaj et al.
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FIGURE 3 | (a) DMN ROIs where LGI correlated with g. (1) Right collateral and lingual sulcus, (2) ventral, (3) dorsal right posterior cingulate
gyrus, (4) right middle temporal gyrus, and (5) left collateral and lingual sulcus (cluster-wise corrected p values: 0.0216, 0.0177, 0.0163, 0.0324, and 0.0172

respectively). (b) Correlation plots of LGI versus (median) g scores.

2018). The posterior cingulate cortex (PCC) is a central hub of the
DMN and shows strong functional connectivity both to the rest
of the DMN, and to frontoparietal networks involved in cognitive
control (Leech et al. 2012). It is believed to play a key role in
directing attention, and in the breadth of attentional focus (Leech
and Sharp 2014). The PCC is hypothesized to monitor for changes

in the internal and external environments, and to signal a change
in behavior in response (Pearson et al. 2011). It is also thought
to act as an integrator of information represented in the medial
and lateral temporal lobes (Smallwood et al. 2016), and to play
an important role in successful memory retrieval (Maddock et al.
2001). Reduced metabolism is seen in this node early on in the
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g factor values for the models with the (a) highest and (b) lowest adj. R? values (mean squared error of prediction: 0.411 and 0.485, respectively).

course of Alzheimer’s disease (Greicius et al. 2004), reaffirming
its importance in cognition.

The other nodes we identified are known to have key memory,
visual, and language-related functions. In the resting state, the
parahippocampal gyrus is the primary hub of the DMN in
the medial temporal lobe. It connects the other nodes of the
DMN to the memory system of the medial temporal lobe (Ward
et al. 2014). The parahippocampal gyrus also holds a neural
representation of topographical space (Aguirre et al. 1996, Epstein
and Kanwisher 1998). Functional interactions between the DMN
and hippocampal—parahippocampal areas have been found to
correlate with the speed of accurate responses (Vatansever et al.
2017).

The inferior temporal cortex is essential for object and pattern
recognition, and is a part of the ventral visual pathway (Kravitz
et al. 2013, Creem and Proffitt 2001). Inferior temporal lesions can
cause visual agnosia (Creem and Proffitt 2001). Recent evidence
suggests that inferior temporal neurons are involved in perceptual
decision-making (Dehaqani et al. 2022). The middle tempo-
ral gyrus is involved in language functions and in processing
semantic memory (Cabeza and Nyberg 2000, Chao et al. 1999),
while both the middle and inferior temporal gyri are involved in
multi-sensory integration (Onitsuka et al. 2004).

There are only a few studies of intelligence that have investigated
LGI as a cortical structural feature. Correlations with g have
been previously reported for LGI in the cingulate cortex and
medial temporo-occipital junction among other areas (Gregory
et al. 2016). In line with previous research (Navas-Sanchez et al.
2016, Tadayon et al. 2020), we found that cortical thinning
and greater gyrification correlated with higher intelligence. It
has been theorized that learning involves pruning of neuronal
connections and creation of a more structured neural network,
leading to decreased CT. On the other hand, greater gyrification
would mean an increase in the number of cortical columns—
the information processing units in the cortex—and allow for
increased functional specificity of columns (Tadayon et al. 2020).

Intelligence is known to be heritable, and hundreds of genetic
loci have been found to be associated with intelligence (Lett et al.

2020). Cortical morphology may serve as the intermediate struc-
tural phenotype that then translates to the functional phenotype
of intelligence. Polygenic scores for intelligence derived from a
large meta-analysis of genome-wide association studies explained
3-5% of the variance in the g factor. This association between
polygenic scores and the g-factor was found to be mediated
by cortical morphology, particularly CT and SA in the medial
temporal, among other regions (Lett et al. 2020).

We employed the positive manifold property of g to ensure our
results were reliable. We derived multiple sets of g estimates and
accepted only regions that showed correlation with more than
half of these. Had we used a single g estimate as most studies
do, we may have reported some of the regions that we rejected,
as significant. On the other hand, it is possible our threshold of
correlation with at least 50% of g-score estimates may have been
too stringent. However, to ensure a high degree of reliability and
confidence in the results obtained, we chose 50% as a reasonable
threshold to employ.

We examined which of the 24 sets of g scores correlated with
cortical morphology in each node to identify if there was a
subset of the scores that tended to show correlations and not
others. All 24 sets of g scores showed significant correlations with
at least four out of the eight ROIs. Twenty two out of the 24
sets showed correlations with at least five out of 8 ROIs. The
correlations we identified thus appear to truly be correlations
with general intelligence, and not specific only to some particular
combinations of tests.

The relatively small size of our cohort limited our ability to
cross-validate the model we developed. Though we used a K-fold
analysis to investigate the estimability of g using CT and LGI in
the DMN, validating this in an independent test cohort would be
an important next step. Although our study focused solely on the
cortical morphological correlates of general intelligence, the rela-
tionship between intelligence and the functional networks of the
brain is much more complex. Incorporating both structural and
functional data into future studies would provide a more nuanced
and comprehensive picture of the network underpinnings of
intelligence.
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5 | Conclusion

CT and LGI in key medial and temporal nodes of the DMN are
reliably associated with intelligence. Regression models using CT
and LGI in these nodes may be used to estimate the general
intelligence factor in individual subjects. The DMN appears to
play a pivotal role in intelligence.
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