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Abstract

Intelligence is highly heritable. Genome-wide association studies (GWAS) have shown

that thousands of alleles contribute to variation in intelligence with small effect sizes.

Polygenic scores (PGS), which combine these effects into one genetic summary mea-

sure, are increasingly used to investigate polygenic effects in independent samples.

Whereas PGS explain a considerable amount of variance in intelligence, it is largely

unknown how brain structure and function mediate this relationship. Here, we show

that individuals with higher PGS for educational attainment and intelligence had

higher scores on cognitive tests, larger surface area, and more efficient fiber connec-

tivity derived by graph theory. Fiber network efficiency as well as the surface of brain

areas partly located in parieto-frontal regions were found to mediate the relationship

between PGS and cognitive performance. These findings are a crucial step forward in

decoding the neurogenetic underpinnings of intelligence, as they identify specific

regional networks that link polygenic predisposition to intelligence.
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1 | INTRODUCTION

Intelligence is a general mental capability that involves the ability to

reason, plan, solve problems, and learn from experience (Deary

et al., 2021). General intelligence, or g, is one of the most intensely

studied psychological phenotypes for its high stability across the life

course (Deary, 2014) and its high predictive value for educational suc-

cess (Deary et al., 2007) and health outcomes (Calvin et al., 2017).

Despite intelligence's high relevance in everyday life, investigating its

neurogenetic underpinnings showed to be surprisingly challenging

(Plomin & von Stumm, 2018).

Intelligence is a highly heritable trait (Plomin & von

Stumm, 2018), with about 50% of the variance accounted for by

genetic factors. Genome-wide association studies (GWAS), which test

the association between single nucleotide polymorphisms (SNPs) and

a phenotype, showed that intelligence is highly polygenic, with thou-

sands of alleles across the genome contributing with small effect sizes

(Savage et al., 2018). One way forward in accounting for this highly

polygenic architecture is to combine the effects of different SNPs

across the whole genome into one summary measure, so-called poly-

genic scores (PGS) (Choi et al., 2020). PGS are determined by comput-

ing the sum of allelic effects for a specific phenotype such as

intelligence over the whole genome and weighting them with an

effect size estimate obtained from GWAS. Importantly, PGS use the

statistical power of well-powered GWAS of discovery samples to be

applied robustly in smaller target samples (Dima & Breen, 2015;

Dudbridge, 2013). In the case of intelligence, PGS derived from one of

the largest GWAS to date (Savage et al., 2018) explain up to 5.2% of

variance in general intelligence. For educational attainment—highly

correlated to intelligence and more readily available—larger GWAS

could be realized, with resulting PGS that explain up to 11% of the

variance in educational attainment (Lee et al., 2018), and 7% of vari-

ance in intelligence (Plomin & von Stumm, 2018).

In addition, PGS can be leveraged to map the pathway from

genetic disposition to phenotype. Whereas it is known that intelli-

gence is influenced by brain structure and function as well as network

efficiency (Barbey, 2018; Deary et al., 2010), a functional understand-

ing of which specific brain parameters mediate the link between

genetic variation and intelligence is missing. Several brain properties

are related to intelligence, including brain volume, surface area, and

cortical thickness (Choi et al., 2008; McDaniel, 2005; Narr

et al., 2007; Pietschnig et al., 2015). Importantly, intelligence is not

tied to the properties of one single brain area, but to a wide network

of brain areas spread across the whole cortex. Here, a network mainly

comprising the dorsolateral prefrontal cortex, the parietal lobe, the

anterior cingulate cortex, the temporal lobe, and the occipital lobe

seems to be central for cognitive performance, as proposed by the

Parieto-Frontal Integration Theory of intelligence (P-FIT) (Jung &

Haier, 2007). The theory assumes that all of these P-FIT areas, even

though they were identified independently of each other, are likely to

have strong interconnections and form an extensive brain network.

Recent studies and models focusing on connectivity-based

approaches indicate that there may be brain areas whose structural

and functional properties are not related to intelligence, while their

connectivity patterns are (Barbey, 2018; Fraenz et al., 2021). Previous

research, in which the connectivity between brain regions was quanti-

fied via diffusion-weighted imaging (DWI) and graph theoretical

approaches, showed that the brain's global efficiency as well as the

nodal efficiency of brain areas from the P-FIT network and beyond

are associated with intelligence (Fischer et al., 2014; Kim et al., 2016;

Li et al., 2009; Ma et al., 2017; Pineda-Pardo et al., 2016; Wen

et al., 2011; Wiseman et al., 2018). The largest study investigating

associations of intelligence and structural brain properties found asso-

ciations of β = .276 for total brain volume and of β = .0246 for white

matter volume (Cox et al., 2019). On a regional level, associations with

cortical volume of frontal areas were largest.

In addition to structural connectivity, graph theory can also be

used in combination with data from resting-state fMRI in order to

study the brain's functional connectivity (Fox & Raichle, 2007). There

is evidence that general intelligence is positively correlated with func-

tional global efficiency (van den Heuvel et al., 2009) and the nodal

efficiency of areas belonging to the P-FIT network. However, subse-

quent studies could not replicate these associations (Hilger

et al., 2017a, 2017b; Kruschwitz et al., 2018). Thus, structural proper-

ties of the P-FIT network seem to show a more reliable correlation to

intelligence than functional properties.

Macrostructural properties of specific brain areas and the struc-

tural efficiency of the human connectome represent likely candidates

for mediating the effects of genetic variation on general intelligence.

Several GWAS reporting genetic correlations between brain proper-

ties and intelligence, that is, overlapping genetic variants being associ-

ated with both phenotypes, support this notion (Cheng et al., 2020;

Feng et al., 2020; Ge et al., 2019; Grasby et al., 2020; Lee et al., 2019;

Zhao, Li, et al., 2021; Zhao, Zhang, et al., 2021). In a complementary

approach, studies demonstrated associations between PGS for educa-

tional attainment or general intelligence and brain properties (Jansen

et al., 2019; Knol et al., 2019; Loughnan et al., 2021). However, medi-

ation analyses that measure polygenic disposition, brain properties

(putative mediator) and intelligence (outcome) in the same sample are

rare. By doing so, one can directly analyze the extent to which the

association between PGS and intelligence is explained via variation in

brain structure and function. Three studies to date have investigated

the mediation effect on the macrostructural level (Elliott et al., 2019;

Lett et al., 2020; Mitchell et al., 2020). Elliott et al. (2019) analyzed

the potential mediation effect of total brain volume on the relation-

ship between PGS for educational attainment and cognitive perfor-

mance. They found that participants with larger brains and with

higher PGS performed better on cognitive tests. PGS were also posi-

tively associated with brain size. However, there was no clear overall

mediation effect of brain volume. Since general intelligence is associ-

ated with specific regions in the brain, subsequent studies focused on

region-specific mediation effects of cortical thickness and surface

area. Lett et al. (2020) employed PGS for general intelligence and

found that the association between PGS and general intelligence was

partially mediated by surface area and cortical thickness in prefrontal

regions, anterior cingulate, insula, and medial temporal cortex. It is
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noteworthy that some of these regions are part of the P-FIT network.

Results were consistent across two independent samples, indicating

that macrostructural properties of specific areas, partly belonging to

the P-FIT network, may indeed play a crucial role with regard to the

link between genetic variation and general intelligence. Another study

by Mitchell et al. (2020), which employed PGS for educational attain-

ment, reported similar findings. They observed that surface area and

cortical thickness of specific cortical regions partially mediated the

effects of PGS on cognitive test performance. These regions were the

fusiform gyrus, entorhinal cortex, banks of the superior temporal sul-

cus, the inferior frontal gyrus, and the medial orbital frontal gyrus.

To summarize, there is evidence that specific gray matter macro-

structural properties of brain areas from the P-FIT network represent

likely candidates to explain the link between genetic variation and

intelligence. What is missing, however, is a systems view taking into

account white matter connectivity as well as functional network prop-

erties. Our study aimed to fill this crucial gap in the literature by using

a multilevel deep phenotyping approach, including an integrated anal-

ysis of behavioral and neuroimaging phenotypes. We investigated the

effects of two different PGS on general intelligence: PGS for educa-

tional attainment (Lee et al., 2018) and PGS for general intelligence

(Savage et al., 2018). We tested the mediating role of surface area,

cortical thickness, white matter fiber network efficiency, and func-

tional network efficiency on the level of the whole brain as well as for

specific brain areas. Thus, this study presents the first multimodal

mediation analysis that gives brain region-specific insight into the

putative links between genetics and general intelligence.

2 | METHODS

2.1 | Participants

Since this is the first study investigating the mediation effect of net-

work connectivity on the relationship between PGS and intelligence,

we used effect sizes from previous studies investigating the correla-

tion between network connectivity and intelligence (Genç

et al., 2019). Thus, an a-priori test was performed using G*Power to

estimate the needed number of participants. The analysis was based

on a linear multiple regression analysis with a small effect size

(f2 = .04, α = .05, two-tailed, power= 0.95, number of predictors= 6).

The analysis computed a total sample size of 528.

Our sample consisted of 557 adults, who reported to be free from

past or present neurological and/or psychological conditions. The

mean age was 27.33 years (SD = 9.43; range = 18–75), we tested

283 men (mean age = 27.1, SD = 9.86) and 274 women (mean

age = 26.94, SD = 8.96). Participants were mostly university students

(mean years of education = 17.4, SD = 3.12), who participated in

exchange for course credit or financial compensation. The study was

approved by the local ethics committee of the Faculty of Psychology

at Ruhr-University Bochum (Nr. 165). All participants gave written

informed consent and were treated according to the Declaration of

Helsinki. The final dataset (see 2.3) included 523 participants aged

from 18 to 75 (M = 27.1, SD = 9.08, 266 women). The data is part of

a large-sample study on the neural correlates of intelligence, personal-

ity, and motivation. Hence, it has been used in other publications

(Genç et al., 2018; Genç et al., 2019; Genç et al., 2021).

2.2 | General intelligence testing: I-S-T 2000 R

Since participants were native German speakers, general intelligence

was assessed using the basic module of the “Intelligenz-Struktur-Test
2000 R" (I-S-T 2000 R), a well-established German intelligence test bat-

tery (Beauducel et al., 2001; Liepmann et al., 2007). The test was con-

ducted in a quiet and well-lit room. The I-S-T 2000 R comprises various

types of mental test items to measure multiple facets of general intelli-

gence and is largely comparable to the internationally established

Wechsler Adult Intelligence Scale (WAIS IV) (Erdodi et al., 2017). The

basic module contains 180 items assessing three sub-factettes of gen-

eral intelligence, namely verbal, numeric, and figural reasoning (Genç

et al., 2021). Verbal, numeric, and figural scores are measured by three

reasoning tasks with 20 items each. Examples for task-assessing verbal

abilities are sentence completion, analogies or commonalities. Numeri-

cal abilities are assessed by, for example, items on arithmetic problems

and digit span tasks. Figural abilities are assessed by, for example, tasks

where participants have to assemble or rotate figures mentally, match

dice and solve matrix reasoning tasks. The assessment lasts about

90 minutes. The current norming sample comprises 5800 participants

for the basic module (age 15–60, both sexes are represented equally).

The reliability (Cronbach's α) of general mental ability is α = .96. For

every participant a sum score across all 180 items was computed and

used as outcome in the mediation analysis.

2.3 | Genotyping and polygenic scores (PGS)

Exfoliated cells brushed from the oral mucosa were used for genotyp-

ing. DNA isolation was conducted with QIAamp DNA mini Kit (Qiagen

GmbH, Hilden, Germany). Genotyping was performed with the Illu-

mina Infinium Global Screening Array 1.0 with MDD and Psych con-

tent (Illumina, San Diego, CA, USA) at the Life & Brain facilities (Bonn,

Germany). Filtering was done with PLINK 1.9 by eliminating all SNPs

with a minor allele frequency of <0.01, missing data >0.02, or deviat-

ing from Hardy–Weinberg equilibrium by a p-value <1 � 10�6. Sub-

jects were excluded due to sex mismatch, > 0.02 missingness, and

heterozygosity rate >j0.2j. A high quality (HWE p > .02, MAF >.02,

missingness = 0) and LD pruned (r2 = .01) SNP set was used for

assessing relatedness and population structure. Pi hat >.2 was used to

exclude subjects randomly in pairs of related subjects. Finally, we

computed principal components to control for population stratifica-

tion. Individuals who deviated more than 6 SD from the first 20 PCs

were categorized as outliers and excluded. The final data set consisted

of 523 participants and 492,348 SNPs.

We calculated genome-wide PGS for all participants using two

publicly available summary statistics: general intelligence (GI,
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N = 269,867) (Savage et al., 2018) and educational attainment (EA,

N = 766,345) (Lee et al., 2018). PGS were calculated as weighted

sums of a subject's trait-associated alleles across all SNPs using

PRSice 2.1.6. We report the best-fit PGS, meaning that the p-value

threshold for PGS calculation was chosen empirically (in steps of

5*10�5 from 5*10�8 to 0.5 and for all available SNPs) so that the cal-

culated PGS explained the maximum amount of I-S-T 2000 R variance

(Genç et al., 2021). The best-fit threshold selected for PGSEA was

1, for PGSGI it was 0.0062. The statistic “incremental R2” was taken as

a value for the predictive power of the PGS. Incremental R2 stands for

the increase in determination coefficient R2 when the corresponding

PGS is added to a regression model predicting I-S-T 2000 R together

with our control variables. The control variables chosen were age, sex,

and the first four principal components of population stratification.

We used linear parametric methods for all statistical analysis in

PRSice. Testing was two-tailed (α-level of p < .05). PGSEA explained

3.3% of variance in I-S-T 2000 R score, PGSGI explained 4.8%. Distri-

butions of PGSEA and PGSGI are depicted in Figure S1.

2.4 | Neuroimaging

2.4.1 | Acquisition of anatomical data

Magnetic resonance imaging was performed on a 3 T Philips Achieva

scanner with a 32-channel head coil. The scanner was located at Berg-

mannsheil University Hospital in Bochum, Germany. T1-weighted data

were obtained by means of a high-resolution anatomical imaging

sequence with the following parameters: MP-RAGE; TR = 8.179 ms;

TE = 3.7 ms; flip angle = 8�; 220 slices; matrix size = 240 � 240;

resolution = 1 mm � 1 mm � 1 mm; acquisition time = 6 min.

2.4.2 | Acquisition of diffusion-weighted data

Diffusion-weighted images (DWI) were acquired using echo planar imag-

ing with the following parameters: TR = 7652 ms, TE = 87 ms, flip

angle = 90�, 60 slices, matrix size = 112 � 112, resolution = 2 mm

� 2 mm � 2 mm. Diffusion weighting was carried out along 60 isotropi-

cally distributed directions with a b-value of 1000 s/mm2. In addition, six

volumes with a b-value of 0 s/mm2 and no diffusion weighting were

acquired. These served as an anatomical reference for motion correction.

In total, we acquired three consecutive scans, which were averaged fol-

lowing the established protocol (Genç et al., 2019). This was done to

increase the signal-to-noise ratio. Acquisition time was 30 minutes.

2.4.3 | Acquisition of resting-state data

Functional MRI resting-state images (rsfMRI) were acquired using

echo planar imaging (TR = 2000 ms, TE = 30 ms, flip angle = 90�,

37 slices, matrix size = 80 � 80, resolution = 3 mm � 3 mm � 3 mm).

Participants were instructed to lay still with their eyes closed and to

think of nothing in particular. Acquisition time was 7 min.

2.5 | Analysis of imaging data

2.5.1 | Analysis of anatomical data

Cortical surfaces of T1-weighted images were reconstructed using

FreeSurfer (http://surfer.nmr.mgh.harvard.edu, version 5.3.0), follow-

ing an established protocol (Dale et al., 1999; Fischl et al., 1999).

Pre-processing included skull stripping, gray and white matter seg-

mentation as well as reconstruction and inflation of the cortical sur-

face. These steps were performed individually for each participant.

Slice-by-slice quality control was performed and inaccuracies of

automatic pre-processing were edited manually. For the purpose of

brain segmentation, we used the Human Connectome Project's

multi-modal parcellation (HCPMMP). Respective parcellation com-

prises 180 areas per hemisphere and is based on structural, func-

tional, topographical, and connectivity data of healthy participants

(Glasser et al., 2016). The original data provided by the Human Con-

nectome Project were converted to annotation files matching the

standard cortical surface in FreeSurfer called fsaverage. This fsaver-

age parcellation was transformed to each participant's individual cor-

tical surface and converted to volumetric masks. Since

macrostructure (Cox et al., 2019) as well as white matter connections

(Genç et al., 2019) of subcortical areas have been shown to be asso-

ciated with intelligence, we added subcortical areas to the DWI anal-

ysis. For this, eight subcortical gray matter structures per hemisphere

were added to the parcellation (thalamus, caudate nucleus, putamen,

pallidum, hippocampus, amygdala, accumbens area, ventral dienceph-

alon) (Fischl et al., 2004). All masks were linearly transformed into

the native spaces of the diffusion-weighted images and used as land-

marks for graph theoretical connectivity analyses (see Figure 1).

Additionally, a white matter mask as well as six regions representing

the four ventricles of the brain were delineated to serve as a nui-

sance variable for later BOLD signal analyses in terms of partial cor-

relation analyses. For clarity, these partial correlations will be

referred to as correlations in the rest of the manuscript. The subcor-

tical areas were not used in the rsfMRI analysis, because the result-

ing brain areas are not optimal for resting-state analysis due to being

large and functionally heterogenous (Ma et al., 2022). We computed

a mean value for each brain region by averaging values across the

left and right hemispheres (e.g., the value for area V1 is the mean of

L_V1 and R_V1), as we did not have any specific hypotheses with

regard to hemispheric differences. This resulted in 180 for the analy-

sis of surface area, cortical thickness and resting-state fMRI, and

180 cortical and cortical and 8 subcortical areas for the DWI analy-

sis. This was due to the literature being highly inconsistent. While

some studies report a positive association of functional and struc-

tural asymmetries with intelligence (Barbey et al., 2012; Santarnecchi

et al., 2015), others report a negative association (Moodie
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et al., 2020; O'Boyle et al., 2005; Yeo et al., 2016), no association

(Ntolka & Papadatou-Pastou, 2018; Papadatou-Pastou &

Tomprou, 2015) or different directions of association depending on

the specific item (Everts et al., 2009; Gläscher et al., 2009). However,

an exploratory hemispheric-specific analysis can be found in

Figures S4, S5 and Table S5.

2.5.2 | Analysis of diffusion-weighted data

Diffusion tensor modelling and probabilistic fiber tractography were

conducted using the FDT toolbox (https://fsl.fmrib.ox.ac.uk/fsl/

fslwiki/FDT) in FSL version 5.0.9. (https://fsl.fmrib.ox.ac.uk/fsl/

fslwiki), following the standard protocol (Behrens et al., 2003). Image

pre-processing included eddy currents correction and head motion

correction. Additionally, the gradient directions of each volume were

adjusted using the rotation parameters that were obtained from head

motion correction. As described in the previous section, the 180 corti-

cal and 8 subcortical regions from each hemisphere were transformed

into the native space of the diffusion-weighted images. Subsequently,

these transformed regions were used as seed and target regions for

probabilistic fiber tractography. To this end, we used a dual-fiber

model implemented in the latest version of BEDPOSTX (https://users.

fmrib.ox.ac.uk/�moisesf/Bedpostx_GPU/). This model allows for the

representation of two fiber orientations per voxel and thus enables

the modelling of crossing fibers, which produces more reliable results

compared to single-fiber models (Behrens et al., 2007). The classifica-

tion targets approach implemented in FDT was used to perform prob-

abilistic fiber tracking (Genç et al., 2019). Five thousand tract-

following samples were generated at each voxel. The step length was

0.5 mm and the curvature threshold was 0.2 (only allowing for angles

larger than 80 degrees). In order to quantify the connectivity between

a seed voxel and a specific target region, the number of streamlines

originating from the seed voxel and reaching the target region was

determined. Subsequently, the overall connectivity between two brain

regions was determined by calculating the sum of all streamlines pro-

ceeding from the seed to the target region and vice versa.

2.5.3 | Analysis of resting-state data

Resting-state data were pre-processed using the FSL toolbox

MELODIC. The first two volumes of each resting-state scan were dis-

carded. This was done to allow for signal equilibration. Afterwards,

motion correction (reference volume = third image), slice timing cor-

rection, as well as high-pass temporal frequency filtering (0.005 Hz)

was applied. We applied 6 mm spatial smoothing. We also applied

ICA-AROMA protocols as described by Pruim et al. (2015) to correct

for micro movements. Analogous to the analysis of the diffusion data,

all brain regions were transformed into the native space of the

resting-state images for functional connectivity analysis. For each

region, a mean resting-state time course was calculated by averaging

the time courses of all corresponding voxels. We computed partial

correlations between the average time courses of all cortical regions

while controlling for several nuisance variables, namely all six motion

parameters as provided by MELODIC as well as average time courses

extracted from white matter regions and ventricles (see 2.5.1. analysis

of anatomical data) (Fraenz et al., 2021). We applied Fisher z-

transformation to all correlation values (Fisher, 1921) to ensure that

they were normally distributed.

2.6 | Graph metrics

Graph metrics were calculated using the Brain Connectivity Toolbox

(Rubinov & Sporns, 2010) in combination with in-house MATLAB

code. DWI networks consisted of 376 nodes, including 360 cortical

(180 in each hemisphere) and 16 subcortical regions (8 in each hemi-

sphere). Resting-state fMRI networks consisted of 360 cortical nodes

(180 in each hemisphere). We employed Holm-Bonferroni pruning

with a threshold of 0 (α = .01, one tailed) as proposed by Ivkovi�c et al.

(2012) since this approach circumvents some risks of applying a fixed

threshold to a network, namely excluding viable connections when

the threshold is set too high or including spurious connections if the

threshold is set too low. Here, using the variance of all weights in the

upper matrix triangle of all participants, every edge weight is tested to

determine, if it is a spurious network connection or not. For example,

a vector containing the edge weights of the edge between L_V1 and

L_V2 of all participants is tested against zero. The edge is removed

from the network if its edge weights do not differ significantly from

zero. After doing this once for every edge, the procedure is repeated

with the variance of all remaining weights in the upper triangle, to

specifically test if this connection is crucial considering the whole net-

work. This is done until the network does not contain any spurious

connections anymore (Ivkovi�c et al., 2012). This pruning method was

specifically chosen since intelligence is attributed to a widely distrib-

uted network all over the brain. Therefore, we wanted to test the

importance of a connection within the whole network considering all

edges in a network by using the joint variance of all network edges.

By following this approach, 65,357 edges from the DWI network and

717 edges from the resting-state network were removed. Two nodes

(LH_H and RH_H) were removed from the resting-state network

completely, as they did not show any connections to other nodes

after pruning. Using the Brain Connectivity Toolbox, we computed

global efficiency (DWIE and rsfMRIE), a graph metric used in previous

studies investigating the association between network connectivity

and cognitive performance (Kruschwitz et al., 2018; Ma et al., 2017).

Global efficiency quantifies how efficiently the information can be

transferred across the brain (Sporns et al., 2004). Large edge weights

and small shortest path lengths typically lead to an increase in this

metric. The shortest path is defined as the minimal number of edges it

needs to connect a pair of nodes. The shortest path lengths between

all pairs of nodes are comprised in the distance matrix d. This matrix

can be created by calculating the inverse of the weighted adjacency

matrix and running Dijksta's algorithm (Dijkstra, 1959). The global effi-

ciency of one specific brain region is called nodal efficiency. It is calcu-

lated as the average inverse shortest path length between node i and

all other nodes j within a network G (DWIEi and rsfMRIEi). Calculations
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for global and nodal efficiency for DWI and rsfMRI were performed in

an identical manner. The global efficiency of the entire network is the

average inverse shortest path length between each pair of nodes

within G (E):

E¼1
n

X

i � G

Ei ¼1
n

X

i � G

P
j � G,j≠ id

�1
ij

n�1

2.7 | Statistical analysis

All statistical analyses were conducted in R Studio (1.3.1093) with R

version 4.1.0 (2021-05-18). Data points were treated as outliers if

they deviated more than three interquartile ranges from the respec-

tive variable's group mean (I-S-T 2000 R sum score, total surface area,

mean cortical thickness, DWI or rsfMRI global efficiency). In such

cases, all data from the corresponding participant were removed from

analysis. No subjects were excluded from analyses concerning cortical

surface area and cortical thickness (523 remaining subjects). Three

subjects were excluded from analyses concerning DWI connectivity

(520 remaining subjects) and one subject was excluded from analyses

concerning rsfMRI (522 remaining).

2.7.1 | Partial correlations

We computed partial correlations between the I-S-T 2000 R score,

two PGS (EA and GI), and several brain parameters (total surface area,

mean cortical thickness, DWI global efficiency and rsfMRI global effi-

ciency) using the partial.cor function included in the RcmdrMisc pack-

age. Age and sex were treated as confounding variables and

regressed out.

2.7.2 | Global mediation model

We computed a mediation model using the lavaan package. The I-S-T

2000 R sum score served as the dependent variable, the two PGS

(EA and GI) served as the independent variable. Mediators were surface

area, cortical thickness, DWI global efficiency and rsfMRI global effi-

ciency. Furthermore, we controlled for age, sex, and the first four principal

components of the population stratification. Figure 1 (bottom half, middle

box) shows a schematic depiction of a single mediation model. We used

the robust maximum likelihood estimator MLM with robust standard

errors and a Satorra-Bentler scaled test statistic (Satorra & Bentler, 1994).

2.7.3 | Brain area-specific mediation via elastic-net
regression

Mediation analysis by regularization

Following the computation of global mediation models, we investi-

gated if a set of specific brain areas mediates the effect of PGS on

I-S-T 2000 R. For this purpose, we employed exploratory mediation

analysis by regularization, a tool developed to identify a subset of

mediators from a large pool of potential mediators (Serang

et al., 2017; Serang & Jacobucci, 2020). This approach does not use p-

values to determine the statistical significance of a mediator. Hence, it

does not require a standard correction procedure for multiple compar-

isons (e.g., FDR or Bonferroni [G�ongora et al., 2020]). Instead, it uti-

lizes regularization such as the least absolute shrinkage operator

(lasso), which puts a penalty on effect sizes. Here, small effects are

pushed down to zero and only strong effects remain non-zero. An in-

depth explanation of this approach is provided by Serang et al. (2017).

In short, all potential mediators are included in the model and the

corresponding regression weights a and b are penalized (Ammerman

et al., 2018). The penalty term lambda is determined using k-fold

cross-validation, which is a mechanism to prevent overfitting. Here,

the data is split into k subsets. One of those subsets is selected as the

testing set while the rest of the data is used as the training-set. This is

done k times with every subset being used as the testing set once.

The mediation effect of a mediator is calculated by multiplying the

regression parameters a and b. If either parameter is regularized to

zero, the mediation effect also becomes zero. If both a and b remain

non-zero after regularization, the mediation effect will be non-zero as

well. After this penalization procedure, all potential mediators with

non-zero mediation effects are selected as mediators. While this

method is a good way of eliminating mediators with small effect sizes,

it also brings the effect sizes of real mediators close to zero. In order

to address this potential bias, the model is fit again without penaliza-

tion. With a model that only includes the pre-selected subset of medi-

ators, unbiased effect sizes can be acquired (Serang &

Jacobucci, 2020).

In this manuscript, we employed elastic-net regression. Elastic-

net is another type of regularized regression that combines lasso and

ridge regression (Zou & Hastie, 2005). The difference between ridge

and lasso-regression is that the lasso penalty can shrink a parameter

to zero, whereas ridge regression can only asymptotically shrink a

parameter towards zero. Thus, lasso is suitable for models in which a

lot of variables are expected to have no or little effect on the depen-

dent variable, while ridge regression is suitable for models in which

most variables are expected to have a considerable effect on the

dependent variable. Elastic-net regression can be considered an ideal

approach if one does not have clear expectations regarding every vari-

able. In comparison to lasso regression, elastic-net regression is also

better at handling correlations between variables (Zou &

Hastie, 2005), which was an important factor in our decision to

choose elastic-net over lasso regression. Regularized elastic-net

regression has already been successfully applied in a previous study

investigating the association between fluid/crystallized intelligence

and the microstructure of multiple white-matter tracts (G�ongora

et al., 2020).

Alterations to xmed function and recalculation of effect sizes

We employed an altered version of the function provided by Serang

and Jacobucci (2020). The modified code can be found at https://osf.
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io/2qamu/. First, we did not use the lambda sequence specified in the

xmed function, but the default lambda sequence the glmnet package

(Friedman et al., 2010) which xmed interfaces to. This was done

because the lambda sequence specified by xmed leads to ceiling

effects in the lambda parameters. Second, the original function does

not account for the direct effect of the independent variable (PGS) on

the dependent variable (I-S-T 2000 R score). Thus, we included the

PGS as an independent variable in the regression of the mediators on

the dependent variable (path b). This effect was not penalized.

Apart from investigating which brain areas mediate the relation-

ship between PGS and intelligence, we were also interested in the

direct effects of PGS on the brain and the direct effects of the brain

on intelligence (see Figure 1, paths a,b). Thus, we followed a similar

approach to identify variables exhibiting non-zero effects within path

F IGURE 1 Processing steps of neurocognitive data and statistical analysis. First, T1-weighted anatomical images were used to compute
estimates of cortical surface area and cortical thickness. Second, T1-weighted anatomical images were segmented into 180 cortical structures per
hemisphere according to the HCPMMP atlas and 8 subcortical structures per hemisphere. Third, the resulting masks were linearly transformed
into the native spaces of the resting-state and diffusion-weighted images. For the diffusion-weighted images, probabilistic fiber tracking was
carried out with the aforementioned masks serving as seed and target regions. For the resting-state images, correlations between average BOLD
time courses of all brain regions were computed. Fourth, structural and functional networks were constructed. Edges were weighted by the
results of probabilistic fiber tractography or BOLD signal correlation. Fifth, these networks were used for the computation of global efficiency
measures rsfMRIE and DWIE as well as nodal efficiency measures rsfMRIEi and DWIEi. Sixth, global mediation analyses were performed for each
combination of brain metric and PGS. Here, general intelligence as quantified by the I-S-T 2000 R sum score served as the dependent variable.
Independent variables were one of the two PGS (PGSEA and PGSGI). Whole brain measures (total surface area, mean cortical thickness, DWIE or
rsfMRIE) served as mediators. Finally, region-specific multi-mediator analyses were performed via elastic-net regression for each combination of
brain metric and PGS. Again, the I-S-T 2000 R sum score was the dependent and PGS the independent variable. Surface area, cortical thickness,
DWIEi or rsfMRIEi of each HCPMMP area served as mediators.
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a and path b regressions. The threshold for detecting non-zero effects

was set to 0.01. This was done because the mediation effects are the

product of the regularized a and b parameters, which take values

below 1. Hence, mediation effects are smaller compared to the regu-

larized a and b parameters. Again, coefficients were re-estimated with

lavaan to avoid biased effect sizes.

Specific mediation models

For the procedure described above, we used the xmed function from

the regsem package (Ammerman et al., 2018; Serang et al., 2017;

Serang & Jacobucci, 2020). All variables were standardized and resi-

dualized for sex, age and the first four principal components of popu-

lation stratification. We computed 8 mediator models for all

combinations of PGS (GI, EA) and brain parameters (surface area, cor-

tical thickness, DWI nodal efficiency, rsfMRI nodal efficiency). This

resulted in the following mediation models (independent variable–

mediators–dependent variable): PGSEA–surface area–I-S-T-2000 R

score, PGSEA–cortical thickness– I-S-T-2000 R score, PGSEA–DWI

nodal efficiency– I-S-T-2000 R score, PGSEA–rsfMRI nodal efficiency–

I-S-T-2000 R score, PGSGI–surface area–I-S-T-2000 R score, PGSGI–

cortical thickness–I-S-T-2000 R score, PGSGI –DWI nodal efficiency–

I-S-T-2000 R score, PGSGI–rsfMRI nodal efficiency–I-S-T-2000 R

score.

For all models, the number of cross-validation folds was set to

k = 80. The threshold for detecting non-zero mediation effects was

set to 0.001 and the type of regression was set to elastic-net for all

mediation models. PGS served as the independent variable and the

I-S-T 2000 R sum score as the dependent variable. After the pruning

procedure described above (see 2.6. Graph metrics), mediator models

involving surface area and cortical thickness comprised 180 potential

mediators each (180 cortical areas). The model involving DWI nodal

efficiency comprised 188 potential mediators (180 cortical and 8 sub-

cortical areas) and the model involving rsfMRI nodal efficiency com-

prised 179 potential mediators (179 cortical areas).

To investigate different dependencies and competitions between

brain metrics, we calculated two exploratory models which comprise

all brain metrics as mediators (727 mediators). The models were calcu-

lated as follows (independent variable – mediators – dependent vari-

able): PGSEA – surface area (180 cortical areas) + cortical thickness

(180 cortical areas) + DWI nodal efficiency (188 cortical and subcorti-

cal areas) + rsfMRI nodal efficiency (179 cortical areas) – I-S-T 2000

R score, PGSIQ – surface area (180 cortical areas) + cortical thickness

(180 cortical areas) + DWI nodal efficiency (188 cortical and subcorti-

cal areas) + rsfMRI nodal efficiency (179 cortical areas) – I-S-T 2000

R score. Results are depicted in Figures S2 and S3. This analysis

included participants that were not marked as an outlier for any of the

brain metrics (n = 519).

2.8 | Overlap of mediating areas and P-FIT

Finally, we aimed to test whether the mediating brain areas over-

lapped with the P-FIT network. It is important to note, that the P-

FIT network is based on Brodmann areas (BA). In the original ver-

sion proposed by Jung and Haier (2007), the P-FIT features a net-

work of 14 BA. In an updated version by Basten et al. (2015) the

network's composition was confirmed, but also extended with

5 additional BA. In order to compare the HCPMMP areas from our

analyses with P-FIT BA, we employed a cortical parcellation based

on BA, which is included as an annotation file in FreeSurfer. This

annotation file was converted to a volumetric segmentation match-

ing the cortex of the fsaverage standard brain. The same was done

to the HCPMMP annotation file. By means of an in-house MATLAB

program, the overlap between all HCPMMP and BA areas was cal-

culated. An HCPMMP area was specified as being part of the P-FIT

network when it showed at least 80% overlap with one or more P-

FIT BA in both hemispheres. It was also specified as being P-FIT

when its activity was identified as being associated with fluid intelli-

gence in both hemispheres in a recent meta-analysis (Santarnecchi

et al., 2017). This was true for 88 HCPMMP areas. Thus, this trans-

lation from BA to HCPMMP can be considered very liberal, as it

classifies a large number of areas as being part of the P-FIT net-

work. Researchers who want to use this classification of a more

detailed atlas or compare atlases in their studies can find a full list

of all HCPMMP areas belonging to the P-FIT with their respective

BA and overlap in Table S1.

3 | RESULTS

In preliminary analyses, to gain an overview of bivariate correlations

and to compare our data with previously reported results, partial cor-

relations were computed to test the associations between PGS and

intelligence, PGS and whole brain properties, as well as whole brain

properties and intelligence (see Table 1). Both PGS were significantly

associated with the I-S-T 2000 R sum score (see Table 1) and total

surface area. PGSEA was also associated with DWIE. The I-S-T 2000 R

sum score was associated with both total surface area and DWIE.

Mean cortical thickness and rsfMRIE were not associated with PGS or

the I-S-T 2000 R sum score (see Table 1).

3.1 | Global mediation analysis

Results of the global mediation analysis are shown in Figure 2. Even

though preliminary analysis did not reveal an association between

PGS and cortical thickness and rsfMRIE, we still investigated a poten-

tial mediation effect. This was done because the indirect effect cannot

be concluded from a and b alone but is always the product ab, and

statistical significance of a and b are not requirements for a mediation

effect (Hayes, 2018; Zhao et al., 2010). PGSEA was significantly asso-

ciated with total surface area and DWIE. Total surface area and DWIE

were significantly associated with the I-S-T 2000 R sum score. How-

ever, none of the brain parameters turned out to be significant media-

tors in the effect of PGS on general intelligence on a whole brain level

(all p > .08).
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3.2 | Brain area-specific mediation

3.2.1 | Surface area

Results of the region-specific multi-mediator analysis via elastic net

showed that PGSEA was associated with the surface area of the

majority of HCPMMP areas (112 areas; Figure 3). All effects except

one were positive, indicating that higher PGSEA is associated with

larger surface area (path a). Furthermore, the surface area of 18 brain

areas in the parietal and frontal cortices was associated with the I-S-T

2000 R sum score (path b). Ten out of these brain areas mediated the

effects of PGSEA on general intelligence (a*b). HCPMMP areas 4 (pri-

mary motor cortex), 6r (premotor cortex), MIP, IP1 (intraparietal

areas), OFC (orbital frontal cortex), OP1 (parietal operculum), STGa

(anterior superior temporal gyrus), and PH (posterior temporal cortex)

showed positive mediation effects. HCPMMP area 1 (somatosensory

cortex) and IFSa (inferior frontal sulcus) showed negative mediation

effects. Half of these areas were found to be part of the P-FIT net-

work (MIP, 6r, IFSa, PH, IP1).

Similar results were obtained when PGSGI was used as the predic-

tor (see Figure 4). We found PGSGI to be associated with the surface

area of 87 brain areas distributed all over the cortex, with most areas

largely matching (83%) those identified by the PGSEA analysis. The

surface area of eight areas was associated with general intelligence.

Three of these areas mediated the effects of PGSGI on general intelli-

gence, namely HCPMMP areas MIP, IP1 (intraparietal areas), and PH

(posterior temporal cortex). It is noteworthy, that all of these areas

were identified as mediators in the PGSEA analysis as well. All areas

were found to be part of the P-FIT network.

3.2.2 | Cortical thickness

PGSEA was associated with cortical thickness in 39 brain areas, of

which 26 (67%) exhibited positive effects and 13 (33%) exhibited neg-

ative effects. Seven cortical areas showed significant associations

between cortical thickness and general intelligence. Three of these

areas mediated the effects of PGSEA on the I-S-T 2000 R sum score.

TABLE 1 Partial correlation
coefficients (Pearson's r) between I-S-T
2000 R performance, PGS for education
attainment (EA), general intelligence (GI)
and brain properties.

I-S-T 2000 R SA CT DWIE rsfMRIE

PGSEA 0.184*** 0.106* 0.016 0.148*** 0.006

PGSGI 0.235*** 0.087* �0.005 0.081 0.003

I-S-T 2000 R 0.149*** 0.013 0.091* �0.03

Note: Age and sex were used as controlling variables.

Abbreviations: CT, cortical thickness; DWIE, DWI-network global efficiency; rsfMRIE, resting-state

network global efficiency; SA, surface Area.

*p < .05.***p < .001 (two-tailed).

F IGURE 2 Results of the global mediation analysis. We used total surface area, mean cortical thickness, DWIE and rsfMRIE as mediators. In all cases,
general intelligence, as measured by the I-S-T 2000 R sum score, served as the dependent variable. PGSEA or PGSGI served as independent variables.
Effect sizes and p-values are depicted in black (above the arrows) for analyses with PGSEA and in orange (below the arrows) for analyses with PGSGI.
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F IGURE 3 Results of the region-specific multi-mediator analysis via elastic net with PGSEA as the dependent variable. The analysis employed
the following mediators: surface area, cortical thickness, DWIEi, and rsfMRIEi (from top to bottom). The figure shows the results from path
a analysis, path b analysis, and the mediation effect (from left to right). Brain surfaces are shown in lateral, inferior, sagittal, and superior view
(from left to right). Positive effects are depicted in red and yellow, negative effects are depicted in blue. Colored mediating areas are labeled
according to the HCPMMP. Path a analysis of DWIEi also revealed positive associations between PGSEA and eight subcortical areas. For a full list
of areas and effect sizes see Tables S2 and S3.
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F IGURE 4 Results of the region-specific multi-mediator analysis via elastic net with PGSGI as the dependent variable. The analysis employed
the following mediators: surface area, cortical thickness, DWIEi, and rsfMRIEi (from top to bottom). The figure shows the results from path
a analysis, path b analysis, and the mediation effect (from left to right). Brain surfaces are shown in lateral, inferior, sagittal, and superior views
(from left to right). Positive effects are depicted in red and yellow, negative effects are depicted in blue. Colored mediating areas are labeled
according to the HCPMMP. Path a analysis of DWIEi also revealed positive associations between PGSGI and six subcortical areas. For a full list of
areas and effect sizes see Tables S2 and S3.
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HCPMMP areas FOP1 (frontal operculare area) and PreS (presubicu-

lum) exhibited positive mediation effects, while area 25 (superior

anterior cingulate cortex) exhibited a negative mediation effect. PGSGI

was associated with cortical thickness in 48 areas (21 positive associa-

tions and 27 negative associations) with limited overlap (23%)

between the PGSEA and PGSGI analyses. The PGSGI mediation model

did not yield any areas which showed significant associations between

cortical thickness and general intelligence. Consequently, no media-

tors for the effects of PGSGI on general intelligence could be identi-

fied. None of the mediating areas were part of the P-FIT network.

3.2.3 | DWI network efficiency

PGSEA was positively associated with DWIEi in all cortical and subcor-

tical areas (188). There were 12 areas in which DWIEi was associated

with general intelligence. All of these areas were also mediators

regarding the effects of PGSEA on general intelligence. HCPMMP

areas 6ma (anterior supplementary motor cortex), 6r (premotor cor-

tex), 44, 45 (inferior frontal gyrus), 47 s (orbitofrontal cortex), and

43 (posterior opercular cortex) exhibited positive mediation effects.

HCPMMP areas LO1, LO2 (lateral occipital cortex), 5mv (superior pari-

etal cortex), VMV1 (ventromedial visual area), Pir (piriform cortex), and

pOFC (posterior orbitofrontal complex) exhibited negative mediation

effects. Half of these areas were found to be part of the P-FIT net-

work (LO1, LO2, 44, 45, 6r, 6ma). Similarly, PGSGI was positively asso-

ciated with DWIEi in 144 areas. DWIEi was associated with general

intelligence in three areas and two of them, namely HCPMMP areas

45 (inferior frontal gyrus) and Pir (piriform cortex), were also found to

be mediators regarding the effects of PGSGI on general intelligence.

These two areas were also identified as mediators in the PGSEA analy-

sis. HCPMMP area 45 was found to be part of the P-FIT network.

3.2.4 | rsfMRI network efficiency

PGSEA was associated with rsfMRIEi in 29 areas, with 13 (45%) show-

ing a positive association. There were no areas that exhibited signifi-

cant associations between rsfMRIE and general intelligence or

mediated the effects of PGSEA on general intelligence. PGSGI was

associated with rsfMRIEi in 35 areas, with 18 (51%) of them showing

positive associations. There were no areas that exhibited significant

associations between rsfMRIEi and general intelligence or mediated

the effects of PGSGI on general intelligence.

Complete lists of HCPMMP areas and effect sizes can be found

in Table S2 (path a), Table S3 (path b), and Table S4 (mediation).

3.3 | Exploratory multimodal region-specific multi-
mediator analysis

To investigate different dependencies and competitions between

brain metrics, we calculated two exploratory models which comprise

all brain metrics as mediators (728 mediators). The results are

depicted in Figures S2 and S3. While this analysis revealed fewer

mediators than the main analysis, the chosen mediators are the same.

For PGSEA, the exploratory analysis revealed the surface area of IFSa,

4, MIP and IPS to act as mediators. Additionally, cortical thickness of

FOP1 and PreS as well as DWI network efficiency of HCPMMP

45 were identified as mediators. For PGSGI it identified surface area

of HCPMMP 4 as a mediator.

4 | DISCUSSION

Genetic variability robustly predicts interindividual differences in intel-

ligence, but it is still largely unknown which neurobiological intermedi-

ates are involved in the path from genetic disposition to phenotype.

Hence, it was the aim of our study to conduct integrative analyses

encompassing genome-wide SNP variability, in-depth brain imaging,

and detailed measurement of cognitive abilities. By doing so, we were

able to show that regional surface area and structural network effi-

ciency are mediators of the relationship between genetic disposition

and measured intelligence.

In line with other studies, PGS significantly predicted cognitive

abilities. Furthermore, PGS were associated with morphological and

connectivity brain measures of widely distributed cortical and subcor-

tical regions, a finding which is in accordance with previously reported

results showing genetic correlations between cognitive abilities and

brain structure (Grasby et al., 2020). To further investigate which of

these brain areas link genetic variation to differences in cognitive abil-

ities, four brain properties on global and regional level were tested as

putative mediators. rsfMRI was not associated with cognitive abilities,

neither on a global scale nor on the level of brain regions. In case of

cortical thickness, there was limited evidence of mediation effects.

However, the surface area and structural connectivity of several brain

areas were associated with intelligence and also identified as

mediators.

With regard to surface area, we found ten brain regions that

mediated the effects of PGSEA on general intelligence. Respective

areas were mainly located in the posterior parietal, posterior temporal,

and superior frontal cortices. Three of these areas were also identified

when PGSGI was used as predictor and half of the mediating areas

were part of the P-FIT network (MIP, 6r, IFSa, PH, IP1). There were

five brain areas outside of the P-FIT network, namely the primary

motor cortex (4), the primary somatosensory cortex (1), the orbito-

frontal cortex (OFC), and the posterior part of the parietal operculum

(OP1). The common observation that the volume or surface area of

cortical gray matter is positively associated with intelligence is typi-

cally explained in the following way. Individuals with more cortical

volume or surface area are likely to possess more neurons (Leuba &

Kraftsik, 1994; Pakkenberg & Gundersen, 1997). A higher count in

cortical neurons also indicates a higher number of synapses

(Karbowski, 2007). Therefore, it is assumed that individuals with more

cortical gray matter have more computational power to engage in

problem solving and logical reasoning (Genç et al., 2018). Following
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this explanation, our results indicate that the SNPs associated with

cognitive abilities may influence the gene expression related to neu-

ron and synapse count within specific cortical areas. This in turn might

influence intelligent thinking.

Our findings related to non-P-FIT areas are largely in line with the

findings by Lett et al. (2020), who also found a mediating effect of sur-

face area in parts of the primary motor cortex, the orbitofrontal cor-

tex, and the parietal operculum. The orbitofrontal cortex and its

interaction with the anterior cingulate cortex have been associated

with decision making (Fatahi et al., 2020). The orbitofrontal cortex

encodes the value of available choices based on past experiences. The

anterior cingulate cortex is involved in a more “down-stream” proces-
sing of decision consequences (Wallis & Kennerley, 2011). While the

primary motor cortex is usually not associated with intelligence, its

structural and functional properties have been found to change in

accordance with verbal and non-verbal intelligence in teenagers

(Ramsden et al., 2011). The authors argue that this finding is indicative

of an interrelation between cognitive and motor development

(Wallis & Kennerley, 2011), which may also be one reason behind the

association between motor skills, cognitive performance, and aca-

demic achievements (Syväoja et al., 2019; Trecroci et al., 2021).

Although the primary somatosensory cortex was not identified as a

mediator by Lett et al. (2020) or Elliott et al. (2019), a meta-analysis

revealed its functional properties to be associated with fluid intelli-

gence (Santarnecchi et al., 2017).

Many biological theories of intelligence highlight the importance

of efficient information exchange across the brain. Naturally, this task

is heavily dependent on the structural quality of an extensive brain

network. A neuronal circuitry associated with higher intelligence is

thought to foster a more directed information processing along rele-

vant areas within the network. Our findings support this assumption

by showing that the structural nodal efficiency of twelve brain areas

mediated the relationship between PGSEA and general intelligence.

Moreover, two of these brain areas were also identified in the PGSGI

analyses. It is noteworthy that half of the mediating areas are part of

the P-FIT network (6ma, 6r, 44, 45, LO1, LO2). The inferior frontal

gyrus (45, 44), the premotor cortex (6r), and the anterior supplemen-

tary motor cortex (6ma) exhibited positive mediation effects. Parts of

the lateral orbitofrontal cortex (LO1, LO2) exhibited negative mediat-

ing effects, which was due to negative associations between their

structural connectivity and general intelligence. We also observed

multiple mediators outside of the P-FIT network. The ventromedial

visual area (VMV1) and posterior orbitofrontal cortex (pOFC) exhib-

ited negative mediation effects, which was due to negative associa-

tions between their nodal efficiency and general intelligence. The

orbitofrontal cortex (47 s) and posterior opercular cortex (43) exhibited

positive mediation effects. Functional properties of the right orbito-

frontal cortex have been shown to be positively associated with fluid

intelligence in a recent meta-analysis (Santarnecchi et al., 2017). The

posterior opercular cortex is part of the so-called cingulo-opercular

network (Power & Petersen, 2013) which plays a critical role in intelli-

gence according to the Network Neuroscience Theory (Barbey, 2018).

This theory proposes that the neural basis of general intelligence is

manifested in the dynamics of multiple brain-wide modular networks.

In other words, the Network Neuroscience Theory emphasizes that

intelligence depends on the efficiency with which specific brain net-

works can be reorganized and adapted to a situation. It has to be

noted that this theory is focused on the dynamic state of networks

and is largely based on functional studies. Hence, it may not directly

be applicable to white matter connectivity, even though functional

networks have been proposed to arise from structural connectivity

(Park & Friston, 2013). The Network Neuroscience Theory proposes

that crystallized intelligence relies on easy-to-reach functional net-

work states which in turn rely on strong connections between some

highly connected brain areas. In contrast, fluid intelligence is supposed

to rely on difficult-to-reach network states, which in turn rely on weak

connections between networks. Weak connections giving rise to

difficult-to-reach network states are located in the frontoparietal net-

work and the cingulo-opercular network (Barbey, 2018). For the most

part, P-FIT emerged from macrostructural studies. When looking at

intelligence from a connectivity-based perspective, as is done in Net-

work Neuroscience Theory, it seems plausible that there are brain

areas whose morphological properties are not related to intelligence,

while their connectivity patterns are. Our results support this assump-

tion by showing that a group of SNPs, identified by GWAS, is likely to

influence the gene expression shaping the structural efficiency of spe-

cific areas from an extensive and intelligence-related brain network.

Our results concerning the surface area and structural connectiv-

ity show that there are considerably more brain areas mediating the

effect between PGSEA and general intelligence than between PGSGI

and general intelligence. In all likelihood, this is due to the difference

in discovery sample sizes of respective GWAS. PGSEA was derived

from a GWAS with a sample size of 1,131,881 individuals (Lee

et al., 2018), whereas PGSGI was derived from a GWAS with a sample

size of 269,867 individuals (Savage et al., 2018). This results in the

greater predictive power of PGSEA. While PGSGI exhibited a stronger

association with general intelligence in our sample compared to

PGSEA, PGSEA exhibited stronger associations with the analyzed brain

properties (see Table 1). Some of the genes identified by Lee et al.

(2018) (PGSEA) are highly expressed in the brain prenatally and thus

influence the very early stages of brain development. Other genes

show high expression both prenatally and postnatally. Functionally,

the identified genes are involved in neurotransmitter secretion, the

activation of ion channels and metabotropic receptors, as well as syn-

aptic plasticity. Importantly, these genes are expressed in all parts of

the nervous system and not limited to a certain set of brain areas. Our

results are in line with this finding given that PGSEA were associated

with brain properties all over the cortex (Figures 3 and 4). However,

since our analyses also included the phenotype, we were able to spec-

ify which parts of the brain are affected by intelligence-related gene

expression as identified by Lee et al. (2018). Importantly, this

approach goes one step beyond investigating the genetic correlation

between cognitive and brain phenotypes.

Whereas the direction of effect from genes to cognitive abilities

and genes to brain structure is causal by definition (Plomin & von

Stumm, 2018), it is conceivable that there is a bidirectional
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relationship between brain structure and cognitive abilities. Recent

analyses used bidirectional latent causal variable and Mendelian ran-

domization to assess the causal direction between human cortical

structure, general intelligence, and educational attainment. They pro-

vide evidence for the influence of brain structure on general intelli-

gence and educational attainment (Grasby et al., 2020). Our

investigation includes both measured brain phenotype and detailed

characterization of cognitive abilities and thus provides further evi-

dence of causal processes between genetic variability and cognition

through variation in brain structure and network connectivity.

In addition to our main analysis, we have also conducted an

explanatory analysis in which the mediation model included all brain

metrics as mediators at once (see Figures S2 and S3). Interestingly,

the analysis yielded the same, albeit fewer, mediators as the main

analysis, mainly regarding surface area (4, MIP, IFSa, IP1). It must be

noted that this approach is rather exploratory, as previous studies

have always looked at metrics separately and the number of media-

tors in this model is huge for our sample size. Thus, we suggest that

future studies with possible larger sample sizes also employ joined

mediation models for multiple brain metrics. This may give us insight

into possible dependencies between brain metrics.

There are certain limitations to our study. First, PGS for educa-

tional attainment tends to overestimate genetically caused effects in

non-related samples (Abdellaoui & Verweij, 2021; Lee et al., 2018).

Lee et al. (2018) showed that the predictive power of PGS declines as

much as 40% when within-family differences in educational attain-

ment are taken into account, which is partly due to gene–environment

correlations. The genes of parents also influence the rearing environ-

ment of their child, which results in a correlation between the envi-

ronment and the genes a child inherits from their parents

(Abdellaoui & Verweij, 2021). The effect of parental genes on rearing

environment is demonstrated by the observation that even non-

shared genetic information of parents is predictive of a child's educa-

tional attainment (Kong et al., 2018). Thus, the predictive power of

the PGS utilized in our study can in part be attributed to gene–

environment correlations. Second, our functional connectivity analysis

did not identify any regions that mediated the effects of PGS on gen-

eral intelligence; or any brain area that was directly associated with

general intelligence (see Figures 3 and 4). In order to compute nodal

efficiency, we aggregated resting-state data across the entire time

span of our recordings. However, Network Neuroscience Theory

argues that the crucial aspect of intelligence-related functional net-

works is their dynamic flexibility (Barbey, 2018), which is not captured

by the metrics we used. Hence, it is indeed conceivable that the flexi-

bility of specific networks mediates the effects of genetic variation on

general intelligence. Future studies using temporally high resolution

rsfMRI and dynamic connectivity analyses should investigate the

mediation effects of dynamic connectivity metrics.

This study is the first to investigate the mediating effects of multi-

modal, region-specific brain properties on the association between

genetic variation and intelligence. We show that the surface area and

structural connectivity of frontal, sensory, motor, temporal, and ante-

rior occipital brain regions provide a missing piece in the link between

genetic variation and general intelligence. These findings are a crucial

step forward in decoding the neurogenetic underpinnings of intelli-

gence, as they identify specific regional networks that relate polygenic

variation to intelligence.
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Čuki�c, I., & Deary, I. J. (2017). Childhood intelligence in relation to

major causes of death in 68 year follow-up: Prospective population

study. BMJ, 357, 1–14. https://doi.org/10.1136/bmj.j2708

Cheng, S., Wu, C., Qi, X., Liu, L., Ma, M., Zhang, L., Cheng, B., Liang, C.,

Li, P., Kafle, O. P., Wen, Y., & Zhang, F. (2020). A large-scale genetic

correlation scan between intelligence and brain imaging phenotypes.

Cerebral Cortex, 30, 4197–4203. https://doi.org/10.1093/cercor/

bhaa043

Choi, S. W., Mak, T. S.-H., & O'Reilly, P. F. (2020). Tutorial: A guide to per-

forming polygenic risk score analyses. Nature Protocols, 15, 2759–
2772. https://doi.org/10.1038/s41596-020-0353-1

Choi, Y. Y., Shamosh, N. A., Cho, S. H., DeYoung, C. G., Lee, M. J.,

Lee, J.-M., Kim, S. I., Cho, Z.-H., Kim, K., Gray, J. R., & Lee, K. H.

(2008). Multiple bases of human intelligence revealed by cortical

thickness and neural activation. The Journal of Neuroscience, 28,

10323–10329. https://doi.org/10.1523/JNEUROSCI.3259-08.

2008

Cox, S. R., Ritchie, S. J., Fawns-Ritchie, C., Tucker-Drob, E. M., &

Deary, I. J. (2019). Structural brain imaging correlates of general intelli-

gence in UK biobank. Intelligence, 76, 101376. https://doi.org/10.

1016/j.intell.2019.101376

Dale, A. M., Fischl, B., & Sereno, M. I. (1999). Cortical surface-based analy-

sis. I. Segmentation and surface reconstruction. NeuroImage, 9, 179–
194. https://doi.org/10.1006/nimg.1998.0395

Deary, I. J. (2014). The stability of intelligence from childhood to old age.

Current Directions in Psychological Science, 23, 239–245. https://doi.
org/10.1177/0963721414536905

Deary, I. J., Cox, S. R., & Hill, W. D. (2021). Genetic variation, brain, and

intelligence differences. Molecular Psychiatry, 27, 335–353. https://
doi.org/10.1038/s41380-021-01027-y

Deary, I. J., Penke, L., & Johnson, W. (2010). The neuroscience of human

intelligence differences. Nature Reviews. Neuroscience, 11, 201–211.
https://doi.org/10.1038/nrn2793

Deary, I. J., Strand, S., Smith, P., & Fernandes, C. (2007). Intelligence and

educational achievement. Intelligence, 35, 13–21. https://doi.org/10.
1016/j.intell.2006.02.001

Dijkstra, E. W. (1959). A note on two problems in Connexion with graphs.

Numerische Mathematik, 1, 269–271. https://doi.org/10.1007/

BF01386390

Dima, D., & Breen, G. (2015). Polygenic risk scores in imaging genetics:

Usefulness and applications. Journal of Psychopharmacology, 29, 867–
871. https://doi.org/10.1177/0269881115584470

Dudbridge, F. (2013). Power and predictive accuracy of polygenic risk

scores. PLoS Genetics, 9, e1003348. https://doi.org/10.1371/journal.

pgen.1003348

Elliott, M. L., Belsky, D. W., Anderson, K., Corcoran, D. L., Ge, T., Knodt, A.,

Prinz, J. A., Sugden, K., Williams, B., Ireland, D., Poulton, R., Caspi, A.,

Holmes, A., Moffitt, T., & Hariri, A. R. (2019). A polygenic score for

higher educational attainment is associated with larger brains. Cerebral

Cortex, 29, 3496–3504. https://doi.org/10.1093/cercor/bhy219
Erdodi, L. A., Abeare, C. A., Lichtenstein, J. D., Tyson, B. T., Kucharski, B.,

Zuccato, B. G., & Roth, R. M. (2017). Wechsler adult intelligence scale-

fourth edition (WAIS-IV) processing speed scores as measures of non-

credible responding: The third generation of embedded performance

validity indicators. Psychological Assessment, 29, 148–157. https://doi.
org/10.1037/pas0000319

Everts, R., Lidzba, K., Wilke, M., Kiefer, C., Mordasini, M., Schroth, G.,

Perrig, W., & Steinlin, M. (2009). Strengthening of laterality of verbal

and visuospatial functions during childhood and adolescence. Human

Brain Mapping, 30, 473–483. https://doi.org/10.1002/hbm.20523

Fatahi, Z., Ghorbani, A., Ismail Zibaii, M., & Haghparast, A. (2020). Neural

synchronization between the anterior cingulate and orbitofrontal cor-

tices during effort-based decision making. Neurobiology of Learning and

Memory, 175, 107320. https://doi.org/10.1016/j.nlm.2020.107320

Feng, J., Chen, C., Cai, Y., Ye, Z., Feng, K., Liu, J., Zhang, L., Yang, Q., Li, A.,

Sheng, J., Zhu, B., Yu, Z., Chen, C., Dong, Q., & Xue, G. (2020). Parti-

tioning heritability analyses unveil the genetic architecture of human

brain multidimensional functional connectivity patterns. Human Brain

Mapping, 41, 3305–3317. https://doi.org/10.1002/hbm.25018

Fischer, F. U., Wolf, D., Scheurich, A., & Fellgiebel, A. (2014). Association

of structural global brain network properties with intelligence in nor-

mal aging. PLoS One, 9, e86258. https://doi.org/10.1371/journal.pone.

0086258

Fischl, B., Sereno, M. I., & Dale, A. M. (1999). Cortical surface-based analy-

sis. II: Inflation, flattening, and a surface-based coordinate system.

NeuroImage, 9, 195–207. https://doi.org/10.1006/nimg.1998.0396

Fischl, B., van der Kouwe, A., Destrieux, C., Halgren, E., Ségonne, F.,

Salat, D. H., Busa, E., Seidman, L. J., Goldstein, J., Kennedy, D.,

Caviness, V., Makris, N., Rosen, B., & Dale, A. M. (2004). Automatically

parcellating the human cerebral cortex. Cerebral Cortex, 14, 11–22.
https://doi.org/10.1093/cercor/bhg087

Fisher, R. A. (1921). On the “probable error” of a coefficient of correlation

deduced from a small sample. Metron, 1, 3–32.
Fox, M. D., & Raichle, M. E. (2007). Spontaneous fluctuations in brain

activity observed with functional magnetic resonance imaging. Nature

Reviews. Neuroscience, 8, 700–711. https://doi.org/10.1038/nrn2201
Fraenz, C., Schlüter, C., Friedrich, P., Jung, R. E., Güntürkün, O., & Genç, E.

(2021). Interindividual differences in matrix reasoning are linked to

functional connectivity between brain regions nominated by Parieto-

frontal integration theory. Intelligence, 87, 101545. https://doi.org/10.

1016/j.intell.2021.101545

Friedman, J., Hastie, T., & Tibshirani, R. (2010). Regularization paths for

generalized linear models via coordinate descent. Journal of Statistical

Software, 33, 1–22. https://doi.org/10.18637/jss.v033.i01
Ge, T., Chen, C.-Y., Doyle, A. E., Vettermann, R., Tuominen, L. J., Holt, D. J.,

Sabuncu, M. R., & Smoller, J. W. (2019). The shared genetic basis of

educational attainment and Ccerebral cortical morphology. Cerebral

Cortex, 29, 3471–3481. https://doi.org/10.1093/cercor/bhy216
Genç, E., Fraenz, C., Schlüter, C., Friedrich, P., Hossiep, R., Voelkle, M. C.,

Ling, J. M., Güntürkün, O., & Jung, R. E. (2018). Diffusion markers of

dendritic density and arborization in gray matter predict differences in

intelligence. Nature Communications, 9, 1905. https://doi.org/10.

1038/s41467-018-04268-8

GENÇ ET AL. 3373

 10970193, 2023, 8, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/hbm

.26286, W
iley O

nline L
ibrary on [08/10/2023]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://doi.org/10.1016/j.tics.2017.10.001
https://doi.org/10.1016/j.tics.2017.10.001
https://doi.org/10.1093/brain/aws021
https://doi.org/10.1016/j.intell.2015.04.009
https://doi.org/10.1016/j.intell.2015.04.009
https://doi.org/10.1016/S0191-8869(00)00087-8
https://doi.org/10.1016/j.neuroimage.2006.09.018
https://doi.org/10.1002/mrm.10609
https://doi.org/10.1136/bmj.j2708
https://doi.org/10.1093/cercor/bhaa043
https://doi.org/10.1093/cercor/bhaa043
https://doi.org/10.1038/s41596-020-0353-1
https://doi.org/10.1523/JNEUROSCI.3259-08.2008
https://doi.org/10.1523/JNEUROSCI.3259-08.2008
https://doi.org/10.1016/j.intell.2019.101376
https://doi.org/10.1016/j.intell.2019.101376
https://doi.org/10.1006/nimg.1998.0395
https://doi.org/10.1177/0963721414536905
https://doi.org/10.1177/0963721414536905
https://doi.org/10.1038/s41380-021-01027-y
https://doi.org/10.1038/s41380-021-01027-y
https://doi.org/10.1038/nrn2793
https://doi.org/10.1016/j.intell.2006.02.001
https://doi.org/10.1016/j.intell.2006.02.001
https://doi.org/10.1007/BF01386390
https://doi.org/10.1007/BF01386390
https://doi.org/10.1177/0269881115584470
https://doi.org/10.1371/journal.pgen.1003348
https://doi.org/10.1371/journal.pgen.1003348
https://doi.org/10.1093/cercor/bhy219
https://doi.org/10.1037/pas0000319
https://doi.org/10.1037/pas0000319
https://doi.org/10.1002/hbm.20523
https://doi.org/10.1016/j.nlm.2020.107320
https://doi.org/10.1002/hbm.25018
https://doi.org/10.1371/journal.pone.0086258
https://doi.org/10.1371/journal.pone.0086258
https://doi.org/10.1006/nimg.1998.0396
https://doi.org/10.1093/cercor/bhg087
https://doi.org/10.1038/nrn2201
https://doi.org/10.1016/j.intell.2021.101545
https://doi.org/10.1016/j.intell.2021.101545
https://doi.org/10.18637/jss.v033.i01
https://doi.org/10.1093/cercor/bhy216
https://doi.org/10.1038/s41467-018-04268-8
https://doi.org/10.1038/s41467-018-04268-8


Genç, E., Fraenz, C., Schlüter, C., Friedrich, P., Voelkle, M. C.,

Hossiep, R., & Güntürkün, O. (2019). The neural architecture of gen-

eral knowledge. European Journal of Personality, 33, 589–605. https://
doi.org/10.1002/per.2217

Genç, E., Schlüter, C., Fraenz, C., Arning, L., Metzen, D., Nguyen, H. P.,

Voelkle, M. C., Streit, F., Güntürkün, O., Kumsta, R., & Ocklenburg, S.

(2021). Polygenic scores for cognitive abilities and their association

with different aspects of general intelligence-a deep phenotyping

approach. Molecular Neurobiology, 58, 4145–4156. https://doi.org/10.
1007/s12035-021-02398-7

Gläscher, J., Tranel, D., Paul, L. K., Rudrauf, D., Rorden, C., Hornaday, A.,

Grabowski, T., Damasio, H., & Adolphs, R. (2009). Lesion mapping of

cognitive abilities linked to intelligence. Neuron, 61, 681–691. https://
doi.org/10.1016/j.neuron.2009.01.026

Glasser, M. F., Coalson, T. S., Robinson, E. C., Hacker, C. D., Harwell, J.,

Yacoub, E., Ugurbil, K., Andersson, J., Beckmann, C. F., Jenkinson, M.,

Smith, S. M., & van Essen, D. C. (2016). A multi-modal parcellation of

human cerebral cortex. Nature, 536, 171–178. https://doi.org/10.

1038/nature18933

G�ongora, D., Vega-Hernández, M., Jahanshahi, M., Valdés-Sosa, P. A., &

Bringas-Vega, M. L. (2020). Crystallized and fluid intelligence are pre-

dicted by microstructure of specific white-matter tracts. Human Brain

Mapping, 41, 906–916. https://doi.org/10.1002/hbm.24848

Grasby, K. L., Jahanshad, N., Painter, J. N., Colodro-Conde, L., Bralten, J.,

Hibar, D. P., Lind, P. A., Pizzagalli, F., Ching, C. R. K.,

McMahon, M. A. B., Shatokhina, N., Zsembik, L. C. P.,

Thomopoulos, S. I., Zhu, A. H., Strike, L. T., Agartz, I., Alhusaini, S.,

Almeida, M. A. A., Alnæs, D., … Medland, S. E. (2020). The genetic

architecture of the human cerebral cortex. Science, 367, eaay6690.

https://doi.org/10.1126/science.aay6690

Hayes, A. F. (2018). Introduction to mediation, moderation, and conditional

process analysis: A regression-based approach (p. 692). The Guilford

Press.

Hilger, K., Ekman, M., Fiebach, C. J., & Basten, U. (2017a). Efficient hubs in

the intelligent brain: Nodal efficiency of hub regions in the salience

network is associated with general intelligence. Intelligence, 60, 10–25.
https://doi.org/10.1016/j.intell.2016.11.001

Hilger, K., Ekman, M., Fiebach, C. J., & Basten, U. (2017b). Intelligence is

associated with the modular structure of intrinsic brain networks. Sci-

entific Reports, 7, 16088. https://doi.org/10.1038/s41598-017-

15795-7

Ivkovi�c, M., Kuceyeski, A., & Raj, A. (2012). Statistics of weighted brain

networks reveal hierarchical organization and Gaussian degree distri-

bution. PLoS One, 7, e35029. https://doi.org/10.1371/journal.pone.

0035029

Jansen, P. R., Muetzel, R. L., Polderman, T. J. C., Jaddoe, V. W.,

Verhulst, F. C., van der Lugt, A., Tiemeier, H., Posthuma, D., &

White, T. (2019). Polygenic scores for neuropsychiatric traits and

white matter microstructure in the pediatric population. Biological Psy-

chiatry: Cognitive Neuroscience and Neuroimaging, 4, 243–250. https://
doi.org/10.1016/j.bpsc.2018.07.010

Jung, R. E., & Haier, R. J. (2007). The Parieto-frontal integration theory (P-

FIT) of intelligence: Converging neuroimaging evidence. The Behavioral

and Brain Sciences, 30, 135–154. discussion 154–87. https://doi.org/
10.1017/S0140525X07001185

Karbowski, J. (2007). Global and regional brain metabolic scaling and its

functional consequences. BMC Biology, 5, 18. https://doi.org/10.

1186/1741-7007-5-18

Kim, D.-J., Davis, E. P., Sandman, C. A., Sporns, O., O'Donnell, B. F.,

Buss, C., & Hetrick, W. P. (2016). Children's intellectual ability is asso-

ciated with structural network integrity. NeuroImage, 124, 550–556.
https://doi.org/10.1016/j.neuroimage.2015.09.012

Knol, M., Heshmatollah, A., Cremers, L., Kamran Ikram, M., Uitterlinden, A.,

van Dujin, C., Niessen, W., Vernooij, M., Afran Ikram, M., &

Adams, H. H. H. (2019). Genetic variation underlying cognition and its

relation with neurological outcomes and brain imaging. Aging, 11,

1440–1456. https://doi.org/10.18632/aging.101844
Kong, A., Thorleifsson, G., Frigge, M. L., Vilhjalmsson, B. J., Young, A. I.,

Thorgeirsson, T. E., Benonisdottir, S., Oddsson, A., Halldorsson, B. V.,

Masson, G., Gudbjartsson, D. F., Helgason, A., Bjornsdottir, G.,

Thorsteinsdottir, U., & Stefansson, K. (2018). The nature of nurture:

Effects of parental genotypes. Science, 359, 424–428. https://doi.org/
10.1126/science.aan6877

Kruschwitz, J. D., Waller, L., Daedelow, L. S., Walter, H., & Veer, I. M.

(2018). General, crystallized and fluid intelligence are not associated

with functional global network efficiency: A replication study with the

human connectome project 1200 data set. NeuroImage, 171, 323–331.
https://doi.org/10.1016/j.neuroimage.2018.01.018

Lee, J. J., McGue, M., Iacono, W. G., Michael, A. M., & Chabris, C. F.

(2019). The causal influence of brain size on human intelligence: Evi-

dence from within-family phenotypic associations and GWAS model-

ing. Intelligence, 75, 48–58. https://doi.org/10.1016/j.intell.2019.

01.011

Lee, J. J., Wedow, R., Okbay, A., Kong, E., Maghzian, O., Zacher, M.,

Nguyen-Viet, T. A., Bowers, P., Sidorenko, J., Karlsson Linnér, R.,

Fontana, M. A., Kundu, T., Lee, C., Li, H., Li, R., Royer, R.,

Timshel, P. N., Walters, R. K., Willoughby, E. A., … Cesarini, D. (2018).

Gene discovery and polygenic prediction from a genome-wide associa-

tion study of educational attainment in 1.1 million individuals. Nature

Genetics, 50, 1112–1121. https://doi.org/10.1038/s41588-018-

0147-3

Lett, T. A., Vogel, B. O., Ripke, S., Wackerhagen, C., Erk, S., Awasthi, S.,

Trubetskoy, V., Brandl, E. J., Mohnke, S., Veer, I. M., Nöthen, M. M.,

Rietschel, M., Degenhardt, F., Romanczuk-Seiferth, N., Witt, S. H.,

Banaschewski, T., Bokde, A. L. W., Büchel, C., Quinlan, E. B., …
Walter, H. (2020). Cortical surfaces mediate the relationship between

polygenic scores for intelligence and general intelligence. Cerebral Cor-

tex, 30, 2707–2718. https://doi.org/10.1093/cercor/bhz270
Leuba, G., & Kraftsik, R. (1994). Changes in volume, surface estimate,

three-dimensional shape and total number of neurons of the human

primary visual cortex from midgestation until old age. Anatomy and

Embryology, 190, 351–366. https://doi.org/10.1007/BF00187293
Li, Y., Liu, Y., Li, J., Qin, W., Li, K., Yu, C., & Jiang, T. (2009). Brain anatomi-

cal network and intelligence. PLoS Computational Biology, 5,

e1000395. https://doi.org/10.1371/journal.pcbi.1000395

Liepmann, D., Beauducel, A., Brocke, B., & Amthauer, R. (2007). Intelli-

genz-Struktur-Test 2000 R (IST 2000 R). Manual (2. erweiterte und

überarbeitete Aufl.). Hogrefe, Göttingen.

Loughnan, R. J., Palmer, C. E., Thompson, W. K., Dale, A. M.,

Jernigan, T. L., & Fan, C. C. (2021). Gene-experience correlation during

cognitive development: Evidence from the Adolescent Brain Cognitive

Development (ABCD) Study. Preprint. https://doi.org/10.1101/

637512

Ma, J., Kang, H. J., Kim, J. Y., Jeong, H. S., Im, J. J., Namgung, E., Kim, M. J.,

Lee, S., Kim, T. D., Oh, J. K., Chung, Y.-A., Lyoo, I. K., Lim, S. M., &

Yoon, S. (2017). Network attributes underlying intellectual giftedness

in the developing brain. Scientific Reports, 7, 11321. https://doi.org/

10.1038/s41598-017-11593-3

Ma, Q., Rolls, E. T., Huang, C.-C., Cheng, W., & Feng, J. (2022). Extensive

cortical functional connectivity of the human hippocampal memory

system. Cortex, 147, 83–101. https://doi.org/10.1016/j.cortex.2021.
11.014

McDaniel, M. (2005). Big-brained people are smarter: A meta-analysis of

the relationship between in vivo brain volume and intelligence. Intelli-

gence, 33, 337–346. https://doi.org/10.1016/j.intell.2004.11.005
Mitchell, B. L., Cuéllar-Partida, G., Grasby, K. L., Campos, A. I., Strike, L. T.,

Hwang, L.-D., Okbay, A., Thompson, P. M., Medland, S. E.,

Martin, N. G., Wright, M. J., & Rentería, M. E. (2020). Educational

3374 GENÇ ET AL.

 10970193, 2023, 8, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/hbm

.26286, W
iley O

nline L
ibrary on [08/10/2023]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://doi.org/10.1002/per.2217
https://doi.org/10.1002/per.2217
https://doi.org/10.1007/s12035-021-02398-7
https://doi.org/10.1007/s12035-021-02398-7
https://doi.org/10.1016/j.neuron.2009.01.026
https://doi.org/10.1016/j.neuron.2009.01.026
https://doi.org/10.1038/nature18933
https://doi.org/10.1038/nature18933
https://doi.org/10.1002/hbm.24848
https://doi.org/10.1126/science.aay6690
https://doi.org/10.1016/j.intell.2016.11.001
https://doi.org/10.1038/s41598-017-15795-7
https://doi.org/10.1038/s41598-017-15795-7
https://doi.org/10.1371/journal.pone.0035029
https://doi.org/10.1371/journal.pone.0035029
https://doi.org/10.1016/j.bpsc.2018.07.010
https://doi.org/10.1016/j.bpsc.2018.07.010
https://doi.org/10.1017/S0140525X07001185
https://doi.org/10.1017/S0140525X07001185
https://doi.org/10.1186/1741-7007-5-18
https://doi.org/10.1186/1741-7007-5-18
https://doi.org/10.1016/j.neuroimage.2015.09.012
https://doi.org/10.18632/aging.101844
https://doi.org/10.1126/science.aan6877
https://doi.org/10.1126/science.aan6877
https://doi.org/10.1016/j.neuroimage.2018.01.018
https://doi.org/10.1016/j.intell.2019.01.011
https://doi.org/10.1016/j.intell.2019.01.011
https://doi.org/10.1038/s41588-018-0147-3
https://doi.org/10.1038/s41588-018-0147-3
https://doi.org/10.1093/cercor/bhz270
https://doi.org/10.1007/BF00187293
https://doi.org/10.1371/journal.pcbi.1000395
https://doi.org/10.1101/637512
https://doi.org/10.1101/637512
https://doi.org/10.1038/s41598-017-11593-3
https://doi.org/10.1038/s41598-017-11593-3
https://doi.org/10.1016/j.cortex.2021.11.014
https://doi.org/10.1016/j.cortex.2021.11.014
https://doi.org/10.1016/j.intell.2004.11.005


attainment polygenic scores are associated with cortical total surface

area and regions important for language and memory. NeuroImage,

212, 116691. https://doi.org/10.1016/j.neuroimage.2020.116691

Moodie, J. E., Ritchie, S. J., Cox, S. R., Harris, M. A., Muñoz Maniega, S.,

Valdés Hernández, M. C., Pattie, A., Corley, J., Bastin, M. E.,

Starr, J. M., Wardlaw, J. M., & Deary, I. J. (2020). Fluctuating asymme-

try in brain structure and general intelligence in 73-year-olds. Intelli-

gence, 78, 101407. https://doi.org/10.1016/j.intell.2019.101407

Narr, K. L., Woods, R. P., Thompson, P. M., Szeszko, P., Robinson, D.,

Dimtcheva, T., Gurbani, M., Toga, A. W., & Bilder, R. M. (2007). Rela-

tionships between IQ and regional cortical gray matter thickness in

healthy adults. Cerebral Cortex, 17, 2163–2171. https://doi.org/10.

1093/cercor/bhl125

Ntolka, E., & Papadatou-Pastou, M. (2018). Right-handers have negligibly

higher IQ scores than left-handers: Systematic review and meta-ana-

lyses. Neuroscience and Biobehavioral Reviews, 84, 376–393. https://
doi.org/10.1016/j.neubiorev.2017.08.007

O'Boyle, M. W., Cunnington, R., Silk, T. J., Vaughan, D., Jackson, G.,

Syngeniotis, A., & Egan, G. F. (2005). Mathematically gifted male ado-

lescents activate a unique brain network during mental rotation. Cogni-

tive Brain Research, 25, 583–587. https://doi.org/10.1016/j.

cogbrainres.2005.08.004

Pakkenberg, B., & Gundersen, H. J. (1997). Neocortical neuron number in

humans: Effect of sex and age. The Journal of Comparative Neurology,

384, 312–320.
Papadatou-Pastou, M., & Tomprou, D.-M. (2015). Intelligence and handed-

ness: Meta-analyses of studies on intellectually disabled, typically

developing, and gifted individuals. Neuroscience and Biobehavioral

Reviews, 56, 151–165. https://doi.org/10.1016/j.neubiorev.2015.

06.017

Park, H. J., & Friston, K. (2013). Structural and functional brain networks:

From connections to cognition. Science, 342, 1238411. https://doi.

org/10.1126/science.1238411

Pietschnig, J., Penke, L., Wicherts, J. M., Zeiler, M., & Voracek, M. (2015).

Meta-analysis of associations between human brain volume and intel-

ligence differences: How strong are they and what do they mean?

Neuroscience and Biobehavioral Reviews, 57, 411–432. https://doi.org/
10.1016/j.neubiorev.2015.09.017

Pineda-Pardo, J. A., Martínez, K., Román, F. J., & Colom, R. (2016). Struc-

tural efficiency within a parieto-frontal network and cognitive differ-

ences. Intelligence, 54, 105–116. https://doi.org/10.1016/j.intell.2015.
12.002

Plomin, R., & von Stumm, S. (2018). The new genetics of intelligence.

Nature Reviews. Genetics, 19, 148–159. https://doi.org/10.1038/nrg.
2017.104

Power, J. D., & Petersen, S. E. (2013). Control-related systems in the

human brain. Current Opinion in Neurobiology, 23, 223–228. https://
doi.org/10.1016/j.conb.2012.12.009

Pruim, R. H. R., Mennes, M., van Rooij, D., Llera, A., Buitelaar, J. K., &

Beckmann, C. F. (2015). ICA-AROMA: A robust ICA-based strategy for

removing motion artifacts from fMRI data. NeuroImage, 112, 267–277.
https://doi.org/10.1016/j.neuroimage.2015.02.064

Ramsden, S., Richardson, F. M., Josse, G., Thomas, M. S. C., Ellis, C.,

Shakeshaft, C., Seghier, M. L., & Price, C. J. (2011). Verbal and non-

verbal intelligence changes in the teenage brain. Nature, 479, 113–
116. https://doi.org/10.1038/nature10514

Rubinov, M., & Sporns, O. (2010). Complex network measures of brain

connectivity: Uses and interpretations. NeuroImage, 52, 1059–1069.
https://doi.org/10.1016/j.neuroimage.2009.10.003

Santarnecchi, E., Emmendorfer, A., & Pascual-Leone, A. (2017). Dissecting

the parieto-frontal correlates of fluid intelligence: A comprehensive

ALE meta-analysis study. Intelligence, 63, 9–28. https://doi.org/10.

1016/j.intell.2017.04.008

Santarnecchi, E., Tatti, E., Rossi, S., Serino, V., & Rossi, A. (2015). Intelli-

gence-related differences in the asymmetry of spontaneous cerebral

activity. Human Brain Mapping, 36, 3586–3602. https://doi.org/10.

1002/hbm.22864

Satorra, A., & Bentler, P. M. (1994). Corrections to test statistics and stan-

dard errors in covariance structure analysis. In A. von Eye & C. C.

Clogg (Eds.), Latent variables analysis: Applications for developmental

research (pp. 399–419). Sage Publications.

Savage, J. E., Jansen, P. R., Stringer, S., Watanabe, K., Bryois, J.,

Leeuw, C. A. d., Nagel, M., Awasthi, S., Barr, P. B., Coleman, J. R. I.,

Grasby, K. L., Hammerschlag, A. R., Kaminski, J. A., Karlsson, R.,

Krapohl, E., Lam, M., Nygaard, M., Reynolds, C. A., Trampush, J. W., …
Posthuma, D. (2018). Genome-wide association meta-analysis in

269,867 individuals identifies new genetic and functional links to intel-

ligence. Nature Genetics, 50, 912–919. https://doi.org/10.1038/

s41588-018-0152-6

Serang, S., & Jacobucci, R. (2020). Exploratory mediation analysis of

dichotomous outcomes via regularization. Multivariate Behavioral

Research, 55, 69–86. https://doi.org/10.1080/00273171.2019.

1608145

Serang, S., Jacobucci, R., Brimhall, K. C., & Grimm, K. J. (2017). Exploratory

mediation analysis via regularization. Structural Equation Modeling: A

Multidisciplinary Journal, 24, 733–744. https://doi.org/10.1080/

10705511.2017.1311775

Sporns, O., Chialvo, D. R., Kaiser, M., & Hilgetag, C. C. (2004). Organiza-

tion, development and function of complex brain networks. Trends in

Cognitive Sciences, 8, 418–425. https://doi.org/10.1016/j.tics.2004.

07.008

Syväoja, H. J., Kankaanpää, A., Joensuu, L., Kallio, J., Hakonen, H.,

Hillman, C. H., & Tammelin, T. H. (2019). The longitudinal associations

of fitness and motor skills with academic achievement. Medicine and

Science in Sports and Exercise, 51, 2050–2057. https://doi.org/10.

1249/MSS.0000000000002031

Trecroci, A., Duca, M., Cavaggioni, L., Rossi, A., Scurati, R., Longo, S.,

Merati, G., Alberti, G., & Formenti, D. (2021). Relationship between

cognitive functions and sport-specific physical performance in youth

volleyball players. Brain Sciences, 11, 227. https://doi.org/10.3390/

brainsci11020227

van den Heuvel, M. P., Stam, C. J., Kahn, R. S., & Hulshoff Pol, H. E. (2009).

Efficiency of functional brain networks and intellectual performance.

The Journal of Neuroscience, 29, 7619–7624. https://doi.org/10.1523/
JNEUROSCI.1443-09.2009

Wallis, J. D., & Kennerley, S. W. (2011). Contrasting reward signals in the

orbitofrontal cortex and anterior cingulate cortex. Annals of the new

York Academy of Sciences, 1239, 33–42. https://doi.org/10.1111/j.

1749-6632.2011.06277.x

Wen, W., Zhu, W., He, Y., Kochan, N. A., Reppermund, S., Slavin, M. J.,

Brodaty, H., Crawford, J., Xia, A., & Sachdev, P. (2011). Discrete neuro-

anatomical networks are associated with specific cognitive abilities in

old age. The Journal of Neuroscience, 31, 1204–1212. https://doi.org/
10.1523/JNEUROSCI.4085-10.2011

Wiseman, S. J., Booth, T., Ritchie, S. J., Cox, S. R., Muñoz Maniega, S., Del

Valdés Hernández, M. C., Dickie, D. A., Royle, N. A., Starr, J. M.,

Deary, I. J., Wardlaw, J. M., & Bastin, M. E. (2018). Cognitive abilities,

brain white matter hyperintensity volume, and structural network con-

nectivity in older age. Human Brain Mapping, 39, 622–632. https://doi.
org/10.1002/hbm.23857

Yeo, R. A., Ryman, S. G., Pommy, J., Thoma, R. J., & Jung, R. E. (2016). Gen-

eral cognitive ability and fluctuating asymmetry of brain surface area.

Intelligence, 56, 93–98. https://doi.org/10.1016/j.intell.2016.03.002
Zhao, B., Li, T., Yang, Y., Wang, X., Luo, T., Shan, Y., Zhu, Z., Xiong, D.,

Hauberg, M. E., Bendl, J., Fullard, J. F., Roussos, P., Li, Y., Stein, J. L., &

Zhu, H. (2021). Common genetic variation influencing human white

GENÇ ET AL. 3375

 10970193, 2023, 8, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/hbm

.26286, W
iley O

nline L
ibrary on [08/10/2023]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://doi.org/10.1016/j.neuroimage.2020.116691
https://doi.org/10.1016/j.intell.2019.101407
https://doi.org/10.1093/cercor/bhl125
https://doi.org/10.1093/cercor/bhl125
https://doi.org/10.1016/j.neubiorev.2017.08.007
https://doi.org/10.1016/j.neubiorev.2017.08.007
https://doi.org/10.1016/j.cogbrainres.2005.08.004
https://doi.org/10.1016/j.cogbrainres.2005.08.004
https://doi.org/10.1016/j.neubiorev.2015.06.017
https://doi.org/10.1016/j.neubiorev.2015.06.017
https://doi.org/10.1126/science.1238411
https://doi.org/10.1126/science.1238411
https://doi.org/10.1016/j.neubiorev.2015.09.017
https://doi.org/10.1016/j.neubiorev.2015.09.017
https://doi.org/10.1016/j.intell.2015.12.002
https://doi.org/10.1016/j.intell.2015.12.002
https://doi.org/10.1038/nrg.2017.104
https://doi.org/10.1038/nrg.2017.104
https://doi.org/10.1016/j.conb.2012.12.009
https://doi.org/10.1016/j.conb.2012.12.009
https://doi.org/10.1016/j.neuroimage.2015.02.064
https://doi.org/10.1038/nature10514
https://doi.org/10.1016/j.neuroimage.2009.10.003
https://doi.org/10.1016/j.intell.2017.04.008
https://doi.org/10.1016/j.intell.2017.04.008
https://doi.org/10.1002/hbm.22864
https://doi.org/10.1002/hbm.22864
https://doi.org/10.1038/s41588-018-0152-6
https://doi.org/10.1038/s41588-018-0152-6
https://doi.org/10.1080/00273171.2019.1608145
https://doi.org/10.1080/00273171.2019.1608145
https://doi.org/10.1080/10705511.2017.1311775
https://doi.org/10.1080/10705511.2017.1311775
https://doi.org/10.1016/j.tics.2004.07.008
https://doi.org/10.1016/j.tics.2004.07.008
https://doi.org/10.1249/MSS.0000000000002031
https://doi.org/10.1249/MSS.0000000000002031
https://doi.org/10.3390/brainsci11020227
https://doi.org/10.3390/brainsci11020227
https://doi.org/10.1523/JNEUROSCI.1443-09.2009
https://doi.org/10.1523/JNEUROSCI.1443-09.2009
https://doi.org/10.1111/j.1749-6632.2011.06277.x
https://doi.org/10.1111/j.1749-6632.2011.06277.x
https://doi.org/10.1523/JNEUROSCI.4085-10.2011
https://doi.org/10.1523/JNEUROSCI.4085-10.2011
https://doi.org/10.1002/hbm.23857
https://doi.org/10.1002/hbm.23857
https://doi.org/10.1016/j.intell.2016.03.002


matter microstructure. Science, 372, eabf3736. https://doi.org/10.

1126/science.abf3736

Zhao, B., Zhang, J., Ibrahim, J. G., Luo, T., Santelli, R. C., Li, Y., Li, T.,

Shan, Y., Zhu, Z., Zhou, F., Liao, H., Nichols, T. E., & Zhu, H. (2021).

Large-scale GWAS reveals genetic architecture of brain white matter

microstructure and genetic overlap with cognitive and mental health

traits (n = 17,706). Molecular Psychiatry, 26, 3943–3955. https://doi.
org/10.1038/s41380-019-0569-z

Zhao, X., Lynch, J. G., & Chen, Q. (2010). Reconsidering baron and Kenny:

Myths and truths about mediation analysis. Journal of Consumer

Research, 37, 197–206. https://doi.org/10.1086/651257
Zou, H., & Hastie, T. (2005). Regularization and variable selection via

the elastic net. Journal of the Royal Statistical Society B, 64,

301–320.

SUPPORTING INFORMATION

Additional supporting information can be found online in the Support-

ing Information section at the end of this article.

How to cite this article: Genç, E., Metzen, D., Fraenz, C.,

Schlüter, C., Voelkle, M. C., Arning, L., Streit, F., Nguyen, H. P.,

Güntürkün, O., Ocklenburg, S., & Kumsta, R. (2023). Structural

architecture and brain network efficiency link polygenic scores

to intelligence. Human Brain Mapping, 44(8), 3359–3376.

https://doi.org/10.1002/hbm.26286

3376 GENÇ ET AL.

 10970193, 2023, 8, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/hbm

.26286, W
iley O

nline L
ibrary on [08/10/2023]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://doi.org/10.1126/science.abf3736
https://doi.org/10.1126/science.abf3736
https://doi.org/10.1038/s41380-019-0569-z
https://doi.org/10.1038/s41380-019-0569-z
https://doi.org/10.1086/651257
https://doi.org/10.1002/hbm.26286

	Structural architecture and brain network efficiency link polygenic scores to intelligence
	1  INTRODUCTION
	2  METHODS
	2.1  Participants
	2.2  General intelligence testing: I-S-T 2000 R
	2.3  Genotyping and polygenic scores (PGS)
	2.4  Neuroimaging
	2.4.1  Acquisition of anatomical data
	2.4.2  Acquisition of diffusion-weighted data
	2.4.3  Acquisition of resting-state data

	2.5  Analysis of imaging data
	2.5.1  Analysis of anatomical data
	2.5.2  Analysis of diffusion-weighted data
	2.5.3  Analysis of resting-state data

	2.6  Graph metrics
	2.7  Statistical analysis
	2.7.1  Partial correlations
	2.7.2  Global mediation model
	2.7.3  Brain area-specific mediation via elastic-net regression
	Mediation analysis by regularization
	Alterations to xmed function and recalculation of effect sizes
	Specific mediation models


	2.8  Overlap of mediating areas and P-FIT

	3  RESULTS
	3.1  Global mediation analysis
	3.2  Brain area-specific mediation
	3.2.1  Surface area
	3.2.2  Cortical thickness
	3.2.3  DWI network efficiency
	3.2.4  rsfMRI network efficiency

	3.3  Exploratory multimodal region-specific multi-mediator analysis

	4  DISCUSSION
	AUTHOR CONTRIBUTIONS
	ACKNOWLEDGMENTS
	FUNDING INFORMATION
	CONFLICT OF INTEREST STATEMENT
	DATA AVAILABILITY STATEMENT

	REFERENCES


