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Structural Connectivity of Brain Regions May Predict

Human Intelligence
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Abstract: The discovery of relationships between brain connectivity and human
intelligence is of great interest. In this study, we identify structural connections
correlated with human intelligence and investigate the predictability of intelligence from
brain structural connectivity. The study uses data from 137 healthy subjects from the
Human Connectome Project (HCP, 1200 Subjects Release). Structural connectivity was
estimated using tractography derived from diffusion tensor imaging (DTI) data. A
connectivity matrix was constructed using the mean fractional anisotropy (FA) of white-
matter pathways between 116 regions defined by the AAL atlas. Global graph measures
and correlation analysis were applied to identify connections relevant to predicting fluid
intelligence (Gf) and crystallized intelligence (Gc). For prediction, three regression
models of linear regression, support vector regression (SVR), and multi-layer perceptron
(MLP) were employed. Most connections associated with Gf or Gc were located in the
right hemisphere. Connections originating from prefrontal, right temporal, limbic, and
right occipital regions were related to Gf, whereas connections originating from
prefrontal, temporal, and left parietal regions were related to Gc. Among the models,
SVR showed superior performance, achieving R? values of 0.45 and 0.52 for Gf and Gc,
respectively. No significant relationships were observed between global graph measures
and Gf or Gc scores. These findings demonstrate that DTI-based structural connectivity
can be used to predict both fluid and crystallized intelligence, with fine-grained regional
definitions enabling more specific connectivity patterns than in previous studies.

Keywords: Structural Connectivity, Brain Connectivity, Diffusion Tensor Imaging

(DTI), Intelligence, Prediction.

1 Introduction

NTELLIGENCE can be defined as the capability of
an individual to do purposeful performance, logical
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thinking, and effective interaction with the environment
[1]. The emergence of intelligence tests in psychometrics
allows the measurement and quantification of mental
abilities. These tests may be used to study the
relationship between mental capabilities and behavioral,
environmental, and genetic factors. One of the most
well-known tests is WAIS-III, which is used for
individuals above 16 years old [2]. Another one is the
NIH toolbox [3]. The result of each test is an assessment
of one of the cognitive capabilities of an individual.
Because cognitive impairment is often associated with
neurological disorders such as autism spectrum disorder
(ASD), intelligence tests are a powerful tool for clinical
screening [4]. Initial attempts utilized positron emission
tomography (PET) to study the neural substrates of
intelligence [5], [6]. In a few years, magnetic resonance
imaging (MRI) took over PET for the study of the
brain’s macroscopic structure and its relationship with
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intelligence [7], [8]. Based on the results achieved by
MRI studies, several theories were proposed about the
neural basis of human intelligence, including the Lateral
Prefrontal Cortex Theory (LPFCT) [9], the Parieto-
Frontal Integration theory (P-FIT) [10], [11], [12], [13],
the Multiple-Demand theory (M-DT) [14] and Process
Overlap theory (POT) [15]. These theories collectively
emphasize the critical role of distributed and interacting
brain regions—particularly frontal and parietal areas—in
supporting higher cognitive. While these models were
initially  derived from functional activation or
morphometric evidence, they implicitly rely on the
existence of efficient structural pathways that enable
information exchange between regions participating in
reasoning, problem solving, and knowledge retrieval.

Previous neuroimaging studies have primarily explored
the functional or gray-matter correlates of intelligence
[16], [17]. However, functional connectivity reflects
dynamic,  state-dependent  synchronization, and
morphometric indices describe localized structure
without revealing how information physically travels
between regions. In contrast, structural connectivity, as
measured by diffusion tensor imaging (DTI), provides a
stable representation of the brain’s anatomical wiring,
which underlies both transient functional interactions
and long-term cognitive learning. Examining white-
matter connections therefore offers unique insight into
how information-processing efficiency contributes to
individual differences in intelligence [18], [19], [20],
[21], [22].

Within this framework, fractional anisotropy (FA)
serves as a theoretically and practically justified feature:
it reflects microstructural properties such as axonal
density, organization, and myelination, which influence
the speed and reliability of signal transmission. Higher
FA values indicate more coherent and efficient white-
matter fibers—biological properties that directly relate to
information integration efficiency. Therefore, FA is
particularly well-suited for modeling fluid intelligence
(Gf), which depends on rapid and flexible processing
across distributed networks, and crystallized intelligence
(Gc), which relies on the stability of knowledge-related
connections between temporal and parietal regions.

Recent studies have reported significant relationships
between and intelligence in multiple tracts, including
right inferior fronto-occipital fasciculus [23], callosum
splenium [24], [25], [26], and tracts between the medial
orbital frontal cortex and rostral anterior cingulate cortex
[27]. These findings suggest that higher FA, reflecting
better myelination and fiber organization, may facilitate
more efficient neural communication and thus higher
cognitive performance.

Building upon this theoretical and empirical
foundation, the present study investigates how whole-

brain structural connectivity—quantified as mean FA of
white-matter pathways between 116 regions defined by
the Automated Anatomical Labeling (AAL) atlas—
relates to individual differences in fluid (Gf) and
crystallized (Gc) intelligence. In addition to regional
connections, we examined the associations between
global network characteristics and intelligence using
several graph-theoretical measures. The strength of this
study lies in its comprehensive and fine-grained
approach: each ROI represents a small, anatomically
defined brain region, enabling detailed mapping of
structural pathways across the entire brain. To assess the
predictive value of these features, we applied three
regression models—Support Vector Regression (SVR),
Multilayer Perceptron (MLP), and Linear Regression
(LR)—allowing  direct comparison of  model
performance.

Based on this framework, we addressed two main
research questions: (1) Can individual differences in Gf
and Gc be predicted from whole-brain structural
connectivity patterns derived from DTI? (2) Which
specific white-matter connections and global graph
measures contribute most strongly to these predictions?
We hypothesized that higher FA, reflecting greater
white-matter integrity and inter-regional communication
efficiency, would be associated with higher Gf and Gc.
Specifically, Gf was expected to show stronger
associations with fronto-parietal and cingulo-opercular
pathways supporting cognitive control and flexible
reasoning, whereas Gc was expected to involve temporal
and parietal connections linked to language and semantic
knowledge. Furthermore, we anticipated that models
based on fine-grained regional connectivity would
outperform those using global network measures in
explaining individual variability in intelligence

2 Materials and Methods

2.1 Participants

We used publicly available data from the Human
Connectome Project (HCP, 1200 Subjects Release),
which includes high-quality, standardized diffusion-
weighted imaging (DWI) and cognitive measures across
a large cohort of healthy adults [28]. The dataset’s
uniform acquisition protocols and preprocessing
pipelines ensure reproducibility and comparability
across subjects. The dataset consists of 137 subjects (70
male and 67 female), mean age of 28.43 years. All
participants completed the NIH toolbox cognitive
function battery (CFB) [28], [29]. All these subjects
were healthy, without any brain damage. In addition,
none of them had a history of mental illness, brain
surgery, or brain-damaging disease.

2.2 Image Acquisition

The subjects of the HCP dataset were scanned using a
spin-echo EPI DTl sequence with the following
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parameters: repetition time = 5520 ms, echo time = 89.5
ms, flip angle = 78 degrees, field of view = 210x180
mm, slice thickness = 1.25 mm (111 slices), and b-
values of 1000, 2000, and 3000 s/mm?.

2.3 Cognitive Tasks

The Gf score was calculated by averaging the scores of
five cognitive tasks which measure short-term memory
[30] , long-term memory [31] , processing speed [32] ,
and two executive functions [33] determined using the
NIH toolbox. The Gc score was the average of two
cognitive tasks including vocabulary comprehension and
reading decoding [34]. The mean (standard deviation) of
the Gf and Gc scores were 106.20 (£13.26) and 102.18
(£8.93), respectively.

2.4 DTI Image Processing

The HCP DWI images were processed using the
diffusion pipeline of FSL’s EDDY (v3.19.0), which
improved slice outlier detection and removed the noise
caused by the subject movement. Then, the registration
were performed using ExploreDTI v4.8.6, which
provides improved motion correction and spatial
normalization pipelines compatible with the HCP data
format. For tractography and structural connectivity
matrix construction, we used ExploreDTI v4.6.8, as this
version offers stable and reproducible results for large-
scale deterministic tractography using the AAL atlas.
The use of two versions was intentional, to combine the
enhanced registration accuracy of v4.8.6 with the proven
tractography stability of v4.6.8.

2.5 DTI Fiber Tracking

For each subject, using Explore-DTI (v4.6.8), DTI-
based tractography was done for the whole brain by a
deterministic approach based on streamlined algorithms
where the local tract direction was defined by the major
eigenvector of the diffusion tensor. This was done for a
fiber length range of 10-500 mm, angle threshold of 30
degrees, and FA range of [0.2-1]. The connectivity
matrix (116x116) was obtained between the nodes of the
AAL atlas template, using Explore-DTI (v4.6.8). In the
connectivity matrix, each element is the average value of
FA in the connections between two regions. Each edge’s
FA weight was calculated by averaging the FA values of
all the fibers that comprised the edge. The FA value of
each fiber was determined by taking the average of the
FA values of all the voxels in the fiber track. In our
calculations, if a tract between two nodes extended to
another node, that node was considered the terminator of
the pathway. For example, if region A was connected to
region B and region B was connected to region C, then,
C was considered as the terminator, i.e., region A was
considered to be connected to region C. We performed
1,000,000 streamlined tracking iterations, with each
iteration having a unique sample of the parameter
combination

2.6 Global Graph Measure Analysis

To examine the relation of brain global structural
characteristics with Gf and Gc scores, we computed the
following global graph measures: characteristic path
length, global efficiency, and global clustering
coefficient. The characteristic path length of a network is
defined as the average shortest path length between all
pairs of nodes in the network. On the other hand, the
global efficiency of a network is defined as the inverse
of the shortest path length. Unlike the characteristic path
length, global efficiency can be meaningfully computed
on disconnected networks, making it a superior measure
of integration [35], [36] The global clustering
coefficientis a measure of functional integration and
reflects, on average, the prevalence of clustered
connectivity around individual nodes [36]. To obtain
binary connectivity matrices, we applied a proportional
thresholding method to remove the weakest connections
generated by tractography. Because the choice of
threshold strongly influences network topology and
density, it must be carefully determined. In this study, a
proportional threshold of 0.25 was selected, retaining the
top 25% of the strongest connections to balance network
sparsity and completeness. This level minimizes false-
positive connections arising from tractography noise
while preserving the core structural organization of the
brain network, consistent with prior DTI-based graph
studies [37], [38]

2.7 Feature Selection and Reduction

To perform statistical analysis, we first applied
correlation analysis between the mean FA value of each
connection, age, and sex of the subjects and the Gf and
Gc scores using MATLAB (R2017a) to identify the
variables highly correlated with the Gf and Gc scores.

Model performance was evaluated using leave-one-out
cross-validation (LOOCYV), which trains the model on all
participants except one and tests on the held-out subject
in each iteration. LOOCV was chosen because it
maximizes data usage in moderate-sized samples and
provides nearly unbiased estimates of model
generalization, as commonly applied in neuroimaging-
based predictive modeling studies (Scheinost et al.,
2019; Shen et al., 2017). Although alternative strategies
such as k-fold cross-validation or external validation can
further test generalizability, the current sample size and
data availability limited this approach.

First, we removed the connections that had zero
variance. Second, we removed the connections whose
linear regression with the Gf and Gc scores was not
significant (p-value < 0.05). Finally, we removed the
feature that had high correlations to another feature (r >
0.95) and retained the feature that had a higher
correlation with the intelligence score. The feature
selection process was carried out solely on the training
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set, and during testing, only the selected features were
computed and utilized. Principal Component Analysis
(PCA) was applied to reduce feature dimensionality by
retaining components that together explained 85% of the
total variance in the structural connectivity features. This
threshold was selected empirically to balance variance
preservation and model simplicity, consistent with prior
studies using DTI or functional connectivity features for
intelligence prediction [39], [40].

2.8 Regression Models

Three regression models including linear regression;
support vector regression (SVR); and multilayer
perceptron (MLP) were applied to the data to predict the
Gf and Gc scores. Then, we calculated R2, correlation,
and RMSE between the predicted and measured
intelligence scores to identify the model with the best
performance.

3 Results

Correlations of Gc and Gf scores with age and sex The
Gf and Gc scores were calculated for 137 subjects
(112.23£7.52 and  115.50+8.84,  respectively).
Correlation analysis was performed between age/sex and
the Gf/Gc scores. The results are shown in Table 1,
indicating that correlation analysis does not reveal any
significant relationships between Gf and age and sex,
using the Benjamini-Hochberg adjusted p-value to
consider multiple comparisons. This is consistent with
previous studies that found no sex differences between
fluid intelligence and crystal intelligence [41], [42], [43].

To compare the results of significant relationships
between Gf/Gc and age/sex parameters with previous
studies, we applied ANOVA [44]. This test was used to
check whether there were significant differences
between the means of Gf and Gc of males and females.
We found that there were no statistically significant
differences between the two groups for Gf (p-value =
0.08) and Gc (p-value = 0.95). Besides, we calculated
the effect size (Cohen’s d (Cohen, 1988)) to quantify the
difference between the two means. We found small
effect sizes (d < 0.5) for both Gc and Gf. The results,
presented in Table 1, show the consistency of our results
with those of previous studies.

To compare the two brain hemispheres, we performed
a correlation analysis on the connections in the right and
left hemispheres. The connections that had a significant
relationship with Gf or Gc are shown in Fig. 1 (a, b).

In the right hemisphere, there are 25 and 29
connections that are significantly correlated with Gf and
Gc, respectively, and in the left hemisphere, there are 11
and 25 connections. A greater proportion of predictive
connections were observed in the right hemisphere,

suggesting a predominant involvement of right-
hemisphere networks in intelligence-related structural
organization.[45], [46], [47], [48], [49].

Table 1. Correlations of Gc and Gf with age and, correlations,
ANOVA, and effect size of Gc and Gf with sex of the
subjects and the corresponding p-values, adjusted using
Benjamini-Hochberg procedure.

Variables Correlationp-value F(df) d
Gf-age -0.09 0.34 - -
Gc - age 0.19 0.08 - -

Gf - sex 0.17 0.08 0.01(1) 0.01

Gc - sex -0.004 095 5.39(1) 0.39

Gf [41] - - 0.00 (1.56)0.00

Ge [41] - - 0.28(1.56)0.00

Culture-Fair Test (Gf) [43] - - - 0.10

Progressive matrices (Gf) [43] - - - 0.02
Vocabulary (Gc) [42] - - 0.28 (1) -
Synonyms (Gc) [42] - - 0.27 (1) -
Antonyms (Gc) [42] - - 1.08(1) -

Fig 1. Intra-hemispheric connections that have significant
correlations with: (a) Gf, and (b) Gc.

3.1 Correlation of global graph measures with Gc and
Gf scores

The results of examining the relation between
characteristic path length, global efficiency, and global
clustering coefficient were demonstrated in Table 2.
These results show there is no significant relationship
between the global graph measures and the Gc and Gf
scores.

Table 2. Performance of three models developed for the
relation of Gf and Gc global graph parameters.
Characteristic path  Global ~ Global clustering

Intesltlzlcg);rince Model length efficiency coefficient
r p-value r p-value r p-value
Linear ot 514 o011 008 037 008 034
regression
SVR Gf 014 011 008 037 008  0.34
MLP Gf 000 100 000 100 014 0.1
Linear o 007 042 009 029 001 090
regression
SVR Gc 007 042 009 029 -001 090
MLP Gc 007 042 014 011 007 042
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3.2 Correlation of Selected Features with Gc and Gf
Scores

The connectivity matrix, calculated for the 137
subjects, is symmetric and the elements show average
FA in the connections between the corresponding
regions. To predict the Gf and Gc scores, we had
(116*116-116)/2 = 6670 distinct connections for each
subject. Fig 2 shows the most frequent connections
among all training sets before PCA analysis which
shows the best features for predicting Gf and Gc scores.
Based on the leave-one-out cross-validation algorithm
the number of selected features was different in each
training set and the mean value of the test sets were
reported. The parameters of the models were varied and
then the resulting models were tested. The Pearson
correlation coefficient between the measured and
predicted scores for Gf and Gc using linear regression
were r = 0.71 (p-value = 2.82x10-15) and r = 0.66 (p-
value = 9.81x10-13), respectively.

Fig 2. The most frequent connections (intra- and inter-
hemispheric) selected for developing prediction models for:
(a) Gf, and (b) Gc scores.

The SVR model was evaluated using both linear and
radial basis function (RBF) as a kernel. The linear kernel
was evaluated with constant parameters 1, 10, 50, and
100. The best performance was obtained when the
constant parameter was 10, where for the Gf and Gc
scores, the correlations were r = 0.72 (p-value =
6.84x10-17) and r = 0.68 (p-value = 9.93x10-13). The
RBF kernel was evaluated using constant parameters 50
and 100 and gamma values of 0.1, 0.01, and 0.001. To
predict Gf, the highest correlation was obtained using
SVR and RBF kernel function (constant = 50 and
gamma = 0.1), which was r = 0.68 (p-value = 2.65x10-
15). To predict Gc, using the same model with constant

=100 and gamma = 0.1, the highest correlation was r =
0.65 (p-value = 1.09x10-11).

The MLP model was developed with one layer using
different neurons and an identity layer. The best
performance was achieved for predicting Gf using 3
neurons (r = 0.65, p-value = 1.49x10-9) and for
predicting Gc using 17 neurons (r = 0.63, p-value =
1.39x10-10).

The optimal performance of each model is shown in
Table 3 and the regression lines with 95% confidence
intervals are plotted in Figure 3. The results illustrate
that the correlation values are higher when predicting Gc
than Gf. Besides, the root mean square error (RMSE) is
lower when predicting Gf than Gc. This suggests that Gf
is more predictable from structural connectivity than Gc.

Table 3. Optimal performance of three models developed for
predicting Gf and Gc from structural connectivity of the
brain regions. The results of the superior method are
highlighted.

Model Intelligence R r p-value RMS
Score E
Linear regression Gf 050 071 282E-15 731
SVR Gf 0.51 0.72 6.84E-17 7.11
MLP Gf 0.42 0.65 1.42E-09 8.07
Linear regression Gc 043 066 9.81E-13 11.34
SVR Ge 0.46 0.68 9.93E-13 11.26
MLP Ge 0.39 0.63 1.39E-10 11.66

Predicted Gc_Score

Gce_Score

Predicted Gf_Scor

Gf_Score

Fig 3. Optimal regression lines with 95% confidence
intervals for predicting Gf and Gc from the structural
connectivity matrix.
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The results show that the SVR model with a linear
kernel and a constant parameter of 10 is the optimal
model for predicting both Gf and Gc. The results of this
work are compared with those of the previous models in
Table 4. Note that the model proposed for predicting
intelligence has a higher determination coefficient in
comparison with the previous methods. Moreover,
previous methods have widely used functional MRI data
to predict intelligence. In contrast, we have used DTI
data and mean FA of connections to predict intelligence.

Table 4. Results of the previous methods of predicting human
intelligence from the structural and functional features of

the brain.
. . Brain 2
Study Intelligence Imaging Model region(s)
Anatomical
Choi  General and Linear Whole 0.44
(2008) intelligence functional regression  cortex
MRI
Volume of
Wang General Anatomical Multi-kernel gray matter0 59
(2015) intelligence MRI SVR and white ™
matter
Volume of
Wang General Anatomical Single-kernelgray matter0 46
(2015) intelligence MRI SVR and white ™
matter
Finn Fluid Functional Whole
(2015) intelligence MR CPM brain 000
i ; ; Fronto-
Finn Fluid Functional -
. h CPM parital 0.25
(2015) intelligence MRI network
Univariate
Dubois  Fluid Functional cf?lrtgerli?]tlor Gray 0.04
(2018) intelligence MRI Ing matter
Elastic net
regression
Univariate
Dubois General  Functional cgrrel_atmn Whole
. . filtering + 0.20
(2018) intelligence MRI . cortex
Elastic net
regression
Present  Fluid Linear kernel Whole
study intelligence pwi SVR brain 0.52
Present Crystalized Linear kernel Whole
study intelligence DWI SVR brain 0.45

To study the reason for scattering in the estimated
intelligence scores, we defined two homogeneous
subgroups with high intelligence (HI) and low
intelligence (LI) scores, respectively. Each group
consisted of 50 subjects based on their Gf (LI: 92.07
8.16 and HI: 119.39 + 5.85) or Gc (LI: 92.67 + 4.70 and
HI: 111.31 £ 4.35) scores. The overlaps between low Gc
and low Gf groups, high Gc and high Gf groups, low Gc
and high Gf groups, and high Gc and low Gf groups
were 50%, 40%, 32%, and 20%, respectively.

The connections correlated with Gf or Gc scores in
both groups were identified, and the connections
significantly related to Gf and Gc in each group are
shown in Figure S1 (Supplementary Materials). The
high-degree nodes identified in each group are presented
in Figure S2. For Gf, connections highly correlated with
high scores originated mainly from prefrontal, temporal,
limbic, and cerebellar regions, whereas for Gc they
originated from prefrontal, parietal, and subcortical
regions.

Next, we defined two homogeneous subgroups based
on the connectivity matrices. Each group consisted of 50
subjects (Table S1, Supplementary Materials). A one-
way ANOVA test revealed no significant differences
between the Gf and Gc scores of these subgroups. Figure
S3 and Figure S4 show the identified connections and
high-degree nodes for each group. For Gc, although the
selected connections differed, similar regional patterns
were observed among high-degree nodes. For Gf, one
subgroup exhibited more high-degree nodes in the
limbic region, whereas the other showed more in the
prefrontal region

4 Discussion

The present study contributes to the growing field of
intelligence neuroscience by introducing a
methodologically integrated framework that combines
DTI-based structural connectivity, fine-grained brain
parcellation, and machine learning—based prediction.
Unlike previous investigations that primarily relied on
regional morphometric indices (e.g., cortical volume or
thickness) or resting-state functional connectivity, our
approach  uses  whole-brain  tractography-derived
connectivity matrices constructed from the AAL-116
atlas, capturing detailed inter-regional interactions across
the entire white-matter network. Moreover, by
implementing both support vector regression (SVR) and
multilayer perceptron (MLP) models, we were able to
assess both linear and nonlinear relationships between
structural  connectivity features and intelligence
measures. This integrative strategy provides a
comprehensive, fine-grained, and data-driven
perspective on how structural brain networks support
fluid and crystallized intelligence, representing a clear
advancement beyond previous modality-specific studies.

Our findings suggest that the effects of age and sex are
negligible or small when studying Gf and Gc. Previous
work studying Gc and Gf [41], [42] showed that there
were no significant differences in the overall
performance between men and women. However, to be
on the safe side, one may control for age and sex in the
analysis.

Interestingly, none of the global graph measures
showed significant correlations with fluid or crystallized
intelligence. This finding suggests that overall
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topological efficiency or global network integration may
not be the primary determinants of individual differences
in intelligence. Instead, intelligence may depend more
strongly on specific regional or inter-regional
connections, particularly those within the fronto-parietal
and temporo-limbic networks that support executive and
integrative cognitive processes. This interpretation aligns
with previous findings indicating that local efficiency
and subnetwork-level organization, rather than global
connectivity, better capture the neural substrates of
cognitive performance [50], [51].In this context, the
absence of a global relationship reinforces the view that
intelligence emerges from specialized yet interactively
coordinated neural circuits, rather than from uniform
whole-brain integration.

The observed predominance of right-hemisphere and
prefrontal connectivity in predicting intelligence is
consistent with previous neuroimaging studies linking
right-lateralized fronto-parietal networks to reasoning,
cognitive control, and abstract problem-solving [45],
[52], [53]. Our findings therefore confirm and extend
these earlier results by demonstrating that similar
patterns emerge when modeling structural connectivity
rather than functional activation or gray-matter volume.
Furthermore, the identified contributions of temporal
and limbic pathways to crystallized intelligence align
with prior reports emphasizing the role of semantic
memory and emotional regulation networks in
knowledge-based abilities [46], [47], [48], [49]. Taken
together, these findings reinforce the view that
intelligence arises from the efficient integration of
distributed—but functionally specialized—white-matter
systems supporting executive, associative, and semantic
processes.

Beyond the predominant involvement of prefrontal and
parietal regions, our analyses also revealed contributions
from limbic and occipital areas, particularly in relation
to fluid intelligence (Gf). The limbic network—
including regions such as the cingulate and
hippocampus—may support emotional regulation,
motivation, and adaptive behavior, all of which facilitate
flexible  reasoning and  problem-solving.  This
interpretation aligns with evidence that emotional and
motivational processes influence executive functioning
and cognitive control [54], [55]. The involvement of
occipital regions likely reflects their role in visuospatial
integration and perceptual organization, cognitive
processes that are fundamental to abstract reasoning and
pattern recognition tasks that typically load on Gf. In
contrast, the temporal and inferior parietal regions
associated with crystallized intelligence (Gc) are
consistent with networks supporting semantic memory,
language comprehension, and knowledge retrieval,
which contribute to accumulated verbal and experiential
knowledge [12], [56]. Together, these findings suggest

that intelligence depends not only on executive and
associative hubs but also on the dynamic integration of
perceptual, emotional, and semantic systems.

The subjects were divided into high and low-
intelligence groups to study the differences between the
two groups. A related study showed that the number of
tracts in the brain’s structural network is significantly
larger in the group with high intelligence scores than in
the group with low intelligence scores [57] . Here, we
assessed how the number of connections related to the
differences in the two groups. Differences of the
structural connections in the brain between the groups of
high and low Gf and Gc were studied to identify the
connections that can explain the difference of the
intelligence scores. The literature revealed that
intelligence was related to the structure and function of
the temporal, hippocampal [58] , and prefrontal [59]
regions. Our results showed that the prefrontal, right
temporal, and occipital regions were influential since the
connections correlated with Gf and Gc mostly originated
from these regions. In addition, connections originating
from the limbic region were correlated with Gc.

Predictably human intelligence was evaluated in the
past using the brain’s morphological parameters [60],
[61] or functional connectivity measures [62]. Regional
cortical thickness had strong explanatory importance and
explained over 30% of the variance in intelligence (R2 =
0.302). This parameter had better performance than local
surface area, sulcal depth, or absolute mean curvature
[61]. Moreover, resting-state functional connectivity
matrices explained about 20% of the inter-subject
variability of general intelligence [62]. The intelligence
could be predicted using cortical and subcortical gray
matter parameters (R2 = 0.044) and ROIs in the whole
brain cortex (R2 = 0.206). Multi-kernel SVR model was
used to study the predictability of intelligence (R2 =
0.516, r = 0.71) using cerebral gray and white matter
regional volume [60] which had the best performance
among the previous studies summarized in Table 3.

The correlations of 0.72 and 0.68 were obtained for Gf
and Gc, respectively, indicating a good association.
Comparing RMSE for the prediction of Gf and Ge, it
was shown that the RMSEs of the models predicting Gf
were less than those of models predicting Gc. A
comparison of RMSE shows that Gf is more predictable
than Gc.

We used a structural connectivity matrix to train the
models. In comparison with functional connectivity and
morphometric  parameters,  structural —connectivity
measures led to smaller errors. In addition, the SVR
approach was the most suitable model for predicting
human intelligence from the connectivity of brain
regions.
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These findings indicate that the structural connectivity
patterns  underlying  intelligence  are  highly
individualized. Rather than reflecting a single, uniform
network organization, intelligence appears to emerge
from multiple alternative structural configurations.
Individuals with similar intelligence levels may rely on
different sets of white-matter connections, while similar
connectivity patterns can coincide with varying
cognitive performance. This variability suggests that
intelligence estimation based on limited connection
subsets may be suboptimal, and incorporating additional
parameters—such as regional efficiency, network
modularity, or multimodal features—may improve
predictive accuracy.

One methodological limitation concerns the use of
leave-one-out cross-validation (LOOCV) as the sole
validation strategy. While LOOCV provides a nearly
unbiased estimate of model performance in smaller
datasets, it may still be susceptible to overfitting when
the number of features is high relative to the sample size.
Future research should address this by incorporating
independent test sets or multi-site validation cohorts,
which would enhance the robustness and generalizability
of the predictive models.

Another methodological consideration concerns the
tractography procedure used to construct the
connectivity matrices.  Streamlines were counted
between regions even if they passed through a third ROI,
which may reduce anatomical specificity by allowing
indirect pathways to contribute to connectivity strength.
However, this choice was intentional to retain sensitivity
to long-range, integrative white-matter tracts that
facilitate communication between distributed cortical
systems—networks known to support higher-order
cognitive processes such as reasoning and problem-
solving. Because identical tractography parameters were
applied across all subjects, any potential inflation in
streamline counts was systematic and unlikely to bias
between-subject comparisons or predictive modeling
results.

5 Conclusion

The goal of this study was to assess the predictability
of human intelligence from structural connectivity of the
brain regions, estimated from the DTI data. Correlation
analysis showed negligible effects of age and sex on Gf
and Gc. However, there were significant differences in
the average FA of the brain connections. The majority of
the connections correlated with Gf and Gc were in the
right hemisphere. The differences in the structural
connections of the brains of the high and low Gf and Gc
groups were studied. The results showed that the
prefrontal, temporal, and occipital regions were most
relevant since the connections highly correlated with Gf
and Gc originated from these regions. In addition,

connections originating from the limbic regions were
correlated with Gf. Using leave-one-out cross-validation,
SVR with a linear kernel and a constant parameter of 10
was the best regression model to predict Gf and Gc
scores.
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