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Título: ¿Citar al Raven? ¡Siempre! Un análisis morfométrico cerebral de la 
jerarquía de la inteligencia 
Resumen: En este estudio se comprueba la hipótesis de que, si el test de 
matrices progresivas de Raven (RAPM) es la mejor medida disponible del 
factor general de inteligencia (g), entonces sus correlatos cerebrales deben 
mostrar una mayor coincidencia con g que la observada en otras medidas 
de inteligencia. Para ello, se analizaron los correlatos de materia gris con los 
diferentes niveles de la jerarquía de la inteligencia, comprobando las consis-
tencias y discrepancias entre los test y los constructos. Un grupo de 104 
adultos jóvenes completó una batería de nueve pruebas de inteligencia que 
medían la inteligencia fluida-abstracta (Gf), cristalizada-verbal (Gc) y espa-
cial (Gv). Este grupo también se realizó una resonancia magnética. Se calcu-
laron las puntuaciones psicométricas para el factor de orden superior que 
representaba la inteligencia general (g), los factores de grupo de primer or-
den que representaban Gf, Gc y Gv y, por último, las nueve medidas especí-
ficas. Se obtuvieron evaluaciones optimizadas de morfometría basada en 
vóxeles (VBM) y morfometría basada en la superficie cortical (SBM, grosor 
cortical y área de la superficie cortical) y sus indicadores se relacionaron 
con las puntuaciones. Se inspeccionaron sistemáticamente las superposi-
ciones entre los mapas cerebrales resultantes, controlando el sexo, la edad y 
la lateralidad. Los resultados de VBM identificaron una superposición en 
un grupo del giro frontal medio derecho, mientras que los resultados del 
área de la superficie cortical mostraron una superposición en la corteza pre-
frontal dorsolateral derecha, para RAPM, Gf y g. Estos resultados se consi-
deraron coherentes con la hipótesis principal y, por lo tanto, respaldan al 
RAPM como la mejor estimación única de g. 
Palabras clave: Inteligencia. Morfometría basada en vóxeles (VBM). Mor-
fometría basada en la superficie (SBM). Test de matrices progresivas avan-
zadas de Raven (RAPM). Lóbulo frontal derecho. 

 Abstract: Here we test the hypothesis that if the Raven Progressive Matri-
ces Test (RAPM) is the best available single measure of the general factor 
of intelligence (g), then their brain correlates must show a greater overlap 
with g than that observed for other intelligence measures. For that purpose, 
gray matter correlates were analyzed at different levels of the intelligence 
hierarchy checking for consistencies and discrepancies among measure-
ments and constructs. A group of 104 young adults completed a battery of 
nine intelligence tests measuring fluid-abstract (Gf), crystallized-verbal (Gc), 
and spatial (Gv) intelligence. They also undertook MRI scanning. Psycho-
metric scores were computed for a higher-order factor representing general 
intelligence (g), first-order group factors representing Gf, Gc, and Gv, and, 
finally, the nine specific measures. Optimized voxel-based morphometry 
(VBM) and cortical surface-based morphometry (SBM, cortical thickness 
and cortical surface area) assessments were obtained and related to the 
scores. Overlaps among resulting brain maps were systematically inspected, 
controlling for sex, age, and handedness. VBM findings identified an over-
lap in a right middle frontal gyrus cluster, whereas cortical surface area re-
sults showed a key overlap in the right dorsolateral prefrontal cortex, for 
the RAPM, Gf, and g. These results were seen as consistent with the main 
hypothesis and, therefore, support the RAPM as the best single estimate of 
g. 
Keywords: Intelligence. Voxel-based morphometry (VBM). Surface-based 
morphometry (SBM). Raven Advanced Progressive Matrices Test (RAPM). 
Right frontal lobe. 

 

Introduction 

 
The Raven's Advanced Progressive Matrices test (RAPM, 
Raven, 1939) is administered worldwide for measuring gen-
eral intelligence or g. Available evidence supports its psy-
chometric properties (Alderton & Larson, 1990; Arthur & 
Woehr, 1993; Dillon et al., 1981; Dolke, 1976; Lynn et al., 
2004; Torres & Cuesta, 1992; Winfred & Day, 1994), its un-
biased status for measuring population differences on a 
global level (Abad et al., 2004; Colom & Abad, 2005; Colom 
et al., 2004; Colom & García-López, 2002; Mackintosh & 
Bennett, 2005) and its adequacy for cross-cultural studies 
(e.g. Wicherts et al., 2010). This standardized intelligence 
measure is used both in research and applied settings (e.g., 
Muñiz & Fernández-Hermida, 2010; Raven & Raven, 2008) 
and has recently been used to test how “intelligent” are Arti-
ficial Intelligence systems (Małkiński & Mańdziuk, 2025; 
Mitchell, 2021; Webb et al., 2023; Zhao et al., 2023). 
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drid, 28049, Madrid (Spain) Email: f.javier.roman@uam.es 
(Article received: 24-07-25, revised: 07-11-2025; accepted: 13-11-2025) 

The RAPM was originally designed for measuring induc-
tive reasoning, which is a key facet of fluid intelligence (Gf) 
(Carroll, 1993; Haier et al., 2023). It has been accepted as 
one the best available measurements of the general factor of 
intelligence or g (Deary & Stough, 1996; Deshon et al., 1995; 
Jensen, 1998; McGrew & Flanagan, 1998; Spearman, 1938; 
Spearman & Wynn-Jones, 1951). In his encyclopedic book, 
Jensen (1998) concluded: “when the Progressive Matrices 
test is factor analyzed along with a variety of other tests it is 
typically among the two or three tests having the highest g 
loading, usually around .80. Probably its most distinct feature 
is its very low loadings on any factor other than g” (p. 38). 

However, these statements did not carry a general con-
sensus. For example, in his seminal paper “Quote the Raven? 
Nevermore!” Hunt (1974) argued that several items of the Ra-
ven test can be approached by perceptual processes which 
do not involve the analytical reasoning required for tapping 
the core of the intelligence construct (Spearman & Wynn-
Jones, 1951). It has been argued that the Progressive Matri-
ces Test cannot be regarded as the best marker of general in-
telligence because of its significant visuospatial component 
(Ackerman et al., 2002; Burke, 1958; see Gonthier, 2022). 
Indeed, it has been maintained that its predictive validity is 
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smaller than the predictive validity achieved via batteries 
such as the Weschler scales or the Stanford-Binet (Acker-
man, 1999; Ackerman et al., 2002). Jensen (1980) himself 
acknowledged that the Raven test is not the best indicator of 
general intelligence (or Gf) in a response to Cattell (1980) ac-
cepting that the “Cattell’s Culture Fair Intelligence Test" is 
better for measuring fluid intelligence because it includes a 
variety of cognitive challenges beyond the matrix format. 

Generally speaking, psychometric and cognitive research 
raises some doubts regarding the special status of the Raven 
Progressive Matrices Test for measuring key facets of the Gf-
g construct. Nevertheless, the Raven is often used to assess 
the general factor of intelligence in related research fields 
such as neuroscience (Colom et al., 2010; Colom & Thomp-
son, 2011; Gray et al., 2003; Haier et al., 2023). In neuroim-
aging studies, the Standard Progressive Matrices (SPM) or 
the more difficult Raven Advanced Progressive Matrices 
(RAPM) have been used to identify brain correlates of intel-
ligence (Gray et al., 2003; Haier et al., 1988, 2003; Lee et al., 
2006; O’Boyle et al., 2005).  

A classic PET study by Prabhakaran et al (1997) found 
distinguishable activity patterns in the brain for the different 
rules underlying RAPM items, as defined by Carpenter et al. 
(1990). For example, the right frontal and bilateral parietal 
regions were more activated for figural items than for match 
items (control items); bilateral frontal and left parietal, occip-
ital, and temporal regions were more activated for analytical 
than for figural items. These researchers concluded that the 
neural network underlying Raven performance overlaps ver-
bal working memory networks, even when considering ana-
lytical reasoning with nonverbal patterns. Therefore, strong 
links were detected between neural systems underlying work-
ing memory and fluid reasoning. 

Recent fMRI research has used the Raven’s Standard 
Progressive Matrices (RSPM) to obtain temporal and func-
tional insights into the neural basis of intelligence (Zurrin et 
al., 2024). Using a dimensionality reduction approach, five 
large-scale task-related BOLD networks were identified. The 
multiple-demand network (MDN) showed early activation 
(~9 s) during solution searching, followed by the response 
selection (RESP) network (~12 s) and the re-evaluation (RE-
EV) network (~18 s), associated with solution checking. A 
positive correlation between MDN and RE-EV activity sug-
gests coordinated processing. Higher MDN activation was 
linked to lower accuracy on difficult items, indicating ineffi-
cient resource use in lower performers. These results sup-
port and refine the Parieto-Frontal Integration Theory (P-
FIT; Jung & Haier, 2007). 

Here we analyze regional gray matter correlates of several 
intelligence tests measuring fluid, crystallized, and spatial in-
telligence. As recommended, but rarely properly addressed, 
each psychological construct comprised three specific 
measures. Brain structural correlates were systematically ana-
lyzed at different levels of the intelligence hierarchy (Colom 
et al., 2009; Colom & Thompson, 2011; Haier et al., 2009a; 
Martínez & Colom, 2021): (a) specific measures, (b) first-

order group factors, and (c) the higher-order factor (g). The 
main hypothesis is that if the Progressive Matrices Test is in-
deed the best psychological specific measure of the general 
factor of intelligence (g), then its gray matter correlates will 
show a unique and specific overlap with first-order Gf and 
higher-order g. Further, this specific overlap will tap parieto-
frontal regions, as proposed by the Parieto-Frontal integra-
tion theory (P-FIT) of intelligence (Jung & Haier, 2007) and 
would not be found for other specific measures or group 
factors.  

 

Method 
 
Participants 
 
405 university undergraduates from the Universidad 

Autónoma de Madrid and the Universidad Complutense de 
Madrid completed a battery of nine tests measuring intelli-
gence. 120 participants representative of the range of test 
scores were invited for MRI scanning (50% females). 104 
agreed to join in the study (59 females and 45 males, mean 
age=19.9, SD=1.6, age range=18 to 27; 93.3% right-
handed). All participants gave informed written consent. Par-
ticipants completed a questionnaire asking for medical, neu-
rological, and psychiatric illness, or conditions that might 
preclude MRI scanning. They received a payment of 20 € for 
participation.  

 
Intelligence measures 
 
Intelligence was measured by nine tests tapping abstract-

fluid (Gf), verbal-crystallized (Gc), and spatial intelligence 
(Gv) (Horn, 1985). The administered tests were the RAPM 
(Raven, 1962) (screening version, even numbered items), 
three subtests from the Primary Mental Abilities Battery (PMA; 
Thurstone & Thurstone, 1968), namely, inductive reasoning 
(R), vocabulary (V), and mental rotation (S), four subtests 
from the Differential Aptitude Test Battery (DAT-5)  (Bennett et 
al., 1990), specifically screening versions (even numbered 
items) for the abstract reasoning (AR), verbal reasoning 
(VR), spatial relations (SR) and numerical reasoning (NR) 
subtests, and, finally, the Rotation of solid figures test (Yela, 
1969). 

Three tests were used to assess Gf. The Raven’s Advanced 
Progressive Matrices (RAPM) consists of 36 matrix items, each 
requiring participants to identify the missing entry in a 3×3 
matrix from eight alternatives. Total score is the number of 
correct responses, with a 20-minute time limit. The Differen-
tial Aptitude Test – Abstract Reasoning (DAT-AR) includes 20 
items based on abstract figures; each item presents a visual 
rule to be completed by selecting one of five alternatives. 
Administration time was 10 minutes. The Primary Mental 
Abilities – Reasoning (PMA-R) consists of 30 letter series items 
(e.g., a–c–a–c–...), where participants must select the correct 
next letter from six options. The test duration was 6 minutes. 
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Gc was measured using three tests. The Differential Apti-
tude Test – Verbal Reasoning (DAT-VR) includes 20 analogy 
items where participants select a word pair to complete a 
sentence from five alternatives (e.g., “... is to water as eating 
is to ...”). The Differential Aptitude Test – Numerical Reasoning 
(DAT-NR) comprises 19 quantitative problems (e.g., solving 
for a missing digit). Each test was administered within 10 
minutes. The Primary Mental Abilities – Vocabulary (PMA-V) 
test consists of 50 synonym items; participants select the 
word closest in meaning to a target word from four alterna-
tives. The test duration was 4 minutes. 

Spatial ability (Gv) was assessed using three tasks. The 
Rotation of Solid Figures test includes 21 items in which partici-
pants identify a rotated version of a 3D model among four 
distractors). The Primary Mental Abilities – Spatial (PMA-S) 
test presents a model figure and six alternatives; participants 
select all correct rotated versions (not mirrored). The score 
reflects correct responses minus errors (max score = 54); du-
ration was 6 minutes. The Differential Aptitude Test – Space Re-
lations (DAT-SR) contains 20 mental folding items where 
participants match an unfolded shape to its folded version. 
The time limit was 10 minutes. 

 
Factor Analysis 
 
A confirmatory factor analyses (CFA) was computed us-

ing AMOS 16.0.1 (Arbuckle, 2007) for testing the postulated 
measurement model: three primary factors (Gf, Gc and Gv) 
defined by their three intelligence tests, and a higher-order 
factor representing general intelligence (g). The scores for 
primary factors and for g were obtained from the AMOS 
program. Model fit was checked with the following indices: 
CMIN/DF, RMSEA, CFI, and SRMR. 

 
MRI data collection 
 
MRIs were obtained with a 3T scanner (GEHC 

Waukesha, WI, 3T Excite HDX) 8-channels coil. 3D: 
FSPGR with IR preparation pulse (TR 5.7 ms, TE 2.4 ms TI 
750 ms, flip angle 12). Sagital acquisition 0.8 mm thickness, 
full brain coverage (220 slices), matrix 266×266 FOV 24 
(isotropic voxels .7 cm3). 

 
VBM analysis 
 
Voxel-based Morphometry (VBM) was applied for iden-

tifying brain areas where GM volumes were correlated with 
intelligence (Burgaleta et al., 2012; Colom et al., 2009). We 
used Statistical Parametric Mapping software (SPM8; Ash-
burner et al., 2012) for pre-processing and statistical analyses. 
Pre-processing involves image intensity bias correction, seg-
mentation, and normalization. Structural data are divided in-
to different tissue classes using the automated unified seg-
mentation approach provided by the software (Ashburner & 

Friston, 2005). The modulated GM partitions were then 
smoothed with a 12-mm FWHM isotropic Gaussian kernel 
to account for slight misalignments of homologous anatomi-
cal structures and to ensure statistical validity under paramet-
ric assumptions. Each individual scan was finally fitted to a 
standardized SPM template specifically created for 3T MRI 
scans (tissue probability map provided by the International 
Consortium for Brain Mapping, T1452 Atlas, John C. Maz-
ziotta and Arthur W. Toga, 
http://www.loni.ucla.edu/Atlases/Atlas_Detail.jsp?atlas_id=6).  

The basic design matrix for the statistical analyses was 
one sample t test controlling for sex, age, and handedness (p 
< .001, uncorrected). 

 
Surface-based morphometry  
 
MRI images were also processed by the CIVET pipeline 

(version 1.1.9) developed at the MNI for fully automated 
structural image analysis (Ad-Dab'bagh et al., 2006; Kim et 
al., 2005; MacDonald et al., 2000). CIVET implements a sur-
face-based technique for estimating cortical thickness (CT) 
and cortical surface area (CSA). Cortical surface area is relat-
ed to the number and spacing of mini-columnar units of 
cells in the cerebral cortex, whereas cortical thickness evalu-
ates the number of neurons per column, or neuron density, 
as well as glial support and dendritic connections (Chance et 
al., 2008; Lyttelton et al., 2009). Specific stages for the anal-
yses involve (1) registration to MNI-Talairach space (Talair-
ach & Tournoux, 1988), (2) generation of high-resolution 
hemispheric surfaces with 40962 vertices each, (3) registra-
tion of surfaces to a high-resolution template, (4) application 
of a reverse of step 'a' allowing surface or thickness estima-
tions in native space for each subject, (5) smoothing using a 
20-milimeter kernel. See Karama et al. (2009) for further de-
tails. Statistical analyses were computed using SurfStat 
(http://www.math.mcgill.ca/keith/surfstat/) created for 
MATLAB 7 (The Math-Works, Inc.). Statistical design was 
based on a t test controlling for sex, age, and handedness (p 
< .005, uncorrected). 

 

Results 
 
Intelligence factors 
 
Table 1 shows the correlations among tests along with 

the descriptive statistics and reliability indices (Cronbach’s α) 
for the nine intelligence measures, primary factors, and g. 

The confirmatory factor analysis (CFA) shows a very 
good fit: CMIN/DF = .97 (values less than 2.0 denote good 
fit), RMSEA = .00 (≤ .06 is considered a good fit; Hu & 
Bentler, 1999), CFI = 1.00 (≥ .90 is considered a good fit) 
and SRMR = .052 (≤ .08 is considered a good fit; Hu & 
Bentler, 1999). Figure 1 depicts the structural weights. 
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Table 1 
Descriptive statistics and correlation matrix for the intelligence measures  

 1 2 3 4 5 6 7 8 9 10 11 12 13 

1. RAPM (Gf)  .398** .467** .146 .198* .284** .236* .079 .223* .717** .509** .393** .597** 
2. PMA-R (Gf)   .371** .237* .286** .316** .130 .108 .275** .648** .538** .353** .568** 
3. DAT-AR (Gf)    .208* .310** .345** .346** .193* .371** .824** .614** .550** .733** 
4. PMA-V (Gc)     .296** .311** .201* .217* -.010 .348** .560** .249* .427** 
5. DAT-VR (Gc)      .343** .114 .081 .241* .466** .649** .270** .511** 
6. DAT-NR (Gc)       .200* .113 .193 .550** .792** .337** .619** 
7. Solid Figures (Gv)        .415** .408** .453** .358** .833** .606** 
8. PMA-S (Gv)         .322** .293** .252* .643** .438** 
9. DAT-SR (Gv)          .474** .333** .725** .565** 
10. Fluid intelligence (Gf)           .863** .721** .953** 
11. Crystallized intelligence (Gc)            .590** .905** 
12. Spatial Intelligence (Gv)             .853** 
13. g factor              

Mean 11.84 11.97 14.43 32.69 13.64 11.95 9.00 27.53 15.95     
SD 2.36 4,49 3.52 6.57 3.00 3.23 3.89 9.67 4.79     
α .66 .87 .88 .79 .68 .82 .74 .73 .84     
Note. *p <. 05; **p < .01). Raven Advanced Progressive Matrices test (RAPM), abstract reasoning (DAT-AR), verbal reasoning (DAT-VR), spatial relations (DAT-SR) and 
numerical reasoning (DAT-NR) subtests from the Differential Aptitude test (DAT-5) Battery. Rotation of Solid Figures (Solid Figures) and from the Primary Mental Abilities Bat-
tery (PMA) the subtest: inductive reasoning (PMA-R), vocabulary subtest (PMA-V) and spatial subtest (PMA-S) and primary factors: fluid intelligence (Gf), verbal-crystallized in-
telligence (Gc) and spatial intelligence (Gv) and higher-order factor or general intelligence (g). 

 
Figure 1 
Confirmatory model for the considered measures of intelligence.  

 
Note. RAPM = Raven Advanced Progressive Matrices Test, PMA-R = inductive rea-
soning subtests, DAT-AR = abstract reasoning subtest, PMA-V = vocabulary sub-
tests, DAT-VR = verbal reasoning subtest, DAT-NR = numerical reasoning subtest 
test, PMA-S = mental rotation subtest, DAT-SR = spatial relations subtest and Solid 
Figures = Rotation of Solid Figures), the three primary factors (Gf = fluid intelligence, 
Gc = verbal- crystallized intelligence and Gv = spatial intelligence), and the higher-order 
factor (g).  

 

Voxel- based Morphometry 
 
The Appendix reports the peak voxel coordinates of 

brain clusters showing significant correlations between re-
gional gray matter volume and different levels of the intelli-
gence hierarchy: (a) measures, (b) first-order factors (Gf, Gc, 
and Gv), and (c) the higher-order factor (g). As noted above, 
results are shown using a p level of .001 uncorrected for mul-
tiple comparisons. Gray matter correlations were found at 
the test level, for the group factors, and for g. All regions for 
g are located in Right-Frontal regions, and the same pattern 
emerges for fluid-abstract intelligence (Gf) and crystallized-
verbal (Gc) intelligence. Frontal, temporal, and subcortical 
regions are correlated with spatial intelligence. Note that we 
also computed analyses for the RAPM, Gf, and g excluding 
left-handed participants and results did not change. 

 
Overlapping and non-overlapping areas 
 
SPMs for the intelligence latent factors and tests were 

overlapped using the display option provided by the soft-
ware. Figure 2 shows the significant areas for (a) the g factor 
and the three group factors; (b) fluid intelligence (Gf) and its 
three tests; (c) verbal-crystallized intelligence (Gc) and its 
tests, and (d) spatial intelligence (Gv) and its tests. All these 
findings are also shown using a p level of .001 uncorrected 
for multiple comparisons, controlling for sex, age and hand-
edness (the specific coordinates are reported in the Appen-
dix). 
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Figure 2 
Statistical Parametric Mappings for g, Gf, Gc and Gv (left panel)  

 
Note. The right panel shows the overlap for (a) fluid intelligence (Gf – red), verbal-crystallized intelligence (Gc – green), and spatial intelligence (Gv – blue); (b) Raven Advanced Pro-
gressive Matrix (RAPM-red), inductive reasoning (PMA-R - green) and abstract reasoning (DAT-AR - blue); (c) vocabulary (PMA-V - red), verbal reasoning (DAT-VR - green) 
and numerical reasoning (DAT-NR - blue), and finally (d) Rotation of Solid Figures (Solid Fig. - red), spatial relations (DAT-SR - green) and mental rotation (PMA-S - blue). p 
< .001 (uncorrected for multiple comparisons) controlling for Sex, Age, and Handedness. 
 

Overlap is shown in BA 10 (MNI coordinates 34, 42, 6) 
for g, Gc and Gv. DAT-NR overlaps with Gc and g, but not 
on the same coordinates. Still another overlap is observed in 
right BA 8 (MNI coordinates 32, 12, 44) for the g factor, flu-
id intelligence (Gf), and the Raven Advanced Progressive 
Matrix Test (RAPM). Figure 3-A highlights this finding.  

VBM results were obtained using an uncorrected thresh-
old of p < .001 at the whole-brain level. As required, we 
checked if this key region survives correction for multiple 
comparisons. Importantly, as discussed by Salgado-Pineda et 
al. (2003) corrections over the whole brain are very strict 
when applied to structural data. Hence, this analysis was re-
stricted to voxels contained in the (very big) frontal lobe fol-
lowing Gong et al. (2005). This was done using the small 

volume correction (SVC) function in SPM-8 (FWE, p < .05). 
Using a sphere of 20x20x20 centered in BA 9 (Colom et al., 
2009; Gong et al., 2005; Haier et al., 2004; Jung & Haier, 
2007) the region passed the test. 

Therefore, this latter result is consistent with the hypoth-
esis that gray matter correlates for the RAPM are closely 
similar to Gf/g. This happens even when the RAPM is not 
the intelligence measure with the highest correlation with g at 
the behavioral level (see Table 1). The key brain cluster 
shared by statistical parametric mappings for g, Gf, and the 
RAPM, approximately involves Brodmann area 8 (BA 8). 
The topographic location of the identified cluster suggests 
Brodmann area 6 (BA 6) may be also implicated (see Figure 
3-B). 
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Figure 3 
A) Overlap among g (red), Gf (green), and RAPM (blue), B) Cluster found in VBM 
analyses, and its localization in the junction between BAs 6 and 8 

 
Note. p < .001 (uncorrected for multiple comparisons) controlling for Sex, Age, and 
Handedness. The specific overlap for the three levels of intelligence hierarchy is highlighted. 
 

Surface-based morphometry results 
 
We analyzed the same dataset using a different mor-

phometry approach, as noted above, finding significant re-
sults for cortical surface area, but not for cortical thickness. 

Figure 4 shows results for cortical surface area in Right 
BA 46 (MNI coordinates 44, 37, 14). This region is signifi-
cant for the three levels of intelligence hierarchy: g – Gf – 
RAPM (p < .005, controlling for sex, age and handedness). 
The RAPM is again the only test showing a very specific 
overlap with both the higher-order g factor and the primary 
factor Gf. Nevertheless, still other significant areas were 
found for g (Left BA 46) and for the RAPM (Right BA 9, 
Left BA 44, 46). SBM analyses were conducted using vertex-
wise statistics uncorrected for multiple comparisons at the 
whole-brain level; however, the significant BA 46 cluster 
survives to Small Volume Correction (SVC, FWE, p < .05). 

 

Discussion 
 
Here we have reported gray matter correlates for psycholog-
ical scores representing different levels of the intelligence hi-
erarchy (Colom et al., 2009; Colom & Thompson, 2011; 
Haier et al., 2009a, 2023; Karama et al., 2011). For the intel-
ligence tests, notable widespread results were observed, 
which is consistent with Haier et al. (2010). This also emerg-
es for the first-order group factors representing fluid-
abstract, crystallized-verbal, and spatial intelligence (see 
Román et al., 2014 for a full discussion). Results were ob-
tained using an uncorrected threshold of p < .001 at the 
whole-brain level; therefore, these findings should be inter-

preted as exploratory, with the strongest inferences drawn 
from the SVC-corrected results. After applying SVC correc-
tion, a specific overlap emerged across the three levels of the 
intelligence hierarchy— Raven’s Advanced Progressive Ma-
trices Test (RAPM), Gf, and the general factor (g)—
highlighting the robustness of this shared neural substrate. 
This finding supports the special status of the RAPM as one 
specific measure tapping core facets of the intelligence con-
struct. Therefore, the main prediction is supported. 
 
Figure 4 
Map of p-values (p < .005) for the relationship between g, Gf, RAPM scores and corti-
cal surface area  

 
Note. Significant correlations between cortical surface area and (a) g (general intelligence), 
(b) Gf (fluid intelligence) and (c) RAPM (Advanced Progressive Matrices Test). 
  

Regarding the main outcomes of the present study, the 
key brain cluster common to the statistical parametric maps 
for general intelligence (g), fluid intelligence (Gf), and Ra-
ven’s Advanced Progressive Matrices (RAPM) includes 
Brodmann areas 8 (BA 8), 6 (BA 6) and 46 (BA 46). It is 
worth noting, as highlighted by Lashley and Clark (1946) 
several decades ago “there is significant individual variation 
in the architectonic structure of areas similarly located in dif-
ferent specimens of the same species” (cited by Zilles & 
Amunts, 2010). 

BA 8 supports planning of complex movements. There 
are some previous findings for this area regarding intelli-
gence (Colom et al., 2006a, 2006b; Gong et al., 2005). Sur-
face-based correlates at BA 8 have been reported in children 
and adolescents (Karama et al., 2009; Shaw et al., 2006). BA 
8 is also related to working memory capacity. Thus, for in-
stance, du Boisgueheneuc et al. (2006) compared control and 
lesion patients in the n-back task, finding that a lesion in BA 
8 significantly impairs performance. Further, Rowe and 
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Passingham (2001) found that BA 8 is involved in the 
maintenance of spatial locations in working memory.  

The Ramsden et al.’s (2011) study showed changes in 
verbal and non-verbal IQ during teenage years (from 14 to 
18 years) associated with changes in brain regions not direct-
ly related with areas underscored by the P-FIT model. Spe-
cifically, changes in verbal IQ were associated with motor 
speech region (BA 6) whereas non-verbal IQ changes were 
related to regions associated with finger movements (Anteri-
or Cerebellum). These changes in IQ related to changes in 
gray matter show that P-FIT areas might also include these 
regions for capturing the dynamic nature of the intelligence 
construct. After all, this model may be seen as a dynamic 
framework open to new evidence (Haier et al., 2023). In the 
Ramsden et al. study, changes in non-verbal IQ (closely simi-
lar to Gf) were related to regions associated with body 
movements (BA 6) which is consistent with the key finding 
reported here (see Burgaleta et al., 2014). 

In addition, functional studies using PET revealed that a 
measure of frontal lobe function and visuo-spatial reasoning 
(perceptual maze task) activates BA 8 (Ghatan et al., 1995). 
Goel et al. (1997) reported that inductive reasoning is also 
associated with BA 8. Duncan et al. (2000) found that highly 
g loaded tasks evoke activations spread across frontal regions 
including BAs 6 and 8. On the other hand, fMRI studies re-
port results for BA 8 and performance in chess (Atherton et 
al., 2003) or fluid intelligence measures (Fangmeier et al., 
2006; Geake & Hansen, 2005). This region is also highlight-
ed in studies reporting changes in structural and functional 
MRI after training in complex tasks (Haier et al., 2009b).   

Colom et al. (2009) proposed that BA 8 might work in 
tandem with other frontal areas towards evaluation and hy-
pothesis testing components. Only three clusters belonging 
to BAs 4, 8, and 10 were detected for g, and only findings for 
the RAPM overlapped one of these clusters. Nevertheless, 
group factors showed overlap in some areas: fluid and ver-
bal-crystallized intelligence (BA 8), as well as verbal-
crystallized and spatial intelligence (BA 10). This is notewor-
thy because neuroimaging findings rarely overlap with such 
specificity (Colom, 2007; Hunt, 2011; see Basten et al., 
2015). 

Crucially, findings derived from the analysis of cortical 
surface area (CSA) indices using a different morphometry 
technique (SBM) support the main conclusion. The Progres-
sive Matrices Test is the only specific measure overlapping 
with both Gf and g. Here, the relevant overlapping cluster 
belongs to BA 46 (dorsolateral prefrontal cortex, DLPFC; 
corrected by SVC) a brain region supporting working 
memory capacity and highlighted by the parieto-frontal inte-
gration theory (P-FIT) of intelligence (Jung & Haier, 2007). 
Interestingly, significant associations were observed for cor-
tical surface area (CSA) but not for cortical thickness (CT). 
This dissociation provides valuable insight into the neuro-
biological mechanisms underlying the relationship between 
intelligence and brain structure. While CSA is thought to re-
flect variations in the number and spacing of cortical col-

umns established during early neurodevelopment, CT is 
more closely associated with neuronal density, dendritic ar-
borization, and cortical layering (Panizzon et al., 2009). The 
present findings therefore suggest that the association be-
tween RAPM and g may be primarily driven by large-scale 
surface area expansion rather than by differences in cortical 
thickness. This interpretation aligns with evidence linking 
CSA to global cognitive ability and individual differences in 
intellectual performance, highlighting the role of early neu-
rodevelopmental processes in shaping the neural architecture 
that supports higher-order cognition (Vuoksimaa et al., 
2016). 

BA 46 is considered a hub in brain networks (Sporns et 
al., 2007), which serves a connecting functional role in large-
scale cortical modeling (Honey et al., 2007; Hilger & Sporn, 
2021). This region receives sensory inputs from the posterior 
cortex and integrates external information with internal 
goals, keeping this information for action (Goldman-Rakic, 
1996; Quintana & Fuster, 1999). Also, BA 46 is involved in 
working memory, spatial and verbal cognition, and selective 
attention (Kane & Engle, 2002; Ramnani & Owen, 2004; 
Rowe & Passingham, 2001; Wager & Smith, 2003). Further-
more, this region is related to intelligence (Colom et al., 
2006a, 2009; Haier et al., 2004, 2009a). It is important to un-
derscore that these regions (BA 8, BA 46, and BA 6) are lo-
cated in the dorsolateral prefrontal cortex, which is critical 
for monitoring events in working memory (Petrides, 2000). 
Working memory and intelligence are highly related (Acker-
man et al., 2005; Colom et al., 2016; Kane et al., 2004; Mar-
tínez et al., 2011).  

If the RAPM is the best single estimate of general intelli-
gence (g), and g is strongly related with working memory, it is 
not surprising that regions found for the RAPM are also in-
volved in working memory.  RAPM performance likely de-
pends not only on working memory capacity but also on the 
efficient coordination of short-term memory and higher-
order reasoning processes, reflecting a shared neural sub-
strate for complex cognition. This interpretation aligns with 
findings showing that fluid intelligence is closely linked to 
short-term storage, maintenance, and updating processes 
(Martínez et al., 2011; Wilhelm et al., 2013). 

Although it has been argued that the RAPM primarily re-
flects lower-level perceptual or visuospatial processes 
(Spearman & Wynn-Jones, 1951), our findings show conver-

gence in high-level prefrontal regions (BA 8 and BA 46). 
These areas are associated with abstract reasoning and work-
ing memory, providing neural evidence against the low-level 
perceptual interpretation and reinforcing the view that 
RAPM engages higher-order cognitive mechanisms. This 
perspective aligns with prior work showing that the reason-
ing processes required by the RAPM recruits dorsolateral 
prefrontal and parietal areas rather than purely visuospatial 

systems (Gray et al., 2003; Duncan et al., 2000). Critically, 
behavioural research has specifically highlighted concerns 
about the visuo spatial bias of RAPM (Gonthier, 2022). 
Thus, our structural neuroimaging evidence contributes to 
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this debate by showing that RAPM’s neural correlates align 
more closely with executive and reasoning networks than 
mainly with perceptual or visuospatial systems. 

A limitation of the present study concerns the restricted 
age and educational range of the sample, composed primarily 
of young university students. This homogeneity may reduce 
interindividual variability in cognitive and neural measures, 
potentially limiting generalizability to other age or education-
al groups. However, it also minimizes confounding effects 
related to brain maturation and cognitive performance, al-
lowing for a more precise examination of the structural cor-
relates of intelligence within a developmentally stable sam-
ple. In addition, although the RAPM short form has a mod-
est internal consistency (α = .66), the robustness of the neu-
roimaging findings suggests a strong underlying relationship 
between RAPM performance and the neural substrates of 
general intelligence. This indicates that, despite the limita-
tions of the short form, the test effectively captures key as-
pects of the cognitive processes reflected in the brain regions 
identified, reinforcing its validity as an index of g. 
In conclusion, the reported results are consistent with the 
statement that the Raven Progressive Matrices Test is the 
best available single estimate of the general factor of intelli-
gence (g), as underscored by several reports (Deary & 

Stough, 1996; Deshon et al., 1995; Jensen, 1998; McGrew & 
Flanagan, 1998; Spearman, 1938; Spearman & Wynn-Jones, 
1951). Although psychometric and cognitive studies raise 
reasonable doubts with respect to this general conclusion, 
the exhaustive analysis relating the intelligence hierarchy and 
gray matter correlates for scores derived from the specific 
measures, first-order group factors, and the general factor of 
intelligence (g) suggests that the matrices test is the best 
choice in neuroimaging studies for estimating the general 
factor of intelligence (g). Novel research combining different 
neuroimaging approaches for decoding the brain during in-
telligence testing reinforces this conclusion (Thiele et al., 
2025). 
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Appendix 
Positive correlations (p < .001) between regional gray matter and measures of intelligence.  

Intelligence measure Brain Regions   x,y,z coordinates   cluster size 

g Right Frontal        
  BA 10 (Middle Frontal Gyrus) 34, 42, 6  47 
  BA 8 (Middle Frontal Gyrus) 32, 12, 44  19 
    BA 4 (Precentral Gyrus) 20, -38, 76   19 

Gf Right Frontal       
  BA 8 (Middle Frontal Gyrus) 32, 12, 44  17 
Gc Right Frontal     
  BA 8 (Middle Frontal Gyrus) 32, 14, 44  27 
  BA 10 (Middle Frontal Gyrus) 34, 42, 6  27 
Gv Right Frontal     
  BA 10 (Middle Frontal Gyrus) 34, 42, 6  36 
 Right Temporal     
  BA 37 (Fusiform Gyrus) 44, -38, -14  15 
 Right Sub-lobar     
  Caudate (Body) 12, 16, 8  88 
 Left Sub-lobar     
    Caudate (Head) -14, 20, 6   88 

RAPM  Right Frontal       
  BA 8 (Middle Frontal Gyrus) 32, 12, 44  33 
  BA 9 (Middle Frontal Gyrus) 32, 34, 28  11 
 Left Sub-lobar     
  Caudate (Body) -12, 4, 16  39 
PMA-R Left Sub-lobar     
  BA 13 (Insula) -38, -42, 16  72 
DAT-AR(*)           

PMA-V Right Frontal        
  BA 46 (Inferior Frontal Gyrus) 33, 32, 16  18 
  BA 11 (Middle Frontal Gyrus) 30, 42, 0  12 
 Left Frontal     
  BA 47 (Inferior Frontal Gyrus) -20, 34, -6  13 
DAT-VR      
 Right Sub-lobar     
  Putamen (Lentiform Nucleus) 32, -22, 2  241 
      
DAT-NR Right Frontal     
  BA 10 (Middle Frontal Gyrus) 34, 42, 10  53 
   BA 6 (Paracentral Lobule)  10, -32, 56  53 
   BA 8 (Middle Frontal Gyrus)  54, 14, 46  215 
 Right Parietal     
   BA 5 (Postcentral Gyrus) 24, -46, 68  124 
   BA 7 (Precuneus) 14, -74, 50  64 
   BA 40 (Inferior Parietal Lobule) 50, -30, 30  12 
 Right Temporal   
   BA 39 (Middle Temporal Gyrus) 54, -66, 26  85 
 Right Occipital   
   BA 19 (Supperior Occipital Gyrus) 54, -66, 26  659 
 Left Frontal   
   BA 6 (Medial Frontal Gyrus)  -8, -26, 54  63 

https://doi.org/10.3389/fpsyg.2013.00433
http://dx.doi.org/10.1177/0013164494054002013
https://doi.org/10.1007/s12559-023-10154-3
http://dx.doi.org/10.1038/nrn2776
https://doi.org/10.1016/j.intell.2024.101807
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Intelligence measure Brain Regions   x,y,z coordinates   cluster size 

   BA 6 (Medial Frontal Gyrus)  0, -6, 62  60 
 Left Occipital   
   BA 19 (Middle Occipital Gyrus)  -54,-70,-12 60 
    BA 19 (Superior Occipital Gyrus)  -38, -88, 32 41 

Sol. Figures(*)       
DAT-SR Left Temporal     
  BA 21 (Middle Temporal Gyrus) -50, -32, 6 15 
 Left Limbic Lobe     
   BA 23 (Cingulate Gyrus)  -6, -14, 30 23 
PMA-S Right Frontal     
   BA 25 (Subcallosal Gyrus)  6, 6, 20 118 
 Right Sub-lobar     
  Caudate (Head) 10, 20, 2 15 
 Left Cerebellum      
    Culmen   -16, -24, -28 52 
Note. (*) Not found clusters bigger than 10mm. Brain regions (approximate Brodmann areas, BAs) are estimated from Talairach and Tournoux (1988) atlas. 
Coordinates refer to maximum voxel of identified clusters. Cluster size indicates number of voxels with a significant correlation with intelligence, excluding 
cluster sizes < 10 mm. Overlap between BA 8 and measures of intelligence (red). Overlap between BA 10 and measures of intelligence (blue). 
 


