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Abstract

Brain size measures are well-studied and often treated as a confound in volumetric neuroimaging analyses. Yet their
relationship with body anthropometric measures and demographics remains underexplored. In this study, we examined
those relationships alongside age- and sex-related differences in global brain volumes. Using brain magnetic resonance
imaging (MRI) of healthy participants in the UK Biobank, we derived global measures of brain morphometry, including
total intracranial volume (TIV), total brain volume (TBV), gray matter volume (GMV), white matter volume (WMV), and
cerebrospinal fluid (CSF). We extracted these measures using the Computational Anatomy Toolbox (CAT) and FreeSurfer.
Our analyses were structured in three approaches: across-sex analysis, sex-specific analysis, and impact of age analysis.
Employing machine learning (ML), we found that TIV was strongly predicted by sex (across-sex = 0.68), reflecting sex
difference. On the other hand, TBV, GMV, WMV, and CSF were more sensitive to age, with higher prediction accuracy
when age was included as a feature, highlighting age-related changes in the brain structure, such as fluid expansion. Sex-
specific models showed reduced TIV prediction (7 & 0.25) but improved TBV accuracy (r = 0.44), underscoring sex-
specific body-brain relationships. Anthropometric measures, particularly seated height and weight, improved prediction of
TIV and TBV, while waist and hip circumference showed negative associations, though their effects generally remained
secondary to age and sex. These findings advance our understanding of brain-body scaling relationships and underscore
the necessity of accounting for age and sex in neuroimaging studies of brain morphology.
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The intricate interplay between brain morphology and
body characteristics represents a fundamental aspect of
neuroimaging research, revealing how brain structure var-
ies with respect to factors such as anthropometrics, age,
sex, genetics, and environmental conditions (Gurholt et
al. 2021). Understanding these complex body-brain rela-
tionships is critical for advancing our knowledge of brain
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structure and function and for improving the precision and
utility of neuroimaging studies, particularly in the context of
health, aging, and disease (Gurholt et al. 2021). Key global
volumetric measures of brain morphology, including total
intracranial volume (TIV), representing the total cranial
capacity; total brain volume (TBV), the sum of whole-brain
gray matter volume (GMV) and whole-brain white matter
volume (WMV), and cerebrospinal fluid volume (CSF) are
critical for understanding how brain structure varies with
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individual factors such as age, sex, and body characteristics
(Raz and Rodrigue 2006; Bayat et al. 2012). Multiple stud-
ies have demonstrated that these brain volumes are associ-
ated with anthropometric features such as height, weight,
and body mass index (BMI), waist circumference (WC),
and hip circumference (HC), with varying effects across
sexes and age groups. For instance, height and weight are
positively associated with brain volumes, suggesting that
larger body sizes correspond to larger brain volumes. Con-
versely, higher WC, an indicator of central obesity, is asso-
ciated with reduced TBV and GMYV, particularly in frontal,
temporal, and limbic regions (Ward et al. 2005; Bayat et al.
2012). Similarly, higher HC, which reflects lower-body fat
distribution, has been associated with larger brain volumes,
although the underlying mechanisms and implications of
this relationship have not been fully understood (Eboh et
al. 2016).

Age, as a ubiquitous biological process, is a pivotal factor
shaping brain volumes across the lifespan, driving signifi-
cant structural changes, making it a primary risk factor for
various brain disorders (Smith etal. 2007). These age-related
alterations, modulated by other factors such as sex, genetics,
and environmental factors, manifest distinctly across brain
compartments. Evidence reveals distinct patterns of change
for each brain volume (Smith et al. 2007; Chen et al. 2007,
Ruigrok et al. 2014). TIV increases during childhood, then
stabilizes in adulthood due to the fixed cranial structure. In
contrast, TBV and its components decline markedly with
aging (Mills et al. 2016). GMV decreases linearly from early
adulthood, with studies showing pronounced reductions in
the frontal cortex by middle age and loss across multiple
regions over time. WMV follows a different trajectory, ini-
tially increasing into early adulthood before declining later
in life, with evidence indicating deterioration beginning in
young adulthood and progressing across various brain areas.
Meanwhile, CSF volume increases with age, a consequence
of brain tissue atrophy. These widespread and progressive
age-related changes emphasize the dynamic and differential
effects of aging on brain structure. Sex, further, as a fun-
damental biological factor, significantly influences patterns
of brain structure and aging. Sex difference in brain mor-
phology is well-established, with males generally exhibiting
larger absolute global brain volumes than females (McCar-
thy et al. 2012; DeCasien et al. 2022). These differences,
observed across multiple neuroanatomical features, may be
influenced by genetic, hormonal, and developmental fac-
tors. On average, males have approximately greater TIV
(12%), TBV (11%), GMV (9%), WMV (13%), and CSF
(11.5%) compared to females (Chen et al. 2007; Ruigrok et
al. 2014; Eliot et al. 2021). These percentages reflect larger
brain volumes in males, which generally align with greater
body size during development, as larger bodies typically
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correspond to proportionally larger brains. However, when
controlling for overall body size, these differences diminish
significantly (Ruigrok et al. 2014; Mills et al. 2016; Eliot et
al. 2021). Regionally, females tend to have a larger fronto-
parietal cortex, while males show a larger occipito-temporal
cortex (Ritchie et al. 2018). In contrast, findings for subcor-
tical structures, such as the hippocampus, remain inconsis-
tent across studies (Chen et al. 2007; Ruigrok et al. 2014;
Lotze et al. 2019). Understanding such sex-specific differ-
ences in global brain volumes is essential for accurately
interpreting neuroimaging data and could inform clinical
practices regarding neurodegenerative diseases that exhibit
sex-specific patterns of progression (Ferretti et al. 2018).

Despite these insights, a critical gap remains regarding
which anthropometric measures, alongside age and sex, are
predictive of brain volumes at the individual level. Address-
ing this gap is vital for mapping the normative body-brain
relationships and identifying potential biomarkers of brain
health and aging, which could guide early detection and
intervention strategies for neurodegenerative conditions
with sex- and age-specific profiles. Motivated by this need,
our study employs Machine learning (ML) to predict brain
volumes derived from structural magnetic resonance imag-
ing (MRI) data using anthropometric and demographic fea-
tures in a large cohort from the UK Biobank ( N = 21,807).
We asked two key questions: to what degree can anthro-
pometric features predict brain volumes compared to the
dominant influences of age and sex, and how do age and sex
modulate the predictive power of anthropometrics across
different brain volumes? These questions matter because
unraveling the relative contributions of these factors could
refine our understanding of brain allometry—the propor-
tional scaling of brain and body—and reveal association of
demographic and physical traits with brain structure across
the lifespan. We hypothesize that TIV will be more strongly
predicted by sex due to dimorphism in body proportions,
while TBV, GMV, WMV, and CSF are expected to exhibit
greater sensitivity to age, reflecting their susceptibility to
age-related atrophy. The potential contribution of anthropo-
metric measures to the prediction of these brain volumes
will also be explored. By applying ML to assess prediction
accuracies in age- and sex-related analyses, we seek to pro-
vide a comprehensive framework that clarifies these rela-
tionships and sets the groundwork for future studies linking
brain morphology to health outcomes, such as cognitive
decline or disease susceptibility.
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Materials and methods
Participants and data

Data for this study were obtained from the UK Biobank,
a comprehensive database with over 500,000 adult par-
ticipants recruited from 22 assessment centers across the
United Kingdom (UK) (Sudlow et al. 2015). The baseline
assessment took place between 2006 and 2010. In 2014, a
subset of participants was invited to undergo brain imaging
(https://www.ukbiobank.ac.uk/). This imaging assessment
included a wide range of demographic and anthropometric
measurements. The healthy individuals were defined based
on inclusion and exclusion criteria consistent with the Inter-
national Classification of Diseases, 10th revision (ICD-10),
and the detailed exclusion criteria listed in Table S1. To
ensure the completeness of the dataset, only participants
with complete data for demographics, anthropometrics,
and brain imaging were included in the final sample (N =
21,807; females N = 11,576, males N = 10,231).

Demographic and anthropometric assessments

Sex was determined based on self-reported informa-
tion (Data-Field 31). Age was calculated as the differ-
ence between the participant’s birth and assessment dates.
Anthropometric measurements were collected during the
physical measures phase of the assessment. These included
weight (Data-Field 21002), WC (Data-Field 48), HC (Data-
Field 49), seated height (Data-Field 51), seating box height
(Data-Field 3077), and standing height (Data-Field 50).

Brain volume

We calculated absolute brain volumes using T1-weighted
(T1w) MRI data from the UK Biobank first imaging assess-
ment visit, acquired with 3T scanners following the UK
Biobank Imaging Protocol (UK Biobank Imaging Proto-
cols, https://biobank.ctsu.ox.ac.uk/crystal/crystal/docs/brai
n_mri.pdf). T1w images, initially preprocessed with quality
control by the UK Biobank (Alfaro-Almagro et al. 2018).
T1w images were segmented into gray matter, white matter,
and CSF and normalised by using the default preprocess-
ing of the CAT12.8.1 (r2042, 1.5 mm isotropic resolution)
Toolbox (Gaser et al. 2024) as standalone version com-
piled under MATLAB 2019b and SPM12 (Wellcome Cen-
tre for Human Neuroimaging, https://www.fil.ion.ucl.ac.u
k/spm/). For non-linear registration, the Shooting method
(Ashburner and Friston 2011) with modulation was used.
GMYV, WMV, and CSF volumes were extracted from the
normalised segments. Supplementary analyses were con-
ducted using brain volumes derived from FreeSurfer ASEG

segmentation, provided by the UK Biobank. We compared
brain volumes derived from CAT and FreeSurfer to inves-
tigate how these distinct preprocessing approaches might
influence brain volume estimates and subsequent predic-
tive modeling outcomes. CAT employs a voxel-based mor-
phometry framework with an explicit head model, which
may improve spatial normalization accuracy and sensitivity
to subtle structural variations, potentially benefiting models
reliant on precise anatomical alignment. In contrast, Free-
Surfer uses a surface-based approach with detailed tissue
segmentation, which could enhance volume accuracy for
tissue-specific predictions. By examining these differences,
we aimed to assess their impact on the reliability and gen-
eralizability of our predictive models. The following abso-
lute volumes were analyzed from FreeSurfer-processed UK
Biobank fields: total intracranial volume (TIV, Data-Field
26521), gray matter volume (GMV, Data-Field 25006),
white matter volume (WMYV, Data-Field 25008), total brain
volume (TBYV, Data-Field 25010), which is defined as the
sum of GMV and WMV (TBV=GMV+WMV), and cere-
brospinal fluid volume (CSF, Data-Field 26527).

ML analysis
Feature configurations

In this study, we examined the relationships between brain
morphology (i.e., TIV, TBV, GMV, WMV, CSF) and vari-
ous anthropometric measurements, including weight, WC,
HC, seated height, and seating box height, and demographic
factors such as sex and age. We utilized a factorial design,
incorporating two primary independent factors, sex and
age, structured across multiple analytical dimensions. The
sex factor was evaluated in two distinct configurations: an
across-sex analysis, where features of males and females
were combined, and sex was included as an additional fea-
ture, and a within-sex analysis, where data were analyzed
separately for each sex. This dual approach enabled us to
assess both the independent and interactive effects of anthro-
pometric features, age, and sex on brain volumes from both
CAT and FreeSurfer pipelines (see Sect. 2.3). For the age
factor, we employed three analytical strategies to examine
its impact: (1) including age as a feature, (2) excluding age
from the feature list, and (3) removing age as a confound.
These strategies were applied consistently in both across-
sex and within-sex analyses. The across-sex analysis facili-
tated the exploration of age- and sex-related effects on brain
morphology in the entire study population, while the within-
sex analysis allowed us to identify sex-specific patterns and
investigate how age modulates the relationships between
anthropometric measurements and brain volumes within
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each sex group. By integrating these factorial dimensions,
we aimed to provide a comprehensive evaluation of how
anthropometric features, age, and sex interact to shape brain
morphology in our study cohort.

Model training and performance evaluation

To predict brain volumes from anthropometric and demo-
graphic features, the data from both CAT and FreeSurfer
preprocessing pipelines (see Sect. 2.3) were split into train-
ing (90%) and test (10%) datasets for both across-sex and
within-sex analyses (Table 1). We employed linear support
vector machine (SVM) and random forest (RF) regression
models to predict brain volumes using feature combinations
of anthropometric measurements (weight, WC, HC, seated
height, and seating box height), age, and sex as structured
by the factorial design detailed in Sect. 3.1. Model perfor-
mance was evaluated using Pearson’s correlation coefficient
(7), the coefficient of determination ( R?), and mean abso-
lute error (M AE). To ensure robust generalization esti-
mates, we implemented 10 times repeated 10-fold (10 x
10-fold) cross-validation (CV) using the Julearn machine
learning library (version 0.2.7; https://juaml.github.io/ju
learn/) (Hamdan et al. 2023), which builds on the scikit-
learn library (sklearn) (Pedregosa et al. 2011). For the linear
SVM, the hyperparameter C' was determined heuristically

as C =1/1%" /3" jx?j where n represents the number

of subjects, x is the feature matrix of the dataset, x;; denotes
the value of feature j for subject 7. This ensures C scales
proportionally with the size and norm of the input data.
As a nonlinear method, we also trained an RF regression
model using the sklearn (version 1.2.1), with 100 trees, a
minimum of 2 samples per split, the square root (sqrt) of the
total number of features as the maximum number of features
considered for the best split and bootstrapping of the train-
ing samples (true) as the hyperparameters (default settings
in this version of sklearn). We compared the performance
of the linear SVM and RF models from the 10 x 10-fold

Table 1 Summary of the imaging population characteristics

CV procedure using the training dataset, with each itera-
tion involving random shuffling of the dataset prior to fold
assignment to ensure unbiased partitioning. This procedure
yielded 100 independent training—test cycles, providing a
robust estimate of model generalizability. To formally test
whether observed differences between models were statisti-
cally significant, we applied the corrected repeated k-fold
paired t-test (Nadeau and Bengio 2003; Bouckaert and Frank
2004), with results reported in Supplementary Table S2. The
model exhibiting superior performance in CV was selected
for further analysis. Feature importance (FI) scores were
then derived from the final models trained on the full train-
ing dataset (90% of the data) to quantify the contribution of
individual features to the model outputs. These FI values
are unitless, reflecting relative weights of predictors in the
linear SVM model, and should therefore be interpreted in
terms of relative rather than absolute magnitude (Guyon et
al. 2002). For the RF models, FI scores were obtained from
the scikit-learn attribute “feature importances ”, which
reflects the mean decrease in impurity (average variance
reduction) contributed by each feature across all trees. For
the linear SVM, FI scores were based on the model coef-
ficient parameter (scikit-learn model’s “.coef ), which
represents the weights used for prediction. While these
coefficients provide relative indicators of feature contribu-
tion, their interpretation can be influenced by correlations
among features (Haufe et al. 2014). To address this, we also
computed Haufe-transformed patterns, which re-express the
model coefficients in the space of the original features by
incorporating the covariance structure of the data provid-
ing values that more directly reflect the association between
each feature and the target. Finally, we used the 10% hold-
out test set to predict brain volumes and compared the pre-
dicted values to the true values, confirming the model’s
performance on unseen data beyond the CV framework.

Dataset Train dataset Test dataset

Sex Both sexes Female Male Both sexes Female Male
Number 19,625 10,418 9,207 2,182 1,158 1,024

Age, mean (SD) 63.32(7.5) 62.66 (7.28) 64.07 (7.68) 63.27 (7.44) 62.29 (7.22) 64.37 (7.54)
Weight, mean (SD) 75.11 (14.74) 68.20 (12.53) 82.93 (13.06) 74.84 (14.6) 68.13 (12.48) 82.43 (13.01)
WC, mean (SD) 87.18 (12.36) 81.72 (11.39) 93.35(10.35) 86.97 (12.24) 81.63 (11.18) 93.01 (10.45)

HC, mean (SD)
Seated height, mean (SD)
Box height, mean (SD)

100.32 (8.52)
131.47 (7.26)
42.11 (4.23)

100.25 (9.56)
127.33 (4.86)
40.81 (3.09)

100.39 (7.16)
136.16 (6.65)
43.59 (4.82)

100.19 (8.37)
131.54 (7.33)
42.16 (4.34)

100.22 (9.26)
127.46 (5.05)
40.77 (3.22)

100.16 (7.23)
136.15 (6.76)
43.73 (4.88)

WC: Waist circumference
HC: Hip circumference
SD: Standard deviation
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Results and discussion

In this manuscript, the results and discussion are presented
in a combined section to facilitate a more direct interpre-
tation of the findings. This integrated format allows each
result to be immediately contextualized and discussed,
improving clarity and avoiding redundancy.

Association between age and body-brain structure

Correlation analyses between age, anthropometric mea-
surements, and brain volumes in female and male cohorts
revealed complex age-related relationships in body-brain
associations (Fig. 1). Pearson’s correlation coefficient was
used to assess linear relationships between continuous vari-
ables. WC (Fig. 1B) showed weak positive correlations with
age (females: r» = 0.06, p < 0.001; males: r» = 0.04, p =
0.0003), suggesting a subtle increase in visceral fat distri-
bution as individuals age. Although statistically significant,
these correlations were small in magnitude, suggesting lim-
ited effect sizes. The statistical significance of these correla-
tions with small effect sizes likely reflects the large sample
size rather than a meaningful biological association. Despite
their weakness, these trends align with prior research
documented a tendency for abdominal fat accumulation
with advancing age, attributed to metabolic and hormonal
changes (Kuk et al. 2009; Frank et al. 2019; Ponti et al.
2020). Caution is warranted in interpreting these weak asso-
ciations, and further research may clarify their relevance.
In contrast, weight, HC, seated height, and standing height
(Fig. 1A and C-E) exhibited negative correlations. Among
these, seated height (females: r =-0.25, p <0.001; males:
r =-0.23, p < 0.001) and standing height (females: r
-0.20, p<0.001; males: r=-0.20, p <0.001) exhibited the

strongest declines, consistent with established patterns of
height loss due to vertebral compression, bone mass reduc-
tion, and an excessive forward rounding of the upper back
(kyphosis) (Cummings and Melton 2002; Volpi et al. 2004).
On the other hand, weight demonstrated slightly lower neg-
ative correlations (females: r = -0.10, p < 0.001; males:
r =-0.16, p <0.001), likely reflecting the progressive loss
of muscle mass (sarcopenia) that occurs with aging, as mus-
cle, being denser than fat, contributes significantly to body
weight (Volpi et al. 2004; Kuk et al. 2009). HC showed a
much weaker negative correlations (females: r =-0.03, p
= 0.0026; males: r =-0.06, p <0.001) suggesting that fat
redistribution in the hips occurs more slower than in the
abdomen, potentially preserving hip shape in aging relative
to some body regions with more pronounced fat accumula-
tion (Kuk et al. 2009). These findings illustrate a complex
interplay of anthropometric changes that may influence age-
related alterations, highlight the importance of considering
arange of body measurements when assessing the impact of
aging on brain morphology.

Brain volumes displayed marked age-related trajectories
(Fig. 1F-)). TIV (Fig. 1F) showed a small negative correla-
tion with age (females: r = -0.07, p < 0.001; males: r =
-0.04, p < 0.001), indicating that overall cranial capacity
remains relatively stable across the lifespan. This stability is
expected, as TIV includes bone structure, which is developed
during childhood and remains constant throughout adult-
hood despite age-related changes in brain volumes (Smith
et al. 2007; Fjell et al. 2009; Blinkouskaya et al. 2021; Cox
2024). In contrast, TBV (Fig. 1G), GMV (Fig. 1H), and
WMV (Fig. 1I) demonstrated more pronounced decline
with age. GMV exhibited the strongest negative correla-
tions (females: r =-0.34, p <0.001; males: r=-0.39, p <
0.001), suggesting a decline likely due to neuronal loss and
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Fig.1 Association between age and anthropometric measurements and
brain volumes derived from the CAT data, separated by sex. Panels
(A-E) display the relationships between age and anthropometric mea-
surements: (A) weight, (B) waist circumference (WC), (C) hip cir-
cumference (HC), (D) seated height, and (E) standing height. Panels

(F-J) show the correlations between age and brain volumes: (F) total
intracranial volume (TIV), (G) total brain volume (TBV), (H) gray
matter volume (GMV), (I) white matter volume (WMYV), and (J) cere-
brospinal fluid volume (CSF). Analyses were performed separately for
females (V=11,576) and males (N=10,231)

@ Springer



37 Page6of15

Brain Structure and Function (2026) 231:37

synaptic pruning associated with normal aging (Gennatas et
al. 2017). WMV displayed moderate negative correlations
(females: r=-0.26, p<0.001; males: r=-0.31, p<0.001),
less pronounced than GMV but still significant, potentially
impacting neural communication efficiency in older adults.
TBY, the sum of GMV and WMV, mirrored the declines in
these volumes. Conversely, CSF (Fig. 1J) increased sharply
(females: r=0.41, p<0.001; males: »=0.57, p<0.001),
more prominently in males, reflecting fluid expansion as
brain tissue atrophies (Yamada et al. 2023). This increase in
CSF volume may support intracranial pressure maintenance
as GMV and WMV shrink with age-related atrophy. This
observation aligns with the Monro-Kellie doctrine, which
states that within the rigid skull, the sum of brain tissue,
CSF, and blood volume is constant. As GMV and WMV
decrease, CSF volume expand to compensate, thereby sta-
bilizing intracranial pressure (Benson et al. 2023).

Brain volume predictive modelling

The primary analysis utilized CAT-derived data with the
linear SVM model to predict brain volumes using anthropo-
metric measurements and age. This approach was applied to
both across-sex and within-sex analyses, with age included
as a feature in the model (see Sect. 3.1). The linear SVM
demonstrated robust predictive performance across all brain
volumes (Table 2). Direct statistical comparisons with the
RF model (Supplementary Table S2), confirmed that the
linear SVM outperformed the RF model, yielding higher
Pearson’s r, R?, and lower MAE in 10 x 10-fold CV. Supple-
mentary analyses extended these findings by applying full

Table2 The performance of linear SVM models on the training dataset
for brain volumes

Linear SVM
Data Brain  Scores Both sexes Female Male
volume (mean+SD)
CAT TIV Pearson’sr 0.67+0.01 0.24+£0.03 0.24+0.03
R? 0.44+0.01 0.06£0.01 0.06+0.02
MAE 88.03+1.35 82.18+1.67 94.81+2.49
TBV  Pearson’sr 0.64+0.01 0.39+0.02 0.43+0.02
R? 0.41+0.01 0.15+0.02 0.19+£0.02
MAE 70.57+1.17 66.02+1.31 75.54+1.92
GMV  Pearson’sr 0.62+0.01 0.41+0.02 0.45+0.02
R? 0.38+0.01 0.17+0.02 0.2+0.02
MAE 36.37+£0.59 34.4+0.74 38.51+£0.99
WMV  Pearson’sr 0.6+0.01  0.33+0.02 0.37+0.02
R? 0.36+£0.02 0.11+£0.02 0.13+0.02
MAE 40.19+£0.7 37.33+0.81 43.37+1.04
CSF  Pearson’sr 0.67+0.01 0.42+0.03 0.58+0.02
R? 0.44+0.02 0.18+0.02 0.33£0.02
MAE 38.2+0.72 36.72+0.87 39.16+1.00

Full results, including RF models and CAT- and FreeSurfer-derived
volumes are provided in supplementary Table S3
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results for both linear SVM and RF models to CAT and
FreeSurfer-derived volumes, again maintaining age as a
feature (see Supplementary Table S3).

Prediction of head size (TIV)

The prediction of TTV using anthropometric measurements,
age, and sex revealed intricate relationships shaped by bio-
logical and developmental factors. Using CAT-derived data
with the linear SVM model, including age as a feature, we
analyzed both across-sex and within-sex cohorts (Fig. 2;
Table 3). In the across-sex model (first column in Fig. 2),
predictive accuracy was moderate (r = 0.68), suggest-
ing that anthropometric measurements serve as reasonable
proxies for TIV. In contrast, the within-sex models (females:
second and males: third columns in Fig. 2) demonstrated a
lower predictive accuracy (females: r = 0.26, males: r =
0.25), indicating the challenges of estimating TIV for each
sex separately. This decrease in accuracy suggests that much
of the predictive power in the across-sex model is driven
by sex difference. Sex emerged as the most significant pre-
dictor in the across-sex model (Feature Importance; FI, =
71.05), reflecting differences in cranial capacity, which are
likely influenced by hormonal factors, particularly testoster-
one, during development. Males, on average, exhibit 12%
larger skulls and TIV compared to females, explaining the
pronounced influence of sex on TIV prediction (Ruigrok
et al. 2014; Eliot et al. 2021). However, body size reduces
sex-based differences in TIV; when adjusted for height and
weight, these differences are smaller, indicating TIV is
linked to both body proportions and skull size. In addition,
the high Haufe-transform value for sex (0.96) indicated a
direct continuous association with TIV, consistent with sex
acting mainly as a categorical proxy for body-size features.
Age showed a smaller importance for TIV prediction (FL,g:
across-sex: 2.86, females: 0.56, males: 5.68), aligning with
the stability of cranial structure across adulthood, unlike
brain volumes that decline with age-related atrophy. The
slightly higher FI of age in males may reflect sex-specific
changes in body composition or posture indirectly affect-
ing TIV estimation. The Haufe pattern for age (across-sex:
0.07, females: -0.30, males: -0.12) showed minimal direct
association between age and TIV. Among anthropometric
predictors, seated height exhibited moderate positive asso-
ciations With TIV (Flgyeq peigne: across-sex: 42.18, females:
29.72, males: 35.9; Haufe: across-sex: 0.73, female: 0.74,
male: 0.72), supporting a close link between vertical skel-
etal growth and cranial development. Weight also emerged
as another important predictor (FIy,: across-sex: 26.2,
females: 20.62, males: 27.65; Haufe: across-sex: 0.57,
female: 0.33, male: 0.48), likely due to its association with
overall body size, though its relationship with TIV is weaker
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Fig. 2 Estimation of head size (TIV) on CAT data using linear SVM.
A Prediction accuracy using the Pearson correlation coefficient (r)
from CV analysis on the training dataset (90%) for both sexes (left,
=19,625), females (middle, = 10,418), and males (right, = 9,207). B
Association between predicted and true TIV values on the test dataset
(10%) for both sexes (N = 2,182), females (N = 1,158), and males (N
= 1,024). The scatter plot of predicted versus true TIV: for both sexes
(r=0.68, R?=0.46, M AE = 86.94), for females (r=0.26, R>=0.07,
M AE = 84.27), and for males (r = 0.25, R?=0.06, M AE = 89.78).
Although the point distributions may appear visually similar because
they are derived from the same subjects, the predicted values for each
individual differ depending on the model used, illustrating how sex-

and more complex than that of height, potentially con-
founded by factors like adiposity or muscle mass. In addi-
tion, WC (Flyc: across-sex: -14.47, females: -8.77, males:
-18.48; Haufe: across-sex: 0.45, female: -0.04, male: 0.07)
and HC (Flyc: across-sex: -9.88, females: -13.38, males:
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related variance influences model performance. C Feature importance
(FI) scores from the final models trained on the training dataset (90%).
For both sexes (Flgo, =71.05, Fl,, = 2.86, Flygign = 26.2, Flyc =
-14.47, Flyye = -9.88, Flgegied neight = 42-18, Flpox peigne = -23.56; Haufe:
Sex: 0.96, Age: 0.07, Weight: 0.57, WC: 0.45, HC: 0.04, Seated height:
0.73, Box height: 0.38), for females (FI,,, = 0.56, Flyy,=20.62
Flyc =-8.77, Flyyc = -13.38, Flgeateq neight = 2972, Flpox neight = -20-19;
Haufe: Age: -0.30, Weight: 0.33, WC: -0.04, HC: 0.10, Seated height:
0.74, Box height: 0.10), and for males (FI,,, = 5.68, Fly;y,=27.65,
Flyc = -18.48, Flyc = -6.64, Flgepeq neight = 39-90, Flpoy neigni = -23.57;
Haufe: Age: -0.12, Weight: 0.48, WC: 0.07, HC: 0.20, Seated height:
0.72, Box height: 0.25)

s

-6.64; Haufe: across-sex: 0.04, female: 0.10, male: 0.20)
displayed weak negative FI but small positive Haufe values,
suggesting that central adiposity has a limited influence on
TIV. The results for the across-sex context using FreeSurfer,

@ Springer
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Table 3 Feature importance (FI) and Haufe transform of features

TIV TBV
Both sexes Female Male Both sexes Female Male
FI FI, 71.05 - - 45.6 - -
FIage 2.86 0.56 5.68 -26.38 -21.99 -30.45
Flyeight 26.2 20.62 27.65 21.31 16.03 22.26
Flyc -14.47 -8.77 -18.48 -13.93 -8.34 -17.46
Flye -9.88 -13.38 -6.64 -5.63 -1.7 -3.55
Fllgared height 42.18 29.72 35.9 35.15 26.06 29.49
Flyoy height -23.56 -20.19 23.57 -19.14 -17.58 -19.02
Haufe transform HT,,, 0.96 -- -- 0.83 -- --
HT,qe 0.07 -0.30 -0.12 -0.34 -0.80 -0.84
HT,ycigne 0.57 0.33 0.48 0.57 0.30 0.35
HTyc 0.45 -0.04 0.07 0.37 -0.04 -0.01
HTye 0.04 0.10 0.20 0.07 0.12 0.15
HT,yied height 0.73 0.74 0.72 0.76 0.63 0.57
HT oy heicht 0.38 0.10 0.25 0.39 0.12 0.23

within-sex context, and RF model analysis are provided in
the supplementary file (Figures S1, S2, S3).

Prediction of brain size (TBV)

TBV estimation using the linear SVM model on CAT-
derived data with age included as a feature was employed
across both across-sex and within-sex cohorts (Fig. 3;
Table 3). In the across-sex model (first column in Fig. 3),
TBV prediction achieved moderate accuracy (r = 0.65),
slightly lower than TIV (r = 0.68) but the within-sex
models (Fig. 3; females: second and males: third column)
outperformed their TIV counterparts (females: r = 0.44,
males: r = 0.45). This suggests that anthropometric mea-
surements better capture brain size variation within sex,
unlike TIV, where sex difference dominates. Sex remained
a significant predictor of TBV (Fl,, = 45.6; Haufe: Sex:
0.83), yet its influence was notably weaker than for TIV
(FI, = 71.05). This reduced sex difference in TBV likely
stems from the brain-to-cranium ratio: while males have
larger skulls, their brain size does not scale proportionally
with TIV (Ruigrok et al. 2014). Additionally, regional brain
composition (e.g., such as females’ relatively higher GMV)
may further moderate sex differences in TBV, making its
relationship with body size more complex than for TIV
(Ruigrok et al. 2014). A striking contrast with TIV emerged
in the role of age. While TIV showed minimal age asso-
ciation, age was a strong negative predictor of TBV (FI:
across-sex: -26.38; females: -21.99; males: -30.45; Haufe:
across-sex: -0.34; females: -0.80; males: -0.84), indicating
that older age is associated with lower TBV. This suscep-
tibility to aging, potentially more pronounced in males,
aligns with established patterns of tissue loss and further
diminishes sex difference in TBV over time. Seated height
and weight, like for TIV, remained important predictors

@ Springer

of TBV. Seated height showed a strong positive predictor
of TBV (Fleped neigh: across-sex: 35.15, females: 26.06,
males: 29.49; Haufe: across-sex: 0.76; females: 0.63; males:
0.57), suggesting that, like TIV, taller individuals tend to
have larger brain volumes. This positive relationship likely
reflects a stronger connection to brain tissue development
rather than cranial capacity, as TBV aligns more closely with
neurodevelopmental scaling, whereas TIV is influenced by
broader skeletal factors. Thus, seated height may be a more
direct predictor of brain volume. However, the predictive
power of weight (FI;,p,: across-sex: 21.31, females: 16.03,
males: 22.26; Haufe: across-sex: 0.57; females: 0.30; males:
0.35) was somewhat less pronounced than for TIV, indicat-
ing that body size may have a more complex relationship
with brain size due to factors like body composition, such
as fat and muscle distribution, which differs between sexes.
WC (Flyc = -13.93, females: -8.34, males: -17.46; Haufe:
across-sex: 0.37; females: -0.04; males: -0.01) and HC
(FIyc = -5.63, females: -7.7, males: -3.55; Haufe: across-
sex: 0.07; females: 0.12; males: 0.15) also showed weak
association with TBV. However, TBV negative associa-
tions were slightly weaker in magnitude and more variable
across sexes, possibly due to tissue-specific factors such as
age-related GMV loss, metabolic effects of adiposity, and
sex differences in brain composition. These factors may
influence TBV more heterogeneously than the fixed cranial
structure of TIV. The results for the across-sex context using
FreeSurfer, within-sex context, and RF model analysis are
provided in the supplementary file (Figures S4, S5, S6).
Taken together, these results demonstrate that while age and
sex remain dominant predictors of global brain measures,
anthropometric features such as seated height, weight, and
WC provide additional predictive value, revealing specific
body-brain associations that persist even when age and sex
are considered.
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Fig. 3 Estimation of brain size (TBV) on CAT data using linear SVM.
A Prediction accuracy using the Pearson correlation coefficient (r)
from CV analysis on the training dataset (90%) for both sexes (left,
=19,625), females (middle, = 10,418), and males (right, = 9,207). B
Association between predicted and true TBV values on the test dataset
(10%) for both sexes (N =2,182), females (N = 1,158), and males (N =
1,024). The scatter plot of predicted versus true TBV: for both sexes (r
=0.65, R?=0.43, M AE = 68.46), for females (r = 0.44, R%=0.19,
M AE = 65.86), and for males (r =0.45, R?=0.20, M AE =71.31).
Although the point distributions may appear visually similar because
they are derived from the same subjects, the predicted values for each
individual differ depending on the model used, illustrating how sex-

The Haufe-transformed patterns showed that seated
height and weight were the strongest positive contributors
to both TIV and TBYV, with sex also strongly associated with
TIV in both sexes models. Age showed a negative associ-
ation with TBV. WC and HC had weaker effects on both
TIV and TBV in sex separated models. To further assess the

Importance

NN SIS
Importance

related variance influences model performance. C Feature importance
(FI) scores from the final models trained on the training dataset (90%).
For both sexes (Flge, = 45.6, Flyge = -26.38, Flygion = 21.31, Flyc =
-13.93, Flyyc = -5.63, Flgegieq neight = 33- 15, Flpoy neigne = -19-14; Haufe:
Sex: 0.83, Age: -0.34, Weight: 0.57, WC: 0.37, HC: 0.07, Seated
height: 0.76, Box height: 0.39), for females (Flg. = -21.99, Flygign
=16.03, Flyc = -8.34, Flye = =77, Flgeyed height = 2606, Flgoy peighe =
-17.58; Haufe: Age: -0.80, Weight: 0.30, WC: -0.04, HC: 0.12, Seated
height: 0.63, Box height: 0.12), and for males (Fl,, = -30.45, Flygign
=22.26, Flyc =-17.46, Flye = -3.55, Flgeyeq neight = 2949, Flpox neight =
-19.02; Haufe: Age: -0.84, Weight: 0.35, WC: -0.01, HC: 0.15, Seated
height: 0.57, Box height: 0.23)

interpretability of the ML-derived feature patterns, we com-
pared the Haufe-transform values with classical analysis of
variance (ANOVA) results computed on the training data
(Supplementary Table S4). We found a consistent structure
for both TIV and TBV: sex exhibited the strongest associa-
tion, followed by seated height and box height, while weight
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contributed moderately and WC and HC showed smaller
effects. The direction and magnitude of Haufe-transformed
patterns were largely consistent with the ANOVA F-values
in both sexes models with disagreements appearing only at
lower effect sizes.

Comparison between standing height and seated
height

The comparison between seated height and standing
height is crucial for understanding the complex relation-
ships between body measurements and brain morphology
(Masanovic et al. 2020). Standing height includes both
trunk and leg length, with the femur significantly contrib-
uting to overall height (Bogin and Varela-Silva 2010). In
contrast, seated height isolates trunk growth, providing a
more direct assessment of anatomical factors that might
be related to brain size. This distinction is important due
to the differing growth patterns of the femur compared to
the trunk and skull, which can introduce confounding vari-
ables when using standing height as a predictor of brain
size. Therefore, in this analysis, we compared the predic-
tive power of standing height and seated height for the
head size (TIV) and brain size (TBV) by including standing
height as an additional feature (Fig. 4). Although standing
height exhibited a higher FI value than seated height for
both TIV (Flganding neight = 3079, Flieated neigne = 13-84) and
TBV (Fljanding height = 20-72, Flieared heigne = 16.02). How-
ever, despite these higher FI scores, the addition of standing
height did not improve overall prediction accuracy (TIV:
r = 0.68, TBV: r = 0.65), indicating redundancy between
the two measures. The lack of improvement in prediction
accuracy, despite higher FI scores for standing height, can
be explained by developmental and anatomical factors. The
trunk and skull, which are reflected in seated height, fol-
low a growth trajectory that aligns more closely with brain
development, reaching near-adult proportions earlier than
appendicular structures like the femur (Kawada et al. 2022).
In contrast, leg length, a significant component of standing
height, exhibits more prolonged and variable growth, which
may be influenced by environmental, nutritional, or postural
factors (Fredriks et al. 2005; Bogin and Varela-Silva 2010).
As a result, seated height, focusing on the upper body, may
serve as an anatomically relevant proxy for cranial and
brain size, potentially minimizing the noise introduced by
leg length variability. Thus, while standing height captures
greater variability as reflected in its higher FI scores, it does
not translate into better predictive performance, reinforc-
ing the idea that trunk-based measures better capture ana-
tomical scaling relationships between body and brain size,
reflected by TIV and TBV.

@ Springer

Impact of age on brain volumes

The comparison of brain volume predictions across three
age strategies—including age as a feature, excluding it from
the feature set, or removing it as a confound (see Sect. 3.1)
provides valuable insights into how age influences various
brain volumes, particularly when considering anthropomet-
ric features. The results were obtained using CAT-derived
data in an across-sex context (Fig. 5). The analysis high-
lights the intricate relationship between age, brain structure,
and anthropometric measurements. Distinct age-related pat-
terns emerged in brain volume predictions, emphasizing the
complex interplay of these factors. TIV and TBV predic-
tions showed distinct patterns with age. TIV predictions
remained remarkably stable (7 = 0.66) across all configu-
rations, indicating a minimal impact of age. This stability
aligns with the understanding that, on a population level,
TIV remains fixed throughout adulthood, largely due to the
stable nature of the bony structure of the cranium, which
maintains its size despite age-related brain atrophy (Smith
et al. 2007). The consistent prediction accuracy suggests
that TIV is primarily influenced by genetic or developmen-
tal factors, rather than age or anthropometrics. In contrast,
TBV exhibited marked sensitivity to age. When age was
included as a feature in the prediction model, the accuracy
of TBV prediction (r = 0.64) reflected the strong relation-
ship between age and changes in GMV and WMV over the
lifespan. As individuals age, GMV generally decreases, and
WMYV may also experience a decline, both of which contrib-
ute to overall reductions in TBV (Mills et al. 2016; Irimia
2021; Yamada et al. 2023). In this context, the inclusion of
age as a feature captured not only these structural changes
but also provided critical insight into how TBV changes
over time. Excluding age from the feature set or removing
it as a confound led to decreased accuracy (r = 0.6 and r =
0.59, respectively), confirming that age is a critical factor in
TBYV prediction, even when accounting for other variables
like anthropometric measurements or sex. The similar accu-
racies in the age-excluded and age-confound-removed con-
ditions suggest that age-related effects on TBV are primarily
direct rather than merely confounding influences. This direct
effect of age on TBV highlights how aging affects the brain
overall volume in a measurable, predictable way, unlike
TIV, which remains stable.

GMYV and WMV both showed reduced prediction accura-
cies when age was excluded from the feature set or removed
as a confounder, with a more pronounced impact for GMV.
For GMV, the prediction accuracy dropped when age was
excluded from the feature set (r = 0.57) or removed as a
confound (r = 0.55), compared to when age was included
as a feature (r = 0.62). These reductions indicate that age
plays a critical role in predicting GMV beyond what can



Brain Structure and Function (2026) 231:37

Page 11 of 15 37

A TIV estimation

0.7

2000

r=0.68
== 1900 { k-6 st [N
06 oS 1800 3t MAE = 8694
Age I
1700 -
0.5 = )
: ~ 1600 Weight 4
3 o4 g 1o wel [
| Q <
=" S 1400 -
e ko]
[ E i
- 2 1300 He D
1200 -
0.2 1100 - Seated height A I:I
1000 1 Box height
01 ' %0000 1120 1340 1560 1760 2000 PR
Both Sexes T BPELOLP PRSP
Importance
B TBV estimation
0.7
1600 =465
@ 1500 { R? = 0.43 Sex
0.6 MAE = 68.46
>
051 & 13001 — -
S T 1200 -
()
S 04] g wl B
= © 11004
0.3 1 £ 1000 1 HC - D
900 1 Seated height I:l
0.2
800 -
Box height I:I
0.1 T 700 ——
700 880 1060 1240 1420 1600
Q0 0 .00 .00 0 O
Both Sexes TBY P DR
Importance

Fig. 4 Comparison between head size and brain size including stand-
ing height as a feature. A Estimation of head size (TIV). Left plot:
Prediction accuracy using the Pearson correlation coefficient (r) from
CV analysis on the training dataset (90%) for both sexes (N = 19,625:
females (N = 10,418), male (N = 9,207)). Middle plot: Association
between predicted and true TIV values on the test dataset for both
sexes (N =2,182: females (N = 1,158), males (N = 1,024)). The scat-
ter plot of predicted versus true TIV for both sexes (r = 0.68, R>=
0.46, MAE = 86.94). Right plot: Feature importance (FI) scores from
the final models trained on the training dataset (90%). For both sexes
(Flgex = 71.05, Flpge = 2.86, Flygign, = 26.20, Flyc = -14.47, Flyc =
-9.88, Flgeated height = 42-18, Flpoy pejgn = -23.56). B Estimation of brain

be accounted for by anthropometric features. This finding is
consistent with the understanding that GMV atrophy is more
pronounced with age due to processes such as neuronal loss,
dendritic pruning, and synaptic changes, which occur more
significantly in certain brain regions (Gennatas et al. 2017;
Irimia 2021; Yamada et al. 2023). Age, therefore, serves as
a proxy for these ongoing structural changes, and removing
it as a confounder may mask important age-specific varia-
tions in GMV. This loss of predictive accuracy suggests that
age-related changes in brain structure are not entirely cap-
tured by other variables, such as anthropometric features,

size (TBV) on CAT data using linear SVM. Left plot: Prediction accu-
racy using the Pearson correlation coefficient (r) from CV analysis on
the training dataset (90%) for both sexes (N = 19,625: females (N =
10,418), male (N = 9,207)). Middle plot: Association between pre-
dicted and true TBV values on the test dataset for both sexes (N =
2,182: females (N = 1,158), males (N = 1,024)). The scatter plot of
predicted versus true TBV for both sexes (r= 0.65, R*= 0.43, MAE
= 68.46). Right plot: Feature importance (FI) scores from the final
models trained on the training dataset (90%). For both sexes (Flg,, =
45.60, Flge = -26.38, Flygign = 21.31, Flyc = -13.93, Flyyc = -5.63,
FISeated height ~ 35.15, FIBox height = -19. 14)

implying the importance of age as a crucial marker for pre-
dicting GMV changes (Gennatas et al. 2017). In contrast,
the impact of age on WMV prediction was less pronounced,
though still significant. Prediction accuracy dropped mod-
erately when age was excluded from feature set (7 = 0.58)
or removed as a confound (7 = 0.57), compared to when
age was included as a feature (7 = 0.6). This suggests that,
while anthropometric features are important to WMV pre-
diction, age still adds predictive value. The modest decrease
in prediction accuracy when age is excluded or removed as
a confound suggests that anthropometric features may be
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Fig.5 Impact of age on brain volumes on CAT data using linear SVM.
Comparison of brain volumes concerning age-related effects across
different age-related features. The analysis includes three conditions:

including age as a feature (Included Age), where age is included as a
predictor in the model; excluding age from the feature set (Excluded

more strongly associated with WMV than with GMV. The
minimal difference between the age-excluded and age-con-
found removed conditions suggests that age-related effects
on WMV are direct, with limited confounding influences
from other predictors. Interestingly, these findings suggest
that age-related atrophy is more pronounced in GMV than
in WMV, which is consistent with the established pattern of
brain shrinkage in normal aging (Smith et al. 2007; Irimia
2021). GMV atrophy tends to occur earlier and more exten-
sively than WMV loss, which likely explains the stronger
impact of age on GMV predictions. However, this differen-
tial atrophy could also be influenced by segmentation bias.
Variations in the methods used to segment GMV and WMV
could contribute to the observed differences in volume and
prediction accuracy (Smith et al. 2007; Irimia 2021).

For the CSF volume, age had a strong impact on predic-
tion accuracy. When age was excluded from the feature set
or removed as a covariate, accuracy dropped substantially
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WMV CSF
Age), where age is omitted from the model as a predictor, and impact
of age after confounder removal (Age Confound Removed), where
age-related effects are assessed following the removal of potential

confounding factors associated with age. Analyses were performed on
the total study sample ( NV = 19,625; females=10,418; males=9,207)

(r =0.51, r = 0.46, respectively) compared to when age
was included in the feature set (~ = 0.66). These large differ-
ences highlight that age is a critical factor in predicting CSF
volume and are consistent with previous research showing
an approximate 30 ml (2%) increase per decade from the
20s to 488 ml (33.7%) in individuals over 80 years old, due
to tissue loss and fluid expansion with aging (Yamada et
al. 2023). The further reduction in accuracy when age was
removed as a confounder suggests that age-related effects on
CSF volume prediction involve both direct and indirect con-
tributions. The direct effect refers to the structural changes,
particularly the atrophy of GMV and WMV, which leads
to an increase in CSF volume. The indirect effect includes
other factors, such as anthropometric features and sex, that
can influence brain structure and the relationship between
age and CSF. This is consistent with the known relation-
ship between GMV and WMV atrophy and the increase in
CSF volume with age (Gennatas et al. 2017; Irimia 2021;
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Yamada et al. 2023). As both GMV and WMV decrease,
CSF volume increases with aging, providing a clearer and
more consistent indicator of age-related structural changes.
These findings underscore the importance of including age
as a factor in neuroimaging studies, particularly when pre-
dicting brain volumes, as it captures both direct and indi-
rect age-related changes in brain structure. It is important to
note that the observed changes in prediction accuracy (e.g.,
Pearson’s r) when including or excluding age quantify its
added predictive value. This reflects both unique and shared
variance with anthropometric features. In parallel, the mag-
nitude of the model coefficients allows comparison of age’s
relative contribution against other predictors. Considered
together, these results demonstrate that age contributes pre-
dictive information beyond anthropometric features.

The results for the across-sex context using FreeSurfer,
within-sex context, and RF model analysis are provided in
the supplementary file (Figures S7, S8, S9, S10, S11, S12,
and S13). These additional analyses corroborate the main
findings, supporting the consistency and robustness of the
results across different methods and contexts.

Conclusions

This study provides a comprehensive analysis of how brain
volumes are associated with anthropometric features, age,
and sex, in a large UK Biobank cohort using advanced
machine learning methods. Our findings reveal that TIV
is predominantly driven by sex, reflecting a strong sex dif-
ference in cranial development. In contrast, TBV, GMV,
WMV, and CSF are more sensitive to age, consistent with
well-established patterns of brain volumes loss and com-
pensatory fluid expansion across adulthood, with the great-
est age-related sensitivity observed in CSF and GMV.
Anthropometric measures, including weight, height, waist
circumference, and hip circumference, provide additional
predictive value, particularly for TBV and TIV. However,
their influences are secondary to those of age and sex. Nota-
bly, central adiposity (as indexed by waist circumference)
is negatively associated with brain volumes, likely reflect-
ing the metabolic impact of visceral fat, while height and
weight are positively linked to cranial and brain size, espe-
cially earlier in life. However, these relationships are com-
plex and can vary across brain volumes and demographic
groups. The differential association of age, sex, and anthro-
pometric features across brain compartments highlights the
necessity of including both age and sex as core covariates
in neuroimaging research to ensure accurate interpretation
of volumetric differences. These results also underscore the
value of integrating detailed anthropometric data to refine
models of brain structure variation and to better understand

the biological and environmental factors underlying brain
morphology. From a clinical perspective, these findings
may aid the interpretation of brain imaging by helping dis-
tinguish normative, age-related brain volume changes from
neurodegenerative disease. Importantly, these findings have
potential implications for early detection of abnormal aging
and disease risk. Deviations from typical body-brain scal-
ing patterns might serve as accessible indicators of neurode-
generative or systemic conditions, highlighting individuals
at risk for both brain- and body-related health issues. Such
deviations could guide future work on personalized moni-
toring and interventions aimed at promoting both healthy
brain and bodily aging. Overall, this work advances our
understanding of the factors driving variation in brain vol-
umes and provides a foundation for future longitudinal
studies to unravel the mechanisms linking physical devel-
opment, aging, and neuroanatomy. Such insights are crucial
for interpreting neuroimaging findings in both healthy and
clinical populations and for informing strategies aimed at
promoting brain health across the lifespan.

Supplementary Information The online  version  contains
supplementary material available at https://doi.org/10.1007/s00429-0
25-03070-9.
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