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1.  INTRODUCTION

Knowledge about the relationship between body size 
(i.e., height and weight), spinal cord (SC), and brain struc-
ture is essential for a mechanistic understanding of 
human physiology and pathophysiology and, conse-
quently, developing biomarkers critical for robust clinical 
trial designs. Besides sex and age, numerous other fac-
tors in�uence body size, including genetic makeup, race 
and ethnicity, socioeconomic and environmental factors, 
as well as developmental determinants. There are also 
diseases affecting physical makeup, spanning chronic 
conditions (i.e., anemia, asthma, celiac disease, in�am-
matory bowel disease, kidney, or heart insuf�ciency), 
hormonal diseases (i.e., growth or thyroid hormone dis-
balances), and/or rare disorders such as achondroplasia 
and Down, Noonan, or Turner syndromes (Butler et�al., 
2022; Pierpont et�al., 2024). For example, patients diag-

nosed with Friedreich ataxia tend to be underweight in 
young age and overweight in adulthood (Boesch & 
Indelicato, 2021; M. Patel et�al., 2021). Patients with dif-
ferent types of mucopolysaccharidoses are known to 
present with a short stature (Lin et� al., 2019; Muschol 
et� al., 2019; P. Patel et� al., 2014). While neuroimaging 
measurements are usually compared with a healthy pop-
ulation, neither body height nor weight has been rigor -
ously considered as putative confounding factors, 
normalization factors, and/or as variables necessary for 
an inter-population matching (Harding et�al., 2021; Joers 
et�al., 2022; Kovac et�al., 2022; Provenzale et�al., 2015; 
Rezende et� al., 2023; Yund et� al., 2015). Such a study 
design de�cit can lead to bias in clinical outcomes, which 
applies even more explicitly to studies where the typical 
body size of the patients’ cohort differs from that of the 
control group. To assess the signi�cance and importance 
of body size correction, we have investigated the impact 

84Institute for Advanced Biomedical Technologies, ‘G. D’Annunzio’ University of Chieti- Pescara, Chieti, Italy
85Functional Neuroimaging Unit, CRIUGM, University of Montreal, Montreal, Canada
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ABSTRACT

Clinical research emphasizes the implementation of rigorous and reproducible study designs that rely on between-
group matching or controlling for sources of biological variation such as subject’s sex and age. However, corrections 
for body size (i.e., height and weight) are mostly lacking in clinical neuroimaging designs. This study investigates the 
importance of body size parameters in their relationship with spinal cord (SC) and brain magnetic resonance imaging 
(MRI) metrics. Data were derived from a cosmopolitan population of 267 healthy human adults (age 30.1� �r�6.6�years 
old, 125 females). We show that body height correlates with brain gray matter (GM) volume, cortical GM volume, total 
cerebellar volume, brainstem volume, and cross-sectional area (CSA) of cervical SC white matter (CSA-WM; 
0.44��d�r��d�0.62). Intracranial volume (ICV) correlates with body height (r�=�0.46) and the brain volumes and CSA-WM 
(0.37��d�r��d�0.77). In comparison, age correlates with cortical GM volume, precentral GM volume, and cortical thickness 
(-0.21��t�r��t�-0.27). Body weight correlates with magnetization transfer ratio in the SC WM, dorsal columns, and lateral 
corticospinal tracts (-0.20��t�r� �t�-0.23). Body weight further correlates with the mean diffusivity derived from diffusion 
tensor imaging (DTI) in SC WM (r�=�-0.20) and dorsal columns (-0.21), but only in males. CSA-WM correlates with brain 
volumes (0.39��d�r��d�0.64), and with precentral gyrus thickness and DTI-based fractional anisotropy in SC dorsal col-
umns and SC lateral corticospinal tracts (-0.22� �t�r� �t�-0.25). Linear mixture of age, sex, or sex and age, explained 
2��r�2%, 24� �r�10%, or 26� �r�10%, of data variance in brain volumetry and SC CSA. The amount of explained variance 
increased to 33� �r�11%, 41� �r�17%, or 46� �r�17%, when body height, ICV, or body height and ICV were added into the 
mixture model. In females, the explained variances halved suggesting another unidenti�ed biological factor(s) deter -
mining females’ central nervous system (CNS) morphology. In conclusion, body size and ICV are signi�cant biological 
variables. Along with sex and age, body size should therefore be included as a mandatory variable in the design of 
clinical neuroimaging studies examining SC and brain structure; and body size and ICV should be considered as 
covariates in statistical analyses. Normalization of different brain regions with ICV diminishes their correlations with 
body size, but simultaneously ampli�es ICV- related variance (r�=�0.72��r�0.07) and suppresses volume variance of the 
different brain regions (r�=�0.12��r�0.19) in the normalized measurements.

Keywords: spinal cord, brain, body height and weight, intracranial volume, structural magnetic resonance imaging, 
in vivo human neuroimaging
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of body size on structural neuroimaging measurements in 
the SC and brain of a healthy human population. If the 
effect is signi�cant, future clinical research studies and 
trials utilizing neuroimaging should include body size as a 
potential confounding biological factor to avoid bias in 
clinical outcomes.

Evolutionary biology has identi�ed links between 
species’ body weight, SC, and cerebral weights 
(MacLarnon, 1996b), and between spinal canal dimen-
sions and adjacent cord (MacLarnon, 1995, 1996a). 
Cadaveric human measurements revealed links between 
the cross-sectional area (CSA) of the cervical SC and 
cerebral weight, body height, and age (Kameyama et�al., 
1994). However, in vivo evidence of such a relationship 
between body size and central nervous system (CNS) 
structure is limited to a few magnetic resonance imag-
ing (MRI) studies. In vivo CSA of the upper cervical SC 
(i.e., C2/3 segment) appears to be determined by both 
the cerebral volume and white matter (WM) content of 
cerebrospinal tracts (Engl et�al., 2013). Recent explora-
tion of the UK Biobank imaging dataset observed weak 
in vivo links between the CSA of the C2/3 SC segment 
and body height and weight, and moderate links 
between the CSA and brain and thalamus volumes 
(Alfaro-Almagro et� al., 2018; Bédard & Cohen-Adad, 
2022; Littlejohns et� al., 2020). Weak correlations 
between body height, CSA of the SC (CSA-SC), and 
gray matter (GM), as well as brain volume scaling were 
also reported on a concurrent in vivo dataset (Papinutto 
et�al., 2020). However, these effects disappeared when 
sex was controlled for (Papinutto et�al., 2020). Addition-
ally, the in vivo CSA of peripheral nerves has also been 
shown to correlate moderately with body height, body 
weight, and body mass index (BMI), but not age 
(Kronlage et�al., 2019). Whether SC WM and GM con-
tents are equally correlated with body size and distinct 
brain morphology has not been satisfactorily deter -
mined. Our �rst hypothesis was, therefore, that “CSA 
of cervical SC WM and GM interacts with body size and 
morphology of distinct brain structures”; we tested this 
premise by utilizing a multi-center spine-generic MRI 
dataset. The dataset allows for the separate assess-
ment of cervical SC WM and GM morphology in a large 
cohort of healthy cosmopolitan volunteers with avail-
able demographic records and images of cerebral mor -
phology (Cohen-Adad et�al., 2021a, 2021b).

Myelin content is an essential characteristic of the 
neural tissue microstructural integrity (Levitan & 
Kaczmarek, 2002). In the CNS, the ratio between axon 
diameter and diameter of the total nerve �ber (axon and 
myelin) is 0.6–0.7 (Susuki, 2010). As SC axons generally 
have larger diameters than axons within the brain (Aboitiz 
et�al., 1992; Duval et�al., 2019; Saliani et�al., 2017; Veraart 

et� al., 2020), SC myelin sheaths are often also thicker, 
increasing the overall diameter of the myelinated axons. 
Thicker myelin sheaths around axons accelerate nerve 
conduction speed independent of the axonal diameter 
(Rushton, 1951; Zalc, 2006, 2016). Assuming a fairly con-
stant axon/�ber diameter ratio (Susuki, 2010), thicker 
myelin sheaths are, therefore, expected for species with 
larger body sizes (Zalc, 2006, 2016). Considering intra-
species variability in body size, the overall degree of SC 
myelination might be in�uenced by the body size of a 
given specimen. If true, the in�uence of body size on 
myelin content may be detectable in SC images sensitive 
to tissue microstructure, such as diffusion tensor imaging 
(DTI) or magnetization transfer ratio (MTR) imaging. Both 
DTI and MTR image contrasts are available within the 
spine-generic dataset (Cohen-Adad et�al., 2021a, 2021b). 
Moreover, body weight and BMI are correlated with MTR 
of peripheral nerves and muscles (Fösleitner et�al., 2022). 
Our second hypothesis was, therefore, that “SC micro-
structure, as measured using MTR and DTI, interacts with 
body size”.

Finally, the human brain volume and CSA-SC differ 
between sexes (Bédard & Cohen-Adad, 2022; Giedd 
et�al., 1996; Papinutto et�al., 2015, 2020). It is well estab-
lished that brain volume shrinks and cortical GM thick-
ness thins with aging (Fjell et� al., 2013; Peters, 2006; 
Thambisetty et�al., 2010), with both processes accelerat-
ing after 45�years of age (Heyms�eld et�al., 2009; Peters, 
2006). However, results obtained from pathological 
(Callaghan et� al., 2014; Kameyama et� al., 1994; 
Weitzenkamp et�al., 2001; Zhang et�al., 1996; Zhou et�al., 
1996) and neuroimaging (Callaghan et�al., 2014) studies 
investigating the relationships between age and SC CSA 
have been less consistent. Recent high-resolution in vivo 
neuroimaging indeed observed weaker and slower aging 
effects in SC CSA than those described for brain mor -
phology (Bédard & Cohen-Adad, 2022; Papinutto et�al., 
2015, 2020). The UK Biobank dataset already showed 
that physical measures, including body height and 
weight, strongly impact quantitative brain structural mea-
sures in a population of 40–69-year olds while adjusted 
for sex and age (Miller et�al., 2016). Outside of the UK 
Biobank, links between body size and brain volume have 
been reported with inconsistent results, spanning signi�-
cant relationships with a stronger height in�uence (Baaré 
et� al., 2001; Bédard & Cohen-Adad, 2022; Heyms�eld 
et�al., 2009) or non-signi�cant �ndings (Willerman et�al., 
1991). Therefore, our third hypothesis was that: “Cere-
bral morphology interacts with body height more pro-
foundly than with body weight and age.”

In addition to body size, brain morphology is often 
normalized with subject-speci�c intracranial volume (ICV) 
(Voevodskaya et�al., 2014; Whitwell et�al., 2001; Xie et�al., 
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2005). ICV and head size were identi�ed as signi�cant 
covariates determining brain structure more profoundly 
than the body size in the UK Biobank dataset (Miller et�al., 
2016). That led us to the fourth hypothesis: “Body size 
increases the predictive power of CNS structure.” We 
tested our hypotheses by utilizing the spine-generic 
dataset of predominantly non-elderly healthy adults and 
considering sex effects.

2.  METHODS

2.1.  Structural MRI data

Signed informed consent was obtained from all partici-
pants under the compliance of the corresponding local 
ethics committee (more info in the Scienti�c Data paper; 
Cohen-Adad et�al., 2021b). The spine-generic protocol 
3T MRI data were acquired once for each participant. 
Siemens scanners were used in 180 (67.41%) acquisi-
tions, Philips scanners in 50 (18.72%) acquisitions, and 
GE scanners in 37 (13.87%) acquisitions. 3D T1w scans 
were utilized to estimate cerebral volumes and cortical 
thicknesses. 3D T2w scans were utilized to assess the 
cross-sectional area (CSA) of the cervical spinal cord 
(SC). Axial T2*w scans were utilized to estimate the CSA 
of white (WM) and gray (GM) matter of the cervical SC. 
Diffusion weighted imaging was utilized to estimate dif-
fusion tensor imaging (DTI) and the corresponding 
microstructural maps for the cervical SC. GRE-T1w, 
GRE-MT1, and GRE-MT0 scans were used to derive the 
magnetization transfer ratio (MTR) maps in the cervical 
SC. More detailed information about protocol settings 
and scanner subtypes can be found in the spine-generic  
protocol original papers (Cohen-Adad et� al., 2021a, 
2021b).

2.2.  Image analysis

The same image processing pipeline was employed here, 
utilizing the Spinal Cord Toolbox (SCT) version 6.1 (De 
Leener et�al., 2017), as developed originally for the spine-
generic protocol (Cohen-Adad et�al., 2021a, 2021b). The 
spine-generic database (Cohen-Adad et� al., 2021b) 
includes manual SC and/or WM/GM segmentation and 
cervical level labeling for MRI scans where the automated 
segmentation and/or labeling methods were inaccurate. In 
cases where manual segmentation existed, we used the 
existing manual segmentation to secure result reproduc-
ibility and reliability. CSA of the whole SC (CSA-SC) was 
computed and averaged from cervical C3-4 vertebral lev-
els of the 3D T2w scan. CSA of WM and GM structures 
(CSA-WM, CSA-GM) was computed and averaged from 
cervical C3-4 levels of the axial T2*w scan. C3-4 levels 

were selected for CSA measurements since the T2*w imag-
ing protocol had set the center of the �eld of view at the 
C3/4 disk and because C3-4 levels still contain the most 
sensory and motor �ber bundles. C3- 4 average represents 
a robust representative morphological measurement as 
the CSA demonstrates high intra-individual correlation over 
segments (Healy et� al., 2012; Kameyama et� al., 1996), 
although the absolute CSA values inter-individually vary 
(Cohen-Adad et�al., 2021b). All CSA measurements were 
measured in mm2 units. Fractional anisotropy (FA), mean 
diffusivity (MD), radial diffusivity (RD), and MTR were esti-
mated from cervical C2-5 vertebral levels for WM, GM, 
bilateral lateral corticospinal tracts, and bilateral dorsal col-
umns utilizing the PAM50 atlas co-registration and weighted 
average techniques (Lévy et�al., 2015). The C2-5 segment 
range was selected for DTI and MTR averaging to guar-
antee the robustness of the tract-speci�c measurements 
with minimal partial volume effects (Lévy et�al., 2015).

Brain volume was segmented and parceled at partial 
sub-structures from 3D T1w scans with FreeSurfer ver. 7.2 
(Fischl, 2012). All FreeSurfer-based brain imaging results 
were visually reviewed for accuracy and any inaccurate 
segmentations were �xed. During initial post- processing, 
112 scans (46.86%) had inaccurate segmentation. Correc-
tions were performed using FreeSurfer edits (i.e., control 
points, pial edits, both control points and pial edits, and 
recon-all interventions), AFNI’s (Analysis of Functional 
NeuroImages) 3dUni�ze tool (Cox, 1996), and/or lesion �ll 
using ITK-SNAP (Yushkevich et� al., 2006) and FSL 
(Battaglini et�al., 2012; Jenkinson et�al., 2012). The lesion 
�ll was utilized for one scan (sub-mountSinai01) where 
minor white matter hypo-intensities were present. Volumes 
of brain (BrainVol), brain GM (BrainGMVol), cortical GM 
(CorticalGMVol), cortical WM (CorticalWMVol), subcortical 
GM (SubCortGMVol, including amygdala, caudate,  
hippocampus, nucleus accumbens, pallidum, putamen, 
thalamus, ventral diencephalon, and substancia nigra), 
thalamus (ThalamusVol), cerebellum (CerebellumVol), 
brainstem (BrainStemVol), precentral cortex GM (Precen-
tralGMVol), postcentral cortex GM (PostcentralGMVol), 
and intracranial volume (ICV) were measured from the 
FreeSurfer segmentations in mm3 units. A sub-analysis 
also utilized brain volume measurements as relative ratios 
of the whole ICV. Cortical thickness (cortical thickness), 
thickness of the precentral (PrecentralG Thickness), and 
postcentral gyrus (PostcentralG Thickness) were averaged 
across the left and right hemispheres as derived from the 
surface-based cortical parcellation. Precentral and post-
central cortices, motor and somatosensory cerebral cen-
ters, were investigated because the majority of the cervical 
SC WM cross-section are the motor and somatosensory 
pathways.
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2.3.  Exclusion of spinal cord and brain structural 
measurements

Spinal cord images were analyzed for all 267 participants. 
Cross-sectional area of SC (CSA-SC) was not estimated 
for four participants (listed in the category “csa_t2” in 
exclude.yml �le, which contains the excluded subject ID 
and the verbal explanation of the exclusion; 1.50% of the 
dataset), CSA of WM and GM (CSA-WM and CSA-GM, 
respectively) was not estimated for four different partici-
pants (category “csa_gm” in the exclude.yml �le; 1.50%), 
DTI measurements were not estimated for four partici-
pants (categories “dti_fa,” “dti_md,” and “dti_rd” in the 
exclude.yml �le; 1.50%), and MTR measurements were 
not estimated for �ve participants (category “mtr” in the 
exclude.yml �le; 1.87%). The exclude.yml �le is available 
at: https://github​.com​/spine​-generic​/data​-multi​-subject​
/blob​/r20231212​/exclude​.yml. The most common rea-
sons for SC measurement exclusions were (i) motion arti-
facts, (ii) subject repositioning during data acquisition, (iii) 
poor data quality, (iv) wrong �eld of view placement, or (v) 
not following required imaging parameters. The analysis 
excluded all CSA, DTI, and MTR SC measurements for 
one additional subject (sub-mniS05; 0.37% of the data-
set) due to severe degenerative cervical SC compression 
(maximal compression at C3/C4 level).

We analyzed brain images from 239 participants 
(89.51% of the dataset). We excluded T1w scans of 28 
participants (10.49%) from the analysis because the 
images demonstrated �eld of view cutoffs (18 scans; 
6.74%), defacing errors (5 scans; 1.87%), poor image 
contrast in superior cerebral regions (4 scans; 1.50%), 
and severe motion artifacts (1 scan; 0.37%). Excluded 
brain scans are listed in the exclude.yml �le as the cate-
gory “brain_t1.”

2.4.  Body mass measurements

Body mass index (Nuttall, 2015), body surface area (Du 
Bois & Du Bois, 1989), and lean body weight (James, 
1976) were estimated utilizing body height and weight 
measurements.

2.5.  Effect of ICV normalization on cross- sectional 
brain volume measurements

Let x be a region-speci�c brain volume measurement. If x 
�' ICV (e.g., ThalamusVol), then a normalized brain vol-
ume xnorm�=�x/ICV becomes proportional to ICV -1 and an 
effect of the underlying region-speci�c brain structure 
can be minimized in the normalized volume measure-
ment. In the statistical analysis, we correlated xnorm with 
original x [mm3] and ICV-1 to test whether xnorm preserves 

more information about x or ICV. We also correlated x and 
xnorm with body size and assessed outcome differences.

2.6.  Statistical analysis

Statistical analysis and �gure visualization were imple-
mented in the programming environment MATLAB 
R2021b (Natick, USA). Each variable or log(variable) was 
normalized into the space of the normal distribution and 
the Kruskall–Wallis test tested whether investigated vari-
ables meet conditions for Gaussian or log-Gaussian dis-
tribution (p� <� 0.05). Between-group differences were 
tested with two-sample or paired t-tests. Correlation 
analysis utilized Pearson (r) and Spearman (�U) correlation 
coef�cients, considering correlation to be signi�cant if 
pFWE�<�0.05 (FWE—family-wise error correction) after the 
Bonferroni multiple-comparison correction. Correlation 
coef�cients were estimated for raw and normalized data-
set values, where the manufacturer-speci�c average was 
subtracted from all SC quantitative measurements to 
minimize the effects of the previously reported inter-
manufacturer variability in the spine-generic dataset 
(Cohen-Adad et�al., 2021b). For SC DTI and MTR correla-
tion analysis, GE scanner raw values were excluded (i.e., 
13.87% of the dataset) due to strong offsets compared 
with Siemens and Philips scanner values. SC qMRI mea-
surements, FreeSurfer-based brain measurements, age, 
body height, and body weight were cross- correlated, and 
signi�cant correlations (after the Bonferroni correction) 
were identi�ed. The dataset was split into males and 
females and the correlation analysis was post-hoc 
repeated to address sex effects in the data demonstrat-
ing signi�cant correlations. Due to the reduced sample 
size at half, the uncorrected p�<�0.05 was considered sig-
ni�cant in the post- hoc analysis investigating the sex 
effects. The correlation analysis was also post-hoc 
repeated for SC measurements while excluding all 64 
subjects with degenerative cervical SC compression (as 
identi�ed in the spine-generic database; r20231212) to 
test for the compression effects on the study outcomes. 
The critical pFWE�<�0.05 remained here, although the data-
set was reduced to 76% of its original size.

Manufacturer-speci�c average was subtracted from 
all SC structural measurements. Then, all multivariate 
data were normalized to mean�=�0 and standard deviation 
STD� =� 1 for each examined variable. Such normalized 
data formed an input matrix for exploratory principal 
component analysis (PCA) optimized via singular value 
decomposition. Variables were visualized in the space of 
orthogonal principal components via biplot projections, 
and between-variable relationships were quanti�ed and 
interpreted in the rotated principal space explaining the 
majority of the data variance.

https://github.com/spine-generic/data-multi-subject/blob/r20231212/exclude.yml
https://github.com/spine-generic/data-multi-subject/blob/r20231212/exclude.yml
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Several linear regression models (Eqs.�1–14) were esti-
mated for the SC and brain structural measurements (y ) 
demonstrating signi�cant correlation with age, ICV, body 
height, and/or body weight, respectively. Models’ coef�-
cients of determination (R2) objectively assessed which 
demographic variable or set of demographic variables 
explained most of the demography-related variance in the 
SC and brain structure. Models utilizing simultaneous 
regression of body height and body weight were not uti-
lized as body height and weight are strongly linearly 
dependent variables. The variable y0 represents the mod-
el’s constant member, the �Ú parameters are model regres-
sion coef�cients (Eqs.�1–14). Categorical variable Sex was 
modeled as a vector of values 0.5 at positions of males 
and of values -0.5 at positions of females. Manufacturer-
speci�c average was subtracted from all SC structural 
measurements before the regression analysis.

	 y �� y0 + �� Age· Age 	 (1)

	 y �� y0 + ��Sex ·Sex 	 (2)

	 y �� y0 + ��Height ·Height 	 (3)

	 y �� y0 + ��Weight ·Weight 	 (4)

	 y �� y0 + �� ICV · ICV 	 (5)

	 y �� y0 + ��Sex ·Sex + �� Age· Age 	 (6)

	 y �� y0 + ��Sex ·Sex + ��Height ·Height 	 (7)

	 y �� y0 + ��Sex ·Sex + ��Weight ·Weight 	 (8)

	 y �� y0 + ��Sex·Sex + �� ICV · ICV 	 (9)

	 y �� y0 + ��Sex ·Sex + �� Age· Age + ��Height ·Height 	 (10)

	 y �� y0 + ��Sex ·Sex + �� Age· Age + ��Weight ·Weight 	 (11)

	 y �� y0 + ��Sex·Sex + �� Age· Age + �� ICV · ICV 	 (12)

Table�1.  Demography and intracranial volume of recruited cohort.

All Female Male p-value

Number of subjects 267 125 (46.82%) 142 (53.18%)
Age [years] 30.1��r�6.6 (19.0–56.0) 29.4��r�6.4 (20.0–56.0) 30.6��r�6.7 (19.0–56.0) 0.1537
Height [cm] 172.1��r�10.0 (148.0–203.0) 164.9��r�6.5 (148.0–185.0) 178.5��r�8.0 (161.0–203.0) <0.0001
Weight [kg] 68.3��r�13.4 (41.0–120.0) 59.5��r�9.7 (41.0–86.0) 76.0��r�11.4 (55.0–120.0) <0.0001
BMI [kg/m 2] 22.9��r�3.3 (16.6–35.5) 21.9��r�3.5 (16.6–35.5) 23.8��r�2.8 (18.6–35.1) <0.0001
BSA [m2] 1.80��r�0.21 (1.35–2.42) 1.65��r�0.13 (1.35–2.01) 1.94��r�0.17 (1.60–2.42) <0.0001
LBW [kg] 52.5��r�10.0 (33.5–78.1) 44.0��r�4.5 (33.5–56.0) 60.2��r�6.8 (46.2–78.1) <0.0001
ICV [*106�mm3] 1.48��r�0.23 (0.95–2.10) 1.34��r�0.18 (0.95–1.72) 1.59��r�0.20 (0.99–2.10) <0.0001

Cell values are as follows: mean��r�standard deviation (minimum–maximum). P-value was derived from a two-sample t-test comparing 
variable distributions between females and males.
BMI, body mass index; BSA, body surface area; LBW, lean body weight; ICV, intracranial volume.

y �� y0 + ��Sex·Sex + �� Age· Age + �� ICV · ICV + ��Height ·Height 	
(13)

y �� y0 + ��Sex·Sex + �� Age· Age + �� ICV · ICV + ��Weight ·Weight 	
(14)

Stepwise linear regression was also performed utiliz-
ing the same variables as in the Eqs.�1–14. The threshold 
p-value to consider a variable as statistically signi�cant 
for the multiple linear regression model was p�<�0.05.

3.  RESULTS

3.1.  Study cohort demography

Structural MRI data were acquired in a cohort of 267 neu-
rologically healthy (self-reported) volunteers whose demo-
graphic data and intracranial volumes are summarized in 
Table�1. There was no signi�cant difference in age between 
females and males, but body height, weight, BMI, body 
surface area (BSA), lean body weight (LBW), and ICV dif-
fered (Table� 1). Female dataset provided slightly lower 
variance in age, body height, body weight, BSA, LBW, 
and ICV, and slightly higher variance in BMI (Table�1). All 
subject-speci�c demographic data are available at: 
https://github​.com​/spine​-generic​/data​-multi​-subject ​
/blob​/r20231212​/participants​.tsv . Body height and weight 
were signi�cantly intercorrelated (Pearson correlation 
coef�cient r� =� 0.702). ICV correlated signi�cantly with 
body height (r�=�0.463) and weight (0.357). However, the 
correlation coef�cient magnitudes shows that ICV and 
body size were also carrying portions of mutually inde-
pendent information. Moreover, only correlation between 
ICV and body height in males survived signi�cance when 
the dataset was split regarding the sex (Table�2).

The 112 subjects (42 / 37.5% females) with manual edits 
necessary in brain image analysis were about 2� years 
younger (p�=�0.0063; non-edited 31��r�6 years; edited 29��r�7 
years), 5�cm taller (p�=�0.0007; non-edited 170� �r�10�cm; 

https://github.com/spine-generic/data-multi-subject/blob/r20231212/participants.tsv
https://github.com/spine-generic/data-multi-subject/blob/r20231212/participants.tsv
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Table�2.  Pearson correlation coef�cients between body size, age, spinal cord structure, brain structure, and intracranial 
volume, and post hoc sex effects in the correlation analysis.

CSA, cross-sectional area; SC, spinal cord; WM, white matter; GM, gray matter; Vol, volume. The correlation analysis on non-normalized 
data identi�ed a list of variable pairs with a correlation coef�cient of p FWE�<�0.05. The �nal list here only selects the variable pairs with 
a signi�cant post hoc Pearson correlation coef�cient (uncorrected p�<�0.05 in at least one sex- speci�c sub- dataset (i.e., female and/or 
male). Insigni�cant correlation coef�cients, which did not meet the post hoc condition uncorrected p�<�0.05, are written with gray font. 
Positive correlation coef�cients (p�<�0.05) are visualized as a yellow–orange–pink–red shade of the table background. Negative correla-
tion coef�cients (p�<�0.05) are visualized as a light blue–blue shade of the table background. CSA was measured as averages between 
C3-C4 segments. DTI and MTR were calculated as averages between C2-C5 segments. The column denoted “Original values” reports 
correlation coef�cients for raw measurements with no normalization procedure prior to the correlation analysis. The column denoted 
“Manufacturer-speci�c normalized SC measures” reports correlation coef�cients for SC structural measurements, which were normalized 
to zero mean for each scanner manufacturer before correlation analysis. Empty cells in the right half of the table represent combinations 
where no updated correlation coef�cients were measured, because the utilized normalization of SC structural measurements had no 
effect on these correlation coef�cients. Brain structural measurements were not considered necessary to normalize as we did not observe 
strong scanner-related effects in brain macrostructural measurements.
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edited 175��r�10�cm), with 0.06�m 2 higher BSA (p�=�0.0276) 
and 3� kg higher LBW (p� =� 0.0237). Body weight 
(p�=�0.1848), BMI (p�=�0.4393), and ICV (p�=�0.0719; non-
edited [1.45��r 0.22]*106�mm3; edited [1.51��r 0.24]*106�mm3) 
did not differ. Most variables that differed appear propor -
tional to the higher frequency of manual edits in male 
brain scans. Seventy-seven of the 112 manually edited 
scans were acquired with the Siemens MRI scanner 
(49% of the Siemens scans), 18 of the 112 with the 
Philips scanner (37%), and 17 of the 112 with the GE 
scanner (52%).

3.2.  Minimal impact of manual segmentation edits 
on accuracy of brain morphology

BrainGMVol was higher at about 27000�mm 3 (estimated 
error (Eq.�15) +3.8%; p�=�0.0182) in males and 26400�mm3 
(error +2.8%; p�=�0.0056) in females. CorticalGMVol was 
higher at about 25600�mm 3 (error +4.2%; p�=�0.0061) in 
males and 23500� mm3 (error +5.0%; p� =� 0.0028) in 
females. PrecentralGMVol was higher at about 1400�mm 3 
(error +5.1%; p� =� 0.0203) in males. Cortical thickness 
was higher at about 0.04�mm (error +1.5%; p�=�0.0349) in 
females. Note that the detected mm thickness error is 
markedly below the imaging spatial resolution. Otherwise, 
no differences were observed in brain morphology mea-
surements regarding non-edited and manually edited 
results (Supplementary Table�S1). Because all detected 
errors were �d5%, we conclude a minimal impact of the 
utilized manual edits on brain morphology measure-
ments. Contrary, the errors would be much larger without 
the editing.

error = 200 *(edited_mean �� non-edited_mean)/
(edited_mean + non-edited_mean). 	

(15)

3.3.  Gaussianity of demographic and structural  
MRI data

Age demonstrated log-Gaussian distribution. Body 
height demonstrated neither Gaussian (p�=�0.0089) nor 
log-Gaussian (p� =� 0.0259) distributions. Body weight, 
BMI, all CSA measurements, all SC DTI measurements, 
and all brain morphological measurements demonstrated 
Gaussian distributions. All SC MTR measurements 
demonstrated neither Gaussian (p� <� 0.0086) nor log-
Gaussian (p�<�0.0009) distributions.

3.4.  Body size interacts with the structure of spinal 
cord white matter

CSA of SC (CSA-SC) was correlated moderately with body 
height (r� =� 0.355; Fig.� 1; Table� 2), and this correlation 

strength was higher for the CSA-WM subregion (r�=�0.437; 
Fig.� 1; Table� 2). CSA-SC and CSA-WM demonstrated 
minimal differences between scanner manufacturers 
(Fig.� 1). Thus, the same correlation patterns for height 
were preserved even when manufacturer-speci�c aver -
ages of CSA-SC or CSA-WM were subtracted from cor -
responding CSA measurements prior to the correlation 
analysis in order to normalize data across scanners 
(Table� 2). The correlation between body height and 
CSA-SC/CSA-WM remained signi�cant even when the 
dataset was split into males and females (Table�2). Body 
weight was correlated weakly with CSA-SC (r� =� 0.261) 
and CSA-WM (r� =� 0.274). In addition, this correlation 
was not signi�cant when the dataset was split into males 
and females (Supplementary Table� S2). CSA-GM was  
not correlated with body size (Fig.� 1; Supplementary 
Table�S2). The CSA-GM measured on Philips scanners 
demonstrated a lower mean offset than for data obtained 
on Siemens and GE scanners (Fig.�1; p�<�0.0001). Neither 
CSA measurement (i.e., SC, WM, GM) was correlated 
with age (Fig.�1; Supplementary Table�S2). Overall, body 
height is the demographic variable driving the impact on 
CSA-WM and explaining the majority of demography-
related variability in CSA measurements (Fig.�2b; Supple-
mentary Table� S3). ICV correlated with CSA-WM and 
CSA-SC less profoundly than body height (Fig.�1; Table�2; 
Supplementary Fig.�S1).

GE-scanner-derived DTI and MTR measurements sig-
ni�cantly differed from Siemens and Philips scanners 
(Fig.�3; p�<�0.0001). Therefore, GE scanner microstruc-
tural measurements (13.87% of the dataset) were not 
included in correlation analyses that did not use 
manufacturer-speci�c normalized microstructural values 
(Table�2). Body weight was correlated weakly with mean 
diffusivity (MD) in the WM region (r� =� -0.200; Fig.� 3; 
Table�2; Supplementary Fig.�S2) and bilateral dorsal col-
umns (DC, r� =� -0.207; Supplementary Fig.� S3). Body 
weight was not signi�cantly correlated to MD for females 
(Table�2). No investigated DTI measures (i.e., MD, FA or 
RD) were correlated to body size when extracted from the 
GM region (Supplementary Fig.� S4) or bilateral lateral 
corticospinal tracts (LCST; Supplementary Fig.� S5). 
CSA-WM and SC FA were correlated weakly in DC 
(r�=�-0.247) and LCST (r�=�-0.224). Body weight was cor-
related weakly to MTR in WM (r� =� -0.225, Fig.� 3), DC 
(r�=�-0.231; Supplementary Fig.�S6), and LCST (r�=�-0.200; 
Supplementary Fig.�S6), and not correlated to MTR in GM 
(Supplementary Fig.�S6). The correlation between body 
weight and MTR remained signi�cant, even when the 
dataset was split into males and females (Table�2). When 
the dataset was normalized for each manufacturer and 
values from GE scanners were included in the analysis, 
the correlation values remained almost identical (Table�2). 
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This �nding signi�es that the observed effect remained 
identical but had slightly higher power due to the larger 
sample size (added 37 samples; +13.87%). The correlation 
analysis revealed no aging effects in DTI (-0.004� �t 
r��t�-0.099) or MTR (-0.047��t�r� �t -0.094) measures (Sup-
plementary Figs.� S2–S6) in our sample. However, the 
exploratory principal component analysis showed small 
effects in mutual covariance (Fig.�7d). Linear regression 
analysis showed that body weight explained the majority 
of the demography-related variance in our young adult 
sample DTI and MTR measurements (Supplementary 
Table�S3).

3.5.  Body height, ICV, and age interact with brain 
morphology

Body height was correlated moderately with several 
cerebral volumes (r�=�0.54��r�0.06; 0.434��d�r��d�0.622), that 
is, volumes of the brain, brain GM, cortical GM, cortical 
WM, subcortical GM, thalamus, cerebellum, brainstem, 
precentral GM, and postcentral GM (Figs.�4 and 5a). The 
vast majority of correlations with body height remained 
signi�cant even after the dataset was split to males and 
females, except for the volumes of cortical WM, subcor -
tical GM, precentral GM, and postcentral GM in females 

Fig.�1.  Cross-sectional area of spinal cord white matter correlates with body height and weight. CSA, cross- sectional 
area; SC, spinal cord; WM, white matter; GM, gray matter; r, Pearson correlation coef�cient; �U, Spearman correlation 
coef�cient. All spinal cord measurements were averaged from cervical C3- 4 levels. Regression lines (i.e., the dashed 
black lines) were estimated from all available data points. Plots with statistically signi�cant correlation (p FWE�<�0.05) are 
highlighted with yellow background, and corresponding r and �U values are highlighted with black bold font.
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(Table� 2). The body height interacted most profoundly 
with the cortical GM volume (Fig.�2b).

Body weight demonstrated weaker correlations in all 
the cortical regions that correlated moderately with body 
height (r�=�0.37� �r� 0.07; Figs.�4 and 5a; Supplementary 
Table� S2). The only signi�cant correlation that survived 
the dataset split to males and females was brainstem vol-
ume in males (Table�2).

Body height or body weight was not correlated with 
total cortical, precentral gyrus, and postcentral gyrus 
thicknesses (Fig.�5a).

ICV correlated with brain morphology more profoundly 
than body height (Table�2; Figs.�4 and 5a; Supplementary 
Fig.�S1). Yet, regarding the low-to-moderate correlation 
coef�cients between ICV and body size (Table� 2), we 
assume that ICV and body size do not share entropy 

Fig.�2.  Pearson correlation coef�cient maps showing interactions between body height and morphology of the central 
nervous system. (a) Representative image of brain and spinal cord (SC) anatomy. The brain scan shows cortical gray 
matter (GM), cerebral white matter (WM), subcortical GM structures, brainstem, and cerebellum. The axial SC scan shows 
the WM and GM anatomy at the C3/C4 level. Image orientation is described in (a): A, anterior; P, posterior; S, superior;  
I, Inferior; L, left; and R, right. (b) Pearson correlation coef�cient between body height and (i) cortical GM volume,  
(ii) cerebral WM volume, (iii) subcortical GM structure volume, (iv) brainstem volume, (v) cerebellar volume, and  
(vi) cross-sectional area (CSA) of cervical SC WM at C3/C4 level. The colormap for the correlation values is shown in the 
left bottom corner of the �gure. All correlations are signi�cant (p FWE�<�0.05). Regarding the investigated list of structures, 
body height demonstrated the strongest correlation with the cortical GM volume. (c) Pearson correlation coef�cient 
between the CSA of cervical WM at C3/C4 level and (i) cortical GM volume, (ii) cerebral WM volume, (iii) subcortical GM 
structure volume, (iv) brainstem volume, and (v) cerebellar volume. The colormap for the correlation values is shown in 
the left bottom corner of the �gure. All correlations are signi�cant (p FWE�<�0.05). The correlation map shows a descending 
gradient from the brainstem through subcortical GM structures and cerebral WM to cortical GM. The gradient may be 
driven by the increasing distance to the cervical SC level and decreasing relative volume of common tract pathways. 
The cerebellum shows the lowest, yet signi�cant, correlation level. This �nding may be explained by the fact that the 
cerebrum is more strongly and directly interconnected to the peripheral nervous system via SC than the cerebellum, with 
spinocerebellar tracts as the primary direct connections (Chandar & Freeman, 2014; Purves et�al., 2001).
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entirely. Thus, all effects in brain morphology cannot be 
explained by ICV only.

As expected, a weak manifestation of age-related cor-
tical GM atrophy was observed in volume (r�=�-0.213) and 
thickness (r� =� -0.274) measures (Figs.� 4 and 5a). The 
aging GM atrophy effects remained signi�cant after the 
dataset split to males and females (Table�2).

Most importantly, the magnitude of linear depen-
dence between brain morphology and body height (or 
ICV) was about two- to threefold compared with the 
effects of age (Table�2, Figs.�4 and 5a). Moreover, the 

young adult dataset showed that body height and ICV 
explain more, pathology unrelated, variance in brain  
volumetry than age and sex (Supplementary Table�S3). 
Contrary, cortical thickness variance was associated 
predominantly with age (Supplementary Table�S3).

3.6.  Body size or concurrent body mass 
measurements?

BMI was highly linearly dependent on body weight (r BMI�= 
0.801). BSA and LBW were highly linearly dependent on 

Fig.�3.  Mean diffusivity and magnetization transfer ratio in spinal cord white matter correlates with body weight. GM, gray 
matter; WM, white matter; SC, spinal cord; FA, fractional anisotropy; MD, mean diffusivity; MTR, magnetization transfer 
ratio; r, Pearson correlation coef�cient; �U, Spearman correlation coef�cient. All spinal cord measurements were averaged 
from cervical C2-5 levels. Black dashed regression lines were estimated from the Siemens and Philips scanners’ data 
points. Red dotted regression lines were estimated from the GE scanner’s data points. Plots with statistically signi�cant 
correlation (pFWE�<�0.05) are highlighted with yellow background, and corresponding r and �U values are highlighted with 
black bold font.
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Fig.�4.  Brain morphology moderately correlates with body size but weakly with age. GM, gray matter; WM, white matter; Vol, 
volume; SubCort, subcortical; r, Pearson correlation coef�cient; �U , Spearman correlation coef�cient. Regression lines (i.e., the 
dashed black lines) were estimated from all available data points. Plots with statistically signi�cant correlation (p FWE�<�0.05) 
are highlighted with yellow background, and corresponding r and �U values are highlighted with black bold font.
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Fig.�5.  Cortical morphology correlates with body size, age, and cross- sectional area of the spinal cord white matter. CSA, 
cross-sectional area; SC, spinal cord; WM, white matter; GM, gray matter; PrecentralG, precentral gyrus; PostcentralG, 
postcentral gyrus; Vol, volume; r, Pearson correlation coef�cient; �U, Spearman correlation coef�cient. Regression lines 
(i.e., the dashed black lines) were estimated from all available data points. Plots with statistically signi�cant correlation 
(pFWE�<�0.05) are highlighted with yellow background, and corresponding r and �U values are highlighted with black bold 
font. (a) Graphs demonstrate correlations with body size and age. (b) Graphs demonstrate correlation with CSA measured 
in the SC region as averages from cervical C3-4 levels.
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body height (rBSA�=�0.864; rLBW�=�0.867) and weight (rBSA�= 
0.964; rLBW�=�0.933), favoring effects of the weight against 
the height in the �nal measurement. Therefore, neither 
BMI, BSA, and LBW demonstrated higher linear depen-
dence effects with CNS morphology than were observed 
for the body height (Supplementary Figs.�S7–S9 vs. Figs.�1; 
4 and 5a). BMI, BSA, and LBW do not seem to increase 
correlation magnitude with SC MTR when compared with 
body weight (Supplementary Fig.�S10 vs. Fig.�3). However, 
LBW may increase the correlation magnitude with SC DTI 
(Supplementary Fig.�S10 vs. Fig.�3).

3.7.  Body size and ICV improve prediction of CNS 
structure

Linear regression of age itself explained only 2� �r�2% of 
investigated CNS morphology variance (Supplementary 
Table� S3). Utilizing body height (R2� =� 27� �r� 8%), sex 
(R2� =� 24� �r� 10%), or ICV (R2� =� 36� �r� 16%) separately 
explained a signi�cant portion of variance in CNS mor -
phology (Supplementary Table� S3). However, the 
amount of explained variance in CNS morphology was 
maximized when a linear mixture of all four variables 
was modeled together (R2�=�46� �r�17%; Supplementary 
Table� S3). Stepwise linear regression identi�ed age, 
body height, and ICV as signi�cant variables determin-
ing investigated CNS morphological measurements 
(R2�=�45� �r�17%; Table�3). Sex was an additional signi�-
cant variable in predictions of cerebellar, brainstem, and 
subcortical GM volumes (Table�3). Pearson correlation 
coef�cient between measured and predicted CNS mor -
phology increased from r�=�0.58� �r�0.15 to r�=�0.66� �r�0.13 
when compared with ICV correlations (Table�3). Utilizing 
male dataset only, the identi�ed set of signi�cant vari-
ables predicting CNS morphology remained very similar. 
Additionally, body weight was identi�ed as an additional 
variable in some measurements. Explained CNS mor-
phology variance was R2�=�38 �r�18% and the Pearson 
correlation coef�cient increased from r�=�0.52� �r�0.16 to 
r� =� 0.60� �r� 0.16 when compared with ICV correlations 
(Supplementary Table�S4). Utilizing female dataset only, 
the identi�ed set of signi�cant variables predicting CNS 
morphology remained very similar to male and both sex 
models. However, the explained variance was only 
20� �r� 9% and the correlation coef�cient increase was 
from r� =� 0.31� �r� 0.15 to r� =� 0.43� �r� 0.11, suggesting 
unidenti�ed biological factor/s further determining the 
CNS morphology in young adult females (Supplemen-
tary Table�S5).

Body weight explained �5% variance in SC micro-
structure measured with DTI or MTR (Table� 3; Supple-
mentary Tables�S3–S5). When the dataset was split into 
males or females only, body weight was not identi�ed  

as a signi�cant variable determining DTI (Supplementary 
Tables�S4 and S5). Age explained �8% variance in corti-
cal thickness measurements (Table� 3; Supplementary 
Tables�S3–S5).

CNS structural measurements and root mean square 
errors (RMSE) of all model predictions are listed in 
Table� 3 and Supplementary Tables� S4 and S5. In all 
cases, the RMSE was lower than standard deviation of 
the structural measurement (Table� 3; Supplementary 
Tables�S4 and S5).

3.8.  Cross-sectional area of spinal cord white 
matter interacts with brain morphology

CSA-SC (r�=�0.38��r�0.09; 0.240��d�r��d�0.575) and CSA-WM 
(r�=�0.48��r�0.07; 0.389��d�r��d�0.640) were correlated mod-
erately with the investigated brain volumes, that is, vol-
umes of the brain, brain GM, cortical GM, cortical WM, 
subcortical GM, thalamus, cerebellum, brainstem, pre-
central GM, and postcentral GM (Figs.� 5b and 6 ; 
Table�2). Compared with CSA-SC, correlation strengths 
were higher for CSA-WM (Figs.� 5b and 6; Table� 2). 
CSA-GM was correlated weakly with the volume of the 
brain, cortical WM, subcortical GM, and brainstem, but 
the strength of these correlations was half weaker than 
those observed for CSA-SC and CSA-WM (Fig.� 6; 
Table�2). All CSA-WM and most of the other observed 
correlations remained signi�cant after the dataset split 
to females and males (Table�2) or when SC data were 
normalized (zero mean) for each manufacturer prior to 
correlation analysis (Table�2). CSA-WM was the primary 
marker de�ning the correlations with the brain volumes. 
There was a descending gradient of the CSA-WM cor-
relation from the brainstem to subcortical GM and then 
cortical WM to the cortical GM (Fig.�2c). All these cor -
relations were higher than the correlation with the vol-
ume of the cerebellum (Fig.�2c). Yet, even the correlation 
between CSA-WM and cerebellum volume was signi�-
cant (Figs.�2c and 6).

CSA-SC (r�=�0.211) and CSA-WM (r�=�0.252) were cor-
related weakly with the thickness of the precentral gyrus 
(Fig.�5b). The correlations remained signi�cant after the 
dataset split to females and males (Table�2). However, the 
correlations disappeared when SC data were normalized 
before correlation analysis (Table� 2). CSA-GM was not 
correlated with any utilized cortical thickness measure-
ment (Fig.�5b).

3.9.  Brain morphology and spinal cord 
microstructure are not related

No correlations were detected between SC WM/GM 
microstructure and cerebral volumes (i.e., total brain, brain 
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GM, cortical GM, cortical WM, subcortical GM, thalamus, 
cerebellum, brainstem, precentral GM, and postcentral 
GM) or cortical thickness (Supplementary Figs.�S11–S12), 
and between thickness measurements and DTI/MTR mea-
surements, even if the SC ROIs were limited to the bilateral 
LCST or DC (Supplementary Figs.�S13–S15).

3.10.  ICV normalization of brain volumes 
emphasizes ICV information in the measurements

ICV normalization of volumes of different brain regions 
reduced correlation levels with body height and weight 
(Supplementary Fig.�S16 vs. Figs.�4 and 5a). But the nor-
malization also reduced variance/entropy about the brain 
structure itself in the measurement because the normal-
ized brain volumes (xnorm) correlated more strongly with 
ICV-1 (r�=�0.72��r�0.07; min 0.58; max 0.83; Supplementary 
Fig.�S16) than with original volumes (x; r�=�0.12��r�0.19; min 
-0.14; max 0.42). Moreover, the ICV normalization empha-
sized scanner effects in the brain volume measurements. 
ICV normalization of brain volumes generated a distinct 
cluster of GE measurements (Supplementary Fig.� S16) 
that was not observed in non-normalized brain volume 
measurements (Figs.�4 and 5a). Both brain volumes and 
ICV were measured with FreeSurfer v7.2. In 14 (8.9%) Sie-
mens and 4 (8.2%) Philips T1w scans, ICV was estimated 
lower than the unnormalized brain volume. Therefore, the 
Freesurfer software provided unphysiological normalized 
brain volumes >100% in such scans (Supplementary 
Fig.�S16). The utilized brain and intracranial volume vari-
ables are called BrainSegVol and eITV in the FreeSurfer 
software. Further detail origin of such software error is 
unknown to us at the moment. Image visual inspection did 
not identify any obvious pitfall in these 18 cases.

3.11.  Scanner-related effects on SC structural 
measurements

CSA-SC and CSA-WM offsets differed minimally 
between manufacturers (Figs.� 1; 5b and 6). CSA-GM 
measurements on Philips scanners were signi�cantly 
lower than CSA-GM measurements from Siemens and 
GE scanners (Figs.�1; 5b and 6; p�<�0.0001). Additional 
discussion about this speci�c CSA- GM issue can be 
found in Cohen-Adad et�al. (2021b). Data normalization 
before correlation analysis mainly decreased the correla-
tion strengths in all CSA measures (without normaliza-
tion: r =�0.348� �r 0.127; with normalization r = 0.313 �r 
0.128; Table� 2; paired t-test p� <� 0.0001). This �nding 
underlines the importance of adjusting for scanner-
related variability in CSA measurements to minimize 
risks of false positive results due to scanner-related data 
trends.

All microstructural measurements obtained with GE 
scanners showed signi�cant offsets compared with those 
from Siemens and Philips scanners (Fig.�3; Supplemen-
tary Figs.�S2–S6 and S10–S15; p�<�0.0001). The differ-
ences had a direct impact on correlation analyses. 
Therefore, we performed correlation analyses of original 
values without GE values and correlation analyses of nor-
malized values utilizing all scanners’ data. Correlation 
analyses were stable and comparable in the magnitude 
of correlation coef�cients for MTR (Table� 2) and MD 
(Table� 2). The normalized correlation analysis provided 
higher statistical power due to the larger sample size. 
Additionally, if we utilized GE data (Fig.�3) in the correla-
tion analysis without normalization, the resulting correla-
tion coef�cients for MD- SC-WM and MTR-SC-WM given 
in Table�2 would be substantially lower.

3.12.  Minimal impact of degenerative cervical 
spinal cord compression on correlation analysis

We excluded one participant with severe degenerative 
cervical SC compression that introduced outliers in SC 
structural measurements. However, the spine-generic  
database identi�es an additional 61 subjects with mild 
degenerative compression and 2 subjects with severe 
degenerative compression and radiological myelopathy 
(Valošek et� al., 2024). Analysis power decreased, but 
minimal nuances were detected in correlation coef�-
cients when tested separately on subjects without or 
with degenerative cervical SC compression (see Sup-
plementary Slides). Thus, we conclude that SC com-
pression had a minimal impact on the current study 
outcomes.

3.13.  Principal component analysis (PCA) reveals 
body–SC–brain structural links

We subtracted manufacturer-speci�c average values from 
all SC structural measurements prior to the exploratory 
analysis via PCA. PCA did not include DTI and MTR mea-
surements from bilateral LCST and DC, as the WM region 
provided analogic observations. Cerebral volumes, 
CSA-WM, body height, and ICV formed the �rst principal 
component (PC1), characterizing 44.00% of data variance 
(Fig.�7a). CSA-SC and body weight were close, yet sepa-
rated from the PC1 cluster (Fig.�7a). This �nding supports 
the previously observed body height and CSA-WM domi-
nance in the observed effects (Figs.�1–2 and 4–6; Tables�2 
and 3). Cortical thickness, MD-SC-WM, and age (negative 
effect) formed the second principal component (PC2), 
characterizing 12.06% of data variance (Fig.�7a) and pre-
senting predominantly negative aging effects in the thick-
ness measures. The PC1-PC3 projection showed that 
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Fig.�6.  Brain morphology correlates with spinal cord morphology. CSA, cross- sectional area; SC, spinal cord; WM, white 
matter; GM, gray matter; Vol, volume; SubCort, subcortical; r, Pearson correlation coef�cient; �U, Spearman correlation 
coef�cient. All SC measurements were averaged from cervical C3- 4 levels. Regression lines (i.e., the dashed black lines) 
were estimated from all available data points. Plots with statistically signi�cant correlation (p FWE�<�0.05) are highlighted with 
yellow background, and corresponding r and �U values are highlighted with black bold font.
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PC3 characterizes about 8.65% of data variance, predom-
inantly explained by CSA-GM, MD-SC-WM, and FA-
SC-GM (negative effect), that is, a link between SC GM 
morphology and SC microstructure (Fig.�7b). The PC2-PC3 
projection veri�ed that the cortical thickness variability 
predominantly forms PC2. In contrast, PC3 is predomi-

nantly formed by SC DTI and CSA-GM (Supplementary 
Fig.�S17a). PC4 explained 5.51% of unique SC DTI micro-
structural data variance, which is not present in other 
investigated modalities and investigated demographic 
measures (Fig.�7c). PC5 showed positive effects of body 
weight and age on MD-SC-WM, and negative effects of 

Fig.�7.  Exploratory visualization using biplot projections of principal components. (a) Biplot projection of 1 st and 2nd 
principal components (PCs); (b) biplot projection of 1 st and 3rd PCs; (c) biplot projection of 1 st and 4th PCs; (d) biplot 
projection of 1 st and 5th PCs. Variable vectors are visualized in each biplot projection with a color-coding characteristic for 
a corresponding variable group. Variable name abbreviations and variable color codings are described as follows. Variable 
abbreviations: ICV, intracranial volume; MD, mean diffusivity; RD, radial diffusivity; MTR, magnetization transfer ratio; SC, 
spinal cord; WM, white matter; GM, gray matter; CSA, cross-sectional area; Vol, volume; PrecentralG, precentral gyrus; 
PostcentralG, postcentral gyrus. Variable color coding: ICV, orange; demography, green; cerebral volumes, light blue; 
cortical thicknesses, yellow; SC morphometry, magenta; SC WM microstructure, red. How to read a biplot: The overall 
domain of each component axis is <-1,1>. Each variable is characterized as a vector of magnitude in the range of <0,1> 
in the biplot space. Angle 0° between the component axis and variable vector with magnitude 1 (or between two variable 
vectors both with magnitude 1) is proportional to Pearson correlation coef�cient 1. Under the same vector magnitude 
circumstances, an angle of 180° equals Pearson correlation coef�cient - 1, and angles of 90° and 270° equal Pearson 
correlation coef�cient 0. The lower magnitude of variable vectors proportionally decreases the overall linear dependence 
between vector angles close to 0° or 180°, respectively. Similarly, angle deviation from 0° or 180° also decreases the level 
of linear dependence between pairs of vectors in the biplot.
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body weight and age on MTR-SC-WM, FA-SC-GM, and 
CSA-GM. These effects explained about 4.56% of data 
variance (Figs.�3 and 7d). Simultaneously, the PC projec-
tions suggest that the impact of body weight on MTR-  and 
DTI-derived microstructure metrics might be �5% (Figs.�3  
and 7). That follows the result of explained variance in the 
regression analyses (Table� 3; Supplementary Table� S3). 
However, the positive effects of body weight on MD-
SC-WM contradict our observation of weak negative cor -
relation between body weight and SC MD (Fig.�3). PC3 and 
PC5 showed clear evidence that CSA-GM morphology 
and SC microstructure are linked, yet unrelated to cerebral 
and SC WM morphology (Fig.� 7b, d; Supplementary 
Fig.�S17a). In summary, PCA explained 75% of data vari-
ance, and roughly 25% is unexplained (Supplementary 
Fig.�S17b).

4.  DISCUSSION

The current study, using the spine-generic dataset, pres-
ents unique multi-center in vivo evidence about adult 
human cervical SC and brain, and emphasizes the fol-
lowing �ndings:

	 (i)	� Body height correlates moderately with SC WM 
and brain morphology, improves explanation of 
demography-related variance in such structural 
measurements from 26� �r�10% (range 6–37%) to 
33� �r 11% (range 12–46%) in young adults, and 
underlines the impact of such pathology unrelated 
variability in structural neuroimaging data. When 
ICV is added into the morphology modeling, the 
explained variance increases to 46� �r�17% (range 
16–69%).

	 (ii)	� The expected aging effects (Bédard & Cohen-Adad, 
2022; Fjell et� al., 2013; Heyms�eld et� al., 2009; 
Papinutto et�al., 2020; Peters, 2006; Thambisetty 
et�al., 2010) explain minimal amounts of SC and 
brain structural data variance (2� �r� 2%) in young 
adults except cortical thickness (8%).

	 (iii)	� Body height predominantly impacts cortical GM 
volume (Fig.�2b) and may even de�ne overall brain 
GM volume.

	 (iv)	� Body weight correlates weakly with SC WM MTR, 
which is in�uenced by myelin content.

	 (v)	� Body weight correlates weakly with SC WM micro-
structure assessed with DTI MD.

	 (vi)	� Body weight explains �5– 7% of DTI and MTR data 
variance.

	 (vii)	� SC WM DTI and MTR explain a signi�cant portion 
of examined dataset variance (�14–19%) and are 
nearly orthogonal to most macrostructural mea-
surements, except for the CSA-GM.

	(viii)	� Subcortical and cortical GM volumes are cor -
related with CSA-WM more profoundly than the 
cerebellar volume with a descending correlation 
gradient from the brainstem toward cortical GM 
(Fig.�2c).

	 (ix)	� Cortical WM, subcortical GM, and brainstem vol-
umes correlate with CSA-GM but much less pro-
foundly than CSA-WM.

	 (x)	� Cortical thickness of the precentral cortex cor -
relates weakly with CSA-WM.

	 (xi)	� We highlight the importance of considering the 
scanner-related effects present in SC imaging data 
(Cohen-Adad et�al., 2021a, 2021b).

	 (xii)	� We con�rm signi�cant relationships between body 
size, brain volumes/weight, and CSA-SC in line 
with previously reported results (Baaré et�al., 2001; 
Bédard & Cohen-Adad, 2022; Kameyama et� al., 
1994).

	(xiii)	� We con�rmed strong ICV effects on brain mor -
phology (Miller et�al., 2016). Moreover, we demon-
strated interactions between ICV and CSA-WM 
and that utilizing both ICV and body height can 
maximize the amount of explained variance in 
CNS morphology (i.e., brain volumetry and CSA 
measurements in the spinal cord).

	(xiv)	� We showed that ICV normalization of brain vol-
umes ampli�es ICV-related variance/entropy in all 
tested regions of interest. Moreover, the normal-
ization emphasized scanner effects.

	 (xv)	� Females showed a consistently lower level of 
association with the variables of interest compared 
with males, and thus also a lower predictive power 
of the tested linear mixture models to the brain and 
SC morphology.

4.1.  Practical impact of the current study in clinical 
neuroimaging study designs

MRI of SC structure is emerging in clinical research of 
neurodegenerative diseases and SC injuries (Badhiwala 
et� al., 2020; David et� al., 2019; de Albuquerque et� al., 
2017; Fatemi et� al., 2005; Hernandez et� al., 2022; 
Huffnagel et� al., 2019; Lema et� al., 2017; Lukas et� al., 
2013; Pisharady et� al., 2020; Querin et� al., 2017; 
Schmierer et�al., 2004; van de Stadt et�al., 2020). Micro-
structural SC MRI of neural tissue integrity aims to 
understand pathophysiological changes at the subclini-
cal or presymptomatic stage (Joers et� al., 2022; 
Labounek et�al., 2020; Martin et�al., 2018; Valošek et�al., 
2021). Quantitative MRI has made signi�cant advances 
over the past two decades for brain imaging (Ahn et�al., 
2019; Anik et� al., 2007; Appelman et� al., 2009; Asken 
et�al., 2018; Aylward et�al., 2000; Benatar et�al., 2022; 
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Fox et�al., 1996; Ginestroni et�al., 2009; Hall et�al., 2008; 
Hayakawa et� al., 2013; Kabani et� al., 2002; Kinnunen 
et�al., 2018; Masuda et�al., 2022; Reading et�al., 2005; 
Ringman et�al., 2007; Rosano et�al., 2005, 2010; Rosas 
et�al., 2006; Rovira et�al., 2001; Wade et�al., 2008), but is 
still in its early development stage when it comes to SC 
imaging. Sex matching and age matching are critical for 
any clinical neuroimaging study. Yet, we are proposing 
that mismatched variability in body size may in�uence 
imaging outcomes more profoundly than mismatched 
variability in age. Persistent marginal impact of body 
stature on brain structural and functional neuroimaging 
outcomes in the early elderly population (Alfaro-Almagro 
et� al., 2021; Miller et� al., 2016) further underlines the 
importance of our proposal. Therefore, body size needs 
to be considered in the rigor of future neuroimaging 
studies focusing on between-group differences in brain 
or SC structure to secure and guarantee the reproduc-
ibility of results. It has not been a common practice in 
design of the vast majority of current clinical studies 
focusing on brain or SC neuroimaging. An alternative 
solution in future clinical study designs can be normaliz-
ing structural measurements for body size or using body 
size as a confounding factor. In brain volume measure-
ments, for example, SIENAX (Smith et�al., 2002) or other 
kinds of normalization for the total ICV may offer an 
effective normalization method that provides reproduc-
ible results independent of body size. In the SC morphol-
ogy, SIENAX (Papinutto et�al., 2020) or the dimension of 
pontomedullary junction (B édard & Cohen-Adad, 2022) 
have been implemented to normalize the CSA measure-
ment. Yet, if possible, we conclude that body size 
matching provides a more optimal study design solution 
because we showed that body size characterizes a sig-
ni�cant portion of CNS structural information that is not 
characterized by the ICV. Simultaneously, recruitment of 
body size matched participants should be an easier clin-
ical design task than to utilize ICV matching.

4.2.  Body size, sex, neuroimaging, and CNS 
(patho-)physiology

Body height had the highest impact on brain GM and SC 
WM morphology. Body height, higher cortical volume, and 
improved cognitive ability appears to be phenotypically 
interlinked (Vuoksimaa et�al., 2018). The higher brain GM 
volumes in taller people may also explain their higher resis-
tance to Alzheimer’s disease and other dementias (Daghlas 
et�al., 2023; Jørgensen et�al., 2020; Larsson et�al., 2017). 
Gene expression could play a role here, as genetic variants 
that affect height also in�uence brain development and 
biological pathways that are involved in the development 
of Alzheimer’s disease (Larsson et�al., 2017).

Although our data showed an insigni�cant interaction 
between body weight and CNS morphology after con-
trolling for sex, body weight is known to in�uence CNS 
morphology and microstructure. Varying body weight 
showed WM and GM brain volume loss in patients with 
acute anorexia nervosa, and full WM volume and almost 
complete GM volume recoveries after the body weight 
had been regained (Seitz et�al., 2014). In the opposite 
body weight spectrum, obesity demonstrated lower 
intra-cortical myelination in regions involved in reward 
processing, attention, salience detection, and higher 
intra-cortical myelination in regions associated with 
somatosensory processing and inhibitory control (Dong 
et� al., 2021). High cumulative BMI is associated with 
smaller brain volume, larger volume of white matter 
lesions, and abnormal microstructural integrity (Lv et�al., 
2024; Ward et�al., 2005; West et�al., 2020). Increasing 
BMI changes cerebral WM microstructure assessed 
with DTI (Kullmann et� al., 2016), but direction of DTI 
parameter trends in relation to body weight varies 
between studies (Okudzhava et�al., 2022). Although pre-
cise pathophysiological processes are not well known 
today, it is certain that obesity causes neuroin�amma-
tion, thus, alters brain microstructure and increases 
risks of neurodegenerative disorders such as Alzhei-
mer’s disease and other types of dementias (Woo et�al., 
2022). Our DTI and MTR data acquired in the current 
healthy population with low-to-moderate BMI may point 
to a borderline trend between homeostasis and mild 
microstructural changes related to higher body weight. 
The negative correlation between body weight and MTR 
has also recently been reported in peripheral nerves and 
skeletal muscles (Fösleitner et�al., 2022). However, we 
cannot rule out the possibility of a transmit �eld (i.e., 
B1+) inhomogeneity-mediated bias in MTR. Although 
B1+ maps were not measured for the cervical SC in our 
study, similar to what has been observed in the brain at 
3T (Glasser et�al., 2022), we expect both B1+ inhomo-
geneity and deviation to correlate with body weight pos-
itively, hence body transmit coil loading. Typically, an 
under�ipping (i.e., reaching smaller than the desired �ip 
angle) is more likely than an over�ipping for small struc-
tures like the cervical SC in the body. MTR’s sensitivity 
to B1+ potentially exacerbates the effect of even a small 
degree of under�ipping for the MT pulse at 3T.

Body height and spinal cord length are linearly depen-
dent (r���0.6) (Fradet et�al., 2014; Zyoud et�al., 2020). We 
showed that even CSA-SC and CSA-WM are linearly 
dependent with body height. Thus, the magnitude of the 
correlation with body height would be even higher than 
observed for the CSA measurements if level-speci�c SC 
and SC WM volumes were analyzed. Although CSA val-
ues are level dependent (Cohen-Adad et�al., 2021a), the 
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impact of the C3-4 level selection on general study con-
clusions should remain minimal due to high intra-
individual CSA correlation over segments (Healy et� al., 
2012; Kameyama et�al., 1996). Different associations of 
CSA-GM and CSA-WM with other investigated variables 
may af�rm the necessity of further development of MRI 
protocols imaging SC GM in high contrast and detail 
(Cohen-Adad et�al., 2022).

Recently, the correlation between CSA-SC at C2-3 
level and body height, body weight, brain (WM/GM) vol-
umes, and thalamus volume was observed in 804 UK Bio-
bank brain imaging database participants (B édard & 
Cohen-Adad, 2022). Our current spine-generic database 
study complements the UK Biobank results and expands 
the knowledge that these observations are almost exclu-
sively SC WM related. Moreover, the current study identi-
�ed more cerebral sub- regions involved than those 
investigated in the previous study. The lateral corticospi-
nal tracts predominantly serving motor function are the 
major portion of the CSA-WM (Chandar & Freeman, 2014). 
Thus, its signi�cant correlation with precentral gyrus 
thickness (primary motor cortex) seems logical from a 
neuroanatomical perspective. SC microstructure was also 
investigated and our exploratory approach via PCA clearly 
visualizes the body–SC–brain structural relationships.

Although we showed interactions between CSA-WM 
and ICV and that ICV can explain variance in SC mor-
phology, it can often be challenging to design a neuroim-
aging study that measures both parameters. Studies 
focusing on SC pathology do not often acquire brain 
images (David et� al., 2019; Kadanka et� al., 2017; 
Ke�kovský et� al., 2012; Labounek et� al., 2020; Martin 
et�al., 2017, 2018; Nouri et�al., 2016; Valošek et�al., 2021). 
In case of the ultra-high �eld MRI (�t7T), it can even be a 
challenging task as the highly optimized SC imaging coils 
do not cover the whole brain (Lopez-Rios et�al., 2023).

Although clinical studies focusing on cerebral atrophy 
often normalize distinct brain region volumes with ICV 
(Voevodskaya et�al., 2014; Whitwell et�al., 2001; Xie et�al., 
2005) and we would usually normalize the data too, our 
cross-sectional results suggest that the normalization 
magni�es ICV information in such volume measurements. 
The ICV normalization impact on associations with neu-
rocognitive or behavioral outcomes remains unclear. ICV 
normalization �ips signs of the association with neuro-
cognitive outcomes in dementia, but does not change 
the overall association conclusion (Konstantinou et� al., 
2016; Wang et�al., 2024). The opposite sign may be an 
effect of the additional ICV-1 scaling factor. However, ICV 
normalization biases volume-based behavioral models 
(Dhamala et�al., 2022). In the spine-generic dataset, the 
Freesurfer provided higher BrainSegVol (brain volume) 
than eITV (ICV) in 18 scans. The FreeSurfer was reported 

to overestimate ICV by about 4% due to brain volume 
bias (Klasson et�al., 2018), but that does not explain our 
observed phenomena that BrainSegVol can be higher 
than eITV. Future research may assess brain volume and 
ICV with concurrent tools (Harkey et�al., 2022; Manjón & 
Coupé, 2016; Nerland et�al., 2022).

The slightly lower variance in female data may be a 
cause of the lower predictive power of the utilized linear 
mixture models to brain and SC morphology. However, 
we doubt that it would halve the predictive accuracy. 
Thus, we speculate that unidenti�ed female- speci�c bio-
logical factor(s) further determine females’ CNS morphol-
ogy. Brain structural organization differs between males 
and females, potentially due to different hormonal levels 
and gene expression (Liu et�al., 2020). Moreover, a preg-
nancy increases hormone production and induces long-
lasting reversible and irreversible changes in females’ 
brain structure (Hoekzema et�al., 2017; Pritschet et�al., 
2024). Neither hormonal, genetic, and pregnancy data 
were collected, thus impossible to test in the models with 
the current spine-generic records.

The spine-generic database (r20231212) identi�es 64 
recruited subjects with the presence of degenerative cer -
vical SC compression, with 2 of these even demonstrat-
ing radiological signs of myelopathy (Valošek et�al., 2024). 
These �ndings may represent a source of unexplained 
variance in our results, as compression and myelopathy 
are pathologies affecting CSA, DTI, and MTR measures 
(Kadanka et�al., 2017; Labounek et�al., 2020; Martin et�al., 
2018; Valošek et�al., 2021). However, we showed in the 
Supplementary Slides that the impact of the compression 
on the correlation coef�cient outcomes was minimal.

The observed negative correlation between age and 
cortical thickness and absence of correlation between 
body size and cortical thickness are in line with the litera-
ture (Frangou et� al., 2022; Sowell et� al., 2007; Tamnes 
et�al., 2010; Thambisetty et�al., 2010; Vuoksimaa et�al., 
2018). The GM volume reduction in subcortical structures 
is less profound than in the cortical GM volume and 
thickness (Fjell et�al., 2013, 2021; Narvacan et�al., 2017). 
Therefore, we may only detect low, insigni�cant trends in 
the age-related reductions of the subcortical structures 
due to an undersampled elderly population in our data-
set. SC CSA-GM is also expected to decline with age 
(Papinutto et�al., 2015), but we observed no such effects. 
Absent SC GM reduction might imply a false positive 
result due to the limited spatial resolution of the imaging 
methods, and the undersampled elderly population. It 
may also mean that the pathophysiological dynamics of 
SC GM reduction are slower than in the subcortical 
region. Yet, validating and concluding any of such state-
ments require a rigorous re-test utilizing a dataset with a 
larger sample elderly population or longitudinal follow-up.
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4.3.  Study limitations

Despite the relatively large sample size, there are still 
several limitations. First, we recruited healthy, predomi-
nantly young adults with average weight and low-to-
moderate BMI. Therefore, the negative link between age 
and SC morphology, as observable in cohorts with 
greater age variability (Bédard & Cohen-Adad, 2022; 
Ishikawa et�al., 2003; Papinutto et�al., 2015), was absent 
in our study. We found that body size impacts structural 
measurements more profoundly than age. However, this 
�nding warrants further investigation, as the moderate 
age effects may be explained by the relatively narrow 
age range and younger cohort (Heyms�eld et�al., 2009). 
However, concurrent study of 40–69-year-old adults also 
showed signi�cant impact of body size on brain neuro-
imaging data (Alfaro-Almagro et� al., 2021; Miller et� al., 
2016). ICV and head size were identi�ed as an effective 
confounding factor minimizing the body size effects in 
brain structural measurements (Alfaro-Almagro et� al., 
2021; Miller et�al., 2016). The head size is not possible to 
measure precisely from the spine-generic database, 
because the images covering the brain were manually 
defaced by deleting the facial area in images. Thus, a 
signi�cant portion of the image capturing head is miss-
ing in every scan. Yet, we employed the ICV covariate 
that is highly correlated to the head size and expected to 
be a more relevant measure for brain-related analyses 
(Miller et�al., 2016). CSA-GM, SC DTI, and SC MTR mea-
surements demonstrated scanner-related variability, 
which needs to be addressed in multi-center data acqui-
sition and analysis. Data of subjects with very low and 
high BMI may help to investigate the dependence of MTR 
and DTI measures on body weight. RF inhomogeneities 
need to be better mapped in future studies to avoid risks 
of biases in MTR outcomes. Comparison between SC 
and cerebral microstructure is impossible with the 
spine-generic database because the database does not 
contain images of brain microstructure. The current spine-
generic database version does not allow assessing the 
impact of socioeconomic and race/ethnicity status on 
obtained MRI metrics (Piccolo et�al., 2016). Relationships 
between spinal canal area (Fradet et�al., 2014), cervical 
cerebrospinal �uid area (Fradet et� al., 2014), and body 
size have not been investigated. Axial diffusivity (AD, i.e., 
another DTI metric) was not investigated. We expected 
that AD would provide similar results as observed for MD 
and RD due to expected high FA-MD-RD-AD intra-
correlation levels; therefore, we decided to shrink the 
variable space. Overall, we conclude that body height 
and weight should be suf�cient and self- explanatory 
measures of body size for the current study outcomes. 
However, future studies should measure LBW more rig-

orously than has been possible here and determine LBW 
effects on CNS microstructure. Reliable interpretation 
and additional value of our LBW and BSA association 
results may be limited because they were theoretically 
calculated utilizing body height and weight. The cross-
sectional study design limits testing of body size changes 
on the CNS over time.

5.  CONCLUSIONS

(i) We con�rmed that “Future clinical research studies 
and trials utilizing neuroimaging should include body size 
as a potential confounding biological factor to avoid bias 
in clinical outcomes.” (ii) We hypothesized that “CSA of 
cervical SC WM and GM interacts with body size and 
morphology of distinct brain structures,” but after analy-
sis we re�ne this to “CSA of cervical SC WM interacts 
with body height and morphology of distinct brain struc-
tures with a descending gradient from subcortical struc-
tures to cortical gray matter.” (iii) We hypothesized that 
“SC microstructure, as measured using MTR and DTI, 
interacts with body size,” but after analysis we re�ne this 
to “SC WM microstructure, as measured as MD and 
MTR, interacts with body weight, and more profoundly in 
dorsal columns than in lateral corticospinal tracts.” We 
con�rmed our hypotheses that (iv) “Cerebral morphol-
ogy interacts with body height more profoundly than 
with body weight and age” and that (v) “Body size 
increases the predictive power of CNS structure.”
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