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Linking obesity with white matter microstructure 
highlights the importance of brainstem tracts 
and sex differences
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While obesity (body mass index ≥ 30) has been consistently associated with white matter diffusion magnetic resonance imaging (MRI) phenotypes, 
the contributions of common obesity phenotypes on various diffusion metrics, and the moderating effects of sex and age, require further clarifica
tion. This study aims to elucidate these body–brain connections to enhance our understanding of the comorbid link between obesity and body 
anthropometrics and the brain using a large-scale dataset. We analysed cross-sectional data from 40 040 participants from the UK Biobank 
(52.2% female; ages 44–83 years) using multiple linear regression to evaluate how obesity and body anthropometrics relate to regional white matter 
diffusion tensor imaging metrics (fractional anisotropy, axial diffusivity, radial diffusivity, mean diffusivity). We also examined interactions with age 
and sex. Our analyses revealed significant associations between individual obesity phenotypes (i.e. obesity and body anthropometrics) and diffusion 
tensor imaging metrics of small effects, with partial correlation coefficient |r| effect sizes ranging from 0.02 to 0.20 for most regions of interest with 
largest effects in brainstem tracts. We observed more widespread sex-by-obesity phenotypes than age-by-obesity phenotypes interaction effects on 
diffusion tensor imaging metrics. Our results link obesity and body anthropometrics with white matter phenotypes and suggests that shared 
body fat-related pathways link physical and brain health that may vary based on sex and age. Understanding these body–brain relationships, and 
the role of age and sex, could enhance the development and evaluation of targeted, personalized, treatment strategies for brain disorders that co-occur 
with obesity, although further longitudinal and intervention studies are needed to map the causal dynamics of these associations.
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Graphical abstract

Introduction
Obesity and its associated cardiometabolic conditions are frequently 
observed alongside neurological and psychiatric brain disorders.1-3

Research has shown that obesity (i.e. body mass index ≥ 30) and 
body anthropometrics4-9 and brain disorders10 are linked to brain 
white matter alterations, possibly due to common underlying me
chanisms. There are also notable sex- and age-related variations in 
body fat distribution,11 brain white matter magnetic resonance im
aging (MRI) phenotypes,12 and the prevalence and clinical features 
of common brain disorders.3,13,14 Therefore, gaining a deeper under
standing of how commonly used indicators of excess body fat— 
obesity and body anthropometrics—relate to white matter pheno
types, and whether and how these relationships are influenced by 
age and sex, is crucial for unraveling the complex comorbidities be
tween cardiometabolic conditions and brain disorders.

Diffusion magnetic resonance imaging (dMRI) is a widely used 
technique for non-invasive, in vivo, characterization and quantifica
tion of white matter organization and microstructure. Diffusion 
tensor imaging (DTI)15 is sensitive to the direction and magnitude 
of water molecule diffusion in brain tissue.16 From the diffusion 
tensor, various invariant diffusion metrics can be derived, including 
fractional anisotropy (FA; the degree of rotation invariant aniso
tropic diffusion), axial diffusivity [AD; the diffusivity along the 

principal eigenvector (i.e. main diffusion direction)], radial diffusiv
ity [RD; the diffusivity perpendicular to the principal eigenvector 
(i.e. non-main diffusion)], and mean diffusivity (MD; the average 
diffusivity over eigenvectors).16 These metrics provide indirect 
and integrative insight into the underlying white matter tissue or
ganization. Interpretation can be challenging as observed DTI var
iations might be due to various biological or disease processes,17 as 
well as dMRI artefacts.16 However, lower FA is often observed in 
disorders and interpreted as not favourable, while lower AD, higher 
RD, and higher MD may indicate axonal degeneration, demyelin
ation, and inflammation, respectively.16 When analysed together, 
these DTI metrics provide deeper insights into tissue properties 
and of regional variation that may be relevant for disentangling dis
ease processes.

Prior studies suggest that obesity and body anthropometrics [e.g. 
BMI, waist-to-hip ratio (WHR), and waist circumference],4-9 as 
well as other cardiometabolic risk factors,4,18,19 are associated 
with dMRI white matter phenotypes. The most consistent findings 
include widespread lower FA at higher BMI and WHR,4-8 with in
dications of higher FA for some brainstem tracts.4 A meta-analysis 
reported lower FA in the genu of the corpus callosum in obesity.9

For AD and RD, prior reports are mixed.6 Few larger studies 
exist,4,7-9 and they differ in focus, investigated regions, and meth
ods. They studied obesity9 and body anthropometrics (BMI4,7,8; 
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WHR4,8). All reported on FA,4,7-9 one reported on MD,4 and none 
reported on AD and RD. There is a need for large-scale studies that 
investigate obesity and body anthropometrics with regional white 
matter characteristics assessed using multiple DTI metrics to obtain 
deeper insight into the link between obesity and body anthropo
metrics and brain tissue properties.

Sex- and age-related differences in body shape and fat distribu
tion11 and dMRI features20-22 might contribute to the reported 
links between obesity and white matter phenotypes. A review re
ported negative correlations between BMI and FA in several brain 
regions and indications of accelerated white matter ageing in obese 
individuals.5 Higher white matter brain age has been associated 
with higher body fat23,24 and other cardiometabolic risk fac
tors,25,26 and one study indicated multisystem ageing with both 
shared and unique body and brain ageing processes.27 Further, in
teractions between body fat and sex may influence white matter 
microstructure,19 with a stronger association between higher white 
matter brain age and body fat in males than females,24 possibly re
flecting that the normative range of body fat is higher for females 
than males.28 To our knowledge, no study has comprehensively in
vestigated sex and age interactions with both obesity and body 

anthropometrics on regional white matter phenotypes across a 
range of DTI metrics.

To enhance our understanding of the links between physical and 
brain health and of putative shared obesity-related pathways, in the 
largest study to date, we investigated the links between obesity phe
notypes (i.e. obesity, body anthropometrics) with DTI-based brain 
white matter phenotypes among 40 040 middle-aged to older adults 
(52.2% female) from the UK Biobank (https://www.ukbiobank.ac. 
uk). To target putative complex interplays with sex and age, we also 
tested for interactions between obesity phenotypes and both sex 
and age on white matter phenotypes (Fig. 1). To verify the robust
ness of the results, we include sensitivity analyses where we adjust 
for self-reported cardiometabolic comorbid factors.

Materials and methods
Study design and participants
The UK Biobank is an epidemiological longitudinal population co
hort of middle- to old-aged participants recruited from assessment 

Figure 1 Overview of study design and analyses. (A) Overview of the study design targeting age, sex, and obesity phenotypes (i.e. 
obesity, body anthropometrics) relative to white matter microstructure. Description of the (B) study workflow and (C) key analyses 
(created in BioRender. Gurholt, T. (2026) https://BioRender.com/pxegtfo).
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sites across the UK.29 The baseline assessment took place during 
2006–10 and included approximately 500K participants. The 
follow-up brain MRI assessment started in 2014 and is ongoing. 
We included 40 040 participants (20 904 females, 19 136 males) 
with brain dMRI and demographic and clinical data from the 
follow-up imaging assessment. We excluded participants who with
drew their informed consent (opt-out-list dated 25 April 2023).

The UK Biobank has IRB approval from the North-West 
Multi-center Research Ethics Committee and obtained informed con
sent from all participants.29 We obtained access to the UK Biobank 
resources through Application number 27412. We have approval 
from the Norwegian Regional Committees for Medical and Health 
Research Ethics (https://rekportalen.no/; Application number 
2009/2485).

Demographic and clinical data
Table 1 summarizes the demographic and clinical data. We ex
tracted age, sex, body anthropometrics (waist circumference, hip 
circumference, weight, height, BMI), and self-reported ethnicity, 
history of diabetes, hypercholesterolaemia, hypertension, cigarette 
smoking, and alcohol consumption (Supplementary Note 1). We 
computed WHR, and derived binary (yes/no) variables for obesity 
(obesity: BMI ≥ 30; non-obesity: BMI < 30) and self-reported 
European/non-European ethnicity (i.e. white, white British, white 
Irish, other white background versus other background), current 
cigarette smoking, and current alcohol consumption. We comple
mented self-reported ethnicity at MRI with data from the baseline 
assessment when necessary.

MRI acquisition and post-processing
MRI acquisition details are described elsewhere.29,30 Briefly, 3D 
multimodal MRI of the brain was performed at four separate sites 
(Cheadle, Reading, Newcastle, or Bristol) in the UK, with similar 
3T Siemens Skyra scanners, Siemens 32-channel head coils, and 
scanning protocols across sites.

We post-processed the available dMRI data using an optimized 
pipeline.31 We used state-of-the-art dMRI processing32 and corrected 
for noise using MP-PCA,33 Gibbs ringing using unring,34 susceptibil
ity distortion using FSL35 topup,36 eddy-current and motion-induced 
distortions using FSL Eddy,37-39 and applied isotropic 1 mm3 

Gaussian kernel smoothing to increase the signal-to-noise ratio using 
FSL fslmaths. We derived DTI scalar metrics of FA, RD, AD, and 
MD using a cumulant expansion of the diffusion signal up to the 
fourth order based on diffusion kurtosis tensors40-42 using 
MATLAB scripts (https://github.com/NYU-DiffusionMRI/ 
DESIGNER-v1) with two different b-values (b-values: 1000 and 
2000 s/mm2), which allowed us to extract more sensitive DTI metrics 
in contrast to the conventional one b-value estimation.41,42

We normalized DTI metrics using FSL tract-based spatial statis
tics (TBSS)43 and harmonized them using the YTTRIUM algo
rithm.44 We aligned all diffusion metrics to the FSL FMRI58_FA 
template using nonlinear transformation in FSL FNIRT.31 We de
rived the mean FA image of all participants, thinned it to create the 
mean FA skeleton, and projected the scalar diffusion maps onto the 
FA skeleton. In order to harmonize the obtained diffusion data, we 
used YTTRIUM algorithm.44 We extracted the 27 regions of inter
est (ROIs) for each diffusion map from the Johns Hopkins 
University (JHU) DTI atlas,45 and subsequently partitioned them 

Table 1 Demographic and clinical data

Male versus female Participants with obesity versus non-obesity

Male  
(n = 19 136)

Female  
(n = 20 904) Test P-value

Obesity  
(n = 6912)

Non-obesity  
(n = 33 128) Test P-value

Women 3507 (50.7) 17 397 (52.5) 7.2 0.0074
Age (year)a 64.9 ± 7.8 63.7 ± 7.6 15.7 <0.0001 63.5 ± 7.6 64.4 ± 7.8 −8.9 <0.0001
Age range (year) [4 483] [45 83] [44 83] [45 83]
European ethnicityb 18563 (97) 20293 (97.1) 0.2 0.6949 6697 (96.9) 32 159 (97.1) 0.6 0.4300
Cigarette smokerb 601 (3.1) 470 (2.2) 30.2 <0.0001 192 (2.8) 879 (2.7) 0.3 0.5877
Smoker current/ 

previous/never
601/7049/ 

11486
470/6432/ 

14002
192/2626/ 

4094
879/10855/ 

21394
Alcohol consumerb 18125 (94.7) 19 380 (92.7) 67.5 <0.0001 6394 (92.5) 31 111 (93.9) 18.8 <0.0001
Alcohol consumer current/ 

previous/never
18 125/587/ 

424
19 380/679/ 

845
6394/247/ 

271
31 111/1019/ 

998
Obesityb 3405 (17.8) 3507 (16.8) 7.2 0.0074
Height (cm)a 176 ± 6.6 162.7 ± 6.2 207 <0.0001 168.6 ± 9.4 169.2 ± 9.2 −4.6 <0.0001
Weight (kg)a 83.3 ± 13.2 68.7 ± 12.9 112.1 <0.0001 95.3 ± 13.5 71.6 ± 11.6 135.6 <0.0001
BMIa 26.9 ± 3.8 25.9 ± 4.7 21.7 <0.0001 33.4 ± 3.4 24.9 ± 2.7 197 <0.0001
Waist circ. (cm)a,c 94.1 ± 10.5 82.6 ± 11.7 102.7 <0.0001 103.9 ± 10.4 84.8 ± 10.3 140.1 <0.0001
Hip circ. (cm)a 100.5 ± 7.3 100.6 ± 9.8 −1.8 0.0773 112.4 ± 8.6 98.1 ± 6.3 131.4 <0.0001
WHRa 0.9 ± 0.1 0.8 ± 0.1 172.6 <0.0001 0.93 ± 0.09 0.86 ± 0.08 52.7 <0.0001
Diabeticb 469 (2.5) 253 (1.2) 86.1 <0.0001 291 (4.2) 431 (1.3) 271.7 <0.0001
High cholesterolb 3195 (16.7) 2008 (9.6) 443.6 <0.0001 1209 (17.5) 3994 (12.1) 148.9 <0.0001
Hypertensionb 4768 (24.9) 3500 (16.7) 406.8 <0.0001 2371 (34.3) 5897 (17.8) 949.4 <0.0001

Notes: The table reports mean ± standard deviation for continuous variables, and n (%) for categorical variables. Footnotes describe the applied test. Obesity is defined as 
BMI ≥ 30, and self-reported data was used to determine ethnicity, diagnosis of diabetes, high cholesterol, and hypertension, and current alcohol consumption and 
cigarette smoking. Abbreviations: BMI—body mass index; circ.—circumference; WHR—waist-to-hip ratio. aWelch Two Sample t-test. bPearson’s Chi-squared test with 
Yates’ continuity correction. cTwo sample t-test (participants with obesity versus non-obesity only).
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into brainstem, projection, commissural, and association pathways 
(Fig. 2).

Quality control
Based on YTTRIUM for automatic dMRI quality control,44 we re
moved 670 participants with poor dMRI data quality. We also re
moved five participants with incomplete diffusion data. In 
addition, we removed 1839 participants with incomplete demo
graphic or clinical data, resulting in a final sample of 40 040 parti
cipants (Supplementary Fig. 1).

Statistical analysis
We investigated the sample demographic and clinical data across and 
within sexes and for obesity versus non-obesity (Table 1). We com
pared categorical variables using the χ2-test. We evaluated continuous 
variables for normality by visual inspection of density plots 
(Supplementary Fig. 2) and compared normally distributed variables 
using the two-sample t-test/Welch approximation for equal/unequal 
variance. We assessed density plots of diffusion metrics for expected 
distribution patterns (data not shown; all reasonably normal).

In separate multiple linear regression analyses, we investigated 
each individual regressor of interest with the individual ROIs 
from the JHU atlas for the included DTI metrics (i.e. FA, AD, 

RD, and MD). In Step 1, we tested for associations between the in
dividual obesity phenotypes (i.e. obesity versus non-obesity, BMI, 
WHR, and waist circumference) and each DTI ROI, while adjust
ing for covariates as follows:

ROI = obesity phenotype + age + age2 + sex + age × sex + age2 × sex

+ ethnicity + site ∀ ROIs, DTI metrics, and obesity phenotypes.

The symbol ∀means for all. For the next two steps we used slightly 
modified multiple linear regression models. In Step 2, we tested for 
associations between obesity phenotypes-by-sex interactions and 
each DTI ROI, while adjusting for covariates as follows:

ROI = obesity phenotype × sex + obesity phenotype + sex + age + age2

+ ethnicity + site ∀ ROIs, DTI metrics, and obesity phenotypes.
In Step 3, we tested for associations between obesity 
phenotypes-by-age interactions and each DTI ROI, while adjusting 
for covariates as follows:

ROI = obesity phenotype × age + obesity phenotype + age + sex + ethnicity

+ site ∀ ROIs, DTI metrics, and obesity phenotypes.

Lastly, we included sensitivity analyses for the analyses (Steps 1–3) 
where we additionally adjusted for self-reported cardiometabolic 

Figure 2 Overview of the included white matter regions of interest (created in BioRender. Gurholt, T. (2026) https://BioRender.com/ 
a02w4fp).
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comorbid factors (i.e. diagnosis of diabetes, high cholesterol, and 
hypertension, and current smoking and alcohol consumption).

We implemented all statistical analyses in R (version 4.2.1; https:// 
www.r-project.org). We included both linear and quadratic terms for 
age and interactions with sex, when relevant, to account for known 
nonlinear associations between age and white matter microstruc
ture,46 and possible sex-related differences in aging trajectories. We ad
justed all models for self-reported ethnicity since ethnicity is 
considered a relevant factor for body fat accumulation and obesity as
sessment.11 We mean-centred all continuous regressors and entered 
binary variables as factors. We computed the standardized partial cor
relation coefficient r-effect size directly from the t-statistics for con
tinuous variables and via Cohen’s d for categorical variables, and 
the corresponding confidence intervals of the r effect sizes.47 We im
plemented a study-wide Bonferroni multiple comparison correction 
at α = 0.05 across n = 48 × 6 × 4 = 1152 independent tests, reflecting 
the 48 ROIs (counting bilateral ROIs twice), six main variables of 
interest (i.e. obesity versus non-obesity, BMI, WHR, and waist cir
cumference, and sex- and age-interactions), and four DTI metrics, 
counting partly overlapping models once, yielding a study-wide sig
nificance threshold of P ≤ α/n ≈ 4.3e−05. We focused on the overall 
patterns and the most significant findings and reported the range of 
P-values and r-effect sizes (absolute values are indicated by |r|). 
Some P-values are rounded to zero since they are approximately 
zero and below numeric precision (i.e. smaller value than can be repre
sented). We report the full results in the supplemental material.

Results
Demographic and clinical data
Table 1 presents the demographic and clinical data. Briefly, the 
sample included more females (n = 20 904; 52.2%; mean age 63.7  
± 7.6 years) than males (n = 19 136; 47.8%; mean age 64.9 ± 7.8 
years), had age range 44–83 years, and consisted predominantly 
of self-identified white Europeans (97.0%). On average, males exhib
ited higher levels of anthropometric traits for all measures (except 
hip circumference) compared to females. Participants with obesity 
(n = 6912; 50.7% female) had, on average, lower age, higher body 
anthropometric traits (except lower height), fewer alcohol consu
mers, and higher prevalence of self-reported cardiometabolic diag
nosis than non-obese participants (n = 33 192; 52.5% female).

Associations between obesity 
phenotypes and DTI metrics
Multiple linear regression analyses (Step 1) indicated similar associa
tions with DTI metrics across the included obesity phenotypes 
(Fig. 3; Supplementary Tables 1–4). We generally observed stronger 
significant effects for the continuous BMI (|r| in [0.02, 0.20], P in 
[5.6e−05, 0〉 (i.e. P-value range from 5.6e−05 to approximately 0)) 
than the categorical obesity measure (|r| in [0.02, 0.14], P in [3.1e 
−05, 8.1e−185]). The significant effects for WHR (|r| in [0.02, 
0.13], p in [1.3e−05, 2.1e−142]) and waist circumference (|r| in 
[0.02, 0.17], p in [3.0e−05, 1.5e−246]) were overall lower than 
for BMI, while the range of effects for obesity fell between that 

of WHR and waist circumference. The number of significant 
ROIs was slightly higher for BMI (78.1%) than for obesity 
(76.0%), and we observed slightly higher numbers of significant 
ROIs for both WHR (82.3%) and waist circumferences (80.7%), 
possibly reflecting greater sensitivity to abdominal fat than both 
BMI and obesity. In general, we observed the highest numbers of 
significant ROIs for FA (obesity: 87.5%; BMI: 87.5%; WHR: 
83.3%; waist circumference: 93.8%; except higher numbers for 
WHR and AD) and similar numbers for MD (obesity: 75.0%; 
BMI: 79.2%; WHR: 79.2%; waist circumference: 75.0%) across 
obesity phenotypes. For RD (obesity: 72.9%; BMI: 75.0%; WHR: 
81.3%; waist circumference: 72.9%) and AD (obesity: 68.8%; 
BMI: 70.8%; WHR: 85.4%; waist circumference: 81.3%), we ob
served some variations, with greater numbers of significant ROIs 
for WHR and waist circumference than for obesity and BMI.

We observed an overall pattern of most significant effects with 
brainstem tracts across the included obesity phenotypes, with mixed 
effect directionality for FA, and predominantly lower AD, RD, and 
MD effects (Fig. 3). For FA, the most significant associations were 
with higher pontine and lower superior cerebellar peduncle effects. 
The corticospinal tract and medial lemniscus also exhibited signifi
cantly higher or non-significant FA effects, while the inferior 
and middle cerebellar peduncle exhibited lower FA effects. 
Additionally, we further observed the overall lowest AD and RD ef
fects for the pontine followed by the corticospinal tract—the same 
tracts with the significantly higher FA effects—and the superior cere
bellar peduncle (only AD), the tract with the lowest FA effect. MD 
showed the overall lowest effects for the pontine, followed by the 
corticospinal tract and medial lemniscus before the superior cerebel
lar peduncle. Although there were regional variations in the associ
ation between the individual obesity phenotypes and brainstem 
tracts, these findings suggest a general picture of an inverse associ
ation between obesity phenotypes and lower directional and overall 
diffusion for brainstem tracts, as well as lower perpendicular diffu
sion for the corticospinal tract, pontine, and medial lemniscus—the 
tracts with significantly higher or non-significant FA effects.

For projection, commissural, and association pathways, the indi
vidual obesity phenotypes were associated with predominantly low
er FA effects, together with predominately lower AD and higher 
RD and MD effects (although several ROIs also show opposing ef
fect directions, particularly for AD; Fig. 3). These findings indicate 
that various tract properties contribute to lower FA (e.g. predomin
antly lower AD or higher RD, or in combination) for obesity phe
notypes. The effect sizes were smaller than for brainstem tracts, and 
the patterns not as clear, making it more challenging to distinguish 
generalizable patterns for non-brainstem tracts.

The sensitivity analyses show that the core results remained the 
same, albeit with fewer significant regions (obesity: 62.0%; BMI: 
67.2%; WHR: 79.2%; waist circumference: 70.8%) and slight modi
fication of effect size and P-value ranges (obesity: r in [0.02, 0.14], P 
in [3.4e−05, 1.64e−174]; BMI: r in [0.02, 0.19], P in [4.2e−05, 0〉; 
WHR: r in [0.02, 0.12], P in [2.1e−05, 1.4e−118]; waist circumfer
ence: r in [0.02, 0.16], P in [3.7e−05, 1.5e−234]), when adjusting 
for self-reported comorbid cardiometabolic factors (i.e. diagnosis of 
diabetes, hypertension, and high cholesterol, and current smoking 
and alcohol consumption; Supplementary Fig. 3; Supplementary 
Tables 5–8).
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Figure 3 Obesity phenotypes with diffusion tensor imaging metrics. The figure shows the multiple linear regression results of (i) obesity 
versus non-obesity; (ii) BMI; (iii) waist circumference; and (iv) WHR separately on diffusion tensor imaging metrics for (A) FA, (B) AD, (C) 
RD, and (D) MD, after adjusting for age, age2, sex, age-by-sex, age2-by-sex, ethnicity, and site. We included 40 040 UK Biobank 
participants (n = 6912 with obesity; n = 33 192 non-obese) in the analyses. The horizontal dotted lines indicate r = ±0.02 (corresponds 
to r effects approximately at significance threshold P ≤ 4.3e−05). Abbreviations: BMI, body mass index; FA, fractional anisotropy; AD, 
axial diffusivity; RD, radial diffusivity; MD, mean diffusivity; L, left; R, right; r, partial correlation coefficient; WC, waist circumference; 
WHR, waist-to-hip ratio. For regional white matter abbreviations, see Fig. 2.
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Interaction effects between sex and 
obesity phenotypes on DTI metrics
Sex by obesity phenotypes analyses (Step 2) revealed significant 
interaction effects for a substantial number of ROIs across DTI me
trics (obesity: 32.3%, |r| in [0.02, 0.05], P in [4.1e−05, 1.4e−27]; 
BMI: 41.2%, |r| in [0.02, 0.06], P in [3.2e−05, 2.5e−32]; WHR: 
27.1%, |r| in [0.02, 0.04], P in [2.3e−05, 2.7e−14]; waist circumfer
ence: 29.7%, |r| in [0.02, 0.06], P in [4.2e−05, 3.7e−28]; Fig. 4; 
Supplementary Tables 9–12). The number of significant sex inter
action effects varied across DTI metrics, with higher proportion for 
AD (obesity: 43.8%; BMI: 37.5%; WHR: 27.1%; waist circumfer
ence: 35.4%), RD (obesity: 22.9%; BMI: 52.1%; WHR: 31.3%; waist 
circumference: 35.4%), and MD (obesity: 58.3%; BMI: 56.3%; 
WHR: 35.4%; waist circumference: 41.7%) than FA (obesity: 
4.2%; BMI: 18.8%; WHR: 14.6%%; waist circumference: 6.3%). 
These findings indicate regional sex-related variation of obesity phe
notypes on white matter microstructure. We observed the overall 
largest interaction effects for two brainstem tracts, the medial lem
niscus (FA, AD, RD, and MD) and the middle cerebellar peduncle 
(AD, RD, and MD only). For illustration purposes, limiting to the 
continuous BMI measure, we further show the interaction effects 
between sex and BMI for these two tracts (Fig. 5A–C). The illustra
tions show that for the medial lemniscus, the higher FA and lower 
AD, RD, and MD effects at higher BMI are attenuated in males 
relative to females. For the middle cerebellar peduncle, we observed 
a similar pattern for AD and MD, suggesting attenuated reduction 
at higher BMI in males relative to females, while we observed oppos
ing effects for RD.

In the sensitivity analyses, where we additionally adjust for self- 
reported cardiometabolic comorbid factors, we observed a similar 
pattern of significant interaction effects between sex and obesity 
phenotypes on DTI metrics (obesity: 29.2%, |r| in [0.02, 0.05], 
P in [3.3e−05, 3.9e−27]; BMI: 28.1%, |r| in [0.02, 0.06], P in 
[3.6e−05, 1.7e−30]; WHR: 23.4%, |r| in [0.02, 0.04], P in [4.3e 
−05, 2.9e−12]; waist circumference: 22.4%, |r| in [0.02, 0.06], 
P in [4.3e−05, 4.9e−28]; Supplementary Fig. 4; Supplementary 
Tables 13–S16).

Interaction effects between age and 
obesity phenotypes on DTI metrics
Lastly (Step 3), the age by obesity phenotypes analyses revealed sig
nificant interactions for some ROIs across DTI metrics (obesity: 
2.6%, |r| in [0.02, 0.03], P in [2.3e−05, 4.5e−09]; BMI: 2.6%, |r| 
in [0.02, 0.04], P in [2.4e−05, 5.4e−14]; WHR: 26.0%, |r| in 
[0.02, 0.05], P in [4.2e−05, 7.0e−22]; waist circumference: 
14.1%, |r| in [0.02, 0.03], P in [3.3e−05, 1.0e−11]). We observed 
the highest number of significant ROIs for AD (obesity: 6.3%; 
BMI: 6.3%; WHR: 35.4%; waist circumference: 31.3%), followed 
by MD (obesity: 4.2%; BMI: 2.1%; WHR: 27.1%; waist circumfer
ence: 12.5%), FA (obesity: 0%; BMI: 2.1%; WHR: 22.9%; waist cir
cumference: 6.3%), and RD (obesity: 0%; BMI: 2.1%; WHR: 18.8%; 
waist circumference: 6.3%). Thus, there were a greater number of 
significant ROIs for WHR and waist circumference with stronger 
and more widespread interaction effects with age particularly for 

WHR (Fig. 6; Supplementary Tables 17–20) than observed for 
obesity and BMI, possibly reflecting greater sensitivity to abdominal 
obesity for both WHR and waist circumference.

In the following, for illustration purposes, we focused on the tracts 
with the most significant interactions between WHR and age on DTI 
metrics (Fig. 6; Supplementary Table 20). We observed the overall high
est interaction effects between WHR and age for AD of the posterior 
limb of the internal capsule and AD and MD of the genu of corpus cal
losum, and the overall lowest interaction effect sizes for the AD of the 
cingulum cingulate gyrus and FA of the superior cerebellar peduncle. The 
interpretation of the results varies for the various tracts—all depending 
on the main effect of WHR. For the posterior limb of the internal cap
sule, there is a significant interaction effect between age and WHR des
pite no main effect of WHR (Fig. 7A). Contrastingly, for the genu of the 
corpus callosum, the main effect of WHR is substantial, and the signifi
cant interaction with age suggests steeper age-related alterations at higher 
WHR at higher ages (across FA, AD, RD, and MD) (Fig. 7B). For the 
cingulum, the main effect of WHR was attenuated by the negative 
interaction with age and became weaker at higher ages (Fig. 7C). Like 
the genu of the corpus callosum, the negative main effect of the superior 
cerebellar peduncle (FA and AD) was substantial, and the results further 
indicate steeper alteration at higher WHR and higher ages (Fig. 7D).

The sensitivity analyses, where we additionally adjusted for self- 
reported cardiometabolic comorbid factors, show similar results 
with only minor adjustments of the effect sizes and significance le
vels on DTI metrics (obesity: 2.6%, r in [0.02, 0.03], P in [2.8e−05, 
3.7e−09]; BMI: 4.2%, r in [0.02, 0.04], P in [1.8e−05, 6.7e−15]; 
WHR: 25.0%, r in [0.02, 0.05], P in [4.2e−05, 5.2e−22]; waist cir
cumference: 13.5%, r in [0.02, 0.03], P in [4.1e−05, 2.7e−11]; 
Supplementary Fig. 5; Supplementary Tables 21–24).

Discussion
With this study we aimed to elucidate whether and how obesity 
phenotypes relate to regional brain white matter phenotypes, as 
well as putative sex- and age-related differences. We illustrated 
that there are (i) widespread obesity-related associations with re
gional brain white matter phenotypes across DTI metrics, with 
(ii) the largest effects for brainstem tracts; and that there are (iii) 
sex- and age-interactions with obesity phenotypes on white matter 
phenotypes, with (iv) more widespread sex- than age-related inter
action effects. Lastly, (v) the sensitivity analysis verifies that these 
results are robust even when adjusting for additional self-reported 
cardiometabolic comorbidities. These findings support a negative 
link between higher measures of obesity phenotypes and wide
spread regional white matter microstructure alterations with largest 
effects for the brainstem that may differ based on sex and age. In 
turn, these findings may relate to the observed comorbid link be
tween cardiometabolic conditions and brain disorders, as well as 
sex- and age-related variations in brain disorders, and may imply 
interactive metabolic processes and body fat-related pathways be
tween physical and brain health.

Our most striking finding is the relatively strong associations be
tween obesity phenotypes and brainstem tracts of generally lower 
AD, RD, and MD, which may culminate in either lower or higher 
FA at higher measured obesity phenotypes, all depending on the 
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Figure 4 Interaction effects between sex and obesity phenotypes on diffusion tensor imaging metrics. The figure shows the interaction 
effects between sex (female reference) and (i) obesity versus non-obesity; (ii) BMI; (iii) waist circumference; and (iv) WHR separately on 
diffusion tensor imaging metrics for (A) FA, (B) AD, (C) RD, and (D) MD, after adjusting for the corresponding main effects, age, age,2

ethnicity, and site. We included 40 040 (52.2% female) UK Biobank participants (n = 6912 with obesity (50.7% female); n = 33 192 
non-obese (52.5% female)) in the analyses. The horizontal dotted lines indicate r = ±0.02 (corresponds to r effects approximately at 
significance threshold P ≤ 4.3e−05). Abbreviations: BMI, body mass index; FA, fractional anisotropy; AD, axial diffusivity; RD, radial 
diffusivity; MD, mean diffusivity; L, left; R, right; r, partial correlation coefficient; WC, waist circumference; WHR, waist-to-hip ratio. 
For regional white matter abbreviations, see Fig. 2.
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underlying diffusion properties. The revealed patterns are in line 
with a prior study using a partly overlapping sample,4 and further 
suggests axonal degeneration with little indications of demyelin
ation and inflammatory processes (as indicated by lower AD, 
RD, and MD)16 in the brainstem in obesity, irrespective of whether 
FA is higher or lower. Brainstem tracts connect the spinal cord, 
brainstem, cerebellum, subcortical structures (e.g. thalamus), and/ 
or cerebrum.48 Although speculative, the observed patterns may 
implicate the brainstem body–brain communication hub in obes
ity. Indeed, they may relate to impairments in the brainstem’s 
role in regulating appetite and food intake in obesity, given that nu
tritional information is passed from the gut via vagal sensory nerves 
to the brainstem and hormones produced in the gut are linked to 
nutrient absorption and metabolism and appetite regulation in 
the brain.49 Another possible explanation is the involvement of 
the sensorimotor system, where a more sedentary lifestyle in obesity 
may result in less maintenance or development, or more 

degeneration, of the important brainstem body–brain communica
tion pathways. Indeed, we have previously shown brainstem and 
cerebellum volumes alterations for sarcopenic traits18 and obesity 
phenotypes50 in partly overlapping samples. Furthermore, struc
tures of the sensorimotor system—including the brainstem and cere
bellum—mediated the link between sarcopenic traits and lower 
cognitive performance,18 and similar patterns may explain the ob
served link between midlife obesity and later cognitive deficits.51

Notably, however, these structures are often not included in 
large-scale studies of brain disorders, with some exceptions (e.g. cor
ticospinal tract or in studies of ataxia).10 Given the overrepresenta
tion of cardiometabolic comorbidities in brain disorders1-3— 
suggestive of a link between physical and brain health—it is para
doxical that structures connecting the body with the brain, and 
vice versa, are often not included in larger studies. Thus, future 
large-scale studies of brain disorders that target structures inter
connecting the body with the brain, and vice versa, are warranted 

Figure 5 Illustration of interaction effects between sex and BMI for selected regions of interests. Sex-by-BMI interaction effects of the 
(A) left medial lemniscus, (B) right medial lemniscus, and (C) middle cerebellar peduncle using the interact_plot R-function after 
adjusting for the corresponding main effects, age, age2, ethnicity, and site (BMI uncentered) and 95% confidence intervals. We 
included 40 040 (52.2% female) UK Biobank participants in the analyses. The figures show the effects/fitted lines with confidence/ 
predicted intervals. AD, RD, and MD are in square micrometer per millisecond (μm2/ms), while FA is a dimension-less metric. 
Abbreviations: BMI, body mass index; FA, fractional anisotropy; AD, axial diffusivity; RD, radial diffusivity; MD, mean diffusivity; L, left; 
R, right; r, partial correlation coefficient.
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Figure 6 Interaction effects between age and obesity phenotypes on diffusion tensor imaging metrics. The figure shows the 
interaction effects between age and (i) obesity versus non-obesity; (ii) BMI; (iii) waist circumference; and (iv) WHR separately on 
diffusion tensor imaging metrics for (A) FA, (B) AD, (C) RD, and (D) MD, after adjusting for the corresponding main effects, and sex, 
ethnicity, and site. We included 40 040 UK Biobank participants (n = 6912 with obesity; n = 33 192 non-obese) in the analyses. The 
horizontal dotted lines indicate r = ±0.02 (corresponds to r effects approximately at significance threshold P ≤ 4.3e-05). Abbreviations: 
BMI, body mass index; FA, fractional anisotropy; AD, axial diffusivity; RD, radial diffusivity; MD, mean diffusivity; L, left; R, right; r, 
partial correlation coefficient; WHR, waist-to-hip ratio; WC, waist circumference. For regional white matter abbreviations, see Fig. 2.
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Figure 7 Illustration of WHR by age interaction on white matter regions of interests. A–D shows the interaction effects between WHR and 
age on selected regions of interests using the interact_plot R-function (WHR and age uncentered, with 95% confidence intervals). The 
statistical model was adjusted for the main effect of WHR and age, sex, ethnicity, and site. We included 40 040 UK Biobank participants in 
the analyses. AD, RD, and MD are in square micrometer per millisecond (μm2/ms), while FA is a dimension-less metric. Abbreviations: FA, 
fractional anisotropy; AD, axial diffusivity; RD, radial diffusivity; MD, mean diffusivity; WHR, waist-to-hip ratio.
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to enhance our understanding of brain disorders and the physic
al, cardiometabolic, link.

We also found that obesity phenotypes are associated with wide
spread regional white matter phenotypes across DTI metrics. 
Indeed, the findings suggests that the obesity connection with white 
matter is more systemic than localized, with widespread associa
tions, albeit with the strongest effects for brainstem tracts. The dir
ection of effects varied by region, but for non-brainstem tracts the 
predominant picture is of lower FA in combination with predom
inantly lower AD and higher RD and MD (albeit with some mixed 
effects for AD and MD), which may indicate a pattern of regional 
axonal degeneration, demyelination, and inflammatory processes 
(as indicated by lower AD, and higher RD and MD)16 of non- 
brainstem tracts in obesity. These findings align with prior studies 
showing lower FA at higher BMI or WHR4-8 and with observations 
from smaller studies suggesting axonal degeneration and demyelin
ation for obesity phenotypes.5 However, to our knowledge, no 
prior large-scale study has comprehensively shown indications of 
brain axonal degeneration, demyelination, and inflammatory pro
cesses in obesity for non-brainstem tracts.

Furthermore, our results show that sex is an essential factor that 
needs consideration when addressing obesity phenotypes and white 
matter microstructure, which may relate to sex differences in 
healthy body fat percentage and body fat distributions, as well as 
hormonal status. The range of normal body fat is higher for females 
(15–30%) than for males (10–20%).28 Females also naturally accu
mulate more body fat across the hips and thighs, while males often 
accumulate body fat across the trunk and abdomen,11 which in 
turn may be influenced by hormonal status.52 Indeed, males gener
ally have higher levels of visceral fat than females, although meno
pausal and post-menopausal females may shift to accumulate body 
fat more similarly to males.11 This may suggest different body 
fat-related ageing trajectories in males and females, with the add
itional complexity of menopause for females. Thus, understanding 
the observed sex differences in how obesity phenotypes relate to 
white matter microstructure might be important for disentangling 
sex-specific physical and brain disease risks and outcomes.

We also found regional age-by-obesity phenotypes interactions on 
white matter microstructure, with larger effects for measures sensitive 
to abdominal obesity. This may relate to age-related increases in ab
dominal obesity particularly for males and postmenopausal females,11

suggestive of sex-specific ageing trajectories that might also be reflected 
in brain structure and possibly in disorders. Such interaction effects 
between indicators of abdominal obesity and age on white matter 
microstructure may form the foundation for future works, that also 
targets putative sex-specific ageing trajectories, the added complexity 
of menopause in females, and links to health outcomes in ageing.

Taken together, our findings support that cardiometabolic fac
tors are of importance for brain health. However, we do not 
know the causal direction of effects, and indications of reciprocal 
complex mechanisms exist. Cardiometabolic factors, heart pheno
types, and cardiometabolic multimorbidity are associated with 
white matter phenotypes, cognitive functioning, and several brain 
disorders.1,2,53-56 Similarly, several brain disorders are associated 
with cardiometabolic factors, cognitive functioning, and white mat
ter phenotypes.1,2,10,55,57,58 Danish population registry studies fur
ther suggest that most categories of physical conditions show higher 

risk for developing mental disorders,59 and likewise that most men
tal disorders are associated with higher risk for developing physical 
conditions.60 Additionally, we have illustrated that brain white 
matter phenotypes mediates the link between sarcopenic-traits18

or accumulated liver fat53 and lower cognitive performance, and 
a recent review suggested elevated prevalence of physical conditions 
in major depression disorder, and vice versa.2 These observations 
suggest interconnected and reciprocal links between the body and 
the brain that may involve common body fat-related pathways, 
and may indicate that a whole-body approach and novel treatment 
strategies capturing the body–brain link (e.g. possibly GLP1-RA61

or similar drugs) may be beneficial for treating comorbid brain and 
cardiometabolic and other physical conditions.

This study offers notable strengths. We included a well- 
characterized sample of unprecedented size to robustly capture small 
effects47; this is consistent with prior related research using partly 
overlapping samples,18,50,53 earlier works showing that large samples 
are needed to detect small effects,50,62 and that such small effects are 
common in brain imaging research.50,62,63 We performed analyses 
across commonly used conventional DTI metrics, modelled sex 
and age specific effects, and illustrated that several DTI metrics are 
needed to disentangle the underlying tissue properties. 
Furthermore, the sensitivity analyses show that the results are robust 
even when adjusting for self-reported cardiometabolic comorbid fac
tors. The study addresses gaps in the scientific literature and provides 
novel insight into the complexity linking sex, age, and obesity pheno
types with white matter microstructure, which may be relevant for 
health and disease trajectories. The study also had some limitations. 
The sample is healthier than the general population64 and predomin
antly includes self-identified white Europeans. It was beyond the 
study’s scope to investigate body composition measures, other cardi
ometabolic risk factors, specific clinical comorbid conditions, meta
bolically healthy and unhealthy obesity,28 oxidative stress and 
inflammatory processes,65 and putative shared genetic factors2,56

with white matter phenotypes; all factors that may provide added 
and more specific information. We implemented a cross-sectional de
sign, although the UKB has data available for investigating baseline or 
longitudinal changes in obesity phenotypes with DTI phenotypes at 
the follow-up imaging timepoint. We focused our analyses on the 
conventional DTI model,15 but other dMRI analysis models (e.g. re
striction spectrum imaging,66 neurite orientation dispersion and 
density imaging67) may provide complementary information.68 We 
did not investigate whether white matter lesions influence the results 
although our previous work show that cardiometabolic factors (in
cluding BMI) are associated with later occurrence of white matter 
hyperintensities in a partly overlapping sample.53 We used multiple 
linear regression for the statistical analyses, but future work may 
consider using multimodal techniques that reduce the dimensional
ity of the data and facilitate interpretation.69 We focused on the 
most significant findings and overall patterns, but the vast number 
of significant findings suggests that future studies are needed to dis
entangle the regional complex interplay of sex, age, and obesity phe
notypes—as well as the role of individual body composition 
measures—on white matter microstructure, and putative links to 
disease onset, progression, and outcome.

To conclude, we observe that obesity phenotypes are associated 
with widespread white matter microstructure phenotypes, with the 
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largest effects for brainstem tracts; a key hub interconnecting the 
brain with the rest of the body (and vice versa) that is involved in 
appetite regulation. Furthermore, our analysis indicated more wide
spread sex- than age-related interaction effects with obesity pheno
types on white matter phenotypes in this sample. Our findings 
support a link between cardiometabolic and brain health and sug
gest that addressing obesity-related risk factors may be important 
for prevention, treatment, and outcome of comorbid physical 
and brain disorders, although further studies are needed to examine 
causal effects.

Supplementary material
Supplementary material is available at Brain Communications
online.

Acknowledgements
This research has been conducted using the UK Biobank Resource 
under Application Number 27412 and uses data provided by pa
tients and collected by the NHS as part of their care and support. 
We performed all data analyses on the Services for Sensitive Data 
(TSD), University of Oslo, Norway, with resources provided by 
UNINETT Sigma2—the National Infrastructure for 
High-Performance Computing and Data Storage in Norway. The 
graphical abstract was created in BioRender by Gurholt, T (2026; 
https://BioRender.com/86iyj24).

Funding
This work was supported by The Research Council of Norway 
(#223273, #288083, #323951); South Eastern Norway Regional 
Health Authority (#2017112, #2021070, #2022080, #2023012, 
#500189); Federal Ministry of Education and Research in 
Germany (BMBF, #01ZX1904A); the Swiss National Science 
Foundation (PZ00P3_193658), European Union’s Horizon2020 
Research and Innovation Programme (CoMorMent project; 
Grant #847776) & European Research Council (ERC) StG under 
the European Union′s Horizon 2020 research and innovation 
programme (Grant #802998).

Competing interests
O.A.A. has received a speaker’s honorarium from Lundbeck, 
Sunovion, Otsuka, and Janssen and is a consultant to Cortechs.ai. 
The remaining authors declare no competing interest.

Data availability
The UK Biobank resource is open for eligible researchers upon ap
plication (http://www.ukbiobank.ac.uk/register-apply/).

We used publicly available resources to process the brain image 
data and conduct statistical analyses. We extracted data from 

individual UK biobank baskets using the ukb_helper.py script 
(https://github.com/precimed/ukb). The project R-scripts are 
publicly available at OSF.io (https://doi.org/10.17605/OSF.IO/ 
CUS4X).

References
1. Firth J, Siddiqi N, Koyanagi A, et al. The Lancet Psychiatry Commission: A 

blueprint for protecting physical health in people with mental illness. Lancet 
Psychiatry. 2019;6(8):675-712.

2. Berk M, Köhler-Forsberg O, Turner M, et al. Comorbidity between major de
pressive disorder and physical diseases: A comprehensive review of epidemi
ology, mechanisms and management. World Psychiatry. 2023;22(3):366-387.

3. Rossi A, Mikail N, Bengs S, et al. Heart–brain interactions in cardiac and 
brain diseases: Why sex matters. Eur Heart J. 2022;43(39):3971-3980.

4. Cox SR, Lyall DM, Ritchie SJ, et al. Associations between vascular risk fac
tors and brain MRI indices in UK Biobank. Eur Heart J. 2019;40: 
2290-2300.

5. Kullmann S, Schweizer F, Veit R, Fritsche A, Preissl H. Compromised 
white matter integrity in obesity. Obes Rev. 2015;16(4):273-281.

6. Okudzhava L, Heldmann M, Münte TF. A systematic review of diffusion 
tensor imaging studies in obesity. Obes Rev.. 2022;23(3):e13388.

7. Repple J, Opel N, Meinert S, et al. Elevated body-mass index is associated 
with reduced white matter integrity in two large independent cohorts. 
Psychoneuroendocrinology. 2018;91:179-185.

8. Zhang R, Beyer F, Lampe L, et al. White matter microstructural variability 
mediates the relation between obesity and cognition in healthy adults. 
NeuroImage. 2018;172:239-249.

9. Daoust J, Schaffer J, Zeighami Y, Dagher A, García-García I, Michaud A. 
White matter integrity differences in obesity: A meta-analysis of diffusion 
tensor imaging studies. Neurosci Biobehav Rev. 2021;129:133-141.

10. Thompson PM, Jahanshad N, Ching CRK, et al. ENIGMA and global 
neuroscience: A decade of large-scale studies of the brain in health and dis
ease across more than 40 countries. Transl Psychiatry. 2020;10(1):1-28.

11. Tchernof A, Després JP. Pathophysiology of human visceral obesity: An up
date. Physiol Rev. 2013;93(1):359-404.

12. Lawrence KE, Nabulsi L, Santhalingam V, et al. Age and sex effects on ad
vanced white matter microstructure measures in 15,628 older adults: A UK 
biobank study. Brain Imaging Behav. 2021;15(6):2813-2823.

13. Peters R. Ageing and the brain. Postgrad Med J. 2006;82(964):84-88.
14. Riecher-Rössler A. Sex and gender differences in mental disorders. Lancet 

Psychiatry. 2017;4(1):8-9.
15. Basser PJ, Mattiello J, LeBihan D. MR diffusion tensor spectroscopy and 

imaging. Biophys J. 1994;66(1):259-267.
16. Alexander AL, Lee JE, Lazar M, Field AS. Diffusion tensor imaging of the 

brain. Neurotherapeutics. 2007;4(3):316-329.
17. Lebel C, Treit S, Beaulieu C. A review of diffusion MRI of typical white 

matter development from early childhood to young adulthood. NMR 
Biomed. 2019;32(4):e3778.

18. Gurholt TP, Borda MG, Parker N, et al. Linking sarcopenia, brain struc
ture, and cognitive performance: A large-scale UK Biobank study. Brain 
Commun. 2024;6(2):fcae083.

19. Dekkers IA, Jansen PR, Lamb HJ. Obesity, brain volume, and white matter 
microstructure at MRI: A cross-sectional UK biobank study. Radiology. 
2019;291(3):763-771.

20. Wassenaar TM, Yaffe K, van der Werf YD, Sexton CE. Associations between 
modifiable risk factors and white matter of the aging brain: Insights from dif
fusion tensor imaging studies. Neurobiol Aging. 2019;80:56-70.

21. Cox SR, Ritchie SJ, Tucker-Drob EM, et al. Ageing and brain white matter 
structure in 3,513 UK Biobank participants. Nat Commun. 2016;7(1):13629.

22. Ritchie SJ, Cox SR, Shen X, et al. Sex differences in the adult human brain: 
Evidence from 5216 UK biobank participants. Cereb Cortex. 2018;28(8): 
2959-2975.

23. Beck D, de Lange AMG, Alnæs D, et al. Adipose tissue distribution from 
body MRI is associated with cross-sectional and longitudinal brain age in 
adults. Neuroimage Clin. 2022;33:102949.

14 | BRAIN COMMUNICATIONS 2026, fcag026                                                                                                       T. P. Gurholt et al.

http://academic.oup.com/braincomms/article-lookup/doi/10.1093/braincomms/fcag026#supplementary-data
https://BioRender.com/86iyj24
http://www.ukbiobank.ac.uk/register-apply/
https://github.com/precimed/ukb
https://doi.org/10.17605/OSF.IO/CUS4X
https://doi.org/10.17605/OSF.IO/CUS4X


24. Subramaniapillai S, Suri S, Barth C, et al. Sex- and age-specific associations 
between cardiometabolic risk and white matter brain age in the UK Biobank 
cohort. Hum Brain Mapp. 2022;43(12):3759-3774.

25. de Lange AMG, Anatürk M, Suri S, et al. Multimodal brain-age prediction 
and cardiovascular risk: The Whitehall II MRI sub-study. NeuroImage. 
2020;222:117292.

26. Beck D, de Lange AMG, Pedersen ML, et al. Cardiometabolic risk factors 
associated with brain age and accelerate brain ageing. Hum Brain Mapp. 
2022;43(2):700-720.

27. Beck D, de Lange AMG, Gurholt TP, et al. Dissecting unique and common 
variance across body and brain health indicators using age prediction. Hum 
Brain Mapp. 2024;45(6):e26685.

28. Sakers A, De Siqueira MK, Seale P, Villanueva CJ. Adipose-tissue plasticity 
in health and disease. Cell. 2022;185(3):419-446.

29. Miller KL, Alfaro-Almagro F, Bangerter NK, et al. Multimodal population 
brain imaging in the UK Biobank prospective epidemiological study. Nat 
Neurosci. 2016;19(11):1523-1536.

30. Alfaro-Almagro F, Jenkinson M, Bangerter NK, et al. Image processing and 
Quality Control for the first 10,000 brain imaging datasets from UK 
Biobank. Neuroimage. 2018;166:400-424.

31. Maximov II, Alnæs D, Westlye LT. Towards an optimised processing pipe
line for diffusion magnetic resonance imaging data: Effects of artefact cor
rections on diffusion metrics and their age associations in UK Biobank. 
Hum Brain Mapp. 2019;40(14):4146-4162.

32. Manzano Patron JP, Moeller S, Andersson JLR, Ugurbil K, Yacoub E, 
Sotiropoulos SN. Denoising diffusion MRI: Considerations and implica
tions for analysis. Imaging Neuroscience. 2024;2:imag-2-00060.

33. Veraart J, Fieremans E, Novikov DS. Diffusion MRI noise mapping using 
random matrix theory. Magn Reson Med. 2016;76(5):1582-1593.

34. Kellner E, Dhital B, Kiselev VG, Reisert M. Gibbs-ringing artifact re
moval based on local subvoxel-shifts. Magn Reson Med. 2016;76(5): 
1574-1581.

35. Smith SM, Jenkinson M, Woolrich MW, Beckmann CF, Behrens TE, 
Johansen-Berg H. Advances in functional and structural MR image analysis 
and implementation as FSL. NeuroImage. 2004;23:S208-S219.

36. Andersson JLR, Skare S, Ashburner J. How to correct susceptibility distor
tions in spin-echo echo-planar images: Application to diffusion tensor im
aging. NeuroImage. 2003;20(2):870-888.

37. Andersson JLR, Graham MS, Zsoldos E, Sotiropoulos SN. Incorporating 
outlier detection and replacement into a non-parametric framework for 
movement and distortion correction of diffusion MR images. 
NeuroImage. 2016;141:556-572.

38. Andersson JLR, Graham MS, Drobnjak I, Zhang H, Filippini N, Bastiani 
M. Towards a comprehensive framework for movement and distortion cor
rection of diffusion MR images: Within volume movement. Neuroimage. 
2017;152:450-466.

39. Andersson JLR, Sotiropoulos SN. An integrated approach to correction for 
off-resonance effects and subject movement in diffusion MR imaging. 
NeuroImage. 2016;125:1063-1078.

40. Jensen JH, Helpern JA, Ramani A, Lu H, Kaczynski K. Diffusional kurtosis 
imaging: The quantification of non-Gaussian water diffusion by means of 
magnetic resonance imaging. Magn Reson Med. 2005;53(6):1432-1440.

41. Taha HT, Chad JA, Chen JJ. DKI enhances the sensitivity and interpretabil
ity of age-related DTI patterns in the white matter of UK biobank partici
pants. Neurobiol Aging. 2022;115:39-49.

42. Jensen JH, Helpern JA. MRI quantification of non-Gaussian water diffu
sion by kurtosis analysis. NMR Biomed. 2010;23(7):698-710.

43. Smith SM, Jenkinson M, Johansen-Berg H, et al. Tract-based spatial statis
tics: Voxelwise analysis of multi-subject diffusion data. NeuroImage. 2006; 
31(4):1487-1505.

44. Maximov II, van der Meer D, de Lange AMG, et al. Fast qualitY conTrol 
meThod foR derIved diffUsion metrics (YTTRIUM) in big data analysis: 
U.K. Biobank 18,608 example. Hum Brain Mapp. 2021;42(10):3141-3155.

45. Mori S, Wakana S, van Zijl PCM, Nagae-Poetscher LM. MRI Atlas of hu
man white matter. 1st ed. Elsevier; 2005.

46. Slater DA, Melie-Garcia L, Preisig M, Kherif F, Lutti A, Draganski B. 
Evolution of white matter tract microstructure across the life span. Hum 
Brain Mapp. 2019;40(7):2252-2268.

47. Nakagawa S, Cuthill IC. Effect size, confidence interval and statistical sig
nificance: A practical guide for biologists. Biol Rev Camb Philos Soc. 
2007;82(4):591-605.

48. Mori S, Oishi K, Jiang H, et al. Stereotaxic white matter atlas based on diffusion 
tensor imaging in an ICBM template. NeuroImage. 2008;40(2):570-582.

49. Berthoud HR, Münzberg H, Morrison CD. Blaming the brain for obesity: 
Integration of hedonic and homeostatic mechanisms. Gastroenterology. 
2017;152(7):1728-1738.

50. Gurholt TP, Kaufmann T, Frei O, et al. Population-based body–brain map
ping links brain morphology with anthropometrics and body composition. 
Transl Psychiatry. 2021;11(1):1-12.

51. Albanese E, Launer LJ, Egger M, et al. Body mass index in midlife and demen
tia: Systematic review and meta-regression analysis of 589,649 men and women 
followed in longitudinal studies. Alzheimers Dement. 2017;8:165-178.

52. Blouin K, Boivin A, Tchernof A. Androgens and body fat distribution. 
J Steroid Biochem Mol Biol. 2008;108(3):272-280.

53. Askeland-Gjerde DE, Westlye LT, Andersson P, et al. Mediation analyses 
link cardiometabolic factors and liver fat with white matter hyperintensities 
and cognitive performance: A UK Biobank study. Biol Psychiatry Glob Open 
Sci. 2025;5(4):100488.

54. Friedman JI, Tang CY, de Haas HJ, et al. Brain imaging changes associated 
with risk factors for cardiovascular and cerebrovascular disease in asymp
tomatic patients. JACC Cardiovasc Imaging. 2014;7(10):1039-1053.

55. Tai XY, Veldsman M, Lyall DM, et al. Cardiometabolic multimorbidity, 
genetic risk, and dementia: A prospective cohort study. Lancet Healthy 
Longev. 2022;3(6):e428-e436.

56. Zhao B, Li T, Fan Z, et al. Heart-brain connections: Phenotypic and genetic 
insights from magnetic resonance images. Science. 2023;380(6648):abn6598.

57. Hatton SN, Huynh KH, Bonilha L, et al. White matter abnormalities across 
different epilepsy syndromes in adults: An ENIGMA-Epilepsy study. Brain. 
2020;143(8):2454-2473.

58. Tai XY, Torzillo E, Lyall DM, Manohar S, Husain M, Sen A. Association of 
dementia risk with focal epilepsy and modifiable cardiovascular risk factors. 
JAMA Neurol. 2023;80(5):445-454.

59. Momen NC, Østergaard SD, Heide-Jorgensen U, Sørensen HT, McGrath 
JJ, Plana-Ripoll O. Associations between physical diseases and subsequent 
mental disorders: A longitudinal study in a population-based cohort. 
World Psychiatry. 2024;23(3):421-431.

60. Momen NC, Plana-Ripoll O, Agerbo E, et al. Association between mental 
disorders and subsequent medical conditions. N Engl J Med. 2020;382(18): 
1721-1731.

61. Zheng Z, Zong Y, Ma Y, et al. Glucagon-like peptide-1 receptor: Mechanisms 
and advances in therapy. Signal Transduct Target Ther. 2024;9(1):234.

62. Westlye LT, Alnæs D, van der Meer D, Kaufmann T, Andreassen OA. 
Population-based mapping of polygenic risk for schizophrenia on the hu
man brain: New opportunities to capture the dimensional aspects of severe 
mental disorders. Biol Psychiatry. 2019;86(7):499-501.

63. Paulus MP, Thompson WK. The challenges and opportunities of small ef
fects: The new normal in academic psychiatry. JAMA Psychiatry. 2019; 
76(4):353-354.

64. Lyall DM, Quinn T, Lyall LM, et al. Quantifying bias in psychological and 
physical health in the UK Biobank imaging sub-sample. Brain Commun. 
2022;4(3):fcac119.

65. Dash UC, Bhol NK, Swain SK, et al. Oxidative stress and inflammation in 
the pathogenesis of neurological disorders: Mechanisms and implications. 
Acta Pharm Sin B. 2025;15(1):15-34.

66. White NS, Leergaard TB, D’Arceuil H, Bjaalie JG, Dale AM. Probing tissue 
microstructure with restriction spectrum imaging: Histological and theoret
ical validation. Hum Brain Mapp. 2013;34(2):327-346.

67. Zhang H, Schneider T, Wheeler-Kingshott CA, Alexander DC. NODDI: 
Practical in vivo neurite orientation dispersion and density imaging of the 
human brain. NeuroImage. 2012;61(4):1000-1016.

68. Beck D, de Lange AMG, Maximov II, et al. White matter microstructure across 
the adult lifespan: A mixed longitudinal and cross-sectional study using advanced 
diffusion models and brain-age prediction. NeuroImage. 2021;224:117441.

69. Konukoglu E, Coutu JP, Salat DH, Fischl B. Multivariate statistical analysis of 
diffusion imaging parameters using partial least squares: Application to white 
matter variations in Alzheimer’s disease. NeuroImage. 2016;134:573-586.

Obesity and white matter microstructure                                                                   BRAIN COMMUNICATIONS 2026, fcag026 | 15


	Linking obesity with white matter microstructure highlights the importance of brainstem tracts and sex differences
	Introduction
	Materials and methods
	Study design and participants
	Demographic and clinical data
	MRI acquisition and post-processing
	Quality control
	Statistical analysis

	Results
	Demographic and clinical data
	Associations between obesity phenotypes and DTI metrics
	Interaction effects between sex and obesity phenotypes on DTI metrics
	Interaction effects between age and obesity phenotypes on DTI metrics

	Discussion
	Supplementary material
	Acknowledgements
	Funding
	Competing interests
	Data availability
	References


