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eLife Assessment

This study introduces an artificial-intelligence tool that estimates fat in skull bone marrow
from routine brain scans, enabling large studies that were previously impractical. The
evidence for the method's repeatability and for identifying genetic links is convincing
overall. The authors identify genes, diseases, and other biological characteristics that are
linked to skull marrow fat, which represents an important advance. The work will be of
most interest to researchers using large imaging biobanks and those studying ageing-
related changes across bone, blood, and brain.

https://doi.org/10.7554/eLife.101499.2.sa4

Abstract

Bone marrow adiposity changes radically through the lifespan, but this phenomenon is poorly
characterised and understood in humans. Large datasets of magnetic resonance imaging (MRI)
scans of the head have been collected to study the human brain, but also contain unexploited
information about other organs. We developed an artificial neural network that localises calvarial
bone marrow in T1-weighted MRI head scans, enabling us to study its composition in several large
MRI datasets, and to model sex-dimorphic age trajectories, including the effect of menopause. We
revealed high heritability in single-nucleotide polymorphism and twin data, and identified 41
genetic loci significantly associated with the trait, including six sex-specific loci. Integrating
mapped genes with existing bone marrow single-cell RNA-sequencing data revealed patterns of
adipogenic lineage differentiation and lipid loading. Finally, we identified significant genetic
correlations with several human traits, including cognitive ability and Parkinson’s disease, which
is intriguing in light of the recently discovered channels that link calvarial bone marrow to the
meninges.

Introduction

Bone marrow (BM) is a tissue located within trabecular bone which produces the cellular
components of blood. Beginning in childhood, it undergoes a radical conversion from red to
yellow adipose marrow (1) which begins in the long bones of the appendicular skeleton, but
progresses more slowly in the flat bones of the axial skeleton (2). By middle-age, BM adipose tissue
accounts for 50-70% of total BM volume in healthy humans (3). Men have higher bone marrow
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adiposity (BMA) than women, but post-menopausal women experience a rapid rise in BMA (4). The
biological causes and consequences of this phenomenon are poorly understood. It is established
that BM fat has a distinct function to white and brown adipose tissue depots (5, 6), but a precise
definition of that function and the evolutionary basis of the sex-dimorphism remain elusive. What
is known is that BM adipocytes and bone-forming osteoblasts both result from the bifurcating
differentiation of mesenchymal stem cells in the BM niche and this lies at the root of the well-
established connection between BMA and osteoporosis (7-9). Crucially, BM adipocytes have also
been shown to affect the hematopeoitic microenvironment (10).

Magnetic resonance imaging (MRI) scans of the head are primarily thought of as a powerful non-
invasive tool for investigating the structure and function of the human brain, but these scans also
contain a wealth of imaging information about other organs, such as BM. The calvarial bones
recently been shown to be connected to the meninges by direct vascular channels through the
inner table of the calvarium (13). These channels transport cerebrospinal fluid from the

travel in the opposite direction (13, 16, 17). Thus, there is a clear potential for the state of calvarial
BM to directly affect the brain. Another specific feature of calvarial BM is that it converts from red
to yellow much later in life than the BM of appendicular bones, thus its composition may be a
useful normative marker of ageing.

The gold standard for assessing BM composition is magnetic resonance spectroscopy (MRS), but it
is limited by its low spatial resolution, long acquisition time, and need for a predefined volume of
interest, making it less well-suited for calvarial BM. Chemical shift imaging techniques offer higher
resolution and shorter acquisition time, but such data are not routinely acquired. This has led to a
growing interest in using conventional T1-weighted MRI to assess BM composition, with studies
reporting robust correlations between BM fat volume and fraction measured with MRS, chemical
shift imaging, and T1-weighted pulse sequences (18-20). Importantly, T1-weighted signal intensity
is mainly determined by fat and water content (20-23) rendering it well-suited to assess BM
composition.Large-scale neuroimaging studies routinely acquire T1-weighted MRI head scans, but
chiefly focus on the brain. Thus, these datasets present a hitherto unexplored opportunity to
address three unresolved aspects of BM biology: First, quantifying in vivo BM composition
characteristics at population-scale, including age trajectories and sex-dimorphism, and its
relationship to other traits such as bone mineral density (BMD). Second, estimating the heritability
and genetic architecture of calvarial BM composition. Third, determining whether the composition
of calvarial BM, which envelops the neocortex and has direct channels to it, has detectable effects
on the brain.

We developed an artificial neural network-based method for locating calvarial BM in T1-weighted
MRI head scans. Since T1-weighted MRI signal intensity is largely determined by fat content, we
interpreted the averaged signal intensity as a proxy for calvarial BMA. We conducted extensive
validation of the proposed measure using several publicly available MRI resources. We then
applied this method to MRI head scans from the UK Biobank (24) to extract information on BMA,
its spatial distribution in the calvarium and to model its main demographic determinants,
specifically its relationship with age and sex, including female-specific factors. The size of the
sample (n=33,042) enabled us to conduct a well-powered genome-wide analysis (GWAS) to identify
gene associations with the proposed measure of BMA and, using a single-cell RNA sequencing
(scRNAseq) dataset of BM mesenchymal cells, we gained insight into which genes drive
differentiation into the adipogenic lineage and which drive lipid loading. Finally, we investigated
the genetic overlap between BMA and twelve brain and body traits.
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Results

Locating calvarial BM in head MRI scans

Our procedure for locating the BM and measuring its T1-weighted signal intensity involved 1.
identifying the skin surface of the head, 2. identifying the calvarial part of the head using the top
of the cerebellum and the accumbens as reference points, 3. for each point of the calvarial surface
extracting an intensity array 25 mm into the skull (each layer is 0.5 mm thick), and 4. applying an
artificial neural network to identify which layers of the intensity array correspond to BM (Figure

bounds of outer table, BM, inner table). We trained the network on simulated data incorporating
the natural intra- and inter-individual variation in thickness and intensity of the relevant
datapoint of the calvarium, we used the network model to estimate the location of the BM within
the datapoint’s intensity array and averaged these BM intensities to get the BM intensity for that
datapoint. Then, we averaged these datapoint intensities across the calvarium to produce the
global BMA measure for the scan.

Procedure validation on simulated data

We evaluated the performance of the neural network on simulated data using two metrics (Figure

predicted intensity of the BM and the true intensity of the BM. The median overlap between the
predicted BM and the true BM in the simulated dataset was 0.76 with the lowest value (0.4)
obtained in calvaria with a thin bone and the highest value (0.88) obtained in calvaria with thick
bone. Poor overlap (below 0.7) was almost only observed in the thinnest bone and is explained by
the fact that when the BM part of the bone is only a few layers thick (1 layer = 0.5 mm), an error by
one layer will inevitably lead to a substantial fall in overlap. However, this did not result in a
corresponding fall in the ratio of the predicted intensity of BM to its true intensity, because the
typical BM intensity was only marginally higher than the neighbouring bone intensity. This
property of the typical relative intensities of these anatomic structures also explained why the
intensity ratio at high overlap is not centred on 1: any misidentification of cortical bone as BM,
will typically result in an underestimate of true BM intensity (Figure S2). The neural network
performed well and intensity ratios were in the range 0.9-1.1 for the vast majority of head types
(Figure S3). It was only for heads with thin bone and either very high or very low BM intensity that
we observed intensity ratios below or above this range (Figure S3B). Variation in subcutaneous fat
thickness had no systematic impact on the performance (Figure S3C).

Procedure validation on real data and heritability estimate

The procedure also performed well on real data. We first tested a dataset from the Consortium for
Reliability and Reproducibility (25) consisting of 30 individuals that were scanned 10 times each at

individual, outer table intensities centred on similar values with low variation across individuals,
BM intensity always higher than outer table intensity, and high variation of BM intensity between
individuals, but little within individuals. These scans were also inspected visually to verify that
structure boundaries were correctly identified. Figure S4 provides examples of network
performance in data of individuals with different levels of subcutaneous fat thickness, BMA, and
bone thickness. Furthermore, we performed several assessments of the impact of different
intensity normalization approaches on the obtained BMA estimates and compared estimates based
on T1-weighted images to estimates obtained from T1 relaxation maps derived from a quantitative
MRI pulse sequence (MP2RAGE). The BMA measure derived from T1-weighted images significantly
correlated with BMA derived from the quantitative T1 relaxation maps and was not prone to
differences in standard image normalization procedures (Figure S9-S12), supporting the validity of
the proposed approach.
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Figure 1. Overview of the artificial neural network training, application, and validation.
a. The data used for training the network were generated by simulating 336 different head types (with an example simulation
for one head type provided here), where a head type is defined by mean bone thickness, mean BM intensity and mean body
fat thickness. There are 5000 datapoints per head each with 50 intensities per datapoint. OT: outer table, IT: inner table, BM:
bone marrow. b. We evaluated the performance of the neural network using two metrics: 1. the overlap between the
predicted and the true BM location (defined by the simulation), and 2. the ratio between the predicted signal intensity of the
BM and the true intensity of the BM. c. Illustration of the process of extracting the intensity arrays from the MRI scan,
locating the BM, and computing its intensity. d. The algorithm was validated on a real dataset consisting of 30 individuals that
were scanned 10 times each at 3-day intervals. For each scan, we computed the intensity of the outer bone (blue) and of the
BM (yellow) which displayed high concordance across scans of the same individuals. The quality control measures correctly
identified scans not producing reliable measures (13 of 300, 11 of which fail due to too few datapoints). e. Application of the
algorithm to a cohort of monozygotic and same-sex dizygotic twins. Correlation in BMA between twin pairs in coloured
boxes.
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provided a second validation of the procedure through the high concordance in mean BM signal
intensity between MZ twins, 0.91 in male pairs and 0.82 in female pairs. Further, using the data on
the same-sex MZ and DZ twin pairs, we showed that BMA has an estimated broad-sense
heritability of 91% in males and 60% in females (Table S1). We estimated a strong influence of
environmental factors in females, one of which is highly likely to be estrogen levels as these vary
widely between women of child-bearing age, with particularly large changes during pregnancy
when estrogen levels are orders of magnitude higher, and the common use of estrogen-based
contraceptives.

The calvarial BMA phenotype

In the 16,140 male and 16,902 female white British individuals from the UK Biobank for which
head imaging data is available, we observed that calvarial BMA had strongly sex-dimorphic
features. Males had a higher mean BMA than females (Fic A®) and showed no increase at the
group level in BMA levels in the age range covered by the biobank sample (45 to 82 years)
implying that the rise in BMA must have occurred earlier in life (Figure 2B(%). In females the BMA
level was highly dynamic in this age range increasing by 50% in the same age interval and thereby
reaching male levels at age 70. Hormone replacement therapy (HRT) was used at some point in life
by 38% of the women in the study and this therapeutic intervention slowed the rise in BMA,

resulting in average BMA levels for treated women that did not exceed the level of males at age 80.

BM adipocytes and osteoblasts differentiate from the same mesenchymal progenitor cells and this
would appear to drive the known negative correlation between BMA and bone mineral density
(BMD). We replicated this effect in our data (Figure 2C(% - 14,262 males and 14,831 females). This
relationship is also dimorphic with females displaying a lower level of calvarial BMD for a given
level of BMA. Further, the size of the female BMD deficit increases as BMA levels rise (a similar
pattern is observed with BMI in Figure 2D (2). We quantify the determinants of calvarial BMD by
linear regression (Table S2). These regressions confirm the known effects of age and sex, and that
the effect of BMA on BMD is about twice as large in females relative to males. Our regression
results suggest that most of the effect of HRT on BMD is mediated by its effect on BMA (Table S2)
since: 1. the statistical significance of HRT as an explanatory variable for BMD disappears when
BMA is included as an explanatory variable in the regression and 2. the R? of the regression

increases by a factor of 4 to 30%.

Genetic architecture

The strong twin-based heritability of BMA emphasised the importance of a genome-wide
association study (GWAS) of the trait. We used the UK Biobank cohort (Table S3) and performed
sex-specific covariate regression prior to separate discovery GWASs on males (n=16,140) and
females (n=16,902). We found the male and female GWASs to have low genomic inflation (Figure

allowing us to combine these samples to perform a joint discovery GWAS across males and
females (n=33,042). Further, we performed an independent replication GWAS (n=4,958) on non-
white British males and females.

SNP-based heritability (hZSNp) estimated using linkage disequilibrium score regression confirmed
significant heritability of the joint discovery GWAS, (hngp = 31.5%) (Table S4). We identified 168
genome-wide significant independent SNPs (P<5e-8), corresponding to 41 independent genomic
loci (Table S5). The replication GWAS also displayed significant heritability (hZSNP = 28.6%). Out of
the 168 significant discovery SNPs, 62% replicated at P<.05, and 39% of the 41 lead SNPs replicated
at P<.05 (Table S6). One locus replicated at genome-wide significance (P<5e-8). Furthermore, 92.7%
of the lead SNPs of the discovery sample showed same effect direction in the replication sample
(Table S5).

Figure 3C2 depicts genes mapped from the 41 loci associated with the calvarial BMA. The most

significant top lead SNP was located in the WNT16 gene (P=2.6e-143), which is also the top hit in
BMD GWAS (27, 28) (Figure S12). The ESR1 locus displayed a notable sex-dimorphic pattern (Figure
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Figure 2. The calvarial BMA phenotype

a. BM intensity distribution in males (blue) and females (yellow) b. BMA age trajectories for males and females. Males in blue
and females in yellow (never HRT) and orange (ever HRT). The effects of age and HRT on female BMA levels were both
statistically significant (p-value < 2.0E-16) c. Sex-dimorphic relationship between BMA and calvarial bone mineral density. d.
Relationship between BMA and BML. Fitted lines in B, C, and D were computed using a general additive model and shading

represents 95% confidence intervals.
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Figure 3. BMA genome-wide significant loci

a. QQ-plot of p-values for the male, female and joint discovery GWAS b. Comparison of male (outer), female (middle), and
joint (inner) discovery GWAS significant loci. c. Manhattan plot of the 41 genome-wide significant loci in the joint discovery
GWAS named after gene closest to the top lead SNP (bold). Other genes in each locus for which genome-wide significant
SNPs were eQTLs, are listed below the closest gene. Three loci were closely adjacent to another more significant locus and
are marked “+". SNPs with p < 0.05 not plotted.
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§13). In females, the top lead SNP overlapped the ESR1 gene, but another lead SNP overlapped the
neighbouring CCDC170 gene. In males, the signal in ESR1 was absent, but a genome-wide
significant signal was located in the CCDC170 gene, suggesting that the ESR1 gene might not be the
only source of an association signal in this locus.

A comparison of the male and female effect sizes of the top lead SNPs of each locus revealed 6 loci
in which there is a more than two-fold difference between the sexes (loci 10, 18, 26, 30, 32, 37 in
Table S5). In all cases, it is the male effect size that is larger. Further, each locus is genome-wide
significant in males, but not in females, thus suggesting that these loci may be genetic drivers of
the sex-dimorphism.

Gene expression in BM mesenchymal stem cell differentiation

Mesenchymal stem cells of the BM niche commit to either the adipogenic or the osteogenic lineage
(Figure 4A(%) and both the number committing to the adipogenic lineage and their level of lipid-

loading influences the total level of BMA. This aspect of BM biology is shared between humans and
mice (29), so we made use of an existing mouse scRNAseq dataset of BM mesenchymal lineage cells

different cell types. However, the mean scaled expression varied considerably between
differentiation stages and the clustering of expression profiles revealed that most genes fall into
one of the two largest groups of profiles: either genes with their peak of expression at the lineage
commitment stage (LMP and LCP) or within the adipogenic lineage (MALP). It was also noteworthy
that the genes peaking in MALPs mostly showed low expression prior to that stage. This differed
from the ramping up observed in mesenchymal progenitors and LCPs. Only one of the closest
genes saw their peak of expression in osteoblasts, but it was unexpected to observe that 6 of the
closest genes see a strong peak in osteocytes. It remains to be investigated whether the closest gene
might not be the source of the association or whether gene expression in osteocytes may have an
influence on BMA.

Genetic correlation and overlap

We investigated genetic correlation and overlap with 13 traits. We selected body traits (BMD, BMI,
waist-to-hip ratio, systolic and diastolic blood pressure, type-2 diabetes, coronary artery disease)
that have a logical connection to BMA given the mesenchymal stem cells origin of BM adipocytes
and their role in bone, fat, and vasculature (30). For the brain, we selected traits reflecting

cognition (general cognitive ability and educational attainment) and disorders that are prevalent
in adulthood (insomnia, multiple sclerosis, Parkinson’s disease, Alzheimer’s disease) since it is

We identified strong negative genetic correlations between BMA and both BMD and BMI, and
more subtle global genetic correlations between BMA and Parkinson’s disease, general cognitive
ability, and educational attainment (Table 1 %). However, global genetic correlations lack the
ability to assess genetic overlap in the presence of mixed effect directions. So, to better understand
the genetic overlap between BMA and other traits of interest, we also applied MiXeR (31). MiXeR
uses trait polygenicity, defined as the number of trait-influencing variants required to explain 90%
of SNP-based heritability, to model the number of shared trait-influencing-variants between two
traits as well as the correlation within this shared component. MiXeR estimates that 99% of BMA
trait-influencing variants are shared with BMD (497 of 500 variants), and that the correlation of
this shared component is -0.95, indicating high genetic overlap with discordant effect. The
proportion of BMA trait-influencing variants also estimated to influence general cognitive ability
(0.57) and educational attainment (0.67) was lower than observed for BMD, but the correlations
within their shared components were similarly large (COG = 0.93, EDU = 0.90). These patterns of

high overlap and high effect correlation within this overlap are suggestive of vertical pleiotropy
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Figure 4. Gene expression in mesenchymal lineage cells of mouse BM.

a. The differentiation of BM mesenchymal cells. Early (EMP), intermediate (IMP), and late mesenchymal progenitors (LMP).
Lineage committed progenitors (LCP). Marrow adipogenic lineage precursor (MALP). Lipid-laden Adipocyte (LiLA). Osteoblast
(OB). Osteocyte (Ocy). b. A clustering of the gene expression profiles across cell types. Gene names are for mouse genes
(these broadly match human gene names). Of the 40 genes which are closest to lead SNP for each locus, 28 had expression in
the scRNAseq data (bold). LiLA expression data was not available in this dataset.
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i.e. a molecular mechanism influencing one trait, that in turn influences a second trait, such that
most of the variants driving the first trait either have the same or the opposite direction of effect
on the second trait.

In Parkinson’s Disease, where we also estimated statistically significant genetic correlation with
BMA, MiXeR estimates a strong negative correlation of effect sizes, but this is within a much lower
percentage of BMA trait-associated variants (14%). Similarly, BMA displayed a high correlation of
effect sizes (-0.69) with Type-2 diabetes but within a moderate overlap, and a low correlation of
effect sizes with both systolic and diastolic blood pressure, but with an overlap of 95%. These
patterns are more indicative of horizontal pleiotropy (i.e. molecular mechanisms influencing
multiple traits) than vertical pleiotropy.

Discussion

The development of a method for locating BM in MRI head scans enabled us to characterize
calvarial BMA in several datasets and to quantify, in vivo and at population-scale, BMA’s age
trajectory, sex-dimorphism, and relationship to BMD. We focused on BM adiposity rather than
volume, as this trait was considered more likely to be influencing other traits of interest, such as
the blood (hematopoiesis), bone (osteoporosis), and brain health (through transcortical channels).
Indeed, through a well-powered GWAS, we identified the main genetic drivers of this phenotype
and we observed significant genetic correlation and overlap with several traits, including
Parkinson’s disease and general cognitive ability.

Estimating BMA in MRI head scans

BMA can be quantified in whole-body scans (32), but calvarial BM has a number of features which
make it particularly well-suited to the study of BMA. First, conversion to yellow BM is slower in the
flat bones (33), such that sex-dimorphic trajectories are observable in middle-aged cohorts.
Second, there are many large collections of T1-weighted MRI scans from which calvarial BMA can
potentially be extracted and, although T1-weighted pulse sequences are not specifically designed
for BMA quantification (34), this enables analyses that have not previously been possible, such as
GWAS and accurate estimation of lifespan sex differences. Finally, it has a simple “sandwiched”
structure that we were able to model and then generate simulated calvaria which we use as
training data for an artificial neural network. Our validation procedures demonstrate that this
automated BM location procedure delivers good performance on real data, even though it was
trained on simulated data and analyses each datapoint independently of all others. A more
sophisticated model (35, 36), trained directly on annotated real data, may raise performance
further, for example by improving the prediction of the lower bound of the BM. However, this
would require a substantial manual annotation effort and would face the difficult challenge of
distinguishing low-adiposity BM from calvarial bone. Both these issues are circumvented by our

approach.

The calvarial BMA and BMD phenotypes

The sex-dimorphic nature of BM adiposity is qualitatively well-established (4), but has not
previously been quantified in a large human cohort. Males have a high and stable average level of
BMA over the covered age range (45 to 82 years of age), indicating that the dynamic male phase
occurs earlier in life. The youngest females in our sample have a low level which ramps at a
constant rate from the beginning to the end of the range with HRT significantly reducing the rate
of increase. Interestingly, however, by the age of 70 (for women not using HRT), female BMA has
risen to the same level as males. It appears highly likely that the menopause and the
accompanying drop in natural estrogen levels is part of what drives the rise in BMA levels and that
estrogen treatment can delay the rise. We emphasise that these trajectories are for calvarial BM
and are most probably different in profile and levels to other BM, since it is known that axial flat
bones convert later and perhaps less completely than the appendicular long bones. However, the
nature of the sex-dimorphism and the effect of estrogen is likely shared with other BM.
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Trait Genetic correlation (LDSR) Genetic overlap (MiXeR)
. Partitioning of causal variants Overlap as
All subjects Mean nb per partition fraction of all C?"’ of c..a.ff'ect
Unique Unique to BMA causal sizes within
"o P Q@ toBma OV it variants overlap (s.e)
Bone mineral density -0.41 1.5E-22 1.8E-21 3 497 1471 0.99 -0.95 (0.05)
Body mass index -020 9.3E-15 5.6E-14 NA* NA* NA* NA* NA*
Waist-to-hip ratio -0.10  1.2E-02 2.60E-02 63 436 3300 0.87 -0.48 (0.16)
Blood pressure systolic -0.02  6.5E-01 6.8E-01 25 475 3921 0.95 -0.25 (0.05)
Blood pressure diastolic -0.03 3.4E-01 4.1E-01 27 473 3541 0.95 -0.21 (0.04)
Coronary artery disease  -0.10  3.6E-02 7.2E-02 275 225 1140 0.45 -0.40 (0.11)
Type-2 diabetes -0.07  6.5E-02 1.1E-01 361 139 752 0.28 -0.69 (0.16)
Insomnia -0.05  2.1E-01 2.8E-01 248 252 8868 0.50 -0.45 (0.32)
Multiple Sclerosis -0.02 6.8E-01 6.8E-01 474 26 86 0.05 0.45 (0.14)
Parkinson's disease -0.15 1.7E-03 4.1E-03 432 68 844 0.14 -0.75 (0.14)
Alzheimer's disease -0.13  9.2E-02 1.4E-01 485 15 52 0.03 -0.61 (0.24)
General cognitive ability 0.09 1.1E-03 3.3E-03 217 283 10802 0.57 0.93 (0.12)
Educational attainment 0.10 9.9E-05 4.0E-04 166 334 12855 0.67 0.90 (0.11)
Table 1. Genetic correlation and overlap of BMA with other traits
rq: genetic correlation. Q-values are FDR corrected P-values. Genetic overlap: number of causal variants that overlap (i.e. are
shared) between BMA and the second trait. Total number of estimated causal variants for a trait (i.e. explaining 90% of SNP
heritability) is the sum of those unique to trait and overlap (large total is indicative of high polygenicity). NA*: The publicly
available summary statistics of the BMI GWAS contained only 3.3M SNPs, it was thus not possible to apply the MiXeR method
to this dataset. Sex-specific genetic correlations, standard errors for causal variant partitioning, and Akaike Information
criterion values (Table S9). Blue highlighting for: genetic correlation p < 0.01, overlap fraction > 0.5, correlation of effect sizes
within overlapping > 0.5 or <-0.5.
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Women at risk of osteoporosis are often prescribed HRT in order to improve BMD. Our regression
results (Table S2) indicate that the effect of HRT on BMD is mostly mediated by its effect on BMA.
Further, we suspect that the effect of BMA on BMD may be underestimated given that the
prescription of HRT is biased towards women with low BMD and high BMA. Future studies,
including information on why HRT was prescribed and for how long, may use our BMA
quantification method to further detail this important relationship.

BMA heritability estimates

Our findings showed that male SNP heritability (43%) is half the broad-sense heritability (91%). In
females, SNP heritability is only 23% which is low relative to men and relative to the broad-sense
heritability of 60%. Since the vast majority of women in the UK Biobank sample have probably not
reached their ultimate BMA levels, we suspect that the genetic effects on the phenotype may be
underestimated in this female GWAS sample. Despite these features of the sample and its
relatively modest size, we do observe good genetic correlation between the sexes of the discovery
sample (Figure 3b %) and cross-ethnic replication in a limited sample of 4,958 individuals. Based
on these GWAS results, MiXeR estimates that BMA has approximately 500 causal variants,
indicating low polygenicity relative to a typical polygenic trait such as BMD, which we estimated to

have approximately two thousand causal variants.

The high broad-sense heritability estimates indicate that environmental effects on BMA are
limited relative to genetics. However, a limitation of our broad-sense heritability estimates is that
the age range of the twin dataset is much younger than the UK Biobank dataset from which we
compute SNP heritability. This is particularly relevant for females, first because fluctuations in
estrogen levels are substantial during child-bearing age due to pregnancy and contraception, and
second because females only reach their ultimate BMA level between the ages of 70 and 80 (the
upper end of the age range). Both the broad-sense and SNP heritability estimates should therefore
be interpreted with caution for females.

Genetic correlation and overlap with other traits

We selected 7 body and 6 brain traits for which we computed genetic correlation, and obtained
significant results for BMD, BMI, Parkinson’s disease, general cognitive ability and educational
attainment. Genetic correlation has two limitations. First, it tends to underestimate the true
correlation in the case of mixed effects and, second, it provides no indication of whether the
relationship between the traits is driven by horizontal or by vertical pleiotropy. MiXeR estimates
the causal variants for each trait and thereby can estimate the overlapping fraction as well as the
correlation of effect within this set. A high overlap of BMA causal variants with those of the other
trait and a high correlation of effects within this set is suggestive of causal effect (vertical
pleiotropy). Only 3 of the 12 traits displayed a clear combination of such features. One of these is
BMD, which can be considered as a positive control since the BMA and BMD traits are known to be
negatively correlated and the bifurcating differentiation of mesenchymal stem cells provides a
causal cellular mechanism for this relationship between traits. The other two traits are
educational attainment and general cognitive ability. Since these are two highly correlated traits
(37), a high overlap and correlation of genetic effects for both traits with BMA may be consistent

GWAS results and differentiation of mesenchymal progenitors

Previous studies of mesenchymal cell differentiation in animal and cell models have pointed
towards the Wnt/B-catenin signalling pathway being an important determinant of BMA (29). Our
large-scale phenotyping of BMA in a human cohort enabled us to perform a hypothesis-free
quantification of its genetic architecture which confirmed the strong effect of genes related to this

pathway, including WNT16 (38), WNT4 (39), NXN (40). Further, we found associations in genes

effect of many interesting novel loci, such as FGFRL1 which has a pleiotropic role in hypertension
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pattern of the genetic signal illustrates the importance of fine mapping for these and other loci
(Figures S9-10).

Recent scRNAseq studies of the BM niche have provided a comprehensive insight into BM cell
types and the changes in gene expression during differentiation (48-50). Zhong et al. focused
specifically on mesenchymal lineage cells and produced a detailed transcriptomic profile of
progenitor maturation and bifurcating differentiation into adipogenic and osteogenic lineages
(30). Interestingly, they identify a new non-proliferative cell type in the adipogenic lineage that
does not contain lipid droplets (MALP: marrow adipogenic lineage precursors). In our clustering of
GWAS genes according to their scRNAseq transcriptomic profiles, we find 17 genes which ramp
expression in mesenchymal progenitors with the peak of expression occurring in LMP or LCP, and
16 genes with very low expression in mesenchymal progenitors and a distinct peak at the MALP
stage. Since BMA is primarily determined by two potentially asynchronous processes, the number
of adipocytes and the level of lipid-loading, this suggests that the first set (including WNT16)
controls the bifurcation between the two main lineages, whilst the second set (including ESR1)
controls MALPs further differentiation into lipid-laden adipocytes.

MALPs outnumber lipid-laden adipocytes by orders of magnitude in young mice and exist as
pericytes and stromal cells that form a ubiquitous 3D network inside the marrow cavity (30).
Evidence points to this network playing pivotal roles in maintaining marrow vasculature (30),

tentatively speculate that calvarial MALPs may be involved in sensing perivascular flows of CSF
from the meninges to the BM and in influencing the BM’s hematopoietic response, and that this
might be the basis of the observed genetic overlap between BMA and some cerebral traits.
However, more conventional anatomical pathways may also be relevant, as the diploé and inner
table communicate with meningeal and dural venous systems through diploic veins.

In addition to these recently described channels, classical cranial venous anatomy provides other
potential interfaces between calvarial marrow and the intracranial compartment, including
diploic and emissary venous connections with meningeal veins and dural venous sinuses.

Limitations and future validations

studies have reported correlations of 0.99 with BM fat volume and of 0.71 with BM fat fraction
measured with the IDEAL technique in the tibia of children (18). Similarly, BM fat volume
estimated with T1-weighted images have shown strong correlations with MRS (r=0.88) and the
Dixon method (r=0.79) for vertebrae and with the Dixon method for femoral neck (r=0.86) in
menopausal women (19). A score based on T1-weighted signal intensities in the vertebrae was
found to be a promising marker for osteoporosis and correlated with BMD measured with DEXA
(r=-0.68) (55). While most prior studies have focused on non-cranial BM, one study found that T1-
weighted signal intensity in the calvarium was a sensitive (93%) and specific (86%) marker for
infiltrative processes including lymphoma, leukaemia and chronic anaemia known to affect BM

composition (20).

Whereas prior studies have relied on manual grading and selection of segmentation thresholds
and regions of interest, our approach automatically locates calvarial BM. This improves
repeatability and allows for deployment in large datasets such as the UK Biobank. Although the
main determinant of the T1-weighted signal intensity is fat, making it well-suited to assess BMA,
weighted MRI pulse sequences present notable challenges. Importantly, T1-weighted signal

To ensure between-subject comparability, we used the intensity normalised nu.mgz volume output
by FreeSurfer. We validated this approach through comparison with well-established intensity
normalization methods: Kernel Density Estimation (KDE), WhiteStripe (WS), Gaussian Mixture
Model (GMM), Fuzzy C-Means (FCM), and Z-score normalization (ZS). We found the highest test-

Kaufmann et al., 2024 eLife 13:RP101499. https://doi.org/10.7554/eLife.101499.2 13 of 40


https://doi.org/10.7554/eLife.101499.2
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://elifesciences.org/subjects/medicine

= eLife

Medicine

retest reliability with our approach (Figure S9), and, together with KDE (based on reference signal
intensity in WM), the highest correlation with quantitative T1 relaxation maps (Figure S10).
Together with the significant correlations with BMD (Figure S11), as measured with DEXA, and
significant effects of osteoporosis status (Figure S12), these results demonstrate the biological
relevance of the proposed measure of BM composition.

Nevertheless, we recognise the need for further validation to disentangle the relative
contributions of adiposity and other features of BM composition. As such, caution is still
warranted on the biological interpretation of measures based on T1-weighted images, and future
sensitivity and robustness analyses are needed. Given the plausible biological findings in our
study (sex-dimorphic age trajectories mapping known BMA biology, discovery of genes previously
identified through cellular experiments as critical to adipocyte biology), we are confident that the
benefits of exploiting the existing large samples of T1-weighted images outweighs the limitations.
Indeed, future studies can build on our developments to further validate the proposed measure of
bone marrow composition and to study its effect on bone, blood, and brain.

Materials and Methods

Experimental design

This study had several sequential subgoals: 1. obtain data on bone marrow composition from head
MRI scans, 2. determine the sex-dimorphic age trajectories, 3. identify the genes associated with
this trait, 4. determine which of these genes control the bifurcating (osteogenic/adipogenic)
differentiation and which control lipid loading and 5. investigate whether the bone marrow
composition trait has genetic overlap with other related body or brain traits. Each of these study
components requires specific methodology and several data sources are used. These are described
separately in the following subsections.

Cohorts

Hangzhou Normal University (HNU) data as part of the Consortium for
Reliability and Reproducibility (25)

We accessed the openly available test-retest reliability dataset from
http://fcon_1000.projects.nitrc.org@. In this study, T1 MRI was acquired on a 3T GE Discovery
MR?750 scanner using an 8-channel head coil with a repetition time of 8.06ms, 8° flip angle and 250
mm field of view at a resolution of 1x1x1 mm. We included all available data from this sample,
specifically data from 30 healthy adults (50% female) aged 20-30 years (mean: 24.4, sd: 2.4 years)
that were scanned ten times across one month, one scan every three days.

MICA-MICs data (57)

We accessed the openly available multimodal dataset from https:/portal.conp.ca/dataset?
id=projects/mica-mics . In this study, MRI data was acquired on a 3 T Siemens Magnetom Prisma-
Fit equipped with a 64-channel head coil. T1 MRI was acquired with a 3D magnetization-prepared
rapid gradient-echo sequence (MPRAGE; 0.8 mm isotropic voxels, matrix = 320 x 320, 224 sagittal
slices, TR = 2300 ms, TE = 3.14 ms, TI = 900 ms, flip angle = 9°, iPAT = 2, partial Fourier = 6/8).
Quantitative T1 MRI was acquired with a 3D-MP2RAGE sequence (0.8 mm isotropic voxels, 240
sagittal slices, TR = 5000 ms, TE = 2.9 ms, TI 1 =1d0 ms, T1 2 = 2830 ms, flip angle 1 = 4°, flip angle 2
=5°,iPAT = 3, bandwidth = 270 Hz/px, echo spacing = 7.2 ms, partial Fourier = 6/8).

Human Connectome Project data (58)

We accessed openly available data from https.:/db.humanconnectome.org . In this study, T1 MRI
was acquired on a customized 3T Siemens Skyra scanner with a repetition time of 2400ms, 8° flip
angle, 224mm field of view and a voxel size of 0.7mm. We included data from 430 twins from this
sample, including 174 males (60 dizygotic and 114 monozygotic, age range 22 to 34) and 256
females (96 dizygotic and 160 monozygotic, age range 26 to 36).
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UK Biobank (24)

We accessed data from the UK Biobank study resource (access code 27412;

https:// www.ukbiobank.ac.uk ). In this study, T1 MRI data was acquired on three identical 3T
Siemens Skyra scanners with a repetition time of 2000ms, 8° flip angle, 256mm field of view and a
resolution of 1x1x1mm. We split the available sample into a discovery set comprising 33,042 white
British individuals (51% females) aged 45-82 years (mean 64.9, sd 7.5 years), and an independent
replication set comprising all other individuals (N=4958, 52% female, age mean 62.9, sd 7.7, range
45-81 years). We also obtained head bone mineral density measurements produced by a DXA
system (code 23226-2.0), body mass index (code 21001-2.0), and data on whether women ever used
hormone-replacement therapy (code 2814-2.0). BMD data was only available for 29,093 of the
samples for which MRI head scans were available.

Ethical approvals

The UK Biobank was approved by the National Health Service National Research Ethics Service
(ref. 11/NW/0382). The Human Connectome Project was approved by the Washington University
institutional review board. Hangzhou Normal University study protocol and data sharing was
approved by its local ethics committee.

FreeSurfer preprocessing and extraction of datapoint intensities

We processed all T1 MRI data using the standard recon-all pipeline in FreeSurfer 5.3.0. T1
intensities were extracted from the nu image, which is corrected for intensity non-uniformities
and intensity normalized via scaling. Next, we fed the intensity-normalized volumes derived via
recon-all into the FreeSurfer mri_watershed program to delineate the surfaces of the brain, skull
and skin. We performed a stepwise extraction of intensities from layers following the shape of the
outer skin, walking inward into the skull in steps of 0.5mm up to 25mm inward which produces an
intensity array of length 50 for each datapoint. Since watershed delineates the skin around the
entire head, we disregarded parts that are not directly on top of the cortex. For this, we identified
the coordinates of the upper part of the cerebellum and the accumbens from the individual level
FreeSurfer aseg parcellation and defined a plane in 3D space that intersected these two points,
disregarding all data points in coordinates below the plane. The resulting stream of layerwise
intensities therefore comprised data on top of the cortex and was fed one-by-one into an artificial
neural network model to identify and define the borders of the bone marrow (BM) for that
datapoint. See supplementary materials for more detail on this workflow, including software
versions.

Intensity array data simulation

In order to train the neural network model, we generated a large synthetic dataset of intensity
arrays, with known boundaries between anatomical structures, by simulating the thickness and
intensity of the different structures located between the outer skin and the sub-arachnoid space.
The simulation incorporated the following real-world complexities:

1. Different anatomical architectures (skin, subcutaneous fat, aponeurosis, outer table, BM, inner
table, dura mater, arachnoid space), including when a structure is not present throughout the
calvarium.

2. Variation in thickness and intensity between vertices (on the same calvarium)

3. Awide variety of different calvarium types with different combinations of levels of BM
adiposity, bone thickness, and subcutaneous adiposity.

4. "Blurring" between anatomic structures was present in real data and was modelled in our
simulations:

a. blurring that occurred because of the voxel resolution of the MRI scanner relative to the
underlying structures

b. blurring that occurred because the layers for a data point usually do not match with voxel
boundaries.
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The parameters used in the simulation (primarily mean and variance of both thickness and
intensity of each of the different anatomical structures within a calvarium) were estimated
by reviewing the MRI scans of a wide variety of real subjects from the MRI scan collections
included in this study. We simulated 336 different calvaria with the following mean
characteristics: 7 BM intensities (40, 50, 70, 90, 110, 140, 170) x 6 bone thicknesses (4, 6, 8, 9,
11, 12 mm) x 8 body fat thicknesses (0, 1, 2, 3, 4, 6, 9, 12 mm) and for each calvarium we
generated 5000 intensity arrays. In the iterative process of simulating data, training the
network, and testing its performance on real data, we observed that incorporating the
characteristics of extreme head types in the simulation parameters was critical to obtaining
good performance on real data. Fine-tuning of model hyperparameters played a much lesser
role. The R code and all parameters are openly available [made public upon acceptance]
(bmSimulation_50_versionA.r).

Artificial neural network architecture and training

The network is a feed-forward fully connected network. There are 50 input nodes (for the 50
intensities of a datapoint), three internal layers with 100 nodes each (ReLU activation function),
and six output nodes (upper and lower bound for each of outer table, BM, and inner table). The
model was implemented in the Keras framework on top of the Tensorflow backend, and the
training of the model was performed in Google Colab (59). All vertices from all calvaria were

randomly shuffled, and then two thirds of the data were used for training the model, and one third
was used as the validation set, to measure the performance. The loss function, defined as the sum

30 % dropout rate in all the hidden layers. The model is trained over 300 epochs. The performance
of the network plateaus before 300 epochs (Figure S1), suggesting that the optimisation has
converged on the best parameters for this model architecture.

To compute the overlap of the true and the predicted intervals, the predictions were first rounded
to integers, so they refer to specific layers in the intensity vector. Then the overlap is defined as
the number of layers that are included in both the predicted and the true interval, divided by the
number of layers in the longest of the true and the predicted interval. For each datapoint of a scan,
we computed the mean BM intensity from the part of the intensity array predicted to be BM and
then computed the mean and standard deviation across all datapoints in the scan. We did the
same for the outer and inner table. The Python code is openly available [made public upon
acceptance] (bmDetectNN50_randomAux_training_A.ipynb)

Additional validation of the BMA estimation approach

In the BMA estimation pipeline, we used intensity normalized T1 images generated in the standard
recon-all processing stream of FreeSurfer. To assess the effect of intensity normalization, we
estimated BMA with five additional frequently used intensity normalization methods (62). We
calculated test-retest reliability (Figure S9) and, in a dataset where quantitative T1 data was
available (57), compared BMA estimates derived from quantitative T1 with our semi-quantitative
approach, as well as each of the five additional intensity normalization methods (Figure S10).
Finally, we further assessed the semi-quantitative nature of our approach by comparing outer-

bone intensity with bone mineral density as measured by DEXA scans (Figure S11).

ANN Quality control measures

We performed the BM location procedure on the intensity data from 42,068 heads in the UK
Biobank. 420 of these produced no output and 2,234 produced a calvarium with less than 5,000
vertices most likely related to poor image quality (Figure S5), leaving 39,414 samples.

We used two additional QC metrics to filter out calvaria where BM location was likely to have
failed. First, we set an upper limit of 30 on the standard deviation of the intensity of the outer table
as scans with higher values were clear outliers and were probably cases where the location of
both outer table and BM has failed (Figure S6). Second, for each calvarium, we computed the
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Mahalonobis distance for all vertices in the two dimensions “first layer of the BM” and “BM
intensity” (Figure S7). By manual inspection we found that data points with MD > 25 often had
errors in BM layer identification, typically where the network had erroneously predicted a higher
and more intense layer to be the BM. We considered a calvarium as failing this QC criterium if
more than 0.5% of vertices have MD > 25. This criterium is very strict as errors on only 0.5% of
data points in a calvarium would not significantly affect the average BM intensity for a calvarium.
However, we wanted the data to be usable to generate individual calvarial BMA maps and were
only willing to tolerate a very low percentage of data points with errors in each calvarium. These
two additional QC filters were complementary (Figure S8) and resulted in a final number of 39,207
scans passing QC.

Twin heritability estimates

We used the monozygotic and same sex dizygotic twins from the Human Connectome Project
dataset to fit the NACE model using the twinlm function of the mets package (63) in R (Table S1).

GWAS methods

We followed standard quality control procedures for preparing UK Biobank genetic data.
Specifically, we removed individuals missing more than 1% of genotyping data, and single
nucleotide polymorphisms (SNP) missing in more than 5% of individuals or with a minor allele
frequency below 0.01, yielding approximately 7.9M SNPs. We split the available sample into a
white British discovery set and a non-white replication set, as detailed under cohorts. Within each
of these samples, we performed sex-specific covariate regression prior to genome-wide-association
analysis (GWAS). For males, we residualized our estimates of BM adiposity from age (using
orthogonal polynomials of degree 2), scanning site, and the first 20 genetic principal components
for population level stratification. For females, we applied the same model yet also controlling for
hormonal replacement therapy as this is known to affect BMA (64) (binary: ever used HRT therapy
yes/no).

The residuals were fed into GWAS using plink (version 2) (65). Using the discovery sample, we first
performed a GWAS in females only (N=16,902), and a GWAS in males only (N=16,140). After
validating their significant genetic correlation (Rg=.94, P=6e-27), we performed a GWAS in the full
discovery sample, merging the residuals from the female model with the residuals from the male
model. Likewise, we performed a GWAS in the replication sample merging the residuals from a
male and a female model in a joint GWAS (no sex-specific GWAS performed due to power in this
sample). The resulting summary statistics were standardized using the python_convert toolbox
(https://github.com/precimed/python_convert @), removing the MHC region in chromosome 6
between base pairs 26M and 34M before feeding them into genetic correlation analysis.

GWAS summary statistics are available on the FUMA website (ID XXXX) [made public upon
acceptance]

GWAS results were post-processed using the Functional Mapping and Annotation of Genome-Wide
Association Studies (FUMA) tool (66) to define genomic loci, significant independent SNPs, lead
SNPs, and top lead SNPs. We used default settings which were: N = NA, Ncol = N, exMHC =1,
MHCopt = annot, extMHC = NA, ensembl = v92, genetype = protein_coding, leadP = 5e-8, gwasP =
0.05,r2 = 0.6, r2_2 = 0.1, refpanel = 1KG/Phase3, pop = EUR, MAF = 0, refSNPs = 1, mergeDist = 250.
FUMA was also used to perform an eQTL analysis of the GWAS results using the GTEX v8
expression dataset. Genes, which were not the closest gene to the top lead SNP of a locus, but for

which genome-wide significant SNPs were strong eQTLs, were annotated in the Manhattan plot

Single-cell data and analysis

Single cell RNAseq data of BM mesenchymal lineage cells (30) was downloaded from the Single
Cell Portal (https://singlecell.broadinstitute.org/single_cell/study/SCP1017 (%) and used to create a
Seurat 4.0 object in R-studio (count, embedding and meta-data). This was an integrated dataset of
7585 cells that contains endosteal Td+ BM cells from 1-month-old (1M) and 1.5-month-old (1.5M)
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male Col2:Td mice. We did not modify the cell clustering or nomenclature, other than excluding
two chondrocyte clusters as chondrocytes originate from the resting zone progenitors, but not BM
MSCs (30). The dataset does not include lipid-laden adipocytes presumably due to the difficulty in
analyzing these large and fatty cells using this method.

We searched the data from Zhong et al for the 54 genes displayed in the Manhattan plot (Fig

e

identified, we searched for orthologs. For 3 of the 54 human genes, we could not identify a mouse
gene and, for an additional 9 genes, the mouse gene had no expression in the scRNAseq data
(Tables S7 and S8). Cluster gene expression was plotted as a dotplot (ggplot2) and patterns in gene
expression were grouped by alignment to a dendrogram (ggtree) based on Euclidean distance. The
expression of each gene was scaled by the gene’s mean expression across clusters (i.e. cell types).
Zero expression dots were removed.

GWAS downstream analysis and genetic architecture

We estimated SNP heritability and genomic inflation of the resulting GWAS summary statistics
using LD-score regression (67). The same tool was used for estimating genetic correlations with

To estimate genetic overlap between pairs of traits we used bivariate MiXeR v1.3
(https://github.com/precimed/mixer 2). MiXeR(31) uses a Gaussian causal mixture model to
estimate the total number of trait-influencing variants that explains 90% of SNP heritability (i.e.,
polygenicity). In this case, a trait-influencing variant is a common variant with a direct effect on
the trait of interest excluding effects due to LD. Parameters are estimated with 20 iterations of the
mixture models and the mean of each estimate is quantified along with the standard deviation
over the 20 iterations. Given two traits of interest, MiXeR models the trait-influencing variants
unique to each trait (non-overlapping) as well the number of shared trait-influencing variants
(overlapping). To assess model fit, MiXeR employs the difference in Akaike information criterion
between the MiXeR model and an infinitesimal model with a positive value indicative of good
model fit.

Statistical analysis

All statistical analyses are described in the relevant subsections above.

Data availability

All data are available in the main text or the supplementary materials. This research has been
conducted using the UK Biobank Resource (78) (access code 27412), the Human Connectome Project

Open Neuroscience Platform’s data portal. Human Connectome Project data was provided by the
WU-Minn Consortium (Principal Investigators: David Van Essen and Kamil Ugurbil;
1U54MH091657) funded by the 16 NIH Institutes and Centers that support the NIH Blueprint for
Neuroscience Research; and by the McDonnell Center for Systems Neuroscience at Washington
University. We obtained GWAS summary statistics from the following consortia: Genetic Factors
for Osteoporosis Consortium, Genetic Investigation of ANthropometric Traits, ICBP International
Consortium for Blood Pressure, Diabetes Genetics Replication And Meta-analysis Consortium,
Coronary Artery Disease Genome-wide Replication and Meta-analysis Consortium, Complex Traits
Genetics Consortium, Social Science Genetic Association Consortium, International Multiple
Sclerosis Genetics Consortium, International Parkinson Disease Genomics Consortium, Psychiatric
Genomics Consortium. BMA GWAS summary statistics are available on the FUMA website. All code
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and software needed to generate the results is available as part of public resources: LD score
regression (https:/github.com/bulik/ldsc @), FUMA (https.//fuma.ctglab.nl/2), MiXeR
(https://github.com/precimed/mixer ), BM location (simulation, training, and model).
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Reviewer #1 (Public review):

The authors of this study developed a method to quantify calvarial bone marrow from MRI
head scans, enabling study of its composition in large datasets of adults, usually collected to
study the brain. Bone marrow intensity can be semi-quantitatively measured in T1-weighted
MRI scans due to the greater signal intensity of fat than watery red marrow. This is an
ingenious use of the MRI-produced information for other important phenotypes, such as
bone structure and marrow content. Different head types were tested for complying to the
model, which is notable.

The model was also successfully validated using several publicly available MRI resources -
real data - in (1) dataset consisting of 30 individuals that were scanned 10 times each at 3-day
intervals, and (2) the monozygotic (MZ) twin data from the Human Connectome Project
cohort. Then the authors applied this validated method to head-MRI scans from the UK
Biobank (n=33,042) to extract information on spatial distribution of bone marrow adiposity
(BMA) in the calvaria, allowing a GWAS to identify associated genes.

The authors revealed high heritability and identified 41 genetic loci significantly associated
with the BMA trait, including six sex-specific loci. Of note, statistics estimate that 99% of BMA
trait-influencing variants are shared with BMD (497 of 500 variants), which may mean these
results demonstrate the biological relevance to bone health. Some of the BMA genes were
found related to the Wnt pathway, including WNT16, WNT4, NXN; this is a "positive control",
since the Wnt/B-catenin signaling pathway was suggested as an important determinant of
BMA. Also, associations in genes (BMP4, DLX5, LGR4, LRP4, SFRP4) that are known to
specifically influence adiposity, are encouraging. Integrating mapped genes with bone
marrow single-cell RNA-seq data revealed patterns of adipogenic lineage differentiation and
lipid loading.

The study also investigated genetic overlap between BMA and twelve (or 13) "brain and body"
traits, and identified significant genetic correlations with BMI, cognitive ability and
Parkinson's disease.

In sum, since MRI head scans present a hitherto unexplored opportunity to address
unresolved aspects of bone marrow biology, this study is both timely and innovative.

Comments on revised version:

The authors responded most of this reviewer's comments. Their explanations are convincing.
Yet, upon re-reading the revised version of this paper, I still have concerns about the clarity
of mostly analysis presentation, e.g.:

Line 130-133: the sentence is still unclear: "To obtain the BM signal intensity for an individual
datapoint of the calvarium, we ... averaged these BM intensities to get the (average?) BM
intensity for that datapoint. Then, we averaged (again?) these datapoint intensities across the
calvarium to produce the global BMA measure for the scan.”

Also, I still cannot understand whether the "overlap between the true and predicted bone
marrow ...below 0.7" is concerning or not, - whether this threshold of 0.7 is arbitrary.

Genetic correlation: pls. make sure it's clear that the Rg was calculated using SNP "effect
sizes".

https://doi.org/10.7554/eLife.101499.2.sa3
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Reviewer #2 (Public review):

Summary:

The authors set out to enable large-scale measurement of fat in skull bone marrow using
routine structural brain MRI scans. They present a neural-network pipeline trained largely on
realistic simulated examples and show that the resulting skull marrow measure is highly
repeatable in test-retest data and consistent in monozygotic twins. Applying it to ~33,000 UK
Biobank participants, they report expected population patterns (including sex- and
menopause-related differences) and identify genetic and health-related associations, creating
an important resource that can be built upon by researchers interested in BMA, imaging,
bone, metabolism, neuroscience, ageing, haematology, and other fields.

Major strengths:

A notable methodological strength is the training strategy: by using a large, simulated dataset
that captures plausible variation in skull-layer thickness and MRI intensity, the authors
reduce reliance on scarce expert-labelled images. The modelling choice (using 1D intensity
profiles through the skull rather than analysing the full 3D volume) appears well matched to
the anatomy and offers an efficient approach for thin, layered structures. Multiple validation
steps (including test-retest reliability and twin concordance) support the robustness of the
measurement pipeline.

On the biological and genetic side, the study demonstrates that the skull BMA estimate relates
to known correlates of marrow fat (e.g., age/sex/menopause patterns/bone density) and
integrates population imaging with large-scale genetic analysis to highlight loci and candidate
genes with plausible relevance to skeletal and marrow biology. The inclusion of cross-
ancestry analyses and integration with cell-type-resolved gene-expression resources further
improves interpretability and usability for the community.

Major limitations:

The main limitation is conceptual rather than technical: the phenotype is derived from T1-
weighted MRI intensity, which does not directly separate fat and water signals and can vary
with scanner and sequence settings. The manuscript provides convincing evidence that the
measure is reproducible and biologically meaningful, but it should still be interpreted as a
semi-quantitative proxy for marrow fat rather than a direct fat-fraction measurement.
Accordingly, the genetic and phenotypic associations are likely informative, but the most
direct claims about "adiposity" would be stronger if anchored to established quantitative fat-
measurement imaging or spectroscopy in the skull.

The genetic "replication” analysis in a smaller, ancestrally heterogeneous non-European-
ancestry sample is useful as a test of transferability, but it is not equivalent to replication in
an independent cohort of similar ancestry and is expected to show reduced SNP-level
reproducibility because of differences in sample size and genetic background. This should be
clearly framed so readers understand what level of generalisation is supported by the current
evidence.

Likely impact and utility:

Overall, the work provides a practical method for extracting new biological information from
widely available brain MRI scans and should be particularly useful to researchers working
with large imaging biobanks and those studying connections between bone, blood,
metabolism, and brain ageing. The combination of a scalable measurement approach and
openly reported genetic results is likely to accelerate follow-up studies, including cross-cohort
comparisons and mechanistic work on candidate pathways.
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Reviewer #3 (Public review):

Summary:

This paper addresses a fundamental gap in bone biology: our near-complete ignorance of the
in vivo dynamics of calvarial bone marrow adiposity (BMA) at population scale. The authors
developed an elegant artificial neural network trained on simulated data to automatically
localize and quantify the bone marrow layer within standard T1-weighted MRI head scans;
scans originally acquired to study the brain but harboring rich, unexploited information
about adjacent bone. Applying this method to over 33,000 individuals from the UK Biobank,
they accomplished three things that had never been done before: (1) they precisely quantified
the sex-dimorphic age trajectory of calvarial BMA, including the dramatic post-menopausal
rise and the protective role of hormone replacement therapy; (2) they performed the first
well-powered GWAS of this trait, identifying 41 genome-wide significant loci including six
sex-specific ones, with SNP heritability of 31.5%; and (3) they revealed significant genetic
correlations and overlap between BMA and traits including bone mineral density, Parkinson's
disease, and general cognitive ability, a finding made all the more intriguing by the recently
described direct vascular channels connecting calvarial bone marrow to the meninges.
Integration of GWAS genes with single-cell RNA-sequencing data from mesenchymal lineage
cells further illuminated which genes govern lineage commitment to the adipogenic pathway
versus lipid loading in mature adipocytes.

Comments on revised version.

The reviews raised substantive points across three domains, and the authors engaged with
every one of them seriously and thoroughly.

On the validation of T1-weighted MRI as a measure of BMA: Reviewer 2 raised the strongest
concern, arguing that T1-weighted signal intensity had never been formally validated as a
quantitative fat-fraction measure in the calvarium. The authors responded with both a
principled scientific argument and new data. They assembled existing literature
demonstrating that T1-weighted signal is an established semi-quantitative proxy for marrow
fat in multiple skeletal sites (Loevner et al. 2002, Shen et al. 2013, Zhang et al. 2020), and
provided additional comparative analyses against quantitative T1 relaxation maps, multiple
intensity normalization strategies (KDE, WhiteStripe, GMM, FCM, Z-score), DEXA-derived
bone mineral density, and osteoporosis status. The biological coherence of their findings,
recapitulating known sex and age profiles, identifying genes already established in cell and
animal models of BMA biology, and estimating heritabilities consistent with twin data
constitutes powerful, convergent evidence for construct validity. Their point that a semi-
quantitative measure of a highly variable, well-demarcated biological signal can outperform
a perfectly precise measure of a poorly defined entity is methodologically sound and well-
argued.

On sex differences and the role of Hyperostosis frontalis interna: Reviewer 1 raised the
clinically astute concern that Hyperostosis frontalis interna (HFI), a condition of inner table
thickening prevalent in up to 49% of postmenopausal women, could confound calvarial BMA
measurements and drive apparent sex differences. The authors performed a dedicated new
analysis, stratifying BMA-BMD associations by sex and age group. They demonstrated that (1)
the BMA-BMD association is robust in both males and females, (2) it remains stable across age
groups, and (3) the neural network trained on simulations incorporating wide anatomical
variation including inner table thickness is inherently resistant to moderate inner table
thickening. Given that HFI is restricted to the frontal bone, which represents only a fraction
of the calvarial surface, and that severe cases are rare (ICD-10 prevalence ~0.02% in the UK
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Biobank), the authors make a convincing case that this does not materially bias their results.
Their suggestion that the method could itself be used in future work to study the genetic
architecture of HFI is a nice forward-looking addition.

On genetic correlation interpretation and cross-trait pleiotropy: Reviewer 1 asked for
clarification of the vertical versus horizontal pleiotropy distinction and for formal Mendelian
randomization to support the possible causal effect of BMA on cognition. The authors
appropriately clarified the conceptual framework in the revised text and, rather than
overstating a causal claim without the supporting analysis, responsibly softened the language
to "may be consistent with the hypothesis that BMA could have a causal effect on cognition."
This is scientifically honest and appropriate.

On mouse scRNAseq and its relevance to humans: The authors acknowledged that the results
section had not explicitly stated the mouse origin of the scRNAseq data, corrected this, and
provided a well-justified rationale for the relevance of mouse mesenchymal lineage data to
human BMA biology, which is a well-established and widely accepted model system in this
field.

On GWAS replication: The claim that the study lacked replication was addressed by clarifying
the a priori separation of discovery (white British, n=33,042) and replication (non-white
British, n=4,958) samples, with 62% of significant discovery SNPs and 95% of lead SNPs
replicating in the correct direction.

Overall Assessment:

This is a technically innovative, scientifically rigorous, and biologically meaningful paper.
The method is genuinely novel, the sample size is among the largest ever applied to this
phenotype, the genetic findings are well-powered and well-replicated, and the integration
across imaging, genetics, and single-cell transcriptomics is exemplary. The authors have
engaged with every substantive reviewer criticism in good faith, producing new analyses
where appropriate and defending, and convincingly, with findings that were challenged
without adequate basis. The revised manuscript is strengthened throughout.

This paper opens a new window quite literally, through the skull - into bone marrow biology
at a scale and resolution that has never been achieved before.

https://doi.org/10.7554/eLife.101499.2.sa1

Author response:

The following is the authors’ response to the original reviews.
Public Reviews:

Reviewer #1 (Public review):

The authors of this study developed a method to quantify calvarial bone marrow from
MRI head scans, enabling the study of its composition in large datasets of adults, usually
collected to study the brain. Bone marrow intensity can be semi-quantitatively measured
in T1-weighted MRI scans due to the greater signal intensity of fat than watery red
marrow. This is an ingenious use of the MRI-produced information for other important
phenotypes, such as bone structure and marrow content. Different head types were
tested for complying with the model, which is notable.

The model was also successfully validated using several publicly available MRI resources
- real data - in (1) a dataset consisting of 30 individuals that were scanned 10 times each
at 3-day intervals, and (2) the monozygotic (MZ) twin data from the Human Connectome
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Project cohort. Then the authors applied this validated method to head-MRI scans from
the UK Biobank (n=33,042) to extract information on the spatial distribution of bone
marrow adiposity (BMA) in the calvaria, allowing a GWAS to identify associated genes.

The authors revealed high heritability and identified 41 genetic loci significantly
associated with the BMA trait, including six sex-specific loci. Of note, statistics estimate
that 99% of BMA trait-influencing variants are shared with BMD (497 of 500 variants),
which may mean these results demonstrate the biological relevance to bone health.
Some of the BMA genes were found related to the Wnt pathway, including WNT16, WNT4,
NXN; this is a "positive control”, since the Wnt/B-catenin signaling pathway was
suggested as an important determinant of BMA. Also, associations in genes (BMP4, DLX5,
LGR4, LRP4, SFRP4) that are known to specifically influence adiposity, are encouraging.
Integrating mapped genes with bone marrow single-cell RNA-seq data revealed patterns
of adipogenic lineage differentiation and lipid loading.

With regards to the reviewer’s comment on the overlap between BMA and BMD trait-
influencing variants, we would like to add that the correlation of effect sizes within the
overlap is -0.95 as we would expect from bifurcating differentiation of mesenchymal stem
cells into osteoblasts or adipocytes: the underlying common biology driving these traits
results in shared traits with a negative correlation in the effects.

The study also investigated the genetic overlap between BMA and twelve (or 13) "brain
and body" traits and identified significant genetic correlations with BMI, cognitive ability,
and Parkinson's disease.

In sum, since MRI head scans present a hitherto unexplored opportunity to address
unresolved aspects of bone marrow biology, this study is both timely and innovative.

There are, however, some assumptions, findings, and their interpretation, which require
more critical focus.

Sex-specificity is well described and studied here. Men have higher BMA than women, but
post-menopausal women catch up in the BMA values. The authors believe that calvarial
marrow has a number of features that make it particularly well-suited to the study of
BMA process - which is clinically important in other bone sites. It has a simple
"sandwiched" structure that they are able to model. This is true only to some extent: a
condition called "Hyperostosis frontalis interna”, of unknown etiology (described by
Smith & Hemphill in 1956) - is characterized by irreqular overgrowth of the inner table of
the frontal bone (symmetric/bilateral). Although not of clinical significance, typically
benign, studies report a prevalence of 12%; However, it's most common in
postmenopausal women - where prevalences up to 49% in women over the age of 65 -
have been reported. Thus, sexual dimorphism is obvious and the effect of estrogen is
likely shared with whichever bone - and marrow - age-related pathology. So, for women
not using HRT, this new layer of the bone might interfere with the calvarial BVIA readings
and in turn, affect the BMA-related analyses.

Thank you for bringing the "Hyperostosis frontalis interna" condition to our attention. It is
particularly interesting to hear that the etiology is unknown and one may suspect that some
kind of calvarial bone marrow dysregulation may be part of the cause. Our model for bone
marrow location was trained on simulated data which included variation in the thickness of
all anatomical layers (including the inner table), so it will be robust to some thickening of the
inner table. It might not be robust to the most extreme cases of inner table thickening (as
described in some case reports), but these are rare. Further, it should also be noted that the
other calvarial bones, representing a much greater fraction of the calvarial surface, remain
largely unaffected by the thickening and would therefore yield correct localisation of the
bone marrow layers. In summary, although the severe cases of hyperostosis frontalis interna
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have the potential to affect our identification of the bone marrow layer, the low frequency of
such cases and the restriction of the phenotype to the frontal bone means that the potential
for bias is very limited.

It would be interesting to develop a method for detection of thickened inner bone so that the
condition’s prevalence can be quantified in a large sample like the UK Biobank and its genetic
architecture be determined. This could help elucidate the etiology.

The authors suspect that the effect of BMA on BMD may be biased in women; they should
comment on those "with low BMD and high BMA" given that hyperostosis frontalis might
be an issue. A strong effect of SNPs in the ESR1 chromosomal region might be akin to the
above concern.

Thank you for raising this point, which we have followed up with a new analysis.

According to ICD-10 data in UK Biobank there are only N=105 individuals with an M85.2-
diagnosed disorder. Given the total sample size of N=446,814 individuals with ICD-10 data,
this would translate to a prevalence of 0.02%, which speaks for an underdiagnosis in this
sample such that we cannot simply remove diagnosed individuals to control for a potential
diagnostic confound.

We have therefore taken a different approach to investigate this potential issue: As you
elaborated in your previous comment, the prevalence of hyperostosis frontalis increases with
age in females. The literature also suggests that prevalence rates do not differ between males
and females in young age / prior to menopause. Therefore, we have studied the association
between BMD and BMA for males and females separately, and in two age groups based on a
median split of our sample (left plot: younger than 65, right plot: subjects older than 65). In
these plots, the relatively large shift in female BMA and BMD is visible with the large yellow
cloud at low BMA and high BMD in the left plot disappearing in the right plot. Despite this, we
observe:

(1) Associations in both males (blue) and females (yellow), suggesting that the associations
were not driven only by females.

(2) BMA-BMD association is largely similar across the two age groups.

If we consider that the old age group is likely to contain more cases of hyperostosis frontalis
than the young group, and if we consider that old-aged females are more likely to be in this
condition than men of any age, then we would expect an impact of hyperostosis frontalis on
our measures to result in observable differences in Author response image 1. This is not the
case. We see global age-related shifts in BMA in women, yet the association with BMD
remains similar across age groups.

The technical properties of our neural network (trained on simulated data) makes it unlikely
that frontal bone will contaminate the bone marrow detection globally (description above)
and these results show that hyperostosis frontalis is not a considerable issue in our analysis.
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Author response image 1.

Then, there is a perfect overlap of the BMA SNPs that are shared with BMD (497 of 500
variants), which may prove a "face validity" of the MRI-derived BMA. However, the BMD in
the study was heel-derived eBMD - which is a good proxy for osteoporosis and is mostly
driven by trabecular bone. Thus, there might be a concern that the BMA metrics capture
some trabecular BMD.

The reviewer is correct in pointing out that the BMA causal variants are a near-perfect subset
of the BMD causal variants. The reviewer raises the concern that the BMA measurements
may capture some trabecular BMD, however it should be noted that the correlation of effect
sizes for the BMA/BMD overlapping causal SNPs is negative (-0.95). If our measure of BMA
had been erroneously capturing trabecular BMD then we would expect to see a positive
correlation of effect sizes for the BMA/BMD overlapping causal SNPs, not a negative one.

Next, integrating mapped genes with existing bone marrow single-cell RNA-sequencing
data revealed patterns of adipogenic lineage differentiation and lipid loading. The
problem here is that the scRNAseq studies of the Bone Marrow niche are overwhelmingly
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mouse. The authors might wish to justify why they are relevant to humans (in the
absence of the human-specific scRNAseq).

We thank the reviewer for pointing this out. We noticed that, although Figure 4 and the
Methods do explicitly state that the scRNAseq data is from mouse, it is not stated in the text of
the Results. This is now corrected.

The mouse is commonly used as the model organism for in vivo investigation of human
phenotypes and bone marrow adiposity is no exception because, although mice have lower
bone marrow adiposity than humans, the timing and sequence in bone marrow adiposity
development are similar. BMA research makes extensive use of mouse models literature as
exemplified by this review of research within the field
(https://www.frontiersin.org/journals/endocrinology/articles/10.3389/fendo.2016.00127/full %)
and this article recent article (Koh et al. 2024. “Adult skull bone marrow is an expanding and
resilient haematopoietic reservoir”. https:/www.nature.com/articles/s41586-024-08163-9 %)

We updated the results section (line 279):

“Mesenchymal stem cells of the BM niche commit to either the adipogenic or the osteogenic
lineage (Figure 4A) and both the number committing to the adipogenic lineage and their level
of lipid-loading influences the total level of BMA. This aspect of BM biology is shared between
humans and mice (29), so we made use of an existing mouse scRNAseq dataset of BM
mesenchymal lineage cells (30) to study variation in the expression of BMA-associated genes
as cells differentiate (Figure 4B).”

For genetic correlation analysis, the authors selected 7 body and 6 brain traits. The latter
traits reflect cognition (general cognitive ability and educational attainment) and brain-
related disorders. This selection might seem arbitrary. The interpretation of genetic
correlation with cognitive ability, education, and Parkinson's disease was attributed to
the recently discovered vascular channels that link calvarial bone marrow to the
meninges. This is a fascinating hypothesis, which requires functional proof. However,
there might be simpler explanations. Thus, the diploe and the inner table of the
calvarium are drained by the same veins as the dura. From the anatomy textbook, we
know that diploic veins connect the pericranial and endocranial venous system through
the skull.

Whilst it is true that we did not systematically compare the results of the BMA GWAS to all
potentially relevant brain and body phenotypes, we did use criteria to select the phenotypes
we compared to. As stated in the manuscript (line 304):

“We selected body traits (BMD, BMI, waist-to-hip ratio, systolic and diastolic blood pressure,
type-2 diabetes, coronary artery disease) that have a logical connection to BMA given the
mesenchymal stem cells origin of BM adipocytes and their role in bone, fat, and vasculature
(29). For the brain, we selected traits reflecting cognition (general cognitive ability and
educational attainment) and disorders that are prevalent in adulthood (insomnia, multiple
sclerosis, Parkinson's disease, Alzheimer's disease) since it is primarily in adulthood that the
adiposity of calvarial BM experiences a substantial change”

We entirely agree that the suggestion that the genetic correlation between BMA and cerebral
traits may be mediated by the vascular channels linking calvarial bone marrow to the
meninges is merely a hypothesis. We have therefore updated the text of the Discussion (line
470):

“We tentatively speculate that calvarial MALPs may be involved in sensing perivascular flows
of CSF from the meninges to the BM and in influencing the BM’s hematopoietic response, and
that this might be the basis of the observed genetic overlap between BMA and some cerebral
traits. However, more conventional anatomical pathways may also be relevant, as the diploé
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and inner table communicate with meningeal and dural venous systems through diploic
veins.”

Reviewer #2 (Public review):
Summary:

This study develops a new artificial intelligence method for high-throughput analysis of
skull bone marrow from MRI data, which may be useful for large-scale biological
analyses. Using this method, the authors then attempt to estimate skull bone marrow
adiposity (BMA) using T1-weighted signal intensity from MRI scans of ~33,000 people,
followed by genome-wide association analysis; however, the approach is inadequate
because T1-weighted signal intensity is not validated for measurement of bone marrow
adiposity. If it could be validated, the study would be an important advance in
understanding of bone marrow adiposity and skeletal biology.

Strengths:

This paper is well-written, and the figures are nicely presented. The neural network
method used for analysing skull bone marrow is innovative, and the authors validate this
through several approaches. Therefore, the authors have achieved the aim of developing
a method for large-scale analysis of skull bone marrow from MRI dato.

The GWAS is reasonably well-powered and addresses potential ethnicity differences, with
one GWAS done across white males and females, and a separate GWAS in non-white
participants. The methodology also conforms to common GWAS standards, including for
mapping genetic variants to candidate genes. Moreover, the study further investigates
the biological roles of these genes by analysing their expression in single-cell RNA
sequencing data.

Weaknesses:

The fundamental weakness is that T1-weighted MRI signal intensity (T1W) is used as an
estimate of BMA, but it has never been validated for this. The authors show that this TTW
parameter measures something that is heritable and can be compared between subjects,
but they don't show that it actually measures (or even estimates) calvarial BMA. There is
an attempt to do so by comparing the TTW parameter with data from quantitative T1
images: the authors show a reasonable correlation with some of the quantitative T1
image data. However, this still does not show that the parameter is measuring BMA; it
could be measuring some other biological characteristic, but this remains unclear. So,
there is a need to validate the T1W parameter against an established measure of BMA,
such as the bone marrow fat-fraction or proton density fat fraction measured from
multi-echo MRI analysis.

Without validating this BMA measurement method, it is not possible to interpret the
GWAS or other findings reported in the study.

We reject this criticism.

Although T1-weighted has not been validated as a quantitative measure of fat-fraction, there
are several studies showing that it is a semi-quantitative measure of fat content (e.g. Loevner
et al 2002, Shen et al 2013, Zhang et al 2020) and we also provide data that support this
(figures S9-11).

Semi-quantitative measures are used in many biomedical GWASes for instance even highly
heritable neuropsychiatric disorders (such as schizophrenia and bipolar disorder) involve
assessment by clinicians where the test-retest kappas are in the range 0.4-0.6.
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Further, we would suggest that the shortcoming of the imperfect correlation of T1w signal
intensity with fat content is more than outweighed by our precision in identifying the
calvarial BM cavity and the fact that the flat calvarial bone marrow has a wide range of
adiposity in middle-aged and elderly individuals (compared to other bones). This lies at the
root of why:

We clearly recapitulate the known sex and age profiles, as well as the effect of HRT.
We estimate high BMA heritabilities (43% in males and 23% in females)
We find clear sex differences (which is a known feature of BMA hiology)

We identify a large number of the genes already known to affect BMA from earlier animal
and cell work

A noisy measurement of an entity with strong biological signal (a well-defined bone marrow
cavity with variation in BMA across subjects) will often be more informative than a highly
precise measurement of a poorly defined entity with little signal.

A less critical weakness is that the GWAS has been done only on a single cohort, without
replicating the findings in a follow-up cohort. For example, the authors could repeat their
analysis on the remaining ~50,000 UK Biobank imaging participants for whom MRI data
is now available. However, this would be pointless without knowing what biological
characteristic(s) the TTW parameter is actually reflecting.

We disagree with this comment. We separated the UKB data into discovery and replication
sets prior to running the GWAS, so these datasets are independent:

(1) Further, we ran the discovery (white british individuals) GWAS separately for males and
females (prior to combining) and reported in the results section: “We found them to have low
genomic inflation (Figure 3A and Table S4) and to be significantly genetically correlated
(Rg=.94, P=6e-27, Figure 3B)”

(2) We performed our replication GWAS in non-white British males and females. As noted in
the results section: “Out of the 168 significant discovery SNPs, 62% replicated at P<.05, and
39% of the 41 lead SNPs replicated at P<.05 (Table S6). One locus replicated at genome-wide
significance (P<5e-8). Furthermore, 92.7% of the lead SNPs of the discovery sample showed
same effect direction in the replication sample (Table S5).”

Reviewer #3 (Public review):
Summary:

This manuscript, "Estimating bone marrow adiposity from head MRI and identifying its
genetic 2 architecture", brings together the groups of Drs. Kaufmann and Hughes in a
tour de force work to develop an artificial neural network that localizes calvaria bone
marrow in T1-weighted MRI head scans, with the goal of studying its composition in
several large MRI datasets, and to model sex-dimorphic age trajectories, including the
effect of menopause.

Strengths:

Kaufmann et al., 2024 eLife 13:RP101499. https://doi.org/10.7554/eLife.101499.2 34 of 40


https://doi.org/10.7554/eLife.101499.2
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://elifesciences.org/subjects/medicine

= eLife

Medicine

Bone marrow adiposity is a very active tissue with far-reaching implications for tissue
crosstalk and human health than we had initially recognized. Although MRI has been
used to measure BM, studies such as the one by these two groups are still lacking
whereas very large datasets are analyzed using advanced AI machine learning tools
coupled with genetic studies and a specific pathology. The groups had to develop new
methods and new AI machine-learning tools for the imaging analyses.

Weaknesses:
Some aspects of the work that authors could add additional clarification.

(1) Imaging Limitations: The authors provide an excellent overview and references
supporting the use of MRI as a method for assessing marrow fat, particularly with some
specific modifications. However, MRI images can be affected by various factors, including
the presence of other tissues as well as specific MRI settings, which are much harder to
precisely control when using different datasets.

We thank the reviewer for his positive assessment of our review of methods.

Regarding MRI settings: We agree with the reviewer that differences in scan protocols can
create substantial differences in the resulting images between samples. Different tools exist
for harmonization of imaging data across sites, but they usually operate on tabulated data
and there is no one-size-fits-all approach yet [1]. Here, we took a different approach to
prevent confounding bias: We generated a large set of simulated data for training of the
neural network. The simulations circumvented potential issues emerging from confound
biases in training sets that we might have seen had we had combined multiple samples with
different scan protocols. Nevertheless, applied to real data the models may still face confound
issues, such as better BMA estimates for some scan protocols over others. We have addressed
these issues as follows: (1) Validation analyses (10 repeat scans of 30 individuals and twin
pairs, figure 1d and 1e) are based fully on data that was acquired on the same scanner with
the same protocol. (2) Analysis in UK Biobank included data from different scan sites albeit
harmonized protocols. Here we accounted for scan site in all statistical models (including
GWAS).

(1) Dominik Kraft, Gloria Matte Bon, Edith Breton, Philipp Seidel, Tobias Kaufmann;
Removing scanner effects with a multivariate latent approach: A RELIEF for the ABCD
imaging data?. Imaging Neuroscience 2024; 2 1-7. doi: https://doi.org/10.1162/imag_a_00157 &

Regarding the presence of other tissues: We recognise in the existing text of the results
section that sometimes inner or outer table voxels are wrongly identified as bone marrow,
but we show that this does not have a major impact on the correct identification of the bone
marrow cavity. The existing text reads:

“Poor overlap (below 0.7) was almost only observed in the thinnest bone and is explained by
the fact that when the BM part of the bone is only a few layers thick (1 layer = 0.5 mm), an
error by one layer will inevitably lead to a substantial fall in overlap. However, this did not
result in a corresponding fall in the ratio of the predicted intensity of BM to its true intensity,
because the typical BM intensity was only marginally higher than the neighbouring bone
intensity. This property of the typical relative intensities of these anatomic structures also
explains why the intensity ratio at high overlap is not centred on 1: any misidentification of
cortical bone as BM, will typically result in an underestimate of true BM intensity (Figure S2).
The neural network performed well and intensity ratios were in the range 0.9-1.1 for the vast
majority of head types (Figure S3).”

Also note that we implement a number of QC measures to exclude scans where there is
evidence that we may have failed to correctly identify the bone marrow cavity. The existing
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text reads:

“We used two additional QC metrics to filter out calvaria where BM location was likely to
have failed. First, we set an upper limit of 30 on the standard deviation of the intensity of the
outer table as scans with higher values were clear outliers and were probably cases where
the location of both outer table and BM has failed (Figure S6). Second, for each calvarium, we
computed the Mahalonobis distance for all vertices in the two dimensions “first layer of the
BM” and “BM intensity” (Figure S7). By manual inspection we found that data points with MD
> 25 often had errors in BM layer identification, typically where the network had erroneously
predicted a higher and more intense layer to be the BM. We considered a calvarium as failing
this QC criterium if more than 0.5% of vertices have MD > 25. This criterium is very strict as
errors on only 0.5% of data points in a calvarium would not significantly affect the average
BM intensity for a calvarium.”

(2) The specific density of cranial bones as it relates to the types of bone marrow: Cranial
bones are extremely dense structures, which naturally interfere with MRI imaging. While
it is thought that cranial bones have mostly "red bone marrow”, this is only true for a
short time in humans. How sensitive is their system in differentiating between red and
yellow BM?

We implemented several measures to ensure that our method would be robust to anatomical
variation between individuals. As noted in the current version of the Methods section: “In
order to train the neural network model, we generated a large synthetic dataset of intensity
arrays, with known boundaries between anatomical structures, by simulating the thickness
and intensity of the different structures located between the outer skin and the subarachnoid
space. The simulation incorporated the following real-world complexities:

Different anatomical architectures (skin, subcutaneous fat, aponeurosis, outer table, BM,
inner table, dura mater, arachnoid space), including when a structure is not present
throughout the calvarium

Variation in thickness and intensity between vertices (on the same calvarium)

A wide variety of different calvarium types with different combinations of levels of BM
adiposity, bone thickness, and subcutaneous adiposity.”

Further, as noted in the Results section:

“We evaluated the performance of the neural network on simulated data using two metrics
(Figure 1B): 1. the overlap between the predicted and the true BM location, and 2. the ratio
between the predicted intensity of the BM and the true intensity of the BM”. The accuracy in
localising the bone marrow layers was good, with the only exception being: “Poor overlap
(below 0.7) was almost only observed in the thinnest bone and is explained by the fact that
when the BM part of the bone is only a few layers thick (1 layer = 0.5 mm), an error by one
layer will inevitably lead to a substantial fall in overlap”

We also validated our procedure on real data (see Results section, subsection “Procedure
validation on real data and heritability estimate”). Briefly, we checked the accuracy of our
method using a dataset from the Consortium for Reliability and Reproducibility, a twin
dataset from the Human Connectome Project and by manually checking many hundreds of
UKBiobank scans.

We are thus confident that we accurately identify the bone marrow cavity irrespective of
whether the bone marrow is red (low adiposity) or yellow (high adiposity).

(3) Both items above are further complicated by aging, but aging is not a linear event as
we have learned. There are specific bursts of aging in humans around the age of 45 and
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early 60s. How do the system and model predict or incorporate these peaks of aging? It
seems from the data shown that aging is reflected more as a linear phenomenon. Is this
because additional aging datasets are needed?

We agree with the reviewer that ageing probably occurs in bursts rather than being a linear
process. We do see a non-linear relationship between age and BMA in our data (see figure
2B), with a more rapid rise in BMA between the ages of 45 and 65, than later in life (in
women). As a result of this, when we model BMA using regression, we use orthogonal
polynomials of degree 2 which allows for a non-linear relationship. However, we cannot
observe bursts of BMA increase in our data because it is cross-sectional. Longitudinal data
would be required to obtain information on the nature and timing of any bursts in bone
marrow adiposity.

(4) The authors describe in richness of detail their Al learning programming and how it
extracted the data from datasets. The authors also show some important correlations
with specific genes, SNPs. What is not clear is how conditions such as anemia for
example. An expected finding would be that patients with chronic anemia have lower
bone marrow (BM) signal intensity on MRI scans than healthy people. This is because the
signal intensity of BM depends on the fat-to-cell ratio in the tissue.

We agree with the reviewer that conditions affecting the bone marrow niche have a potential
to affect and be affected by bone marrow adiposity, with leukemia being a known example.
This is why we believe that a method, such as the one we present here, has the potential to be
useful in several biomedical fields (hematology and osteology).

Furthermore, patients with a host of musculoskeletal disorders ranging from osteopenia
to osteoporosis, sarcopenia, and osteosarcopenia will also have altered MRI scans. When
using such large datasets how did the authors control or exclude these pathological
conditions, or were all these conditions likely present?

We did not exclude specific pathologies. We were careful to train our NN model on a wide
variety of skull thicknesses, bone marrow adiposity, and subcutaneous adiposity and to
evaluate the performance of the model on simulated and real datasets (see answer to your
point 2).

Reviewer 1 raised the issue of individuals displaying Hyperostosis frontalis interna
(thickening of the inner table) and we recognize that in extreme case of this condition, where
there is a major change in the anatomy of the calvarial bone, our method would probably not
correctly localise the bone marrow. However, such extreme cases are rare and thus would
not have a major impact on our results derived from over thirty thousand individuals. We
demonstrate this with an extra analysis performed in response to the point about
hyperostosis frontalis interna made by reviewer 1.

(5) Some of the genes and SNPs although significant showed very small correlations.
What is their likely physiological significance?

Bone marrow adiposity is a polygenic trait and we have identified 41 statistically significant
loci. We had a discovery sample of approximately 30k individuals which is modest for a
GWAS study, so these 41 loci are a lower bound on the number of genes influencing the BMA
trait. When a large number of genes influence a trait, the effect size of an individual gene is
typically relatively small. However, the SNP heritability estimates of 31.5% indicates that we
are able to explain approximately one third of the phenotypic variation with the effect sizes
estimated by our GWAS: this is quite a high fraction relative to many other GWASs of
biomedical traits.

(6) The authors could use this excellent manuscript to expand their discussion to include
the need for studies like theirs to be also complemented by multi-OMICS studies that will

Kaufmann et al., 2024 eLife 13:RP101499. https://doi.org/10.7554/eLife.101499.2 37 of 40


https://doi.org/10.7554/eLife.101499.2
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://elifesciences.org/subjects/medicine

= eLife

Medicine

| include proteomics and lipidomics of BM, bones, and muscles.

We agree with the reviewer and hope that such studies will be undertaken in the future. We
attempted to point in this direction in the last sentence of the Discussion (line 517): “Future
studies can build on our developments to further validate the proposed measure of bone
marrow composition and to study its effect on bone, blood, and brain”. Word count limits
prevented us from further expanding on the specific kinds of studies that should be
performed.

Recommendations for the authors:
Reviewer #1 (Recommendations for the authors):
More moderate concerns include:

(1) In the "Genetic correlation and overlap” part, it is unclear why a high effect
correlation with high SNP overlap is suggestive of vertical pleiotropy, while "moderate
overlap and a low correlation of effect sizes ... are more indicative of horizontal
pleiotropy”. This is not intuitive.

In vertical pleiotropy (genetics > phenotype A > phenotype B): genetics drive phenotype A and
phenotype A drives phenotype B (B has few direct genetic drivers of its own). If we perform a
GWAS of phenotype A and a GWAS of phenotype B, one would expect to see a high overlap in
the causal variants (because phenotype B is largely indirectly determined by the genetics of
phenotype A) and the correlation should be high (either negative or positive) because there is
a cause-effect relationship between A and B (whether phenotype A has a positive or negative
effect on phenotype B).

In horizontal pleiotropy: the A and B phenotypes share the same genetic loci (but have no
phenotypic influence on each other). In this case, we would observe high overlap in the
associated loci, but one would not expect to see a high correlation in effect sizes (across loci)
because there is no a priori reason to expect that genes associated with both phenotype A and
phenotype B would have a consistent (negative or positive) effect across loci. For example,
gene X may increase A and B, whereas gene Y may increase A but decrease B.

We have made a small update to the relevant part of the Results section and otherwise rely
on the explanation above (which will be publicly available along with the manuscript):

Line 325: “These patterns of high overlap and high effect correlation within this overlap are
suggestive of vertical pleiotropy i.e. a molecular mechanism influencing one trait, that in turn
influences a second trait, such that most of the variants driving the first trait either have the
same or the opposite direction of effect on the second trait.”

(2) "possible causal effect of BMA on cognition" asks for a formal analysis, like Mendelian
randomization.

Given the current wording, the reviewer is justified in asking for a formal analysis. Since we
did not perform this analysis, we have changed the wording:

Line 434: “Since these are two highly correlated traits [36], a high overlap and correlation of
genetic effects for both traits with BMA may be consistent with the hypothesis that BMA could
have a causal effect on cognition (Table 1).”

(3) Il. 132-134: please reword this sentence for clarity: "Using the network-estimated
location of the BM within ... averaged these across all datapoints...". Please define
threshold of desirable overlap between the predicted BM and the true BM (=0.7?).
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Background: The model predicts the BM localisation for a datapoint (which interval of layers
of the 50 layers is bone marrow). We tested the model on a wide variety of simulated data
and aim for the overlap to be as close to 1 as possible, but some error is inevitable. We found
that the average overlap between the true and predicted bone marrow was only below 0.7
when the bone layer is only 4 mm thick (meaning that the bone marrow is only 1-2 mm
thick). This demonstrates the high accuracy of our method in identifying a very small
anatomical feature.

When applying our method to real data, we do not know the truth and therefore cannot
compute the overlap between the predicted and true value. It is therefore not possible to
identify datapoints where the overlap is poor (e.g. lower than 0.7) and filter them out.

Given the above, we struggle to understand in what way an overlap threshold is relevant to
how we compute the signal intensity for a datapoint. Nevertheless, we recognize that the
sentence pointed to by the reviewer is poorly formulated and have tried to make it clearer:

Line 130-133: “To obtain the BM signal intensity for an individual datapoint of the calvarium,
we used the network model to estimate the location of the BM within the datapoint’s intensity
array and averaged these BM intensities to get the BM intensity for that datapoint. Then, we
averaged these datapoint intensities across the calvarium to produce the global BMA
measure for the scan.”

In the GWAS Results, please clarify the phrases - what was "significantly genetically
correlated (Rg=.94)" (also, I. 402, "genetic correlation between the sexes" - in what?).

Genetic correlation is a statistical measure that quantifies the extent to which two traits (or
the same trait in two different cohorts) are influenced by the same genetic factors. Simply
put, it is the effect sizes of the SNPs in the two GWASs of interest that are correlated (after
correcting for confounding effects, such as linkage desequilibrium). When comparing two
GWASs, the standard formulation is to refer to their “genetic correlation”. We made a
modification to the text to clarify this:

Line 239: “We found the male and female GWASs to have low genomic inflation (Figure 3A
and Table S4) and to be significantly genetically correlated (Rg=.94, P=6e-27, Figure 3B)”

"a more than two-fold difference between the sexes" - in which metric?
We feel that what is being compared is stated clearly in the original sentence:

Line 262: “A comparison of the male and female effect sizes of the top lead SNPs of each locus
revealed 6 loci in which there is a more than two-fold difference between the sexes (loci 10,
18, 26, 30, 32, 37 in Table S5)”.

| (4) Also In GWAS Results, a locus DIx5 is called "SHFM" in the Supplementary Table.
Background:

We identified 41 genome-wide significant loci and named the locus after the gene closest to
the top lead SNP (bold in Figure 3C). Other genes in each locus for which genome-wide
significant SNPs were eQTLs, are listed below the closest gene in normal font (Figure 3C).

In table S5, we report details of the top lead SNP for all 41 loci. We report only the nearest
gene to the top lead SNP.

For locus 14, SHFM1 is the closest gene to the top lead SNP whereas DLX5 and DLX6 are genes
in the locus for which genome-wide significant SNPs were eQTLs. This explains why DLX5
appears under SHFM1 in Figure 3C, but does not appear in Table S5.
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(5) Please reword MRI jargon - "Dixon method", vertix - should be introduced, as well as
abbreviation "KDE".

We had recognised that the word “vertex” would be confusing and had replaced it by
datapoint, but had unfortunately missed one occurrence in the text. This is now corrected.

Thank you for pointing out the lack of introduction of the term “KDE”. This was only
explained in the supplementary materials, but has now been added to the main text:

Line 500-508: “To ensure between-subject comparability, we used the intensity normalised
nu.mgz volume output by FreeSurfer. We validated this approach through comparison with
well-established intensity normalization methods; Kernel Density Estimation (KDE),
WhiteStripe (WS), Gaussian Mixture Model (GMM), Fuzzy C-Means (FCM), and Z-score
normalization (ZS). We found the highest test-retest reliability with our approach (Figure S9),
and, together with KDE (based on reference signal intensity in WM), the highest correlation
with quantitative T1 relaxation maps (Figure S10).”

Reviewer #2 (Recommendations for the authors):

(1) This would be an extremely useful advance for the bone and BMA fields if only it could
be confirmed that the T1W signal intensity is actually measuring BMA in some
meaningful way. Or, even if not BMA, to confirm what other biological characteristic(s) it
is in fact capturing. This is essential for interpreting the findings.

(2) I note that you have compared the normalized T1W parameter with quantitative T1
data (e.g. Figure S10). However, this doesn't address the fundamental issue, because
even these quantitative T1 data (e.g. from MP2RAGE) may not be measuring calvarial
BMA. T1W sequences have been used to estimate BM cellularity (if not BMA directly) but
are not nearly as precise as water-fat imaging. For example, one study found a
reasonable correlation (0.71) between T1 relaxation times and BM fat
(https://www.nature.com/articles/s41598-019-57030-5 ). So, if your normalized T1W
parameter shows a correlation of -0.44 with the T1 MP2RAGE MRI signal (Figure S10),
what does this mean in terms of how well your parameter reflects the actual BMA
adiposity? We can't know this, because we also don't know if the T1 MP2RAGE signal
reflects calvarial BMA.

(3) I think my recommendations are clear from the public review. Ideally, you would be
able to compare the skull BM normalized T1W parameter with PDFF data that have T2*
correction (since the skull BM cavity is quite small and so may suffer from T2* effects
relating to tissue inhomogeneity). But even if you had only dual-echo BMFF data, this
would still be much more informative than relying only on T1 data. I hope this can be
done so that the findings of the study can be properly interpreted.

As explained above, we reject this reviewer’s claim that T1-weighted signal intensity cannot
be used to perform a GWAS of BMA: other studies have shown that T1-weighted signal
intensity is a semi-quantitative measure of fat fraction, we have performed extra analyses
that confirm this, and our results further demonstrate this. For further detail on why we
reject this criticism, see our response to this reviewer’s comments.

https://doi.org/10.7554/eLife.101499.2.sa0
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