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Abstract

Prevalence of osteoporosis is more than 50% in older adults, yet current clinical methods for
diagnosis that rely on areal bone mineral density (aBMD) fail to detect most individuals who

have a fragility fracture. Bone fragility can manifest in different forms, and a “one-size-fits-all”
approach to diagnosis and management of osteoporosis may not be suitable. High-resolution
peripheral quantitative computed tomography (HR-pQCT) provides additive information by
capturing information about volumetric density and microarchitecture, but interpretation is
challenging because of the complex interactions between the numerous properties measured. In
this study, we propose that there are common combinations of bone properties, referred to as
phenotypes, that are predisposed to different levels of fracture risk. Using HR-pQCT data from

a multinational cohort (7= 5873, 71% female) between 40 and 96 years of age, we employed
fuzzy c-means clustering, an unsupervised machine-learning method, to identify phenotypes of
bone microarchitecture. Three clusters were identified, and using partial correlation analysis of
HR-pQCT parameters, we characterized the clusters as low density, low volume, and healthy bone
phenotypes. Most males were associated with the healthy bone phenotype, whereas females were
more often associated with the low volume or low density bone phenotypes. Each phenotype had a
significantly different cumulative hazard of major osteoporotic fracture (MOF) and of any incident
osteoporotic fracture (p < 0.05). After adjustment for covariates (cohort, sex, and age), the low
density followed by the low volume phenotype had the highest association with MOF (hazard ratio
=2.96 and 2.35, respectively), and significant associations were maintained when additionally
adjusted for femoral neck aBMD (hazard ratio = 1.69 and 1.90, respectively). Further, within each
phenotype, different imaging biomarkers of fracture were identified. These findings suggest that
osteoporotic fracture risk is associated with bone phenotypes that capture key features of bone
deterioration that are not distinguishable by aBMD.
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Introduction

Osteoporosis is an age-related disease characterized by compromised bone strength, leading
to increased fracture risk.(1:2) The lifetime risk of osteoporotic fragility fracture is very
high, estimated to be 40% to 50% for women and 13% to 22% for men,34) and

because of an aging population, the number of osteoporotic fractures is expected to

increase dramatically over the next two decades.(5"7) Fracture prevention is paramount,

yet osteoporosis remains underdiagnosed and undertreated.® Current diagnosis relies on
femoral neck (FN) or lumbar spine areal bone mineral density (aBMD), measured by
dual-energy X-ray absorptiometry (DXA),19) and although low aBMD is correlated with
greater fracture risk,(10) it lacks sensitivity because it does account for information about
bone structure that contributes to bone strength.
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High-resolution peripheral quantitative computed tomography (HR-pQCT) provides
additive information about bone macrostructure and microarchitecture,(!1) and our recent
prospective study demonstrated that bone parameters measured using HR-pQCT provide
additive predictive information to FN aBMD when assessing fracture risk.(12) However,
interpretation is challenging because assessing HR-pQCT parameters individually overlooks
the complex interactions between parameters and does not take into consideration that bone
fragility may manifest in different forms. Previous studies have proposed that different
trajectories of age-related bone loss related to bone shape exist, indicating that a “one-size-
fits-all” approach to fracture risk assessment largely dependent on aBMD may not be
suitable(!3-15) Single-center studies have also explored using HRpQCT to identify clusters
of bone microarchitecture properties associated with fracture, and although promising, these
studies have been limited because of low sample size and lack of prospective fracture
information.(16-18)

The identification of common combinations of bone properties, which we refer to as bone
phenotypes, that are predisposed to a higher risk of fracture has potential to enhance

our understanding how osteoporosis manifests across the population and improve patient-
specific assessment of fracture risk. Thus, the objective of this study is to use cluster
analysis with a large multicenter HR-pQCT data set to identify common phenotypes of bone
microarchitecture in the population. Using the prospective fracture data of the cohort, we
aim to determine whether certain bone phenotypes are associated with higher fracture risk.
Further, we will investigate whether there are dominant imaging biomarkers of fracture risk
that are unique to each phenotype.

Subjects and Methods

Participants

Female and male participants with individual-level data (n = 6836) were obtained from

the Bone Microarchitecture International Consortium (BoMIC), the largest international HR-
pQCT data set to date with prospective fracture information.(!2) The BoMIC participants
used in this study originate from seven international cohorts: the Framingham Study(9)

and Mayo Clinic(9 in the United States; the Qualité Osseuse Lyon Orléans (QUALYOR),
(21) structure of Aging Men’s Bones (STRAMBO), %2 and Os des Femmes de Lyon
(OFELY)®@3) in France; the Geneva Retirees Cohort (GERICO) in Switzerland; (24 and

the Canadian Multicentre Osteoporosis Study (CaMos) in Canada.(?® The Swedish
Osteoporotic Fractures in Men Study (MrOS)(2®) cohort included in the original BoMIC
data set was not used here because participant-level information was not available.(!2) All
individuals were aged 40 years or older and had undergone HR-pQCT and DXA imaging,
anthropometric measurements, and completed standardized questionnaires regarding fracture
and bone-related health history at a baseline study visit. Participants were followed until
either an incident fracture occurred, death, last contact, or the cohort’s study closing date.

All participants provided written informed consent for their respective cohort study, and
the Institutional Review Board for Human Research at Hebrew SeniorL ife approved of this
study.
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Medical imaging protocol

Femoral neck aBMD of participants was obtained using either Hologic (Hologic,
Marlborough, MA, USA) or Lunar (GE Healthcare, Madison, WI, USA) DXA scanners,
depending on the study site. Measurements of FN aBMD were standardized across DXA
systems using previously reported equations.(27)

Participants were scanned at the distal radius and tibia using HR-pQCT (XtremeCT, Scanco
Medical AG, Bruttisellen, Switzerland). Study sites followed the standard in vivo protocol
for scan acquisition and analysis, and scan acquisition was performed by operators trained
by the manufacturer.(28) Briefly, each participant had the non-dominant distal radius and
one tibia scanned, and in the case of prior fractures, metal, or surgery, the contralateral side
was scanned. The reference line was placed at the inflection point on the endplate of the
distal radius and tibial plafond using an anteroposterior scout view. The scan region was

set at a fixed offset of 9.5 mm and 22.5 mm proximal to the reference line for the radius

and tibia, respectively, and extended 9.02 mm proximally, with an isotropic resolution of 82
um (110 slices). Scans were inspected visually for motion artifacts and scored from 1 (no
motion) to 5 (significant motion).(2%) Any participants with one or more scans with a motion
score of 4 or higher were excluded from analysis. The manufacturer’s standard patient
evaluation protocol (Image Processing Language, v6.0, Scanco Medical) was followed to
obtain the resulting density and morphological parameters: total, cortical, and trabecular
BMD (Tt.BMD, Ct.BMD, and Th.BMD, respectively); total, cortical, and trabecular cross-
sectional areas (Tt.Ar, Ct.Ar, and Th.Ar, respectively); cortical thickness (Ct.Thd); trabecular
number (Th.N); and trabecular inhomogeneity (Th.1/N.SD). The superscript “d” denotes the
parameters that are derived metrics in the standard analysis.(28) Cortical porosity and the
direct measure of cortical thickness were not included because these require completion of
the extended cortical analysis using the dual-threshold segmentation technique,® which
was not available for all participants in the BoMIC cohort.

Failure load was estimated using linear micro finite-element (LFE) analysis. All pFE models
were generated using axial compression conditions, with a 1% apparent strain applied.
Failure load was defined as the load when 2% of the volume exceeded a critical strain of
0.7%.631) The tissue modulus was set as 6829 MPa(32) and solved using custom software
(FAIM, v8.0, Numerics88 Solutions Ltd., Calgary, Canada) for all cohorts except GERICO,
which used a modulus of 10,000 MPa(®Y) and solved using software provided by the HR-
pQCT manufacturer (Image Processing Language v5.16/FE v01.16, Scanco Medical AG).
Results from the GERICO cohort were scaled linearly using a factor of 0.6829 to correct for
the difference in tissue modulus.(33)

Unsupervised cluster analysis and validation

Bone phenotypes were identified using cluster analysis, an unsupervised machine-learning
approach. Features selected for clustering included height (as a surrogate for long bone
length) and HR-pQCT parameters from the radius and tibia capturing densities (Tt.BMD,
Ct.BMD, and Th.BMD), cross-sectional areas (Tt.Ar, Ct.Ar, and Th.Ar), morphological
parameters of the trabecular and cortical compartments (Th.N, Th.1/N.SD, and Ct.Th9), and
UFE-estimated failure load, resulting in a total of 21 features. All features were transformed

J Bone Miner Res. Author manuscript; available in PMC 2022 July 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Whittier et al.

Page 5

to normalize the distribution, and the range scaled from 0 to 1. The whole BoMIC cohort,
except for participants used for external validation, were transformed and scaled before
clustering analysis.

The fuzzy c-means (FCM) algorithm was selected for bone phenotyping.(34:3%) Other
clustering methods were considered, but FCM was selected because it produces soft clusters,
allowing for cluster to overlap in a way that is expected to be more representative of true
phenotypic expression of bone microarchitecture. With FCM, each participant is assigned

a membership coefficient to each cluster ranging from 0 (no association) to 1 (complete
association). When necessary for statistical analysis, soft clusters can be discretized into
hard clusters by assigning individuals to the cluster with which they have the highest
membership coefficient.

The FCM model was run with a default fuzziness exponent of /= 2 and default squared
Euclidean distance metric. The number of clusters to seed in the model was determined
using agglomerative hierarchical clustering, where the centroid coordinates obtained from
agglomerative clustering were used to initialize the FCM algorithm.(36) Agglomerative
clustering was tested using Euclidean, maximum, Manhattan, Pearson, and Spearman
distance metrics with Ward, average, and complete linkage methods.(3”) Dendrograms of
cluster agglomeration for each combination of distance and linkage were generated, and a
subset of candidate clustering models were selected on visual inspection of the dendrograms
for further internal validation and stability testing. Internal validation of the candidate
models was performed using the Silhouette Index,(3® which ranges from -1 (data are poorly
matched to the assigned clusters) to 1 (data are strongly matched to the assigned clusters).
Cluster stability was assessed using resampling, where 80% of the data set was sub-sampled
randomly 100 times and agglomerative clustering re-run.(3% The mean Jaccard Similarity
Index across subsamples was computed, providing a range between 0 (no agreement across
subsamples) and 1 (perfect agreement across subsamples). The hierarchical model with the
highest Jaccard and Silhouette indices was chosen to initialize the FCM algorithm.

Internal validation of the final FCM model was performed by computing the Fuzzy
Silhouette Index,(49) and stability of the final model was assessed by the Jaccard Similarity
Index, using the same resampling method described for the candidate agglomerative models.

External validation was performed by assessing the reproducibility of classifying an
individual into the same phenotype at two time points. Participants from the CaMos data

set who had an additional study visit 5 years before the BoMIC baseline time point were
used for external validation.(1) Soft cluster membership of the validation cohort at both time
points was predicted independently using the fitted FCM cluster model. The agree-ability

of soft cluster membership between time points was assessed by estimating the Pearson’s

(n) correlation coefficient of the cluster membership obtained at the two time points. Hard
cluster classification was compared using a confusion matrix and estimation of overall
accuracy and individual cluster sensitivity.
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Characterization of phenotypic clusters

Partial Spearman’s (p) correlation coefficients between the cluster membership coefficients
and individual bone parameters was performed to assess the distinguishing phenotypic
characteristics of each cluster. Partial correlation coefficients were adjusted for membership
with other clusters, and significance was set to p < 0.05, with adjustment for multiple
comparisons using the Holm—Bonferroni method. The distribution of bone parameters

and descriptive characteristics across phenotypes were visualized using density plots and
heatmaps applied to plots of the cluster membership coefficients.

Fracture risk assessment

Results

The primary outcome of interest was time to incident fracture at any osteoporotic fracture
site, and the secondary outcome was time to incident fractures at only major osteoporotic
fracture (MOF) sites. Osteoporotic fracture sites included in this study were the shoulder/
collar, upper arm, elbow, upper forearm, wrist/lower forearm, hand, rib, spine, coccyx,
pelvis, hip, lower thigh, knee, shin, ankle, foot, and heel, while MOF sites included only the
forearm/wrist, upper arm, hip, and spine.

The cumulative hazard function for any osteoporotic fracture and MOF was determined for
each phenotype using the Nelson—Aalen estimator.(#2) Log-rank tests with post hoc testing
was applied to determine if cumulative hazard curves of the phenotypes were significantly
different. To account for confounding factors, we used Cox proportional hazard regression
with adjustment for study cohort, sex, and age to estimate the hazard ratio (HR) and

95% confidence intervals (95% CI) for the association of each phenotype and risk of

any osteoporotic fracture and MOF. The HRs were additionally adjusted for FN aBMD

to evaluate whether phenotypes provided additive information to DXA in stratifying the
population based on fracture risk. The proportional hazards assumption for all parameters
used to estimate HR were confirmed using the Schoenfeld’s residual correlation test.(3)

Finally, phenotype-specific imaging biomarkers were explored by calculating the HR and
95% ClI for the association between individual bone parameters and incidence of any
osteoporotic fracture and MOF within each phenotype. All HRs were standardized to

per standard deviation (SD) decline and were estimated with and without adjustment for
base covariates (study cohort, age, and sex) and compared with models with additional
adjustment for FN aBMD.

All analysis was performed in R (v4.0.2) with specialized packages for performing
clustering and validation (ppclust 1.1.0, cluster v2.1.2, fclust v2.1.1, and fpc v2.2-9) and
fracture risk assessment (survival v3.2-11 and survminer v0.4.9).

Unsupervised clustering and phenotype characteristics

A total of 5873 participants from the BoMIC cohort were selected after removal of missing
data and scans with high motion scores (Supplemental Fig. S1). Participants were between
the ages of 40 and 96 years at baseline and 70.9% females (Supplemental Table S1).
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Unsupervised clustering was performed on the majority of the available participants (n=
5645), whereas the remaining participants (7= 228) were reserved for external validation
of the final model. The agglomerative clustering approach identified three clusters of

bone microarchitecture (Supplemental Fig. S2). The final fuzzy clustering model for bone
phenotypes had an average Jaccard Similarity Index of 0.98 and Fuzzy Silhouette Index of
0.44, indicating excellent cluster stability and good within-cluster cohesion.

Partial correlations between cluster membership coefficients and bone parameters resulted
in the generalized description of the three phenotypes as healthy, low density, and low
volume (Fig. 1B; Table 1). The healthy phenotype had positive partial correlations with
failure load, trabecular microarchitecture parameters, and cross-sectional areas (r= 0.09-
0.35) and is characterized as having large bones with thick cortices and a well-connected
trabecular network but not necessarily higher BMD (Fig. 2; Supplemental Fig. S3). The

low density phenotype had similar overall cross-sectional area when compared with the
healthy phenotype but had negative partial correlations with BMD, failure load, and all
microarchitecture parameters (o = —0.14 to —0.58). The key characteristic of the low density
phenotype was its low BMD, driven predominantly by a cortical thinning, followed by
degradation of trabecular microarchitecture (Fig. 2; Supplemental Fig. S3). In contrast,

the low volume phenotype had a positive association to cortical BMD and thickness (o =
0.04-0.25) but a negative correlation with failure load, trabecular microarchitecture, and
cross-sectional areas (o = —0.05 to —0.54). This phenotype was subsequently characterized
as having thicker and denser cortices but smaller overall bone size with deficits in the
trabecular compartment that led to reduced bone strength (Fig. 2; Supplemental Fig. S3).
Further, the age ranges of participants across phenotypes were highly comparable, but on
average they were significantly different when compared using a two-sided analysis of
variance with post hoc comparisons (adjusted p < 0.05). The low volume phenotype was

the youngest on average (65.2 + 8.2 years), followed by the healthy (68.0 + 8.4 years) and
low density (70.3 + 8.1 years) phenotypes. The overall population distribution across the
three phenotypes was balanced, but when stratified by sex, most males were classified in the
healthy phenotype, whereas females were more often associated with the low volume or low
density phenotypes (Fig. 1A).

Finally, the external validation cohort (n7 = 228), who had a second study visit 5 years
prior, consisted of 67.1% female and ranged between 35 to 84 years of age at the earliest
study visit. The descriptive characteristics and distribution of HR-pQCT parameters of
the validation cohort were highly comparable to the rest of the BoMIC cohort (Fig 3A;
Supplemental Fig. S3). {FIG3} The predicted hard cluster classification between time
points agreed with 89.5% accuracy (Fig. 3B), and the cluster membership coefficients
were strongly correlated between time points (r= 0.92) for all three phenotypes (Fig. 3C),
indicating stable phenotype classification for most individuals over 5 years.

Fracture risk assessment

Participants were followed for a mean duration of 4.7 £ 2.4 years after imaging,
during which time 10.4% sustained an incident fracture at any osteoporotic fracture site;
approximately half of these occurred at a MOF site (Fig. 4).
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The cumulative hazard of any incident osteoporotic fracture and MOF fracture over time
was significantly different across the three phenotypes, with the low density phenotype
having the highest rate of fracture, followed by the low volume phenotype (Fig. 5A). When
the population was stratified by sex, the cumulative hazard functions across phenotypes
remained similar for males and females (Supplemental Fig. S5), with the possible exception
of males in the low volume phenotype, which was limited by sample size (7= 79).

The healthy phenotype was used as the reference for estimating the HR between fracture
with the low density and low volume phenotypes (Fig. 5B). The low density phenotype had
the highest association with any incident fracture before adjustment for covariates (HR =
3.28, 95% CI 2.60-4.14), which was reduced but remained significant after adjustment for
base covariates and FN aBMD (adjusted HR = 1.57, 95% CI 1.12-2.20). In contrast, the low
volume phenotype had a weaker association with any incident fracture before adjustment
(HR =1.99, 95% CI 1.56-2.55) but was less affected by adjustment for base covariates

and FN aBMD (adjusted HR = 1.74, 95% CI 1.17-2.60). The association between fracture
and phenotype was greater when considering only MOF sites, most notably for the low
density phenotype (HR = 5.50, 95% CI 3.81-7.94) but also the low volume phenotype (HR
=2.70, 95% CI 1.82-4.00). When the population was stratified by sex, the HRs were higher
in females when considering any fracture site (unadjusted HR = 2.29-4.01) or only MOF
sites (unadjusted HR = 4.04-8.83), whereas HRs for males were lower or in some cases
non-significant (Supplemental Fig. S5; Supplemental Table S2).

After stratifying the population by phenotype to explore imaging biomarkers, most bone
parameters were associated with incident fracture in the low density phenotype. However,
after adjustments, only two parameters remained significantly associated with MOF and

an additional three when any fracture site was considered (Fig. 6; Supplemental Figs. S6

and S7). The strongest predictors of fracture were measures of BMD, specifically total and
trabecular BMD (Tt.BMD and Th.BMD, respectively) at the radius, and FN aBMD (adjusted
HR =1.46-1.71). Failure load at both the radius and tibia also had comparable association
with incident fractures at any site (unadjusted HR = 1.46-1.47); however, these were no
longer significant after additional adjustment for FN aBMD.

In contrast, the low volume phenotype had only seven bone parameters associated with
incident fracture, all of which remained significant predictors after adjustments, except for
FN aBMD. Failure load at the radius was the strongest predictor of incident fracture at any
site and MOF sites (unadjusted HR = 2.10-2.51), and this association remained unchanged
after adjustment for base covariates and FN aBMD (adjusted HR = 2.22-2.54).

The healthy bone phenotype had limited predictors of fracture. Before adjustments, five
bone parameters were associated with any incident fracture and four with MOF. Only
Th.BMD at the radius was a consistent predictor of fracture at any site after adjustments
for base covariates and FN aBMD (adjusted HR = 1.39, 95% CI 1.04-1.86) and MOF
after adjustment for base covariates (adjusted HR = 1.65, 95% CI 1.04-2.60), but this did
not remain significant after further adjustment for FN aBMD. These limited associations
between bone parameters and fracture are likely due to the lower rate of fractures in this
phenotype that has generally healthy bone characteristics.
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Discussion

Using a large international prospective HR-pQCT cohort, three unique phenotypes of bone
microarchitecture were identified in older adults, described as low density, low volume, and
healthy bone, based on their anatomically different characteristics in bone microarchitecture.
These phenotypes were associated with stratified risk of osteoporotic fracture, and within
each phenotype unique bone imaging biomarkers were associated with within-phenotype
fracture risk. Within the low density phenotype, declines in BMD parameters were the

most strongly associated with higher fracture risk, whereas in the low volume phenotype,
declines in estimated failure load were the most associated with higher fracture risk. The
healthy bone phenotype had an overall low fracture risk with no distinct imaging biomarkers
of increased fracture risk. These findings suggest that increased fragility is manifested
differently across the population and that assessment of patient-specific bone health could
benefit from assessment of bone phenotype.

The value of this approach is emphasized by the fact that FN aBMD did not distinguish
fracture risk in the low volume phenotype, even though this group consisted of the highest
proportion of females and second highest rate of incident fracture. These individuals had
bones with thicker and denser cortices but smaller cross-sectional areas and reductions

in trabecular bone quality, resulting in overall lower failure load. Femoral neck aBMD

is limited to a two-dimensional measurement of bone density that does not account for
cross-sectional area, and the thicker cortical bone likely masks deficits in the trabecular
compartment. This affirms the known limitations of DXA and highlights that a single metric,
such as FN aBMD, is not suitable for assessing fracture risk in all individuals. However,

a common critique of HR-pQCT is that only peripheral skeletal sites can be measured, so
predictive ability may be biased toward wrist fractures. To check that fracture associations
were not driven solely by wrist fractures, the HRs for osteoporotic fractures at any fracture
site were recomputed with exclusion of wrist fractures. The findings from this reanalysis
were consistent with the results when wrist fractures were included (Supplemental Fig.

S8). In addition, height and weight are often included as covariates in Cox proportional
regression models of fracture risk, but we chose not to include them in this analysis. Height
was not adjusted for because it was used as an input feature for clustering, and adjustment
for weight was tested and found to trended toward a marginal increase in HRs, but this was
not statistically significant.

External validation of the clustering model using two time points from a subset of
participants demonstrated that phenotyping an individual was consistent over a 5-year
period. Although this may not provide definitive precision of the phenotyping classification
method, the purpose was to evaluate the stability of phenotypes over a clinically relevant
period of time. The duration of 5 years is a significant amount of time in the context of
clinical management of osteoporosis, especially when considering the validation cohort
spanned the peri- and post-menopause age range during which accelerated age-related

bone loss occurs in females.(2:41:44:45) Additional longitudinal cohort studies are needed

to establish whether longer periods of aging, pharmaceutical interventions, comorbidities, or
changes in lifestyle would result in greater shifts in phenotypes.
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Recent ex vivo studies have demonstrated that different age-related trajectories of bone
strength exist for wide versus narrow bones at the radii and femoral neck.(13.1446) These
findings strengthen the premise that fundamentally different bio-mechanical mechanisms
lead to reduced strength, even within a single sex or ethnicity. Differences found in wide
versus narrow bones reflect the differences found here between the low density and low
volume phenotype, which have distinctly different bone sizes and densities, but both present
with elevated fracture risk relative to the healthy phenotype. Interestingly, the low density
and low volume phenotypes identified here also draw comparisons to historical definitions
of osteoporosis as two distinct manifestations, termed type | and type Il involutional
osteoporosis.(4748) Further, the findings here are supported by smaller exploratory cohort
studies that used cluster analysis to identify fracture phenotypes in males and females.
(16-18) However, these studies were limited in sample size (7= 321-359), did not include
validation of the clustering models, and were limited to only retrospective fracture history.
An additional unique benefit to the current approach is that the use of soft clustering
captures gradated change in an individual’s phenotype.

There are limitations of this study that should be acknowledged. The analysis was limited
to only the first osteoporotic fracture event after the baseline study visit. Prior fragility
fractures and multiple incident fracture events were not accounted for and may have
resulted in an underestimation of the association between phenotypes and fracture risk in
our analyses. Because of sample size limitations, it was not investigated whether individual
fracture sites of interest, such as the hip, were predominantly associated with a specific
phenotype. Instead, all osteoporotic fracture sites were pooled together, with subanalyses
of MOF sites. It is possible the frequency of fracture at specific sites varies across
phenotypes, but this could not be explored in depth with this cohort. Another limitation

of this study is the limited diversity of the population, as the cohort consisted predominantly
of older female White adults from North America and Europe. Although the low density
phenotype effectively distinguished males at high risk of fracture, the lower proportion

of males limited the ability to determine whether the low volume phenotype provided
added insight for fracture prediction in males. The finding that few males were classified

to have a low volume phenotype may help elucidate why females are predisposed to a
higher risk of fracture in terms of bone structure. However, the population distributions
observed here may not reflect patterns of bone phenotypes in other ethnicities or age
groups. It is likely that the population distribution across the phenotypes presented here
would vary for younger populations and other ethnicities due to known differences in

bone characteristics.(*449-51) With this consideration, the descriptive names for the three
phenotypes should be interpreted cautiously. The term “healthy bone” phenotype was chosen
because of the above-average characteristics in bone properties observed for this group.
However, these phenotypes are based on information captured by HR-pQCT and do not
account for all attributes that determine bone health, such as tissue-level organization of the
extracellular matrix. Along the same vein, atypical bone characteristics caused by diseases,
such as osteogenesis imperfecta®2 or other rare bone diseases, 3 are not necessarily
accounted for in these phenotypes and would warrant further investigation. Finally, males
and females were deliberately pooled for phenotypic clustering in lieu of defining sex-
specific clustering models because there is notable overlap in bone characteristics between

J Bone Miner Res. Author manuscript; available in PMC 2022 July 01.
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sexes(#4:54) and pooling sexes avoids duplication as observed in previous studies that
separated the population on the basis of sex.(16:18) The distribution of males and females
across phenotypes demonstrated that phenotypes intrinsically account for sex differences
in bone characteristics, and all fracture risk analysis was compared with sexes pooled and
stratified to compare the relationship between phenotypes and fracture were across both
Sexes.

The identification of bone microarchitecture phenotypes is a novel and innovative
perspective on how HR-pQCT image data can be leveraged to assess bone health in an older
adult population. Bone phenotypes strengthen the premise that bone fragility can manifest
in different forms, and the complex interactions between structural and density properties
should be taken into consideration to establish a patient-specific approach to managing
osteoporosis.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Fig. 1.

phenotypes where each dot is an individual’s membership coefficient with the low density
(LD) versus low volume (LV) phenotype. In this plot, the origin would represent complete
association to the healthy phenotype. The topology profiles represent the population density
across the phenotypes. (B) Heatmaps applied to the same plots shown in A to visualize the
relationship between several continuous parameters and phenotype membership coefficients.
Heatmaps of all parameters are provided in Supplemental Fig. S2.
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Fig. 2.
Examples of the three bone phenotypes. (A) Slice view of HR-pQCT images of the

distal tibia from representative participants of each phenotype. The histograms show the
distribution of the density values across the tibia scan region, reported in calibrated density
units of mgHA/cm3. (B) Three-dimensional reconstruction of bone microarchitecture of the
same distal tibia scans in A, with trabecular and cortical bone color labeled. (C) Sagittal
cut-plane of reconstructed images from B, with heatmaps representing spacing between
adjacent trabecular struts. The histograms show the distribution of trabecular spacing across
the trabecular compartment of the entire distal tibia scan region.
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Fig. 3.
Summary of cluster external validation. (A) Histograms comparing the distributions of

parameters for the whole BoMIC cohort (gray) to the validation cohort at the earliest time
point (red). (8) Confusion matrix summarizing performance of hard cluster classification;
large font represents the percentage and small font below the count of individuals in each
classification outcome. (C) Correlation plots between the cluster memberships coefficients
for the healthy, low density (LD), and low volume (LV) phenotypes predicted at the two time
points. The regression lines are colored in red and Pearson correlation coefficients denoted
by r.
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Fig. 4.
Summary of incident fracture events according to sex and fracture site.
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Fig. 5.

Association between incident fracture and phenotype. (A) Cumulative hazard functions
determined using the Nelson—Aalen estimator, of any incident fracture and only major
osteoporotic fracture. The shaded area in the plots represents the 95% confidence intervals
(CI) of the cumulative hazard functions, and the censored observations are represented by
the tick marks on the cumulative hazard curves. The pvalue represents the significance

of the log-rank test performed comparing cumulative hazard functions. The bottom panel
provides the proportion of the population remaining in each phenotype relative to follow-up
time. (B) Hazard ratio (HR) and 95% CI for the association between phenotype and any
incident fracture or only major osteoporotic fracture, with and without adjustments for
covariates. The 95% CI are represented by the error bars. The HRs shown for the low
density and low volume phenotypes are the risk relative to the healthy phenotype.
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Fig. 6.

Within-phenotype associations between incident fracture and bone parameters. The hazard
ratios (HR) and 95% confidence intervals (Cl) are shown for the association between
incident fracture of any site or only major osteoporotic fracture sites, relative to selected
bone parameters. The HR are reported per standard deviation decrease of each bone
parameter. A complete summary of HR and 95% ClI for all parameters, with stratification by
sex, are included in Supplemental Figs. S5 and S6 and Supplemental Table S3.
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