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FE. The Spatio-Temporal Atlas

Fig. 10 shows the constructed atlas; visualising median
BMD values at different values of age and BMI using heat-
maps. Low BMI was associated with an overall decrease in
bone mass, where as high BMI resulted in increased bone
mass especially at the diaphysis and Ward’s triangle regions.
An overall decline in BMD with increasing age was observed
throughout the proximal femur. However, the observed bone
loss patterns were site-specific and spatially-complex. Cortical
thinning was observed consistently with ageing around the
femoral shaft from the 6 decade onwards. Widespread bone
loss was also observed in the trochanteric area.

Quantile regression curves demonstrated different rates of
bone loss at different anatomic locations within the proximal
femur (Figs. 11 and 12). For example, the decrease in BMD at
the superior femoral neck cortex was bimodal; the bone loss
slowed down from the 70s onwards (Fig. 11(a)). BMD at the
mid-femoral neck showed a steady decrease throughout the
whole age range (Fig. 11(b)), whilst bone mass was preserved
the most in the inferior femoral neck cortex (Fig. 11(c)). Fig.
12 shows quantile regression curves at the intertrochanteric
region. Bone mass at the superior trochanteric region was
preserved until just before 70 years, and was followed by a
decline with a similar slope to the other trochanteric regions
(Fig. 12(a)). Bone loss was observed at a consistent rate at
the mid trochanteric region throughout the whole age range
(Fig. 12(b)). BMD in the inferior cortex close to the lesser
trochanter was maintained until the 60" year, following which
point BMD showed a steady decline (Fig. 12(c)).

The inflection point observed at age 75 in Fig. 12 is indeed
due to ageing rather than the integration of the MRC-Hip
dataset (age range: 75-97 years). Repeating the same analysis
using only the UK Biobank dataset (age range: 45-80 years)
demonstrated similar ageing trends (data not shown). Here, the
results for the integration of all datasets together is presented.

G. Atlas Validation using Longitudinal Data

The bone ageing atlas was developed based on cross-
sectional data. We acknowledge that this atlas does not nec-
essarily provide an ideal prediction of individual ageing, for
which, longitudinal data with the same subjects repeatedly
scanned along several years is required. However, the utility
of the developed atlas to predict longitudinal changes is tested
here using a subset of scans from the OPUS dataset (n=120;
age range=55-60 years) with follow-up measurements at 6
years (mean time lapse, 70.9 months; standard deviation, 1.2
months). The hypothesis tested here is that no significant
BMD change should be observed between the expected BMD
values at 6 years based on the projected BMD atlas and the
actual measurements at 6 years. For this analysis, a paired
t-test preceded by false discovery rate (FDR) analysis [11]
was used once between the baseline and the actual follow-up
measurements, and another time between the projected and the
actual follow-up BMD values.

To project BMD values six years into the future, firstly, the
quantile value for the given pixel BMD at the baseline age

Fig. 10. Pixel-level median BMD values are visualised using heat-maps as a
function of age for 20, 35, 50, 65, 80, and 95 years and BMI values of 15,
20, 25, 30, 35, 40, and 45 kg/m2. The atlas is shown for the Hologic system
at the left hip.

is read from the atlas. Next, the corresponding BMD value at
the follow-up age is read from the same quantile trajectory.
Significant bone loss was observed in the trochanteric region
and the medial femoral shaft; however, the projected BMD
values using the constructed atlas fits the actual measurements
where no significant BMD change was observed between the
projected and the actual BMD values (Fig. 13).

IV. CONCLUSION

This work presents the development of a reference spatio-
temporal atlas of ageing bone in the proximal femur using
cross-sectional data from a large cohort of Western Euro-
pean Caucasian women (n=13,338). Here, we presented three
key contributions: first, the proposed DXA RFA framework
allowed high-resolution pixel-level BMD analysis. The in-
creased spatial detail made it possible to observe spatially-
complex bone ageing patterns for which conventional region-
based bone densitometry routine is insensitive. Second, the
proposed calibration technique allowed the integration of data
from different DXA manufacturers. The new method does
not require multiple scans from the same subject and so
is applicable to large multi-centre studies. Third, a fully
automatic bone ageing analysis pipeline was proposed that
would streamline the atlas generation process. This automation
would facilitate population-specific atlas generation from other
ethnic libraries.

Each module in the pipeline was evaluated separately. The
average segmentation accuracy expressed as the Dice index
was 0.97. The average point localisation error was 1.57 mm
equivalent to 3.15 pixels. The RFA precision expressed as
median pixel-level coefficient of variation was 7.96%. The
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Fig. 11. Three examples of fitted quantile curves at three different pixel locations at the femoral neck region. The solid, dashed, and dotted lines show the
median, 50% and 90% quantile ranges, respectively. The green shadow shows the 95% confidence interval. The curves are shown for the Lunar system at the

left hip at median BMI = 25.4 kg/m?.
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Fig. 12. Three examples of fitted quantile curves at three different pixel locations at the intertrochanteric region. The solid, dashed, and dotted lines show
the median, 50% and 90% quantile ranges, respectively. The green shadow shows the 95% confidence interval. The curves are shown for the Lunar system
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Fig. 13. Atlas validation using paired longitudinal data collected at baseline
and 6 years later (n = 120). (a) Normalised BMD change between baseline
and follow-up measurements at six years. (b) FDR g-map corresponding to
panel a indicating regions with a significant BMD change at 6 years. (c) The
PP-plot corresponding to panel b. If the null hypothesis of no significant BMD
change is true, then the blue line follows the identity (dashed red line). (d)
Normalised BMD difference between baseline maps projected at 6 years and
the actual follow-up measurements at 6 years. (¢) FDR g-map corresponding
to panel d. (f) The PP-plot corresponding to panel e. These data show that
the BMD change projected by the atlas and the directly observed BMD
change are quantitatively and statistically similar, confirming the viability of
the developed atlas to predict temporal BMD change.

RMS error for quantile matching regression tested in the
setting of the bilateral hip calibration was 0.013 and 0.017
for the slope and the intercept parameters, respectively. The
precision of the LMS quantile regression for modelling the
temporal BMD evolution was tested using a bootstrapping
procedure. The overall uncertainty was sufficiently small so

the ageing effect was observable (Figs. [IT] and [12). We
demonstrated the utility of the proposed bone ageing analysis
pipeline using three large-scale datasets with n > 13,000
scans collected on two different manufacturer’s densitometers.
However, the proposed pipeline would facilitate population-
specific atlas generation from other ethnic libraries, gender,
and anatomic sites. This, in turn, would allow the analysis of
variations in ageing patterns across different populations.

This technique also had limitations. The areal BMD mea-
sured by DXA does not represent the true volumetric BMD,
and so the constructed atlas is a 2D projection of the actual
3D patterns. A 2D/3D approach could address this issue
[33], [36]. These techniques are often based a 3D statistical
shape/appearance model learned from a small subset of QCT
images, for example, n = 57 (all highly osteoporotic women)
[35]. Hence, the learned atlas cannot account for the full
population variation (cf. n = 13,338 in this study). If a large
QCT dataset was available, the ageing atlas could have been
directly developed from them where the principle applied here
can be readily transferred to 3D imaging.

This technique shows promise in characterising spatially-
complex BMD changes with ageing. These patterns were visu-
alised using heat-maps. Furthermore, quantile curves plotted at
different pixel coordinates showed consistently different rates
of bone loss at different regions of the femoral neck. Our future
work aims at improving fracture risk assessment using the
developed atlas to determine whether this increased resolution
enhances the fracture predictive ability of DXA.
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