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Although the areal Bone Mineral Density (BMD) measurements from dual-energy X-ray absorptiometry (DXA)
are able to discriminate between hip fracture cases and controls, the femoral strength is largely determined by
the 3D bone structure. In a previous work a statistical model was presented which parameterizes the 3D
shape and BMD distribution of the proximal femur. In this study the parameter values resulting from the
registration of themodel onto DXA images are evaluated for their hip fracture discrimination abilitywith respect
to regular DXA derived areal BMDmeasurements. The statistical model was constructed from a large database of
QCT scans of females with an average age of 67.8±17.0 years. This model was subsequently registered onto the
DXA images of a fracture and control group. The fracture group consisted of 175 female patients with an average
age of 66.4±9.9 years who suffered a fracture on the contra lateral femur. The control group consisted of 175
female subjects with an average age of 65.3±10.0 years and no fracture history. The discrimination ability of
the resulting model parameter values, as well as the areal BMD measurements extracted from the DXA images
were evaluated using a logistic regression analysis. The area under the receiver operating curve (AUC) of the
combined model parameters and areal BMD values was 0.840 (95% CI 0.799–0.881), whilst using only the
areal BMDvalues resulted in an AUC of 0.802 (95% CI 0.757–0.848). These results indicate that the discrimination
ability of the areal BMDvalues is improved by supplementing themwith themodel parameter values, which give
a more complete representation of the subject specific shape and internal bone distribution. Thus, the presented
method potentially allows for an improved hip fracture risk estimation whilst maintaining DXA as the current
standard modality.

© 2012 Elsevier Inc. All rights reserved.
Introduction

Fracture risk assessment currently relies on areal BMD measure-
ments from dual-energy X-ray absorptiometry (DXA). Although the
areal BMD has been shown to be strongly correlated with fracture in-
cidence, this measure is limited by its two-dimensionality whilst the
spatial distribution and geometry of the bone to a large extent deter-
mines the bone strength [1]. A volumetric image of the bone densities
can be acquired using Quantitative Computed Tomography (QCT) and
volumetric BMD and 3D structural measurements from QCT have
been shown to be important parameters for determining the femoral
aging & Simulation Technologies
on Technologies Department,
140, E08018 Barcelona, Spain.

marsh).

rights reserved.
strength [2–4] and deriving a fracture risk [5–7]. The acquisition of
QCT scans, however, administers the patient with a relatively high
dose of radiation compared to DXA. In addition, the high cost and
limited access to CT scanners prevents this modality from being used
in clinical routine and thus DXA remains the current clinical standard
for bone density measurements and fracture risk assessment. Being
able to extract information on the hip geometry and density distribu-
tion from the widely used DXA technology would therefore constitute
a great advantage to hip fracture risk assessment.

Some work has already been done in reconstructing the 3D shape
from DXA images [8]. This allows for the extraction of 3D geometric
parameters which, combined with areal BMD measurements, were
shown to improve the fracture load prediction over areal BMD alone
[9].

Although these methods incorporate the 3D shape, also the spatial
distribution of the bone determines its strength and thus the risk
of fracture. Several methods have been proposed to acquire a 3D
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Table 1
Baseline characteristics of subjects (mean±standard deviation).

Fracture
(n=175)

Controls
(n=175)

p value

Age (years) 66.4±9.9 65.3±10.0 0.281
Weight (kg) 65.0±12.4 65.4±11.0 0.735
Height (cm) 154.2±6.8 154.0±5.8 0.852
BMI (kg/m2) 27.3±4.8 27.5±4.1 0.690
Femoral neck areal BMD (g/cm2) 0.768±0.127 0.832±0.134 b0.0001
Trochanteric areal BMD (g/cm2) 0.597±0.130 0.661±0.135 b0.0001
Shaft areal BMD (g/cm2) 0.910±0.139 1.011±0.161 b0.0001
Total areal BMD (g/cm2) 0.795±0.149 0.897±0.149 b0.0001

BMI=body mass index=weight/height2; p values by Student's t test.
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reconstruction of both the 3D shape and the density distribution from
a regular DXA image by the deformation of a template [10] or by in-
corporating a statistical model in an intensity-based registration pro-
cess [11,12]. From these reconstructions the same parameters can be
extracted as from QCT. However, these parameters are still limited
descriptors of the shape and spatial distribution of the bone.

Several authors propose the use of Finite Element Analysis (FEA)
of bones from CT scans [13–15] or from the reconstruction from
DXA [10] to determine their mechanical behaviour. Although FEA
has been shown to accurately estimate the resistance to specific load-
ing conditions, their direct relation to the risk of fracture has not yet
been fully established.

In [16] a method was presented for a more detailed analysis of the
spatial distribution of the bone from CT using deformable registra-
tions and image similarities. This method was shown to be able to
accurately discriminate between fracture patients and controls and
was used to identify the regions within the femur which are most
strongly associated with hip fracture [17].

Recently, statistical models as pioneered by Cootes et al. [18] have
received a great deal of interest as a means to analyze the complex
morphometry of organs for the diagnosis of diseases and detection
of symptoms. Both in [19] and [20] the femoral shape was analyzed
from planar radiographs using statistical shape modelling, and the as-
sociation of the modes of variation with the fracture incidence was
examined. In [21] this method was extended by including an analysis
of the trabecular bone structure, which significantly improved the hip
fracture discrimination ability. These methods, however, are still
limited by a two-dimensional analysis from radiographic projections.

In a recent work, Li et al. [22] constructed a statistical model of the
volumetric density distribution of the proximal femur and analyzed
the model parameters for their hip fracture discrimination power.
Here, only the density distribution was analyzed whilst also the
shape determines the femoral strength and shape parameters have
been shown to be independent hip fracture discriminators [2].

In [23] a statistical model of shape and appearance was presented
and the parameters of this model were, in other work, analyzed for
their ability to predict the fracture load of the proximal femur [24].
Although the fracture load gives a measure of the bone strength, it
does not directly relate to the risk of fracture.

Previously, we developed a statistical model of both the 3D shape
and BMD distribution of the proximal femur for fracture risk assess-
ment [25]. This model is constructed from a large dataset of QCT vol-
umes using an intensity based registration process. The parameters of
this model describe the global shape and spatial distribution of the
bone and were shown to correctly represent the shape and density
variations which determine the fracture risk. In other work this
model was shown to be able to accurately reconstruct the 3D shape
and BMD distribution of the proximal femur by registering it onto a
single DXA image, whereby the proximal femur was reconstructed
with a mean shape accuracy of 1.1 mm and a global BMD distribution
error of 4.9% [11].

In this study we aim to evaluate the parameters of the statistical
model resulting from the registration onto DXA for their ability to
improve the hip fracture discrimination from DXA with respect to
regular areal BMD measurements.

Materials and methods

CT dataset for statistical model construction

For the construction of the statistical model a dataset of 80 CT
scans of the pelvic region was collected at the CETIR Medical Center
(Barcelona, Spain) using the Philips Gemini GXL 16 system (Philips
Healthcare, Best, The Netherlands). This dataset was supplemented
by a set of 80 CT scans collected at the Department for Trauma
Surgery of the Medical University Innsbruck (Innsbruck, Austria),
using the GE LightSpeed VCT Multi Slice CT device (GE Healthcare,
Madison, WI, USA). All CT scans were calibrated to convey hydroxy-
apatite (HA) density values by including a calibration phantom in
the field of view, as described in [25]. The combined dataset of all
female Caucasian subjects with an average age of 67.8±17.0 years
was subsequently used for the construction of the statistical model
used in the proposed method.

DXA dataset for method evaluation

To evaluate the discrimination method, a database of 175 proxi-
mal femur DXA scans was collected at CETIR Grup Mèdic (CDP Unit
Esplugues, Esplugues de Llobregat, Barcelona, Spain), whereby the
contra lateral femur suffered a fracture. The scans were performed
by the GE Lunar Prodigy Bone Densitometer (GE Healthcare, Chalfont
St. Giles, UK). All subjects were female and Caucasian with an average
age of 66.4±9.9 years. In addition, an age matched control group
(average age of 65.3±10.0 years) of 175 DXA scans of female Caucasian
subjects with no fracture history was collected. Exclusion criteria were
hip fractures as a result from high-energy trauma and bone disease.

The DXA image pixel values were subsequently converted to stan-
dardize BMD (sBMD) which corresponds to the same hydroxyapatite
(HA) density values as the QCT scans. For this conversion the equa-
tion sBMD=0.9522BMD was used as described in [26]. For all DXA
scans the femoral neck, trochanter, shaft and total areal BMD mea-
surements were acquired using the GE Lunar's software platform,
enCORE. The full set of baseline characteristics of the fracture and
control subjects are presented in Table 1.

Ethical approval was granted for the data acquisition by Research
Ethics Committee of the InnsbruckMedical University and the Institu-
tional Review Board of the CETIR Grup Mèdic, and written informed
consent was provided by all the subjects included in this study.

Shape and density model construction

The statistical shape and density model is constructed from a large
dataset of QCT volumes by an iterative intensity-based registration
process [25]. The registrations result in the set of aligned surface
meshes with a vertex correspondence between them. Principal Com-
ponent Analysis (PCA) is then applied to the vertices to construct a
statistical model of the 3D shape. A new instance of the shape
model can then be expressed by the average shape and the set of
principal components, which describe the main modes of variation.
In Fig. 1, the mean and first three modes of variation of the resulting
shape model are presented. The first mode of variation describes the
global size whilst the second describes the neck shaft angle, and the
third describes the femoral neck length.

To build the statistical density model, the QCT volumes are all
deformed to the mean shape. This results in the shape normalized
density volumes with a voxel correspondence between them. PCA is
then applied to the voxel densities inside the bone so that a new
volume can be expressed by the average density volume with the



Fig 1. The mean shape and the first three modes of variation of the shape model, vary-
ing between +3 and −3 standard deviations (σ).

Fig. 3. The registration of the statistical model onto a DXA image.
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main modes of variation. Fig. 2 shows projections of the mean and
first three modes of variation of the density model, whereby the
main mode of variation describes the global density. For the shape
model 14 modes of variation are used and 11 for the density model.
These numbers were determined by Cattell's scree test [27] whereby
the remaining modes of variation are considered noise and are
discarded. Thus, the model parameters describe the number of stan-
dard deviations from the mean for each mode of variation of both
the shape and density model.

Model registration

The statistical model is registered onto a DXA image by an intensity
based 3D–2D registration process (Fig. 3). A new instance of the model
is generated by deforming the density model instance to the shape
model instance. In the registration process the model parameters,
Fig. 2. Projections of the mean and the first three modes of variation of the density
model, varying between +3 and −3 standard deviations (σ).
together with a pose (rotation and translation), that maximize the sim-
ilarity between the DXA image and the projection of the deformed den-
sity model are found. This results in a patient specific reconstruction of
the 3D shape and spatial distribution of the bone as described by the
model parameters. For a detailed description of the reconstruction pro-
cess we refer the reader to [11]. The statistical model was subsequently
registered onto the DXA images of the fracture patients and control
group.

Statistical analysis

The model parameters resulting from the registration onto the
DXA image describe the subject specific 3D shape and internal distri-
bution of the bone and are in this work analyzed for their ability to
discriminate hip fracture. The statistical analysis was done using the
SPSS Statistics package v19 (IBM, Armonk, NY). The shape and densi-
ty model parameters as well as the areal BMD measurements were
first analyzed individually by computing the Odds Ratio (OR) with
95% Confidence Interval (CI), which determines the association of
the variable with fracture incidence. To evaluate the discrimination
ability of the various measurements, the Receiver Operating Curve
(ROC) was analyzed whereby the Area under the Curve (AUC) with
corresponding 95% CI was reported. To analyze the contribution of
the shape and density distribution separately, the 14 shape model pa-
rameters as well as the 11 density model parameter values were used
as independent variables in logistic regressionmodels. Both the shape
and density model parameters were subsequently combined in a lo-
gistic regression evaluation. As a comparison, the areal BMD values
of the same subjects were evaluated and combined in a second logis-
tic regression model to determine to what extent the areal BMDmea-
surements can discriminate between the fracture and non-fracture
group. Finally, the 14 shape model parameters, the 11 density
model parameters and the areal BMD values were evaluated for
their combined discrimination ability.

Results

First, the relationships of the individual model parameters with
the hip fracture incidence are examined. In Tables 2 and 3 the ORs

image of Fig.�2
image of Fig.�3


Table 2
Results of the logistic regression (adjusted for age and weight, height) and the ROC
analysis using the shape model parameters.

OR [95% CI] p value AUC [95% CI]

Mode 1 0.655 [0.490–0.875] 0.004 0.586 [0.526–0.645]
Mode 2 1.226 [1.039–1.447] 0.016 0.575 [0.515–0.635]
Mode 3 1.002 [0.856–1.173] 0.977 0.502 [0.441–0.562]
Mode 4 0.922 [0.786–1.082] 0.321 0.535 [0.474–0.595]
Mode 5 1.063 [0.925–1.223] 0.390 0.527 [0.466–0.588]
Mode 6 1.092 [0.915–1.305] 0.329 0.529 [0.468–0.589]
Mode 7 1.059 [0.922–1.217] 0.418 0.525 [0.465–0.586]
Mode 8 0.879 [0.770–1.003] 0.055 0.561 [0.501–0.621]
Mode 9 0.936 [0.805–1.087] 0.385 0.517 [0.457–0.578]
Mode 10 0.719 [0.592–0.875] 0.001 0.599 [0.540–0.659]
Mode 11 0.745 [0.619–0.896] 0.002 0.593 [0.533–0.652]
Mode 12 0.967 [0.841–1.112] 0.640 0.511 [0.451–0.572]
Mode 13 0.997 [0.845–1.176] 0.968 0.503 [0.442–0.563]
Mode 14 0.946 [0.836–1.071] 0.382 0.524 [0.464–0.585]

Table 4
Results of the logistic regression (adjusted for age, weight and height) and the ROC
analysis using the areal BMD measurements.

OR [95% CI] p value AUC [95% CI]

Femoral neck areal BMD 2.000 [1.497–2.671] b0.001 0.655 [0.598–0.712]
Trochanteric areal BMD 1.856 [1.412–2.440] b0.001 0.650 [0.593–0.708]
Shaft areal BMD 2.619 [1.926–3.563] b0.001 0.703 [0.649–0.757]
Total areal BMD 2.864 [2.066–3.970] b0.001 0.719 [0.665–0.772]

OR and 95% CI per 1SD decrease of BMD.
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and AUC values are given for the shape and density model parameters
individually. The 1st mode of variation of the shape model corre-
sponding to the scale (Fig. 1) has a strong association with the frac-
ture incidence with an OR of 0.655 (95% CI 0.490–0.875, p=0.004).
Also for the 2nd shape model parameter, which describes the neck
shaft angle, there is a significant association (OR=1.226, 95% CI
1.039–1.447, p=0.016). The 10th mode of variation and the 11th
mode of variation also have a strong and significant association but due
to their relative small variance are difficult to interpret. The main mode
of variation of the density model, which is related to the global density
(Fig. 2), is strongly associated with the fracture incidence with an OR of
0.370 (95% CI 0.263–0.520) and is highly significant (pb0.001). The
AUC of this mode of variation (0.672, 95% CI 0.616–0.728) is comparable
to the AUC of the various areal BMDmeasurements (Table 4). Again, the
other modes of variation with a significant association (modes 6 and 10)
are difficult to interpret due to their relative small variance.

In Fig. 4 the ROC curve is given for the parameters acquired by the
model registration, the areal BMD values and the full set of model pa-
rameters and areal BMD measurements after a logistic regression
analysis. The model parameters result in an AUC value of 0.752 (95%
CI 0.701–0.803) whereas the areal BMD used in clinical routine re-
sults in an AUC value of 0.802 (95% CI 0.757–0.848). By combining
all model parameters and BMD measurements an AUC value of
0.840 (95% CI 0.799–0.881) is achieved. The AUC for all evaluated
combinations as well as the 95% CI and R2 values are presented in
Table 5, which also includes the values resulting from a logistic re-
gression adjusted for age, weight and height.

Considering BMD predicts fractures with a high specificity but low
sensitivity, we assessed the sensitivity from the ROC curve at a 90%
specificity (Fig. 4). This yields a sensitivity of 61.1% when incorporat-
ing the model parameters whilst the BMD alone provides a 49.1%
sensitivity.
Table 3
Results of the logistic regression (adjusted for age, weight and height) and the ROC
analysis using the density model parameters.

OR [95% CI] p value AUC [95% CI]

Mode 1 0.370 [0.263–0.520] b0.001 0.672 [0.616–0.728]
Mode 2 1.103 [0.879–1.383] 0.397 0.518 [0.457–0.578]
Mode 3 0.818 [0.672–0.997] 0.046 0.567 [0.507–0.627]
Mode 4 1.061 [0.905–1.245] 0.463 0.534 [0.473–0.595]
Mode 5 1.151 [0.993–1.334] 0.063 0.555 [0.495–0.616]
Mode 6 0.787 [0.664–0.933] 0.006 0.579 [0.520–0.639]
Mode 7 0.976 [0.823–1.158] 0.780 0.516 [0.455–0.576]
Mode 8 0.842 [0.717–0.989] 0.036 0.564 [0.504–0.624]
Mode 9 0.954 [0.810–1.122] 0.567 0.526 [0.466–0.587]
Mode 10 1.260 [1.092–1.453] 0.002 0.591 [0.532–0.650]
Mode 11 1.061 [0.901–1.250] 0.478 0.529 [0.469–0.590]
Finally, Fig. 5 shows the reconstruction results corresponding to
the subjects in the fracture group and control group with respectively
the highest and lowest risk of fracture according to the logistic regres-
sion on the combined model parameters and areal BMD measure-
ments. The reconstruction results are presented as a projection and
the coronal and femoral neck cross-sectional slice of the deformed
density model and the resulting mesh of the shape model instance.

Discussion

In this work a method to construct and register a statistical model
of shape and density distribution onto a DXA image was presented
and evaluated for its ability to discriminate between a fracture and
control group. The model parameters resulting from the reconstruc-
tions have been shown to improve the discrimination ability with re-
spect to only DXA derived areal BMD measurements.

Fig. 5 illustrates the differences in shape and density distribution
that determine the fracture risk according to a logistic regression
using the model parameters together with the areal BMD measure-
ments. On the coronal slice it can be clearly seen that the high fracture
risk has a decreased global volumetric BMD and an overall decreased
cortical thickness. This is in accordance with recent analysis on QCT
measurements [5–7]. Also a decreased femoral neck cross-sectional
area is shown to be associated with an increased risk, which again is
supported by recent studies [28,32]. Regarding the shape, a greater
neck-shaft angle can be seen on the high fracture risk subject,
which corresponds to recent studies on hip structural analysis from
DXA [29].

In Fig. 1 one can see that the 3rd mode of variation of the shape
model relates to the stretching or compression of the femoral neck,
which thus determines the neck axis length. This mode of variation
is shown to be unrelated to the fracture incidence with an OR of
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Table 5
AUC values resulting from logistic regression analysis (unadjusted and adjusted for age,
weight and height) on the various model parameter and areal BMD measurement
combinations.

AUC [95% CI] R2⁎

Unadjusted Shape model parameters 0.683 [0.628–0.739] 0.133
Density model parameters 0.719 [0.666–0.772] 0.193
All model parameters 0.752 [0.701–0.803] 0.242
BMD 0.802 [0.757–0.848] 0.293
BMD+All model parameters 0.840 [0.799–0.881] 0.395

Adjusted Shape model parameters 0.705 [0.651–0.759] 0.156
Density model parameters 0.743 [0.691–0.795] 0.220
All model parameters 0.770 [0.720–0.819] 0.266
BMD 0.817 [0.773–0.862] 0.323
BMD+all model parameters 0.853 [0.813–0.893] 0.421

BMD=areal BMD measurements of the femoral neck, trochanteric, shaft and the total
areal BMD.

⁎ Nagelkerke R2.
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1.002 (95% CI 0.856–1.173). This is in contrast with previous work on
structural measurements from CT [30]. There remain, however, many
conflicting reports on the relationship between the proximal femur
geometry and the fracture incidence.
Fig. 5. Reconstruction results of the subjects in the fracture and control group corre-
sponding respectively to the highest and lowest fracture risks as determined by the lo-
gistic regression on the combined model parameters and areal BMD measurements.
From top to bottom: the DXA images, the shape model instances, the coronal slices
and the cross-sections of the femoral neck of the resulting density volumes.
In [5], a comparison was made between the structural parameters
of femoral neck fracture cases and controls, which indicated that the
hip axis length was only marginally longer in the case subjects com-
pared to the control subjects, whilst for trochanteric fractures this re-
lationship remained absent altogether. Whilst we show a smaller CSA
to be in accordance with most recent studies, in [30] a larger CSA is
reported for fracture patients then controls, which is attributed to
an adaptation to lower BMD in osteoporotic subjects.

These conflicting reports indicate that the influence of the geome-
try on the risk of fracture is not yet well understood and requires fur-
ther work, whilst the structural measurements might not sufficiently
characterize the femoral shape. A detailed statistical analysis as
presented in this work might therefore provide a better insight into
the complicated morphometry related to the risk of fracture.

In this study, the model parameters alone do not result in a better
discrimination than areal BMD measurements. In several studies, also
QCT measurements have not shown to significantly improve the
discrimination ability over areal BMD measurements [28,30]. In [6],
three combinations of QCT measurements were compared with
areal BMD measurements by a logistic regression analysis. Using tra-
becular BMD and the cortical thickness in the trochanteric region for
the hip fracture discrimination resulted in an AUC of 0.843 (95% CI
0.764–0.922) as opposed to an AUC of 0.829 (95% CI 0.743–0.914) for
the areal BMD values. However, combining the QCT measurements
with the areal BMD measurements resulted in an AUC of 0.864 (95%
CI 0.791–0.937). Our method results in a similar improvement with an
AUC of 0.840 (95% CI 0.799–0.881) using the model parameters com-
bined with the areal BMD measurements as opposed to an AUC of
0.802 (95% CI 0.757–0.848) using only the areal BMD measurements.
Our method, however, only relies on the DXA imagingmodality. Conse-
quently, the patient does not have to be exposed to additional radiation.
Moreover, the method is fully compatible with current clinical routine
where DXA is the standard modality for fracture risk assessment.

In [19] the parameters of an active shape model of the proximal
femur applied to planar radiographs were analyzed for their hip frac-
ture prediction ability using a logistic regression analysis adjusted for
age and BMI. The modes of variation of the active shape model
resulted in an AUC of 0.813 (95% CI 0.771–0.854). Similar to our
work, a model was proposed which combines the model parameters
with an areal BMD measurement, which, for the femoral neck areal
BMD, resulted in an AUC of 0.835 (95% CI 0.795–0.875) compared to
an AUC of 0.675, (95% CI 0.620–0.730) for the femoral neck areal
BMD only. It did not, however, include all areal BMD measurements
and thus does not compare the proposed method to the full potential
of the measurements used in current clinical routine. Although the
active shape model provides a more detailed description of the
shape than structural measurements, our method provides informa-
tion on the 3D shape and, through the density model parameters,
the spatial distribution of the bone. Considering these are important
properties for describing the femoral strength, our method has the
potential to more accurately predict the risk of fracture. Adjusted
for age, weight and height, our proposed method resulted in an AUC
of 0.853 (95% CI 0.813–0.893). However, a direct quantitative com-
parison cannot be made due to the different datasets used.

The DXA scans used in this studywere performed using the GE Lunar
Prodigy bone densitometer which provides images with a resolution of
0.6×1.05 mmwhereas themore recent line of DXA scanner result in sig-
nificantly higher resolution imageswith a resolution of 0.3×0.25 mm for
the newer GE Lunar iDXA device. Higher resolution images allow for
more accurate reconstructions and thus a more accurate description of
the 3D shape and especially the internal bone structure. Consequently,
it is anticipated that the results obtained with the current dataset can
be improved upon with the use of the more modern DXA devices.

One limitation of this study is the retrospective analysis using
the femur contralateral from the fractured femur. This can be justi-
fied by research on proximal femoral symmetry [31], but ideally an
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evaluation of the method should be performed on data resulting from
a prospective study. In addition, no information about the fracture lo-
cation was available for the DXA scans used in this work. The different
types of fractures have been shown to relate to different parameters
[5,32]. Thus, it is expected that performing site specific fracture risk
estimations, e.g. making a distinction between femoral neck and
intertrochanteric fractures, improves the fracture risk estimation ac-
curacy for the individual locations.

In future work we hope to acquire a dataset that allows for the
evaluation of a location specific fracture risk assessment and be able
to evaluate the proposed method within a prospective study. The
method proposed in this work can, in a straightforward manner, be
applied to other bones such as the vertebrae, which is the most com-
mon location for osteoporotic fractures. We therefore also aim to
evaluate the proposed method for its ability to improve vertebral
fracture risk estimations.

In conclusion, we have presented a method for improving the hip
fracture discrimination ability from DXA by including the statistical
model parameter values resulting froma 3D reconstructionwith the reg-
ular areal BMDmeasurements. A 3D reconstructionmethod fromDXA is
combined with a statistical analysis of the 3D shape and BMD distribu-
tion to incorporate the advantages of a detailed 3D analysis as can be
obtained from QCT, without exposing the patient to the associated high
radiation dose. The results indicate that the proposedmethod can poten-
tially improve the fracture risk estimation accuracy over current clinical
practice whilst maintaining DXA as the standard modality.
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