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A B S T R A C T

Three-dimensional finite element (FE) models derived from Computed Tomography (CT) images predict hip 
fractures better than areal bone mineral density measurements from Dual-energy X-ray Absorptiometry (DXA). 
Yet, these results have not justified the adoption of CT in clinical practice, and only 2D DXA images are clinically 
available. Statistical shape and appearance models can be used to reconstruct three-dimensional FE models from 
2D DXA images. While ex vivo validations have been performed on 3D reconstructed DXA-based FE models, it is 
not clear how well 3D reconstructed DXA-based FE models can predict fractures compared to CT-based models. 
The aim of this study was thus to evaluate the ability of one such methodology, namely DXA2FEM, to predict 
fractures in a clinical cohort of pair-matched fractured and control subjects, for whom both DXA and CT images 
were available. 3D FE models of the femur were built from both DXA and CT, and FE simulations were run 
reproducing a sideways fall in 28 different femoral configurations. An absolute risk of fracture (ARF0) was then 
computed based on the FE-predicted femoral strength values. DXA- and CT-derived models were compared with 
respect to geometry, density distribution, and FE-predicted proximal femoral strength. DXA-derived 3D FE 
models had an average point-to-surface distance of − 2 mm from CT-based models, whereas the Young's moduli 
were 29% higher. ARF0 by CT reported statistically significantly better diagnostic accuracy (0.83, 95% CI 0.75 to 
0.91) than standard hip DXA (0.69, 95% CI 0.6 to 0.8) or FRAX (0.69, 95% CI 0.57 to 0.81). The diagnostic 
accuracy of ARF0 by DXA was between ARF0 by CT and standard hip DXA/FRAX (0.74, 95% CI 0.62 to 0.86), 
albeit neither difference was statistically significant in the analysed cohort.

1. Introduction

Osteoporosis is responsible for more than 37 million fragility frac
tures worldwide each year [1]. Not only do such fractures represent a 
considerable socio-economic burden, but the reported numbers are ex
pected to increase in the coming years due to the progressive ageing of 
the population [2]. The total direct cost of osteoporotic fractures in 2019 
amounted to 56.9 billion euros [3]. Hip fractures, in particular, repre
sent the most serious type of fragility fractures, as they are associated 
with an increased mortality in the first year after fracture occurrence, 
and in general with loss of mobility and thus a decreased quality of life 
[3,4].

An accurate estimate of hip fracture risk would therefore be pivotal, 

enabling preventive actions to be implemented to prevent fractures. In 
current clinical practice, bone fragility is estimated primarily using areal 
bone mineral density (aBMD) obtained from dual-energy X-ray absorp
tiometry (DXA) two-dimensional images [5]. The risk of a fragile hip 
fracture can also be assessed using FRAX [6], which combines aBMD 
with other aBMD-independent clinical risk factors. Despite being the 
standard surrogate for hip fracture risk, aBMD is only a moderate pre
dictor of proximal femur strength and of incident hip fractures [8,9], 
with only half of subjects who experience a fracture being diagnosed as 
at high risk [7].

Aiming to improve the limitations of the clinically assessed standard, 
promising results have been obtained by quantitative computed to
mography (CT)-based subject-specific finite element (FE) models of the 
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femur, which were shown to overcome aBMD by a significant amount in 
predicting femoral strength and hip fracture risk [8–11]. Among these, 
the Bologna Biomechanical Computed Tomography (BBCT-hip) meth
odology has shown promising results in both in vitro and in vivo vali
dation studies [8,9,12], improving aBMD stratification accuracy in a 
retrospective clinical cohort. Yet, the promising performance of such 
methodologies is hindered by the fact that CT images are not routinely 
acquired for osteoporosis diagnosis, and the evidence gathered so far on 
the improved prediction accuracy of CT-based computational method
ologies has not justified its adoption yet [7]. Recently, a pipeline (hereby 
referred to as DXA2FEM) has been developed to reconstruct three- 
dimensional FE models from DXA images using a statistical shape and 
appearance model trained on a population of Finnish subjects [13]. This 
pipeline was able to stratify fractured and control cases better than 
aBMD [14,15] in 2 prospective clinical cohorts for which DXA images 
and history of fractures were available.

Despite their promising performance, both methodologies still 
require additional clinical validation across different ethnicities and 
scanners before they can be progressively translated into clinical prac
tice. For BBCT-hip like technologies, any improvement in hip fracture 
prediction should be significant enough to justify the increase in radi
ation dose and operational cost that come with CT imaging. For 
DXA2FEM, it would be crucial to understand how well it could predict 
hip fracture risk in a clinical cohort compared not only to the clinical 
standard aBMD, but also to the engineering-standard CT-based FE 
models. Additionally, an in vivo validation on cohorts from different 
countries or with different ethnicities to the one used for its develop
ment would assess its generalisability.

Therefore, this study aimed to validate the DXA2FEM pipeline with 
respect to its stratification accuracy in separating fracture from non- 
fracture cases compared to BBCT-hip. We used a retrospective cohort 
of Caucasian women [16] which includes DXA and CT images acquired 
on the same day. The same cohort had previously been employed to 
validate BBCT-hip [8,9]. We hypothesize that DXA2FEM-based FE 
models will provide a superior stratification accuracy compared to 
aBMD, albeit inferior to that of BBCT-hip models due to the 2D-to-3D 
reconstruction errors.

2. Materials and methods

2.1. Subjects and available data

The study was based on a cohort of post-menopausal (>5 years) 
Caucasian women originally comprising 50 subjects (55–89 years old) 
who had sustained a proximal femur fracture and 50 control subjects 
who were pair-matched in terms of age, height, and weight to the 
fractured subjects recruited at a single site (Sheffield, UK). CT (Light
Speed 64 VCT, GE Medical Systems, Milwaukee, WI, USA, 120 kVp, 
170–200 mA, 0.625 mm slice thickness) and DXA (Discovery scanner, 
Hologic, Inc. Bedford, MA, USA) images had been acquired for each 
subject on the same day. For the fractured subjects, the images were 
recorded at a median of 67 days after the hip fracture event [16]. The 
left femur was analysed for all the healthy control subjects, whereas the 
contralateral intact femur was analysed for fractured subjects. Further 
details about the cohort and clinical images acquisition are provided in 
[16]. Subjects with missing data for either CT or DXA were excluded, 
leading to a total of 88 subjects analysed in this study (43 fracture cases 
and 45 control cases). A two-sample t-test confirmed that no statistical 
difference (p < 0.05) in age, height, weight was present between the two 
groups in the analysed cohort. Table 1 summarises the main clinical 
information about the included subjects.

2.2. DXA2FEM pipeline: from DXA to a subject-specific 3D FE model

Subject-specific 3D reconstructions of the proximal femur were ob
tained from a single anteroposterior DXA scan of the hip by means of a 

2D-to-3D reconstruction. The method has been previously presented 
[13] and validated against both mechanical tests [17,18] and clinical 
cohorts [14,15] data, and is only briefly reported here. A mesh-based 
statistical shape and appearance model (SSAM) was trained for the 
proximal femur (40 men, 19 women, median age 58 years, range 18–88 
years) and the hemipelvis (14 women, median age 74 years, age range 
69–78 years). The SSAM, incorporating three-dimensional geometric 
and densitometric information, was then used to reconstruct 3D anato
mies from 2D DXA images. First, eight anatomical landmarks were 
automatically identified on each subject's DXA image to register the 
previously built SSAM onto the input DXA image. A digitally recon
structed radiograph (DRR) was then obtained by projecting the femur 
and hemipelvis SSAM three-dimensional instances on the frontal plane. 
The final reconstructed 3D proximal femur was obtained by running an 
optimization process that identifies the SSAM instances that minimises 
the sum of the absolute differences between the pixel-wise aBMD of its 
DRR and that of the target DXA image. The so obtained femur recon
struction was in the format of a 3D FE model (19532 nodes, 103761 
tetrahedral elements, average element size 1.8 mm) with element- 
specific volumetric BMD information. Element-specific linear elastic 
material properties were thus assigned based on the volumetric BMD 
information using the density–Young's modulus relationship proposed 
by [19] and tetrahedral elements were converted to 2nd order elements. 
An anatomical reference system was calculated [20] and boundary 
conditions replicating a fall to the side were applied. The force was 
distributed over the 10 most medial points on the femoral head surface, 
whilst a no-friction slider was applied to the most inferior point on the 
greater trochanter. A hinge was placed 80 mm distal from the minor 
trochanter and only allowed adduction/abduction [21]. In the 
following, the models obtained according to this approach will be 
referred to as DXA-based Models.

2.3. BBCT-hip pipeline: from CT to a subject-specific FE model

For the construction of the CT-based FE model, the subject-specific 
3D proximal femur geometries were extracted from the CT images via 
manual segmentation (ITK-Snap 2.0.0, University of Pennsylvania) [22]. 
The segmented femur models were then meshed with ten-node tetra
hedral elements with an element size of 2 mm following a convergence 
analysis [23]. Linear elastic heterogeneous material properties were 
mapped [24] from the CT to the FE models using the same apparent 
density–Young's modulus relationship that was adopted for the DXA2
FEM pipeline [19]. Anatomical landmarks (centre of femur head, distal 
femur epicondyles most medial and lateral points, distal femur medial 
and lateral epicondyles most posterior points) were identified for the 
definition of an anatomical reference system used in the application of 
the boundary conditions replicating a fall. The impact load was applied 
at the femoral head centre, and a rigid frictionless contact plane 
perpendicular to the load direction was created at the greater trochanter 
to mimic the ground. A hinge was placed at the knee centre, leaving the 
femur free to rotate in adduction/abduction (Fig. 1). These FE models 
built from CT images will be referred to as CT-based Models.

Table 1 
Clinical information about the fractured and control groups considered in this 
study.

Fractured subjects 
(n = 43)

Control subjects 
(n = 45)

Mean SD Mean SD

Age 75.8 8.98 78.8 9.12
Mass (kg) 63.1 14.70 64.0 12.21
Height (m) 1.59 0.07 1.58 0.05
aBMD (g/cm2) 0.59 0.12 0.63 0.10
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2.4. FE simulations

For each DXA-based and CT-based model, a total of 28 different FE 
simulations were solved by varying the impact load direction from 0◦ to 
30◦ in the frontal plane (adduction) and − 30◦ to +30◦ in transverse 
plane (internal–external rotation) in steps of 10◦ in the anatomical 
reference system and according to the specific boundary conditions 
adopted by the two pipelines as explained in the previous sections. Static 
linear elastic simulations were run in Abaqus/Standard (v2023, Dassault 
Systèmes). The failure load (hereby referred to as proximal femoral 
strength), i.e., the load which would cause the femoral fracture, was 
identified for each simulated configuration using a previously validated 
principal strain-based failure criterion [25]. The criterion consists of an 
asymmetric principal strain limit (0.73% tensile, 1.04% compressive 
limit), where FE-predicted failure load was determined as the load 
needed to cause one node on the surface to reach either principal strain 
limit value.

Fig. 1. Schematic of the applied boundary conditions and loading for a 
representative femur orientation. The red arrow represents the load, applied at 
femur head centre, the black one the biomechanical length. In orange, the 4 mm 
thick bands of nodes located at 75% of the biomechanical length from the femur 
head is highlighted, which was constrained to only rotate around knee centre. 
(For interpretation of the references to colour in this figure legend, the reader is 
referred to the web version of this article.)

Fig. 2. An example of response curve obtained by interpolating the risk of fracture at each simulated configuration. ARF0 value was obtained through integration of 
the response surface.
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2.5. ARF0 computation

ARF0, the absolute risk of fracture at the hip at time 0 upon falling, 
could be derived by combining the FE models with a physics-based 
stochastic mathematical model. This latter computes possible individ
ual impact forces due to a fall, whilst the first calculates proximal 
femoral strength [9]. The physics-based stochastic model idealises the 
fall event as an inverted pendulum: the rotation occurs around a 
spherical joint (hinge) fixed to the floor and located near the foot on the 
side of impact. The body mass is considered to be concentrated at the 
moving end of the inverted pendulum, the static end of which is located 
at the hinge. In such a way, 1,000,000 falls of a body of the height and 
weight equal to that of the subject can be estimated by sampling through 
inverse Latin hypercube over 6 stochastic input variables contained in 
the model: patient initial and final position, initial speed and accelera
tion, damping coefficients due to active and passive soft tissues.

Each of the so estimated one million impact forces computed were 
then compared to the 28 femoral strength values previously obtained, so 
that 28 values for the risk of fracture were computed as the ratio be
tween NF, the number of forces exceeding the femoral strength, and the 
total number of forces (i.e., 1,000,000). A response surface (Fig. 2) could 
then be built and integrated to obtain ARF0. This approach has been 
previously presented in [8,9,12] where its accuracy in correctly identi
fying subjects at risk of a hip fracture was also compared to the clinical 
standard T-score on a clinical cohort of Caucasian post-menopausal 
women [16].

2.6. Comparison metrics

2.6.1. Geometry
After registering the DXA-based models to the CT-based models via 

an iterative-closest-point algorithm, the node-to-surface distance be
tween the outer shape of the two models was retrieved. The Hausdorff 
(Hd) and Chamfer (Cd) distances were also computed according to the 
following equations: 

Hd(A,B) = max(Ed(A,B) ,Ed(B,A) ), (1) 

Cd(A,B) = mean(Ed(A,B) )+mean(Ed(B,A) ), (2) 

where A and B refer to the compared shapes, and Ed to the Euclidean 
distances computed between each point in A and its closest point in B 
(Ed(A,B)) or vice versa.

Only the nodes of the proximal part of the femur geometry (defined 
as the nodes included in a 60 mm radius sphere centred at the femoral 
head centre) were considered for this analysis.

2.6.2. Local material properties distribution
As the three-dimensional meshes of the CT-based and DXA-based FE 

models were not isotopological, a mapping algorithm was adopted to 
identify, for each element of the CT-based mesh, the elements of the 
DXA-based mesh intersecting it and the percentage of the total volume 
occupied by each intersecting element. Hence, an element-by-element 
material properties comparison could be carried out comparing the 
element-wise Young's modulus values mapped on the CT-based models 
with the corresponding Young's modulus values ER coming from the 
DXA-based models according to the following mixture equation: 

Ei
R =

∑k

j=1
Ej

R
Vj

Vi (3) 

where, for each ith element of the original model, the reconstructed 
Young's modulus Ei

R is computed as the sum of the Young's modulus 
values of the jth element of the DXA-based mesh weighted by the relative 
volume occupied by the jth element inside the ith element, for all k ele
ments of the DXA-based model intersecting ith element of the CT-based 
model.

2.6.3. Loads to failure and stratification accuracy
Linear regressions were computed for all the failure load and ARF0 

values to compare the predictions of DXA-based and CT-based models. 
The coefficient of determination was calculated, together with slope and 
intercept of the linear regression, and the root mean square error 
(RMSE). The statistical significance of the correlations was assessed with 
an F-test on the regression model.

The stratification accuracy of DXA-based models and CT-based 
models was assessed by logistic regression using the ARF0 values as 
predictor variable. A 10-fold cross validation strategy was adopted to 
avoid overfitting. An identical analysis was performed with aBMD and 
FRAX as predictor variables. Receiver Operating Characteristics (ROC) 
curves were generated and the area under the curve (AUC) calculated to 
compare the stratification accuracy of DXA-based models, CT-based 
models, aBMD and FRAX. Statistical significance in the difference be
tween AUCs was assessed using DeLong method (statistical significance 
p < 0.05) [26].

3. Results

3.1. Geometry

Considering the surfaces comparison between the reconstructed 
DXA-based shapes and those segmented from the CT scans for all the 
subjects considered in this study, the Chamfer distance was found to be 
below 10 mm for all the subjects, while the highest Hausdorff distance 
turned out to be 16.6 mm (Fig. 3). The mean point-to-surface distance 
computed between the CT- and the DXA-based shapes was − 2.0 ± 2.2 
mm, showing a slight underestimation of the proximal femur volume by 
the DXA-based reconstruction algorithm (Fig. 3, right panel).

Fig. 4 displays the local distributions of the point to surface distances 
for the two subjects presenting the highest (left panel) and the lowest 
(right panel) average point-to-surface distance values, equal to 4.6 and 
0.9 mm respectively. As for the former (left), the highest distances can 
be identified at the head and at the region between the greater and the 
lesser trochanter. For the latter subject (right), a slight overestimation of 
the shape of the outer surface can be identified in the proximal part of 
the femur, specifically by the greater trochanter, while an underesti
mation of the outer surface by the DXA-based reconstruction is visible in 
the most distal part shown.

3.2. Local material properties distribution

The Young's modulus values distributions extracted from the CT- 
based and DXA-based FE models, displayed in Fig. 5 (left panel), do 
not highlight considerable discrepancies between the CT-based and 
DXA-based Young's moduli. By analysing the element-wise relative dif
ferences between the CT- and DXA-based Young's moduli (Fig. 5, right 
panel), reported in absolute value, a median value of 29% was obtained, 
with the 25th and 75th percentiles settling at 9% and 84%, respectively. 
The signed element-wise relative differences instead yielded a median 
equal to − 6%, the 25th percentile equal to − 60.2% and the 75th 

percentile equal to 16.1% (Fig. S1, Electronic Supplementary Material). 
Absolute errors in the Young's modulus between the CT-based and DXA- 
based models yielded a median value of 1.12 GPa and a 75th percentile 
value equal to 3 GPa.

In Fig. 6 the Young's modulus local distributions for the DXA-based 
and CT-based FE models are compared on the two subjects charac
terised by the lowest (left panel) and highest (right panel) average 
relative differences, equal to 46% and 99% respectively. A general 
overestimation of the Young's moduli in the cortical bone by the DXA- 
based models can be observed in both models. Such Young's moduli 
distributions are depicted in both cases on the CT-based mesh.

Eventually, if the DXA- and CT-based average Young's modulus 
values computed on each subject are compared (Fig. 7), a good corre
lation (R2 > 0.5) can be observed, although the general overestimation 
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of the Young's modulus values by the DXA-based models emerges again.

3.3. FE simulations outcomes and stratification accuracy

The agreement between the femoral strength values predicted by the 
DXA-based and CT-based FE simulations turned out to be modest but 
always statistically significant (p < 0.001): if all the 28 failure loads 
computed for all the subjects are analysed together (Fig. 8), a coefficient 
of determination R2 equal to 0.41 was obtained, while looking at each 
simulation configuration separately (Electronic Supplementary Mate
rial, Fig. S2), R2 values ranged from 0.18 to 0.58. The comparison be
tween the average and the lowest femoral strength values across the 28 
configurations for all the subjects instead is displayed in Fig. 9. These 
values are also compared to the subject-specific aBMD and FRAX values 
in Figs. S3 and S4 in the Electronic Supplementary Material.

The ARF0 values derived from the DXA-based simulations could 
explain 40% of the variability observed in the values derived from the 
CT-based FE models (Fig. 10, R2 = 0.4,p < 0.001).

By comparing the distributions of predicted ARF0 values for fracture 
and control cases, significant differences (p < 0.05) were identified be
tween the two groups for both DXA- and CT-derived quantities (Fig. 11, 
upper panel). Significant differences between the fracture and control 
groups also emerged considering the both DXA- and CT-based average 
loads to failure distributions (Fig. 11, upper panel) but not looking at the 
minimum strength values as obtained from the DXA-based simulations 
(Fig. 11, upper panel).

Furthermore, comparison of DXA- and CT-derived ARF0 values with 
the clinical standards aBMD and FRAX indicates that neither provides a 
complete discrimination between fracture and control case (Fig. S5, 
Electronic Supplementary Material). Yet, considering the corresponding 
distributions (Fig. 11, lower panel), in all cases significant differences 
(p < 0.05) between the fracture and control subjects medians were 
identified in all cases. As highlighted in Fig. 12, ARF0 values from the 
CT-based models achieved the best stratification performances (AUC =
0.83, 95% CI 0.75–0.91), followed by ARF0 values from DXA-based 
models (AUC = 0.74, 95% CI 0.62–0.86). aBMD and FRAX yielded 

Fig. 3. Histograms of the distance metrices computed between the CT-based and the reconstructed DXA-based shapes. The left panel shows the Chamfer distance, the 
central panel the Hausdorff distance and the right panel the point to surface distance between the CT- and DXA-based shapes outer surface. The average point to 
surface distance is displayed as a black straight line, with the ±σ range highlighted through dotted lines.

Fig. 4. Local distributions of the point to surface distances for the subjects showing the highest (left panel) and the lowest (right panel) average distance values.
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analogous stratification accuracies (AUC = 0.69, 95% CI 0.6–0.8 and 
AUC = 0.69, 95% CI 0.57–0.81, respectively). No statistically significant 
differences emerged between the DXA- and CT-derived ARF0 ROC 
curves (p < 0.05). Statistically significant differences were found be
tween the AUC values yielded by aBMD and FRAX compared to CT- 
derived models (p < 0.05) but not compared to DXA-derived models 
(p < 0.05).

4. Discussion

To improve the prediction of femoral osteoporotic fracture risk in a 
clinically attainable way, exploiting the information contained in 2D 
DXA is paramount, as DXA is the current standard imaging technique for 
osteoporosis diagnosis and fracture risk assessment. CT-based subject- 
specific FE models can be seen as the research gold standard by the 
biomechanics community, showing superior accuracy in predicting 
femoral strength [8,11,27]. However, their adoption in clinical practice 
has been hindered by the additional costs associated with CT imaging 
and the construction of FE models.

In this study, we compared the stratification ability of 3D FE models 
reconstructed from 2D DXA images (DXA-based models) and CT-based 

Fig. 5. Left panel: comparison between the DXA- and CT-based FE models Young's modulus values distributions. Right panel: distribution of the element-wise 
Young's modulus relative difference in absolute value.

Fig. 6. DXA-based and CT-based element-wise Young's modulus values distributions depicted for the subject showing the lowest average relative error (left panel) 
and the subject showing the highest average relative error (right panel) computed on the Young's modulus values. In both cased the local distributions are depicted on 
the CT-based FE meshes.

Fig. 7. Comparison between the DXA- and CT-based subject-specific average 
Young's modulus values. The regression line is superimposed onto the data. The 
regression line equation, R2 value and normalised RMSE are also reported.
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FE models to that of the current clinical standards, aBMD from DXA and 
the FRAX scores. The research hypothesis was that both CT-based 
models and DXA-based models should provide a superior stratification 
ability compared to aBMD and FRAX, and that CT-based models should 
be superior to DXA-based models: while CT can ensure greater fidelity in 
reproducing the actual subject-specific anatomy and density distribu
tion, a DXA-derived model is expected to carry a higher degree of un
certainty. We performed our analyses on a unique clinical cohort that 
included post-menopausal women equally divided in fractured and 
control subjects. DXA and CT images acquired during the same day were 
available. This allowed to compare CT-based and DXA-based three- 
dimensional FE models in terms of 1) geometry and material properties 
as well as 2) stratification accuracy.

In terms of geometry, the DXA-based reconstruction did not differ 
substantially from the CT-derived femoral shapes: the median Hausdorff 
distance was 1 cm, and the highest point-to-surface distance was <1 cm. 

Such errors can be considered acceptable given the 2D nature of the DXA 
images and the reported Hausdorff distances of 8 mm for intra- and 
inter-operator variability in segmenting CT images [28]. Besides, the 
average node-to-surface distance and the more comprehensive Chamfer 
distance metrics, which explicitly consider bidirectional distances be
tween the two surfaces, confirmed results found in the literature 
[29,30], settling below 2 mm when comparing CT-based 3D shapes with 
the corresponding 3D reconstructions from 2D imaging techniques. By 
looking at the element-wise Young's modulus values differences, 
although the median value for the relative error was 29%, the highest 
relative error value exceeded 200%, which, however, might have been 
related to low-density regions inside the femur. In absolute terms, the 
median error computed on the Young's modulus turned out to be 1.12 
GPa, with the 90th percentile settling at 7.8 GPa. In this respect, since the 
femoral strength calculation from the FE simulations considered only 
strain values on the surface of the femur model, high internal errors on 
Young's moduli might not have impacted the subsequent outcomes. 
Accordingly, significant linear relations could be established between Fig. 8. Comparison between the subject-specific femoral strength values ob

tained from the DXA-based and CT-based FE simulations for all the 28 different 
femur configurations simulated. Fracture cases (F) are depicted in red, while 
control cases (C) are depicted in lilac. The regression line is superimposed onto 
the data. The regression line equation, R2 value and normalised RMSE are also 
reported. (For interpretation of the references to colour in this figure legend, 
the reader is referred to the web version of this article.)

Fig. 9. Comparison between the DXA-based and CT-based average (left panel, R2 = 0.5,p < 0.001) and minimum (right panel, R2 = 0.32,p < 0.001) subject-specific 
femoral strength values across the 28 simulated femur configurations simulated. Fracture cases (F) are depicted in red, while control cases (C) are depicted in lilac. 
The regression line is superimposed onto the data. The regression line equation, R2 value and normalised RMSE are also reported. (For interpretation of the references 
to colour in this figure legend, the reader is referred to the web version of this article.)

Fig. 10. Comparison of the subject-specific ARF0 values coming from the DXA- 
based and the CT-based FE simulations. Fracture cases (F) are depicted in red, 
while control cases (C) are depicted in lilac. The regression line is superimposed 
onto the data. The regression line equation, R2 value and normalised RMSE are 
also reported. (For interpretation of the references to colour in this figure 
legend, the reader is referred to the web version of this article.)
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the DXA- and CT-derived loads to failure in all 28 configurations and 
ARF0 values. However, the DXA-derived outcomes could only partially 
explain the variability of the CT-derived results in all cases, as high
lighted by the moderate coefficients of determination. Considering the 
outcomes obtained for the fracture and control groups separately, sta
tistically significant differences in the median values of the two emerged 
for the clinical standards aBMD and FRAX, as well as for ARF0 values 
derived from both the CT- and DXA-based FE models. By comparing the 
10-fold cross-validation stratification accuracy (AUC) yielded by the 
DXA- and CT-derived ARF0 values in comparison to the clinical standard 
aBMD and FRAX however, ARF0 was in any case able to outperform the 
latter, despite DXA-derived ARF0 values yielded an AUC value lower 
than the CT-derived ones. In addition, the AUC values here observed for 
the DXA-derived ARF0 turned out to be comparable with the 0.74–0.79 
AUC values range presented in recent studies employing as classifier the 
femur fall strength and using the same DXA-based reconstruction algo
rithm adopted herein [14,15].

To the authors' best knowledge, this is the first time that CT-based 
models and 3D DXA-based FE models reconstructed from DXA have 
been compared in terms of fracture risk prediction accuracy in a clinical 
cohort. This is also one of the most extensive datasets onto which the 
reconstruction ability of 2D-to-3D reconstruction techniques has been 
validated using in vivo images. Recently, the stratification accuracy of 3D 
FE models developed starting from DXA images in separating fractured 

subjects from control subjects was demonstrated to outperform aBMD 
[14,15,31], highlighting the great potential of such an approach which 
is based on clinically attainable data. However, such studies did not have 
access to CT data of the analysed subjects. Conversely, other studies 
could compare DXA-based and CT-based 3D FE models outcomes ex vivo 
[29] and in vivo [32], even though the fracture status of the subjects was 
not available. In these latter studies a better agreement (R2 > 0.8) be
tween DXA-based and CT-based FE outcomes was obtained with respect 
to the here obtained results. Reasons may lie in the exact same FE 
modelling pipelines adopted for DXA-derived and CT-based models, 
which were instead slightly different in this study, and in the DXA 
scanner employed to develop and validate the DXA2FEM pipeline. The 
DXA2FEM pipeline [13] had indeed been developed based on a cohort 
from a different country and on DXA images acquired with a different 
scanner (Lunar Prodigy, GE Healthcare). In this light, the current results 
might also be interpreted as a valuable proof of the clinical applicability 
and generalisability of the DXA2FEM pipeline.

This study is characterised by some limitations which are worth 
mentioning. First, a relatively low number of subjects coming from the 
same population was analysed (n = 88). On the other hand, the inves
tigated cohort presented unique features, such as the inclusion of frac
ture history (50% of fractured cases and 50% of matched controls) and 
the acquisition of both DXA and CT on the same day for all the analysed 
subjects. Moreover, as the DXA2FEM framework was developed using 
healthy subjects, its reconstruction accuracy may be reduced when 
applied to fractured individuals. In addition, the DXA2FEM algorithm 
was developed and trained on DXA images acquired with GE Healthcare 
scanners, whereas the DXA scans used here were obtained with Hologic 
scanners. This might have influenced the obtained outcomes, since each 
company has its own proprietary method for obtaining aBMD mea
surements. Cross-validation studies have indeed reported non-negligible 
differences in aBMD measured with DXA devices from different manu
facturers [33]. Besides, such analyses are limited to global aBMD mea
surements at the total hip or femoral neck region, since pixel-by-pixel 
aBMD information are usually not disclosed. From this perspective, the 
results of this study may also, as previously mentioned, contribute to 
assessing the generalisability of the DXA2FEM pipeline. Future studies 
might investigate the effects of the DXA scanner on the reconstructed 
model density values and thus determine whether a scaling factor is 
needed to correct them. Another limitation is that the presented meth
odology is relying on proprietary software and is methodologically 

Fig. 11. Boxplots depicting the distributions of average femoral strength (upper panel, left), minimum femoral strength (upper panel, centre) and ARF0 (upper panel, 
right) as computed from the DXA-based and CT-based FE models compared to aBMD (lower panel, left) and FRAX (lower panel, right) for fracture and control 
subjects. Fracture cases are depicted in red, while control cases are depicted in lilac. (For interpretation of the references to colour in this figure legend, the reader is 
referred to the web version of this article.)

Fig. 12. ROC curves comparing the stratification accuracy of aBMD and FRAX 
with the stratification accuracy achieved by the DXA- and CT-derived 
ARF0 values.
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advanced, which can be a hinder in terms of applicability in a clinical 
scenario. However, DXA2FEM is fully automated, and BBCT-hip is in the 
process of becoming fully automated; therefore, technical expertise is 
not expected to be required for their execution in the future. Future work 
will aim at replacing proprietary software with open-source alternatives 
to further enhance the clinical applicability of the method.

In conclusion, this comparative study enabled an extensive com
parison between three-dimensional FE models reconstructed from DXA 
images using the DXA2FEM pipeline and those built from CT images. 
Both reconstruction accuracy against relevant in vivo clinical CT images 
and the ability to discriminate fracture cases from controls were ana
lysed. DXA-based ARF0 diagnostic accuracy was lower than CT-derived 
ARF0, which is in line with the assumptions needed to reconstruct a 3D 
subject-specific femur FE model from a single clinical DXA scan. DXA- 
based ARF0, however, yielded an enhanced AUC compared to aBMD 
and FRAX. Neither the improvement relative to standard clinical 
methods nor the detriment relative to CT-derived ARF0 were statisti
cally significant, despite this study using one of the largest clinical co
horts of this kind, which included both DXA and CT. By providing a 
detailed comparison at multiple levels between 3D finite element 
models based on CT and DXA images, this work opens the way for the 
development of in silico frameworks capable of integrating current 
clinical gold standards with the most informative model-based in
dicators attainable from available clinical data. In scenarios where CT 
imaging is not available, the predictions derived from either a single 3D 
model reconstructed from a subject's DXA image or from multiple 3D 
models consistent with that DXA may still be employed to complement 
aBMD-based predictions.
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