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A B S T R A C T

Clinical retrospective studies have only reported limited improvements in hip fracture classification accuracy
using finite element (FE) models compared to conventional areal bone mineral density (aBMD) measurements. A
possible explanation is that state-of-the-art quasi-static models do not estimate patient-specific loads. A novel FE
modeling technique was developed to improve the biofidelity of simulated impact loading from sideways falling.
This included surrogate models of the pelvis, lower extremities, and soft tissue that were morphed based on
subject anthropometrics. Hip fracture prediction models based on aBMD and FE measurements were compared
in a retrospective study of 254 elderly female subjects from the AGES-Reykjavik study. Subject fragility ratio
(FR) was defined as the ratio between the ultimate forces of paired biofidelic models, one with linear elastic and
the other with non-linear stress-strain relationships in the proximal femur. The expected end-point value (EEV)
was defined as the FR weighted by the probability of one sideways fall over five years, based on self-reported fall
frequency at baseline. The change in maximum volumetric strain (ΔMVS) on the surface of the femoral neck was
calculated between time of ultimate femur force and 90% post-ultimate force in order to assess the extent of
tensile tissue damage present in non-linear models. After age-adjusted logistic regression, the area under the
receiver-operator curve (AUC) was highest for ΔMVS (0.72), followed by FR (0.71), aBMD (0.70), and EEV
(0.67), however the differences between FEA and aBMD based prediction models were not deemed statistically
significant. When subjects with no history of falling were excluded from the analysis, thus artificially assuming
that falls were known a priori with no uncertainty, a statistically significant difference in AUC was detected
between ΔMVS (0.85), and aBMD (0.74). Multivariable linear regression suggested that the variance in max-
imum elastic femur force was best explained by femoral head radius, pelvis width, and soft tissue thickness
(R2=0.79; RMSE=0.46 kN; p < 0.005). Weighting the hip fracture prediction models based on self-reported
fall frequency did not improve the models' sensitivity, however excluding non-fallers lead to significant differ-
ences between aBMD and FE based models. These findings suggest that an accurate assessment of fall probability
is necessary for accurately identifying individuals predisposed to hip fracture.

1. Introduction

Over 90% of hip fractures are the result of low trauma falls, i.e.
falling from standing height or less [1,2]. These injuries can lead to
individuals transitioning from community dwelling to institutional care

[3], and are associated with residual walking disability [4] and high
mortality [5]. An epidemiological study estimated that hip fracture
incidence in European countries will rise from 610 thousand fractures
in 2010, to 810 thousand by 2025. Meanwhile, the direct medical costs
related to hip fracture are expected to reach 25.3 billion euros [6].
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Limitations in current standard of care include low diagnostic sensi-
tivity and over diagnosis [7], both of which have likely contributed to
the declining number of patients receiving treatment for hip fragility
[6]. Thus, the search continues for a new diagnostic technique capable
of identifying individuals predisposed to hip fracture.

The conventional diagnosis of hip fragility relies on the definition of
osteoporosis as an areal bone mineral density (aBMD) measurement
corresponding to 2.5 standard deviations below the mean for a healthy
25-year-old individual of matched gender and ethnicity. However, it is
generally accepted that aBMD measured by dual x-ray absorptiometry
(DXA) is limited in its ability to predict fracture cases based on the low
sensitivity of the osteoporosis threshold (i.e. T-score < 2.5) to fracture
incidence reported in prospective studies [8–10]. Alternative diagnostic
criteria have been proposed based on finite element analysis (FEA) of
the proximal femur derived from quantitative computed tomography
(QCT). This technique has proven adept at predicting the mechanical
strength of the proximal femur compared to ex vivo experiments
[11–13]. However, retrospective studies utilizing this technology have
only shown moderate improvements in fracture prediction sensitivity
compared to aBMD [14–16].

The performance gap between ex vivo and retrospective studies
could be connected to the difference in boundary conditions. State-of-
the-art FEA techniques use quasi-static loading to determine the
structural load bearing strength of the proximal femur. While this
technique is adequate for measuring subject-specific femoral strength,
real hip fractures are the result of the femur sustaining an impact load
greater than its load bearing capacity. Epidemiological studies have
estimated that only 1–5% of falls actually result in fracture [17–19],
suggesting that information about fall risk and severity (i.e. the fre-
quency and magnitude of impact loads to the femur) must be combined
with estimates of femoral strength in order to accurately assess patient-
specific fracture risk.

Previous biomechanical studies have modeled dynamic impact
loading of the proximal femur using explicit FE solvers [20–23]. These
models utilized non-linear, strain rate dependent properties, and were
capable of accurately predicting the impulse response [20] and fracture
location [21] when compared to ex vivo, drop tower experiments [24].
Recently, ex vivo experiments using a novel hip impactor apparatus,
that included cadaveric femur, pelvis, ligaments, and a soft tissue sur-
rogate, were used to validate biofidelic FE simulations that also in-
cluded representations of these additional boney structures and con-
nective tissues [25].

The present study aimed to compare hip fracture classification
models based on measurements from biofidelic hip impact simulations
to aBMD measurements in a large retrospective study of clinical data.
We hypothesized that incorporating additional subject-specific in-
formation regarding the pelvis, lower extremities, and soft tissue would
improve the sensitivity and specificity of the resulting hip fracture
classification model compared to previous retrospective studies. An
alternative hypothesis was also tested for a subset of subjects that either
reported a history of falling, or suffered hip fracture during the mon-
itoring period. This was designed to exclude subjects that never fell,
thereby eliminating the effect of fall risk uncertainty, which could

confound the different hip fracture predictors. Additionally, this study
aimed to quantify the subject-specific impact force sustained by the
femur as function of subject anthropometrics, including height, weight,
bone geometry, and soft tissue thickness.

2. Materials and methods

2.1. Subject selection

The AGES-Reykjavik cohort includes 4800 baseline CT scans of the
hips of elderly men and women. Subjects were monitored between four
to seven years after enrollment, during which any hip fractures were
registered within the database [26]. Using a case-cohort study design,
377 subjects were first selected based on medical records of hip fracture
in accordance with ICD-10 codes. Next, a control subcohort of 778
subjects was randomly selected to establish an overall case-control ratio
of approximately 1:2. The whole subcohort included 1155 men and
women, and the present study reports the preliminary results of the first
254 women randomly selected from this subcohort. One subject was
excluded due to the CT scan being unsuitable for FEA. Descriptive
statistics for the 254 subjects tested in the present study are detailed in
Table 1. Since DXA scans were not available, total femur aBMD was
calculated in g/cm2 from baseline CT scans that were calibrated to g/
cm3 of calcium hydroxyapatite, in a DXA-equivalent region used to
clinically assess osteoporosis. This approach was similar to previous
finite element studies using the AGES-RS cohort [14,15], as high cor-
relations have been reported between DXA-based and QCT-based aBMD
measurements [27].

2.2. CT scans

All CT scans were obtained from the same scanner (Siemens
Sensation 4) using 120 kVp, a pitch of 1.0, and a modulated tube cur-
rent with a reference exposure of 150mAs. Images were reconstructed
using a 1.0mm slice thickness, with 1×1×1mm voxel size, a B30s
soft-tissue kernel, and a 50-cm field of view. A bone mineral density
calibration phantom (Image Analysis, Columbia, KY, USA) was present
in every scan, located under the spine and extending from the lower
femoral shaft up to the vertebral body. The three phantom calibration
cells had a concentration of 0, 75 and 150mg/cm3 of calcium hydro-
xyapatite, respectively, which was extracted from each CT stack and
used for calibration [28].

2.3. Finite element analysis

2.3.1. Femur on impact side
An overview of the pipeline used to generate subject-specific bio-

fidelic models is presented in Fig. 1. Surface geometry of the left
proximal femur was segmented using the semi-automated graph-cut
method within the open-source software platform MITK-GEM [29].
Proximal femur volumes were meshed with 10-node tetrahedral ele-
ments with a target length of 3mm using ANSA (v17.0, BETA CAE
Systems, Thessaloniki, Greece).

Table 1
Subject descriptive statistics with summary of biofidelic simulation results.

Fracture (N=95) Non-fracture (N=159) Sub-cohort women (N=464) Sub-cohort men (N=691)

Mean St. Dev. Max Min Mean St. Dev. Max Min Mean St. Dev. Max Min Mean St. Dev. Max Min

Age 78.8 5.4 91 67 76.4 5.5 89 67 77.2 5.5 93 66 77.2 5.7 96 67
Height [cm] 159.2 5.88 173.5 145.1 161.17 5.93 175.8 144.4 160.8 5.68 175.9 144.4 175.1 6.2 194.4 159.15
Weight [kg] 65.9 13.0 111.2 36.5 70.8 13.7 133.4 39.9 69.1 13.3 123.3 36.5 81.9 14.2 135.0 49.9
aBMD [g/cm2] 0.62 0.12 0.96 0.42 0.72 0.15 1.10 0.37 0.68 0.14 1.19 0.32 0.84 0.18 1.49 0.33
FR 1.45 0.32 2.41 1.01 1.24 0.24 2.10 0.99 – – – – – – – –
ΔMVS 0.11 0.06 0.26 −0.001 0.06 0.07 0.32 −0.02 – – – – – – – –
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2.3.2. Pelvis and contralateral femur
The template models of the pelvis and right femur were derived

from a CT scan of a 62-year-old female (femoral neck T-score: −0.91)
used in a previous experimental validation study [25]. The bone geo-
metry was segmented, meshed, and mapped using the same metho-
dology as the left femur, albeit using 4-node tetrahedral elements. The
pelvis and right femur models were assigned strain-rate dependent
material properties with linear elastic stress-strain relationships. Ma-
terial properties for the cartilage and ligaments were based on pre-
viously published experiments using location-specific human tissue,
and are described in Table 2. Acetabular cartilage was modeled using a

non-viscous, general hyper-elastic rubber model based on mechanical
tests of human acetabular cartilage [30]. Nodes of elements re-
presenting acetabular cartilage were either tied to pelvis elements or
morphed to the surface of the femoral head. Pelvis cartilage was also
modeled within the pubic symphysis and sacroiliac joints using a
Mooney-Rivlin hyper-elastic model based on drop tower testing of lat-
eral impacts to the pubic cartilage of isolated human pelvic bones [31].
Pelvis ligaments were modeled using tension only cable elements with
fully elastic properties based on experiments applying vertical loads to
human pelvis ligaments [32].

The surrogate pelvis model was morphed according to subject-

Fig. 1. Overview of biofidelic hip modeling pipeline, including A: femur segmentation and material mapping. B: Pelvis morphing based on subject-specific pelvis
width and femoral head radius. C: Articular cartilage was morphed to the surface of the femoral head. D: The lower extremities were morphed based on subject height
and femur diameter. E: The soft tissue shape was selected based on subject hip circumference and morphed according to the calculated subject-specific fall inertia. F:
The finished model in fall alignment.

Table 2
Material properties and material models for cartilage, ligaments, and soft tissue components.

Model component LD-DYNA material model Material parameters Tissue tested Reference

Acetabular
cartilage

MAT77 (MAT_HYPERELASTIC RUBBER) Rho=1.0 g/cm2, C10=0.3516MPa, C01=0.3059MPa,
C11=0.05235MPa, μ= 0.495

Femoral head cartilage [30]

Sacroilliac &
pubis
cartilage

MAT27 (MAT_MOONEY-RIVLIN_RUBBER) Rho=1.0 g/cm2, C10=0.1MPa, C01=0.45MPa, μ= 0.495 Reverse engineered from
whole pubic symphysis

[31]

Pelvis ligaments MAT71 (MAT_CABLE_DISCRETE_BEAM)
(tension only)

Rho=1.0 g/cm2, E= 395MPa Iliotibial tract stiffness [32]

Capsular
ligaments

MAT1 (MAT_elastic) Rho=1.05 g/cm2, E=2MPa, μ= 0.3, Ipsilateral side models toe
region of ligament stress-strain curve (contralateral side: E= 200,
contralateral side models ligament tensile stiffness beyond toe
region)

Capsular ligament in
tension

–

Soft tissue MAT31 (MAT_FRAZER_NASH_RUBBER) Rho=1.05 g/cm2, C100=1.08× 10−2MPa,
C200=2.242×10−4MPa, C11=2.1709×10−6MPa

20% Ballistic gelatin in
tension, compression and
indentation

[25]
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specific anatomical geometry in two steps using in-house Python
scripts, based on morphing functions within ANSA. First, the articu-
lating surface of the impacted acetabular cup was scaled spherically,
centered at the native femoral head center, according to the ratio be-
tween native and subject-specific femur head radii. Elements within
sections of the adjacent the ilium, ischium, and pubis bones were
morphed to accommodate the scaling of the acetabulum by maintaining
their smooth anatomical shape. The purpose of this adjustment was to
ensure a realistic joint contact between the pelvis and the subject-spe-
cific femur model during impact. Subsequently, the entire pelvic inlet
was radially scaled, centered at the center of gravity of the elements
defining the pelvic inlet, such that surrogate pelvis had that same pelvic
width as the subject, which was defined as the distance between the
femoral head centers, minus the radii of the femoral heads. To ac-
commodate the scaling of the pelvic inlet, the remaining surfaces of the
ilium, ischium, and pubis bones not included in the inlet were morphed
in order to maintain an anatomically realistic pelvis, and eliminate any
artifacts or sharp edges resulting from scaling. Adjusting the pelvis
geometry in this manner was essential in order to match the subject's
pelvis width, which later determined the soft tissue thickness covering
the impacted femur. The surrogate right (non-impacted) femur model
was not morphed. All morphing procedures developed in this study
were fully automated after defining the relevant anatomical regions
being morphed, allowing an identical implementation for every subject.

Capsular ligaments connecting the femurs to the pelvis were mod-
eled with linear 5mm shell elements, 1 mm thick, with an elastic
modulus of 2MPa. Preliminary testing indicated that femur impact
force was not sensitive to the tensile properties of the capsular liga-
ments, therefore the purpose of modeling the capsular ligament was
only to prevent solid soft tissue elements from being generated within
the joint capsule.

2.3.3. Material mapping strategy for bone tissue
The tissue modulus of elasticity (E) of each element representing

bone tissue was calculated according to METHOD B from a previous
study comparing different material mapping strategies [33], which in-
cluded partial-volume artifact correction on the cortical surface. Briefly,
CT units within the scans were converted to mg Hydroxyapatite
(mgHA) using linear interpolation based on the bone mineral phantom
included in every scan. Ash density (ρash) was calculated according to

ρash= (mgHA/1000+ 0.09) / 1.14 [g/cm3], and subsequently con-
verted to apparent density (ρapp) according to ρapp= ρash / 0.6 [g/cm3]
[34]. The apparent density of each voxel was used to calculate nodal
modulus values according to E=6850 ∗ ρapp1.49 [MPa] [35]. Element
modulus was then calculated using tri-linear interpolation of the nodal
modulus values [36]. Bone elements were assigned isotropic, non-
linear, strain-rate dependent material properties with tension/com-
pression asymmetry, compressive redensification, and tensile damage,
based on previous studies where explicit FE models effectively pre-
dicted dynamic loading patterns and damage initiation sites compared
to drop-tower experiments with cadaver femurs [20,21]. Additionally, a
second identical femur model was generated for each subject and as-
signed strain-rate dependent properties with linear elastic stress-strain
relationships in order to measure the ultimate impact force sustained by
the femur in the absence of yielding.

2.3.4. Lower extremities
Surrogate shapes of the distal femur and tibia were modeled using

linear elastic shell elements with a target length of 5mm, a constant
thickness of 6mm, and a modulus of 22 GPa. This modulus was based
on the maximum cut-off for cortical bone tissue used by the material
mapping strategy for both the femurs and the pelvis, and corresponds to
an apparent bone density of 2.2 g/cm3. This ensured that the lower
extremities remained relatively rigid, but with similar modulus as the
cortical bone at the distal cut-off of the proximal femur model, where
the limbs were joined. The length of the thigh and shank bodies was
morphed to 24.0% and 25.1% of subject height, respectively [37]. The
diameter of the femoral shaft was aligned to the circumference of the
distal cutoff of the subject-specific proximal femur model. Mass ele-
ments were rigidly fixed to segments along the length of the thigh and
shank to simulate the inertia of the soft tissue of the leg, such that the
lower thigh and shank accounted for 6.0% and 4.6% of body mass,
respectively [37].

2.3.5. Soft tissue
Eight template shapes of the soft tissue volume enveloping the hip

were derived from the SizeUSA database (TC2 Labs Inc. Apex, NC, USA),
which comprised 840 body surface scans of women over 55 years of
age. The variance of hip circumference (HC) and hip width (HW) within
the SizeUSA database, as well as the distributions within the eight

Fig. 2. The hip circumferences and hip widths measured from
840 women over 55 years old in the SizeUSA database, with
the eight template bins and a regression line indicating the
ideal template shape within each bin. The hip circumference
and hip width of the subject selected to represent the bin as
the template model is highlighted with a black dot.
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different bins represented by the templates, are displayed in Fig. 2. The
SizeUSA subject selected as the template surface model for each bin was
selected based on the following criteria:

= +Obj HC HC HC HW HW HW(( )/ ) (( )/ )target i target i target i target i, ,
2

, ,
2

= +HC µ i0.5· ·target i HC HC,

= +HW A HC B·target i target i, ,

=i 3, 2, 1, 0, 1, 2, 3, 4

where, HC and HW are the hip circumference and hip width of in-
dividual subjects from the SizeUSA database, respectively. HCtarget, i and
HWtarget, i are the ideal hip circumference and hip width of the eight soft
tissue templates, respectively. μHC and σHC are the mean and standard
deviation of the hip circumference of all subjects in the SizeUSA data-
base, respectively, and A and B are the coefficients of linear regression
for HW as a function of HC. HC measurements were defined differently
in the SizeUSA database and AGES-Reykjavik cohort, therefore the HC
of each AGES subject had to be estimated based on subject BMI using a
linear regression model predicting HC as a function of BMI, derived
from the SizeUSA database. One of the eight soft tissue template sur-
faces was subsequently assigned to each AGES subjects based on the
nearest matching HC measurements.

The soft tissue modeling methodology was based on the experi-
mental study by Fleps et al. [25], where the soft tissue material prop-
erties were based on a ballistic gel designed to represent compressive
properties of fat and muscle. Briefly, the selected soft tissue volume was
intersected with the lower extremities and a solid mesh was generated
with a target element length of 10mm on the surface, with a gradient to
3mm on the surface of the femur, pelvis, and lower extremities. Soft
tissue nodes were tied to the surface of the other model components.
The material properties of the soft tissue (Table 2) were simulated with
Frazor-Nash rubber with a Poisson's ratio of 0.495, and other material
constants derived from mechanical testing of ballistic gel with proper-
ties comparable to human fat and muscle tissue [25].

2.3.6. Boundary conditions and fall inertia
A summary of the landmarking methodology, coordinate systems,

and fall alignment is provided in Appendix A. Since only the proximal
femur was visible in the CT scans, the distal femur geometry, including
the femoral shaft and condyles, had to be estimated using a statistical
shape model [38] for the purpose of alignment, using 10 automatically
measured landmarks on the femoral head, neck, and greater and lesser
trochanters [39]. Anatomical landmarks from the native femur,
morphed pelvis template, and statistical shape model of the distal
femur, were used to define both femur and pelvis coordinate systems.
These coordinate systems provided the basis for transforming the
femur, pelvis, and lower extremities into a posterior-lateral fall align-
ment, designed to represent the most severe hip impact scenario
[16,40].

The rigid floor was modeled with a 0.5m2 surface of rigid shells,
aligned normal to the gravitational vector, and offset 1mm from the
lateral soft tissue surface while centered on the femoral head. A
translationally constrained pivot point representing the foot was rigidly
fixed to the distal end of the left shank, of the impacted leg, at a point in
plane with the floor. A rotational velocity was assigned to the entire
model centered at this pivot point, such that the tangential velocity at
the point of impact was equal to 3m/s [41–43].

The soft tissue volume was iteratively morphed such that the rota-
tional inertia of the entire model was equivalent to a theoretical model
of the effective mass of the human body during a sideways fall, re-
presented in a linear impact model with one degree of freedom. This
approach for calculating subject-specific impact inertia was similar to
the experimental validation study using human cadaveric femur and
pelvis bones [25]. The soft tissue morphs were automated using in-
house python script within ANSA, similar to the pelvis morphs. Four

areas in the soft tissue volume were targeted for morphing: the left and
right thigh diameters, the anterior abdomen, and the glutes. For the
thighs, a ring of elements at the distal cut-off of the soft tissue volume
was radially scaled, while the remainder of the thigh volume was au-
tomatically morphed to accommodate this scaling. For the anterior
abdomen, an approximately 10 cm long row of the most anteriorly
protruding surface elements was anteriorly/posteriorly translated,
while the entire anterior surface of the abdomen was automatically
morphed to accommodate the translation. For the glutes, a ring of
elements at the superior cut-off of the soft tissue volume was radially
scaled, while morphing the posterior surface of the glutes, plus a
waistband of elements within 10 cm of the scaled elements. It is im-
portant to note that the lateral surface of the soft tissue covering the
impacted femur fixed was left unaffected during morphing in order to
preserve the subject-specific soft tissue thickness. These simultaneous
morphing procedures effectively to increased or decreased the volume
of the soft tissue in an anatomically realistic fashion until the following
criteria was met:

<I m R m R| ( ) | 0.01 ( )zz eff L eff L
2 2

where, meff is the effective body mass in a sideways fall, which was
estimated to be 38% of the total body mass [44,45]. RL is the length of
the axis between the foot point and the lateral surface of the greater
trochanter. Izz is the moment of inertia of the entire model around the
axis of fall rotation, which was defined as a vector with an origin at the
foot point; oriented normal to the plane defined two vectors: the vector
between the femoral head and foot point, and the gravitational vector.

2.4. Post processing

2.4.1. Fracture classification and statistical analysis
The impact force applied to the left femur was measured at the

contact between the femoral head and acetabulum. The ultimate femur
force in the model with linear elastic stress-strain relationships in the
femur represented the subject-specific femur load estimated by the si-
mulation. Meanwhile, the ultimate impact force in the model with non-
linear femur properties represented the subject-specific ultimate force
that the subject's femur was capable of sustaining. The ratio between
the ultimate forces measured in the paired linear elastic and non-linear
models was termed the fragility ratio (FR), which represented the es-
timated severity of the impact load with respect to the load bearing
capacity of the femur.

A second parameter was designed to weight the fragility ratio ac-
cording to the subject's probability of falling on the hip, based on self-
reported fall frequency (FF) measured at baseline. Fall frequency in-
formation was available from questionnaires that recorded the number
of falls in the year prior to subject intake, according to the subject. This
weighted parameter was termed expected endpoint value (EEV) and
was expressed using the following formulas:

=EEV FR Pfall (1)

=P P1 (1 )fall hip
N FF (2)

where Pfall is the probability of the subject falling at least once on the
greater trochanter over a period of N years, and Phip is the probability of
a given fall impacting the hip. For the present study, N was fixed to
5 years, in order to represent the follow-up period of the AGES cohort,
and Phip was estimated at 40%, based on observational studies of fall
characteristics [46]. A minimum fall frequency of one fall every five
years was assumed for subjects that did not report any falls at baseline
(FF=0.2).

Simulated strains of the surface elements within the femoral neck of
the non-linear proximal femur model were also tested as potential hip
fracture predictors. Femoral neck elements were selected within a
spherical volume of interest (VOI) centered at the anatomical center of
the femoral neck, defined using an in-house landmarking program
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(Appendix A). The radius of the sphere was equal to the radius of the
femoral head scaled by a factor of 1.25. For surface elements within this
VOI, the maximum first principal strain, minimum third principal
strain, and maximum and minimum volumetric strains were measured
at the time point of ultimate femur force. The change in these four
parameters was also measured between the time of ultimate force, and
the time point beyond ultimate force, at which the femur force had
decreased to 90% of the ultimate force. Additionally, the overall max-
imum principal strain and minimum principal strain within the femur
during the entire time length of the simulation was measured, as well as
the number of elements that reached a volumetric strain above 3.0, 3.5,
4.0, 4.5, and 5.0%. Thus, 15 different surface strain measurements were
derived from each model, however due to the similar performance of
the different strain metrics, only the results for change in maximum
volumetric strain (ΔMVS) are reported here for brevity. Finally, ex-
pected endpoint values for both ΔMVS (EEVS) and aBMD (EEVD) were
calculated using Eq. (1), by replacing the fragility ratio with each
parameter, respectively, in order to test the effect of weighting these
predictors based on the subject's risk of falling.

Age-adjusted logistic regression models for classifying subject frac-
ture status were calculated using both FEA based predictions and total
femur aBMD using Bayesian inference within the PyMC3 statistical
package [47]. Area under the receiver-operator characteristic curve
(AUC) was used to compare the diagnostic performance of each logistic
regression model. In the event of the ROC curves crossing, which would
frustrate inference from AUC calculations, partial AUC was also calcu-
lated for a defined specificity range, specifically from 100% specificity
to the specificity corresponding to the aBMD threshold for osteoporosis
in Caucasian men and women (0.64 g/cm2) [48]. Limiting the AUC
calculations in this manner provided a comparison of the sensitivity
between FE and aBMD based prediction models, while focusing on the
subjects at highest risk. Probabilistic differences between aBMD and
FEA based AUC measurements were tested using Monte Carlo con-
fidence interval estimates [49] based on 100,000 random samples from
a Gaussian kernel density estimate that was derived for each classifier
using the probability scores from each logistic regression model. The
corresponding p-values indicated whether differences in AUC results
were statistically different from zero (p < 0.05). An additional logistic
regression was performed for each FEA-based predictor that was ad-
justed for both age and aBMD, in order test whether FEA parameters
were still significantly associated with fracture classification after ac-
counting for the subject's aBMD.

2.4.2. Alternative analysis
The limitations of self-reported fall-frequency have been well

documented in scientific literature [50–52]. Therefore, an alternative
analysis was performed to eliminate the confounding effect of fall fre-
quency uncertainty by excluding subjects that did not report falling,
which are challenging to classify correctly using mechanical or densi-
tometric predictors. From the 254 subjects tested, a subgroup was se-
lected that only included subjects that either reported falling in the year
prior to baseline, but did not fracture (27 controls), or sustained a hip
fracture within the follow up period, which was likely due to a fall (95
cases). This subset was equivalent to knowing a priori whether a subject
fell and suffered a fracture or if the subject was a frequent faller but did
not fracture. Age-adjusted logistic regression was repeated for aBMD,
FR, and ΔMVS using this subgroup, and significant differences in total
AUC between aBMD and FEA-based classifiers was again tested using
Monte Carlo confidence interval estimates. Partial AUC could not be
computed for this scenario, because none of the control subjects had
aBMD corresponding to osteoporosis, and therefore a corresponding
specificity cutoff could not be determined.

2.4.3. Predicting subject-specific femur impact forces
A linear regression model was calculated in R (Core Team, v3.0.2,

2013, Vienna) that predicted the ultimate force measured at the contact
between femoral head and acetabular cup based on the elastic simu-
lations (Ffemur), as a function of all the subject-specific parameters, in-
cluding age, height, weight, BMI, total aBMD, fall inertia, femur head
radius, pelvis width, and soft tissue thickness. Afterwards, the backward
step function within R was applied to optimize the regression by sys-
tematically reducing the parameters in the model until a combination
was found that explains the most variation in subject-specific ultimate
femur force. The purpose of this test was to describe the variance in
subject-specific femur loads explained by parameters that were external
to the FE model of the femur itself. A force reduction factor (η) was
defined for each subject as the ratio between Ffemur and the ultimate
force measured at the contact between the floor and the subject's soft
tissue. A linear regression model was subsequently calculated to mea-
sure the variance in η explained by the subject's undeformed soft tissue
thickness at the greater trochanter (TST).

3. Results

3.1. Fracture classification and statistical analysis

Examples of femur impact forces within simulations indicating high
and low fragility ratios are presented in Fig. 3. The femur force in non-
linear simulations with high FR (i.e.> 1.3) typically included failure
behavior in the form of a steep force drop due to tensile damage in the
inferior femoral neck. This predominantly occurred within elements in
the basi-cervical region that represented bone densities near the tran-
sition from cortical to trabecular material properties (Fig. 4).

A summary of the blinded comparison of the different hip fracture
classification models to the hip fracture registry analysis for all subjects
tested (95 cases, 159 controls) is presented in Table 3. The corre-
sponding ROC curves and AUC probability densities are depicted in
Fig. 5. Histograms detailing the distribution of probability scores from
each logistic regression are compared between fracture and non-frac-
ture groups in Fig. 6. All FEA-based hip fracture classifiers remained
significant in the logistic regression models after adjusting for both age
and aBMD (p < 0.05). Total AUC was highest for EEVS (0.73), fol-
lowed by ΔMVS (0.72), FR (0.71), aBMD (0.70), EEV (0.67), and EEVD
(0.629). Partial-AUC was highest for FR (0.107), and followed by EEVS
(0.105), ΔMVS (0.098), EEV (0.098), aBMD (0.094), and EEVD (0.069).
Monte Carlo simulations indicated that none of the FEA-based hip
fracture classifiers were significantly different from aBMD, with respect
to the measured AUC values.

3.2. Alternative analysis

A summary of the blinded hip fracture classification analysis for
subjects that either reported falling within twelve months prior to
baseline, or sustained a hip fracture (95 cases, 27 controls) is presented
in Table 4. The corresponding ROC curves and AUC probability den-
sities for the faller-only analysis are depicted in Fig. 7. Histograms
detailing the distribution of probability scores from the faller-only lo-
gistic regressions are compared between fracture and non-fracture
groups in Fig. 8. Total AUC was highest for ΔMVS (0.85), followed by
FR (0.76), and aBMD (0.74). Monte Carlo simulations indicated that
AUC of the classification model based on ΔMVS was significantly dif-
ferent from aBMD (p < 0.05).
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Fig. 3. Examples of femur impact forces vs time for a subject with high fragility ratio (left) and low fragility ratio (right). The red curve denotes a biofidelic model
with non-linear stress-strain relationships within the femur properties, and the blue curve denotes an identical model with linear elastic stress-strain relationships
femur. (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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Fig. 4. Distribution of third principal strains (left) and volumetric strains (right) on the surface of the proximal femur, for a subject with high FR (2.0, top), and low
FR (1.0, bottom) at the point of peak force between the femur and acetabulum.

W.S. Enns-Bray et al. Bone 120 (2019) 25–37

31



3.3. Predicting subject-specific femur force

Backwards elimination of the multivariable linear regression model
predicting ultimate femur impact force at the femur-acetabulum con-
tact in elastic models (Ffemur) as a function of the available subject-
specific parameters, returned following formula the best captured the
variance within the simulations (R2=0.79; RMSE=0.46 kN):

= +F R W T86· 43· 52· 1230 [N]femur FH P ST

where RFH is femoral head radius (p < 0.005), WP is the pelvis width
(p≪ 0.001), and TST is the soft tissue thickness (p≪ 0.001), all mea-
sured in millimeters. Subject-specific force reduction factor (η) was
correlated with soft tissue thickness according to the following equation
(R2=0.76):

= +T5.2·10 · 0.88 [ ]ST
3

4. Discussion

The aim of this study was to test whether biofidelic simulations of
hip impact during sideways falling can accurately classify the incidence
of hip fracture, retrospectively for elderly women. To test this hy-
pothesis, the sensitivity and specificity of fracture classification models
based on the fragility ratio and change in volumetric strain at the sur-
face of the femoral neck were compared to prediction models based on
total femur aBMD measurements. An alternative analysis also compared
hip fracture classification models only for subjects that reported a his-
tory of falling or suffered actual hip fracture. An additional aim of this
study was to predict the load sustained by the femur during impact as a
function of subject anthropometrics in order to quantify subject-specific
fall severity. The total and partial AUC of the classification models
based on fragility ratio, and change in surface strain on the femoral

neck, were higher than models based on aBMD, however the differences
were not deemed statistically significant. Weighting these parameters
according to the estimated fall probability, based on self-reported fall
frequency, did not significantly improve classification performance.
However, when non-fallers were excluded from the analysis, thus ar-
tificially removing the effect of fall risk uncertainty, the AUC of the
classification model based on maximum change in surface strain be-
came significantly different from the model based on total femur aBMD.
Finally, the majority of the variance in femur impact force could be
explained as a function of the femoral head radius, pelvis width, and
soft tissue thickness.

The difference in sensitivity of FEA-based predictors compared to
aBMD measurements was comparable to a similar retrospective study of
different clinical data [16], however the statistical significance of these
prediction models could not be compared. Previous FEA studies of el-
derly women from the AGES-Reykjavik cohort reported mixed results;
one study used logistic regression to predict fracture status (binary) as a
function of FEA-based femoral strength and reported that strength re-
mained significantly associated with the regression model after ad-
justing for both age and aBMD [14]. Conversely, another study used
multiple linear regression to model femoral strength as a function hip
fracture status, age, weight, and height, and reported that fracture
status in women was no longer significantly associated with femoral
strength after the model was adjusted for aBMD [15]. In comparison,
the FEA-based hip fracture predictors in the present study significantly
improved every logistic regression model after adjusting for age and
total femur aBMD. A previous retrospective study also estimated sub-
ject-specific load-to-strength ratio, by estimating loads using theoretical
three-link models of sideways falling [42], but this parameter failed to
outperform aBMD and FEA-based femur strength measurements [14].
In contrast, the biofidelic models in the present study directly simulated
subject-specific loads, which included the attenuation of impact force
between the ground and femur provided by the soft tissue.

There is ample evidence that hip fractures are strongly associated
with falling [1,2,53]; it was therefore surprising that weighting the FEA
parameters based on fall frequency did not improve the performance of
the majority of classification models. Closer inspection of the fall fre-
quency data revealed that only 20% of subjects tested in this study
reported falling within the 12months prior to baseline. For comparison,
another longitudinal study involving a cohort of 887 elderly women
reported that 64% of subjects sustained a fall within the 1.6 year
monitoring period [17]. Combined with the known weaknesses of self-
reported fall data [50–52], this finding could explain why significant
differences between FEA and aBMD predictors were only detected once
subjects that did not report falling were excluded. Although these

Table 3
Fracture classification performance for aBMD and FEA-based predictors for all
subjects tested (95 cases, 159 controls).

Total AUC Partial AUC AUC comparison (p-
value)

aBMD-adjusted
regression (p-value)

aBMD 0.699 0.094 – –
FR 0.712 0.107 0.43 0.003
ΔMVS 0.717 0.098 0.30 < 0.001
EEV 0.682 0.098 0.75 0.006
EEVS 0.727 0.105 0.25 < 0.001
EEVD 0.629 0.069 – –

Fig. 5. ROC curves (left) of FR, ΔMVS, EEV, EEVS, aBMD, and EEVD for all subjects tested (95 cases, 159 controls). The specificity of the aBMD-based osteoporosis
threshold is indicated as a vertical red line, which was used to calculate partial-AUC. Corresponding probability distributions for total AUC (center) and partial AUC
(right). (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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criteria reduced the number of control subjects and is unrealistic as a
screening method since the selection was based on posterior knowledge
of fracture status, this result suggests that attaining an AUC > 0.8 for
classifying hip fracture may require a better assessment of fall risk, fall
orientation, and protective responses [54].

This was the first study to perform a retrospective analysis of clin-
ical data to predict the ultimate impact force on the femur using dy-
namic simulations, while including models of the pelvis and soft tissue.
The backwards step function in R indicated that a model based solely on

pelvis and soft tissue anatomy was able to explain the most variance in
femur impact force. This does not imply, however, that height and
weight do not influence the impact force, since these parameters are
also correlated with pelvis and soft tissue dimensions. This optimized
regression model indicates that subject-specific femur loads are sensi-
tive to parameters external to the femur model itself, highlighting an
important advantage of a more biofidelic modeling approach, which
incorporates more subject-specific boundary conditions for the femur.
These findings are also in alignment with another dynamic FEA study of
hip impact that reported a significant correlation between soft tissue
thickness and ultimate impact force at the floor, where body height and
weight were similarly not correlated with impact force [55]. The cor-
relation between the force reduction factor and soft tissue thickness in
present study is in line with findings from previously published studies
[43,56–59], which strongly suggests that soft tissue thickness is a de-
termining factor of hip fracture due to falling.

The FE modeling technique presented in this study is not a perfect
anatomical representation of the subject, and thus certain pieces of
subject-specific information are still lacking that could potential in-
crease the sensitivity of the model to fracture status. The impact velo-
city was fixed at 3m/s for all subjects, however this parameter likely

Fig. 6. Histograms and probability density curves of the logistic regression score for all 254 subjects tested (95 cases, 159 controls), for six predictor variables:
Expected end-point value based on change in max volumetric strain (EEVS; top left), areal bone mineral density (aBMD; top center), expected end-point value based
on fragility ratio (EEV; top right), change in max volumetric strain (ΔMVS; bottom left), fragility ratio (FR; bottom center), and expected end-point value based on
areal bone mineral density (EEVD; bottom right).

Table 4
Fracture classification performance for aBMD and FEA-based predictors tested
only on subjects that reported falling within twelve months prior to baseline, or
sustained hip fracture (95 cases, 27 controls). Values in bold indicate statistical
significance.

Total AUC AUC comparison (p-
value)

aBMD-adjusted regression (p-
value)

aBMD 0.74 – –
FR 0.76 0.21 0.006
ΔMVS 0.85 < 0.05 <0.001
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depends on subject anthropometrics, and could therefore affect the
sensitivity of the biofidelic models. The soft tissue properties were
chosen to reflect a blend between muscle and fat, but this ratio could
also change based on age and lifestyle. The biofidelity of the model
could potentially be improved by modeling subject-specific soft tissue
shapes, however the subjects were lying down within the CT scanner
effectively distorted the shape of the soft tissue around the hip, making
it less representative of a real fall. Future cohort studies concerning hip
fracture should therefore consider including a three-dimensional body
surface scan, with the subject in a standing position, as was performed
in the SizeUSA database utilized by this study. The role of active versus
passive muscle contraction could also influence the proportion of im-
pact energy transmitted directly to the femur, by making the entire
structure more rigid. Finally, the AUC for aBMD was higher than other
cross-sectional studies [60]. A possible explanation is that the aBMD
measurements in the present study were based on 2D projections from
3D QCT scans as a surrogate for DXA. This could affect the accuracy of
the hip fracture classification model based on aBMD, because an areal

measurement of density is sensitive to the projection angle, which is
better controlled in a projected QCT scan than a clinical DXA evalua-
tion, where measurements can vary from six to 15% for the same pa-
tient [61].

The fall alignment within the biofidelic models represents the pos-
terior-lateral impact scenario, which has been described as the most
severe in terms of ultimate impact load on the proximal femur
[15,16,40]. While this critical alignment is likely true on average for
the population, it does not effectively describe the size of the envelope
of all possible fall alignments that could be proportional to an in-
dividual's likelihood of fracture. The lack of subject-specific femur
anteversion, due to the limited field of view in the CT scans, could also
affect subject-specific fall alignment, as well as the definition of the
femur coordinate system. The present study overcame this limitation by
using an automated measurement of the femoral neck center to define
the anterior plane of the femur, which differed from the ISB convention
that relies on landmarks on the surface of the femoral condyles. Future
studies will require either full femur CT scans or more robust statistical

Fig. 7. ROC curves (left) of FR, ΔMVS, and aBMD, only for subjects that either reported falling within twelve months prior to baseline, or sustained a hip fracture (95
cases, 27 controls). Corresponding probability distributions for total AUC (right).

Fig. 8. Histograms and probability density curves of the logistic regression score only for subjects that either reported falling within twelve months prior to baseline,
or sustained a hip fracture (95 cases, 27 controls).
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shape models of distal femur geometry in order to eliminate this lim-
itation.

5. Conclusions

This study has demonstrated that biofidelic FE simulations provide
unique information regarding hip fracture mechanics resulting from
sideways falls. A novel assessment combining information from FEA
parameters and fall probability revealed the confounding role of fall
frequency in the evaluation of different hip fracture classification
models. When the effect of fall risk uncertainty was reduced by ex-
cluding non-fallers from the analysis using posterior knowledge of
fracture incidents, a statistically significant difference was detected
between aBMD and FEA performance. While an analysis based on such
posterior knowledge is unsuitable for developing new screening tech-
niques, it suggests that understanding fall risk is an important limitation
that must be overcome before different fracture risk predictors can be
effectively compared. Finally, a novel estimation of subject-specific
loading of the proximal femur during a sideways fall was quantified

from the biofidelic models. Looking forward, the technology for gen-
erating biofidelic models could serve as a future platform for testing
additional subject-specific information in attempt to further enhance
the performance of retrospective hip fracture classification. Finally,
combining the modeling techniques developed in this study with new
cohort data specifically tailored to characterize the risk factors of hip
fracture, including improved measurements of fall probability and soft
tissue properties, would provide a powerful research tool for identifying
individuals predisposed to hip fracture.
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Appendix A. Fall alignment of the biofidelic hip impact model

A graphical representation of the landmarking algorithm is provided in Fig. A1. The femur head center and radius were measured by identifying a
corresponding sphere location and radius using the Hough transform. The sphere corresponding to femoral head radius was scaled by a factor of 1.2
so that this larger sphere would intersect with the surface of the femoral neck. The center of the ellipsoidal shape defined by the line of intersection
between the enlarged sphere and the bone surface defined the center of the femoral neck. The spherical centers of the left and right femoral condyles
were also identified using the Hough transform, and the mid-condyle point was defined midway between the condyle centers. Finally, the superior
tip of the greater trochanter was defined as the most distal surface point from the mid-condyle point, excluding the femoral head.

Pelvis and femur coordinate systems and subsequent rotations are depicted in Fig. A2. The femur coordinate system was defined with an origin at
the femoral head center. The femoral shaft axis was defined between the superior tip of the greater trochanter and the mid condyle point. The
femoral neck axis was defined as a vector orthogonal to the femoral shaft axis, but in plane with the femoral neck center. The pelvis coordinate
system was defined with the origin at femoral head center of the native left femur. The pelvic width axis was defined as the vector between the left
and right femoral head centers. The pelvic depth axis was defined as the vector between the center of superior surface of the S1 vertebra and the mid-
point of the pelvic width axis.

The fall alignment of the femur and pelvis was defined by initially aligning the pelvic width axis parallel to the gravitational vector (i.e. global X).
The femoral shaft axis was then aligned parallel to the pelvic depth axis orthogonal to the gravitational vector (i.e. global Y), such that the normal
vector of the plane defined by the femoral head, neck, and mid-condyle points was orthogonal to the gravitational vector. The femurs were rotated
35° in hip flexion based on fall kinematics from experiments [41], and internally rotated 5° to prevent the femur from deflecting away from the
acetabulum through external rotation. Finally, the femur was adducted 10° to prevent the knee from contacting the ground. The pelvis was tilted
posteriorly 12° around the pelvic width axis [62], and rotated 15° around a vector with an origin at the femoral head center, oriented orthogonal to
the pelvic gravitational axis and femoral shaft axis (i.e. global Z).

Fig. A1. Depiction of automated landmarking algorithm and representative spheres calculated using the Hough transform (red), and subsequent definition of the
anatomical femoral neck center, greater trochanter, and mid-condyle point (green).

W.S. Enns-Bray et al. Bone 120 (2019) 25–37

35



5

12
ᵒ 15

ᵒ

35
ᵒ

10
ᵒ

Fig. A2. The landmarks used to define the coordinate systems of the pelvis and femurs (top), with bones aligned square to the global coordinate system (i.e. non-
anatomical). Transforms from the initial alignment into fall alignment included hip flexion (middle left), hip adduction (middle right), internal rotation of the hip
(bottom left), pelvic tilt (bottom center), and pelvic rotation relative to the ground (bottom right).
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