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Abstract

Logistic regression classification (LRC) is widely used to develop models to predict the risk of
femoral fracture. LRC models based on areal bone mineral density (aBMD) alone are poor,
with area under the receiver operator curve (AUROC) scores reported to be as low as 0.63.
This has led to researchers investigating methods to extract further information from the image
to increase performance. Recently, the use of active shape models (ASMs) and active
appearance models (AAMs) have resulted in moderate improvements, but there is a risk that
inclusion of too many modes will lead to overfitting. In addition, there are concerns that the
effort required to extract the additional information does not justify the modest improvement in
fracture risk prediction. This raises the question, are we reaching the limits of the information
that can be extracted from an image? Finite element analysis was used in combination with
active shape and appearance modelling to select variables to develop LRC models of fracture
risk. Active shape and active appearance models were constructed based on a previously
reported cohort of 94 post-menopausal Caucasian women (47 with and 47 without a fracture).
T-tests were used to identify differences between the two groups for each mode of variation.
Femur strength was predicted for two load cases, stance and a fall. Stepwise multi-variate
linear regression was used to identify shape and appearance modes that were predictors of
strength for the femurs in the training set. Femurs were also synthetically generated to explore
the influence of the first 10 modes of the shape and appearance models. Identified modes of
variation were then used to generate LRC models to predict fracture risk. Only 6 modes, 4
active appearance and 2 active shape mode, were identified that had a significant influence
on predicted fracture strength. Of these, only two active appearance modes were needed to
substantially improve the predictive mode performance (AAUROC = 0.080). The addition of
3 more modes (1 AAM and two ASM) further improved the performance of the classifier
(AAUROC = 0.123). Further addition of modes did not result in any further substantial
improvements. Based on these findings, it is suggested that we are reaching the limits of the

information that can be extracted from an image to predict fracture risk.
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Introduction

Fraqility fractures at the hip are a major social-economic problem, particularly with the
increasing size of the elderly population. Excess mortality after 1 year of hip fracture varies
between 1 in 6 for women to 1 in 3 for men (Frost et al., 2013). Therefore, considerable efforts
have been made to better understand the risk factors associated with fracture so that the right
medical advice and intervention can be provided. Fracture risk is a function of femur
geometry, bone density, microarchitecture, the applied loads and interaction with external
environment at the time of a fall. The most widely used technique for assessing the risk of
fracture is dual-energy X-ray absorptiometry, or DXA, which measures the areal bone mineral
density (aBMD) in the femoral neck. It has been widely used in the clinic to assess bone
mineral density status, especially for post-menopausal women, due to its low radiation dose

and low cost (Griffith and Genant, 2008).

Logistic regression classifiers (LRC) are widely used for predicting femur fracture risk (Baker-
Lepain et al., 2011; Bousson et al., 2011; Bredbenner et al., 2014; Carballido-Gamio et al.,
2019; Cheng et al., 2007; Crabtree et al., 2002; Draper et al., 2012; Gnudi et al., 2002;
Goodyear et al., 2013; Whitmarsh et al., 2012) and the predictive capability is commonly
assessed using the area under the receiver operator curve (AUROC). LRC's built using DXA
based aBMD have reported a wide range of AUROC values from 0.62 (Goodyear et al., 2013)
to 0.84 (Carballido-Gamio et al., 2019). These reported AUROC values, particularly at the
lower end of the range, suggest that the predictive capability of aBMD when used in isolation
is, at best, modest. From a clinical perspective, this means that individuals may be
misclassified as not being at risk of fracture and then not receive the appropriate care. In
addition, a false positive will result in unnecessary intervention, exposing the patient to
potential side effects of drug therapy and needless cost to the healthcare provider. This has
resulted in a significant body of research investigating whether additional information can be
extracted from an image in order to enhance the prediction of fracture risk. Various anatomical

measurements, such as hip axis length, femoral neck width and femoral neck angle have been
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previously associated with fracture risk. However, the inclusion of discrete anatomical
measures in LRC’s have resulted in negligible improvement in the AUROC as compared to
aBMD alone (Baker-Lepain et al., 2011, AAUROC = 0.016). Composite measures, which
combine aBMD with anatomical measurements in an attempt to estimate strength, have also
result in negligible improvements in AUROC (Leslie et al., 2009, AAUROC = 0.009; Li et al.,
2013, AAUROC = 0.005). The use of quantitative computed tomography scans to assess the
volumetric bone mineral density (vBMD) does not improve the reported AUROC values
(Cheng et al., 2007, AAUROC = 0.005; Carballido-Gamio et al., 2019, AAUROC = -0.002).
Moderate improvements in AUROC have been reported when cortex thickness related
variables have been incorporated into the LRC’s (Cheng et al., 2007, AAUROC = 0.024 to
0.05; Treece et al., 2015, AAUROC = 0.072). The greatest improvements have been seen
when variables derived from active shape (ASM) and appearance (AAM) models have been
used. Based on DXA images LRC’s using ASM and AAMs have had mixed performance (Lu
et al.,, 2017, AAUROC = 0.0; Goodyear et al., 2013, AAUROC = 0.03; Baker-Lepain et al.,
2011, AAUROC = 0.160). When using ASMs and AAMs built from QCT images, there is a
more consistent improvement in performance (Bredbenner et al., 2014, AAUROC = 0.12;
Carballido-Gamio et al., 2019, AAUROC = 0.081). However, various authors have commented
that the additional effort in extracting information from DXA and CT images (which are not
routinely used in the diagnosis of osteoporosis) using increasingly sophisticated approaches
does not significantly improve fracture prediction (Black et al., 2008; Treece et al., 2015).
Therefore, are we reaching the limits of what can be achieved using information derived from

an image alone?

The potential advantage of using ASM and AAMs is the ability to use all of the information
contained within the image. Due to their nature, ASMs typically describe the variation in the
external geometry of the femur. ASMs indirectly capture information related to discrete
anatomical measures including femoral neck diameter, hip axis length and femoral neck-shaft
angle within the shape modes. ASMs tend to be compact typically requiring approximately

5
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10% of the available modes to describe 95% of the variations in shape (Bryan et al., 2010;
Sarkalkan et al., 2014). AAMs are built using the bone density information within the image,
with or without the shape component. AAMs describe the variation and distribution of bone
density and therefore capture the variation in cortical bone thickness. AAMs are not compact
and require a high proportion of the available modes to describe 95% of the variation in bone
density (Bryan et al., 2010; Bonaretti et al., 2011; Sarkalkan et al., 2014). A significant number
of the modes describe less than 1% of the variation and it is debatable whether these modes
contain any meaningful information. ASMs and AAMs use principal component analysis to
reduce the dimensionality of a much larger data set, however, it still remains a challenge to
identify which modes of variation will be useful in building a logistic regression model to predict
fracture risk. Traditionally, it has been recommended that the sample size should be at least
10 times greater than the number of predictive variables when developing a logistic regression
model (van Smeden et al., 2019). Increasing the number of predictive variables beyond this
threshold risks over fitting. ASM and AAMs generate N — 1 modes of variation, where N is the
number of training sets, so generating many more potential variables than should be included
in logistic regression. The most common approach to identify potential predictive variables is
by performing a statistical test on the principal component (PC) scores for each mode between
the fracture and non-fracture cohorts in the ASM and AAM training data. This could be as
simple as performing a t-test (Goodyear et al., 2013), using Fisher linear discriminate analysis
(Whitmarsh et al., 2011) through to more complex machine learning based techniques
(Bredbenner et al., 2014; Carballido-Gamio et al., 2019; ). For the first few modes, which
capture a significant proportion of the variation, the differences in the PC scores are likely to
be due to real differences in the shape or density distribution. However, statistical differences
seen in later modes, particularly in AAMs, which explain less than 1% of the variation may not
contain any meaningful information. Identifying predictive variables using this approach also
gives no information about the relative importance of a selected mode and its contribution to

the prediction of fracture risk.
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The mechanical competency of the proximal femur, as measured through its strength, is a key
factor in determining an individual’s risk of fracture. Finite element (FE) analysis has been
used extensively to assess proximal femoral strength. QCT based FE models (or
biomechanical CT analysis) can predict between 80% and 94% of femoral strength in
simulated fall or stance position (Dall’Ara et al., 2013; Hambli and Allaoui, 2013; Schileo et al.,
2014; Zysset et al., 2015), whereas some papers showed a similar predictive accuracy
between DXA-FE and DXA-aBMD (Amin et al.,, 2011; Yang et al., 2014). When used in
combination with ASM and AAMs, FE models have the potential to investigate the contribution
of individual modes to fracture strength. We hypothesised that modes which do not contribute
to fracture strength are unlikely to contribute to the performance LRC models to predict

fracture risk.

The aim of this study was to explore the use of FE analysis as an alternative method to identify
meaningful predictive variables for use in the development of a logistic regression model of
fracture risk. Independent ASM and AAMs were generated on a previously reported cohort of
menopausal women with and without fractured femurs. FE analysis was used to predict the
fracture strength of all femurs within the cohort. Stepwise multiple linear regression was used
to identify the modes which contribute to femur strength. In addition, synthetic FE models were
generated from the ASM and AAMs to explore how the primary modes of variation influence
femur strength. Finally, the selected ASM and AAM modes were used to build logistic
regression models to determine if sequential addition of the selected modes improved the

prediction of fracture risk as compared to aBMD alone.
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Methods
Cohort description:

Independent active shape and appearance models were constructed based on a previously
reported cohort of Caucasian women (Qasim et al., 2016; Yang et al., 2014) and details of the
cohort are briefly summarised. There were 100 women who were at least 5 years post
menopause, 50 of whom had a low energy hip fracture and 50 of whom were selected to be
pair matched in terms of age, height and weight. For fracture patients with a body mass index
(BMI) between 16 and 34, the control was chosen to have an age £5 years, height + 5 cm and
weight + 5 kg. For fracture patients with BMI 234 or BMI <16, the control was chosen to have
age * 5 years and BMI + 4 kg/m?. Sheffield Local Research Ethics Committee approved the
study and informed written consent was obtained for all participants. Bilateral QCT scans
(LightSpeed 64 VCT, GE Medical Systems at 120 KVp/150mA) were obtained for each subject
for a region which included from just above the femoral head to 3.5cm below the lesser
trochanter. The European spine phantom was used to calibrate for bone density
retrospectively. For subjects that had experience a fracture, the contralateral femur was used
for analysis. A summary of the demographics of the subjects is included in Table 1. Note that
Qasim et al., 2016 reported results for only 98 individuals. This was due to the fact that multiple
high-density calcified areas were observed in the CT images of a fractured case. This femur
and its paired control femur were excluded. In addition, a further four femurs were excluded
from the present study as the femurs were too short, with the CT scan finishing close to the

lesser trochanter rather than 3.5 cm below it.

Fracture (n = 47) Control (n = 47)
Mean (range) Std Mean (range) Std
Age (years) 75.1 9.5 74.1 9.0
(54.8 — 88.7) (55.9-91)
Weight (kg) 62.7 14.7 64.6 12.3
(31-101.1) (42.8 —=92.7)
Height (cm) 158.7 6.6 157.5 5.9
(145 -173) (145.1 — 169.3)
T-score -2.40 0.85 -1.62 0.85
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| | (-4.15--1.07) | | (-3.07-0.85) |

Table 1: Subject demographics

Development of the active shape and appearance models:

The femur for each patient was segmented manually using ITK-Snap 2.0.0 (University of
Pennsylvania) (Yushkevich et al., 2006) in order to extract the 3D bone geometry (Qasim et
al 2016). Active shape and appearance models require correspondence across the training
datasets and this was achieved by morphing a template mesh to each femur in the study using
an established methodology (Grassi et al., 2011). A template mesh was generated for one of
the femurs, which consisted of 295,589 tetrahedral elements, with an averaged finite element
size of 3 mm. The morphing was performed in two steps. First surface morphing was
performed, where the surface mesh was extracted from the template mesh and morphed to
the target femur using a landmark based methodology. The landmarks acted as constraints
and were used to interpolate the motion of all the nodes. Laplacian smoothing was
implemented to maintain the quality of the surface mesh. In the second phase the template of
the volumetric mesh was morphed to the target femur, using the nodes of the morphed surface
mesh as the constraints. This was performed using a standard automatic meshing algorithm
(ICEM CFD14, Ansys Inc, PA, USA). Elastic moduli were mapped from the CT scans to the
morphed FE mesh of the femurs using Bonemat (http://www.bonemat.org/), using established
relationships (Schileo et al., 2008a) between radiographic density and ash density (pasn
=0.877pact+0.079), ash density and wet apparent density (papp = pasn/0.6) and wet apparent
density and elastic modulus (E = 6590 papp'“°). Once correspondence was achieved, principal
component analysis was performed on the nodal coordinates to generate the ASM and the

apparent density assigned to each element to generate the AAM.

Finite element analysis:
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FE analysis was performed on each femur contained within the training set. In addition, the
active shape and appearance models were used to synthetically generate FE models in order
to explore the influence of shape and bone density distribution on femoral bone strength. The
mean and standard deviation of the PC scores were calculated for the fracture and control
femurs, for each mode of the ASM and AAM. These values enabled the generation of synthetic
femurs representative of the fracture and control groups. First, to explore the influence of
shape, the active shape model was used to synthetically generate the mean femur geometry
and femur geometries at + 1 and * 2 standard deviations of each of the first 10 shape modes
for both the fracture and control groups. To isolate the influence of geometry, the mean bone
density distribution for each group was applied to all models in that group. Second, to explore
the influence of bone density distribution, the active appearance model was used to
synthetically generate the mean bone density and bone densities at £+ 1 and + 2 standard
deviations of each of the first 10 appearance modes for the fracture and control groups. To
isolate the influence of bone density distribution, analyses were performed using the mean

shape for each group.

Two loading conditions were simulated: the first replicating a stance load case with a vertically
oriented joint contact force (0O degrees in both the frontal and sagittal planes) (Taylor et al.,
2017). The distal end of the femur was rigidly constrained. The second load case represented
a fall with the joint contact force applied at 90 and 0 degrees in the frontal and sagittal planes,
respectively (Qasim et al., 2016). In addition to the distal femur being rigidly constrained, the
most lateral node was constrained in the direction of loading, but was free to translate
perpendicular to the direction of the applied load. The femoral neck fracture load was
estimated using a modified version (Taylor et al., 2017) of Schileo's maximum principal strain
criterion (Schileo et al., 2008b). The 90th percentile principal tensile and compressive strain,
for all elements in the femoral neck, were expressed as a fraction of their tensile and
compressive elastic limits. The maximum of these was taken as the femoral neck risk factor

(RF). The femoral neck fracture load was then estimated by linearly scaling the applied forces
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until the risk factor reached unity. When the modes were studied independently, a mode was
deemed to have a substantial, moderate or negligible influence on strength if the range of
forces across two standard deviations of variation were greater than 1000 N (substantial),

between 250 N and 1000 N (moderate) and less than 250 N (negligible).

Statistical analysis:

i) The PC scores of the fracture and non-fracture groups were compared for each mode in
both the active shape and appearance models (Daruwalla et al., 2010). Student T-tests

were used to identify statistical differences (p<0.05).

ii) Stepwise multivariate linear regression (MLR) was performed with the predicted femoral
neck strength as the output variable. Three MLR models were built using the first 20 modes
(10 ASM and 10 AAM), the first 40 modes (20 ASM and 20 AAM) and the modes required to
describe 95% of the variation. Only variables that achieved significance (p<0.05) value were
included in the final MLR models. This was performed for both the stance and fall load cases.

The coefficient of regression (R?) and the root mean square (RMS) error were reported.

i) A series of logistic regression models were built, using variables identified from (i) and (ii).
In each case, a five-fold cross validation methodology was employed. The training set was
randomly divided into 5 equal folds. The first 4 folds were used to train the logistic regression
classifier and the fifth fold was used to validate the classifier. This process was repeated five
times and the area under the receiver operator curve (AUROC) and the precision, as defined
by the percentage of correct true and false classifications, were calculated. In order to assess
the robustness of each classifier, the entire process was repeated 100 times. The mean and
range for the resulting AUROC and precision have been reported. As a reference, a logistic

regression classifier was also built using aBMD using the same methodology.
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Results

The ASM was compact, with more than 95% of the variation in shape (Table 2) explained by
the first 12 modes (out of a total of 93 modes). ASM Mode 1 (figure 1) was a scaling mode,
as well as capturing the variation in length of the femur below the lesser trochanter contained
within the original images, and explains over 55% of the variation in shape. Analysis of the PC
scores for the fracture and non-fracture groups shows that statistical differences were only
observed for modes 4, 5, 12, 35 and 67. Modes 4 and 5 combined explained 8.5% of the
observed variation, and the other 3 modes combined explained less than 1% of the variation.
Mode 4 captures the variation in the geometry of the femoral neck, with variations in both neck
length and diameter (figure 1). Mode 5 captures the variation in geometry of the greater

trochanter and to a lesser extent, the geometry of superior femoral neck.

Active shape model Active appearance model
Mode Percentage of P value Percentage of P value
explained explained
variation variation
1 55.0 0.99 39.8 1x10°®
2 11.5 0.32 6.6 0.28
3 7.5 0.72 5.1 0.01
4 4.9 0.02 4.3 0.40
5 3.8 0.02 3.3 0.02
6 2.3 0.96 2.5 0.94
7 21 0.99 2.0 0.92
8 1.6 0.18 1.8 0.14
9 1.2 0.95 1.8 0.60
10 1.1 0.49 1.4 0.70

Table 2: Comparison of the percentage of explained variation for the first 10 modes of the
active shape and active appearance models for the entire cohort. The P value is reported for
the difference in the mode weights between the fracture and non-fracture groups. Statistically

significant differences (P<0.05) are shown in bold.

12
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Figure 1: The first 5 modes of variation (STD, standard deviation) of the active shape model

The AAM was less compact, with the first 62 modes required to explain 95% of the variation
in the proximal femoral bone density distribution. The mean femur in the fracture group had

noticeably lower bone density as compared to the mean femur in the non-fracture group (figure

13



252  2). AAM mode 1 captures 39.8% of the variation (Table 2) and captures the overall variation
253 in bone mass, as well as variation in cortex thickness. In particular, the cortex of the superior
254  femoral neck appears to be thinner and less dense in the fracture group as compared to the
255  control group. Statistically significant differences were seen between the mode PC scores of
256 the fracture and non-fracture groups for modes 1, 3, 5 (table 2) and 26. These explained 39.8,

257 5.1, 3.3 and 0.6 percent of the variation of the bone density distribution respectively.

258

Fracture

Control

259

260  Figure 2 — Variation in mode 1 of the active appearance model for the fracture group (top row)
261  and the controls (bottom row). The average (middle) and -2 std’s (left) +2 std’s (right) are

262 shown.
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Figure 3 — Variation in mode 2 of the active appearance model for the fracture group (top row)

and the controls (bottom row). The average (middle) and -2 std’s (left) +2 std’s (right) are

shown.
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Figure 4 — Variation in mode 3 of the active appearance model for the fracture group (top row)
and the controls (bottom row). The average (middle) and -2 std’s (left) +2 std’s (right) are

shown.

The predicted fracture strength for the average femur was 3380 N and 5552 N for the stance
load case, and 1221 N and 2256 N for the fall load case for the fracture and control groups
respectively. For the fall load case, independently varying the first 10 modes of the ASM
resulted in a maximum difference of 339 N and 705 N for the fracture and control groups
respectively (figure 5). The greatest change in the predicted fracture load was associated with
ASM mode 4, followed by mode 2 and then mode 1. The remaining modes had no significant
influence on femoral neck strength. Independently varying the first 10 modes of the AAM
resulted in maximum differences of 2269 N and 2564 N from the fracture and control groups
respectively. AAM mode 1 was associated with the greatest change in the fracture load,
followed by mode 3, mode 8 and then mode 2. AAM modes 7 and 9 also influenced the femoral

neck strength more than was observed for any of the ASM modes.
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Three MLR models were built using 20 modes, 40 modes and all the modes required to
describe 95% of the variation (12 ASM and 62 AAM modes) for the fall load case. Using
stepwise MLR to elimination of the trivial modes resulted in models based on 6, 11 and 17
predictive variables. These had R? values of 0.83, 0.88 and 0.92 and RMSE values of 372 N,
316 N and 265 N respectively. The first 6 predictive variables were the same in each of the
MLR models and were, in order of importance, AAM 1, AAM 3, AAM 2, AAM 8, ASM 4 and
ASM 5. Mode 1 of the AAM was the most important term, yielding an R? value of 0.466. The
addition of mode 3, mode 2 and then mode 8 of the AAM improved the R? value to 0.792 and
reduced the RMS error from 642 N to 407 N. The addition of ASM modes 4 and 5 resulted in
a minor increase in the R? value from 0.792 to 0.830 and a minor reduction in the RMSE from
407 N to 372 N. A similar trend was observed for the stance loadcase. Four predictive
variables were identified, AAM modes 1, 3 and 8 and ASM mode 4, producing an R? value of

0.781 and an RMS error of 1032 N.

The ability to predict fracture risk was assessed using logistic regression models. The
reference fracture risk model was built using aBMD resulted in an AUROC score of 0.719 and
a precision of 65.2% (Table 4). A fracture risk model built using just AAM mode 1 yielded
similar results to the one built using aBMD. The addition of AAM mode 3 improved the AUROC
score to 0.799 and the precision to 75.2%. Fracture risk models built using the other modes
identified by MLR did not improve their performance (Table 4). The best performing fracture
risk model, with an AUROC of 0.865 and a precision of 80.5% was constructed using all of the
modes identified using T-tests. Removal of the trivial modes (those contributing less that 1%
of the explained variation) produced a similar level of performance (AUROC = 0.842, precision
= 80.6%). This fracture risk model consisted of AMM modes 1, 3 and 5 and ASM modes 4

and 5.
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Variables used in building R squared RMSE (N)
MLR model
AAM 1 0.466 642
AAM 1+ AAM 3 0.646 525
AAM 1+ AAM 3 + AAM 2 0.722 468
AAM 1+ AAM 3 + AAM 2 + 0.792 407
AAMS8
AAM 1+ AAM 3 + AAM 2 + 0.816 385
AAMS + ASM4
AAM 1+ AAM 3 + AAM 2 + 0.830 372
AAM 8 + ASM 4 +ASM 5

Table 3: Stepwise multivariate linear regression to predict fracture load for the fall load case

based on the first 20 modes (10 ASM and 10 AAM modes).

Variables used in building logistic Mean AUROC Mean precision (%)

regression classifier (min — max) (min -max)

aBMD 0.719 65.2
(0.688 — 0.737) (59.6 — 68.1)

AAM 1 0.761 68.7
(0.732 -0.782) (64.9-734)

AAM 1+ AAM 3 0.799 75.2
(0.762 — 0.825) (68.1 —79.8)

AAM 1+ AAM 2 + AAM 3 + AAMS + 0.794 78.1
ASM 4 + ASM 5' (0.748 — 0.825) (67.0-77.7)

AAM 1+ AAM 2 + AAM 3 + AAM 7 + 0.801 72.5
AAMS8 + AAM 12 + AAM 15 + AAM (0.740 - 0.847) (64.8 —79.8)

17+ ASM 3 + ASM 4 + ASM 5°

AAM 1+ AAM 3 + AAM 5 + AAM 26 + 0.865 80.5

ASM 4 + ASM 5 + ASM 12 + ASM 35 (0.793 — 0.905) (75.5-85.1)
+ ASM 67°

AAM 1+ AAM 3 + AAM 5+ ASM 4 + 0.842 80.6

ASM 5* (0.781 - 0.870) (75.5-85.1)

Table 4: Summary of the performance of the logistic regression classifiers to predict fracture
risk. 'Features identified based on multivariate linear regression of the first 10 ASM and AAM
modes. *Features identified based on multivariate linear regression of the first 20 ASM and
AAM modes. *Features identified based t-testing for significant differences between the modes
for the fracture and control groups. “Same as 3 but with the minor modes removed. This was
also the highest performing classifier based on any combination of 5 variables chosen from 7
candidate variables identified from t-testing and MLR.
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Figure 5 — Influence of shape (top row) and density (bottom row) on the predicted fracture
strength of the fractured femurs (left) and non-fractured femurs (right) subjected to the fall load
case. Data labels: mode 1 — square; mode 2 — cross, mode 3 — triangle, mode 4 — circle and
mode 5 — diamond, mode 8 - dash. Modes which have a substantial influence on strength are
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351 highlighted in blue, a moderate influence in green and negligible influence in black. For clarity
352  only the first 5 modes are shown, plus mode 8. The other modes have negligible influence on
353 the fracture strength and are not shown.
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Discussion

The current benchmark for prediction of femoral neck fracture risk is based on aBMD.
Researchers have included discrete geometric measures of anatomy to try and improve
predictions with limited success (Baker-Lepain et al., 2011; Cody et al., 2000a; Gnudi et al.,
2002; Gregory et al., 2004; Michelotti and Clark, 1999; Partanen et al., 2001; Pulkkinen et al.,
2004). Statistical regression and classification models built using variables derived from ASM
and AAMs in 2D (Goodyear et al., 2013) and 3D (Bredbenner et al., 2014; Carballido-Gamio
et al., 2019) have the potential to utilise all of the information contained within the image. ASMs
have been shown to be compact, however, AAMs, either based on density alone or in
combination with shape, required a high percentage of the modes to describe the variation in
the training set. When using these modes as variables in a predictive statistical model, there
is a risk that using too many will lead to over-fitting and, as a consequence, an over-estimation
in the model’s ability to predict fracture risk. FE analysis, used in combination with ASM and
AAMs, provides a mechanism to explicitly explore and identify the meaningful modes that
contribute to the prediction of fracture strength, which can then be used to inform the selection
of appropriate variables for use in predictive models of fracture risk. In this study, FE was used
to explore which modes were useful by: (i) identifying potential variables using stepwise MLR
to predict fracture strength and (ii) examining the influence of each mode in isolation on the

predicted fracture strength.

Similar to other studies (Baker-Lepain et al., 2011; Bredbenner et al., 2014; Bryan et al., 2010;
Goodyear et al., 2013; Sarkalkan et al., 2014), the ASM was compact with the first 12 modes
(of 93) explaining more than 95% of variation in geometry. The AAM required a higher
percentage of modes (62 out of 93) to explain 95% of the variation in bone density distribution
in the training cohort. The poorer performance of the AAMs as compared to the ASMs has
been commonly reported (Bonaretti et al., 2014; Bredbenner et al., 2014; Bryan et al., 2010;

Sarkalkan et al., 2014).
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Based on the empirical recommendation of the sample size being at least 10 times the number
of predictive variables (van Smeden et al., 2019), up to 9 predictive variables would be
appropriate for this study. Selection based on differences in the PC scores for each mode
between the fracture and non-fracture groups identified 5 ASM modes and 4 AAM modes as
potential predictive variables. Depending on the number of modes used to develop an MLR
model of fracture strength, between 6 (2 ASM and 4 AAM modes) and 17 modes (4 ASM and
13 AAM modes) were identified as predictive variables for the fall load case. Increasing the
number of predictive variables improved the R? score and reduced the RMS error in the MLR
models. In theory, the additional information contained by including more modes has the
potential to improve the performance of logistic regression model of fracture risk, but this was
found not to be the case. Although stepwise MLR regression has identified a particular mode
as a predictive variable, the question is whether it truly contributes to femur strength and hence
to fracture risk. Synthetically generating and analysing FE models for each of the ASM and
AAM modes in isolation allows us to quantify its contribution to fracture strength. Bredbenner
et al. (Bredbenner et al., 2014) built a coupled statistical shape and intensity model. Based
on a larger training set than used in this study (N = 450), they identified 20 modes which were
used to build a logistic regression classifier. The first 3 modes described 46% of the variation
and the remaining 17 models explained a further 7.1% of the variation. Based on our results,
in the interest of determining causality, it is recommended that separate ASMs and AAMs are
built in order to identify their relative contributions to strength. In addition, it is likely that modes
that only account for a small percentage of variation do not contribute to femur strength and

therefore are questionable in their role in predicting fracture risk.

The first 6 predictive variables in each of the MLR models were, in order of importance, AAM
modes 1, 3, 2 and 8 and ASM modes 4 and 5. AAM modes 1, 3 and 8 all had a substantial
influence of femoral neck strength for the fall load case. AAM mode 1, which accounted for
39.9% of the variation, captures two main features, the global distribution of bone density and

the cortex thickness, particularly of the superior femoral neck. When examined independently,
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AAM mode 1 has the greatest influence on femoral neck strength of any of the appearance or
shape modes (Figure 5). AAM mode 3 accounts for just 5% of the variability in the bone density
distribution and appears to capture the architecture of the head-neck region (figure 4),
controlling the width of the medial column stretching from the femoral head to the medial
cortex, as well as the lateral arch spanning from the lateral cortex through the superior femoral
neck and into the distal medial femoral head. When studied independently, AAM mode 3 also
has a substantial influence on femoral neck strength, which varied from 602 N to 2033 N and

from 1183 N to 3455 N for the fracture and non-fracture cohorts respectively.

The next two predictive variables identified by MLR were AAM modes 2 and 8. When the
influence of AAM mode 8 was studied independently it was found to have a substantial
influence on femoral neck strength (figure 5), similar to AAM mode 3 (ranging from 592 N to
2077 N and 1502 N to 3074 N for the fracture and non-fracture cohorts respectively). In
comparison, AAM mode 2 (figure 3) only had a moderate influence of neck strength. The
higher ranking of AAM mode 2 by the MLR models may be due to the percentage of variability
explained by this mode, which was 6.6% as compared to 1.8% by AAM mode 8. AAM modes
7 and 9 were also found to have a moderate effect on neck strength and were identified by
the MLR models which include more initial modes, whereas AAM modes 4, 5, 6, and 10 had

negligible influence.

Only ASM modes 4 and 5 were shown to be of importance both through the statistical
comparison of the PC scores and through the MLR. ASM mode 4 only accounts for 5% of the
variation, but appears to describe the geometry of the femoral neck in terms of its length and
diameter (figure 1). ASM mode 4 was shown to have a moderate influence on femoral neck
strength. ASM mode 5 was identified as a predictive variable through MLR but when studied
in isolation was found to have negligible influence on femoral neck strength. ASM modes 1
and 2 both have a moderate influence on femoral neck strength, but their contribution was
small in comparison to the AAM modes with a moderate effect (AAM 2, 7 and 9). ASM modes

1 and 2 were not selected through MLR as predictive variables. This is noteworthy, particularly
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with respect to ASM mode 1. This is a scaling mode and essentially describes the overall size
of the femur. Hence the MLR suggests that size is not a determinant of femur strength. The

remaining shape modes (3, 6, 7, 8, 9 and 10) all had a negligible influence on strength.

This study has demonstrated, through independent analysis of the ASM and AAM modes and
MLR of fracture strength, that the density distribution contributes more to fracture strength
than the external size and morphology of the femur. Both Whitmarsh et al. (Whitmarsh et al.,
2011) and Carballido-Gamio et al. (Carballido-Gamio et al., 2019) have reported similar
findings. Whitmarsh et al. (Whitmarsh et al., 2011) found that the first 3 AAM modes were
most important in the development of a Fisher linear discriminant model to differentiate
between fracture and non-fractured femurs. Carballido-Gamio et al. (Carballido-Gamio et al.,
2019) reported that inclusion of AAM based variable always improved fracture risk
classification. Carballido-Gamio et al. (Carballido-Gamio et al., 2019) noted that AAMs capture
cortical bone thickness and that these may be surrogates measures of bone strength. Through
this study, we have been able to demonstrate that this is indeed the case. Only ASM mode 4
was identified as a predictive variable by MLR and found to have a moderate influence on
strength, perhaps explaining why studies that have incorporated discrete anatomical
measurements into logistic regression models have resulted in no or minor improvements in
the prediction of fracture risk (Baker-Lepain et al., 2011; Cody et al., 2000a; Gnudi et al., 2002;

Gregory et al., 2004; Michelotti and Clark, 1999; Partanen et al., 2001; Pulkkinen et al., 2004).

Logistic classifiers were built using the predictive variables. The AUROC score for the aBMD
model (0.719) and the best predictive model (AUROC = 0.865) are within the ranges reported
in the literature (Carballido-Gamio et al., 2019; Whitmarsh et al., 2012) and the improvement
in the AUROC score of 0.146 is of a similar order of magnitude. Using just 5 modes (ASM
modes 4 and 5, AAM modes 1, 3 and 5) resulted a similar level of performance as the best
performing fracture risk model. Four of these variables (AAM modes 1 and 3 and ASM modes
4 and 5) were identified by MLR and shown to have moderate to substantial influence on

femoral neck strength. Only AAM mode 5 was not identified as a predictor of femoral neck
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strength. A logistic regression model built using just AAM mode 1 (table 4) resulted in an
AUROC score better than that generated by aBMD, similar to that reported by Whitmarsh et
al. (Whitmarsh et al., 2012). Areal BMD is only a measure of bone density, whereas AAM
mode 1 captures both the variation in bone density as well as the cortex thickness (figure 2),
leading to a better prediction of fracture risk. The addition of AAM mode 3 further enhances

the AUROC (0.799) and precision (75.2) of the fracture risk model.

There are a number of limitations associated with this study. The examined cohort is based
on an all-female dataset. Cody et al. (Cody et al., 2000b) reported that there were differences
in the variables associated with fracture risk between men and women. Therefore, further
work is required to establish if similar trends are maintained in a mixed gender cohort. The
study is based on a sample of 94 subjects, evenly divided between fracture cases and
matched controls. The ratio of fractured femurs to controls used in comparable studies
developing logistic regression models varies from 0.53:1 (Carballido-Gamio et al., 2019b) to
1:10 (Bredbenner et al., 2014). Regardless of the ratio of fractured femurs to controls, clinical
studies have routinely demonstrated that the bone mineral density is statistically significantly
lower in the fractured cohort (Baker-Lepain et al., 2011a; Cody et al., 2000b; Gnudi et al.,
2002; Gregory and Aspden, 2008; Pulkkinen et al., 2004). In this study, mode 1 of the AAM
captures the global magnitude and distribution of bone density and clear differences were
observed between the fracture and control groups. Therefore, it is unlikely that changing the
ratio of fractured femurs to controls will change this in our study. ASM mode 4 was shown to
be a minor contributor to the prediction of femoral neck strength. Increasing ratio of control to
fractured femurs may further reduce its contribution. In terms of developing ASMs and AAMs,
a larger training set is always desirable. The active shape model is compact and extending
the size of the training cohort is unlikely to improve its quality. In comparison, the compactness
of the active appearance model is poor. Although the number of training sets does have an
influence on the quality of an active appearance model, PCA based methodologies do not

appear to be able to generate a compact model (Bonaretti et al., 2014; Bredbenner et al.,
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2014; Bryan et al., 2010; Sarkalkan et al., 2014). Alternative statistical approaches are needed
to better describe the variation in bone density distribution. This may also require the separate
segmentation of cortical and cancellous bone and of the bone marrow cavity. A number of
logistic regression models were built and the key findings summarised in Table 4. An
exhaustive search was not performed. There may be a combination of variables that result in
a minor improvement, but it is unlikely there will be a significant improvement in prediction of
fracture risk. Only two load cases were investigated, simulating stance and a fall. Finite
element analysis using these load cases successfully identified 4 out of the 5 variables
necessary to predict fracture risk. Expanding the study to explore more load cases may help
to identify the contribution of AAM mode 5 to the prediction of fracture strength and hence,
fracture risk. Finally, the logistic regression models have not been adjusted for age, body
weight or other factors. However, previous studies have shown that this only marginally
improves the prediction of femoral neck fracture risk (Bredbenner et al., 2014; Carballido-

Gamio et al., 2019).

The findings of this study further demonstrate that bone density and cortex thickness are the
primary determinants of femoral neck strength and fracture risk and bone size and morphology
are secondary factors. Depending on the number of input variables, MLR identified between
6 and 17 variables which could be included in the development of a logistic regression model.
Of the variables finite element identified as predictors of femoral neck strength, 4 contributed
to the performance of the best fracture risk model. A reasonable level of performance can be

achieved using just two AAM modes as input variable.

To address the question of whether we are reaching the limits of what can be extracted from
an image, the findings of this study would suggest that we are. The power of ASMs and AAMs
is their ability to capture all of the available information within the image. As has been shown,
a substantial proportion of the modes do not contribute to femoral neck strength and hence,
from a causality standpoint, the inclusion of these modes is unlikely to improve the prediction

of fracture risk. There are many other external factors that cannot be accounted for with the
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limited information contained within an image, including comorbidities; activity levels;
propensity to fall; type of fall etc. In the absence of this data, it appears that we are reaching

the plateau of what can be achieved from an image alone.
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