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A B S T R A C T

Osteoporotic hip fracture is a worldwide health problem, but its understanding is still out of reach. Finite 
Element models are often implemented to study the phenomenon, but the analysis of simulation’s results is in 
discussion. The simple identification of maximum stress or strain might be misleading and only partially related 
to the development of the fracture.

The aim of the present study is to identify regions with statistically significant differences between fractured 
and control patients using a rigorous methodology based on Random Field Theory.

A cohort of 90 osteoporotic female subjects was used: 45 fractured and 45 controls. 3D FE models were built 
from Dual-energy X-ray Absorptiometry (DXA) acquisitions. The cohort included both neck and trochanteric 
fractures.

Areas with statistical differences were selected through Random Field Theory. The suitability of the selected 
elements for the discrimination of a fracture event was validated through the area under the curve (AUC) 
methods, and binary logistic regression with leave-one-out validation.

The FE models elements identified in such a way were below 7 % of the total elements. Major Principal Stress 
in the selected elements showed an AUC up to 0.95. Patients were classified with an accuracy of up to 84.2 %.

The methodology explored focused the analysis on specific points. This approach not only allowed for reaching 
a relevant classification power, but also suggested a specific bone remodeling process, including reduction of 
variability and interacting behavior between cortical and trabecular bone.

In conclusion, a novel approach to finite element model analysis is presented, showing good classification 
power and extraction of information about bone remodeling in osteoporotic subjects.

1. Introduction

Osteoporotic hip fracture represents a great social and economic 
burden in developed countries [1]. The fractures are often associated 
with physical disability, reduction of quality of life, and increased 
mortality. Due to changes in population demographics, the number of 
men and women with osteoporosis is rising. Especially postmenopausal 
women are at a significantly higher risk of developing osteoporosis due 
to hormonal changes that accelerate bone loss. In the EU the number 
passed from 27.5 million in 2010 to 32 million in 2019, and it is still 
increasing [2,3]. In addition, the incidence of osteoporotic hip fractures 
has an evident impact on health care costs for pre- and post-fracture 
treatments, resulting in many days spent in the hospital. In the same 
years, the economic burden of the incident and prior fragility fractures 

rose from 37 billion euros in 2010 [3] to 57 billion euros in 2019 [2].
Because the incidence of osteoporotic hip fracture is closely related 

to the growth of the elderly population, the identification of rigorous 
methodology for early diagnosis and identification of mechanisms of the 
pathology constitutes an important clinical aim to properly select the 
appropriate treatment for every patient. Therefore, this study aims to 
present a novel methodology for the identification of the statistically 
critical areas associated with fracture discrimination.

1.1. Diagnostic tools for assessment of osteoporosis and fracture risk

The onset of osteoporosis is closely related to bone density loss, 
causing the weakening of the bone, and making it more susceptible to 
fracture risk. Several techniques are commonly used by clinicians to 
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measure the amount of mineral content (BMC) and density (BMD) in the 
bone [4].

Dual-energy X-ray absorptiometry (DXA) is the most widely used 
technique to detect osteoporosis because it is easy, quick, and minimally 
invasive. The amount of radiation dose used is extremely small, and 
therefore compatible with screening use and making DXA the gold 
standard for diagnosing osteoporosis. Nevertheless, DXA measures 
areal, not volumetric, BMD, introducing limitations in the analysis of the 
pathology.

By contrast, Quantitative Computed Tomography (QCT) provides a 
method to assess osteoporosis in relation to a direct volumetric BMD 
measurement [5]. The three-dimensional information obtainable from 
QCT allows for the development of patient-specific Finite Element 
Models (FEM). This combination of methodologies is widely employed 
in clinical studies to evaluate the influence of factors such as age and 
gender on the investigated groups [6] and to analyze the effect of drug 
therapy on the treatment of osteoporosis [7].

However, compared to DXA, the QCT technology uses a higher dose 
of radiation, is less available for clinicians, and more expensive; there
fore, it cannot be used as a routine diagnostic tool.

To overcome this limitation, nowadays it is possible to use statistical 
shape and appearance models to obtain 3D shape reconstruction and 
BMD distribution starting from 2D DXA images [8]. This approach also 
allows the definition of patient-specific FEM for the prediction of oste
oporotic fractures. DXA-based FEMs have not been evaluated in clinical 
studies as deeply as QCT models, but have the potential to enter the 
clinical routine settings [9].DXA-based FEM brings with it the advan
tages of a minimally invasive procedure to evaluate not only tissue 
condition but also biomechanical descriptors of bone fracture obtained 
from simulation [10].

1.2. Statistical identification of the critical region

Once the FEM is developed and the distribution of stresses is ob
tained, the issue of data analysis comes into place. A common selection 
of critical areas is based on the identification of maximum stresses and 
strains. However, these regions might be only partially related to the 
development of the fracture [11].

Moreover, by virtue of the local nature of the fracture [12] not all the 
anatomical volume (proximal femur) takes part in the fracture, and 
using a mean value would be inappropriate, although surrounding areas, 
far from the fracture line, might actually be determinant in the devel
opment of the fracture. For these reasons, the visual identification of 
regions of elements does not represent a reliable criterion to discrimi
nate different critical regions between investigated osteoporotic groups.

On the other hand, statistical analysis based on the evaluation of 
FEM results in each element is not a valid option since the Bonferroni 
correction required in virtue of the multiple comparison problem comes 
at the cost of increasing the false negatives and reducing statistical 
power [13].

Random Field Theory (RFT) [13], along with its topological exten
sion based on Statistical Parametric Mapping (SPM), offers a way to 
address the multiple comparison problem by accounting for the corre
lation between nearby elements in the finite element (FE) model, which 
are spatially related due to the physiological nature of the signal. In 
other words, the application of RFT takes the multiple comparison 
problem from discrete to continuous contexts. An example of the 
application of RFT is reported in the literature, especially concerning 
gait analysis [14]. The application of RFT can be divided into three 
different steps: 

1. Estimation of smoothness with the effect of blurring data reducing 
the number of independent observations [13].

2. Use of the smoothness to calculate the Expected Euler characteristic 
E[EC] at different thresholds. The threshold corresponds to the 
probability of finding an above-threshold region in a smooth 

Gaussian field, approximately associated with the probability of 
family-wise error E[EC] ≈ PFWE [13].

3. Use of the EC to calculate a proper threshold, which lets us reject the 
null hypothesis (equality of the averages between fracture and con
trol) with an error α, specified by the user [13].

At the end of this procedure, a list of probability p-values, one for 
each threshold-surviving cluster, is obtained.

This work aims to present a novel and rigorous methodology. The 
main objective is to identify the statistically critical areas associated 
with fracture discrimination using RFT applied to DXA-based FEM. We 
applied this methodology over a reference dataset and presented the 
preliminary results.

2. Materials and method

2.1. Study cohort

The methodology was applied to 90 female subjects, who had taken 
part in a previous study [10]. All subjects were post-menopausal oste
oporotic subjects: 45 had suffered from fracture located in the proximal 
femur (neck or trochanter) and 45 characterized by the lack of previous 
fracture were used as control. Therefore, the study is divided into two 
groups. One for the study of neck fracture (26 fractured and 26 control), 
and the other for the study of trochanteric fracture (19 fractured and 19 
control). Data of fractured patients were obtained from DXA images 
before the fracture event.

The use of clinical data, including DXA 2D images for the recon
struction of 3D FEM using the software 3D-Shaper® (version 2.6, 3D 
Shaper Medical, Barcelona, Spain), was evaluated and approved by the 
ethics committee of the University Hospital Mutua de Terrassa [10].

Three-dimensional distribution of BMD was also obtained from 3D- 
Shaper® and implemented in the FEM. Both cortical and trabecular bone 
were considered as linear isotropic elastic materials. The Young modulus 
was obtained from the volumetric bone mineral density using an 
empirical relationship as implemented in Ref. [10]. The boundary 
conditions used for lateral fall simulations were described in the liter
ature [10]. Briefly, the femur distal part was fully constrained, the 
trochanter was fixed in the direction of the force, and a patient-specific 
fall force was applied at the femoral head (Fig. 1 - a) and computed as in 
Equation (1) [15]: 

Ffall =
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
2*g*hc*ktissue*m

√
(1) 

In the formula g is the gravity acceleration field (9.81 m/s2), hc is the 
height of the patient to its center of gravity, m is the mass of the patient 
and ktissue is the trochanter soft tissue stiffness. The soft tissue stiffness for 
women was considered 71 N/mm based on the study of Robinovitch 
et al. [16]. The values, per element, of Major Principal Stress (MPS) and 
Major Principal Strain (MPE) were used for statistical analysis [20]. The 
unit of measurement of MPS and MPE are N/ mm2 (MPa) and mm/mm, 
respectively.

For all subject-specific FE femur models, for both groups (fractured 
and controls), MPS and MPE were extracted by trabecular and cortical 
bone (Fig. 1 - b).

Each subject-specific model consists of the same number and type of 
elements (126,800 hexahedral elements) and the same number of nodes 
(132,120). This means that all models have one-to-one correspondence, 
i.e., element 1 of model 1 is built by the same nodes that element 1 of 
model 2. Such correspondence makes it possible to consider a unique 
structural geometry as a reference, where each element will correspond 
to the value of a specific variable (MPS, MPE) for each osteoporotic 
patient.

In addition, the elements on which the boundary conditions had been 
applied were excluded from the analysis (Fig. 1 - c). These modifications 
to the FE original geometry led to a reduction of the number of elements 
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(trabecular tissue = 68327, cortical tissue = 16353, total = 84680).

2.2. Data organization

The results concerning BMD, MPS, and MPE extracted by simulations 
represent the input data provided to SPM to conduct statistical analysis 
between the two recruited groups (fractures and controls). The software 
Spm1d (version M.0.4.10) [17] was used to obtain one-dimensional 
SPM.

The software, open source, and implemented in MATLAB by Todd 
Pataky,1 requires experimental data described as “1D continua” (1D 
trajectories) to make statistical inferences under RFT [18]. FEM output 
3D data is not organized in a stack of bi-dimensional images, and this 
makes the application of RFT challenging. This problem can be over
come by the implementation of a 1D trajectory.

2.2.1. Creation of a one-dimensional trajectory
The implementation of a one-dimensional field is obtained by 

replacing the 3D FE geometry with a 1D ordered sequence of elements. 
Because each element belonging to the FE femur model consists of 8 
nodes, only one node for each element has been chosen for the creation 
of the path. As a general criterion of choice, for each element, the 
junction node corresponds to the node in the first position. In the case 
that different elements have the same junction node, the developed al
gorithm (implemented in MATLAB) selects another reference node, 
among the potential 7 remaining, for the second repetition. And so on 
for any subsequent repetitions. At the end of this procedure, to each 
element in which the variable of interest (MPS, MPE, and BMD) is 
calculated, there is a corresponding node in the path. The list of nodes, 
node coordinates, elements, and variables of interest were extracted 
from FE simulations, previously implemented in Abaqus 2018 (Dessault 
Systèmes).

To reduce the risk of spatial discontinuity, the sequence of reference 
nodes in the path follows a logical order based on the minimum distance 
between them. The risk of discontinuity, due to different types of tissue, 
was indeed avoided, achieving two distinct trajectories: one for 
trabecular tissue and one for cortical tissue.

Starting from the spatial coordinate of each reference node, the al
gorithm proceeds in steps: 

1. Arbitrary choice of the first node of the path. It represents the origin 
of the one-dimensional trajectory.

2. Calculation of Euclidean distance between the origin node of the 
path and all reference nodes. The node with the minimum distance 
from the origin will be the second node of the trajectory.

3. Calculation of Euclidean distance between the second node in the 
path and all remaining reference nodes. The node with the minimum 
distance from the second node will be the third node in the 
trajectory.

4. The algorithm is repeated until the path containing all reference 
nodes is created.

5. Adding up all the distances between a reference node and its previ
ous node in the path, the total distance from the origin is obtained 
(Fig. 2).

At the end of the 5th step, each patient for each investigated group 
will be represented by a one-dimensional ordered sequence of elements, 
valid for all subjects, being each patient-specific FEM based on the same 
mesh. A continuum of values of maximum absolute stress and strain, 
associated with each element of the trajectory, will be created for each 
patient.

2.2.2. Smoothing
Before conducting tests, the 1D continuum, for each patient, is 

smoothed using the full width at half-maximum (FWHM). The spatial 
smoothness essentially increases the signal-to-noise ratio and allows 
using the RFT for thresholding.

Given the critical role of smoothing in the analysis, 6 different con
ditions were tested. Starting from the absence of smoothing (original 
data), the smoothing Gaussian kernel was increased with the step of 5 
elements up to a maximum of 25 (about 2.5 cm).

2.3. Statistical analysis of 1D continua: Two-sample t-test

Two-sample (independent) t-tests, performed using “spm1d”, were 
applied to examine the effects of MPS, MPE, and BMD in fractures and 
control groups, taking into consideration the region of fracture (neck or 
trochanter) and type of tissue (trabecular and cortical). For a 1D dataset, 
the goal is to quantify the probability that smooth, random 1D continua 
would produce a test statistic continuum whose maximum exceeds a 
particular test statistic value [19].

Test outputs are reported in an SPM. In particular, where SPM{t} is 
above the critical RFT threshold, one or more clusters of elements are 
recognized as significant, identifying the critical regions. Each cluster is 
defined by a specific p-value, equal to or less than alpha (specified by the 
user at 0.025 since for each kind of fracture, neck, and trochanter, we are 
testing two variables, MPS and MPE), for which the null hypothesis is 
rejected, and the cluster of elements will be considered as statistically 
significant. Otherwise, if the 1D test statistic field SPM{t} does not reach 
the critical threshold, no supra-threshold clusters will be generated, and 
the null hypothesis will not be rejected.

Fig. 1. (a) Boundary conditions applied to FE model. (b) Bone tissue: trabecular and cortical. (c) Zone of analysis. Areas in proximity to boundary conditions were 
removed to create the zone of analysis.

1 https://spm1d.org/.
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2.4. Second-level analysis: Two-way ANOVA with repeated measures

Once the critical region is identified for each parameter and each 
type of fracture, averages and standard deviations of MPS, MPE, and 
BMD were computed over the selected FEM elements. A two-way 
ANOVA with repeated measures was performed to analyze possible 
statistically significant interactions between factors on the dependent 
variable. The two factors analyzed were “Group” (between-subjects 
factor – Control or Fractured) and “Type of tissue” (within-subjects 
factor – Cortical or Trabecular). Analyses were performed using SPSS 
(version 23.0; IBM Corp., Armonk, NY, United States).

2.5. Receiver Operating characteristic (ROC) curves and classification

The results of the second-level analysis were finally compared to the 
analysis performed over the whole neck and trochanteric regions. The 
capability of discriminating fractures from control subjects was tested by 
performing a ROC analysis and computing the area under the curve 
(AUC) for the parameters identified.

The input features were all the significant variables identified in the 
second-level analysis. Variables representing significant interactions 
were calculated by multiplying the values computed in the two levels of 
the within factor (cortical and trabecular tissue) and comparing the 
results between fracture and control subjects.

Finally, a binary logistic regression with leave-one-out validation 
was applied to perform patient discrimination. Stepwise feature selec
tion was used to identify the variables producing the best classification 
in terms of accuracy. This also allowed for the identification of the most 
relevant variables for fracture identification.

The analysis was implemented in Matlab (R2024a) and repeated for 
each smoothing level, and the results were compared.

3. Results

3.1. Smoothing selection based on the classification results

The whole process of analysis described in the Material and Methods 
sessions 2.3 to 2.5 was repeated 6 times to test the effect of the 
smoothing level over the final classification result. Classification accu
racy for neck and trochanter fractures is shown in Fig. 3. Different levels 
of smoothing varied the accuracy of the classifier from 71 % to 84 % for 
the classification of trochanter fractures, and from 65 % to 81 % for the 
classification of neck fractures.

For the sake of clarity, we will here present detailed results only for 
the smoothing that gives the best classification results for both 
trochanteric (smoothing 5) and neck (smoothing 20) fractures. Extended 
results are shown in the supplementary materials.

3.2. Two sample t-test

For each comparison, different SPMs have been obtained about the 
different variables of interest (MPS/MPE/BMD), type of tissue (trabec
ular/cortical), and type of fracture (neck/trochanter). An example in 
Fig. 4. The graphs show the variation of the dependent variable along 
the order sequence of elements in the path. The thick black line depicts 
the test statistic continuum SPM{t}, while the red dashed line is the 

Fig. 2. 1D trajectory of the FE femur model.

Fig. 3. Classification accuracy is shown for neck and trochanter fractures for 
the six different levels of smoothing.

Fig. 4. SPM obtained by two-sample t-test between Neck fracture patients and 
controls concerning MPS variable in trabecular bone.
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critical threshold t* at α value.
Test outputs of each SPM, concerning test statistic computation and 

statistical inference, are reported in Table 1. The highlighted cells 
identify the tests in which the null hypothesis is rejected.

The tests, concerning the variable MPS, produced significant clusters 
in relation to cortical and trabecular tissue, both comparing fractured 
neck patients with controls and fractured trochanter patients with 
controls.

By contrast, the tests concerning the variable MPE, produce signifi
cant clusters in both tissues only comparing fractured trochanter pa
tients with controls. These results show how both MPS and MPE in the 
critical zones of fractured subjects are lower compared to controls. The 
significant elements over which conducting the analysis are indeed a 
small percentage of the total elements of the model (Table 2). BMD 
distribution was also tested in both groups and tissues, but no statisti
cally significant differences were observed.

3.3. 3D visualization

The 3D visualization, reported in Fig. 5, provides statistically sig
nificant elements, belonging to the trabecular, cortical, and both tissues, 
respectively. Only the 3D visualizations of the proximal femur that result 
from tests that have produced significant clusters are shown. Significant 
elements are marked in red.

3.4. Second-level analysis

Two-way ANOVA was run over the elements identified as significant 
by the SPM. Values of stress and strain were averaged in each cluster and 
were tested together with their standard deviation. The difference be
tween groups was found to be significant by definition since the test was 
run over the elements identified as critical regions by the SPMs. Dif
ferences in stress and strain between trabecular and cortical bone are 
also straightforward, as the different tissues have distinct load capacities 
and distributions. Therefore, cortical bone always exhibits higher MPS 
and lower MPE. This analysis aimed to study the interaction between the 
two factors and the variability of the results in terms of standard devi
ation within the critical area.

Interactions between tissue and group were significant in all cases, 
and always suggested a reduced difference in MPS and MPE, and their 
standard deviation, in the fractured group compared to the control one 
(Fig. 6). In neck fractures, the SPM identified only elements with critical 
MPS. Differences in the standard deviation of MPS values were always 

significant in both neck and trochanter fractures, between groups, tis
sues, and interactions, with cortical bone always showing higher vari
ability compared to the trabecular bone, and control subjects presenting 
higher variability than fractured ones. Differences in the standard de
viation of strain values were significant in trochanter fractures, again 
with cortical bone, and in general control subjects, showing a higher 
standard deviation. The interaction was also significant for the averaged 
values of stress in both neck and trochanter fractures. In the latter, 
average values of strain were also significant. In all analyzed cases p <
0.0005.

3.5. ROC curves and classification

ROC analysis was performed, and the AUC was computed for each 
significant variable. Interactions were computed as the product of the 
two tissues’ MPS and MPE values. Results are summarized in Table 3.

Binary logistic regression was applied to perform subject discrimi
nation. The trochanter fracture showed a better classification (Table 4). 
For the best smoothing coefficient, the classification of neck fractures 
identified only three variables, which were always the same with very 
similar coefficients in all the training sets: Std. Dev of trabecular MPS, 
Interaction between the MPSs, and Interaction between the MPS Std. 
Dev. Between 2 and 4 features, depending on the training set, were 
required to classify trochanteric fracture, but the three most used were 
Std. Dev of cortical MPS, trabecular MPS, and Std. Dev of trabecular 
MPS.

A two-dimensional representation of the classification procedure for 
both neck and trochanteric fractures is presented in Fig. 7.

4. Discussion

The research question investigated in this study concerns the appli
cation of a rigorous methodology to identify statistically different re
gions between controls and fracture patients. The methodology provides 
a quantitative and qualitative approach that allows the statistical anal
ysis of distributions obtained by finite element models. Moreover, the 
proposed approach overcomes the limitation of the multiple comparison 
problem that would arise from testing all the elements of a FEM. Finally, 
visual identification of the specific regions involved in fracture 
discrimination is given. However, it is important to remember that the 
study was performed over a relatively small cohort of 90 subjects, which 
restrict the generalizability of the results. Future validation over a larger 
dataset is necessary.

4.1. Interpretation of statistically significant stress differences

The results obtained, resumed in the tables of test outputs (Table 1), 
suggest how the dependent variable MPS is dominant compared to the 
variable MPE, in agreement with Ruiz Wills el al. [10], but also pre
senting an effect of MPS over a larger anatomical area compared to MPE. 
It is also observed that both MPS and MPE always present reduced values 
in the significant regions of the fractured patients. This might seem a 

Table 1 
SPM statistical Inference.
SPM {t} statistical inference in relation to compared group (fractured/controls), 
zone of fracture (neck/trochanter), type of tissue (trabecular/cortical) on vari
able MPS and MPE. Significant differences (α<0.025) between the fracture and 
control groups are in bold. Description of the variables: FWHM – The estimated 
full-width at half maximum of 1D Gaussian Kernel which produces the same 
smoothness of observed residuals in the case it is convolved with 1D Gaussian 
continua; Resels – Resolution elements that represent the total number of in
dependent processes in the continuum; z* – Critical Random Field Theory sta
tistical threshold; n – It defines how many supra-threshold clusters have been 
generated.

SPM{t} inference Neck Trochanter

Trabecular Cortical Trabecular Cortical

MPS FWHM 51.305 60.5497 20.1654 28.8526
Resels 1.33E+03 270.059 3.39E+03 685.5450
z* 5.094 4.6 5.6727 5.1216
n 49 9 288 27

MPE FWHM 64.4779 67.7822 23.5079 28.1326
Resels 1.06E+03 241.2433 2.91E+03 581.2476
z* 5.024 4.565 5.62 5.0643
n 0 0 2 15

Table 2 
Number and percentage of statistically significant elements.

MPS MPE

Neck 
Fracture

Trochanter 
fracture

Neck 
Fracture

Trochanter 
fracture

Control Control Control Control

Significant 
elements 
(n)

Trabecular 502 4747 0 12
Cortical 95 371 0 118
total 597 5118 0 130

Significant 
elements 
(%)

Trabecular 0.73 % 6.95 % 0.00 % 0.01 %
Cortical 0.58 % 2.27 % 0.00 % 0.72 %
total 0.71 % 6.04 % 0.00 % 0.15 %
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counterintuitive result since higher MPS is usually related to a higher 
risk of fracture [20]. However, it might be highlighted that the identified 
critical clusters are not necessarily related to the fracture region but are 
regions where the differences between the groups are statistically significant. 
These regions appear to be small compared to the total modeled region, 
emphasizing the importance of analyzing the local behavior of the bone 
(Table 2). In the case of a neck fracture, fewer than 1 % of the elements 
are enough to correctly classify about 81 % of the subjects. It is confir
mation that not the whole area examined can be considered significant 
as a critical region. Although this area includes regions usually subjected 
to the risk of fractures (neck and intertrochanter), other areas can play a 
key role. In the comparison between trochanter fracture patients and 
controls, MPS variable was identified as significant in about 6 % of the 
elements. Palanca et al. highlighted in their experimental study the 
importance of local bone distribution in fracture classification [21]. The 

results, therefore, demonstrate that it is possible and suggested to reduce 
the analyzed regions to a subset of elements that revealed a statistical 
difference between the investigated groups. This result is in line with the 
study of Ruiz et al. [22] where manually-selected reduced risk areas 
allowed for a better classification of the patients.

In addition, it is observed that the percentage of statistically signif
icant elements belonging to trabecular tissue is higher than those 
belonging to cortical tissue in relation to MPS variable. However, the 
opposite situation is presented for MPE variable, i.e., the elements with 
statistical significance were higher for cortical than for trabecular tissue.

4.2. Visual patterns and their anatomical relevance

Three-dimensional visualizations of the critical regions are reported 
in Fig. 5. The image obtained by comparison between neck fracture 

Fig. 5. 3D visualization of statistically significant elements. Critical regions are shown for a) neck fracture in relation to MPS variable; b) trochanter fracture in 
relation to MPS variable; c) trochanter fracture in relation to MPE variable, concerning trabecular tissue (left), cortical tissue (center), and both tissues (right) 
respectively.
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Fig. 6. Interactions between group and tissue are shown. MPS and its standard deviation (respectively left and right columns) are presented for the neck (a,b) and 
trochanter (c,d) fractures. Interactions of MPE and its standard deviation for trochanter fracture are also shown (e,f).

Table 3 
ROC-AUC values by the zone of fracture and type of tissue.

Neck Trochanter

Trabecular Cortical Trabecular Cortical

MPS 0.88 0.82 0.95 0.92
MPS Std.Dev 0.83 0.80 0.94 0.87
Interaction MPS 0.85 0.94
Interaction MPS Std.Dev 0.83 0.91
MPE – – 0.90 0.90
MPE Std.Dev – – 0.69 0.87
Interaction MPE – 0.91
Interaction MPE Std.Dev – 0.78

Table 4 
Confusion matrix for the classification based on binary logistic regression. The 
average result of all the final results of the test-set are presented for Neck and 
Trochanter fractures.

Observed Predicted

Group Percentage Correct

control fracture

Neck Group control 21 5 80.8
fracture 5 21 80.8

Overall Percentage ​ ​ 80.8
Trochanter Group control 16 3 84.2

fracture 2 17 89.5
Overall Percentage ​ ​ 86.8
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patients and controls on MPS shows a considerable number of significant 
elements identified in the intertrochanter area and also below the 
greater trochanteric area. It means that the future clinical analysis that 
must be performed to identify the risk of neck fracture must not neces
sarily be based on elements belonging only to the neck region. Statisti
cally significant elements are evident in both trabecular and cortical 
tissue.

A similar situation was also reported for the risk of trochanteric 
fracture (Fig. 5 b). MPS distribution resulted significantly different, not 
only in the inter-trochanteric area. The upper part of the neck and the 
lower part of the proximal femur were involved. In particular, the sig
nificant regions of cortical tissue were identified mainly outside of the 
trochanteric region.

For MPE distribution, only two clusters of elements were identified 
as significant in the trabecular tissue (Table 1), and they were both in the 
neck region, although a trochanteric fracture was analyzed. In the 
cortical tissue, both the neck and trochanter regions showed critical 
zones, but the neck region was still the bigger one.

4.3. Insights on bone tissue variability and remodeling

The second level analysis allowed us to identify two effects that, to 
the knowledge of the authors, were never examined before: variability of 
the results within the tissues and interaction between tissues.

The clusters of elements identified as critical by the SPMs, showed 
different distributions of values. However, the standard deviation of 
those distributions was also significantly different (Fig. 6). Reduced 
variability of the mechanical response in the tissues is an interesting 
biological insight into the remodeling of bone perpetuated by osteopo
rosis. This result is presented together with the significant interactions 
identified in this study. Both average values and their variability 
decrease in the fracture subjects, but this decrease is not the same for 
trabecular and cortical bone. MPS values decrease more in cortical bone, 
both in average and standard deviation, therefore reducing the differ
ence between the two tissues in the fractured subjects.

4.4. Classification implications from ROC and logistic regression

Sixteen out of eighteen of the variables computed in the critical re
gion showed an AUC higher than 0.8, and in the case of the trochanter 
fracture, 4 variables showed an AUC higher than 0.9 (Table 3). The 
possibility to compute MPS and MPE, their variability and interaction, 
only in the critical region presents a high potential for the discrimination 
of patients at risk of fracture. In particular, the higher AUC values are 
related to MPS (0.95) and its standard deviation (0.94) in the trabecular 
bone and the interaction between the two tissues (interaction MPS 0.94, 

interaction MPS Std.Dev 0.91).
The features selected for the classification of the subjects can help us 

in understanding what generates the risk of fracture. In the case of neck 
fracture classification, the leave-one-out validation presents an accuracy 
of 80.8 % and identifies as best predictor the standard deviation of MPS 
in trabecular bone, the interaction of MPSs, and the interaction of their 
standard deviation. Decreased MPS standard deviation, combined with 
the decreased difference between the variability of MPS in cortical and 
trabecular bone, is associated with the fractured subjects. Even though 
the MPS of trabecular bone showed the highest AUC (0.88), the best 
combination selected by the step-wise feature selection does not include 
this parameter.

Higher classification accuracy was reached in the identification of 
subjects presenting trochanter fracture, where it was possible to 
correctly classify 86.8 % of the cases. Decreased MPS in the trabecular 
bone, combined with decreased MPS standard deviation in the cortical 
bone, is associated with fractured subjects.

It has been reported that FE modelling provides higher discrimina
tive and predictive power than aBMD as a singular metric for hip frac
ture risk [23,24]. Grassi et al. [23], using standard AUROC analysis, the 
clinical benchmark for predictions, showed that FE-derived strength 
(AUROC up to 0.78, p = 0.017) is significantly better than aBMD 
(AUROC = 0.72), a critical finding validated even when FE models were 
derived from clinically available 2D DXA scans.

On the other side, the application of machine learning algorithms in 
the prediction of bone fractures is of great interest [25,26]. However, 
these techniques generally require high numerosity to present good re
sults and avoid overfitting. Nishiyama et al. [24] used a Support Vector 
Machine (SVM) model with tenfold cross-validation to classify subjects 
with prior fractures. The combined model of volumetric BMD (vBMD) 
and FE estimates achieved a high 91.4 % classification accuracy 
(AUROC = 0.94), showcasing the strong potential of combining 
biomechanical simulation outputs with powerful machine learning al
gorithms. Nishiyama achieved very good results, but using QCT images 
as a basis for the development of finite element models, which limits the 
applicability of this approach in clinics.

The techniques presented in our study, such as Random Field Theory 
(RFT), have shifted the focus from a global hip strength score to iden
tifying the statistically significant localized stress concentrations that 
initiate fracture, showing that accuracy gains are achieved by under
standing where and how the bone is most vulnerable. Given the limited 
sample size, it was not the objective of the present study to introduce a in 
deep study about the use of machine learning. We introduced a step of 
classification using simple linear techniques to present a complete 
pipeline of analysis and allow an insight into the variables that can play 
the biggest role in fracture prediction.

Fig. 7. Two-dimensional representation of the classification procedure. The plotted line is the linear law based on the parameters defined by the Stepwise procedure. 
Performances of the classification law in separating the fractured from control subjects are shown for both neck (on the left) and trochanter (right) fractures.
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4.5. Clinical applicability

Nowadays, clinical screening for osteoporosis is based on DXA im
ages, where 2D mineral density distribution is observed in macro-areas, 
like the femoral neck and the great trochanter, to estimate the risk of 
fracture. The present study introduced a different clinical approach, 
focusing the analysis on reduced and statistically significant regions of 
interest and examining the interactive relationship between trabecular 
and cortical tissue. The approach has the potential to be applied in 
clinics since it is based on DXA images, a routine screening technique in 
most hospitals. It can be implemented during follow-up to assess the 
specific changes of density and stress distribution in the critical areas. 
Also, the effectiveness of drugs could be evaluated by measuring the 
changes in densities in specific areas, not generally in the neck and 
trochanteric regions. Our results are a step forward for the development 
of a precise and clinically actionable predictive tool derived from stan
dard 2D DXA images.

5. Conclusions

In conclusion, this study introduces the use of RFT and SPM in the 
analysis of FEM for the study of osteoporotic fractures. RFT makes it 
possible to overcome the multiple comparison problem that occurs when 
a lot of dependent tests are performed, as in this instance, allowing the 
identification of regions where the difference between the groups is 
statistically significant. In the fractured group, those regions showed 
reduced MPS and MPE, reduced variability, and reduced difference in 
the behaviour of cortical and trabecular bone.

The dataset used in this study is the same as that presented in Ruiz 
Wills et al. [10,22], nonetheless, the innovative protocol used to sta
tistically identify critical regions allowed for an increase in both the 
ROC-AUC (up to 0.95) and the classification accuracy (up to 86.8 %), 
which in the cited studies reached a maximum of 0.91and 79 % 
respectively. Most importantly, it allowed us to study the mechanical 
behavior of trabecular and cortical tissue and the anatomical identifi
cation of critical regions. The use of subject-specific FEM obtained from 
CT scans was widely presented in the literature, showing AUC values, 
generally higher than those obtained using only BMD, and ranging from 
0.7 to 0.86 [27–29]. To the authors’ knowledge, only one study presents 
an AUC of 0.95 analyzing FE-strength in multiple loading conditions 
[30]. The present study obtained results comparable to the best results 
obtained in the literature using models generated from DXA images, 
which is a screening imaging technique. We introduced a different 
concept of analysis that can be applied in the clinic on a large population 
during clinical routine follow-ups.

The results presented here are limited to the reduced sample size; 
however, they underline the importance of the right selection of the 
critical region and of the variability of the parameters within the 
selected region. It should be clear nowadays that focusing the analysis 
only on the regions of maximum stress or strain is not the best way to 
assess the problem of fracture.

These results, if confirmed in the following studies in larger cohorts, 
might allow us to study osteoporosis, focusing attention on the critical 
regions, and could give new insight into the progression of the pathology 
and remodeling of the tissue.
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