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Abstract. Prediction of trabecular fracture zone is a very important element for 
assessing the fracture risk in patients. The assumption that failure always occurs 
in local bands, the so called ‘fracture zones’, with the remaining regions of the 
structure largely unaffected has been visually verified. Researchers agreed that 
the identification of the weakest link in the trabecular framework can lead to the 
prediction of the fracture zone and consequently of the failure event. In this 
paper, a decision support system (DSS) is proposed for the automatic 
identification of fracture zone. Initially, an automatic methodological approach 
based on image processing is applied for the automatic identification of 
trabecular bone fracture zone in micro-CT datasets, after mechanical testing. 
Then, a local analysis of the whole specimen is performed on order to compare 
the structure (Volumes of Interest -VOI) of the broken region to the unbroken 
one. As a result, for every VOI, 29 morphometrical parameters were computed 
and used as initial features to the proposed DSS. The DSS comprises of two 
main modules: the feature selection module and the classifier. The feature 
selection module is used for reducing the initial size of the input features’ 
subset (29 features) and for keeping the most informative features in order to 
increase the classification’s module performance. To this end, the Sequential 
Floating Forward Selection (SFFS) algorithm with Fuzzy C-Means evaluation 
criterion was implemented. For the classification, several classification 
algorithms including the Multilayer Perceptron (MLP), the Support Vector 
Machines (SVM), the Naïve Bayesian (NB), the k-Nearest Neighbor (KNN) 
and the k-Means (KM) have been used. Comparing the performance of these 
classification algorithms, the SFFS-SVM scheme provided the best 
performance scoring 98% in terms of overall classification accuracy. 

Keywords: Trabecular Fracture Zone, Decision Support Systems, Machine 
Learning, Feature Selection, Sequential Floating Forward Selection (SFFS), 
Multilayer Perceptron (MLP), Support Vector Machines (SVM), Naïve 
Bayesian (NB), k-Nearest Neighbor (KNN), k-Means (KM). 

1 Introduction 

Prediction of trabecular fracture zone is a wide challenge not yet solved. The cost of 
fracture treatments related to fracture event are extremely high in Europe and all over 
the world. The cost related to years of healthy life lost due to disability is also high. 
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For this reason the right prediction of the fracture zone is a mandatory step for the 
study and assessment of the fracture risk in patients. 

Some in-vitro studies pointed out the importance of local variation of the framework 
for the global behavior of the whole trabecular structure [1-3]. Researchers agree that 
the identification of the weakest link in the trabecular framework can lead to the 
prediction of the fracture zone, first, and of the failure event in general. In a previous 
study the visual identification of the trabecular fracture zone was used in order to 
analyze the morphometrical characteristics of the fracture zone and use them to predict 
the fracture [2]. This approach led to a classification error of about 20%. Nonetheless, 
the visual identification of the fracture zone limited the study in time and accuracy. 
Recently an automatic scheme for the identification of the trabecular fracture zone was 
presented and validated [4]. The automatic tool allowed performing a fast and accurate 
three-dimensional identification of the broken region. Preliminary results on the 
morphometry of trabecular fracture were already presented [5]. Authors underline the 
morphometrical variability of the trabecular structure. The trabecular broken region was 
found to be a very small part of the whole specimen, and with statistically significant 
different morphology. Nonetheless, it was not possible to predict the trabecular fracture 
zone by means of standard statistical tools based on the analysis of parametrical 
distributions of mean values and standard deviations. 

Recent advances in medicine have shown that artificial intelligence (AI) techniques 
can be used towards the development and application of decision support systems to 
aid diagnosis [6].  Learning machines have already shown in various fields the 
capability to recognize different patterns starting from the analysis of specific features 
[7-11]. Nonetheless, the application of these techniques in the study of trabecular 
structure was poorly investigated [12], and, to the authors’ knowledge, was never 
applied to the prediction of the trabecular fracture zone using micro-CT images.  

The purpose of this paper is to propose a decision support system (DSS) for the 
prediction of the trabecular fracture zone using the information of structural 
differences related to the fracture region. The feature selection module is used for 
reducing the initial size of the input fea-tures’ subset (29 features) and is comprised 
by the Sequential Floating Forward Selection (SFFS) algorithm with the Fuzzy C-
Means evaluation criterion. Many traditional and well-researched classifiers were 
implemented and compared during the experimental procedure, including the 
Multilayer Perceptron (MLP), the Support Vector Machines (SVM), the Naïve 
Bayesian (NB), the k-Nearest Neighbor (KNN) and the k-Means (KM). These 
classified each pattern into two distinct classes: the non-fractured and the fractured. 
Additionally in order to improve the performance of the classification algorithms and 
reduce the size of the input features, a feature selection (FS) pre-processing stage that 
used the Sequential Floating Forward Selection (SFFS) algorithm was implemented. 
The experimental results show that the SVM algorithm using the SFFS feature 
selector provides almost perfect performance.  

2 Materials and Methods 

2.1 Data Acquisition 

One cylindrical trabecular bone specimen (10mm diameter, 24mm height) was 
extracted from a human femoral condyle of a donor without skeletal disorders during 
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the LHDL (IST-2004-026932) European Project [1]. The specimen was scanned at a 
pixel size of 19.5μm by means of a micro-CT (model Skyscan 1072, Skyscan, 
Kontich, Belgium) and mechanically tested (model Mini bionix 858, MTS Systems 
Corp., Minneapolis, MN, USA) following a previously published protocol [2, 3,13]. 
After the mechanical compression the specimen was scanned again in micro-CT 
obtaining two datasets: pre and post-failure. 

2.2 Identification of the Fracture and Non-fracture Zones 

An automatic registration scheme for the identification of the full 3D broken region 
was applied [4, 5]. The used method is a surface-based registration technique which 
involves the determination and matching of common surfaces of the two sets by the 
minimization of a distance measure [14]. The method was applied on the pre- and 
post-failure datasets every specimen. The geometrical transformation employed was 
the rigid transformation model [15]. The 3D automatic registration method was 
applied as previously described in literature [4, 5]. Every trabecula was classified as 
broken or not, based on an overlap criterion described and validated in literature [4]: 
where a trabecula of the after compression dataset overlap more than 30% with the 
same trabecula of the before compression dataset all the pixels of that trabecular were 
classified as unbroken, otherwise they were classified as broken. 

2.3 Local Analysis 

Preliminary studies already showed the extremely local nature of the trabecular fracture 
[5, 16]. Therefore, a local analysis of the whole specimen was performed on order to 
compare the structure of the broken region to the unbroken one. The whole unbroken 
dataset constitutes of a stack of 469x469x991 voxels and it was divided in 1134 cubic 
volume of interests (VOIs). Every VOI was 93x93x93 voxels and they had an overlap 
of 46 voxel in all the three dimensions (2D application is shown in Fig. 1). 
 

 
(a) 

 
(b) 

Fig. 1. Two dimensional projection of the VOIs selection is shown. a) The specimen was split 
in cubes. VOIs heaving less than 80% of the volume covered by the cylindrical shape of the 
specimen were not included in the analysis (shadowed VOIs). b) Translation of the VOIs in x 
and y is shown. 
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Due to the cylindrical shape of the specimen, not all the obtained VOIs were 
suitable for the morphometric analysis. Only VOIs having at least 80% of the volume 
covered by the cylindrical shape of the specimen were selected (Fig. 1a). The 
morphometric analysis was finally performed only on the actual tissue volume, 
defined by the cylindrical geometry of the specimen (i.e. the white part in four corner 
volumes in Fig. 1b was not included in the tissue study). 

2.4 Feature Description 

For every VOI, 29 morphometrical parameters were computed. These include 1.tissue 
volume (TV), 2.bone volume (BV), 3.bone surface (BS), 4.bone volume fraction 
(BV/TV), 5.bone surface to volume ratio (BS/BV), 6.bone surface density (BS/TV), 
7.direct trabecular thickness (Tb.Th*), 8.direct trabecular separation (Tb.Sp*), 
9.structure model index (SMI), 10.connectivity density (CD), 11-13.the eigenvalues 
(E1, E2, and E3) and 14-22.eigenvectors’ coordinates of the fabric tensor, 23-25.their 
normalizations (H1, H2, and H3), 26.the off-axis angle, 27-28.two degrees of 
anisotropy (DA1 and DA2) and 29.the ellipsoid correlation coefficient (CC). The 
normalized eigenvalues were computed using the normalization proposed by Turner 
et al. [17], obtained from the three principal directions of the ellipsoid. The above 
parameters were used as input features for the proposed DSS and were calculated for 
the VOIs of each specimen using the software “CtAnalyzer” (Skyscan, Kontich, 
Belgium). 

Tissue Volume (TV) is the total volume of every volume-of-interest (VOI). The 
3D volume measurement is based on the marching cubes volume model of the VOI. 
Bone Volume (BV) is the total volume of binarized objects of the foreground within 
the VOI or in other words the sum of voxels marked as bone. Bone Surface (BS) is 
the surface area of all the solid objects within the VOI, measured in 3D (Marching 
cubes method). The calculation of the BV/TV, BS/BV and BS/TV was also used as 
features. 

The Tb.Th*, based on the estimation of volume-based local thickness 
independently of an assumed structure type, was calculated using the sphere-fitting 
method [18]. Tb.Sp* is defined as the diameter of the marrow cavities, and was 
calculated using the same technique described for Tb.Th*[12]. The SMI is a 
topological index, giving an estimation of the characteristic form in terms of plates 
and rods composing the 3D structure. For ideal plates and rods, the index gives 
respectively the values 0 and 3, whereas for a mixed structure the SMI-index lies in 
between 0 and 3 [19]. The connectivity density is a parameter to measure the degree 
of multiple connections, and hence reports the maximal number of branches that can 
be broken in a network before the structure is separated into two parts [20]. The term 
fabric was introduced in bone mechanics as a description of the anisotropy of a 
material's microstructure [21]. The fabric tensor was defined as a positive second rank 
tensor which quantitatively describes fabric [21, 22].  

The eigenvalues of the fabric tensor (Ei) were obtained using the mean intercept 
length (MIL) technique [23, 24]. Using this technique a grid of parallel line is 
superimposed to the trabecular structure. The average distance between interceptions 
of the grid with the trabecular structure is computed and plotted in 3D. If the structure 
is orthotropic (three axis of symmetry) the distribution can be approximated to an 
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ellipsoid. The values of E1, E2, and E3 represent the principal axes in three dimensions 
(3D) of the ellipsoid. These values give information about how distant the trabeculae 
are in the three dimensions, and therefore how oriented the framework is in every 
direction. These eigenvalues and the consequent eigenvectors’ coordinates (which are 
the 3x3 fabric tensor matrix’s values) give twelve features in total. Ei were shown to 
be dependent from other structural parameters (e.g. the porosity of the structure) [25], 
therefore the normalization of the eigenvalues was also used. Normalized eigenvalues 
(Hi) were obtained from the three principal directions of the ellipsoid, using the 
normalization proposed by Turner et al. [17]: 1 1  

Degree of anisotropy (DA) is a measurement of the anisotropy of the 3D object. 
Anisotropy is a measure of 3D asymmetry along a particular directional axis. Apart 
from percent volume, DA and the general stereology parameters of trabecular bone 
are probably the most important determinants of mechanical strength [22]. The two 
DAs analyzed are the ones suggested in the literature [26, 27] and were computed as a 
ration between the three principal MILs:  ⁄ 2  ⁄ 3  

The off axis angle was defined as the difference between the main trabecular direction 
of the analyzed VOI, identified by the direction of the principal eigenvector, and the 
load direction. Finally, the CC’s value corresponds to the fitting of the ideal ellipsoid 
to the experimental one. 

2.5 Proposed Decision Support System 

The proposed decision support system (DSS) is comprised by the following modules 
(Fig. 2): 

 

Fig. 2. The proposed DSS 

The input data consists of 734 patterns in total. From these 453 belong to the non-
fractured class and 281 to the fractured class, providing an approximate ratio of 
60/40% non-fractured/fractured patterns. The original data set contained 1134 
patterns, which represent the VOIs of the specimen, but its composition was very 
unbalanced in favor of the non-fractured class. As a result 400 patterns from the non-
fractured class were randomly removed, and the rest 734 were fed to the proposed 
DSS.  
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The feature selection module is used for reducing the initial size of the input 
features’ subset (29 features) and for keeping the most informative features in order to 
increase the classification’s module performance. To this end, the Sequential Floating 
Forward Selection (SFFS) algorithm [28] with Fuzzy C-Means [29] evaluation 
criterion was implemented. This algorithm starts with a feature subset of a certain 
predetermined size and moves up or down in number in order to find the best 
composition. It usually converges to a local minimum, thus is considered suboptimal. 
The feature subset that the algorithm returns generally tries not to deviate much in 
size from the given starting size. For the experimental procedure the number of 
epochs was set to 100 and the number of starting features was set to four values, 5, 
10, 15 and 20. 

In the classification module, five well-established classification algorithms were 
implemented including the Multilayer Perceptrons (MLP) [30], Support Vector 
Machines (SVM)[31], Naïve Bayesian (NB)[32], k-nearest neighbor (KNN)[32] and 
k-means clustering (KM)[33]. The MLP had one hidden layer with 20 neurons and 
used the linear transfer function for the first stage (input-hidden) and the hyperbolic 
tangent sigmoid transfer function for the second stage (hidden-output). For its training 
the error back-propagation technique with the Levenberg-Marquardt optimization was 
used. The SVM used the Sequential Minimal Optimization (SMO) technique for 
finding the separating hyperplane and the linear kernel function (dot product) for 
mapping the training data into kernel space. For the NB the kernel smoothing density 
estimate was used for modelling the distribution of the data. The kernel used was the 
normal (Gaussian) kernel and the width was selected automatically from the Matlab 
2011b software for each class and feature.The prior probabilities for the classed were 
specified using the empirical rule which takes into account the relative frequencies of 
the classes in training. The KNN classifier used the nearest neighbor only (k=1) and 
the Euclidean distance for classifying the test data. Finally, for the KM the number of 
centroids was set to k=2 since the problems consists of two classes and the distance 
measure used was the Squared Euclidean with an online update phase. 

For the supervised learning algorithms (MLP, SVM, NB and KNN) the cross-
validation training procedure [34] was used in order to provide convenient statistical 
quality of the results. The data set was randomly broken down into five groups so that 
each group contained 1/5 of the total given patterns. As a result, the technique was 
five-fold cross-validation and the training-test ratio was 80/20%. For each of the five 
repetitions, one of the groups was considered the test set and the other four merged 
and created the training set. The mean values from all five repetitions formed the final 
values of the measures for each algorithmic scheme.  

For the unsupervised learning KM, there are no training and test sets and all the 
selected features are fed to the algorithm. The algorithm stars with the two centroids 
in random locations and then assigns each pattern to the closest centroid according to 
the selected distance measure, creating the two clusters. It then changes the positions 
of the two centroids in the feature space to the average location of the selected 
patterns of each and repeats the above procedure. It finishes when no change in the 
centroids’ coordinates is made. For the evaluation of the results the true labels of the 
patterns were compared to the labels (clusters) that the KM assigned. Since the class-
cluster assignment is interchangeable for each algorithmic run, the assignment that 
provided the higher value of the evaluation measure was considered valid each time. 
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2.6 Evaluation Measures 

Based on the confusion matrices of each classifier scheme the accuracy, the 
sensitivity and the specificity were calculated using the following equations: 

 
                                4                          5                             6  

In simpler terms sensitivity measures how precise is the classifier in predicting the 
class A, which is the non-fractured in our experiment and the specificity the same for 
class B, which is the fractured. We also used ROC space representation in order to 
more accurately assess the quality of the implemented classifiers. 

For the experiments an Intel Q9450@2.66 GHz CPU, 4GB DDR2 RAM PC 
running on Windows 7 OS was used. All machine learning techniques were 
developed using Matlab 2011b. 

3 Results 

The best system performance is obtained using the SFFS with 15 features and the 
SVM algorithm. In that case, the sensitivity 99%, the specificity 95% and the total 
accuracy is 98%. Fig. 3 is a multiple column graph that contains the visualisations 
of the percent measurements of accuracy, sensitivity and specificity for the five 
implemented classifiers. These are the mean values from 5 repetitions. Each 
measure is represented by a different shade of grey. That information is illustrated 
simultaneously for all the different feature selection scenarios that were tried out (5, 
10, 15 and 20 starting features) and for the scenario that no feature selection was 
used.  

 

Fig. 3. Experimental results for the various classification scenarios  
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In Table 1, the confusion matrices of the classification for the best feature scenario 
(15 features) are provided. These results are the mean values of 5 different algorithm 
executions. Rows correspond to the real labels and columns to the classifier’s labels. 
Class 1 is the name of the non-fractured class (90 test-patterns for each iteration) and 
class 2 of the fractured one (56 test-patterns for each iteration). The KM clustering is 
a non-supervised classification algorithm and as a result the total number of patterns 
is taken into account. From the Table 1, it is evident that the SVM shows the best 
performance. 

Table 1. Confusion Matrix for SFFS-15 Features Averaged Over 5 Independent Algorithm 
Executions 

 

Method Actual class 
Predicted class 

Class 1 Class 2 

KM 
Class 1 111 342 
Class 2 13 268 

KNN 
Class 1 86 3.8 
Class 2 4.6 52.4 

MLP 
Class 1 87.8 2.8 
Class 2 2.8 53.4 

SVM 
Class 1 90.2 3 
Class 2 0.4 53.2 

NB 
Class 1 86.2 3.8 
Class 2 4.4 52.4 

 
In Fig.4, the ROC curves of the classifiers for the SFFS with 15 features are 

shown. In the Y-axis is the True Positive Rate (TPR) which is equal to the Sensitivity 
and in the X-axis is the False Positive Rate (FPR) which is equal to (1-Specificity). 
These curves prove again that the SVM is the best classifier followed closely by the 
MLP and the rest of the supervised classifiers.  

 

Fig. 4. ROC curves 
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4 Discussion 

Trabecular fracture is a much localized event. This scenario brought a natural 
imbalance between the numbers of gathered samples that belonged to the non-
fractured class and those that belonged to the fractured class, with the first being 
much greater than the second. The original dataset contained 1134 patterns from 
which 853 belonged to the non-fractured class and 281 to fractured class, striking a 
ration of approximately 75-25%. It is common knowledge though that the two most 
important attributes of a good data set are having a big number of patterns and 
striking a balanced ratio among the different classes. As a result, 400 patterns that 
belonged to the non-fractured class were removed, but all the patterns that belonged 
to the fractured class were kept, producing the final experimental data set that was 
described earlier. This choice greatly enhanced the quality of the classifiers in every 
aspect. 

The feature selection stage was implemented in an attempt to improve the 
system’s performance and at the same time investigate the impact of the several 
input features on the classification procedure. The important parameters of the SFFS 
are the number of starting features (input features’ subset size) and the number of 
epochs, which represents the maximum allowed repetitions in case the algorithm 
does not converge in a minimum. The experimental results show clearly that the 
general performance of all the supervised classifiers is slightly affected by the 
presence of a feature selection system. For example, the SVM’s accuracy was 91% 
for 5 starting features, 96% for 10 starting features, 98% for 15 starting features (best 
case) and 96% for 20 starting features. The other supervised classifiers showed even 
smaller deviation as the features’ number increased but still could not outperform the 
SVM. The performance of the KM clustering (unsupervised) showed great variance 
in terms of the starting feature parameter’s value. Its results remain poor though 
except from the case when no FS is used; then they are acceptable but still inferior 
from the rest. Considering the features number it seems that the best option is around 
15 features. Much lower values of the starting features parameter decrease the 
performance whereas higher values do not provide any significant improvement. The 
algorithms always converged within the given number of epochs. Its running time 
was analogous of the starting features and was about 2 minutes for the 15 starting 
features case. 

In fig.5 the frequency of selection for each input feature is illustrated. Consulting 
the numbering given in the feature presentation in Chapter 2 the most important 
features, appear to be the direct Tb.Th, the direct Tb.Sp, the BV and the ‘y’ 
component of the ‘y’ eigenvector , which were selected every time the SFFS 
algorithm run. 
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Fig. 5. Frequency of selection for each feature 

Finally, it has to be noted that the only FS algorithm that was implemented was the 
SFFS. As a result it is possible that other FS algorithms may provide better 
performance and/or indicate other features as important. Nonetheless, it is important 
to notice that, among the 4 parameters always selected by the SFFS, 3 are related to 
the amount of tissue and only one is related to the orientations of the structure. 
However, the meaning of Tb.Th and Tb.Sp analyzed together is related to the number 
of trabeculae within the analyzed VOI. Therefore, it is suggested that the number of 
trabeculae, the amount of bone and the orientation of the structure are the most 
important parameters, leaving out of the discussion the anisotropy of the tissue, the 
connectivity of the structure and the plate/rod shape of the trabeculae. Nonetheless, 
even if 734 specimens were analyzed, we must remember that the whole study is 
related to the analysis of only one physical specimen. A bigger sample size should be 
analyzed before any reliable physical meaning could be carried out.  

The importance of the features seems the most interesting topic though since the 
performance achieved without the FS stage is generally very good (over 90% 
accuracy for all implemented schemes). Nonetheless, FS is a mandatory step in order 
to move to the clinical domain. Micro-CT images of in-vitro specimens allow to 
perform very accurate analysis and to compute a great number of parameters. 
However, it is strongly improbably to be able, even in the future, to perform such in 
deep analysis on clinical images. For this reason it is important to identify the most 
important parameters and find a way to compute the same parameters in clinics.  

Considering the optimal classifier the 15 features scheme will be taken into 
account. In that case the performance of all the supervised classifiers is very good but 
the most robust and efficient option for this binary classification problem seems to be 
the SVM. It performed almost perfectly and needed in general very low amount of 
training time (about 1 second). Concerning the MLP training time the number of 
epochs it needed was around 10, a very low number as well. It has to be noted that the 
unsupervised KM clustering performed worse than all the supervised schemes, mainly 
because it showed a clear tendency in classifying the majority of the patterns to the 
fractured class.   
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