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This study aims to select the important features from the combination of
porous trabecular pattern with anthropometric features for osteoporosis
screening. The study sample has their bone mineral density (BMD) measured
at the proximal femur/lumbar spine using dual-energy X-ray absorptiometry
(DXA). Morphological porous features such as porosity, the size of porous,

and the orientation of porous are obtained from each dental radiograph using

digital image processing. The anthropometric features considered are age,
Keyword: height, weight, and body mass index (BMI). Decision tree (J.48 method) is

. used to evaluate the accuracy of morphological porous and anthropometric
Anthropon_wetr_lc features features for selection data. The study shows that the most important feature is
Dental periapical X-Ray age and the considered features for osteoporosis screening are porosity,
Osteoporosis _ vertical pore, and oblique pore. The decision tree has considerably high
Porous extraction accuracy, sensitivity, and specificity.
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1. INTRODUCTION

Osteoporosis, a common metabolic disease characterizes by reduced bone mass and thinning of the
trabecular microarchitecture, frequently results in fractures of vertebrae, hip, or forearm. There is a consensus
that BMD should be used for operational definition of the degree of osteoporosis. Measurement BMD is the
principal method of diagnosis of osteoporosis because patients with low BMD values have elevated risk of
developing a bone fracture. DXA is the standard technique for determining BMD. However, BMD testing
using DXA for all postmenopausal women is not practical. Because of the relative high cost and limited
availability of DXA equipment, DXA cannot detect microstructure of bone architecture, which is the key to
bone quality [1].

To overcome these problems, many studies have developed methods to assess bone quality using
microstructure of bone architecture indicators. It has been demonstrated that trabecular bone pattern changing
of the mandible may be associated with skeletal low BMD or osteoporosis. It implies that the possibility that
trabecular bone pattern of the mandible detected on periapical dental radiographs may be useful indicator for
identifying women with low skeletal BMD [2] [3]. Periapical radiographs are relatively inexpensive and are
frequently taken in dental offices as an aid to diagnosis [3]. Since the trabecular bone can be easily visualized
in periapical radiographs, many important information about the bone’s condition on microstructure level can
be extracted. On the trabecular bone, it can be extracted the trabecular segments (rods) and it’s porous
(plates). Bone strength is also determined from the porous structure property such as porosity, homogeneity,
and anisotropy [4]. According [5], one of the suspicion of osteoporosis can be enforced if the pore in the
lower jaw looks a little, irregular, and low connectivity.

There is a growing consensus that screening for osteoporosis should include anthropometric and
clinical features such as age, height, weight, calcium intake, exercise and smoking habits [6]. Recently, there
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have been reported linking osteoporosis to combining trabecular segments with anthropometric and clinical
features [2][3][6]. It is not known the important features on the combination of porous trabecular pattern
with anthropometric features for osteoporosis screening. Accordingly, the purpose of this study selected
features from the radiographic of porous trabecular pattern and the anthropometric features.Feature selection
improves classification by searching for the subset of features, which best classify the training data [7].

2. RESEARCH METHOD

All periapical X-Ray images and anthropometric features were collected from the Department of
Dentomaxillofacial Radiology of Prof. Soedomo Dental Hospital, Faculty of Dentistry, Universitas Gadjah
Mada. The anthropometric features for osteoporosis, such as: age, height, weight, hormonal condition,
calcium intake, smoking habits, were obtained from a questionnaire. Then, BMI is represented by weight
divided by square of height. The anthropometric features considered in this study were age (U), height (TB),
weight (BB), and BMI. Assessment of BMD and lumbar spine collected from the Department of Radiology
Dr. Sardjito Hospital using DXA. Subjects were classified into one of three groups contained women who
were classified according to the WHO classification: osteoporotic, osteopenia, and normal [3][6]. The overall
model selects the important features from the combination of porous trabecular pattern with anthropometric
features for osteoporosis screenin includes selection of ROIs, segmentation, porous feature extraction,
selection of the features, decision tree visualization, and measuring performance to classify (Figurel). We
will explain each of these in brief as below.
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Figure 1. Feature selection model

An algorithm was developed to perform a sequential procedure to select region of interest (ROI) for
each patient and segmentation on these ROIs [8]. The segmented images are processed to obtain porous
features from each ROI using morphologic analysis. Porous features are then combined with anthropometric
features to acquire a knowledge base in a decision tree. The decision tree shows the important features of the
combination of porous and anthropometric features. The morphologic features that characterize the porous on
a ROI are porosity, homogeneity, and the orientation of pore.

Porosity (Por) is ratio between porous area and total area on a ROI. The porous area is the total
number of back pixel in binary image and total area on a ROl is the number of pixels on a ROIl. Homogeneity
can be represented by JK and JB. JK is ratio between the number of small pore and the total number of pore
on a ROI while JB is ratio between the number of large pore and the total number of pore on a ROI. The
small pore is the total number of pore which has area less than 72 pixels; the large pore is the total number of
pore which has area more than and equal to 72 pixels [9]. On JK and JB features, labeling operation was used
to obtain the number of pore in each ROI. The number of pore is the number of pore which have area 39
pixels or larger. There are three steps to obtain the orientation: find the centroid [10], find the orientation [11]
and visualize the orientation. The orientation of pore feature is represented by V, H, and O. V is ratio
between the number of vertical pore and the total number of pore on a ROLI. H is ratio between the number of
horizontal pore and the total number of pore on a ROLI. O is ratio between the number of oblique pore and the
total number of pore on a ROL.The final result is the porous features consisting of P, JB, JK, V, H, and M.
These features are stored in a data for statistical analysis using the decision tree.

Decision tree (C4.5 or J.48 method) is used to classify porous and anthropometric features as
belonging to normal, osteopenia, or osteoporotic. C4.5 algorithm is one of data classification algorithms with
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decision technique which is popular and favored due to its advantages [12]. To perform decision tree, Weka
software is used. The decision tree method employs a recursive algorithm. At the start, all of data are
considered together at the root of a prediction tree. The data are split on the variable that results in the largest
difference among the successive nodes. In each daughter node, variables are again examined to find the
predictor that results in the best split among normal, osteopenia, or osteoporosis. Splitting continues until
stopping criteria are reached or until further splitting node does not improve classification [13]. Terminal
nodes (“leaves™) are classified as normal, osteopenia, or osteoporosis.

3. RESULTS AND ANALYSIS

Morphological porous analysis performed on the images using the image processing software.
Figure 2 demonstrates morphological porous analysis result based on our framework above. It shows
morphological differentiation of our classification class (normal, osteopenia, and osteoporosis).
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Figure 2. Morphologic Analysis

A decision tree analysis considering morphological porous and anthropometric features find that the
important features for classifying data were U, Por, V, and M. as shown in Figure 3. The important
anthropometric features were U and Por; the important morphologic features were V and M.
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Figure3. Decision tree 9-fold cross-validation

Table 1 shows percentage accuracy, sensitivity, and specificity of decision tree testing for 9, 6, and 3
cross validation. It shows that this testing results the best evaluation for 9-cross validation test. This mode
test has 87.04 for accuracy test; 87.80% for sensitivity test, and 88.21% for specificity test. The weight kappa
index, a measure of the agreement between the predicted and actual bone agreement, is 0.7982.

Table 1. Percentage of accuracy, sensitifity, and spescificity test

K-Fold Accuracy(%) Kappa statistic Class Sensitivity (%) Specificity (%)

Osteoporosis 90.90 86.05

Osteopenia 77.27 96.77

9 87.04 0.7982 Normal 95.24 81.81
Average 87.80 88.21

Osteoporosis 90.90 86.05

Osteopenia 90.48 87.5

6 87.04 0.7978 Normal 85.71 87.88
Average 89.03 87.14

Osteoporosis 90.90 81.40

Osteopenia 68.18 93.75

8 8333 0.7422 Normal 95.24 75.75
Average 84.77 83.33

The present study finds that the combination of age, height, weight, BMI and features of the porous
of trabecular morphology of interdental bone is useful in identifying post-menopausal woman with low-bone
mass. In this study, the age of subjects (U) is considered to be the one of the most important feature for loss
of bone mass. This finding is consistent with [3][6]. In addition, anthropometric features BMI was not
important for identifying women with low BMD. It is not consistent with [3]. The important porous feature is
porosity (Por), the oblique porous (M), and the vertical porous (V). The M and V features were consistent
with [14] [15]. The Por feature is consistent with [7]. Several features (JK, JB, TB, and BB) have used in
this study and they are not considered factors for osteoporosis. In this study, the anthropometric and
radiographic features are analysis separately. The accuracy of anthropometric features and the radiographic
features have a good testing with 80.33% and 87.04% accuracy. This finding is not consistent with [3]. Table
2 shows this research can prove that features selection using C4.5 on the combination of porous
andantropometic features results a significant value.
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Table 2. The comparison of results with other researchs

Parameter

Licks dkk
(2010)

Lee dan White
(2005)

This research

Method of decision
tree

Number of training
data

Number of testing
data

Testiing features

Gold-Standard
(classtarget)

The most important
feature

The considered
features

Accuracy

Accuracy of

antropometic
features testing
Accuracy of porous
features testing

Classification and
Regression Tree Analysis
(CART)

60 (22 normal and
osteopenia; 38
Osteoporosis)

60 (22 normal and
Osteopenia; 38
Osteoporosis)
Antropometric: height,
weight, BMI, age,

M1, M2, M3, M4

M5, M6, M7, M8

M9, M10, M11,
M12,M13, M14.

- lumbar/femoral BMD
DXA

- normal and
osteopenia/osteoporosis

age
M8, M3, M12, BMI

88.33%

Classification and
Regression Tree
Analysis (CART)
65

28 (7 Normal, 17
Osteopenia, 4
Osteoporosis)
Antropometric :
height, weight, BMI,
age,

Morphologic:
number of termini,
nodes per unit area,
number of length of
struts segment
between termini and
nodes.
-lumbar/femoral
BMD DXA

- normal,
osteopenia, and
osteoporosis

age

Node:terminus ratio

82%

C45
(3,6,9-fold validation)

54 (11 normal, 22
osteopenia, 21
osteoporosis)

54 (11 normal, 22
osteopenia, 21
osteoporosis)
Antropometric : height,
weight, BMI, age,
Morphologic : por, JB,
JK,V,H,M

-lumbar/femoral BMD
DXA

- normal, osteopenia, and
osteoporosis

Age

Por, V, M

86.67%
80.33%

87.04%

M1: trabecular area / total area
M2: periphery / total area

M3: periphery / total area

M4: length / trabecular area
M5: length / total area

M®6: terminal points / cm2
M7: terminal points / length

M8: terminal points / periphery

M9: terminal points / trabecular area
M10: branch points / cm2

M11: branch points / length

M12: branch points / periphery
M13: branch points / trabecular area
M14: branch points / terminal points

There are some limitations to design of this study. First, the sample size is modest, particularly in

terms of the number of data with normal class. This study is not including male patients and it only took
account of the subjects’ age, weight, height, and BMI. Future studies should consider other anthropometric

features for osteoporosis, such as exercise, smoking, or use of medications.

4.

CONCLUSION
The study addressed the utility of trabecular porous features to contribute to the features selection of

the the combination of porous trabecular pattern of the mandible with anthropometric features for
osteoporaosis screening with 87.04% accuracy. The selected features are U, Por, V, and M. These features are
capable for classifiying phase.
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