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Cross gender–age trabecular texture analysis in cone beam CT
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Objectives: To investigate whether multiple texture features in different regions of interest
(ROIs) on cone beam CT (CBCT) are correlated with gender–age variation of trabecular
patterns.
Methods: CBCT volumes from 96 subjects were used. The data set was divided into four
gender–age subgroups, including males younger than 40 years, males older than 40 years,
females younger than 40 years and females older than 40 years. For each volume, cubes
containing trabecular patterns at four ROIs in the jaws were manually cropped. 18 distinct
texture features were calculated and their correlation with gender–age variations at different
ROIs was studied through t-test statistical analysis.
Results: For the 432 test pairs with different gender–age groups at different ROIs and texture
features tested, 149 of them were shown to be statistically different at the 0.05 significance level
and 60 of them at the 0.001 significance level. These features can therefore capture changes in
trabecular patterns and have the potential to be used for trabecular analysis. Furthermore,
fractal features were found to be better than intensity features in separating different gender–age
groups. Trabecular patterns in the body of the mandible were more correlated with gender–age
changes than other ROIs.
Conclusions: Multiple texture features on CBCT were found to be correlated with the cross
gender–age variation of trabecular patterns. The results support the use of CBCT for
advanced trabecular analysis, including osteoporosis screening tools in the jaws.
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Introduction

As a major health problem in the USA, osteoporosis
afflicts 55% of Americans aged 50 years and older.1

Early diagnosis of osteoporosis is very important to
prevent more serious complications such as hip fracture.
The current gold standard for osteoporosis diagnosis for
older patients is based on the bone mineral density
measured by dual energy X-ray absorptiometry in the hip
and spine region.2 However, when applied to routine
examination for osteoporosis screening, such a gold
standard may introduce significant financial burden.

A potential low-cost osteoporosis pre-screening
method is through the analysis of dental imaging data,
which are collected during routine clinical dental ex-
amination at almost no additional cost. In particular,
trabecular bone structures in the jaws have been studied
for their correlation with bone porosity.3–7 Despite these
studies, it remains an open problem to effectively use
dental data for osteoporosis pre-screening. One of the
major reasons lies in the inadequacy of using only a lim-
ited number of features. In particular, most previous
studies have investigated only a few image features [mostly
one, often restricted to one region of interest (ROI)],
which are not discriminative enough for osteoporosis
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pre-screening owing to the large variance and noise in
dental data. In fact, many researchers have pointed out
the necessity of introducing advanced algorithms to
integrate more comprehensive imaging features for
dental image-based osteoporosis pre-screening.5,6,8

The objective of this study was to investigate multiple
texture features and multiple ROIs in cone beam CT
(CBCT) that are correlated with the change in trabecular
patterns. Based on the fact that trabecular patterns vary
across gender and age,9 it was hypothesized that these
features and ROIs provide discriminative information for
cross gender–age trabecular analysis in the jaws. Con-
sequently, CBCT volumes from different gender–age
groups were used to explore the discriminative power of
different texture features.

Methods and materials

Cone beam CT data capture
To evaluate the proposed method, a data set was used
which contains 96 anonymized three-dimensional (3D)
CBCT volumes from 4 gender–age subgroups, including
females younger (FY) than 40 years, females older (FO)
than 40 years, males younger (MY) than 40 years and
males older (MO) than 40 years. In general, older patients
have a high probability to be osteoporotic or to have
osteopenia when compared with young patients. In the
clinic, it was also found that some female patients showed
osteoporotic changes in their forties. Therefore, 40 years
of age was used as a cut-off in our experiment. Table 1
gives a summary of the gender–age distribution of the
subjects. The data set was obtained from 96 dental im-
plant patients who had no pathology in the jaws. The
CBCT scan was obtained by using an i-CAT® ma-
chine (Imaging Sciences International, Inc., Hatfield, PA)
with 0.3-mm voxel sizes, 14-bit greyscales and 8.9-s scan
times. The number of slices in 1 CBCT volume is 327.

The project was approved by our institutional review
board.

No particular calculation was performed to determine
the total number of samples, and all 96 volumes in the
original collection were used. The differences between the
sample sizes of the groups were taken into account when
performing statistical analysis. In particular, the sample
sizes were used in the t-tests.

For each volume, a dentist manually cropped eight
cubes from eight different locations in the jaws, including
areas apical to the maxillary left and right premolars,
mandibular left and right lateral incisors and first molars,
and left and right condyles. Each cube was a volume of
19 3 19 3 19 voxels containing trabecular structures
of size 5.7 3 5.7 3 5.7mm3. The size was chosen to
maximally enclose a trabecular pattern while containing
little non-trabecular material. Some example cubes in the
data set are shown in Figure 1. In the rest of the paper,
such cubes are called trabecular cubes. Considering the
left–right symmetry, the eight locations were grouped
into four ROIs, including ROI 1 (the maxillary pre-
molars), ROI 2 (the mandibular first molars), ROI 3 (the
mandibular lateral incisors) and ROI 4 (the left and right
condyles). The left–right symmetry was not calculated,
and the group of left–right ROIs increased the samples in
the statistical analysis.

Texture features
First, the set of collected trabecular cubes was defined
as P5fp1, p2, :::, pNg, where N5 7685 963 8 is the
number of trabecular cubes cropped from the 96 dental
CBCT volumes. Each cube p2P has 19319319 voxels
and p (i, j, k) indicates the CBCT intensity of the (i, j, k)-th
voxel in p, 1# i, j, k# 19. In this article, the following
texture features were explored.

1. Mean intensity mðpÞ: the mean intensity of a cube p
was defined as

Table 1 Trabecular bone three-dimensional image sample quantity

Group Males younger than 40 years Males older than 40 years Females younger than 40 years Females older than 40 years
Number of volumes 8 27 13 48

Figure 1 Example trabecular cone beam CT cubes cropped from left condyles in our study. FO, female older than 40 years; FY, female younger
than 40 years; MO, male older than 40 years; MY, male younger than 40 years.
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mðpÞ5 1
M

+
19

i51
+
19

j51
+
19

k51
pði, j, kÞ

where M5 68595193 193 19 is the number of voxels
in a cube.

2. Intensity histogram hðpÞ5ðh1ðpÞ; h2ðpÞ; :::; h8ðpÞÞ:
the intensity histogram captures the intensity distribu-
tion within a trabecular cube p and therefore provides
much richer information than the simple mean intensity.
Because of its strong descriptive power, the intensity
histogram has been recently popularly used in image
processing and pattern recognition for image and tex-
ture description.10,11 In this study, eight intensity bins
were defined as ðtm, tm1 1� : m51, :::, 8, such that t1 and
t9 indicate, respectively, the lower and upper bounds of
intensities in the cube p as below

t15 min
1# i; j;k# 19

pði; j; kÞ2 1

t95 max
1# i; j;k# 19

pði; j; kÞ

tm1 1 5 tm 1 ðt9 2 t1Þ=8 for m5 1; :::; 7. Then, the m-th
component of the intensity histogram of the cube p was
defined as

hmðpÞ5#ðfði; j; kÞ : tm , pði; j; kÞ# tm1 1gÞ

where “#” indicates the cardinality of a set. More spe-
cifically, hmðpÞ was the number of voxels whose intensities
fell in the range ðtm; tm1 1�. Eight bins were used mainly
for two reasons. First, by using eight bins, each bin re-
ceived an average of about 857 (approximately 6859/8)
voxels, which were sufficiently large for constructing sta-
tistically meaningful histograms. Second, very large
numbers of bins were not used since they might be sen-
sitive to intensity noises and histogram quantization
problems, which have been observed in the field of pattern
recognition and image analysis.12

3. Fractal dimension (FD) cðpÞ: FD has been
used to capture trabecular texture information.4,13–15

For a trabecular cube p, a 3D point set was
first created as L5 fði; j; kÞ : pði; j; kÞ. tg, where
t5 t1 1 0:243 ðt9 2 t1Þ was the threshold to filter out
irrelevant background voxels in p. The constant
number 0.24 was determined according to the visual
inspection. More specifically, the threshold helped to
discard the majority of background voxels and
therefore allowed the FD to focus on trabecular
voxels. In other words, when using this threshold, the
point set L contained most of the trabecular voxels
and ignores the majority of background voxels. Then
cðpÞ was calculated as the FD of set L using the box-
counting approach.16 Specifically, let the 3D Euclid-
ean space be covered by a mesh of 3D cubes with side
length r (i.e. r-mesh) and a counting function cðL; rÞ
was defined as the number of r-mesh hypercubes that
intersect L. Then, the box-counting FD cðpÞ was
defined as

cðpÞ5 lim
r→0

logcðL; rÞ
2 logr

In practice, to approximate the process of r→ 0, the
slope of logðcðL; rÞÞ was estimated for a decreasing side-
length sequence, r516; 8; 4; 2  (such that logr5 4; 3; 2; 1),
using the least squares method.

4. Multifractal spectrum fðpÞ5ðf1ðpÞ;f2ðpÞ; :::;
f8ðpÞÞ: owing to the complexity of trabecular patterns,
it may be insufficient to describe them using a single
FD. Multiple-fractal spectrum is a natural extension to
overcome this limitation.17,18 A cube p was first parti-
tioned into eight disjoint point sets fL1;L2; :::;L8g such
that

Lm 5 fði; j; kÞ : tm , pði; j; kÞ# tm1 1g;  m5 1; 2; :::; 8

Then, the m-th element fmðpÞ was defined as the FD
of Lm calculated by the box-counting method described
above. Eight disjoint sets were used for the same reasons
as eight bins were used for the intensity histogram. The
partition procedure provides a multiple-fractal spec-
trum with robustness against common pattern defor-
mations, such as rotation and scaling, since the
multiple-fractal spectrum is known to be invariant
under the bi-Lipschitz transformation,17 which sub-
sumes rotation and scaling.

Statistical methods
Statistical analysis on the calculated features is needed
to study their effect on separating gender–age groups.
One approach is to study the variances and covariances
of these features among all four gender–age groups
through ANOVA. More specifically, for a given fea-
ture, the null hypothesis is that the feature generates the
same sample mean for all four groups. However, since
the long-term purpose of the study was to prepare
guidance for feature selection in future statistical pre-
diction tools, more interest was shown in finding fea-
tures that can separate two gender–age groups.
Consequently, two-sample t-test was more suitable,
which is in fact a special case of ANOVA in that only
two groups of samples are involved.19

The two-sample t-test was used to study the effects of
gender–age on the calculated features. Since there were
four gender–age groups in the study, six group pairs were
created for comparison: (FO, FY), (FO, MO), (FO,
MY), (FY, MO), (FY, MY) and (MO, MY). For each
gender–age pair, a statistical analysis for each texture
feature (out of 18) on each ROI (out of 4) was conducted.
As a result, there were, in total, 432 5 6 3 4 3 18
gender–age test pairs on different ROIs and features, as
summarised in Table 2.

For each of the 432 test pairs described above, the
two-sample t-test was performed to compare them with
the null hypothesis and alternative hypothesis (HA)
stated below:
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H0: data in the two categories are from normal dis-
tributions with equal means.

HA: data in the two categories are from normal dis-
tributions with different means.

The test statistic t was defined as

t5
ðm1 2m2Þffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

S2ð1=n1 1 1=n2Þ
p

where m1 and m2 are the sample means of the two
categories under comparison; n1 and n2 are the num-
bers of samples in the two categories; and S2 was de-
fined as

S2 5
ðn1 2 1ÞS2

1 1 ðn2 2 1ÞS2
2

n1 1 n2 2 2

where S2
1 and S2

2 are the sample variances of the two
categories, respectively. Finally, the p-value of the t-test
was calculated from the test statistic with respect to the
degrees of freedom d5 n1 1 n2 2 2:

Results

The p-values of the t-tests on all gender–age pairs at
different ROIs with different features are reported in

Figure 2 p-values of all gender–age pairs over different regions of interest (ROIs) and features. FO, female older than 40 years; FY, female
younger than 40 years; MO, male older than 40 years; MY, male younger than 40 years.

Table 3 The effectiveness of different features

Feature

Intensity features Fractal dimension features

m h1 h2 h3 h4 h5 h6 h7 h8 c f1 f2 f3 f4 f5 f6 f7 f8

NoT 9.0 13.0 5.0 10.0 11.0 3.0 8.0 5.0 7.0 11.0 8.0 10.0 6.0 6.0 11.0 13.0 5.0 8.0
PoT 37.5 54.2 20.8 41.7 45.8 12.5 33.3 20.8 29.2 45.8 33.3 41.7 25.0 25.0 45.8 54.2 20.8 33.3
Feature m h1 h2 h3 h4 h5 h6 h7 h8 c f1 f2 f3 f4 f5 f6 f7 f8

Mean PoT 32.9 ± 13.4 36.1 ± 11.4

NoT, number of tests in which a feature significantly (p # 0.05) distinguishes two categories. For example, in the first column of the first row;
NoT 5 9 means that (as shown in bold in the first column of Table 2) 9 out of the 24 p-values corresponding to m are #0.05; PoT, percentage of
tests, which was defined as PoT 5 NoT/24.
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Table 2. The results with p # 0.05 are highlighted in the
table. In addition, all these p-values are plotted in
Figure 2 for better illustration. From these results, it
could be observed that many of the tested features (149
out of 432) were correlated significantly with the
gender–age variation at the 0.05 level, with some of them
(60 out of 432) at the 0.001 level.
The effectiveness of different features, ROIs and

gender–age pairs in capturing the cross gender–age tra-
becular variations was also studied. First, for the effec-
tiveness of a specific feature, the times it correlated
significantly (p 5 0.05) with different gender–age groups
at different ROIs were counted. These numbers are
summarised in Table 3. The average effectiveness of
the two groups of features, i.e. intensity features and FD
features, was also calculated. Second, the numbers of
effective features for each gender–age pair and ROI are
summarized in Table 4. The results illustrate how the
proposed features in general were correlated with the
variation of trabecular patterns across different gender–age
groups at different ROIs.

Discussion

Variations in trabecular bone patterns have been known
to reflect bone density change, which suggests the po-
tential of analysing trabecular patterns for pre-screening
bone diseases such as osteoporosis. In the past few
decades, trabecular bone structure analysis has been
studied in various biomedical contexts. The importance
of trabecular perforations in the development of osteo-
porosis had been introduced by Parfitt et al.20 Previous
research has also explained the relation between the
profound disintegration of the trabecular bone network
and certain bone disease.21,22 Moreover, studies have
shown that changes in the iliac trabecular bone texture
can predict osteoporosis by means of changes in surface
texture, volume and thickness.22

This study was highly motivated by a series of inves-
tigations looking at a potential low-cost osteoporosis pre-
screening method using dental imaging data.3–7 The
widely used dental panoramic radiography is cost-effec-
tive since it is often a by-product of routine dental ex-
amination. In particular, trabecular bone structures in the
jaws have been studied for their correlation with bone
porosity. White and Rudolph6 showed that the trabecular

patterns of osteoporosis patients are altered compared
with those of normal subjects. White5 used FD to analyse
the trabecular bone structure in relation to osteoporosis.
Southard et al4 showed that the radiographic FD of the
alveolar process bone is correlated with the bone density,
using radiographic images. Pham et al3 found that pan-
oramic radiographs can be used for assessment of tra-
becular bone patterns with the aid of a visual index. Yang
et al7 found that oestrogen deficiency can result in
microarchitectural alterations of trabecular bone in both
the mandible and the tibia.

Recently, there has been a trend to include CBCT in
3D dental examinations.23 Consequently, it is of interest
to study how the trabecular patterns in CBCT correlate
with bone porosity. Although a correlation between the
dental trabecular pattern and osteoporosis has been dis-
covered using dental panoramic radiography and CT,8,24

such a correlation is not directly available in dental
CBCT. One reason lies in that dental CBCT usually has
a low resolution (e.g. 0.3–0.4 mm), which causes serious
blur in trabecular structures, which are typically around
0.1 mm in bone thickness. Furthermore, because of the
distortion of CBCT measurement from dental CT values,
there has been a debate on whether CBCT measurement
can be used to infer bone mineral densities.21,25–27

Despite the large number of studies showing the posi-
tive correlation of texture features with changes in tra-
becular patterns, there is still some way to go before
trabecular analysis can be used for osteoporosis pre-
screening. Advanced image analysis and statistical learn-
ing tools have been expected to be used to address this
issue.5 On the other hand, there has been great progress in
the field of texture analysis and machine learning, as well
as their application to medical image analysis tasks.

In previous studies,4,6,13–15 only basic texture descrip-
tors, such as intensity and Fourier analysis, have been
used to confirm the correlation between the loss of bone
mass and the trabecular patterns. It has also been ob-
served that these features by themselves are insufficient to
be used for clinical diagnosis or pre-screening purposes.
A potential way to address this issue is to exploit multiple
texture descriptors and combine them together with
advanced statistical learning tools. The focus of this ar-
ticle is the first step towards investigating various high-
dimensional texture features, including both classical
texture descriptors and recently proposed ones.

Table 4 Number of effective features for each gender–age pair and regions of interest (ROIs)

ROI FO vs FY FO vs MO FO vs MY FY vs MO FY vs MY MO vs MY
1 7.00 2.00 6.00 7.0 3.00 2.00
2 15.00 2.00 7.00 15.0 3.00 6.00
3 12.00 7.00 6.00 14.0 8.00 2.00
4 5.00 6.00 0 8.0 5.00 1.00
Mean 9.75 4.25 4.75 11.0 4.75 2.75

FO, females older than 40 years; FY, females younger than 40 years; MO, males older than 40 years; MY, male younger than 40 years.
Data are the number of features (out of a total of 18) that are effective in the tests involving corresponding gender–age pairs and ROIs. For
example, in the first column of the first row, 7 means that (as shown in bold in the first row of Table 2) 7 out of the 18 p-values corresponding to
(FO, FY) in ROI 1 are #0.05.
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The results of this study have moved these inves-
tigations one step further in this direction. It has dem-
onstrated a series of texture features at four different
ROIs for capturing variations in trabecular patterns in
dental CBCT. This observation validated the hypothesis
that CBCT volumes can be used for cross gender–age
analysis of trabecular patterns in the jaws. The results
also showed that (1) fractal analysis-based features work
generally better than intensity features, (2) FO vs FY and
FY vsMO have significantly more effective features than
other pairs, which can be attributed to the loss of bone
mass in older females, (3) trabecular patterns in the body
of the mandible are more correlated with gender–age
changes than those in the maxilla and the mandibular
condyles and (4) the mean intensity is less effective than
several FD features and several components in the in-
tensity histogram, which may be the result of instability in
the CBCT intensity.21,27

The results also supported the use of CBCT for the
analysis of bone mineral density. Although the detailed
trabecular structure is unavailable because of the low
resolution used in clinical data, the texture pattern in
CBCT still carries useful information reflecting statis-
tics of trabecular patterns, such as the density and

regularity of the bone structures. Furthermore, al-
though the CBCT measurement may be distorted from
the CT values, some structure-relevant features (e.g.
those based on fractal analysis) can still provide dis-
criminative information for separating different tra-
becular patterns.

In summary, the experiment results validated that
the cross gender–age variation of trabecular patterns
correlates significantly with many texture features on
CBCT. It is highly desirable that the imaging tests used
in dentistry are fully exploited to generate the maxi-
mum diagnostic information related to systemic con-
ditions such as osteoporosis. The results also showed
that the rich texture descriptors such as intensity his-
tograms and the multifractal spectrum can provide
complementary or more discriminative information
than the previously proposed simple texture
descriptors.

In the future, it is expected that these features will be
combined together, using modern machine learning tools,
such as ensemble learning28 or kernel learning,29 to predict
the loss of bone mass. Such a predictor will in turn provide
the basis of dental image-based osteoporosis pre-
screening.
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