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A B S T R A C T

Objectives: To investigate the use of texture analysis for the detection of osteoporosis on noncontrast head CTs,
and to explore optimal sampling regions within the craniofacial bones.
Methods: In this IRB-approved, retrospective study, the clivus, bilateral sphenoid triangles and mandibular
condyles were manually segmented on each noncontrast head CT, and 41 textures features were extracted from
29 patients with normal bone density (NBD); and 29 patients with osteoporosis. Basic descriptive statistics
including a false discovery rate correction were performed to evaluate for differences in texture features between
the cohorts.
Resuls: Sixteen texture features demonstrated significant differences (P < 0.01) between NBD and osteoporosis
in the clivus including 4 histogram features, 2 gray-level co-occurrence matrix features, 8 gray-level run-length
features and 2 Law’s features. Nineteen texture features including 9 histogram features, 1 GLCM features, 2 GLRL
features, 5 Law’s features and 2 GLGM features demonstrated statistically significant differences in both sides of
the sphenoid triangles. A total 24 texture features demonstrated statistically significant differences between
normal BMD and osteoporosis in the left sphenoid and a total of 31 texture features in the left condyle.
Furthermore, a total of 22 texture features including 6 histogram features, 3 GLCM features, 9 GLRL features, 2
Law’s features and 2 GLGM features demonstrated statistically significant differences in both sides of the
mandibular condyles.
Conclusion: The results of this investigation suggest that specific texture analysis features derived from regions of
interest placed within multiple sites within the skull base and maxillofacial bones can distinguish between
patients with normal bone mineral density compared to those with osteoporosis. This study demonstrates the
potential utility of a texture analysis for identification of osteoporosis on head CT, which may help identify
patients who have not undergone screening with traditional DXA.

1. Introduction

Osteoporosis is a diffuse osseous disease characterized by decreases
in both cancellous and cortical bone mass as well as microarchitectural

deterioration of bone, ultimately leading to an increased risk of fracture
[1,2]. The prevalence of osteoporosis across the population is expected
to increase with increasing life expectancy [3]. The early detection of
osteoporosis is clinically important for the management, treatment, and
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risk stratification of patients to ultimately decrease the prevalence of
osteoporotic fracture and ensuing morbidity [4].

Osteoporosis is reported to affect approximately 9.9 million
Americans [5]. The United States Preventive Services Task Force
(USPSTF) recommends screening for osteoporosis in women aged 65
and above, and in younger women with risk factors for fractures equal
to those of a 65-year-old female [6]. About one out of every two Cau-
casian women will experience an osteoporosis-related fracture at some
point in her lifetime, as well as approximately one in five men [2].
Several studies have demonstrated that there is a large population of
women at risk for osteoporotic fractures who have not undergone the
recommended screening for osteoporosis. The failure to undergo these
screening tests may be related to lack of access to these screening tests
and routine medical care, as well as decreased awareness of osteo-
porosis fracture risk and associated morbidity [7–9].

Quantitative measures of bone mass serve as important diagnostic
indicators for the determination of fracture risk and for prognostication
in patients undergoing therapy for osteoporosis [10]. The most widely
used method of assessing bone mass is bone mineral densitometry
(BMD) which uses dual energy X-ray absorptiometry (DXA) [1,11], a
method that has been shown to be a good predictor of fracture risk in
patients with osteoporosis [1]. BMD alone may be insufficient to de-
termine the strength of both the cancellous bone and trabecular bone
architecture, two features which are both known to be important for the
determination of overall bone strength [6]. Several imaging modalities,
such as multidetector-row CT, quantitative CT, quantitative ultrasound
(US) and MRI have been used for the assessment of bone quality, in
addition to BMD for the prediction of bone strength [10,12,13]. Since
there is a large population of women who do not undergo routine
screening for osteoporosis, the investigation into other imaging mod-
alities, which may be more prevalent and easier to access in the com-
munity is important. Moreover, the possibility of using alternative
imaging modalities (CT and MRI), and previously obtained examina-
tions, which may have been obtained for unrelated clinical purposes, to
evaluate these patients for osteoporosis would be of clinical and epi-
demiologic interest [7–9]. This would ultimately serve to decrease the
number of patients who have not had an assessment of BMD and may
help to expediate treatment and management of osteoporosis in these
patients.

The use of mathematical algorithms to evaluate the inherent texture
within an image is becoming increasingly used within the field of
radiology. Image texture is defined as a complex visual pattern within
an image that consists of simpler sub-patterns with characteristic fea-
tures that may be evaluated through quantitative analysis [14,15].
Texture analysis has been previously applied to imaging of other areas
of the body such as the liver, brain, cartilage, and of tumors [15–21].
Despite the increasing use of texture analysis in radiology research,
there are few studies utilizing texture analysis applied to CT images for
the differentiation of normal bone density from osteoporosis. The pur-
pose of this study was to investigate the utility of a texture analysis
applied to noncontrast head CT examinations for the detection of os-
teoporosis, and to explore the best anatomic region to use for the
evaluation of trabecular architecture in the craniofacial bones.

2. Materials and methods

2.1. Patients

Following IRB approval, an electronic search was performed
through the Radiological Information System (RIS) to identify patients
who underwent both noncontrast head CT and DXA scans within 12
months of each other. All patients included in this study had non-
contrast head CT scans performed between January 2009 and June
2015. The DXA scans were reviewed by a radiologist for the determi-
nation of BMD. Patients with a diagnosis of osteoporosis identified on
DXA as well as and age and gender-matched control patients with

normal bone density identified on DXA were included in this study.
Patients with a history of malignancy, hematological disorder, prior
infection or focal osseous lesions in the region-of-interest (ROI) were
excluded from this study.

2.2. Normal bone density vs osteoporosis

BMD measurements were performed by placing an ROI within the
lumber spine and in the femoral neck performed on the DXA devices
[1]. For this study, we referred to the WHO diagnostic classification of
normal BMD that was defined as a BMD within 1 standard deviation
(SD) of a “young normal” adult [22]. Using the same WHO classifica-
tion, osteoporosis is defined as a BMD 2.5 SD or more below that of a
“young normal” adult [22]. We defined “normal bone density” as pa-
tients with normal bone density in both the femoral neck and lumbar
spine according to the T score which was larger than -1 SD. “Osteo-
porosis” was defined as patients with osteoporosis in both femoral neck
and lumbar spine according to the T-score which was smaller than -2.5
SD. Patients with abnormal BMD meeting the WHO classification for
osteoporosis in both sampled regions of the lumbar spine and femoral
head were included in this study [22].

2.3. CT imaging protocol

Noncontrast head CT scans were axially acquired on 64-detector
row CT scanners (Lightspeed VCT; GE Healthcare, Milwaukee,
Wisconsin) with 120 kV, 225mA and 1 s/rotation, and Adaptive
Statistic Iterative Reconstruction was set at 10% dose reduction. Five
and 1.25mm thick images were reconstructed using soft tissue and
bone reconstruction kernels per our institutional clinical protocol. Axial
1.25mm images in bone kernel reconstruction with 0.4 mm x 0.4mm
in-plane resolution were used for this analysis. The quality of the scans
was evaluated by a radiologist, and any scans with motion artifact were
eliminated from the study.

2.4. Image segmentation and texture analysis

Manual segmentation was performed on five osseous, craniofacial
regions including the clivus, bilateral sphenoid triangles (greater wing
of sphenoid), and the bilateral mandibular condyles. This segmentation
was performed on a dedicated AW workstation version 4.4 (GE
Healthcare, Milwaukee, Wisconsin). Triangular or ovoid shaped re-
gions-of-interest were manually places in each region including only the
cancellous bone and excluding the cortical bone (Fig. 1). These con-
tours were performed on three consecutive axial images. The seg-
mented contours were then imported into in-house developed texture
analysis software, and texture features were calculated for each of the
five regions.

A total of 41 texture features were calculated using an in-house
developed texture analysis program which includes 13 histogram fea-
tures, 5 gray level co-occurrence matrix (GLCM) features, 11 gray level
run-length (GLRL) features, 4 gray level gradient matrix (GLGM) fea-
tures, and 9 Laws features. All texture features were calculated on each
contoured image slice. Texture features extracted from each image
slice, within an image, for a given contoured osseous structures were
averaged, a methodology previously used and described in the litera-
ture [15,21].

GLCM features, in contrast to histogram features, are spatially de-
pendent. The GLCM is symmetric with rows and columns ranging from
0 to Ng, where Ng equals the number of gray levels in the image. Such
notation allows GLCM elements in row i and column j to represent the
frequency in which a given gray level of value i is horizontally adjacent
to gray level j. Calculations in the horizontal, 45°, vertical, and 135°
directions were averaged together to minimize directional dependence
within the liver samples. GLCM features used in our analysis, proposed
by Haralick et al. and previously documented in the literature [13,23].
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GLRL matrix features are similar to GLCM features as they are also
spatially dependent. The GLRL matrix is quantized to Ng gray levels to
simplify texture extraction. Row index i of the matrix represents gray
level while column index j represents the run-length of j, defined as the
number of adjacent pixels of equal gray value in a given direction.
Elements within the matrix represent the frequency of pixel line seg-
ments, also known as runs, with run-length j and a gray level i. The
same directions that were considered for GLCM features were also
averaged for the GLRL matrix. Features that were included in the
analysis included short run emphasis (SRE), long run emphasis (LRE),
gray-level non-uniformity (GLN), run-length non-uniformity (RLN), run
percentage (RP), low gray-level run emphasis (LGRE), high gray-level
run emphasis (HGRE), short run low gray-level emphasis (SRLGE),
short run high gray-level emphasis (SRHGE), long run low gray-level
emphasis (LRLGE), and long run high gray-level emphasis (LRHGE),
and were previously described in the literature [13].

GLGM features were employed to provide a histogram of the abso-
lute gradient values in the liver segment [13]. As a preprocessing step,
gradients of every pixel within the liver segment were computed using a
3× 3 neighborhood. GLGM features that were used to summarize the
gradient values of pixels include the mean, variance, skewness and
kurtosis.

The final category of the extracted texture feature investigated in
this study are the Laws’ features, which are based on unidimensional
vectors described by Laws [24]. Vectors described by Laws included
level, spot, edge, ripple, wave, undulation and oscillation [25,26]. The
vectors level, edge, ripple and spot were used for our analysis. Two 5-
pixel vectors are multiplied to create two-dimensional filter masks,
which were applied across an image. Laws’ features that were included

in the analysis included L1, L2, L3, L4, L5, L6, L7, L8 and L9.

2.5. Statistical analysis

A total of 41 textures features were compared between patients with
normal bone density and patients with osteoporosis using a student's t-
test for independent samples. To adjust for multiple comparisons, a
false discovery rate (FDR) correction was performed and the FDR cor-
rected P-values (term Q-values) were calculated in addition to raw P-
values using the Benjamini and Hochberg method described in the lit-
erature [27]. Statistical computations were performed using SAS 9.3
software (SAS Institute, Cary, NC). The PROC MULTTEST function in
SAS was used to calculate the Q-values. A two-tailed P-value of< 0.05
was used to evaluate statistical significance.

3. Results

3.1. Patient characteristics

The patient cohort was comprised of a total of 58 patients (6 males
and 52 females, age ranged from 51 to 88 years, mean age 68.3, stan-
dard division of 9.0 years); 29 patients with osteoporosis (3 males, 26
females, age range; 52–88 years, mean age; 68.1, standard division of
9.3) and 29 age- and gender-matched control patients with normal bone
density (3 males, 26 females, ranging in age from 51 to 88 years (mean
age of 68.8 years, standard division of 8.7 years).

3.2. Texture analysis

A total of 16 texture features demonstrated a statistically significant
difference between normal BMD and osteoporosis for the contoured
clival segments including four histogram features, two GLCM features,
eight GLRL features and two Law’s features. A total of 26 texture fea-
tures demonstrated a statistically significant difference between normal
BMD and osteoporosis in the right sphenoid triangle and a total of 21
texture features in the left sphenoid triangle. Furthermore, 19 texture
features including nine histogram features, one GLCM features, two
GLRL features, five Law’s features and two GLGM features demon-
strated a statistically significant difference in both sides of the sphenoid
triangle. A total 24 texture features demonstrated a statistically sig-
nificant difference between normal BMD and osteoporosis in the left
sphenoid and a total of 31 texture features in the left condyle.
Furthermore, a total of 22 texture features including six histogram
features, three GLCM features, nine GLRL features, two Law’s features
and two GLGM features demonstrated a statistically significant differ-
ence in both sides of the condyle. Tables 1, 2 and 3 demonstrates tex-
ture parameters differentiating between normal BMD and osteoporosis
patients in the clivus, both sides of the sphenoid triangle, and both sides
of the mandibular condyle.

Mean, median, 2d std, range and geo mean (categorized as histo-
gram features), homogeneity (categorized as GLCM features), HGRE
(categorized as GLRL features) and L1, L2, L4 and L9 (categorized as
Law’s features) showed statistically significant differences in all regions.
After the FDR correction, mean and median (categorized as histogram
features) remained statistically significant difference in all regions.
GLRL features showed numerous statistically significant texture fea-
tures between normal BMD and osteoporosis compared to other texture
features.

4. Discussion

The results of this study demonstrated statistically significant dif-
ferences in texture analysis features between patients with osteoporosis
compared to age- and gender-matched control patients with normal
BMD. Multiple anatomic regions within the osseous skull-base and
mandible were sampled with similar texture feature patterns

Fig. 1. Example of regions-of-interest (ROIs) placement. Triangular (A) or oval
shaped (B and C) ROIs were manually placed to include only the cancellous
bone excluding the cortical bone. A, Sphenoid triangles (greater wing of
sphenoid) (triangles). B, Clivus (oval). C, Mandibular condyles (ovals). This was
performed in the three consecutive axial images for each region.
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discriminating between these two patient groups.
The use of texture analysis, which is a non-invasive, quantitative,

post-processing imaging analysis method, to evaluate BMD in the skull
base and mandible on noncontrast CT has not been previously de-
scribed. Similar studies have employed the use of texture analysis ap-
plied elsewhere in the body [1,15,16,18,20,21]. Previously, Ouyang
et al. [1] assessed the vertebral trabecular bone structure using texture
analysis and established not only interrelationships among biomecha-
nical, densitometric, and textural measures from radiographic trabe-
cular bone patterns, but also demonstrated concurrence of these mea-
sures on anatomic orientation. Kavitha et al. [11] used texture features

applied to the mandibular cortical width derived from digital pa-
noramic radiographs to be a useful marker for the assessment of os-
teoporosis. Ito et al. [28] also utilized texture analysis applied to the
spine to evaluate fracture risk in elderly women. Castellanos et al. [29]
assessed the L3 vertebral on CT images using texture analysis concluded
that texture analysis could help to determine osteoporosis. Lespessailles
et al. [30] used texture analysis to the X-ray of the calcaneus; found that
the combination of BMD and the texture analysis provides a better as-
sessment of the fracture risk than that obtainable solely by BMD mea-
surement. In our study, several texture features demonstrated statisti-
cally significant differences between patients with normal bone mineral

Table 1
Texture parameters differentiating between normal bone density and osteoporosis patients in the clivus.

Normal bone density (N=29) Osteoporosis (N=29)

Mean SD Mean SD P-value Q-value

Histogram
Mean 1161.95 112.47 1030.99 79.81 < 0.0001 <0.0001
Median 1194.64 105.22 1076.69 74.55 < 0.0001 <0.0001
STD 356.92 44.77 345.82 55.45 0.148 0.173
Range 192.12 123.07 154.23 119.49 0.041 0.072
Geometric mean 925.11 133.68 796.73 125.15 < 0.0001 <0.0001
Harmonic mean 297.29 184.60 242.73 146.75 0.032 0.064
2nd STD 66.53 42.12 53.94 41.54 0.049 0.076
STD5 83.26 47.89 69.20 46.70 0.052 0.076
STD9 97.67 47.00 85.23 47.58 0.085 0.115
4th moment 8.76e10 3.32e10 7.06e10 4.81e10 0.007 0.026
IQR 247.65 62.93 264.32 132.23 0.290 0.305
Entropy 6.91 0.19 6.93 0.27 0.593 0.607
GLCM
Entropy 1.40 0.36 1.24 0.40 0.008 0.026
Contrast 27.12 23.32 22.47 26.15 0.217 0.234
Correlation 0.80 0.17 0.85 0.17 0.046 0.075
Energy 0.02 0.01 0.02 0.02 0.016 0.046
Homogeneity 0.55 0.17 0.60 0.19 0.046 0.075
GLRL
SRE 0.03 0.01 0.04 0.02 < 0.0001 <0.0001
LRE 0.03 0.02 0.05 0.02 < 0.0001 <0.0001
GLN 0.03 0.02 0.05 0.02 < 0.0001 <0.0001

Normal bone density (N=29) Osteoporosis (N=29)

Mean SD Mean SD P-value Q-value

GLRL, continued
RLN 0.03 0.02 0.05 0.02 < 0.0001 <0.0001
RP 353.75 48.94 320.88 62.08 0.0001 0.0004
LGRE 342.18 52.64 307.28 65.71 0.0002 0.001
HGRE 335.57 54.89 295.40 72.07 < 0.0001 <0.0001
SRLGE 343.55 51.65 307.22 65.47 < 0.0001 <0.0001
SRHGE 1832.80 1505.42 2172.66 1522.36 0.141 0.169
LRLGE 3930.17 4079.41 5067.71 4273.21 0.074 0.104
LRHGE 2634.59 2647.74 3651.95 3157.52 0.023 0.053
Law's features
L1 8.70e5 6.13e5 6.70e5 6.45e5 0.038 0.069
L2 2.19e5 1.85e5 1.58e5 1.82e5 0.032 0.064
L3 6.85e4 6.52e4 4.63e4 5.67e4 0.018 0.047
L4 3.33e5 2.77e5 2.44e5 2.71e5 0.034 0.064
L5 4.55e4 4.47e4 3.09e4 3.82e4 0.021 0.053
L6 1.81e4 1.72e4 1.31e4 1.60e4 0.053 0.076
L7 2.80e4 2.77e4 1.93e4 2.44e4 0.029 0.064
L8 1.28e4 9683.46 1.07e4 1.03e4 0.159 0.181
L9 1.64e5 1.44e5 1.13e5 1.30e5 0.016 0.046
GLGM
MGR 8.75 9.63 11.09 10.66 0.131 0.166
VGR 8033.49 2557.41 1.74e4 5.77e4 0.134 0.166
Skewness 29.91 17.72 25.11 19.20 0.089 0.117
Kurtosis 1345.41 1140.55 1098.57 1304.98 0.186 0.205

Abbreviations: N, number of patients; STD, standard deviation; IQR, interquartile range; GLCM, gray level co-occurrence matrix; GLRL, gray level run length; SRE,
short-run emphasis; LRE, long-run emphasis; GLN, gray-level nonuniformity; RLN, run-length, nonuniformity; RP, run percentage; LGRE, low gray-level run em-
phasis; HGRE, high gray-level run emphasis; SRLGE, short-run low gray-level emphasis; SRHGE, short-run high gray-level emphasis; LRLGE, long-run low gray-level
emphasis; LRHGE, long-run high gray-level emphasis; MGR, mean gradients; VGR, variance gradients.
Note: For all analyses 29 patients contributed 87 measurements.
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density and osteoporosis based on region-of-interest sampling at mul-
tiple points within the craniofacial bones. Among the investigated re-
gions, both sides of the mandibular condyle demonstrated a statistically
significant difference in discriminating between patient groups. While
these texture features may reflect some inherent changes related to
superimposed osteoarthritis within the temporomandibular joints, the
results of this study demonstrate the ability of a texture analysis to
distinguish between osteoporosis and normal bone mineral density,
despite potential osteoarthritic changes. Both the left and right sphe-
noid triangles demonstrated a statistically significant difference be-
tween the normal bone mineral density and osteoporotic patient co-
horts, but in a fewer number of texture analysis features compared to
the number of texture analysis features extracted from the mandibular
condyles. This may potentially be related to different or more

pronounced architectural changes within the mandibular condyles
compared to the sphenoid triangles. Significant differences between the
patients with a normal bone mineral density and osteoporosis were seen
in the texture analysis features extracted from the clivus. The clivus is a
much large structure, resistant to osteoarthritis changes, and may
therefore be easier to interrogate compared to the small sphenoid tri-
angles and mandibular condyles, which may be affected by osteoar-
thritic changes.

With specific regard to the texture features investigated in this
study, there were two texture features, mean and median, that de-
monstrated statistically significant differences in all regions. We believe
these texture features are reflective of osteoporotic changes in the
cancellous bone. According to the prior study, RLN is lower in osteo-
porosis with fracture cases than normal bone density on the L3 vertebra

Table 2
Texture parameters differentiating between normal bone density and osteoporosis patients in the right and left sphenoid.

Right sphenoid Left sphenoid

Normal bone density Osteoporosis Normal bone density Osteoporosis

(N=29) (N=29) (N=29) (N=29)

Mean SD Mean SD P-value Q-value Mean SD Mean SD P-value Q-value

Histogram
Mean 1095.55 180.63 972.85 147.91 <0.0001 <0.0001 1107.12 277.2 970.19 128.6 < 0.0001 <0.0001
Median 1254.81 184.95 1101.09 145.76 <0.0001 <0.0001 1239.56 332.22 1105.93 116.44 0.001 0.002
STD 533.1 75.89 484.73 186.26 0.027 0.043 551.97 160.16 475.11 210.97 0.007 0.017
Range 376.6 224.23 242.39 218.88 <0.0001 <0.0001 375.36 213.11 219.25 187.63 < 0.0001 <0.0001
Geometric mean 714.74 195.84 649.79 192.43 0.029 0.045 745.47 258.14 646.25 170.34 0.003 0.008
Harmonic mean 157.71 113.65 162.15 133.43 0.813 0.813 185.06 149.83 154.2 122.22 0.138 0.203
2nd STD 134.06 78.67 86.31 77.68 <0.0001 <0.0001 133.24 74.72 77.68 65.8 < 0.0001 <0.0001
STD5 159.03 78.39 104.45 77.81 <0.0001 <0.0001 158.99 75.64 94.95 65.3 < 0.0001 <0.0001
STD9 186.94 80.08 120.48 66.74 <0.0001 <0.0001 182.1 75.78 115.22 61.39 < 0.0001 <0.0001
4th moment 1.93E+11 1.03E+11 3.26E+12 1.45E+13 0.052 0.068 2.43E+12 1.19E+13 3.44E+12 1.79E+13 0.663 0.714
IQR 844.97 257.53 637.62 285.92 <0.0001 <0.0001 773.81 267.65 607.48 266.12 < 0.0001 <0.0001
Entropy 7.21 0.28 7.04 0.52 0.007 0.018 6.98 0.55 7.1 0.45 0.138 0.208
GLCM
Entropy 1.25 0.42 1.16 0.46 0.185 0.195 1.19 0.41 1.14 0.39 0.479 0.559
Contrast 52.38 47.69 38.97 53.83 0.084 0.09 51.43 45.28 35.84 48.22 0.029 0.052
Correlation 0.8 0.18 0.86 0.18 0.055 0.071 0.81 0.17 0.86 0.18 0.049 0.083
Energy 0.01 0.01 0.03 0.04 0.001 0.004 0.02 0.03 0.02 0.03 0.662 0.714
Homogeneity 0.47 0.16 0.57 0.2 0.0001 0.001 0.48 0.18 0.58 0.19 0.0005 0.002
GLRL
SRE 0.06 0.02 0.07 0.03 0.081 0.09 0.07 0.06 0.06 0.03 0.397 0.491
LRE 0.06 0.02 0.07 0.04 0.024 0.04 0.07 0.06 0.07 0.04 0.79 0.83
GLN 0.06 0.02 0.07 0.06 0.061 0.074 0.07 0.04 0.07 0.04 0.951 0.951
GLRL, continued
RLN 0.06 0.02 0.07 0.04 0.046 0.065 0.07 0.06 0.07 0.04 0.863 0.884
RP 301.34 42.89 283.96 55.35 0.022 0.038 296.4 62.44 287.74 54.33 0.33 0.421
LGRE 301.52 42.96 280.68 58.36 0.008 0.018 297.56 63.5 287.37 59.37 0.276 0.365
HGRE 295.85 41.12 269.53 76.31 0.005 0.014 298.4 70.82 274.37 72.66 0.028 0.052
SRLGE 303.25 41.45 284.4 57.56 0.014 0.027 296.4 63.44 286.2 60.16 0.278 0.365
SRHGE 1284.61 1613.09 2023.51 1831.26 0.005 0.014 1245.18 1447.28 2035.23 1759.89 0.001 0.004
LRLGE 2728.14 3746.08 3965.93 3858.48 0.033 0.05 1972.28 2512.63 4001.09 3845.81 < 0.0001 <0.0001
LRHGE 1726.95 2218.05 2658.77 2596.52 0.012 0.024 1354.92 1742.76 2874.6 2759.6 < 0.0001 <0.0001
Law's feature*

L1 1.12E+06 9.21E+05 5.96E+05 6.39E+05 0.0003 0.001 1.24E+06 8.98E+05 6.35E+05 6.83E+05 <0.0001 <0.0001
L2 1.98E+05 2.36E+05 1.05E+05 1.55E+05 0.009 0.019 2.41E+05 2.49E+05 1.23E+05 1.70E+05 0.001 0.004
L3 5.10E+04 7.02E+04 2.62E+04 4.48E+04 0.018 0.033 6.31E+04 7.11E+04 3.28E+04 5.34E+04 0.005 0.011
L4 3.28E+05 3.36E+05 1.74E+05 2.27E+05 0.003 0.008 3.96E+05 3.51E+05 1.96E+05 2.49E+05 0.0002 0.001
L5 3.29E+04 4.82E+04 1.77E+04 3.16E+04 0.035 0.051 4.07E+04 5.02E+04 2.34E+04 3.97E+04 0.025 0.05
L6 1.48E+04 2.50E+04 7969.78 1.52E+04 0.065 0.076 1.62E+04 2.17E+04 1.02E+04 1.82E+04 0.078 0.126
L7 1.96E+04 3.23E+04 1.03E+04 2.03E+04 0.052 0.068 2.36E+04 3.08E+04 1.33E+04 2.41E+04 0.03 0.052
L8 1.37E+04 1.99E+04 8548.21 1.18E+04 0.074 0.084 1.36E+04 1.61E+04 1.00E+04 1.36E+04 0.148 0.214
L9 1.50E+05 1.65E+05 7.49E+04 1.06E+05 0.003 0.008 1.78E+05 1.66E+05 8.79E+04 1.23E+05 0.0003 0.001
GLGM
MGR 4.44 5.07 10.33 19.71 0.008 0.018 6.71 13.82 10.83 25.76 0.192 0.268
VGR 5147.37 2223.03 1.24E+05 5.81E+05 0.059 0.073 7.78E+04 3.83E+05 1.48E+05 7.66E+05 0.443 0.532
Skewness 43.73 26.38 30.37 24.71 0.001 0.003 43.93 25.25 31.31 26.55 0.002 0.004
Kurtosis 2802.69 2486.17 1633.98 2093.09 0.001 0.004 2773.3 2487.8 1798.85 2352.68 0.009 0.018

* In right sphenoid analysis, 24 and 26 patients contributed 62 and 73 measurements to normal bone density and osteoporosis groups, respectively. In left
sphenoid analysis, 25 and 28 patients contributed 68 and 76 measurements to normal bone density and osteoporosis groups, respectively. For all other analyses 29
patients contributed 87 measurements.
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of the CT images [29]. Also, in the former study, apparent trabecular
bone fraction and fractal dimension can use the combination to the
BMD to provide better assessment of the fracture risk than that ob-
tainable solely by BMD measurement [30]. According to our results, the
osteoporotic bone has higher SRE, LRE, GLN, and RLN values, but has
lower mean, median, RP, LGRE, HGRE, SRLGRE values compared to
normal bone. This suggest that during the process of loss of BMD and
progression towards osteoporosis, a larger amount of short line struc-
tures and a fewer amount of long line like structures, as evidenced by
the lack of statistically significant differences in the LRLGE and LRHGE
texture features. Comparing to the prior study, RLN can be different on
the regions. Our results suggest that quantitative analysis of the mi-
croarchitecture in the cancellous bone on noncontrast head CT images
can be used as a new indicator to diagnose osteoporosis.

As described above, osteoporosis is characterized by decrease in
bone mass and alterations in bone tissue, resulting in increased bone
fragility and an increased risk of fracture [2]. Part of the utility and
strength of texture analysis lies in its ability to utilize structures in-
cluded in studies performed for other clinical reasons as a screening
modality to detect undetected osteoporosis in unscreened individuals.
Data provided with head CT examinations may be used to identify
patients with osteoporosis who are possibly at an increased risk for
fracture without additional examinations, patient time, cost, and ra-
diation.

This study has several limitations. First, there is a maximum one-
year interval between head CT and DXA, which may have resulted in
differences in BMD between the two studies. Second, only trabecular
bone was included in the texture analysis obtained from CT, while DXA

Table 3
Texture parameters differentiating between normal bone density and osteoporosis patients in in the right and left condyles.

Right condyle Left condyle

Normal bone density Osteoporosis Normal bone density Osteoporosis

(N=29) (N=29) (N=29) (N=29)

Mean SD Mean SD P-value Q-value Mean SD Mean SD P-value Q-value

Histogram
Mean 1090.22 127.21 992.08 82.68 < 0.0001 0.0001 1098.63 145.25 962.09 187.73 < 0.0001 0.0001
Median 1220.43 126.91 1100.39 62.41 < 0.0001 0.0001 1231.05 147.19 1108.37 74.47 < 0.0001 0.0001
STD 475.13 67.47 470.76 259.21 0.879 0.879 486.67 82.31 490.36 227.13 0.887 0.887
Range 286.34 169.22 207.52 206.49 0.007 0.018 308.4 187.91 224.52 203.84 0.005 0.01
Geometric mean 747.23 170.96 696.85 134.15 0.032 0.052 752.93 176.41 681.75 140.93 0.004 0.008
Harmonic mean 177.74 127.39 171.62 107.31 0.732 0.75 176.18 120.09 164.68 116.73 0.523 0.536
2nd STD 101.03 59.04 73.5 73.35 0.007 0.018 108.29 65.27 79.2 71.89 0.006 0.011
STD5 119.08 61.35 90.31 79.15 0.008 0.019 127.09 69.37 95.22 76.09 0.004 0.009
STD9 142.26 65.37 98.44 57.44 < 0.0001 0.0001 149.45 74.42 118.88 87.26 0.014 0.02
4th moment 1.40E+11 4.87E+10 5.28E+12 2.29E+13 0.039 0.06 5.91E+11 3.67E+12 5.45E+12 1.83E+13 0.017 0.023
IQR 583.82 296.92 435.89 224.9 0.0003 0.003 592.75 268.32 518.68 268.12 0.07 0.084
Entropy 7.08 0.33 6.92 0.64 0.042 0.061 7.04 0.43 6.88 0.69 0.066 0.081
GLCM
Entropy 1.32 0.38 1.13 0.46 0.004 0.015 1.28 0.42 1.06 0.45 0.001 0.005
Contrast 43.36 39.25 32.76 43.23 0.092 0.119 45.64 40.21 35.1 44.19 0.102 0.115
Correlation 0.81 0.17 0.83 0.19 0.362 0.39 0.8 0.17 0.85 0.18 0.043 0.057
Energy 0.01 0.01 0.03 0.06 0.002 0.011 0.02 0.03 0.04 0.06 0.011 0.016
Homogeneity 0.51 0.16 0.6 0.21 0.002 0.011 0.5 0.18 0.6 0.22 0.002 0.006
GLRL
SRE 0.05 0.02 0.06 0.04 0.017 0.033 0.05 0.03 0.07 0.06 0.008 0.013
LRE 0.06 0.02 0.07 0.05 0.007 0.018 0.05 0.03 0.08 0.07 0.002 0.006
GLN 0.06 0.02 0.07 0.07 0.012 0.026 0.06 0.04 0.09 0.07 0.006 0.011
GLRL, continued
RLN 0.05 0.02 0.07 0.05 0.004 0.015 0.06 0.04 0.09 0.07 0.003 0.007
RP 322.08 58.97 295.05 70.46 0.007 0.018 319.36 64.39 288.21 60.5 0.001 0.005
LGRE 311.21 57.07 278.17 77.7 0.002 0.01 318.67 65.74 279.3 72.1 0.0002 0.002
HGRE 302.69 51.93 261.33 95.77 0.001 0.005 302.28 71.35 251.66 98.47 0.0002 0.002
SRLGE 320.17 52.12 289.4 71.44 0.001 0.01 310.94 68.45 271.74 73.74 0.0004 0.002
SRHGE 1573.4 1731.16 1916.08 1618.13 0.179 0.215 1405.39 1438.06 1768.96 1591.29 0.116 0.128
LRLGE 3368.42 4056.46 4634.58 4445 0.051 0.072 2337.82 2781.46 3606.9 3829.88 0.013 0.02
LRHGE 2080.42 2343.5 3063.17 2971.19 0.017 0.033 2284.23 2998.2 2908.14 3171.87 0.184 0.198
Law's features*

L1 1.03E+06 8.32E+05 6.74E+05 7.37E+05 0.006 0.018 1.09E+06 9.00E+05 5.39E+05 6.10E+05 <0.0001 0.0001
L2 2.20E+05 2.39E+05 1.40E+05 1.95E+05 0.027 0.047 2.36E+05 2.56E+05 1.03E+05 1.52E+05 0.0004 0.002
L3 5.73E+04 6.63E+04 4.07E+04 5.80E+04 0.107 0.133 6.42E+04 7.52E+04 2.79E+04 4.64E+04 0.001 0.004
L4 3.36E+05 3.32E+05 2.26E+05 2.84E+05 0.032 0.052 3.67E+05 3.60E+05 1.65E+05 2.22E+05 0.0001 0.001
L5 3.89E+04 4.71E+04 2.68E+04 3.99E+04 0.094 0.119 4.22E+04 5.14E+04 1.90E+04 3.23E+04 0.002 0.006
L6 1.69E+04 2.29E+04 1.23E+04 1.93E+04 0.188 0.218 1.84E+04 2.48E+04 7881.95 1.47E+04 0.003 0.007
L7 2.27E+04 3.00E+04 1.67E+04 2.57E+04 0.192 0.218 2.55E+04 3.33E+04 1.07E+04 2.02E+04 0.002 0.006
L8 1.45E+04 1.77E+04 1.13E+04 1.41E+04 0.23 0.254 1.52E+04 1.79E+04 7748.51 9940.33 0.003 0.007
L9 1.54E+05 1.49E+05 1.05E+05 1.35E+05 0.04 0.06 1.70E+05 1.71E+05 7.88E+04 1.11E+05 0.0003 0.002
GLGM
MGR 5.38 5.13 15.01 30.35 0.004 0.015 6.84 11.92 16.39 30.79 0.008 0.013
VGR 6075.07 1657.75 2.33E+05 8.91E+05 0.02 0.037 4.19E+04 2.48E+05 2.92E+05 9.06E+05 0.015 0.021
Skewness 35.54 21.57 28.13 21.81 0.025 0.046 37.78 23.62 30.68 23.71 0.049 0.063
Kurtosis 1861.58 1757.05 1363.91 1621.03 0.054 0.073 2139.65 2239.33 1611.04 1982.97 0.101 0.115

* In right condyle analysis, 26 and 28 patients contributed 69 and 78 measurements to normal bone density and osteoporosis groups, respectively. In left condyle
analysis, 24 patients contributed 68 and 69 measurements to normal bone density and osteoporosis groups, respectively. For all other analyses 29 patients con-
tributed 87 measurements.
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assesses both cancellous and cortical bone. Although trabecular bone
architecture parameters could add significant information beyond BMD
for predicting bone strength, [23,25,26,31–34] this difference in bone
types may have resulted in errors in the correlation between DXA the
BMD and the texture parameters. In this preliminary investigation we
did not account for possible medications which would alter BMD. Third,
small sample size, the lack of hormonal data and the cause of osteo-
porosis have not been taken into account, as well as the absence of
pathological radiographic correlation. This may be the focus of future a
future investigation.

5. Conclusions

The results of this pilot study suggest that a texture analysis applied
to noncontrast head CT may be helpful in identifying patients with
osteoporosis. We are not suggesting that this modality and methodology
replace conventional BMD screening tests, but rather this may be used
to assess patients with limited access to conventional screening mod-
alities and who may have already had a head CT performed for other
routine clinical purposes. Despite the reduction in time associated with
undergoing additional examinations, additional patient time, cost, and
radiation exposure, this method may potentially help to decrease the
total number of unscreened patients and untreated patients with os-
teoporosis.
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