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Abstract
Objectives Patients undergoing osteoporosis treatment benefit greatly from early detection. We previously developed a
computer-aided diagnosis (CAD) system to identify osteoporosis using panoramic radiographs. However, the region of interest (ROI) was relatively small, and the method to select suitable ROIs was labor-intensive. This study aimed to expand the
ROI and perform semi-automatized extraction of ROIs. The diagnostic performance and operating time were also assessed.
Methods We used panoramic radiographs and skeletal bone mineral density data of 200 postmenopausal women. Using the
reference point that we defined by averaging 100 panoramic images as the lower mandibular border under the mental foramen,
a 400 × 100-pixel ROI was automatically extracted and divided into four 100 × 100-pixel blocks. Valid blocks were analyzed
using program 1, which examined each block separately, and program 2, which divided the blocks into smaller segments and
performed scans/analyses across blocks. Diagnostic performance was evaluated using another set of 100 panoramic images.
Results Most ROIs (97.0%) were correctly extracted. The operation time decreased to 51.4% for program 1 and to 69.3% for
program 2. The sensitivity, specificity, and accuracy for identifying osteoporosis were 84.0, 68.0, and 72.0% for program 1
and 92.0, 62.7, and 70.0% for program 2, respectively. Compared with the previous conventional system, program 2 recorded
a slightly higher sensitivity, although it occasionally also elicited false positives.
Conclusions Patients at risk for osteoporosis can be identified more rapidly using this new CAD system, which may contribute
to earlier detection and intervention and improved medical care.
Keywords Diagnostic imaging · Osteoporosis · Radiography · Mandible

Introduction
Osteoporosis is a disease characterized by low bone mass
and micro-architectural deterioration of bone tissue, leading to increased bone fragility and a consequent higher
risk of fracture [1]. Given that osteoporosis typically
occurs in the older adult population, a significant surge in
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its occurrence in Japan can be foreseen owing to the high
proportion of elderly individuals among Japanese citizens.
A report by the International Osteoporosis Foundation
estimated that approximately 10% of Japanese individuals
aged ≥ 40 years are osteoporotic (i.e., 3.0 million men and
9.8 million women), representing a significant impact on
healthcare resources and treatment costs [2]. Early intervention is particularly important to alleviate discomfort
in patients at risk of osteoporosis and diminish the burden on the healthcare system. Individuals at particularly
high risk of developing fractures from osteoporosis are
postmenopausal women with low skeletal bone mineral
density (BMD). Therefore, the importance of screening
postmenopausal women with a high risk of osteoporosis
has been reported in many past studies [3–9]. Bone mass
measurement, such as that performed by dual-energy X-ray
absorptiometry (DXA), is considered the most reliable
procedure to identify low BMD before the incidence of
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fractures. However, because of limited numbers of facilities and trained personnel, it is impossible to apply DXA
to all postmenopausal women who are potentially at risk
of having low BMD and/or fractures [10].
Previous studies have suggested that panoramic radiography may be a useful tool to identify postmenopausal
women with low skeletal BMD [11–16]. In particular, several studies have indicated that a linear radiolucent image
of the endosteal margin of the lower border of the mandible
(just under or distal to the mental foramen) on panoramic
radiographs is a consequence of diminished skeletal BMD
[11–13, 15, 16]. Based on these reports, a computer-aided
diagnosis (CAD) system to identify patients with osteoporosis using panoramic radiographs was first developed at
our institution [17]. This system can readily detect the linear
radiolucent image within the inferior border of the mandibular cortex on panoramic radiographs. Cortical changes are
particularly evident in patients with low BMD. Although
this CAD system has high diagnostic accuracy, most steps
in extracting the region of interest (ROI) must be performed
manually. In addition, because the ROI sample size is limited (100 × 100 pixels), cortical bone with linear radiolucent images is likely to go unnoticed. As shown in Fig. 1, if
the linear bone resorption image is not included because of
the small ROI, it may not be possible to reach an accurate
diagnosis. The aims of this study were to expand the size
of the ROI to reduce the risk of missing the area, where the
linear radiolucent images are seen and to semi-automatize
both extraction and selection of the ROI, so that operation
time and complexity can be reduced in comparison with our
previous CAD system. We also measured and compared the
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diagnostic performance of the new system with that of the
conventional system.
All authors declare that they have no conflict of interest.
All procedures followed were in accordance with the ethical
standards of the responsible committee on human experimentation (institutional and national) and with the Helsinki
Declaration of 1975, as revised in 2008 (5). Informed consent was obtained from all patients for being included in
the study.

Materials and methods
Panoramic radiographs and BMD assessment
Two hundred postmenopausal women aged ≥ 50 years who
visited the outpatient clinic of Oral and Maxillofacial Radiology at Hiroshima University Hospital from 2009 to 2011
were the subjects of this study. All women were given a
detailed explanation of the research and provided informed
consent before enrollment. No patients had metabolic bone
disease, cancer with bone metastasis, or major renal impairment, and no patients were taking any medications that
could affect bone metabolism. Panoramic radiographs of all
patients were taken using Cypher® digital panoramic X-ray
equipment (Asahi Roentgen, Kyoto, Japan). All panoramic
radiographic images were 2876 × 1536 pixels in size. Of
these 200 images, 100 were used to estimate the most suitable reference point for automatic extraction of the ROIs
and to calculate a threshold value to discriminate between
noise and proper bone after image processing (Group A),

Fig. 1  Comparison of the conventional small region of interest (ROI) and the newly created large ROI. a Conventional ROI does not include the
part containing the bone structural change (arrow). b New large ROI includes the area of structural change

13

Oral Radiology (2019) 35:143–151

145

and 100 images were used to confirm the diagnostic performance of the system (Group B). BMD measurements of the
lumbar spine (L2–L4) were performed for all 200 patients
using DXA (DPX-alpha; Lunar Co., Madison, WI, USA).
The absence of vertebral fractures was also confirmed in
all patients using lateral radiographs of the lumbar spine
taken at the same time as the DXA measurement. Based on
the World Health Organization classification, low skeletal
BMD was defined as a BMD T score of − 1.0 or less. The
presence of osteoporosis was defined as a BMD T score of
− 2.5 or less [18]. The distribution of skeletal BMD data is
shown in Table 1. The rate of patients with osteoporosis in
the present study was very similar to that in a different group
of postmenopausal women aged ≥ 50 years in a Japanese
cohort study investigating healthy adults [19].

Semi‑automatization of ROI processing
and construction of a diagnostic program
To simplify the operation of the system and shorten the operation time, the selection of ROI was automated as much as

possible. The CAD software was programmed in MATLAB
2010a in combination with the Image Processing Toolbox
(MathWorks, Inc. Natick, MA, USA). The ROI must include
the lower border of the mandible just under or distal to the
mental foramen [11, 12]. Without any reference point, it is
difficult for the computer to identify the location. First, an
optimized reference point was needed for subsequent semiautomatic extraction and processing of the large ROI. To
estimate this reference point, 14 dental practitioners (mean
age, 48.5 years; mean clinical experience, 23.7 years) were
asked to delineate the inferior border of the mandible immediately under the mental foramen within all Group A images.
The average value of all specified coordinates was then calculated and defined as the optimal reference point (point 1
in Fig. 2). The coordinates on the contour edge line, which
was extracted by a Canny edge detector (which locates edges
by looking for local maxima within specific gradients) [20],
were subsequently defined as the second reference point
(point 2 in Fig. 2). Next, a region of 400 × 100 pixels (the
ROI) was automatically extracted along the contour of the
mandible using the second reference point. To make it easier

Table 1  Patient characteristics
Mean age and SD (in years)
Mean BMD T score (and SD)
BMD T score distribution
BMD T score ≥ −1.0 (normal skeletal BMD)
BMD T score < −1.0 (low skeletal BMDa or o steoporosisa)
BMD T score < −2.5 (osteoporosisa)

Group A

Group B

64.5 ± 8.1
− 1.10 ± 1.49

59.5 ± 7.8
− 1.15 ± 1.69

49
51
23

51
49
25

The number of BMD T scores of less than − 1.0 also includes the number of BMD T scores of less than
− 2.5. Therefore, the sum of BMD T scores of less than − 1.0 and greater than or equal to − 1.0 is 100,
which is the total number of patients
BMD bone mineral density, SD standard deviation

a

Diagnostic criteria of low skeletal BMD and osteoporosis are based on the World Health Organization
definition

Fig. 2  Overview of image processing for region of interest (ROI)
extraction. a Reference point 2 is defined as the point perpendicularly below or above reference point 1. b Region of 400 × 100 pixels

was extracted as the ROI along the contour of the mandible from the
50-pixel mesial coordinate of reference point 2
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to specify any non-analyzable parts for exclusion from the
diagnosis, the larger 400 × 100-pixel ROI was divided into
four 100 × 100-pixel blocks. Among these blocks, the operator running the CAD program then judged and excluded
any block containing variations that did not adhere to the
mandibular cortical bone region. Only selected blocks could
be further examined using one of the two novel diagnostic
programs. To illustrate this, Fig. 3 shows some examples of
block selection within a larger ROI. If the mandibular cortical bone could not be extracted correctly, all blocks of the
ROI were excluded.
Subsequent diagnostic analysis was performed using two
different methods that consisted of their own program in
MATLAB. The first method (program 1) was to treat each
block separately and run an analysis similar to the previous
conventional CAD method [17]. The second diagnostic program (program 2) was designed to allow for a more precise
analysis in either contiguous or standalone blocks by scanning through the target area in a detailed fashion of about 10
pixels per iteration. One clear advantage of program 2 is that
it can scan across borders between adjacent selected blocks
and take this information into account.
Similar to the previously available CAD system, all
images included in the areas suitable for further analysis
were binarized (i.e., assigned one of the two color values)

after extracting a morphological skeleton based on several mathematical morphological parameters [16, 21]. In
particular, using the Group A images, the threshold value
(pixel size) that distinguished between the generated skeleton line(s) and the noise was obtained in the following
way. For all selected blocks, the line element size (in pixels)
generated in all ROI blocks without overlapping structures
(such as the hyoid bone) of Group A images was analyzed
by examining its frequency distribution (Fig. 4). In total, 619
of 800 blocks extracted from Group A images contained no
unwanted structures on any side. Small-size line elements
(e.g., < 10 pixels; large peak) constituted the main bulk. This
part mainly included small pixels which were considered
as noise. Accordingly, the upper 95th percentile value of
this group (92 pixels) was determined as the threshold value
between skeleton lines that should be evaluated and noise.
Previous studies have shown that linear radiolucent images
appear in the mandibular cortical bone of patients with low
BMD [11, 13, 15, 17]. In other words, in subjects with low
predicted skeletal BMD, cortical bone is divided into multiple structures by linear bone resorption images. Therefore,
after image processing, the image is converted into multiple
skeleton lines. However, in subjects with normal predicted
BMD, because a linear radiolucent image is not seen inside
the cortical bone, the image of cortical bone is converted

Fig. 3  Division of the region of interest into four blocks of 100 × 100
pixels. a If no blocks are to be excluded, all four blocks can be evaluated by programs 1 and 2. Program 2 can scan inside all blocks by
scanning the identification area. b Only two blocks can be evaluated
(the other two blocks must be excluded because of superimposition

of the hyoid bone image). Program 2 can scan inside the two blocks.
c If no contiguous blocks are present because of the excluded blocks,
each block is individually diagnosed. In such a case, scanning the
identification area cannot be performed by program 2
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Fig. 4  Histogram showing the sizes of all line elements generated in
the regions of interest of group A images. Small-size line elements
(e.g., < 10 pixels; large peak) constitute the main bulk. The upper
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95th percentile value of this group (92 pixels) was determined as the
threshold value that distinguished between skeleton lines that should
be evaluated and noise

into only one skeleton line. Based on this theory, if any
images within the blocks divided into two or more skeleton
lines after noise exclusion, the system would diagnose the
patient as being likely to have low skeletal BMD or even
osteoporosis (Fig. 5). Figure 6 shows a flow diagram from
ROI extraction to diagnosis.

Calculation of the rate of ROIs that could be
extracted correctly and blocks that could be
evaluated
We calculated the rate of ROIs correctly extracted from the
lower mandibular cortical bone. As shown in Fig. 3, we also
calculated the rate at which blocks could be evaluated without being deleted because of the inclusion of unnecessary
images, such as the hyoid bone.

Comparison of diagnostic performance
and operation time between the conventional
diagnostic program and the two novel diagnostic
programs 1 and 2
To evaluate the diagnostic performance between the previous CAD program and the two novel CAD programs, the
sensitivity, specificity, positive predictive value, negative
predictive value, and accuracy were calculated using dichotomous 2 × 2 tables. These tables were obtained from both

Fig. 5  Image processing result for patients expected to have normal
and low BMD. In subjects with normal predicted BMD, no linear
radiolucent image is seen inside the cortical bone. Therefore, because
only one structure is seen inside the divided block, the image is converted into one skeleton line by image processing. In subjects with
low BMD, the original image of the cortical bone is converted into
multiple skeleton lines, since it is divided into multiple structures by
linear radiolucent images
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Fig. 6  Flow diagram of the novel systems from region of interest extraction to diagnosis

the diagnostic information based on BMD assessment of
the lumbar spine and the results of the diagnostic programs
themselves. We used SPSS v11.0 statistical software (SPSS
Inc., Chicago, IL, USA) for these statistical evaluations. The
calculated values of the new CAD software based on program 1, program 2, and the previous conventional system
were then compared. When the 95% confidence intervals
for each measurement did not overlap, a significant difference was considered to exist between them. The overall time
taken to diagnose all 100 Group B images using all three
programs was also measured. All programs were operated
by the first author (TN; clinical experience of 16 years), and
the same diagnostic and medical equipment, including the
computer on which all programs were run (Windows 8.1
Enterprise 64-bit, Intel Core i7-4770 3.4 GHz CPU, 16 GB
RAM), was used for these evaluations.

Results
The novel CAD software automatically extracted the lower
border of the mandible (400 × 100 pixels) within 194 ROIs
(97.0%) of all 200 potentially extractable ROIs (i.e., both left
and right sides of the mandible within all 100 radiographs of
Group B). In total, 636 of 800 blocks extracted from Group
B images contained no unwanted structures, such as the
hyoid bone, on any side. In addition, 48% of all 100 cases
in Group B could be diagnosed fully automatically without significant operator intervention. However, in six ROIs
(3.0%), the lower border of the mandible was not extracted
correctly. An example is shown in Fig. 7. In these cases,
structures with higher radiopacity than usual are located near
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the cortical bone. The diagnostic performances are shown
in Table 2. Of the two newly developed CAD programs,
the precise scanning method inside and across consecutive
blocks (program 2) displayed the highest sensitivity. However, owing to a higher false-positive rate, the specificity
of program 2 was slightly lower than that of program 1 and
the conventional program. In the cases of false positives
in program 2, slight bone structure changes were detected.
However, in the cases of false negatives in both the old and
new systems, it was seen that the skeleton lines after image
processing were connected to one another and converted into
a single pixel agglomeration. An example is shown in Fig. 8.
The time required for operation and diagnosis was 43 min
28 s for the conventional program, 22 min 21 s for program
1, and 30 min 8 s for program 2. Therefore, compared with
the conventional system, the operation time decreased to
51.4% for program 1 and 69.3% for program 2.

Discussion
For most panoramic radiographs used in this study, the ROIs
could be extracted automatically with high validity. However, in six ROIs (3.0%), the lower border of the mandible
was not extracted correctly. If structures with higher radiopacity than usual are located near the cortical bone and if
reference point 1 of Fig. 1 is close to the images of such high
radiopacities, it is possible that the system may misinterpret them as being cortical bone, because such high opacity
images are similar to the image of the mandibular cortical
bone. Further studies are needed to reduce such potential
misinterpretations. However, even for these cases, a suitable
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Fig. 7  Example of a case in which the upper border of the hyoid bone was mistakenly extracted as a region of interest. If structures with higher
radiopacity than usual are located near the cortical bone, the system may misinterpret them as being cortical bone

Table 2  Comparison of diagnostic performance for identifying patients in Group B with low skeletal BMD (or osteoporosis) between the novel
and conventional computer-aided diagnosis systems

Novel system
Program 1
BMD T score < −1.0
(low skeletal BMD)
BMD T score < −2.5
(osteoporosis)
Program 2
BMD T score < −1.0
(low skeletal BMD)
BMD T score < −2.5
(osteoporosis)
Conventional system
BMD T score < −1.0 (low
skeletal BMD)
BMD T score < −2.5
(osteoporosis)

Sensitivity % (95% CI) Specificity % (95% CI) Positive predictive Negative predicvalue % (95% CI) tive value % (95%
CI)

Accuracy % (95% CI)

65.3 (56.0–74.6)

74.5 (65.9–83.0)

71.1 (62.2–80.0)

69.1 (60.0–78.2)

70.0 (61.0–79.0)

84.0 (76.8–91.2)

68.0 (58.9–77.1)

46.7 (36.9–56.5)

92.7 (87.6–97.8)

72.0 (63.2–80.8)

71.4 (62.5–80.3)

68.6 (59.5–77.7)

68.6 (59.5–77.7)

71.4 (62.5–80.3)

70.0 (61.0–79.0)

92.0 (86.7–97.3)

62.7 (53.2–72.2)

45.1 (35.3–54.9)

95.9 (92.0–99.8)

70.0 (61.0–79.0)

61.2 (51.6–70.6)

70.6 (61.7–79.5)

66.7 (57.5–75.9)

65.5 (56.2–74.8)

66.0 (56.7–75.3)

80.0 (72.2–87.8)

66.7 (57.5–75.9)

44.4 (34.7–54.1)

90.9 (85.3–76.5)

70.0 (61.0–79.0)

BMD bone mineral density, CI confidence interval

ROI could still be correctly extracted on the contralateral
side. Therefore, even if a suitable ROI is extracted on only
one side, individuals at risk of low BMD or osteoporosis can
still be identified.
Because automated extraction of widened ROIs has been
successfully deployed in the novel CAD program, the chance
that morphological changes outside shorter ROIs (as used in
the conventional system) would go undetected has significantly diminished. Among the cases in which the cortical

bone was correctly included in the ROI, four ROIs could
not be analyzed using the conventional CAD system because
of the previous ROI size limit, as shown in Fig. 1 (i.e., the
area of interest was outside the conventional CAD system
operating parameters). Using the novel CAD system and the
two new diagnostic programs, there were no such limits for
the Group B data set.
In addition, although no significant difference was
observed, the sensitivity was slightly higher than that
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Fig. 8  Example of a case in which all skeleton lines were connected
when image processing was performed. a Because a linear radiolucent image was observed in the cortical bone, low bone density was
predicted. b Mathematical morphological skeleton line of image A
was extracted. All lines are connected

of the conventional program. Furthermore, program 2,
which actively scans the inside of the ROI (and across
borders) in small increments, aptly identified several people as “suspected to have low BMD” and displayed excellent sensitivity. In the diagnosis of osteoporosis (BMD
T score < − 2.5), the decrease in specificity (− 4.0%) was
somewhat less than the increase in sensitivity of program
2 (+ 12%) compared with the conventional system. Therefore, the novel system using program 2 can find low BMD
patients more efficiently than the conventional system.
However, the number of false positives also increased,
because particular cases with only slight bone structure changes were also judged as “suspected to have low
BMD”. In the current CAD version, the final diagnostic conclusion is occasionally the same for a variety of
empirical results. For example, for cases in which only
two skeleton lines are present, and which are found only in
one block of the ROI, as well as in cases in which a more
prominent number of skeleton lines is found in multiple
blocks, the final verdict of the system would be “suspected
low BMD”. Conversely, as shown in Fig. 8, a rare problem
is that sometimes all the skeleton lines are connected to
one another. Consequently, they are converted into a single
pixel agglomeration; that is, the number of skeletal lines
(other than noise) is erroneously counted as “1”. Therefore, although this is clearly a case of low BMD, the image
in this rare case was not interpreted as positive. To obtain
higher diagnostic accuracy, we must take into account not
only the number of skeleton lines as a result of mathematical morphological image processing but also the form of
the skeleton lines, such as the perimeter of all skeletal
lines. Several studies have shown that the thickness of the
lower border of the mandibular cortical bone is also a useful diagnostic tool when predicting the presence of low
BMD [11, 14, 22–26]. A further study that includes cortical thickness would be necessary to improve the diagnostic
efficacy of CAD systems in the future. In the current CAD
version, the software can only display whether low BMD
is suspected. Therefore, clinicians might benefit from the
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possibility of linking the diagnostic result to a meaningful
numerical value such as a “mandibular margin morphology index” during the diagnostic presentation.
In addition, in the novel CAD software, the time required
for diagnosis was meaningfully shortened, and staff efforts to
operate the system were significantly reduced. Because the
method of operation in program 2 (i.e., scanning in 10-pixel
increments) involved the same number of processing steps
as in program 1, the final diagnosis took somewhat longer.
Even so, program 2 could still reach its final diagnosis within
a much shorter time span than the conventional system.
Compared with our previous study, the conventional
system exhibited good reproducibility, although there were
some minor discrepancies [17]. However, the novel system seems to allow for wider reproducibility, given that
the operator, when necessary, can aptly select and remove
all blocks containing structures other than cortical bone.
Whether reproducibility is also excellent when the same
patient is investigated multiple times is unknown; this is
difficult to assess because of the ethical problems that arise
when taking multiple X-ray images of the same patient
without necessary medical grounds. A potential solution
may be to investigate replicability using dry skull images.
Finally, the algorithm used by the CAD system must be
modified, so that it can accommodate a larger range of panoramic X-ray equipment. For example, the reference point
coordinates in this study can only be used in combination
with radiographs taken by Cypher® digital panoramic X-ray
equipment or compatible machines with a resolution of 300
dpi and 2876 × 1536 pixels in size. Other image characteristics, such as contrast and granularity, may also vary depending on the X-ray equipment. Therefore, amending some of
the aforementioned pitfalls, implementing new features, and
developing a general data processing module that makes
the CAD system deployable on a variety of X-ray equipment will allow for more widespread use of the CAD software in general clinical practice. This will allow clinicians
worldwide to use this new method to identify asymptomatic
patients with low BMD or osteoporosis at an earlier stage.
In conclusion, for most of the panoramic radiographs
(97%), larger-sized ROIs could be extracted automatically.
The sensitivity of the novel CAD system for identifying
subjects with low BMD was slightly improved. Because
the operation of the system was semi-automated, the CAD
system can be used without complicated operations. With
continued development of the CAD diagnostic tool, patients
at risk of low skeletal BMD will be identified more rapidly
and efficiently, leading to earlier detection and intervention.
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