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Objectives: The purpose of this study was to evaluate rater agreement and the accuracy of 
a semi- automated software and its fully automated tool for osteoporosis risk assessment in 
intraoral radiographs.
Methods: A total of 567 intraoral radiographs was selected retrospectively from women aged 
75–80 years participating in a large population- based study (SUPERB) based in Gothenburg, 
Sweden. Five raters assessed participants’ risk of osteoporosis in the intraoral radiographs 
using a semi- automated software. Assessments were repeated after 4 weeks on 121 radiographs 
(20%) randomly selected from the original 567. Radiographs were also assessed by the soft-
wares’ fully automated tool for analysis.
Results: Overall interrater agreement for the five raters was 0.37 (95% CI 0.32–0.41), and for 
the five raters with the fully automated tool included as ‘sixth rater’ the overall Kappa was 0.34 
(0.30–0.38). Intrarater agreement varied from moderate to substantial according to the Landis 
and Koch interpretation scale. Diagnostic accuracy was calculated in relation to reference 
standard for osteoporosis diagnosis which is T- score values for spine, total hip and femoral 
neck and presented in form of sensitivities, specificities, predictive values, likelihood ratios 
and odds ratios. All raters' mean sensitivity, including the fully automated tool, was 40,4% 
(range 14,3%–57,6%). Corresponding values for specificity was 69,5% (range 59,7%–90,4%). 
The diagnostic odds ratios ranged between 1 and 2.7.
Conclusion: The low diagnostic odds ratio and agreement between raters in osteoporosis risk 
assessment using the software for analysis of the trabecular pattern in intraoral radiographs 
shows that more work needs to be done to optimise the automation of trabecular pattern anal-
ysis in intraoral radiographs.
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Introduction

In 1994, osteoporosis was defined by WHO as a system-
atic skeletal disease characterised by low bone mass 

and microstructural deterioration of bone tissue with 
a consequent increase in bone fragility and suscepti-
bility to fracture.1 Osteoporotic fractures are common 
and approximately 50% of females over 50 years of age 
will sustain a fragility fracture during their remaining 
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lifetime.2 In 2010, three and a half  million osteopo-
rotic fractures occurred in the EU at an annual cost of 
37 billion Euro.3 The number of fractures is expected 
to rise to four and a half  million and cost 46.8 billion 
Euro by 2025.3 In females, the increase is most promi-
nent after the age of 70. In Sweden, the annual number 
of osteoporotic fractures is almost 70,000 and vertebral 
fractures are the most common.4

Osteoporosis is one risk factor for fracture and the 
diagnosis of osteoporosis mainly relies on the measure-
ment of bone mineral density (BMD) by dual- energy 
X- ray absorptiometry (DXA).5 The operational defini-
tion of osteoporosis is based on the T- score for BMD 
assessed by DXA at the femoral neck or spine and 
is defined as a value for BMD 2.5 SD or more below 
the young female adult mean.6 A major challenge in 
managing osteoporosis is identifying affected individ-
uals before the condition is established and fracture 
has occurred. Even though bone density measurement 
plays a vital role in examining individuals with multiple 
risk factors in order to predict their fracture risk, there 
is currently no scientific evidence to support the use of 
bone density measurement as a screening method in 
healthy, middle- aged individuals.7

It is known that a correlation exists between BMD of 
the jaws and other skeletal sites,8–11 and studies have also 
shown that patients with osteoporosis have an altered 
trabecular pattern in the jaws compared with normal 
subjects.12 Based on these conclusions, methods have 
been developed and applied on intraoral dental radio-
graphs, with the goal of identifying individuals at risk 
of or with osteoporosis. Visual assessment, categorising 
the trabecular patter into dense homogeneous, heteroge-
neous, or sparse homogeneous in intraoral radiographs 
of the premolar region of both upper and lower jaw 
showed a potential to identify females at risk of having 
osteoporosis13 as well as for prediction of skeletal frac-
tures.14 Most adults in Sweden frequently visit their 
dentist where radiographs are taken on a regular basis15 
for diagnostic purposes, and an opportunity exists to 
incorporate osteoporosis risk assessment into dental 
clinical practice using radiographs already taken in the 
dental setting.

Visual assessments have the drawback of being rater 
dependent which means they rely on human percep-
tion, and thus some degree of error is likely inevitable 
even with experienced raters.16 Digital image processing 
software have been applied to overcome this issue in an 
attempt to automate the process of analysis of trabec-
ular pattern in intraoral dental radiographs.12,17–20 
However, most software are based on a semi- automated 
approach where a rater applies the region of interest 
on a specific part of the image. As little as 0.10 cm2 
of interdental bone of the premolar area on intraoral 
dental radiographs has been proved to be large enough 
to enable prediction of femoral and spinal BMD and 
thus osteoporosis.21

Most studies are performed on radiographs obtained 
under controlled conditions within academic research 
projects and not on radiographs obtained during 
everyday clinical work in a primary dental setting.13,18 
Furthermore, as for all diagnostic methods, agreement 
and accuracy are important concepts and agreement 
studies using digital image analysis software are infre-
quently reported.22 Even though an image processing 
algorithm is applied, these are often based on a semi- 
automated approach that does not entirely neglect the 
influence of its user. To the best of our knowledge, no 
study has evaluated rater agreement when using soft-
ware for analysis of the trabecular bone pattern in intra-
oral dental radiographs. Therefore, this study aimed to 
investigate rater agreement and the diagnostic accuracy 
of one semi- automated software and its fully automated 
tool in osteoporosis risk assessment based on the anal-
ysis of trabecular pattern in intraoral dental radiographs 
obtained in a primary dental setting.

Methods and materials

This is a retrospective rater- based study on agreement 
and reliability when using semi- automated software for 
analyses of bone tissue in intraoral radiographs. It was 
conducted, analysed, and reported in accordance with 
the Guidelines for Reporting Reliability and Agreement 
Studies (GRRAS).23

Subjects
A population- based, prospective study (Sahlgrenska 
University hospital Prospective Evaluation of Risk 
of Bone fractures—The SUPERB study) was based 
in Gothenburg, Sweden, between the years 2013 and 
2016. A national population register was used to iden-
tify females aged 75–80 years living within the greater 
Gothenburg area. Those who were ambulant, able to 
follow instructions in Swedish and had at least one hip 
that could be evaluated for BMD were included in the 
study.24,25 The study included 3028 elderly females. All 
study subjects gave their informed consent, and the 
study protocol was approved by the Ethical Review 
Board at the University of Gothenburg (Dnr T297-15/
Ad 929–12).

Dual-energy X-ray absorptiometry
Areal (a) BMD of the hip and spine was measured 
by dual- energy X- ray absorptiometry (DXA) device, 
Hologic Discovery A (S/N 86491) (Waltham, MA) on 
most participants (n = 2995). The National Health 
and Nutrition Examination Survey (NHANES) III 
reference database for femoral neck and total hip in 
20–29 year- old Caucasian females as well as the Hologic 
material for lumbar spine consisting of 30- year- old 
Caucasian American females were used to calculate 
the corresponding T- scores.26 Due to machine failure, a 
small proportion of females (n = 33) was measured with 
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another Hologic Discovery A DXA device (Waltham, 
MA). The potential discrepancy between the two 
machines was taken into account by performing a cross- 
calibration described elsewhere.27

Collection of dental radiographs
A flow chart illustrating the collection of images is 
shown in Figure 1. In 2015, data on 2060 participants 
out of 3028 from the SUBERB study27 were available. 
The social security numbers of these study partici-
pants were sent to the Swedish National Insurance 
Agency requesting data on dental examinations during 
2010–2015 in the Västra Götaland region of Sweden, 
including dental radiographic examinations. A total of 
9303 dental examinations were found on 1898 partici-
pants from 337 clinics. Letters with lists of patients 
were sent to the clinics requesting that they send digital 
as well as analogue radiographs obtained as part of a 
dental examination. Radiographs from 376 patients 
were collected from 83 responding clinics. Invalid image 
format and missing date on the images reduced the 
amount to 230 study participants, 3505 images. Due to 
poor response rates from the clinics in the first round of 
collection of images in 2015, data on all 3028 partici-
pants from the SUPERB study were also requested from 
the regional archives of Västra Götaland that stores 
data for public healthcare clinics in 2018. We received 
images from 1214 patients and as we received all radio-
graphic images from all examinations performed of the 

patient at the clinic, regardless of our inclusion criteria, 
this gave us a total of 21,175 images. Duplicates of 
images from the first and second data collection were 
removed. Thereafter, a selection of images took place 
according to the following criteria: (a) vertical bitewing 
and/or periapical image including ROI between roots of 
premolars in the lower jaw (b) acceptable image quality 
including projection geometry, resolution, sharpness 
and contrast (c) image taken within 3 years before or 
after DXA examination. First, a rough selection was 
performed by the first author. The most common 
reasons for excluding images from the analysis were 
missing region of interest, poor image quality, image 
too old, or unknown date. Two authors made the second 
selection of images based on image quality and closest 
in date to DXA examination. After the final selection 
567 images, from the same number of patients remained 
for analysis. All DICOM images were converted to JPG 
format using Image J software (Rasband, W.S., ImageJ, 
U. S. National Institutes of Health, Bethesda, Mary-
land, 1997–2018). Analogue images were scanned with 
1000 dpi using UMAX Mirage IIse (Umax Technolo-
gies, Inc., Hsinchu, Taiwan) flatbed scanner.

Digital image analysis software
The software (Boneprox©, Gothenburg, Sweden) is 
based on a bilinear filter where the reference size is 
chosen to be small enough to remove noise but still retain 
the trabecular pattern to be assessed automatically. The 

Figure 1 Flow chart of participant recruitment and data collection. N, number of study participants; n, number of dental radiographs; ROI, 
region of interest
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grey levels in the image are reduced to 8- bit data and 
linearly stretched to cover all intensities. A median filter 
minimises noise in the image. The analysis progresses by 
identifying the minimum and mean value within a 9 × 
9 neighbourhood to every pixel and focusing only on 
the bone tissue. The software searches for a pattern to 
recognise trabecula and separates them from the voids. 
If  too many pixels are classified as a trabecula (and 
thus too little space) the threshold is reduced, and the 
process repeated. The threshold value was chosen from 
the reference material.13 Afterwards, the distance trans-
form is applied, first to measure from each pixel within 
every trabecula the closest bone space and then measure 
the size of the space between trabeculae. The largest 
intertrabecular space is identified, after that the second 
largest, until the 20 largest spaces are found. The assessed 
trabecular pattern is enclosed within a trapezoid marker 
symbolising ROI (Figure 2) that needs to be manually 
placed in order to perform the analysis. The marker is 
fixed in size and shape but could be moved and rotated. 
Only pixel data within the area of the marker are consid-
ered for the analysis. The area within the marker is resa-
mpled in size to make the resulting image match a fixed 
reference size. A novel technology has been introduced 
to the software that fully automates the whole process 

from placement of the trapezoid marker to the analysis 
of the trabecular pattern within. In other words, the 
fully automated tool removes the method’s dependency 
on its user. The details of this technology are a corpo-
rate secret and cannot be included in this paper. The 
final resulting value represents the sum of the sizes and 
intensities of the spaces between the trabeculae. Values 
are between approximately 3000 (dense bone structure) 
and 9500 (sparse bone structure, i.e. large gaps between 
trabeculae). Values higher than 6500 denoted risk of 
osteoporosis according to the manufacturer’s manual.

Analyses
Five raters performed analyses of the intraoral images 
using semi- automated software. Of the five raters one 
is a specialist in dental and maxillofacial radiology with 
30 years of experience. The second rater was a general 
dental practitioner with 6 years of clinical experience 
and a postdoc in dental and maxillofacial radiology. 
The third rater was a general dental practitioner with 
5 years of clinical experience and a PhD student. The 
last two raters were recently graduated general dental 
practitioners with less than 1 year of clinical experience. 
In addition to the analysis performed by the raters, the 
images were subjected to analysis with a fully automated 
tool provided by the most recent version of the software.

Prior to the analyses, an information session on the 
purpose of the study and a calibration exercise took 
place with all the raters. The assessment instructions 
were specified both verbally and in writing. All raters 
were familiar with the handling of the software.

The images were uploaded to the software in JPEG 
(Joint Photographic Experts Group), TIFF (Tagged 
Image File Format) or BMP format (Bitmap image file 
format; 8- bit greyscale). A trapezoid marker symbol-
ising ROI was manually placed with the raters between 
the roots/apices of the premolar area in the lower jaw 
(Figure 2). In the case of analysis by the fully automated 
tool the trapezoid marker was placed by the software 
itself. The trabecular pattern was assessed by the algo-
rithm provided in the software.

All raters performed the analyses independently of 
each other at their own location using computer screens 
with resolution 1920 × 1080. The observation rooms 
were dimly lit as recommended by the American Asso-
ciation of Physicists in Medicine Task Group.28 The 
distance to the screen was approximately 50 cm. There 
was no restriction regarding observation time. All raters 
were blinded to clinical features such as the patients' 
age, previous medical history and individual DXA 
results. Software developed for the purpose performed 
a random selection of 121 images (20%) for the second 
round of observations performed by all raters, except 
for the fully automated tool, after 4 weeks.

Statistical methods
Rater agreement for categorical data was established 
through κ value using SPSS software v. 24.0 for Windows 

Figure 2 An example of a dental radiograph uploaded to the soft-
ware with the trapezoid marker symbolising ROI manually placed 
between the roots/apices of premolar area in the lower jaw. ROI, 
region of interest.

http://birpublications.org/dmfr


birpublications.org/dmfr

5 of  10

Dentomaxillofac Radiol, 50, 20210175

Digital analysis and osteoporosis risk assessment
Gullberg et al

(IBM Corp., Armonk, NY). Pairwise interrater agree-
ment was calculated to define the reliability between 
the investigator’s evaluation for each case. Intrarater 
agreement was calculated based on the reliability of the 
individual investigators between the first and the second 
analysis. Fleiss' κ was used to calculate the rater agree-
ment between all the raters with and without the fully 
automated tool. Fleiss' κ was calculated using STATA 
software v. 16 for Windows (StataCorp LLC, College 
Station, TX). Sensitivity, specificity, predictive values as 
well as likelihood ratios and accuracy were calculated 
using the online statistical calculator MedCalc®(Med-
Calc Software, Ostend, Belgium).29 To examine differ-
ences between groups for dichotomised variables we 
used χ2 test calculated using Chi- Square Calculator.30

Results

In this study, 567 radiographs that met the inclu-
sion criteria were selected through consensus reached 
between the two authors. One radiograph was chosen 
for each participant.

The results acquired from the analyses were dichot-
omised into low and high risk of osteoporosis with a 
threshold value of 6500 units in agreement with the 
manufacturer’s manual. The distribution of raters and 
the fully automated tool assessments into two groups 
according to the subjects' risk for osteoporosis is 
presented in Table 1. The number of subjects assessed 
as having high risk of osteoporosis ranged between 
52 and 211. There was a difference between the raters 
in the number of radiographs excluded due to being 
deemed not possible to assess. Rater 1 did not exclude 
any radiographs, while Rater 4 excluded 149 out of 567 
radiographs.

Tables 2 and 3 present κ values for pairwise inter- and 
intrarater agreement, respectively. Following Landis 
and Koch31 interpretation scale, pairwise agreement 
between the five raters varies from fair to moderate. 
Agreement between the five raters and the softwares' 
fully automated tool is mostly fair. Intrarater agreement 
varies from moderate to substantial.31 Overall interrater 
agreement κ values for the five raters was 0.37 (95% CI 

0.32–0.41), and for the five raters with the fully auto-
mated tool included as a “sixth rater”, the overall κ was 
0.34 (0.30–0.38).

Figure  3, Table  4 show the diagnostic accuracy of 
osteoporosis risk assessment by five raters using the 
software as well as for the fully automated tool. The 
diagnostic accuracy was presented as means of speci-
ficity, sensitivity, predictive values, likelihood and odds 
ratio. The analysis was performed on dichotomised data 
with the threshold value of 6500 units in agreement with 
the manufacturers' manual. Accuracy was calculated in 
relation to reference standard for osteoporosis diagnosis 
which is T- score values for spine, total hip and femoral 
neck, respectively where values lower than −2.5 were 
denoted osteoporotic. With values higher than 6500 units 
as an indicator of high risk of osteoporosis in intraoral 
radiography, the mean sensitivity of all raters' including 
the fully automated tool was 40,4% (range 14,3–57,6%). 
The corresponding value for specificity was 69,5% 
(range 59,7–90,4%). There are large differences between 
the five raters. Rater 2 stood out in comparison to the 
others with low sensitivity values (18.4%, 22.6% and 
14. 3% for T- score spine, T- score total hip and T- score 
femoral neck, respectively) and high specificity (90.4%, 
90.4% and 90.1%). The fully automated tool sensitivity 
varies from 45.6% for T- score spine, 57.6% for T- score 
total hip to 49.3% for T- score femoral neck. Specificity 
of the fully automated tool for T- score spine was 68.8% 
which was higher than its specificity for T- score total hip 
and femoral neck (59.7 and 59.9%). The diagnostic odds 
ratios vary between 1 and 2.7.

Because the interval for collection of radiographs 
was relatively wide (±3 years from DXA examination) 
in order to control for the possibility of influence on 
the bone tissue and thus the results of the analysis, we 
performed a χ2 test for the analysis between groups based 
on their previous history of medication with antiosteo-
porotic drugs. We investigated if  there was a difference 
between the group of study participants who either had 
been treated with osteoporosis medication before the 
study or at the start of the study with the group of study 
participants who never underwent osteoporosis treat-
ment. The results were only statistically significant in 
two cases of specificity for two raters (Rater 2 and Rater 
5) and the fully automated tool. There was no signifi-
cant difference in sensitivity between the groups.

Discussion

The findings of this study show that even when a 
computer- based tool for assessment of trabecular 
bone pattern is used, there is variation among raters 
regarding where to apply the tool and subsequently the 
result of the assessments varies. We chose to evaluate 
one computer- based tool that is currently marketed 
to general dental practitioners as a way of identifying 
individuals with osteoporosis or at risk of developing 
osteoporosis.

Table 1 Distribution of assessments dichotomised into low and high 
risk of osteoporosis with the threshold value of 6500 units for five 
raters and the fully automated tool (Auto.tool)

Rater

Low risk of 
osteoporosis 
(<6500)

High risk of 
osteoporosis 
(≥6500)

Missing 
values

1 423 144 0

2 446 52 69

3 351 211 5

4 255 163 149

5 332 201 34

Auto.tool 290 204 73
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The software algorithm used in this study can be 
classified as artificial intelligence (AI). Although there 
is no straightforward definition, AI is considered to be 
the capability of a machine to imitate intelligent human 
behaviour.32 Image processing and computer vision are 
both examples of AI applied in the field of medicine. 
Image processing is defined as a mathematical process 
enhancing an image to retrieve specific information like 
pattern measurements. Computer vision is defined as 
the processing of an image to enable identification of 
the image input and to provide an appropriate output.33 
Boneprox software algorithm falls perfectly under these 
definitions. However, its limitation lies in the fact that it 
has been developed and trained on the same small set of 
radiographs. While there are techniques that have been 
proved to successfully fine- tune a softwares' capability 
of recognising specific patterns using a limited amount 
of data,34 the results of this study show that the software 
for trabecular pattern analysis in intraoral radiographs 
requires further work. Possibly Boneprox algorithm 
could improve its skills by training on a larger, more 
versatile volume of images and using a convolutional 
neural network (CNN), another form of AI. CNN has 
yielded impressive results in diagnosis and prediction 
within other fields of odontology,35 such as diagnosing 
caries or periapical lesions.36–38

It has been suggested that the digitalisation of dental 
offices, including dental radiography, might lead to the 
development of software for trabecular pattern anal-
ysis on a large scale. Such a tool could be well suited 
for identifying individuals with or at risk of developing 
osteoporosis performed on a large number of radio-
graphs already collected for diagnostic reasons.39 Several 
digital image processing techniques have been designed 
to measure and describe the structure of the trabecular 
pattern. Algorithms based on a binary, skeletonised 

version of the image have been constructed for the sole 
purpose of analysing morphological variables of trabec-
ular bone tissue, including trabecula and the intertra-
becular spaces. These structures were chosen as they 
were considered to be related to each other (together 
they fill up the image) but with different properties that 
could influence the outcome of the analysis. Software 
were applied on among others iliac crest,40,41 femoral 

Table 2 Pairwise interrater agreement calculated as unweighted κ for five raters and the fully automated tool (Auto.tool) with 95% CI

κ Rater 2 Rater 3 Rater 4 Rater 5 Auto.tool

Rater 1 0,29 (0,19–0,38) 0,39 (0,31–0,46) 0,42 (0,33–0,51) 0,44 (0,36–0,51) 0,29 (0,21–0,37)

Rater 2 0,21 (0,14–0,28) 0,24 (0,16–0,31) 0,25 (0,18–0,32) 0,16 (0,09–0,23)

Rater 3 0,41 (0,32–0,50) 0,46 (0,38–0,53) 0,28 (0,20–0,37)

Rater 4 0,52 (0,44–0,61) 0,32 (0,23–0,42)

Rater 5 0,39 (0,31–0,48)

CI, confidence interval.

Table 3 Intrarater agreement calculated as unweighted κ for five 
raters with 95% CI

Rater Intrarater agreement

1 0,57 (0,40–0,73)

2 0,73 (0,48–0,98)

3 0,49 (0,33–0,66)

4 0,70 (0,53–0,87)

5 0,65 (0,50–0,80)

CI, confidence interval.

Figure 3 Sensitivity and specificity for five raters and the fully auto-
mated tool (Auto.tool) using the cut- off  value of 6500 units indicating 
osteoporosis.
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neck,42 vertebrae43 and distal radius.44,45 An equivalent 
method was applied on intraoral periapical radiographs 
in search for signs of osteoporosis showing architectural 
changes in the trabecular bone in osteoporotic indi-
viduals in comparison to healthy counterparts.12,17,18,46 
Within the jaws, the premolar region of the lower jaw 
has been of particular interest due to little variation in 
anatomy and the lack of major muscular fibre inser-
tion in this region.47 Another advantage of this region 
is that when no teeth are present, the mental foramen 
serves as a landmark for the region to assess. However, 
the method applied on intraoral radiographs was never 
taken to the next step of being tested in a large- scale 
population study. Another approach of automated 
analysis of trabecular pattern called Jax- X method, 
was also applied on intraoral radiographs with focus on 
identification of the analysis of intertrabecular spaces 
instead.48,49 The software investigated in this study is the 
next generation of the Jaw- X method. It is difficult to 
establish in detail what the similarities or differences 
between the software are since the algorithm is either 
developed and applied locally or protected by patent or 
trade secret.

Another issue with previous studies is that the study 
samples were usually small, with the smallest sample 
consisting of 23 individuals.12 Only one study presented 
a sample size big enough (=671) to draw a reliable 
conclusion.18 We intended to analyse images from a big 
sample, which is why we decided to select images from 

patients taking part in the SUBERB study27 with 3028 
participants. Due to difficulties in obtaining images 
from the clinics and image quality in many cases being 
too poor to allow analyses, the final number of radio-
graphs available for analysis was 567 from the same 
number of patients, a sample size still superior to that 
used in several other studies.

On one hand, a prerequisite for any method, visual or 
computer- based, is that image quality regarding projec-
tion and exposure settings is close to optimal. In well- 
planned prospective research projects, image quality is 
more likely to be optimal. On the other hand, a previous 
study has shown that many of the morphologic variables 
of trabecular bone are robust enough to withstand vari-
ation in exposure angle and image brightness (optical 
density).39 With this being our hypothesis and the fact 
that the software under investigation in this study is 
already being marketed to general dental practitioners 
in Sweden, we concluded that the method should be 
tested on radiographs obtained during routine clinical 
work in general dental practice. Therefore, we analysed 
radiographs collected retrospectively and taken in ordi-
nary clinical settings.

It is tempting to believe that if  using a computer- 
based tool, the influence of its user will be eliminated. 
However, unless fully automated, the impact of human 
interaction cannot be neglected. In this study, we used 
five raters to explore any differences in results between 
and within raters when using a computer- based digital 

Table 4 Diagnostic accuracy for five raters and the fully automated tool (Auto.tool) for osteoporosis risk assessment in intraoral radiographs 
calculated as sensitivities, specificities, positive and negative predictive values with 95% CI and positive and negative likelihood ratios and odds 
ratio

T- score Rater Sensitivity [%] Specificity [%] Predictive values [%] Likelihood ratio Odds ratio

Value 95% CI Value 95% CI Positive 95% CI Negative 95% CI Positive Negative

1 34,4 23,0–47,3 75,9 71,9–79,5 15,4 11,1–20,9 90,1 88,3–91,6 1,4 0,9 1,6

2 18,4 8,8–32,0 90,4 87,3–93,0 17,3 9,8–28,7 91,0 89,8–92,1 1,9 0,9 2,1

Spine 3 44,4 31,9–57,5 63,4 59,0–67,6 13,3 10,2–17,2 90,0 87,7–91,9 1,2 0,9 1,4

4 38,3 24,5–53,6 60,8 55,6–65,8 11,0 7,8–15,4 88,6 85,9–90,8 1,0 1,0 1,0

5 49,2 35,9–62,5 63,8 59,3–68,1 14,5 11,3–18,4 91,0 88,6–92,9 1,4 0,8 1,7

Auto.tool 45,6 32,4–59,3 68,8 63,8–73,5 18,1 13,9–23,5 89,3 86,7–91,4 1,5 0,8 1,9

1 38,1 23,6–54,4 75,6 71,7–79,2 11,1 7,6–15,9 93,8 92,3–95,1 1,6 0,8 1,9

2 22,6 9,6–41,1 90,4 87,3–92,9 13,5 7,1–24,0 94,6 93,6–95,5 2,3 0,9 2,7

Hip 3 43,9 28,5–60,3 62,9 58,6–67,1 8,5 6,1–11,8 93,4 91,5–95,0 1,2 0,9 1,3

4 50,0 29,9–70,1 61,7 56,7–66,6 8,0 5,5–11,5 94,9 92,6–96,5 1,3 0,8 1,6

5 48,7 31,9–65,6 63,0 58,6–67,3 8,96 6,5–12,3 94,3 92,3–95,8 1,3 0,8 1,6

Auto.tool 57,6 39,2–74,5 59,7 55,1–64,3 9,3 7,0–12,3 95,2 92,9–96,7 1,4 0,7 2,0

1 32,1 22,2–43,4 75,7 71,6–79,4 18,1 13,4–23,9 87,0 85,1–88,7 1,3 0,9 1,5

2 14,3 6,8–25,4 90,1 86,9–92,8 17,3 9,7–29,0 88,0 86,7–89,0 1,5 1,0 1,5

Femoral neck 3 45,0 33,9–56,5 63,6 59,1–67,9 17,1 13,6–21,2 87,4 84,9–89,6 1,2 0,9 1,4

4 43,4 29,8–57,7 61,6 56,4–66,7 14,1 10,5–18,7 88,2 85,4–90,6 1,1 0,9 1,2

5 52,1 40,0–63,9 64,5 59,9–68,9 18,9 15,3–23,1 89,4 86,8–91,6 1,5 0,7 2,0

Auto.tool 49,3 36,8–61,8 59,9 55,1–64,6 16,3 12,9–20,3 88,2 85,4–90,6 1,2 0,9 1,5

CI, confidence interval.
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image processing software. In addition, we applied a 
fully automated version of that software that was to be 
used without human interaction. When, for any reason, 
analyses or measurements are performed in radio-
graphs, both agreement and reliability are important 
concepts as they provide information about the quality 
of measurements.23

To the best of our knowledge, no other study has 
compared rater agreement using semi- automated soft-
ware for trabecular pattern analysis in dental radio-
graphs. The degree of agreement between the raters in 
this study being only fair to moderate is comparable 
with the agreement between raters in previous studies 
using visual assessment method to assess trabecular 
pattern.13 Moreover, the degree of experience and exper-
tise of raters in this study varied considerably, whilst 
in the study using a visual assessment approach, four 
out of five raters were highly trained in the field of 
oral radiology and had more than 20 years of experi-
ence. Additionally, the image acquisition in that study 
was more standardised and obtained in the controlled 
environment of specialist clinics. With that in mind, 
our study showed that the evaluated software achieved 
similar levels of inter- and intrarater agreement used 
on radiographs attained retrospectively from unknown 
conditions and analysed by raters with different levels of 
clinical experience. However, the fully automated tool 
built into the software to eliminate the user’s influence 
showed only slight to fair agreement with the five raters, 
which indicates it needs further improvement before it 
can be recommended for commercial use.

Software accuracy has also been investigated through 
sensitivity and specificity analysis in relation to partic-
ipants T- score values in spine, hip and femoral neck. 
In general, sensitivity was lower than the specificity for 
most raters and the fully automated tool. This agrees 
with previous studies investigating the same software 
sensitivity and specificity.48 The fully automated tools' 
sensitivity varied between 45.6 and 57.9% and specificity 
between 59.8 and 68.8%, which means that its ability to 
identify individuals with risk of osteoporosis and indi-
viduals without risk of osteoporosis is almost equal. In 
other words, the fully automated tool would generate 
many false- positive and false- negative results at the 
general dental clinic. False- positive results are unwanted 
because it not acceptable to worry dental patients 
unnecessarily and refer them for DXA measurements. 
In contrast, false- negative results keep the patients 
unaware of a condition they might have that may lead 
to serious health issues such as fragility fracture.

A number of strengths and limitations of this study 
must be considered. One limitation of this study was the 
difficulty of collecting radiographs from general dental 
practitioners. We tried to retrieve images from general 

dental practices by contacting the clinics directly, 
however, with limited outcome. When using retrospec-
tively collected images from different clinics, the infor-
mation regarding image acquisition is limited. Different 
technologies for image acquisition (analogue radio-
graphs scanned, digital radiographs) and various file 
formats (DICOM converted to JPEG, JPEG, TIFF and 
BMP) could also be a potential source of bias. Inclusion 
criteria for the radiographs followed previously estab-
lished image quality criteria as well as the softwares' 
general requirements regarding ROI. Although clear 
quality criteria had been set before the assessments, 
there was a difference between the raters in how they 
judged the quality of a single radiograph to be sufficient 
for assessment. On one hand, this could be perceived as 
another source of bias, but it should also be seen as a 
strength of this study as it reflects the reality of general 
dental practice. Another limitation is that it was not 
possible to investigate the reproducibility of the fully 
automated tool. This tool could only be handled by the 
manufacturer and despite several inquiries we could not 
get the assistance.

The strength of this study is that it was part of a large 
population study which made it possible to acquire a 
large amount of material for analysis compared to many 
previous studies. Also, unique for this study is that the 
cohort (SUPERB) had a rather narrow age span (75–80 
years) and that all participants underwent DXA exam-
ination, which enabled us to evaluate the accuracy of 
the software.

Conclusions

The low diagnostic odds ratio and agreement between 
raters in osteoporosis risk assessment using the inves-
tigated software leads to the conclusion that more 
work needs to be done to optimise the automation 
process of analysis of the trabecular pattern in intraoral 
radiographs.
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