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Abstract 

Background  To determine whether denoised areal bone mineral density (BMD) measurements from scout scans 
in spectral detector computed tomography (CT) correlate with volumetric trabecular BMD for opportunistic osteopo-
rosis screening.

Methods  A 64-slice single-source dual-layer spectral CT scanner was used to acquire scout scan data of 228 lum-
bar vertebral bodies within 57 patients. Scout scans in anterior–posterior (AP) view were performed with a dose 
of < 0.06 mSv and spectrally decomposed into areal BMD (aBMD) values. A spectral dictionary denoising algorithm 
was applied to increase the signal-to-noise ratio (SNR). Volumetric trabecular bone mineral density (vBMD) was deter-
mined via material decomposition. A 3D convolutional network for image segmentation and labeling was applied 
for automated vBMD quantification. Projected maps were used to compare the classification accuracy of AP and lat-
eral scout scans.

Results  The denoising algorithm led to the minimization of anticorrelated noise in spectral maps and an SNR 
increase from 5.23 to 13.4 (p < 0.002). Correlation analysis between vBMD and measured AP aBMD, projected 
AP, and lateral aBMD showed a Pearson correlation coefficient of 0.68, 0.81, and 0.90, respectively. The sensitivity 
and specificity for the osteoporosis classification task were higher in lateral projection images than in AP crystallizing 
in an increased area under the curve value of 0.99 versus 0.90.

Conclusion  Denoised material-specific aBMD maps show a positive correlation to vBMD, enabling spectral scout 
scans as an opportunistic predictor for osteoporotic patients. This could be applied routinely as a screening tool 
in patients undergoing a CT examination.

Relevance statement  Scout-based DEXA could be applied routinely as a screening tool in patients undergoing a CT 
examination.
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Key points   
• Spectral scout scans can be used as a dual-energy x-ray absorptiometry-like screening tool.

• Spectral dictionary denoising on projection images increases the signal-to-noise ratio.

• Positive correlation between volumetric and areal bone mineral density is observed.

• Lateral projections increase osteoporosis classification accuracy compared to anterior-posterior projections.

Keywords  Musculoskeletal diseases, Bone density, Tomography (x-ray computed), Osteoporosis, Absorptiometry 
(photon)

Graphical Abstract

Background
With an aging population worldwide, osteoporosis and 
resulting fragility fractures become a socio-economic 
burden resulting in an increasing need for early diagno-
sis and treatment [1]. Twenty-two million women and 
5.5 million men were estimated to have osteoporosis [2] 
in the European Union, but only a minority of patients 
receive treatment [3, 4]. This phenomenon is called the 
treatment gap for osteoporosis. In the USA, after an 
osteoporotic fracture, only 9% of the patients under-
went consecutive osteoporosis testing [1]. The World 
Health Organization reference standard for diagnosing 
osteoporosis is the dual-energy absorptiometry (DEXA) 

technique applied at the femur neck or lumbar spine [5]. 
The areal bone mineral density (aBMD) is determined 
by spectrally separated measurements using a K-edge 
filter and varying acceleration voltages. The marginal 
diagnostic rate may be a result of reduced sites with 
DEXA availability and therefore limited screening pos-
sibilities [6]. To overcome this treatment gap, along with 
the huge socioeconomic burden of fractures in older 
people, universal access to such facilities should be sup-
ported [7]. Other available x-ray-based techniques are 
the three-dimensional (3D) quantitative CT (QCT) vol-
umetric BMD (vBMD) assessment on conventional CT 
scanners using a reference phantom. Promising results 



Page 3 of 11Hammel et al. European Radiology Experimental            (2023) 7:37 	

for the diagnosis with significantly increased osteopo-
rosis detection rates from 17.1 to 46.4% for DEXA and 
QCT, respectively [8], were shown. With the introduc-
tion of spectral CT systems, a retrospective, opportunis-
tic, phantom-less quantification of volumetric BMD was 
made possible by using virtual monoenergetic images 
for the material decomposition into bone and soft tis-
sue maps [9–13]. The niche technology high-resolution 
peripheral QCT allows the assessment of complemen-
tary quality parameters for bone morphology or simu-
lating loading conditions via finite element analysis [14]. 
Further methods for the assessment of bone health not 
relying on x-rays are quantitative ultrasound [15] and 
magnetic resonance imaging [16], e.g., for quantification 
of trabecular structures [3, 4, 6, 7].

Our study explores an approach to automated BMD 
testing for radiology departments using spectral CT scout 
scans (also called overview or topogram) from a detector-
based dual-energy system. Spectral scouts can be used for 
a projection-based material decomposition to opportun-
istically determine aBMD values in patients undergoing 
a CT examination, which is also known as scout-based 
dual-energy absorptiometry (SDEXA) [11, 12].

In principle, DEXA and SDEXA could use almost 
the same processing. DEXA needs spectral informa-
tion, which is generated by filtration, while scout scans 
from a dual-energy CT system can use a spectral detec-
tor fulfilling this task. Both methods then need the cal-
culation of the aBMD and segmentation. First, we show 
how to calculate aBMD data and present a denoising 
algorithm improving the SNR of aBMD results. Denois-
ing is applied, as scout acquisitions are conducted with 
a very low dose and additionally material decomposition 
introduces anti-correlated noise onto the aBMD material 
maps. As a standard of reference, spectrally determined 
vBMD values from the subsequent CT measurement are 
used, allowing the generation of projected aBMD masks 
from CT data to obtain a matched comparison between 
vBMD and aBMD. With our approach using the same 
CT system, where we compare SDEXA with vBMD, we 
know the beam geometry and position. This allowed us 
to match vBMD with SDEXA in a more precise way. In 
comparison to Laugerette et  al. [11, 12], where phan-
tom measurements and fracture differentiation on scout 
measurements were analyzed, we investigated the cor-
relation between measured aBMD and vBMD. Fur-
thermore, we generated projected aBMD images in 
anterior–posterior (AP) and lateral views from the spec-
tral CT data and compared the osteoporosis classification 
accuracy for both views.

The aim of this study was to assess the clinical perfor-
mance of SDEXA measurements using volumetric BMD 
as a ground truth.

Methods
Study design and patient selection
This study is a retrospective secondary analysis of an 
unpublished study aiming to investigate the accuracy of 
spectral lateral scout scans for diagnosing osteoporo-
sis. According to planned sample size calculations, 57 
patients with an average age of 43  years from ages 17 
to 80 and a sex distribution of 23 female and 34 male 
subjects were enrolled in that study. The patient collec-
tive included 47 AP and 10 lateral measurements. For 
the purposes of this secondary analysis, two patients 
were excluded because of the overlay of intravenous or 
oral contrast agents, and all lateral scout scan patients 
were excluded because of the limited image quality of 
the lateral scout scans resulting from not adapted dose 
levels. Contrast agent overlay can cause severe overes-
timation of aBMD values comparably to QCT [17] or 
the overlay of osteoarthritis in DEXA [18]. Further-
more, 10 patients with low-quality AP scout scans were 
excluded from the analysis as no dose adaptation was 
used for larger patients. All examinations were per-
formed between March and September 2021, as the 
automated segmentation tool named “anduin” [19] was 
maintained and offline after that period. Further statis-
tical verification with an increased patient population 
is in the pipeline.

Protocol settings
A standard CT abdomen protocol with a fixed tube volt-
age of 120 kVp and an exposure of from 20 to 122 mAs 
per rotation (1.80 to 10.5  mGy CT dose index volume) 
was used on a 64-slice single source dual-layer CT scan-
ner with a detector coverage of 4 cm and a rotation time 
of 0.33  s (IQon, Philips Healthcare, Best, The Nether-
lands). Scout scans were acquired with a peak tube volt-
age of 120  kVp and a tube current of 30  mA. The CT 
dose index volume and dose length product, estimated 
dose converted from two-dimensional (2D) to 3D were 
approximately 0.06  mGy and 3.5  mGy*cm (< 0.06  mSv, 
k = 0.015 for abdomen and pelvis) in scout measurements 
and on average 7.2  mGy and 400  mGy*cm (≈  6.0  mSv, 
k = 0.015 for abdomen and pelvis) in abdomen CT pro-
tocols. Spectral raw data were reconstructed using a 
standard soft tissue filter kernel (type B) with an axial 
slice thickness of 0.9 mm. The isotropic pixel spacing in 
the x–y-plane ranged from 0.56 to 0.97 mm physical dis-
tance between the center of each pixel (generated with 
IntelliSpace Portal 11.0, Philips Healthcare, Best, The 
Netherlands).

Denoising in material‑selective images
Anticorrelated noise appears on material decomposed 
images with structural correlation [20]. An algorithm by 
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Mechlem et al. [21] was adapted to reduce noise amplifi-
cation in spectral material maps.

The anticorrelated noise contribution can be mini-
mized by a weighted addition of spectral maps gen-
erating a reference image at a certain energy where 
anticorrelated noise maximally cancels out. We refer to 
this as the minimum noise image. Dictionary denoising 
separates image features from noise by using a sparse 
representation by natural image patches. These so-
called dictionary atoms are linearly combined to fit the 
original noisy image. Dictionary denoising on the mini-
mum noise image was applied for the identification of 
structures and edges. Denoised basis material images 
were calculated by applying a local linear transforma-
tion to the processed minimum noise image.

BMD calculation
Figure  1 gives a schematic overview of how measured 
and projected results were calculated. To generate aBMD 
(Figs. 1f and 2c) maps from spectral scout scans, a raw data 
extraction tool from the CT machine manufacturer was 
provided. Using the raw data files from the scanner, water 
equivalent path length (EPL), photoelectric and Compton 
images (Fig.  2a, b) and resultant virtual monoenergetic 
projection values can be determined (refer to electronic 

supplementary material in [12]). No soft tissue correc-
tion factor was applied as it resulted in an aBMD offset 
for patients with oral and intravenous contrast agents in 
the ROI selected for soft tissue correction. 2D masks cor-
responding to aBMD images for the quantification of ver-
tebra-specific aBMD values are generated automatically. 
For this, the freely available bonescreen anduin research 
tool [19] was used to generate a labeled CT segmentation 
(Fig.  1c, yellow mask) of all vertebral bodies within the 
scout-associated CT measurement.

The labeled vertebral bodies were distinguished in tra-
becular and cortical voxels. The trabecular mask was used 
as an input to the forward projection algorithm, which cre-
ated projected scout scans from CT images (Fig. 1e) [22]. 
The forward projection algorithm was implemented using 
the appropriate CT geometry parameters and a banana-
shaped detector focused on the focal spot of the x-ray 
tube. A fan angle of 52.5° covers 512 detector columns. In 
z-direction, a scanning approach was simulated, where the 
patient is moved through a collimated beam with a cover-
age of four detector pixels in z-direction.

By adjusting the projection angle to 0 or 90°, AP and 
lateral scout images could be projected. Volumetric BMD 
images (Fig. 1c), as well as 3D spine masks (Fig. 1c, yellow 
mask), served as input for the projection algorithm. By 

Fig. 1  Schematic of bone mineral density (BMD) quantification in three-dimensional and two-dimensional data. a, b The monoenergetic images 
at 50 and 200 keV at the same windowing in a certain slice. By solving the linear equation system given in Eq. 1 in every voxel, volumetric BMD 
(vBMD) (c) and water maps (d) are calculated. The yellow mask in c shows the trabecular bone mask generated with the anduin tool. e The anterior–
posterior projected areal BMD (aBMD) map and projected borders of the trabecular mask. f The aBMD map calculated directly from the spectral 
scout measurement overlayed with the borders of the projected and registered trabecular mask
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projecting the vBMD maps, artificially generated aBMD 
maps in lateral and AP view were generated for every 
patient. Correlation and classification analysis was per-
formed on those projected aBMD maps, as well as meas-
ured aBMD maps from spectral scout images. To obtain 
a trabecular-based 2D mask for aBMD quantification 
on scout measurements (Fig.  1f, yellow mask), projected 
aBMD maps (Fig. 1e) together with an image registration 
step were used. The open-source software SimpleITK [23, 
24] served as an affine and translatory registration library.

An aBMD value for L1 to L4 was obtained in all patients. 
The volume of interest to calculate a spectral vBMD was 
automatically segmented using the trabecular CT masks 
obtained from the bonescreen anduin research tool (Fig. 1c, 
yellow mask); vBMD maps were generated by a material 
decomposition from virtual monoenergetic images (Fig. 1a, 
b) into hydroxyapatite and water maps (Fig. 1c, d) via the 
solution of the following linear equation system:

where µ50/200 are the attenuation coefficients at monoen-
ergetic images 50 and 200 keV, µ

ρ
water/bone

 (50/200) are 

the mass attenuation coefficients of water and bone at 50 
and 200  keV, and ρwater/bone are the hydroxyapatite and 
water density maps.

Three different approaches for measuring the patient-
specific aBMD value were compared to the spectrally 
assessed trabecular vBMD (Fig. 4):

•	 Scout-based DEXA (SDEXA) using denoised spectral 
scout measurements along with material decomposi-
tion into bone (aBMD) and water images (Fig. 4a);

•	 AP projected aBMD from vBMD maps equivalent to 
measured aBMD (Fig. 4b);
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•	 lateral aBMD projections preventing the overlay 
of trabecular structures with the spinal process 
(Fig. 4c, e).

Statistical analysis
The open-source scientific computing library for Python 
SciPy [25] was used to calculate a linear least-squares 
regression to correlate the 3D with 2D BMD measure-
ments. The slope, intercept, Pearson correlation coef-
ficient, and p-value for a hypothesis test whose null 
hypothesis is that the slope is zero were obtained. Fur-
thermore, the standard error of the estimated slope was 
assessed, and a 95% confidence interval on slope and 
intercept was calculated by using a two-sided inverse Stu-
dent t-distribution. In addition, a two-sided t-test for the 
null hypothesis that two independent samples have iden-
tical mean values was used. To compare the classification 
accuracy of aBMD measurements, a receiver operating 
characteristic (ROC) for a binary classification task was 
consulted [26]. The area under the curve (AUC) was cal-
culated by a general function for integration using the 
trapezoidal rule.

Results
Denoising in material selective images
The signal-to-noise ratio (SNR) in a homogenous soft 
tissue region of interest (ROI) without bone contribu-
tion could be significantly increased for photoelec-
tric images (p < 0.002) from a mean value of 5.23 to 
13.4. No significant increase could be observed in the 
equivalent ROI in Compton images (p = 0.708 > 0.05). 
The noise reduction algorithm shows qualitatively 
superior performance in regions with bone contribu-
tion (Fig.  2d), which is more problematic to quantify, 

Fig. 2  Overview of spectral maps. The photoelectric (a) and Compton (b) water equivalent path length (EPL) images are combined to generate 
an areal BMD (aBMD) map (c) in every patient. The aBMD maps can be generated from raw photoelectric and Compton images, or by using 
the denoised EPL data. d The different image of the aBMD map generated from raw and denoised spectral maps. An increased difference can be 
observed in bone regions like the hip or femur
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as homogenous bone regions are hard to obtain in 
scout images. In an ROI of a patient’s femur (Fig.  2, 
red squares), an SNR increase from 6.16 to 28.7 was 
determined in photoelectric EPL images and 3.93 
to 18.7 in aBMD images. A line plot through the red 
square region was assessed in Fig. 3a. The two peaks, 
especially visible in the photoelectric EPL line, illus-
trate the cortical bone, while the dip in between cor-
responds to the cancellous bone. The dashed and 
solid lines show the line profile along the denoised 

and raw datasets in photoelectric and Compton EPL 
images. The solid blue line visualized the profile along 
the weighted addition or minimum noise image. It 
is important that the weighted addition of raw spec-
tral images and denoised datasets are alike. This is 
shown by the equal course of the solid and dotted blue 
lines. Figure  3b shows a histogram obtained for pixel 
values from the red square ROI in Fig.  2, illustrat-
ing the noise suppression of the denoising algorithm. 
The translucent histograms correspond to raw data, 

Fig. 3  Behavior of anticorrelated noise and spectral denoising. a The line profile through the femur bone in a representative patient. The raw data 
is plotted using a solid linestyle, while denoised line profiles are plotted with dashed lines or dotted in the case of weighted addition (Ph + Co). b 
A histogram of photoelectric, Compton and weighted combination for raw (translucent) and denoised (opaque) bone data in a ROI (see Fig. 2, red 
square). c A scatterplot of raw and denoised datapoints in a soft tissue and bone ROI. The anticorrelation of spectral maps and the reduction of this 
behavior by denoising can be demonstrated. d The line profile equivalent like in a for areal BMD (aBMD) maps generated from spectral data. EPL, 
Equivalent path length; Ph + Co, Photoelectric plus Compton; Ph + Co den., Photoelectric plus Compton denoised; Soft T., Soft tissue
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while the dense histograms show denoised data. The 
EPL changes for Compton and combined datasets are 
small, indicated by the result of no significant increase 
in the SNR. The standard deviation in photoelectric 

images differs strongly. Figure 3c indicates the anticor-
relation characteristic of spectral results. The Pearson 
correlation coefficient in the bone and soft tissue ROIs 
equal -0.80 and -0.93. The anticorrelation was reduced 

Fig. 4  Correlation and classification analysis of measured and projected areal BMD (aBMD) values with trabecular volumetric BMD (vBMD). a 
The correlation between patient specific measured anterior–posterior (AP) aBMD and vBMD values with a correlation coefficient r of 0.68. b The 
correlation between AP/lateral projected aBMD values and the vBMD. At receiver operating characteristic analysis, the thresholds 120 and 80 mg/
mL were used for measured and projected data, respectively. c, d The classification analysis on measured and projected aBMD values for correctly 
classifying osteoporotic patients based on the ground truth of trabecular vBMD values. e An example image of a lateral projected aBMD map. 
Note that one can separate between the trabecular and spinal process structures. Furthermore, an overlay of the rips is visible in lumbar vertebrae 
L1 and L2
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to -0.22 and -0.008 in denoised spectral maps. Fig-
ure 3d, equivalent to 3a, plots the profile in the aBMD 
map for raw and denoised data. As the contribution 
of photoelectric EPL maps is much larger for aBMD 
calculation than the Compton contribution, the noise 
suppression due to the spectral denoising algorithm 
derivatives from the photoelectric EPL behavior in 
Fig. 3a. The denoising step alters the mean per patient 
measured aBMD densities only to a small extent, with 
a maximum per patient deviation of 1.7%.

Correlation analysis
The spectral trabecular vBMD served as a ground truth 
classification of the osteoporotic status in every patient, 
with a BMD < 80 mg/mL being classified as osteoporotic, 
leading to 6 females and 1 male out of 57 patients being 
classified as osteoporotic. This threshold was adapted 
from the American College of Radiology guidelines 
[27, 28]. The correlation coefficient between trabecular 
vBMD and measured AP aBMD, projected AP aBMD 
and projected lateral aBMD was found to be 0.68, 0.81, 
and 0.90, respectively. The calculated slopes and their 
95% confidence interval were 113.6 ± 39.5, 150.4 ± 29.7, 
and 203.0 ± 27.2 in [1/cm]. The classification accuracy for 
projected data was compared on AP and lateral aBMD 
values (Fig.  4d) using the AUC value. The classification 
on lateral projected aBMD with the reference of spectral 
trabecular vBMD led to an AUC of 0.99 with a true posi-
tive rate of 94% and a false positive rate of 0% using the 
threshold 0.57  g/cm2. These values were selected based 
on the minimum distance to 100% true positive rate and 
0% false positive rate. For detailed values on the true pos-
itive rate and false positive rate, refer to Table 1.

The classification accuracy using projected AP values 
decreased to an AUC of 0.90 with a true positive rate 
of 88% and a corresponding false positive rate of 14% 
using a threshold of 0.96  g/cm2. The equivalent  ROC 
was not calculated for scout-derived AP aBMD values, 
as 4 of 7 osteoporotic individuals had to be excluded 
because of noisy scout images. Instead,  the threshold 
BMD < 120  mg/mL was used  as classifying osteopenic 
and osteoporotic patients versus normal, as  the statistic 
in scout measurements was sufficient with 19 normal 
and 23 osteoporotic/osteopenic patients. An AUC of 0.86 
with a true positive rate of 84% and a corresponding false 
positive rate of 17% using a threshold of 1.33 g/cm2 were 
measured (Fig. 4c). The denoising of measured data had 
no influence on the ROC.

Discussion
DEXA is a 2D spectral technique for the assessment of 
aBMD and is the reference standard for diagnosing oste-
oporosis [29]. Several studies indicate that the volumet-
ric assessment of BMD performs substantially better as 
a predictor for prevalent and consecutive vertebral frac-
tures compared to DEXA [30–32], where lateral aBMD 
measurements outperform AP acquisition [33]. Never-
theless, the radiation dose of a high-quality quantitative 
CT protocol at the spine is much higher, e.g., about 1.0 
and 1.6 mSv for men and women assessed using Monte 
Carlo calculations, respectively [34].

The main results of our study were the findings of posi-
tive correlation between the 2D SDEXA aBMD with tra-
becular volumetric BMD from 3D spectral CT images 
and the reduction of anticorrelated noise in spectral 
scout maps by a dictionary-based denoising algorithm.

Table 1  True positive rate (TPR), false positive rate (FPR), and threshold values of the analyzed receiver operating characteristic curves

Minimum distance values are highlighted in red
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In fact, to avoid unnecessary exposure to patients from 
CT scans, spectral scout images could be used as a pre-
liminary indicator for osteoporosis. Scout measurements 
are taken in every patient to select the field of view for 
the CT protocol and to apply automated dose modula-
tion. By extending the scout protocol to the lumbar spine 
region in every patient, aBMD values could be acquired 
as additional pre-CT information, also in CT protocols 
where the lumbar spine is not in the field of view. In case 
of low aBMD values, the CT protocol could be extended 
for the examination of the lumbar spine region to per-
form a follow-up diagnosis of the osteoporosis status. 
Further studies should focus on how well the SDEXA 
technique can detect consecutive fractures. For this 
approach, reasonable image quality must be achieved in 
scout measurements. Material decomposition algorithms 
on spectral image data lead to low SNR in material selec-
tive images [35].

In our work, to decrease image noise originating from 
anticorrelated noise, photoelectric and Compton EPL 
images were used as the input to a dictionary-based 
denoising algorithm. The denoising step showed only 
minor differences in per-patient calculated aBMD and 
no differences in the ROC analysis on scout data. This is 
due to the measurement of a mean value within the ver-
tebral body, averaging out the anticorrelated noise intro-
duced by material decomposition. We expect a beneficial 
effect of denoising for an automated segmentation algo-
rithm. Noise-suppressed images and raw images lead to 
the same values in the minimum noise image on a pixel 
level. This indicates that the noise reduction algorithm 
does not change quantitative absorption values, as it only 
removes the anticorrelated noise from spectral maps.

The correlation analysis shows a high degree of corre-
lation (r = 0.68) between spectrally measured aBMD with 
trabecular vBMD. Similar studies comparing DEXA with 
QCT observed r values of 0.61 and between 0.54 and 0.65 
[33, 36], suggesting a similar performance of our method 
to DEXA. With an AUC value of 86% for distinguish-
ing normal from osteopenic plus osteoporotic patients, 
SDEXA measurements show high classification accuracy 
with a sensitivity of 84%, and specificity of 83%.

Especially in the low BMD range there is a point cloud 
with moderate correlation. This can be a result of over-
estimation of low BMDs in AP views, as the spinal pro-
cesses overlap, and additional osteophyte formation, 
vertebral fracture and degenerative changes of the spine 
can falsify the aBMD value [37–39]. A comparison for 
the classification accuracy for osteoporosis showed an 
improved sensitivity and specificity in lateral scout pro-
jections. Especially in the low BMD range, the degree 
of correlation is improved noticeably for 2D and 3D 
BMD values. Volumetric BMD values were derived by 

a material decomposition into hydroxyapatite-specific 
BMD and water and not the reference standard QCT. In 
recent studies, it was shown that spectrally derived BMD 
values are on par with conventional QCT measurements 
[9], or can be even closer to true BMD concentrations 
[13].

A notable limitation in our patient population is 
the low number of osteoporotic patients. Only three 
osteoporotic patients could be analyzed with meas-
ured scout data. To impede degraded scout quality, the 
applied scout dose should be adapted depending on 
the patient’s body mass index. Furthermore, not all CT 
protocols feature a scout image including the lumbar 
spine. An extended field of view on these scout scans 
leads to increased dose values. However, the addition-
ally applied dose as given in section “Protocol set-
tings” with < 0.06 mSv is very low in comparison to CT 
applied dose of approximately 6.0  mSv. Especially, a 
comparison to the current reference standard DEXA is 
lacking. The reason for this is the retrospective nature 
of this study. Only a rare minority of patients under-
going abdominal CT examinations received a DEXA 
scan within a reasonable time interval. A reason for 
this is the absence of a DEXA device in our radiology 
department.

In conclusion, we have found a positive correlation 
between spectral trabecular vBMD and scout scan 
aBMD (r = 0.68) as well as projected AP (r = 0.81) and 
lateral aBMD (r = 0.90). A noise reduction technique, 
as well as an automated mask generation algorithm, 
was utilized to generate joint BMD values. Using the 
extended scout scan protocol for opportunistic osteo-
porosis detection (with an additional dose being only a 
fraction of the CT dose) could act as a first indicator 
for a low BMD value and may be earmarked for further 
investigations.

Abbreviations
2D	� Two-dimensional
3D	� Three-dimensional
aBMD	� Areal bone mineral density
AP	� Anterior-posterior
AUC​	� Area under the curve
BMD	� Bone mineral density
CT	� Computed tomography
DEXA	� Dual-energy x-tray absorptiometry
EPL	� Equivalent path length
QCT	� Quantitative CT
ROC	� Receiver operating characteristic
ROI	� Region of interest
SDEXA	� Scout-based DEXA
SNR	� Signal-to-noise ratio
vBMD	� Volumetric BMD

Acknowledgements
This project was partially supported by Philips Healthcare (Best, The Nether-
lands) and the EQAP project, which is part of the One-Munich Strategy.



Page 10 of 11Hammel et al. European Radiology Experimental            (2023) 7:37 

Authors’ contributions
All the authors contributed at the different stages of the study, and the study 
was conducted in accordance with the regulations of our institution. The origi-
nal idea for this study was contributed by DP. Guarantors of the integrity of the 
study are JH, LB, MM, FP, and DP. Data acquisition, analysis, and interpretation 
were done by JH, LB, and DP. Literature research was done by JH, LB, and DP. 
Statistical analysis, JH. All authors agreed to guarantee that any questions 
related to this work are appropriately investigated. Manuscript review was 
done by all authors. All authors read and approved the final manuscript.

Funding
Open Access funding enabled and organized by Projekt DEAL. Funded by 
the Federal Ministry of Education and Research (BMBF) and the Free State of 
Bavaria under the Excellence Strategy of the Federal Government and the 
Länder, the German Research Foundation (GRK2274), and by the Technical 
University of Munich–Institute for Advanced Study.

Availability of data and materials
The datasets generated and/or analyzed during the current study are not 
publicly available due to patient protection terms but are available from the 
corresponding author upon reasonable request.

Declarations

Ethics approval and consent to participate
Ethics approval from the local ethics committee (Ethics Commission of the 
Faculty of Medicine, Technical University of Munich, Germany) was obtained 
for this retrospective study.

Consent for publication
Not applicable.

Competing interests
GC is an employee of Philips GmbH Market DACH (Hamburg, Germany). PC is 
an employee of Philips Healthcare (Suresnes, France). The authors declare that 
they have no further competing interests.

Author details
1 Department of Diagnostic and Interventional Radiology, TUM School 
of Medicine, Klinikum Rechts Der Isar, Technical University of Munich, Munich, 
Germany. 2 Chair of Biomedical Physics, Department of Physics, TUM School 
of Natural Sciences, Technical University of Munich, Garching, Germany. 
3 Philips GmbH Market DACH, Hamburg, Germany. 4 Philips Healthcare, 
Suresnes, France. 5 Munich Institute of Biomedical Engineering, Technical 
University of Munich, Garching, Germany. 6 TUM Institute for Advanced Study, 
Technical University of Munich, Garching, Germany. 7 Department of Diag-
nostic and Interventional Neuroradiology, TUM School of Medicine, Klinikum 
Rechts Der Isar, Technical University of Munich, Munich, Germany. 

Received: 31 January 2023   Accepted: 26 April 2023

References
	1.	 Clynes MA, Harvey NC, Curtis EM et al (2020) The epidemiology of osteo-

porosis. Br Med Bull 133:105–117. https://​doi.​org/​10.​1093/​bmb/​ldaa0​05
	2.	 Hernlund E, Svedbom A, Ivergård M, et al (2013) Osteoporosis in the 

European Union: Medical management, epidemiology and economic 
burden: a report prepared in collaboration with the International Osteo-
porosis Foundation (IOF) and the European Federation of Pharmaceutical 
Industry Associations (EFPIA). Arch Osteoporos 8. https://​doi.​org/​10.​1007/​
s11657-​013-​0136-1.

	3.	 Golob AL, Laya MB (2015) Osteoporosis: screening, prevention, and 
management. Med Clin North Am 99:587–606. https://​doi.​org/​10.​1016/j.​
mcna.​2015.​01.​010

	4.	 McCloskey E, Rathi J, Heijmans S et al (2021) The osteoporosis treatment 
gap in patients at risk of fracture in European primary care: a multi-
country cross-sectional observational study. Osteoporos Int 32:251–259. 
https://​doi.​org/​10.​1007/​s00198-​020-​05557-z

	5.	 Akkawi I, Zmerly H (2018) Osteoporosis: current concepts. Joints 
6:122–127. https://​doi.​org/​10.​1055/s-​0038-​16607​90

	6.	 Miller PD (2016) Underdiagnoses and undertreatment of osteoporosis: 
the battle to be won. J Clin Endocrinol Metab 101:852–859. https://​doi.​
org/​10.​1210/​jc.​2015-​3156

	7.	 Compston J (2020) Reducing the treatment gap in osteoporosis. Lancet 
Diabetes Endocrinol 8:7–9. https://​doi.​org/​10.​1016/​S2213-​8587(19)​30378-X

	8.	 Li N, Li X, Xu L et al (2013) Comparison of QCT and DXA: osteoporosis 
detection rates in postmenopausal women. Int J Endocrinol 2013:1–5. 
https://​doi.​org/​10.​1155/​2013/​895474

	9.	 Roski F, Hammel J, Mei K et al (2019) Bone mineral density measurements 
derived from dual-layer spectral CT enable opportunistic screening 
for osteoporosis. Eur Radiol 29:6355–6363. https://​doi.​org/​10.​1007/​
s00330-​019-​06263-z

	10.	 Mei K, Schwaiger BJ, Kopp FK et al (2017) Bone mineral density measure-
ments in vertebral specimens and phantoms using dual-layer spectral 
computed tomography. Sci Rep 7:1–10. https://​doi.​org/​10.​1038/​
s41598-​017-​17855-4

	11.	 Laugerette A, Baum T, Gersing A et al (2020) Spectral-detector based 
x-ray absorptiometry (SDXA): in-vivo bone mineral density measurements 
in patients with and without osteoporotic fractures. Biomed Phys Eng 
Express. https://​doi.​org/​10.​1088/​2057-​1976/​abab6b

	12.	 Laugerette A, Schwaiger BJ, Brown K et al (2019) DXA-equivalent quanti-
fication of bone mineral density using dual-layer spectral CT scout scans. 
Eur Radiol 29:4624–4634. https://​doi.​org/​10.​1007/​s00330-​019-​6005-6

	13.	 Koch V, Hokamp NG, Albrecht MH, et al (2021) Accuracy and precision 
of volumetric bone mineral density assessment using dual-source dual-
energy versus quantitative CT: a phantom study. Eur Radiol Exp 5. https://​
doi.​org/​10.​1186/​s41747-​021-​00241-1

	14.	 Whittier DE, Boyd SK, Burghardt AJ et al (2020) Guidelines for the 
assessment of bone density and microarchitecture in vivo using high-
resolution peripheral quantitative computed tomography. Osteoporos 
Int 31:1607–1627. https://​doi.​org/​10.​1007/​s00198-​020-​05438-5

	15.	 Gonnelli S, Cepollaro C (2002) The use of ultrasound in the assessment 
of bone status. J Endocrinol Invest 25:389–397. https://​doi.​org/​10.​1007/​
BF033​44023

	16.	 Phan CM, Matsuura M, Bauer JS et al (2006) Trabecular bone structure of 
the calcaneus: Comparison of MR imaging at 3.0 and 1.5 T with micro-CT 
as the standard of reference. Radiology 239:488–496. https://​doi.​org/​10.​
1148/​radiol.​23920​50574

	17.	 Roski F, Hammel J, Mei K et al (2020) Opportunistic osteoporosis screen-
ing: contrast-enhanced dual-layer spectral CT provides accurate meas-
urements of vertebral bone mineral density. Eur Radiol 31:3147–3155. 
https://​doi.​org/​10.​1007/​s00330-​020-​07319-1/​Publi​shed

	18.	 Liu G, Peacock M, Eilam O et al (1997) Effect of osteoarthritis in the lum-
bar spine and hip on bone mineral density and diagnosis of osteoporosis 
in elderly men and women. Osteoporos Int 7:564–569. https://​doi.​org/​10.​
1007/​BF026​52563

	19.	 Löffler MT, Sekuboyina A, Jacob A et al (2020) A vertebral segmentation 
dataset with fracture grading. Radiol Artif Intell 2:1–6. https://​doi.​org/​10.​
1148/​ryai.​20201​90138

	20.	 Kalender WA, Klotz E, Kostaridou L (1988) An algorithm for noise suppres-
sion in dual energy CT material density images. IEEE Trans Med Imaging 
7:218–224. https://​doi.​org/​10.​1109/​42.​7785

	21.	 Mechlem K, Allner S, Ehn S, et al (2017) A post-processing algorithm for 
spectral CT material selective images using learned dictionaries. Biomed 
Phys Eng Express 3:025009. https://​doi.​org/​10.​1088/​2057-​1976/​aa6045

	22.	 Allaire BT, Lu D, Johannesdottir F et al (2019) Prediction of incident 
vertebral fracture using CT-based finite element analysis. Osteoporos Int 
30:323–331. https://​doi.​org/​10.​1007/​s00198-​018-​4716-1

	23.	 Yaniv Z, Lowekamp BC, Johnson HJ, Beare R (2018) SimpleITK image-
analysis notebooks: a collaborative environment for education and 
reproducible research. J Digit Imaging 31:290–303. https://​doi.​org/​10.​
1007/​s10278-​017-​0037-8

	24.	 Lowekamp BC, Chen DT, Ibáñez L, Blezek D (2013) The design of sim-
pleITK. Front Neuroinform 7. https://​doi.​org/​10.​3389/​fninf.​2013.​00045

	25.	 Virtanen P, Gommers R, Oliphant TE et al (2020) SciPy 1.0: fundamental 
algorithms for scientific computing in Python. Nat Methods 17:261–272. 
https://​doi.​org/​10.​1038/​s41592-​019-​0686-2

	26.	 Pedregosa F, Varoquaux G, Gramfort A, et al (2011) Scikit-learn: machine 
learning in Python. https://​doi.​org/​10.​5555/​19530​48.​20781​95

https://doi.org/10.1093/bmb/ldaa005
https://doi.org/10.1007/s11657-013-0136-1
https://doi.org/10.1007/s11657-013-0136-1
https://doi.org/10.1016/j.mcna.2015.01.010
https://doi.org/10.1016/j.mcna.2015.01.010
https://doi.org/10.1007/s00198-020-05557-z
https://doi.org/10.1055/s-0038-1660790
https://doi.org/10.1210/jc.2015-3156
https://doi.org/10.1210/jc.2015-3156
https://doi.org/10.1016/S2213-8587(19)30378-X
https://doi.org/10.1155/2013/895474
https://doi.org/10.1007/s00330-019-06263-z
https://doi.org/10.1007/s00330-019-06263-z
https://doi.org/10.1038/s41598-017-17855-4
https://doi.org/10.1038/s41598-017-17855-4
https://doi.org/10.1088/2057-1976/abab6b
https://doi.org/10.1007/s00330-019-6005-6
https://doi.org/10.1186/s41747-021-00241-1
https://doi.org/10.1186/s41747-021-00241-1
https://doi.org/10.1007/s00198-020-05438-5
https://doi.org/10.1007/BF03344023
https://doi.org/10.1007/BF03344023
https://doi.org/10.1148/radiol.2392050574
https://doi.org/10.1148/radiol.2392050574
https://doi.org/10.1007/s00330-020-07319-1/Published
https://doi.org/10.1007/BF02652563
https://doi.org/10.1007/BF02652563
https://doi.org/10.1148/ryai.2020190138
https://doi.org/10.1148/ryai.2020190138
https://doi.org/10.1109/42.7785
https://doi.org/10.1088/2057-1976/aa6045
https://doi.org/10.1007/s00198-018-4716-1
https://doi.org/10.1007/s10278-017-0037-8
https://doi.org/10.1007/s10278-017-0037-8
https://doi.org/10.3389/fninf.2013.00045
https://doi.org/10.1038/s41592-019-0686-2
https://doi.org/10.5555/1953048.2078195


Page 11 of 11Hammel et al. European Radiology Experimental            (2023) 7:37 	

	27.	 American College of Radiology (2018) ACR–SPR–SSR practice guideline 
for the performance of quantitative computed tomography (QCT) bone

	28.	 Mindways Software I (2012) QCT vs. DXA : what’s the score? Mindways CT 
Quantifiably Better

	29.	 Cosman F, de Beur SJ, LeBoff MS et al (2014) Clinician’s guide to preven-
tion and treatment of osteoporosis. Osteoporos Int 25:2359–2381. 
https://​doi.​org/​10.​1007/​s00198-​014-​2794-2

	30.	 Löffler MT, Sollmann N, Mei K et al (2020) X-ray-based quantitative osteo-
porosis imaging at the spine. Osteoporos Int 31:233–250. https://​doi.​org/​
10.​1007/​s00198-​019-​05212-2

	31.	 Löffler MT, Jacob A, Scharr A, et al Automatic opportunistic osteoporosis 
screening in routine CT: improved prediction of patients with prevalent 
vertebral fractures compared to DXA. https://​doi.​org/​10.​1007/​s00330-​
020-​07655-2/​Publi​shed

	32.	 Löffler MT, Jacob A, Valentinitsch A et al (2019) Improved prediction of 
incident vertebral fractures using opportunistic QCT compared to DXA. 
Eur Radiol 29:4980–4989. https://​doi.​org/​10.​1007/​s00330-​019-​06018-w

	33.	 Yu W, Glfier C-C, Grampp S, et al (1995) Spinal bone mineral assess-
ment in postmenopausal women: a comparison between dual X-ray 
absorptiometry and quantitative computed tomography. Osteoporos Int 
5(6):433–9. https://​doi.​org/​10.​1007/​BF016​26604

	34.	 Engelke K (2017) Quantitative computed tomography—current status 
and new developments. J Clin Densitom 20:309–321. https://​doi.​org/​10.​
1016/j.​jocd.​2017.​06.​017

	35.	 Alvarez R, Seppi E (1979) A comparison of noise and dose in conven-
tional and energy selective computed tomography. IEEE Trans Nucl Sci 
26:2853–2856. https://​doi.​org/​10.​1109/​TNS.​1979.​43305​49

	36.	 Miyabara Y, Holmes D, Camp J et al (2012) Comparison of calibrated 
and uncalibrated bone mineral density by CT to DEXA in menopausal 
women. Climacteric 15:374–381. https://​doi.​org/​10.​3109/​13697​137.​2011.​
618566

	37.	 Kinoshita H, Tamaki T, Hashimoto T, Kasagi F (1998) Factors influencing 
lumbar spine bone mineral density assessment by dual-energy X-ray 
absorptiometry: comparison with lumbar spinal radiogram. J Orthop Sci 
3:3–9. https://​doi.​org/​10.​1007/​s0077​60050​015

	38.	 Choi MK, Kim SM, Lim JK (2016) Diagnostic efficacy of Hounsfield units in 
spine CT for the assessment of real bone mineral density of degenerative 
spine: correlation study between T-scores determined by DEXA scan and 
Hounsfield units from CT. Acta Neurochir (Wien) 158:1421–1427. https://​
doi.​org/​10.​1007/​s00701-​016-​2821-5

	39.	 Gupta A, Upadhyaya S, Patel A et al (2020) DEXA sensitivity analysis in 
patients with adult spinal deformity. Spine J 20:174–180. https://​doi.​org/​
10.​1016/j.​spinee.​2019.​08.​011

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

https://doi.org/10.1007/s00198-014-2794-2
https://doi.org/10.1007/s00198-019-05212-2
https://doi.org/10.1007/s00198-019-05212-2
https://doi.org/10.1007/s00330-020-07655-2/Published
https://doi.org/10.1007/s00330-020-07655-2/Published
https://doi.org/10.1007/s00330-019-06018-w
https://doi.org/10.1007/BF01626604
https://doi.org/10.1016/j.jocd.2017.06.017
https://doi.org/10.1016/j.jocd.2017.06.017
https://doi.org/10.1109/TNS.1979.4330549
https://doi.org/10.3109/13697137.2011.618566
https://doi.org/10.3109/13697137.2011.618566
https://doi.org/10.1007/s007760050015
https://doi.org/10.1007/s00701-016-2821-5
https://doi.org/10.1007/s00701-016-2821-5
https://doi.org/10.1016/j.spinee.2019.08.011
https://doi.org/10.1016/j.spinee.2019.08.011

	Comparison of volumetric and areal bone mineral density in CT and scout scans using spectral detector technology
	Abstract 
	Background 
	Methods 
	Results 
	Conclusion 
	Relevance statement 
	Key points 

	Background
	Methods
	Study design and patient selection
	Protocol settings
	Denoising in material-selective images
	BMD calculation
	Statistical analysis

	Results
	Denoising in material selective images
	Correlation analysis

	Discussion
	Acknowledgements
	References


