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A B S T R A C T

Purpose: Axial transmission quantitative acoustics (ax-QA) has shown to be a promising tool for assessing bone
health and properties in a safe, inexpensive, and portable manner. This study investigated the efficacy of low-
frequency ax-QA measured at the tibia, paired with a support vector machine (SVM) approach for combining
multiple acoustic indicators, to diagnose osteoporosis as defined by bone mineral density.
Methods: This pilot study measured 41 female subjects using ax-QA (flexural mode, 3 kHz) at the tibia and using
dual X-ray absorptiometry (DXA) at the lumbar spine, femoral neck, and distal radius. For each location, a
threshold classifier and SVM were trained to differentiate between healthy and non-healthy subjects based on the
phase velocity at different frequencies. Receiver Operating Characteristics and area under curve values (AUC)
were used to assess the classifiers’ performances for various thresholds and class-weights.
Results: The SVM outperformed the threshold classifier for all three bone locations at low false positive rates.
While differentiation between healthy and non-healthy bone states was poor for the spine (AUC: 0.56 ± 0.04),
good to moderate performances were observed for the radius (AUC: 0.83 ± 0.03) and hip (AUC: 0.71 ± 0.04).
Conclusions: Low-frequency ax-QA has demonstrated potential for complementing DXA in screening for osteo-
porosis at the radius and hip. Through further addition of acoustic indicators ax-QA could provide a diagnostic
alternative in third-world countries, and bring bone health screening and monitoring into the hands of clinicians
and general health practitioners everywhere.

1. Introduction

Osteoporosis is the world’s most prevalent skeletal disorder, af-
fecting some 50% of women and 20% of men over the age of 50 in the
western world, and more than 200 million individuals worldwide [1,2].
Osteoporosis is characterised by a deterioration of bone properties at
the microscopic and macroscopic levels [1,3] and is clinically diag-
nosed when the T-score of the bone mass density (BMD) at the lumbar
spine, the distal radius, or the femoral neck falls below −2.5 or when a
fracture occurs with inadequate trauma. The associated deterioration of
skeletal mechanical and structural properties leads to an increased os-
teoporotic fracture risk, as well as increased accompanying rates of
mortality [4] and morbidity [5], often necessitating long-term care or
assistance with fundamental daily tasks [6]. It is estimated that one in

two women and one in five men over the age of 50 will suffer from an
osteoporotic fracture [7] – numbers that will likely be exacerbated by
increasing life expectancies. Osteoporosis thereby poses a serious eco-
nomic challenge, with the total cost of osteoporotic fractures having
been estimated to be about $8 billion per year in Australia alone when
considering all direct and indirect costs [8].

Despite the apparent importance of addressing osteoporosis in a
comprehensive and efficient manner, the clinical diagnosis and treat-
ment of osteoporosis remains inadequate, with between 75% and 90%
of high-risk individuals estimated to remain unevaluated [8,9]. One key
contributing factor to this chronic under-assessment could be due to the
current gold standard for BMD assessment: Dual X-ray Absorptiometry
(DXA). While this technique has shown efficacy in clinical practice,
DXA suffers from multiple drawbacks, including (a) exposure to
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ionizing-radiation and its related risks, (b) high equipment costs, (c)
limited portability, and (d) the requirement for trained operators. The
measurement of the BMD alone lacks information on structural- (e.g.
cortical thickness) [10] and material properties (e.g. anisotropy) of the
bone and does not fully explain the fracture risk of a subject. In fact, a
majority of low-trauma fractures occur in non-osteoporotic subjects
with only moderately decreased BMD [11]. Moreover, widespread
screening for osteoporosis is generally not undertaken without specific
clinical indication, resulting in osteopenia and osteoporosis often being
diagnosed only when a fracture occurs.

One promising approach for widespread screening is quantitative
acoustics (QA), also commonly referred to as quantitative ultrasound
when frequencies above 20 kHz are employed [12]. QA is a method for
bone health assessment based on measuring the propagation of acoustic
waves within the bone. In addition to being radiation-free, the tech-
nique is inexpensive, portable, and easy-to-use, thereby making QA a
prime candidate for screening and widespread monitoring applications.
Most work in the QA field has focused on acquiring structural and
material information that is unavailable using radiative methods, with
the goal of complementing or potentially even outperforming the cur-
rent radiative gold standards [13–19]. Other researchers have in-
vestigated possibilities of using QA to obtain equivalent information to
current radiation-based methods [20–25], which, due to the unique
advantages of QA, could bring bone health monitoring into the hands of
clinicians and general health practitioners as a component of routine
screening. As a consequence, the development of QA techniques to di-
agnose and screen for osteoporosis could help address the aforemen-
tioned problem of under-diagnosis within current clinical practice.

Towards this end, several variants of QA for bone assessment are
currently being investigated, including scanning acoustic microscopy
[26], through-transmission [27–29], backscatter [30,31], axial- or cir-
cumferential transmission techniques [16,18,32–34]. While these
techniques are all based on the measurement of acoustic waves, the
methods vary considerably in underlying measurement principle and
specific advantages. Axial transmission quantitative acoustics (ax-QA)
is a QA technique for the assessment of cortical bone, in which trans-
ducers are placed along the bone and transmit acoustic waves into the
cortex through the overlying soft-tissues. Separate surface sensors then
measure the propagation of these waves, from which information on
bone structural and material properties can be derived. Advantages of
this technique include the requirement for only unilateral access to the
bone and its ability to characterise a multitude of properties over a
large region and cross-section of the bone, even within a single mea-
surement. It is important to note that due to the dispersive nature of
human long bones, the choice of excitation frequency and assessed
wave mode(s) governs which mechanical bone properties can be mea-
sured [14,32,35–37].

Ax-QA approaches are often based on analyzing the fundamental
symmetrical S0 wave mode, which can often be identified with the first-
arriving signal (FAS), or the assessment of the fundamental antisym-
metric A0 wave mode, often identified as the energetic late arrival
(ELA). FAS-based approaches have exhibited only limited sensitivity to
DXA-defined osteoporosis [38–40], even though they have demon-
strated efficacy in fracture discrimination [41–43]. Compared to mea-
surements of the S0-mode, measurements of the A0-mode are known to
be sensitive to changes in bone properties near the endosteum, in-
cluding porosity [37,44], BMD [45], bending stiffness [10], and cortical
thickness, especially at low frequencies below about 300 kHz
[17,32,37]. The assessment of these properties is critical for the iden-
tification of osteoporosis [46–49], thus making low-frequency assess-
ment of the A0-mode a promising approach for osteoporosis diagnosis
and monitoring.

Multiple studies have shown that QA approaches that differ in
fundamental principle, excitation frequency, or measurement location,
are able to yield complementary information on the underlying bone
properties [32,42,50,51]. It is therefore desirable to develop scalable

analysis approaches that are able to efficiently incorporate various
sources of acoustic and clinical information for each specific assess-
ment. Previous approaches to combine such multi-faceted information
have been based on statistical models, such as logistic regression [42]
or linear combinations of multiple features [52], or based on physical
models, such as multi-mode curve fitting of a wave guide model to the
experimental dispersion relation [14]. While these approaches are
powerful, especially for the determination of bone properties, they are
all restricted by the need to explicitly specify the underlying model, as
well as the limitations imposed by the model itself.

For osteoporosis detection, we propose an approach based on a
support vector machine (SVM) [53,54]. A SVM is a discriminative su-
pervised learning algorithm for regression or classification that is itself
able to determine the underlying model directly from the data, and has
successfully been applied to a variety of technological and scientific
applications, including handwriting recognition [55], ultrasonic flaw
detection in non-destructive testing [56], and ultrasonic determination
of bone demineralization [57] The SVM’s sparse kernel-based for-
mulation allows for a rich class of models and permits efficient appli-
cation to high-dimensional feature spaces, making SVMs potentially
suitable as a scalable, flexible, and extendable technique for osteo-
porosis detection in clinical settings.

The aim of the presented work was therefore to investigate the
potential of low frequency A0-mode ax-QA, combined with a SVM-
based analysis approach, to diagnose DXA-defined osteoporosis.

2. Methods

In this study 41 female subjects were measured using ax-QA at the
tibia and using dual X-ray absorptiometry (DXA) at the lumbar spine,
femoral neck, and distal radius. Based on the acoustic data a threshold
classifier and SVM were trained for each location to differentiate be-
tween healthy and non-healthy (osteoporotic/osteopenic) subjects,
with DXA results being considered the ground truth. Receiver Operating
Characteristics and area under curve values (AUC) were used to assess
the classifiers’ performances for various thresholds and class-weights.

2.1. Cohort

Eligible subjects had to be female, as women are more than twice as
likely to suffer from osteoporosis as men [2]. Furthermore, eligible
subjects had to be between 20 and 80 years old, and had to have DXA-
information available from a DXA-examination at the investigation site
within the previous year, acquired as part of clinical routine. Mean age
of the participants and standard deviation were 61.1 ± 9.6 years. Ex-
clusion criteria were: fracture of the tibia, knee, or foot within the
previous year; a prosthesis or implant at the tibia, knee, or foot; a rash,
wound, or infection at the tibia. All measurements were conducted at
the Schulthess Clinic, Zurich, Switzerland. Ethical approval for this
study was granted by the ethics committee of ETH Zurich under the
reference: EK 2014-N-57 and informed consent was obtained from all
individual participants included in the study.

2.2. Dual X-ray absorptiometry (DXA)

DXA measurements were taken at the clinical standard locations of
femoral neck, distal radius, and lumbar spine (L1-L4) using a “Horizon
A” DXA device (Hologic, Massachusetts, USA), which was periodically
calibrated as part of clinical routine. For two subjects, DXA values for
the distal radius were not available, because of one recent fracture and
one implant in this region of interest. Data from these two subjects were
excluded from any analysis involving the radius region, but were in-
cluded in all other analyses.

From the BMD-value BMDs l, of each subject s and each location l the
T-score was calculated as:
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= −T BMD PPMBMD( /PPMSTD )s l s l l, , l

where PPMBMD is the peak population mean BMD and PPMSTD is its
standard deviation (Table 1).

The T-scores were then categorised into bone health states ac-
cording to the World Health Organisation’s definitions: healthy for

>T 0, osteopenic for > > −T0 2.5, and osteoporotic for < −T 2.5.
Table 2 lists the number of subjects for each health status for each of the
bone locations.

2.3. Acoustic measurements

Forty subjects were measured successfully using ax-QA at the tibia.
Acquisition of acoustic signals failed for one subject because the linear
sensor array could not be lined up with the subject’s unusually curved
tibiae. Consequently, data from this subject were excluded from all
analyses. While details on the measurement protocol, measurement
device, analysis algorithm and their reliabilities are all described in a
previous work [58], the following sections present a brief overview.
Please note that the analysis algorithm did not contain any free para-
meters and was not adjusted in any way to the current study.

2.3.1. Device
All acoustic measurements in the study were performed using the

Bone Stiffness Measurement Device (BSMD), which consists of three
main components: a piezo-electric transducer to excite an acoustic
wave, four acceleration sensors to measure the wave propagation, and a
data acquisition system to control the device and record the measure-
ment data. The excitation, sent to the transducer, was a sine waveform
of 3000 Hz with a Gaussian envelope of Full-Width-at-Half-Maximum of
1000 Hz. The four acceleration sensors were mounted along the tibial
axis in a linear array with 2 cm inter-sensor distance. The sensors had a
sensitivity of 10 mV/G ± 0.1mV/G, where G is the gravitation con-
stant. 200 data points per sensor were collected per acoustic measure-
ment at a sampling rate of 96 kHz.

2.3.2. Measurement protocol
At the beginning of each measurement, the operator palpated the

malleolus medialis of the left leg as well as the joint gap above the left
medial tibial condyle and marked the mid-point between these two
landmarks along the tibial facies medialis. The sensor array was centred
on the marked position and fixed using two straps. The transducer was
positioned on the left tibial head and the excitation pulse was applied,
creating a flexural wave (A0-like mode from Lamb plate theory) inside
the bone. The propagation of this wave was measured using the ac-
celeration sensors, digitized by the data acquisition system, and trans-
ferred to the laptop for off-line analysis (Fig. 1). Fifty such wave mea-
surements were taken in rapid succession before transferring the

transducer and sensor array to the right leg. Following this procedure,
both legs were measured alternately three times each, yielding a total of
150 wave measurements per tibia for each subject.

2.3.3. Phase velocity analysis
Each acoustic measurement was composed of four channels, corre-

sponding to the four acceleration sensors (Fig. 1). For each channel, the
signal was low-pass filtered using a tenth-order Butterworth filter in a
zero-phase configuration with a cut-off frequency of 8 kHz. The signals
were then windowed using Gaussian windows with a standard devia-
tion of 14 samples, while the mode of each window was set to the
midpoint between the first valley and the following peak, where a
valley and peak were defined as exceeding 1/3 of the signal minimum
or maximum respectively. Measurements with a midpoint prior to
sample 40 were considered invalid due to premature triggering of the
data acquisition and were excluded from further analysis.

After windowing, each channel was transformed from the time into
the frequency domain using a Fast-Fourier-Transform of length 2048
points and split into magnitude and phase. The phases were then un-
wrapped around the centre frequency of 3000 Hz and phase differences

ϕΔ between the channels ∊i j, {0, 1, 2, 3} were calculated as:

= −ϕ ϕ ϕΔ .i j i j,

Since the phase was expected to change strongly between sensors
but only weakly as a function of frequency, measurements with phase
crossings were considered invalid and discarded from further analysis.
In total, around 15% of all measurements were discarded due to phase
crossings or premature triggering (Table 2).

From the phase differences, the phase velocity v between the
channels ∊i j, {0, 1, 2, 3} was determined from

= =v v f
s π

ϕ
( )

Δ 2 f
Δ

,i j i j
i j

i j
, ,

,

,

where f is the frequency and sΔ i j, is the distance between the sensors
corresponding to channel i and channel j. The arithmetic mean over
these pairwise phase velocities resulted in the overall phase velocity
value for the acoustic measurement.

2.4. Statistics

The presented work quantified the efficacy of two classifiers, one
simple threshold classifier and one support vector machine, to correctly
diagnose the BMD-based health status for the three bone locations from
the acoustic measurements. Due to the low number of patients classified
as osteoporotic in the clinical testing (Table 2), the categories “osteo-
penic” and “osteoporotic” were combined into a “non-healthy” class,
thus creating three binary classification tasks with imbalance ratios,
calculated as #measurements (non-healthy)/#measurements (healthy),
of 1.8 for the radius, 1.2 for the femoral neck, and 1.8 for the lumbar
spine.

(a) Threshold classifier
The threshold classifier used the phase velocity at the central fre-

quency of 3000 Hz as the only input feature, and classified each mea-
surement according to whether this phase velocity was above or below
a certain threshold.

(b) Support vector machine
This SVM classifier used the phase velocity values at seven different

frequencies as input features: 2719, 2812, 2906, 3000, 3094, 3188, and
3281 Hz. These frequencies were chosen centered on the experimental
excitation central frequency and as a consequence of the chosen sam-
pling frequency and Fast-Fourier-Transform length (Fig. 1). For these
features, a soft-margin SVM using a radial Gaussian kernel was trained,
the implementation of which was based on the “scikit-learn” library
[59]. A 10×6 nested cross-validation design was employed to perform
hyperparameter optimisation during training, and to estimate the

Table 1
Constants used in the determination of T-scores at the clinical standard loca-
tions.

Region of interest PPMBMD PPMSTD Source

Lumbar spine 1.018 0.110 Hologic Database
Femoral neck 0.942 0.122 Hologic Database (NHANES)
Distal radius 0.564 0.051 Hologic Database

Table 2
Number of subjects for each of the three bone locations, categorised into the
three bone health states based on BMD T-score.

Distal radius Femoral neck Lumbar spine

Healthy 14 18 15
Osteopenic 15 21 20
Osteoporotic 9 1 5
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classifier’s final generalised performance and its uncertainty – i.e. how
well the SVM approach would perform if applied to the underlying
population [20]. The outer cross-validation used subject grouping,
avoid overfitting to subject-specific features by ensuring that each
subject’s data is either part of the training or test-set for each fold, but
never both. The inner cross-validation used randomized parameter
optimization with exponential distributions to optimize the Gaussian
kernel variance and the regularisation parameter for each of the outer
folds. From the confusion matrix of the test set for each fold, the true

positive rate (TPR), false positive rate (FPR), true negative rate (TNR)
and false negative rate (FNR) were calculated. The arithmetic mean and
its standard error over the individual folds was used to estimate the
classifier’s generalised performance and its uncertainty. This procedure
was executed for ten different class weights of the healthy bone class
(0.0001, 0.01, 0.1, 1.0, 2.0, 3.0, 5.0, 7.0, 50.0, and 1000.0) in order to
investigate the performance of the classifier in situations where it is
more important to correctly classify one class than misclassify the other.

Standard receiver operating characteristics (ROC) and the area
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Fig. 1. Example of an acoustic measurement: the main figure shows the four accelerations measured by the sensors as a function of time, and the inset depicts the
derived phase velocity as a function of frequency.

Fig. 2. Receiver-operating characteristic (mean ± standard error) for classification of healthy versus non-healthy bone state at the femoral neck. For the SVM the
points correspond to different values for the classweight of the healthy class: 0.0001, 0.01, 0.1, 1.0, 2.0, 3.0, 5.0, 7.0, 50.0, and 1000.0 (from left to right).
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under curve (AUC) measure were used to visualse and quantify the
performance of the classifiers. The AUC for both classification methods
was estimated using a trapezoidal rule summation:

∑=
+

−+
+

y y
x xAUC

2
( ),

i

i i
i i

1
1

which is a conservative estimate for concave underlying functions.
Here, x y,i i denote the FPR and TPR of classifier instance i with corre-
sponding parameters p{ }i , for example the FPR and TPR of the threshold
classifier with a threshold value of 400m/s. The points (0,0) and (1,1)
in ROC-space were included for the purpose of calculating the AUC. For
the SVM classifier, the uncertainty of the AUC was estimated by
Gaussian error propagation as

∑= − + −− + − +AUC y y x xΔ 1
2

( ) Δx ( ) Δy ,i i i i i i1 1
2 2

1 1
2 2

where xΔ i and yΔ i are the aforementioned standard errors of the TPR
and FPR for classifier instance i.

3. Results

The AUC values of the threshold classifier were 0.71 for the hip
(Fig. 2), 0.81 for the radius (Fig. 3), and 0.58 for the spine (Fig. 4),
while the corresponding SVM classifier values were 0.71 ± 0.04,
0.83 ± 0.03, and 0.56 ± 0.04. Although the measurement of low-
frequency guided waves at the tibia was only able to slightly outper-
form random chance for the classification of bone health at the spine,
this approach exhibited good to moderate performance for differ-
entiating between healthy and non-healthy (osteopenic/osteoporotic)
bone states at the distal radius and the hip.

4. Discussion

The presented work investigated the suitability of ax-QA measured
at the tibia for diagnosing osteoporosis, with the aim to bring bone
health monitoring into the hands of clinicians and general health
practitioners to facilitate widespread routine screening, and help to
address the problem of under-diagnosis. Moreover, this low-cost and
portable approach could provide an important diagnostic alternative in

e.g. under-developed countries, where larger populations have limited
access to expensive clinical equipment.

While not directly comparable, the observed differences in classifi-
cation performance between target locations are consistent with pre-
vious studies: one study found Pearson correlation coefficients of
0.31–0.47 between tibial speed of sound (SoS) and femoral neck BMD,
and 0.63 between tibial SoS and radial BMD [60]; Cohen’s Kappa values
of 0.29, 0.27 and 0.46 to detect BMD T-values below T < −2.5 at the
lumbar spine, femoral neck and radius [39]; sensitivity/specificity of
0.5/0.8 and 0.6/0.65 to detect BMD T-values below T < −1 at the
lumbar spine and at the femoral neck [38], and; correlation coefficients
of 0.29 between tibial SoS and lumbar spine BMD, and 0.36 between
tibial SoS and femoral neck BMD [38]. Here, the consistently higher
prediction performance of radius values over hip values from mea-
surements at the tibia is somewhat surprising, considering that skeletal
adaptation is thought to be governed by the internal mechanical
loading conditions, which are plausibly most similar throughout the
lower limb [61]. The facts, that ax-QA is known to be sensitive to BMD
[62] and that the relationship between BMD values of the tibia and the
lumbar spine is known to be low [63], could explain the low perfor-
mance for predicting spinal bone state. However, there seems to be no
clear consensus on the relative strength of the relationships between
tibial BMD and radial BMD versus tibial BMD and hip BMD [63,64].
Even though it seems clear that the differences between target locations
observed in all these studies are partially due to the sensitivity of ax-QA
to BMD paired with the known relationships between BMD locations,
further effects that are not captured by BMD must be present. It is
likely, that these effects relate to differences in the biomechanical
structure, where the geometry and bone composition of the tibia is
more similar to the radius (e.g. primarily cortical bone) than to the
femoral neck and lumbar spine (e.g. primarily trabecular bone). Ad-
ditionally, spinal BMD values are known to be frequently distorted due
to degenerative deformities common in the study population, poten-
tially rendering the correct classification of bone health status at the
spine more challenging than at the other two bone sites.

The AUC value for the hip of 0.71 ± 0.04 is similar to the findings
of another study measuring ax-QA at the tibia in 93 subjects [22]. Their
study combined ax-QA measurements at frequencies of 0.1MHz and

Fig. 3. Receiver-operating characteristic (mean ± standard error) for classification of healthy versus non-healthy bone state at the distal radius. For the SVM the
points correspond to different values for the classweight of the healthy class: 0.0001, 0.01, 0.1, 1.0, 2.0, 3.0, 5.0, 7.0, 50.0, and 1000.0 (from left to right).
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1MHz to discriminate between healthy and osteopenic/osteoporotic
BMD T-scores at the hip and reported an AUC value of 0.79, as well as a
sensitivity and specificity of 76% and 70%, corresponding to a TPR and
FPR of 0.76 and 0.3. Potential reasons for the slightly higher perfor-
mance compared to the results of the current study could include (a)
employment of different acoustic features; (b) the choice of examina-
tion frequency, specifically 100 kHz compared to the 3 kHz used in our
study; (c) the inclusion of additional high-frequency information at
1MHz; and d) overestimation of the performance due to overfitting of
the multi-parametric model [20].

Another study on 331 subjects measured ax-QA at the tibia using
multiple frequencies between 60 kHz and 1200 kHz [21]. From the ax-
QA measurements, ten acoustic parameters were extracted and eval-
uated for their ability to discriminate whether the subjects’ lumbar
BMD T-scores were above or below −2.5. The reported sensitivity and
specificity for their approach were 87% and 63%, corresponding to a
TPR of 0.87 and FPR of 0.37. Similar values of AUC=0.6–0.7 and
TPR/FPR of 0.79/0.42 have been reported for the detection of com-
bined spine and hip BMD T-values below T < −2.5 from multi-site
FAS measurements [65] or calcaneal transmission QA [66]. It is im-
portant to note, however, that these studies all discriminated between
the osteoporotic class (T < −2.5) and a merged osteopenic and
healthy class (T > −2.5), while our study discriminated between the
healthy class (T > −1) and a non-healthy class with T < −1. Im-
portantly, however, the difference in binary classification outcome
made direct comparison of the relative performances difficult.

While cross-validation allowed the estimation of generalised accu-
racy and its uncertainty from our sample, our pilot study was con-
strained by the unexpectedly low number of subjects with osteoporotic
BMD values, especially at the spine and hip, necessitating two of the
bone states to be merged in our study. We attribute the low number
osteoporotic participants to a mixture of sampling variability and pos-
sible selection-bias: as subjects were not blinded to their medical con-
dition, osteoporotic patients might have been less inclined to partici-
pate in the study. After considering which of the classes to merge, we
chose to differentiate between healthy and osteopenic/osteoporotic
bone states, due to the fact that a high number of fractures occur in
osteopenic subjects [11,67]. Consequently, such a non-invasive

approach could allow an inexpensive clinical screening tool for iden-
tifying high-risk subjects and thus improve medical resource allocation.

Overall, although the differences in measurement location, excita-
tion frequency, analysed wave mode, analysis method, and class defi-
nition make direct comparisons challenging, our ax-QA approach per-
formed on a level similar to other results presented in the literature for
the identification of osteoporotic/osteopenic subjects. However, due to
the low number of osteoporotic subjects in our study, the presented
results for the binary differentiation are likely to underestimate the true
performance of our approach for the hip and spine. A follow-up study
on a larger cohort with an even distribution of bone health states will be
required to confirm our results and investigate whether our approach
can also differentiate between all three bone states.

It is also noteworthy that the acoustic examination location in our
study (tibia) did not correspond to the diagnostic regions of interest for
the DXA examinations (distal radius, femoral neck, lumbar spine). For
FAS-based ax-QA approaches, at least, correlations between the SoS and
BMD have shown to be site-dependent, with highest values typically
found for site-matched acoustic measurements [38,60,68]. This site-
dependency suggests that ax-QA measurements at different locations
could yield complementary information, much like the synergistic in-
formation offered by using different wave modes and frequencies
[14,32,35–37]. Even though further work is needed to investigate the
advantages of each QA-variant, the proposed SVM approach clearly
shows potential for directly combining information from measurements
at different locations, using multiple frequencies and various modes to
enhance classification performance. As such, we personally hope that
the question of which frequency range or QA-variant is “better” should
be supplanted by: how can we successfully combine acoustic ap-
proaches and characteristics towards specific applications? Here, we
believe that the proposed SVM approach might be one way of achieving
this goal in the future.

Although adaption of ax-QA to the radius is straight-forward and is
currently one of the standard measurement locations under investiga-
tion, in-vivo application of ax-QA to the hip is still complicated by the
overlying soft-tissues. In addition, application of ax-QA at both the
spine and hip are complicated by the geometric deviation from tubular
geometry, which, while not a fundamental limitation, is an assumption

Fig 4. Receiver-operating characteristic (mean ± standard error) for classification of healthy versus non-healthy bone state at the lumbar spine. For the SVM the
points correspond to different values for the classweight of the healthy class: 0.0001, 0.01, 0.1, 1.0, 2.0, 3.0, 5.0, 7.0, 50.0, and 1000.0 (from left to right).
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made by most ax-QA approaches. The extension of current ax-QA
techniques to include multiple frequencies and modes is currently
under active investigation and might offer novel approaches for ad-
dressing such issues [14–16,21].

The combination of multiple information sources towards a specific
application could be performed using an SVM approach similar to the
technique presented in our study, which was able to successfully
combine the information from multiple frequencies. Importantly, the
SVM outperformed the simple threshold classifier for all three bone
locations in the regions of low FPR (Figs. 2–4), which is the region most
relevant for the majority of clinical applications. Of course, the addi-
tional information available to the SVM over the threshold classifier in
our study was limited to a narrow frequency range around the excita-
tion frequency, leading to only a modest improvement in classification
performance. Whether this SVM approach is also capable of combining
more dissimilar or disparate measures remains to be confirmed. One
limitation of the SVM is that it produces outputs as decisions rather
than as posterior probabilities. Such posterior probabilities could be
useful in clinical situations in which the results of multiple tests should
be combined, prior information needs to be considered, or a flexible
trade-off between sensitivity and specificity is needed. Here, an alter-
native might be a relevance vector machine (RVM) [69], which is a
Bayesian kernel technique sharing many commonalities with the SVM
approach. The drawback for the probabilistic output is mainly the
RVM’s longer training times compared to the SVM, which is partly
offset because no cross-validation is needed to find the optimal model
parameters.

5. Conclusion

Low-frequency axial transmission quantitative acoustics has shown
to be a potential method capable of complementing DXA in the
screening of osteoporosis. A clear dependency of detection performance
on target location was shown, with good to moderate performances
observed for the radius and the hip and poor performance for the spine.
The SVM approach was shown to be successful in combining phase
velocities at different frequencies, thus offering perspectives for future
improvements by combining information from multiple measurement
locations, frequencies, and wave modes. Ultimately, such a device could
provide a diagnostic alternative in areas with limited access to DXA
equipment, such as third-world countries, and bring bone health
screening and monitoring into the hands of clinicians and general
health practitioners everywhere.
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