International Journal of Computer Applications (0975 — 8887)
Volume 109 — No. 7, January 2015

Feasibility Study on Blood Pressure Estimations from
Voice Spectrum Analysis

Motoki Sakai
School of Information
Environment
Tokyo Denki University

ABSTRACT

Recently, preventive healthcare has attracted increased
attention. Because of a demonstrable mortality rate,
hypertension is a disease that should be prevented before it
becomes severe. To decrease the mortality rate for
hypertension, it is desirable for people to measure their own
blood pressure (BP) on a routine basis. At present, many
ambulatory BP gauges are available. Yet, it is unlikely that
people will carry around an ambulatory BP gauge to measure
their BP, even among those with a high risk of illness. Such
methods are therefore ineffective for preventive healthcare.
Therefore, it would be preferable to measure information
related to BP easily and without a dedicated gauge. In this
research, a BP estimation method is proposed using voice-
spectrum analysis. If BP estimations from the voice spectrum
are accurate, we may be able to measure BP with a
smartphone’s voice recorder. To evaluate the feasibility of
such BP estimations, two subjects’ BPs and voice data were
measured, and the correlation coefficients were examined.
Results showed that both diastolic and systolic BPs and the
spectral component of the voice were not non-correlated ( >
|0.6]) at specific frequency bands. To estimate BP levels, a
support-vector machine was proposed, and the correlation
coefficients between measured and estimated BPs exceeded
0.9. However, individual differences in the voice spectrum
were not adequately addressed. In future research, individual
differences will be investigated in a study involving more
subjects.
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1. INTRODUCTION

In recent years, there has been an emphasis on preventive
healthcare using measurements taken in a premorbid state.
Hypertension is one disease that should be prevented before it
becomes severe, because of the associated risk of a cerebral
stroke. Some researchers have reported a mortality rate
associated with hypertension [1, 2], and there are guidelines
available for its prevention [3, 4].

One of basic ways to prevent hypertension is to measure
blood pressure (BP) on a daily basis. It is also important to be
consistently aware of one’s own condition, and to take the
appropriate measures to reduce the risk of disease. At present,
there are several ambulatory BP gauges available for
measuring BP. However, it is unnecessary, even foolish, for
healthy people to carry around an ambulatory BP gauge to
measure their BP. On the other hand, such measurements are
pertinent to the prevention of hypertension, because many

healthy people are unaware of their BP until being diagnosed
with hypertension. For this reason, it is desirable in terms of
preventive healthcare, for information related to BP to be
measured easily and without a particular gauge, such as an
ambulatory BP measuring instrument. Therefore, a BP
estimation method that does not require a dedicated BP gauge
is proposed in this research.

In this paper, voice is adopted as the biological information
for estimating BP. Voice is often coupled with BP as
biological information measured in  psychological
experiments. For example, research [5, 6] suggests that both
BP and voice are associated with stress. In [5], researchers
reported that chronic exposure to stress increases BP, and [6]
demonstrated that a stress detector can be developed based on
the relation between emotion and variations in speech. It
follows that BP and voice are related. Moreover, both are
often used as an index to evaluate the same phenomena, such
as emotion. Thus, the relationship between BP and the voice
spectrum must first be examined. Then, the possibilities for
estimating BP using the voice spectrum can be discussed. If
BP estimation from the voice spectrum is feasible, it will be
considerably beneficial in terms of preventive healthcare.
Given the accuracy of such a method, BP can be measured
with a smartphone’s voice recorder, for instance.

2. MEASUREMENTS OF BP AND
VOICE DATA

To examine the feasibility of BP estimation from voice data,
experiments with BP and voice were conducted. Two subjects
were studied: a 33-year-old male, and a 25-year-old female.

First, voice was recorded with a voice recorder: an ICD-TX50
produced by SONY. The voice recorder was kept 5 cm from
the subject’s mouth, and the subject was asked to sustain the
sound [4] for 7 s. The sampling rate of the voice recording
was 44.1 kHz, with 16-bit resolution. Immediately following
the recording, the subject’s diastolic and systolic BP was
measured with a BP gauge: a HEM-1010 produced by
OMURON. In this manner, the test was repeated 60 times for
each subject. During the estimation step, the diastolic and
systolic BP is estimated from the recorded voice data.

3. CORRELATION BETWEEN BP AND
THE VOICE SPECTRUM

To evaluate the relationship between BP and the voice
spectrum, the recorded voice signals were processed with a
fast Fourier transform (FFT), and the correlation coefficients
between each spectral component of voice ranging from 120
Hz to 10 kHz and both diastolic and systolic BP
measurements were computed using measured 60 datasets.

Figs. 1 and 2 show the correlation coefficient between the
systolic BP and the voice spectrum for the male and female
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subjects. Likewise, Figs. 3 and 4 show the correlation
coefficient between the diastolic BP and the voice spectrum.

As shown in Fig. 1, the highest correlation coefficient
between the systolic BP and the voice spectrum reaches close
to 0.6 around 7,000 Hz (for the male subject). On the other
hand, Fig. 2 shows that its correlation coefficient is
approximately -0.6 around 6,000 Hz (for the female subject).
These results indicate that the systolic BP and the voice
spectrum are not non-correlated. At other frequency bands,
decorrelation between the systolic BP and the spectral
component of voice was rejected. Similarly, Figs. 3 and 4
illustrate that diastolic BP and the voice spectrum are not non-
correlated at several frequency bands.

These results suggest that systolic and diastolic BP can be
estimated from the voice spectrum, but these correlations will
not suffice for such estimations using a weak regression
algorithm such as linear regression. In Section 4, an
estimation method based on support vector machines (SVMs)
is thus proposed.
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Fig 1: Correlation coefficient between the male subject’s
systolic BP and his voice
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Fig 2: Correlation coefficient between the female subject’s
systolic BP and her voice
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Fig 3: Correlation coefficient between the male subject’s
diastolic BP and his voice
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Fig 4: Correlation coefficient between the female subject’s
diastolic BP and her voice

4. KERNEL RIDGE REGRESSION-
BASED BP ESTIMATION METHOD

A processing flow for BP estimations from voice-spectrum
analysis is shown in Fig. 5. First, the recorded voice signal is
transformed into frequency representations with the FFT.
Next, the effective spectral components from the voice
recordings are selected for BP estimations by sequential
feature selection (SFS) [7]. These spectral components are
used as explanatory variables in the subsequent estimation
step. Finally, an SVM-based [8, 9] BP estimation is performed
using the explanatory variables to the spectral components of
the voice. These algorithms will be described in Sections 4.1
and 4.2.
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Fig 5: Processing flow for BP estimation

4.1 Selecting the Explanatory Variables

The method for selecting suitable explanatory variables within
the voice spectrum is described here. An “explanatory
variable” is also known as a “feature,” but the latter term is
reserved for SVM-based explanations to avoid confusion. In
this paper, the input variables for the SVM are termed the
“explanatory variables.”

In most cases, selecting explanatory variables is done for two
reasons. The first is to avoid the so-called curse of
dimensionality by reducing the complexity of the
classification or estimation process. The other is to select the
best subset to increase the accuracy of the classification or
regression.

In this research, the SFS method was used to increase the
accuracy of estimations. SFS is performed according to the
following steps.

I.  SFS begins with an evaluation of the accuracy of the
estimation for each explanatory variable (i.e., for each
spectral component in the voice), identifying the most
accurate variable.

Il.  Then, SFS is performed using a pair of explanatory
variables. The most accurate variable identified in the
previous step is coupled with each of the other variables
from the remaining explanatory variable subset,
selecting the pair with the highest degree of accuracy.

I1l.  SFS next evaluates three variables: the pair from Step Il
and another selected from the remaining subset.

IV. Steps I-1l are repeated with four or more explanatory
variables.

Generally, the estimation accuracy peaks when the number of
selected explanatory variables reaches a certain number. Then
the best explanatory-variable subset can be singled out for
maximum accuracy in the SFS procedure. Note that the
“accuracy” is determined by the correlation coefficient
between the estimated BP and the measured BP.

In this research, the spectral components of the voice that are
applied to the SFS method are confined to a specific
frequency range—the range with a higher correlation
coefficient between the BP and spectral component of the
voice. For example, the frequency band around 7,000 Hz was
applied to the SFS method to estimate the systolic BP for the
male subject.
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4.2 Kernel Ridge Regression

An SVM is a linear classifier or regression in the feature
space mapped by nonlinear transformation, a model proposed
by Dr. Vapnik [9]. With an SVM, a kernel function realizes an
implicit mapping of the input data into high-dimensional
feature space. This is defined as a dot product in the feature
space and does not require an understanding of the type of
features that are being used. Within the class of SVM-based
algorithm, Kernel Ridge Regression (KRR), was proposed to
estimate BP. KRR is a ridge-regression method based on
some kernel matrices, and it can also be derived from a
modified least-squares method [10].

Supposing that (x1,y1), -+, (X7, yr) is a training set,
where T is the number of examples, x; € R™ are n-
dimensional vectors, y; € R, andt=1,...,T. A general linear
function is defined asy = w - x, where w € R. With the

least-squares method, w = wy is solved, which minimizes
the objective function (Eq. 1).

Lr(w) = X1 (v —w - x,)? 1)

When a new sample x is inputted, the predicted label is

computed as Wy - X. Ridge regression, then, replaces Eq. 1
with Eq. 2.

AMwll? + T (v —w - x,)? 2

where A is a fixed positive constant. This optimization
problem can be re-expressed as follows:

Mwll? + Xi-q & @®)
subject to
yt_W'xt = gt,t=1,...,T. (4)

To solve Eg. 3 under the constraints in Eq. 4, the Lagrangian
equation (Eq. 5) is introduced.

Lw, g a) = Awl* + Z{_1 & + Tio (e =

wex,— &)
(5)

Eg. 5 is differentiated with respect to w and &;, and, assuming
stationary conditions, Eqgs. 6 and 7 are obtained.

w = %Ztll Qe Xt (6)
&= )

By substituting the obtained values w and &; into Eq. 5, we
obtain Eqg. 8.

1
W( 0() = —gZz,tﬂ asat(xs 'xt) -
1
ZZtT:1 af + Xio1 Yrai(®)

Furthermore, this equation can be re-written in vector form as
follows:

’ 1 I 1
W(a)—ya—aaKa—Zaa. 9)

denoting K as the T X T matrix of dot products. Eq. 9 is

differentiated with respect to @, and assuming stationary
conditions, we obtain the condition
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1 1
—ﬁKa—Ea+y—0. (10)
Eqg. 10 is equivalent to
a=2MK + AD71y. (11)

Therefore, a prediction f(x) of a new unlabeled example X
is

fX)=w-x=y K+A)"'k (12)

where k is a vector whose elements are k;, = X; " X,
t=1,..,T.

To construct the linear regression in feature space, K can be
replaced with the kernel matrix K, = K(xg,x;), and k
can be re-written into a vector whose elements are k; =
K (x; - x). In this research, f(x) is the estimated BP value,

and y is the measured BP value, with X, representing input
variables from the voice spectrum, and x representing the
learning variable.

A kernel function, K (x,, x;), calculates the dot product of

the two vectors, X, X¢, in a given feature mapping, which are
realized in several forms. In this research, a derived Gaussian
kernel (Eq. 13) was selected empirically.

K(x;,x) = exp (M) (13)

o2

5. EVALUATION AND RESULTS

Initially, one dataset was selected as the evaluation data from
the 60 datasets. The remaining 59 were regarded as learning
sets, and the BP was then estimated. Next, a different dataset
was selected as the new evaluation data, and the BP was
estimated from the remaining 59 learning sets. This selection
and estimation procedure was repeated 60 times, resulting in
60 sets of BP estimations. The same procedure was performed
separately for each subject’s dataset.

To provide a performance measurement for the BP estimation,
the correlation coefficient between the measured BP and the
estimated BP from spectral components in the voice was used
as an evaluation index.

Fig. 6 shows the accuracy performance for systolic BP
estimations during SFS selection, by using spectral
components from the male subject’s voice. Fig. 7 likewise
illustrates the accuracy performance for systolic BP
estimations for the spectral components from the female
subject’s voice selected by the SFS method.

Figs. 8 and 9 show the accuracy performances for diastolic BP
estimation in the male and female subjects, respectively.

6. DISCUSSION

The goal of this research was to estimate BP from the spectral
components in voice. As demonstrated in Section 3, diastolic
and systolic BP is not non-correlated with specific frequency
bands in the subjects’ voices. The absolute maximum value of
the correlation coefficient exceeded 0.6. These tendencies
were witnessed in both the male and female subjects.

However, these correlations were not sufficiently strong to
estimate BP with voice-spectrum analysis in a simple way.
Hence, the KRR algorithm was used to estimate BP from
spectral components in the voice. This KRR-based BP
estimation was performed with each subject’s data. The
results showed that the accuracy performance was saturated

International Journal of Computer Applications (0975 — 8887)
Volume 109 — No. 7, January 2015

when seven or fewer selected explanatory variables were
used. The correlation coefficients between both diastolic and
systolic BP and the spectral components in the voice exceeded
0.97 in both male and female subjects.

Thus, BP is to some extent correlated with specific spectral
components in voice, and the estimated BP applied with KRR
was highly correlated to the actual BP. Arterial stiffness varies
according to changes in the BP level. Thus, we believe that
this influences fluctuations in the vocal tract. As a result, the
spectral characteristics of the voice are altered. If this
hypothesis is correct, the relationship between BP and voice
can be modeled, and a precise estimation can be realized
without KRR.

Incidentally, this research is constrained by individual
differences in the voice spectrum. It is well known that the
spectral characteristics of voice are unique to each person. In
this feasibility study, individual differences in the voice
spectrum have not been sufficiently examined. In future work,
individual differences will be evaluated in a study involving
more subjects.
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Fig 6: Performance measurement for systolic BP
estimations using explanatory variables selected with SFS
(male subject)
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7. CONCLUSION

The purpose of this research was to estimate diastolic and
systolic BP with voice-spectrum analysis. First, BP and voice
data were measured in male and female subjects, and the
correlation coefficients were calculated. This initial analysis

42



revealed that BP and certain components of the voice
spectrum are not non-correlated at specific frequency bands.
Next, KRR was used as a BP-estimation algorithm applying
spectral components of voice. Using this method, BP levels
could be estimated with a high degree of accuracy. However,

the

individual differences in voice have not been adequately

reviewed. In future research, individual differences will be
investigated in a study involving more subjects. Then, relation
between BP and voice will be modeled.
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