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The monitors of oscillometry blood pressure measurements are generally utilized to measure blood pressure for many subjects at
hospitals, homes, and office, and they are actively studied. These monitors usually provide a single blood pressure point, and they
are not able to indicate the confidence interval of the measured quantity. In this paper, we propose a new technique using a
recursive ensemble based on a support vector machine to estimate a confidence interval for oscillometry blood pressure
measurements. The recursive ensemble is based on a support vector machine that is used to effectively estimate blood pressure
and then measure the confidence interval for the systolic blood pressure and diastolic blood pressure. The recursive ensemble
methodology provides a lower standard deviation of error, mean error, and mean absolute error for the blood pressure as
compared to those of the conventional techniques.

1. Introduction

Blood pressure (BP) always fluctuates concerning factors
such as stress, exercise, disease, and inherent physiological
oscillations [1]. However, the physiological fluctuations in
BP, which can rise to 20mmHg, have so far been neglected
[2]. This means that physiological uncertainty is greater than
the standard protocol’s margin of error. The problems of
accuracy, precision, and uncertainty in the measurement of
physiological variables have been continuously feared by
practitioners [3]. Although the standard for expressing
uncertainty in measurement states [4] that it applies to a wide
range of areas, it has only been applied to measurements
determined based on a series of observations obtained under
repeatable conditions, a situation that can hardly be repro-
duced in physiological measurements. Blood pressure moni-
tors with an embedded electrocardiogram (ECG) and
photoplethysmograph (PPG) sensors have been used to mea-
sure BP in recent years. However, an oscillating blood pres-
sure measuring devices have generally been used and
studied to measure BP in many patients at homes, offices,

and medical centers. These monitors generally provide a sin-
gle BP value, such as systolic blood pressure (SBP) and dia-
stolic blood pressure (DBP). However, it is not assumed
that these values represent more accurate measurements
than other results obtained from repeated BP measurements
[5]. This means that there is no way to compare the same
measurement because the results of the measurement are
generally different and the same measurements can hardly
be obtained using the new measurements [5]. In other words,
BP measurements have sources of uncertainty, which are the
errors that cause such errors to deviate from BP measure-
ments (i.e., estimates) to the reference BP [6]. The uncer-
tainty sources can be distinguished by random and
systematic errors, where we will deal in more detail in Section
2 [6]. If BP measurement results are affected simultaneously
by many sources of uncertainty, the distribution function of
BP measurement results will converge close to a normal dis-
tribution as the number of uncertainties approaches infinity.

Few researchers have sought to determine uncertainties
in physiological measurements [7, 8], but no attempt has
been made to include compatibility with the estimated
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algorithms adopted in global figures of the quality character-
istics of the physiological signals and confidence in measure-
ment accuracy. Therefore, by providing an estimated range
of BP measurements (i.e., confidence intervals), a way of
assessing and expressing uncertainty in BP measurements
should be provided [6]. Based on aggregated statistical data,
repeatable, irregular, and extensive CI can provide risk sig-
nals to patients, clinicians, and families for blood pressure.
The CI measurements are very important in BP estimates,
but unfortunately few significant studies have been con-
ducted to determine the CI of oscilloscope BPmeasurements.
Many BP measurements are required to estimate each
patient’s CI. However, it is difficult to measure each patient’s
BP several times using an oscillator BP device because it is
costly and time-consuming since repeatable circumstances
for a reproducible BP measurement cannot be guaranteed
[9]. Hence, a bootstrap technique was proposed to obtain a
CI estimate from BP measurements using a small sample size
[9]. Soueidan et al. also developed a new technology for non-
invasive measurement by providing CI to SBP and DBP [10].
Nevertheless, these techniques did not meet the tolerable bias
specified by the standard protocol [11]. Lee and Chang. pro-
posed a deep neural network (DNN) technique to estimate
BP measurements to solve this problem [12]. Lee and Chang
also provided a method to obtain accurate BP estimates using
the DNN ensemble estimator [13]. The main contribution of
these techniques is that the accuracy and stability are
improved using the DNN and DNN ensemble. However,
the disadvantage of this technology is that it has many
parameters and complex structures. Therefore, we propose
a machine learning structure such as a support vector regres-
sion- (SVR-) based recursive ensemble methodology
(SVREM). Although this method greatly reduces complexity,
it is also close to the DNN technique in terms of perfor-
mance. The proposed technique is used to accurately esti-
mate BPs and then measure the uncertainty for the SBP
and DBP. This paper is an expanded version of the paper
[14] with the following contributions:

(i) We propose a novel methodology using the SVREM
to accurately estimate and measure uncertainty for
the SBP and DBP. The proposed methodology is a
way to measure uncertainty such as CIs, a standard
deviation of the error, bias, standard uncertainty,
and expended uncertainty for the SBP and DBP

(ii) We perform Lilliefors tests to validate the distribu-
tion of the artificial BP features approaching the
Gaussian distribution, and to identify similarities
between the actual data and the artificial data

2. Materials and Methods

2.1. Features Obtained from Oscillometric Signals and
Artificial Data Obtained Using Bootstrap Technique. To esti-
mate the reference BP value, we removed outliers using a sig-
nal processing technique and the effective features of the
oscillometric waveform (OMW) signals were extracted [15].
Because the five BP data for individual volunteers were small

amounts as an input data for the training process, we used
the bootstrap method [16] to increase the amount of blood
pressure data for each volunteer, where this data was called
as artificial data or features in this study. The artificial input
data were generated using the bootstrap technique [9, 16]
to improve estimation accuracy using limited data sets in dif-
ficult situations when enhancing accuracy with traditional
approaches. More details regarding these features can be
found in [15].

2.2. The Goodness of Fit Test for Artificial Features. The nor-
mality assumption is the key to a majority of standard steps
[17]. We thus verify the normality of the artificial feature.
The Lilliefors test is executed to evaluate the normality of
each artificial feature as well as correct the Kolmogorov-
Smirnov test of goodness of fit for small values at the tails
of probability distributions. Here, we assume that D∗ is a
probability distribution for an artificial feature ðη∗1 ,⋯, η∗RÞ,
where R denotes the size of replication. We measure the
homogeneity between the Gaussian distribution hypothesis
and the distribution of artificial features [18]. If the Lilliefors
test returns a decision value for the null hypothesis, then the
artificial feature comes from a normal distribution family,
against the alternative that it does not come from such a dis-
tribution utilizing a Lilliefors test function. The result h
denotes one if the test rejects the null hypothesis at the 5%
significance level, and zero otherwise. We can accept the null
hypothesis as represented in Table 1. Also, all p values in the
Lilliefors test are greater than α (=0.05) and that null
hypothesis is rejected if the Lilliefors test value k is larger
than the critical values cv. Therefore, we can accept the
null hypothesis that the distribution of artificial features
converges to the normal distribution [19]. We examine
the consistency and convergence for the artificial data
[16]. Therefore, we verify that our artificial data are suit-
able for actual data convergence for sample means based
on the theorem [20] in that if Eðx2Þ <∞, then

∥D∗
ffiffiffiffi
N

p bη∗ − bη� �
≤ x

n o
−D

ffiffiffiffi
N

p bη − ηð Þ ≤ x
n o

∥∞ ⟶ 0, ð1Þ

Table 1: The h are acquired from the artificial features using the
bootstrap technique R (=100), where R denotes a number of
replication, and p, k, and cv are obtained from the Lilliefors test [21].

Features/values h p k cv

TSBP 0 0.335 0.047 0.079

TDBP 0 0.495 0.037 0.079

MAP 0 0.495 0.041 0.079

AR 0 0.495 0.039 0.079

AE 0 0.495 0.031 0.079

EL 0 0.470 0.042 0.079

MA 0 0.398 0.047 0.079

STD1 0 0.485 0.045 0.079

STD2 0 0.495 0.040 0.079

MAPL 0 0.495 0.040 0.079
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where ∥·∥∞ is supx∈ℝ∣ · ∣. The distribution of
ffiffiffiffi
N

p ðbη∗ − bηÞ
approximates to

ffiffiffiffi
N

p ðbη − ηÞ [20], where βðηÞ = EðbηðXÞ − ηÞ
denotes a bias andX = fx1, ::, xNg denotes the original feature.
When the bias approaches zero, estimates are considered to be
unbiased and we can easily compute uncertainties such as the
bias and standard error for the artificial features as shown
below:

β bη∗ ·ð Þ� �
=

1
R
〠
R

r=1
bη∗
r − E η ∣Xð Þ ≅ E bη∗ X∗ð Þ − bη Xð Þ� �

, ð2Þ

where βðbη∗ð·ÞÞ denotes the prediction error (i.e., bias).

bσ∗ =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

R − 1
〠
R

r=1
bη∗ − bη∗ ·ð Þð Þ2

 !
,

vuut ð3Þ

where bσ∗ is the standard error using the bootstrap technique
and η∗ð·Þ is R−1∑R

r=1bη∗
r .

3. SVREM for BP Estimation

3.1. Support Vector Regression (SVR) Estimator with Artificial
Features. Assume that one has a training data set to find
y = hω, ϕðxÞiH + b, where ω and ϕðxÞ are the vectors
acquired from reproducing kernel Hilbert space H . Thus,
we minimize the following risk function as

R =
1
2
∥ω∥2 +C 〠

M

m=1
Lε y∗m, x

∗
m, fð Þ, ð4Þ

where ð1/2Þ∥ω∥2 is regularization parameter that balances
the complexity and accuracy of a regression model, C is
the normalization constant utilized to balance the empiri-
cal risk with the normalized term, and Lðy∗m, x∗m, f Þ
denotes the ε-loss function [22] given by

Lε y∗m, x
∗
m, fð Þ = y∗ − f x∗ð Þj jε =max 0, y∗ − f x∗ð Þj j − εð Þ,

ð5Þ

where ε is a user-define value.

min
ω,b,ξ,x∗m

1
2
∥ω∥2 + C 〠

m

m=1
ξ2 + ~ξ

2� �

subject to

f x∗mð Þ − y∗m ≤ ε + ξm, m = 1,⋯,M,

y∗m − f x∗mð Þ ≤ ε + ξm, m = 1,⋯,M,

ξm, ~ξm ≥ 0:

8>><
>>:

ð6Þ

This problem can be solved by the Lagrangian theory
as follows:

ω = 〠
M

m=1
bγm − γmð Þϕ x∗mð Þ, ð7Þ

where fbγ , γg, m = 1,⋯,M, are the Lagrangian multipliers
with respect to the constraints given in Equation (7), and
the solutions are given by

max
γm ,γ̂m

〠
m

m=1
y∗m γ̂m − γmð Þ − ε 〠

m

m=1
bγm + γmð Þ

−
1
2
〠
m

m,j=1
bγm − γmð Þ γ̂j − γi

� �
K x∗m, x

∗
j

� �
+
1
c
ζm,j

� �
,

subject to
〠
m

m=1
γ̂m − γmð Þ = 0,

0 ≤ γm0 ≤ γ̂m, m = 1,⋯,M,

8>><
>>:

ð8Þ

where Kðx∗m, x∗j Þ = hϕðx∗mÞ, ϕðx∗j ÞiH and ζm,j is the Kro-

necker symbol. This problem can be resolved using some
disassemble methods of the SVR [22].

3.2. SVREM. Here, we introduce the SVREM based on the
AdaBoost [23] technique that is used with the SVR as a base
learner [22]. In this paper, we utilize SVREM to improve the
performance of the SVR model. Our input features are given
as ðX∗, Y∗Þ, where X∗ and Y∗ denote the input matrix and
the output matrix, respectively. Then, the mean μ and
standard error σ are calculated for each feature vector,
respectively. The bootstrap technique is then used as a
creator to build the distribution for artificial feature
because the distribution of artificial feature approaches a
normal distribution [12]. Hence, ensemble parameters
are used to solve random initialization parameter prob-
lems and are used in the training step. We execute each
artificial feature after the recursive adjustment of the dis-
tribution of training data sets using the SVREM step, as

presented in Algorithm 1. A weight vector ωð1Þ
m is initial-

ized to be utilized in line 2. We then create a different
training set for each estimator according to the weighted
sample, M from the sequence of L with M ≤ L, where L
denotes the number of artificial samples ðL = R × SÞ. Note
that, in L = R × S, R and S denote the number of replica-
tion and the number of subjects, respectively. Also, note
that I in Algorithm 1 denotes the number of the feature
as represented in lines 4-8. In detail, the artificial samples
are obtained from different distributions, which are
updated repeatedly through relative errors and estimated
BPs to be used in the next estimator. The weight of each
instance is updated based on an error. In other words, it
is more likely that an instance with a large error in the
previous distribution exists in the next distribution as

shown ðX∗ ∣ ωðkÞ
m Þ in line 7. The estimated BPs (SBP and

DBP) are also initialized as another input matrix Ŷ∗ ð1Þ
m for

training SVREM. The estimate BPs are thus concatenated

to an artificial block matrix as ½~X∗
 Ŷ∗ ðkÞ

m � and are updated

recursively as shown in algorithm line 8, where Ŷ∗ ðkÞ
m denotes

the previous BPs’ estimator. This is a novelty method as the
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SVREM is different from the conventional AdaBoost way
[23]. The SVREM is then executed to optimize the parame-
ters as shown in line 11. In turn, we repeatedly calculate the
error between the hypothesis ðŶ∗Þ and reference ðY∗Þ until
the minimum value is reached as expressed in line 13. Here,
the estimated ðŶ∗Þ BPs are used as an input feature to train
the recursive ensemble estimator. If the error is smaller, the
artificial block matrix for the next estimator in SVR is closer
to the reference BPs ðY∗Þ. The mean error is computed as
shown in lines 13-15, and the weight parameter βk is repre-
sented as in line 16. Finally, we update the weight vector for
instances and normalize them as shown in steps 17-18. If
the error values for each instance are very small, the weight
parameters also have a small value, respectively, and if the
error values for each instance are large in the current itera-
tion, βk also has large values. The output of the SVREM is
given as follows: Ŷ∗ = inf ft ∈ Y : ∑k:̂tk≤t log ð1/βkÞ ≥ 1/2∑k

log ð1/βkÞg, where each k estimator predicts t̂k, ∀k = 1,⋯,
K . If βk is all equal, it will be a median. We sum up the log
until we reach the smallest k so that the inequality can be sat-
isfied [23], based on the theorem and proof about the SVR
utilized as a stable estimator given as a base learner. f̂

∗
ωð·Þ =

SVRððX∗, Y∗ÞÞð·Þ: ℝI ⟶ℝ J .

3.3. CI Estimation with the Parameter Bootstrap Technique.
Due to the physiological characteristics and cost reasons for
individual subjects, it is not easy to obtain many BP measure-
ments [9]. Even if the cost is not an issue, the experimental

conditions may not produce reproducible measurements.
Hence, we thus estimate CIs based on the parameter boot-
strap method using the results of the SVREM approach.
The basic concept of this technique can use the uncertainty
ranges of each BP measurement value to calculate the maxi-
mum and minimum values for the CI. Thus, we offer the
CI of the five BP estimates for each patient obtained from
the SVREM algorithm and explain the bootstrap technique.
The idea is to resample blood pressure hypotheses to produce
many artificial blood pressure hypotheses, Ŷ∗ = ðŷ∗1 ,⋯, ŷ∗nÞ,

1: procedure SVREM(X, Y)

2: for k⟶ 1, K do ϖð1Þ
l

3: for i⟵ 1, I do
4: for r⟵ 1, R do Y∗

j,r = ðy∗1 , y∗2 ,⋯, y∗NÞ and X∗
i,r = ðx∗1 , x∗2 ,⋯, x∗NÞ,

5: �X∗
i,r =

1
N
〠N

n=1x
∗
n and �Y∗

j,r =
1
N
〠N

n=1y
∗
n ,

6: X∗
i = ð�X∗

i,1, �X
∗
i,2,⋯, �X∗

i,RÞ and Y∗
j = ð�y∗j,1, �y∗j,2,⋯, �y∗j,RÞ

7: �X∗ = ðX∗jωðkÞ
m Þ

8: ~X∗ = ½�X∗ ŶðkÞ
m �

9: end for
10: end for

11: call learning: SVRf f̂ ∗kð~X∗
m, Y∗

mÞg,
12: output: Ŷ∗

m, ∀m = 1 toM
13: εmax = max

m=1,⋯,M
½Ŷ∗

m − Y∗
m�

2

14: εm =
½Ŷm − Y∗

m�2
εmax

15: �ε =∑M
m=1εmω

ðkÞ
m

16: βk =
ε

1 − ε
17: ωðk+1Þ

m = ωðkÞ
m βð1−εmÞ

k

18: ωðk+1Þ
m =

ωðk+1Þ
m

∑mω
ðk+1Þ
m

19: end for
20: end procedure

Algorithm 1 SVREM.

1: procedure CIðŶ∗Þ
2: for i⟵ 1, N do Ŷ∗

i = f~y∗1 ,⋯, ~y∗ng
3: bμ∗

i =
1
n
〠n

j=1ŷ
∗
j

4: E = ðbμ∗
i , bσ∗

i jŶ∗
i Þ

5: U∗ðijŶ∗
i Þ = bμ∗

i + bσ∗
i × RANDðn, RÞ

6: for r⟵ 1, R do

7: bθ∗ði, rjŶ∗
i Þ =

1
n
〠n

j=1bυ∗,ji,r

8: end for

9: bΘ∗
= SORTðbθ∗ði, rjŶ∗

i ÞÞ
10: end for
11: end procedure

Algorithm 2 CIs estimation based on SVREM.
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based on n estimates obtained from an unknown distribution
Dðμ, σÞ to calculate a CI for bμðY∗Þ. Here, ½bμ , bσ� denotes the
maximum likelihood estimate obtained using Ŷ = ðŷ1,⋯,
ŷNÞ. Hence, when N ⟶∞, we obtain a normal distribution
given as D̂ðbμ∗, bσ∗ ∣ Ŷ∗Þ ≅N ðμ, σÞ. Here, we measure the CIs
using the bootstrap technique [9, 16] which can be obtained
using the BP estimates of the SVREM. We then obtain a
matrix as

U∗ i ∣ Ŷ∗
i

� �
=

bυ∗,j1,1 ⋯ bυ∗,j1,R

⋮ ⋱ ⋮

bυ∗,jin,1 ⋯ bυ∗,jn,R

2
664

3
775 ð9Þ

where Equation (9) is obtained as expressed in line 5 of
algorithm 2; we vertically compute each column to acquire
the mean of each column as in line 7, where ∗ denotes the
resampled data acquired from the bootstrap technique. Then,
we conduct ascending sorts and then the sorted BP estimate

is given by bΘ∗
= ðbθ∗

1 , bθ∗2 ,⋯,bθ∗RÞ,assuming bθ∗
α is the 100α th

percentile of R bootstrap replications ðbθ∗
1 , bθ∗2 ,⋯,bθ∗RÞ:We can

obtain the CI as ðbθ∗
lower, bθ s∗

upperÞ = ðbθ∗
α , bθ∗1−αÞ of the 1 − 2 · α,

from this bootstrap technique. A similar process is used to
estimate the CI for DBP.

4. Experimental Results

4.1. BPMeasurements and Protocol. The study was confirmed
by the ethics committee, and each test subject agreed for BP
measurements. The BP data were measured from 85 people
who do not have cardiovascular disease, from ages 12 to 80
years old with 48 men and 37 women. A wrist-mounted
blood pressure device was used to measure 5 sets of oscillo-
metric measurement BP from each subject on ANSI/AAMI
protocol criteria [11, 18]. The average value measured by
the two experts was used as the reference value for SBP and
DBP [9]. This process was repeated four more times to gen-
erate 5 sets of BP data for each subject, with a one-minute
break between each BP measurement. Each subject comfort-
ably sat on a chair for BP measurement, wrapped in a BP cuff

around the subject’s left wrist and placed her or his arms on
the desk to measure BP. As a reference monitor, an ausculta-
tory BP cuff was worn at the top of the left arm to match the
height of the heart. When the air was pumped into the cuff,
the upper left cuff expanded and blocked the brachial artery.
On the other hand, when the pressure in the upper cuff was
deflated, the blood flow generated a Korotko signal that was
heard by a stethoscope. The first signal measured in mmHg
when the pressure in the upper cuff was deflated, the blood
flow generated a Korotko signal that was heard by a stetho-
scope. The first signal measured in mmHg in the upper left
meter estimated the SBP and the fifth signal estimated the
DBP [15]. The left upper arm and wrist BP could not be mea-
sured at the same time because of the difficulty of occlusion
of the brachial artery through left upper-arm sphygmoma-
nometers. Thus, each BP signal was obtained by a wrist mea-
suring device and after 1.5 (min.) two medical staffs
simultaneously measured the SBP and DBP using a
sphygmomanometer.

The BP measurements of subjects were gradually sepa-
rated into training data and test data. Five sets of 340 BPs
each from 68 subjects, 5 measurements were used as training
data, and 85 data from 17 subjects were used as test data. This
phase was repeated so that each subject was included only
once in the test process. An exemplary result was represented
in order to differentiate from the artificial features to original
features as expressed in Table 2. Note that the running time is
computed based on the Matlab® 2019 [24]. The SVREM pro-
vided much lower computational time compared with the
DNN ensemble technique [13] as denoted in Table 3. On
the basis of BP measurement protocol AAMI [11], the
SVREM algorithm was evaluated to verify that the mean
error (ME) is less than ±5mmHg and that the standard

Table 2: An exemplary result (one volunteer) is expressed to verify between the artificial features and original features for consistency and
convergence [17].

Features/values bµ bµ∗ CI∗L CI∗U β bµ∗ ⋅ð Þ� � bσ bσ∗

TSBP 111.20 111.16 109.05 113.50 -0.04 2.18 1.08

TDBP 69.60 69.58 68.75 70.31 -0.02 0.88 0.38

MAP 0.468 0.471 0.411 0.524 0.003 0.052 0.027

AR 0.459 0.462 0.433 0.493 0.003 0.034 0.016

AE 0.094 0.095 0.089 0.100 0.001 0.005 0.003

EL 0.125 0.126 0.112 0.138 0.001 0.013 0.007

MA 0.206 0.207 0.174 0.239 0.001 0.033 0.018

STD1 0.156 0.155 0.124 0.178 -0.001 0.036 0.018

STD2 0.289 0.290 0.132 0.401 0.001 0.131 0.064

MAPL 0.264 0.263 0.239 0.287 -0.001 0.022 0.011

Table 3: Comparison of the complexity of in terms of running time
[24], where the specifications of system are Intel® Core (TM) i7-
8700 CPU 3.20GHz, RAM 32.0GB, OS 64 bit, and Matlab® 2019
(The MathWorks Inc., Natick, Ma, USA).

Method DNN ensemble [13] SVREM

Total time (s) 13201.76 2455.12
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deviation of the error (SDE) of the ME is less than 8mmHg,
as expressed in Table 4. The SVREM in accordance with the
British hypertension protocol (BHS) [1] was compared with
the conventional algorithms, and the mean absolute error
(MAE) was evaluated for three groups of less than 5mmHg,
less than 10mmHg, and less than 15mmHg, respectively. If
60% of the MAE of a BP measurement method is within
5mmHg, 85% within 10mmHg, and 95% within 15mmHg,
the method is classified as class A. We then provided the
results of SVREM in terms of the CIs as denoted in Table 5.
We expressed the results of a statistical analysis based on
the Lilliefors function to evaluate the normality in terms of
the artificial BP estimates for each subject as represented in
Figure 1.

5. Discussion

We confirmed that there was little uncertainty, such as bias
against artificial data, and that standard errors have very little
value σ∧∗, acquired using bootstrap technology, and was
smaller than bσ ; hence, the bootstrap technique was utilized
as an effective method for increasing the number of samples
of features. Accordingly, artificial features could be found to
be very close to actual features, and it was also confirmed that
the CIs of artificial features included all artificial and true
features. Although the SVREM represents a slight loss of per-
formance compared with the DNN ensemble technique [13],
as expressed in Tables 3 and 4, we confirmed a significant
reduction in running time. The mean absolute errors (MAEs)
of the SVREM were 69.17% (≤5mmHg), 87.06%
(≤10mmHg), and 95.53% (≤15mmHg), respectively, for
SBP and 76.94% (≤5mmHg), 94.12% (≤10mmHg), and
98.12% (≤15mmHg), respectively, for DBP as expressed in

Table 4. Hence, the SVREM acquired class A for the evalua-
tion of SBP and DBP. We found that the SVREM estimates
show better accuracy than the BP estimates except for the
DNN ensemble in the conventional techniques. The accuracy
of the estimates acquired from the SVREM was computed by
comparing the estimates acquired using the stethoscope
method according to the AAMI protocol [11] concerning
ME and SDE. Note that the SDE of a device is more signifi-
cant than ME because it can have small MEs with large SDEs
that are probable to be positive or negative, which can be very
inaccurate. The performance improvement of SVREM is crit-
ical in that the AAMI standard protocol is recommended for
automated BP devices. The proposed SVREM satisfied the
AAMI criteria, and these results represented that the pro-
posed SVREM provided more accurate BP estimates, except
for the DNN method, compared with the existing method
expressed in Table 4. The SDE acquired from the SVREM
was found to be 6.29mmHg and 5.33mmHg for the SBP
and DBP, respectively. These results indicate superior perfor-
mance compared to conventional algorithms. Consequently,
we conclude that the SVREM decreases uncertainty such as
the SDE of ME and increases the performance reliability.
The CIs for SBP and DBP acquired with SVREMB were
smaller than CI acquired in the conventional methods, as
shown in Table 4. We confirmed the difference between
1.4mmHg and 1.0mmHg of the SVREM and the conven-
tional method [9] in the SDEs of CI for SBP and DBP, though
the CI results acquired from the SVREM are smaller than
those acquired from the DNNϕ. The CIs concerning the arti-
ficial BP values represented very small values, which means
that we successfully decreased the uncertainty in terms of a
random error such as SDE and system error such as bias
based on the SVREM.

Table 4: Evaluating of the SVREM algorithm using the BHS and AAMI protocols using the results of maximum amplitude algorithm (MAA),
neural network (NN), support vector regression (SVR), deep neural network (DNN), DNNϕ, and SVREM on (5 × 85 = 425) measurements,
where DNNϕ is the AdaBoost with DNN model.

Methods
SBP mean absolute difference (%) DBP mean absolute difference (%) SBP/DBP BHS SBP AAMI DBP

≤5mmHg ≤10mmHg ≤15mmHg ≤5mmHg ≤10mmHg ≤15mmHg Grade ME (SDE) ME (SDE)

MAA 47.29 84.94 95.53 56.00 86.82 96.94 C/B 0.15 (9.56) -0.17 (8.10)

NN 53.65 85.88 95.29 65.88 94.12 98.58 B/A -0.31 (7.84) 0.47 (6.92)

SVR 62.59 86.12 95.53 74.12 93.65 96.94 A/A 0.10 (7.15) -0.34 (6.45)

DNNϕ 71.06 90.82 95.53 81.18 96.24 99.29 A/A -0.06 (5.82) 0.14 (4.98)

SVREM 69.17 87.06 95.53 76.94 94.12 98.12 A/A -0.12 (6.29) 0.97 (5.33)

Table 5: Comparison of CIs between the SVREM and conventional methods, where n (=85) denotes the number of subject and L and U
denote the lower and upper limits, respectively.

BP (mmHg) SBP (SDE) DBP (SDE) SBP L (SDE) SBP U (SDE) DBP L (SDE) DBP U (SDE)
n (=85) 95% CI 95% CI

MAAST [9] 13.2 (8.0) 9.4 (5.8) 106.7 (14.3) 120.2 (16.5) 62.4 (10.4) 71.7 (11.0)

MAAGUM [9] 13.9 (7.9) 10.0 (5.4) 106.4 (14.3) 120.5 (16.4) 62.0 (10.4) 72.1 (10.9)

PMAENPB [9] 2.8 (3.3) 1.7 (2.4) 112.4 (13.9) 115.7 (14.1) 66.7 (10.5) 68.2 (9.9)

DNNϕ(BT) 4.8 (1.5) 4.2 (0.9) 107.3 (12.7) 112.1 (12.8) 65.1 (8.2) 69.3 (8.8)

SVREMBT 3.1 (2.9) 3.2 (2.7) 107.9 (13.9) 111.0 (13.4) 65.5 (9.4) 68.7 (9.0)
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6. Conclusion

In conclusion, the proposed methodology is that the accuracy
and stability increase using the SVREM, which is to measure
uncertainties such as CI, the standard deviation of the error,
and bias for the SBP and DBP.We verify that the distribution
of the artificial BP data converges to the Gaussian distribu-
tion, and to identify similarities between the real data and
the artificial data. The Lilliefors test was conducted to inves-
tigate the normality of artificial BP measurements for each

subject. We will pursue additional nonnormally testing for
new subject populations in our future work.

Data Availability

Data is not available for the following reasons: In this paper,we
received BP data fromUniversity of Ottawa and conducted an
experiment, but without the consent of University of Ottawa,
the author cannot judge whether data is available or not.
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Figure 1: These figures is the cumulative distribution function (CDF) of the selected artificial BP estimates from the parameter bootstrap
technique with (R = 100) replicas based on the SVREM results, where x-axis is mmHg and y-axis is cumulative probability. Note that plots
(a) and (b) are the examples obtained from 5th subject, plots (c) and (d) are the examples obtained from 6th subject, plots (e) and (f) are
the examples obtained from 7th subject, and plots (g) and (h) are the examples obtained from 8th subject.

7Journal of Sensors



Ethical Approval

The study was confirmed by the ethics committee, and each
test subject agreed for BP measurements.

Conflicts of Interest

The authors declare that they have no conflict of interest.

Authors’ Contributions

S. L. is responsible for the conceptualization of this paper, S.
L. and G. L are assigned for the software, S.L.is for the writing
(original draft), and G. L is for the review and editing.

Acknowledgments

The author would like to thank professors M. Bolic, H.
Dajani, and V. Groza for providing BP data at the University
of Ottawa and S. Rajan at Carlton University for always giv-
ing good advice. This work was supported by new professor
research fund of the Sejong University 2019.

References

[1] E. O'Brien, R. Asmar, L. Beilin et al., “European Society of
Hypertension recommendations for conventional, ambulatory
and home blood pressure measurement,” Journal of Hyperten-
sion, vol. 21, no. 5, pp. 821–848, 2003.

[2] S. Hansen and M. Staber, “Oscillometric blood pressure mea-
surement used for calibration of the arterial tonometry
method contributes significantly to error,” European Journal
of Anaesthesiology, vol. 23, no. 9, pp. 781–787, 2006.

[3] T. Dieterle, E. Battegay, B. Bucheli, and B. Martina, “Accuracy
and ‘range of uncertainty’ of oscillometric blood pressure
monitors around the upper arm and the wrist,” Blood Pressure
Monitoring, vol. 3, no. 6, pp. 339–346, 1998.

[4] GUM, Guide to the expression of uncertainty in measurement /
BIPM (Bureau international des poids et mesures), Interna-
tional Organization for Standardization, Geneva, Switzerland,
1st edition, 1993.

[5] A. Ferrero and S. Salicone, “Measurement uncertainty,” IEEE
Instrumentation and Measurement Magazine, vol. 9, no. 3,
pp. 44–51, 2006.

[6] “Estimation of measurement uncertainty in chemical analy-
sis,” https://sisu.ut.ee/measurement/uncertainty.

[7] I. Karagöz and S. Cecelioğlu, “The analysis of different
approaches related to the measurement of uncertainty in bio-
medical calibration,” Gazi University Journal of Science,
vol. 20, pp. 61–67, 2007.

[8] M. Parvis and A. Vallan, “Medical measurements and uncer-
tainties,” IEEE Instrumentation and Measurement Magazine,
vol. 5, no. 2, pp. 12–17, 2002.

[9] S. Lee, M. Bolic, V. Z. Groza, H. R. Dajani, and S. Rajan, “Con-
fidence interval Estimation for oscillometric blood pressure
measurements using bootstrap approaches,” IEEE Transac-
tions on Instrumentation and Measurement, vol. 60, no. 10,
pp. 3405–3415, 2011.

[10] K. Soueidan, S. Chen, H. R. Dajani, M. Bolic, and V. Groza,
“Augmented blood pressure measurement through the nonin-

vasive estimation of physiological arterial pressure variability,”
Physiological Measurement, vol. 33, no. 6, pp. 881–899, 2012.

[11] Assiociation for the advancement of medical instrumentation
(AAMI), American National Standard, Electronic or Auto-
mated Sphygmonanometers, AASI/AAMI, 2003, SP 10:2002.

[12] S. Lee and J.-H. Chang, “Oscillometric blood pressure estima-
tion based on deep learning,” IEEE Transactions on Industrial
Informatics, vol. 13, no. 2, pp. 461–472, 2017.

[13] S. Lee and J.-H. Chang, “Deep belief networks ensemble for
blood pressure estimation,” IEEE Access, vol. 5, pp. 9962–
9972, 2017.

[14] S. Lee, A. Ahmad, and G. Jeon, “Combining bootstrap aggrega-
tion with support vector regression for small blood pressure
measurement,” Journal of Medical Systems, vol. 42, no. 4,
pp. 1–7, 2018.

[15] S. Lee, C. H. Park, and J. H. Chang, “Improved Gaussian mix-
ture regression based on Pseudo feature generation using boot-
strap in blood pressure Estimation,” IEEE Transactions on
Industrial Informatics, vol. 12, no. 6, pp. 2269–2280, 2016.

[16] B. Efron and R. Tibshirani, “Bootstrap methods for standard
errors, confidence Intervals, and other measures of statistical
accuracy,” Statistical Science, vol. 1, no. 1, pp. 54–75, 1986.

[17] H. Abdi and P. Molin, “Lilliefors/Van Soest’s test of normal-
ity,” https://www.utdallas.edu/herve/Abdi-Lillie2007-pretty
.pdf.

[18] S. Lee, S. Rajan, C.-H. Park, J.-H. Chang, H. R. Dajani, and
V. Z. Groza, “Estimated confidence interval from single blood
pressure measurement based on algorithmic fusion,” Com-
puters in Biology and Medicine, vol. 62, pp. 154–163, 2015.

[19] M. Hollander and D. A. Wolfe, Nonparametric statistical
methods, Willey, NewYork, NY, USA, 1999.

[20] K. Singh, “On the asymptotic accuracy of Efron’s bootstrap,”
The Annals of Statistics, vol. 9, no. 6, pp. 1187–1195, 1981.

[21] G. E. Dallal and L. Wilkinson, “An analytic approximation to
the distribution of Lilliefors’s test Statistic for normality,”
The American Statistician, vol. 40, no. 4, pp. 294–296, 1986.

[22] A. Rakotomamonjy, “Analysis of SVM regression bounds for
variable ranking,” Neurocomputing, vol. 70, no. 7-9,
pp. 1489–1501, 2007.

[23] Y. Freund and R. E. Schapire, “A Decision-Theoretic General-
ization of On-Line Learning and an Application to Boosting,”
Journal of Computer and System Sciences, vol. 55, no. 1,
pp. 119–139, 1997.

[24] M. Knapp-Cordes and B. McKeeman, “Improvements to Tic
and Toc Functions for Measuring Absolute Elapsed Time Per-
formance in MATLAB,” in Matlab Technical Articles and
Newsletters, The MathWorks Inc., Natick, Ma, USA, 2011.

8 Journal of Sensors

https://sisu.ut.ee/measurement/uncertainty
https://www.utdallas.edu/herve/Abdi-Lillie2007-pretty.pdf
https://www.utdallas.edu/herve/Abdi-Lillie2007-pretty.pdf

	Support Vector Regression-Based Recursive Ensemble Methodology for Confidence Interval Estimation in Blood Pressure Measurements
	1. Introduction
	2. Materials and Methods
	2.1. Features Obtained from Oscillometric Signals and Artificial Data Obtained Using Bootstrap Technique
	2.2. The Goodness of Fit Test for Artificial Features

	3. SVREM for BP Estimation
	3.1. Support Vector Regression (SVR) Estimator with Artificial Features
	3.2. SVREM
	3.3. CI Estimation with the Parameter Bootstrap Technique

	4. Experimental Results
	4.1. BP Measurements and Protocol

	5. Discussion
	6. Conclusion
	Data Availability
	Ethical Approval
	Conflicts of Interest
	Authors’ Contributions
	Acknowledgments

