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Abstract: Accurately measuring blood pressure (BP) is essential for maintaining physiological health,
which is commonly achieved using cuff-based sphygmomanometers. Several attempts have been
made to develop cuffless sphygmomanometers. To increase their accuracy and long-term variability,
machine learning methods can be applied for analyzing photoplethysmogram (PPG) signals. Here, we
propose a method to estimate the BP during exercise using a cuffless device. The BP estimation process
involved preprocessing signals, feature extraction, and machine learning techniques. To ensure the
reliability of the signals extracted from the PPG, we employed the skewness signal quality index and
the RReliefF algorithm for signal selection. Thereafter, the BP was estimated using the long short-term
memory (LSTM)-based neural network. Seventeen young adult males participated in the experiments,
undergoing a structured protocol composed of rest, exercise, and recovery for 20 min. Compared
to the BP measured using a non-invasive voltage clamp-type continuous sphygmomanometer, that
estimated by the proposed method exhibited a mean error of 0.32 £ 7.76 mmHg, which is equivalent
to the accuracy of a cuff-based sphygmomanometer per regulatory standards. By enhancing patient

comfort and improving healthcare outcomes, the proposed approach can revolutionize BP monitoring
check for

updates in various settings, including clinical, home, and sports environments.
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Hypertension diagnosis is a common procedure in clinical practice, and its associated
morbidity has doubled over the past decade [1]. Thus, early diagnosis and treatment are
critical for preventing hypertension. For blood pressure (BP) monitoring, daily home mea-
surements of BP are preferred over clinical situations owing to the white-coat effect [2,3].

To mitigate the risks of high BP, physicians recommend behavioral and lifestyle
changes with dietary control, appropriate nutrition, and quality sleep. Moreover, exercise

aids in lowering BP, managing weight, and relieving mental stress. Although BP may
be temporarily elevated after exercise, extreme fluctuations may indicate hypertension.
Physiologically, systolic blood pressure (SBP) increases during exercise, whereas diastolic
blood pressure (DBP) remains relatively stable. Therefore, controlling and monitoring BP
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offer various advantages, such as continuous measurements that do not cause disturbance
and provide an unconstrained modality to the subjects. However, motion artifacts create
challenges for optical-based cuffless sphygmomanometry, and measurements during ex-
ercise have not been attempted [7,8]. Moreover, the proposed model must consider rapid
alterations in physiological parameters during exercise.

Various biological applications of machine learning have been studied, such as in-
dividualized blood pressure control methods [9] and prediction of hypotension [10]. In
particular, machine learning (ML) continuous non-invasive blood pressure (NIBP) moni-
toring is currently attracting attention in the field of health monitoring due to its various
potential benefits, including early prediction of blood pressure [11]. Among them, it has
been reported that the MAX86150 module’s sensing and machine learning have resulted
in blood pressure estimation accuracy with an error 5.7 & 5.5 mmHg (+mean + standard
deviation) [12]. Many of these noninvasive optical-based cuffless methods based on ma-
chine learning assume resting conditions. This is because changes in vascular resistance
and cardiac output associated with exercise are thought to affect the relationship between
each parameter obtained from the PPG waveform used in machine learning and blood
pressure. In the detection of steep blood pressure fluctuations, which is the target of this
study, updating the learning model according to changes in vascular dynamics is an issue.
In addition, since body motion artifacts are generated in the PPG signal due to movement,
it is necessary to take countermeasures against deterioration of signal quality.

Although a significant increase in systolic BP is a risk factor [13] and needs to be
monitored accurately, motion artifacts negatively affect the accuracy of BP measurements.
In this study, we proposed a new preprocessing technology and performed BP estimation
during exercise.

2. Principle

To date, various methods have been developed to estimate BP using cuffless sphygmo-
manometers, including the photoplethysmogram (PPG)-based cuffless sphygmomanome-
ter that utilizes the PPG signal singularly or coupled with other biosignals, such as the
electrocardiogram, phonocardiogram, impedance signal, and ballistocardiogram [14]. An
alternative method for estimating blood pressure involves utilizing pulse demodulation
with a second derivative signal extracted from the PPG. Pulse demodulation analysis (PDA)
is a technique used to evaluate arterial pressure by tracking mechanical events, such as
heart contractions and pressure pulse reflections in the central and peripheral arteries. In
particular, prior research has identified two major reflection sites in central arteries.

The pressure waveform obtained by applying the PDA and its second derivatives
reveals the typical trend of PPG signals and the characteristics of their second derivatives
in Figure 1. The downward-traveling primary pressure pulse (#1) gives rise to the upward-
traveling pulses #2 and #3, originating from the renal and iliac reflection sites, respectively,
which are impinged upon by pulse #1. The amplitude ratio of the first reflection pulse (#3)
to the primary systolic pulse (#1) can be utilized to track changes in the central beat-to-beat
SBP [15]. The time difference between the arrival of the first and second reflection pulses
(P3) is referred to as T1_3, which represents the variations in arterial PP. Conventionally,
BP is estimated by analyzing the pulse peaks and parameters integrated within the PDA
model [15-19].

Lumped parameter models of the cardiovascular system are commonly employed in
PDA to simulate the arterial BP waveform and wave propagation, wherein the SBP and
DBP are fitted using the resistor impedance and capacitance. Thus, BP can be measured
not only by a pressure sensor but also by r by analyzing the PPG waveforms as a reference.
Herein, the second derivative of the PPG (SDPPG) signal was analyzed based on the
amplitudes of waves a—e, which were produced during the systolic phase of the heart
cycle [20] (Figure 1). Moreover, the wave amplitudes were normalized to b/a, c/a, d/a,
and e/a. As the SDPPG signal contains information on the aortic compliance and stiffness,
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which are highly correlated with BP, neural networks and a support vector machine can be
employed for numerical analysis of the BP based on the PPG and SDPPG signals.

2nd Derivative

Pulse

# #H #3
00 02 04 06 08 10 12
Time (Seconds)
Figure 1. PPG signal and its derivative (gray line).

However, as suggested in previous studies, physiological dynamics during physical
exercise differ from that prevailing in the rest state [21-23]. For instance, exercise alters
the behavior of the baroreflex. It also affects the relationship between the heart rate and
the pre-ejection period. Therefore, the BP variations occurring during exercise cannot be
accurately predicted using the rest state model. In this study, we assumed that BP regulation
strives to stably maintain the BP values during exercise by considering the preceding and
subsequent readings of BP in addition to the current measurements. In order to incorporate
this assumption, a neural network layer consisting of long short-term memory (LSTM)
was employed to capture the informative PPG features over a specific time period for
predicting blood pressure. To incorporate this assumption, a neural network layer of long
short-term memory (LSTM) was used to associate the informative PPG features over three
different timespans for BP prediction. The response of PPG parameters such as heart
rate and waveform shape to exercise is rapid. In contrast, changes in blood pressure are
relatively gradual. PPG parameters should be considered not only unique features but
also the context of the time series. Therefore, we selected LSTM because it is the only one
capable of capturing features of long-term time series data for estimating blood pressure
fluctuations in this study. We expect that the combined approach of physical modeling
and data-driven approaches will provide an accurate BP measurement during exercise,
especially in data-scarce scenarios.

3. Data Collection and Signal Processing

In this study, the proposed BP estimation method involved signal preprocessing,
feature extraction, and BP estimation; the processing procedure is illustrated as a flowchart
in Figure 2.
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Figure 2. Signal processing for BP estimation.

3.1. Experimental Method

Data were collected from 20 young males (age: 19.7 £ 1.22 years; range: 18-23 years;
BMI: 21.62 £ 2.83; range: 16.23-29.06). The age range of the participants was narrow
because of the relatively high safety involved with young participants during long-term
exercise.

For reference, the SBP, DBP, and PPG were measured sequentially using a voltage
clamp-type continuous BP monitor (CNAP, CNSystem, Graz, Austria). CNAP is based
on the vascular unloading technique. It is the basic principle for detecting blood volume
changes in the finger and transforming plethysmographic signals into continuous blood
pressure information. Blood pressure can then be calculated beat-to-beat, after calibration
with the built-in standard oscillometric measurement (NBP) of the monitor. From these
protocols, the gap between intermittent NBP and continuous invasive blood pressure is
bridged. Before and after the experiments, a cuff-based sphygmomanometer (HEM-7511T,
Omron, Kyoto, Japan) was used to measure the SBP and DBP for further reference.

The experiment consisted of three parts. After sitting on an ergometer (TE3PLUS-70,
Showa Denki Group, Osaka, Japan), the subjects initially rested for 20 min, followed by
exercise with the ergometer for another 20 min at 80 W and 50 rpm; after this, the subjects
were allowed to recover for 20 min. Due to the challenges related to measurement, peri-
exercise has received less investigation as an effective method for inducing significant
variations in blood pressure. To the best of our knowledge, this is one of the few studies
dedicated to cuffless BP estimation during exercise [24,25]. The experiment was approved
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by the Ethics Committee of the Tokyo Metropolitan College of Industry Engineering
(SanGisenkanAra #578) and written informed consent was obtained from each participant
prior to the experiment. The strength and intensity of the exercise followed the Karvonen
formula, defined as the maximum and resting heart rates with the desired training intensity
to obtain the target heart rate:

Target Heart Rate = [(max HR — resting HR) X % intensity] + resting HR benchmark,

where max HR was defined as 220 and age % intensity was set as 0.7 based on a previous
report [26].

3.2. Skewness Signal Quality Index

During the preprocessing, a skewness signal quality index (SSQI) was applied to each
PPG signal. As motion artifacts can affect the PPG signals during exercise, the signal quality
must be appropriately annotated. The increased skewness of the PPG signals revealed a
detailed morphology of the pulse waveform [27]. Therefore, skewness (i.e., the optimal
SQI) can potentially be used to improve the diagnosis and monitoring of abnormalities
such as hypertension. The optimal SQI for PPG-based technologies forms the first step
toward BP estimation. We focused on improving the accuracy of diagnoses and the quality
of care by applying SSQI to acquire high-quality signals in various conditions (e.g., resting,
exercise, and recovery). The annotation of the entire signal was based on the most dominant
beat wave quality within the signal, which enabled clear classification of the groups into
acceptable and unfit signals for estimating the SBP and DBP exhibited in Figure 3.

A_cceptable _ Unfit

34

32

0.8479

PPG [mV]
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Time Time

Figure 3. Examples of acceptable and unfit PPG waveform.

Skewness is a measure of the symmetry (or lack thereof) of a probability distribution,
defined as follows:

1 i’
ssQl =~ Y., {xi - ”} , M

g

where ji and ¢ denote the empirical estimate of the mean and standard deviation of x;,
respectively, and N indicates the number of samples in the PPG signal. The SSQIs were
calculated for each PPG signal.

The distribution of each SQI within a given subset exhibited significant variability,
making a simple fixed threshold inadequate for optimal classification. A linear support
vector machine (SVM) was utilized as the classifier, and each annotator annotated the PPG
signals based on the most dominant PPG signal. Our primary focus was to determine the
optimal SQI for which a simple classifier with a fixed threshold would be satisfactory. How-
ever, there were variations in the distribution of each SQI, making a simple fixed threshold
unsuitable as an optimal classifier. Consequently, the robust SQIs were determined for each
phase.
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3.3. Feature Extraction

To extract information from the signal, all signals were normalized using the Z-score
techniques and obtaining the amplitude-limited data.

[(yi —M)/SD], ()

Zscore =

M-

l
—

1

where M and SD, respectively, denote the mean and standard deviation of the feature value
¥, and n indicates the number of samples.

The 17 features presented in Figure 4 and Table 1 were selected from a single PPG
signal and its derivatives. Subsequently, the feature selection was performed using the
RReliefF algorithm [28,29], which is a feature selection algorithm that randomly selects
instances and adjusts the weights of the respective elements depending on the nearest
neighbor. The built-in functions of MATLAB were used in this study.

B® B ® @

@@/

Figure 4. Features of PPG signals and its derivatives. Details of numbers in the figure are presented
in Table 1.

Table 1. Features of PPG signals.

PPG Signal
Systolic peak 1 The amplitude of first peak from PPG waveform
Diastolic peak 2 The amplitude of first peak from PPG waveform
Systolic peak Hime 3 The time interval from the foot of the waveform to
y P the systolic peak (‘t1")
AT 4 The time interval from systolic peak time to diastolic
peak time
Diastolic peak time 5 The time interval from syst(')hc peak time to diastolic
peak time
. The distance between the beginning and the end of
Pulse interval 6
the PPG waveform
Augmentation 7 The ratio of diastolic peak amplitude and systolic
index peak amplitude
Second derivative PPG signal
Peak a 8 The first maximum peak from the second derivative
of the PPG waveform
b 9 The first minimum peak from the second derivative
of the PPG waveform
c 10 The second maximum peak from the second

derivative of the PPG waveform
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Table 1. Cont.

PPG Signal
d 1 The second minimum peak from the second
derivative of the PPG waveform
12 The third maximum peak from the second
€ derivative of the PPG waveform
The time interval from the foot of the PPG waveform
Ta 13 to the time at which first peal of second derivative
occurred
The time interval from first maximum peak to first
Tb-a 14 o
minimum peak
The time interval from first minimum peak to
Tb-c 15 .
second maximum peak
The time interval from second maximum peak to
Te-d 16 o
second minimum peak
Td-e 17 The time interval from second minimum peak to

third maximum peak

3.4. Machine Learning Model: Long Short-Term Memory

After feature extraction, the feature matrix was trained using machine learning al-
gorithms. The analysis was performed in three phases: rest, exercise, and recovery. The
LSTM layer, designed for sequence learning, proves effective in estimating BP [30]. In this
study, we employed it as the primary component of our learning model. To validate the
fundamental assumption, the LSTM comprised a single-layer bidirectional LSTM (BiLSTM),
followed by three layers of LSTM, a fully connected (FC) layer, and a regression layer as
the output. In particular, the BILSTM was used in the first layer to capture information
from the accepted input signal. All three phases used the same model with an architecture,
initiating with a single layer of BILSTM, consisting of 100 hidden units, followed by three
LSTM layers with hidden sizes of 200, 400, and 800 units, respectively. The mini-batch size
was 256 with 850 epochs and an initial learning rate of 0.004. The details of the architecture
are displayed in Figure 5. In each phase, 70%, 15%, and 15% of data were used as training,
test, and evaluation data, respectively.

Input
J

BiLSTM (100)

y

LSTM (200)

l

LSTM (400)

y

LSTM (800)

l

Fully connected(1)

l

Estimate SBP and DBP
Figure 5. Structure of LSTM.
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3.5. Error Metrics

To measure the error from the models used in the experiments, mean absolute error
(MAE), root mean square error (RMSE), and standard deviation (STD) were evaluated from
the experiments.

Two criteria were used to evaluate the performance of the LSTM algorithms in esti-
mating the BP. X, represents the predicted data, X denotes the ground truth data, and N
indicates the number of samples.

MAE: The absolute error denotes the predicted error, whereas the MAE represents the
mean of all absolute errors.

1
MAE = <) | Xp = X]. ®3)

ME: ME calculates the squared sum of the errors, representing the expected value of
the squared-error loss.

_ X - X|
ME = =222 4)

RMSE: The RMSE denotes the standard deviation of the residuals (prediction error).

2
RMSE = \/Z’X”NX’ . (5)

Correlation coefficient (R):

R_\/1 MSE(Model) ©

 MSE(Standard)’

Y[X — meanX]?

h E=
where MS N

4. Results

The present experiment included 20 participants; however, the BP values for three
participants could not be measured by the continuous sphygmomanometer. Thus, the
dataset for analysis contained BP data from 17 participants.

4.1. Preprocessing

The typical examples of PPG signals with acceptable and unsuitable waveforms
are presented in Figure 6. Although the second peak was clearly observed in the PPG
waveforms during rest and recovery, it exhibited a low amplitude during exercise. The
rejection ratios of the PPG signals after SSQI analysis are listed in Table 2, wherein the
rejection rates were 23.9% at rest, 69.0% during exercise, and 16.1% during recovery.

Table 2. Rejection rate of PPG signal in each phase.

Rest Exercise Recovery
Before processing 14,290 21,174 17,193
After processing 10,878 6566 14,419

Rejection rate [%] 23.88 68.99 16.13
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Figure 6. Difference in acceptable and unfit waveforms between three phases.

4.2. Feature Extraction

The SBP and DBP scores are summarized in Table 3. As the negative scores were
relatively high during exercise, the features with negative scores were eliminated from the
LSTM input gate.

Table 3. Feature score at various phases.

FeatureScore (D D @ [©] ® D (&) D © @ @ (] @ ] ® @
SBP 0.0084 0.0066 0.0012 0.0025 0.0020 0.0017 0.0047 0.0013 0.0011 0.0017 0.0032 0.0047 —0.0001 0.0004 —0.0015 —0.0001 0.0014
Rest DBP 0.0070 0.0065 0.0016 0.0034 0.0031 0.0032 0.0050 0.0036 0.0011 0.0018 0.0029 0.0049 —0.0001 0.0016 —0.0008 0.0001 0.0022
Exercise SBP 0.0309 0.0203 0.0088 0.0152 0.0164 0.0218 0.0156 0.0202 0.0226 0.0269 0.0288 0.0275 —0.0012 0.0117 0.0100 0.0102 0.0148
DBP 0.0273 0.0202 0.0081 0.0162 0.0175 0.0246 0.0168 0.0199 0.0179 0.0269 0.0284 0.0303 —0.0008 0.0125 0.0106 0.0125 0.0174
Recovery SBP 0.0101 0.0076 0.0003 0.0027 0.0030 0.0001 0.0061 0.0022 0.0039 0.0079 0.0057 0.0075 —0.0004 —0.0008 —0.0009 —0.0003 0.0009
DBP 0.0092 0.0080 0.0002 0.0026 0.0026 0.0005 0.0057 0.0033 0.0030 0.0081 0.0061 0.0064 —0.0003 —0.0003 —0.0003 0.0002 0.0012

4.3. BP Estimation

The estimation errors before and after SSQI processing are plotted in Figure 7, and the
predicted SBP and DBP values are summarized in Table 4. The extraction of the chaotic
features from vital signals improved the accuracy of the BP estimation results. Notably, the
BP estimation results were evaluated using ISO standards.

. 40.0 36.6
:E’ I Before removal by SSQI
£ 30.0 After removal by SSQI
g p<0.05
© 20.0
g 13.6
2 100 674 8.74 I
31 744,98 480  4.834.80 I 5.36
8 3.34 3.47 2.76
c by I - : 1 g ]
§ 0.0
Rest Exercise Recovery Rest Exercise Recovery
SBP DBP

Figure 7. BP estimation before and after SSQI processing.
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Table 4. BP statistics.

SBP DBP
MAE ME SD MAE ME SD
Rest 498 0.50 7.19 3.34 0.39 5.48
Exercise 4.80 0.32 7.76 3.47 -0.91 7.15
Recovery 4.80 -0.48 7.55 2.76 -1.77 6.94

The Bland—-Altman plots are visualized in Figure 8; all data were statistically acceptable
within the 95% confidence limit.

[N

=3
N
o

>
o

=
o

An error of SBP of the reference and
the proposed method at rest [mmHg]

An error of SBP of the reference and the
An error of SBP of the reference and the
proposed method at recovery [mmHg|

proposed method at exercise [mmHg]|
|
=3

-20 -20 -20
00 “o
-30 o -30 -30 o
80 100 120 140 80 100 120 140 80 100 120 140
Average of SBP of the reference and the Average of SBP of the reference and the Average of SBP of the reference and the
proposed method at rest [mmHg| proposed method at exercise [mmHg]| proposed method at recovery [mmHg]
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2 2E =¥
g E 20 &= 20 &g 20
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EE 573 53
;E—ao £ 2-80 £ g3
<s e g =22
40 60 80 100 <2 40 60 80 100 <c 40 60 80 100
Average of DBP of the reference and the Average of DBP of the reference and the Average of DBP of the reference and the
proposed method at rest [mmHg] proposed method at exercise [mmHg] proposed method at recovery [mmHg|

(b) DIA

Figure 8. Bland-Altman plots of reference and estimated (a) SYS and (b) DIA BPs at rest, exercise,

and recovery.

5. Discussion

The BP estimation was accurate with noise reduction and feature extraction machine
learning techniques.

Motion artifacts during exercise affected the PPG measurement. The SSQI exhibited
relatively high signal quality indices (SQIs). In particular, a higher rejection rate for high-
error signals and a lower MAE were achieved. As such, daily BP monitoring requires
considerable care when attaching a PPG sensor.

The heightened cardiac pulse during exercise expands the arterial wall which then
decreases the thickness of the arterial wall depending on arterial stiffness. We assumed that
the arterial wall is incompressible, isotropic, and exhibits no strain in the axial direction.
Accordingly, the elasticity E can be expressed as follows:

_3 2rp\ _Ap
E_S(L%M>AM%’ @

where ry denotes the end-diastolic radius, hy indicates wall thickness, Ap represents pulse
pressure, and Ak denotes the variation in thickness per cardiac cycle [31,32].

The second peak corresponded to the lower elasticity, which altered the pulse pressure
and wall thickness. During exercise, the first peak corresponds to a large pulse pressure
and thinner wall thickness, which bears a lower elasticity. As the second peak corresponds
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PPG at rest V]

o

SBP at rest [ mmHg]

w
o

N
(3]

N

to the reflected wave, the second peak is typically lower owing to the lower elasticity
(Figure 9). A typical example of a PPG waveform in three distinct phases is presented in
Figure 9 to clearly illustrate the differences across the rest, exercise, and recovery phases.
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¥ 25 =5
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Figure 9. Second peak of PPG amplitude at rest, exercise, and recovery.

The Bland-Altman plot of SBP error indicated a systemic error. Although the range of
the systolic BP was extremely narrow, the error between the reference and estimated BPs
was linear. The time course of BP at three distinct epochs is depicted in Figure 10, during
which the trend of the estimated systolic BP closely followed the reference BP at the rest
and recovery phases. However, during exercise, the SBP did not progress appropriately
due to the high rejection rate. As the LSTM algorithm is specialized on time series features,
an exceedingly high rejection rate may induce large variations instead of slight fluctuations.

“wnm*@w FMMWM
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o z l 11kl 14, | "W
% 100 $ 100 u ‘
® =
A 80 & 80
) &

200 302 o 100 200 300 % o 100 200 300
Sample Sample Sample

Figure 10. Reference BP (black line) and estimated BP (green line) at rest, exercise, and recovery.

Automated sphygmomanometers, which are currently widely used, are compliant
with resting state (ISO 81060-2:2018, Non-invasive sphygmomanometers—Part 2: Clinical
investigation of automated measurement type) and blood pressure variation (ISO DIS 81060-
3.2, Non-Invasive Sphygmomanometers—Part 3: Clinical Investigation Of Continuous
Automated Measurement Type).

According to the above standards, the resting accuracy of automated sphygmo-
manometers is defined as within £5 £ 8 mmHg (+mean =+ standard deviation), and
the blood pressure estimation accuracy required for cuffless sphygmomanometers is also
considered to meet this standard.

The device used as a reference in this study (CNAP, CNSystem, Austria) calibrates
the blood pressure curve using NBP approved by ISO81060-2 (NBP), and the accuracy of
continuous blood pressure has been confirmed.

The errors of the proposed method for systolic blood pressure are 0.50 £ +/— 7.19 mmHg,
0.32 + 7.76 mmHg, and —0.48 & 7.55 mmHg (+mean + standard deviation) for resting, ex-
ercise, and recovery periods, respectively; for diastolic blood pressure, 0.39 & 5.48 mmHg,
—0.91 £ 7.15 mmHg, and —1.77 + 6.94 mmHg (+mean + standard deviation) at rest,
during exercise, and during recovery, respectively. The accuracy was confirmed to follow
the accuracy set by ISO standards.
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Although the accuracy of the proposed method meets the accuracy of a cuff-type
automated sphygmomanometer, there are still issues to be addressed regarding the clinical
application of the proposed method. The small number of subjects is one of them. Since
the waveform shape used in this study varies with gender and age, it is necessary to verify
the method in a wide subject population in the future. In particular, when applied to detect
blood pressure fluctuations in diseased groups, it is possible that a change trend different
from that of the young adults targeted in this study may occur.

6. Conclusions

In summary, we proposed a novel waveform-based LSTM model for continuous blood
pressure estimation using PPG waveforms. The proposed model extracted the essential
features and captured the temporal variations, yielding BP measurement accuracies that
satisfy the existing regulatory standards. The present study addresses the need for non-
invasive and accurate blood pressure monitoring during exercise, providing a potential
solution for improving patient comfort and healthcare outcomes.

The research demonstrates the feasibility of utilizing machine learning algorithms
to analyze PPG signals for blood pressure estimation, demonstrating the effectiveness of
the proposed model. The proposed method will aid in the development of cuffless blood
pressure monitoring devices, offering a noninvasive and accurate alternative to traditional
cuff-based sphygmomanometers.

Note that the limitations of this research include the small sample size and the need
for validation in larger cohorts to ensure generalizability and reliability of the proposed
model. Thus, in the future, research should focus on refining the model and exploring its
performance in diverse populations as well as investigating its integration into wearable
devices for real-time blood pressure monitoring.
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