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Abstract: Blood pressure (BP) is an important parameter for the early detection of heart disease
because it is associated with symptoms of hypertension or hypotension. A single
photoplethysmography (PPG) method for the classification of BP can automatically analyze BP
symptoms. Users can immediately know the condition of their BP to ensure early detection. In recent
years, deep learning methods have presented outstanding performance in classification
applications. However, there are two main problems in deep learning classification methods:
classification accuracy and time consumption during training. We attempt to address these
limitations and propose a method for the classification of BP using the K-nearest neighbors (KNN)
algorithm based on PPG. We collected data for 121 subjects from the PPG–BP figshare database. We
divided the subjects into three classification levels, namely normotension, prehypertension, and
hypertension, according to the BP levels of the Joint National Committee report. The F1 scores of
these three classification trials were 100%, 100%, and 90.80%, respectively. Hence, it is validated that
the proposed method can achieve improved classification accuracy without additional manual preprocessing of PPG. Our proposed method achieves higher accuracy than convolutional neural
networks (deep learning), bagged tree, logistic regression, and AdaBoost tree.
Keywords: blood pressure; KNN; photoplethysmography; PPG; machine learning; k-nearest
neighbors

1. Introduction
Blood pressure (BP) is a vital parameter for the primary detection of cardiovascular diseases.
Hypertension is one of the most significant risk factors for cardiovascular diseases [1]. The outcome
of a BP measurement consists of three parameters, namely the diastolic blood pressure (DBP), systolic
blood pressure (SBP), and mean arterial pressure (MAP), in millimeters of mercury (mmHg) [2–4].
There are two categories of methods for determining BP: invasive and noninvasive methods. While
invasive methods can measure BP precisely and continuously, they are not very suitable to apply and
trigger infections in patients [5]. The noninvasive methods that are presently implemented using a
cuff cause discomfort, particularly for injured people, overweight people, and infants [6].
Many innovations have been developed to measure BP without a cuff continuously and the most
promising one is photoplethysmography (PPG) [7–10]. The generation of PPG signals needs some
optoelectronic components: a light-emitting diode (LED) and a photodetector. Figure 1 illustrates an
example of a PPG waveform containing direct current (DC) and alternating current (AC)
components. The DC component of the PPG waveform relates to the reflected optical signal from the
tissue and depends on the configuration of the tissue and the average blood volume of both arterial
and venous blood. The DC component fluctuates slowly with respiration, while the AC component
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shows blood volume changes, which occur between the systolic and diastolic phases of the cardiac
cycle. The essential frequency of the AC component depends on the heart rate and is covered onto
the DC component [11]. An LED is a light source that can be used to illuminate blood vessels so minor
perfusion changes can be supervised on the photodetectors [12]. Perfusion is measured as the degree
at which blood is distributed to tissue [13].

Figure 1. Direct current and alternating current components of the PPG signal due to variation in
light absorption.

ECG together with PPG signals are the most common combination for assessing BP in cuff-less
continuous monitoring systems, because they are essential for calculating the pulse transit time (PTT).
Teng, X.F et al. [14] examined the relationships between arterial BP and certain features of the PPG.
Kim, J.Y et al. [15] measured PTT using PPG and electrocardiogram (ECG) signals and biometric
parameters such as weight, height, body mass index (BMI) length of arm and circumference of arm.
Y.S. Yan et al. [16] examined a new feature, normalized harmonic area (NHA), which is extracted
from PPG signals in the period domain by using the discrete period transform (DPT). McCombie et al.
[17] proposed a technique for calibrating the measured pulse wave velocity (PWV) to arterial blood
pressure using hydrostatic pressure variation. Studies have shown that the correlation between BP
and PTT is significant, but depends on many parameters which can vary among different patients.
Therefore the calibration is needed when used in every new patient. The PTT-based BP calculation
may not be sufficiently precise because the regulation of BP in the human body is a complex and
multivariate physiological process.
To overcome this issue, several calibration-free methods were proposed for accurate and reliable
estimation of BP. There is a relation, not always linear, between blood pressure and pulse duration,
obtained from PPG signal. They use a combination of machine learning and signal processing
algorithms or artificial neural network with multilayer feed-forward back propagation algorithm.
Kurylyak et al. [18] proposed a non-invasive continuous BP estimation approach based on artificial
neural networks (ANNs). Rundo et al. [19] proposed a physiological ECG/PPG “combo” pipeline
using an innovative bio-inspired nonlinear system based on a reaction–diffusion mathematical
model, implemented by means of the convolution neural network (CNN) methodology, to filter PPG
signal by assigning a recognition score to the wave forms in the time series. However, all these
methodologies present the disadvantage that they are based on PTT calculation, which requires
ECG/PPG hardware sensors, software, data extraction (PTT and PWV), etc., making them
complicated when applied.
The features of PPG are also recognized to carry important information that can be used as
physiological parameters. Indeed, our previous work has presented statistical evidence that the
features of PPG can be used to assess BP [20]. A single PPG-based BP estimation study was conducted
to make users more comfortable [10–13]. Presently, there are two methods to reach BP estimation
using single PPG. The first method is a parametric model that challenges to extract certain parameters
such as the systolic, heart rate, and diastolic periods from every PPG waveform. BP estimation can
be achieved using these parameters [13]. Numerous examples of parametric methods include
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regression of long- and short-term features, the pulse transport theory-based model, linear regression
[13], and the Windkessel model. The second element of the Windkessel method estimates the entire
peripheral resistance and regulates the value of the body’s arterial capacitance through the PPG
waveform, as shown in Figure 2. Parametric models can achieve good expectation results for an
individual, but the accuracy declines over time. Besides, these methods need an initial calibration and
frequent recalibrations for every person. The second method involves nonparametric models, which
try to extract specific features in the frequency domain or time domain, as shown in Figure 3 [11].
There are numerous potential sources of mistakes in BP estimation methods based on PPG:
1.

The PPG waveform is easily affected by motion artifacts, leading to errors in the
measurement [21–25]. Most motion artifacts associate with the sensor motion relative to the
skin [26]. The dimensions of the finger have a significant contribution. Therefore, the pressure
applied to the fingers is hard to control. This situation greatly influences PPG waveforms and
reduces the accuracy of BP estimates [18].

Figure 2. BP simulation using a two-element Windkessel model for SBP/DBP = 160/100 mmHg and
HR = 90 bpm parametric models.

Figure 3. The PPG features commonly used in prior studies related to BP are the cycle duration (Tc),
systolic time (Ts), diastolic time (Td), trough to notch time (Ttn), notch to trough time (Tnt), peak to
notch time (Tpn), and the sum of the systolic and diastolic widths at 25% (B25), 33% (B33), 50% (B50),
and 75% (B75) of the signal amplitude in each cycle.
2.

The system must be calibrated to regulate varying PPG waveform characteristics [27–
29]. The quality of the PPG waveform is easily corrupted by poor blood circulation, and
PPG waveform characteristics vary with fluctuations in peripheral vascular resistance,
blood vessel wall elasticity, and blood viscosity [19]. PPG waveforms are easily affected;
consequently, the connection between peripheral pulses and BP may not be optimal [21].
Therefore, the system needs frequent recalibrations for every person [22]. There is not
sufficient evidence to provide a calibration-free BP estimation with PPG signals only.
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BP estimation methods based on PPG do not actually measure pressure. Instead, they use
waveform feature analysis and theoretical models to calculate the hemodynamics and
associate them to BP [23].
Most importantly, the actual volume measured by PPG is the total amount of hemoglobin,
which is considered to be proportional to the volume of blood. This hypothesis may fail in
patients with anemia or edema [24].
Cold temperature triggered by diseases can also reduce the correlation between peripheral
pulsation and blood pressure [25]. High blood viscosity reduces blood flow and
significantly impacts the PPG waveform [27]. Hypertension may also be attended by
arrhythmia diabetes or pregnancy, which may introduce unknown parameters to the
method and reduce the fitting accuracy [28].

However, most previous studies have attended to the estimation of BP value. With these
methods, medical supervision is still needed [29,30]. Blood pressure classification methods can
automatically analyze BP symptoms. Users can instantaneously know their BP condition to provide
an early warning system for potential patients. Visvanathan et al. [31] used a support vector machine
to classify BP values. The classification process was performed using the radial basis function kernel.
BP values were collected from the Multiparameter Intelligent Monitoring in Intensive Care Database.
They divided the BP value range into bins of hypotension, desired, prehypertension, Stage 1
hypertension, Stage 2 hypertension, and hypertensive. Their proposed method with frequency
domain features was first tested with the University of Queensland’s vital signs dataset, which covers
a wide range of BP values, recorded from 32 surgical cases ranging in duration from 13 min to 5 h
over four weeks at the Royal Adelaide Hospital. They proposed an effective feature extraction
approach using the concept of maximal information coefficient. Liang. Y et al. [26] used four
distinctive classifiers: logistic regression, AdaBoost tree, bagged tree, and K-nearest neighbors (KNN)
for blood pressure classification. These studies usied PAT and PPG features extracted from ECG and
PPG signals. Three BP classifications were defined as normotension (NT), prehypertension (PHT),
and hypertension (HT). The KNN classifier presented the best performance compared with the other
models. Additionally, the feature set of the PAT feature and 10 PPG features achieved higher
accuracy than the other models. Liang. Y et al. [26] discussed the early screening of hypertension
while using the morphological features of photoplethysmography (PPG). Numerous morphological
features of PPG and its derivative waves were defined and extracted. Six types of feature selection
methods were chosen to screen and evaluate these PPG morphological features. The data processing
and modeling estimations were carried out using MATLAB software. The F1 scores for the
normotension versus prehypertension, normotension and prehypertension versus hypertension, and
normotension versus hypertension trials were 83.34%, 94.84%, and 88.49%, respectively. Based on the
ranked features, multiple classifications were conducted using the top 10 features. In these studies,
KNN (K = 10) showed better performance in classifying the different BP categories.
In recent years, deep learning methods have presented their outstanding performance in pattern
recognition applications [32]. Liang. Y et al. examined in depth learning methods for classifying BP
based on PPG signals using the continuous wavelet transformation (CWT) and convolutional neural
networks (CNNs) [33]. To classify BP based on a PPG signal, three classification experiments were
conducted: normotension (NT) versus prehypertension (PHT), normotension (NT) versus
hypertension (HT), and NT + PHT versus HT. They used 80% of the dataset for training and the
remaining 20% for testing. Data records were obtained from the MIMIC physiological database with
a 125 Hz sampling rate containing atrial BP and PPG signals. The F1 scores for the NT vs. PHT, NT
vs. HT, and (NT + PHT) vs. HT trials were 80.52%, 92.55%, and 82.95%, respectively. The specific
disadvantages of their studies are summarized as follows:
1. They require higher processing power and properties. The computation difficulty was high
and, consequently, considered during the training stage.
2. They need extra training time. The training stage was too long. The training set contained
2323 images and the testing set contained 581 images. For these thousands of images, the
training time of each trial lasted more than 350 min.
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They need training with large-scale data.

However, there are two main problems in deep learning classification methods: the classification
accuracy and time consumption during training. We attempt to address these limitations and propose
a method for the classification of BP using the K-nearest neighbors algorithm based on PPG. The
proposed method is suitable for real-time blood pressure classification. K-nearest neighbors is one of
the simplest supervised machine learning algorithms and is mostly used for classification. Our main
contributions are as follows:
1.

2.
3.

We focus on a BP classification based on the Joint National Committee (JNC 7). Therefore,
in this study, three BP classification levels were established: normotension (NT),
prehypertension (PHT), and hypertension (HT). With our proposed method, users can
immediately know the condition of their blood pressure. Accordingly, this method can
expedite the treatment process and reduce the risk of mortality.
With our proposed method, a special process is not needed to warranty the PPG signal’s
quality and excludes the need for a calibration process.
Our proposed method uses machine learning instead of deep learning to achieve a faster
training time. The common problem of deep learning is that the training stage is too long.

This paper is organized as follows. Section 2 describes the methodology. The experimental
results are given in Section 3. Section 4 discusses the results. The conclusion is presented in Section
5.
2. Materials and Methods
The original PPG signals were shared from a PPG–BP figshare database [34]. We divided the
data into signal and label groups. The signals were a cell array consisting of a collection of PPG
signals. The labels were an array of categories that contained the ground-truth labels from the signal.
Then, we split the signal group into a training set to train the classifier and a testing set to test the
accuracy of the classifier. The input one-dimensional PPG time domain was divided into BP levels
for adults into three main categories, namely normotension, prehypertension, and hypertension,
according to the BP levels of the Joint National Committee report. Waveforms of the PPG signals are
shown in Figure 4. To prevent bias, datasets were added by duplicating the signal data from each
classification level until each group had the same number of datasets (290 normal subjects, 290
subjects, and 290 hypertension signals). In this study, a confusion matrix was used to visualize
classifier performance for a dataset where the true values are known. To comprehensively evaluate
the testing models, various evaluation indices were used, including accuracy (Ac), recall (Re),
specificity (Sp), precision (Pr), sensitivity (Se), and the F1 scores.

Figure 4. Three different BP classifications. Each segment consists of 2100 sampling points,
corresponding to 2.1 s of data.
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2.1. Data Acquisition
The dataset was collected from 219 adult subjects aged 21–86 years. Males accounted for 48% of
the participants. We collected 870 recorded data from the PPG–BP Figshare database [34]. A dataset
collection program was written to obtain information about individual basic physiology, which also
collected PPG waveform signals and detected the arterial BP at the same time. The dataset includes
PPG and BP information from subjects who were diagnosed with normotension, prehypertension,
and hypertension. The records include an identification number, sex, age, and disease. The total
duration of the experiment was approximately 15 min. The data collected from the PPG signals and
BP took approximately 3 min. Each data segment consisted of 2100 sampling points, which
corresponded to 2.1 s of data. The waveform was sampled at a frequency of 1 kHz during the signal
acquisition, with a 12-bit analog-to-digital conversion precision. The waveform signal quality
evaluation method adopted the skewness signal quality index (SSQI) (more details about the dataset
can be found in [34]).
Skewness characterizes the degree of asymmetry of a given distribution around its mean. If the
distribution of the data is symmetric, then the skewness will be close to 0. Positive skewness indicates
a distribution with an asymmetric tail extending toward more positive values. Negative skewness
indicates a distribution with an asymmetric tail extending toward more negative values, as shown in
Figure 5. Each segment of the PPG signal was evaluated by classification thresholds as an excellent,
acceptable, or unfit PPG waveform to determine whether it should be saved, as detailed in Figure 6.
[35]. This step was developed to reduce the PPG segments with high noise and motion artifacts.
Skewness is used to measure the probability distributions of symmetric signals. Mathematicians
discuss skewness in terms of the third moment around the mean. The specific definition is as follows
[35]:
SSQI =

∑𝑁
𝑖=1(𝐴ᵢ−Ā )³
(𝑁−1)∗𝜎³

(1)

where SSQI is the skewness signal quality index, N is the number of variables in the distribution, σ is
the standard distribution, Aᵢ is a random variable, and Ā is the mean of the distribution.

Figure 5. Skewness characteristics.
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Figure 6. The PPG waves were categorized into three categories: G1 contains beats with clear
systolic and diastolic waveforms with dicrotic notches; G2 contains beats without clear systolic and
diastolic waveforms and without dicrotic notches; and G3 contains noisy waveforms.

2.2. K-Nearest Neighbors Algorithm
KNN is one of the simplest supervised machine learning algorithms and is mostly used for
classification [35]. It classifies a data point based on how its neighbors are classified. It is basically
based on the idea that objects near each other will have similar characteristics. The nearest neighbor
rule is the simplest form of KNN when K = 1. In this method, each sample must be classified the same
as the neighbor sample. Therefore, if the classification of the sample is not identified, it can be
predicted by considering the classification of the nearest neighbor sample. Therefore, unidentified
samples can be classified based on this classification of closest neighbors [36].
2.2.1. Distance Metric
As mentioned above, KNN makes predictions based on the result of the K-neighbors closest to
that point. Hence, to create predictions with KNN, we need to describe a metric for calculating the
distance between the request point and cases from the example sample. The KNN makes predictions
based on results from the neighbor K closest to that point. Therefore, to make predictions with KNN,
we need to determine the metric to calculate the distance between the request point and the case
reference point from the sample. One of the most common distance metrics for measuring this
distance is known as the Euclidean distance [36]. The Euclidean distance can be described by:

∑𝑘𝑖=1(𝑥ᵢ − 𝑦ᵢ)²

(2)

where x and y are the query point and a case from the examples sample, respectively. Notably, the
Euclidean distance is only valid for continuous variables such as PPG signals.
2.2.2. K-Nearest Neighbor Predictions
After selecting the value of K, we can make predictions based on KNN examples. For regression,
the KNN prediction is the average of the K-nearest neighbors’ outcome [36].
𝑦=

1
𝐾

𝑦ᵢ

(3)

where yi is the ith case of the examples sample and y is the prediction of the query point. In contrast
to regression, in a classification problem, KNN predictions are based on a voting scheme where the
winner is used to label the query. Another method is to use large K values at random with more
attention to the case closest to the query point. This is achieved by using what is called distance
weighting.
2.2.3. Distance Weighting
Since KNN predictions are based on the intuitive assumption that objects close in distance are
potentially similar, it makes good sense to discriminate between K-nearest neighbors when making
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predictions. That is, let the closest points among the K-nearest neighbors have more say in affecting
the outcome of the query point. This can be achieved by introducing a set of weights W, one for each
nearest neighbor, defined by the relative closeness of each neighbor concerning the query point [36].

𝑊 (𝑥, 𝑝ᵢ) =

𝑒𝑥𝑝 (−𝐷(𝑥, 𝑝ᵢ))
∑ 𝑒𝑥𝑝 (−𝐷(𝑥, 𝑝ᵢ))

(4)

where 𝐷(𝑥, 𝑝i) is the distance between the query point x and the ith case pi of the example sample.
The proposed method consists of training and classification phases. In the training phase, a
particular training dataset is extracted and used to train the system using the K-nearest neighbor
classifier. In the classification phase, the given test signal is segmented, and then the signal features
mentioned above are extracted for classification. These features are questioned to the nearest kneighbor to be given an unknown signal label. The block diagram of the proposed method is given
in Figure 7.

Figure 7. Detailed block diagram of the proposed BP classification technique.

3. Results
We experimented with MATLAB (R2019a version) to classify BP based on PPG signals. In this
study, the dataset was divided into a training set and a testing set. We collected data from the PPG–
BP figshare database [34] and are available as a MATLAB file extension in Supplementary Materials.
The analysis of the PPG features was conducted. Each PPG signal was extracted into 2100 sample
points. Feature extraction was carried out point by point so physiological data contained in PPG
signals can be explored optimally. It also makes the number of sample points used the largest and
most detailed compared to previous studies.
In this study, before deciding which model to use, a comparative analysis was conducted with
other models (linier discriminant, decision tree, discriminant analysis, support vector machine, Knearest neighbor, bagged trees, and deep learning RNN (long short-term memory)) for the same
dataset. The dataset was divided into a training set (870 subjects) and a testing set (30 subjects). We
compared the testing performance based on accuracy value. The results indicate that KNN algorithm
achieved better testing performance than the other classification methods, as shown in Table 1. In this
study, a confusion matrix was used to visualize classifier performance for a dataset where the true
values are known. The axis labels are the class labels hyper (HT), normal (NT), and prehypertension
(PHT). The output class represents the label assigned to the signal by the network.
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Table 1. Comparison of testing performance.

Classifier
Support vector machine
Decision tree
Discriminant analysis
Bagged trees
Long short-term memory
K-nearest neighbor

Accuracy
73.6%
80.0%
80.0%
80.0%
80.0%
86.7%

The target class represents the ground-truth label of the signal. The green cells represent true
positive (TP) or true negative (TN) signals. The confusion matrix from the testing process of each
model is shown in Figure 8. Based on the results of tests between models, KNN achieved the best
results; therefore, this study used KNN as a classifier.
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(a)

(b)

(c)

(d)

(e)

(f)

Figure 8. (a) Support vector machine, mean testing accuracy: 76.7%; (b) bagged trees, mean testing
accuracy: 80%; (c) discriminant analysis, mean testing accuracy: 80%; (d) decision tree, mean testing
accuracy: 80%; (e) long short-term memory, mean testing accuracy: 80%; (f) K-nearest neighbor, mean
testing accuracy: 87.6%.

In this proposed KNN model, there are two main parameters: the number of neighbors (K) and
the accuracy value that needs to be analyzed. To evaluate these parameters, series of contrast
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experiments with different training parameter sets were conducted. We tested the contrast
experiments with a different number of neighbors to obtain the best accuracy value. When keeping
the values of the distance metric (Euclidean), distance weight (equal), and standardized data (true)
unchanged, the detailed parameter set is shown in Table 2. The results indicate that KNN algorithm
with K value = 1 achieved better training accuracy than the other number of K. The scanter plot can
help for investigate features to include or exclude. We can visualize training data and misclassified
points on the scatter plot. The scatter plots of a training set with different numbers of neighbors are
shown in Figure 9.
Table 2. Comparison K numbers of neighbors.
Number of Neighbors

Prediction Speed

Training Time

Accuracy

7

−120 obs/s

57.682 s

77.3%

5

−120 obs/s

56.573 s

82.1%

3

−120 obs/s

90.188 s

94.5%

1

−120 obs/s

74.116 s

100%

(a)

(b)
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(c)
Figure 9. The coordinates of the points (1200–4100) are scattered according to their respective
classifications. There are three classes marked in different colors. Each dataset contains 2100 sample
points. Investigated features in the scatter plot for: (a) K = 7; (b) K = 3; and (c) K = 1.

To comprehensively evaluate the testing models, various evaluation indices were used: TP, FP,
TN, FN, Ac, Re, Sp, Pr, Se, and the F1 score. The confusion matrix used for evaluating the
classification performance is as follows [37]:
𝑇𝑛
)100%
𝑇𝑛 𝐹𝑛
𝑇𝑝
𝑅𝑒 = (
)100%
𝑇𝑝 𝐹𝑛
𝑇𝑛
𝑆𝑝 = (
)100%
𝐹𝑝 𝑇𝑛
𝑇𝑝
𝑆𝑒 = (
)100%
𝑇𝑝 𝐹𝑛
𝑇𝑝
)100%
𝑃𝑟 = (
𝐹𝑝 𝑇𝑝
2(𝑅𝑒 𝑋 𝑃𝑟)
100%
𝐹1 =
(𝑅𝑒 𝑃𝑟)

𝐴𝑐 = (
𝑇𝑝

𝑇𝑝
𝐹𝑝

(5)
(6)
(7)
(8)
(9)
(10)

where Ac is the accuracy, Re is the recall, Sp is the specificity, Se is the sensitivity, Pr is the precision,
and F1 is the F1 score.
The dataset was divided into a training set (779 subjects) and a testing set (121 subjects). The
confusion matrix from the testing process of the KNN algorithm is shown in Figure 10. The confusion
matrix of the testing process shows that 74.30% of the ground-truth hyper signals are correctly
classified as hyper (HT), 100% of the ground-truth normal signals are correctly classified as normal
(NT), and 82.50% of the ground-truth prehyper signals are correctly classified as prehyper (PHT).
The above six formulas were computed by the true positive (TP), false positive (FP), true negative
(TN), and false negative (FN) quantities. Table 3 shows the classification performance of our
proposed method (KNN algorithm). The F1 scores of these three classification trials were 100%, 100%,
and 90.80%, respectively.
We performed a comparative study between our method and the results of previous studies
[31,33]. To compare BP classifications based on a PPG signal, three classification experiments were
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carried out: NT (46 subjects) versus PHT (41 subjects), NT (46 subjects) versus HT (34 subjects), and
HT (34 subjects) versus PHT + NT (7 subjects). Table 4 presents a performance comparison with
earlier studies.

Figure 10. A testing accuracy confusion matrix is used to describe the performance of the classifier
in a dataset where the actual values are known.

Table 3. Classification performance of KNN algorithm.
Trial

TP

FP

TN

FN

Accuracy
(%)

Sensitivity
(%)

Specificity
(%)

Recall
(%)

Precision
(%)

F1 Score
(%)

Normal (NT)

46

0

59

0

100.00

100.00

100.00

100.00

100.00

100.00

Prehyper (PHT)

33

9

72

7

86.99

82.50

88.88

82.50

78.57

80.46

Hyper (HT)

26

7

79

9

86.77

74.28

91.86

74.28

78.78

81.09

NT vs. PHT

46

0

33

0

100.00

100.00

100.00

100.00

100.00

100.00

NT vs. HT

46

0

26

0

100.00

100.00

100.00

100.00

100.00

100.00

(NT + PHT) vs. HT

79

9

26

7

86.77

91.86

74.28

91.86

89.77

90.80
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Table 4. Classification performance comparison.
Method
PAT and PPG
Features [26]

PPG Features [26]

PAT Features [26]

PAT and PPG
Features [26]

PPG Features [26]

PAT Features [26]

PAT and PPG
Features [26]

PPG Features [26]

PAT and PPG
Features [26]

Raw PPG Signal
[33]
Raw PPG Signal
(Proposed method
in this study)

Trial
NT (46 subjects) vs. PHT (41 subjects)
NT (46 subjects) vs. HT (34 subjects)
NT + PHT (87 subjects) vs. HT (34
subjects)
NT (46 subjects) vs. PHT (41 subjects)
NT (46 subjects) vs. HT (34 subjects)
NT + PHT (87 subjects) vs. HT (34
subjects)
NT (46 subjects) vs. PHT (41 subjects)
NT (46 subjects) vs. HT (34 subjects)
NT + PHT (87 subjects) vs. HT (34
subjects)
NT (46 subjects) vs. PHT (41 subjects)
NT (46 subjects) vs. HT (34 subjects)
NT + PHT (87 subjects) vs. HT (34
subjects)
NT (46 subjects) vs. PHT (41 subjects)
NT (46 subjects) vs. HT (34 subjects)
NT + PHT (87 subjects) vs. HT (34
subjects)
NT (46 subjects) vs. PHT (41 subjects)
NT (46 subjects) vs. HT (34 subjects)
NT + PHT (87 subjects) vs. HT (34
subjects)
NT (46 subjects) vs. PHT (41 subjects)
NT (46 subjects) vs. HT (34 subjects)
NT + PHT (87 subjects) vs. HT (34
subjects)
NT (46 subjects) vs. PHT (41 subjects)
NT (46 subjects) vs. HT (34 subjects)
NT + PHT (87 subjects) vs. HT (34
subjects)
NT (46 subjects) vs. PHT (41 subjects)
NT (46 subjects) vs. HT (34 subjects)
NT + PHT (87 subjects) vs. HT (34
subjects)
NT (46 subjects) vs. PHT (41 subjects)
NT (46 subjects) vs. HT (34 subjects)
NT + PHT (87 subjects) vs. HT (34
subjects)
NT (46 subjects) vs. PHT (41 subjects)
NT (46 subjects) vs. HT (34 subjects)
(NT + PHT) (87 subjects) vs. HT (34
subjects)

Feature
Extraction

Database

Classifier

F1

PAT and 10
PPG features

121 subjects
(MIMIC database)

AdaBoost
Tree

74.67%
90.15%
79.71%

10 PPG
features

121 subjects
(MIMIC database)

AdaBoost
Tree

72.26%
80.11%
63.76%

PAT features

121 subjects
(MIMIC database)

AdaBoost
Tree

66.88%
68.04%
53.19%

PAT and 10
PPG features

121 subjects
(MIMIC database)

Bagged
Tree

83.88%
94.13%
88.22%

10 PPG
features

121 subjects
(MIMIC database)

Bagged
Tree

78.48%
84.98%
75.32%

PAT features

121 subjects
(MIMIC database)

Bagged
Tree

66.95%
84.98%
75.32%

PAT and 10
PPG features

121 subjects
(MIMIC database)

Logistic
Regression

63.92%
79.11%
62.26%

10 PPG
features

121 subjects
(MIMIC database)

Logistic
Regression

63.66%
67.94%
47.10%

PAT and 10
PPG features

121 subjects
(MIMIC database)

KNN

83.34%
94.84%
88.49%

Continuous
Wavelet
Transform
(Scalogram)

121 subjects
(MIMIC database)

CNNs

80.52%
92.55%
82.95%

2100 PPG
features
points

121 subjects
(Figshare database)

KNN

100%
100%
90.80%

4. Discussion
Our proposed method uses KNN (machine learning) instead of deep learning to achieve faster
training times. KNN does not use training data to perform any generalization. In KNN, there is no
explicit training phase, or it is very minimal. This also means that the training phase is fast. Lack of
generalization means that KNN keeps all the training data. To be more exact, all the training data are
needed during the testing phase. We chose KNN as a classifier over other classifiers in the machine
learning group because KNN does not require assumptions about data. This situation is suitable for
application to nonlinear data such as PPG signals. KNN stores the training dataset and learns from it
only at the time of making real-time predictions. This makes the KNN algorithm much faster than
other machine learning methods that require training, for example support vector machine (SVM)
and linear regression. Since the KNN algorithm requires no training before making predictions, new
data can be added seamlessly, which will not impact the accuracy of the algorithm. A disadvantage
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associated with KNN is that we need to do feature scaling (standardization and normalization) before
applying the KNN algorithm to any dataset. Each PPG signal has been extracted into 2100 features.
Feature extraction was carried out point-by-point so the physiological data contained in PPG signals
can be explored optimally. It also makes the number of features used the largest and most detailed
compared to previous studies.
The training error rate and the validation error rate are two parameters we needed to access with
different K values. In this study, we made comparisons with several K values, and it was found that
K = 1 had the lowest error rate with the highest accuracy value. In Figure 11, the error rate at K = 1 is
always zero for the training sample. This is because the closest point to any training data point is
itself. Hence, the prediction is always accurate with K = 1.

Figure 11. The curve for the training error rate with a varying value of K.

We performed a comparative study between our method and the results of previous studies
[26,33]. The first study by Liang. Y et al. [26] used the PTT-middle to represent the pulse arrival time
(PAT) feature, as shown in Figure 12. PAT has some limitations as it cannot classify these three
categories of blood pressure levels. Additionally, the combined feature set of the PAT feature and 10
PPG features achieves higher accuracy than other models. The study employed four distinctive
classifiers: a bagged tree, K-nearest neighbors (KNN), logistic regression, and an AdaBoost tree. The
KNN classifier presented the best performance compared with the other models in the first study by
Liang. Y et al. [26], as shown in Table 4. The F1 scores of these three classification trials (NT (46
subjects) vs. PHT (41 subjects), NT (46 subjects) vs. HT (34 subjects), and NT + PHT (87 subjects) vs.
HT (34 subjects)) were 83.34%, 94.84%, and 88.49%, respectively. Table 4 shows that the F1 scores of
our proposed KNN method were higher than KNN with Liang. Y et al.’s [26] method. The accurate
identification of feature points is very important, especially based on the PPG morphology method,
and the PPG sampling frequency is the key. In our study, the PPG signal was collected as 1000 Hz
sample frequency, whereas the sampling frequency of Liang. Y et al. [26] method is only 125 Hz in
the MIMIC database, which could lead to the identification error of each characteristic point. The
number of features in the extraction feature greatly affects the level of accuracy of the qualifications.
Our study used 2100 PPG features points, whereas Liang. Y et al. [26] used only 10 PPG features. Our
method is simpler because it only uses one input signal, i.e. PPG, while Liang. Y et al. [26] used two
input signals, namely ECG and PPG, as shown in Table 5.
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Figure 12. Pulse arrival time (PAT) feature.

Table 5. Comparison classification performance of KNN.

Study

Liang.Y et al. [26]

Tjahjadi. H et al.
(Proposed
method)

Trial

NT (46 subjects) vs.
PHT (41 subjects)
NT (46 subjects) vs.
HT (34 subjects)
NT + PHT (87
subjects) vs. HT (34
subjects)
NT (46 subjects) vs.
PHT (41 subjects)
NT (46 subjects) vs.
HT (34 subjects)
NT + PHT (87
subjects) vs. HT 34
(subjects)

Feature
Extraction

Database

Sampling
Frequency

Classifier

F1

PAT and 10
PPG features
(two sources:
ECG and PPG

121 subjects
(MIMIC
database)

125Hz

KNN

83.34%
94.84%
88.49%

2100 PPG
features points
(one source:
PPG only)

121 subjects
(Figshare
database)

1000Hz

KNN

100%
100%
90.90%

In the second study of Liang. Y et al. [33], using a continuous wavelet transform (scalogram) and
CNNs deep learning for BP classification, the training, unfortunately, took a very long time. They
used a training set containing 2323 images, which took about 350 min for training. While our
proposed method using a training set of 779 images required a training time of only about 74.116 s.
In this case, because the training set was large, the training process could take several minutes. When
a network uses data with a large range of values and a large average, the learning process and
convergence of the network can be slow [38]. They employed a continuous wavelet transform
(Scalogram) and CNNs. The F1 scores of these three classification trials (NT (46 subjects) vs. PHT (41
subjects), NT (46 subjects) vs. HT (34 subjects), and NT + PHT (87 subjects) vs. HT (41 subjects)) were
80.52%, 92.55%, and 82.95%, respectively. Table 4 shows that the F1 scores of our proposed method
(KNN) were higher than those of the CNN classifier and regression methods, such as the bagged tree,
logistic regression, and AdaBoost tree methods. This result indicates that our proposed method
achieved higher accuracy than the CNNs, propagation, and regression methods.
5. Conclusions
Our proposed method has promising potential and exclusively uses raw PPG signals to replace
the PPG morphology feature extraction process for BP classification. Users can immediately know

Information 2020, 11, 93

17 of 19

the condition of their BP to ensure early detection using our proposed method. This method can
expedite the treatment process and reduce the risk of mortality. It is validated that the proposed
method classifier using KNN can achieve improved classification accuracy without additional
manual pre-processing of the PPG signals. Our proposed method does not require a high-quality
PPG signal and does not require the extraction of PPG morphological features; therefore, the method
can be easily applied in many situations. In general, normotension has the highest accuracy with a
value of 100%. It achieved the best F1 score with a value of 100% among the classification levels.
Three classification trials were set: NT vs. PHT, NT vs. HT, and NT + PHT vs. HT. The F1 scores of
these three classification trials were 100%, 100%, and 90.80%, respectively. A comparison of current
and previous approaches to the classification of BP was accomplished. Our proposed method
achieved higher accuracy than convolutional neural networks (deep learning), bagged tree, logistic
regression, and AdaBoost tree. In addition, increased sample sizes could be used to further improve
the performance of BP classification based on PPG signals.
Supplementary Materials: The following are available online at DOI: 10. 21227/crpd-4b52.
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