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Abstract—In the preoperative period, patients often experience
heightened anxiety and stress, which can manifest hypertension
or tachycardia, potentially leading to adverse clinical outcomes.
Therefore, it is crucial to detect patients in an anxious state to
implement effective hypertension management and improve long-
term outcomes. In this study, we extract blood pressure and heart
rate variability features from both photoplethysmography (PPG)
and electrocardiogram (ECG) signals using wavelet transform.
Subsequently, we employ deep learning-based models for the
classification of hypertension.

Index Terms—Blood Pressure (BP), Photoplethysmography
(PPG), Electrocardiogram (ECG), Deep Learning, Anxiety, Hy-
pertension.

I. INTRODUCTION

In the preoperative phase, patients often experience height-
ened anxiety and stress, potentially leading to manifestations
like hypertension or achycardia, which can result in adverse
clinical outcomes [1]. Notably, elevated blood pressure be-
fore anesthesia induction may lead to significant fluctuations
during and after surgery, posing a risk of cardiovascular
or cerebrovascular events. Adequate management is crucial.
Stress-induced hypertension may respond well to sedation
or anxiolysis, while uncontrolled blood pressure due to un-
derlying vascular or cardiac issues may necessitate surgery
delay. Therefore, identifying the root cause of hypertension in
surgical patients before administering anesthesia is essential.

To assess anxiety or stress status, relying solely on pa-
tient self-report may be subjective. Alternatively, various non-
invasive devices, such as photoplethysmography (PPG) and
electrocardiogram (ECG), can provide valuable measures to
medical doctors. Analyzing the waves in PPG and ECG allows
for the measurement of blood pressure and heart rate variabil-
ity. While inflatable blood pressure cuffs are commonly used,
they can cause discomfort and skin damage. For critically ill
patients or those in prolonged surgeries, invasive arterial blood
pressure measurement carries risks like infection and vascular
damage.

Measuring blood pressure or tension through PPG or ECG
is believed to offer a less invasive approach for assessing blood
pressure and anxiety levels. Furthermore, this method can be
adapted beyond surgical settings, providing a means to detect
stress-related hypertension in daily life, such as in cases of
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white coat syndrome. Additionally, monitoring blood pressure
and anxiety levels with PPG and ECG can be beneficial for
individuals with mental health disorders.

In this paper, we propose a framework to estimate blood
pressure and anxiety through PPG and ECG. The architecture
of our study is shown in Fig. 1.

ECG

Heart

PPG

W

Deep learning model

Arteries

PTT HRv
v

' ’ ' ' ' ’
AL

AL AL

Wavelet transformation

Normal
Anxiety

Hypertension

fonud

Fig. 1. The architecture of the hypertension estimation

The rest of this paper is organized as follows. Section II
summarizes and analyzes the current research work about
anxiety and blood pressure classification and prediction. Sec-
tion III describes the design of the anxiety and hypertension
definitions, and a framework to detect those symptoms with
datasets. Section IV describes the experiment situation, includ-
ing the data preprocessing segmentation and model selection.
Finally, in Section V, we conclude this paper along with future
work.

II. RELATED WORK

The blood pressure prediction and classification are widely
researched. Treebupachatsakul et al. use the Fourier transfor-
mation to convert the signal into an image to extract useful in-
formation for blood pressure prediction [2]. Malliani et al. [3]
and Rosenberg et al. [4] seek the relationship between anxiety
and the frequency domain of heart rate. Stress can be measured
via physiological measurements. Those measurements can be
extracted from common wearable devices [5].



III. DESIGN

Blood pressure is mainly measured by two indexes called
systolic blood pressure (SBP) and diastolic blood pressure
(DBP). In medicine, SBP greater than 140 mmHg or DBP
greater than 110 mmHg are regarded as high blood pressure,
also called hypertension. The measurements in the frequency
domain of HRV include high frequencies (HF), between 0.14
and 0.4 Hz, and low frequencies (LF), between 0.05 and 0.15
Hz. The ratio of LF to HF (LF/HF) represents the relative
activity between the sympathetic nervous system and the
parasympathetic nervous system under controlled conditions
[6]. The ratio of (LF/HF) is subsequently adopted as a marker
of stress in a number of studies [3], [4]. We can combine the
blood pressure information and heart rate ratio to detect people
with anxiety and hypertension.

A. Dataset

In this study, anxiety and tension were measured through a
preoperative survey conducted with patients. The dataset was
collected from 100 patients in the operating room at Samsung
Medical Center. As the data is from the operating room,
the ECG, PLETH (PPG), and non-invasive Blood Pressure
(NIBP) values were examined for their normalcy, specifically
in relation to hypertension.

IV. EXPERIMENT

The data collected has missing data points in the signal.
The interpolation method is used to deal with the missing data
problem. Fig. 2 shows the signal interpolation using quadratic
interpolation.

Fig. 2. The architecture of the hypertension estimation

The signal was segmented into multiple signal samples, with
every sample having 20-second data points, including the ECG
and PPG signals and also the discrete blood pressure value.
The data samples are shown in Fig. 3. Then the data samples
were transformed using wavelet transformation to convert the
signal to image data.

The model we are using in this paper is a pre-trained
convolutional neural network called Alexnet [7]. It includes
five convolutional layers combined with three linear layers. We
change the output layer according to our classification task.
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Fig. 3. The segmentation of signal

V. CONCLUSION

This paper proposes a framework for the conversion of
the PPG and ECG signals to an image using the wavelet
transformation to extract the features of the patient. The
wavelet transformation can not only extract the frequency
of the signal but also the location of the frequency. With
the features in the image, the image was classified using a
convolutional neural network into three categories: people with
normal situations, people with pre-existing hypertension, and
people with hypertension caused by anxiety. As future work,
we will implement the proposed framework and compare its
performance with the state-of-the-art schemes.
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