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Abstract

Aim: We propose to examine the causal relationship between the noninvasive features represented by pulse transit
time (PTT) and blood pressure (BP), with the aim of mitigating the impact of confounding factor(s) and thus
improving the performance of BP estimation.

Methods: We identified the causal graph of BP and the important noninvasive features extracted from
electrocardiogram (ECG) and photoplethysmogram (PPG) via fast causal inference (FCI) algorithm, with the
orientations of the edges in the causal graph being determined by the causal generative neural networks (CGNN)
algorithm. With the knowledge obtained from the causal graph, we further used hierarchical regression model to
estimate BP, and validated the proposed method on 17 subjects.

Results: We found that the obtained causal graph was almost consistent with the prior knowledge, and heart rate
(HR) was one of the main confounding factors of PTT and BP. Incorporating HR into the hierarchical regression
model to eliminate its confounding effect on the PTT-based BP estimation, the mean value of SBP and DBP
estimation was improved by 1.27 and 1.89 mmHg, respectively, and the mean absolute difference (MAD) was
improved by 2.28 and 3.60 mmHg, respectively.

Conclusion: Causal inference-based method has the potential to clarify the causal relationship between BP and
related wearable noninvasive features, which can further shed light on developing new methods for cuffless BP with
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acceptable accuracy.
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INTRODUCTION

Blood pressure (BP) is an important physiological parameter. Compared with traditional BP measurement
techniques, the cuffless and continuous BP monitoring method based on wearable sensors has received
extensive attention in recent decades because of its adaptability to long-term and high-comfort wear
requirements. Since electrocardiogram (ECG) and photoplethysmogram (PPG) contain a large amount of
cardiovascular information and are easily accessible from sensors, current algorithms for cuffless BP
estimation mainly rely on these two signals. Some of these methods are based on the complex theory of
arterial wave propagation, and construct empirical regression models for BP estimation through the
noninvasive feature pulse transit time (PTT)™?. Another class of methods extracts multiple noninvasive
features from ECG and PPG, and then constructs data-driven models for BP estimation using deep learning
and machine learning.

Whether it is an empirical regression model or a data-driven model, there are few practical applications for
wearable BP monitoring devices"”. The main reason for this is the inter-individual variability, which
hampers the estimation accuracy, thus failing to meet the BP monitoring standards, such as the IEEE
Standard for Wearable, Cuffless Blood Pressure Measuring Device!” (IEEE 1708aTM-2019), and the
European Society of Hypertension recommendations for the validation of cuffless blood pressure measuring
devices.

PTT is considered the most promising feature in cuffless BP estimation, but previous studies found that the
relationship between PTT and BP is highly individual- and condition-dependent'®. The cardiovascular
system is a complex dynamic system, and various hemodynamic parameters interact with each other. For
example, changes in arterial stiffness will significantly affect the shape of PPG waveform, and also affect the
degree of contraction and relaxation of blood vessels, thus affecting BP changes"”. Therefore, there are likely
to be confounding factors in the process of BP estimation, resulting in occasionally accurate and
occasionally inaccurate estimation results.

In order to improve the accuracy of cuffless BP estimation, the causal relationship between BP and other
relevant characteristics needs to be further clarified. Causality is different from correlation in its ability to
better explain the dependence between variables and its greater reliability. Relying solely on correlation for
data analysis may cause fallacies, as correlation does not imply causation. The causal discovery algorithm
can find the potential causal structure among variables and present it in the form of a causal graph, based on
a given set of observational data".

From the perspective of causal inference, this paper attempts to clarify the causal relationship between BP
and PTT, and explore whether there are confounding factors affecting BP estimation. Based on the obtained
knowledge, we also investigate the possible way to develop an improved estimation model that could
potentially address the confounding factors to provide new ideas for cuffless BP estimation.
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METHODS

Dataset

The data for this study came from VitalDB, an open-access public dataset of patients’ intraoperative vital
signs and biosignals collected using the vital records program at the Department of Anesthesiology at Seoul
National University Hospital"”. It provides time-synchronized physiological data captured from various
devices. We selected 120 samples that included original waveforms of arterial blood pressure (ABP), ECG,
PPG, cardiac output (CO), and systemic vascular resistance (SVR).

Feature extraction

Figure 1A shows the details of feature extraction, which includes features commonly used in cuffless BP
estimation such as HR, PTT, and PPG intensity ratio (PIR). PTT is defined as the time between the peak of
the first derivative of PPG (dPPG)in the cardiac cycle and the peak of the ECG wave, and PIR has been
proposed to be the ratio of minimum amplitude (I;) to maximum amplitude (I;;) of a PPG signal in the
cardiac cycle™. In addition, stiffness index (SI) and augmentation index (AI), which were proved to reflect
the stiffness of blood vessels during pulse wave propagation, were extracted"!. SI is defined as height
divided by the time delay between systolic and diastolic peaks of the pulse wave. In order to locate the
diastolic peak more accurately, we replace it with the f point of the second derivative of PPG (sdPPG). Al is
the ratio of the peak systolic amplitude (x) to the peak diastolic amplitude of the pulse wave (y).

We also propose a new feature that indirectly reflects hemodynamics, called symmetry (SYM). Due to the
presence of reflected waves, the PPG waveform of each cycle is not symmetrical, and the reflected wave
speed is related to vascular aging, peripheral arterial compliance, arteriosclerosis, circumferential stress of
the artery wall, etc.">'*.. By analyzing the symmetry of PPG waveform, these factors can be reflected to a
certain extent. The SYM is defined as:

1
_ DTW (Original PPG, Symmetrical PPG ) M

N

DTW(X,Y) = min ( }ZK dy,. /K @
k=1

where dynamic time warping (DTW) is a method for calculating the similarity of two signals X (1: m) and
Y (1: n). The distance d (x, y,) between each point of x, of X and y; of Y is computed and populated into a
warping matrix D. The optimal warping path (W = w,, w,, ..., w,) traverses from D (1, 1) to D (m, n), and d,,,
is the distance at step k on the path W. As shown in Figure 1B, the Original PPG is the original PPG
waveform of a single cardiac cycle, and the Symmetrical PPG is a symmetrical waveform obtained after the
left half of the axis is flipped along the axis with the time of peak systole. The calculated DTW value is
divided by the length of a single period PPG to get the normalized SYM.

SYM

The peak and trough values of ABP were extracted as reference systolic blood pressure (SBP) and diastolic
blood pressure (DBP). Since the causal correlation between SBP and DBP is particularly strong, DBP is
independent from other features when SBP is used as a conditional variable. Therefore, in the subsequent
process of causal inference, mean arterial pressure (MAP) is used as the representative of BP, and MAP is
calculated by adding two-thirds of DBP and one-third of SBP. Finally, the causal relationship between the
other 8 features and MAP was analyzed.
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Figure 1. We show the details of feature extraction in Figure 1A and B. (A) parameters used in HR, PTT, PIR, SI, and Al calculations; (B)
The extraction principle of feature SYM. HR: heart rate; PTT: pulse transit time; PIR: PPG intensity ratio; SI: stiffness index;
Al: augmentation index; SYM: symmetry; PPG: photoplethysmogram; ECG: electrocardiogram; dPPG: derivative of PPG; sdPPG: second
derivative of PPG; I, : minimum amplitude; I,;: maximum amplitude.

Construct individual causality graph

Causal graphs are typically represented by directed acyclic graphs (DAG), where nodes represent random
variables and directed edges represent causality from the tail to the arrow"”. As shown in Figure 2, X is the
cause of Y, and U is the common cause of X and Y. In a causal graph, if a variable is a direct cause of both a
cause variable and an effect variable, then the variable is a confounding factor for the causal relationship"®.

To begin, use fast causal inference (FCI)" to obtain an initial causal graph for each individual. FCI
algorithms perform a series of conditional independence tests to infer causal dependencies from time series
data. The output result of the FCI algorithm is a Markov equivalence class, so there are nodes whose causal
direction is not clear, and these nodes are represented by circles in the causal graph. Then, we use the causal
generative neural network (CGNN)" algorithm to modify and locate the edges in the initial causal graph to
obtain the final causal graph of the individual. CGNN utilizes the ability of neural networks to optimize
DAG structures by minimizing the maximum mean difference between generated and observed data using a
mountain climbing algorithm. For the final causal graph of each individual, we classify and encode the
causal relationships to obtain the causal adjacency matrix of the individual:

0 x y
2 x—>y

Where Aij represents the element in row i and column j of the adjacency matrix. In the final causality graph
of an individual, if there is no line between x and y, it means that there is no direct causality between x and
y, then Aij = 05 if there is an undirected edge between x and y, it indicates that there is a potential causal
relationship between x and y, and it is necessary to add unmeasured potential variables to further clarify the
direction of causality, making Aij = 1; if x is at the tail of an edge and points to y, then x is the direct cause of
y, making Aij = 2.

Construct the population causal graph
Because there are individual differences, the causal graph obtained by different individuals will be different.


https://dx.doi.org/10.20517/chatmed.2023.30

Song et al. Conn Health Telemed 2024;3:300003 | https://dx.doi.org/10.20517/chatmed.2023.30 Page 5 of 10

U
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Figure 2. Example of the DAG. DAG: directed acyclic graphs.

In order to study the general causal relationship between BP and other relevant variables in the population,
we need to retain the difference information among individuals as much as possible, so the causal adjacency
matrix of 120 individuals is matrix accumulated to obtain the overall causal adjacency matrix of the
population. According to the coding rules of the individual adjacency matrix, it can be considered that the
value of each element in the population causal adjacency matrix can reflect the strength of the causal
relationship between the variable i and the variable j to a certain extent. The above quartile is taken as the
threshold, and MAP is taken as the outcome node of the causality map. The overall causality map of the
population is drawn by selecting edges larger than the threshold.

Cuffless BP estimation model with knowledge obtained from the causal graph

In statistics, the method of eliminating the influence of confounding factors is usually to group the data
according to the interval in which the confounding factors are located, and then re-study the relationship
between variables within the group. By grouping PTT and BP according to the interval of the confounding
factor C, we constructed a hierarchical PTT-based BP regression model with reference to the BP regression
model of Proenga et al.™"):

(A, -InPTT + B,, C = C,
S = {Az -InPTT + B,, C < C, S

RESULTS

Population causal graph

Figure 3A shows the causal adjacency matrix of the resulting population sample. It can be seen that all the
features we selected, except SI, have a causal value of more than 25 for MAP, indicating that they are the
main causes of MAP and can be used as features for cuffless BP estimation. With MAP as the result node,
edges greater than 25 are selected successively to draw the parent node of MAP and the parent node of the
parent node according to the relationship in the matrix. If there is a bidirectional pointing edge, the one
with the larger value is selected. The process is shown in Figure 3B, and finally, the overall causal graph is
obtained in the fourth step. The following conclusions can be drawn from the overall causal graph:
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Figure 3. We present the obtained population causal adjacency matrix and the process of constructing the overall causal graph in
Figure 3A and B. (A) the obtained population causal adjacency matrix. The value in the matrix represents the causal strength of the
corresponding variable in the row to the corresponding variable in the column; (B) According to the threshold value, variables with
fewer parent nodes are selected to be added to the causal graph in turn, and the overall causal graph is obtained in the fourth step.

(1) From the causal adjacency matrix, the causality values of CO and SVR are the largest among the direct
causes of MAP, indicating that CO and SVR are the main causes of MAP. This is consistent with
physiological knowledge, as MAP can be calculated as the product of CO and SVR"*?. When CO increases,
the heart pumps more blood per minute, which leads to an increase in the flow of blood through the vessels,
which increases MAP. When peripheral vascular resistance is increased, the flow of blood through the blood
vessels is subjected to greater resistance, which causes MAP to rise because the heart requires greater force
to overcome this resistance.

(2) Both SI and AI are used as indicators to reflect the stiffness of blood vessels, but the causal effect of Al
and MAP is stronger for this group of subjects. In addition, our newly proposed feature SYM also shows
causality with MAP, and SYM is the result of PTT, PIR, and AI at the same time, indicating that SYM can
reflect the changes of these variables to a certain extent. The possibility of SYM for estimating BP can be
further explored in the future work.

(3) It is evident in the diagram from step 1 of Figure 3B that HR is an important confounding factor in the
estimation of BP using PTT. This has not been mentioned in previous studies, so we conducted a
preliminary experiment to verify it.

Cuffless BP estimation

The data collected by Ding et al. were used for preliminary verification of the overall causal graph of the
population obtained by the above method™. For 17 individuals, according to the HR change during deep
breathing, the PTT, SBP, and DBP collected synchronously were divided into two groups according to the
mean value of HR. Figure 4 shows the grouping of a subject. HR increases during inspiration due to the
physiological reflex and neuroregulatory mechanism. PTT corresponding to high HR is divided into one
group, and PTT corresponding to low HR is divided into one group for the subsequent input of the
hierarchical model.

Figure 5 shows the BP estimates of a subject, where the green lines are the estimates of the original
regression model and the yellow lines are the estimates of the hierarchical regression model. The gray lines
represent the reference BP values, with the red and blue dots representing BP in the high HR group and the
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Figure 4. Take the data of a subject as an example, PTT were divided into two groups according to high heart rate and low heart rate.

PTT: pulse transit time; HR: heart rate.
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Figure 5. The blood pressure estimation results of the original regression model (green line) and the hierarchical regression model
(yellow line) of SBP (A) and DBP (B) of a subject. SBP: systolic blood pressure; DBP: diastolic blood pressure; HR: heart rate.

low HR group, respectively. It can be seen that during 70 consecutive cardiac cycles, the reference BP
fluctuated due to the modulating effect of respiratory activity. The change of BP value directly estimated by
PTT without hierarchy is stable, and the trend of large changes in BP cannot be tracked, but this situation is

optimized after hierarchy.

We conducted hierarchical regression for all 17 samples and averaged the results of all samples; the values of
mean, standard deviation (SD); and mean absolute difference (MAD) for two models are shown in Table 1.
Compared with the original regression model, the mean value of the hierarchical regression model in
estimating SBP and DBP was improved to 0.49 and 0.84 mmHg, respectively, and the MAD was improved
to 5.34 and 5.23 mmHg, respectively. These results, to some extent, confirm the conclusion of the causal
graph that HR is a confounding factor for PTT estimation of BP, and the accuracy of BP estimation

increases when PTT is grouped according to HR.

DISCUSSION

Causal inference can help explore the knowledge underlying the observed data. At present, the wearable or
non-contact BP estimation models are based on correlation, ignoring the causality implied in the complex
cardiovascular system, and it is difficult to obtain the characteristics that fundamentally cause BP changes,

resulting in unsatisfactory BP estimation.
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Table 1. Estimation accuracy of blood pressure by original regression model and hierarchical regression model

SBP (mmHg) DBP (mmHg)
Mean + SD MAD Mean + SD MAD
Original regression model 1.76 £5.93 7.62 2.73+6.75 8.83
Hierarchical regression model 0.49+6.15 534 0.84+5.44 5.23

SD: the standard deviation of the estimated error of all subjects; MAD: the mean absolute difference of the estimated error of all subjects; SBP:
systolic blood pressure; DBP: diastolic blood pressure.

We found that HR is an important confounding factor in PTT estimation of BP. Although previous work
has included HR as a parameter in multivariate regression models to predict BP based on PTT***, they have
not analyzed the influence of BP on the relationship between PTT and BP, so the accuracy is not ideal. In
this work, HR is considered a confounding factor and a hierarchical PTT-based BP estimation model is
established. The results obtained show that the BP estimation results are improved after stratification
according to HR distribution. This is a revelation for most current methods of BP estimation, because the
range of HR variation in different scenarios in people’s daily life, such as work, sleep and exercise, can affect
the effectiveness of wearable continuous BP estimation. This work has merely established a basic hierarchy
of HR; how to avoid HR and other confounding factors in the PTT-based BP estimation model is the
direction of our future research.

This study still has some limitations. First, there are not many hemodynamic parameters that can be directly
measured, and the number of relevant samples that can be obtained is small, so some potential factors
causing BP have not been analyzed. Secondly, due to the strong correlation between SBP and DBP, we chose
a compromise approach, using MAP as a representative of BP values in causal inference. However, SBP or
DBP was subsequently used as the output of the hierarchical model. In fact, MAP is somewhat different
from SBP and DBP, and we will subsequently consider a more rational treatment of variables to solve the
problem.

CONCLUSION

In this work, we extract representative characteristics of BP estimation in ECG and PPG, using causal
discovery algorithms FCI and CGNN to explore the causal relationship between BP and its related
characteristics in individuals, and then analyze the causal relationship of variables in the population on this
basis. It is found in the causal graph that HR is a confounding factor in the estimation of BP by PTT. After
layering the confounding factors HR, a hierarchical PTT-based BP estimation is constructed. Compared
with the original regression model, the accuracy of BP estimation is improved by the hierarchical regression
model. The other edges of the obtained cause graph indicate that there are many causes of BP, and these
causes are also interrelated. How to use these causal relationships to improve the accuracy of BP estimation
is worthy of further research.
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