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Abstract:



Blood pressure (BP) is one of the most important monitoring parameters in clinical medicine. For years, the cuff-based sphygmomanometer and the arterial invasive line have been the gold standards for care professionals to assess BP. During the past few decades, the wide spread of the oscillometry-based BP arm or wrist cuffs have made home-based BP assessment more convenient and accessible. However, the discontinuous nature, the inability to interface with mobile applications, the relative inaccuracy with movement, and the need for calibration have rendered those BP oscillometry devices inadequate for next-generation healthcare infrastructure where integration and continuous data acquisition and communication are required. Recently, the indirect approach to obtain BP values has been intensively investigated, where BP is mathematically derived through the “Time Delay” in propagation of pressure waves in the vascular system. This holds promise for the realization of cuffless and continuous BP monitoring systems, for both patients and healthy populations in both inpatient and outpatient settings. This review highlights recent efforts in developing these next-generation blood pressure monitoring devices and compares various mathematical models. The unmet challenges and further developments that are crucial to develop “Time Delay”-based BP devices are also discussed.
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1. Introduction


Cardiovascular disease (CVD) plagues our aging society as the leading cause of morbidity and mortality in developed countries [1,2]. High blood pressure (BP) or hypertension (HTN) is a common condition leading to CVD. HTN is determined by increased pressure in the arteries that can lead to stress on the heart, also known as hypertensive heart disease. About 67 million American adults (31%) are affected by HTN, while only 47% of patients maintain normal BP control [3]. Further, HTN has also been found associated with other health issues in various groups of populations, such as the elderly and pregnant women, to name a few [4,5].



Conventionally, non-invasive BP has been measured using a sphygmomanometer based on the design proposed by Samuel Siegfried Karl Ritter von Basch in 1881 [6]. Riva Rocci further improved the design by developing a branchial cuff sphygmomanometer in 1896 [7]. The detection of Kortokoff sound (K-sound) in 1905 enabled complete non-invasive BP measurement [8]. The pressure indicated by the manometer at the first K-sound is noted as the systolic BP (SBP) and the silent fifth sound indicates the diastolic BP (DBP) (Figure 1a) [8,9,10]. In the past few decades, oscillometry-based BP tools have become popular, providing ease of operation. They do not require a caregiver or experienced personnel to operate and hence can be used to monitor BP in the home setting. These devices have a cuff wrapping around the arm or leg to detect the oscillations during cuff-deflation using a built-in pressure sensor. Mean arterial pressure (MAP) is estimated using the amplitude variations of the recorded oscillations which are used to algorithmically obtain SBP and DBP [11,12] (Figure 1b). However, a recent study by Leung et al. indicated over three in ten home BP monitoring cuffs were inaccurate [13]. Further, cuff-based devices are cumbersome and cannot perform continuous measurements. Thus it is difficult to be integrated with wearable technologies, which continue to gain popularity in commercial sectors and clinical practice. Ambulatory blood pressure monitoring (ABPM) has been used to diagnose HTN in the outpatient setting. Although, ABPM is superior to the isolated, sporadic monitoring of patient’s BP generally affected by “white coat” HTN (or “white coat syndrome”, referring to a phenomenon in which people only exhibit HTN in a clinical setting), the current ABPM in use is a bulky device that is not portable or practical for daily or long-term uses [14].


Figure 1. Conventional blood pressure (BP) measurement. (a) Sphygmomanometer; and (b) Oscillometry-based BP measurement.
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Finapres (Finapres Medical Systems, the Netherlands), a device that measures finger arterial pressure using a finger cuff and infrared plethysmograph, has been gaining in popularity [15,16]. Though having a smaller cuff, the processing device still makes it inadequate to provide continuous data for daily use. Additionally, it is also motion-sensitive and cannot be reliably used to measure BP during normal activities.



In the past few years, several research groups have developed cuff-less BP monitoring wearable devices, holding promise to allow patients to continuously monitor BP without interruption to their daily activities [17,18,19,20,21]. The underlying principle of these devices is based on the relation of the time it takes for a volume of blood (in the form of a pulse) to travel from the heart to a peripheral organ, which could be in the form of pulse transit time (PTT) or pulse arrival time (PAT) [22,23,24]. Algorithms and mathematical models have been proposed and developed to optimize the regression process and calibration of the traveling/delay time (“Time Delay”) and BP [25,26,27]. The “Time Delay” is usually obtained using a cardiac electrical signal, i.e., electrocardiogram (ECG), recording device and a pulse oximeter at a peripheral organ, i.e., photoplethysmography (PPG) [28,29]. However, existing systems are not continuous as most of the ECG acquisition approaches require a cross-body configuration, asking the user to touch an open electrode on the wearable device; hence continuous measurements of BP have not been achieved [17,30]. Though these devices overcome issues of other non-invasive tools, several critical issues still remained. First, some devices anchor to the body, which some users may find irritating [31]. Second, this approach requires frequent calibration to map the “Time Delay” and BP to maintain accuracy and all existing fitting models appear to be dependent of objects and temporal trials, as well as motional activities [32,33]. Third, time synchronization between different bio-signals to obtain “Time Delay” is crucial as the system’s input parameter is in milliseconds. Fourth, the dependence of BP on other factors, such as vasomotor tones, neural control and heart rate, requires additional parameters to be included along with PTT/PAT in the mathematical model to adequately estimate BP [34,35]. Lastly, the accuracy measured via the regression coefficient (R2) is low, with significant value variations even in the same subject at the same activity level [36,37], suggesting a more-sophisticated mathematical model may be a solution to enable BP monitoring devices with higher reliability and precision, which can later be accepted as practical medical-grade tools.



This methodological review provides an overview of the physical relationship between blood pressure and the “Time Delay” of cardiac signals in a human’s cardiovascular system, as well as the existing mathematical models to derive BP from “Time Delay” measurements. Thorough comparisons among methods are achieved using our recording data [38] and those obtained from the Physionet’s Multi-parameter Intelligent Monitoring in Intensive Care (MIMIC) II (Version 3, accessed in December 2016) online waveform database [39]. Collectively, challenges and important issues of wearable, home-based, cuffless and continuous BP monitoring are discussed in detail.




2. Cardiovascular System and the Electrical-Mechanical Coupling of the Heart


2.1. Electro-Mechanical Cardiac Signals


The heart’s electrical system, also known as the cardiac conduction system, consists of three main components: sinoatrial (SA) node, atrioventricular (AV) node and His-Purkinje system. It is usually recorded as the ECG signal [40] (Figure 2a). The SA node, located in the upper portion of the right atrium, is the heart’s intrinsic pacemaker that initiates electrical signal, indicated as the P-wave of the patient’s ECG. Generated electrical signals result in atrial contraction and help push blood through the atrioventricular valves into both ventricles. The electrical impulse then activates the AV node, a relay station, situated above the ventricles. It facilitates right and left atriums to empty their blood contents into the two ventricles (corresponding to PR intervals of ECG). Once released, the electrical signal moves along the electrical highway (the “bundle of His”—transmits impulses from the atrioventricular node to the ventricles of the heart) which later divides into Purkinje fibers connected to cells in the walls of the left and right ventricles. This causes the electrically stimulated ventricles to contract and pump oxygenated blood into the arteries. This entire phase represents the QRS complex of an ECG. Later stages of the ECG signal represent the repolarization phase of the ventricles (T waves) [41,42].


Figure 2. (a) Electro-mechanical signal generated in human heart; (b) electrocardiogram (ECG) signal; and (c) pressure wave.
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Electrical-mechanical coupling of the heart results in blood ejection into the arterial tree, affecting the blood velocity and generating a systemic pressure wave traveling from the central to peripheral arteries. The pressure wave causes dilation of the arterial walls on its path and moves faster than the blood flow [43,44]. It varies periodically between two extreme points, maximum and minimum, referring to SBP and DBP, as the pressure in the artery due to ventricular contraction and the pressure in the artery during each beat, respectively. The mean value of the pressure wave, termed MAP (Figure 2c), is estimated as:


[image: there is no content]



(1)







This pressure waveform can be directly obtained using a pulse sensor on the peripheral arteries or indirectly measured through a pulse oximeter, namely a PPG sensor. Since the pressure wave causes the blood volume to change at the peripheral site, it can be detected by measuring the variation of the oxygen content of the blood caused by influx of oxygenated blood on the arrival of the pressure wave, indicated as the first peak on the PPG waveform [45]. Many other vital parameters can be estimated using PPG as discussed in section C.




2.2. Relationship between BP, Pressure Wave Velocity (PWV) and Time Period


The central arteries push blood to narrow distal arteries by expanding during systole and contracting during diastole [46]. This expansion and contraction results in changes of the elastic modulus (E) of the vessels and is related to the fluid pressure P as below:
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(2)







In Equation (2), α is a vessel parameter (Euler number) and [image: there is no content] is the Young’s modulus for zero arterial pressure. These two are subject-specific parameters [47,48,49]. Equation (2) estimates the central arterial pressure if α and [image: there is no content] are updated by accounting for the age and health impacts on the elasticity due to the change in the wall composition. Arterial walls are composed of endothelium, elastin, collagen, and smooth muscle (SM) cells in varying quantities at central and peripheral sites [50,51]. Different compositions as well as gradual replacement of elastin with collagen changes the elasticity of these arteries, resulting in changes in central and peripheral BP [52,53]. A detailed analysis of elastic and viscous properties of the arterial tree can be found in the review [54] which describes how the central arterial elasticity is determined by the BP and also how the peripheral elasticity is affected by both BP and SM contraction [55]. Hence, the peripheral elasticity cannot be accurately predicted by Equation (2).



The elasticity of arteries determines the propagation speed, the pressure wave velocity (PWV); a relationship can be obtained between them using arterial wave propagation models. Assuming the artery to be an elastic tube with a thickness h, diameter d and blood density [image: there is no content], we have the Moens-Kortweg equation as follows [56]:


[image: there is no content]



(3)







Combining Equations (2) and (3), we obtain the Bramwell-Hills and Moens-Kortweg’s equation, representing the relationship between P and PWV and hence the “Time Delay” for an artery with a length of L [44]:
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(4)







This equation indicates that the rise in pressure, with other parameters constant, will result in an increase in PWV and inversely affects the “Time Delay”.




2.3. Determination of the “Time Delay”


2.3.1. Pulse Transit Time (PTT)


PTT refers to the time taken by a pressure wave to travel between two arterial sites and is inversely related to BP (Figure 3a). PTT can be measured using different techniques like Ultrasound Doppler and arterial tonometry [57,58,59]. The latter can be obtained by observing two distant PPG waves (Figure 3c). Ears, toes and fingers are common sites used for measurement [60]. PTTf measured from the foot of one PPG to that of another has been demonstrated to have a strong correlation to invasive DBP [61], but a study on 44 normotensive male subjects concluded otherwise [62]. The peaks of PPG that theoretically represent SBP have been found to be unreliable indicators of SBP. These peaks are distorted by reflection of pressure waves from the terminal arteries. Chen et al. proposed a novel method based on experimental data to use the mean of PTTfp (time delay between falling edge of central PPG and peak of peripheral PPG) and PTTrp (time delay between rising edge of reflecting central PPG and peak of peripheral PPG) to obtain PTT for SBP (Figure 3c) [63]. Other studies have indicated that posture, ambient temperature, and relaxation affect PPG, raising a question on the development of an accurate PTT device [64].


Figure 3. (a) Inverse relationship between pulse transit time (PTT) and systolic blood pressure (SBP) from our data; (b) Pulse arrival time (PAT) using different characteristic points of the photoplethysmography (PPG) waveform; (c) Different types of PTT and other PPG parameters.
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2.3.2. Pulse Arrival Time (PAT)


Another popular and convenient method to measure the “Time Delay” is based on the time difference between the R-peak of ECG and a characteristic point of PPG peak (Figure 3b). Different time stamps on the PPG waveform, such as foot [65,66,67], peak [67,68,69] and mid-point of the rising edge [29,70,71], have been considered to estimate the “Time Delay” (Figure 3b). Though some studies reported this delay as PTT, it is more accurately known as Pulse Arrival Time (PAT) as in addition to the PTT of the pressure wave, it includes the Pre-ejection Period (PEP) delay. PEP is the time needed to convert the electrical signal into a mechanical pumping force and isovolumetric contraction to open the aortic valves [43,72]:


[image: there is no content]



(5)







PEP is a delay that changes with stress, physical activity, age and emotion [48]. A study has attempted to estimate PEP as a percentage of the RR interval as, with a low heart rate, PEP becomes more significant [73]. They approximated PEP as 7% of the RR interval and concluded that it should be subtracted out to obtain PTT. The impact of PEP on the overall PTT decreases with distance from the heart. Thus for short PTTs, especially those extracted from ear PPQ, it is needed to accommodate for this electro-mechanical delay, or PEP. Nevertheless, the effect of including PEP in BP estimation is still under investigation. Some have reported the relationship of PEP with PAT [74,75,76], while others find it a weak surrogate [77,78]. There were studies indicating that all SBP, DBP and MAP are less correlated to PAT as compared to PTT [79], while others stating PAT is a better indicator of SBP [80,81] as it is dependent on both ventricular contraction and vascular function.






3. Mathematical Models


Mathematical relationships between BP and the “Time Delay” or PTT/PAT reported in the literature are derivatives of the physical model previously discussed and summarized in Table 1. We will discuss several models below.



Table 1. Summary of mathematical models to calculate BP from PTT/PAT.







	
Algorithm

	
Time Delay

	
Calibration Technique

	
Results

	
Refs




	
SBP

	
DBP

	
MAP






	
[image: there is no content]

	
PTTf

	
Subject specific

	
−0.22 ± 0.46 2

	
-

	
-

	
[82]




	
PATf

	
−0.85 ± 0.09 2




	
PTTf

	

	
0.9 3
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PATp

	
A: Dependent on Height

B: Subject specific

	
0.0790 ± 11.32 1

	
-

	
-

	
[73]




	
[image: there is no content]

	
PATf

	
Subject specific

	
0.99–0.90 2

	
-

	
-

	
[65]




	
PATp

	
Subject specific

	
−0.92 2

	
−0.38 2

	
-

	
[83]




	
RT: −0.87 2,*

	
RT: −0.30 2,*




	
PATm

	
Subject specific

	
0.701 3

	
0.401 3

	
-

	
[84]




	
PATp

	
Subject specific

	
0.95–0.87 3

	
0.01–0.73 3

	
-

	
[85]




	
PATp

	
Subject specific

	
−0.71 2

	
−0.69 2

	
-

	
[25]




	
PATm

	
−0.32 2

	
−0.22 2




	
PATf

	
−0.09 2

	
−0.02 2




	
PATp

	
Subject specific

	

	

	
0.32 2

	
[28]




	
PATm

	
0.27 2




	
PATf

	
0.45 2
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PATp

	
Subject specific

	
0.95 3

	
0.26 3

	

	
[69]




	
PATm

	
0.89 3

	
0.78 3

	

	
[86]
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PATp

	

	
0.96 3

	
0.70 3

	
-

	
[69]
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PATp

	
Subject specific

	
0.97 ± 0.87 3

	
0.54 ± 0.05 3

	
-

	
[85]




	
[image: there is no content]

	
PATf

	
Subject specific

	
0.93 2

	
-

	
0.83 2

	
[87]




	
PATf

	
0.94 2

	
0.86 2




	
[image: there is no content]

	
PATm

	
Subject specific, Maximum Likelihood

	
0.978 3

	
0.974 3

	
-

	
[88]




	
PATm

	
Subject specific, Adaptive Kalman filter

	
0.976 3

	
0.989 3

	
-




	
[image: there is no content]

	
PATm

	
Subject specific

	
0.85 3

	
0.74 3

	
-

	
[84]




	
[image: there is no content]

[image: there is no content]

	
PTTf

	
[image: there is no content] and [image: there is no content] are calculated for a demographically similar group.

	
-

	
−1.49 ± 6.51 1

	
-

	
[61,63]




	
[image: there is no content]

	
2.16 ± 6.23 1

	
-




	
[image: there is no content]

[image: there is no content]

	
PATm

	
Subject specific

	
0.6 ± 9.81

	
0.9 ± 5.6 1

	
-

	
[30]
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PATm

	
Universal

	
0.83 2

	
-

	
-

	
[89]




	
[image: there is no content]

[image: there is no content]2

	
PATm

	
Subject specific

	
0.91 2

	
0.88 2

	
0.89 2

	
[90]








1 Mean ± SD; 2 r: Correlation Coefficient; 3 R2: Coefficient of Determination; * RT: Repeatability Test.








3.1. Logarithmic Model


The Bramwell-Hills and Moens-Kortweg’s equation gives a logarithmic relationship between BP and the “Time Delay”. Assuming the density of blood ([image: there is no content]), the diameter of artery (d), the thickness of the artery (h), the distance at which the “Time Delay” is obtained (L), and the elasticity ([image: there is no content]) are constant for a subject, we can have relationship of BP and the “Time Delay” represented as:


[image: there is no content]



(6)







Here, a and b are subject-specific constants and they can be obtained through a regression analysis between the reference BP and the corresponding “Time Delay” [82]. Proença et al. estimated SBP with this mathematical model Equation (6) using both PTT and PAT [82]. They determined PTT from two PPG sensors placed at the earlobe and at a finger, and PAT with PEP adjustment using the impedance cardiogram. However, they found inconsistent results with both of them. Poon et al. established a relationship between MBP and the “Time Delay” using Equation (6) and obtained SBP and DBP using Equation (1) and a factor that accounts for the change in elasticity due to pressure wave variations [30]. Their results agreed with the AAMI (American Association for the Advancement of Medical Instrumentation) standard of a BP device with the mean difference of less than 5 mmHg and standard deviation within 8 mmHg [91]. Hence, this method has become popular to indirectly obtain BP via the “Time Delay”.



The logarithmic model Equation (6) approaches negative infinity as “Time Delay” tends to zero, making it difficult to use this relationship to represent small BP [61].




3.2. Proportional (Linear) Model


Assuming there is a negligible change in the arterial thickness and diameter with pressure variations, BP and the “Time Delay” can be linearly related by differentiating the Moens-Kortweg’s Equation (3) with respect to time Equation (6) [65]. Chen et al. obtained a high correlation factor between the measured SBP and the calculated SBP using PATf and thus they established a calibration model that varies according to fluctuation in PAT.


[image: there is no content]



(7)







Using Equation (7), a study attempted to estimate SBP and DBP for 14 normotensive subjects and then carried out a repeatability test after six months to verify whether the model still holds or not [83]. In their study, PATp was obtained for each subject before, during and after exercise. The repeatability test showed that although the range of a and b were similar to the values obtained previously, errors on calculating BP using the “six-month old calibrated algorithm” were significant. The authors also reported that there was less correlation between DBP and PAT which could be due to the fact that PATp, instead of PATf, was used to estimate DBP. Choi et al. used the same algorithm and investigated the use of different characteristic points of PPG (Figure 3b) and calibration intervals to achieve BP [25]. In their work, they concluded that PATp measurements and one hour calibration intervals provided better estimates of BP within error limits. Further, it was claimed that the algorithm was adopted not only for its better performance, but also for its robustness against motion artifacts that exist in non-invasive waveforms.



Several other studies have integrated the linear BP algorithm (7) with other influencing factors, such as heart rate (HR) and arterial stiffness index (ASI) (Figure 3c), that would affect BP [48,66,84]. The effect of variance in HR has shown both positive and negative impacts on BP in clinical data. In normal conditions, it has a positive relation but under baroreflex activity (the mechanism to regulate acute BP changes via controlling heart rate), HR is negatively correlated to BP [84,87,92]. The other factor, arterial stiffness, has been assumed constant in algorithms based on those physical models (3) and (4). However, it influences the calibration frequency and can be estimated using ASI. The correlation factor using HR and the linear model (7) has been found to be around 0.79 for SBP and 0.814 for DBP [84], confirming its significance. It was also found that estimations based on the “maximum likelihood” and adaptive Kalman filter can reduce the number of calibration measurements required to estimate algorithm constants [88]. This model can be estimated by linear regression and offers ease in recalibration.




3.3. Inverse Square Model


Assuming arteries are rigid pipes, the work done by the travelling pressure wave can be expressed as a sum of its potential and kinetic energy where kinetic energy is dependent on PWV. The work done is equal to the change in BP with a fixed cross-sectional area and thus [73]:


[image: there is no content]



(8)




where A = [image: there is no content] and [image: there is no content] is the average blood density.



Here, B is estimated for individuals by using the “Time Delay” and cuff-based BP measurements. Fung et al. used PAT to estimate BP, assuming that the measurement obtained from peripheral sites like toes and fingers have insignificant delay due to PEP. However, for PPG at the ear, PAT should have been adjusted for PEP as the ear is closer to the heart, thus possessing a pressure wave similar to that in the central artery. For the estimation of A from the subject’s height, an additional distance factor related to the locations of the PPG sensors was included. The distance factor was assumed to be 1, 0.5, and 1.6 for fingers, ears, and toes, respectively, in the study. The algorithm correlated to BP measured by cuff with a mean difference of −0.0790 mmHg and 11.32 mmHg standard deviation. Furthermore, it was able to track both hypotension and hypertension. Wibmer et al. [85] modified the above relationship to account for the asymptotic behavior of BP as following:


[image: there is no content]



(9)







In their study, PAT was obtained using PPG and a single-lead ECG signal and it had a high correlation factor with SBP while the correlation with DBP was similar as previously reported. Thus, the approach (9) adds reasonable asymptotic behavior which most models fail to achieve.




3.4. Inverse Model


The model represented by (9) also indicates the inverse relationship between BP and PTT and thus was used to obtain the subject-specific mathematical equation [54,93], where BP is calculated as follows




[image: there is no content]



(10)





Additional parameters accounting for neural impact on BP were included to the inverse relationship given by (10). It has been reported that variability in both PTT and BP signals was coherent indicating that the neural system affects them simultaneously. When compensation for variability due to neural control was integrated with (10), the model gave results with higher accuracy for both DBP and SBP [69]. The study also incorporated the hydrostatic effects in the algorithm by measuring data for calibration in sitting and standing position. Model (10), if represented in terms of PWV, gives a direct relationship between PWV to BP [87]. In this case, the parameter L which is the distance between the sensor point and heart, was obtained using a subject-specific tape measure between the fossa jugularis and the sensor instead of relying on various ratios to subject’s height. Marcinkevics et al. considered two PWV estimation methods, using PATf and PTTf, and obtained similar results [87]. Most experimental data suggest the inverse relationship between BP and PTT/PAT which is achieved by this model.




3.5. Comparison between Models


It was reported that those algorithms previously discussed yielded R2 values ranging from 0.02 to 0.97 as summarized in Table 1. In order to apply a mathematical model, one needs to vary the BP over a considerable range to obtain the curve that can relate PTT/PAT closely to BP. Models under different conditions, generally exercising and medication, have been considered as summarized in Table 2. The same algorithm may result in different regression coefficients when using different BP perturbation techniques and calibration intervals, thus making comparisons difficult [25,84]. In order to give a better insight on this issue, in this work we elucidated four algorithms (6)–(8), and (10), using the Physionet online database as a source for the ECG, PPG and Arterial Blood Pressure (ABP). The database contains time-stamped nurse-verified physiological readings of patients in the intensive care unit at Boston’s Beth Israel Deaconess Medical Center (BIDMC), beginning in 2001 and spanning seven years [94]. Individual demographic details, though vital in analyses, are unavailable as it can result in infringement of patient’s privacy [95]. Two-leads ECG, finger PPG, and invasive ABP from one of the radial arteries were recorded at 125 Hz for varied lengths (weeks or more) using a bedside monitor. In this review, data which had at least five-minute long continuous recordings were considered for investigation. The ABP values listed were used for the calculation of SBP, DBP, and MAP. The four algorithms were evaluated using PATf, PATm, and PATp for five adult patients (age > 15) by using five different PATs and the average of five beat-to-beat ABP values as a reference. The unavailability of a second PPG signal restricted our evaluation to PAT. The Band-Altman plot for the expected measurement (BP values calculated from invasive ABP waveform) versus the calculated BP as well as R2 were used to analyze the four algorithms (Figure 4) [96,97,98]. The x-axis of the plots shows the average estimate of the algorithm that performed best and the y-axis represents the difference between the expected and measured values. Results indicated that the inclusion of HR in the BP algorithm for all three BP values (SBP, DBP, and MAP) gave higher regression coefficients between the measured and expected values with mean error and standard deviation (SD) within AAMI standards (Figure 4), and the use of PATm and PATp gave similar or better results than PATf. Using this algorithm, 92.3% MAP data is within the interval of 2·SD and 85% of DBP estimates. In case of SBP, though using PATp gave better R2, that of PATm delivered a more-agreeable Bland-Altman plot with 96.1% data within the 2·SD interval (Figure 4). For both DBP and MAP, the mean of difference between the invasive BP and the one estimated using PAT and HR is small, indicating insignificant bias between the two methods. Average error and standard difference between the PAT based and the reference value is within AAMI standards for both MAP (0 ± 2.12) and DBP (0 ± 2.13) measurements. The SBP measurement has a slightly higher standard difference (1.3 ± 7.02), but it is still within the AAMI standard (Table 2). The larger disagreements between reference and measured SBP and DBP values for some of the data points is due to inclusion of data of hypertensive patients, as can be seen in Figure 4a,c. Out of the five patients, two reported BP higher than 140/80 mmHg, resulting in higher disagreements in their case, which agrees with the study performed by Gesche and colleagues [89].


Figure 4. Bland-Altman plot between reference and measured (a) SBP using [image: there is no content]; (b) Mean arterial pressure (MAP) using [image: there is no content]; (c) Diastolic blood pressure (DBP) using [image: there is no content]; and (d) R2 obtained for different algorithms with significance level 0.05.
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Table 2. Various BP perturbation techniques.







	
Procedure

	
Description

	
Refs






	
Physical Exercise

	
Graded Bicycle Test, Running, Sit-ups

	
[87,99]




	
Posture

	
Sitting, standing and lying supine

	
[100]




	
Valsalva Maneuver

	
Breathing against closed nose/mouth for 30 s

	
[101]




	
Cold Pressure

	
Placement of ice wrapped in wet cloth on subject’s forehead for 2 min. Hand in 4 °C water for 1 min

	
[102,103]




	
Mental Arithmetic

	
Counting backwards from 500 in intervals of 7, Continuous addition of 3 digit numbers for 2 min

	
[104]




	
Relaxation

	
Slow breathing/Meditative music

	
[105,106]




	
Amyl Nitrate

	
Inhalation of vasodilator

	
[107]




	
Anesthesia

	
Dental anesthesia

	
[84,108]




	
Isometric Exercise

	
Raising legs/arms against pressure

	
[109]




	
Sustained Handgrip

	
Clenching one’s fist forcefully

	
[110,111]










Another study [112] provided a comparison between algorithms by Chen et al. and Poon et al. and they found that Chen’s algorithm gave results within the standards for only a 4 min calibration interval and was unreliable in tracking large changes in BP, whereas Poon’s algorithm required shorter calibration intervals to maintain a favorable accuracy. A recent study claimed that the inaccuracy of existing algorithms using PAT in tracking Low-Frequency (LF) variations in BP was one of the main reasons for inaccurate results [90,113]. In order to improve the accuracy, they introduced a factor termed “photoplethysmogram intensity ratio” (PIR), which could be determined by the ratio of the peak (Ip) and the foot (If) PPG values (Figure 3c). PIR was found mainly dependent on the arterial diameter and correlated with DBP [90,113]. Recently, machine learning-based techniques have been investigated [114] and promising results have been reported. In their work, various machine learning-based techniques were compared and they found that non-linear algorithms, like kernel machines or ensemble-learning methods as well as the AdaBoost model, gave better performances than linear approximations. Other techniques such as linear regression and decision tree were found not appropriate in predicting BP [114].





4. Discussion


Blood pressure is a complex parameter that has both physiological and neurological influences, and thus those need to be included to obtain a robust model. Heart rate (HR) represents the cardiac cycle and determines the heart’s preload and the cardiac output (CO), which positively impact BP as the pressure on the arterial walls. HR is proportional to the volume of blood ejected [115,116]. HR and BP are also regulated by the autonomic nervous system which has been found to be inversely related, depending on the baroreflex activity [117]. HR is calculated from the RR interval in ECG signals and has been incorporated in several algorithms to estimate BP [84], demonstrating some improvement in accuracy. To consider the effect of the sympathetic system on BP, variability in PAT has been employed in the inverse model giving R2 of 0.96 when compared to those of cuff-based SBP tools [69]. The arterial stiffness affecting cushioning of arteries has been found to have implications on systolic hypertension [53,118]. Structural changes, such as those related to vascular aging and atherosclerosis, along with functional changes like increased BP or higher sympathetic activity, can impact the arterial stiffness [115]. Baek et al. described a method of estimating arterial stiffness index (ASI) as the time delay between the mid-point of the rising edge (incident) and characteristic point on the “dicrotic notch” (reflecting wave) of the PPG (Figure 3c) [84,115]. Shaltis et al. estimated the impact of hydrostatic pressure by varying the position of subject and measuring changes in PTT and BP, and through experimental data they concluded that gravity has a significant impact on BP [119]. These suggest that one may need to take more related parameters under consideration in order to establish an accurate and robust mathematical algorithm/model/relation to derive BP from the “Time Delay”.



There are several other important issues that make time delay-based BP measurements challenging. To find the best fitting curve for PTT/PAT-based BP estimation, it is essential to vary BP over a wide range in order to have more points to construct the calibration curve. Significant variations in SBP can be achieved using some of the methods listed in Table 3, but it is difficult to vary DBP and MBP, restricting the development of accurate algorithms for these. Another issue arises due to the assumption of a tubular arterial system similar to central arteries which fails for the tapering peripheral branches. Peripheral branches have amplified pressure peaks due to wave reflection from arterial terminations, which need to be adjusted to estimate central artery pressure [120,121].



Table 3. Mean error and standard deviation (in mmHg) between measured and reference BP data.







	

	
Algorithm/Characteristic Point

	
PATf

	
PATm

	
PATp






	
SBP

	
aln(PAT) + b

	
0.1 ± 11

	
8.9

	
0.3 ± 11




	
a/PAT2 + b

	
0.1 ± 12

	
0.1 ± 12

	
0.1 ± 12




	
a/PAT + b

	
0.1 ± 13

	
0.1 ± 13

	
0.1 ± 13




	
aPAT + bHR + c

	
0.1 ± 14

	
0.1 ± 14

	
0.1 ± 14




	
MAP

	
aln(PAT) + b

	
0.1 ± 15

	
0.1 ± 15

	
0.1 ± 15




	
a/PAT2 + b

	
0.1 ± 16

	
0.1 ± 16

	
0.1 ± 16




	
a/PAT + b

	
0.1 ± 17

	
0.1 ± 17

	
0.1 ± 17




	
aPAT + bHR + c

	
0.1 ± 18

	
0.1 ± 18

	
0.1 ± 18




	
DBP

	
aln(PAT) + b

	
0.1 ± 19

	
0.1 ± 19

	
0.1 ± 19




	
a/PAT2 + b

	
0.1 ± 20

	
0.1 ± 20

	
0.1 ± 20




	
a/PAT + b

	
0.1 ± 21

	
0.1 ± 21

	
0.1 ± 21




	
aPAT + bHR + c

	
0.1 ± 22

	
0.1 ± 22

	
0.1 ± 22










Training algorithms require simultaneous recording of ECG/PPG and a gold standard tool for BP measurements. In many studies, this was carried out on different arms; however, BP is known to differ on both arms [122,123] and hence the correlation between this BP and PTT/PAT had inherent errors. The inter-arm BP difference is usually not taken in account while doing the comparison, which can induce errors [124]. The PPG signal which has been widely used to estimate PTT and PAT is susceptible to motion artifacts and thus requires careful placement of sensors and signal processing techniques, such as the periodic moving average filter [125,126,127]. The PPG sensors need to be fixed accurately on the arterial position for BP derivation, as modifying the position would change the distance of propagation, and thus affect PWV and ultimately BP [128]. The contact force of PPG sensors at the site of placement has a considerable effect on the BP measurement and needs to be adjusted during calibration [129]. A study demonstrated that at positive transmural pressures, PTT increased with the applied contact force, reaching the maximum at the zero transmural pressure and remaining at a constant level at negative transmural pressures [130]. Further, the detection of various characteristic points on a PPG signal requires effective signal processing algorithms as it is susceptible to noise and motion [131,132,133,134]. Though several studies have attempted to calibrate BP for dynamic cases, most of them required subjects to stop exercising to estimate BP and therefore failed to provide real-time data [26]. Movements of arms and legs would affect the PPG signal, and it is thus advised to include hydrostatic effects on the PTT-BP mathematical model. Liu et al. demonstrated that the same BP can have different PAT, depending on whether the subject is at rest or exercising, possibly due to the differences in PEP [35]. Accelerometers can be used to determine different body positions (sleeping/walking/running, etc) and provide additional information in selecting appropriate algorithms to estimate BP [17,130,135]. Studies have shown that longer PTTs give better estimations than shorter ones, and this requires sensors to be placed far away from each other; consequently, compact devices would be difficult to achieve [136]. There is also a need to include heart rate variability (HRV), as it has been shown that HR can have both negative and positive effects on BP, and hence the same algorithm will fail to accurately predict BP if the variability is ignored [116].



It is extremely important to investigate the accuracy and appropriateness of any proposed models using measured data of a large pool of subjects, with both patients and regular populations, to reach any conclusion on a PTT/PAT-based device. Different standards, such as AAMI/ ISO, ESH-IP [137], and BHS [138], have been used to validate such a BP device, but insufficient data and varied statistical tools made it inadequate for comparisons. Those reported validations, at times, compromised on the number of subjects and observers required and thus failed to prove that the newly-developed devices were comparable with medical-grade systems. Since PTT/PAT-based devices are calibration dependent, there is a dire need to include the accuracy of the reference device. However, the gold standard for BP measurement in clinical settings, namely the arterial invasive line, is usually applied for inpatients in serious medication conditions only, while the widely-used cuff-based devices are not error free [139]. Therefore, the unavailability of high-precision clinical data has limited the investigations and validations of those PTT/PAT-based BP devices. Further, it is not feasible to acquire invasive BP data of a large number of various populations (including healthy people) for correlation in order to obtain statistical significance. Last but not least, it is also necessary to evaluate wearable continuous cuffless BP against continuous arterial (invasive/non-invasive) BP. Since, these PTT/PAT-based BP devices aim to provide continuous data, it would be more relevant to be validated/calibrated using continuous beat-to-beat BP, rather than the BP averaged over a time, or discrete BP values.



In general, PTT/PAT-based BP devices have the capability of providing home-based monitoring in the form of a wearable linked with a smart device and thus mobile-heath (m-health) could be achieved with the connection to a cloud-based server. As a result, various approaches, such as the device with three chest sensors for PPG, ECG and ICG (impedance cardiogram) underneath a t-shirt, or ECG and PPG monitoring using circuitry on the toilet seats, beds and steering wheels, have been proposed and implemented [19,20,128,140]. In our group, the replacement of the three-electrode ECG configuration with a non-contact electrode (NCE) approach for ECG acquisition has been attempted. Different from regular contact-electrode ECG approaches which are dependent on the electrode-skin interface, NCE ECG could be obtained without any effects from the skin (sweat, hair, etc.), thus becoming of interest for off-the-clinic measurements. This method can further ease the signal acquisition as ECG data can be recorded using a single capacitive-coupling NCE in a specific point within the human body (i.e., wrist), thus holding promise for the realization of unobtrusive home-based BP monitoring wearable devices [38]. For instance, this approach can enable BP monitoring during sleeping or exercising without any hindrance to the users. Wireless communication via Bluetooth Low Energy (BLE) can be utilized to facilitate data collection and transfer locally among wearables for one user and globally with a cloud-based server, paving the way for real-time monitoring and diagnoses as well as distanced- and self-care. However, the communication time among devices needs to be considered as it affects directly the calculation of the “Time Delay” [141].




5. Conclusions


With the present technology, it is possible to implement a PTT/PAT-based system that accurately predicts the trends of BP instead of measuring BP itself. Considerable fluctuations in this trend can be used as a warning signal for users to monitor their BP and continuous monitoring of this variation can be helpful in clinical environments, as most vital parameters in operational theatres are measured continuously except for BP. Therefore, the development of a cuffless BP monitoring system will provide novel solutions in various medical scenarios. The frequency of calibration as predicted by many studies was less than one hour, which is inappropriate as the artery stiffness and dimension could not change abruptly. This indicates that confounding factors need to be taken into account for PTT/PAT-based BP as many other factors apart from the “Time Delay” also have their contributions. From comparisons, we found that the inclusion of heart rate improved the efficiency of PAT-based BP measurement. Further, one may ask whether there is a need for continuous monitoring of BP, and the answer may be not for healthy populations but crucial for CVD patients. Sleep apnea patients also require continuous BP monitoring; thus, a home-based system with connectivity to the caregiver online network would be of interest.
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