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Abstract 

Cardiovascular Intelligence: Novel quantitative cardiology, deep learning and machine 

learning models to predict clinical outcomes 

Author: Vignesh Balasubramanian 

Advisor: Mehmet Kaya, Ph.D. 

Arterial compliance has been recognized as a critical parameter in governing pulsatile flow 

dynamics. It has traditionally been assumed constant throughout the cardiac cycle. Its 

computation has been based either on the classic Windkessel model in diastole or the 

stroke volume over pulse pressure method in systole. We proposed a novel compliance-

pressure loop (CPP loop) approach to quantify arterial compliance and compare it to 

existing linear and nonlinear methods. This was followed by an analysis of increased pulse 

wave reflections in hypertension due to impedance mismatching and how the effective 

energy transmission to the vasculature is compromised. Their quantification in the time and 

the frequency domains were compared. This was followed by working on quantifying the 

impedance mismatches. Augmentation index (AIx) is used to quantify the augmented 

systolic aortic pressure that impedes ventricular ejection. Its use as an index of wave 

reflections is questionable. We showed that AIx is quantitatively different from the 

reflection coefficient under varied physiological conditions. To effectively implement the 

novel CPP loop and calculate wave reflections with existing clinical equipment, we 

developed machine learning models to predict arterial diameters, reflection coefficient, and 

pulse wave velocity from radial pressure data. This was followed by more stand-alone deep 

learning and machine learning modeling of intracranial hypertension prediction in 

traumatic brain injury patients and survival outcome predictions in patients undergoing 

catheterization.  
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Chapter 1 Motivation, Aims and Objectives 

Cardiovascular Diseases (CVDs) are currently the leading cause of death for both men and 

women worldwide. Therefore, there is an ever-growing need to integrate emerging 

intelligent technologies into cardiovascular medicine. Driven by recent developments in 

computational power, algorithms and web-based storage resources, machine learning (ML) 

and deep learning (DL) based artificial intelligence (AI) has quickly gained ground as the 

solution for many technological and societal challenges. AI has the potential to enhance 

traditional statistical analyses in many domains greatly and has been demonstrated to allow 

the discovery of ‘hidden’ information in highly complex datasets. As such, AI can also 

revolutionize the way physicians make clinical decisions regarding the prevention, 

diagnosis, treatment, and management of CVDs. Traditional statistical methods perform 

most cardiology analyses, and most of the existing AI applications in cardiology have been 

limited to electrocardiography (ECG) interpretation, atrial fibrillation detection, and 

imaging analysis. There are a few reasons and motivations behind the use of AI in 

cardiology: (1) accessibility of electronic health records (EHRs) from longitudinal clinical 

trials to the healthcare community in this age of communication. The diversity of the vast 

amounts of data that are routinely collected makes the use of AI ideal. (2) the 

computational power of AI to help associate the most significant and hidden information 

with cardiovascular pathophysiology makes it a superior alternative to the traditional 

techniques. (3) the speed at which an AI-based algorithm learns the nuances of CVD 

diagnosis offers a realistic chance to address a few of the problems in CVD management. 

(4) to make a meaningful clinical decision that is not influenced by rampant human errors. 

In this study, novel quantitative cardiology models in conjunction with AI will be applied 

to data collected during critical care and routine catheterization procedures. Deep learning 
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models with higher prediction performance compared to traditional models will be 

developed in this work. 

Quantitative cardiology models offer a powerful solution to understanding clinical 

parameters that deal with the deadliest of cardiovascular diseases. Moreover, the 

availability of deep learning and machine learning makes curve fitting problems easier to 

solve. In this regard, the following objectives have been set out for this dissertation to 

address different aspects of cardiovascular disease management. These objectives seek to 

identify simple markers for different vasoactive states and use machine learning to 

augment their usage.  

Objective 1: A novel compliance-pressure loop (CPP loop) approach for quantifying 

arterial compliance using the Windkessel model and comparing it to existing linear and 

nonlinear arterial compliance estimation methods using experimental data from mongrel 

dogs.  

Objective 2: Analysis of the time domain and the frequency domain methods to analyze the 

resolution of aortic pressure and flow pulses into their forward and reflected components, 

reflection coefficient, and impedance. Further analysis of steady and pulsatile energy 

components and pulsatile power generation and usage during induced hypertension (HBP) 

and subsequent vasodilator (VSD, nitroprusside) treatment in experimental mongrel dogs.  

Objective 3: Analysis of 42 datasets of aortic pressure and flow waveforms were obtained 

during induced hypertension (methoxamine infusion), and vasodilation (nitroprusside 

infusion) in our mongrel dog experiments (n=5) and from Mendeley data during various 

interventions (vasoconstrictors, vasodilators, pacing, stimulation, hemorrhage, and 

hemodilution) for comparison of wave reflections and principal components of reflection 
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coefficients with augmentation index AIx and heart rate normalized augmentation index 

AIx.  

Objective 4: Compute impedance and characteristic impedance from radial pressure 

spectrum using a cascade neural network to estimate reflection coefficient without 

requiring blood flow measurements using the simulated HaeMod dataset  

Objective 5: Compute systolic and diastolic aortic diameter from arterial compliance 

calculated with and without blood flow measurements and compare the distensibility with 

pulse wave velocity using the simulated HaeMod dataset     

 Objective 6: Patient-specific time series modeling of Intracranial Pressure measured from 

patients suffering from acute traumatic brain injury in an intensive care unit using a 

recurrent neural network.  

Objective 7: Application of deep learning on catheterization data from the Duke Clinical 

Research Institute (DCRI) to predict mortality in arterial stenosis patients as the primary 

outcome and predict the first instance of stroke, myocardial infarction, rehospitalization, 

coronary artery bypass graft surgery, and percutaneous coronary intervention, based on 

epidemiology, medical history, and variables extracted from ventriculography and 

arteriography. 

The dissertation document focuses on the background, methodology, results, and 

discussion for each objective as a separate chapter. Objectives 4 and 5 are combined into a 

single chapter. Objectives 1-5 are connected as follows: the methodology developed in 

objective 1 requires the methods proposed in 4 and 5 for ubiquitous clinical applications to 

address the problem explained by objective 3. Some parameters required for the successful 
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implementation of objective 1 can be computed using the methods described in objective 2. 

Objective 6 and objective 7 are stand-alone applications.  

 



  

 

 

5 

Chapter 2 Quantification of Arterial Compliance in 

Systole and Diastole 

Introduction  

The propagation of the pulse wave has intrigued researchers for centuries (J. K. Li, Melbin, 

Riffle, & Noordergraaf, 1981; John K.J. Li, 2000). In the past decades, clinicians have 

identified increased arterial stiffness as a crucial determinant of increased cardiovascular 

risk and mortality (Stéphane Laurent et al., 2001; Mitchell et al., 2010; Safar, 2001; 

Vlachopoulos et al., 2014). This is because increased arterial stiffness has been found to 

strongly correlated with a higher risk of atherosclerotic events (Oliver & Webb, 2003), 

hypertension (Vlachopoulos et al., 2005), and other conditions, such as diabetes (Schram et 

al., 2004) and aging (Sutton-Tyrrell et al., 2005) that could augment cardiovascular 

risk(Stephane Laurent et al., 2006). Increased vascular stiffness is frequently associated 

with reduced arterial compliance because arterial compliance is governed by the distending 

pulse pressure and the luminal volume change (C=dV/dP), which depends on pulsatile 

flow. Arterial compliance has long been considered a determining factor in clinical 

diagnosis (Chemla et al., 1998; Lehmann, Gosling, & Sönksen, 1992; McVeigh et al., 

1999; Pannier, Avolio, Hoeks, Mancia, & Takazawa, 2002). Changes in vascular 

compliance and peripheral resistance are commonly associated with hypertension (John 

K.J. Li, 2018) and have been shown to be associated with isolated systolic hypertension in 

the elderly(Berger & Li, 1990; J. K.-J. Li, Zhu, O’Hara, & Khaw, 2007). Alterations in the 

systemic vasoactive states are reflected by direct changes in the arterial load that the left 

ventricle faces. Arterial load comprises vascular resistance associated with steady flow and 

vascular compliance associated with pulsatile flow dynamics(John K.J. Li, 2018). 
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Modifications in peripheral resistance often manifest in mean arterial pressure variations, 

while changes in vascular compliance indicate pulse pressure variations.  

Overall coupling between the left ventricle and the arterial network has been studied, 

whereas the most common description of the coupling uses a constant valued arterial 

compliance element. The vascular channels are inherently nonlinear, and linear 

approximation does not account for the pressure dependence of the arterial compliance 

(Liu, Ting, Zhu, & Yin, 1989; Jia Jung Wang, Liu, Kao, Hu, & Liu, 2006). It is also known 

that arterial compliance is inversely proportional to the pressure exerted on its wall. Li et 

al. proposed a nonlinear pressure-dependent compliance model in place of constant 

compliance in the classical three-element Windkessel model(John K.J. Li, Cui, & 

Drzewiecki, 1990). More recently, the nonlinear dependence of compliance on pressure 

concept has also been utilized in estimating Pulse Transit Time (PTT) (Gao et al., 2017), 

brachial artery pressure (Natarajan et al., 2017), central aortic pressure (A. Patel, Li, 

Finegan, & McMurtry, 2017) and in modeling the pulse transmission in the arteries (A. M. 

Patel & Li, 2017).  

The classical Windkessel configuration assumes that compliance does not vary during 

systole and diastole and has been used in clinical research extensively to derive ambulatory 

arterial stiffness index, to calculate the left ventricular load and the cardiac output, to assess 

right ventricular afterload and in solving outflow problem in impedance cardiography 

(Nico Westerhof, Lankhaar, & Westerhof, 2009) and in assessing the degree of left 

ventricular hypertrophy due to aortic stenosis (John K.J. Li, Zhu, & Nanna, 1997). The 

proposed computational modeling effort represents the advancement of using the classical 

three-element Windkessel model with compliance that depends non-linearly on the 

pressure to demonstrate the influence of compliance on the vasoactive states. Furthermore, 
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we introduce the newer concept of the pressure-compliance loop during a cardiac cycle to 

quantify the pressure and flow-dependent compliance characteristics and compare the 

results with the clinically used methods of determining compliance in systole or in diastole. 

Materials and Methods 

Experimental Pressure and Flow Data 

Aortic pressure and flow waveforms data were obtained from our earlier experiment 

described in detail elsewhere (J. K.-J. Li, 1998; John K J Li & Zhu, 1994). Briefly, after 

obtaining approval of the university’s IACUC, experiments were performed on 5 Mongrel 

dogs of 22 kg average body weight. Intravenous anesthesia was induced with Nembutal (30 

mg/kg) and a left thoracotomy was performed at the fifth intercostal space. An 

electromagnetic flow probe was placed in the ascending aorta and a Millar catheter-tip 

pressure transducer was inserted through the femoral artery and then advanced to the flow 

measurement site. Hypertension was induced with an intravenous bolus infusion of 

methoxamine (2-5 mg/ml), a potent vasoconstrictor and subsequent hypotension was 

induced by an intravenous bolus infusion of nitroprusside (50 μg/ml), a potent vasodilator. 

Lead II electrocardiogram was established to monitor the heart. Simultaneous aortic 

pressure, flow and ECG were recorded at the control conditions and during the vasoactive 

states. The recorded data were sampled at 100 Hz and stored on a computer for later analysis. 

In total, 6 control recordings, 3 hypertensive and 3 hypotensive recordings were utilized for 

the present computational analysis. These are selected as they span a wide range of blood 

pressure changes. 
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Three-element Windkessel Model 

The three-element Windkessel model is a lumped parameter model. The model can be 

represented as an electrical analog, shown in Fig. 1. The model elements Cv(t) and Rv 

represent the left ventricular compliance and the left ventricular source resistance, 

respectively, and the elements Zo, Rs, and C(P(t)) (or simply C(P)), the characteristic 

impedance of the proximal aorta, the total peripheral resistance and the arterial compliance 

respectively. The left ventricular parameters are represented in Fig 1 only for the sake of a 

complete explanation of the arterial tree. Pao(t) and Qao(t) represent the aortic pressure and 

the aortic flow, respectively. Time-varying left ventricular compliance (Cv(t) with a source 

resistance (Rv) is coupled to the arterial system, modeled with the characteristic impedance 

of the proximal aorta, the peripheral resistance (Rs), and the pressure-dependent nonlinear 

compliance element (C(P(t)). 

 

Figure 1 Three Element Windkessel Model with Non-Linear Compliance 

Non-linear compliance model 

To model the continuous compliance fluctuation in relation to pulsatile blood pressure during 

a cardiac cycle, Li et al. (John K J Li & Zhu, 1994) was the first to model the compliance as 
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a nonlinear pressure-dependent element. In this model, the compliance was expressed as an 

exponential function of the peripheral pressure 

𝐶(𝑃) = 𝑎𝑒𝑏(𝑃(𝑡))     (2.1) 

Where 𝑎 and 𝑏 are constants. The exponential representation of the compliance was chosen 

so that the stiffening property of arteries when pressurized would be accounted by the model.  

Parameter Estimation 

In order to simulate the three-element Windkessel model, the peripheral resistance Rs was 

calculated as the ratio of average pressure and average flow, and the characteristic 

impedance Zo was calculated as the average ratio of change in pressure from the end-

diastolic aortic pressure and flow for the first 40-60 ms. 

𝑅𝑠 =
𝑃𝑎𝑜

𝑄𝑎𝑜
      (2.2) 

𝑍𝑜 =
𝑃𝑒𝑑−𝑃𝑎𝑜(𝑡)

𝑄𝑎𝑜(𝑡)
      (2.3) 

Based on circuit theory, the peripheral pressure was described by the following differential 

equation 

𝑑𝑃(𝑡)

𝑑𝑡
=

𝑄(𝑡)−
𝑃(𝑡)

𝑅𝑠

𝐶(𝑃)
      (2.4) 

The continuous equation was solved numerically using Euler’s integration method after 

discretizing the differential equation as explained below. 

𝑃(𝑡+∆𝑡)−𝑃(𝑡)

∆𝑡
=

𝑄(𝑡)−
𝑃(𝑡)

𝑅𝑠

𝐶(𝑃(𝑡))
     (2.5) 

𝑃(𝑡 + ∆𝑡) = 𝑃(𝑡) +
∆𝑡(𝑄(𝑡)−

𝑃(𝑡)

 𝑅𝑠
)

𝐶(𝑃(𝑡))
   (2.6) 
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Where ∆𝑡 is the sampling period. The aortic pressure signal was then calculated from the 

computed compliance branch pressure P(t) using equation (2.7) 

𝑃𝑎𝑜(𝑡) = 𝑄𝑎𝑜(𝑡)𝑍𝑜 + 𝑃(𝑡)    (2.7) 

The parameters ‘a’ and ‘b’ of the compliance function for each dataset were estimated based 

on the following steps:  

Step 1: Rs and Zo were estimated from the recorded aortic pressure and aortic flow data. 

Step 2: The parameters ‘a’ and ‘b’ were initialized to 0.1 and -2, respectively, and the 

compliance branch pressure P(t) was initialized to the end-diastolic aortic pressure Ped. 

Step 3: With the initialized ‘a’ and ‘b’ values, the compliance branch pressure signal was 

estimated using the aortic flow data based on the discretized equation (2.6). 

Step 4: The estimated compliance branch pressure signal, the estimated characteristic 

impedance and the measured aortic flow signal were utilized to predict the aortic pressure 

signal with equation (2.7). 

Step 5: Root mean square error between the measured aortic pressure and the predicted aortic 

pressure signals was calculated and stored. 

𝑅𝑀𝑆𝐸 = √
1

𝑁
∑ (𝑃𝑎

𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑 − 𝑃𝑎
𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑)

2𝑁
𝑛=1            (2.8) 

Where N is the number of samples. 

Step 6: The entire process was repeated by increasing the value of ‘b’ from -2 to -0.01 in 

steps of 0.01. 
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Step 7: The entire process was repeated by increasing the ‘a’ value from 0.1 to 8 in steps of 

0.1. 

Step 8: The pair of ‘a’ and ‘b’ with the minimum root mean square error was chosen as the 

parameters that represented the compliance function. 

Comparison with Other Methods for Compliance Calculations 

In order to compare the non-linear compliance values with other methods of compliance 

calculation, linear and non-linear methods of calculation were employed for each dataset 

from the available literature. The linear methods used in the current study were the time 

decay method and stroke volume over pulse pressure method. Furthermore, compliance was 

estimated using the area method and the two-area method as reviewed by Westerhof et al. 

(Nico Westerhof et al., 2009). Additionally, another exponential method proposed by Liu et 

al. (Liu et al., 1989; Nico Westerhof et al., 2009) was also used to estimate compliance at 

systolic, diastolic, and mean arterial pressures. The exponential compliance values were then 

compared with the compliance that was assessed using the present study. 

Time Decay Method or Linear Windkessel model Compliance 

Linear Windkessel model compliance (C) was calculated based on the diastolic aortic 

pressure decay time method. 

𝐶 =
𝑡𝑑

𝑅𝑠𝑙𝑛
𝑃𝑒𝑠
𝑃𝑒𝑑

      (2.9) 

Where td is the diastolic period, Rs is the peripheral resistance, Pes is the end-systolic aortic 

pressure, and Ped is the end-diastolic aortic pressure. 
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Stroke Volume over Pulse Pressure Method 

The stroke volume over pulse pressure method was calculated in systole from the equation 

below: 

𝐶𝑣 =
𝑆𝑉

𝑃𝑃
      (2.10) 

Where SV is stroke volume and PP is pulse pressure. Stroke volume was calculated as the 

area under the aortic flow signal over time using the trapezoidal integration method after 

interpolating the aortic flow data to 1 μs time resolution. Pulse pressure was calculated as 

the difference between peak systolic aortic pressure and the end-diastolic aortic pressure. 

Area Method 

The compliance estimation through the area method (J. K.-J. Li, 1998) was also calculated 

according to: 

𝐶𝑎𝑚 =
𝑆𝑉

𝐾(𝑃1−𝑃2)
      (2.11) 

Where SV is the stroke volume, P1 is the pressure that immediately follows the dicrotic 

notch, and P2 is the end-diastolic pressure. K is the ratio of total area under the pressure 

curve and the area under the diastolic part of the pressure curve. 

Two Area Method  

The two-area method involved solving the integral equation (2.12) over two time periods 

that result in estimating the arterial compliance and the peripheral resistance. The first period 

was chosen as the time between the beginning of systole and the peak systole, and the second 

period was chosen as the time from the peak systole until the end of diastole (Patrick Segers 

et al., 1999): 
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∫ 𝑄(𝑡) 𝑑𝑡 = 𝐶𝑡𝑎𝑚(𝑃1 − 𝑃2) +
1

𝑅
∫ 𝑃(𝑡)𝑑𝑡

𝑡2

𝑡1

𝑡2

𝑡1
  (2.12) 

Where Q(t) is the measured aortic flow, P(t) is the measured aortic pressure, t1 and t2 are 

the time extremities of the respective time periods, P1 and P2 are the aortic pressure 

extremities of the respective time periods, and R is the peripheral resistance that is estimated 

along with the arterial compliance.  

Exponential Method 

The exponential method from Liu et al. was used to estimate the compliance defined with 

equation (2.13) to compare the results of the proposed exponential method.  

𝐶(𝑃)𝑒𝑥𝑝1 =
𝑏×𝑆𝑉×exp(𝑏𝑃)

(𝐾−𝑍𝑐×
𝑆𝑉

𝐴𝑑
)(exp(𝑏𝑃𝑠)−exp(𝑏𝑃𝑑))

  (2.13) 

Where b is a constant that equals -0.01, SV is the stroke volume, K is the ratio of total area 

under the pressure curve and the area under the diastolic part of the pressure curve, Zc is the 

characteristic impedance, Ad is the area under the diastolic part of the pressure curve, Ps is 

the systolic aortic pressure and Pd is the diastolic aortic pressure. In order to compare the 

exponential methods of compliance estimation, compliance values were calculated at 

systolic pressure, diastolic pressure, and mean arterial pressure. Mean arterial pressure 

(MAP) was estimated as the sum of diastolic pressure (Pd) and one-third of pulse pressure 

(PP). 

𝑀𝐴𝑃 = 𝑃𝑑 +
𝑃𝑃

3
     (2.14) 

Subsequently, the estimated non-linear compliance values were plotted against the measured 

aortic pressure to identify the differences under control and vasoactive states. In order to 

quantify the compliance variation over a cardiac cycle, the compliance-pressure loop area 

and the diastolic compliance-pressure slope were calculated for each dataset. 
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Results 

Representative measured aortic pressure-flow data over one-cardiac cycle for normotensive 

(red), hypertensive (green) and hypotensive (blue) conditions are shown in Figure 2.  

Figures 3-5 represent the pressure-compliance loops of control, hypertensive and 

hypotensive datasets for a complete cardiac cycle. It is clear that the compliance varies 

continuously and is different during systole and diastole of the cardiac cycle for both 

control and vasoactive states of the cardiac cycle. In the representative control case, the 

compliance is fairly maximum during the beginning of systole i.e., the ventricular ejection 

period. It begins to decline as the pressure increases until peak systole. Once the ventricle 

starts decreasing the force of contraction, the compliance maintains its minimum value 

until the aortic valve closes. Once the aortic valve closes, the aortic flow from the left 

ventricle stops, and the compliance increases its maximum value to get ready for the next 

cardiac cycle. 
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Figure 2 Measured Aortic Pressure and Aortic Flow 

In case of the hypertensive condition, the compliance reduces with a steeper slope during the 

ventricular ejection period in contrast to the control scenario. The compliance keeps 

decreasing until peak systole and starts to recover once the ventricle reduces its force of 

contraction. It is also worth noting that the compliance is not maintained at the minimum 

value during the later parts of systole as in the normotensive case. The compliance recovers 

until the end of systole and continues to recover during diastole. 
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Figure 3 Measured Aortic Pressure-Compliance Loop for Control conditions 

In case of the hypotensive pressure-compliance loop, the compliance is reasonably 

maintained during early systole as in the control scenario. Moreover, the compliance is 

maintained beyond the early systolic period until peak systole. However, the compliance 

decreases during the later stages of systole as the ventricular force of contraction that sets up 

the perfusion pressure decreases. As the cardiac cycle enters diastole, the compliance 

recovers back to its pre-systolic value to get ready for the next cardiac cycle.  
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Figure 4 Measured Aortic Pressure-Compliance Loop for Hypertensive conditions 

 

Figure 5 Measured Aortic Pressure-Compliance Loop for Hypotensive Conditions 

The scale of estimated arterial compliance during the normal and vasoactive states was 

different, and the results were along the expected lines. The vasodilated arterial system's 

compliance is higher than the normal arterial compliance and the compliance of the 
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vasoconstricted artery is lower than the normal arterial compliance, which is depicted in Fig 

6. Additionally, the two-area method compliance ( sign, see Figure 6) and the exponential 

method compliance (-- sign, see Figure 6) were lower than the compliance estimated using 

our method. The compliance calculated using the stroke volume over pulse pressure method 

(+ sign, see Figure 6) was lower than the normotensive and the hypertensive cases. However, 

the time decay method compliance and the area method compliance were in the range of the 

CPP loop. 

 

Figure 6 Comparison of different compliance estimation methods 

One of the controls was omitted from further analysis as the characteristic impedance 

estimation, and the compliance estimation resulted in unreasonable results. The maximum 

and minimum values of the compliance calculated over a cardiac cycle (see Table 1) 

indicate the differences seen during end-diastole and peak systole. Even though some data 

points of the normotensive and the hypertensive groups overlapped, the peak systolic 

compliance values (C(P)min) clearly showed differences between the normotensive 
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(control group, 0.3466  0.0516 ml/mmHg) and the hypertensive (MTX group, 0.2032  

0.1028 ml/mmHg) groups. Furthermore, the non-linear compliance values showed good 

differentiation between the hypotensive group (NTP group) and the control and the 

hypertensive groups. The compliance values of the NTP group are higher than the other 

two groups at peak systole (1.8392 1.8824 ml/mmHg) and end-diastole (1.990 1.8821 

ml/mmHg) as expected. A similar conclusion cannot be drawn from the stroke volume 

over pulse pressure method. Although the time decay method shows differentiation among 

the control group (0.4681  0.1270 ml/mmHg), the MTX group (0.3015  0.1264 

ml/mmHg) and the NTP group (1.8323  0.7207 ml/mmHg), the method doesn’t account 

for changes in compliance over a cardiac cycle (see Figure 6). As the non-linear 

compliance values are compared with time decay method and stroke volume over the pulse 

pressure method, the compliance under vasodilated states is underestimated by at least one 

method. It is also clear that the characteristic aortic impedance does not change much over 

different vasoactive states (Control: 0.2086  0.0305 mmHg s/ml, MTX: 0.2161  0.0867 

mmHg s/ml and NTP: 0.1936  0.0528 mmHg s/ml) while the peripheral resistance 

changes under different conditions to compensate for change in pressure through 

baroreflex control mechanisms.  
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Table 1 Comparison of non-linear compliance values with linear calculation methods 

 C [ml/ 

mmHg] 

Cv [ml/ 

mmHg] 

Rs 

[mmHg 

s/ml] 

C(P)max 

[ml/ 

mmHg] 

C(P)min 

[ml/ 

mmHg] 

a b Zo 

[mmH

g s/ml] 

Control Group 

1 0.4142 0.3583 6.3541 0.4431 0.3171 3 -0.02 0.2243 

2 0.6708 0.3519 4.8511 0.3871 0.3235 1.1 -0.01 0.1824 

3 0.4372 0.3750 5.8472 0.5030 0.3114 7.4 -0.03 0.2418 

4 0.3296 0.3354 4.6697 0.4102 0.3449 0.9 -0.01 0.1705 

5 0.4888 0.3708 4.9303 0.4971 0.4360 1.4 -0.01 0.2238 

Mean 0.4681 0.3583 5.3305 0.4481 0.3466   0.2086 

std 0.1270 0.0158 0.7317 0.0515 0.0516   0.0305 

MTX Group 

1 0.3596 0.3873 6.813 0.4662 0.2787 5.4 -0.02 0.1827 

2 0.1565 0.1324 12.9346 0.1781 0.0861 3.9 -0.02 0.3102 

3 0.3883 0.2610 5.2296 0.3377 0.2447 1.2 -0.01 0.1553 

Mean 0.3015 0.2602 8.3257 0.3273 0.2032   0.2161 
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std 0.1264 0.1275 4.0692 0.1443 0.1028   0.0827 

NTP Group 

1 2.244 0.4676 2.1364 4.1003 4.0126 8 -0.01 0.1948 

2 1.0001 0.3506 1.8523 1.0406 0.7277 7.3 -0.04 0.2457 

3 2.2528 0.4210 2.9516 0.8560 0.7774 1.8 -0.01 0.1402 

Mean 1.8323 0.4131 2.3134 1.9990 1.8392   0.1936 

std 0.7207 0.0589 0.5706 1.8221 1.8824   0.0528 

 

Table 2 summarizes the effort to compare the non-linear method utilized in the present study 

with the area methods. Compliance that was estimated using the two-area method was lower 

than the area method and the exponential methods for all groups (Control: 0.2064  0.0228 

ml/mmHg, MTX: 0.1967  0.0884 ml/mmHg, NTP: 0.0881  0.0375 ml/mmHg). However, 

the peripheral resistance that was estimated from the two-area method under control (5.2300 

 0.7317 mmHg s/ml), hypertensive (8.6736  3.6589 mmHg s/ml) and hypotensive (2.2691 

 0.5835 mmHg s/ml) conditions was similar to the peripheral resistance estimated from the 

mean flow and pressure data using the proposed non-linear method for all groups (Control: 

5.3305  0.7317 mmHg s/ml, MTX: 8.3257  4.0692 mmHg s/ml, NTP: 2.3134  0.5706 

mmHg s/ml). It is also evident that the area method compliances do not reflect the change in 

compliance over pressure (see Figure 6). Additionally, the two-area method underestimated 

compliance in the hypotensive dogs. The hypertensive compliances were very similar to the 
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normotensive compliances for two of the three cases when the area methods had been applied 

to the pressure-flow data. 

Subsequent comparison of compliance calculated from the exponential methods reveals that 

the exponential method with constant ‘b’ (equation (2.13)) resulted in compliances that were 

lower than the compliances calculated using the present study at the systolic, the diastolic, 

and the mean arterial pressures (see Table 3 and Figure 6). The mean  standard deviation 

values for the exponential method against our method are 0.1889  0.0154 vs 0.3615  

0.0518 at systolic pressure, 0.2423  0.0173 vs 0.4387  0.0490 at diastolic pressure and 

0.2233  0.0168 vs 0.4481  0.0515 at mean arterial pressure for the control group. Similarly, 

the compliances are 0.1555  0.0797 vs 0.2152  0.1084 and 0.1774  0.0246 vs 1.9407  

1.8535 at systolic pressure, 0.2126  0.0963 vs 0.3199  0.1389 and 0.2402  0.0285 vs 

1.9622  1.8345 at diastolic pressure and 0.1976  0.0964 vs 0.3273  0.1443 and 0.2177  

0.0273 vs 1.9990  1.8221 at mean arterial pressure for MTX and NTP groups respectively. 

It can also be observed from Table 1 and Table 3 that the maximum compliance calculated 

using the proposed method is the compliance at the mean arterial pressure and the minimum 

compliance corresponds to the compliance at peak systole for control and MTX groups. The 

minimum compliance for the NTP group corresponds to the closure of aortic valve which 

would be the pressure at the dichrotic notch. 
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Table 2 Comparison of non-linear compliance values with area calculation methods 

 Area 

Method 

Two-Area Method Exponential Method 

 Cam [ml/ 

mmHg] 

Ctam [ml/ 

mmHg] 

R [mmHg 

s/ml] 

Rs 

[mmHg 

s/ml] 

C(P)max 

[ml/ 

mmHg] 

C(P)min 

[ml/ 

mmHg] 

Control Group 

1 0.3658 0.2185 6.2424 6.3541 0.4431 0.3171 

2 0.4572 0.1908 4.7405 4.8511 0.3871 0.3235 

3 0.3865  0.2268 5.7472 5.8472 0.5030 0.3114 

4 0.3938  0.2217 4.6980 4.6697 0.4102 0.3449 

5 0.4841  0.1741 4.7217 4.9303 0.4971 0.4360 

Mean 0.4175 0.2064 5.2300 5.3305 0.4481 0.3466 

std 0.0505 0.0228 0.7200 0.7317 0.0515 0.0516 

MTX Group 

1 0.4573  0.2640 7.8489 6.813 0.4662 0.2787 

2 0.1448  0.0966  12.6745  12.9346 0.1781 0.0861 
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3 0.3238  0.2294 5.4974 5.2296 0.3377 0.2447 

Mean 0.3086 0.1967 8.6736 8.3257 0.3273 0.2032 

std 0.1568 0.0884 3.6589 4.0692 0.1443 0.1028 

NTP Group 

1 1.6082  0.0579  2.0701  2.1364 4.1003 4.0126 

2 0.8709  0.0762 1.8112 1.8523 1.0406 0.7277 

3 1.7751  0.1301 2.9261 2.9516 0.8560 0.7774 

Mean 1.4181 0.0881 2.2691 2.3134 1.9990 1.8392 

std 0.4812 0.0375 0.5835 0.5706 1.8221 1.8824 

 

In addition to computing the loops, the quantification of the aortic pressure-compliance loops 

through area calculation and diastolic pressure-compliance slope showed interesting results 

(see Table 4). One of the marked observations is the high mean pressure-compliance loop 

area under the vasodilated state (1.8901  1.2963) compared to the control (0.8891  0.4523) 

and MTX (1.6527  0.8701) groups. Furthermore, the mean pressure-compliance loop area 

under vasoconstricted state is higher than the control state. When the diastolic slopes are 

compared, the NTP group has the highest increase in compliance when the aortic pressure 

returns to the end-diastolic pressure (-0.03478  0.0187). Although the slope of the control 
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group (-0.0084  0.0038) is slightly higher than the MTX group (-0.0058  0.0187), the 

difference is not as pronounced as in the NTP group. 

Table 3 Comparison of the exponential compliance estimation methods 

 Systolic Pressure Diastolic Pressure Mean Arterial 

Pressure 

 C(P)exp1 [ml/ 

mmHg] 

C(P) [ml/ 

mmHg] 

C(P)exp1 [ml/ 

mmHg]  

C(P) [ml/ 

mmHg]  

C(P) exp1 

[ml/ 

mmHg] 

C(P) 

[ml/ 

mmHg] 

Control Group 

1 0.1957 0.3358 0.2488 0.4335 0.2297 0.4431 

2 0.1687 0.3330 0.2210 0.3797 0.2020 0.3871 

3 0.2083 0.3341 0.2647 0.4870 0.2444 0.5030 

4 0.1929 0.3514 0.2477 0.4041 0.2294 0.4102 

5 0.1788 0.4532 0.2295 0.4892 0.2112 0.4971 

Mean 0.1889 0.3615 0.2423 0.4387 0.2233 0.4481 

std 0.0154 0.0518 0.0173 0.0490 0.0168 0.0515 

MTX Group 

1 0.2164 0.2989 0.2807 0.4543 0.2697 0.4662 
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2 0.0653  0.0928 0.1024  0.1769 0.0881  0.1781 

3 0.1849 0.254 0.2547 0.3286 0.2351 0.3377 

Mean 0.1555 0.2152 0.2126 0.3199 0.1976 0.3273 

std 0.0797 0.1084 0.0963 0.1389 0.0964 0.1443 

NTP Group 

1 0.1952  4.0801 0.2662  4.0793 0.2400  4.1003 

2 0.1493 0.9230 0.2098 0.9631 0.1873 1.0406 

3 0.1878 0.8190 0.2446 0.8441 0.2258 0.8560 

Mean 0.1774 1.9407 0.2402 1.9622 0.2177 1.9990 

std 0.0246 1.8535 0.0285 1.8345 0.0273 1.8221 

 

Table 4 Comparison of aortic pressure-compliance loops over different states 

 
RMSE C(P)-P area [ml] Diastolic Slope [ml] 

Control Group    

1 1.4607 1.5062 -0.0092 

2 1.889 0.632 -0.0077 

3 1.5435 1.1255 -0.0143 
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4 0.8422 0.3285 -0.0037 

5 2.0202 0.8532 -0.0073 

Mean 
 

0.8891 -0.0084 

std  0.4523 0.0038 

MTX Group 
   

1 2.6864 2.655 -0.011 

2 4.0449 1.0909 -0.0032 

3 1.8654 1.2123 -0.0031 

Mean 
 

1.6527 -0.0058 

std  0.8701 0.0045 

NTP Group 
   

1 1.2437 1.6301 -0.0133 

2 0.9636 3.2967 -0.0433 

3 2.5207 0.7434 -0.0477 

Mean 
 

1.8901 -0.03478 

std  1.2963 0.0187 
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Discussion 

Some investigators have compared linear and nonlinear Windkessel models or proposed 

various methods for the computation of arterial compliance. Few studies have shown that 

arterial compliance varies continuously throughout the cardiac cycle, besides our earlier 

initial studies (J. K.-J. Li, 1998; John K J Li & Zhu, 1994). In this study, a non-linear 

relationship between pressure and compliance has been applied to the modified three element 

Windkessel model to study the variation in compliance over a cardiac cycle under normal, 

vasoconstricted hypertensive and vasodilated hypotensive states, based on simultaneously 

recorded aortic flow and aortic pressure data measured from 5 Mongrel dogs. The non-linear 

compliance estimated from the model showed good discernibility during early systole, peak 

systole, end systole under both hypertensive and hypotensive states compared to the 

normotensive group. Additionally, the diastolic pressure-compliance slope showed good 

discernibility under hypotensive state in comparison to the normal group. 

Comparison of the linear and the area method with our method 

The stroke volume over pulse pressure method estimates compliance based on only two time 

periods during the cardiac cycle. Although this method accounts for the change in volume, 

it does not consider the change in pressure of the compliant element, which the proposed 

study takes into account. This limitation is augmented under vasodilation because of the 

increased aortic flow due to decreased peripheral resistance (see Table 1). Furthermore, this 

method will be sensitive to changes in stroke volume due to the action of certain classes of 

hypertensive drugs rather than the aortic flow. This limitation is somewhat overcome by the 

area method, which includes the change in pulse pressure by a factor based on the area under 

the diastolic pressure curve (see Table 2). However, the area method compliances are closer 
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to our method's systolic compliances, and it does not account for the change in compliance 

during the cardiac cycle. Although the two-area method takes advantage of both the systolic 

and the diastolic parts of the pressure curve, this method also does not consider the change 

in peripheral pressure due to flow. 

Moreover, unlike the area method, the two-area method lacks a factor that reckons the ratio 

of areas between the systolic and the diastolic part of the flow. It instead uses the actual area 

under the flow and the pressure signals. The proposed method considers both the systolic 

and the diastolic changes in physiology during the computation of compliance. Be it the class 

of drugs that reduce the stroke volume like beta-blockers and calcium channel blockers or 

the class that causes vasodilation such as angiotensin-converting enzyme inhibitors and 

clinical vasodilators, our method estimates pressure in the periphery due to flow during both 

systole and diastole. Thus, it is expected that this method will work better under the 

hypotensive state irrespective of change in vasodilation, inotropy or chronotropy. 

Comparison of the Exponential Methods 

Though the inherent non-linear relationship is utilized in equation (2.13) to compute 

compliance, the compliance values at systolic, diastolic, and mean arterial pressures are 

significantly different from those calculated in the present study. This disparity is the use 

of the parameter ‘a’ in the present study to compute arterial compliance. The parameter ‘a’ 

fits the measured pressure and flow data using an iterative method that helps reflect the 

actual compliance of the arteries in the present study. However, the method described by 

equation (2.13) does not reduce the error between the actual and the computed pressure 

values for the measured aortic flow data. Even though it requires multiple iterations to 

estimate the best-fit ‘a’, the best-fit ‘a’ reduces the error between the actual and the 
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computed pressure values for the measured aortic flow data that reflects the true 

compliance of the vasculature. With the advent of microprocessors with high speed and 

large memory space, beat-beat estimations of compliance can be computed without 

difficulty. 

Moreover, the exponential method proposed by Liu et al. does not incorporate change in 

compliance due to flow. All the parameters that are utilized to estimate the compliance 

using this method such as characteristic aortic impedance, stroke volume, systolic and 

diastolic pressure, ratio of area under the systolic part of the pressure signal to the total area 

under the pressure signal in addition to a constant ‘b’ are all constants. Compliance of an 

arterial segment depends on the pressure exerted on its arterial wall. The exponential 

method with a constant ‘b’ does not incorporate the change in systolic pressure in the 

arterial wall that follows the aorta in the arterial tree due to flow from the aorta. Without 

the inclusion of this concept in the equation, the change in compliance estimated using this 

method will result in a straight line with respect to the change in aortic pressure rather than 

a loop, as shown in figures 3-6. This results in lesser features to study than those from the 

CPP loop to understand the hemodynamics of hypertension and subsequent vasodilation. 

Compliance during Peri-operative Period 

The compliance calculations (see Table 1) suggest that C (0.4681  0.1270 ml/mmHg and 

0.3150  0.1264 ml/mmHg), Cv (0.3583  0.0158 ml/mmHg and 0.2602  0.1275 ml/mmHg) 

and Cam (0.4175  0.0505 ml/mmHg and 0.3086  0.1568 ml/mmHg) are within the 

estimated range of C(P) for control and MTX groups respectively except one Cam control 

value. However, the NTP group exhibited a marked difference. C (1.8323  0.7207 

ml/mmHg), Cv (0.4131  0.0589 ml/mmHg), Cam (1.4181  0.4812 ml/mmHg), Ctam (0.0881 
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 0.0375 ml/mmHg) and C(P)exp1 (0.2177  0.0273 ml/mmHg at mean arterial pressure) 

underestimated the compliance in comparison with C(P) (1.9990  1.8221 ml/mmHg at 

mean arterial pressure). This is clinically relevant. Most patients during the perioperative 

period are under sedation. Sedation with general anesthetic agents such as propofol and 

etomidate often reduces blood pressure, similar to the NTP datasets and compliance 

calculations with stroke volume and pulse pressure, which could be misconstrued as normal 

values. Even though the area methods reduce the noise in the measured aortic pressure and 

flow signals through integration, compliance calculations could be misconstrued as normal 

values. However, the non-linear compliance estimation's specificity and sensitivity have yet 

to be established under the vasodilated state. Even though linear/non-linear compliances 

perform similarly only in terms of the reduced standard error of pressure signal simulations, 

the CPP loops have distinct advantages over the area method, the stroke volume over pulse 

pressure method, and the time decay method. The debate on whether the venous return or 

peripheral resistance or arterial compliance causes a decrease in systemic pressure due to 

propofol and etomidate induction can be answered more accurately using CPP loops by 

tracking the dynamics of compliance loops during general anesthetic induction, which will 

help understand the mechanism of action of such agents.  

Compliance during systole and diastole 

One of the marked observations of the model was the difference in compliance during systole 

and diastole. This aspect has not been differentiated in many clinical situations. In the early 

ejection phase, the aortic pressure increase is accompanied by a more significant increase in 

aortic flow and aortic volume. The compliance is somewhat maintained at a high level 

despite the increased pressure. The compliance then decreases after peak aortic flow, while 

aortic pressure is still increasing. Based on first principles, one could surmise that the vessels 
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underwent deformation and became stiffer, which could reduce the compliance. As the 

cardiac cycle moved into a later period of systole and diastole, the aortic volume decreased 

a little due to reduced aortic blood flow before the volume remained constant due to the 

closure of the aortic valve (ejection of aortic blood flow ceased). This also caused a decrease 

in pressure consequently. This is accompanied by a concurrent increase in compliance 

throughout diastole. One could then conclude that compliance of a vessel depends on the 

pressure induced by the blood flow into the vessel of interest rather than the traditional 

understanding of compliance and its dependence solely on the pressure of the vessel. 
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Chapter 3 Time and Frequency Domain Evaluation of 

Wasteful Wave Reflection 

Introduction 

Vital organs of the human body are perfused as a consequence of pulsations in pressure 

and flow generated with each cardiac contraction. The shapes of the propagating pressure 

and flow pulses in the arterial system are dependent on the arterial wall properties and the 

vasoactive states. Their pulsatile waveforms can be explained in terms of incident and 

reflected waves. These component waves can provide information on the interaction of the 

central vessels and the peripheral vasculature. Such interaction is heavily dependent on the 

amount of stroke work generated by the heart and the effective transmission of the pulsatile 

energy, which in turn is dependent on the extent of impedance matching. In terms of the 

classic transmission line theory (John K.J. Li, 2000; McDonald, 1974; Noordergraaf, 1978; 

Taylor, 1966), the magnitude of pulse wave reflection can be computed from the 

measurement of impedances. For a single uniform line with characteristic impedance, Zo 

terminated with a load impedance Z, the amount of forward propagating wave (Pf) that is 

reflected (Pr) is given by the reflection coefficient: 

𝛤 =
𝑍−𝑍𝑜

𝑍+𝑍𝑜
         (3.1) 

It is also the ratio of forward and reflected waves, along with their respective amplitudes 

and phases,  

𝛤 =
𝑃𝑟

𝑃𝑓
          (3.2) 
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Therefore, the reflection coefficient so obtained is a complex quantity with magnitude and 

phase varying with frequency. For the arterial system, Zo is the characteristic impedance of 

the proximal aorta, and Z is the input impedance of the arterial tree. Zo has been shown to 

have a weak frequency dependence and thus has been assumed to be resistive only(N. 

Westerhof & Elzinga, 1991; Nico Westerhof et al., 2009). The characteristic impedance, 

Zo, by definition, is independent of reflections(John K.J. Li, 1983), as it is an attribute of 

the aorta(J. K.J. Li, Melbin, & Noordergraaf, 1984), and is given by 

𝑍𝑜 =
𝑃𝑓

𝑄𝑓
= −

𝑃𝑟

𝑄𝑟
         (3.3) 

Here, the negative sign indicates that reflected pressure and reflected flow are 180o out of 

phase i.e. a decrease in blood flow will increase the reflected pressure if Zo is maintained 

constant. While Z can be obtained easily from the harmonic ratios of pressure and flow, 

Zo's accurate measurement is, in general, a difficult task. Many investigators have thus 

estimated Zo's magnitude from the average of the high-frequency components of the input 

impedance modulus. This is based on the assumption that the pulse is significantly 

attenuated at high frequencies. The associated propagating wavelengths are short such that 

peripheral reflections cannot reach the proximal aorta in any significant amount. Zo has 

been approximated from the high-frequency average of Z in the frequency domain, i.e. 3rd 

to 10th harmonic(John K.J. Li, 2000). Westerhof et al. and others (Dujardin & Stone, 1981; 

Lucas, Wilcox, Henry, & Keagy, 1985; Sperling, Bauer, Busse, Körner, & Pasch, 1975; N. 

Westerhof, Sipkema, Bos, & Elzinga, 1972) took this approach to resolve aortic waveform 

into its forward and reflected components. It requires digitization and subsequent Fourier 

transform.  
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A fast time-domain method to resolve the pressure pulse into its forward and reflected 

components, originated by Li in 1986 (John K.J. Li, 1986), is now widely used. This 

approach assumes that the peripheral reflections do not reach the proximal aorta in any 

appreciable amount in the early part of systole. Wave separation has become a necessary 

step in understanding the contributions of wave reflections to hypertension (Avolio et al., 

2009; Chirinos, 2017; Phan, Li, Segers, & Chirinos, 2016; Patrick Segers, Mynard, 

Taelman, Vermeersch, & Swillens, 2012). Hence, comparison of time and frequency 

domain determinations of characteristic impedance became imperative in order to verify 

their respective accuracy (John K.J. Li, 2018; John K J Li, 1982; Noordergraaf, 1980; Shi 

& Li, 1985b, 1985a) and to resolve the blood pressure and the flow waveforms into their 

respective forward and reflected components (Bos, Westerhof, Elzinga, & Sipkema, 1976; 

NEWMAN, GREENWALD, & BOWDEN, 1979; Qureshi et al., 2018).  

The propagating pulse wave's reflection indicates that the wave encounters impedance 

mismatching, and therefore, energy is wasted through power dissipation along the 

vasculature. The present investigation sets out to quantify the stroke work and pulsatile 

energy generated by the heart under normal conditions and to evaluate how they are altered 

in hypertension.  We also examine how the popularly used vasodilator therapy can enhance 

more efficient pulsatile power transfer. A comparison of the time-domain method with the 

frequency-domain method for quantifying wave reflections and other quantities that 

describe the energy perspectives of the arterial system is also presented.  

Separation of Forward and Reflected Waves  

The amplification of pressure pulses has been attributed to the in-phase summation of 

reflected waves from structural and geometric non-uniformities. Iliac bifurcation and the 
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renal arterial branches at the abdominal aorta have been recognized as the principal 

reflection sites(Sugawara, Hayashi, & Tanaka, 2010). Thus, pulsatile pressure and flow 

waveforms contain information about the heart as well as the vascular system. Reflection 

in the vascular system has been suggested as a closed-end type, with arterioles being the 

primary reflection site. Reflected pressure and flow waves are 180 out of phase. This 

means an increase in reflection increases pressure amplitude but decreases flow amplitude. 

Measured pressure (P) and flow (Q) waveforms measured at any site in the vascular system 

can be considered as the summation of a forward, or antegrade, traveling wave and a 

reflected, or retrograde, traveling wave: 

𝑃 = 𝑃𝑓 + 𝑃𝑟         (3.4) 

𝑄 = 𝑄𝑓 + 𝑄𝑟         (3.5) 

The forward and reflected pressure components can be resolved by means of the following 

set of equations: 

𝑃𝑓 =
𝑃+𝑄𝑍𝑜

2
         (3.6) 

𝑃𝑟 =
𝑃−𝑄𝑍𝑜

2
         (3.7) 

where Zo is the characteristic impedance, defined as the ratio of forward pressure to 

forward flow, or in other words, independent of wave reflections, as shown above (Eqn. 

(3.2)). With the characteristic impedance determined by a time-domain method, forward 

and reflected waves can also be obtained in the time domain (John K.J. Li, 1986).  

Similarly, the resolution of flow into its forward and reflected components can be obtained 

from a set of two equations (John K.J. Li, 2018).  
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𝑄𝑓 =
𝑄+

𝑃

𝑍𝑜

2
          (3.8) 

𝑄𝑟 =
𝑄−

𝑃

𝑍𝑜

2
          (3.9) 

The characteristic impedance is determined in the time-domain as an average value during 

the very early part of systole (Dujardin & Stone, 1981; John K.J. Li, 1986; Lucas et al., 

1985; Qureshi et al., 2018): 

𝑍𝑜 =
𝑃(𝑡)−𝑃𝑑

𝑄(𝑡)
         (3.10) 

The reflection coefficient is defined as the harmonic ratio of the reflected wave to the 

forward wave in the frequency domain:  

𝛤 =
|𝑃𝑟|∠𝛷𝑓

|𝑃𝑓|∠𝛷𝑟
         (3.11) 

It has both a modulus and a phase, and varies with frequency: 

𝛤 = |𝛤|∠𝛷         (3.12) 

This means that the reflection coefficient is dependent on the amplitude (magnitude) and 

the arrival time (phase) of the reflected wave with respect to the forward traveling wave. 

The reflection coefficient thus obtained in the time domain is compared to the frequency 

domain computations, given in Eqn. (3.1) above. 

Steady and Pulsatile Energy Considerations 

Stroke work (W) for each heartbeat or the external work of the left ventricle or the total 

energy is obtained for the entire cardiac cycle as:  
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𝑊 = ∫ 𝑃(𝑡)𝑄(𝑡)𝑑𝑡
𝑇

0
        (3.13) 

𝑊 = 𝑊𝑠 + 𝑊𝑝         (3.14) 

Where P(t) and Q(t) are aortic pressure and flow, respectively, it has a steady energy 

component, Ws, and a pulsatile energy component, Wp. The former is defined as the product 

of mean arterial pressure (Pm) and stroke volume (SV), while the latter depends on the 

pulsatile pressure and flow waveforms and wave reflections. Pm can be estimated by 

integrating the pressure signal over the cardiac cycle, and then the integral value was divided 

by the heart period. (T). 

𝑃𝑚 =
1

𝑇
∫ 𝑃(𝑡)𝑑𝑡

𝑇

0
        (3.15) 

𝑆𝑉 = ∫ 𝑄(𝑡)𝑑𝑡
𝑇

0
        (3.16) 

𝑊𝑠 = 𝑃𝑚. 𝑆𝑉         (3.17) 

𝑊𝑝 = 𝑊 − 𝑊𝑠         (3.18) 

The instantaneous power for each heartbeat at any time can be calculated as: 

𝑷(𝒕) = 𝑃(𝑡). 𝑄(𝑡)        (3.19) 

The steady flow mean power is the product of mean aortic pressure and mean aortic flow: 

𝑷𝒎 = 𝑃𝑚. 𝑄𝑚         (3.20) 

And the in-phase oscillatory or pulsatile power is calculated from impedance (Zn) and flow 

(Qn) harmonics: 

𝑷𝒐 =
1

2
∑ 𝑍𝑛 ⋅𝑁

𝑛=1 𝑄𝑛
2 ⋅ 𝑐𝑜𝑠𝛳𝑛       (3.21) 

where ϴ is the angle between pressure and flow harmonics. 
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Materials and Methods 

Experiments and Data Collection 

Experiments were performed on normal mongrel dogs after Rutgers University IACUC 

Approval. A left thoracotomy was conducted on each dog after the induction of Nembutal 

anesthesia with an intravenous bolus of 30 mg/kg. An electromagnetic flowmeter and a 

Millar catheter were placed at the same site in the ascending aorta. The Millar catheter was 

pushed forward through the femoral artery while the electromagnetic flowmeter was placed 

after isolating a segment of the ascending aorta. Furthermore, Lead II electrocardiogram 

(ECG) was recorded to identify the beginning of the pressure cycle and the flow cycle. 

Recordings were made at steady state, at control conditions and during intravenous 

administration of 2-5 mg/ml methoxamine (MTX), a potent vasoconstrictor that induces 

hypertension (HBP) and subsequent infusion of 50 μg/ml nitroprusside (NTP) induced 

vasodilation (VSD). In total, 11 recorded aortic pressure and flow datasets (5 control, 3 

hypertensive and 3 vasodilator) were sampled at 100 Hz from 5 dogs and were stored for 

computational analysis.  

Computations and Data Analysis 

The computations were performed using MATLAB 2017b software run on a MacBook Pro 

with a 2.6 GHz Intel Core i5 processor. In order to calculate the Fourier spectrum of 

impedance, reflection coefficient, and pulsatile energy, the Fast Fourier Transform 

algorithm was used to obtain complex estimates. Energy and power units were converted 

to SI unit by using the following factor: 1 mmHg ml = 1333.33 uJ. The computation of 

energy and power involved the following steps: 
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Step 1: The measured aortic pressure was resolved into its forward and reflected 

components (equations (3.6) and (3.7)) using the Z0 that was calculated from the time 

domain equation (10). 

Step 2: The measured aortic flow was then resolved into its forward and reflected 

components using equations (3.8) and (3.9). 

Step 3: Stroke Work or energy (W) was calculated by integrating the product of measured 

aortic pressure and flow signals using the trapezoidal method after interpolating the 

measured signals to 1 μs time resolution. The forward and reflected energies were also 

computed similarly from the resolved components of aortic pressure and flow using 

equation (3.13) in which their respective components substitute the pressure and the flow 

signals. 

Step 4: The steady component of energy or stroke work Ws was computed from the 

product of stroke volume and mean arterial pressure. The stroke volume was quantified by 

integrating the flow signal after interpolation to 1 μs time resolution through the 

trapezoidal method. The mean arterial pressure was calculated by adding together the 

diastolic pressure and one-third of the pulse pressure. Wp's pulsatile energy component is 

the difference between total stroke work W and the steady energy component Ws (Eqn. 

(3.18)). 

Step 5: Instantaneous power P(t) was computed as the point-to-point product of the 

measured aortic pressure and flow signals. Forward and reflected instantaneous powers 

were calculated from the resolved components of the aortic pressure and flow signals. 
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Step 6: Total power P was calculated in the frequency domain as the sum of mean power 

Pm and pulsatile power Po where Pm was calculated as the product of the square of the 

absolute value of flow and the absolute value of impedance at 0 Hz. In contrast, Po was 

calculated as half the sum of the product of the square of the absolute value of flow, the 

absolute value of impedance, and the cosine of the phase of impedance at all harmonics. 

(Eqn. (3.21)). In the time domain, the total power P was calculated as the integral of P(t) 

after interpolating the signal to 1 μs. Then the integrated value was divided by the heart 

period. The mean power Pm was calculated as the product of mean pressure and mean 

flow (Eqn. (3.19)). And the pulsatile power Po was calculated as the difference between P 

and Pm.  

Statistical Analysis 

The computed parameters were statistically analyzed with mean, standard deviation, and 

one-way ANOVA, and Pearson’s Correlation. Post-hoc analysis of the results of one-way 

ANOVA was performed using the Tukey-Kramer test. All the statistical tests were 

performed with p<0.05 taken as the level of significant difference. 

Results 

Table 5 summarizes the hemodynamic parameters of the experimental subjects. 

Intravenous infusion of MTX resulted in significantly increased pressure, both systolic (p = 

0.003) and diastolic (p = 0.003), as well as mean pressure (p = 0.003) with a slower heart 

rate (p = 0.248) and statistically insignificant changes in stroke volume in comparison with 

the control group. The increase in pulse pressure was also statistically insignificant. In 

contrast to the HBP group, vasodilator administration resulted in significantly decreased 
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diastolic and mean pressure (p=0.018 and p=0.017, respectively). The decrease in systolic 

and pulse pressure, the increase in heart rate, and the increase in stroke volume were 

statistically insignificant compared to the control group.  

Table 5 Hemodynamic parameters of experimental subjects 

Group 

Systolic 

Pressure 

(mmHg) 

Diastolic 

Pressure 

(mmHg) 

Mean 

Arterial 

Pressure 

(mmHg) 

Pulse 

Pressure 

(mmHg) 

Heart Rate 

(beats/min) 

Stroke 

Volume 

(ml) 

Control Group 

Mean 119.8 94.8 104.6 25.0 138.0 8.9 

std 9.7 9.1 10.2 1.2 17.5 0.3 

HBP Group 

Mean 173.3 139.0 149.4 34.3 118.5 10.9 

std 23.4 13.9 16.6 8.1 20.1 4.3 

p-valuea 0.003 0.003 0.003 0.096 0.323 0.485 

VSD Group 

Mean 93.8 63.3 71.7 30.5 155.3 12.4 

std 9.9 13.6 10.9 3.8 4.6 1.0 
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p-valueb 0.098 0.018 0.017 0.379 0.398 0.153 

p-valuec <0.001 <0.001 <0.001 0.658 0.072 0.714 

HBP= Methoxamine induced hypertension and VSD= Nitroprusside induced vasodilation 

a Comparison between the hypertension group and the control group 

b Comparison between the vasodilation group and the control group 

c Comparison between the vasodilation group and the hypertension group 

However, the VSD group had significantly lower systolic, diastolic and mean pressure in 

comparison to the hypertensive group. Pulse pressure, heart rate, and stroke volume changes 

were statistically insignificant. 

Table 6 shows the calculated peripheral resistance and the characteristic aortic impedance 

in both the time domain and the frequency domain. Peripheral resistance is the same value, 

as expected, in both time domain and frequency domain as the steady flow power of the 

measured aortic pressure and flow signals at 0 Hz frequency always equals the mean aortic 

pressure and the mean aortic flow values, respectively. One-way ANOVA resulted in a 

statistically insignificant difference with p =1 and a correlation of r =1 (p < 0.001) between 

the two estimation methods. The characteristic aortic impedance was found to be 

numerically different, albeit similar, between the two estimation techniques (see Figure 7 

for the mean difference and the limits of agreement). The one-way ANOVA resulted in a 

statistically insignificant difference with p = 0.628, and a correlation of r = 0.421 (p=0.198) 

was found between the two methods of impedance estimation. Peripheral resistances and 

characteristic impedances of the HBP and the VSD groups were not significantly different 

from the control group. However, vasodilator use to treat hypertension resulted in 

insignificant characteristic impedance change (p = 0.988 in the time domain and p = 1.000 
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in the frequency domain) and lower peripheral resistance (p = 0.020) compared to the 

hypertension group. 

 

Figure 7 Comparison of aortic characteristic impedance estimation techniques 

The numerical difference in characteristic impedance and peripheral resistance resulted in 

different reflection coefficients amongst the three groups (see Figure 8 for the mean 

difference and the limits of agreement). It is also worth noting that the hypertensive state's 

reflection coefficient is higher than that in the normotensive state (p = 0.618 and p = 0.015 

from the frequency domain and the time domain methods). The vasodilated state's 

reflection coefficient is lower than that in the normotensive state (p = 0.009 and p < 0.001 

from the frequency domain and the time domain methods). Moreover, vasodilation reduced 

the high wave reflections due to increased pressure (p = 0.005 and p < 0.001 from the 

frequency domain and the time domain methods). Furthermore, the reflection coefficients 

that were calculated using the time domain method were lower than those values that were 

computed using the frequency-domain method for the normotensive and  
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Table 6 Comparison of time and frequency domain methods calculations of aortic 

characteristic impedance, peripheral resistance and reflection coefficient 

Group 

Frequency Domain Time Domain 

Zo 

[mmHg 

s ml-1] 

Rs 

[mmHg 

s ml-1] 

Γ (1st 

harmonic) 

Zo 

[mmHg 

s ml-1] 

Rs 

[mmHg 

s ml-1] 

Γ (1st 

harmonic) 

Control Group       

Mean 0.223 5.331 0.607 0.209 5.331 0.464 

std 0.098 0.654 0.161 0.027 0.654 0.051 

HBP Group       

Mean 0.198 8.326 0.717 0.189 8.326 0.643 

std 0.028 4.069 0.196 0.037 4.069 0.075 

p-valuea 0.912 0.191 0.618 0.776 0.191 0.015 

VSD Group       

Mean 0.198 2.314 0.145 0.194 2.314 0.147 

std 0.061 0.571 0.085 0.053 0.571 0.080 

p-valueb 0.908 0.187 0.009 0.861 0.187 <0.001 

p-valuec 1.000 0.020 0.005 0.988 0.020 <0.001 
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HBP= Methoxamine induced hypertension and VSD= Nitroprusside induced vasodilation 

a Comparison between the hypertension group and the control group 

b Comparison between the vasodilation group and the control group 

c Comparison between the vasodilation group and the hypertension group 

hypertensive cases (see Table 6) while the reflection coefficient for the vasodilated cases 

had very similar values. Οne-way ANOVA between the time domain and the frequency 

domain methods resulted in a statistically insignificant difference (p = 0.106), and a 

correlation of r = 0.827, p=0.002 was found between the two methods of estimation. 

 

Figure 8 Comparison of reflection coefficient estimation techniques 

Figure 9 shows the representative resolved forward and reflected components of the 

measured aortic flow and aortic pressure for each group. The reflected pressure waves are 

higher during acute hypertension and lower after vasodilator administration. Moreover, the 

reflected pressure wave arrives earlier in systole in acute hypertension and later with 

vasodilator infusion. It is also clear that the forward and the reflected waves are similar in 
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magnitude during diastole as the aortic valve is closed. The resolved flow components 

behave similarly to the pressure waves in terms of magnitude, except that more negative 

reflected flow is found with greater wave reflection. 

 

Figure 9 Resolution of aortic pressure and flow waves 

Figure 10 shows the frequency domain input impedance to the arterial tree. The plot 

reveals that 0 Hz impedance or the peripheral resistance Rs is higher in acute hypertension 

and lower during vasodilator administration, as expected (see Table 6). The phase is more 

negative during hypertension, and the phase being more negative implies decreased 

capacitance. The phase oscillates around zero during vasodilation, and that indicates an 

increased capacitive component of impedance. The plots also show impedance distribution 

over the first ten harmonics, whose average values are shown in Table 6. The phase 

changes reflect the change in quadrant (or sign) of the imaginary component in the 

frequency domain and this does not affect the absolute value that characterizes the aortic 

impedance. 
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Figure 10 Representative magnitude and phase plots of input impedance 

The total energy required by the heart to overcome the arterial load through stroke work for 

each group is shown in Figure 11. It is unambiguous that hypertensive hearts have to work 

more than the normal hearts and that the action of vasodilators reduces the work to be done 

by the hearts. The pulsatile pressure and flow waves' resolution manifests the energy 

produced by the heart that propels the blood forward (forward energy) and the energy 

reflected along the vasculature. The normal hearts used 128.4  15.6 mJ of energy to 

overcome the impedance with a total forward energy of 232.3  25.5 mJ while 105.6  

20.1 mJ was reflected along the vasculature. On the other hand, the hypertensive hearts 

used 215.9  66.1 mJ (p = 0.1441 vs control) of energy to overcome the peripheral 

resistance with a total forward energy of 544.5  120.0 mJ (p = 0.419 vs control) while 

335.8  55.5 mJ (0.0125 vs control) was reflected along the vasculature. The use of 

vasodilators reduced the energy that was used by the heart (122.4  21.9 mJ, p = 0.123 vs 

HBP) to normal levels with a total forward energy of 156.2  44.5 mJ (p = 0.0201 vs HBP) 
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while 32.7  35.0 mJ (p = 0.0026 vs HBP) was reflected along the vasculature. The VSD 

group reflected less energy than the control group.  

 

Figure 11 Forward and reflected energy components 

The instantaneous power calculated from the aortic pressure and flow signals of 

representative cases is shown in Figure 12. The plot indicates that the induced hypertension 

group generates more power than the control group, and the vasodilator therapy reduces 

this increased power generation. The time domain and the frequency domain calculations 

of total power and mean power that had been used by the heart showed no significant 

differences among the groups. The total forward power generated by the heart was 2043.4 

 435.3 mW, 4383.0  615.9 mW and 1277.1  580.5 mW of which 1719.0 368.6 mW, 

3941.4  550.1 mW and 894.5  573.2 mW was reflected along the vasculature. The 

frequency-domain method of calculation resulted in higher total power for all datasets (see 

Table 7) with a statistically significant difference (p < 0.001), and a correlation of r = 0.991 
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(p<0.001) was found. However, the time domain method of calculation resulted in higher 

mean power for all the datasets with a statistically significant difference (p < 0.001) and a 

correlation of 0.999 (p<0.001). Pulsatile power calculations from both the methods resulted 

in a significant difference between the VSD group and both the control and the HBP 

groups. But there was no significant difference between the control and the HBP groups. 

Furthermore, the frequency domain method resulted in significantly higher pulsatile power 

compared to the time domain method (p < 0.001) with a correlation of 0.977 (p<0.001). 

 

Figure 12 Representative instantaneous power generated by the heart 
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Table 7 Calculated Total Power in the Time Domain and Frequency Domain 

(including the mean and in-phase pulsatile powers) 

Group 

Time Domain Frequency Domain 

Total 

Power 

(mW) 

Mean 

Power 

(mW) 

Pulsatile 

Power 

(mW) 

Total 

Power 

(mW) 

Mean 

Power 

(mW) 

Pulsatile 

Power 

(mW) 

Control Group 

Mean 324.4 304.7 19.7 346.5 290.5 56.0 

std 73.3 71.4 1.8 74.0 67.1 7.3 

HBP Group 

Mean 441.6 423.8 17.8 471.9 407.0 64.9 

std 129.5 126.6 2.9 132.2 124.6 9.4 

p-valuea 0.228 0.206 0.934 0.201 0.200 0.648 

VSD Group 

Mean 382.6 316.9 65.6 434.9 310.3 124.5 

std 37.4 35.9 13.5 39.5 37.1 22.1 

p-valueb 0.657 0.980 <0.001 0.415 0.944 <0.001 

p-valuec 0.705 0.336 <0.001 0.873 0.380 0.001 
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HBP= Methoxamine induced hypertension and VSD= Nitroprusside induced vasodilation 

a Comparison between the hypertension group and the control group 

b Comparison between the vasodilation group and the control group 

c Comparison between the vasodilation group and the hypertension group 

Discussion 

An increase in pulse pressure is often associated with increased wave reflection, which has 

been attributed to increased arterial stiffness. Both increased peripheral resistance and 

arterial stiffness augment input impedance that comprises the arterial load, making the 

heart work harder to maintain the stroke volume. This is often observed in chronic 

hypertension.  Thus, wave reflection serves as an indicator of the pulsatile arterial load to 

the heart. It has been quantified through the reflection coefficient in the frequency domain, 

and it is calculated from the measured pressure and flow waveforms based on the 

impedance method, as shown in the present study. The amount of wave reflection has also 

been accounted for in the time domain by the separation of pressure and flow into forward 

and reflected waves, as presented in the study. Results from the present experimental study 

show that the two methods are well correlated and the differences between the methods 

were statistically insignificant in terms of estimating characteristic impedance or the 

amount of wave reflections. Bland-Altman analysis of the methods shows the limits of 

agreement between the methods, and this difference can be attributed to the uncertainty in 

determining the characteristic impedance. The nonuniformities in large and small elastic 

arteries and geometric properties (e.g., branching and tapering) are encompassed by the 

frequency domain input impedance, particularly in its oscillations. These frequency-

domain oscillations are attributed to the variable reflected waves, also due to elastic and 

geometric mismatching. However, the time domain method is simpler and faster to use in 



  

 

 

53 

the clinical setting than the frequency domain method to quantify the wave reflections. 

Furthermore, the time domain reflection coefficient had significant differences among all 

groups, while the frequency domain method failed to differentiate the hypertension group 

from the normal group. 

Increased reflection coefficients of the HBP group (Table 6) result in higher energy 

generation and expenditure per beat (Figure 11). In the present study, the hypertensive 

group generates almost twice the energy as the normal group. The action of the vasodilator 

decreases the reflection coefficient (see Table 6). Decreased wave reflections result in less 

stroke work, which brings the heart's energy similar to the control group. The decrease in 

external work compared to the hypertensive group is due to a decrease in peripheral 

resistance caused by profound dilation of the peripheral arteries and significantly reduced 

wave reflections. The latter resulted in significantly less reflected energy. Such a distinct 

difference between the control group and the vasodilator group is the reduction in pressure, 

increased stroke volume, and faster heart rates. Thus, the heart's total external work is 

similar even when the pressure and stroke volume ranges are different.  

When the time domain method and the frequency domain method to compute ventricular 

power are compared, the difference in all the power components computed must be taken 

into account. There is a distinct difference between the total power, the mean power and 

the pulsatile power calculated from the two methods (both statistically and numerically). 

This can be traced back to the definition of power in the frequency domain method. Mean 

power is defined as the 0 Hz harmonic power of the pressure and the flow signals. This is 

mathematically the statistical average of the samples of both signals. Meanwhile, the time 

domain method uses the mean pressure and flow calculated by integrating the signals over 

the entire cardiac cycle. They are mathematically different, and the frequency domain 
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method depends on the sampling rate. It should also be noted that the time domain method 

is susceptible to numerical integration error. However, it should be negated by 

interpolating the signal to low time scales. The oscillatory or pulsatile power, Po (Eqn. 

(3.21)) considers only the in-phase or cosine components. At the same time, the time 

domain method directly computes pulsatile power and instantaneous power from measured 

aortic pressure and flow waveforms. 

Another critical aspect of the present study lies in translating the results from the dog 

model to human physiology. Even though dogs have different characteristic impedance, 

peripheral resistance, and heart rate, the aortic pressure and the aortic flow waveforms are 

similar, and the impedance harmonics, the reflection harmonics, and the power plots are 

roughly comparable (J. K.J. Li & Noordergraaf, 1991). Much earlier studies by other 

investigators showed that administration of norepinephrine, a potent vasoconstrictor, 

increased the power during systole (Snell & Luchsinger, 1965). The systolic power 

calculated from our study also shows an increase in power during acute hypertension 

induced with methoxamine, also a potent vasoconstrictor. This increased power was 

reversed when the potent vasodilator nitroprusside was infused (see Figure 12). Acute 

hypertension also caused increased impedance and heart rate similar to another study (M. 

F. O’Rourke, 1970). The increased wave reflections result in pulsatile energy being lost 

which has not been shown in previous studies (John K.J. Li, 1989; M. F. O’Rourke, 1970; 

Snell & Luchsinger, 1965) Furthermore, the action of vasodilator unloads the heart by 

reducing the energy lost. This unloading is particularly visible in mid-to-late systole.  

Consideration of the pulsatile nature of blood flow in clinical assessment has been 

commonplace. Wave intensity analysis, introduced by Parker (Khir & Parker, 2005; Parker 

& Jones, 1990), has been used to study the pulse wave's reflection phenomenon. This 
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method computes the wave intensity as a sum of intensities of wavelets and assumes no 

linearity or periodicity on the part of the arterial system. Even though non-linearity is 

prescribed in the one-dimensional flow equations used to calculate wave intensities, the 

assumptions for the resolution of components in this method result in similar linear 

impedance calculations. While the wave intensity method could be used to compute energy 

flux, the time domain method described in this paper can calculate the total energy (both 

useful and wasteful) and the total power that the arterial system uses. However, the wave 

intensity method is useful in calculating the distance of the reflection sites. The application 

of the time domain method described in the present study lies in quantifying reflections. 

In addition to the wave intensity analysis, some studies infer a limited role for the reflected 

wave under conditions that increase pulse pressure (Y. Li, Gu, Fok, Alastruey, & 

Chowienczyk, 2017; Torjesen et al., 2014; Vennin et al., 2017). Torjesen et al. and Li et al. 

advance the idea that change in ventricular ejection or contraction increases the pulse 

pressure. Vennin et al. state that the reflection wave characteristics are negligible at pulse 

pressure. It should also be noted that Torjesen et al. used the augmentation index to 

develop the linear model based on wave morphology and Li et al. used the ratio of the 

waves in the time domain as the reflection ratio. The augmentation index calculated based 

on inflection pressure tends to be close to zero at both vasoactive states because of the 

definition of the inflection pressure when the arterial compliances tend to be in different 

states. The reflection ratio from Li et al. is beyond the scope of this research. However, Li 

et al. conclude that arterial reflections are affected when the vascular muscle tone is 

affected by Nitroglycerine. Our results also show that vasodilation significantly reduces 

reflections. 
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Furthermore, methoxamine and nitroprusside affect the systemic pressure through 

peripheral effects. Their direct impact on the heart seems minimal (John K.J. Li, 2018; 

Starling, 1993). Vennin et al. also discuss the error in central pressure prediction during 

early systole under the assumption of zero or limited reflections. This shows the need for 

future validation studies to determine the acceptable clinical limits of predictions with 

models that assume the propagation of pressure waves and zero or limited reflections. 

Recent research in right ventricular stroke work has revealed the need for accounting the 

pulsatile nature of the pulmonary vasculature (Chemla et al., 2013). The methods described 

in the present study can be easily incorporated for pulmonary hypertension treatment 

through the calculations of reflections and stroke work and assess the impact of a specific 

drug on the pulmonary vasculature. Other methods have also come up with an index based 

on the pulsatile component as a risk factor for coronary artery disease using the principal 

component analysis (Darne, Girerd, Safar, Cambien, & Guize, 1989). The separation of 

steady flow and pulsatile flow energy utilization, as presented here, has been less common 

but it is shown here to be pertinent in evaluating the state of the external work of the heart. 

The time-domain method described in the present paper can help future clinical studies 

better understand the mechanics of blood flow in a specific group of interest. Input 

impedance that represents the complex vascular load in terms of its structural properties 

(Kelly & Fitchett, 1992; Stéphane Laurent & Boutouyrie, 2015; W. Li & Ahn, 2012) such 

as characteristic impedance, arterial compliance, and peripheral resistance, can exert 

significant influences on the energy utilization associated with the propagating pulse. As 

we demonstrated in the present study, wave reflections result in the wasteful use of 

pulsatile energy. 
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The beneficial effect in vasodilators' use is clearly demonstrated here in its ability to revert 

the wasteful energy consumption due to induced hypertension. It is likely that other anti-

hypertensive drug therapies beyond nitrates, such as beta-blockers, calcium channel-

blockers, and angiotensin-converting enzyme inhibitors can also bear such overall and 

pulsatile energy-reduction benefits through reduction of wave reflections, as we have 

demonstrated here. We recognize that the small sample size for each of the three groups in 

this experimental study is a limitation.  This, for instance, is seen in the large standard 

deviation of peripheral resistance in the hypertensive group.  The data presented here 

nevertheless serve to differentiate hemodynamic and energetic differences.  With a larger 

pool of experimental or clinical data, we believe we will arrive at similar conclusions. 
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Chapter 4 Augmentation Index in the Assessment of 

Wave Reflections 

Introduction 

Hypertension has been recognized as a silent killer that precipitates many forms of 

cardiovascular diseases (John K.J. Li, 2018; Weber et al., 2005). Its associated elevation in 

blood pressure results in a significantly increased vascular load to left ventricular (LV) 

ejection (John K.J. Li, 2000). Increased vascular stiffness and pulse wave reflections are 

the dominant factors associated with the stubborn increase in pressure, particularly the 

central aortic pressure (Avolio et al., 2009). The amplification of pressure pulses has been 

attributed to the in-phase summation of reflected waves from structural and geometric 

nonuniformities(Kaya, Balasubramanian, Ge, & Li, 2019). Pressure (P) and flow (Q) 

waveforms measured at any site in the vascular system can be considered as the summation 

of a forward (Pf), or antegrade, traveling wave and a reflected (Pr), or retrograde, traveling 

wave: 

𝑃 = 𝑃𝑓 + 𝑃𝑟        (4.1) 

𝑄 = 𝑄𝑓 + 𝑄𝑟        (4.2) 

Pf and Pr can be resolved as: 

𝑃𝑓 = (𝑃 + 𝑄. 𝑍𝑜 )/2        (4.3) 

𝑃𝑟 = (𝑃 − 𝑄. 𝑍0)/2                    (4.4) 
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where Zo is the characteristic impedance. Forward and reflected waves can also be resolved 

in the time domain(John K.J. Li, 1986).   

Both forward and reflected waves are associated with a modulus and phase that varies with 

frequency. Their ratio defines the reflection coefficient as in equation (4.3) or: 

𝛤 = |𝛤|∠𝛷𝛤        (4.5)  

Its principal component, Γ1, has the largest reflection magnitude. Augmentation index (AIx) 

based on central aortic pressure has been widely used to characterize both the increased 

vascular stiffness and wave reflections (Climie, Nikolic, Otahal, Keith, & Sharman, 2013; 

Gurovich, Nichols, Braith, & Conti, 2014).  The definition of AIx is based on the ratio of 

the difference of peak systolic pressure (Ps) and pressure at the inflection point during 

systolic upstroke (Pi), or the augmented pressure, ΔP to pulse pressure (PP), viz: 

𝐴𝐼𝑥 =
𝛥𝑃

𝑃𝑃
        (4.6) 

Where PP=Ps-Pd, is the difference between aortic systolic and diastolic pressures. Pi is 

identified as the aortic pressure that corresponds to peak aortic flow. This is illustrated in 

Figure 13. The augmented pressure, ΔP, has been used widely as an index of wave 

reflections, and the change in augmented pressure is considered a proportional response of 

the changes in the amount of wave reflection (Namasivayam, McDonnell, McEniery, & 

O’Rourke, 2009; Nichols & Singh, 2002; P. Segers et al., 2006; Torjesen et al., 2014). 
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Figure 13 Simultaneously recorded aortic pressure and flow waveforms, showing Ps, 

Pd, Pi, PP, and ΔP 

Additionally, Pi can be determined from pressure alone, making AIx not dependent on the 

ejecting blood flow.  The simplicity of calculating AIx based on aortic pressure waveform 

alone led to many subsequent approaches aimed at constructing central aortic pressure 

from noninvasive superficial arterial pressure measurements via applanation tonometry, 

most commonly from the radial artery, carotid artery or the femoral artery (Cameron, 

Mcgrath, & Dart, 1998; C. H. Chen et al., 1997, 1996; Dhindsa, Barnes, DeVan, Sugawara, 

& Tanaka, 2011).  The transfer function approach has been the most popular. We have also 

introduced a new approach that has yet to be implemented for tonometry applications (A. 

Patel et al., 2017). The association of hypertension with increased large vessel vascular 

stiffness has been well recognized. AIx has also been widely used as an index of vascular 

stiffness, along with pulse wave velocity (PWV).  Increased wave reflection has been 

shown to increase central aortic pressure (John K.J. Li, 2018).  For this reason, AIx has also 

been used as an index of wave reflections. In this study, we hypothesize that AIx is not 
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equivalent to the reflection coefficient and AIx consistently underestimates the amount of 

wave reflections.  

Materials and Methods 

Data Collection 

Firstly, we performed our experiments that involved simultaneously measured aortic 

pressure and aortic flow, and the details have been reported elsewhere [5]. Mongrel dogs 

(n=5) that weighed 22 kg on average were anesthetized intravenously using Nembutal (30 

mg kg-1) after the University IACUC approval had been obtained. A left thoracotomy was 

performed at the fifth intercostal space to facilitate an electromagnetic flowmeter 

placement in the ascending aorta. A Millar catheter-tip pressure transducer was placed at 

the flow measurement site by advancing the catheter from the femoral artery. 

Normotensive aortic pressure and aortic flow measurements were taken as control, while 

hypertensive aortic pressure and flow measurements were recorded after intravenous bolus 

infusion of methoxamine (2 to 5 mg ml-1). Subsequently, vasodilation was induced with an 

intravenous bolus infusion of nitroprusside (50 μg ml-1). Moreover, lead II 

electrocardiogram was established to record the rhythm of the heart. The measured aortic 

pressure, aortic flow, and electrocardiogram were later digitized at 100 Hz and then stored 

in the computer for further analysis. In all, six normotensive, three hypertensive, and three 

vasodilated recordings were obtained covering a wide range of blood pressures and 

waveforms for further analysis. 

In addition to our own collected data, data of canine aortic pressure and flow waveforms 

published by other researchers on Mendeley data (Mendeley Ltd., London, United 
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Kingdom) were also utilized. Aortic pressure and aortic flow data from three 

normotensive, five vasoconstricted and five vasodilated dogs were also collected 

(Burattini, Natalucci, & Campbell, 1999; Gnudi, 1998; Higashidate, Tamiya, Beppu, & 

Imai, 1995; Jiun Jr Wang, Bouwmeester, Belenkie, Shrive, & Tyberg, 2013). Similarly, 

four datasets of aortic pressure and aortic flow in dogs whose hearts had been electrically 

stimulated by a pacemaker were obtained from Patel et al. (B. G. Patel et al., 2002). 

Furthermore, four aortic pressure-flow measurements were extracted from Ali et al. (Ali et 

al., 1999) in which the dogs had been subjected to electrical stimulation of latissimus dorsi 

(LD) muscle after cardiomyoplasty (CMP) with or without a vascular delay (VD) 

procedure performed on them. Two sets of aortic pressure and aortic flow data with 

expanded plasma were acquired from Dujardin et al. (Dujardin & Stone, 1981; Dujardin, 

Stone, Paul, & Pieper, 1980). The former was also used to acquire three sets of aortic 

pressure-flow data under control, fluid infusion and hemorrhage conditions. Aortic 

pressure-flow data of a stenotic aorta and that of a vascular system that caused diastolic 

oscillations along with their respective control states were procured from Khir et al. (Khir 

& Parker, 2005)and Fogliardi et al. (Fogliardi, di Donfrancesco, & Burattini, 1996) 

respectively.  

The digitized data were resampled to 100 Hz using linear interpolation on a 2.6 GHz Intel 

i5 Processor using Matlab 2017b (The Mathworks Inc., Natick, Massachusetts, USA) and 

were stored for further analysis. All the datasets were one heartbeat in length. The stored 

aortic pressure data were then used to identify systolic pressure Ps, diastolic pressure Pd, 

pulse pressure PP and inflection pressure Pi, in the same heartbeat as defined in Figure 13 

and to resolve the aortic pressure waveform into its forward and reflected components to 

calculate the reflection coefficient. Furthermore, augmentation indices were also calculated 
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only with the pressure based on the method analyzed by Segers et al. (Patrick Segers et al., 

2007). Here, we have used the notation AIx for augmentation indices that were calculated 

only with the pressure signal and the notation AIy for augmentation indices that were 

calculated from both the pressure and the flow signals. 

The calculations were carried out based on the following steps with the same specifications 

that were used for discrete interpolation: 

Step 1: The characteristic impedance of the aorta (Zo) was calculated by transforming the 

signals into the frequency domain. The process involved computing the frequency 

components' complex coefficients through the Fast Fourier Transform (FFT) algorithm. 

The calculated coefficients were then used to define the characteristic impedance as the 

average of the absolute value of the ratio of the higher harmonics (3 Hz to 10 Hz) of the 

pressure and the flow signals. Care was taken to make sure that the average was not 

skewed towards mathematical exceptions from Fourier coefficients by removing outliers 

using the moving average technique. The results were independently verified before the 

wave resolution step was performed.  

Step 2: The calculated Zo was used to resolve the pressure signal into its forward or 

antegrade traveling wave Pf and reflected or retrograde traveling wave Pr, using equations 

(4.3) and (4.4). 

Step 3: The resolved pressure components were then utilized to compute the reflection 

coefficient, which was defined as the absolute value of the ratio of the fundamental (first) 

harmonic of the reflected wave to that of the forward wave as in equation (4.5). 
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Step 4: A linear search algorithm was employed to find the peak of the flow signal. The 

index of the peak was then used to record the inflection pressure Pi. Systolic pressure Ps 

was recorded by employing the linear search algorithm on the pressure signal samples. The 

algorithm involved comparing each sample with a designated maximum sample. The 

designated sample was taken as the first sample, and it was updated every time a new 

maximum was found. At the end of the linear search, the designated sample would be the 

maximum of the entire signal. The diastolic pressure Pd was recorded as the amplitude of 

the last pressure sample. Augmentation Index AIy was then calculated as the ratio of ΔP 

and PP as described in equation (4.6). Similarly, the second derivative of the pressure 

waves was calculated, and the first two zero-crossings were found using a linear search 

algorithm, and the median of the time between the zero-crossings was stored as the 

inflection point. Then, the inflection pressure was used to calculate AIx, similar to the 

calculation of AIy.  

Furthermore, the calculated augmentation indices were normalized with respect to heart 

rate to make the indices independent of peripheral resistance changes (Wilkinson et al., 

2000). The augmentation indices were normalized to heart rate based on a linear regression 

of the augmentation indices and the heart rate data that we had collected. The regression 

equation was then used to find the difference component that normalizes the augmentation 

indices to 100 beats per minute by the following equations.  

𝐴𝐼𝑦 = 0.4149 +  0.0017 𝐻𝑅     (4.7) 

𝐴𝐼𝑥 = 0.482 + 5.004𝑒−4  𝐻𝑅     (4.8) 
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Statistics 

Based on the initial 12 datasets we collected, the overall difference between AIy and Γ1 had 

a statistical power of 95% for 15 datasets, and we ended up collecting 30 more datasets 

from the literature. The collected data were classified into four groups viz. normal, 

vasoconstriction, vasodilation, and pacing. The groups had 12, 8, 12, and 8 datasets, 

respectively. Systolic Augmented pressures were then calculated based on both reflected 

wave and inflection pressure and were tested for significant differences by subjecting each 

group to a paired t-test that tails to the right. Similarly, systolic forward amplitude and 

inflection pressure were tested for significant differences by subjecting each group to a 

paired t-test that tail to the left. Both the comparisons were also tested for significance 

using paired t-tests so that the effects in both directions are known to the readers. 

Moreover, Bland-Altman analyses were performed to interpret the results. The collected 

augmentation index AIx and reflection coefficient Γ1 data were then subjected to a one-way 

ANOVA test along with the Tukey-Kramer method for post-hoc analysis to quantify 

significant differences. Normality tests for the datasets were performed using the Lilliefors 

test with the null hypothesis that the data were normally distributed. Lilliefors test was 

chosen since the expected value of the underlying population mean, and standard deviation 

were unknown before data analysis. Furthermore, a least-squares linear regression model 

was developed to model the relationship between AIx and Γ1, and Bland-Altman analysis 

was performed to interpret how much augmentation index agrees with the actual reflection 

coefficient that has been defined in the literature. The significance sought for the statistical 

methods was 95% confidence level. Two of the datasets could not be grouped under any of 

the 4 groups. However, they were included in Bland Altman analysis and regression model 

analysis. Similarly, Bland Altman analysis and regression model analysis were performed 
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between the normalized augmentation index and the reflection coefficient. Moreover, one-

way ANOVA was performed on normalized augmentation indices. Besides, correlates of 

AIy were computed based on Sherman et al. (Sharman, Davies, Jenkins, & Marwick, 2009) 

to find the parameters that vary with AIy other than the reflection coefficient. The correlates 

that had been included were the reflection coefficient, arterial reservoir pressure, ejection 

period, and heart rate. 

Results 

 The reflection amplitude means were significantly higher than the augmented pressure 

means under normal (M: 6.79 and SD: 3.62 mmHg vs. M: 4.23 and SD: 2.31 mmHg, p = 

0.025) and vasodilated (M: 4.57 and SD: 2.96 mmHg vs. M: 2.36 and SD: 3.00 mmHg, p = 

0.042) conditions while there was no significant difference under induced hypertension 

(M: 10.48 and SD: 7.02 mmHg vs. M: 9.77 and SD: 6.52 mmHg, p=0.419) and pacing 

conditions (M: 8.80 and SD: 9.48 mmHg vs. M: 13.06 and SD: 16.56 mmHg, p=0.731) 

compared to reflection amplitude. The two-tailed t-test results between reflection 

amplitudes and augmented pressures indicated there were no significant differences under 

normal (0.053), vasoconstricted (0.837), vasodilated (p=0.083), and pacing (p=0.541) 

conditions. However, forward amplitude means were not significantly lower than inflection 

pressure means under normal (p=0.489), vasodilated (p=0.521), vasoconstricted (p=0.499) 

and pacing conditions (p=0.730). The two-tailed tests between the considered variables 

resulted in insignificant differences under all conditions (normal: p=0.977, 

vasoconstriction: p=0.958, vasodilation: p=0.999 and pacing: p=0.541). 

The normality test of augmented pressure and reflection amplitude differences and 

inflection pressure and forward amplitude differences rejected the null hypothesis. Bland-
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Altman analysis of augmented pressure and reflection pressure showed a mean difference 

of -0.777. Similarly, Bland-Altman analysis of inflection pressure and forward amplitude 

showed a mean difference of 0.877. These plots indicated that augmented pressure was 

underestimated compared to reflection pressure and that inflection pressure was 

overestimated compared to forward amplitude (Figure 14). 

 

Figure 14 Bland Altman Analyses of parameters that are used to calculate 

Augmentation Index and Reflection Coefficient 

Table 8 shows the reflection coefficient and the augmentation index of all datasets. The 

augmentation index calculated based on both pressure and flow or AIy was lower than the 

reflection coefficient in all the subjects except three datasets from the pacing group. 

Moreover, the augmentation indices were either close to or equal to zero in 16 subjects 

when the reflection coefficients were greater than zero because the inflection pressures 

were close to their systolic pressures making ΔP close to zero. The normality test failed to 

reject the null hypothesis for AIy of all the groups and Γ1 of normotensive and 

vasoconstricted groups, while the normality test accepted the null hypothesis for AIy of the 
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vasodilation group and the pacing group. One-way ANOVA test resulted in significant 

differences in AIy between the normal and the pacing groups (p = 0.004) and between the 

vasodilation and the pacing groups (p<0.001). There were no other significant differences 

among the 4 groups. In the case of Γ1, there were significant differences between the 

normal and the vasoconstriction groups (p = 0.009), the vasoconstriction and the 

vasodilation groups (p<0.001), and the vasodilation and the pacing groups (p = 0.043). 

There were no other significant differences among the 4 groups. Augmentation indices AIx 

and AIy differ by a mean value of 0.100. The normality test failed to reject the null 

hypothesis for AIx under normotensive, and pacing conditions and the test accepted the null 

hypothesis for AIx under vasoconstricted and vasodilated conditions. ANOVA results 

indicated that there were no significant differences among the groups.  

Table 8 Summary of pressure parameters in comparison with reflection indices under 

different conditions 

S. No. Ps 
a 

(mm

Hg) 

Pd 
b 

(mm

Hg) 

PP c 

(mm

Hg) 

Pi 
d 

(mm

Hg) 

Pi 
e
 

(mmHg) 

AIx 
f AIy 

g Γ1 
h 

1 120.0 96.0 24.0 120.0 118.0 0.000 0.083 0.504 

2 111.0 96.0 15.0 110.0 109.0 0.048 0.095 0.293 

3 132.0 105.0 27.0 132.0 125.0 0.000 0.259 0.453 

4 114.0 90.0 24.0 114.0 112.0 0.000 0.083 0.458 

5 105.0 80.0 25.0 104.0 99.0 0.040 0.240 0.518 
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6 128.0 103.0 25.0 127.0 125.0 0.040 0.120 0.387 

7 156.0 130.0 26.0 151.0 145.0 0.192 0.423 0.556 

8 200.0 155.0 45.0 198.0 184.0 0.044 0.356 0.696 

9 164.0 132.0 32.0 158.0 149.0 0.188 0.469 0.675 

10 96.0 65.0 31.0 87.0 96.0 0.290 0.000 0.067 

11 83.0 49.0 34.0 79.0 82.0 0.118 0.029 0.150 

12 102.4 76.0 26.4 98.4 100.0 0.152 0.091 0.226 

13 115.4 93.5 21.9 114.0 109.6 0.061 0.263 0.387 

14 127.8 94.2 33.6 126.3 127.8 0.044 0.000 0.192 

15 110.2 84.9 25.3 86.6 110.0 0.933 0.010 0.215 

16 86.7 63.0 23.6 67.2 86.6 0.824 0.004 0.195 

17 68.3 43.4 24.8 68.4 68.2 0.014 0.072 0.612 

18 68.0 50.5 17.6 68.4 68.0 0.036 0.141 0.548 

19 69.1 56.3 12.8 68.9 67.3 0.000 0.389 0.496 

20 70.8 50.5 20.3 70.5 65.2 0.005 0.164 0.108 

21 72.5 52.8 19.7 72.2 70.9 0.015 0.081 0.410 
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22 82.4 43.8 38.6 81.3 75.1 0.028 0.190 0.393 

23 114.3 43.3 71.0 76.9 95.9 0.527 0.260 0.815 

24 93.4 77.7 15.8 93.4 85.6 0.000 0.497 0.586 

25 91.5 76.5 15.1 91.0 83.7 0.032 0.517 0.573 

26 116.4 60.2 56.2 116.3 75.6 0.002 0.726 0.598 

27 94.3 56.0 38.3 92.8 56.0 0.040 1.001 0.762 

28 64.9 38.9 26.0 59.2 61.3 0.218 0.137 0.700 

29 96.3 76.7 19.6 96.0 94.4 0.014 0.094 0.886 

30 68.7 36.8 32.0 68.6 68.7 0.003 0.003 0.496 

31 97.9 77.8 20.1 97.5 96.3 0.018 0.076 0.758 

32 127.2 85.0 42.2 123.1 121.4 0.099 0.138 0.737 

33 214.4 152.0 62.5 209.3 188.7 0.083 0.412 0.752 

34 172.0 125.2 46.8 171.6 170.1 0.008 0.040 0.272 

35 208.1 154.3 53.8 206.4 203.2 0.033 0.091 0.335 

36 110.9 49.4 61.5 109.6 108.4 0.021 0.040 0.228 

37 91.5 47.0 44.5 91.2 91.5 0.006 0.000 0.239 
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38 73.5 53.4 20.1 73.5 66.5 0.000 0.351 0.410 

39 157.7 121.9 35.8 156.9 148.3 0.023 0.264 0.896 

40 171.8 137.9 33.9 167.0 162.6 0.142 0.273 0.559 

41 130.2 87.3 42.9 128.2 123.9 0.046 0.147 0.462 

42 111.0 90.4 20.6 108.1 108.7 0.140 0.111 0.373 

a - Systolic Pressure; b – Diastolic Pressure; c – Pulse Pressure; d – Inflection Pressure 

calculated from pressure only; e – Inflection Pressure calculated from flow signal; f - 

Augmentation Index calculated from pressure only; g- Augmentation Index calculated from 

flow signal; h – Reflection Coefficient 

The normality test of differences between AIx and Γ1 rejected the null hypothesis with p = 

0.022. Bland-Altman analysis revealed a bias line that lay above the 95% confidence 

interval of the mean difference between AIx and Γ1 (Figure 15A). This showed that the 

reflections were underestimated. The linear model (Figure 15B) that was used to explain 

the relationship between AIx and Γ1 explained only 1.18% of the variation between the 

variables. It was not significant compared to a zero-slope model (p = 0.230). The normality 

test of the differences between AIy and Γ1 failed to reject the null hypothesis with p = 

0.244. A Bland-Altman analysis of AIy and Γ1 revealed a bias line that lay above the 95% 

confidence interval of the mean difference between AIy and Γ1 (see Figure 15C). This 

showed that AIy underestimated the actual reflections even when the flow signals were 

used to compute the augmentation index. The relationship between the augmentation index 

and reflection coefficient was explained by a linear regression model (Figure 15D). The 

constant term in the regression equation revealed that the reflection coefficient was on 

average 0.369 when the augmentation index was zero due to zero or very small ΔP. The 
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model accounted for 23.27% of the variation between AIx and Γ1 (adjusted R2 = 0.233), and 

the model was significant in comparison to a zero-slope model (p<0.01). 

 

Figure 15 Analysis of the relationship between Augmentation Index and Reflection 

Coefficient 

 

 

Figure 16 Heart Rate Normalization of Augmentation Index 
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Figure 16 shows the calculated augmentation indices along with the normalized indices 

along with their regression lines.  16A shows the scatter plot of AIx that was calculated 

from pressure wave only and the corresponding normalized AIx with Heart Rate as the 

reference. The solid line represents the regression line between AIx and heart rate, and the 

dashed line represents the regression line between normalized AIx and heart rate. 16B 

shows the scatter plot of Augmentation Index AIy that was calculated from pressure and 

flow waves and the corresponding normalized AIy with Heart Rate as the reference. The 

solid line represents the regression line between AIy and heart rate, and the dashed line 

represents the regression line between normalized AIy and heart rate. The normality test of 

the normalized AIx failed to reject the null hypothesis for the normotensive and the 

vasoconstricted groups. In contrast, the normality test rejected the null hypothesis for the 

vasodilated and pacing groups. 

One-way ANOVA revealed that there were no significant differences among the groups. 

The normality test of the differences between the normalized AIx and Γ1 rejected the null 

hypothesis with p = 0.003. Bland-Altman analysis of the normalized AIx and Γ1 revealed 

that the bias line lay above the mean difference line's 95% confidence interval (see Figure 

17A). This showed that the normalization of AIx still underestimated the reflections. The 

linear model that was generated to explain the variations between normalized AIx and Γ1 

resulted in a model that is not significantly different from a zero-slope model (Figure 17B).  

The normality test of the normalized AIy failed to reject the null hypothesis. One-way 

ANOVA resulted in insignificant differences among all the groups. The normality test of 

the differences between normalized AIy and Γ1 rejected the null hypothesis with p=0.001. 

Bland-Altman analysis revealed that the bias line lay above the 95% confidence interval of 

the mean difference between normalized AIy and Γ1 (see Figure 17C), which shows that the 
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normalized AIy also underestimates the actual reflections even when the flow waves are 

used to calculate AIy. The linear regression model (Figure 17D) revealed that the reflection 

coefficient was 0.342 when the normalized AIy was low due to low ΔP on average. The 

model accounted for 7.81% of the variation between the normalized AIy and Γ1 and the 

model was statistically significant compared to a zero-slope model (p-value = 0.017). 

Analysis of correlates showed that the AIy that was not normalized with heart rate had the 

highest correlation value with augmented reservoir pressure (r = 0.794, p < 0.001). The 

correlates in decreasing order of strength are reflection coefficient (r = 0.501, p < 0.001), 

ejection period (r = 0.382, p = 0.013) and heart rate (r = -0.333, p = 0.031). 

Discussion 

Conditions that pertain to increase systemic blood pressure generally tend to increase 

vascular stiffness, wave reflections, and augmented pressure. In this study, the 

augmentation index has been calculated from a variety of scenarios under which the 

arterial system was either vasoconstricted or vasodilated due to the action of 

pharmaceutical agents or homeostatic compensation. Here, we have computed 

augmentation indices using both aortic pressure and flow signals (AIy) and the pressure 

signal only (AIx). Furthermore, the corresponding reflection coefficient was calculated for 

comparison. A Bland-Altman analysis (see Figures 15A and 15C) and a visual inspection 

of the AIx and AIy data (see Table 8) showed that the augmentation index, in general, 

underestimated wave reflections. 
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Figure 17 Analysis of the relationship between Heart Rate normalized Augmentation 

Index and Reflection Coefficient 

The disparity between AIx and Γ1 has been explained below. The inflection pressure, which 

is the pressure at which aortic flow is maximum during a cardiac cycle, is close to the peak 

systolic pressure, particularly under vasodilated and normal conditions. However, a linear 

model between augmentation index with reflection coefficient shows that AIy has a strong 

relationship with Γ1 (see Figures 15D and 17D). Previous research has used the change in 

augmented pressure as an indicator of change in wave reflections (Avolio et al., 2009; 

Climie et al., 2013; Gurovich et al., 2014; Namasivayam et al., 2009; Nichols & Singh, 

2002; P. Segers et al., 2006; Torjesen et al., 2014). We have shown here that the 

proportional changes in AIx or AIy differ from the reflection coefficient or the fraction of 

the propagating wave that is reflected. These reflections are locally dispersed in space and 

time, which contribute to the reflection coefficient through its wave resolution process. 

Meanwhile, when AIx is calculated with its current definition, the lack of complete 
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underlying information on the wave dispersion phenomenon makes it an inadequate wave 

reflection marker. 

Normalization of the augmentation index with respect to the heart rate did not improve the 

results, and further analysis reveals that even normalized AIx still underestimates the 

central reflections (see Figure 17). A recent review has shed light on how serial elevation 

in the heart rate over prolonged time courses requires careful attention when augmentation 

indices are calculated (Stoner et al., 2014). In addition to heart rate, our data also showed 

that the augmentation index was strongly correlated to the ejection period and peak systolic 

pressure. Our AIy data were also correlated with the ejection period. The change in 

different pressure states affects the ejection period which is related to the temporal 

overlapping of forward and reflection waves (Mitchell et al., 2005). A recent 

computational modeling study has revealed that variations in augmentation index depend 

on both cardiac and vascular functions while the reflection parameter depends on only 

vascular parameters (Heusinkveld et al., 2019). The authors showed that changes in left 

ventricular stroke work did not necessarily change AIx while wave reflections are affected 

by stroke work under various scenarios. We have previously shown that hypertensive and 

vasodilation mechanisms severely affect the left ventricular stroke work and that these 

changes can be tracked by computing wave reflection parameters (Kaya et al., 2019). Our 

present results also indicate that both AIx and AIy are significantly different under 

hypertensive and vasodilated conditions compared to the normotensive scenario. These 

correlations indicate that a simple heart rate normalization will not be enough to capture 

the reflection phenomenon with the current definition of AIx. 

Several studies have shown that AIx is a good predictor of outcome in specific groups of 

patients such as those with acute ischemic stroke (Soiza, Davie, & Williams, 2010), end-



  

 

 

77 

stage renal failure (London et al., 2001) and those who undergo percutaneous coronary 

interventions (Weber et al., 2005). However, AIx has also been shown to be a less suitable 

measure of stiffness in the elderly (Fantin, Mattocks, Bulpitt, Banya, & Rajkumar, 2007) 

and type 2 diabetic patient groups (Lacy et al., 2004). Our data also showed a trend among 

the different groups. A true index of the augmentation phenomenon would differentiate the 

hypertension group from the normal group and the vasodilated group from the 

hypertension group as the reflection coefficient identifies significant differences in means. 

Even though the difference in AIy means among the normal, the vasoconstriction and the 

vasodilation groups were not significant, the data followed a trend of increased AIy under 

vasoconstriction and decreased AIy under vasodilation in comparison with the 

normotensive group. To sum up all the AIx related results, AIx is not an accurate surrogate 

measure of wave reflections.  

A recent study (Hwang et al., 2014) on the validity of measuring the augmentation index 

showed that the measurements of AIx were highly reliable in terms of determining them 

using a cuff-based pressure measurement method. It must be noted that the validation of 

these indices was based on brachial artery pressure measurements, and the computations of 

the augmentation index and the reflection coefficient in our study have been based on 

central blood pressure measurements.  It must also be acknowledged that there is a 

requirement for the broader consensus of the value of central blood pressure measurements 

(Townsend et al., 2016). However, the use of central blood pressure as an indicator of 

characteristic aortic impedance and arterial compliance has interesting applications in 

estimating arterial stiffness. With the advent of non-invasive peripheral pressure signal 

measurement techniques, the scope of AIx can be extended by converting the peripheral 

pressure measurements into central pressure values with the use of patient-specific transfer 
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function techniques. These values can be further used to compute non-linear compliance as 

defined in Kaya et al. (Kaya, Balasubramanian, Patel, Ge, & Li, 2018) and the reflection 

measures as calculated in the present study, can be used to define a new augmentation 

index that does not underestimate arterial stiffness. With such a device, the timing of the 

reflected wave (Liao, Cheng, Sung, Yu, & Chen, 2011) can be used as an indicator of the 

effects of pharmacological agents on diseased states such as isolated hypertension and 

heart failure. One of the other major applications that the authors foresee is the use of 

probabilistic learning techniques such as naive Bayes or logistic regression to compute 

pathophysiology states along with computations that we have done in our previous studies 

(Kaya et al., 2019, 2018). For example, with access to routine data collection during 

catheterization and blood flow estimation techniques, the parameters that we have 

calculated can be utilized to classify different disease states that a set of simple regression 

models cannot predict. 

One of the limitations of this study is the heterogeneity of data. The methods used to 

constrict or dilate the arteries were different for different datasets since they had been 

collected from various studies. However, the datasets that have been used in the study are 

heterogeneous and they help understand why AIx is underestimated under a variety of 

clinical scenarios. 
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Chapter 5 Quantification of Wave Reflection and 

Stiffness using Neural Networks 

Introduction 

Quantification of wave reflection is paramount to understanding the arterial 

pathophysiology that preceded most cardiovascular diseases. Literature has shown that the 

augmentation index has been used widely along with the wave separation technique for 

quantifying them. Some researches show reflection indices being more effective in 

explaining disease progression (see chapter 4). Clinically, reflection coefficient Γ is not as 

widely used as reflection index and reflection magnitude. Both reflection index and 

reflection magnitude were proposed by Westerhof et al. (B. E. Westerhof, Guelen, 

Westerhof, Karemaker, & Avolio, 2006a; N. Westerhof et al., 1972), which uses the wave 

separation technique shown in equations (4.1) and (4.2) in the previous chapter. Reflection 

magnitude is the ratio of the amplitude of the backward wave and the amplitude of the 

forward wave in the time domain and reflection index is the ratio of the amplitude of the 

backward wave and the sum of the amplitudes of the reflected wave and the forward wave. 

However, both the reflection index and the reflection coefficient are not equivalent to the 

reflection coefficient. All the three indices that quantify reflection differently require blood 

flow to be measured in addition to blood pressure measurement. Xiao et al. addressed the 

computation of reflection index and reflection magnitude in the absence of blood flow 

measurements via a cascade neural network model (Xiao et al., 2019). Even though 

reflection index and reflection magnitude have been clinically shown to be effective, they 

do not compute the actual parameter (reflection coefficient) that describes the amount of 

reflections in the arterial tree. To address the issue of computing the reflection coefficient 
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without access to blood flow measurements, we propose a different cascade network model 

that predicts the aortic characteristic impedance and the total impedance from the radial 

pressure spectrum. Radial pressure is used to predict central pressure waveform parameters 

since radial pressure can be non-invasively measurement with the aid of tonometry 

techniques in an actual clinical scenario. A simulated dataset from the HaeMod group will 

be used to develop this model. The simulated dataset contains blood pressure, blood flow, 

and arterial area signals for at least one cardiac cycle of a healthy, aging population 

(Willemet, Chowienczyk, & Alastruey, 2015).  

Besides, the augmentation index is primarily used in commercial devices to measure 

arterial stiffness (Dhindsa et al., 2011; Hwang et al., 2014). Several clinical studies have 

used them as a stiffness index (see Chapter 4). Even though pulse wave velocity is 

considered the gold standard for arterial stiffness measurement, the ease in using a radial 

tonometer along with a patient-specific transfer function to measure central aortic pressure 

had made the use of AIx ubiquitous in clinical applications that require arterial stiffness 

measurement. At the same time, arterial compliance (linear or non-linear) quantities are 

never used for measuring arterial stiffness since these quantities do not give an account of 

the diameter of the measured artery and the distensibility of an artery can be directly 

computed from diameter changes (M. O’Rourke, 1990). From the Navier-Stokes equations 

that govern the blood flow dynamics, we know that arterial area is directly proportional to 

blood pressure (Willemet et al., 2015). From the definition of the non-linear Windkessel 

model, we also know that compliance is non-linearly related to pressure (see Chapter 2). In 

such a case, there should be a relationship between arterial compliance and arterial 

diameter. In order to model this relationship, a cascade neural network will be used to 

predict the systolic and diastolic aortic diameters from the calculated non-linear 
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Windkessel compliances. The simulated dataset will be utilized for this model. 

Additionally, a clinically established normalized flow estimation technique will be used to 

compute arterial compliances (B. E. Westerhof, Guelen, Westerhof, Karemaker, & Avolio, 

2006b). These compliances will also be used to build another cascade neural network 

model that estimates systolic and diastolic arterial diameter so that a true stiffness index 

can be computed along with arterial diameter without the requirement for blood flow 

measurements. 

Materials and Methods 

Firstly, we collected the simulated HaeMod dataset compatible with MATLAB from the 

server that hosts the dataset. The details of the model development process and the data 

simulation process have been documented elsewhere by the HaeMod research group 

(Willemet et al., 2015). Briefly, the HaeMod dataset used a non-linear, one-dimensional, 

55-artery segment blood flow model based on Navier-Stokes equation. The arterial 

segments had diameter, length, and arterial stiffness as parameters that can be changed to 

mimic the actual arterial physiology. The arterial walls were assumed to be thin elastic 

membranes. The periphery of the arterial segments was modeled with Windkessel models 

containing two resistive elements and one compliant element. The model took a healthy 

subject’s blood flow signal over time at the aortic root as the initial condition to solve the 

differential equations. The differential equations parameters were varied to reflect the 

changes in pulse wave velocity (PWV) of elastic and muscular arteries, diameter of elastic 

and muscular arteries, stroke volume, heart rate, and peripheral resistance for a healthy 

aging population. This resulted in 1000s of datasets depending on the multiple 

combinations available to the model. The model results were then filtered using conditions 
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enforced on diastolic pressure and pulse wave velocity to ensure that the pressure 

waveforms are physiologically possible in an aging, healthy population. The HaeMod 

dataset allowed access to blood pressure, blood flow and aortic diameter area signals were 

available at the aortic root, the ascending aorta, the descending aorta, the thoracic aorta, the 

carotid artery, the femoral artery, the radial artery, the brachial artery, the aorto-illiac 

bifurcation, iliac artery and the anterior tibial artery.  

Step1: To build a reflection coefficient prediction model that is practically applicable to 

clinical scenarios, we chose to use the radial artery pressure waveforms since radial artery 

pressure can be measured using the tonometry technique non-invasively. The Fast Fourier 

Transform (FFT) Algorithm was used to calculate the spectral magnitude of the radial 

pressure spectrum. 

Step 2: The ascending aortic pressure and flow waveforms were used to compute 

characteristic impedance and total impedance to calculate the reflection coefficient. The 

characteristic impedance was calculated using the frequency domain method as explained 

in the methods section in Chapter 3. Similarly, total impedance was also calculated using 

the frequency domain method. 

Step 3: In total, 3325 radial pressure-aortic pressure pairs were available for us to build the 

model. Firstly, the radial pressure magnitudes were padded with zeros so that all the inputs 

have the same length. 50% of the dataset was used for training with 20 % used for 

validation and the remaining 30% used for testing. 

Step 4: A cascade feedforward regression neural network was programmed using the 

Neural Network Toolbox that takes in 563 inputs and predicts 2 outputs. The model had 

one hidden layer with ten neurons with a sigmoid activation function. We used the 
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Levenberg-Marquardt algorithm to fit the data with validation checks. Mean Square Error 

(MSE) and linear regression fits were used to evaluate the model. 

The test dataset was used to compute the reflection coefficient from the neural network 

model predictions. In addition to the MSE and the regression fits, the reflection coefficients 

were compared with those calculated from the pressure waveform and a clinically 

established flow estimation method instead of the simulated flow waveform. Normalization 

was checked with QQ plots. If the data points were normally distributed, one-way ANOVA 

was used to test for significant differences, and the Kruskal-Wallis test was used otherwise. 

Similarly, Pearson’s regression coefficient was calculated between the reference and the 

predicted reflection coefficients if the data points were normal and Spearman’s correlation 

was used otherwise.  A Bland Altman analysis was also plotted between the reference 

reflection coefficient and those from the neural network model and the clinical flow 

estimation method. 

Objective 5 also required the HaeMod dataset. In order to test the hypothesis that the 

compliance waveform can be used to predict the arterial diameter, ascending aortic 

pressure and flow waveforms were used to estimate the pressure-dependent non-linear 

compliance based on the steps detailed in (the methods for objective 1). Aortic diameter 

was calculated at the systolic and the diastolic pressure from ascending aortic area 

waveform. The compliance signals were zero-padded so that the neural network model has 

the same number of inputs. The cascade feed-forward neural network was programmed 

using the Neural Network Toolbox in Matlab. The model took in 1125 inputs and predicted 

2 outputs. The model was trained using the Levenberg-Marquardt algorithm with 

validation checks to prevent over-fitting. The train-validation-test ratio was 0.5:0.2:0.3. 
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MSE and regression plots was used to analyze the performance of the neural network 

model. 

The non-linear compliance was calculated using the ascending aortic pressure waveform to 

make the model practically applicable. The ascending aortic pressure waveform was used 

since the use of patient-specific transfer function to convert the radial tonometer 

measurement is commonplace in clinical applications. Instead of the simulated blood flow 

waveforms, the normalized flow estimation technique was used to compute compliance. A 

different neural network model was then programmed with the same hyperparameters as 

described for the previous model. 

The model was further tested using a clinical distensibility-pulse wave velocity 

relationship. A non-linear compliance model was generated with the thoracic aortic 

diameters as targets. The systolic and the diastolic diameters were used to compute 

distensibility as follows (Stefanadis et al., 1995): 

𝐷𝑖𝑠𝑡𝑒𝑛𝑠𝑖𝑏𝑖𝑙𝑖𝑡𝑦 =
2  𝛥𝑑

𝑑  𝛥𝑃 
       (5.1) 

Where Δd is the difference between systolic and diastolic diameters, d is the diastolic 

diameter and ΔP is the pulse pressure. The distensibility was then used to compute pulse 

wave velocity given by the following equation (Stefanadis et al., 1995): 

𝑃𝑊𝑉 = √
3.252 × 10−5

𝐷𝑖𝑠𝑡𝑒𝑛𝑠𝑖𝑏𝑖𝑙𝑖𝑡𝑦
       (5.2) 

Where Distensibility is in 10^-6 cm2/dyn 
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The pulse wave velocity predicted by the model was then compared with the femoral-

carotid pulse wave velocities from the simulated dataset. Normality was checked with QQ 

plots. Significant differences were tested with ANOVA if the data points were normally 

distributed, and the Kruskal Wallis test was used otherwise. Similarly, the strength of the 

relationship was quantified using Pearson’s or Spearman’s correlation depending on the 

normality results. A Bland-Altman analysis was also performed to look at the relationship 

between the two sets of pulse wave velocities. 

Results 

The neural network model that took radial pressure spectrum as inputs to predict the 

characteristic impedance of the aorta and the global impedance resulted in the following 

training (Figure 1), validation (Figure 2), and test (Figure 3) results. 

 

Figure 18 Linear Regression plots for training Z and Zo 

Figure 18A shows the linear regression plot between the actual Zo and the predicted Zo 

with radial pressure spectrum as input during training and 18B shows the linear regression 
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between the actual Z and the predicted Z with radial pressure spectrum as input during 

training. The training resulted in a Mean Squared Error performance of 5.0557 e-6 

performance with the linear regression explaining 99.92% of the variation.  

Figure 19A shows the linear regression between the actual Zo and the predicted Zo with 

radial pressure spectrum as input during validation, and 19B shows the linear regression 

between the actual Z and the predicted Z with radial pressure spectrum as input during 

validation. Validation during the network training resulted in an MSE performance of 

4.7674e-5 with linear regression explaining 99.19% of the variation in the validation 

results.  

 

Figure 19 Linear Regression plots for validation Z and Zo 
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Figure 20 Linear Regression plots for test Z and Zo 

Figure 20A shows that linear regression between the actual Zo and the predicted Zo with 

radial pressure spectrum as input during testing, and 20B shows the linear regression 

between the actual Z and the predicted Z with radial pressure spectrum as input during 

testing. After the network training, model testing resulted in an MSE performance of 

1.1787e-4 with linear regression explaining 98.14% of the variation in the test results. The 

reflection coefficient calculated from the neural network model results for the test set 

(Median: 0.420 IQR: 0.093) was not significantly different from the original reflection 

coefficients (Median: 0.420 IQR: 0.093, p=0.99). However, the reflection coefficient 

calculated from the flow normalized clinical method (Median: 0.59 IQR:0.173) was 

significantly different from the other two groups (p < 0.001). The Bland Altman plot 

(Figure 21) further validates the significant difference. The model predictions were 

grouped with the actual reflection coefficient and had a mean difference of -0.0001, while 

the clinical method resulted in varying levels of differences compared to the actual 

reflection coefficients.  
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Figure 21 Bland Altman analysis of reflection coefficient for method validation 

Figure 21 shows the Bland Altman analysis of actual reflection coefficient Γ and the one 

predicted by the neural network model Γm on the left side and Bland Altman analysis of 

actual reflection coefficient Γ and the one computed by the clinical method Γc on the right 

side. The following results describe the results for objective 5. The neural network model 

that took pressure-dependent compliance as inputs to predict the systolic and the diastolic 

aortic diameters resulted in the following training (Figure 22), validation (Figure 23), and 

test (Figure 24) results. 
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Figure 22 Linear Regression plots for training systolic and diastolic diameters 

Figure 22A shows linear regression between the systolic diameter and the predicted 

systolic diameter with pressure-dependent compliance signal as input during training, and 

22B shows linear regression between the diastolic diameter and the predicted diastolic 

diameter with pressure-dependent compliance signal as input during training. The training 

resulted in a Mean Squared Error performance of 8.997e-9 performance with the linear 

regression explaining 99.99% of the training results' variation.  

Figure 23A shows linear regression between the systolic diameter and the predicted 

systolic diameter with pressure-dependent compliance signal as input during validation, 

and 23B shows linear regression between the diastolic diameter and the predicted diastolic 

diameter with pressure-dependent compliance signal as input during validation. Validation 

during the network training resulted in a Mean Squared Error performance of 1.9408e-8 

performance with the linear regression explaining 99.97% of the variation in validation 

results. 
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Figure 23 Linear Regression plots for validation of systolic and diastolic diameters 

 

Figure 24 Linear Regression plots for test systolic and diastolic diameters 

Figure 24A shows the linear regression between the systolic diameter and the predicted 

systolic diameter with pressure-dependent compliance signal as input during the test, and 

24B shows the linear regression between the diastolic diameter and the predicted diastolic 

diameter with pressure-dependent compliance signal as input during test. Model testing 

after the network training resulted in a Mean Squared Error performance of 2.0904e-8 

performance with the linear regression explaining 99.97% of the variation in test results. 
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The neural network model that took pressure-dependent compliance that was computed 

based on the clinical flow estimation method as inputs to predict the systolic and the 

diastolic aortic diameters resulted in the following training (Figure 25), validation (Figure 

26) and test (Figure 27) results. 

 

 

Figure 25 Linear Regression plots for training of systolic and diastolic diameters 

using the clinical flow estimation technique 

Figure 25A shows the linear regression between the systolic diameter and the predicted 

systolic diameter with pressure-dependent compliance signal that was computed using the 

clinical flow estimation technique as input during training, and 25B shows the linear 

regression between the diastolic diameter and the predicted diastolic diameter with 

pressure-dependent compliance signal that was computed using the clinical flow estimation 

technique as input during training. The training resulted in a Mean Squared Error 

performance of 3.2422e-9 performance with the linear regression explaining 99.95% of the 

training results' variation. 
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Figure 26 Linear Regression plots for validation of systolic and diastolic diameters 

using the clinical flow estimation technique 

Figure 26A shows the linear regression between the systolic diameter and the predicted 

systolic diameter with pressure-dependent compliance signal that was computed using the 

clinical flow estimation technique as input during validation, and 26B shows the linear 

regression between the diastolic diameter and the predicted diastolic diameter with 

pressure-dependent compliance signal that was computed using the clinical flow estimation 

technique as input during validation. Validation during the network training resulted in a 

Mean Squared Error performance of 1.6112e-7 performance with the linear regression 

explaining 99.75% of the variation in validation results. 
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Figure 27 Linear Regression plots for test systolic and diastolic diameters using the 

clinical flow estimation technique 

Figure 27A shows the linear regression between the systolic diameter and the predicted 

systolic diameter with pressure-dependent compliance signal that was computed using the 

clinical flow estimation technique as input during the test, and 27B shows the linear 

regression between the diastolic diameter and the predicted diastolic diameter with 

pressure-dependent compliance signal that was computed using the clinical flow estimation 

technique as input during test. Model testing after the network training resulted in a Mean 

Squared Error performance of 2.8399e-8 performance with the linear regression explaining 

99.58% of the variation in test results. 
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Figure 28 Bland Altman analysis between the carotid-femoral pulse wave velocity and 

the pulse wave velocity predicted by distensibility 

Bland Altman analysis showed a linear trend in the pulse wave velocity calculated by the 

distensibility calculated from the predicted diameters. Kruskal Wallis test resulted in 

significant differences (p < 0.001) between the pulse wave velocity calculated from the 

distensibility (Median:7.44 m/s IQR: 2.15 m/s) and the carotid-femoral pulse wave velocity 

(Median: 8.36 m/s IQR: 4.10 m/s). 

Discussion 

The results show that the aortic characteristic impedance and the total impedance can be 

predicted by the neural network with spectral features computed from radial pressure. The 

hypothesis for this is valid since radial tonometry is commonplace in hemodynamics. As 

discussed in the previous chapter, AIx is sometimes used to quantify reflections in multiple 

clinical scenarios. The last chapter also clearly shows that the augmentation index 

underestimates reflections. With this method, it is easy to use the radial tonometry used for 
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AIx measurement to compute the reflection coefficient. Moreover, the Bland Altman 

analysis showed that the clinical normalized flow estimation technique results in 

significantly different reflection coefficients. However, there is still scope for 

improvement. Firstly, the model accounts for only an aging, healthy population. There are 

other pathophysiology mechanisms that should be included for further analysis such as 

hypertensive cohorts, cohorts with stenotic disorders, cohorts with valvular disorders and 

cohorts who take pressure-reducing vasodilators and other classes of drugs. Every one of 

these cohorts will affect the pulse wave reflection phenomenon in different ways. 

Secondly, the model is developed from a simulated dataset. Even though the dataset covers 

the 3 types of waveforms commonly seen in an aging population, real data will bring more 

variance to the pressure waveforms. Ideally, future research should involve developing a 

database that includes continuous blood pressure and blood flow measurements from the 

aorta and the radial artery in a population that involves all the cohorts mentioned 

previously. Once the database has a significant number of measurements, a neural network 

model for each sub-population can be generated with parameters tuned using the genetic 

algorithm or the PCI algorithm to predict the characteristic impedance and the global 

impedance values. This would ensure that the model's predictions are robust and would 

help clinicians easily estimate the reflection coefficient instead of relying on AIx for 

quantifying wave reflections in the arterial system. 

The following paragraph discusses the results for objective 5. The results show that the 

compliance method developed by Li et al. is related to the vascular diameter. Usually, 

compliance calculated from any of the compliance estimation techniques is not used in 

clinical practice since compliance as a stand-alone variable does not indicate the level of 

autonomous activity. If a device were to be available that estimates arterial diameter in 
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addition to compliance, compliance can be directly used as a stiffness measure. The range 

of the diameter informs the clinician about the level of autonomous activity. This would 

also add to the value of the augmentation index since AIx has been correlated to multiple 

scenarios. However, compliance cannot be computed without blood flow measurements. 

This research shows that compliance calculated with the normalized blood flow estimation 

technique is still related to arterial diameter. The flow-normalized compliance can still be 

used to estimate distensibility or the theoretical pulse wave velocity. Bland Altman 

analysis shows that the theoretical pulse wave velocity calculated over time is quite 

different from the carotid-femoral pulse wave velocity calculated over distance. 

The second part of the results for this section shows that the availability of radial pressure 

is enough to compute a compliance signal that is dependent on pressure since a generalized 

patient-specific transfer function is available in modern radial tonometry to estimate the 

central aortic pressure (Hwang et al., 2014). Additionally, our model shows that diameter 

can be estimated accurately in an aging population. This makes sure that a tonometer is 

enough to compute the pulse wave velocity, and this pulse wave velocity can be introduced 

as a variable for assessing arterial stiffness in addition to the more common carotid-femoral 

and carotid-radial pulse wave velocities. The Bland Altman plots show that there is a linear 

relationship at multiple levels between the pulse wave velocity estimated by our method 

and the carotid-femoral pulse wave velocity (Figure 28). This difference can be explained 

by the use of the normalized flow estimation technique. The change in Zo and Z compared 

to the original Zo and original Z introduced by a triangular wave pattern affects both Zo and 

Z (see Figure 21B). This can be further corrected with a clustering model of the parameters 

that define each sub-population from future clinical datasets. These parameters are 

estimated to be those that describe heart rate, stroke volume, and arterial stiffness. This 
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model also has the same uncertainties explained earlier. Aortic pressure, aortic flow, and 

aortic diameter collected from a population of people with different vasoactive 

pathophysiologies will improve the methodology proposed here. 

 

 

 

 

 

 

 

 

 

 

 

 



  

 

 

98 

Chapter 6 Short Term Intracranial Pressure Spur 

Detection using Recurrent Neural Networks 

Introduction 

In addition to using quantitative cardiology model parameters to estimate clinical 

parameters using machine learning, we also used deep learning for two different 

applications. Cerebral perfusion pressure, as the important biomarker, represents the 

amount of pressure needed to maintain blood flow to the brain, and it is calculated by the 

subtraction of intracranial pressure from the mean arterial pressure (MAP). Thus, an 

abnormal elevation of intracranial pressure causes cerebral ischemia due to the arterial 

tree's autonomic nature to increase the mean arterial pressure to increased intracranial 

pressure. In severe cases of traumatic brain injury (TBI), cerebral hemorrhage leads to 

increased ICP. As the brain tissue is sensitive to compression force, the differential 

pressure between the intracranial cavity and the spinal canal during the elevated ICP causes 

the brain tissues' downward motion. Simultaneously, vital brainstem structures are exposed 

to compression force exposures, yielding dangerous or even fatal outcomes. 

Patients who suffer from acute TBI are continuously monitored at critical care units. The 

Robert Wood Johnson Medical Center of Rutgers University's surgical intensive care unit 

has made continuous intracranial blood pressure, arterial blood pressure, and electrography 

signals available for research. This database will be used to implement a Long Short-Term 

Memory (LSTM) deep learning model to predict increased ICP events at least ten minutes 

before the event happening. Targeted treatments to maintain the ICP for a sufficiently long 

term below a critical threshold is thought to decrease the likelihood of unfavorable 

outcomes. Currently, many promising technologies have been used to monitor ICP non-
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invasively using transcranial doppler sensors (Homburg, Jakobsen, & Enevoldsen, 2009), 

optic nerve sheath diameter measurements (Hua, Tong, Ghate, Kedar, & Gu, 2017; 

Kimberly & Noble, 2008; Kimberly, Shah, Marill, & Noble, 2008) and imaging-based 

methods (e.g., computed tomography (CT), magnetic resonance imaging (MRI)) (Kimberly 

& Noble, 2008; Ratanalert et al., 2004). Machine learning has been used to develop early 

intracranial hypertension detection algorithms from ICP waveforms and intracranial and 

ventricle images. (W. Chen, Cockrell, Ward, & Najarian, 2010; Imaduddin, Fanelli, 

Vonberg, Tasker, & Heldt, 2020; Miyagawa, Sasaki, & Yamaura, 2020; Qi et al., 2013), 

but with varying degrees of prediction accuracy. The noise components of ICP signals may 

hinder the accuracy of these waveform-targeted methods and unavoidably yield unreliable 

diagnosis predictions., Invasive fluid-based systems and implantable micro-transducers are 

still the gold standard for continuously monitoring ICP even though they pose the risk of 

increased infections and hemorrhage (Dai, Jia, Pahren, Lee, & Foreman, 2020; Harary, 

Dolmans, & Gormley, 2018; Miles et al., 2020). 

ML has become a powerful tool to make valuable clinical decisions (Kononenko, 2001). 

Scalzo et al. (Scalzo, Asgari, Kim, Bergsneider, & Hu, 2012) suggest using extremely 

randomized decision trees to predict intracranial hypertension with ICP wave morphology-

related features and obtain superior results after comparing the results from a multiple 

linear regression model and an adaptive boosting algorithm. However, the other machine 

learning applications on ICP data collected from the native clinical conditions are seldom 

found. We have developed this LSTM based model to improve knowledge gaps and set up 

a standard LSTM model for early detection of high ICP events and future models to be 

compared.  
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Materials and Methods 

Database 

In this work, the CHARIS database (Kim et al., 2016) was obtained from the PhysioNet 

(Goldberger et al., 2000). This database contained multi-channel recordings of 

electrocardiogram signal (ECG, Unit: mV), arterial blood pressure (ABP, monitored with a 

fluid-filled catheter in the radial artery, Unit: mmHg), and intracranial pressure (ICP, 

monitored with either a subarachnoid bolt or ventriculostomy, unit: mmHg) of thirteen 

patients diagnosed with traumatic brain injury (TBI). Data were acquired from the moment 

the patients had arrived at the critical care unit. When ICP was above 20 mmHg, patients 

were treated with boluses of mannitol and mild hyperventilation. During the data 

acquisition, the sampling frequency was 0.02 seconds per sample and the sampling 

duration was varied for different subjects. The database had high-frequency noise, signal 

distortion, and missing data points and had to be handled with care. 

Data Processing 

In this database, the ICP data was the only data type used for training the proposed 

artificial recurrent neural network for ICP predictions. Due to noise and distortion, data 

processing steps, including denoising and smoothing, were critical for achieving better 

prediction outcomes from the neural model. As the first step, a histogram was created with 

an auto-binning algorithm. In this step, only one peak around the reasonable ICP ranges 

(mostly from -5 to 45 mmHg, which was dependent on the width of the peak) was kept. All 

other data points that fall out of the ranges were set to null and forward filled with the 

available previous value to maintain the data's continuity. In the second step, the processed 

data was smoothened using a sliding smoothing window with a length of 40000 data points 
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was activated on the data. The mean and the standard deviation of all the data points inside 

the window were calculated. Any data point that was out of +/- 3 times of standard 

deviation range was marked as an outlier and was replaced with the mean. Upon finishing 

these steps, the sliding window towards the end of the signal was made to have a step of 

2000 data points (5% of the window length). It repeated the identical outlier removal 

processing until finishing the end of the ICP data sequence. Finally, the ICP datapoints 

were compressed from 0.02 seconds per sample (50 Hz) to 60 seconds per sample (1 Hz). 

The average of 60 data points was assigned as one data point in the compressed format. 

The initial step helped identify the dominant noise in the signal and remove it globally; the 

second step aided in detecting the outliers in the data and discarding them locally; the last 

step helped in data compression overall smoothening the processed data. The 6th patient’s 

ICP data is selected to demonstrate the data preprocessing steps. 

Model training 

The machine learning code was written using Python 3.6 on a laptop with Ubuntu 18.04 

OS. The TensorFlow package with the Keras backend was used to implement the LSTM 

model. After normalizing each subject's whole ICP data with 50 as the scaler, the first 30-

minute long data points were used for initializing the LSTM model. For compiling the 

model, the number of cells was set to 100; the training epoch was set to 15; the mean 

square error was set as the loss function during the training; ADAM was chosen as the 

optimizer algorithm. The LSTM model took 20-minute-long data as input and predicted 

10-minute-long data as ICP forecasting for each patient, and the model was trained 

recursively as new data points were available. After the model's activation, for the 

following 10 min, LSTM predicted a result for that specific period; the 10-min prediction 

was classified as high or low and compared with the ground-true data (the processed ICP 
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data). For the high or low event classification, if at least 60% of data in the 10-minute 

forecast was larger than 20 mmHg, that 10-minute chunk was labeled as high. Else, the 10-

minute fragment was marked as low. At this point, the ground-true data was served as the 

next input for training the model to yield an updated model. These steps are repeated until 

the end. In each prediction, the model gave out the 10-min ICP forecasting and predicted 

whether there was a high or a low ICP event. 

 

Figure 29 Data processing steps 

Figure 29 shows the resulting plots during the different data preprocessing steps. 29A 

shows the raw ICP data plot (from the 6th patient). 29B shows the resulting data plot after 

noise removal with the aid of histogram of the raw data. 29C shows the resulting data plot 

after the proposed smoothing method from B. In A, B, and C, the sampling frequency is 

0.02 second per sample and the unit of the x-axis is 106. 29D shows the outcome plot of the 
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data preprocessing steps; the sampling frequency is reduced to 60 seconds per sample, and 

the unit of the x-axis is 1. 

Statistics 

For each subject, Bland–Altman plots were generated respectively to estimate the 

agreement among actual ICP and LSTM predicted ICP; the quantile-quantile (q-q) plots 

were created to reveal the similarity on the data distribution properties between actual ICP 

and predicted ICP. If the data points were normally distributed, one way-ANOVA was 

used for significant difference analysis, and the Kruskal Wallis test was used otherwise. 

Regression analysis was performed to evaluate the correlation between actual ICP and 

predicted ICP if the data points were normally distributed, and Spearman’s correlation was 

used to quantify the strength of the relationship. Additionally, mean square error (MSE), 

accuracy, sensitivity and specificity were used to understand how well the models 

performed for each patient. 

Results 

An example of the LSTM model results is shown in figure 30. The left figure shows that 

the predictions are tracking quite well from the 370th minute to the 440th minute. Even 

though the error increases after that instant, the model still could get the trend right, and the 

magnitude difference is less than 7%. Overall quality of predictions can be assessed from 

table 9.  
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Figure 30 Model predictions 

Figure 30 shows the prediction values in a solid line and the target values, as a reference, in 

a dashed line on the left side. The percentage errors are plotted on the right side. 

Table 9  Summary of the MSE metric for every individual LSTM model 

CHARIS # Mean Squared Error (mmHg) 

1 4.1 

2 3.9 

3 2.5 

4 2.3 

5 2.0 

6 1.9 

7 3.6 

8 6.8 
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9 1.8 

10 3.0 

11 6.1 

12 5.5 

            13                                          4.8 

 

The QQ plots of the original ICP data and the predicted ICP data showed that all the data 

points were not normally distributed. Figures are not shown here for brevity. Kolmogorov-

Smirnov tests were not performed for normality checks since the number of data points 

was higher than what the test could handle. Kruskal-Wallis test results are summarized in 

the following table. The table shows that there were no significant differences in eleven of 

the thirteen patients. The median and IQR back the results of the significant difference tests 

and show that the model predictions were not dissimilar to the actual ICP data in most of 

the patients.  

Table 10 Summary of Kruskal-Wallis test between the actual ICP and the predicted 

ICP 

CHARIS 

# 

Median of 

actual ICP 

(mmHg) 

IQR of 

actual ICP 

(mmHg) 

Median of 

predicted ICP 

(mmHg) 

IQR of 

predicted ICP 

(mmHg) 

p-value 

1 17.4 11.2 17.6 11.1 0.245 
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2 23.0 7.5 23.2 7.2 0.039 

3 15.8 2.7 15.8 2.8 0.735 

4 18.6 2.6 18.6 2.7 0.584 

5 21.1 6.9 21.2 6.6 0.355 

6 20.0 9.1 19.8 8.9 0.874 

7 12.3 5.0 12.4 5.2 0.067 

8 10.6 7.6 11.0 7.1 0.066 

9 4.5 7.2 4.5 7.2 0.616 

10 10.1 7.3 9.9 7.6 0.622 

11 10.2 10.6 10.6 10.3 0.006 

12 10.0 8.7 10.0 8.5 0.274 

13 13.6 2.5 13.6 2.6 0.013 

p < 0.05 rejects the null hypothesis that the data are not significantly different 

Table 11 summarizes the Spearman correlation analysis results. The strength of the 

relationship between the actual and the predicted ICP shows that the model was able to 

follow the trends in the data during the entire time period since the correlation coefficients 

for all the patients were >0.7. The p-values also vindicates that fact that the predictions are 

correlated with the actual ICP data.  
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Table 11 Summary of Spearman’s rank correlation between the actual ICP and the 

predicted ICP 

CHARIS # 

Spearman's 

Rank 

Correlation 

p-value 

1 0.90 p < 0.001 

2 0.82 p < 0.001 

3 0.85 p < 0.001 

4 0.87 p < 0.001 

5 0.92 p < 0.001 

6 0.96 p < 0.001 

7 0.80 p < 0.001 

8 0.70 p < 0.001 

9 0.93 p < 0.001 

10 0.88 p < 0.001 

11 0.79 p < 0.001 

12 0.83 p < 0.001 

13 0.78 p < 0.001 

p < 0.05 rejects the null hypothesis that the data are uncorrelated 

Furthermore, Bland-Altman analysis (Figure 31) showed that most of the actual data points 

were clustered around 20 mmHg. The Bland-Altman plots also show the model predictions' 

effects following the actual data in all patients except patients 2 and 12. They also show 

that the mean difference between the predictions and the actual data is less than 1 mmHg in 

all patients with occasional high-frequency noise from the predictions that result in error 

greater than 5 mmHg. Table 12 summarized the results of the classification task defined in 

the methods section. Accuracy was >= 88% in all subjects, >90% in 11 of the 13 patients 
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and >=95% in 6 of the 13 patients. Overall sensitivity shows that the model could predict 

the ‘high’ ICP events with 90% precision in 6 of the 13 patients. The model did not 

perform well with incorrect identification of ‘high’ events in 4 of the 13 patients with 

sensitivity <60%. There was a moderate performance in two of the 13 patients. However, 

the model correctly identified ‘low’ events with more than 90% precision in all of the 

patients.  

Table 12 Summary of accuracy, sensitivity and specificity of each individual’s LSTM 

model 

CHARIS # Accuracy Sensitivity Specificity 

1 0.93 0.90 0.94 

2 0.88 0.92 0.79 

3 0.97 0.56 0.98 

4 0.93 0.94 0.92 

5 0.91 0.94 0.88 

6 0.95 0.94 0.96 

7 0.96 0.29 0.97 

8 0.88 0.40 0.93 

9 1.00 nan 1.00 

10 0.97 0.93 0.98 

11 0.91 0.63 0.94 

12 0.97 0.38 0.98 

13 0.95 0.67 0.97 
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Figure 31 Summary of Bland-Altman plots between the actual ICP data and the 

LSTM predicted ICP data for all the patients 



  

 

 

110 

Discussion 

LSTM models are potent time-series predictors. This research shows that the LSTM model 

can correctly identify ‘low’ events for all the patients and ‘high’ events accurately for more 

than half of them. The mean squared error and the strong rank correlation coefficients 

between the actual and the predicted ICP show that the model could follow the trend quite 

well without larger errors. The significant difference test results also validate that.  It 

should be acknowledged that there is a lot of scope for improvement when it comes to 

correctly identifying the high events. Availability of ICP datasets with less noise and less 

random artifacts would have helped. The effect of noise can be clearly seen with the linear 

trends in the Bland-Altman plots. However, removing those linear error trends is not 

straight forward. The use of band-pass digital filters will distort the pressure signal as 

filters are usually used during the sensor transduction stage. Access to sensitivity and 

calibration equations is required to design such a filter. ICP predictions are rarely modeled 

using deep learning models, and it is hoped that this model will serve as the benchmark for 

future time-series modeling of ICP. 

The literature shows that Scalzo et al. (Scalzo et al., 2012) used machine learning to 

improve the temporal accuracy of finding changes in ICP. This improves the clinical 

method of finding intracranial hypertension events. The clinical method relies on 

monitoring both arterial blood pressure and ICP and changes in slopes of a linear 

relationship between the two signals (Kim et al., 2016). Even though the method can be 

used for real-time analysis where the clinician decides the mode of treatment to control ICP 

spurs via ventilation and mannitol infusions, these methods cannot predict the spurious ICP 

events in advance. Our models indicate the event correctly 90% of the time for 5/13 
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patients. A recent outcomes prediction model was developed using statistical and 

frequency features of intracranial pressure, arterial blood pressure, and carotid perfusion 

pressure to predict neurological outcomes in patients with traumatic brain injury using 

Gaussian processes (Güiza, Depreitere, Piper, Van Den Berghe, & Meyfroidt, 2013). The 

model architecture was also used to predict an intracranial hypertension event 30 minutes 

in advance based on 4-hour continuous data. However, the dataset we used could not 

replicate those results for two reasons: 1) unavailability of simultaneous ICP and arterial 

blood pressure without discontinuities and 2) the absence of more clinical information to 

define an intracranial hypertension event and time series of steps taken to maintain normal 

ICP. Because of the lack of more clinical data, we had to modify the definition of a ‘high’ 

event to a probabilistic case rather than an absolute one as defined in our model.  

Furthermore, it is clinically shown that variability in ICP morphology over time, 

autoregulation of carotid perfusion pressure and its variation over time and response to 

actions taken to treat high ICP have high value in predicting intracranial hypertension 

accurately (Kahraman et al., 2011; Treggiari, Schutz, Yanez, & Romand, 2007) This 

proves that availability of treatment infusions as a timeseries variable and a less noisy 

dataset will be useful in future intracranial hypertension prediction tasks.  
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Chapter 7 Deep Survival Models 

Introduction 

Besides the use of waveform data, we used the left ventricular and coronary variables of 

patients who underwent any catheterization procedure at the Duke Medical Hospital from 

the Duke Catheterization Data from the Duke Clinical Research Institute (DCRI) 

(Ferguson, Hammill, Peterson, DeLong, & Grover, 2002). This data's availability presents 

a unique opportunity to model survival outcomes in arterial stenosis patients with a single 

deep learning model. Survival models have been developed using machine learning for 

well-known databases such as MIMIC-II, MIMIC-III, and eICU (Harutyunyan, 

Khachatrian, Kale, Ver Steeg, & Galstyan, 2019; Henry, Hager, Pronovost, & Saria, 2015; 

Sheikhalishahi, Balaraman, & Osmani, 2019; Vairavan, Eshelman, Haider, Flower, & 

Seiver, 2012). There is no deep learning model that uses procedural and interventional 

catheterization data to predict the first instance of stenotic complications such as stroke, 

myocardial infarction, percutaneous coronary intervention, coronary artery bypass graft 

and rehospitalization and survival outcomes. In addition, the ability of these parameters to 

be clinical markers for time to the first instance of the above complications will be 

validated. It is quite common to generate traditional models for a specific epidemiological 

population, and as the combinations of gender, race, age, and other demographics increase, 

the conventional models become too complex to extract useful information. The models 

proposed will alleviate such problems since the training process involves finding the 

precise weights and transformations for any significant marker, and the proposed single 

network model or the proposed cascade of network sub-models can suffice all 

combinations of demographic data. The DukeCath dataset is a collection of results of the 
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catheterization procedure done on patients aged > 18 years at the Duke University medical 

center between 1985 and 2013. The details of the dataset can be found elsewhere. Briefly, 

one set of results are available for one procedure, and individual patients might have had to 

undergo the catheterization procedure multiple times over a long-time. Results of both left 

heart and right heart catheterization. The dataset also contains the results of both diagnostic 

and interventional catheterization. The dataset focuses on coronary artery disease and left 

heart catheterization results. The dataset comprises results for 155,890 procedures with 

84,167 unique patients. The data was shared after a formal research application with DCRI, 

and the data was shared via SAS Clinical Trial Data Transparency Portal. 

Materials and Methods 

This research's modeling effort focused on predicting the morbidity of patients who 

underwent cardiac catheterization from the first set of results available. This resulted in a 

sub-sample of 84167 procedures. The predictors used for the model included patients’ age, 

gender and race, history of recent myocardial infarction, recent percutaneous intervention, 

recent coronary artery bypass surgery, history of valve repair or replacement surgery, 

angina, cerebrovascular disease, chronic obstructive pulmonary disease, connective tissue 

disease,  diabetes, hyperlipidemia, hypertension, smoking, severity of congestive heart 

failure, level of acute coronary syndrome, vessel results such as the number of blocked 

vessels. All the variables were categorical data, and the missing data were imputed as a 

separate category for all variables. Besides, the variables were one-hot encoded to make 

sure there are no standardization issues. This was followed by modeling the dataset with 

the following classifying algorithms: a logistic regression model, a random forest model, 

an AdaBoost classifier, and a cascade multilayer perceptron (MLP) model for predicting 
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mortality.  Logistic regression was trained with ‘liblinear’ (library for large linear 

classification) algorithm and L2 regression. Random forest and AdaBoost classifiers were 

implemented with 100 estimators. The MLP classifier had 3 hidden layers with 100, 50, 

and 2 neurons, respectively, with rectified linear activation function. All the models were 

implemented with the scikit learn package on Python. 70% of the data was used for 

training and the rest was used for model evaluation. In the case of the MLP model, to 50% 

of the data was used for training, and 20% was used for validation. The models were 

evaluated using classification accuracy, sensitivity, and specificity on the test data. 

After the development of classifiers, the data was used to develop time-to-event models 

using the traditional Cox regression model and a deep-learning model. The data was used 

to predict the time to event for death as the primary outcome. Cox regression was 

implemented using the lifelines package in Python, and the deep-learning model was 

implemented using the deepsurv package in Python (Katzman et al., 2018). The two 

models were compared using the concordance index on the test dataset. This was followed 

by developing time-to-event models for all the secondary outcomes: first instances of 

myocardial infarction, stroke, rehospitalization, and coronary artery bypass surgery. The 

Cox model and the deepsurv models were compared using the concordance index. The 

time to event models for the secondary outcomes required the time parameter to be 

imputed. The dataset did not contain the time parameter for patients who did not 

experience any secondary outcomes. In order to impute the missing data, follow-up data 

from the ‘days to last known alive’ was used as the period where the patient did not 

experience any of the secondary outcomes. This is valid since any event that leads to death 

would have been recorded in the primary outcome variable. 
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Results 

The results of the mortality classification algorithm are summarized in the following table. 

The table shows that logistic regression is the best performing algorithm even though the 

random forest algorithm resulted in better training. Boosting the classifier with Adaptive 

boosting did not improve the result compared to logistic regression. The use of cascaded 

multi-layer perceptron performed poorly compared to the logistic regression algorithm. 

The change in hyperparameters for the models did not improve the results. 

Table 13 Summary of the classification results 

Training results 

Metric 
Logistic 

Regression 

Random Forest 

Classifier 

AdaBoost 

Classifier 

MLP 

Classifier 

Accuracy 0.7 0.89 0.7 0.55 

Sensitivity 0.7 0.91 0.7 0.53 

Specificity 0.7 0.87 0.7 0.61 

Test results 

Accuracy 0.7 0.68 0.7 0.66 

Sensitivity 0.7 0.68 0.7 0.66 

Specificity 0.7 0.68 0.7 0.66 

 

The use of an LSTM recurrent neural network or a Convolutional Neural Network failed to 

work as it resulted in the same state's predictions for all data points.  

The time-to-event model results are summarized in the following table. The table includes 

the concordance index for each model developed during training and testing. Both the Cox 
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regression model and the Deepsurv model showed consistent hazard prediction after 

training. There was no drop in the model score after the training phase. The deep learning 

architecture ‘DeepSurv’ was tuned to a learning rate of 1e-5, l2 regularization, 3 fully 

connected layers with a drop-out layer (40 %) following each hidden fully connected layer. 

The number of neurons in each layer was 50, 25, and 10, respectively.  The Cox regression 

model required an L1 regularizer for the models to converge. The deep learning 

architecture improved the mortality and the first instance of coronary artery bypass graft 

predictions compared to the Cox proportional hazards model. At the same time, there was 

no improvement on the first instance of stroke or MI predictions. 

Furthermore, the deep learning architecture did not perform well compared to the Cox 

architecture for rehospitalization predictions. Besides, the Cox model for mortality 

prediction showed that variables such as history of diabetes, cerebrovascular disease, 

chronic obstructive pulmonary disease, number of previous myocardial infarctions, age, 

number of blocked vessels and the type of catheterization as the most significant predictors 

of time to mortality. This type of information cannot be obtained from a deep learning 

architecture. 

Table 14 Concordance Index of the developed models for the predicted outcomes 

 
Cox Proportional 

Hazards Model 
Deepsurv Model 

 Training Test Training Test 

Death 0.68 0.68 0.71 0.71 

MI 0.69 0.68 0.69 0.69 

Stroke 0.65 0.64 0.65 0.64 
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CABG 0.74 0.74 0.78 0.78 

Rehospitalization 0.55 0.55 0.49 0.49 

 

Discussion 

Mortality prediction modeling of procedural data shows that the machine learning 

algorithms and the deep learning models did not outperform the logistic regression model. 

This indicates that the recent tilt towards the development of using time-series of 

categorical information to predict mortality is valid (Giunchiglia, Nemchenko, & van der 

Schaar, 2018; Harutyunyan et al., 2019; Henry et al., 2015; Sheikhalishahi et al., 2019) 

Additionally, it has to be noted that the research effort focused on developing a global 

mortality prediction model. Suppose the data were to be split to make sub-populations with 

careful feature selection from clinical publication history pertaining to those sub-

populations. In that case, the machine learning models will perform better. Furthermore, no 

continuous variables were used to develop the model discussed here since imputation of 

those data would introduce bias into the dataset. One future study would focus on 

quantifying the effect of imputing the continuous variables such as systolic and diastolic 

pressure, pulse rate, creatinine levels, high-density lipid, and low-density lipid cholesterol 

levels using the KNN (k nearest neighbor) imputation algorithm. Besides, there is still no 

consensus on whether the imputation of missing data adds value to clinical models. 

Imputation improves model accuracy, sensitivity, and specificity. However, new test data 

that includes the true value of the imputed data sometimes results in poor outcome 

predictions.  
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The deep learning model performs better than the traditional Cox regression model for 

time-to-event predictions. The advantage of having better prediction accuracy is offset by 

the black-box nature of the deep learning models. The Cox model gives a list of significant 

variables related to the mortality event. This type of feature understanding cannot be 

obtained from a deep-learning model. It should also be noted that the secondary outcomes 

could be generated only after imputing the missing event with how long the patients were 

known to be alive. It is yet to be ascertained how this imputation affected the deep learning 

model results and the Cox regression model. None of the time-to-event Cox models for the 

secondary outcomes had significant variables related to the event. It can be seen that the 

deep-learning model was able to pick up a stronger association for time to coronary artery 

bypass graft predictions while only weak associations were picked up for time to 

rehospitalization predictions. The Cox model and the deep learning model for time to first 

instance of stroke and myocardial infarction picked up similar associations among the 

variables used in this study. This difference can be overcome by further finetuning of 

hyperparameters, although convergence is not guaranteed for this dataset since the 

hyperparameters' change did not affect the accuracy metric of any of the classification and 

the time-to-event models. It should also be noted that this is the first-ever deep learning 

model applied to a dataset that contains catheterization results, and it will serve as a 

benchmark for future research mentioned in this section.  
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