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CHAPTER 3 

METHODS 

 

In chapter 2, background information was presented on the physiological systems and 

engineering methods used in the research.  Chapter 3 presents information about the data 

collection methods employed to sample those systems, as well as signal processing 

methods developed to analyze those data.  In addition, a simple model of the cardio-

pulmonary oscillations is presented as a validation of the mathematical methods. 

 
3.1 Cardio-Respiratory Coupling Simple Model 

The objective of this dissertation is to develop novel time-frequency methods for the 

assessment of changes that occur in the cardio-pulmonary coupling circuitry as a result of 

disease and aging.  To validate the wavelet source separation method, a model was 

developed that roughly approximated the Interpolated Inter-Beat-Interval (IIBI) signal as 

a sum of sinusoids.  The sampling frequency of the signal was 200 Hz, to approximate 

the sampling rate of the clinical IIBI signals.  In addition, the signals were decimated to 

40 Hz, as was done with the clinical signals.  The sinusoids represented the oscillations of 

the respiration and the cardiac cycles at frequencies of 0.2 and 1.0 Hz, respectively.  The 

two signals and their sum are shown in Figure 3.1.  The left two images are the 

respiration and cardiac cycles, and the image on the right is the combination of the two 

signals resulting in the simulated basic IIBI signal. 
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Figure 3.1.  Individual and summed output of the model simulations. 

 

 
The equations defining the signals are as follows: 

 
)2sin()( 11 tFAty RESPp=  (3.1) 

)2sin()( 22 tFAty HRVp=  (3.2) 

)2sin()2sin()( 123 tFAtFAty RESPHRV pp +=  (3.3) 

 
  In  addition to a steady state model, it is important to understand how the program 

would perform under dynamic situations, for example during exercise.  The model was 

altered to include a steady state of five minutes followed by a transition to exercise state 

for another five minutes.  As a result, the model output was a sum of sinusoids for two 

����
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specific conditions, rest and exercise, composed of four sinusoids, as shown in Figure 

3.2.  Seconds 290 through 300 are the rest simulation, and seconds 300 through 310 are 

the exercise simulation. 

 

Figure 3.2 Rest and exercise simulations.  
Note the change in frequency and amplitude at point 300. 
 

 For the simulated exercise model, a range of frequencies were employed to create 

a series of rest/exercise coupings to test the program.  For example, Fresp_ex = 

1.5*Fresp, Aresp_ex = 0.5 * Aresp, Fhrv_ex = 2.25*Fhrv, Ahrv_ex = Ahrv_ex.  As in 

(3), the system during exercise is modeled by the sum of the two sinusoids, with 

frequencies altered as listed, with Fresp replaced by Fresp_ex, Aresp replaced by 

Aresp_ex, Fhrv replaced by Fhrv_ex and Ahrv replaced by Ahrv_ex.   Model resting 

heart rate (HR) is 60 beats/min, with the exercise heart rate = 2.4 * 60, or 144 beats/min.  

The amplitude was not modified for the heart rate signal, so Ahrv = Ahrv_ex.  Model 

resting respiratory rate is approximately 12 breaths/min, compared to 1.5 * 12 = 18 

breaths/min in the exercise model simulation.  With reference to the respiration signal, 

increased frequency is typically associated with decreased amplitude, so the amplitude of 

the respiration model during exercise is decreased from resting by a factor of 2.  The 

frequencies tested for exercise are listed in Table 3.1. 
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3.2 Cardio-Respiratory Data for COPD Study 

All data were collected in a non-invasive manner on human subjects.  Although the 

COPD and presbyopic cardiac data were recorded at different locations, all IRB protocols 

were strictly enforced for both studies.   

 
3.2.1 Heart Rate Variability  

Heart Rate Variability (HRV) requires as an input an inter-beat interval signal that is a 

measure of milliseconds between successive heartbeats.  For this research, a study of 

normals and patients with Chronic Obstructive Pulmonary Disease (COPD) that was 

conducted at Columbia University’s College of Physicians and Surgeons is the source of 

heart rate variability data.  The testing was performed in the Human Performance 

Laboratory in Atchley room 327 of the Columbia Presbyterian Hospital in New York 

City, NY.  The protocol included a Pulmonary Stress Test at 30% supplemental Oxygen, 

as per the NETT protocol.  Continuous Respiration, Electrocardiogram (ECG) and Blood 

Pressure (BP) were acquired during the study. 

 

TABLE  3.1.  Index of simulation frequency multipliers for transition from rest to 
exercise. 

CARDIAC CYCLE  RESPIRATION  
FREQUENCY 

MULTIPLIER 
HEART RATE 

[BEATS/MIN ] 
FREQUENCY 

MULTIPLIER 
BREATHING RATE 

[BREATHS/MIN ] 

1.4 85 1.1667 14 
1.6 95 1.333 16 
2.1 125 1.5 18 

2.3333 140 1.6667 20 
2.9333 175 1.8333 22 
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3.2.2 Subject Population 

The subjects that participated in the study included individuals with severe pulmonary 

disease that were being enrolled in the National Emphysema Treatment Trial (NETT) 

with the goal of studying lung volume reduction surgery (LVRS) as well as healthy 

individuals with no known cardiac or pulmonary disease.  Data of 10 COPD subjects 

were analyzed in the course of the research.  The data of 5 normal subjects were 

employed for the research. 

 
3.2.3 Data Acquisition 

All exercise stress testing was performed on a bicycle ergometer with a SensorMedics 

Vmax 229 series workstation.  The protocol was a ramp exercise with five minute 

baseline data collection, followed by a three minute warm-up at no load and then a 

maximum exercise test with a 5 Watt/min ramp.  All exercise was performed on 30% 

supplemental oxygen.  The autonomic biopotentials were obtained through an interface 

board (BNC 2080, Naitonal Instruments, Austin, TX) and fed into a 12-bit analog-to-

digital converter (DAQcard 700, National Instruments, Austin, TX).  The data were then 

recorded by a Pentium computer (Hitachi Vision Book Plus, San Jose, CA).  Five minute 

resting data collections were also done in a counter-balanced order on room air and 30% 

supplemental oxygen.  Post acquisition data analyses were carried out separately. 

 Various levels of testing were performed.  Testing was performed during rest and 

during exercise, which consisted of three minutes of unloaded warm-up, one minute 

exercise increments to maximum ventilatory threshold, and then followed by a three 

minute unloaded recovery period.  These are established, non-invasive methods to 

perturb the autonomic system for analysis of autonomic tone using the variability of the 
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R-R interval as a result of the perturbations.  The laboratory employed an established and 

validated routine to extricate and interpolate the inter-beat interval (IBI) from the ECG 

data. 

 The heart rate variability data were obtained using a Labview program.  The 

program extracts the inter-beat interval (IBI) by recording the time stamp between 

successive R-wave peaks in the ECG signal.  The program then performs a reverse 

interpolation to ensure that the sampling rate is evenly resampled to 200 Hz.  The process 

is shown in Figure 3.3, and the front panels of the program are included in Appendix A.  

Note that the height of the square wave is the length of each successive inter-beat interval 

in milliseconds.  The time periods are different between any successive two beats if the 

heart is healthy.  The length of time between beats is called the inter-beat interval (IBI).  

The time interval becomes the height of a square wave that is generated from these data.  

The sampling rate of the square wave is 200 Hz and is created by reverse interpolation of 

the IBI data.  

 

 

 

Figure 3.3  ECG Waveform conversion to Interpolated Inter-Beat Interval.  a) ECG 
signal.  b) Inter-beat interval (IBI) Signal.  The height of each pulse becomes the time 
between each pulse.  c) Interpolated Inter-beat Interval (IIBI) Signal.  The pulse train is 
reverse interpolated to generate an evenly sampled square wave for analysis. 
Source: Reisman, S. Lecture Notes, ECE 667, 1999. 

(a) 

(b) 

(c) 
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3.3 CARDIO-RESPIRATORY DATA FOR PRESBYOPE POPULATIO N 

 

All data were collected in a non-invasive manner on human subjects.  Although the 

COPD and presbyopic cardiac data were recorded at different locations, all IRB protocols 

were strictly enforced.  The IRB for this study is included in the Appendix. 

 

3.3.1 Heart Rate Variability 

For this research, a study of controls and apparently healthy subjects with Presbyopia  

was conducted at the Laboratory for Visual Processes in the Department of Biomedical 

Engineering at New Jersey Institute of Technology.  Continuous Respiration and 

Electrocardiogram (ECG) were recorded for three different controlled breathing levels: 8 

breaths/min, 12 breaths/min, and 16 breaths/min in an effort to obtain respiration rates in 

the low and high HRV cardiac autonomic response ranges. 

 
3.3.2 Subject Population 

As this was a pilot study, a small data set was collected.  The data were collected from 10 

subjects, six presbyopic and four control human subjects.  The ages of the controls ranged 

from 18-35.  The ages of the presbyopic group ranged from 50 – 75.  The presbyopic 

group was further divided into two groups, those who are able to adapt to wearing 

integrated lenses and those who are restricted to the use of traditional bifocal lenses.   

 



 

 

83

3.3.3 Data Acquisition 

ECG and respiration were recorded using Grass bioamplifiers that fed data through a 

National Instruments DAQcard.  The ECG was measured using passive electrodes that 

were passed to the Grass-Telefactor model IP511, which is an industry standard isolated 

physiological pre-amplifier.  Measurement of the respiration signal was performed by 

passing the output from a Grass-Telefactor Respiratory Effort Transducer to the Grass 

isolated pre-amplifier.  The measurement was obtained by placing a band containing a 

piezo-electric (this type of material generates a very low level voltage when it changes 

size, either by being stretched or compressed) crystal film around the subject’s ribcage.  

The measurement was obtained by recording the difference in the microvolt level signal 

that is generated when the piezo film is stretched or compressed due to the 

expansion/compression of the chest during inhalation/exhalation.  The band was directly 

connected to the pre-amplifier, and no external power supply was required.  The 

connectors are touch-proof safety connectors and the instrument to which it was attached 

employs both optical and transformer isolation.   

Each subject was seated in a dark environment that was created by enclosing an 

area with black felt to block stray light from entering the area.  The subject was instructed 

to focus on a green light emitting diode (LED) array, which illuminated from a near to a 

far target at a specific frequency (8, 12 or 16 breaths/min).  The subject was then 

instructed to pace their breathing with the target presentation.  The data were then sent to 

the computer where they were recorded by a custom LabView program at 500 Hz to 

ensure high frequency resolution. 
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3.4 Data Analysis 

The problem of non-linearity and non-stationarity in a time series is increasingly 

confounding to biomedical researchers.  As more research is performed upon biological 

systems, it is increasingly apparent that there is a need for an expanded signal processing 

toolbox.  In this research, the data form the two sources discussed above will be analyzed 

using similar but not identical methods.  Adjustments will need to be performed to 

accommodate for the different physiological systems.  For instance, a wavelet kernel that 

is appropriate for heart rate variability is not appropriate for vergence eye movements.  In 

addition, frequency ranges of interest differ, and thus differing scales of time-frequency 

distributions will be used as appropriate.  All kernels will be orthonormal in order to 

generate independent time series’ that can be analyzed individually.   

 

3.4.1 Critical Variables 

Before delving into the algorithms employed in this research, it is important to specify 

certain parameters and their impact on the analysis.  As the research is based upon a 

wavelet analysis, there are certain parameters that are critical in the application of this 

technique for the implementation described in the following Sections.  This Section 

specifies these terms and their impact on the analyses.  It also provides default values for 

these terms, which should be adjusted based upon the desired application of the methods. 

 Threshold. This variable sets the minimum level of correlation between wavelet 

series. Above this value, a specific mathematical function is applied to the wavelet series.  

Varies according to patient population and data recording condition.  Regarding dynamic 
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sessions, or diseased populations, this value must be decreased (held constant within a 

specific study) as the level of correlation between cardiac and respiratory patterns 

decreases during these times.  For COPD, this value was set to 0.6, and may need to be 

lower, depending on the health of the subject.  For healthy normals, it can be set as high 

as 0.85. 

 Sampling frequency.  Beside the obvious Nyquist requirements, sampling 

frequency becomes critical when determining the appropriate number of scales to be used 

in the analysis. For HRV, frequencies of interest range between 0.04 and 0.4 Hz.  This 

requires a certain number of scales to implement. When the sampling frequency changes, 

the number of scales, as well as the scales of interest, must change, as well.  Refer to 

equation (2.3), or Section 2.2.3 for the mathematical basis of this statement. The default 

was set to 40 HZ for this study.  This allowed for a decent frequency resolution in the 

frequency range of interest using the coiflet wavelet. 

 Scale.  Tied directly to sampling frequency, this variable must change depending 

on the wavelet chosen and the frequency resolution.  The center frequency of the wavelet 

used will dictate the pseudo-frequencies employed in the analysis.  Again, refer to 

Section 2.2.3 (in particular, equation 2.3) for details.  The resulting signal will contain 

spurious frequency components if too many scales are employed for the WavS analysis.   

After a certain number of scales, the information contained in the wavelet series is not 

valid.  That is, after a certain level of decomposition, the calculated coefficients are not 

long enough to contain any valid information.  The program is designed to perform signal 

extension so that the output will not be affected by spectral wrap-around effects inherent 

in the wavelet series.  This signal extension allows the wavelet analysis to run to 



 

 

86

whatever level is specified, even though the information contained is not valid.  Using 

extra levels of invalid information in correlations introduces spurious frequency 

components into the reconstructed signals.  The extra levels of information will typically 

have a correlation > 0.95 and will cause artifact.  Use caution when selecting the 

maximum scale for the analysis.  The wavelet used in this study was coif3, so the scales 

employed were 2[6:10], correlating to frequency values of 0.03 to 0.44 Hz. 

Wavelet basis.  The value controls the efficacy of the separation.  This variable 

will determine whether a discrete wavelet transform is possible in addition to whether the 

coefficient sets generated form the analysis will be orthonormal.  The order of the 

wavelet basis chosen, if that is an option within the specific wavelet chosen, will 

determine how regular (smooth) the wavelet is.  In terms of filtering, this is equivalent to 

the filter length of a discrete filter.  In digital signal processing, this parameter affects the 

length of the coefficient set generated and also impacts the phase of the output.  The 

wavelet shape should match closely with the signal being analyzed as the values 

generated are, in essence, measures of how well the signal correlates with the wavelet at a 

specific frequency.  If the shape is very different from the signal being analyzed, the 

analysis will not be as powerful and may even introduce artifact. 

 Window size.  This value determines the length of the correlation signal at each 

scale, a.  This parameter is significant because when dynamics are varying quickly, it is 

critical to be able to capture those changes.  For each instant in time, the signal 

correlations between dynamically recorded signals will be changing.   

If this parameter is too large, the correlations will not be high enough to change the signal 

and the reconstruction vector will pass the original signal through as the output.  
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Similarly, if the window is too small, the frequencies being analyzed will not have time 

to manifest change.  Specifically, the LF range (0.04 – 0.15 Hz) equates to approximately 

1 oscillation every 25 seconds at the low end, and 1 oscillation every 6.7 seconds at the 

high end of the range.  The use of window lengths less than the period of the signal being 

analyzed will not result in an accurate quantification of the frequency content in these 

signals at those levels.   

In addition, the sampling frequency becomes and issue with the length of the 

window, since the number of samples contained in the window is a direct outcome of this 

value.  The length of the signal decreases by two for each successive scale employed in 

the analysis.  The number of samples may not be sufficient for a useful analysis at lower 

scales if the window is not sufficiently large. 

 Decimation level.  This value sets the frequency resolution for the signal being 

analyzed.  When this number is adjusted, it changes the sampling frequency, which in 

turn requires that the maximum scale be adjusted.  The reason for this variable being used 

in the study is that by increasing the decimation level, you decrease the time it takes for 

the analysis in two ways.  First, the length of the signal is reduced so there are fewer 

calculations to be performed, resulting in a decreased processing consumption.  The next 

important aspect is that it creates a lower Nyquist frequency, which is defined in Matlab 

as half of the sampling frequency, whether or not this is the case.  Again, it is important 

to be WARY of over-decimating the signal and lowering the sampling frequency too 

much.  The significance of a lowered Nyquist frequency is that the total number of scales 

required to attain the autonomic frequencies of interest can be reduced.  However, this 

also means that the resolution will not be as good and potentially means that the high and 
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low frequency autonomic regions will overlap.  The default level is set to 5, so Fs equates 

to 200 (the original re-sampled rate of the IIBI) divided by 5 (the decimation level), or 40 

Hz. 

 
3.4.2 Wavelet Entropy 

Wavelet analyses are being used increasingly for biomedical applications, among other 

adaptive time-frequency methods of analysis [80, 81, 82, 83, 84, 85].  A recent 

international conference of the IEEE EMBS showcased over 45 papers using wavelets in 

the anlaysis and classification of biological signals.  Of rising interest in various signal 

processing arenas is the non-linear assessment of the coefficient time series generated by 

this analysis.  Wavelet entropy in specific bands has been used in both classical and 

quantum mechanics, in communications and, more recently, in biological applications 

[86, 87,88, 89].   

In this research, the wavelet transform is used to decompose the biological signals 

into sets of independent, orthogonal time series.  The wavelet entropy program was 

written using the wavelet toolbox in Matlab v6.5, employing the continuous wavelet 

transform (CWT) of the coif3 mother wavelet.  The program generates wavelet time 

series for all data sets and further calculates the entropy of the calculated data sets in 

accordance with Shannon entropy principles.  Figure 3.4 illustrates the algorithm for the 

wavelet entropy method, which creates a matrix of time-frequency distributions for each 

scale.  Entropy measures are then calculated based on that matrix, as indicated in (3.1). 

[ * ln( )]wt a aS P P= - �  (3.1) 
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 In this equation, Swt represents the Shannon energy of the wavelet transformed 

data, Pa represents the probability density of the wavelet coefficients at each scale, a.  

Another measure of wavelet information used in this research will include the normalized 

Wavelet energy, Q.  The normalized energy is calculated based upon (3.2). 

A heart rate variability measure of entropy was calculated based upon the knowledge of 

frequency bands of interest, namely the low frequency (LF, 0.04-0.14 Hz) and high 

frequency (HF, 0.14-0.4 Hz) bands, in addition to the LF/HF ratio, which is believed to 

 

Figure 3.4.  Wavelet analysis basis for entropy quantification.  The top Figure is the 
original raw data set, IIBI (blue) and Respiration (green).  The bottom Figure is the set of 
wavelet coefficient series from scales 6:10, the frequencies of interest, over the same 
course of time. 

/ ln ( )w tQ S a=  (3.2) 
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be indicative of the sympatho-vagal activity.  These indices were determined as per (3.3) 

and (3.4).  The use of a different wavelet kernel or sampling frequency (refer to Section 

3.3.1) would necessitate modification of (3.3) and (3.4).  The frequency bands for this 

analysis were the low frequency (0.03 – 0.11 Hz) and high frequency (0.11 to 0.44 Hz).  

The wavelet entropy method provides useful information about neural control of 

individual systems.  

 

3.4.3 K-Means Cluster Analysis 

A cluster analysis provides objective classification of varying levels of health of the 

examined systems.  The reason for selection of K-means cluster analysis in lieu of any 

other clustering technique is that the number population types is known a priori, but the 

distance between mean values for any given group is unknown.  To perform most 

methods of cluster analysis, it is necessary to have an estimate of the distribution of the 

statistics of the data set, such as mean value and variance for each group.  K-means 

approaches subject classification without knowledge of statistical parameters, only the 

number of groups within data sets.  The algorithm creates k groupings of the data, based 

upon dividing the sample population, n, by the number of  groups, k.  For example, if 

there are 100 subjects and it is known that there are 5 groups, the algorithm will seek five 

mean values around which the data fall, within a certain distance to (or variance from) the 

1 0
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mean value.  The method will then seek to minimize within group distance.  This method 

provides a significant, straight forward tool for classification of level of health based 

upon neural variability.  The distance calculation employed in this analysis was the 

Euclidean least squares distance, which is a basic distance calculation, whereby: 

 

2
2

2 1 2 1( ) ( )
Euclid

d x x y y= - + -  (3.5) 

 

Note that the square root sign is missing for least squares measures in cluster analyses.  

The centroid is defined by the mean of the distances between all points in the specific 

cluster.  Before the analysis was performed, the entropy matrix was normalized using the 

z-score normalization technique, as in (3.6): 

 

norm xz  = (x - x ) ./ s  (3.5) 

 

where znorm is the normalized value, x is the vector being analyzed, x is the mean value of 

the vector x, and ssss x is the standard deviation of the original data set, x. 

 
3.4.4 Wavelet Source Separation 

Wavelet Source Separation was performed in several steps, with the variables listed in 

Section 3.4.1 playing a critical role in the performance of the algorithm.  Figure 3.5 is a 

flow chart overview of the algorithm developed for the analysis.  Essentially, this 

program makes use of the fact that division in the frequency domain is equivalent to a 

deconvolution in the time domain.  Because each of the wavelet time series generated at 
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each scale is statistically independent, each can be treated as such for further 

manipulations.   

 The process began by loading the IIBI and respiration signals into the workspace 

in Matlab 6.5 (the program has also been validated for Matlab 2006a). The signals are 

decimated by a factor of ‘dec’, described in Section 3.4.1.  The wavelet analysis is then 

performed on the two pre-processed signals.  The vector representation is presented in 

(3.6) and (3.7).  Figure 3.5 illustrates the actual signals and their correlations.  Note that 

in this Figure, the subject was breathing at a rate of 16 bpm, or a frequency of 0.2667 

( 8a » ), the top red and blue image in the wavlet analysis bank Figure.  The details 

matrices are represented as follows in this research: 
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n
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 (3.7) 

 

where dHRV11 through dHRV1n represent the details vector for scale 1 for the entire 

length, n, of the analysis, and dHRV71 through dHRV7n represent the vactor for scale 7, 

the lowest frequency band of the analysis. 

A range of scales from 1:7 is used in conjunction with the coif3 wavelet for the 

analysis, which correlates with a frequency range of 0.03 Hz ~ 3.84 Hz.  The data were 

manually phase adjusted to match the first onset of respiration and HRV signal peaks 

using velocity tracings, due to the offset that results from the generation of the IIBI 



 

 

93

signal.  Once the data were transformed into the time-scale domain, they were squared 

and a unity offset was introduced to ensure that neither the respiration nor HRV signals 

crossed zero, as in Equation 3.9.  This ensured that no large, spurious artifact was 

introduced into the reconstructed series by introducing large numbers into the 

reconstruction vector as a result of a divide by zero effect.  Once the division was 

performed, the square root of the quotient was obtained and the unity offset was removed.   

 

Figure 3.5. Wavelet series correlations of both respiration (red) and HRV (blue) to form 
basis of WavS analysis.  The top Figure is the raw respiration (green) and IIBI (blue) 
signal.  Correlations between the two signals at each scale is displayed.  
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The data pre-processing step was important for several reasons.  First, for optimal 

wavelet performance, it is necessary to ensure that the signal length is a power of two.  

There are several mechanisms by which to do this in Matlab.  The wavelet toolbox has an 

extension mechanism called dwtmode which extends the signal in specific scales to the 

appropriate length.  There are several methods of extension.  For this research, the 

periodic extension was chosen to ensure that no unnecessary DC component, or abrupt 

changes were introduced to the signal content.   

It is also important to extend the signal to ensure that wavelet domain wrapping 

does not occur during the analysis.  This phenomenon occurs at the edges of the wavelet 

time series, where information content gets shifted between wavelet subbands, and 

 

Figure 3.6. Flow chart of WavS algorithm. 
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introduces a large artifact at these points.  This problem can be avoided by using a 

symmetric (about zero) wavelet and extending the signal when necessary, which will 

cause the artifact to cancel itself [92].  The coiflet wavelet used in this analysis is 

symmetric, highly regular, possesses a high number of vanishing moments, and is 

orthogonal. 

 Once each signal is decomposed via the DWT into time series of varying 

resolutions, respiration (dResp) and HRV (dHRV) signals are correlated at each scale. 

When a correlation above a specific threshold exists, in this case ,HRV RESPr  > 0.6 – 0.85, 

depending upon subject population, for a given window, win, of time as in (3.8) the 

signals are sent to an array to be divided into each other, as in (3.9).  They are first 

squared and then the HRV is divided by the respiration signal.  Division was chosen 

because the signals are in the frequency domain and division in that domain equates to 

deconvolution in the time domain.  A unity offset is introduced because when dHRV is 

divided by dResp, if dResp is zero (or very close to zero), it creates a spike in the output 

that is several orders of magnitude greater than the remainder of the data. The offset is 

removed after the division is performed and before replacing the values into the 

reconstruction vector, dRECONST, where a is scale. 
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The reconstruction vector is the vector of wavelet coefficients that will be used to 

reconstruct the signal.  It is a set of numbers that is generated when the discrete wavelet 

deconstruction is performed.  As can be seen in Figure 3.6, if a correlation is below the 

threshold, it is not manipulated.  Rather, the entire wavelet series for that specific scale is 

passed unaltered directly to the reconstruction vector.  If r > threshold, the wavelet 

coefficient series dHRV and dRESP for that specific scale is passed to the remainder of 

the analysis program.  dHRVa and dRESPa are offset and squared, then the square root of 

the quotient is offset by -1 and entered into the reconstruction vector (dRECONSTa), as 

in (3.9).  Note that this calculation is performed at each scale and for each window, win, 

of time within that scale.  Then dRECONSTa is passed to a larger vector, dRECONST, 

which concatenates the reconstruction vectors at all scales.  The variable dRECONST is 

then passed to the waverec function, part of the wavelet toolbox in Matlab, for 

reconstruction into the time domain.  Figure 3.5 displays the flow of decisions for 

calculations and manipulations performed in the analysis.   


