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CHAPTER 4 

RESULTS 

 

4.1 Cardio-Pulmonary Coupling Model 

The model results indicated several key findings that were in agreement with the findings 

from the clinical studies.  The first finding is that the WavS method output had an 

average correlation between the simulated cardiac cycle and extracted cardiac cycle of 

0.9975, as in Figure 4.1.  The average coherence between the two signals was 0.9988.  

These values are averaged for the five different model signals that were used in the 

validation segment of the research.  Figure 4.1 illustrates the original cardiac signal used 

to create the simulated IIBI signal in blue, as well as the signal that was reconstructed as 

a result of the analysis in red dashes.  The correlation value for these specific signals is 

listed on the Figure.  The red signal was extracted from the combined cardiac and 

respiratory signal, using only the respiration signal as the template for removal. 

Figure 4.1.  Correlation and coherence of input simulated cardiac cycle signal (solid 
blue) and reconstructed cardiac cycle (red dashed).  



 

 

98

The second result of the model data is that although frequency content within a 

signal can change, this does not necessarily alter the low frequency/high frequency ratio 

of the signal.  Figure 4.2 illustrates the changes in frequency content in each of these sub-

bands.  It also illustrates that the change in LF/HF ratio is not orders of magnitude, 

although the spectral power in each component individually change by orders of 

magnitude.  Significant differences were obtained between the LF and HF content of the 

pre and post processed signal, although the ratio of LF to HF did not yield significantly 

different values for the data set.  The results are presented in Table 4.1.  This supports the 

observation that the LF/HF ratio can be unaffected, although trends may be seen, even 

when the individual components change by orders of magnitude.  The small sample size 

(n = 6) and large variance suggest that a larger model application may show different 

values.  

Table 4.1. Statistical Changes in Spectral Power between Pre- and Post Model Analysis 

HF Spectral 
Power 

LF Spectral 
Power 

LF/HF Ratio 
Parameter 

Original Reconst Original Reconst Original Reconst 

Mean 6130 33 0.9521 0.0082 0.0002 0.0005 

Variance 0.5 1508 0.0587 6.97e-6 1.59e-9 8.41e-8 

P(t < t) 4.2e-10 0.0009 0.0793 

 

Another significant finding is that when the respiratory wavelet coefficient value 

is at zero, the output signal approaches infinity, introducing large artifacts.  To 

compensate for this, the program squares dRESPa and dHRVa, performs the division, 

takes the square root of the quotient and then reduces the value of the result by 1.  On the 
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output, a spectrum with two distinct peaks at each frequency of the new signal is created 

when two harmonic sinusoids are combined, as shown in Figure 4.2, below.  The top 

Figure illustrates the model signals.  The dark blue signal is the approximated IIBI signal. 

The green dashed signal is the simulated respiration signal, and the red is the 

 

Figure 4.2.  �� WavS output for model data analysis. The top Figure is the sum of the 
cardiac and respiratory (green) signals to create the simulated IIBI signal (blue). A is the 
spectrum of the original HRV signal. B is the Spectrum of the reconstructed HRV signal. 
C is the spectrum of the original respiration signal. D is the spectrum of the reconstructed 
respiration. 

HHH RRRVVV   sssiii gggnnnaaalll    

RRReeesssppp   sssiii gggnnnaaalll    RRReeecccooonnnsssttt    sssiii gggnnnaaalll    

(a) 

(d) (c) 

(b) 



 

 

100

reconstructed output of the analysis program, simulating the IIBI with the respiration 

signal removed.  The four spectral graphs, color coordinated with the top Figure, plotted 

below the Figure are discussed clockwise from top left.  Listed at the top of images 

(Figures 4.2a and b) are the values for the LF, HF and LF/HF ratios calculated for those 

specific spectra.  At the top left (Figure 4.2a) is the original spectrum of the simulated 

IIBI signal.  This is the spectrum correlating to the dark blue signal in the top image.  

Next, the red spectrum in Figure 4.2b is that of the reconstructed signal after the wavelet 

removal of the respiration from the IIBI.  The bottom two green spectra are the 

respiration spectra, reconstructed 4.2d and original 4.2c.  Note that the spectrum of 

Figure 4.2a has a peak at the respiration frequency of approximately 0.2 Hz, in 

coordination with the respiration signal in Figure 4.2c.  Note also that the respiration peak 

is missing from the spectrum of the reconstructed signal, shown in Figure 4.2c.  The 

spectral power of the two signals changed dramatically from pre to post processing, as 

can be seen at the top of Figures 4.2a and 4.2b.  The HF and LF values changed, on 

average, by orders of magnitude. 

The local frequency content of the signals became important when assessing the 

global correlation of the two signals.  Because the periods of harmonically related signals 

would change in a coordinated manner, the wavelet was able to perform a more global 

correlation analysis of the data.  When the signals were not harmonically related, the 

correlation over large time scales decayed and resulted in a poor signal separation.  It is 

for this reason that the window becomes important again.  This was one of the most 

significant outcomes of the model analysis.  Further, the onset time of the frequency 

influenced the correlations.  Interestingly, in the model the LF component of respiration 
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is removed from the HRV signal in conjunction with the HF component, causing 

negligible changes in the LF/HF ratio after removal of the respiration signal.  This result 

is in keeping with the findings of the WavS analysis of the healthy subjects in the COPD 

study. 

 

4.2 Wavelet Entropy 

The wavelet entropy analysis was performed on both the COPD and presbyopic subject 

populations.  Both groups showed trends, but the sample size was quite small, yielding a 

large variance, and did not yield significant results.  To address this, the method of 

ZSCORE normalization was employed, which normalizes the distribution statistically in 

an effort to do comparisons between populations with largely different mean values.  The 

results for each study are discussed in this Section.  While applying the wavelet entropy 

method to both sets of heart rate variability data, patterns of control emerged in addition 

to patterns within the probability distribution and wavelet entropy calculated.  It is also of 

significance that the distribution of entropy differs between control and subject 

populations. 

 
4.2.1 COPD Wavelet Entropy Results 

The wavelet entropy for this patient group contained large variances within populations.  

However, the zscore normalization algorithm in combination with a PCA component 

reduction enabled a highly accurate separation of each of the groups, which were control 

or COPD.  For the files taken at rest, the classification rate is 93%, with one control 

getting classified as a patient.  For the files taken during rest-exercise-recovery, the 

classification rate is 100%.  The confusion plots for the classification scheme are in 
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Tables 4.2a and 4.3b.  The high classification rate at rest suggests that there are 

significant differences in the physiology that are measurable.  Differences in populations 

are evident during exercise with visual inspection.  At rest, the differences are more 

subtle, but still produce significant results.   

 

Table 4.2a. Confusion Plot of 
COPD Study Subjects at Rest 
Classifcation rate is 93 %. 

Actual Class  

Control COPD 

Control 4 0 
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COPD 1 10 

 

 
 

 
 

Table 4.2b. Confusion Plot of 
COPD Study Subjects in Exercise 
Classifcation rate is 100 %. 

Actual Class  

Control COPD 

Control 5 0 
P
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ed
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ss

 
COPD 0 10 

 

 Another result of this analysis was the individual components that were found to 

be major contributors to the separation algorithm.  A Principal Components Analysis 

(PCA) was performed on the matrices for rest and exercise to determine the components 

that influenced the distribution the most.  This type of analysis provides information 

about which variable provide the largest portion of the variance, and therefore 

information, within the distribution.  Interestingly, during the resting state the variables 

which contained the most significant amount of information were based upon the entropy 

values in the low and high frequency ranges, SwtHF and SwtLF , as well as the percentage of 

energy contained in scale 3, P3.  During exercise, the percentage of entropy contained in 
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scales 1 and 5, P1 and P5, were of significance, as was the percentage of entropy 

contained within the LF and HF ranges, PLF and PHF.   

 

4.3 Wavelet Source Separation 

The WavS method yielded some interesting results for the subject group tested.  The 

main intent of this aspect of the research was to determine if the respiration effect could 

be removed from the IIBI signal.  Further, could the results obtained from analyzing the 

separated data provide clinical implications for diagnosis?  The two subject populations 

yielded some striking results, but again, the research was a pilot study by design, and the 

sample sizes were not robust enough to form any statistical determinations.  However, 

interesting trends exist and should be further investigated. 

Phase alignment was performed to ensure that the content in the time-frequency 

distributions were appropriately aligned for the removal of the respiration signal.  

Because the coefficient series are time-dependant, shifts introduced by the interpolation 

of the inter-beat-interval signal at the beginning of the signal may not accurately reflect 

the initial HRV and may result in offsetting the signal by a small amount, depending on 

where in the cardiac cycle recording of the ECG began.  To address this, it is necessary to 

align the signals initially for the analysis.   

The window applied to the segment ensured that if at points in time during the 

acquisition the signals lost synchrony, the impact on the correlation remained localized.  

That is, the program employed a local rather than global correlation.  This ensured that if 

there were parts of the signal that contained large transients, the correlation would only 

be affected in that one specific segment of the signal.  If this was not implemented, the 
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signal may have a correlation lower than the threshold and the respiratory influence 

would not be removed, even though the loss of correlation was only in one small part of 

the signal.����

Due to the time-dependant nature of this analysis, even if the frequency activity 

between the respiration and IIBI signals was highly correlated, the analysis may not have 

detected a correlation because the onset time of the frequency activity was not the same 

between the two signals.  As can be seen in Figure 4.3, the alignment of the signals in 

time is quite important to the analysis.  Figure 4.3a is the signal analysis result before the 

phase alignment.  Figure 4.3b is the signal analysis output after phase alignment.  The top 

image in each Figure illustrates the change in onset time of the signal.  Note the 

  

Figure 4.3a. Unmatched signals in time. Figure 4.3b. Signals matched in time. 

OOOfff fff ssseeettt    HHHRRRVVV    sssiii gggnnnaaalll    MMM aaatttccchhheeeddd   HHHRRRVVV    sssiii gggnnnaaalll    

RRReeecccooonnnsssttt rrruuucccttteeeddd  
   HHHRRRVVV  

SSSpppeeecccttt rrruuummm  

OOOrrr iii gggiii nnnaaalll       
HHHRRRVVV       
SSSpppeeecccttt rrruuummm   

OOOrrr iii gggiii nnnaaalll       
HHHRRRVVV       
SSSpppeeecccttt rrruuummm   

RRReeecccooonnnsssttt rrruuucccttteeeddd  
   HHHRRRVVV  

SSSpppeeecccttt rrruuummm  
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relationship between the matched signals at the top of Figure 4.3b in contrast to the offset 

between the two unmatched signals at the top of Figure 4.3a.  There is a significant 

impact on the separation algorithm when the two signals are not correlated in time.  This 

effect can be seen in the differences in the original and reconstructed HRV spectra of 

Figures 4.3a, where the respiration is not removed, in contrast to 4.3b, where the 

respiration peak is removed. 

A gain was applied to the amplitude of the respiration and HRV signals to ensure 

that the maximum amplitude of each was equivalent.  As can be seen in Figures 4.4a and 

4.4b, the amplitudes of the respiration and HRV signals differed from subject to subject 

due to the gain on the amplifier.  Because a unity ratio between HRV and respiration is 

desired if the two signals are correlated, the amplitudes of the two signals should be 

equivalent.  The gain value was a constant for the entire signal. 

  

Figure 4.4a. Gain of Respiration is much 
higher than cardiac gain. 

Figure 4.4b.  Gain of Respiration is more 
proportional with cardiac gain. 
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4.3.1 COPD Population 

This population was characterized by a significant difference in values of HF and LF 

between the two groups, particularly after the separation of the respiration influence.  

After separation, the LF spectral content of the control subjects was decreased by 

approximately 50%.  This was in contrast to the COPD population, where the HF values 

decreased disproportionately with the LF values.  This resulted in the LF/HF ratio 

increasing for the COPD population and decreasing for the control population after the 

source separation. 

The minimum correlation threshold necessary to separate the signals varied 

according to subject population.  As a result, the lower end of the correlation range was 

used for both sets of data.  The correlation for the COPD subjects often went as low as 

0.5 and the healthy subjects were able to employ an average separation threshold of least 

0.8.  The windowing of the signal made it possible to detect correlations even when the 

system was subjected to stimuli because the transients that would typically cause the 

analysis to fail were overcome by the time-varying nature of the frequency analysis. 

 The LF and HF values changed from pre to post analysis, and the results are 

tabulated in Tables 4.2 and 4.3.  Figures 4.5 and 4.6 are a sample of the COPD study 

WavS output at rest and exercise, respectively.  The values changed significantly from 

pre to post processing, and there were smaller or larger changes in the signal from pre to 

post processing during different times within the signals.  Note the difference in 

respiration spectra between rest and exercise for both samples.  At rest, the control and 

COPD spectra are not significantly different.  However, during exercise there is a 
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difference in the distribution of the spectral content of the signal that is particularly 

evident during the smaller windows of time illustrated in Figures 4.6 c and d. 

Figure 4.5a. Output of WavS for Control 
subject at rest. 

Figure 4.5b. Output of WavS for COPD 
patient at rest. 

 
Figure 4.5c. Output of WavS for control 
subject at rest, for a 30 second window of 
time. 

 
Figure 4.5d. Output of WavS for COPD 
subject at rest, for a 30 second window of 
time. 
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Figure 4.6a. Output of WavS for Control 
subject during exercise. 

 
Figure 4.6b. Output of WavS for COPD 
patient during exercise. 

 
Figure 4.6c. Output of WavS for control 
subject during exercise, for a 30 second 
window of time. 

 
Figure 4.6d. Output of WavS for COPD 
subject during exercise, for a 30 second 
window of time. 
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The variance of the data sets decreased by orders of magnitude between pre- and 

post-processing.  More data are needed to perform statistically robust tests on this data 

set.  This trend suggests that smaller changes in activity may be detected in the time 

series after it has been processed.  If the variance is smaller between samples, then the 

statistical power analysis suggests that changes in the mean values will become more 

significant for the same number of samples.  Table 4.3 lists the mean, variance and t-

statistic values for the data.  Note the change in the variance in all samples.  Table 4.4 is 

the same statistics, but separated for the individual control and COPD patient 

populations. 

 

Table 4.4. Statistical Changes of Spectral Power Between Control and COPD Data Pre- 
and Post- Processing During Exercise 

HF pre HF post LF pre LF post LF/HF pre LF/HF post 
 

Norm COPD Norm COPD Norm COPD Norm COPD Norm COPD Norm COPD 

Mean 10.23 7.68 6.83 4.71 15.82 7.07 8.87 4.16 2.25 1.68 1.51 1.13 

Var 179.3 64.61 21.74 19.88 150.7 28.31 17.09 10.87 1.14 1.66 0.19 0.17 

P(t < t) 0.81 0.66 0.37 0.21 0.63 0.42 

 

Table 4.3. Statistical Changes of Spectral Power between Overall Pre- and Post-
Processing During Exercise 

HF Spectral Power LF Spectral Power LF/HF Ratio 
Parameter 

Original Reconst Original Reconst Original Reconst 

Mean 8.96 5.77 11.44 6.52 1.97 1.32 

Variance 106.38 19.13 98.61 18.30 1.29 .20 

P(t < t) 0.21 0.08 0.07 
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The specific HRV indices become more similar after the analysis has been 

performed, as per the decreased level of variance, although the changes in discrete 

windows of time are significantly different, as in Figure 4.6.  The results may suggest that 

the respiration may have been driving a significant portion of the frequency activity that 

has been studied for so long in HRV.  This would imply that sinus arrhythmia (SA) at rest 

and during stress or exercise, may be of the greatest significance in the study of HRV.  

However, the fact that the LF and HF frequency content is not completely removed with 

the respiration may indicate that another physiological mechanism is at work in the 

variability exhibited in the heart rate. 

Within the BE (rest) data set, the LF values overall changed from a mean of 

194.20 to 67.20, variance changing from 31403.60 to 4702.33, with P(T<=t) of 0.015.  

HF values overall changed from a mean of 123.57 to 58.21, var from 13063.33 to 

4723.96, p value of 0.039.  Within the ME (exercise) data set, the LF frequency content 

changed from a mean value of 11.44 to 6.52, var from 98.61 to 18.30, p = 0.08.  HF 

content changed from a mean value of 8.96 to 5.77, var from 106.38 to 19.13, p value 

0.21.  The ratio changed from a mean value of 1.97 to 1.32, var of 1.29 to 0.20, p value of 

0.07.  Recall the small sample size.  Larger sample sizes may likely yield significant 

changes in these areas.  Values are tabulated in Tables 4.5 and 4.6. 
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Table 4.5  LF, HF and LF/HF Ratio Values Before and After the WavS Analysis for 
the Resting Segment of the COPD Study 
  BE 
Subject LF pre LF post HF pre HF post Ratio pre Ratio Post 

S1 199.03 58.20 59.69 31.84 3.33 1.83 
S2 87.61 55.74 93.99 58.88 0.93 0.95 
S3 488.94 168.75 227.15 37.55 2.15 4.49 
S4 424.15 174.22 255.72 91.56 1.66 1.90 
S5 91.51 6.47 44.39 10.80 2.06 0.60 
S6 213.27 59.80 286.24 213.26 0.75 0.28 
S7 35.29 7.45 16.96 16.65 2.08 0.45 

S9 13.82 6.99 4.41 5.12 3.14 1.36 

 

4.3.2 Presbyope Population 

The presbyope population saw changes in the frequency content between pre and post 

processing, as well as the COPD group.  Tables 4.7, 4.8 and 4.9 display the results from 

the analysis of this data set.    Note that the separation of each group cannot be considered 

statistically significant due to the small sample size, and must be increased in future 

studies.  Figure 4.7 is the output of one of the normal subjects breathing at 12 [bpm]. 

Note the correlation between the respiration and IIBI signals, and the corresponding clean 

Table 4.6  LF, HF and LF/HF Ratio Values Before and After the WavS Analysis for the 
Exercise Segment of the COPD Study. 

 ME 
Subject LF pre LF post HF pre HF post Ratio pre Ratio Post 

s1 11.34 7.78 9.17 5.82 1.24 1.34 

s2 15.90 11.86 5.34 7.61 2.98 1.56 

s3 12.58 9.58 3.80 5.42 3.31 1.77 

s4 2.62 2.83 1.59 1.56 1.65 1.82 

s5 3.54 2.24 2.75 2.12 1.29 1.06 

s6 32.18 11.19 30.18 12.73 1.07 0.88 

s7 11.89 6.00 18.39 10.48 0.65 0.57 

s9 1.51 0.64 0.42 0.42 3.57 1.53 
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separation of the spectral components.  This correlation of respiration and IIBI and the 

subsequent separation of the respiration from the IIBI was similar for all breathing rates, 

and for all subjects.  The differences existed between the autonomic markers of the 

groups, as indicated in Tables 4.5, 4.6 and 4.7. 

 

 

Figure 4.7 Output of the WavS analysis of adaptive presbyope subject breathing at 12 
[bpm]. 
 

As a clinical validation of the WavS method in addition to the model the LF value 

changed nearly significantly during controlled breathing at 8 breaths/min [bpm], as listed 

in Table 4.7, and the HF content changed nearly significantly during controlled breathing 

at 12 and 16 [bpm], as indicated in Table 4.8. 
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Table 4.7  Presbyope LF data.  Results for 8, 12 and 16 breaths/min. 
8 12 16 n = 10 

Pre Post Pre Post Pre Post 
Mean 486.46 127.00 78.52 50.83 45.15 44.79 

Var 197604.8 19778.95 15629.75 7379.62 1498.54 1334.81 

P(T<t) 0.016 0.14 0.89 

 

In terms of standard deviation, differences between the control and presbyope 

groups were evident not only in the standard deviations, but in the frequency content of 

the signals.  Figure 4.6 illustrates the differences in IIBI signals by group.  Figure 4.7 

groups the differences in values by age, indicating that the differences are specific to the 

category of the visual adaptability, not the age, of the subject. 

 

Table 4.8  Presbyope HF Data  
8 12 16 n = 10 

Pre Post Pre Post Pre Post 
Mean 47.44 44.27 182.38 41.31 117.08 31.66 

Var 2028.18 1706.48 34957.91 3055.4 18499.28 1694.28 

P(T<t) 0.50 0.04 0.06 

Results for 8, 12 and 16 breaths/min. 

Table 4.9  Presbyope LF/HF Ratio Data 
8 12 16 n = 10 

Pre Post Pre Post Pre Post 
Mean 19.49 4.53 0.75 1.27 1.26 2.20 

Var 833.07 14.31 0.644 0.47 1.47 2.32 

P(t>t) 0.15 0.11 0.02 

Results for 8, 12 and 16 breaths/min. 
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Table 4.10 summarizes the standard deviations statistically.  Note that the trends 

indicate that at higher breathing rates, the controls and presbyopes who like the lenses 

approach the same behavior, while the presbyopes who are unable to adapt to the use of 

the lenses deviate from the group. 

 

Figure 4.6 Presbyope IIBI data grouped by level of visual adaptability. 

Figure 4.7 Presbyope IIBI data grouped by age. 
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Table 4.10. Standard Deviations of IIBI Signals of Presbyope Study Populations. 

Mean Values 8 breaths/min 12 breaths/min 16 breaths/min 

Controls 67.29 50.19 47.72 

Likes 49.19 47.20 43.73 

Dislikes 33.73 23.41 16.90 
 

 

The results indicate many possibilities for the application of these analyses, with 

important clinical implications.  The next phase of this study must include larger data sets 

to statistically validate the trends witnessed with all data sets.  The two data sets 

displayed similar trends in terms of the frequency content changes when the respiration 

removal algorithm was employed.  Further, the implications for differences in autonomic 

function correlating with oculomotor function is significant in that it has not been 

reported in this way in the literature. 


