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9.3 RESULTS 135 

9.3.5 Modeling the patient subjects 

Fig. 9-8 shows an example of a patient in subject group GPI during spontaneous 

breathing pattern in supine posture. For comparison, Fig. 9-9 shows an example of a 

patient in subject group GP2 with a large sympathetic input. These figures show 

good modeling results of a low order ARX model applied for patient subjects in both 

groups GPI and GP2. The T-test for Independent Samples was performed for 

parameters of the decomposed impulse response to evaluate the following paired 

differences between the three groups: (i) Patient subject group GPI and healthy 

subject group GHI. (ii) Patient subject group GPI and the patient subject with a 

large sympathetic input GP2. (iii) Healthy subject group GHI and the patient subject 

group with a large sympathetic input GP2 . 
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Table 9- 7 Parameters of impulse response for all the subjects of group GHI, GPI and GP2 in 
supine posture. The column marked G on the right identifies the group. Data in rows with l in G 
column are patient subjects (GPI) in spontaneous breathing, data in rows with 2 in G column are 
healthy subject (GHI) in either random or regular breathing and data in rows with 3 in G column are 
patient subject with a large sympathetic input (GP2). 
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Figure 9- 8 An example of patient subject group GPl during spontaneous breathing pattern in 
supine posture. HRV and IL V signals (A). Spectrum of HRV and IL V (B). Transfer function from 
ARX model and spectral method (C). The impulse response synthesized from high and low frequency 
components determined by the model parameter (D). 
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Figure 9- 9 An example of patient subjects with a large sympathetic input during (GP2) 
spontaneous breathing pattern in supine posture. HRV and IL V signals (A). Spectrum of HRV and 
ILV (B). Transfer function from ARX model and spectral method (C). The impulse response 
synthesized from high and low frequency components determined by the model parameter (D). 
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Patients (24) Healthy (21) T-test 
Valid Number of 
subject= 45 Mean Std.DY' Mean Std.DY' t p 

Slow Tiaa Conatant(Sec) 2.73795 .526509 2.74657 . 307011 -0.06576 .947871 
raat Tiaa Conatant (Sec) .427543 .042629 .425762 .004220 0.14038 .889013 
Slow Amplitw!e(blp/liter) .378875 .365265 1.8532 1. 07067 -6.34619 .000000 
raat Amplitw!e(blp/liter) .252917 .200332 1.8459 1.00808 -7.09372 .000000 

Marked differences are significant at P < 0.05 

Table 9- 8 Result of T-test for Independent Samples to compare difference between patient group 
GPI and healthy subject GHI 

Patients (24) Patients with 
Valid Number of high T-test 
subject= 32 sympathetic 

input (8) 

Mean Std.DY' Mean Std.DY' T p 

Slow Tima Conatant(Sec) 2.73795 .526509 4.41588 .597679 -7.55595 0.00000 
raat Tima Conatant (Sec) .427543 .042629 . 467750 .008549 .1. 76935 0.0870 
Slow Amplitu4e(blp/liter) .378875 .365265 .49975 .374050 -.80603 .436571 
raat Amplitu4e(blp/liter) .252917 .200332 .39225 .292542 -1.51519 .140191 

Marked differences are significant at P < 0.05 

Table 9- 9 Result of T-test for Independent Samples to compare difference between patient subject 
group GPI and patient subject with a large sympathetic input subject GP2 

Patients with 
Valid Number of Healthy high T-test 
subject= 29 subjects (21) sympathetic 

input(&) 
Mean Std.DY' Mean Std.DY' T p 

Slow Tiaa Conatant(Sec) 2.74657 .307011 4.41588 .597679 -9.96909 .000000 
raat Tima Conatant (Sec) .425762 .004220 .467750 .008549 -1.78269 .085886 
Slow Amplitw!e(blp/liter) 1. 8532 1. 07067 .49975 .374050 2.46220 .001800 
raat Amplitu4e(blp/liter) 1. 8459 1.00808 .39225 .292542 3. 71393 .000939 

Marked differences are significant at P < 0.05 

Table 9- 10 Result of T-test for Independent Samples to compare the difference between healthy 
subject GHl and patient subject with a large sympathetic input GP2 

Table 9-8 shows that the amplitude of both components for patient subjects group 

GPl was significantly small (p< 0.001) compared with healthy subject group GHl 

and both time constants have no significant difference between healthy subjects and 

patients. 
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Comparing the general patient subjects with the patients with a large sympathetic 

input GP2, only the fast time constant in GP2 is significantly larger than the one in 

patient subjects GPl (Table 9-9). 

Excepting that the fast time constant has no significant difference between healthy 

subject GH 1 and patients with a large sympathetic input GP2, other components 

have significant differences (Table 9-10). 

9.3.6 The patient subject in nonlinear cardiorespiratory 
coupling 

Fig. 9-10 shows a typical example of the eight patient subjects in GP3 with low 

coherence function, which indicate no significant relation existed between HRV and 

ILV. The coherence in high frequency range (0.15-0.5 Hz) is 0.1889 and in low 

frequency range (0.5-0.15 Hz) it is 0.05. 

Table 9-11 lists coherence HF and coherence LF for all eight patient subjects. 

Subjects 
(GP3) 

Cob HF 

CobLF 

c44200 

0.1889 

0.0505 

b50060 

0.1725 

0.1853 

b57050 

0.3106 

0.3648 

c47050 

0.1744 

0.2134 

gl6155 

0.2509 

0.1636 

014050 

0.2868 

0.3427 

s27300 

0.1435 

0.3821 

w34050 

0.2808 

0.1654 

Table 9- 11 Coherence function in high and low frequency range for patient subject group GP3 in 
low coherence 

Subjects h07051 m09301 m09450 p25050 
(GP4) 

,06057 r21102 r30054 rpomO w34054 

Cob HF 0.5398 0.5151 0.5187 0.6840 0.4326 0.5279 0.7021 0.6036 0.5678 

CobLF 0.4902 0.4809 0.5613 0.3271 0.6588 0.4349 0.4833 0.5816 0.6221 

Table 9- 12 Coherence function in high and low frequency range for patient subject group GP4 in 
around 0.5 coherence 

Table 9-12 lists coherence function in high and low frequency ranges for all patient 

subjects in group GP4, where the coherences have averages above the 0.5 threshold. 

However, for GP4 patients nonlinear cardiorespiratory coupling existed when the 
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time-frequency distribution was used to test. One example has been demonstrated in 

the previous section and is shown in Figs. 9-1 and 9-2. 

To investigate why patients in GP3 and GP4 were modeled poorly they were 

compared with the patients that modeled well, i.e., GPI. 22 patients from GPl and 

whose medical history was known were compared with 14 patients whose medical 

history was known in GP3 and GP4. Fishers Exact Test [Neil and Matthew 1991] 

showed there was no significant difference between the groups as to age, sex, or 

operation type in this small and uncontrolled study. However, the poor group had a 

significantly larger pre-operation history of vascular disease, smoking, or thyroid 

disease (p=0.002). 
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Figure 9- 10 Low coherence in patient subject group GP3. A. Time series of HRV and ILV. B. The 
power spectral of HRV and ILB. C. Cross-spectral and coherence function of HRV and ILV. 
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9.4 Discussion 

Our results demonstrate that the amplitude and time constant of impulse response 

components of the system that generates RSA in humans can be efficiently 

determined during random breathing patterns and regular breathing patterns for 

healthy subjects and during spontaneous breathing pattern for 65% of general patient 

subjects or patient subjects with a large sympathetic activity. The results further 

show that model parameter analysis, in terms of the amplitude and time constant of 

impulse response components, by using the low order ARX model can identify 

differences in system response that are due to the shifts in autonomic balance 

produced by the changing posture and can distinguish patients with a large 

sympathetic input. 

9.4.1 Data test preliminary to system identification 

In studying respiratory sinus arrhythmia, one is faced with a dilemma. The 

mechanisms regulating the cardiovascular system are known theoretically to contain 

many nonlinearities, and the system as a whole is known to be nonstationary. Yet, 

the dominant techniques for system identification - for example ARX model - are 

based on the assumption of linear dynamics and stationarity. This is why in certain 

cases application of the ARX model to RSA would produce poor results, especially 

for patients. Therefore, it is desirable to have a simple tool to detect nonlinearities 

and non-stationarities in cardiorespiratory interaction. This detection allows us to 

have an indication of how complex the system is and how the ARX model is and is 

not capturing all of the information in RSA in each particular case. 

The stationarity of a system must be established before the ARX model can be used 

for its identification and analysis. The recurrence plot is known as a detector of non­

stationarity and was described in section 4.4.1. Prefiltering is used to remove the 

trends in output data which reflect the non-stationarity of the system. In addition, we 

need to check any nonlinear effects in the output resulting from the change in the 

input, like different responses at different levels, or different responses to a step up 

and a step down. We must determine if there are nonlinear effects in the system 

before proceeding with identification using the ARX model. 

In any case, whenever coherence is less than 0.5 in most frequency ranges, either the 

system is nonlinear, the signals do not have a completely causal relationship (i.e., the 

signal are contaminated by noise), or both. According to previous work Berger et al 
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[1989] and Yana et al [1993] in both the frequency and time domain, the coherence 

function relating ILV and HRV is large enough (especially in the frequency range 

0.04-0.5 Hz) to assume the system is primarily linear. 

The strength of cardiorespiratory coupling is usually estimated by coherence 

analysis, which is suited for describing only the linear aspect of the interrelations. 

However, coherence as a frequency description of linear coupling between signals 

alone is not sufficient in the problems of nonlinear or nonstationary coupling 

between the input and output. Hence, cross time-frequency analysis can be used to 

analyze the relation between HRV, ILV in their t-f representation. This provides a 

tool to check any nonlinearity or nonstationarity in the system before setting up the 

linear ARX model. Figs. 9-1 and 9-2 show a typical example of one patient subject 

in group GP4 with close nonlinear coupling between HRV and ILV. This is the case 

where we are not able to do system identification through the low order ARX model. 

9.4.2 Autonomic mediation of RSA 

System identification using the low order ARX model was evaluated in terms of its 

capability to differentiate between altered autonomic states, because it is important 

in assessing the success of the system-identification procedure to determine whether 

the results are consistent with accepted physiological findings. 

It is well know that the posture change is accompanied by a shift in the balance 

between sympathetic and parasympathetic activity [Burke et al 1977]. The change in 

posture from supine to standing results in a relative shift from parasympathetic to 

sympathetic cardiovascular control. The components of the ARX model should 

reflect the posture-induced change in the system. We found a statistically significant 

change occurs in the related components of impulse response, in both random and 

regular breathing, summarized in Tables 9-4 and 9-6. The most substantial changes 

we observed are the slow components of time constant and amplitude which are both 

markedly increased in the upright posture, presumably due to change in a relative 

shift from parasympathetic to sympathetic cardiovascular control. It is important to 

point out that the peak in the low frequency range of the transfer function moves 

toward low frequency with change of posture from supine to upright. The slow 

component of impulse response reflects this change quantitatively. 

The ratio between the low and high frequency power spectrum of HRV is widely 

accepted as an index of balance between the sympathetic and parasympathetic 

system, to quantify autonomic function. However, one should take into account that 
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low frequency power is also affected by respiratory or tidal volume. Novak's study 

has clearly demonstrated by continuous slowing of respiration frequency that the 

nonrespiratory frequency content can pace the hemodynamic fluctuation in this 

range [Novak et al 1993]. If the respiratory spectral content in the frequency range, 

0.05- to 0.1- Hz, is not extracted, or if respiration is not considered, the indexes 

based on the ratio of low to high frequency can be artificially elevated. In contrast, 

our slow components of impulse response are more informative in quantifying the 

balance in the sympathetic and parasympathetic system due to respiration. 

Furthermore, our result for the supine and standing posture (Tables 9-3 and 9-4) is 

consistent with and validates the observation of Mullen et al [ 1997] who used a high 

order ARX model. They found that the statistically significant changes occur in 

decreasing peak amplitude, but with no statistically significant change in increasing 

area and characteristic time from supine to standing. Corresponding to a decrease in 

peak amplitude, our results also show a significant decrease in the amplitude of both 

components which in term show a weaker response mainly to parasympathetic input. 

Mullen et al. [1997] also found a slightly increased characteristic time. However, the 

slow time constant in our model increased significantly, this is consistent with the 

well-accepted finding that posture changes are accompanied by a shift in the balance 

between sympathetic and parasympathetic activity. 

Using this slow component, we then tested further the hypothesis that the slow 

component in impulse response can be an index of balance between cardiac 

sympathetic and parasympathetic modulation on the evidence of HRV response to 

IL V in patient subjects with a large sympathetic input. The sensitivity of our model 

components to the change of sympathetic modulation due to respiration is well 

demonstrated by a statistical comparison among healthy subjects, patients and 

patients with a large sympathetic input (Tables 9-9 and 9-10). The slow time 

constant is significantly larger in patients with a large sympathetic input than in the 

others while parasympathetic components are not significantly different. These 

finding are consistent with the fact that the sympathetic system can only mediate 

low-frequency fluctuations in HRV [Saul et al 1989,1991]. These observations also 

give further support to the proposition that an assessment of the relative 

sympathetic-parasympathetic balance can be derived by analysis of slow 

components of impulse response from the low order ARX model. 



144 CHAPTER 9 MODEL PARAMETER ANALYSIS OF RSA APPLIED TO 
EXPERIMENT AL SUBJECT GROUPS 

9.4.3 The cardiorespiratory coupling for patient subjects 

The influence of voluntary control of breathing on human autonomic activity is 

small [Cooke et al. 1998] confirming the efficacy of the random breathing control 

technique to maintain a relatively constant respiratory stimulus over a variety of 

conditions (in both of the relevant frequency bands, HF and LF). However, the need 

for voluntary control of respiration limits the scope of applicability of the random 

breathing method to patient subjects, especially for those subjects who are not able 

to cooperate with the investigator. For this reason, it would be useful to have an 

ARX model to assess RSA in uncontrolled situations. 

To our knowledge, this is the first attempt to use an ARX model to quantify RSA for 

patients in uncontrolled situations where the spontaneous breathing pattern can take 

on a variety of forms. Our study shows that the results of this system identification 

for patients are reliable quantitative indexes of RSA if one can ensure that 

cardiorespiratory interaction is linear and stationary. This is achieved by checking if 

the values of the coherence function are above the 0.5 threshold, and the recurrence 

plot and RID time frequency distribution are used to test for nonstationarity and 

nonlinearity, i.e., selecting records suitable for further system identification. 

Fig. 9-10 and Table 9-11 present the results of the coherence analysis showing that 8 

subjects (GP3) of 41 patient subjects have very low coherence function in both the 

high and low frequency range. As well, results from 9 subjects in patient group GP4 

having poor linear cardiorespiratory interaction although around 0.5 coherence in 

both high and low frequency range, are presented (Table 9-11, Figs. 9-1 and 9-2). 

Taken all together, 42% of patient subjects (17 subjects from a total of 41 patient 

subjects) can not be modeled by our linear low order ARX model, as opposed to 

healthy subjects where 100% could be modeled. 

The present study was performed to determine the accuracy and reliability of 

estimating the RSA impulse response from healthy subjects, the general patient 

subjects and the patient subjects with a large sympathetic input in which the 

breathing pattern in some subjects is spontaneous. Table 9-7 lists the components of 

impulse responses of healthy subjects, patients and patients with a large sympathetic 

input. From the comparison between healthy and patient subjects shown in Table 9-

8, the amplitude of both slow and fast components for patient subjects are 

significantly smaller than those for healthy subjects. This result demonstrated that 

HRV has a weaker response to both sympathetic and parasympathetic changes due 

to respiration in patient subjects than in healthy subjects whereas both time constants 
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are not much different. The most plausible explanation for this phenomenon is that 

the balance between sympathetic and parasympathetic is little changed when we 

compare generally healthy subjects with patients. This explanation also can be 

proved by the significant change of time constants due to more sympathetic input in 

patients. 

Comparison of patients whose medical records were known, 22 patients with good 

models and 14 patients with poor models, shows the poor group had a significantly 

greater pre-operative history of vascular disease, smoking, or thyroid disease 

(p=0.002). This may be one major explanation for nonlinear cardiorespiratory 

coupling for patient subjects with poor ARX models. In addition, the results of this 

comparison also show that there was no significant difference between the groups as 

to age, sex, or operation type. However, these speculations need to be tested more 

rigorously in further study. 





Chapter 10 

Conclusions and Future Research 

The goal of this thesis can be summarized in the following question, that has 

underlain the whole research: ''Can the low order ILV-HRV ARX model be used for 

cardiovascular system identification in order to assess the respiratory sinus 

arrhythmia in healthy subjects and patients?'' While RSA has been widely used as an 

indicator of impaired autonomic regulation of the heart, i.e. as a noninvasive 

measure of vagal cardiac input, the exact causative mechanism of RSA is unclear. 

Classical signal processing, such as transfer function analysis has been performed on 

the relation between ILV and HRV signal and shown its value both in extending the 

understanding of RSA and in suggesting a noninvasive measure for clinical practice. 

However, this type of analysis has shown limitations, so recent work has turned to 

more innovative techniques such as system identification based on the ARX model, 

time-frequency analysis and neural networks. 

10.1 System Identification Using the Low Order ARX 

Model 

Recently, the application of system identification methods to the analysis of the 

fluctuations in cardiovascular variables, based on the ARX model has been widely 

used to represent the dynamics of the cardiovascular system. It provides useful 

information about the dynamic behavior of the autonomic nervous system. While 

ARX models with high model order in previous research agree well with the 
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observed data in random breathing, a question remains concerning the number of 

model parameters. Does the model with a high order describe the 'true system', and 

can the high order of the model be physiologically interpreted in accordance with a 

priori knowledge of the dynamic relationship between ILV and HRV? 

After an introduction to the ARX model, a low order ARX model, based on both 

mathematical theory and the relationship between ILV and HRV, was proposed in 

this thesis. Regarding the applicability of the low order ARX model to the 

cardiovascular system, the need for signal processing and selection was suggested to 

ensure the system was linear and stationary. 

Linear detrending before modeling and prefiltering of the output signal were shown 

to be efficient in removing the nonstationary components and cutting away the noise 

or unwanted part of output signal. The effects of different filters on the stationarity 

of the output signal HRV were explored by using the recurrence plot. 

In addition to nonstationarity of the system, we still found it necessary to check any 

nonlinear effects in the output resulting from the input. RID cross time-frequency 

analysis provides a tool to check any nonlinearity and nonstationarity in the system 

before setting up the linear ARX model. 

An obvious improvement regarding system identification is to achieve a low order 

ARX model. Based on prefiltering data, both the false nearest neighbors (FNN) 

algorithm and visual inspection of the loss function are reliable for determining 

model order. In addition, the dead time was estimated accurately by both correlation 

and ARX model estimation method. As a result, good model qualities obtained by 

low order ARX models were proved by model validations, and agreed well with the 

results of previous research. 

The simplicity of our ARX model has contributed to the explanation of qualitative 

properties of the system. As one of this model's contributions, the low order ARX 

model makes it possible for the impulse response to be analytically decomposed into 

two combinations of exponential decays, i.e., the fast and slow response 

components. Applying the low order model parameter analysis in respiratory sinus 

arrhythmia, these low order ARX model parameters are demonstrated to be able to 

characterize quantitatively the system and evaluate how the respiratory sinus 

arrhythmia adapts in response to varying physiopathological conditions. 

Furthermore, to identify the different inputs (IL V and SBP) contribution to the 

system response (HRV), NNARX model sensitivity analysis was performed, which 

provided a good support for our cardiovascular system model. 
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From a technical point of view, one of the main achievements of this work has been 

to show that the low order ARX model performed well in system identification of 

RSA after the IL V and HRV signal was prefiltered. However, such a single input 

low ARX model is unable to account for the effects of IL V on HRV mediated by 

blood pressure fluctuations. Therefore a dual-input low order ARX model was used 

for the cardiovascular system with input IL V and SPB, but both model order and 

dead time had to be well qualified because of low frequency of effects on HRV from 

SPB. Moreover, the baroreflex acts as a nonlinear negative-feedback which tends to 

stabilize arterial pressure. Significant nonlinearities have been found in heart and 

blood pressure [Eckberg 1980]. Therefore, the nonlinear interrelations between HRV 

and SPB affect the linear system identification. 

In addition to coherence analysis, RID cross time-frequency analysis was proposed 

to visually check the nonlinear cardiorespiratory coupling. However, we found the 

strength of cardiorespiratory coupling can not be estimated by this method. We 

failed to develop a time-frequency distribution coherence which would give us the 

coherence distribution in the t-f plane. Certainly, a time-frequency distribution 

coherence would not only enable more sensitive nonlinear cardiorespiratory 

coupling classification of patient subjects than conventional linear coherence and 

cross time-frequency distribution, but could also improve the understanding of 

cardiorespiratory coupling in medical diagnosis. Alternatively a new approach to 

estimate nonlinear cardiorespiratory couplings involving independent measures of 

complexity and predictability, were proposed recently by Hoyer et al. [1998], which 

enabled a quantitative evaluation of the different coupling strengths during sleep and 

active state. Further applications to cardiorespiratory coupling in healthy subjects 

and patients would be of interest. 

10.2 Analysis of the Model Parameters in Respiratory 

Sinus Arrhythmia 

Once the cardiovascular system model had been established, the schemes proposed 

and studied in the low order ARX model technical section of this thesis have been 

applied to IL V and HRV signals for analysis of RSA,. Their usefulness for such 

system identification has been addressed. Five groups of data recording were taken, 

coming from healthy subjects, general patients and patients characterized by features 
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such as a large sympathetic input, patients having a history of vascular disease or 

thyroid disease, or heavy smoking. 

The human cardiovascular system model has been proposed to represent 

relationships between HRV, ILV and SBP and gives physiologically reasonable 

explanations of the origin of RSA in humans in normal condition. The model 

demonstrated that the central linkage of respiratory rhythm-generating neurons with 

cardiovagal motor neurons in the medulla would form the major contribution to 

RSA. The sensitivity analysis of HRV to changes in IL V and SBP was performed by 

using a neural network. The results showed good agreement with our cardiovascular 

system model. 

The success of the cardiovascular system identification using the low order ARX 

model has been shown by the fact that the results are consistent with accepted 

physiological findings. We have been able to get equivalent results with a low order 

model in healthy subjects - much more physiologically meaningful. Moreover, for 

both random and regular breathing patterns, the quality of the low order ARX model 

proved to be good. 

The simplicity of our ARX model has contributed to the explanation of qualitative 

properties of RSA. The two components of impulse response of HRV reflect 

autonomic nervous cardiorespiratory modulation. Based on the physiological 

meaning of the two components of impulse response, model parameter analysis of 

RSA allows us to evaluate the differences found in the assessment of autonomic 

control variations in breathing pattern and in posture in healthy subjects and in 

variations due to sympathetic input in patients. 

As one of main results, compared with the ratio HF:LF, the slow components of the 

impulse response have been proved to be more informative to quantify the balance 

in the sympathetic and parasympathetic system due to respiration. The model 

parameter analysis on the basis of a low order ARX model appears to be a desirable 

means of evaluating the effects of physiological alterations associated with 

pharmacological interventions, changes in the environment, physiological stresses 

and disease processes. 

The use of an ARX model to quantify RSA for patients in uncontrolled situations 

seems to yield more information. On the one hand, 24 of 41 patient subjects were 

modeled well by a low order ARX model, although this rate is significantly lower 

than in the healthy subjects where all were modeled well. A possible extension of 

this work would then consist of analysis of the impulse components for different 

patients and assessing the possibility of getting alternative classification parameters. 
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On the other hand, the bad model group had significantly more pre-operation history 

of vascular disease, smoking, or thyroid disease. However, it remains to verify if this 

really is a feature of this group, or if it is possibly due to the low quality of the 

recording. 

The ambitious question raised at the beginning of this work has only been partially 

answered here. While indications have been given on the possible use of a low order 

ARX model in healthy subjects and patients, many questions remain open. The 

model parameter analysis provides a new way of studying and monitoring RSA, and 

may bring something to clinical practice. However, it is by no means proven that 

the linear low order ARX model can reliably be used in medical practice. The 

problem discussed above, such as its poor applicability to a number of patients, (the 

bad model group), must be solved before this question can be answered. 
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Heart Rate Band-limited Interpolation 

Henderson, J. D., H. Bo, J.P. Meagher, and J. W. Sleigh 

Abstract 

The heart rate signal and its power spectral density have been widely employed in 

studies of the autonomic system. Inherently the heart rate signal can only be sampled 

irregularly, at discrete time intervals determined by the heart rate, and therefore 

ambiguity arises over its frequency content. A new method for estimating a set of 

uniform samples from the non-uniformly sampled heart rate data, Iterative Band 

Limited Interpolation (IBLI), has been developed and results are presented 

demonstrating its application to the estimation of heart rate power spectra. In the 

first instance results are derived from data generated by the theoretical Integral Pulse 

Frequency Modulation (IPFM) heart pacemaker model. These results show that 

spectra recovered by the new method do not display the undesirable high frequency 

roll off, harmonic content and intermodulation products which are characteristic of 

previous methods of heart rate estimation. A second set of results derived from 

clinically measured ECGs by means of the new method shows increased high 

frequency content in heart rate spectra thereby demonstrating other methods of heart 

rate measurement may well underestimate the high frequency power present in the 

heart rate spectrum. 
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Introduction 

An efficient method for determining the heart rate signal from the ECG was reported 

and evaluated by Berger et al [ 1986], and has subsequently been used by this group 

in studies of autonomic heart rate control, [ 1989]. They showed that power spectra 

recovered by means of their method almost exactly match the "true" heart rate 

spectrum as indicated by the Integral Pulse Frequency Modulation model, (IPFM), 

of heart rate control. The IPFM model has been widely used in heart rate studies, 

[Berger et al 1986, DeBoer et al 1987, Hyndman et al 1975, Rempelman et al 1977]. 

We will show in our analysis that the method proposed by Berger et al, which we 

will subsequently refer to as the Berger method, is based on linear interpolation of 

the integrated heart rate signal and that despite its many useful properties, eg., 

simplicity and speed, it underestimates high frequency content relative to more 

sophisticated interpolation procedures. In this paper, we analyze three methods for 

recovering the heart rate signal. The first is based on linear interpolation, of which 

the Berger method is a principal representative. The second is based on interpolation 

by means of the cubic spline, see Brown et al [1993] and the third is the new method 

we are proposing, Iterative Band Limited Interpolation (IBLI). 

The heart rate signal, as determined from the ECG, is postulated to be a continuous 

signal for which samples are available only at irregular intervals in time, see figure 

A-1. Thus to obtain its spectrum assumptions must be made about values taken by 

the signal between sample points. Commonly, interpolation is based on the 

assumption that mathematical functions have a polynomial nature between samples 

and as we shall show, the Berger method assumes a first order polynomial while 

other procedures such as the Lomb Transform [1976] for determining power spectra 

of non-uniformly sampled data use Lagrangian interpolation, i.e., higher order 

polynomials. While recognizing that in the absence of greater physiological 

information than afforded by the IPFM model, e.g., details of cardiac pacemaker 

activity, there is a degree of arbitrariness in the form of the heart rate signal, we feel 

that a more appropriate assumption than polynomial smoothness is that the signal be 

band-limited, i.e., contains no frequency content above half the average sample rate. 

The reason for this assumption is that the signal is the output of a physical process -

the autonomic system which is generally slow acting and therefore band-limited. We 

shall show that the band-limited assumption is sufficient to determine the signal and 

its power spectrum. This result is similar to that given by the Shannon sampling 
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theorem [Jerri 1977], with the difference that here we are dealing with a non­

uniformly sampled signal. 

ECG 

SAMPLED 
HEART RATE 

I I ] I I ] J 

HEART RATE ~""""', _...,.,. . .,-- ...... .~ ""'•"' ... ""'- ... _ .. __ ,., .. ,. 
... .... _,. .. , , -· ·- .,,. 

Figure A- 1 The Heart Rate Signal. The heart rate samples equal the inverse R-R intervals of the 
ECG. The dotted heart rate signal signifies that values in between samples are unknown. 

The heart rate signal is of particular interest in studies of cardiovascular dynamics, 

[Appel et al 1989, Bianchi et al 1993, Muzi et al 1993, Galletly et al 1992], but it is 

not the only example of a non-uniformly sampled signal for which the spectrum is 

required. Other instances include astronomical observation [Lomb et al 1976], x-ray 

computed tomography [Bates et al 1983], and machine vision [Knutsson et al 1993]. 

We therefore note that while we are using spectral analysis for investigating 

autonomic control in anaesthetized patients [Henderson et al 1993, Ireland et al 

1996], the method of band-limited interpolation based on non-uniform samples we 

are proposing may have wider application than for heart rate alone. 

The Heart Rate Signal 

When analyzing the dynamics of the autonomic system the various physiological 

variables such as arterial blood pressure and instantaneous lung volume are available 

as continuous analogue functions of time. However, as demonstrated above, heart 

rate as determined from the ECG can only be measured on a point by point basis. 

This leads us, along with other workers in the field, Berger et al [1986], DeBoer et 

al [1987], Rempelman et al [1977], to postulate an underlying continuous signal 
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which in the dynamics of cardiac control is representative of heart rate. Following 

these workers such a signal may be considered as the input controlling the IPFM 

cardiac pacemaker model. 

Unfortunately, there is no universal agreement in the literature as to whether heart 

rate should be expressed in terms of the R-R interval or its inverse. Along with 

Berger et al we have used the reciprocal R-R interval as the measure of heart rate 

because we believe with them that as hemodynamic variables such as blood pressure 

and flow have a direct rather than inverse relation to heart rate then the inverse R-R 

interval, i.e. beats per unit time is more appropriate as a state variable, especially in 

system models of autonomic control. 
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Figure A- 2 The IPFM model. (b) Associated signal waveforms. Note: sample pointJ m dt 
are equally spaced on the vertical axis. 

of 

The IPFM model is shown in figure A-2(a). The input Ill(t> is integrated until the 

integrator output reaches a threshold whereupon it resets and emits a pulse. Shown 

in figure A-2(b) are waveforms associated with the IPFM model and also shown 

because of its importance is the unrest integral of m(t). The output pulse train rr(t) 

simulates the R-R interval sequence of the ECG and each RR interval is a measure 

of the average input during that interval. Thus, it can be seen that the input signal 

controls the frequency of the oscillator and it may therefore be considered to be the 

continuous heart rate signal. The purpose of any heart rate recovery algorithm 

should be to recover the complete signal m(t}, not just its average over each beat, 

and moreover this recovery should be obtained solely by means of knowledge of the 

pulse train rr(t). 
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As m(t) is the derivative of J m dt , the problem of recovering the heart rate signal 

m(t) can be solved by first determining and then differentiatin/ m dt . Referring to 

the figure A-3, it is J m dt apparent that is a function which, to within a 

multiplicative constant, (the integrator threshold h), passes through the points: 

(0, O),(t1, l),(t2, 2) ... (tn, n) 

Thus J m dt is a continuous function which is non-uniformly sampled along the 

time axis. The various methods of determining heart rate make different assumption 

about the nature of between sample points. 
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Figure A- 3 Illustration of methods for finding Heart Rate Spectral Density by, (a) the Berger 
method, (b) the Iterative band-limited interpolation method. 

Methods for Recovering Heart Rate 

The Berger Method 
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The Berger method as given in [1986] can be shown to involve the following 

procedure. Referring to figure A-3 (a), J m dt the function is linearly interpolated 

between sample points and the derivative of this piecewise continuous function is 

determined, in the time domain, resulting in a discontinuous function which is 

constant between sample points. Its spectral density is then found, first applying a 

moving average digital filter with a sample rate several times greater than the 

average heart rate and with a window width of twice the sample period. This 

procedure serves to provide a set of uniform samples for spectral analysis and also 

provides an anti-aliasing filter to remove the higher frequencies introduced by the 

discontinuities. Lastly, the effect of the moving average filter is compensated for by 

applying its inverse to the spectral density in the frequency domain. Thus it can be 

seen that the Berger heart rate is the time derivative of the linearly interpolated. 

Cubic Spline 

The cubic spline being continuous in its first denvative J m dt is widely used to 

produce smooth interpolation of sampled data see Brown et al [1993]. In this 

particular application, the only difference from the Berger (linear) method described 

in section A is that the uniformly sampled heart rate signal is recovered by applying 

a cubic spline to J m dt . 

Iterative Band-Limited Interpolation, (IBLI) 

Any signal containing frequencies no higher than W is uniquely specified by a set of 

samples, {fn}, uniformly spaced in time by b.T=l/2w - the Nyquist sampling rate. 

The value of the signal at any time t may then be recovered by the band-limited 

interpolation, [Jerri 1977]: 

Ii = L !. sin(1r(t - t" I AT) 
(I) " (,r(t - tn)AT) 

(A-1) 

Therefore if over a period T, 2TW arbitrarily spaced samples of the signal, { fp} are 

taken at times {tp}, it is possible to write down the set of 2TW equations: 

f = L !. sin(,r(t - tJ AT) 
P " (,r(t - t" )AT) ' 

p = l .... 2TW (A-2) 
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Then in principle it is possible to recover the unknowns, i.e., the uniformly sampled 

set {fn}, by solving these equations. However this involves inverting a large matrix 

and the process may also be susceptible to noise and numerical error. 

The algorithm we have developed solves these equation iteratively by first 

estimating the unknown coefficients {f0 } by means of a cubic spline interpolation 

from the known {fp}, and then substituting these in equation (A-2) to determine a set 

of residuals, i.e., differences between actual and computed {fp}. The residuals are 

then interpolated, again by means of the cubic spline, to find corrections to the set 

{ fn} and so the process continues until the residuals are negligible. It must be noted 

that the cubic spline in this procedure acts only as an estimator in the iterative 

process, not as in last section where it provides the actual interpolation. The essential 

property of the cubic spline in the iterative process is that residuals at samples far 

from a particular point will have an influence on corrections applied at that point. 

This is important because the uniformly sampled points which are being estimated 

also have a wide range influence through the sin(x)/x function. A second useful 

property of the Cubic spline is that its coefficients are found by solving an almost 

diagonal matrix and so large computer storage is not required. 

Our method of recovering heart rate is illustrated in figure A-2(b). First J m dt is 

divided into two components: mot due to the average heart rate and the variable 

component/ m dt -lllot. As the first of these contributes only de power to the heart 

rate spectrum, spectral analysis need be applied only to the second component. IBLI 

as described in the previous paragraph is applied to the variable component of J m dt 

, yielding a set of samples uniformly spaced along the time axis at intervals equal to 

the average heart rate. Differentiation is then required to find the variable component 

of m(t). This is achieved by performing an FFI', multiplying by jco and doing the 

inverse FFf. We then find the power spectrum using Welch's method as described in 

following section. 

Methods for testing and applying the algorithms 

IPFM test inputs 

Following de Boer et al (1987] and Berger et al (1986], we test the algorithms using 

the IPFM model. Sinusoidal inputs m(t) of different frequencies and harmonic 
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content generate sequences of r-r intervals characteristic of heart rate as seen in the 

ECG. 

First, a de term plus a single harmonic component with varying frequency f, varied 

over the range 0-0.4Hz, is used to test the capability of the algorithms to recover the 

amplitude of the variable component irrespective of its frequency and to test for the 

generation of spurious harmonics. Thus 

m(t) = 1.0 + 0.3cos( 21t ft) (A-3) 

Second, a de term plus two harmonics is used to test whether any of the algorithms 

will (incorrectly) indicate the show the presence of Intermodulation products. Thus 

m(t) = 1.0 + 0.3cos( 2 1tft} + 0.3cos( 21t f2 t) (A-4) 

In both cases the reset threshold of the integrator is set at h=l.05s. 

For purposes of comparison, the choice of the input signals equations (A-3) & (A-4) 

and the IPFM parameter h is the same as used by DeBoer et al [ 1987] and Burger 

[1986]. Note that the de component of m(t) acting alone would result in a sequence 

of output beats with a frequency of 1/h or 57.14 bpm Similarly, the harmonic 

components have peak amplitude 0.3 as large, i.e., 17.14 bpm. Thus the power in 

each of the harmonics is: 0.5x(peak)2, i.e., 146.9 bpm2• These signals provide a 

severe test of the algorithms because they represent heart rates varying by plus and 

minus thirty percent, resulting in very irregularly sampled signals - at the upper end 

of cardiac variability. 

The r-r sequences formed by the IPFM model are processed using the three different 

methods of interpolation, (i) iterative bandlimited interpolation, (ii) cubic spline 

interpolation and (iii) the Berger (linear interpolation) method. We again emphasize 

that cubic spline interpolation should not be confused with IBLI in which the cubic 

spline is used merely as an estimator. 

The recovered heart rate signals are processed to produce power spectra using 

Welch's method [1967]. We divide the signal resample at 2.56 sample/s into half­

overlapping segments each 1 OOs in length, apply a Bartlett data window and 

compute and add the periodograms of each segment. Again, for purposes of 

comparison with results of previous workers the Bartlett window was chosen. 
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Clinical ECG test inputs 

After testing the algorithms with IPFM generated data, the algorithms were applied 

to clinical data obtained from patients' ECGs by means of a 12-bit ADC at 200 

samples/s. RR intervals were determined to + I/ms accuracy using quadratic 

interpolation between samples at the top of R wave to estimate the exact peak 

position. The RR sequences were then processed exactly as described above for the 

IPFM model outputs. 
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Figure A- 4 Spectral density of heart rate signal estimated by the three methods. Single harmonic 
component: f = 0.16Hz present in input. Linear plot shows power in main peak and log plot shows 
harmonics generated by the interpolation process. (Vertical axes bpm2/Hz)} 
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Results 

Frequency Response and harmonics 

Typical power spectra recovered by the three algorithms when tested using the 

IPFM model with de plus a single harmonic (f=0.16Hz) input, equation (A-3), are 

shown in figure A-7. The figures on the left have linear scales so that areas represent 

power whereas the scales of those on the right are logarithmic so that the harmonics 

generated (at 0.32HZ and 0.48Hz) are more clearly visible. Computation of areas 

under the graphs shows that the IBLI algorithm alone recovers the true harmonic 

power of 146.9 bpm2• Both the cubic spline and the IBLI algorithm is the only one 

not showing spurious harmonic generation. 
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Figure A- 5 Estimated power of single harmonic component of the heart rate signal: m = I + 0.3 cos 
(21tft) based on rr(t) output sequence of IPFM model with threshold h=l.05 (i) IBLI.( ii) Cubic 
spline(iii) Berger method. 
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Similar spectra were generated for input frequencies ranging between 0.05Hz and 

0.40Hz at 0.05Hz intervals. The powers estimated by the three algorithms were 

found and are graphed in figure A-8. It is apparent that the IBLI method estimates 

the correct power across the complete frequency range· whereas the other two 

methods both show rolloff, severely underestimating higher frequencies. The line 

shown on this graph is a theoretical curve associated with the Berger method and is 

discussed later. 
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Figure A- 6 Spectral density of heart rate signal estimated by the three methods. Two harmonic 
components: f = 0.24Hz, 0.32Hz present in input. Linear plot shows power in main peaks and log plot 
shows harmonics and intermodulation products, (generated by the interpolation process) (Vertical 
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Intermodulation products 

Typical power spectra recovered by the algorithms when tested by an input having 

two harmonic components (f=0.24Hz, f=0.32Hz), equation A-4, are shown in figure 

A-6. The figures on the left with linear scales again show that the IBLI has no high 

frequency roll off which however is clearly seen is the response of the other two 

methods. The figures with log scales clearly demonstrate Intermodulation products 

in spectra obtained by the Berger and cubic spline methods. The small spike 

apparent in the IBLI spectra is sidebands due to the finite width of the data window. 
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Figure A- 7 HRV plotted as departure from the mean and its spectra as determined by Berger and 
mu methods notice how the mu methods recover greater high frequency components 

Clinical heart rate spectra 

A patient heart rate signal, selected because of its strong respiratory component at 

0.25Hz, corresponding to 15 breath/min, is shown in figure A-7. Its spectra 

computed by the Berger and the IBLI method are similar. However, the higher 
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frequencies are attenuated in the former as would be expected from the IPFM model 

results above. When the areas are calculated, the ratios of power in the three bands: 

0--.05 Hz, 0.05-0.15Hz, 0.15-0.5Hz are found to be: 101 %, 100%, 168%, thus 

demonstrating the Berger method underestimated high frequency power. Notice 

also, as is to be expected, that there is no power in the IBLI spectra above 0.58Hz, 

corresponding to 34.8 cycle/min which is half the average sample rate, ie, the 

average heart rate of 69.6bpm. 

Discussion 

The results of our analysis show that the IBLI method gives improved estimates of 

power spectral density in several respects: no roll off with frequency, figure A-8, 

negligible generation of harmonics figure A-7, and no intermodulation products, 

figure A-6. Furthermore, the clinical spectra computed using IBLI show 

substantially increased power in the higher frequency 'respiratory' band. 

Frequency roll off 

The Berger and Cubic spline, (both polynomial type), interpolations provide 

uniformly sampled heart rate signal but lead to power spectra with underestimation 

of harmonic components as frequency increases, figure A-8. Some appreciation for 

the cause of this behavior can be gained in the case of linear interpolation, ie., the 

Berger method by means of the following argument. If the integrated J m dt heart 

rate signal was accessible for uniform sampling at a rate equal to the average heart 

rate, then it could be differenced, (i.e., differentiation of a sampled signal), and 

passed through a zero order sample and hold. The power spectrum of the resulting 

signal S*M<O would be given in terms of the unsampled spectrum by: 

* [sin(nh/)]4 

s M(f) = SM(/) nhf 

where h is the IPFM threshold. See the Appendix B for the derivation of this 

equation. This response describes a process of linear interpolation with uniform 

sampling and is plotted in figure A-8 where its low pass characteristic is apparent. 

Despite the fact that the Berger method involves non-uniform sampling, its high 

frequency roll off closely matches that of linear interpolation with uniform sampling 



166 APPENDIX A HEART RA TE BAND-LIMITED INTERPOLATION 

thereby suggesting that the frequency roll off is due to linear interpolation. It can be 

seen that linear interpolation with uniform sampling almost identically matches the 

Berger response. 

Harmonics and intermodulation products 

Both the Berger and Cubic spline interpolation show characteristics of non-linear 

processing. Both result in a power spectrum having frequencies not present in the 

original heart rate signal. This appears to be a characteristic of polynomial type 

interpolation but is not present in the spectra estimated by IBLI. 

Processing complexity 

It must be acknowledged that the Berger method is particularly simple to implement 

and is very fast. The IBLI method on other hand involves considerable processing 

requiring up to one minute, (i486™ processor), to process five hundred seconds of 

heart rate data. It is for this reason, we decided to continue to its use receiving the 

possibility of using IBL T at a later stage. 

Conclusions 

I. Power spectra of band-limited signals can be accurately estimated by IBLI from a 

set of non-uniform samples of the type generated by the IPFM model - which is a 

good model for the production of rr (t) intervals of the ECG. The principal property 

of such signals is that sample intervals do not deviate too much, (less than +/-30\% ), 

from the average sample rate throughout the record. 

2. Band-limited estimates of power spectra produced by IBLI do not suffer 

frequency dependent distortion and do not generate harmonic and intermodulation 

products typical of the polynomial interpolation methods. 

3. The Berger method which has a number of attractive features, notably speed, 

underestimates higher frequency power spectrum components. 

4. The IBLI power spectra method is computationally far more demanding than the 

linear, (Berger), method which therefore remains the preferred method in practical 

situations. However, it does provide a means for assessing the accuracy of the latter 
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in problematic situations, in particular where underestimation of high frequencies is 

a suspected. This is currently being investigated. 

Appendix 

Suppose that Ji!)= f md, i.e., the integrated heart rate signal shown in figure (2), is 

available for measurement. Then a signal q(t) formed by the difference between p(t) 

advanced by b:.. T/2 and p(t) delayed by b:.. T/2 will represent J mdt over the 

interval (t+D.. T/2, t-.b:.. T/2 ). If this signal is then sampled regularly by means of a 

sample and hold circuit with sample period b:.. T the output will be a set of constant 

values representing the J mdt over successive sample intervals. It is therefore, when 

multiplied by 1/ b:.. T, identical to the heart rate signal b(t) which would be produced 

by the linear interpolation algorithm, (Berger method), when J mdt is uniformly 

sampled. This process is shown in figure (A-8). 

Therefore, in the frequency range f < l/2b:.. T and with the Fourier transform of m(t) 

given by MU): 

( 
jOJ!J.T / 2 - jOJIJ.T / 2 ) M 

B( . ) I iOJ1J.T12 -iOJtJ.T12) exp -exp JaJ = ,exp - exp x 
jaJllT jaJllT 

= ( exp iOJtJ.T, 2 - exp - iOJtJ.T, 2 )2 M 

jaJ!lT 

= (sin( f' / /lT)2 M 
TI llT 

Now the sample rate is not constant, but over a long period P, the number of 

integrator resets in the IPFM model will be given: 

Therefore the average sample period will be: 

&T = !._ = _!!_ av 
n mav 
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As the input has the form: 

m(t) = 1.0 + 0.3cos( 2i- It), then ATav = h 

Letting the power spectral density of m be given by SM(t) and that of b be s*M(t) 

we can substitute ~ T av = h for ~ T in the result for the Fourier amplitude ratio 

above, to obtain the approximation: 

S *M(/) 
= s [sin(mz/)]4 

M(/) Jdzf 

This expression becomes more exact as heart rate and hence sample rate becomes 

more constant. 

f mdt 

exp-ianTt: 

Zero Delay differencing Circuit 

expianT 12 _ exp- ianT 12 

jwAT 

Zero Delay sample and Hold 

1 

AT 

Figure A- 8 Processing of J mdt to produce the uniformly sampled Berger Heart Rate signal. 



Appendix B 

Variability of R-R, P-R and R-T Intervals 

Forester, J., H. Bo, J. W. Sleigh and J. D. Henderson 

Abstract: 

We analyzed the effect of changing from supine to standing on the variability of R­

to-R(RR), P-to-R(PR) and R-to-T(RT) intervals in 10 healthy volunteers using 

power spectral analysis. An ECG and respiratory trace were recorded before and 

after postural change. Variability in the PR and RT intervals was much less than in 

the RR interval and demonstrated a lower low frequency(LF) to high frequency(HF) 

ratio. Changing from a supine to standing position showed no change in indices of 

vagal influence on the PR and RT variability; in contrast to the well documented 

decrease in the indices of vagal influence on the RR variability; (HF power 

decreased from 2.33 to 0.41msec2, p=0.003; the amplitude of the respiration-to-heart 

rate impulse response decreased from 31.6 to 14.4msec/mVsec, p=0.03; and the 

LF:HF ratio increased from 1.96 to 5.22, p=0.005 ). We concluded from this study 

that the effects of standing were an observed reduction in vagal influence on the 

HRV of the RR interval whilst maintaining lung-volume related vagal modulation 

of the PR and RT intervals. 
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Introduction 

Heart rate variability (HRV) is influenced by a variety of physiological stimuli and 

has been used to try to understand some aspects of the cardiovascular control 

mechanisms. Almost all attention has been focussed on various ways of analyzing 

the RR interval or heart rate. However, there is evidence that specific branches of 

the autonomic nervous system may influence different parts of the cardiac cycle to 

differing degrees. For example, the QT interval is prolonged in sleep, independent of 

heart rate [Browne et al 1982], suggesting cardiac cycle length (RR interval) and 

repolarization (QT interval) are independently controlled by the autonomic system. 

Power spectral analysis (PSA) has been commonly used to quantify the relative 

dominance of vagal and sympathetic influence on the heart [Malliani et al 1991, 

Pomeranz et al 1985]. Whilst the interpretation of PSA of HRV in various clinical 

situations is not fully understood, it is widely agreed that the area under the high 

frequency (HF) peak (0.15-0.4Hz) is predominantly related to respiratory 

modulation of the cardiac vagal input (Van 1993); and the relative low frequency 

(LF)(0.04 - 0.15Hz) to high frequency ratio (LF: HF) is a reasonable measure of the 

relative effects of the sympathetic and parasympathetic outflows to the SA node in 

healthy volunteers [Malliani et al 1994]. In the supine position, there is a vagal 

predominance, whereas the upright position results in vagal inhibition and 

sympathetic predominance. To our knowledge, the PSA of the PR and RT variability 

has not been studied previously in healthy volunteers. Therefore, this study 

investigates the feasibility of determining the PSA of RR, RT, and PR intervals, and 

reports on the effect of change in posture. 

Methods 

The study was approved by the regional ethics committee and full informed consent 

obtained from all participants. Ten healthy volunteers (4 male and 6 female) aged 

between 26 and 35 years (mean age 29.7) participated in the study. A three lead 

ECG was recorded from the subject at the same time a respiratory trace was 

recorded. This was achieved with inductance plethysmograph (Respitrace -Studely 

Data Systems, Oxford). Each data record was 300 seconds in duration. The subjects 

were initially supine and were cued by a computer bleep to breathe regularly at 5-

second intervals. In order to determine the broad band response in terms of an 

impulse response, a second recording was then done after the computer program had 
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been changed to cue irregular breathing having a random Poisson distribution as 

described by Berger (2)(mean 5 sec, range 1 to 15 sec). A further two similar 

recordings were then repeated with the subject in an upright position. Sampling 

frequency was 200 Hz. Data was collected with an analog to digital converter 

(Strobes APC, Wellington), and stored on a personal computer for further analysis. 

Waveform and Spectral analysis 

The data were analyzed off-line using purpose written software written in C++ 

language and Matlab (Matlab 4.2, The Mathworks Inc.) The QRS complex was 

detected (7) and then the peak of the R wave precisely located using local quadratic 

interpolation of the surrounding five data points. On the basis of previous data 

collected at a sampling frequency of lOOOHz, this method of interpolation gave an 

estimated accuracy of +/-lmsec. To estimate the PR and RT intervals, the peak of P 

wave and T wave were identified as those two peaks each side of the R peaks within 

a certain time window. The width of the window for the P peak was one third of the 

RR interval and for the T peak, the width was one fourth of the RR interval. For ease 

of data acquisition, we followed Sanna et al [1994] in using the peaks of the ECG 

waves to define the PR and RT intervals. Thus our usage of PR and RT interval is 

not identical to the commonly used definitions; which define the PR interval as 

being are from the start of the P wave to the start of the Q wave, and the QT interval 

as being from the start of the Q wave until the end of the T wave. 

Cursors on the screen visually identified the R, P and T peaks being measured and 

allowed semi-manual editing of artifacts. The resultant RR, PR and RT intervals 

were then linearly interpolated by Berger's method [1986] and decimated to 2.56 Hz 

for further processing. This is a commonly accepted method of deriving a function 

that can be sampled at regular time intervals from a signal that is sampled at 

irregular times (i.e. when each heart beat occurs). 

The signal was then transformed via Fast Fourier analysis using the Bartlett window 

to derive the spectral power. We followed the recommendations of the Task Force of 

the European Society of Cardiology and the North American Society of Pacing and 

Electrophysiology [1996] in the nomenclature of the various power spectral 

wavebands. High frequency (HF) band was 0.15 to 0.4 Hz, low frequency (LF) 

band was 0.04 to 0.15Hz, and very low frequency (VLF) band from 0.01 to 0.04 Hz. 
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Statistical analysis 

To provide some internal validation of our results we used three different methods to 

estimate the effect of vagal modulation of heart rate. Firstly, when the subjects were 

breathing regularly, the power in the HF waveband was used as a measure of vagal 

tone. Secondly, the lung-volume to heart rate impulse response was derived from 

the random breathing part of the study, using the method of Yana et al [1993]. By 

'impulse response', it is meant that a short pulse of respiratory 'energy' is introduced 

in order to observe the system's return to equilibrium. The impulse response function 

is used to describe the relationship between input (lung volume) and output (heart 

rate) in the time domain. Its equivalent in the frequency domain is the transfer 

function. The impulse response is commonly modeled using one ( or two) 

exponential functions, thus enabling the total effect of breathing on the heart rate to 

be understood intuitively in terms of a certain amplitude of heart rate response per 

unit change in lung volume; and a corresponding time-constant to describe the time 

for the heart rate to return to a homeostatic steady state. 

Thirdly, the HRV was normalized by using the ratio of LF: HF power as an estimate 

of relative sympathetic to vagal balance [Malliani et al 1994]. The Wilcoxon test 

was used to compare-paired supine and standing results, and to compare PR, RR, 

and RT spectra. NCSS software (NCSS 6.0.21, Kaysville, Utah) was used for 

statistical analysis. Data was presented as mean +/-SEM, and p<0.05 was considered 

statistically significant. 

Results 

Overall, the amount of power in the PR and RT spectra was two to three orders of 

magnitude less than that in the RR spectrum ( p<0.001). The impulse response of 

breathing on the RR interval (23.0 +/-4.9 msec/ml/sec) was twenty times the PR 

(0.94 +/-0.29 msec/ml/sec) or RT (1.19+/-0.09 msec/ml/sec) intervals (p<0.001). 

In the PR and RT spectra the proportion of low frequency power (LF:HF) was 

approximately one third of that in RR spectrum ( p<0.001). When the subjects were 

breathing regularly, we were able to show a clear respiratory peak in the power 

spectra of all three intervals (see figure B-1 ). 
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Figure B- 1 Typical power spectra of the RR, PR, RT intervals showing clear respiration­
related high frequency peaks at 0.2 Hz. The vertical axis is the spectral power (msec2/Hz), and the 
horizontal axis is frequency (Hz). The figures on the left are for an individual in a supine posture, and 
those on the right for the same individual when upright. 
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Supine Upright p value 

VLF 1.87(0.77) 1.14(0.29) 0.55 

LF 3.23(1.11) 1.67(0.28) 0.69 

RR HF 2.33(0.86) 0.41(0.08) 0.003 

impulse 31.6(7.4) 14.4(2.4) 0.03 

LF:HF 1.96(0.39) 5.22(0.85) 0.005 

VLF 4.23(1.21) 7.18(2.31) 0.27 

LF 5.54(1.51) 8.27(2.04) 0.19 

PR HF 6.97(1.54) 9.49(2.57) 0.11 

Impulse 1.07(0.35) 0.81(0.23) 0.56 

LF:HF 0.77(0.07) 0.78(0.09) 0.96 

VLF 5.20(2.21) 7.49(3.24) 0.32 

LF 9.39(5.06) 8.83(2.98) 0.62 

RT HF 13.36(7.91) 13.42(4.52) 0.49 

Impulse 1.28(0.32) 1.10(0.15) 0.64 

LF:HF 0.81(0.10) 0.78(0.08) 0.62 

Table B- 1 Comparison of HRV indices between the supine and upright groups. Data are 
presented as mean(SEM). The units of the spectral power are msec2, and of the impulse responses are 
msec/mVsec. Spectral power of the PR and RT indices (VLF, LF, and HF) are multiplied by a factor 
of 10·3• The power spectral wavebands were defined as per international convention - high frequency 
(HF) band was 0.15 to 0.4 Hz, low frequency (LF) band was 0.04 to 0.15Hz, and very low frequency 
(VLF) band from 0.01 to 0.04 Hz. 

The effects of posture 

The mean duration of all three intervals were significantly reduced when changing 

to the upright position. The RR interval decreased the most (932 to 787 msec, p < 

0.001); as compared with the PR (139 to 130 msec, p=(l.002), and RT intervals (268 

to 251 msec, p=0.007). 

The HRV effects of change in posture from supine to standing (causing a reduction 

in parasympathetic activity) are summarized in Table A-1. As has been previously 

shown (Malliani, 1994 ), the most striking feature is the very significant and 

consistent decrease in all measures of vagal activity on the SA node. There was a 
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decrease in R-to-R HF power, a decrease in R-to-R impulse response, and an 

increase in LF: HF ratio. In contrast, there was no change in any of the indices of 

vagal tone to the AV node, or ventricular repolarization. For the PR and RT 

intervals, neither the HF power, nor the impulse response, nor the LF: HF ratios 

changed significantly with standing. 

Thus, in summary, the effects of standing were an observed reduction in vagal 

influence on the HRV of the RR interval whilst maintaining lung-volume related 

vagal modulation of the PR and RT intervals. Standing did not produce a significant 

change in the LF and VLF spectral power of any interval. 

Discussion 

This study demonstrated that it is possible to use power spectral techniques to 

analyze autonomic influences on the PR interval and ventricular repolarization. It 

must be acknowledged that, by measuring the PR interval from the peak of the P 

wave to the peak of the R wave, we are not accurately measuring the pure 

atrioventricular conduction time but are including effects of variation in P wave 

morphology and early bundle of His depolarization. Nevertheless AV conduction is 

generally considered to be the most important determinant of the PR interval (Berne 

and Levy. 1992), and we clearly demonstrated a respiratory related pattern, rather 

than random noise; even though the PR variability lay in the range of approximately 

2 to 20 msec, which is at the limits of our resolution of the waveforms. 

The second aspect of our study demonstrated the functional specificity in indices of 

activity of different branches of the autonomic supply to the heart. This 

complements the work by Randall and co-workers [1988] who have previously 

demonstrated anatomically discrete parasympathetic and sympathetic pathways to 

the SA and AV nodes in dogs. In addition to observing the effects of localized 

pharmacological blockade of sympathetic and parasympathetic influence, they also 

showed phasic cardiorespiratory electrical activity in the vagal ganglia leading to the 

SA node. 

In agreement with previous studies, the effect of standing caused shortening of all 

three intervals, and a marked decrease in indices of respiration-induced vagal 

influence on the SA node (as shown by the R-to-R interval heart rate variability in 

the HF band, the LF: HF ratio, and the impulse-response function). In contrast, 

there was little change, or even an increase, in respiratory modulation on the AV 
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node as estimated by the PR interval HRV indices and ventricular repolarization (RT 

interval HRV indices). Whilst further work needs to be done to separate effects due 

to the local cardiac responses from those caused by the changes in autonomic neural 

outflow, our observations suggest that standing results in: 1) an inhibition of 

respiratory vagal modulation of the SA node and, possibly, an increase in 

sympathetic tone, which shortens all three intervals, and increases the heart rate. 2) 

relative preservation of the respiratory modulation of the AV node conduction time 

and ventricular repolarization time. 

Recent work by Piepoli et al. [1997] suggests that respiration-induced discharges 

from the arterial baroreceptors form the afferent loop of a reflex arc that acts via the 

cardiac vagus on the SA node to cause most of the observed respiratory sinus 

arrhythmia. From our study, because the respiration-related variability of the PR 

and RT intervals did not change with standing, one may speculate that vagal activity 

to the AV node and ventricular myocardium may be relatively independent of 

baroreceptor input. 

Also of interest was the strong vagal influence on the RT variability. Using beta 

blockade Sarma et al [1994] suggested that the QT interval was relatively insensitive 

to vagal activity - however, we found clear respiratory-related PSA peaks in most 

subjects. The differences in results may be due to the fact that we studied healthy 

volunteers whereas Sarma was studying patients who were suffering from angina 

which is known to be associated with a sympathetic predominance as well as 

inhibited cardiac end-organ sensitivity to neural influences. 

Thus, in summary, the effects of standing were an observed reduction in vagal 

influence on the HRV of the RR interval whilst maintaining lung-volume related 

vagal modulation of the PR and RT intervals. Standing did not produce a significant 

change in the LF and VLF spectral power of any interval. 
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Diagram of Program for HRV, ILV and ABP 

Signal Acquisition and Standardization 



178 

main() 

getsampling( ... ) 

qd202( ... ) 

drawgraph( ... ) 

rredit( ... ) 

intepolate( ... ) 

Spect( ... ) 
spectrm( ... ) 

APPENDIXC DIAGRAM OF PROGRAM FOR HRV, IL V AND ABP SIGNAL 
ACQUISITION AND STANDARDIZATION 

ACQUIRE (V1 .0) 29 April 1996 

( The C Program for Heart Rate, ILV and ABP Signal Acquisition and Processing ) 

start 

Initialise and Setting all connerned Parameters 

A/D conversion 12 bit, ECG (200 Hz), 
ILV (20 Hz) & ABP (20 Hz) 

Filter ECG and Pick out ORS 

Display ECG, ILV and ABP in Real Time 

Yes 

Save ORS Peaks, ILV & ABP Data in Files: 
XXXX.pks XXXX.ilv ~O Hz) XXXX.abp (20 Hz) 

Linear Interpolation 

Spectrum Processing and Display 

No 

* End 

rredit( ... ) 

Remove False Peaks 
without saving 



Data Standardisation (Matlab program) 

28th April 1996 

r-----------1 Start datastdnew.m t---------, 

'' 
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Input XXX.abp Input XXX.ilv 
(20 Hz) 

Input XXX.pks 
(20 Hz) 

, 

Interpolate to get 
DBP 

' 
Interpolate to get 

SBP 

Estimate 
Calibration factor 

Calibrate and 
interpolate to get 

ILV 

, _l 

, 

Check False Peaks 

Berger interpolate 
to get HRV 

Formed DATASTD matrix and display all the results( 20.48 Hz) 
time(s) berg(bpm) band( bps) ilv(liter) abp(mmHg) 

' 

Output DATASTD matrix to file 
XXX.std 

End 





Appendix D 

A summary of the parameters used in BEP 

networks to control the training behavior 

Max Hidden Neurons: This parameter has two modes of operation. In standard 

BEP learning it is the number of hidden neurons created during the initialization of 

the network. The number remains constant for the life of the network. When 

Automatic Increment mode of training is selected, then Max Hid Neurons means the 

maximum number of hidden neurons that can be added to the model during the 

training session. 

Leaming Rate: The learning rate for the hidden layer to output layer connections. 

In standard BEP training, this number is used for the entire training session. If any 

of the incremental learning options are selected then this number represents the 

initial learning rate and it is reduced on the older neurons as newer neurons are 

added. 

Error Tolerance: This parameter is used to stop training if the Stop Training On -

Error The error tolerance is the maximum value of the Sum Square error that would 

be considered acceptable. 

Good RSQ: This parameter is used to stop training should an acceptable R square 

statistic develop during the training and the Stop Training On - Good R Square radio 

button is selected. This parameter should be set to what the user considers a good R 

square. 
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