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Background: The goal of this study is to construct a polynomial model of the ventricular electrogram
(EGM) that faithfully reproduces the EGM and can be implemented in current, low computational
power implantable devices. Such a model of ventricular EGMs is still lacking.

Methods: New Zealand White rabbits underwent chronic implantation of pacemakers through
a left thoracotomy approach. Unipolar ventricular EGMs sampled at a frequency of 1 kHz were
stored digitally in 1-minute segments before and after intravenous injection of isoproterenol or pro-
cainamide. Each cardiac cycle was divided into a QR and an RQ segment which were modeled
separately using a 6th order polynomial equation.

Results: The 14 coefficients of each cardiac cycle were reproducible throughout the baseline
recordings (r ≥ 0.94, P < 0.002). Isoproterenol caused no changes in the coefficients of the QR
segment but significantly altered all but one of the seven coefficients of the RQ segment (p6 = 0.0039,
p5 = 0.017, p4 = 0.00007, p3 = 0.112, p2 = 0.00016, p1 = 0.0086, pa = 0.00003). Procainamide
caused statistically significant changes in both QR segment (p6 = 0.018, p5 = 0.287, p4 = 0.019,
p3 = 0.176, p2 = 0.016, p1 = 0.362, pa = 0.000044) and RQ segment (p6 = 0.0028, p5 = 0.036,
p4 = 0.002, p3 = 0.058, p2 = 0.022, p1 = 0.718, pa = 0.0018) coefficients.

Conclusion: Our data demonstrate the feasibility of a segmental polynomial equation that repro-
duces the phases of depolarization and repolarization of the rabbit EGM. This model is reproducible
and demonstrates the expected changes with antiarrhythmic drug administration. If reproduced in
humans, these findings can have wide applications in patients with implantable devices, ranging
from morphologic discrimination of arrhythmias to early detection of metabolic derangements or
drug effects. A.N.E. 2006;11(3):271–280
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BACKGROUND

The morphology of the ventricular electrogram
(EGM) reflects local and global electrical activity
of the heart. There has been a dramatic increase in
the utilization of implantable cardioverter defibril-
lators and as a result, there is an abundance of EGM
information available. However, few attempts have
been made to extract information from the EGMs
aside from the discrimination of supraventricular
(SVT) and ventricular tachycardias (VT).

The current study aims to construct a mathemat-
ical model of sufficient power to faithfully repro-
duce the raw electrical signal of the rabbit ventric-
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ular EGM while preserving computational simplic-
ity to permit implementation in current, low com-
putational power implantable devices. This study
will assess the reproducibility and response of the
model to pharmacologic interventions with known
cardiac effects.

METHODS

Pacemaker Implantation

New Zealand White rabbits (n = 8) weighing 4–
5 kg underwent chronic implantation of a single-
chamber pacemaker (Medtronic Inc., Minneapolis,
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MN, USA ) in a protocol approved by the Uni-
versity of Pittsburgh Institutional Animal Care and
Use Committee. Each rabbit was induced with Ke-
tamine and Xylazine (40 mg/kg and 5 mg/kg) in-
tramuscularly. A 20G catheter was placed in the
ear vein for fluids (37 degree, 5% dextrose) ad-
ministration. A 20G arterial line was placed in
the rabbit ear for continuous hemodynamic mon-
itoring. The rabbit was then intubated (size 2–3
endotracheal tube), ventilated, and maintained on
Isoflurane (2.0–2.5%). The animals then underwent
placement of a single right ventricular pacing lead
through a left-sided thoracotomy. The lead was con-
nected to a single chamber pacemaker (Kappa 400,
Medtronic, Saint Paul, MN, USA) programmed to
deliver backup pacing at a rate no lower than 100
beats/min. The pacemaker lead was tunneled to
the abdomen where the pacemaker pocket was cre-
ated. The pacemaker pocket was closed with a 2.0
and 5.0 polysorb suture material in three separate
layers. The pacemakers were used to obtain unipo-
lar EGMs (from RV tip to pacemaker can) over a
period of weeks without having to utilize percu-
taneous leads. The animals were anesthetized for
the entire procedure, which was completed un-
der aseptic conditions. After surgery, the animals
were placed on a circulating water heating pad un-
til recovery. They received antibiotics and analge-
sia. Rabbits were allowed to recover from surgery
for 1 week prior to further study.

Data Acquisition

On the day of data acquisition, the rabbits were
anesthetized using ketamine and xylazine and ven-
tricular EGMs were obtained before receiving ei-
ther isoproterenol or procainamide. Rabbits were
given one dose of isoproterenol 5 mcg/kg and after
5 minutes, 1 minute of EGMs were recorded. Af-
ter 30 minutes elapsed since initial dose, the same
rabbit was given isoproterenol 10 mcg/kg intra-
venously. Again, 1 minute of EGMs was recorded
5 minutes after the injection. Rabbits were also
given one dose of procainamide 5 mg/kg intra-
venously and after 5 minutes, 1 minute of EGMs
were recorded. After 30 minutes elapsed since ini-
tial dose, this same rabbit was given procainamide
15 mg/kg intravenously. Again, 1 minute of EGMs
were recorded 5 minutes after the injection. Each
rabbit was given only one type of medication on a
study day and at least 3 days elapsed before a new
medication was introduced. The pacemaker EGMs

were recorded in real-time using a custom data ac-
quisition system.

The data acquisition system was based on a Pen-
tium M laptop PC (Hewlett-Packard, Palo Alto, CA,
USA) with a PCMCIA-based 200 kS/s, 16-bit, 16-
channel, multifunction analog-to-digital converter
(ADC) (NI DAQCard-6036E, National Instruments,
Austin, TX, USA). The raw EGMs were input to a
two-channel isolated, analog input (SCCAI07, Na-
tional Instruments) contained in a shielded carrier
(SC2345, National Instruments) cabled to the ADC.
The SCC modules are installation rated for Cate-
gory II, and provide safety working isolation of 300
V per module. The raw EGMs were then saved
to the laptop’s harddrive using VI-Logger Software
(National Instruments, Austin).

Data Analysis and Statistics

The raw data were processed using Matlab
(MathWorks, Natick, MA, USA). All unipolar
EGMs from each rabbit were standardized to that
rabbit’s baseline EGM mean and standard devia-
tion. This centering and scaling transformation im-
proves the numerical properties of both the poly-
nomial and the fitting algorithm. They were then

Figure 1. Electrograms after standardizing to the base-
line EGM’s mean and standard deviation and applying
a 5-point moving average. Four consecutive EGMs were
taken from the 60 second recording at baseline and after
medication administration. These EGMs were then stan-
dardized to that rabbit’s baseline EGM mean and stan-
dard deviation and subject to a 5-point moving average.
The baseline EGM is shown with solid line and the EGM
after 10 mcg/kg (50 mcg) isoproterenol is shown with
dotted line.
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Figure 2. Sample EGM QR segment fit to a 6th order
polynomial. The raw EGM was processed as described
in the Methods. A 6th order polynomial was then fitted
to this QR segment. The equation shown in this figure
depicts the coefficients that were then used for subse-
quent analysis.

subjected to a 5-point moving average as shown in
Figure 1.

The peak of the R wave is the most visually
and computationally identifiable component of the
EGM. Thus, the identification of this point was cho-
sen as the first step in the signal analysis. Next,
the EGM was divided into two “segments,” the QR
and RQ. This segmentation simplifies signal analy-
sis while preserving all the attributes of the original
signal. The earliest deflection of the QRS was taken
as the onset of the initial segment (QR segment).
The initial segment is denoted QR though not all
EGMs will contain a Q wave. The peak of the R
wave was taken as the end of the QR segment.

The second segment, RQ, spans from the peak of
the R wave to the earliest onset of the subsequent
EGM. Thus, the combination of the RQ and QR seg-
ments preserves all features of depolarization and
repolarization of the original EGM.

Using Matlab, each segment of the processed
EGM was then fit to a 6th order polynomial equa-
tion using the polyfit function (a = polyfit(x,y,n)).
This function assigns coefficients to the modeled
polynomial a(x) of degree n to fit the EGM while
minimizing error with a least-squares algorithm.
The resulting a(x) is a row vector of length n + 1
containing the polynomial coefficients in descend-
ing powers:

a(x) = a1xn + a2xn−1 + L + anx + an+1

Figure 3. Sample EGM RQ segment fit to a 6th order
polynomial. The raw EGM was processed as described
in the Methods. A 6th order polynomial was then fitted
to this RQ segment. The equation shown in this figure
depicts the coefficients that were then used for subse-
quent analysis.

Examples of the specific functions (with the
corresponding coefficients) used for modeling the
EGM are depicted in Figures 2 and 3. The order
of the polynomial used to model the segmented
EGM was determined by fitting polynomials of in-
creasing order and selecting the model that max-
imized modeling accuracy while limiting compu-
tational complexity. Residuals are the differences
between the observed values and the fitted values.
In Matlab, both the observed values and modeled
values are stored in matrices. The norm of the ma-
trix of residuals is a scalar that attempts to quantify
the magnitude of the residuals in that matrix. In
general, a smaller norm indicates a better model
fit. The higher the degree of polynomial chosen the
lower the resulting norms of residuals and hence,
better model fit. In an attempt to balance model
order with computational complexity, we analyzed
the norms of residuals for typical baseline EGM
QR and RQ segments to determine the incremental
benefit as higher order polynomials were used. We
empirically limited our model order to the point at
which there ceased to be a greater than 20% de-
crease in the norm of residuals as we increased the
model order by one starting with a linear regres-
sion. For the baseline QR and RQ segments ana-
lyzed, the 6th order polynomial was found to be
the model at which further increases in order re-
sulted in less than 20% decreases in the norms of
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residuals. Thus, we were able to maximize mod-
eling accuracy while limiting computational com-
plexity. Figure 2 depicts a sample EGM QR seg-
ment fit to a 6th order polynomial. Figure 3 depicts
a sample EGM RQ segment fit to a 6th order poly-
nomial.

To assess correlation and reproducibility during
the baseline 1-minute EGM recordings, four con-
secutive EGMs were taken at t = 0 second, t =
25 second, and t = 50 second. Next, the coeffi-
cients of the polynomial model were determined
for each set (at each of the three time points) of
four QR and RQ segments. The means of the QR
and RQ coefficients of EGMs at t = 0 second, t
= 25 second, and t = 50 second were first com-
pared using a paired samples t-Test on SPSS soft-
ware V10.1.0 (SPSS Inc., Chicago, IL, USA) to assess
for baseline correlation of the model coefficients
over the recording period. Then, using the methods
described by Bland and Altman,1 the reproducibil-
ity of these coefficients was then evaluated using
a one-way analysis of variance for four correlated
samples at times t = 0 second, t = 25 second, and t
= 50 second. For this analysis, the null hypothesis
(H0) assumes that there is no difference between
measured coefficients at the various times over the
baseline recording period.

Subsequently, four consecutive EGMs were ana-
lyzed at baseline and after medication administra-
tion. The coefficients of the polynomial model were
determined for the QR and RQ segments of each
of the four cycles. Statistical comparisons between
the coefficients (mean ± standard deviation) of the
segmental, polynomial model during baseline and
with each medication were performed using a 2-
tailed, paired Student’s t-test on SPSS software. A
P value ≤ 0.05 was considered statistically signifi-
cant. We then performed a quantitative analysis of
the model errors on the baseline EGMs and after
both isoproterenol and procainamide.

RESULTS

Correlation and Reproducibility of the
Model

Four consecutive EGMs were taken at t = 0, t =
25 second, and t = 50 second during the baseline
60 second EGM recordings. Next, the coefficients
of the polynomial model were determined for the
QR and RQ segments of each of the 12 cycles. The
means of the QR and RQ coefficients for each set

of four consecutive EGM’s at t = 0, t = 25, and t
= 50 second were then compared using a 2-tailed,
paired samples t-test. The seven coefficients repre-
senting the QR segment exhibited a high level of
correlation at times t = 0 second, t = 25 second,
and t = 50 second (R = 0.962, P = 0.001, for t =
0 second and t = 25 second, R = 0.939, P = 0.002,
for t = 0 second and t = 50 second, and R = 0.997,
P = 0.001, for t = 25second and 50 second). The
seven coefficients representing the RQ segment ex-
hibited a high level of correlation at times t = 0 sec-
ond, t = 25 second, and t = 50 second (R = 0.993,
P = 0.001, for t = 0 second and t = 25 second, R =
0.999, P = 0.002, for t = 0 second and t = 50 sec-
ond, and R = 0.994, P = 0.001, for t = 25 second
and 50 second).

As noted above, four consecutive EGMs were
taken at t = 0, t = 25 second, and t = 50second dur-
ing the baseline 60 second EGM recordings. Next,
the coefficients of the polynomial model were de-
termined for the QR and RQ segments of each of
the 12 cycles. Then, using the methods described by
Bland and Altman,1 the reproducibility of these co-
efficients was then evaluated using a one-way anal-
ysis of variance for four correlated samples at times
t = 0 second, t = 25 second, and t = 50 second.
After we applied the one-way analysis of variance
with these repeated measurements, we obtained
P values > 0.05. Thus, we concluded there was
no difference between measured coefficients at the
various times over the baseline 60 second recording
period.

Changes in Model Coefficients with
Isoproterenol

There were no statistically significant changes
in the coefficients of the QR model when base-
line is compared to the 10 mcg/kg (50 mcg) dose
of isoproterenol. The average norm of residuals
for the 6th order polynomial model of the four
QR segments at baseline and after 10 mcg/kg of
isoproterenol were 0.373 and 0.565, respectively.
Figure 4 depicts the coefficients of the 6th order
polynomial model of RQ segment changes from
baseline to 10 mcg/kg of isoproterenol. There were
statistically significant changes (P ≤ 0.05) in the
constant, 1st, 2nd, 4th, 5th, and 6th order coef-
ficients of the RQ model when baseline is com-
pared to the 10 mcg/kg (50 mcg) dose of isopro-
terenol. The average norm of residuals for the 6th
order polynomial model of the four RQ segments at
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Isoproterenol RQ Model

-2

-1

0

1

2

       

x6
       

x5
       

x4
       

x3
       

x2
       

x

       

a

Coefficient

M
a

gn
it

ud
e

Baseline Mean +/- SD

10 mcg/kg Mean +/- SD

** *

*

* *

Figure 4. Coefficients of 6th order polynomial model
of RQ segment changes from baseline to 10 mcg/kg of
isoproterenol. Four consecutive EGMs were analyzed at
baseline and after medication administration. The coeffi-
cients of the polynomial model were then determined for
the RQ segments of each of the four cycles and depicted
as a mean and standard deviation in this figure. There
were statistically significant changes (P ≤ 0.05, denoted
by ∗ in the Figure) in the constant, 1st, 2nd, 4th, 5th, and
6th order coefficients of the RQ model when baseline is
compared to the 10 mcg/kg dose of isoproterenol.

baseline and after 10 mcg/kg of isoproterenol were
0.994 and 1.015, respectively.

Changes in Model Coefficients with
Procainamide

Figure 5 depicts the coefficients of the 6th or-
der polynomial model of QR segment changes from
baseline to 15 mg/kg of procainamide. There were
statistically significant changes in the constant,

Procainamide QR Model
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Figure 5. Coefficients of the 6th order polynomial
model of QR segment changes from baseline to 15 mg/kg
of procainamide. Four consecutive EGMs were analyzed
at baseline and after medication administration. The co-
efficients of the polynomial model were then determined
for the QR segments of each of the four cycles and de-
picted as a mean and standard deviation in this figure.
There were statistically significant changes (P ≤ 0.05,
denoted by ∗ in the figure) in the constant, 2nd, 4th, and
6th order coefficients of the QR model when baseline is
compared to the 15 mg/kg dose of procainamide.

2nd, 4th, and 6th order coefficients of the QR model
when baseline is compared to the 15 mg/kg dose
of procainamide. The average norm of residuals
for the 6th order polynomial model of the four
QR segments at baseline and after 15 mg/kg of
procainamide were 0.829 and 0.955, respectively.
There were statistically significant changes in the
constant, 2nd, 4th, 5th, and 6th order coefficients of
the RQ model when baseline is compared to the 15
mg/kg dose of procainamide. The average norm of
residuals for the 6th order polynomial model of the
four RQ segments at baseline and after 15 mg/kg of
procainamide were 4.965 and 1.2, respectively.

DISCUSSION

This study demonstrated that a segmental poly-
nomial model can reproduce phases of depolar-
ization and repolarization of the rabbit ventricular
EGM while preserving all the attributes of the en-
tire EGM at baseline and under the effect of se-
lect antiarrhythmic medications. This model’s sim-
plicity permits implementation into current im-
plantable devices that have limited computing
power, while at the same time, may potentially
provide insight into phases of the cardiac action
potential (AP). The waveform analysis process al-
lows the EGMs to be modeled with a total of 14
coefficients that are then evaluated for significant
changes in magnitude with both isoproterenol and
procainamide. We derived our model’s segmental
structure and order based upon preliminary animal
studies and then quantified the medications that re-
sulted in primarily QR changes (procainamide) and
RQ changes (isoproterenol), thus validating its abil-
ity to detect changes induced by known pharmaco-
logical interventions. The rabbit was chosen as the
animal model for this study because it is the small-
est animal that can accommodate size-wise the im-
plantation of pacing leads on the heart. Also, it is
the smallest animal model that is very similar to hu-
mans from the electrophysiologic standpoint (e.g.,
cardiac ion channels), which renders the extrapola-
tion of the results of this study relatively straight-
forward.

Isoproterenol has no known sodium channel ef-
fects therefore, as expected there were no sta-
tistically significant changes in the coefficients
of the QR segment model. However, the data
demonstrated that isoproterenol caused predomi-
nantly T wave changes that resulted in statistically
significant changes in all but one of the RQ segment
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model coefficients. Accurately capturing changes
in the RQ segment leads us to believe that this
model may have utility in detecting phenomena
such as ischemia or electrolyte disturbances, which
are known to cause ST segment and T wave alter-
ations. The unipolar, as opposed to bipolar, EGM
facilitates the model’s ability to detect far-field elec-
trical activity such as ischemia.

Procainamide caused statistically significant
changes in both QR segment and RQ segment mod-
els. Procainamide is primarily a sodium channel
blocker that can cause depolarization changes due
to its effects on Phase 0 of the cardiac AP. In ad-
dition, procainamide is also a potassium channel
blocker. Segment QR represents a summation of
Phases 0 and 1 of the cardiac AP2–4 and may give
insight into maximal upstroke velocity (Vmax) and
AP amplitude.5,2 Quantifying changes in both of
the QR and RQ segments may provide a useful tool
in assessing the effects of existing and new anti-
arrhythmic drugs on Phases 0–1 of the cardiac AP
and on ventricular repolarization.

Electrogram Modeling

Mathematical modeling of the surface electro-
cardiogram (ECG) has been shown to be feasible
using various methods.6,7 Parametric6 and autore-
gressive7 modeling are two techniques that have
been used to faithfully reproduce the surface ECG,
albeit at the expense of using a large number of
coefficients. For example, while Mukhopadhyay et
al.6 utilized a total of 28 coefficients to develop their
parametric model, Dingfei et al.7 used autoregres-
sive modeling to characterize cardiac arrhythmias
with four coefficients at each point over a full car-
diac cycle, thus utilizing a total number of coeffi-
cients equal to four times the sampling frequency.

Attempts at modeling the cardiac epicardial and
endocardial EGMs have been scarce. Correlation
waveform analysis has been used to capture the
morphology of ventricular EGM during cardiac ar-
rhythmia and to compare it to the same EGM
during normal rhythm.8–10 These correlation tech-
niques reflect overall morphologic similarity be-
tween EGM beats, however they do not “model”
the EGM per se. Correlation techniques are not af-
fected by heart rate increases, though an increase
in amplitude is often seen with increasing sympa-
thetic tone.11 There are numerous other techniques
attempting to discriminate between arrhythmias
based on changes in ventricular EGM morphology.

One such technique based the morphology analy-
sis on the first derivative of the EGM which was
then compared to templates obtained during sinus
rhythm.12–14 Unpublished data from our labora-
tory demonstrate that wavelet decomposition can
reproduce the ventricular EGM quite accurately,
albeit with a number of coefficients exceeding 50.
Orthogonal expansions such as singular-value
decomposition and Karhunen-Loeve transform
(principal-component analysis) are known to be op-
timal mathematical solutions to EGM analysis15–18

however, this is at a cost of considerable additional
computational complexity.19 In addition, there is
controversy surrounding the applicability of ascrib-
ing any physiologic significance to the data result-
ing from such decompositions.20 The polynomial
model proposed here (ultimately intended for use
in implantable devices) is computationally simple
and for this application, computational efficiency
outweighs mathematical optimization.

Electrogram Model to Assess Underlying
Cardiac Ion Channel Function

The EGM reflects the electrical properties of
the myocardium and prior research suggests that
it also represents the underlying substrate. The
AP of individual cardiac cells has been modeled
using a modified FitzHugh-Nagumo reaction-
diffusion state equations system.21 A three dimen-
sional lattice of these modeled cells, incorporating
variables of excitability, refractoriness, and is-
chemia, was used to generate an EGM. Finally,
there has been very interesting work studying the
effects of antiarrhythmic drugs on epicardial activa-
tion of isolated rabbit hearts using a 256 electrode
system.22 These studies have demonstrated pro-
nounced disturbance of the ventricular electrical
activation with the use of antiarrhythmic agents.
Thus, these studies suggest that the EGM may be
used to assess changes in the underlying myocar-
dial substrate. The literature lacks however a sim-
ple model for the in vivo assessment and quantifi-
cation of cardiac APs via ventricular EGM signals.

The ability to quantify changes in the ventricular
EGM using this polynomial representation might
be used to gain insight into both electrical and struc-
tural properties of the underlying myocardium in
other physiologic situations. A wide variety of ex-
perimental work has shown that the EGM contains
information regarding: (1) The myocardial AP and
junctional resistance;23 (2) Changes in the maximal
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rise of the AP;24 (3) Changes in AP amplitude
and propagation velocity;25 (4) Fragmented epicar-
dial activities which may predispose to ventricu-
lar tachycardia;26 (5) Biodomain conductivities and
myocardial fiber architecture;27 (6) Frequency dif-
ferences between sinus rhythm and VT;28 and (7)
The direction of excitation.29–32

The potential utility of this model lies in its ability
to capture the phenomena occurring during Phases
0 and 1 of the AP but also during repolarization
(Phases 2–4 of the cardiac AP). As discussed above,
there is much evidence suggesting that the EGM
contains far more information about both the elec-
trical, structural, and chemical properties of the
myocardium than commonly thought. The gener-
ation of the ventricular cardiac AP is dependent
upon the underlying transmembrane ion currents.
Phase 0, the upstroke of the AP, represents depolar-
ization of the membrane and is mostly derived from
the fast inward sodium current (INa). The peak slope
of this upstroke represents the Vmax.5 Phase 1 (ini-
tial repolarization) is due to the transient outward
current, Ito, which increases in density from endo-
cardium to epicardium.33 Phase 2 (plateau phase) is
primarily due to the delayed rectifier currents IKr
and IKs. The AP amplitude is defined as the volt-
age from the baseline resting voltage to the crest of
the plateau phase (not the peak of the upstroke).2

The delayed rectifier currents are the major repo-
larization currents in larger mammals.34 Phase 3
(late repolarization) is due to the strong inward rec-
tifier current, IK1, and to a lesser extent, IKr and
IKs. Phase 4 (resting phase) is primarily due to the
strong inward rectifier current, IK1.

In developing an algorithm to analyze EGMs
from ICD’s, it is useful to understand the electro-
physiologic changes associated with ischemia that
may predispose a patient to ventricular arrhyth-
mias. Ischemia causes changes to Phases 0 and 1
of the cardiac AP. These changes include depolar-
ization of the resting membrane followed by a de-
crease in AP amplitude and upstroke velocity.35,5

Whalley et al.,5 found that ischemia caused a 32%
reduction in AP amplitude (P < 0.001) and 66%
reduction in Vmax (P < 0.001). In addition, an
elevation of extracellular potassium concentration
during ischemia also contributes to the decrease
in Vmax.5 Similarly, ischemia has known effects
Phases 2–4 of the cardiac AP which can be demon-
strated via analysis of repolarization on the EGM.
The monophasic AP has a much lower amplitude
than the intracellular AP however, the monophasic

AP’s can still detect the intracellular AP changes
associated with ischemia.36,37 Finally, the suben-
docardium plays a pivotal role in most ventricular
arrhythmias.35,38–40

We have proposed a method of segmenting the
EGM that serves as an initial step in analyzing car-
diac EGMs available from ICD’s in terms of phases
of the cardiac AP. This method may allow insight
into the Phase 0–1 of the cardiac AP while pre-
serving all the attributes of the entire EGM. The
heart depolarizes from endocardium to epicardium
and, in a general sense, from apex to base.2 The
earliest deflection of the QRS corresponds to the
onset of Phase 0 in the endocardial monophasic ac-
tion potential (MAP).2,41 The earliest deflection of
the QRS was taken as the onset of the initial seg-
ment (Segment QR) in this proposed model. The
peak of Phase 0 of the epicardial base MAP, at least
in the murine heart, correlated with the return to
baseline of the initial and usually dominant wave-
form of the QRS.2 In addition, it has been recently
demonstrated in canine ventricular wedge prepa-
rations that the peak of the major deflection of the
QRS complex occurs before the peak of Phase 0 in
the epicardial AP.3 Finally, Aslanidi et al.4 devel-
oped a model of transmural AP propagation in a one
dimensional virtual ventricular wall. They demon-
strated that the summation of Phases 0–1 of endo-
cardial and M-cell APs forms the segment from the
earliest onset of the QRS to the peak of the R wave.
Thus, the peak of the R wave was taken as the end
of this first segment, QR. Segment QR represents
a summation of Phases 0 and 1 of the endocardial
AP (and M-cell AP) and may give insight into Vmax
and AP amplitude. Of course, Segment QR repre-
sents a summation of Phases 0 and 1 of multiple
cells and regions of the subendocardium and mid-
myocardium of the heart at the same time, thus
this potential may differ from single cell recordings
under conditions of extreme local dispersion of ac-
tivation and repolarization.37 Segment QR would
contain elements of Ito for both endocardial and M
cells however, these channels have the highest con-
centration in the epicardium.33,4 Thus, the effects
of Ito are most pronounced in the epicardium and
thus excluded from the QR segment.

The second segment, RQ, spans from the peak
of the R wave to the earliest onset of the subse-
quent EGM. This would then represent a summa-
tion of the remaining Phases of the cardiac cycle
which includes the entire T wave. In the case of
ischemia, one must be careful to consider that the
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unipolar EGM is very dependent upon the relation
between the region of ischemia and the vector of
the far-field EGM recorded. This segmental model
of the cardiac EGM serves as a first step in ana-
lyzing waveforms available from ICD’s in terms of
AP phases and hence, underlying cardiac channel
activity.

Implementation of the Model in Current
Generation of ICDs

The polynomial model of the rabbit ventricular
EGM presented here is feasible, reproducible, and
may significantly quantify changes in Phases 0–1
of the endocardial cardiac AP and ventricular repo-
larization induced by select antiarrhythmic medica-
tions. The current automated methods to discrim-
inate SVTs from VTs using existing EGM models
and morphologic techniques continue to result in a
significant number of inappropriate shocks. A re-
cent study42 reports that 23–30% of patients are
subject to inappropriate shocks. The majority of
these inappropriate shocks were due to misclassi-
fication of rapidly conducted SVTs. The novel seg-
mentation approach of this model sheds insight into
the factors that predispose to ventricular arrhyth-
mias (e.g., changes to the subendocardial AP) thus,
may afford ICDs a higher sensitivity for detecting
true ventricular arrhythmias.

Current ICDs are quite sophisticated but remain
limited in computational power and generally con-
sist of an 8-bit microprocessor with a 2.6 megahertz
clock and 256 kilobytes of memory.43 This is paltry
in comparison to the laptop PC used in this study
equipped with a 32-bit microprocessor with a 1.6
gigahertz clock and 1 gigabyte of memory. The type
of model described here is simple enough that it can
be implemented in the typical digital signal proces-
sor contained in a cardiac device such as a pace-
maker or a cardioverter-defibrillator with existing
technologies. Thus, using currently available im-
plantable device technology, this model may pro-
vide a valuable technique to discriminate between
arrhythmias of various origins and more impor-
tantly, may provide a quantitative means to assess
cardiac ion channel function through the analysis
of cardiac EGMs.

Limitations of this Study

There are several limitations to the data pre-
sented here. First, there are limits of the method
related to the level of changes one would expect

on the EGM. The isolated analog-input can accept
a voltage range of ±50 mV (the rabbit EGMs fall
within this range) and apply a gain of 200. The
ADC can detect a 0.004 mV change in the input
signal at the smallest input range. Thus, providing
a resolution of 0.004 mV on the EGM input signal.
The EGM standardization procedure utilized in this
study permits us to focus upon the relative change
in EGM signals from baseline rather than their ab-
solute amplitude. The ADC has a frequency resolu-
tion of 200 kilosamples/s however, the EGMs input
to the ADC are presampled by the pacemaker at 250
samples/s. Thus, our frequency bandwidth is lim-
ited to at most half of the sampling frequency or
125 samples/s. This is well above the “frequency-
of-interest” range used in other research on human
EGM analysis algorithm development, typically 1–
44 samples/s (or Hertz).44–46 There is a caveat how-
ever, it has been shown that VT EGMs have minor
high-frequency components28 when compared to
NSR beats. As described in the Methods section,
we applied a 5-point moving average to the raw
EGMs which in effect is equivalent to applying a
low-pass filter to the raw signal. This may remove
some higher frequency signals which may make
our model less sensitive in detecting subtle signal
changes. The EGMs obtained from ICDs implanted
in humans will not require this aggressive filter-
ing. Prototype devices that allow chronic percu-
taneous sampling of raw electrical signals can be
considered. Third, the size-constraints of the rabbit
heart may preclude the use of chronic intracardiac
catheters to obtain endocardial EGMs. The appli-
cation of this model to the human ICD EGM will
permit analysis of the endocardial unipolar EGM.
Finally, the physiologic significance of each order
coefficient in our model remains to be elucidated.

CONCLUSION

This study demonstrated that a polynomial
model of the rabbit ventricular EGM is feasible,
reproducible, and responds to pharmacologic in-
terventions in a quantifiable fashion. The model
presented here preserves computational simplic-
ity to permit implementation in current, low com-
putational power implantable devices. Ventricu-
lar EGMs may not have long-term stability.45,46,13

Therefore, one could look at a change in coeffi-
cients rather than absolute value. Heuristic featur-
ing leads to information loss, whereas sample-based
featuring is more appropriate.28 Hence, modeling
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the system using its baseline features will minimize
information loss.

The development of an EGM model may ulti-
mately enable detailed analysis of medication ef-
fects, arrhythmias, and arrhythmic substrates by
examining the changes in the model with various
interventions. These data may provide a valuable
technique to discriminate ventricular from SVTs
and more importantly, may provide a quantita-
tive means to assess cardiac ion channel function
through the analysis of cardiac EGMs. Long-term
applications of this new method may include in-
corporating it into cardiac devices such as pace-
makers and defibrillators where the ventricular
EGMs can be used to monitor physiologic changes
ranging from ischemia to electrolyte disturbances
and to provide a new tool to quantify the action
of anti-arrhythmic medications and assess cardiac
ion channel function. In addition, similar model-
ing techniques can be applied to EGMs from other
cardiac chambers, namely the atria, to provide a
more complete picture of the electrical status of the
heart.
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