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Abstract

This work presents a new approach to the analysis of aperiodic pulsatile hetero-
scedastic time-series data, specifically hormone pulsatility. We have utilized
growth hormone (GH) concentration time-series data as an example for the
utilization of this new algorithm. While many previously published approaches
used for the analysis of GH pulsatility are both subjective and cumbersome to
use, AutoDecon is a nonsubjective, standardized, and completely automated
algorithm. We have employed computer simulations to evaluate the true-positive,
the false-positive, the false-negative, and the sensitivity percentages of several of
the routinely employed algorithms when applied to GH concentration time-series
data. Based on these simulations, it was concluded that this new algorithm
provides a substantial improvement over the previous methods. This novel
method has many direct applications in addition to hormone pulsatility,
for example, to time-domain fluorescence lifetime measurements, as the mathe-
matical forms that describe these experimental systems are both convolution
integrals.

1. INTRODUCTION

It has long been recognized that normal function within endocrine
systems requires a highly coordinated interplay of events both within and
among components of a given hormonal axis. Moreover, it has become
increasingly evident that the secretory characteristics of certain endocrine
signals are critical determinants of the target organ response. For example, it
has been demonstrated that whereas the administration of gonadotropin-
releasing hormone (GnRH) in a pulsatile fashion affected the release of
luteinizing hormone (LH) and follicle-stimulating hormone (FSH), contin-
uous administration not only failed to stimulate LH and FSH release, but
actually inhibited secretion of these hormones (Nakai ef al., 1978). More
recent studies have further demonstrated that the gene expression of LH
and FSH is controlled by the frequency and amplitude characteristics of the
pulsatile GnRH signal (Haisenleder ef al., 1994). The pulsatile nature of
growth hormone (GH) secretion has also received considerable investiga-
tive attention and has provided insights into both stimulatory and inhibitory
hypothalamic mechanisms that regulate GH secretion (Dimaraki ef al.,
2001; Hartman, 1991; Maheshwari et al., 2002; Thorner et al., 1997;
Van Cauter et al., 1998; Vance et al., 1985; Webb et al., 1984). The secretion
of numerous other hormones has also been shown to be pulsatile in nature,
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including, but not limited to, prolactin, thyroid-stimulating hormone,
adrenocorticotropic hormone, parathyroid hormone, cortisol, and insulin.

Given the physiological significance of hormone pulsatility, the ability to
separate a pulsatile signal from noise has become crucial with regard to
understanding the mechanisms that control the dynamics of this signal.
Although earlier attempts to apply computer-based methods to characterize
such pulsatile signals provided enhanced objectivity, most methods were
not statistically based (Merriam and Wachter, 1982; Santen and Bardin,
1973; Ultra and Cycle) and those that were (Oerter ef al., 1986; Veldhuis
and Johnson, 1986) only identified perturbations in hormone concentration
time series but could not separate pulses into their secretory and clearance
components. The application of deconvolution procedures (Evans et al.,
1992; Johnson and Veldhuis, 1995; Johnson ef al., 2004; Urban et al., 1988;
Veldhuis et al., 1987) has been employed effectively to address this limita-
tion, that is, such procedures allow for the “‘unraveling” of hormone pulses
into the secretory event itself and the mechanisms responsible for clearance.

The choice of the model-fitting approach for deconvolution analysis of
experimental data is dictated by the properties of the measurement uncer-
tainties that are inherent within such data. Measurement errors within
hormone concentration time-series data are typically large, as compared to
the size of the secretion events, and are heteroscedastic. In addition, missing
values are fairly common and thus it cannot be assumed that the data values
are equally spaced in time. Several deconvolution procedures [e.g., those
based on the convolution theorem (Jansson, 1984)] may be utilized for this
sort of analysis, but most other approaches are incompatible with the
properties of data.

Another difficulty with previously published hormone pulsatility analysis
approaches (Johnson and Veldhuis, 1995; Johnson ef al., 2004; Veldhuis
et al., 1987) is that they necessitate a prior knowledge or presumption of the
number of secretion events, and initial estimates of the secretion event
positions and amplitudes are required to be provided by the user. Finding
the number of secretion events and initial parameter estimates is a system
identification problem, which is addressed here via a fully automated statisti-
cally based approach, AutoDecon, which finds the optimal number of secre-
tion events and the initial parameter estimates while simultaneously
performing deconvolution. Moreover, a quintessential data analysis
dilemma is in the identification and subsequent characterization of small
pulsatile events within a data time series where the amplitudes of these
events are comparable to the magnitude of the experimental measurement
errors. Event identification is further complicated when the pulsatile events
are aperiodic (i.e., they occur at apparently random intervals) and/or when
the experimental measurement uncertainties are heteroscedastic (i.e., the
measurement uncertainties are variable).
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A Monte Carlo technique is utilized to provide information about the
operating characteristics of the AufoDecon and other algorithms (e.g., true-
positive, false-positive, and false-negative percentages for secretion event
identification). This Monte Carlo procedure is an extension of procedures
that we (Veldhuis and Johnson, 1988) and others (Guardabasso ef al., 1988;
Van Cauter, 1988) have employed for this purpose.

The numerical methods outlined in this chapter are generally applicable to
many biochemical systems, although this chapter describes this procedure and
presents the analysis of GH concentration time-series data as an example of the
use of AutoDecon. For example, time-domain fluorescence lifetime measure-
ments (Lakowicz, 1983) are described by the mathematical forms (convolu-
tion integrals), which describe pulsatile hormone concentration time series.

2. METHODS

AutoDecon implements a rigorous statistical test for the existence of
secretion events (Johnson ef al., 2008). In addition, the subjective nature
defining earlier deconvolution procedures is eliminated by the ability of the
program to automatically insert and subsequently test the significance of
presumed secretion events. No user intervention is required subsequent to
the initialization of the algorithm. This automatic algorithm combines three
modules: a parameter-fifting module (analogous to Johnson and Veldhuis,
1995; Veldhuis ef al., 1987), a new insertion module that automatically adds
presumed secretion events, and a new friage module that automatically
removes secretion events, which are deemed to be statistically
nonsignificant.

2.1. Overview of deconvolution method

These deconvolution procedures function by developing a mathematical
model for the time course of the hormone concentration and then fitting
this mathematical model to experimentally observed time-series data with a
weighted nonlinear least-squares algorithm. Specifically, this mathematical
model (Johnson and Veldhuis, 1995; Veldhuis ef al., 1987) is

() = JS(T)E(t — 2)dt + C(0)E(Y) (15.1)

0

where C(f) is the hormone concentration as a function of time ¢, S(f) is the
secretion into the blood as a function of time, and E(t — 2) is elimination
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from the serum as a function of time. In Eq. (15.1) the limits of integration
are from O to f and, as a consequence, a second term containing the
concentration at time zero, C(0), is included. For the time-domain fluores-
cence lifetime experimental system, the S(f) function corresponds to the
lamp function (i.e., the instrument response function) and the E(f —z)
corresponds to the fluorescence decay function.

The hormone concentration elimination function, E(+—z) is assumed to
follow a single compartment pharmacokinetic model [Eq. (15.2)]

E(t—2) = ¢ HEl =) (15.2)

where HL is the one-component elimination half-life, or a two-compartment
[Eq. (15.3)] model,

In2

E(t—2) = (1 —f)e il =3 4 feint =) (15.3)

where HL| and HL, are the elimination half-lives and f, is the amplitude
fraction of the second component.

C(0) in Eq. (15.1) is the concentration of the hormone immediately
before the first data point, that is, at time equal to zero. This model is
rigorously correct for a single-compartment pharmacokinetic elimination
model, Eq.(15.2). However, for the two-compartment elimination model,
Eq. (15.3), it is only correct under the assumption that all of the concentra-
tion at time t = 0 is the result of an instantaneous secretion event that occurs
at this initial moment. This assumption is required as scant information
pertaining to the secretion and elimination prior to the first data point is
contained within data.

In the original formulation (Johnson and Veldhuis, 1995; Johnson et al.,
2004; Veldhuis et al., 1987) the secretion rate is modeled by Eq. (15.4)

(—PPy,

- [long*%(m)Z]
S = St Z . — (15.4)
k

where the secretion rate is assumed to be the sum of Gaussian-shaped events
that occur at different irregularly spaced times, PPy, have differing heights,
H,, and the same width, SecretionSD. Note that the size of the secretion
events is expressed as the base 10 logarithm of the height, log Hy, in order to
constrain all heights to physiologically relevant positive values. The positive
constant S, is the basal secretion.
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2.2. AutoDecon-Fitting module

The fitting module performs weighted nonlinear least-squares parameter
estimations by the Nelder-Mead Simplex algorithm (Nelder and Mead,
1965; Straume et al., 1991). It fits Eq. (15.1) to experimental data by
adjusting the parameters of the secretion function, Eq. (15.4), and the
elimination function, either Eq. (15.2) or (15.3), so that the parameters
have the highest probability of being correct. The module is based on the
Amoeba routine (Press et al., 1986), which was modified such that conver-
gence is assumed when both the variance-of-fit and the individual parame-
ter values do not change by more than 2 X 107> or when 15,000 iterations
have occurred. This is essentially the original Deconv algorithm (Johnson
and Veldhuis, 1995; Veldhuis ef al.,, 1987) with the exception that the
Nelder—Mead Simplex parameter estimation algorithm (Nelder and Mead,
1965; Straume et al., 1991) is used instead of the damped Gauss—Newton
algorithm, which was employed by Deconv. The Nelder—Mead algorithm
simplifies the software, as it does not require derivatives.

2.3. AutoDecon insertion module

The insertion module inserts the next presumed secretion event at the
location of the maximum of the probable position index, PPIL

O[Variance - of -Fit] . 0[Variance - of - Fit]
— it <0

OH. OH.
PPI(t)= .. O[Variance - of - Fit]
0 if OH >0

(15.5)

The parameter H. in Eq. (15.5) is the amplitude of a presumed secretion
event at time z. The index function PPI(f) will have a maximum at the data
point position in time where the insertion of a secretion peak will result in
the largest negative derivative in the variance of fit versus secretion
event size. It is important to note that the partial derivatives of the variance
of fit with respect to a secretion event can be evaluated without any
additional weighted nonlinear least-squares parameter estimations or even
knowing the size of the presumed secretion event, H,. Using the definition
of the variance of fit given in Eq. (15.6), the partial derivative with respect
to the addition of a secretion event at time z is shown in Eq. (15.7) where
the summation is over all data points,
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[Variance - of - Fit] = Z (LCM)Z = ZR,Z (15.6)

i

O[Variance - of - Fit] 2 0C(1)
OH. - Z w2 (Yi B C(t)) OH.
2
= (15.7)
oC(t) 2 \ SecretionSD L E(1)
oH. |

where W, corresponds to the weighting factor for the ith data point and R;
corresponds to the ith residual (see Section 2.8). The inclusion of these
weighting factors is the statistically valid method to compensate for the
heteroscedastic properties of experimental data.

2.4. AutoDecon triage module

The triage module performs a statistical test to ascertain whether a presumed
secretion event should be removed. This test requires two weighted non-
linear least-squares parameter estimations: one with the presumed peak
present and one with the presumed peak removed. The ratio of the variance
of fit resulting from these two parameter estimations is related to the
probability that the presumed secretion event does not exist, P, by an F
statistic, as in Eq. (15.8). Typically, a probability level of 0.05 is used:

V I f F'treanVe 2
TTARCE O Tremoved _ o a2, ndf, 1 = P (15.8)
n

Variance of Fitpesent

This is the F test for an additional term (Bevington, 1969) where the
additional term is the presumed secretion event. The 2's in Eq. (15.8) are
included, as each additional secretion event increases the number of para-
meters being estimated by 2, specifically the location and the amplitude of
the secretion event. The number of degrees of freedom, ndf, is the number
of data points minus the total number of parameters being estimated when
the secretion event is present. Each cycle of the triage module performs this
statistical test for every secretion event in an order determined by size,
smallest to largest. If a secretion event is found to not be statistically
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significant, it is removed and the triage module is restarted from the
beginning (i.e., a new cycle starts). Thus, the friage module continues until
all nonsignificant secretion events have been removed. Each cycle of the
triage module performs m + 1 weighted nonlinear least-squares parameter
estimations where m is the current number of secretion events for the
current cycle; one where all of the secretion events are present; and one
where each of the secretion events has been removed and tested
individually.

2.5. AutoDecon combined modules

The AutoDecon algorithm iteratively adds presumed secretion events,
tests the significance of all events, and removes nonsignificant secretion
events. The procedure is repeated until no additional secretion events are
added. The specific details of how this is accomplished with the insertion,
fitting, and triage modules are outlined here.

AutoDecon is generally initialized with the basal secretion, Sy, set equal to
zero, the concentration at time zero, C(0), set equal to zero, the elimination
halt-life (HL) set to any physiologically reasonable value, the standard
deviation of the secretion events (SecretionSD) set to one-half of the data
sampling interval, and zero secretion events. It is possible, but not required,
that initial presumed secretion event locations and sizes be included in the
initialization. Initializing the program with peak position and amplitude
estimates might decrease the amount of computer time required. Note that
for the examples presented in this work the initial number of secretion
events is set to zero unless specifically noted otherwise.

The next step in the initialization of the AufoDecon algorithm is for the
fitting module to estimate only the basal secretion, Sy, and the concentration
at time zero, C(0). The fitting module will then estimate all of the model
parameters except for the elimination half-life and the standard deviation of
the secretion events. If any secretion events have been included in the
initialization, the second fit will also refine the locations and sizes of these
secretion events. Next, the friage module is utilized to remove any nonsig-
nificant secretion events. At this point the parameter estimations performed
within the triage module will estimate all of the current model parameters,
except for the elimination half-life and the standard deviation of the
secretion events (SecretionSD).

The AutoDecon algorithm next proceeds with phase 1 by using the
insertion module to add a presumed secretion event. This is followed by
the triage module to remove any nonsignificant secretion events. Again, the
parameter estimations performed within the friage module during phase 1
will estimate all of the current model parameters with exception of the
elimination half-life, HL, and the standard deviation of the secretion events,
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SecretionSD. 1f during this phase the triage module does not remove any
secretion events, phase 1 is repeated to add an additional presumed secretion
event. Phase 1 is repeated until no additional secretory events are added in
the insertion followed by triage cycle.

Phase 2 repeats the friage module with the fitting module estimating all of
the current model parameters, but this time including the elimination
half-life, HL, and the standard deviation of the secretion events, SecretionSD.

Phase 3 will repeat phase 1 (i.e., insertion and triage) with the parameter
estimations that are performed by the fitting module within the friage module
estimating all of the current model parameters, again including the elimina-
tion half-life, HL, and the standard deviation of the secretion events,
SecretionSD. Phase 3 is repeated until no additional secretion events have
been added in the insertion followed by triage cycle.

Phase 4 examines the residuals (i.e., differences between the data points
and the fitted curve) for trends that might indicate fitting problems.
Specifically, if the first data point is a negative outlier (i.e., the data
point is significantly lower than might be expected; see Section 2.7) or
the last data point is a positive outlier (i.e., the data point is significantly
higher than might be anticipated), then it is possible that the algorithm
failed to identify a partial secretion event at either the start or the end of
the time series, respectively. If only a portion of the secretion event is
present within the data time series, then the AutoDecon algorithm might
not resolve this partial event and thus an outlier may be present. When
this is observed, then the offending data point is temporarily removed and
the entire AutoDecon algorithm is repeated with the current values as the
initialization.

An illustrative example of the results from this procedure is shown in
Fig. 15.1. In this example, one secretion event has been located. The upper
part of Fig. 15.1 shows the data points and the calculated concentration.
The lower part of Fig. 15.1 depicts the observed secretion rate (lower curve)
and the probable position index [upper curve calculated per Eq. (15.5)] for
addition of the next presumptive secretion event. In this case, the next
presumptive secretion event is not statistically significant at a level of 0.05.
Thus, the AutoDecon algorithm added this presumptive event, tested it, and
subsequently removed it (because it was not significant at a level of 0.05),
and then stopped.

It is important to note that the peak of the secretion event occurs several
minutes before the peak of the corresponding concentration peak.
The shape of the secretion event, S(f), dominates the rising portion of the
concentration curve, whereas the falling portion of the concentration curve
1s dominated by the elimination function, E(f). The location of the secretion
event (asterisk in the top half of Fig. 15.1) corresponds to a position
approximately halfway up the rising portion of the concentration curve.
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Figure 15.1 An illustrative example of the use of the AutoDecon algorithm. (Top) A set
of data points with vertical error bars, with the solid curve corresponding to the
predicted concentration, C(f), from Eqs. (15.2), (15.3), and (15.5). The asterisk at the
top of the panel marks the location of the single secretion event. (Middle) Weighted
differences between the data points and the calculated concentration, with the weight-
ing factors being the W in Eq. (15.10). (Bottom) Calculated secretion pattern, S(f),
from Eq. (15.5) as a lower curve and the probable position index, PPI(t), as an upper
curve. The diamond in this panel marks the location of the next presumed secretory
event, which was discarded because it was not statistically significant. Note that the
peak of the concentration event in the upper panel occurs significantly later in time than
the actual peak of the secretion event. Basal secretion, Sy in Eq. (15.5), is 0.037 per
minute. Initial concentration, C, in Eq. (15.2), is 0.71 min. SecretionSD in Eq. (15.5) is
3.0 min. The elimination half-life, HL in Eq. (15.3), is 50.3 min. The secretion peak
position, PP in Eq. (15.5), is 42.4 min.

2.6. Variation on the theme

The objective of phase 1 of the AutoDecon algorithm is to obtain a reason-
able initial estimate of the level of basal secretion and find initial estimates of
the secretion peak sizes and locations. As outlined, the algorithm works well
when the data set being analyzed contains a sufficient amount of informa-
tion. However, occasionally phase 1 will either overestimate the basal and
underestimate the number of the small secretion events or underestimate
the basal and overestimate the number of small secretion events. Effectively
the algorithm has fallen into the wrong minima of the variance of fit. The
later phases of AutoDecon will usually, but not always, correct this situation.
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This is particularly a problem with limited amounts of data and when
thousands of simulated data sets are being analyzed with the totally
automated AutoDecon algorithm.

The AutoDecon algorithm is a Systems Identification approach involving
multiple weighted nonlinear least-squares parameter estimations. When
estimating the parameters of nonlinear equations, by any fitting procedure,
the possibility of multiple minima in the variance of fit always exists. The
trick to avoiding these incorrect minima is by initializing the fitting
algorithm with values that are relatively close to the “correct answers.”
Two of the many potential solutions to this multiple minima problem are
outlined here; both involve executing the AufoDecon algorithm twice for
each data set.

If the AutoDecon algorithm appears to be overestimating the basal secre-
tion and underestimating the number of the small secretion events, then it
may be that the P value for the elimination of a secretion event is initially
too high. Conversely, if the algorithm underestimates the basal and over-
estimates the number of small secretion events, then perhaps the initial
P value is too small. One potential solution is to execute the AutoDecon
algorithm twice. First, execute AufoDecon with a modified P value while
keeping the initial estimates of the elimination half-life and SecretionSD
constant. AutoDecon will stop after phase 1 since the elimination half-life
and SecretionSD are being held constant. Second, execute the AutoDecon
algorithm initialized with the results of the first execution, with the desired
final P value this time estimating the basal secretion, elimination half-life,
and SecretionSD.

For the present GH data it is obvious that the basal secretion is either
very low or possibly even zero. In such a case, the AutoDecon algorithm can
be executed twice to decrease the possibility of finding multiple minima in
the variance of fit. First, execute the AutoDecon algorithm with a very low
fixed value for the basal secretion and fixed initial estimates of the elimina-
tion half-life and SecretionSD. Again, the program will stop after phase 1
because the elimination half-life and SecretionSD are being held constant.
Second, execute the AutoDecon algorithm initialized with the results of the
first execution while now estimating the basal secretion, elimination half-
life, and SecretionSD.

There are many possible perturbations for the use of AutoDecon. The
optimal choice will be dependent on the specific hormone, data collection
protocol, and assay characteristics. For the present work we simulated 500
data sets that mimic the results from our experimental results (see data
simulation section later) and then tested several perturbations to decide
which, if any, was optimal. This second approach was utilized routinely
for all of the simulations presented in this chapter. In the current case the
secretion rate was initially set to 0.0005 pg/liters/min.
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2.7. Outliers

The detection of outliers is a complex statistical issue with a profuse number
of divergent criteria depending on the specific application. The mathemati-
cal definition of an outlier for this chapter is when the absolute value of the
Z score of the particular residual, 7, is greater than 4. These Z scores are
calculated as the particular, kth, residual divided by the root mean squared
average value of all of the other residuals, as shown in Eq. (15.9) where Nis
the total number of residuals:

Zp=——m— i k. (15.9)

There are a variety of reasons why an outlier may be present in the hormone
concentration time series and, as a consequence, in the residuals. An outlier
may be the result of a bad data point or may simply be a typographical error
that occurred during creation of the data file. An occasional outlier is
expected in data due simply to the random measurement uncertainties
inherently present within experimental data. Outliers should never merely
be discarded, as the apparent existence of such may be caused by some
overlooked aspect of data. Thus, in AutoDecon phase 4, the presumed
outliers provide useful information about a potential missing secretion
event. It is imperative to investigate the cause of an outlier before arbitrarily
removing it from the data series.

2.8. Weighting factors

The AutoDecon algorithm is based on a weighted nonlinear least-squares
parameter estimation procedure. The required weighting factor corre-
sponds to the inverse of the expected standard error of the mean (SEM) of
the particular data point. If every data point were independently sampled
and measured more than 15 or 20 times, then the precision of the measured
hormone concentrations could be evaluated as the SEM of the replicate
samples and measurements. However, with typically only 1 to 3 replicate
samples, the SEM of the replicates is far too inaccurate to be used as a
realistic estimate of the actual precision of the hormone concentrations.
Thus, to estimate the experimental uncertainties in such cases, a variance
model was utilized that accounts for the performance characteristics of the
clinical laboratory assays. An empirical representation of the variance as a
function of the hormone concentration is given in Eq. (15.10):
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1
Variance([Hormone(t;)]) = )
Wi
15.10
1 | /MDC\? [Hormone(t;)] \* ( )
N 2 100

where CV is the % coefficient of variation at the optimal range for the assay,
MDC is the minimal detectable concentration, N is the number of repli-
cates, and [Hormone(t;)] is the hormone concentration at time t;. The MDC
and CV are measured routinely as part of the quality control measurements
performed by the clinical laboratories and thus their values are well known.
The minimal detectable concentration is the lowest concentration that can
be measured accurately and is measured experimentally as twice the standard
deviation (SD) of approximately 15 or 20 samples that contain a hormone
concentration of zero.

2.9. AutoDecon performance and comparison with earlier
pulse detection algorithms

The present approach for validating pulse detection algorithms involves the
creation of synthetic data sets where the number, position, and character-
istics of the pulses are “known’ a priori (similar to Guardabasso ef al., 1988;
Van Cauter, 1988; Veldhuis and Johnson, 1988). This chapter modeled
these synthetic files upon “real”” data obtained from normal control subjects
in a clinical study. The pulsatile characteristics observed from these control
subjects were incorporated into simulations. AutoDecon and other algorithms
were applied to ascertain how well each pulsatile characteristic was recov-
ered by each algorithm.

2.10. Experimental data

Clinical experimental data were obtained from a study approved by the
institutional review board of the University of Virginia and the General
Clinical Research Center (GCRC). All volunteers gave written informed
consent before participating in the study. Sixteen healthy, obese individuals
(eight male and eight female) between of the ages of 21 and 55 years of age
were recruited by advertisement. The mean (£SD) age (years) of the
subjects was 37.1 &£ 9.3 [range: 24-55] and the mean (£SD) body mass
index (kg/m?) was 34.0 = 3.0 [range: 30.5-38.4]. Study subjects had
maintained a stable weight for the past 6 months (i.e., no change greater
than /2 kg) and had no intention of losing or gaining weight during the
entire study period. Subjects agreed to avoid unusual, unaccustomed, or
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exceptionally strenuous physical activity from 24 h prior to the start of the
study until the conclusion of the study period. Female subjects of reproduc-
tive age demonstrated a serum f-human chorionic gonadotropin level
consistent with the nongravid state at the prestudy visit. Hormone replace-
ment therapy was allowed if the subject had been on a stable regimen for
3 months or more prior to the study start and the regimen remained stable
during the entire study. All subjects had normal renal function and were
judged to be in good health on the basis of medical history, physical
examination, and routine laboratory tests.

All subjects agreed to avoid the use of any prescription and nonprescrip-
tion medications and preparations, including any herbal, organic, or nutri-
tional remedy other than a standard approved once-daily multivitamin for
the entire study period. No alcoholic beverage consumption occurred for
48 h before or during days when blood samples were drawn. Subjects were
permitted to consume two glasses of wine (4 ounces/glass) or two bottles
(12 ounces/bottle) of beer or equivalent daily during other times during the
study. Grapefruit juice consumption was prohibited for at least 2 weeks
prior to the study start and throughout the entire study as grapefruit has been
shown to inhibit CYP3A4 activity.

All volunteers were admitted to the GCRC for a 39-h stay. They were
encouraged to sleep after 2100 h. Two forearm indwelling venous cannulae
were placed in the morning at 0600 for blood sampling and were kept patent
with saline and/or heparin flushes. Blood sampling was performed through an
indwelling venous cannula every 10 min for 24 h, from 0800 h on day 1 until
088 h on day 2 of admission. Standardized meals were served at 0800, 1300,
and 1800 h. Meals were consumed within 30 min with no snacks allowed.

2.11. Growth hormone assay

Serum GH concentrations were measured in duplicate by a fluoroimmuno-
metric assay on an Immulite 2000 analyzer by Diagnostics Products Corpo-
ration (DPC). DPC claims an interassay CV of 3.8% at 2.5 pg/liter, 3.5%
at 5 ug/liter, and 3.3% at 12.6 pg/liter and an intraassay CV of 3.4% at
2.4 pg/liter, 2.6% at 4.8 ug/liter, and 2.3% at 12 ug/liter and a sensitivity
(MDC) of the assay stated to be 0.01 ug/liter. The variability from an
analysis of our measured data sets indicates that DPC is conservatively
overestimating the actual measurement errors. Our analysis indicates that
our instrument has an intraassay CV of approximately 1.64% and a MDC of
0.0066 ug/liter.

2.12. Data simulation

The objective of data simulations is to provide a group of hormone con-
centration time series where the (1) correct answers (e.g., secretion peak
areas and positions) are known a priori and (2) simulations closely mimic the
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actual experimental observations for a particular hormone within a specific
experimental protocol. For this study we simulated 500 data sets for each
test condition. These data sets were then analyzed by the AutoDecon
algorithm together with several previously published algorithms. A com-
parison of the apparent results from the AutoDecon software and the correct
answers yielded information about the operating characteristics of each of
the analysis algorithms (e.g., AutoDecon, Cluster).

The most vital aspect of the data simulation approach is to model actual
experimental data in the most exacting way possible. The first step is to
analyze a group of actual experimental data with a specific analysis algorithm
such as AutoDecon, Cluster, and Pulse in order to create a consensus analysis for
each of the actual hormone concentration time series. For the present case,
the group of actual experimental data consisted of sixteen 24-h GH concen-
tration time series sampled at 10-min intervals and assayed in duplicate.

Apparent values, based on the analysis of each particular algorithm of the
16 data sets of the basal secretion [Sy in Eq. (15.4)], the SecretionSD
[Eq. (15.4)], and the half-life [HL in Eq. (15.2)], are assumed to follow
lognormal distributions.

The base 10 logarithms of the individual interpulse intervals are poten-
tially related to log;, of the previous interpulse interval, logj, of the
secretion previous event area, logyo of the specific Sy, logo of the specific
SecretionSD, log, of the specific HL, a 24-h cosine wave, and a 24-h sine
wave. The relational coefficients were determined by multiple linear regres-
sion (MLR) analysis (as in Tables 15.3 and 15.4). The cross-correlations and
covariances of the MLR parameters were calculated to verify that this use of
the MLR was justified. Sine and cosine functions were included to com-
pensate for the possibility of a 24-h rhythm induced by the sleep—wake
cycles of the subjects. Note that the combination of a cosine and a sine wave
is a linear model that is mathematically equivalent to a cosine wave with a
variable phase. For these simulations, evaluation of the significance of the
specific MLR terms is not required. If a term is not significant then it will
have negligible amplitude and thus will not contribute to the simulations.

Similarly, the base 10 logarithms of the individual secretion event areas
are potentially related to log; of the previous secretion previous event area,
logy, of the interpulse interval, log, of the specific Sy, log;, of the specific
SecretionSD, logy, of the specific HL, a 24-h cosine wave, and a 24-h sine
wave.

For the actual simulations, the time series is generated to start 24 h prior to
the first desired time point and continue for 24 h after the last desired time
point. This will normally generate a partial secretion event at both the begin-
ning and the end of the time series. All the secretion events with a position
[PP, in Eq. (15.4)] within the desired time are considered to be secretion
events, which the various algorithms should be able to locate accurately,
including the partial events at the beginning and end of the desired time series.



382 Michael L. Johnson et al.

The simulation is initialized by evaluating unique values for the S, the
SecretionSD, and the HL by generating pseudo-random values based on the
corresponding lognormal distribution obtained from experimental data.
Next, an interpulse interval and a secretion event area are simulated by
generating pseudo-random values that follow the corresponding distribu-
tions and dependencies as determined by the multiple linear regressions of
results from the analysis of actual experimental data. Initially the time is set
to —24 h and the previous secretion event areas and previous interpulse
intervals are assumed to be equal to the average values. This process of
finding the next interpulse interval and secretion event area is repeated for
24 h past the last desired data point. Gaussian-distributed pseudo-random
experimental measurement errors are then added according to Eq. (15.10).
Data corresponding to the second of the three simulated days are subse-
quently utilized as the first simulated hormone concentration time series.
This entire process is repeated 500 times to obtain the entire group of 500
simulated hormone concentration time series.

This simulation procedure is substantially different than previous hor-
mone concentration time series simulation algorithms (Guardabasso ef al.,
1988; Van Cauter, 1988; Veldhuis and Johnson, 1988). The previous
algorithms assumed that the interpulse intervals and secretion event sizes
each followed independent Gaussian.

2.13. Algorithm operating characteristics

The simulated data sets were analyzed by AufoDecon and several other
algorithms for pulse detection. A subsequent comparison between apparent
results returned by an algorithm and correct answers from the simulations
translates into information about the operating characteristics of each algo-
rithm (e.g., AutoDecon, Cluster). In particular, we used a concordant
secretion events criterion (see next section) to evaluate the following.

True positive as the percentage of the apparent secretion events found by
the algorithm that closely corresponds in time to actual secretion events

False positive (type I errors) as the percentage of the apparent secretion
events found by the algorithm that do not closely correspond in time to
actual secretion events

False negative (type II errors) as the percentage of simulated secretion
events not located by the algorithm that occur between the first and the
last data points

Sensitivity as the percentage of actual simulated secretion events located by
the algorithm

Our definition of false negative (type II errors) includes a stipulation that
the center of the secretion events must be between the first and the last data
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points to be considered as a false-negative incident. In approximately 10% of
the simulated data sets a secretion event occurred slightly later than the last
data point but close enough that the leading edge of the secretion event has a
significant contribution to the hormone concentration before the last data
point. This stipulation is included so that the failure to find secretion events
outside the range of data is not considered as an error. These out-of-range
secretion events are, however, included in the calculations of true positives.
The analogous partial secretion events that occur before the time of the first
data point are incorporated into the C(0) term by the analysis algorithm and
are thus not treated as a special case.

2.14. Concordant secretion events

Determining the operating characteristics of the algorithms requires a com-
parison of the apparent secretion event positions from an analysis of a
simulated time series, with the actual known secretion event positions
upon which the simulations were based. This process must consider
whether the concordance of the peak positions is statistically significant or
whether it is a consequence of a simply random position of the apparent
secretion events. For example, when comparing two time series, each
having approximately 20 randomly positioned events within a 24-h period,
it is unlikely (P < 0.05) that 6 or more of these random events will appear
to be coincident within a +5-min window, that 8 or more will appear to
be coincident within a +10-min window, and that 11 or more will
simultaneously occurring within a £20-min window.

Specifically, the following question could be posed: given two time-
series with n and m distinct events, what is the probability that j coincidences
(i.e., concordances) will occur based on a random positioning of the distinct
events within each of the time series? The resulting probabilities are depen-
dent on the size of the specific time window employed for the definition of
coincidence. This question can be resolved easily by a Monte Carlo
approach. One hundred thousand pairs of time series are generated with
the n and m distinct randomly timed events, respectively. The distribution
of the expected number of concordances can then be evaluated by scanning
these pairs of random event sequences for coincident peaks where
coincidence is defined by any desired time interval.

Obviously, as the coincidence interval increases so will the expected
number of coincident events. Thus, the coincidence interval should be kept
small. Coincidence windows of £5, +10, or maybe 415 min are reasonable
for this study simply because the data sampling is at 10-min intervals. The
expected number of coincident events will also increase with the numbers
of distinct events, n and m.
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3. RESuULTS

Growth hormone data chosen to test the AutoDecon algorithm were
selected specifically to represent a particularly difficult case. The subjects are
neither young nor lean. The size of the observed GH secretion events is
expected to be decreased because of both of these factors. In addition,
sampling at 10-min intervals makes the resolution of an approximately
14-min elimination half-life somewhat difficult. However, because the
hormone concentrations were measured in duplicate with state-of-the-art
instrumentation, data from this protocol are typical of the most pristine GH
concentration time series data currently available.

3.1. Typical AutoDecon output

Figure 15.2 presents an example of the analysis of a typical GH time series by
the AutoDecon algorithm. The upper part of Fig. 15.2 depicts the GH data
points as vertical error bars and best-fit calculated GH concentrations. These
are on a logarithmic scale to enhance visualization of the small secretion
events. For this specific GH data set, the AutoDecon algorithm identified
24 secretion events with a median interpulse interval of 45.3 min, an
elimination half-life of 13.1 min, and a secretion event standard deviation
of 8.8 min. The median of the interpulse intervals is given because
(as demonstrated later) the distribution of interpulse intervals is not Gaussian
(skewness of 0.973 and kurtosis of —0.190), and thus the mean interpulse
interval of 56.6 &£ 7.9 min is not as informative. The median of 0.522 for the
secretion event area (i.e., mass) is also preferable as its distribution is even
more non-Gaussian (skewness of 1.594 and kurtosis of 1.281), and thus the
mean secretion event area of 1.65 & 0.46 is even less informative.

The probable position index (the upper line in the lower part of
Fig. 15.2) indicates that the final presumptive secretion event was located
at 666 min into the collection protocol. Visually it appears from the
differences between the data points and the calculated curve (upper part
of Fig. 15.2) that this might be an actual secretion event. However, this
secretion event was not included because of its 0.0505 significance level.
Having a significance level over 0.05 does not mean that the secretion
event is not present, but simply means that it cannot be demonstrated at
the 0.05 significance level. There is another possible secretion event at
approximately 200 min into the collection protocol. If a less stringent
significance level had been utilized, the number of secretion events would
be increased and the apparent basal secretion level would, as a consequence,
be lower.
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Figure 15.2 An example of the analysis of a typical growth hormone concentration time
series by the AutoDecon algorithm. (Top) A set of data points with vertical error bars and a
solid curve corresponding to the predicted concentration, C(f), from Egs. (15.2), (15.3),
and (15.5). The asterisk at the top of the panel denotes the location of the single secretion
event. (Middle) Weighted differences between the data points and the calculated con-
centration, with the weighting factors being the IW; in Eq. (15.10). (Bottom) The
calculated secretion pattern, S(f), from Eq. (15.5) as a lower curve and the probable
position index, PPI(f), as an upper curve. The diamond in this panel marks the location
of the next presumed concentration event, which was discarded because it was not
statistically significant. Note that the peak of the concentration event in the upper panel
occurs significantly later in time than the actual peak of the secretion event.

3.2. Experimental data analysis

The combined results of the AutoDecon analysis of all 16 of the time series
from this protocol are summarized in Table 15.1. In several cases the
medians are not close to the means, which implies that the distributions
are not Gaussian (i.e., distributed normally). Similarly, the standard devia-
tions of these cases are also sufficiently large that a normal distribution will
include a high percentage of values less than zero and thus not physically
meaningful. This can clearly be seen in the distribution of interpulse
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Table 15.1 Summary of secretion properties of the 16 hormone concentration time
series analyzed with AutoDecon

Interpulse interval

Interquartile
Median Mean £+ SEM SD N Range
So 0.00138 0.00187 £ 0.00024  0.00095 16 0.00138
SecretionSD ~ 9.02 8.89 £ 0.58 2.31 16 2.72
HL 14.32 14.17 £ 0.43 1.72 16 2.08
# events 18 20.56 £ 0.93 3.71 16 7.0
# outliers 1 0.63 £ 0.16 0.62 16 1.0
Interpulse  50.49 66.82 + 2.85 51.37 313 51.54
interval
Event size 0.51 2.14 £0.19 3.50 329 2.39
(area)
% pulsatile  93.87 93.13 £ 0.68 2.74 16 3.51
604
50
5 ] _
g =
S 30
=
20
10
0 T I I = i_| == T
0.00 100.00 200.00 300.00 400.00

Figure 15.3 The distribution of interpulse intervals for the entire set of 32 concentra-
tion time series found by the AutoDecon algorithm. The solid line corresponds to the
best normal (i.e., Gaussian) distribution.

intervals (Fig. 15.3) and in the logarithmic normal distribution of interpulse
intervals (Fig. 15.4). The interpulse intervals appear to be distributed
approximately lognormally.

The distributions of the secretion event sizes also cannot be analyzed as a
normal distribution (Figs. 15.5 and 15.6). Here the secretion event sizes
appear to follow a bimodal (or multimodal) lognormal distribution.
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Figure 15.4 The distribution of interpulse intervals for the entire set of 32 concentra-
tion time series found by the AutoDecon algorithm but plotted on a logarithmic X axis.
The solid line corresponds to the best lognormal distribution.
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Figure 15.5 The distribution of secretion event sizes for the entire set of 32 concen-
tration time series found by the AutoDecon algorithm. The solid line corresponds to the

best normal (i.e., Gaussian) distribution.

The first column of Table 15.2 presents the apparent number of secre-
tion events found by several of the previously published hormone pulse
detection algorithms. The Pulse and Pulse2 algorithms have two different
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Figure 15.6 The distribution of secretion event sizes for the entire set of 32 concen-
tration time series found by the AutoDecon algorithm but plotted on a logarithmic
X axis. The solid line corresponds to the best lognormal distribution.

Table 15.2 Mean number of secretion events found for the 16 time series by several

different algorithms

Number of secretory
Algoritham events

Original  Shuffled

data data“
AutoDecon 20.6 0.0
Cluster® 12.3 22.1
Pulse (zero basal) 13.8 18.2
Pulse (variable basal) 7.2 15.6
Pulse2 (zero basal) 11.2 1.4
Pulse2 (variable basal) 12.9 0.3
Pulse4 1.0 1.0

Reference

Veldhuis and Johnson (1986)
Johnson and Straume (1999)
Johnson and Straume (1999)
Johnson and Straume (1999)
Johnson and Straume (1999)
Johnson et al. (2004)

“ Assuming HL = 14.25 and Secretion SD = 8.95.

b Cluster algorithm nadir size and peak size of 2, and both T statistics set to 2.0.
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entries where the first assumes that the basal secretion is zero and the second
assumes that the basal secretion is not zero. Obviously, the operating
characteristics of these algorithms need to be determined when applied to
GH data so that an appropriate choice of algorithms, and thus results, can be
made. The choice of algorithm will be dependent on the specific hormone
being investigated, the details of the specific experimental protocol, and
the laboratory instrumentation utilized for the hormone concentration
measurements.

One simple test of the algorithms is to see how they perform when data
are shuffled (i.e., randomizing the time sequence of data). This is similar to a
previously published procedure for the evaluation of the percentage of false
positives (Van Cauter, 1988). The hormone concentration pulsatile events
follow a distinct shape, that is, a fast rise and a somewhat slower fall
(Johnson and Veldhuis, 1995; Veldhuis ef al., 1987). Any operation, such
as shuffling the data points, that disrupts the time sequence of the data time
series should also disrupt the ability of the hormone detection algorithms to
find distinct secretion events within the data sequence. Thus, it is surprising
that the Cluster and the Pulse algorithms actually found more apparent
events within shuffled (i.e. randomized) data than in original data
(Table 15.2, column 2). This is sufficient reason not to use either the Cluster
or the Pulse algorithm for GH data.

The Pulse4 algorithm found the fewest peaks of all of the algorithms
(Table 15.2), reflecting the conditions of this particular GH protocol,
which are well outside the bounds of applicability for the Pulse4 algo-
rithm. Specifically, the Pulse4 algorithm requires more than four data
points per elimination half-life while the present protocol samples the
data points at a 10-min interval even though GH is known to exhibit an
elimination half-life of approximately 14 min, yielding only 1.4 data
points per half-life. Thus, Pulse4 clearly is not applicable for this particular
GH protocol.

Multiple linear regressions were applied to the interpulse interval
and secretion event areas, which yielded some interesting results. The
apparent secretion event area is controlled significantly (P < 0.05) by
the previous interpulse interval, the previous secretion event area, the
basal secretion, and the SecretionSD (see Table 15.3). The interpulse interval
is also controlled significantly (P < 0.05) by the previous interpulse interval,
the previous secretion event area, and the SecretionSD, but with a much
smaller magnitude. Both the intervals and the secretion event areas also
appear to be controlled by a 24-h rhythm. These apparent controlling
factors may be a reflection of the underlying molecular mechanisms of
secretion or they may simply be a limitation of the numerical analysis.
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Table 15.3 Significantly nonzero (p < 0.05) coefficients from multiple linear
regressions in Table 15.4¢

Secretion event area Interpulse interval

Log,( previous interval -1.069 £ 0.123 —0.245 £ 0.061
Log;, previous event area 0.264 £ 0.050 —0.049 £ 0.025
Logi0So 1.088 £ 0.228

LogioSecretionSD 1.329 £+ 0.343 0.665 £+ 0.158
Cosine (2 TSS/1440) —0.210 £ 0.051 0.056 + 0.024
Sine (2 TSS/1440) 0.017 £ 0.049 0.117 £ 0.021
R? 0.454 0.186

Largest cross-correlation —0.351 0.441

a

Backward removal was used to remove nonsignificant coefficients. The sine coefficient for the
secretion event area is included because the cosine coefficient is significant.

Table 15.4 Simulation parameters from a MLR examination of AutoDecon
analysis results?

LogSec.Area, = N(-0.250,0.326) — 1.073 * [ LogyolInterval,_; — 1.729]+
0.267 * [ LogyoSec. Area, .4 +0.253 ] + 1.082 * [ Log; oSy +
2.78 1+1.324 * [Log;oSecretionSD — 0.925] + 0.688 *
[LogioHL —1.151-0.203 * Cos [2rTSS/1440] + 0.026 *
Sin [2nTSS/1440]

LogInterval,, = N(1.754,0.063) — 0.054* [Log(Sec.Area,.; + 0.214]—
0.244 * [Log,oInterval,,_; — 1.723 ] + 0.091 *
[ Logi10Sp + 2.78 |+0.674 * [Log;oSecretionSD — 0.925]
—0.033 * [LogoHL — 1.151]+0.043 *
Cos [2nTSS/1440] + 0.108 * Sin [2nTSS/1440]

LogioSecretionSD = N(0.935,0.00133)

Logi0S0 = N(-2.770,0.0.0356)
LogioHL = N(1.148,0.00305)
MDC = 0.00661

Ccv =1.644

a

The n subscript refers to the current interpulse interval and secretion event area, the n — 1 subscript
refers to the previous interpulse interval and secretion event area, and TSS is time from 8:00 AM, the
start of the hormone sampling period. N (mean, variance) is a pseudo-random variable that follows a
normal distribution with the specific mean and variance. Constants were determined by a multiple
linear regression based on the experimental measurements. Duplicate samples were simulated unless
otherwise noted.

3.3. Comparison between AutoDecon and other algorithms

Table 15.4 presents the simulation parameters utilized to create the first set
of 500 simulated hormone concentration time series. This first set was
generated to mimic results from the analysis of experimental data by the
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AutoDecon algorithm. Table 15.4 was created by MLR analysis of the
AutoDecon estimated results. In this, and all subsequent simulations, it is
assumed that the individual interpulse intervals and secretion event areas
could be a function of the previous individual interpulse intervals, secretion
event areas, elimination half-life, basal secretion, secretion event standard
deviation, and sum of 24-h sine and cosine waves.

Figure 15.7 presents a comparison of the operating characteristics of the
AutoDecon and Cluster (Veldhuis and Johnson, 1986) algorithms when
applied to these 500 simulated hormone concentration time series. In
Fig. 15.7, true-positive events were determined for a series of different
concordance windows. For example, if the algorithm locates a secretion
event within a simulated hormone concentration time series to be within
+5 min of the exact location of the secretion event upon which the
simulations were based, then it is a true positive with a concordance
window of 5 min or less. AufoDecon performs better by all measures
with a +2.5-min, or longer, concordance window than Cluster with a
+25-min concordance window. For example, with a £10-min concordance
window the sensitivity of AutoDecon is 97.5% and Cluster is 42.7%.

It is interesting to note that 25% of the false positives identified by
AutoDecon corresponded to the first apparent secretion event and that 24%
of the false negatives corresponded to the last simulated secretion event in
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Figure 15.7 Performance characteristics of the AutoDecon and Cluster algorithms at
different concordance windows. These were evaluated by the analysis of 500 simulated
data sets generated as described in Table 15.4. Solid symbols are for AutoDecon and open
symbols are for Cluster. Solid lines and circles describe the sensitivity %; medium-
dashed lines and squares describe the true positive %; long-dashed lines and diamonds
describe the false positive %; and short-dashed lines and triangles describe the false
negative %.
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the sequence. These are substantially higher that the ~5% expected from
random chance. It is, however, not unexpected, as the first and last
simulated secretion events are contained only partially within the data
sequence.

Figure 15.8 presents the corresponding mean true positive %, false
positive %, false negative %, and sensitivity of the AutoDecon algorithm
when different P values are used by the triage module. These were eval-
uated with the same 500 simulated hormone concentration time series used
in Fig. 15.7. Clearly, the AutoDecon algorithm outperforms the Cluster
algorithm for all triage P values between 0.02 and 0.08. The false positive
% and false negative % are both approximately 2.1% when the triage P value
is set to 0.0325. When the triage P value is set to 0.039, both the true
positive % and the sensitivity are approximately 97.4%. Please note that
these values only apply to GH data collected with this specific protocol. The
actual choice triage P value is obviously dependent on which of these
operating characteristics is deemed the most important. For the remainder
of this chapter, the triage P value will be set to 0.0325, which represents a
reasonable value to jointly optimize the false positive % and false negative %.

Table 15.5 presents a comparison of the operating characteristics of five
of the analysis algorithms when applied to these 500 simulated hormone
concentration time series. It is clear from Table 15.5 that the AutoDecon
algorithm performs far better than the other algorithms when simulated data
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Figure 15.8 Performance characteristics of AutoDecon as a function of the P value used
by the algorithm’s triage module for the removal of nonsignificant secretion events.
Solid lines describe the sensitivity %; medium-dashed lines describe the true positive %;
long-dashed lines describe the false positive %; and short-dashed lines describe the false
negative %.



Table 15.5 Comparison of performance of analysis algorithms evaluated from
simulated data based on AutoDecon results

Median Mean = SEM
AutoDecon (P value = 0.0325)"
%true positive 100.00 97.96 £ 0.16
Ytalse positive 0.00 2.04 £0.16
%false negative 0.00 213+ 0.24
Ysensitivity 100.00 97.32 £ 0.25
Cluster”
%true positive 90.00 89.13 £ 0.50
Ytalse positive 10.00 10.87 £ 0.50
%false negative 47.37 47.64 £ 0.49
Ysensitivity 52.00 52.08 £ 0.49
Pulse with no basal secretion and half-life = 14.25 min’
%true positive 75.00 74.91 £ 0.54
Ytalse positive 25.00 25.09 £+ 0.54
%false negative 37.50 37.41 £ 0.47
Ysensitivity 61.91 62.25 £ 0.47
Pulse® with basal secretion and half-life = 14.25 min®
%true positive 100.00 99.00 £ 0.19
%false positive 0.00 1.00 £ 0.19
%talse negative 55.28 53.97 £ 0.60
Ysensitivity 44.44 45.78 £ 0.60
Pulse2 with no basal secretion’
%true positive 76.92 76.73 £ 0.59
%false positive 23.08 23.27 £ 0.59
%talse negative 23.91 25.51 £ 0.63
Ysensitivity 75.00 74.09 £ 0.64
Pulse2 with basal secretion®
%true positive 90.00 86.78 £ 0.57
%false positive 10.00 13.22 £ 0.57
%false negative 25.00 25.98 + 0.58
Ysensitivity 75.00 74.61 £ 0.58
Pulse4 with variable half-life”
%true positive 0.00 41.15 £ 2.19
%false positive 100.00 58.85 £+ 2.19
%false negative 100.00 94.14 £ 0.04
Ysensitivity 0.00 5.84 + 0.64
Pulse4 with half-life = 14.25 min®
%true positive 100.00 66.33 £ 2.10
Yfalse positive 0.00 33.67 £+ 2.10
%false negative 94.59 94.23 £ 0.44
Y%sensitivity 5.26 5.74 £ 0.44

Interquartile range

4.76
4.76
0.00
5.26

18.18
18.18
13.82
13.61

16.67
16.67
13.11
13.19

0.00
0.00
18.18
18.13

19.85
19.84
16.23
16.67

21.43
21.43
17.19
21.43

100.00
100.00
5.89
5.89

100.00
100.00
6.67
6.25

“ Requiring alignment of secretion event positions to be within £10 min.

b Requiring alignment of secretion event positions to be within £20 min, evaluated with Cluster

parameters of 2 X 2 and T statistics = 2.0.
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are based on results obtained by the AutoDecon algorithm. It is important to
note that the operating characteristics shown in Table 15.5. apply only to
the analysis of GH sampled every 10 min with the experimental measure-
ment errors shown in Table 15.4. These operating characteristics will
undoubtedly vary with different hormones and possibly even with different
experimental protocols for the measurement of GH.

Table 15.6 presents an analogous analysis based on 500 simulated
hormone concentration time series generated to mimic the results of the
analysis of experimental data by the Cluster algorithm. Clearly, the
AutoDecon algorithm significantly outperforms the Cluster algorithm, even
when data are simulated to mimic the Cluster algorithm results.

In both Tables 15.5 and 15.6 the window to accept a match between the
simulated secretion event positions and the apparent event locations found
was taken to be 20 min for the Cluster algorithm and 10 min for the
AutoDecon algorithm. Thus, the AutoDecon algorithm outperformed the
Cluster algorithm even with a significant test bias that favors the Cluster
algorithm.

A similar analysis was performed for the Pulse and Pulse2 algorithms with
and without basal secretion and the results presented in Tables 15.7—-15.10.
In every case the AutoDecon algorithm performed significantly better than
either the Pulse or the Pulse2 algorithm.

The optimal P value for the removal of nonsignificant secretion events
was determined (see Fig. 15.8) to be approximately 0.035 for simulated data
based on the AutoDecon analysis of experimental data. However, for
simulated data based on the Pulse2 analysis of experimental data

Table 15.6 Comparison of performance of AutoDecon and Cluster algorithms
evaluated from simulated data based on Cluster results

Median Mean £+ SEM Interquartile range

AutoDecon (P value = 0.0325)°

%true positive 100.00 96.20 £ 0.25 8.33
%talse positive 0.00 3.81 £ 0.25 8.33
%false negative 6.91 6.29 +£ 0.31 9.09
Ysensitivity 92.86 93.33 £ 0.31 10.00
Cluster

%true positive 87.50 85.15 £ 0.51 13.89
%false positiv 12.50 14.85 £ 0.51 13.89
%false negative 28.57 29.15 £ 0.51 14.54
Y%sensitivity 71.43 70.56 £ 0.51 14.14

? Peak alignment within 10 min.
b Peak alignment within 20 min.
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Table 15.7 Comparison of performance of AutoDecon and Pulse algorithms
evaluated from simulated data based on Pulse with no basal secretion results

Median Mean + SEM Interquartile range

AutoDecon (P value = 0.0325)"

%true positive 100.00 97.85 £ 0.17 5.26
%false positive 0.00 2.16 £ 0.17 5.26
%talse negative 0.00 0.67 £ 0.09 0.00
Ysensitivity 100.00 98.96 £ 0.11 0.00
Pulse with no basal secretion and half-life = 14.25 min*

%true positive 93.54 93.19 £ 0.35 10.00
%false positive 6.46 6.81 £ 0.35 10.00
%talse negative 23.08 21.36 £ 0.63 22.03
Ysensitivity 76.47 78.35 £ 0.63 10.00

* Peak alignment within 10 min.

Table 15.8 Comparison of performance of AutoDecon and Pulse algorithms
evaluated from simulated data based on Pulse with basal secretion results

Median Mean £+ SEM Interquartile range

AutoDecon (P value = 0.0325)"

%true positive 100.00 94.51 £ 0.36 10.00
%false positive 0.00 5.49 £ 0.36 10.00
%false negative 0.00 1.46 £0.17 0.00
Ysensitivity 100.00 98.13 £ 0.19 0.00
Pulse with basal secretion and half-life = 14.25 min®

%true positive 80.00 76.33 £ 0.96 41.89
%false positive 20.00 23.67 £ 0.96 41.89
%talse negative 14.29 16.49 £ 0.52 15.00
Ysensitivity 86.62 83.17 & 0.53 15.00

¢ Peak alignment within 10 min.

(see Table 15.10), the optimal P value is substantially lower, on the order of
0.01 or less. The origin of this difference is that the AutoDecon algorithm is
identifying more, and smaller, secretion events not identified by the Pulse2
algorithm. Thus, AutoDecon will have fewer small secretion events to
identify when it is applied to simulated data based on the Pulse2 analysis.
Hence, AutoDecon will have a lower false-negative percentage with these
data. Consequently, the optimal P value is dependent on characteristics of
the particular experimental data being analyzed.
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Table 15.9 Comparison of performance of AutoDecon and Pulse2 algorithms
evaluated from simulated data based on Pulse2 with no basal secretion results

Median Mean £+ SEM Interquartile range

AutoDecon (P value = 0.0325)¢

Y%true positive 100.00 97.40 £ 0.21 6.25
%false positive 0.00 2.60 £0.21 6.25
%tfalse negative 0.00 0.08 £ 0.03 0.00
Y%sensitivity 00.00 99.56 £+ 0.08 0.00
Pulse2 with no basal secretion’

%true positive 100.00 96.54 £ 0.32 7.14
%false positive 0.00 3.46 £ 0.32 7.14
%false negative 5.41 6.65 £ 0.45 10.00
Ysensitivity 93.33 93.02 £ 0.45 10.00

? Peak alignment within 10 min.

Table 15.10 Comparison of performance of AutoDecon and Pulse2 algorithms
evaluated from simulated data based on Pulse2 with basal secretion results

Median Mean £ SEM Interquartile range

AutoDecon (P value = 0.01)°

%true positive 100.00 98.91 £ 0.12 0.00
%false positive 0.00 1.09 £0.12  0.00
%false negative 0.00 0.28 £ 0.15 0.00
Ysensitivity 100.00 99.44 £0.16 0.00
AutoDecon (P value = 0.02)°

%true positive 100.00 98.06 £ 0.17 0.00
%false positive 0.00 1.94 £0.17  0.00
%false negative 0.00 0.28 £ 0.15 0.00
Yesensitivity 100.00 99.44 £0.16 0.00
AutoDecon (P value = 0.0325)"

%true positive 100.00 96.98 £+ 0.20 6.67
%false positive 0.00 3.02+£0.20 6.67
%false negative 0.00 0.24+£0.15  0.00
Ysensitivity 100.00 99.47 £0.16 0.00
Pulse2 with basal secretion’

%true positive 100.00 97.50 £ 0.21 5.56
Yfalse positive 0.00 2.50 £ 0.21 5.56
%false negative 0.00 5.64 £ 0.35 8.71
Yosensitivity 94.44 94.08 £ 0.35 9.09

* Peak alignments within 10 min.
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3.4. Optimal sampling paradigms for AutoDecon

The general idea of examining a large number of simulated hormone
concentration time series may also be employed to address questions such as:
‘What if the samples were assayed in singlicate or triplicate instead of dupli-
cate? Would 5-min sampled singlicates be better than 10-min sampled
duplicates or 15-min sampled triplicates? What would happen if an older
instrument with a larger measurement uncertainty (i.e., MDC and CV) was
used for the assays? The easiest way to answer these questions is to simulate
the appropriately corresponding hormone concentration time series and
then determine how the particular analysis algorithm will perform with
those series of data.

Table 15.11 addresses the question of singlicate vs duplicate vs triplicate
assays. The data series samples were simulated as in Table 15.4 with the
exception that three groups of 500 hormone concentration time series were
simulated with singlicate, duplicate, and triplicate assays, respectively. It is,
of course, expected that the results will improve as the number of replicates
is increased. Based on the analysis of these simulated time series, it appears
that the major eftect is that the false-negative percentage improves as the
number of replicates increases. Virtually every secretion event identified by

Table 15.11 Comparison of performance of the AutoDecon® algorithm when samples
are simulated in singlicate, duplicate, and triplicate

Median Mean + SEM Interquartile range

Singlicate samples

%true positive 100.00 97.76 £ 0.18 5.26
%talse positive 0.00 2.24 £0.18 5.26
%false negative 0.00 3.27 £0.23 5.88
Ysensitivity 00.00 96.06 £ 0.24 6.67
Duplicate samples

%true positive 100.00 97.96 £ 0.16 4.76
%talse positive 0.00 2.04 £0.16 4.76
%false negative 0.00 213+ 0.24 0.00
Y%sensitivity 100.00 97.32 £ 0.25 5.26
Triplicate samples

%true positive 100.00 97.56 £ 0.19 5.26
%talse positive 0.00 2.44 £ 0.19 5.26
%false negative 0.00 2.06 £ 0.23 0.00
Y%sensitivity 100.00 97.47 £ 0.24 5.00

“ Peak alignment within 10 min, P value = 0.0325.
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Table 15.12 Performance comparison of the AutoDecon algorithm when samples
are simulated in 5-min sampled singlicates, 10-min sampled duplicates, etc.

Interquartile

Median Mean £+ SEM range
5-min singlicate samples”
%true positive 100.00 97.44 £ 0.31 4.76
%false positive 0.00 2.36 £ 0.24 4.76
%false negative 0.00 2.84 £ 0.30 5.26
Yesensitivity 100.00 96.89 £ 0.30 5.56
10-min duplicate samples”
%true positive 100.00 97.96 £ 0.16 4.76
%false positive 0.00 2.04 £ 0.16 4.76
%false negative 0.00 213 £0.24 0.00
Ysensitivity 100.00 97.32 £ 0.25 5.26
15-min triplicate samples®
%true positive 100.00 97.26 £ 0.19 5.88
%talse positive 0.00 2.74 £ 0.19 5.88
%false negative 0.00 5.36 £ 0.40 6.67
Yosensitivity 97.92 93.94 £ 0.41 9.52
20-min quadruplicate samples’
%true positive 94.12 94.24 £0.30 8.33
%talse positive 5.88 5.76 £+ 0.30 8.33
%false negative 7.70 12.12 £ 0.57 17.65
Yosensitivity 90.69 87.20 £ 0.57 13.99

Peak alignment within 10 min, P value = 0.0325.

the AutoDecon algorithm is an actual secretion event, and thus there is little
room for improvement in the false-positive percentages.

Table 15.12 addresses the question of 5-min sampled singlicates vs
10-min sampled duplicates vs 15-min sampled triplicates. In this case,
each of the groups incurs the same expense in terms of assay samples and
thus addresses the question of the effects of the sampling interval at a
constant cost for the assays. Again, the samples were simulated as in
Table 15.4 with the exception that the groups of 500 hormone concentra-
tion time series were simulated with 5-min sampled singlicates, 10-min
sampled duplicates, etc. The expectation was that the results would improve
as the interval between the data points decreases, as this provides a better
temporal resolution for the secretion events. Based on the analysis of these
simulated time series, it is apparent that the false-negative and true-positive
rates both improve as the sampling interval decreases.
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Table 15.13 presents an analogous simulation except that the experi-
mental measurement errors are simulated at three different levels: (1) the
level observed in our experiments, (2) the level that the manufacturer claims
for the Immulite 2000 instrumentation, and (3) the level that the manufac-
turer claims for the Immulite 1000 instrument. These measurement uncer-
tainty levels represent the levels typical of the currently available
instrumentation. Results from these simulations demonstrate that the true
positive (%) and false positive (%) do not degrade rapidly as the measure-
ment uncertainty increases. However, the percent false negative and percent
sensitivity do diminish significantly with increasing measurement
uncertainties.

4. DISCUSSION

The process of validating AutoDecon or any other data analysis software
involves analyzing a large number of data sets where the expected results are
known a priori. Given data sets with known results, it is simple to calculate

Table 15.13 Comparison of performance of the AutoDecon® algorithm when samples
are simulated with different measurement uncertainties

Mean £ Interquartile

Median SEM range
Our observed noise level
MDC = 0.00661 and CV = 1.644%
%true positive 100.00  97.96 £ 0.16  4.76
%talse positive 0.00 2.04 £0.16  4.76
%false negative 0.00 213 £0.24  0.00
Yesensitivity 100.00  97.32 £0.25 5.26
Immulite 2000 reported noise level
MDC = 0.01 and CV = 3%
%true positive 100.00  97.80 £0.17  5.26
%false positive 0.00 220 £0.17  5.26
%false negative 0.00 437 +£0.29  6.67
Y%sensitivity 100.00  95.24 £0.30 7.14
Immulite 1000 reported noise level
MDC = 0.01 and CV = 6%
%true positive 100.00  97.25 £0.21  5.56
%false positive 0.00 276 £0.21 556
%talse negative 5.88 7.03 £0.24 11.11
Y%sensitivity 93.93 9255+ 0.39 11.88

* Peak alignment within 10 min, P value = 0.0325.
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how well the software and algorithms perform with the specific data sets.
There are basically two methods of obtaining hormone concentration time
series data where the answers are known: an experimental approach and a
mathematical approach. The experimental approach involves manipulation of
the biological system such that the hormone pulses are secreted at specific
known times and with specific known amounts. This manipulation can
theoretically be achieved by administering drugs or hormones at specific
times that will induce and/or inhibit the secretion or elimination of the
hormone of interest. Obviously, this experimental approach is extremely
difficult, if not impossible, to control and achieve while also being time-
consuming and expensive. The alternative mathematical approach is to simu-
late a large number of synthetic data sets with assumed (i.e., known) values
of the model parameters and realistic amounts of random experimental
measurement errors (Guardabasso ef al., 1988; Van Cauter, 1988; Veldhuis
and Johnson, 1988). The more realistic the simulations, the more realistic the
conclusions about the operating characteristics of the software and algorithms
can be.

‘Within this context, a particularly difficult set of GH data was chosen to
test the AutoDecon algorithm. The size of the observed GH secretion events
is small because the subjects are neither young nor lean. In addition,
resolution of an approximately 14-min elimination half-life from data
sampled at 10-min intervals is challenging. However, because the hormone
concentrations were measured in duplicate with state-of-the-art instrumen-
tation, data from this protocol are typical of the best GH concentration time
series data currently available.

The best method for validation of the software is to try all possibilities for
all of the variables involved in the simulation. Thus, the variables required
for these simulations include the number of replicate assays, the sampling
interval, the MDC, the CV, the mean interpulse interval, the standard
deviation of the mean interpulse interval, the mean secretion event ampli-
tude and its standard deviation, the SecretionSD, and the HL. However, it is
clearly impossible to test all possible combinations and correlations for all of
these variables. Indeed, generalizing these operating characteristics to all
possible data sets cannot be achieved except in the simplest of cases simply
due to the large number of potential variables involved. The more realistic
approach is to create synthetic data that mimic the actual hormone concen-
tration time series obtained by a specific experimental protocol and group of
subjects. The resulting operating characteristics can then be applied to that
specific hormone, experimental protocol, and its subjects.

Key to the simulation approach is the modeling of actual experimental
data in the most rigorously precise way possible. Figures 15.3-15.6 clearly
demonstrate that neither the interpulse intervals nor the secretion event
areas can be described by Gaussian distributions. However, the interpulse
intervals and the secretion event sizes are commonly modeled and reported
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in the literature as a Gaussian distribution (i.e., simply as a mean and
standard deviation). If modeled this way, the actual number of secretion
events will be underestimated significantly (because the distribution of
intervals between secretion events will be overestimated) and the distribu-
tion of sizes of secretion events will be overestimated. Simulations with too
few excessively large secretion peaks will be much easier to analyze and will,
in all likelihood, falsely inflate the operating characteristics of the algorithm.
This will, as a consequence, lead to an overestimation of the significance of
experimental results.

This chapter modeled the lognormal distributions of interpulse intervals
and secretion event areas by multiple linear regressions in order to generate
data sets with known answers that closely resemble the original data set. The
multiple linear regression approach is excellent for this purpose because it
emulates the distribution and sizes of the measurable secretion events and
simultaneously allows for the coupling of these to each other and other
variables such as basal secretion, half-life, and a 24-h rhythm. This multiple
linear regression model is arbitrary and thus provides only limited informa-
tion about the underlying molecular mechanisms of GH secretion. It does,
however, provide an excellent basis to generate simulated hormone con-
centration time series data (with known answers) that closely mimic actual
experimental data.

Clearly, the AutoDecon algorithm outlined in this work performs signifi-
cantly better than several of the commonly used algorithms when applied to
the analysis of simulated GH concentration time series data (see Tables 15.2
and 15.5-15.10). Use of the AutoDecon algorithm is not subjective, as it is a
totally automated algorithm. The user need only specify approximate values
for the SecretionSD and the one- or two-component half-live(s). The
algorithm then adjusts these parameters automatically and also simulta-
neously finds the locations and amplitudes of the secretion events that
have the highest probability of being correct. Moreover, AutoDecon is not
overly sensitive to the magnitude of the experimental measurement errors
(see Table 15.13), and, as a consequence, to the required number of
replicate measurements (see Table 15.12). Thus, within reasonable bounds,
the choice of the frequency of data collection and required number of
replicate assays is a cost-value judgment for the investigator.

This analysis reveals some interesting aspects about the mechanisms
controlling the secretion of GH. The analysis presented here suggests that
many more secretion events are present within the data series than previ-
ously thought and that these secretion events have a wide variation in size.
An argument can be made that the numerous small secretion events are not
clinically relevant and thus should be ignored. However, if the goal is to
understand the molecular and physiological mechanisms that lead to the
secretion and elimination of GH, then the accurate quantification of these
small secretion events is critically important.
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These results indicate that approximately 6% of the total GH secreted
occurs in a basal, or constant, nonpulsatile mode. However, Fig. 15.2 shows
small secretion events that are not considered as actual secretion events
because they are not statistically significant at a 0.05 level. In all likelihood
there are many of these small events that are not identified as distinct
secretion events by the AutoDecon, or any other algorithm, which may in
fact be secretion events that are simply too small to rise to the level of
statistical significance. Under such circumstances, these small events are
lumped into the apparent basal secretion. Thus, the 6% basal secretion
should be considered as an upper limit for the basal secretion, which
might in fact be substantially lower. Accompanying this, the estimate of
approximately 18 secretion events per 24-h period should be considered as a
lower bound for the actual number of secretion events.

It is tempting to conclude that the asymmetry of the lognormal distri-
bution of interpulse intervals, as depicted in Fig. 15.4, is a consequence of
the inability of the algorithm to detect small secretion events. These missed
events would yield overestimates of the interval and, when averaged over
the entire data set, may be the cause of the skewed distribution. This could
change the shape of the distribution to an unknown extent. It is clear that
with data sampled at a 10-min interval it will become increasingly difficult
to resolve interpulse intervals as the interpulse intervals decrease to this
10-min limit. Thus, it is expected that the observed distribution of inter-
pulse intervals will be underestimated for short interpulse intervals and
similarly artificially high for the longer interpulse intervals. The bimodal
(or multimodal) nature of the secretion event areas (Fig. 15.6) will also be
affected by the probable existence of multiple small secretion events that are
below the limit of detectability.

In summary, AutoDecon is a novel, user-friendly deconvolution method
that provides both an objective approach to initial secretory burst selection
and a statistically based verification of candidate secretory bursts. When
applied to synthetic GH concentration time series, AufoDecon performs
substantially better than a number of alternative pulse detection algorithms
in terms of optimizing the detection of true-positive secretory events while
at the same time minimizing the detection of false-positive and false-
negative events. Although AufoDecon will require validation with regard
to application to other hormonal systems, it would seem to hold substantial
promiise as a biomathematical tool with which to identify and characterize a
variety of pulsatile hormonal signals.

The Concordance and AutoDecon algorithms are part of our hormone
pulsatility analysis suite. They can be downloaded from http://www.
mljohnson.pharm,virginia.edu/pulse_xp/.
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