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Abstract: Pancreatic β-cells are responsible for the synthesis and exocytosis of insulin in response
to an increase in circulating glucose. Insulin secretion occurs in a pulsatile manner, with oscillatory
pulses superimposed on a basal secretion rate. Insulin pulses are a marker of β-cell health, and
secretory parameters, such as pulse amplitude, time interval and frequency distribution, are impaired
in obesity, aging and type 2 diabetes. In this review, we detail the mechanisms of insulin production
and β-cell synchronization that regulate pulsatile insulin secretion, and we discuss the challenges to
consider when measuring fast oscillatory secretion in vivo. These include the anatomical difficulties
of measuring portal vein insulin noninvasively in humans before the hormone is extracted by the
liver and quickly removed from the circulation. Peripheral concentrations of insulin or C-peptide,
a peptide cosecreted with insulin, can be used to estimate their secretion profile, but mathematical
deconvolution is required. Parametric and nonparametric approaches to the deconvolution problem
are evaluated, alongside the assumptions and trade-offs required for their application in the quantifi-
cation of unknown insulin secretory rates from known peripheral concentrations. Finally, we discuss
the therapeutical implication of targeting impaired pulsatile secretion and its diagnostic value as an
early indicator of β-cell stress.

Keywords: insulin pulses; C-peptide kinetics; hormone deconvolution; pulsatile insulin secretion

1. Introduction

Insulin is a key hormone in glucose regulation, as its primary action is to stimulate
glucose uptake and suppress glucose production. In response to increased blood glucose,
following meal ingestion, insulin concentrations rise within minutes. In the opposite
scenario, if plasma glucose decreases below 60 mg/dL, plasma insulin concentrations
decrease by 80–90% [1]. The circulating concentration of insulin is, therefore, tightly
regulated by the only cell type able to synthesize and secrete insulin: the pancreatic β-cell.

One of the most fascinating aspects of these unique cells, like many other endocrine
glands [2], is that their secretion is characterized by discrete bursts or pulses, which can
be used as a marker of β-cell synchronization and health [3,4]. The aim of this review
is to summarize current knowledge of the mechanism(s) underlying pulsatile insulin
secretion and review methods for its quantification in humans. Furthermore, we detail
the implications of dysregulated pulsatile secretion and its role in the progression of
β-cell failure.

1.1. Insulin Physiology

β-cells are located within the islets of Langerhans, where they are the predominant cell
type in a cluster of endocrine cells that includes α-cells, responsible for glucagon production
and secretion; δ-cells, responsible for somatostatin regulation; and PP cells, which produce
pancreatic polypeptide [5]. The islets of Langerhans have a unique cytoarchitecture, which
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is species-dependent [6] and reflects its overall function [7]. This conformation facilitates
autocrine and paracrine signaling, which coordinates the β-cells and their insulin secretion
through the presence of Connexin36 (Cx36) gap-junctions [8], and both glucagon and
somatostatin receptors [9,10]. Indeed, insulin secretion is impaired when β-cells are isolated
from islets or when glucagon receptors are deleted [11–13].

Insulin production starts with the transcription of the INS gene located on chromosome
11 [14]. Transcriptional regulation of this gene is complex and remains an area of active
research, but it seems to be controlled by at least three transcription factors, Pdx-1, NeuroD1
and MafA [15], in response to increased glucose concentrations and repressed following
exposure to diabetogenic stressors such as proinflammatory cytokines (e.g., IL-1β) and
saturated free fatty acids (e.g., palmitate). This mRNA sequence is then converted into
preproinsulin, a precursor (110 amino acids) of insulin; translocated towards the ER
membrane; folded; and transported to the Golgi [16,17].

The trans-Golgi network is the site where proinsulin is packed into insulin secretory
granules (ISGs) and matures through a condensation process that occurs over a 3 h pe-
riod [18]. This maturation is controlled by the prohormone converting enzyme PC1/3 [19],
whose activity is increased by the acidification of the ISG lumen, achieved by the vesicular
ATP-dependent proton pump (V-ATPase). It is important to note that the endpoint of this
process is to convert proinsulin into its insulin hormone and an inert fragment known
as C-peptide [19]. The Golgi apparatus also directs ISG trafficking, moving the mature
granule toward one of two insulin granule pools [20]: the inner reserve pool and the readily
releasable pool, which comprises all granules in close proximity to the cell membrane.
Periodic and coordinated secretion of groups of granules is what gives rise to a burst of
insulin and, ultimately, to pulsatile secretion.

1.2. Mechanisms of Pulsatile Insulin Secretion

In β-cells, the signal for insulin exocytosis starts with an increase in glucose uptake
from the cell. Glucose phosphorylation leads to pyruvate production, which enters the mi-
tochondria to generate ATP. This allows the closure of ATP-sensitive K+ channels, resulting
in membrane depolarization and Ca2+ influx, which triggers the release of insulin gran-
ules [21]. While glucose is considered the main stimulus to control insulin secretion, other
nutrients such as fatty acids and amino acids can also stimulate granule exocytosis [22].
In response to this complex interplay of stimuli, the β-cells respond with the docking of
the readily releasable granules to the membrane, their priming and finally their fusion.
This constitutes the exocytosis of the first phase of insulin secretion [23], while the cell also
recruits the granules in the reserve pool, transported by microtubules and F-actin tracks
towards the membrane [24], to either replenish the readily releasable pool or to sustain
prolonged secretion (second phase).

It is important to note that a single granule in a human β-cell contains about 1.7 amol
of insulin and that a single β-cell stores about 104 granules [25]. Even if this single β-cell
secreted all its insulin granules simultaneously, the amount of insulin released into the
circulation would not be discernable as a pulse in the peripheral circulation. The ability
to observe an oscillatory pattern is due to the fact that pancreatic islets are capable of
intra- and inter-islet synchronization [3]. While the mechanism underlying a coordinate,
simultaneous secretion of insulin from multiple β-cells is not completely understood,
different hypotheses have been formulated over the years.

As previously discussed, isolated islet cells show a lower response to a glucose
stimulus [11], implying that β–β cell contacts are important for a sustained, coordinated
secretion. Indeed, one of the possible reasons for pulsatile secretion could be electrical
coupling between different cells, where raising intracellular levels of Ca2+, flowing through
gap junctions, can cause simultaneous exocytosis in multiple β-cells [8,26]. This idea,
together with multiple sources of experimental data, led to the development of the dual
oscillator model, which assumes a Ca2+-dependent coordination of fast electrical bursts in
β-cells, plus a glycolytic-dependent coordination of slow bursts in β-cells [27]. However, to
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explain the complexity of the synchronization necessary for physiologic insulin secretion,
other possible mechanisms of β-cell coordination have been proposed. Some authors
suggest that the islets, innervated by central nerves, are synchronized directly by cholinergic
stimulation [28,29]. More recently, the presence of pacemaker-like β-cells (hubs) has
been also proposed [30]. According to this theory, hub cells exhibit the ability to dictate
the entrainment of their neighboring cells and initiate the electrical activity and Ca2+

oscillations in the β-cell’s cytosol [31]. However, the nature of the mechanism that hub
cells would use to synchronize the activity of the rest of the islet is unclear. Indeed, a recent
analysis [32] excludes the possibility that hub cells operate via electrical coupling and
suggests instead that the key to the synchronization of β-cells could reside in a diffusive
paracrine signal, such as nitric oxide, carbon monoxide or GABA [33–35].

1.3. Insulin Metabolism

After its release into the hepatic portal vein, the liver is the first organ encountered
by insulin. This organ plays an important role in the systemic appearance of insulin, as
the liver itself accounts for the majority of the insulin uptake and degradation (40–80%).
This high percentage of extraction seems to be proportional to insulin pulse mass, and
its amount decreases with defects in insulin secretion [36,37]. At its base physiological
level, insulin clearance by the liver is a complex phenomenon that has not been completely
decoded and requires a combination of passive and active processes. Extraction starts
with the ability of insulin to cross the liver sinusoidal endothelial cells (LSECs) thanks to
the presence of transcellular pores called fenestrations [38]. Subsequently, the activation
of the insulin receptor tyrosine kinase in the hepatocyte and the phosphorylation of the
glycoprotein CEACAM1 promote receptor-mediated insulin uptake into the hepatocyte,
responsible for insulin degradation [39].

After its passage through the liver, insulin is diluted in the hepatic vein and, subse-
quently, the systemic insulin pool [40,41]. In one of the few experiments that performed
portal vein sampling in humans, Song et al. showed [42] that insulin pulse amplitude
decreased 5-fold from the portal vein to the peripheral circulation. A similar trend was also
visible in our own experiments, from the hepatic vein to the periphery [43], suggesting that
both hepatic extraction and the short half-life of insulin in the circulation (4–8 min [41]) can
explain the substantially lower systemic concentrations.

Following its appearance in the circulation, insulin regulates glucose metabolism
through positive and negative physiological feedback. Insulin receptors are present not only
in the liver, as already mentioned, but also in the kidneys, skeletal muscle, adipose tissue
and central nervous system (CNS). This activates different pathways and responses: insulin
suppresses glucose production from the liver and the kidneys [44,45], increases glucose
utilization by the insulin-dependent organs (skeletal muscle and adipose tissue [46]),
promotes glycogen synthesis by the liver [47] and regulates feeding behavior through its
actions in the CNS [48].

1.4. Characteristics of the Pulsatile Secretion Signal

So far, we have described the production and secretion of insulin by the pancreatic
β-cells, as well as possible mechanisms that coordinate a synchronized secretion response.
Before we overview how this physiological signal can be measured, it is important to
formalize some definitions. Pulsatile secretion is used to define the quick and periodic
release of a hormone over time. The signal is characterized by an oscillatory behavior, where
multiple, consecutive pulses oscillate around a stable baseline. Finally, a pulse (or secretory
burst) is defined as the rapid increase and subsequent decrease in the measured output.

A simulated secretion profile, created with methodologies similar to those in [49], is
shown in Figure 1A, which helps us to highlight some of the features of the signal. First of
all, a secretion rate records the release of a mass over time, (i.e., mass/min, Y-axis). The
average secretion in the time window is called the basal secretion. For simplicity, this is
usually assumed to be time-invariant in the time windows under exam. In reality, basal
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secretion is the ultimate result of insulin production rate and clearance, and its set point
fluctuates over time, affected by multiple factors such as glycemic state, physical exercise
and sleep. For this reason, the common assumption of a time-invariant basal secretion is
a true approximation only in short time windows, while it is known that the amount of
insulin secretion changes as a result of ultradian and circadian rhythms [50].
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Figure 1. (A) Simulated, noise-free, pulsatile insulin secretion (thick black line). The signal is overlapped to its average
(basal secretion, ‘b’, thin dashed line). The maximum value from the basal indicates the amplitude of the pulse (gray arrow,
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measurement of pulse amplitude (basal ± SD, thick gray lines).

In general, a series of pulses oscillate around the basal, and they can be characterized
by an amplitude and a mass. Some methodologies described below assume that pulses
strictly arise from the constant basal. With this modelization, the amplitude is always a
positive value. By using a more general definition of a stationary signal (a signal whose
parameters such as mean and variance remain constant over time), the constant mean of
the signal in the time window becomes the measurement of the basal secretion, and the
pulses oscillate around it. By definition, a measure such as the standard deviation of the
signal can be used to characterize the average variability of fluctuations (pulse mass) above
and below the basal (Figure 1B). Similarly, the mass secreted can be calculated as the area
under the curve of each pulse.

Finally, another important parameter of interest is the time interval between two
consecutive pulses. The measurement of this parameter has been a source of discussion
since its early measurement in humans. Early experiments estimated a time interval of
about 15 min [51], while more recent studies agree on a shorter period of about 5 min [4,52].
The heterogeneity of those values is the result of multiple factors that impact the estimation
of the time interval between pulses. First of all, this parameter is strongly limited by the
sampling schedule, and, in the ideal scenario, one can only measure a distance between
two pulses that is double the sampling frequency. For example, if we expect to have a
pulse every 4 min, we will need to collect a blood sample at a minimum of every 2 min
(Figure 1B). Another limitation is the analytical technique used to measure the peptide
in the blood samples. An assay with an elevated measurement error can dampen true
pulses and create noisy oscillations. For these reasons, multiple methodologies have been
employed to detect a pulse in a noisy signal ranging from early manual inspection of
the signal [53] to algorithms that link the increase of the signal (due to a pulse) to some
objective threshold such as the assay error or the spectral density of the signal [4,54–56].

2. Estimation of Secretion: The Deconvolution Problem

The study of the secretion rates of a hormone (i.e., mol/min) is a complex problem,
because the production and secretion of a substrate are not often measurable directly in vivo.
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What is generally available is the causally related effect of that secretion on the circulation,
by measuring the concentration of the hormone (i.e., mol/L). In a linear time-invariant
(LTI) system, this cause–effect relationship can be expressed as a convolution integral:

C(t) =
∫ t

−∞
g(t − τ)SR(τ)dτ (1)

where C(t) is the plasmatic concentration of the substrate, g(t) is the impulse response of
the system and SR(t) is the secretion rate of the substrate.

A simple dimensional analysis of Equation (1) will show that, in order to correctly
solve the integral, the impulse response of the system needs to be in the function of a
volume of distribution (i.e., 1/L). This is indeed the kinetic response of the substrate under
analysis, generally expressed as a sum of exponentials.

Before we discuss how this problem can be solved, let us contextualize Equation (1) to
our insulin secretion problem.

2.1. Choice of the Substrate to Measure

As we discussed above, we can interchangeably talk about insulin secretion and C-
peptide secretion, given that those two peptides are produced in an equimolar ratio. There
are, however, two main differences in their physiology that affect the concentration that we
can measure in peripheral circulation.

First of all, we have seen that one of the most essential elements in the deconvolution
problem is the kinetic response of the substrate. On this side, insulin shows a simpler
single-exponential response with a fast half-life of ~6 min [41,53,57], while C-peptide
shows a typical double-exponential response with a longer half-life (~35 min) [58,59]. More
importantly, after its secretion, insulin undergoes a variable but significant (40–80%) hepatic
extraction before it arrives into the circulation [36], while C-peptide is unaffected by its
passage through the liver [41].

The effects of these considerations are summarized in Figure 2, which shows that,
while insulin and C-peptide are cosecreted by β-cells, their portal vein concentrations are
drastically different. Portal vein concentrations of insulin show a very pulsatile signal,
which is attenuated after its passage through the liver, because of nonlinear hepatic extrac-
tion. In contrast, portal and peripheral vein concentrations of C-peptide show a similar
profile due to its negligible extraction. C-peptide has higher concentration values and a
lower signal-to-noise ratio for pulse identification due to its longer half-life, which acts as a
low-pass filter that decreases the signal-to-noise ratio of oscillations and makes C-peptide
accumulate in the circulation [36,40,42,52].

Taken together, these two effects imply that the use of C-peptide is a better option for the
study of total insulin secretion but makes the study of pulsatile secretion more challenging.

For this reason, multiple investigators chose to use insulin concentration as the main
substrate for their analysis [60–63]. However, their analyses only reflect hepatic vein
pulsatile secretion rates, not portal vein rates. Given the nonlinear and pulse-dependent
hepatic extraction [36], the two rates above could be significantly different.

On the other hand, C-peptide has been widely used to estimate total insulin secre-
tion [60,64,65], but its use in pulse investigation is historically limited [66]. To overcome
the challenge imposed by the longer half-life of C-peptide, we recently proposed a new
methodology [43] that combines nonparametric deconvolution with a high sampling fre-
quency of peripheral vein blood. Our in silico simulations showed that a very precise
C-peptide assay (coefficient of variation of around 1%) is needed to correctly estimate
pulsatile secretion from this substrate.
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2.2. Choice of the Deconvolution Methodology

Once we have chosen the substrate to measure and we know its kinetic parameters,
the formulation of the problem in Equation (1) allows us to relate the measurand (C-
peptide or insulin) with the amount of insulin produced, after its modulation given by the
systemic response. In other words, when the plasma concentration of the substrate and its
kinetic parameters are available, the secretion rate becomes the solution of a deconvolution
problem. Deconvolution is an inverse problem that presents some known challenges,
identified in detail in [67]. Briefly, the problem is ill-posed and ill-conditioned [68], where
the first definition implies that the finite number of observations does not permit a unique
solution for the secretion, while the latter implies that a small percentage error in the
measured concentration can produce a much greater percentage error in the reconstructed
secretion, meaning that the estimation process is very sensitive to measurement error.

2.2.1. Parametric Deconvolution

The parametric solution of the deconvolution problem requires a strong assumption a
priori, which answers the question: what is the shape of a secretory burst? If we assume
that different secretory events from the same gland are homogeneous over time, they can be
described with an algebraic formula. In this way, the secretion estimation problem is shifted
to a parameter estimation problem. Veldhuis et al. pioneered this parametric approach,
suggesting a mathematical description of a pulse, from a simple impulse function to a more
complex waveform, including a Gaussian, square or gamma function [2,69]. While the exact
shape of the secretory burst is not always known, its choice is ultimately a compromise
between the a priori physiological signal, deduced by sampling the blood concentration of
the substrate, and the mathematical complexity of the problem. Indeed, the more complex
the secretory waveform, the more parameters need to be estimated.

In the case of insulin, researchers have successfully used this method [40,52,60,62,63]
by assuming that a secretory burst is a Gaussian pulse that rises from a basal time-invariant
secretory rate. The substrate secretion can then be described as:

Secretion(t) =
n

∑
i=1

Ai e−
1
2

(ti−t)2

SD2 (2)



Metabolites 2021, 11, 409 7 of 13

where Ai is the amplitude of the ith secretory event occurring at time ti and SD represents
the standard deviation of the pulse, proportional to its half-duration. A further simplifica-
tion of the problem is commonly used, which is to assume that different pulses can have
individual values and amplitudes but a common half-duration.

With this approach, the secretion estimation is reduced to the identification of three
elements: the (constant) basal secretion rate, the location in time of the individual pulses
and the amplitude of the individual pulses [70]. The final secretion profile is the result
of an iterative evaluation of the integral of Equation (1), which provides an estimated
concentration. To solve the formula, the kinetics of the substrate are known and assumed
to be time-invariant, while the parameters of the secretion profile can change in order to
ensure the goodness of fit and minimize the difference between the measured concentration
and its estimation. An example of this methodology can be seen in Figure 3A,B, where
parametric deconvolution is applied to insulin concentration collected from the hepatic
vein during a hyperglycemic clamp.
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sampled every 2 min from the peripheral vein. (D) Insulin secretion estimated by nonparametric deconvolution applied on
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In conclusion, a parametric deconvolution approach comes with the innate necessity
of formulating strong physiology-based assumptions, but it has the advantage of providing
a regular, positive-only secretion profile for the hormone or substrate under analysis.

2.2.2. Nonparametric Deconvolution

The opposite of the parametric approach, which requires a known algebraical expres-
sion depending on a small number of unknown parameters, is the nonparametric approach
which does not make assumptions on the shape of the solution and is adaptable to a wide
range of applications. The deconvolution problem can then be solved by reverting to
regularization methodologies, such as the Philips–Tikhonov regularization [71,72]. In its
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intuitive formulation, this approach uses the available concentration data to estimate the
secretion rate that would have generated them. Furthermore, to reduce the effect of noisy
concentration measurements, which would amplify the noise on the secretion, the method
introduces a constraint on the regularity of the solution to penalize over-oscillating signals.

Briefly, the continuous integral of Equation (1) can be discretized to include only the
sampled noisy observations of measurand, available on the uniform sampling grid.

C(tk) =
k

∑
i=1

SRi

∫ ti

ti−1
g(tk − τ)dτ =

k

∑
i=1

SRigk,i (3)

where SRi can now be interpreted as the mean level of secretion rate in the ith sampling
interval. Adopting a more compact matrix notation and assuming the measurement error
to be additive, Equation (3) becomes:

y = Gu + v (4)

where y is the n-dimensional vector containing the measured concentration, u denotes the
secretion input of the system (the n-dimensional vector whose component are samples
of the secretion rate), v is the n-dimensional vector of the measurement error and G is an
n × n lower triangular matrix containing the information on the impulse response g(t).

By applying the Phillips–Tikhonov regularization, this problem can now be solved by
estimating the secretion input that minimizes the objective function (OF):

OF = argminu(y − Gu)TΣ−1
v (y − Gu) + γuT FT Fu (5)

Under this formulation, Σv is an n × n diagonal matrix of the measurement error
and, in the first term of the equation, helps to weight the fit of the data. The second term
of the equation contributes to the smoothness. There, F is a square penalty matrix with
the same dimension as u and contains the mth order difference vector of u. Finally, γ is
a non-negative parameter referred to as a regularization parameter. The correct choice
of γ is critical for reducing the effect of noise on the data, and it has been the focus of
different studies [67,73,74]. Of interest is the method by De Nicolao et al. [67], which
adopts a probabilistic description of the unknown secretion signal and suggests tuning
the regularization parameter in order to maximize the likelihood of the measurements.
An example of deconvolution using this methodology can be seen in Figure 3C,D, where
nonparametric deconvolution was applied to the C-peptide concentrations observed in the
peripheral circulation during a hyperglycemic clamp.

In conclusion, the nonparametric deconvolution problem can be solved by a mini-
mization of an objective function that is a trade-off between a good data fit and a certain
degree of smoothing. The method has the underlying advantage of decreasing the need
for a priori assumptions of insulin or C-peptide physiology, but it could result in secretion
profiles that are less regular than their parametric counterparts.

3. Summary and Future Directions

The study of pulsatile insulin secretion is a fascinating and challenging problem,
due to both its physiology and the presence of high-frequency oscillations. The kinetic
parameters of the peptide under study (volume of distribution, half-life and clearance), its
hepatic clearance and pancreatic secretion into the portal vein (an inaccessible sampling
site) are all factors that influence the shape of the concentration signal that we can measure
in the periphery.

Deconvolution is a useful mathematical tool that allows us to partially overcome those
challenges by estimating an unknown insulin secretion from a measurable concentration.
This method has been widely used to analyze pulsatile insulin release in the systemic
circulation, but it is important to remember that its results are strongly affected by the
sampling frequency, the choice of the substrate (C-peptide or insulin) and the a priori
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assumptions on the expected secretion signals. For this reason, it is always important to
contextualize the conclusions of a study as a function of the methods used to estimate the
secretory signal.

This is evident in Figure 3, bottom panels, where the combined effect of different sub-
strates and methodologies leads to different secretion profiles, even when the concentration
data are collected simultaneously in the same subject. The physiology can partially help to
explain those differences. The basal secretion rate estimated from insulin concentrations
(Figure 3B) is lower compared to the one obtained from C-peptide (Figure 3D). As discussed
before, this is most likely due to nonlinear hepatic extraction (>50%) for insulin, as well as
slower C-peptide clearance. The latter explains C-peptide accumulation in the circulation,
especially in response to sustained β-cell activity such as during a hyperglycemic clamp (as
used in our experiments). These differences clearly also affect the amplitude of the pulses.
However, in this example, the two methodologies show a similar position in time for the
pulses. This is in keeping with our previous simulation study [43] where we reported that
errors in the assay or in the value of the kinetic parameters (individually measured or
estimated using a population model) could affect the amplitude of individual pulses, but
the positions in time of the peaks remain consistent despite additional sources of noise.

Despite these limitations, multiple independent studies agree on the physiological
significance of the pulsatile release of insulin, advocating for the importance of its study.
For example, some studies have shown that pulsatile insulin infusion has a greater ability
to promote more efficient glucose utilization compared to a constant infusion [75], both
during a constant glucose infusion [76] and during a meal-like infusion [77]. A similar
result was observed on endogenous glucose production (EGP) during a euglycemic insulin
clamp, when a pulsatile insulin profile required a 40% lower infusion rate to suppress EGP
equally to that observed with a constant insulin infusion [78], and subsequently confirmed
by animal experiments and mathematical models [52,79].

The studies described above used somatostatin to suppress endogenous insulin pro-
duction and insulin infusion pumps to deliver exogenous insulin into the peripheral
circulation. In the in vivo study of pulsatile insulin secretion, multiple studies utilized the
deconvolution techniques described above. Despite the differences in approach, endoge-
nous pulsatile insulin secretion has been generally considered a marker of β-cell health.
This choice is justified by the fact that insulin pulses contribute 60 to 85% of the total insulin
secretion [53], and changes to this pattern have been associated with insulin resistance and
type 2 diabetes (T2D) [61,80,81]. In particular, it has been reported that not only T2D but
also aging and obesity can cause a reduction in pulse amplitude and an increase in the time
interval between pulses [82–84], with an increase in basal—rather than pulsatile—secretion
possibly mediated by a chronic exposure to increased nutrients such as glucose or fatty
acids [85,86]. Changes in pulsatile insulin secretion not only worsen the ability to regulate
blood glucose [60] but also affect the hepatic metabolism. The liver is sensitive to rapid
fluctuations in insulin concentration [36], and defects in secretion, such as the delivery
of nonpulsatile insulin secretion, impair hepatic insulin signaling and action, although
it is still not clear which feature of pulses measured in humans controls hepatic insulin
sensitivity [52,87].

Furthermore, by empowering the use of approximate entropy [88], a statistical index
that measures the randomness of a time series, independent analysis showed that pulsatile
secretion profile is more regular in health and it tends to higher values of randomness in
T2D [63,89] and in prediabetic subjects [4]. In addition, we have recently suggested that the
average time interval between pulses, which provides an accessible number to describe the
periodicity of the signal, might not be able to discern the contribution of different secretion
rates, a consequence of different levels of islet coordination. We have therefore proposed
that an index of pulse dispersion, such as the frequency dispersion index [90] measured on
the Fourier transform of the secretion, could describe how the coordination of pancreatic
islets changes in response to disease and to metabolic state. In our dataset [4], we reported
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that healthy subjects showed a greater ability to coordinate their secretion, compared to
their fasting levels, in response to hyperglycemia.

In conclusion, insulin pulsatility is an important characteristic of endogenous insulin
secretion and β-cell health. Important downstream signaling pathways, such as glucose up-
take and hepatic response to insulin, are optimal under conditions of intact pulsatility. An
impairment or loss of pulsatility is an early marker of β-cell stress and overload [4,81] and
in the future could be used as an early marker of β-cell failure. At least in the early stages,
these defects seem to be reversible [60,91,92]. Targeting insulin pulsatility may have thera-
peutic benefit in prediabetic subjects. In vivo studies of pulsatility require a rapid sampling
schedule and the use of deconvolution techniques to estimate an individualized secretion
profile. These studies are, however, necessary to further understand the physiological
effect of pulses and to develop approaches to restore pulsatile insulin secretion.
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