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Calcium signals in pancreatic β cell collectives show a sharp transition from uncorrelated to correlated state
resembling a phase transition as the slowly increasing glucose concentration crosses the tipping point. However,
the exact nature or the order of this phase transition is not well understood. Using confocal microscopy to
record the collective calcium activation of β cells in an intact islet under changing glucose concentration in an
increasing and then decreasing way, we first show that in, addition to the sharp transition, the coordinated calcium
response exhibits a hysteresis indicating a critical, first-order transition. A network model of β cells combining
link selection and coordination mechanisms capture the observed hysteresis loop and the critical nature of the
transition. Our results point towards an understanding of the role of islets as tipping elements in the pancreas that,
interconnected by perfusion, diffusion, and innervation, cause the tipping dynamics and abrupt insulin release.
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I. INTRODUCTION

The biosociological organization of β cells in pancreatic
islets [1] plays a vital role in managing insulin release to
ensure optimal nutrient distribution and metabolic balance in
the body. Secretion of insulin from pancreas is biphasic [2,3]
with an immediate, sharp initial peak followed by a slower
second phase. The fast first phase indicates that the response to
stimulus from islets is essentially simultaneous with a precise
and coherent β cell activation. The calcium activity of β

cells at the level of individual islets, a key signal [4] in the
insulin secretion pathway, remains low and stochastic at lower
glucose concentrations, approximately around 6 mM. Once
the gradually increasing glucose level hits the tipping point
(around 7 mM), an abrupt shift in the correlation patterns and
synchronicity of calcium activity among localized functional
groups of β cells is experimentally observed [5–7]. Such a
sudden change in a macroscopic state of islets [8] from an
incoherent into a synchronous functional state has consider-
able implications for insulin secretion and overall metabolic
regulation, and is an example of a phase (critical) transition in
a system of cells that interact mostly locally.

The phase transition in β cell activity is a complex
phenomenon that involves the interplay between glucose
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metabolism, electrical activity, and intracellular Ca2+ dy-
namics. The transition is also influenced by the spatial
organization of β cells within the islet, the heterogeneity of
β cell responses to glucose, and the strength of intercellular
coupling. The efforts to understand the occurence of phase
transitions in β cell activity have been made using a variety
of experimental and theoretical approaches, often employing
network representations of β cell interactions. In one such
study [9], the authors showed that a sharp transition between
active and inactive states in pancreatic islets occurs when the
proportion of quiescent β cells exceeds some critical thresh-
old. Using a dynamical model, the study suggests that the
critical behavior of pancreatic islets follows general proper-
ties of coupled heterogeneous networks. Another study [10]
showed that the onset of islet disfunction can be understood
as a phase transition in the pancreatic islet β cell network.
Using percolation theory, the authors demonstrated that there
exists a critical threshold of β cell loss beyond which the cells
fail to synchronize, and that both site occupancy and bond
strength (intercellular coupling) are critical to ensure a proper
islet function.

Less attention was given to the nature of such phase tran-
sitions in β cell activity, i.e., whether the transition is of the
first or the second order, or in other words whether the order
parameter that describes the macroscopic state of the system
changes continuously or discontinuously when the control pa-
rameter crosses the tipping point [11]. Percolation in random
networks where new links are added randomly is a second-
order phase transition with the giant component appearing
smoothly at a critical probability of links in the network. In
contrast, explosive percolation [12,13] is a sharp second-order
or even first-order phase transition where the giant component
appears abruptly at a critical number of links.
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II. METHODS AND RESULTS

In this work, we aim to address this question by deliber-
ately crossing the tipping point in β cell activity by slowly
increasing and then slowly decreasing the glucose concen-
tration in intact pancreatic islet in fresh tissues slices. We
show that the transition in β cell activity exhibits a hysteresis,
indicating a critical, first-order transition.

We start by first displaying the data compiled from pub-
lished experimental evidence for the sharp transition in β

cell activity as a function of the control parameter in the
upper panel of Fig. 1. Active phase was defined either as
plasma membrane electrical activity [14] or as intracellular
Ca2+ oscillations [9,15] of β cells. The dimensionless control
parameter here is either the normalized glucose concentration
[14,15], or the normalized number of excitable cells in the
population [9].

The observed sharp, first-order-like phase transition from
inactive to active β cell states occurs at a particular critical
value of the control parameter for each dataset and has practi-
cally the same shape for all data when the control parameter is
scaled with its critical value. For a subgroup of cells, mostly
from microdissected islets with impaired intercellular com-
munication, we observe a smooth, second-order-like phase
transition.

The lower panel of Fig. 1 shows the activation and de-
activation delays Td of β cells as a function of glucose
concentration [7]. The activation delay is the time it takes
for the Ca2+ activity to reach a certain threshold after the
glucose crosses the tipping point, while the deactivation delay
is the time it takes for the Ca2+ activity to return to the
baseline level after glucose drops below the tipping point. The
activation and deactivation delays are normalized to the max-
imum and minimum values of the deactivation delay over the
stimulation interval. The empirical data [7] was obtained from
confocal microscopy recordings of Ca2+ activity in β cells
in intact islets under the stimulation protocol where glucose
increases with 1 mM/min from 6 mM to final concentration
(8, 12, 14, 16 mM) and decreases at the same rate. The model
for the delays employs exponential increase and decrease of
glucose concentration in the protocol and assumes constant
rates and tipping points for activation and deactivation set at
Gc = 7 mM and Gc = 6.6 mM (see Fig. 2, top panel) inde-
pendent of glucose.

The combination of these empirical findings—the sharp
transition in β cell activity and difference in the tipping
points for activation/deactivation—indicates a critical, first-
order phase transition in β cell activity. To further explore
the nature of observed phase transition observed in Ca2+

activity data, we devised and performed a new experiment in
which we deliberately first slowly increased and then slowly
decreased the glucose concentration at the rate 1 mM/min in
an intact pancreatic islet across the β cell stimulation thresh-
old while simultaneously recording the Ca2+ activity. The
experimental procedure, data acquisition, and data analytics
were, apart from the specifically shallow glucose ramp to
capture critical activity threshold, the same as in our previous
experimental work and are described in detail in [17]. The
idea for this experiment was to capture crossing the tipping
point and the subsequent return to the baseline state in a single

FIG. 1. Upper panel: Phase transition of β cell activity. Active
phase of β cells as a function of control parameter p. The data points
represent β cell activity measured under various experimental con-
ditions. Symbols correspond to specific datasets, capturing distinct
aspects of calcium and electrical activity. Readers are advised to
focus on the trend lines for a clearer understanding of the transition
patterns. β cell electrical activity measured in islets in vivo (open
squares) and from micro-dissected islets (pluses) [14] against scaled
glucose concentration as a control parameter. [Ca2+]c activity as a
function of glucose concentration in fresh tissue slices (our data,
open circles), and in β cells with Kir6.2 mutation (downward tri-
angles) [15]. β cell electrical activity as a function of a scaled Kir6.2
mutation extent as coupling parameter (upward triangles) [9]. Data
points shown here were extracted using WebPlotDigitizer [16] from
plots in original publications. Lower panel: Activation and deactiva-
tion delay of β cells. Open symbols–model; full symbols–data [6];
circles, squares–activation; triangles, diamonds–deactivation. Here,
� is the normalized difference � = (Td − Td,min )/(Td,max − Td,min )
in activation/deactivation delays over the stimulation interval.

experiment without the prolonged exposure to stimulating
glucose levels.

The top panel of Fig. 2 plots measured mean Ca signal
over all recorded β cell signals, showing the expected sharp
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FIG. 2. Mean calcium signal timeseries and β cells correlation
network properties. Glucose 6–8 increase at a rate 1 mM/min. Top
to bottom: mean Ca signal, largest eigenvalue, clustering, and second
largest eigenvalue of the correlation network with fixed number
of links. All networks were constructed with fixed mean degree
〈k〉 = 10.

transition from inactive to active state of β cells as the glucose
concentration crosses the tipping point. The vertical dashed
lines (first and third from left) mark the time points when the
glucose concentration, shown as a smooth full line, reaches
the tipping point in the increasing part at Gc = 7 mM, and
when the glucose concentration drops below the tipping point
on the decreasing part at Gc = 6.6 mM. The other vertical
dashed lines (second and fourth from left) mark approxi-
mately the activation and deactivation intervals. We can see
that the activation interval occurs well before the cells are fully
synchronized and that the deactivation interval starts when the
cells are desynchronized.

Next, we map the collective response of β cells to stimuli
onto a correlation network where the links between the nodes
are determined by the activity and synchronization of cells.
The way that functional networks representing islets are usu-
ally constructed from calcium dynamics in β cells involves
two steps. First, correlations ci j (t ) between short segments
with length T of calcium signals at time t for all pairs (i, j)
of cells are obtained from recorded time series of calcium
activity, and then these correlations are compared to some
chosen threshold value c0. If correlation of a certain cell pair
(i, j) exceeds the threshold value, ci j (t ) > c0, the link (i, j)
is placed in the network between the nodes representing this
cell pair. The choice of the threshold value in such correlation
or functional graphs is crucial as it determines the network
density and other network properties.

Here, we keep the total number of links L = N〈k〉/2,
where 〈k〉 is the mean degree, fixed [18] and for particular
network realization we select the top L links from the link
list sorted by correlation coefficient. Here we use 〈k〉 = 10
throughout this paper. The fixed mean degree 〈k〉 used in our
network construction is chosen based on previous studies of
functional connectivity in pancreatic islets [18], representing
an optimal balance between maintaining sufficient net-
work connectivity for meaningful analysis while minimizing

FIG. 3. Assortativity and Laplacian eigenvalues ratio. Assorta-
tivity coefficient r (top) and ratio of the largest and the second
smallest eigenvalues of the network Laplacian λN/λ2 (bottom) as a
function of time. The network is constructed with a fixed number
of links and computations are performed on the largest connected
component of the network at each particular time.

spurious correlations. This assumption reflects the relatively
stable intercellular communication network within pancreatic
islets during the short timescale of glucose stimulation. Our
qualitative findings remain consistent across a range of physi-
ologically relevant 〈k〉 values.

In such correlation network construction we then observe
the changes in the linkage arrangment between the nodes as
a function of time. These structural changes are reflected in
some global network properties such as the largest (λ1) and the
second largest (λ2) eigenvalues of the adjacency matrix, the
clustering coefficient (C), assortativity (r), and the eigenratio
λN/λ2 between the largest and the second smallest eigenval-
ues of the network Laplacian matrix. The time dependences
of these network properties are displayed in Figs. 2 and 3.
The network representation of β cell activity captures func-
tional relationships between cells through correlation patterns.
The primary network metrics we analyze here provide com-
plementary information about the system’s organization. λ1

indicates overall network connectivity strength, C measures
local coordination between cells, and λ2 reveals emergent
structural changes preceding full synchronization.

As glucose concentration approaches the critical tipping
point, a sharp increase is observed in both the largest eigen-
value, λ1, and the clustering coefficient, C, indicating a
significant reconfiguration of the β cell network. This re-
configuration suggests a structural transition in the network,
despite the number of connections remaining constant. The
increase in λ1 implies that certain nodes (cells) in the net-
work might be gaining greater influence measured by their
number of links, which is captured by the bounds set by
the Perron-Frobenius theorem: 〈k〉 < λ1 < kmax, where 〈k〉 is
the average degree and kmax is the maximum degree of the
network. A tighter bound for λ1 in some random networks is
max (

√
kmax, 〈k2〉/〈k〉) [19], while increasing the variance of

interaction strength also leads to increasing of spectral radius
or λ1 [20]. The network is not merely random but is reorganiz-
ing into a more coordinated, hierarchical structure as glucose
crosses the tipping point. The observed changes align with
the experimental calcium signaling data, where the β cells
shift from an uncoordinated state to a highly synchronized
collective response.

Particularly interesting is the behavior of the second largest
eigenvalue λ2 near the tipping points (Fig. 2) where the
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FIG. 4. A small graph example. In a small and simple graph
relinking from (6,7) to (2,7), changes the network structure from
assortative to disassortative, from r = 1/3 to r = −1/5. This link
switch also changes the largest eigenvalue of the adjacencny matrix
and the maximal degree of the graph.

transient sharp increase is observed. While the largest eigen-
value λ1 follows the time evolution of average correlation and
synchronization between β cells, the changes in the second
largest eigenvalue λ2 occur before the onset of synchroniza-
tion, indicating the structural changes in the network that
precede the collective response of β cells. This is similar to the
λ2 behavior observed in correlation matrices of stock market
evolution [21], where the spikes in λ2 are associated with
the changes in correlation between particular stocks and all
others. In the context of β cell activity, the observed changes
in λ2 suggest that the network is reorganizing its structure so
that the onset of synchronization starts with particular cells or
small clusters of cells.

The changes in the network structure during the phase tran-
sition are further reflected in the behavior of the assortativity
coefficient r and the ratio of the largest to the second smallest
eigenvalue of the network Laplacian, λN/λ2, as shown in
Fig. 3. As the glucose concentration increases and crosses
the tipping point, the assortativity coefficient r, which quan-
tifies the preference for nodes to link with (dis)similar degree
nodes, exhibits a transient increase before the network be-
comes disassortative r < 0. This suggests a shift towards a
network organizaton where high-degree β cells preferentially
connect with low-degree cells.

Simultaneously, the ratio λN/λ2, representing the spectral
gap of the network Laplacian, increases sharply around the
tipping points. A larger spectral gap implies that the network
ability to propagate signals or synchronize its components is
enhanced, which is consistent with the observed transition to a
correlated calcium signaling state. This ratio, therefore, serves
as a sensitive indicator of the network structural and dynamic
changes during the phase transition.

In combination with the results presented in Fig. 2, where
the largest eigenvalue λ1 and clustering coefficient C increase
dramatically at the tipping point, these changes highlight
a fundamental reorganization of the network topology. The
network transitions from a more random, uncoordinated con-
figuration to one that is highly organized and structured.
This reorganization correlates with the abrupt increase in the
mean calcium signal, demonstrating that the underlying net-
work dynamics are tightly coupled to the observed biological
response.

In Figure 4, we illustrate how switching a single link in
a simple graph can induce a transition from an assortative
to a disassortative network structure. Initially, with the link
between nodes 6 and 7, the assortativity coefficient r = 1/3

indicates that nodes preferentially connect to others with sim-
ilar degrees. However, when this link is switched from (6,7)
to (2,7), the assortativity changes to r = −1/5, indicating a
shift to a disassortative structure, where nodes with different
degrees become more likely to connect. This link change also
affects other network properties, such as the largest eigenvalue
of the adjacency matrix and the maximal degree, highlighting
how a seemingly minor alteration can significantly impact
the network’s overall topology. This behavior in the simple
graph hint towards a key principle in larger networks: small
structural changes, such as the rewiring or relinking of a few
critical connections, can induce significant transitions in the
network’s properties at the critical point.

The hysteresis in our experimental data is clearly demon-
strated through the controlled glucose concentration protocol,
where we observe different transition points during the in-
creasing and decreasing phases of glucose concentration. This
behavior is quantitatively captured in both the largest eigen-
value λ1 and clustering coefficient C (Fig. 5, upper panel),
providing strong empirical evidence for the first-order nature
of the phase transition. In Fig. 5 (upper panel) we plotted λ1

and C as a function of the control parameter (the glucose con-
centration) through the increasing and decreasing part. The
hysteresis loop that is clearly visible in both λ1 and C as the
glucose concentration crosses the tipping point is a hallmark
of a first-order phase transition, indicating that the transition
from an uncoordinated to a coordinated state of β cell activity
is abrupt and irreversible.

To model the observed empirical findings we introduce
a β cell network that combines two processes: (1) the link
selection process that describes initial intracellular calcium
activity occuring in separate, small clusters of β cells, and
(2) the coordination of stochastic discrete β cell states that
describes the synchronization process accross the entire islet
as smaller cell clusters coalesce into large groups building
on our previous work [18]. We use the explosive percolation
mechanims coupled with Ising spins, similarly as in [22]. We
use a random regular network G(N, k) with N nodes (spins,
si) representing β cells which each can be in spin up or spin
down state si ∈ {1,−1}, and where each has k neighbors.

Initially, the nodes have randomly assigned spins. In each
computational step we gradually increase the parameter p that
sets the number of links L = pN . We start with an empty
network, successively placing links that result from the com-
petition percolation process [12,13] with three potential links.
The three potential links in each step are sampled from a set
of viable links composed of all links from G(N, k) that have
spins pointing in the same direction at each end. The link that
is placed in the network in each step is the one that minimizes
the product of sizes of two clusters that the link connects.
Finally, each spin in newly connected clusters is assigned the
same but randomly chosen direction with probability 1 − q.
If q = 0 we have complete cluster flipping of spins as in
Swendsen-Wang Ising dynamics [23], while if q = 1 all spins
in the two newly connected clusters are randomly oriented.
After each completed computational step we compute the size
of the largest connected component and the spin orientation
M = |∑i si|. The lower panel of Fig. 5 shows the collective
spin orientation M computed for two different values of q as a
function of p. For low values of q we observe a sharp increase
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FIG. 5. Phase transition and hysteresis. Upper panel: Largest
eigenvalue of correlation matrix (cirles) and clustering of the corre-
lation network (squares) with fixed number of links. Lower panel:
Average spin (magnetization) in microscopic model with spins
and explosive percolation process with N = 103, k = 10, q = 0.1
(squares), and q = 0.6 (circles).

in M and hysteresis in dependence on p. Also, as q increases
the width of the hysteresis decreases and vanishes when p and
q reach their critical values at critical point p = pc, q = qc

leading to a second-order phase transition.
Changing parameters p and q allows us to explore the

phase space of the model. For q � 1 we typically observe
a hysteresis in largest component size and magnetization de-
pendence on p. As we slowly increase the parameter p we can
follow the building of the largest component and observe a
phase transition when p reaches a critical value. If we start
from a connected state of the network and slowly decrease
p, the largest component vanishes at a different (lower) crit-
ical p. Similarly, we observe a hysteresis if we change the
parameter q from q = 0 to q = 1 and back at some fixed
value of parameter p. The first example corresponds to cor-
relation network construction where the links are added as the

correlation between the nodes increases and exceeds the
threshold value (fixed q in this case). The second example
corresponds to the case where we fix the number of links in the
network and the network structure changes as the correlation
between the nodes increases (in this case p is fixed).

A simple and highly stylized model offers additional in-
sights into the nature of the phase transition in β cell activity.
Let x be the fraction of nonsynchronized cells in the popu-
lation of cells that are active when the glucose concentration
crosses the tipping point. x is therefore the order parameter
equal to x = 0 for fully synchronized and x = 1 for fully
nonsynchronized state. The rate of change is dx/dt = x(1 −
x) − Px/(Q + x), where the activation (first term) is described
as simple logistic growth. The synchronization is described
by the second term with two parameters P and Q. P can be
understood as a measure of the efficiency of communication
between cells, with higher P values indicating a more in-
terconnected network, allowing for quicker synchronization
due to an increased number of communication links. On the
other hand, Q represents a threshold or saturation parameter,
which indicates how the synchronization process slows down.
In other words, P increases the probability of synchronization
through effective communication, while Q introduces a prob-
ability that saturation effects will slow down synchronization
as the system approaches full synchronization. In this sense
P and Q play a role similar to p and q in the microscopic
model.

Due to the simple structure, the steady state solution of the
model dx/dt = 0 is analytically tractable [24] and leads to the
phase space where two spinodals P = Q and P = (1 + Q)2/4
separate the bistability region from stable nonsynchronized
and synchronized states. Traversing the phase space with in-
creasing and decreasing P at fixed Q the system undergoes a
first-order phase transition from x = 1 to x = 0 and back with
hysteresis. The width of the hystersis is determined by the
difference between the two tipping points and equals �H =
(1 − Q)2/4. The hysteresis vanishes at the critical point Qc =
1, Pc = 1 where the system undergoes a second-order phase
transition.

Similarly, we can make some estimates to better under-
stand how the correlation structure of the β cell collectives
influences the likelihood of connections forming between
nodes in the network modeling them. Let the strength of a
node ki(t ) be the sum of all correlations with all other nodes
ki(t ) = ∑

i �= j ci j (t )/(N − 1). We describe the interaction of
two nodes with mi j (t ) = ki(t )k j (t ) and define the probability
h(t ) that any two nodes in the network are linked, charac-
terizing the islet network state at time t as the interaction
between the nodes averaged over all node pairs h(t ) = 〈mi j〉.
This approach is similar to the configuration network model
where given the node degree sequence the edge probability be-
tween nodes is defined as proportional to the product of node
degrees. In the large network limit N � 1 or when variance
of the correlation distribution is sufficiently small we simply
have h = c2

m, where cm is the mean correlation coefficient at
time cm = ∑

i ki/N . The probability of connecting two nodes
in the this random network model is therefore equal to the
square of the mean correlation. Since the critical probability
for the rise of the giant component in a random network with
N nodes is hc = 1/N , we have a simple measure for the giant
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component to appear: the mean correlations in the system
must exceed cm > 1/

√
N .

III. DISCUSSION

Our results provide compelling evidence that β cells un-
dergo a first-order phase transition in response to glucose
stimulation, with distinct hysteresis. This behavior suggests
that pancreatic islets function as tipping elements, where
small changes in glucose can lead to abrupt shifts in β cell
activity.

These findings have significant implications for our under-
standing of insulin secretion dynamics. The sharp transitions
observed in β cell activity may explain the biphasic nature of
insulin release, where an initial rapid response is followed by a
slower, more sustained phase. The first-order phase transition,
characterized by abrupt synchronization of β cells, temporally
aligns with the rapid initial phase of insulin secretion. This
mechanism likely works in concert with other established
processes, such as the dynamics of distinct insulin granule
pools and inherent β cell heterogeneity, to produce the ob-
served biphasic secretion pattern. Additionally, the presence
of hysteresis suggests that β cell collectives may retain mem-
ory of previous glucose levels, potentially contributing to the
oscillatory nature of insulin secretion. Each islet functions
as a localized tipping point, where small changes in glucose
concentration trigger a collective, synchronized response from
β cells, leading to insulin secretion. Several mechanisms have
been proposed to explain the biphasic pattern of insulin secre-
tion. The multipool hypothesis suggests distinct populations
of insulin granules with different release kinetics, while other
models emphasize the role of β cell heterogeneity in shaping
the temporal profile of hormone release. Our findings regard-
ing first-order phase transitions complement these theories by
providing a physical mechanism for the sharp transition in cel-
lular activity. This framework could potentially integrate with
existing models to develop a more comprehensive understand-
ing of the complex dynamics underlying insulin secretion.

However, islets do not operate in isolation; they are in-
terconnected through perfusion, innervation, and diffusion
networks within the pancreas. These connections mean that
the behavior of one islet can influence neighboring islets, cre-
ating a cascade effect where synchronized activity in one islet
can propagate through the system, ensuring a rapid, robust
insulin release, but disruptions in these connections could lead
to impaired responses, as seen in conditions like diabetes.

In conclusion, we demonstrate that β cells in pancreatic
islets undergo a first-order phase transition, with distinct hys-
teresis, in response to changing glucose levels. These findings
provide new insights into the dynamics of insulin secre-
tion and highlight the role of islets as critical regulators of
metabolic homeostasis. Our network model offers a promis-
ing framework for further exploration of phase transitions in
biological systems.
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