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Abstract 

Glucose progressively stimulates insulin release over a wide range of concentrations. 
However, the nutrient coding underlying activation, activity, and deactivation of beta cells 
affecting insulin release remains only partially described. Experimental data indicate that 
nutrient sensing in coupled beta cells in islets is predominantly a collective trait, overriding to 
a large extent functional differences between cells. However, some degree of heterogeneity 
between coupled beta cells may play important roles. To further elucidate glucose-dependent 
modalities in coupled beta cells, the degree of functional heterogeneity, and uncover the 
emergent collective operations, we combined acute mouse pancreas tissue slices with 
functional multicellular calcium imaging. We recorded beta cell calcium responses from 
threshold (7 mM) to supraphysiological (16 mM) glucose concentrations with high spatial and 
temporal resolution. This enabled the analysis of both classical physiological parameters and 
complex network parameters, as well as their comparison at the level of individual cells. The 
activation profile displayed two major glucose concentration-dependent features, shortening 
of delays to initial activation, and shortening of delays until half activation with increasing 
glucose concentration. Inversely, during deactivation both delays to initial deactivation and 
until half deactivation were progressively longer with increasing glucose concentration. The 
plateau activity with fast calcium oscillations expressed two types of glucose-dependence. 
Physiological concentrations mostly affected the frequency of oscillations, whereas 
supraphysiological concentrations progressively prolonged the duration of oscillations. Most 
of the measured functional network parameters also showed clear glucose-dependence. In 
conclusion, we propose novel understanding for glucose-dependent coding properties in beta 
cell networks, and its deciphering may have repercussions for our understanding of the 
normal physiology of glucose homeostasis as well as of disturbances of metabolic 
homeostasis, such as diabetes mellitus.  
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1. Introduction 

Glucose is one of the main insulin secretagogues in beta cells. After entering beta cells through 
GLUT (Skelin Klemen, Dolenšek et al. 2017) or other transporters (Rorsman & Ashcroft, Physiol 
Rev 2018), glucose initiates cellular processes leading to transient activation of beta cells, 
followed by subsequent periodic oscillatory changes in membrane potential and intracellular 
calcium concentration ([Ca2+]IC), as well as insulin secretion (Ashcroft and Rorsman 1989). The 
calcium ion is a central secondary messenger, coupling stimulation with secretion not only for 
nutrient secretagogues but also for other neurohormonal stimuli. Glucose-dependent 
oscillatory [Ca2+]IC  changes have been reported in vivo in an exteriorized pancreas and in islets 
transplanted into the anterior chamber of the eye, in situ in acute pancreas tissue slices, as 
well as in vitro in enzymatically isolated and cultured islets (Bergsten, Grapengiesser et al. 
1994, Bertuzzi, Davalli et al. 1999, Fernandez and Valdeolmillos 2000, Benninger, Zhang et al. 
2008, Benninger, Hutchens et al. 2014). [Ca2+]IC oscillations are the triggering signal for fusion 
of insulin-containing vesicles with the plasma membrane, thus driving a periodical release of 
insulin. Importantly, the extent of insulin secretion is further regulated by various additional 
signals in both [Ca2+]IC-dependent and [Ca2+]IC-independent manner (Henquin 2011). 
Regardless of the pathways taken to induce and regulate insulin secretion, [Ca2+]IC dynamics 
remains a convenient proxy for assessment of both more proximal and distal events in the 
stimulus-secretion coupling cascade. Compared with measurements of membrane potential 
changes and insulin secretion, functional multicellular calcium imaging typically offers a better 
combination of the number of cells that can be analyzed simultaneously, spatial and temporal 
resolution, and the recording time.  

A substantial number of previous studies attempted to address the glucose dependency of 
beta cells stimulation, however a complete characterization of the complex relationship with 
stimulus intensity remains elusive. Both ex vivo (Ashcroft, Bassett et al. 1972, Gao, Drews et 
al. 1990, Detimary, Jonas et al. 1995, Henquin, Nenquin et al. 2006, Benninger, Head et al. 
2011, Low, Mitchell et al. 2013) and in vivo experiments (Henquin, Nenquin et al. 2006) show 
that insulin secretion progressively increases over a wide range of physiological and 
supraphysiological glucose concentrations. In dissociated beta cells in culture, glucose 
thresholds for single beta cell activation differed greatly among individual beta cells from low 
to supraphysiological glucose concentrations (Jonkers and Henquin 2001, Benninger, Head et 
al. 2011), suggesting that such heterogeneity in sensitivity to glucose could be the underlying 
mechanism for a progressive recruitment of additional beta cells to a secretory response . 
However, beta cells in an intact islets function in a coupled, collective way and such coupling 
significantly narrows the concentration range over which the whole islet activates, with the 
half maximal effective concentration of glucose (EC50) at about 7 mM (Dean and Matthews 
1970, Benninger, Head et al. 2011). It is therefore likely that additional mechanisms contribute 
to the insulin release above the physiological glucose range. Among these, different sources 
of amplification, e.g., hormonal, neuronal, and metabolic, could also contribute to the 
elevated average calcium concentrations driving increased insulin release and corresponding 
to progressively higher glucose concentrations in uncoupled (Jonkers and Henquin 2001) as 
well as in coupled beta cells (Gylfe 1988, Antunes, Salgado et al. 2000, Henquin, Nenquin et 
al. 2006). Along these lines, the frequency and duration of intracellular calcium oscillations as 
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well as bursts of electrical activity change with the progressive increase in glucose 
concentration (Meissner and Schmelz 1974, Cook and Ikeuchi 1989, Henquin 1992, Antunes, 
Salgado et al. 2000, Lebreton, Pirog et al. 2015). And the cumulative increase in intracellular 
calcium has been found to exert its main effect through increasing the number of fusion 
events of granules containing insulin (Low, Mitchell et al. 2013) [add Masa Ceca 2011]. This 
was also recently corroborated by mathematical modelling of experimental data 
demonstrating that both mobilization and priming of insulin granules were the main factors 
determining concentration-dependent insulin secretion (Pedersen, Tagliavini et al. 2019). 
Alternatively, the effects observed at supraphysiological glucose concentrations could also be 
due mechanisms that are not set into motion at lower concentrations of glucose. It is 
important to emphasize that although the physiological range of glucose dependence of 
insulin release has been known for decades, most often, the experiments are still being 
performed at supraphysiological (typically >10 mM) glucose concentrations.  

Applying functional multicellular calcium imaging by confocal scanning microscopy in acute 
pancreas tissue slices (Stožer, Dolenšek et al. 2013, Stožer, Gosak et al. 2013, Markovic, Stozer 
et al. 2015), we previously demonstrated that beta cells within an islet typically display a 
biphasic [Ca2+]IC response. From a temporal point of view, this biphasic [Ca2+]IC response is well 
in accordance with the biphasic insulin release observed in vitro in isolated islets (Refs). As 
already mentioned, an initial transient increase in [Ca2+]IC is followed by a sustained plateau 
phase with superimposed higher frequency [Ca2+]IC  oscillations. The frequency and duration 
of [Ca2+]IC  oscillations during the plateau phase in the slice preparation closely resemble those 
measured electrophysiologically in acutely dissected pancreatic islets (add Atwater et al., 
1980) and in islets in tissue slices (). During the transient phase, the initial activation of cells 
varies greatly in time and space, and the activation is detected in small clusters of beta cells 
dispersed over an islet with no predictable pattern [add Dolensek et al 2013]. During the 
plateau phase, cells display synchronized calcium oscillations spreading repeatedly in a wave-
like manner across islets with an average velocity of about 100 µm/s [add Stozer et al and 
Dolensek et al 2013]. Simultaneous measurements of membrane potential oscillations and 
calcium oscillations demonstrated tight coupling of the two processes (Gilon and Henquin 
1992, Beauvois, Merezak et al. 2006), with membrane potential preceding the calcium 
increase by about 150 ms (Dolenšek, Stožer et al. 2013). After lowering glucose back to 
substimulatory concentration, beta cells in acute tissue slices deactivate, and their 
intracellular calcium concentration returns back to the pre-stimulatory level, but with a 
shorter delay and less heterogeneously than during the onset of the response (Stožer, 
Dolenšek et al. 2013, Stožer, Gosak et al. 2013, Markovic, Stozer et al. 2015). 

An important hallmark of proper function in beta cells is the high level of cell-to-cell 
interactions within islets (Refs). Within areas of plasma membrane delimited by tight 
junctions, beta cells express gap junctions consisting of the connexin 36 protein that allows 
for electrical coupling and exchange of small signaling molecules between adjacent cells 
(Moreno, Berthoud et al. 2005, Cigliola, Chellakudam et al. 2013, Skelin Klemen, Dolenšek et 
al. 2017). Gap junctions along with other intercellular paracrine signaling mechanisms are 
thought to ensure coordinated cellular activity and warrant a well-regulated secretion of 
insulin at elevated glucose levels (Bosco, Haefliger et al. 2011, Benninger and Piston 2014). 
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However, the functional beta cell networks extracted from calcium dynamics are much more 
heterogeneous as one would expect from a syncytium mediated by only gap junctions 
(Cherubini, Filippi et al. 2015, Barua and Goel 2016, Cappon and Pedersen 2016). More 
specifically, instead of being rather regular and lattice-like, the functional beta cell networks 
exhibit small-worldness and a clustered structure with well-pronounced subcompartments 
(Stožer, Gosak et al. 2013, Markovic, Stozer et al. 2015, Johnston, Mitchell et al. 2016, Gosak, 
Markovic et al. 2018, Nasteska and Hodson 2018). Moreover, the interplay between intrinsic 
cellular signaling characteristics, the network parameters, and responses to changes in 
stimulation with glucose is largely unexplored, especially at different glucose concentrations. 

Although the role of intercellular communication in islet dysfunction is incompletely 
understood, more and more studies suggest that the coordinated activity within islets is not 
only important for normal insulin secretion dynamics but may be directly involved in the 
pathogenesis of diabetes mellitus (Hodson, Mitchell et al. 2013, Daraio, Bombek et al. 2017). 
Disruptions in gap junctional and paracrine communication abolish synchronized electrical 
and calcium activity and lead to altered plasma insulin oscillations and to glucose intolerance 
(Ravier, Güldenagel et al. 2005, Head, Orseth et al. 2012), as observed in numerous models of 
obesity and diabetes mellitus (Carvalho, Oliveira et al. 2012, Hodson, Mitchell et al. 2013, 
Benninger and Piston 2014). (Add Stamper et al Phys Rev E 2014) 

The aim of this study was to systematically measure and analyze the dynamics of intracellular 
calcium oscillations in beta cells in acute pancreas tissue slices to assess different glucose-
dependent properties, with a particular lookout for emergent collective operations in both 
physiological and supraphysiological glucose concentrations. For this, we recorded beta cell 
activation and deactivation as well as activity during plateau phase in a concentration-
dependent manner, extracted and analyzed typical classical physiological and advanced 
network parameters, and finally compared the different properties of cells.  

2. Materials and Methods 

2.1.Ethics statement 

The study was conducted in strict accordance with all national and European 
recommendations pertaining to care and work with experimental animals, and all efforts were 
made to minimize suffering of animals. The protocol was approved by the Veterinary 
administration of the Republic of Slovenia (permit number: U34401-12/2015/3). 

2.2. Tissue slice preparation and dye loading 

8-20 week old NMRI mice of either sex were kept on a 12:12 hours light: dark schedule in 
individually ventilated cages (Allentown LLC, USA) and used for preparation of acute pancreas 
tissue slices, as described previously (Speier and Rupnik 2003, Stožer, Dolenšek et al. 2013). In 
brief, after sacrificing the mice, we accessed the abdominal cavity via laparotomy and injected 
low-melting point 1.9 % agarose (Lonza, USA) dissolved in extracellular solution (ECS, 
consisting of (in mM) 125 NaCl, 26 NaHCO3, 6 glucose, 6 lactic acid, 3 myo-inositol, 2.5 KCl, 2 
Na-pyruvate, 2 CaCl2, 1.25 NaH2PO4, 1 MgCl2, 0.5 ascorbic acid) at 40 °C into the proximal 
common bile duct, which we clamped distally at the major duodenal papilla. Immediately after 
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injection, we cooled the agarose infused pancreas with ice-cold ECS and extracted it. We 
prepared tissue slices with a thickness of 140 µm with a vibratome (VT 1000 S, Leica) and 
collected them in HEPES-buffered saline at RT (HBS, consisting of (in mM) 150 NaCl, 10 HEPES, 
6 glucose, 5 KCl, 2 CaCl2, 1 MgCl2; titrated to pH=7.4 using 1 M NaOH). For staining, we 
incubated the slices for 50 minutes at RT in the dye-loading solution (6 µM Oregon Green 488 
BAPTA-1 AM (OGB-1, Invitrogen), 0.03% Pluronic F-127 (w/v), and 0.12% dimethylsulphoxide 
(v/v) dissolved in HBS). All chemicals were obtained from Sigma-Aldrich (St. Louis, Missouri, 
USA), unless otherwise specified.  

2.3. Stimulation protocol and calcium imaging  

Individual tissue slices were transferred to a perifusion system containing carbogenated ECS 
at 37 °C and exposed to single square pulse-like stimulation per slice (7, 8, 9, 12, or 16 mM, 
lasting 40, 30, 20, 15 and 15 minutes, respectively, followed by an incubation in a solution with 
substimulatory glucose concentration (6 mM) until all the activity switched off. The duration 
of a single stimulation pulse varied due to large differences in time needed to activate and 
deactivate beta cell networks at different glucose concentrations. We performed the imaging 
on a Leica TCS SP5 AOBS Tandem II upright confocal system (20x HCX APO L water immersion 
objective, NA 1.0) and a Leica TCS SP5 DMI6000 CS inverted confocal system (20X HC PL APO 
water/oil immersion objective, NA 0.7). Acquisition frequency was initially set to 1-2 Hz at 512 
x 512 pixels during the first phase response, allowing for determination of response onsets 
and deactivation, and switched to 27 – 50 Hz at 128 x 128 pixels for intermittent sampling of 
the plateau phase to allow for precise quantification of [Ca2+]IC oscillations. OGB-1 was excited 
by an argon 488 nm laser line and emitted fluorescence was detected by Leica HyD hybrid 
detector in the range of 500-700 nm (all from Leica Microsystems, Germany), as described 
previously (Stožer, Dolenšek et al. 2013).  

2.4. Data analyses 

We manually selected ROIs and exported traces for an off-line analysis utilizing a custom-made 
software application (name, copyright). We excluded recordings with extensive motion 
artefacts. Further off-line analysis of [Ca2+]IC  traces was made using in-house MATLAB/Python 
scripts. Fluorescence signals were expressed as F/F0, the ratio of fluorescence signal (F) at an 
individual time point of the experiment relative to the initial level of fluorescence (F0). To 
account for photobleaching, we used a combination of linear and exponential fitting. The 
methodology used to determine [Ca2+]IC signal characteristics, e.g., the duration of oscillations, 
which was established at half maximal amplitude of the spike, the number of oscillations per 
minute, and the percentage of active time,  is described in detail in the respective figures and 
figure captions. The activation times and deactivation times, i.e. the starts of calcium 
increases/decreases after switching from basal to stimulatory concentration (and vice versa), 
were selected manually. Two cells were considered to be in the same activation/deactivation 
cluster, if their activation/deactivation times were less than 3 seconds apart, based on the 
average estimated speed of [Ca2+]IC oscillation spreading across the islets [add Dolensek et al 
2013]. For examining possible correlations between different spatiotemporal signaling 
characteristics, we used normalized ranks for all parameters (frequency, node degree, etc.). 
Statistics were calculated using SigmaPlot. Statistical differences between groups were tested 
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using ANOVA on Ranks and posthoc Dunn's method, and difference between two groups using 
the Mann-Whitney U test. Pearson correlation coefficient was calculated for correlations, and 
its significance tested by the z-score. Asterisks denote statistically significant differences, as 
follows: * p<0.05, ** p<0.01, and *** p<0.001.  

 

2.5. Network analyses 

To quantify the collective activity of the beta cell population in each islet, we constructed 
functional connectivity networks . Two cells were considered to be functionally connected if 
their activity profiles exceeded a preset degree of synchronization, as described elsewhere 
(Hodson, Mitchell et al. 2013, Stožer, Gosak et al. 2013, Gosak, Markovic et al. 2018). The 
resulting functional networks were diagnosed with conventional network metrics. More 
specifically, to explore the connectivity of cells, we calculated the average degree and the 
relative degree distribution. For the evaluation of the network’s traffic capacity and functional 
integration of individual cells, we computed the global efficiency and the largest component. 
To characterize the functional segregation, we calculated the clustering coefficient and 
modularity, which reflect the level of clique-like structures within interconnected cell 
assemblies and the extent of division into smaller subpopulations, respectively. For details see 
(Boccaletti, Latora et al. 2006) (Gosak, Markovic et al. 2018).   

 

3. Results 

Beta cell networks within an islet were tested for concentration-dependence using square 
pulse transient elevations to a range of concentrations above the threshold typically 
encountered in normal mice in vivo (7, 8 , and 9 mM), as well as to two concentrations (12 and 
16 mM) that lie within the range usually encountered in diabetic mice and in most of the 
previous studies. A response of a typical beta cell in a network to a stimulus protocol consisted 
of three subsequent phases: (i) activation, (ii) plateau, and (iii) deactivation (Figs. 1 and 5).  

3.1 Glucose-dependence of beta cell activation 

The spatiotemporal activation properties of individual beta cells in an optical plane were 
examined following stepwise glucose increases from 6 mM to 7, 8, 9, 12, or 16 mM. Each islet 
was stimulated with a single stimulatory condition. Beta cells responded to the given glucose 
concentration with a characteristic delay in the onset of [Ca2+]IC increase (activation delay) 
that progressively shortened with increasing glucose concentrations (Fig. 1C). Strikingly, the 
median beta cell activation delay was more than 15 min (916 s) at the threshold concentration 
of 7 mM glucose and progressively decreased to only approximately 2 min (121 s) at 16 mM 
glucose (Figure 1C). We observed a large degree of heterogeneity in delays among individual 
cells and cell clusters at a given glucose concentration. Interestingly, this heterogeneity was 
also glucose-dependent, exemplified by progressively shorter lags between the response of 
the first-responding cell in a given islet and the response of any other cell (cell-cell delay; 
Figure 1A-B).More specifically, the interquartile range in first cell-any cell delays decreased 
from around 7 minutes (443 s) in 7 mM glucose to about half a minute (36 s) in 16 mM glucose 
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(Fig. 1D). Consistent with the above findings, time points at which 50 % of cells were activated 
decreased progressively with increasing glucose concentrations (Figure 1E).  

 

Figure 1: Glucose-dependent activation. A and B Response onsets of typical beta cells to 
stimulation with 8 mM (A) and 12 mM glucose (B). Lines indicate activation delays in individual 
cells (red line, pooled data shown in panel C) and variability of delays (blue line, pooled data 
shown in panel D). C Glucose-dependence of activation delays after stimulation with 7 mM, 8 
mM, 9 mM, 12 mM, and 16 mM glucose. D Glucose-dependence of first cell-any cell delays. E 
Cumulative distributions of activation delays within islets. Vertical lines indicate the time at 
which half of the cells were activated  at a given stimulus. Pooled data from 57 (16 mM), 167 
(12 mM), 134 (9 mM), 371 (8 mM), and 231 (7 mM) cells, respectively, and from 2, 7, 2, 12, 
and 4 islets, respectively. 

 

As observed from Figure 1E, the activation of beta cells during stimulation had a staircase-like 
appearance, suggesting that groups of beta cells rather than single cells activated at the same 
time. Closer inspection of this pattern on the recorded time series revealed that beta cells 
formed spatiotemporal clusters of neighboring cells in response to glucose stimulation (Figure 
2A-D). To quantify the relationship of cluster sizes to glucose concentration, we calculated the 
percentage of arbitrarily defined large clusters (>33 %, > 50%, and >67 %) for different glucose 
concentrations (Figure 2E). Increasing glucose concentration progressively increased the size 
of the clusters of activated cells, as demonstrated by the cumulative distribution of the cluster 
sizes for different concentrations of glucose (Figure 2F). 
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Figure 2: Spatiotemporal characterization of beta cell activation: A-D Color-coded response 
onset times of beta cells after 8 mM (B) and 12 mM (D) glucose stimulation. OGB-1 loaded cells 
in an islet are shown (A and C). E Distribution of relative sizes of clusters signifying 
simultaneously activated cells under stimulation with different concentrations of glucose. F 
Cumulative distribution of the relative cluster sizes for different glucose concentrations. 
Vertical lines indicate the relative temporal cluster size during activation of the first half of the 
cells in an islet. 

 

3.2 Glucose-dependent spatiotemporal [Ca2+]IC  dynamics during the plateau phase 

Following the initial transient calcium rise, the plateau phase was characterized by relatively 
regular high frequency [Ca2+]IC oscillations that encompassed the majority of cells in an islet. 
This oscillatory activity was affected by progressively higher glucose concentrations (Figure 3). 
Comparing beta cell responses demonstrated that glucose modulated both frequency and 
duration of oscillations. More specifically, the frequency of oscillations increased steadily 
across the physiological range of glucose concentrations (7-9 mM, Figure 3A), reached its peak 
at 12 mM and decreased in 16 mM glucose (Figure 3 C). On the other hand, the duration of 
oscillations did not seem to be modulated at physiological glucose concentrations, but 
increased with the rise in glucose concentration to 12 and 16 mM glucose (Figure 3D). As a 
consequence, the relative active time, i.e., the percentage of time that cells spend in an 
increased [Ca2+]IC, was dominated by the increasing frequency of oscillations in the range from 
7 to 9 mM glucose, and in higher concentrations by increasing durations of [Ca2+]IC  oscillations 

.CC-BY-NC-ND 4.0 International licensemade available under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted March 11, 2020. ; https://doi.org/10.1101/2020.03.11.986893doi: bioRxiv preprint 

https://doi.org/10.1101/2020.03.11.986893
http://creativecommons.org/licenses/by-nc-nd/4.0/


9 
 

(Figure 3E). An alternative presentation of active time concentration-dependence is presented 
graphically in Figure 3F, where average oscillation duration is plotted as a function of average 
interspike interval. Please note that the correlation slope reflecting the active time (𝑘 =

!"#$%&'(
&(%)#*+&,)	&(%)#.$/

~𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛 × 𝑓𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦 = 𝑎𝑐𝑡𝑖𝑣𝑒	𝑡𝑖𝑚𝑒) increases with increasing glucose 

(Figure 3F).  

 

 

Figure 3: Spatiotemporal characterization of the plateau phase. A Oscillatory activity during 
stimulation with 7 mM, 8 mM, 9 mM, 12 mM, and 16 mM glucose. Shown are four cells from 
an islet per stimulus. B Schematic presentation of analyzed parameters: duration of oscillations 
at half-maximal amplitude (upper panel), number of oscillations per minute (middle panel) and 
proportion of active time (lower panel). C-E Frequency of oscillations (C), duration of 
oscillations (D), and percentage of active time (E) as a function of stimulus concentration. F 
Durations of individual oscillation as a function of the respective interspike interval. Glucose 
concentrations and slopes (k) of linear regression lines are indicated. R2 = 0.72, 0.80, 0.59, 0.95, 
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and 0.96 for 7, 8, 9, 12, and 16 mM glucose, respectively (p<0.001). For all panels, data are 
pooled for 7 mM, 8 mM, 9 mM, 12 mM and 16 mM glucose from 4, 3, 9, 10 and 2 mice, from 
5, 7, 14, 16 and 3 islets, and from 136, 241, 241, 392 and 62 cells, respectively.  

 

To further characterize beta cell collective behavior during the plateau phase, functional 
networks of beta cells were constructed for each glucose concentration, as described in 
Methods (Figure 4). As already previously shown , the functional connectivity of beta cells 
within an islet evolved with increasing stimulatory glucose concentrations. Stimulation with 
low glucose concentrations (7 or 8 mM) yielded mostly isolated and seldomly synchronized 
activity of beta cells. An increase in stimulatory glucose resulted in greater coordination of 
cellular activity within an islet, demonstrated by the increasing density of networks (Figure 
4A-E), and greater average correlation in activity and node degree (Figure 4G and H). The 
increase in synchronization can be explained not only by an increase in activity, i.e., greater 
number of calcium oscillations, but also by an increased number of cells involved in individual 
oscillations. The relative degree distributions for different glucose concentrations presented 
in Figure 4F show that beta cell networks are in general very heterogeneous. Except for very 
high glucose concentrations, a relatively small fraction of cells exist, which are very well 
connected. These cells are functionally correlated with 20-30 % of the islet at exposure to 7 
and 8 mM glucose concentration, and up to 60 % at 9 and 12 mM glucose. At 16 mM, the 
network becomes very dense as it has a high number of highly connected cells (Figure 4E and 
H). Intense stimulation diminishes the intrinsic cellular variability and the spatiotemporal 
activity is dominated by global and fully synchronized [Ca2+]IC oscillations. Increasing glucose 
concentrations also resulted in functional networks that were more integrated locally, 
illustrated by an increase in average clustering (Figure 4J), as well as globally, demonstrated 
by decreased modularity (Figure 4K). Moreover, the increase in glucose concentration led to 
formation of more robust networks with higher functional integration, as can be seen from an 
increase in both the relative largest component and global efficiency in Figures 4I and 4L, 
respectively. Node degree of beta cells within networks were in general not at all correlated 
with any of the plateau activity properties (frequency, duration, or active time of oscillations, 
Figure S1). Similar lack of correlation was observed when comparing activation properties 
during initial glucose-dependent activation with the plateau phase response properties of the 
same beta cell (Figure S2).  
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Figure 4: Beta cell functional connectivity at different glucose concentrations. A-E 
Characteristic functional networks for 7 mM (A), 8 mM (B), 9 mM (C), 12 mM (D), and 16 mM 
glucose (E). F Relative degree distributions at different glucose concentrations combined and 
normalized for all functional networks at given stimulatory conditions. G-L Synchronization and 
network metrics as a function of stimulatory glucose concentrations: average correlation 
coefficient (G), average network degree (H), relative largest component (I), average clustering 
coefficient (J), modularity (K), and global efficiency (L). Grey dots indicate values from 
individual islets and the black crosses the averages over all islets at a given concentration. 

3.3 Glucose-dependence of beta cell deactivation 

Removal of stimulatory glucose concentrations caused a concentration-dependent 
deactivation of beta cells (Figure 5). Concentration-dependence was observed primarily with 
respect to delays in onset of deactivation (deactivation delay), which were less than 3 min 
(median delay 174 s) at 7 mM glucose. Exposure to higher glucose concentrations caused beta 
cells to be active progressively longer after removal of stimulation, with the delay reaching a 
maximal value of about 15 min (median delay 896 s) at 16 mM (Figures 5C and E). A trend 
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towards glucose-dependence was also observed with respect to the variability of deactivation 
within islets (delay after first cell; Figure 5D). Finally, half-deactivation times were longer in in 
higher glucose concentrations (Figure 5 E). 

 

Figure 5: Glucose-dependent deactivation . A-B Deactivation of beta cells after cessation of 
stimulation with 8 mM (A) and 12 mM (B) glucose. Lines indicate deactivation delays in 
individual cells (red, pooled data shown in panel C) and any-cell-first-cell deactivation delays 
(blue, pooled data shown in panel D). C Deactivation delays in the deactivation of beta cells 
after cessation of stimulation with 7 mM, 8 mM, 9 mM, 12 mM, and 16 mM glucose. Data 
pooled from 66, 57, 134, 366 and 110 cells, from 3, 3, 2, 12, and 5 islets, and from 2, 2, 2, 9, 
and 3 mice, respectively. D  Cell-cell deactivation delays between the first deactivated cell and 
any given cell from the same islet. E Cumulative distributions of delays between the end of 
stimulation and deactivation of any given cell. Vertical lines indicate the time at which half of 
the cells deactivated at a given stimulus. 

As with activation, deactivation occurred in glucose-dependent spatiotemporal clusters 
(Figure 6), a phenomenon observed at threshold stimulatory concentrations (Figure 6A and 
B), as well as supraphysiological stimulatory concentrations (Figure 6C and D). Exposure to 
lower stimulatory glucose concentrations evoked a small number of larger temporal clusters 
of deactivation. In contrast, a larger number of smaller temporal clusters were observed for 
high concentrations of stimulatory glucose (Figures 6E-F). Additionally, no correlation 
between deactivation and activation time ranks of cells was observed, neither at 8 mM nor at 
12 mM glucose (Figure 7). Deactivation times of beta cells were only weakly correlated with 
some plateau phase properties (frequency, duration, active time, and node degree, Figure S3). 
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Figure 6: Spatiotemporal characterization of beta cell deactivation. A-D Color-coded 
response deactivation after cessation of 8 mM (B) and 12 mM (D) glucose stimulation.  Loading 
of cells with OGB-1 is shown for respective islets (A and C). E Distribution of relative sizes of 
clusters signifying simultaneously deactivated cells after end of glucose stimulation. F 
Cumulative distribution of relative cluster sizes. Vertical lines indicate the relative temporal 
cluster size during deactivation of the first half of the beta cells in an islet. 
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Figure 7. The relationship between response half-activation and half-deactivation time.. 

 

4. Discussion 

In this paper, we aimed to assess the glucose-dependence of different beta cell classical and 
network functional parameters. To this goal, we systematically measured activation, plateau 
activity and functional beta cell network properties during this activity, as well as deactivation 
of beta cells in intact islets in acute tissue slices. We will now first discuss the little known 
patterns of heterogeneity apparent during the transient activation period of beta cells after 
stimulation with different glucose concentrations. We will then continue discussing the role 
of cell-cell interactions determining the rate of the activation in an islet as well as the size of 
the activating beta cell clusters during this process. A similar although inverse mechanism is 
in action during beta cell deactivation after the end of glucose stimulation. The coding for this 
inverse relation between activation and deactivation is happening on the level of beta cell 
collectives, rather than in single beta cells. Next, we will discuss dual coding of glucose 
stimulus contributing to the almost linear relationship between glucose concentration and 
active time, which stretches over a wide range of glucose concentrations. Finally, we will 
discuss the glucose dependence of beta cells collectives as complex networks and the general 
dissociation between the plateau activity parameters and beta cells activation as well as 
deactivation processes. 

Little attention has so far been given to the transient activation period of individual beta cells 
within an islet. The heterogeneity of beta cells during the activation process was largely 
neglected as activation appears either sufficiently synchronous among cells (Bertuzzi, Davalli 
et al. 1999) or varied to some degree (Gilon and Henquin 1992, Jonkers and Henquin 2001, 
MacDonald and Rorsman 2006, Hodson, Mitchell et al. 2013, Do, Low et al. 2014). In either 
case, no systematic analysis of this parameter has been performed so far. One of the major 
reasons for the general lack of interest is that the glucose concentration used in most 
experiments to stimulate beta cells has been and still is today, a high supraphysiological 
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concentration (> 15 mM glucose), where also in our hands, activation happens in a most 
synchronous fashion (Figure 1 E). Such synchronous activation fits well with the general belief 
that closure of ATP-dependent K+ channels causes simultaneous depolarization of beta cells, 
coupled into a functional syncytium (add Masa Islets). On the other hand, however, at 
physiological glucose concentrations (~8 mM glucose), the transient activation phase is 
prolonged, lasting longer than 10 minutes . This indicates a large degree of functional 
heterogeneity among beta cells or cell clusters. The idea of heterogeneity among beta cells 
has been around for decades (add Pipeleers). However, only recent experiments started to 
yield a large volume of evidence on its different flavors, be it in morphology (Bonner-Weir, 
Sullivan et al. 2015, Dolensek, Rupnik et al. 2015), protein and gene expression (Baron, Veres 
et al. 2016, Muraro, Dharmadhikari et al. 2016), connectivity (Rutter and Hodson 2013, 
Benninger and Piston 2014), or functional heterogeneity of both mouse and human beta cells 
(add some of Pats work). The activation process at the physiological glucose levels is actually 
so slow and limited to such small clusters of beta cells that it is plausible to question the 
prevailing view on the triggering pathway as a dominant on or off process in beta cell 
activation under physiological circumstances. Undoubtedly, physiological or pharmacological 
closure of KATP channels is one of the key events to activate beta cells. However, the present 
results strongly underline the important roles of intercellular coupling and recruitment as 
crucial events early during stimulation with physiological concentrations of glucose. 
Importantly, we showed previously that during periodic glucose stimulation protocols, which 
should more closely reflect physiological stimulation of beta cell collectives, beta cells do not 
synchronize to the level where [Ca2+]IC oscillations would spread over the entire islet (Refs 
SOC1, SOC2).  

We therefore want to emphasize that beta cells within an islet, although functionally coupled, 
shall not be regarded as a single functional unit in which each single cell displays almost 
identical and completely synchronous activation, plateau phase activity (Markovic, Stozer et 
al. 2015), and deactivation. After reaching the glucose concentration just above the 
physiological threshold, it takes some tens of minutes and a constantly elevated glucose level 
until all of numerous small clusters of beta cells distributed all over the islet eventually get 
activated into an active collective with a “wave-like” pattern, with spreading of the [Ca2+]IC  
signal among the beta cells in the form of clear [Ca2+]IC waves (Palti, BenDavid et al. 1996, 
Benninger, Zhang et al. 2008, Dolenšek, Stožer et al. 2013, Stožer, Dolenšek et al. 2013).  In 
our hands, at this low stimulatory glucose concentration, an average beta cell spent less than 
10 % of time in an active state within a rather segregated network with a limited number of 
strong interactions (Figure 4). When stimulatory levels of glucose were removed, such a 
collective of beta cells deactivated rapidly (Figures 5 and 7). On the other hand, collectives 
stimulated with supraphysiologically high glucose concentrations rapidly achieved the 
collective activation, spent more than 50 % of their time in an active state, but deactivated 
more slowly and gradually (Figs. 2, 5 and 7). Despite the evident negative correlation between 
activation and deactivation times at various glucose concentrations observed for the whole 
islet (Figure 7 D), detailed analysis on the level of individual cells or strongly interacting cell-
pairs in a beta cell network showed that there was no such correlation between activation and 
deactivation ranks. In other words, a beta cell that activated among the first did not 
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necessarily deactivate among the first or the last during deactivation. Similarly, there was no 
correlation between classic and network parameters of activity during the plateau and 
activation as well as deactivation phase. Our data suggest that activation and deactivation 
properties are a collective trait that could not be picked up on the level of individual cells or 
analysis of predominantly strong cell-cell interactions between network nodes only. Single cell 
resolution functional measurement of metabolic profiles or molecular snapshots following an 
experiment like performed for this study shall yield the information on how or if at all, either 
metabolic state or protein expression patterns fit the pattern of beta cell activation and 
deactivation. Furthermore, it is important to mention that beta cells are not a homogenous 
population within the whole animal. Rather, they form complex and multilayered system 
composed of subpopulations of islets within a pancreas (Ellenbroek, Töns et al. 2013, Zhu, 
Larkin et al. 2016), and on the next lower level of complexity also subpopulations of beta cells 
within an islet (Benninger and Hodson 2018, Nasteska and Hodson 2018). To complicate 
matters further, maturation of beta cells within an islet can change their metabolic status and 
physiological features (Bader, Migliorini et al. 2016). Current technology enables us to use 
computational analyses, like random matrix theory, on available datasets to readily segment 
functional heterogeneity of a single islet (add Korosak and Rupnik ArXiv or Frontiers 2019). 

Beta cell neighborhood within an islet appears to have a role in determining its activation 
profile (Figure 2). Activation is confined to small clusters of nearby cells with no predictable 
spatial pattern. The size of clusters increased with the glucose concentration indicating that 
the coupling between cells was affected by the glucose stimulus. Indeed, several studies 
suggested that glucose (Benninger, Hutchens et al. 2014) and sulphonylureas (Meda, Orci et 
al. 1984) affect the extent of coupling between beta cells directly. Alternatively, in electrically 
coupled cellular systems, the increased input resistance due to closure of K+ or in fact any ion 
channel in plasma membrane, increases the length constant for the transfer of a signal 
between the coupled cells, without a direct change in coupling extent. As the synchronization 
of beta cells within an islet depends on the extent of coupling (Calabrese, Zhang et al. 2003, 
Benninger, Zhang et al. 2008, Benninger and Piston 2014) these two alternatives could provide 
a plausible mechanism for the concentration-dependence of the activation delays. 

 

A hallmark of the plateau phase occurring during sustained stimulation with glucose, are 
repetitive fast [Ca2+]IC   oscillations. Few studies attempted to decipher how glucose modulates 
dynamics of calcium oscillations, yielding contradictory results, likely due to different glucose 
ranges tested. Microelectrode array study demonstrated that within the physiological 
concentration range glucose increased frequency only (Lebreton, Pirog et al. 2015), and sharp 
electrode and calcium imaging studies demonstrated that supraphysiological concentrations 
affected oscillation duration with little effect on the frequency (Meissner and Schmelz 1974, 
Henquin 1992, Barbosa, Silva et al. 1998, Antunes, Salgado et al. 2000). In the present paper, 
we demonstrate that the pattern of [Ca2+]IC oscillations tightly depends on the stimulus 
intensity, and, most importantly, the relation to the stimulus intensity shows dual coding 
properties (Figure 3). More specifically, within physiological limits of glucose concentrations, 
the frequency of oscillations follows the increase in the glucose concentration. At higher 
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glucose concentrations, the active time of beta cells is dominated by an increase in the 
duration of oscillations rather than their frequency. Previously, the dual coding properties of 
beta cells could only be inferred implicitly, for the lack of systematic analysis of frequencies 
and durations, or for the fact that too few concentrations were tested to scrutinize the coding 
properties. Combinatorial effect of increasing frequency and duration resulted in our study in 
an almost linear increase in active time over a wide range of glucose concentrations (Figure 
3), a feature also picked up in studies utilizing microdissected islets (Cook and Ikeuchi 1989, 
Henquin 1992). Active time thus serves as an excellent predictor of the amount of insulin 
secreted, as (i) electrical activity and calcium influx are closely related to insulin secretion 
(Ammälä, Eliasson et al. 1993, Barbosa, Silva et al. 1998, Satin 2000), and (ii) there is tight 
synchronization between calcium and insulin oscillations within a single beta cell (Gilon, 
Shepherd et al. 1993). The aforementioned proportional increase in insulin release stretching 
high into  the range of nonphysiologically high glucose concentrations (Ashcroft, Bassett et al. 
1972, Gao, Drews et al. 1990, Detimary, Jonas et al. 1995, Henquin, Nenquin et al. 2006, 
Benninger, Head et al. 2011, Low, Mitchell et al. 2013) has been integrated into the so called 
metronome hypothesis, which predicts that an increase in glucose increases the plateau 
fraction of the calcium oscillations, ultimately leading to an increase in the amplitude of insulin 
pulses (Satin, Butler et al. 2015). The described mechanisms most probably also involve 
increased mobilization and priming of insulin granules (Pedersen, Tagliavini et al. 2019).  

There is accumulating evidence that beta cells within an islet participate in a rich signal 
exchange with their neighbors, forming an electrically and chemically coupled network. Gap 
junctional coupling via connexin 36 proteins stands for short-range interactions, whereas the 
paracrine and cholinergic signaling mechanisms ensure also long-range interactions between 
cells (Zhang, Galvanovskis et al. 2008, Rutter and Hodson 2013, Molina, Rodriguez-Diaz et al. 
2014). For a long time we though that these mechanisms ensure the necessary means to 
overcome the heterogeneity of beta cells and enable high level of synchronous activity. In 
contrary, at physiological glucose levels beta cells are not completely synchronized and the 
resulting spatiotemporal dynamics is complex. The question arises to what extent the highly 
synchronous activity is necessary for normal physiology of beta cells and to what extent is the 
driving of beta cells into such synchronous activity using pharmacological tools reasonable for 
their long-term function and survival (add ref from Nature medicine Ecki)?  

Advanced network analyses based on thresholded pairwise correlations of Ca2+ imaging 
signals have proven to be a valuable tool to quantify the non-trivial intercellular interaction 
patterns in multicellular systems (Stetter, Battaglia et al. 2012, Feldt Muldoon, Soltesz et al. 
2013), including the pancreatic islets (Hodson, Mitchell et al. 2013, Stožer, Gosak et al. 2013, 
Markovic, Stozer et al. 2015, Johnston, Mitchell et al. 2016, Gosak, Markovic et al. 2018). These 
endeavors have been at least in part motivated by the fact that the arrangement and 
communication abilities between beta cells is an increasingly popular topic in islet and 
diabetes research, not only because its critical role in insulin release through the generation 
of coordinated rhythmic activity (Bavamian, Klee et al. 2007, Cigliola, Chellakudam et al. 2013, 
Benninger and Piston 2014, Rutter and Hodson 2014), but also due to the growing evidence 
that connectivity may plausibly be targeted by both environmental and genetic factors in the 
pathogenesis of diabetes mellitus (Hodson, Mitchell et al. 2013, Farnsworth, Walter et al. 
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2016, Westacott, Farnsworth et al. 2017). In the present study we pushed further our 
understanding of beta cell networks by exploring the glucose dependencies of intercellular 
behavior and by connecting the network properties with cellular signaling characteristics. Our 
results revealed that for physiological concentrations of glucose the functional networks are 
quite segmented, locally clustered and heterogeneous, whereas supraphysiological 
stimulation levels lead to globally more synchronized behavior and hence to denser and more 
integral and efficient networks, which corroborates previous undertakings (Gosak, Markovic 
et al. 2018). Moreover, mechanism governing the dynamics during the plateau phase seemed 
separate from the ones during activation and deactivation, as we could not detect any 
correlation between the plateau phase properties (frequency, duration, and network metrics) 
and activation (Figure S2) or deactivation (Figure S3).  
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Figure S1. Correlation 
between node 
degrees and 
oscillation frequency, 
duration, and active 
time during plateau 
phase. A Schematic 
cartoon depicting 
measured parameters. 
B-G Average frequency 
rank (B-C), oscillation 
duration rank (D-E) 
and relative active 
time rank (F-G) as a 
function of node 
degree rank for 8 mM 
(B, D, and F) and 12 
mM (C, E, and G) 
glucose. Results are 
based on 152 cells 
from 3 islets under 8 
mM glucose and 151 
cells from the islets 
under 12 mM glucose.  
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Figure S2. Correlations 
between response 
activation of cells and 
plateau phase response 
properties. A Schematic 
cartoon depicting 
measured parameters. B-I 
Response activation ranks 
as a function of response 
frequency (B-C), duration 
(D-E), active time (F-G), 
and node degree (H-I) 
after switching from 6 mM 
to 8 mM (B, D, F, and H) or 
12 mM (C, E, G, and I) 
glucose. Results are based 
on 152 cells from 3 islets 
under 8 mM glucose and 
151 cells from the islets 
under 12 mM glucose. 
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Figure S3. Correlations 
between response 
deactivation of cells 
and plateau phase 
response properties. A 
Schematic cartoon 
depicting measured 
parameters. B-I 
Response deactivation 
ranks as a function of 
response frequency (B-
C), duration (D-E), active 
time (F-G), and node 
degree (H-I) after 
switching from 6 mM to 
8 mM (B, D, F, and H) or 
12 mM (C, E, G, and I) 
glucose. Results are 
based on 152 cells from 
3 islets under 8 mM 
glucose and 151 cells 
from the islets under 12 
mM glucose. 
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