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Metabolic regulation of mitochondrial
morphologies in pancreatic beta cells:
coupling of bioenergetics and
mitochondrial dynamics
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Wen-Wei Tseng1, Ching-Hsiang Chu1, Yi-Ju Lee1, Shirui Zhao2,3,4,5, Chen Chang1, Yi-Ping Ho2,3,4,5 &
An-Chi Wei 1,6

Cellular bioenergetics andmitochondrial dynamics are crucial for the secretion of insulin by pancreatic
beta cells in response to elevated levels of blood glucose. To elucidate the interactions between
energy production and mitochondrial fission/fusion dynamics, we combine live-cell mitochondria
imaging with biophysical-basedmodeling and graph-based network analysis. The aim is to determine
the mechanism that regulates mitochondrial morphology and balances metabolic demands in
pancreatic beta cells. A minimalistic differential equation-based model for beta cells is constructed
that includes glycolysis, oxidative phosphorylation, calcium dynamics, and fission/fusion dynamics,
with ATP synthase flux and proton leak flux as main regulators of mitochondrial dynamics. The model
shows that mitochondrial fission occurs in response to hyperglycemia, starvation, ATP synthase
inhibition, uncoupling, and diabetic conditions, in which the rate of proton leakage exceeds the rate of
mitochondrial ATP synthesis. Under these metabolic challenges, the propensities of tip-to-tip fusion
events simulated from the microscopy images of the mitochondrial networks are lower than those in
the control group and prevent the formation of mitochondrial networks. The study provides a
quantitative framework that couples bioenergetic regulation with mitochondrial dynamics, offering
insights into how mitochondria adapt to metabolic challenges.

Mitochondria, which are responsible for the generation of adenosine tri-
phosphate (ATP) via oxidative phosphorylation (OXPHOS), are motile
organelles that exhibit dynamic structures owing to fission and fusion
cycles1–6. Fission-fusion cycles, which are typically referred to as mito-
chondrial dynamics, are related to the regulation of energy production and
the quality control of the mitochondrial network7–9. Mitochondrial fusion
and biogenesis maintain the mitochondrial mass and network10–12. More-
over, quality control is achieved by asymmetric fission, which splits one
mitochondrion into two daughter mitochondria with different mitochon-
drial membrane potentials. Deenergized mitochondria are subsequently
removed through mitophagy4,9,13–15. At the molecular level, fusion and fis-
sion events are driven by large GTPases. Mitofusin 1 (Mfn1) and 2 (Mfn2)

on theoutermitochondrialmembrane (OMM)andoptic atrophy1 (OPA1)
on the inner mitochondrial membrane (IMM) are associated with
fusion events. In contrast, mitochondrial fission 1 protein (Fis1), dynamin-
related/-like protein 1 (Drp1), and Dynamin2 (Dnm2) regulate mito-
chondrial fission events1,12,16–21.

The mitochondrial network may shift to different morphologies
depending on the metabolic task. Recent studies have linked the nutrient
supply and energy demand to mitochondrial dynamics, which implies that
themitochondrial architecture adapts tometabolic demands22–26. Taking rat
insulinoma (INS-1) cells as an example7, mitochondrial networks are more
tubular during the G1 to S phases to produce energy and perform bio-
synthesis, whereas mitochondria are more fragmented during the G2 to M
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phases to ensure that mitochondria are equally distributed into daughter
cells. In cancer cells, mitochondrial dynamics are also crucial for metabolic
rewiring, metastasis, drug resistance, and cancer stem cell survival27–29.
Pancreatic beta cells sense the glucose concentration by coupling glycolysis
to the citric acid cycle (CAC) andOXPHOS to synthesizeATP, and this step
increases the ATP-to-ADP ratio, closes ATP-inhibited potassium channels
(KATP channels), triggers calcium influx, and excretes insulin vesicles30,31.
This process, which is called glucose-stimulated insulin secretion (GSIS), is
correlated with changes in mitochondrial morphology32–34. Glucose sti-
mulation can induce short-term (approximately 1 h) mitochondrial frag-
mentation and recovery32.

In contrast, perturbations in mitochondrial dynamics are associated
with the deterioration of mitochondrial network quality, mitochondrial
dysfunction, decreased ATP synthesis capacity, impaired calcium home-
ostasis, and even cell death35. Insulin resistance and type 2 diabetes (T2DM)
are associated with hampered mitochondrial functions in OXPHOS and
CACmetabolism36,37, which leads to a decrease in the sensitivity of beta cells
to glucose stimulation for the secretion of insulin. Fragmented mitochon-
drial networkmorphologies have also been found in diabetic beta cells25,38–42.
The artificial blockage of fission proteins in INS-1E cells hinders glucose
sensing and insulin secretion32.

A variety of studies have evaluated mitochondrial morphology and
mitochondrial network fission/fusion dynamics through various techni-
ques. For instance, researchers can gain direct evidence of mitochondrial
network shapes and measure mitochondrial motility, fission, and fusion
rates through fluorescence microscopy43–45. Image preprocessing and ana-
lysis techniques are indispensable for revealing information from these data
and further providing quantitative evidence of the results based on mito-
chondrial dynamics45–48.

In contrast, in silicomodels are attained through computer simulations
and describe the relationships between substrate input and mitochondrial
ATP production. The widely adopted46–51 mathematical model of beta-cell
mitochondria by Magnus and Kaiser52 described the influence of intracel-
lular calcium dynamics and adenylate levels on ATP synthesis and the
mitochondrialmembrane potential. Themodel was further simplified53 and
then revised54 to reveal the frequency by which ATP synthesis responds to

respiring substrates and the cytosolic concentrations of calcium. The INS
beta-cell models constructed by Fridlyand et al. 55–58 are focused on ATP
production, plasma membrane potential dynamics, intracellular calcium
oscillations, signal transduction, and insulin secretion in response to glucose
stimulation, i.e. GSIS. Although mitochondrial bioenergetics models
describeATP synthesis upon substrate addition,mitochondria are regarded
as a single entity without fission/fusion dynamics.

Alternatively, mitochondria can be treated as individual agents that
undergo fission/fusion dynamics, and the overall mitochondrial network
mass, structure, and quality can be evaluated59–61. Patel and coworkers35

devised an agent-based model (ABM) to simulate mitochondrial move-
ment, fission, fusion,mitophagy, and biogenesis processes and revealed that
the selective mitophagy of damaged mitochondria improves overall mito-
chondrial health. Sukhorukov and coworkers62 described mitochondrial
fission-fusion dynamics as the dissociation and association of nodes to
simulate the images of mitochondrial networks in HeLa cells obtained
through fluorescence microscopy. Their idea was further expanded by
Zamponi et al. to analyzemitochondrial network structural complexity and
Shah et al.41 to estimate fission/fusion rate differences in healthy and
unhealthy cells.

However, only a few studies have combined bioenergetics and mito-
chondrial fission-fusion dynamics due to the complexity involved in the
mathematical model and the scarcity of data related to fusion and fission
rates frommicroscopic observations obtained withmicroscopes. One of the
few examples is Kornick’s population-based model63, which is a mini-
malistic ODE-based model that simulates the dynamics of fragmented/
fused and healthy/unhealthy mitochondrial populations and is dependent
on the generation and consumption of ATP. However, the mathematical
descriptors for bioenergetics and fission/fusion rates were set based on
constant ratios of healthy and unhealthymitochondria without considering
any mechanistic details of OXPHOS and the associated effects on mito-
chondrial dynamics.

To this end, our study aimed to bridge cellular bioenergetics, mito-
chondrial network dynamics, and microscopic observations together
(Fig. 1). We simulated the model and matched the mitochondrial network
pattern changes observed by microscopy under various metabolic

Fig. 1 | Study ofmitochondrial bioenergetics anddynamics coupling.Glucose and
inhibitors of the mitochondrial respiratory chain induced different mitochondrial
responses and morphological changes in INS-1 cells. Image analyses were used to
quantify the changes in fluorescence microscopy images of mitochondria under

metabolic challenges. Computational models that coupled mitochondrial bioener-
getics and mitochondrial dynamics were used to simulate and explain the experi-
mental observations.
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conditions, such as different glucose concentrations and in the presence of
chemicals that affect the mitochondrial respiratory chain, to investigate the
bioenergetic coupling of mitochondrial dynamics in pancreatic beta cells.
Model simulations revealed how the mechanisms that regulate mitochon-
drial dynamics can link the nutrient environment to mitochondrial
dynamics and bioenergetics; in addition, the simulations revealed how these
mechanisms are related to progressive mitochondrial dysfunction in
metabolic diseases.

Results
Interactions between mitochondrial energetics and dynamics
To study the relationship between mitochondrial bioenergetics and
mitochondrial dynamics, we varied the ATP synthase capacity to simulate
oligomycin blocking ATP synthase, the electron transport chain (ETC)
capacity to simulate rotenone blocking respiratory complex I,
and the proton leak parameter to simulate carbonyl cyanide-p-
trifluoromethoxyphenylhydrazone (FCCP) increasing the proton leak
rate.We also varied glucose concentrations simultaneously, creating a two-
dimensional map of steady states (Fig. 2). We collected and compared the
steady states of the average degree of nodes, the mitochondrial membrane
potential, and the ATP-to-ADP ratio. The cell responses to the toxicants
wereused as a testing set to constrain themodel parameters, andglucose and
other substrates were used for validation. In all scenarios, when the glucose
levels increased, the decreased average degree of nodes tended to cause the
mitochondrial network to fragment, and both the ATP-to-ADP ratio and
the mitochondrial membrane potential increased. The inhibition of ATP
synthase activity resulted in higher mitochondrial membrane potentials, a
lower ATP-to-ADP ratio, and a more fragmented mitochondrial network.

In contrast, the inhibition of ETC activity moderately suppressed the
mitochondrial membrane potential and the ATP-to-ADP ratio and gen-
erated a fusedmitochondrial network. An increase in proton leak decreased
the mitochondrial membrane potential, decreased the ATP-to-ADP ratio,
and disrupted the mitochondrial network (Fig. 2). A similar trend in
mitochondrial dynamics was also observed in the Mitometer64 measure-
ments of fission-fusion rates from the time-lapse images of INS-1 cells
cultured in different media. (Supplementary Fig. 1b).

Glucose stimulates mitochondrial bioenergetics with morpho-
logical changes
We further investigated mitochondrial morphological changes that occur-
red upon glucose stimulation. Glucose is a stimulus signal for metabolic-
secretion coupling. Mitochondria in pancreatic beta-cells respond to
increases in blood glucose, which leads to an increased ATP-to-ADP ratio
from increased oxidative phosphorylation; then, this process triggers the
release of insulin granules from increasing intracellular calcium con-
centrations. Thus, the first step in determining how cellular metabolism
regulates mitochondrial dynamics involves exploring the mechanism
through which glucose concentration affects mitochondrial dynamics. We
simulated steady-state concentrations of metabolites in response to a range
of glucose concentrations. Elevated glucose concentrations increased the
steady-state levels of glycolysis metabolites (glyceraldehyde 3-phosphate
and pyruvate), the CAC product (NADH), and the OXPHOS products
(ATP and ATP-to-ADP ratio) (Fig. 3a–g). Glycolytic flux through gluco-
kinase (GK) drove the downstream reactions between CAC and OXPHOS.
The average cytosolic calciumconcentration (Fig. 3c) also increased because
it was linked to an increasing ATP-to-ADP ratio (Fig. 3f) in this model.

Fig. 2 | Steady-state values for a range of glucose concentrations and mito-
chondrial bioenergetics. The steady-state values of the average node degree
(a, d, and g; denoted as <k > ), mitochondrial membrane potential (b, e, and h;
denoted as ΔΨ) and ATP-to-ADP ratio (c, f, and i; denoted as T:D) are represented
by the colors in the 2D contour plots. The relative glucose concentrations are shown

on the X-axis, and 5 mM is denoted as 1X in the simulation. The relative activities of
ATP synthase (a, b, and c), the ETC (d, e, and f), and proton leakage activity
(g, h, and i) on the Y-axis are presented by comparison to the baseline model values.
The translucent arrows indicate how the mitochondrial parameters change in
response to the addition of oligomycin, rotenone, or FCCP.
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Mitochondrial calcium (Fig. 3c) increased from calcium influx into the
mitochondria through the mitochondrial calcium uniporter, further
increasing the reaction rates of CAC and OXPHOS to produce more ATP.
Our experimental measurement also showed that the ATP-to-ADP ratio
increases with glucose (Supplementary Fig. 2a).

Moreover, the mitochondrial network became more fragmented in
response to elevated glucose concentrations. The population of terminal
degree-1 nodes (Fig. 3h) increased, while the average node degree decreased
(Fig. 3i). The mitochondrial network showed the highest degree of fusion
with the highest average degree of nodes at the resting glucose concentration
(1X, 5mM in the model).

Comparing microscopy images of INS-1 cells to model
simulations
To corroborate the findings from our computational model, we obtained
fluorescencemicroscopy images of INS-1 rat insulinoma cells under various
metabolic conditions. We analyzed mitochondrial network morphologies
under a range of glucose concentrations (0X, 1X, 3X, and 6X, where 1X
represents 5mM of glucose in the simulation and 2 g/L in the INS-1
experiments) (Fig. 4a–c) and mitochondrial toxicants: rotenone, oligomy-
cin, and FCCP (Fig. 5a–c). The analysis of mitochondrial morphology
revealed that the networks showed a greater degree of fusion at a baseline
glucose concentration of 1X (5mM) and were more fragmented when the
glucose concentrations were high (3X, 6X) or low (0X) (Fig. 4d).

The fluorescence intensities of the membrane potential dependent
tetramethylrhodamine methyl ester (TMRM) dye were the lowest at 0X,
whereas higher values were obtained under 1X, 3X, and 6X glucose con-
centrations (Fig. 4d), revealing higher mitochondrial membrane potentials
under higher glucose concentrations. A similar trend in mitochondrial
membrane potential was also observed in the PANC-1 cell line stainedwith

a fluorescent mitochondrion-specific dye and analyzed by flow cytometry
(Supplementary Fig. 3).

Mitochondria treated with oligomycin exhibited the highest mem-
brane potential, whereas those treatedwith FCCPhad the lowestmembrane
potential (Fig. 5d). In addition, the membrane potential of the rotenone
group was slightly lower than that of the control group, but the differences
were not statistically significant. These results are consistent with the
respective chemical mechanisms: oligomycin blocks ATP synthase, rote-
none inhibits complex I in the ETC, and FCCP increases proton leak across
the inner mitochondrial membrane.

With respect to mitochondrial morphology, the oligomycin group
showed the most fragmented mitochondrial networks and rounded mito-
chondria (Fig. 5a). The FCCP group was less fragmented than the oligo-
mycin group butmore fragmented than the control group, although the low
pixel intensity might impact the quality of the analysis. Compared with the
control group, the rotenone group showed no significant change in mito-
chondrial morphology. The experimental and simulation results of galac-
tose and free fatty acid addition showedmore fusedmitochondrial networks
in the galactose group and more fragmented networks in the free fatty acid
group. (Fig. 6, Supplementary Figs. 5, 6). Deoxyglucose, an analog of glucose
that acts as a competitive inhibitor of glycolysis, is associated with mito-
chondrial fragmentation.

Prediction of the response to calcium oscillations
Cytosolic calcium is a key factor in the secretion of insulin by pancreatic
cells.Mitochondria sense and shape cytosolic calcium in response to glucose
stimulation to modulate metabolism–secretion coupling. An interesting
topic that could be explored using our model is how mitochondria act as
both recipients and generators of calcium signals. The followingmain types
of cytosolic calcium oscillations have been observed in pancreatic β-cells:

Fig. 3 | Simulated steady states under a range of
glucose concentrations. Steady-state values of (a)
glyceraldehyde 3-phosphate (in µM), (b) pyruvate
(in µM), (c) calcium (in µM), (d) cytosolic and
mitochondrial NADH-to-NAD ratios, (e) ATP,
ADP, and AMP (in µM), (f) the ATP-to-ADP ratio,
(g) the mitochondrial membrane potential (in mil-
livolts, mV), (h) the mitochondrial population in
node degrees 1, 2, and 3, and (i) the average degree of
nodes were compared under different glucose con-
centrations. The x-axis represents relative glucose
concentrations, with 5 mM being 1X in the model
simulation.
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fast oscillations with periods ranging from seconds to slow oscillations with
periods of minutes. In this study, we focused only on slow oscillations in
pancreatic β-cells. The cytosolic calcium levels in our in silico model are
steady-state averages controlled solely by the cytosolic ATP-to-ADP ratio
without plasma membrane electrophysiology or calcium oscillations.

Therefore, we introduced a periodic oscillator (see Eq. 10 in the supple-
mentary note) of cytosolic calcium to investigate how our in silico model
responds to cytosolic calcium oscillations55. The shape and period of the
calcium oscillator were in accordance with previous studies65 of mouse
pancreatic β-cells under glucose stimulation (Fig. 6). Compared with the
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cytosolic calcium levels, the mitochondrial calcium levels oscillated with a
greater amplitude with a slight delay. However, the ATP-to-ADP ratio and
the mitochondrial membrane potential decreased as the level of cytosolic
calcium increased, due to increased calcium-dependent cytosolic ATP
consumption, increasing ATP synthesis and export, and decreasing mito-
chondrial proton leakage. Accordingly, the mitochondrial network fused
slightly during the surge of cytosolic calcium (Fig. 7).

Predicting the response of diabetic cells to glucose stimulation
To simulate the inhibition of mitochondrial metabolism in diabetic beta
cells, we reduced the enzyme activities of pyruvate dehydrogenase, ETC
complex, and ATP synthase36 while increasing the rate of proton leakage66

(SupplementaryTable 1). Diabetes conditionswerefirst tested by sequential
challenges with glucose and chemicals (Fig. 8a–i) according to the experi-
mental protocol used for mouse islets36. Compared to the baseline model,
the diabetic model had lower cytosolic NADH levels but markedly higher
pyruvate levels at higher glucose concentrations (Fig. 8k, l). The diabetic
model also showed an attenuated response to increased glucose levels in
terms of ATP levels, cytosolic and mitochondrial calcium levels, and
mitochondrial membrane potential (Fig. 8e, f, g, h, n, o, p, q). Compared
with the baselinemodel, the diabeticmodel presented highermitochondrial
NADH levels at lower glucose levels, but the baseline model showed higher
mitochondrial NADH levels at higher glucose levels (Fig. 8m). Across
various glucose levels, the change in mitochondrial network morphology
was less prominent in thediabeticmodel than in thebaselinemodel (Fig. 8r).

Comparison of glucose stimulation responses under various
conditions
To summarize our findings, we plotted fission and fusion kinetics under
glucose stimulation in different cellular conditions, including the default
(baseline)model, the diabetic parameter set, the ETC inhibited by rotenone,
the ATP synthase inhibited by oligomycin, and the proton leakage rate
increased by FCCP (Fig. 9). The baselinemodel showed a biphasic response
to glucose stimulation. The mitochondrial network was the most fused
around the default glucose concentration of 5mM (Fig. 9a, black line)
because the fission force (related to the proton leakage rate) outpaced the
fusion force (related to the ATP synthesis and export rate) at high glucose
concentrations (Fig. 9b, black line). The simulations also showed that the
mitochondrial networks were more fragmented than those in the baseline
model in the presence of oligomycin and FCCP, as well as in the diabetic
dataset.

Discussion
Mitochondria are highly dynamic and motile organelles that undergo
constant fusion and fission, as observed from live-cell fluorescence imaging.
These fission and fusion processes are critical for controlling the quality and
functionofmitochondria.An in silicomodel ofmitochondrial bioenergetics
and dynamics was proposed in this study, and this model reproduced
several microscopic observations of pancreatic cell mitochondrial network
morphology under various glucose concentrations and chemical treat-
ments. Increasing the glucose concentration, inhibiting ATP synthase, and
increasing proton leakage resulted in a fragmented mitochondrial network.
The in silico approach provided the following insights into the driving
forces of mitochondrial dynamics: the fission rate is related to proton

leakage, and the fusion rate is associated with mitochondrial ATP synthesis
and export.

Our in silico model was constructed based on two previous indepen-
dent works that governed glucose-stimulated ATP synthesis and fission/
fusion processes ofmitochondrial networks23,62. The choice of fission/fusion
rates connects cellular bioenergetics and mitochondrial dynamics together.
For simplicity, we fixed the mitochondrial fission period to 10min
according to previous studies35,59,63. The fusion rate was increased by the
OXPHOS ATP synthesis rate (JANT) and inhibited by the proton leakage
rate (JHL). These fission and fusion rates were then used to simulate the
mitochondrial network architectures in bioimages under differentmodes of
energy supply and expenditure. JANT and JHL were chosen because
uncoupling (proton leakage) can activate Oma1, which cleaves Opa1, to
inhibit fusion. Uncoupling can also activate calcineurin and Drp1 to trigger
fission23,67. In contrast, the GTP source for Opa1 may be fueled by mito-
chondrial ATP synthesis by ATP synthase and subsequent export by the
adenine nucleotide translocator (ANT) and mitochondrial nucleoside
diphosphate kinase (NDPK-D) at the inner mitochondrial membrane,
promoting fusion and preventing mitophagy68–71.

Because of the conservation of mass and charge, at steady state, the
protons pumped by ETC complexes (JHR) should balance protons return to
mitochondria: either passing through ATP synthase (JHF) to generate ATP
or leaking through the inner mitochondrial membrane (JHL). Proton flux
through ATP synthase (JHF) is also coupled to ATP export flux (JANT) at a
ratio of 3:1 in our model. To summarize, at the steady state, the model has
the following relationship:

JHR ¼ JHF þ JHL ¼ 3JANT þ JHL ð1Þ

A higher proton leakage rate (JHL) relative to the ATP synthesis rate
(JANT) results in more fragmented mitochondrial networks and a smaller
average degree of mitochondrial nodes, and vice versa. High glucose con-
centrations increased the mitochondrial membrane potential (ΔΨm)
(Figs. 2, 3), JANT, and JHL.However, JHL is exponentially dependent onΔΨm
and increases faster than JANT, which exhibits a sigmoidal dependence on
ΔΨm(Fig. 9).Therefore, at higher glucose levels, themitochondrial network
wasmore fragmented, as indicated by a smaller averagedegreeof nodes.The
mitochondrial network also became more fragmented at glucose levels
lower than the baseline value of 1X (5mM) because a greater decrease was
observed for JANT than JHL. At the baseline glucose level (1X, 5mM), the
difference between the fusion and fission rates was greatest and the mito-
chondrial network was most fused. The inhibition of ATP synthase and
increases inproton leakage resulted ina fragmentedmitochondrial network.
The model also reproduced the observed mitochondrial fragmentation
(Fig. 4) after FCCP or oligomycin were added (Fig. 2) because the former
enhances proton leakage (JHL) and the latter inhibits ATP synthase (JANT)
(Fig. 9). As simulated by a reduction in ETC activity in the ODEmodel, the
addition of rotenone to block complex I hampered the response to glucose
addition (Fig. 9) because the fission/fusion forces (JHL and JANT) were both
limited by the upstream reaction (JHR). In our study, rotenone did not
significantly change the mitochondrial network architecture, as shown by
microscopy images of INS-1 cells (Fig. 5). However, the effects might
depend on its dosage and cell type72,73. The mitochondrial network was
tipped toward fusion when galactose was used as the culture medium and

Fig. 4 | Mitochondria in INS-1 cells exhibited distinct morphologies under dif-
ferent glucose concentrations. a Representative fluorescence images of mito-
chondria in INS-1 cells labeled with TMRM under our different glucose
concentrations (with a baseline glucose concentration of 2 g/L, which is referred to as
1X in INS-1 cell culture medium). b Three-dimensional rendered surface images of
the mitochondria in (a). The images were created using Imaris software (Oxford
Instruments). The separated mitochondria are labeled with different colors corre-
sponding to their volumes. c Histograms showing the distribution of volume and
sphericity for separated mitochondrial components in an individual cell under a
range of glucose concentrations. The data were acquired from cells in the images

presented in (a). d Box plots of the 2D image analysis of mitochondria in INS-1 cells
under different glucose concentrations. N = 60, 68, 64, and 58 cells for glucose
concentrations of 0X, 1X, 3X, and 6X, respectively. The lower and upper bounds of
the box are the first and third quartiles of the data, and the median is the line inside
the box. The lower and upper whiskers represent the smallest and largest data points
within 1.5 times the interquartile range from the first quartile and third quartile,
respectively. All morphological indicator data were obtained using the image ana-
lysis pipeline in “Materials and Methods” section. Statistical significance was
determined using Welch’s t test.
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the cell were forced to utilize OXPHOS as the energy source, as demon-
strated by the literature74 and our experiments and simulations (Fig. 6 and
Supplementary Fig. 5).

Overall, perturbations tomitochondrial energetics, such as increases in
the proton leakage rate, inhibition of mitochondrial ATP synthase, and

combined parameter alterations in diabetic cells, increased mitochondrial
fragmentation. In contrast, inhibiting the ETC yielded a more fused mito-
chondrial network at high glucose concentrations because limiting proton
pumping restricted JHL more greatly than JANT. Compared with default
parameters, perturbations to mitochondrial energetics parameters also
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reduced the dynamic range of fission/fusion rates across various
glucose concentrations, which implied that the mitochondrial network
structure is less responsive tometabolic changes. Our results also confirmed
that the inhibition of mitochondrial fusion depends on the proton motive
force and does not require the mitochondrial membrane potential to
be reduced.

Mitochondrial dysfunction, including changes in respiratory chain
activity, is related to dysfunctionalGSIS inmodels of type 2 diabetes. Energy
changes, such as reduced ATP levels, ATP-to-ADP ratios and mitochon-
drial membrane potential, were observed in diabetic beta-cells75, and these
cells exhibited increased levels of mitochondrial complex I, ATP synthase,
uncoupler protein 2 (UCP-2), and reactive oxygen species (ROS)76. While
mitochondrial dynamics maintain a metabolically efficient mitochondrial
population, an imbalance between mitochondrial fusion and fission also
contributes to beta-cell dysfunction in the progression of diabetes.

In the diabetic cell simulation, we reflected the inhibitedmitochondrial
metabolism in diabetic cells through restricting the activities of several
metabolic checkpoints, including pyruvate dehydrogenase, which controls
the CAC, the ETC, and ATP synthase36. In our simulations, the

mitochondrial membrane potential and NADH levels were greater in the
diabeticmodel than in the baselinemodel at a resting glucose concentration
of 5mM (Fig. 8m, p). However, the reverse was observed as the glucose
concentration increased. This phenomenon was also observed by Hay-
thorne et al.36, who found that the restriction of mitochondrial metabolism
blunted the responses to increasing glucose levels across various variables
starting from the CAC, including mitochondrial calcium, NADH, and
membrane potential. The limited ATP synthesis obtained from decreased
ATP synthase activity and a lower mitochondrial membrane potential
hampered the increases in the cytosolicATP-to-ADP ratio and the cytosolic
calcium levels (Fig. 8), reflecting the decreased effectiveness of insulin
secretion in response to glucose stimulation. While we increased the basal
proton leakage rate in the diabetic model in our simulation (Supplementary
Table 1), the contribution of proton leakage to the total oxygen consump-
tion rate (OCR) varied only slightly between healthy and diabetic mice
(Fig. 8a), as observed in a previous study on mouse islets by Haythorne
et al.36. The sensitivity to glucose stimulation in theODEmodelmainly relies
on the proton leakage rate55. A greater basal proton leakage rate shifted the
curves of calcium and ATP responses rightwards (Fig. 8), decreasing the

Fig. 5 | Mitochondria in INS-1 cells exhibited distinct morphologies under dif-
ferent chemical perturbations. a Representative fluorescence images of mito-
chondria in INS-1 cells labeled with TMRM in the presence of oligomycin, FCCP,
and rotenone at a concentration of 10 μM. bMasked images of mitochondria in
images (a). Binary images were first obtained using FIJI software and then mapped
with different colors corresponding to their areas. c Histograms showing the dis-
tribution of area and ellipticity for separated mitochondrial components in an
individual cell under different glucose concentrations. The data were acquired from
cells in the images shown in (b).dBox plots of the 2D image analysis ofmitochondria

in INS-1 cells under different chemical conditions. N = 41, 43, 40, and 53 for the
control, FCCP, oligomycin and rotenone groups, respectively. The lower and upper
bounds of the box are the first and third quartiles of the data, and the median is the
line inside the box. The lower and upper whiskers represent the smallest and largest
data points within 1.5 times the interquartile range from the first quartile and third
quartile, respectively. All morphological indicator data were obtained using the
image analysis pipeline in “Materials and Methods” section. Statistical significance
was determined using Welch’s t test.

Fig. 6 | Comparison of baseline, galactose, and
fatty acid addition models under a range of glu-
cose/galactose levels. The steady-state values of (a)
the cytosolic NADH-to-NAD ratio, (b) the mito-
chondrial NADH-to-NAD ratio, (c) the ATP-to-
ADP ratio, (d) the mitochondrial membrane
potential, (e) the average degree of the mitochon-
drial network, and (f) the oxygen consumption rate
for the glucose parameters (blue, denoted Baseline),
galactose model (orange, denoted Gal), and fatty
acid addition (green, denoted FFA) across a range of
glucose/galactose levels (with 1X equal to 5 mM).

https://doi.org/10.1038/s42003-024-06955-3 Article

Communications Biology |          (2024) 7:1267 8

www.nature.com/commsbio


responsiveness of the cells to glucose stimulation; this situation is more
consistent with diabetic conditions, including persistent high glucose
and lipid levels. Additionally, proton leakage across the innermitochondrial
membrane is mediated via uncoupler protein 2 (UCP-2), which is
stimulated by high nutrient levels and ROS production and disrupts
the mitochondrial membrane potential, ATP synthesis, and insulin
secretion66.

With respect to the mitochondrial network architecture, diabetic cells
showed a more fragmented configuration than that of baseline cells in the
model group at a resting glucose concentration of 5mM, as the average
degree of mitochondrial nodes was smaller (Fig. 8), which was consistent
with previous microscopic observations39,41,77. The range for the average
degree of mitochondrial nodes across various glucose concentrations was
less prominent in the diabetic model than in the baseline model, possibly
indicating that diabetic beta cells exhibit less metabolic plasticity than
healthy beta cells (Figs. 8, 9)22,67. Aging also manifests as a metabolic syn-
dromecharacterizedby impairments in glucosehomeostasis,mitochondrial
metabolism and insulin secretion from pancreatic β-cells. Ourmodelmight
be able to explain the swelling and fragmentedmitochondrialmorphologies
in aging cells13,78.

To clarify the relationship between fusion/fission rates and environ-
mental conditions, we adapted a graph theory-based network model62 to
simulatemitochondrial fission/fusion processes in individualmitochondria
(Fig. 10). The network model consists of two types of fusion and fission
events, tip-to-tip (C1) and tip-to-side (C2) fusion-to-fission ratios, to
elongate andbranch out themitochondrial network. In ourODEmodel, the
C1 and C2 fusion-to-fission ratios were influenced by the OXPHOS ATP
synthesis rate and the proton leakage rate. Here, by observing C1 and C2,
which were extracted and fitted to microscopy images from the mito-
chondrial network model, we estimated the propensity of different types of
mitochondrial fusion and fission events under different conditions. In the
case of low- to high-glucose conditions, mitochondria under 1X and 3X

concentrations harbored greater amounts of C1 and C2 (Fig. 10d), which
was consistent with the network-like morphologies observed from the
image analysis. The lower values ofC1 andC2at 0Xand6Xalso corroborate
the fragmentedmorphology of themitochondria. In contrast, in the toxicity
fitting, significantly fragmented mitochondria induced by oligomycin pre-
sented a lower C1 value. Higher C1 values were consistently found in the
control group and in the group treated with rotenone between the image
analysis results and the parameter fitting obtained from network modeling.
Interestingly, the FCCP group had a lower C2 value rather than a lower C1
value. This result suggests that mitochondrial fragmentation by FCCP
occurs through a different mechanism (decreased tip-to-side fusion) that
does not involve oligomycin (decreased tip-to-tip fusion). By revisualizing
themitochondrial dynamics in the agent-basedmodel simulation (Fig. 10f),
“Average Degree” was tracked along with the iterations under different
conditions (Fig. 10e), in which fragmented networks, such as those under
oligomycin and 0X conditions, had smaller values during simulations. A
simulatedmodel for 1X glucose harbored the largest C1 andC2 and showed
themost complicated network. In contrast, a simulated network for 0X was
significantly fragmented with more segmented short branches, which was
consistent with the results obtained through image analysis and genetic
algorithm fitting. We also counted fission/fusion events in the time-lapse
microscopy videos using a Mitometer64 to confirm the simulation predic-
tions. The ratios of fission-to-fusion rates (Supplementary Fig. 1) corre-
spondedwith the simulation results. The fission-to-fusion rates were lowest
under the baseline glucose concentration (5mM), and the ratio increased
with low or high glucose levels and with oligomycin/FCCP treatment,
corresponding to a more fragmented mitochondrial network.

All the models are abstractions to their real-world counterparts, and
our ODEmodel is no exception. Our ODEmodel emphasizes the influence
of mitochondrial bioenergetics on mitochondrial morphology. To easily
constrain the parameters and analyze the general behavior of themodel, we
included some assumptions and simplifications.

Fig. 7 | Response to cytosolic calcium oscillations.
Cellular concentrations (in μM) of (a) cytosolic and
mitochondrial calcium, (b) ATP-to-ADP ratio, (c)
mitochondrial membrane potential (in mV), (d) the
average degree of nodes in the mitochondrial net-
work, and (e) the ATP export rate by the ANT and
the proton leak rate. The results of the last 8 min of
the simulation are shown.
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In ourmodel, glucose served as themain energy source. Glycolysis and
OXPHOS were the main metabolic pathways driving GSIS. Several meta-
bolic pathways, such as the pentose phosphate pathway (PPP)7,36, ROS
generation and signaling73,79, amino acid metabolism33,36,40,80–82, lipid
metabolism40, and matrix mitochondrial GTP generation from the CAC,
were not explicitly included in the model70,83.

The cytosolic calcium levels in our model were calculated as steady-
state averages as a function of the intracellular ATP-to-ADP ratio. As the
focus of this study was the steady-state analysis of metabolic (ATP, mito-
chondrial membrane potential) implications for mitochondrial fission/
fusion dynamics, a steady-state average cytosolic calcium level would
facilitate the study of model behaviors. To avoid introducing too much
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complexity into the model, the section representing calcium oscillations
used an independent periodic function (Fig. 6 and “Materials and Meth-
ods”) rather than including full descriptions of plasma membrane electro-
physiology and calcium signaling56,84,85. This simple modeling could still
reproduce the curves of cytosolic calcium and ATP levels in the previous
beta-cell study65. The average degree of mitochondrial nodes fluctuated due
to varying ATP synthesis rates and mitochondrial membrane potentials;
however, the amplitude was smaller because the time scale of fission/fusion
dynamicswas substantially longer (10min) than that of calciumoscillations
(2min). There are also reports that calcium overload is associated with
mitochondrial fission86,87. This phenomenonwas not observed in ourmodel
because calcium only performed a metabolic role and not a signaling role.
Cytosolic calcium enhances cytosolic ATP consumption, and mitochon-
drial calcium enhances ATP synthase activity in our model. Thus, in the

simulations, increasing calcium led to greater ATP synthase rates because
more ADP was available due to cytosolic ATP consumption and a lower
proton leak rate; this occurred because the proton motive force was tapped
by ATP synthase. Therefore, the mitochondrial networks became more
fused at higher calcium concentrations (Supplementary Fig. 7). However,
calcium could increase mitochondrial fission when present at high calcium
concentrations, particularly in the context of cellular stress, such as nutrient
deprivation, as shown in the simulation.

In addition to ATP synthesis and proton leak flux, several bioenergetic
mechanisms are involved in mitochondrial fusion/fission cycles. For
instance, the fusion GTPase Opa1 is degraded in depolarizedmitochondria
to prevent damaged mitochondria from merging with the mitochondrial
network11. Another component not included in this model was AMP-
activated protein kinase (AMPK).During starvation, an increasedAMP-to-
ATP ratio activates AMP-activated protein kinase and triggers downstream
signal transduction pathways to promotemitochondrial fission,mitophagy,
and biogenesis88–90. However, mitochondrial mass was considered constant
in our model without mitophagy or biogenesis processes. Additionally, the
simulations focused on glucose levels higher than the baseline value of
5mM; therefore, AMP-activated protein kinase activation via starvation
played a lesser role in our simulations. Finally, mitochondrial network
fragmentation is also associated with ROS2,27,79,91. However, because proton
leakage and ROS generation increase with increasing mitochondrial
membrane potential, the fission force, represented by proton leakage, can
include mitochondrial fission events caused by ROS.

The mitochondria were assumed to be well mixed in our model with
adequate fusion events11,62. As each mitochondrial node had the same
metabolic profile, mitochondrial dynamics can be described by two ODEs.
The average degree of nodes can represent the general trend of the mito-
chondrial network, whether it was fused or fragmented. However, an agent-
based approach35,59 is needed to trace individual mitochondria to monitor
their health status and mitochondrial cluster formation. Each mitochon-
drion has at least three state variables (NADH, calcium, and the mito-
chondrialmembrane potential) in theODEmodel. The added complexity is
beyond the scope of this study and could be investigated in future work.

Mitochondrial network organization and bioenergetic functions have
bidirectional relationships72. Mitochondrial fission/fusion affects bioener-
getic efficiency and energy expenditure, whereas mitochondrial morphol-
ogy changes according to the cellular energy state. The metabolic signaling
pathways AMP-activated protein kinase, insulin/IGF, and mTOR regulate
mitochondrial dynamics for structural and functional adaptation. The
bidirectional relationship and the detailed regulatory mechanisms should
be further elucidated. Nonetheless, our simplifiedODEmodel captured the
changes in mitochondrial network morphology under different metabolic
conditions and may serve as the basis for future works.

In conclusion, we devised a simple ODE-basedmathematicalmodel to
bridge cellular bioenergetics and mitochondrial dynamics, and this model
corroborated the behaviors basedonfluorescencemicroscopyfindings from
INS-1 cells. The model also demonstrated that mitochondrial dynamics
were regulated by ATP synthesis and proton leakage under various meta-
bolic conditions. The mitochondrial networks were reconstructed in agent-
based simulations that incorporated the fission/fusion rates from themodel
and image analysis. The combination of biophysical modeling and network
analysis of experimental data can provide insights into the fundamental

Fig. 8 | In silico ODE model response to glucose stimulation in the baseline and
diabetic models. Panels (a)–(i): the (a) oxygen consumption rate (in μM/s), (b)
pyruvate (in μM), (c) cytosolic NADH (in μM), (d) mitochondrial NADH (in μM),
(e) cytosolic calcium (in μM), (f) mitochondrial calcium (in μM), (g) ATP-to-ADP
ratio, (h) mitochondrial membrane potential (in mV), and (i) average degree of
mitochondrial nodes are compared following the sequential addition of glucose and
chemical reagents in the baseline and diabetic models. Initially, the glucose con-
centration is at a baseline of 5 mM. At t = 20 min, the glucose concentration is
increased to 20 mM. At t = 40 min, ATP synthase activity is decreased by 90% to
simulate the blockade of ATP synthase by oligomycin. At t = 60 min, the ETC

capacity was decreased by 90% to simulate rotenone/antimycin A blocking
respiratory complexes. The actions are indicated by arrows in the first panel (a) only.
Panels (j)–(r): Steady-state values of (j) glyceraldehyde 3-phosphate, G3P (in μM),
(k) pyruvate (in μM), (l) cytosolic NADH:NAD ratio, (m) mitochondrial
NADH:NAD ratio, (n) cytosolic calcium (in μM), (o) mitochondrial calcium (in
μM), (p) mitochondrial membrane potential (in mV), (q) ATP-to-ADP ratio, and
(r) average degree of mitochondrial nodes are compared between baseline and
diabetic models under different glucose concentrations. The relative glucose con-
centration of 5 mM is presented as 1X.

Fig. 9 | Effects of glucose stimulation under various conditions. a Ratios of the
fusion to fission rates under the following conditions: default parameters (baseline,
blue), diabetic parameters (diabetic, red), 90% ETC inhibition (rotenone, green),
90% ATP synthase inhibition (oligomycin, cyan), and five times the proton leakage
rate (uncoupler, black). b Steady-state proton leakage rate (fission force) and ATP
synthesis rate (fusion force) under various conditions (color codes are identical to a).
Each dot represents the glucose concentration starting from 3 millimolar (the lower
left dots) to 30 millimolar (the upper right dots) with an increment of 1 millimolar.
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principles underlying the complex processes by which organelle dynamics
are regulated.

Materials and methods
In silico ODE model
Our computer simulationmodel (Supplementary Fig. 8) was built upon ten
coupled ordinary differential equations (ODEs) (Supplementary Note 17)
that integrate the bioenergetic andmitochondrial dynamics modules of the
model92. The bioenergetic module was extended from the glucose-sensing
beta-cell model by Fridlyand et al.55. The mitochondrial dynamics module
was derived from the graph theory-basedmitochondrial network model by
Sukhorukov et al.62.

The bioenergetic module described GSIS reactions, consisting of gly-
colysis, the CAC, OXPHOS, and calcium dynamics. First, glucose is meta-
bolized to pyruvate via glycolysis. Pyruvate is then consumed in the
mitochondria in the CAC to generate the reducing equivalents NADH and
FADH2; these equivalents fuel ETC complexes to pump hydrogen ions out
ofmitochondria and thus create a voltage andpHdifference across the inner
mitochondrial membrane, which is known as the proton motive force.
F1Fo-ATPase (ATP synthase) uses the proton motive force to synthesize
ATP. An increase in the ATP-to-ADP ratio triggers calcium influx into the
cytosol and then into the mitochondria via the mitochondrial calcium
uniporter. An increase in the mitochondrial calcium concentration
increases the CACandOXPHOS reaction rates to generatemoreATP from
the mitochondria. The influx of calcium into the cytosol also triggers other
biological processes, including the release of insulin-containing vesicles.
Compared with the original work performed by Fridlyand et al.55, we

adjusted the mathematical expression of adenine nucleotide translocator
(ANT) (Supplementary notes 11) and mitochondrial sodium-calcium
exchanger49,93 (Supplementary notes 15). We also added adenylate kinase
(AdK) equilibria94 to the cytosolic ATP-ADP-AMP pool (Supplementary
notes 3). In this model, glucose was the main energy source33,95.

The mitochondrial dynamics module describes the fission-fusion
cycles of mitochondrial nodes and segments. The mitochondrial networks
were represented by edges (mitochondrialmass) and nodes of degree 1 (end
nodes), degree 2 (line segment nodes), and degree 3 (branching nodes). The
fission/fusion cycle can be represented by the merging/splitting of nodes
(Fig. 1). The mitochondrial fission rate was set to once every 10min
according to the literature35, and the fusion rates were scaled from the ratio
of the ATP synthase rate and the proton leakage rate22. Thisminimalmodel
assumed that the mitochondria were evenly distributed and that their mass
was conserved; thus, a population-based ODEmodel for degree-1, 2, and 3
nodes was used without tracking the movement and fission/fusion process
of each individual mitochondrion.

At a resting glucose concentration of 5mM (denoted as 1X), our in
silico ODEmodel reached a steady state consistent with that of the original
GSIS model (Supplementary Table 2), meaning our alterations to the ODE
model did not induce marked deviations from the original model. The
complete mathematical descriptions for the in silico model are described in
the supplementary notes 1–19.

Computational environments. The in silico model was written in Julia96

and was run on a workstation with an 8-core Xeon CPU. The ordinary
differential equations (ODEs)were solved by theDifferentialEquations.jl97

Fig. 10 | Workflow of mitochondrial network analysis and simulation.
aWorkflow of the mitochondrial network model simulation and fitting of fission/
fusion rates. An agent-based mitochondrial network model simulating two types of
fission and fusion behaviors using nodes, edges, and degrees is used to represent and
describe the mitochondrial network. Edges are considered the basic units that
represent small segments of mitochondria, and nodes with different degrees are
regarded as characteristic measurements of the mitochondrial network structure.
b Fitting fission/fusion rates ofmitochondria under different glucose concentrations
and chemical treatments. The network parameters <k> (average degree of mito-
chondrial nodes), Ng1/N (number of nodes or edges of the largest cluster/total nodes
or edges), and Ng2/N (number of nodes or edges of the second largest cluster/total
nodes or edges) were extracted from fluorescence images of INS-1 and used as
features for genetic algorithm (GA) fittings. Byminimizing the distance between the

distribution of network parameters (D(<k > , Ng1/N, Ng2/N)) extracted from
fluorescence image analysis and the network model, the optimized C1 (ratio of the
rate constants of tip-to-tip fusion to tip-to-tip fission) and C2 (ratio of the rate
constants of tip-to-side fusion to tip-to-side fission) were obtained by a random
search of the GA. Kernel density estimation was used to estimate the probability
density function of the network parameters from confocal microscopy images of
mitochondria, and Kullback-Leibler divergence was used to minimize the difference
between two distributions calculated from KDE. c Agent-based model for visuali-
zation of simulated mitochondrial networks with C1/C2 ratios obtained from GA.
d Ten and fifteen repeats of fitting for glucose and toxicity 2D data, respectively.
e Tracking indicator “average degree” of the simulated networks during the itera-
tions. f Images of the mitochondrial network in the agent-based model.

https://doi.org/10.1038/s42003-024-06955-3 Article

Communications Biology |          (2024) 7:1267 12

www.nature.com/commsbio


andModelingToolkit.jl98 packages andwerevisualizedby thePythonPlot.jl
package, a Julia wrapper to the Python matplotlib99 visualization package.

Steady-state values at various glucose concentrations. First, we
obtained steady-state values of state variables under a 5 mM glucose
concentration. The model was then simulated under a range of glucose
concentrations from 3mM to 30 mM until the model reached a steady
state. We measured the influence of glycolytic flux on the steady-state
levels of glyceraldehyde 3-phosphate, pyruvate, calcium, ATP, the
mitochondrial membrane potential, the mitochondrial fission-fusion
rates, and the state of the mitochondrial network.

Interactions between mitochondrial energetics and dynamics. To
observe the interactions between mitochondrial energetics and dynam-
ics, we paired a range of glucose concentrations with a range of one
parameter (either ATP synthase activity, ETC complex activity, or proton
leakage activity). The steady-state values of the average node degree,
mitochondrial membrane potential, and ATP-to-ADP ratio were simu-
lated for each combination.

Simulating galactose metabolism and free fatty acid addition. To
simulate galactose metabolism instead of glucose metabolism, we
increased the stoichiometry of ATP consumption for glucokinase (GK)
from 2 to 4, because the conversion of galactose to glucose requires two
ATP molecules. Thus, glycolysis yields zero ATP with galactose as the
substrate.

To simulate free fatty acid addition, we introduced an additional
mitochondrial NAD reduction pathway to model the beta oxidation
pathway.

Response to calciumoscillations. The cytosolic calcium in Fridlyand’s
beta cell model represented average cytosolic calcium levels and was
solely controlled by the cytosolic ATP-to-ADP ratio. When simulating
oscillating calcium concentrations in stimulated beta cells (Fig. 7),
cytosolic calcium kinetics were dependent on the cytosolic ATP-to-ADP
ratios, and its concentrations were described by a time dependent, per-
iodic function (Supplementary notes 8).

Simulatingmitochondrial dynamics in diabetic cells. We investigated
how diabetic beta cells react to glucose stimulation compared to healthy
cells in terms of mitochondrial dynamics. We decreased the levels of
pyruvate dehydrogenase, ETC, and ATP synthase and increased proton
leakage to simulate metabolic changes in diabetic beta cells36 (Supple-
mentary Table 1). The steady-state values obtained from the baseline and
diabetic settings were collected across a range of glucose levels from
3mM (0.6X) to 30 mM (6.0X).

INS-1 cell culture. INS-1 cells (INS-1 832/13 rat insulinoma cell line,
Sigma-Aldrich, SCC207) were cultured in RPMI-1640 (Sigma Cat. No.
R0883) supplemented with 2 mM L-glutamine, 1 mM sodium pyruvate,
10 mMHEPES (Cat. No. TMS-003-C), and 0.05 mM β-mercaptoethanol
+ 10% FBS at 37 °C in the presence of 5% CO2 for 1 to 3 days before
imaging.

For the glucose experiments, INS-1 cells were treated with glucose at
concentrations of 0 g/L, 2 g/L, 6 g/L, and 12 g/L (Sigma, D8270) in
RPMI1640 medium (Thermo Fisher Scientific, A2494201) for 5min to
represent the 0x, 1x, 3x, and 6x glucose groups, respectively. To assess the
effects of palmitate on mitochondria, cells were exposed for 5min to 1mM
palmitate complexed with BSA at a 6:1 ratio (Cayman Chemical, 29558) or
to BSA alone (Sigma, A7030) as a control. Some treatment groups also
included glucose. In additional experiments, INS-1 cells were cultured in
RPMI1640 containing either 2 g/L glucose or 2 g/L galactose (Sigma,
G5388), and glycolysis inhibition was induced by treating cells with
RPMI1640 supplemented with 40mM deoxyglucose (Sigma,
D8357) for 1 h.

For the toxicity experiments, the culture media used were identical to
thoseused in the glucose experiment. FCCP, oligomycin, and rotenonewere
added at a concentration of 10 μM. Microscopy images were taken imme-
diately after FCCPwas added, and in other cases, images were taken 30min
after the chemicals were added.

PANC-1 cell culture. PANC-1 cells (BCRC 60284) were cultured in
DMEM (Corning, 10-013-CV) supplemented with 10% FBS. For con-
focal Airyscan imaging, cells were stained with TMRM (Tetra-
methylrhodamine, Methyl Ester) and then transferred to medium
(Gibco, A1443001) containing different glucose concentrations (Sigma,
D8270). The cells were incubated for 20-30 min at 37 °C to allow for
equilibration. After incubation, confocal Airyscan imaging was per-
formed to observe mitochondrial changes under the following glucose
concentrations: 0 g/L (0X), 2.25 g/L (0.5X), 4.5 g/L (1X), and 9 g/L (2X).

Mitochondrial functional assays: ATP, NADH, ROS, and oxygen
consumption assays
The ADP/ATP ratio was measured using the ADP/ATP Ratio Assay Kit
(Abcam, ab65313). For this assay, 10,000 cells per well were seeded in a 96-
well plate and incubated for 24 h prior to testing. The NAD/NADH ratio
was determined using the NAD/NADH Assay Kit (Abcam, ab56348) with
2.5 × 10^6 cells cultured for 48 h in 35mm dishes. To measure reactive
oxygen species (ROS) levels, 3 × 10^4 cells were cultured for 72 h and
analyzed using the Cellular ROS Assay Kit (Abcam, ab186027). All assays,
including ATP/ADP, NADH/NAD, and ROS measurements, were per-
formed using a SpectraMax iD3 microplate reader (Molecular Devices).

Microscopy image acquisition
Mitochondria were labeled with 100 nM TMRM and 100 nM nonyl acri-
dine orange (NAO) for 15min before imaging. A ZEISS LSM800 micro-
scope with Airyscan and a 1.40 NA 63x objective lens was used for cell
imaging. The software ZEN Blue 2.6 was utilized for fluorescent image
acquisition and deconvolution.

Image preprocessing and thresholding. The image analysis pipeline
used to obtain mitochondrial network morphology information was
based on the study performed by Chaudhry et al.43 using the
ImageJ2 software (Supplementary Fig. 9). The inputs were TMRM or
NAO fluorescence microscopy images of INS-1 cells. The pipeline
comprised several preprocessing and analysis procedures. In the standard
pipeline, input images are preprocessed by algorithms such as “Subtract
Background” and “Enhanced Local Contract (CLAHE)” to denoise the
images and enhance the contrast. After preprocessing, the images were
binarized and skeletonized to analyze the mitochondrial network mor-
phology and obtain mitochondrial features (Supplementary Table 3).

Mitochondrialmembranepotential analysis. The TMRM fluorescence
intensity is an indicator of the mitochondrial membrane potential. We
quantified the average pixel intensities of each TMRM image using
ImageJ to evaluate the changes in themembrane potential under different
glucose concentrations and chemical environments. The mean value of
the “Auto Threshold” values (obtained from FIJI) of the control group
was set as the threshold.We considered only pixels with intensities larger
than the threshold to prevent interference from background noise.

Mitochondrial network agent-based model
For the mitochondrial network model, a network with nodes and edges
based on Sukhorukov’s model62 was used to simulate mitochondrial mor-
phology, in which edges are regarded as mitochondria and nodes are
regarded as locations where fusion and fission events occur100. In other
words, the fusion and fission events of mitochondria are simulated by the
connection and disconnection of edges, respectively. The simulation is then
implemented by picking and performing one of the reactions from the two
types of fusion and fission reactions (tip-to-tip and tip-to-side) mentioned
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iteratively. To decide which reaction to execute, the propensity of each
reaction is calculated as in Table 1.

Finding the best fitted fission-fusion ratios in the mitochondrial net-
work model to the static fluorescence images was the next task41. Three
network parameters, <k> (average degree), Ng1/N (number of nodes or
edges of the largest cluster divided by total nodes or edges) and Ng2/N
(number of nodes or edges of the second largest cluster divided by total
nodes or edges), were extracted from fluorescence images of INS-1 cells and
used as features for the genetic algorithm. The same featureswere calculated
using fitting from the simplified computational mitochondrial network
modelwith 4 reactions. By adjustingparameters c1 andc2 in the simulations
to vary the morphology of the final output network, we found the closest
feature sets [<k’>, Ng1’/N’, and Ng2’/N’] to the feature set [<k > , Ng1/N,
and Ng2/N] obtained from image analysis. In other words, the feature set
[<k > , Ng1/N, Ng2/N] can be extracted from both fluorescence images and
network models, can act as a bridge between in vitro experiments and in
silicomodel simulation, and provides an analytical and quantitativemethod
to determine the fusion/fission rate-related parameters c1 and c2. To
determine the difference between the feature sets, two statistical tools, kernel
density estimation and Kullback‒Leibler divergence, were utilized in this
fitting model. In our cases, three one-variable probability density distribu-
tionsD(<k > ), D(Ng1/N) andD(Ng2/N)were estimated from several given
samples of feature sets [<k > , Ng1/N, Ng2/N] using the python function
“gaussian_kde” from the package scipy.stats. “Silverman’s rule of thumb”
was applied for bandwidth calculation using the built-in “scipy.s-
tats.gaussian_kde” function for distribution estimations. The entropies
between the probability distributions obtained from image analysis and the
computational network model were then calculated by applying KLD to
determinewhich feature set generated by networkmodels (with different c1
and c2 as parameters) was the closest to the experimental data from image
analysis during the fittings. The python function “entropy” from the
package scipy.stats was applied for implementation. To find the optimal
parameter set [c1, c2] that generated the best fit (i.e., gives the smallest
entropy), a random search algorithm, the genetic algorithm, was applied
using the openpythonpackage “geneticalgorithm” (available at https://pypi.
org/project/geneticalgorithm/). The objective function that was minimized
was set as the weighted average of the entropy of D(<k > ), D(Ng1/N) and
D(Ng2/N) between the simulationmodel and image analysis.Weights were
set as [0.7, 0.15, 0.15] for [<k > ,Ng1/N,Ng2/N] in INS-1 toxicityfitting and
set as [0.45, 0.45, 0.1] in INS-1 glucose fitting, according to the levels of
significant differences of each indicator amongdifferent conditions and trial
and error.

Mitochondrial dynamics were then reconstructed and visualized in an
agent-based model with the positions of nodes and edges of the mito-
chondrial network and events of fusion, fission, biogenesis, andmitophagy.
In particular, the fission and fusion rates in the agent-based model were
based on the parameters c1 and c2, which were obtained from the fitting

previously and implemented to visualize mitochondrial dynamics in space
and time. A total of 100 iterations were executedwith 100 randomly located
initialized nodes on a 30 × 30 (unit length2)map. The locations of edges and
nodes were restricted between the cell membrane and the nucleus.

Statistics and reproducibility. One-way ANOVA was performed to
analyze the data from the glucose dose‒response experiments. Welch’s t
test was applied to analyze the significant differences using the “ttest_ind”
function from the “scipy” Python package. All the data presented as
boxplots were plotted using the “boxplot” function provided in the
“matplotlib” Python package. The lower and upper bounds of the box are
the first (Q1) and third quartiles (Q3) of the data, respectively, and the
median (Q2) is the line inside the box. The lower whisker extended to the
smallest data point within 1.5 times the interquartile range belowQ1 (i.e.,
Q1–1.5*(Q3-Q1)). The higher whisker extended to the largest data point
within 1.5 times the interquartile range above Q3 (i.e., Q3+ 1.5*(Q3-
Q1)). Statistical significance was shown if p value < 0.05. For the bar
graphs, the error bars represent standard deviations.

Reporting summary
Further information on research design is available in the Nature Portfolio
Reporting Summary linked to this article.

Data availability
The source data and images canbe found at https://doi.org/10.5281/zenodo.
13318372. All other data are available from the corresponding author upon
reasonable request.

Code availability
The codes for the ODE model and agent-based model are available at
https://doi.org/10.5281/zenodo.1330932192 and https://doi.org/10.5281/
zenodo.13254168100.
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