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Mitochondrial Network Branching Enables Rapid Protein Spread with
Slower Mitochondrial Dynamics
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Mitochondrial network structure is controlled by the dynamical processes of fusion and fission, which merge
and split mitochondrial tubes into structures including branches and loops. To investigate the impact of mito-
chondrial network dynamics and structure on the spread of proteins and other molecules through mitochondrial
networks, we used stochastic simulations of two distinct quantitative models that each included mitochondrial
fusion and fission, and particle diffusion via the network. Better-connected mitochondrial networks and networks
with faster dynamics exhibit more rapid particle spread on the network, with little further improvement once
a network has become well connected. As fragmented networks gradually become better connected, particle
spread either steadily improves until the networks become well connected for slow-diffusing particles or plateaus
for fast-diffusing particles. We compared model mitochondrial networks with both end-to-end and end-to-side
fusion, which form branches, to nonbranching model networks that lack end-to-side fusion. To achieve the
optimum (most rapid) spread that occurs on well-connected branching networks, nonbranching networks require
much faster fusion and fission dynamics. Thus, the process of end-to-side fusion, which creates branches in
mitochondrial networks, enables rapid spread of particles on the network with relatively slow fusion and fission
dynamics. This modeling of protein spread on mitochondrial networks builds toward mechanistic understanding

of how mitochondrial structure and dynamics regulate mitochondrial function.

DOI: 10.1103/PRXLife.2.043005

I. INTRODUCTION

Mitochondria are highly dynamic organelles with multiple
important functions [1,2], notably, production of adenosine
triphosphate (ATP) via oxidative phosphorylation [3]. Mito-
chondrial dysfunction is connected to several diseases, such as
diabetes, cancer, and Parkinson’s disease, among others [4—7].
While often depicted as bean-shaped puncta, mitochondrial
fusion and fission dynamics allow formation of mitochondrial
tubes of a range of sizes [8]. End-to-side mitochondrial fusion
forms three-way junctions that branch mitochondrial tubes, al-
lowing mitochondria to form extended network structures that
include loops [9-11]. Mitochondrial dynamics are important
to mitochondrial quality control and function [12], as well as
to cell metabolism [13], motion [14], and differentiation [15].

The level of connectivity for tubular mitochondria is con-
trolled by both fission and fusion events [16-19], as well
as organelle movement [20-22]. Relatively frequent fission
leads to more fragmented and bean-like mitochondria, while
relatively frequent fusion leads to a more connected and
tubular mitochondrial network. Mitochondria in yeast cells
can be well connected, with a mean of two mitochondrial
fragments and most mitochondrial mass part of a relatively
large mitochondrial fragment [9]; mitochondrial fragments in
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mammalian cells can take a range of sizes from large to small
[8]; while in plant cells mitochondria are typically many small
bean-like fragments [23]. In cells with relatively tubular mi-
tochondria, network connectivity can be adjusted by changes
to metabolism and cell stress [24-30]. Various hypotheses
have been explored to explain why mitochondria in certain
cell types form extended and dynamic connected networks
[31,32], including to share proteins and other molecules [33],
undergoing fission to provide growing and dividing cells with
sufficient numbers of mitochondria [34], and to help sepa-
rate poorly functioning mitochondria to be removed by the
mitophagy quality control pathway [1,12].

We will focus on how mitochondrial network connectiv-
ity and dynamics in cells with relatively tubular (rather than
bean-like) mitochondria facilitate the sharing of proteins and
other molecules, which appears key to providing mitochondria
in these cells with a full protein complement. Low mRNA
copy number, cotranslational delivery, and stochastic targeting
to mitochondria can lead some mitochondrial fragments to
directly receive few copies of specific nuclear-encoded [35]
proteins; these proteins could instead be provided following
fusion with another fragment [36,37]. With limited mitochon-
drial DNA error-correction mechanisms, mutation levels of
genes encoded on mitochondrial DNA are relatively high
[38]. While proteins produced in one mitochondrial fragment
may be dysfunctional, functional proteins produced in another
fragment can be shared following fusion, known as comple-
mentation [39]. While fusing all mitochondria together into
one network may facilitate rapid sharing, this could hamper
the distribution of mitochondria throughout the cell and may
pose challenges for other purposes served by mitochondrial
dynamics [32].
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Recently developed experimental techniques enable mea-
surement of many aspects of mitochondria [29,37,40-42],
providing a quantitative basis to model mitochondrial net-
works and processes, including those important to sharing
proteins among mitochondria. Modeling work for mitochon-
drial network structure has outlined how a balance between
fusion and fission leads to critical mitochondrial networks
near the percolation threshold [8,43,44], how mitochondrial
motion along filaments is key to spatially organizing mito-
chondrial networks [45], and very recent work explored how
kinetics and mechanics control spatial mitochondrial network
morphology and found high dependence of morphology and
rearrangement timescales on fission and fusion rates [19].

To investigate how mitochondrial network structure and
dynamics—particularly branching of networks—affect pro-
tein spread, we simulate two different stochastic models of
mitochondrial networks, one on a two-dimensional spatial
lattice and a second agent-based aspatial model. This work
builds on related modeling of how mitochondrial structure
affects protein spread on mitochondrial networks, including
static [9,10] and dynamic networks [21,31,37,46], as well as
earlier calculations for transitions on fluctuating disordered
lattices [47-52]. Among many similarities, the particle spread
behavior of both models we apply suggests that the branching
of mitochondrial networks allows for rapid spread with much
slower mitochondrial dynamics compared to networks with-
out branching.

II. RESULTS
A. Two-dimensional lattice-based model

We first explore a mitochondrial network model with
stochastic fusion and fission between mitochondrial units em-
bedded on a two-dimensional lattice (see Fig. 1, left panel),
following earlier work that analyzed a similar model with
both mean-field calculations and stochastic simulations [31].
Although mitochondrial networks are embedded in a three-
dimensional volume and in many cell types are found well
spread through the three-dimensional space, in several well-
studied cell types the spatial arrangement of mitochondria is
approximately two-dimensional, such as mitochondria in flat
cells [21] or mitochondria that form a layer just inside the
yeast cell membrane [9]. Analysis of mitochondrial networks,
with percolation exponents closer to those expected for two
dimensions than three dimensions [44], also suggests consid-
eration of two-dimensional mitochondrial networks.

In this model, neighboring nodes on a square lattice con-
nect (fuse) at rate A,qq and disconnect (fission) at rate Aremove,
such that neighboring mitochondria are connected with proba-
bility p= )‘add/()‘«add + kremove)s andt = ]/()‘add + A‘remove) is
the timescale of network dynamics. A particle at a node moves
to neighboring connected nodes with a rate of one, setting
the simulation timescale. On a fully connected network, a
particle can move on the network with effective diffusivity
D, equal to the particle diffusivity D = 1. For an incomplete
network, the particle would be unable to step across missing
connections, so D < D. The network dynamics and parti-
cle motion are simulated using the Gillespie algorithm [53].
For v = 0 connections between neighboring nodes fluctuate
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FIG. 1. Schematic representing two mitochondrial network mod-
els. Left: Spatial lattice-based model with mitochondria represented
by nodes on a two-dimensional lattice. Neighboring nodes connect
(fuse) at rate X,q and disconnect (fission) at rate Aemove. Right:
Aspatial agent-based model with each minimal mitochondrial frag-
ment represented by two permanently connected nodes. Two free
mitochondrial ends (only joined to permanently connected partner)
end-to-end fuse into a degree-two node with rate a; and a degree-two
node end-to-end fissions into two free ends with rate b;; a free end
and degree-two node end-to-side fuse into a degree-three node with
rate a, and a degree-three node end-to-side fissions into a free end
and a degree-two node with rate b,. For both panels, node color
indicates node degree.

infinitely quickly and the status of each connection is not
tracked—instead, when a particle attempts to cross to another
node the particle is allowed to cross with probability p. For
T = oo each connection is initially present with probability p,
with no further network dynamics.

Figure 2(a) shows that the effective diffusivity increases as
the connection probability p increases, recapitulating earlier
work from stochastic simulations [31] and mean-field cal-
culations on a fluctuating disordered lattice [31,47,48]. For
small p the network mostly contains small node islands or
isolated nodes, while for large p most nodes are connected
into a single component [Fig. 2(a) insets]. With 7 = 1/(X,qq +
Aremove) the timescale of network dynamics, fast dynamics
(small 7) leads the effective diffusivity to increase close to
linearly with increasing connection probability p, with faster
dynamics more linear with a higher D g at a given p. For
infinitely fast dynamics T — 0 each attempted step by the
particle occurs with probability p, uncorrelated with previous
steps. For slow dynamics (large ) the effective diffusivity
increases very little below the two-dimensional percolation
threshold [54] p = 0.5 and rapidly rises above p = 0.5. This
reflects the longer lifetime of connections and disconnections,
such that successful and unsuccessful attempted steps become
increasingly correlated in time. For T — oo the network is
frozen, with no changes in connections. For t — oo, Fig. 2(a)
shows the effective diffusivity does not quite reach zero at and
immediately below p = 0.5 due to the finite system simulated,
while the effective diffusivity would sharply depart from zero
at this threshold on an infinite network [31,47,48,54].

Complementing the effective diffusivity of Fig. 2(a),
Fig. 2(b) shows the time to first arrive at a target node in the
network, the mean first-passage time (MFPT), with randomly
selected initial and target nodes. The MFPT decreases with
increasing connection probability p, with shorter MFPT for
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FIG. 2. Effective diffusivity and search time for particle diffusing on model dynamic mitochondrial networks on a two-dimensional lattice.
(a) The effective diffusivity Dy as connection probability p is varied. Legend indicates network dynamics timescale t. Insets show typical
networks for p = 0.2 and p = 0.9. (b) The MFPT of a diffusing particle to find a randomly selected lattice site from initial position at another
randomly selected lattice site, as connection probability p is varied. Inset shows MFPT vs. D from main plots of (a) and (b). Main plot
legend, indicating 7, also applies to inset, with inset black line indicating MFPT ~1/D. trend. In (a) and (b) nodes are permitted to connect
to all four nearest neighbors. In (c)—(f), solid curves are for networks that permit nodes to connect to all four nearest neighbors (degree 4), and
dashed curves indicate networks that permit nodes to connect to a maximum of two nearest neighbors (degree 2), as indicated in legends. (c)
Dy as fusion fraction of dynamics Lyga/(Aadd + Aremove) 1S Varied. The main plot is for T = 1 and inset is for r = 100. Insets in the main plot
show typical networks for p = 0.17 and p = 0.46. (d) MFPT of a diffusing particle to find a randomly selected lattice site from initial position
at another randomly selected lattice site, as Aaqq/(Aada + Aremove) 18 Varied. Legend indicates 7. Inset shows degree-2 MFPT vs. D.g from main
plots of (c) and (d). Main plot legend also applies to inset, with inset black curve indicating MFPT ~1/D. trend. (e) D as balance between
fusion and fission Auda/Aremove 18 Varied. Legend indicates fusion rate A,qq and black curve is ~A,da/Aremove trend. Legend entries for simulation
data (those with A,4q values) in (e) also apply to (f). (f) MFPT as Au4q/Aremove 18 Varied. Black curve is ~Aiemove /Aqda trend. Across all panels,
particle diffusivity D = 1, the lattice is 21 x 21 with nodes on a square grid with intervals of one, and data averaged over 100 samples.

faster dynamics (smaller 7). The MFPT for large t decreases
by multiple orders of magnitude as p increases from 0.1 to 1
because for low p the particle must wait for fusion events to
enable movement to new nodes, and 7 represents this waiting
time for a given pair of neighboring mitochondria. In contrast,

the MFPT for small t (including the infinitely fast dynamics
of 7 = 0) decreases by approximately an order of magnitude
from p = 0.1 to p = 1 as the search is slowed by low p due to
less connectivity, rather than long waiting times for dynamics.
As the effective diffusivity is essentially the probability for
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the particle to successfully step from one mitochondria to an-
other, allowing the particle to proceed on a search, the MFPT
inversely scales with the effective diffusivity [Fig. 2(b) inset].
Figure 7 in the Appendix shows a sample particle trajectory
for low, medium, and high connection probability p.

The results of Figs. 2(a) and 2(b) permit mitochondrial
nodes on the two-dimensional lattice to connect to all four of
their nearest neighbors, allowing degree-four nodes. We now
examine how restricting the maximum node degree to below
four impacts diffusion and search. On networks with such
a restriction, the connection probability p # Xyada/(Xada +
Aremove), as a fourth connection to a particular node can-
not form. For networks with a maximum node degree of
three (approximately as observed in mitochondrial networks
[9]), the effective diffusivity Dy and MFPT are qualita-
tively similar to networks permitting degree-four nodes, with
monotonic changes in both quantities (see Fig. 9 in the Ap-
pendix). Restricting to a maximum node degree of three
lowers the effective diffusivity and raises the MFPT compared
to degree-four networks for better-connected networks with
larger )‘add/(kadd + )Lremove)~

In contrast, networks with a maximum node degree of
two exhibit qualitative distinctions in effective diffusivity and
search behavior compared to networks permitting degree-
three and degree-four nodes [Figs. 2(c) and 2(d)]. Such
networks with a maximum node degree of two represent hy-
pothetical mitochondrial networks without end-to-side fusion
or the associated network branching. For low A,4q/(Aaga +
Aremove) S 0.2 the effective diffusivity Degr for networks per-
mitting maximum degree-two nodes is similar to the Dg with
degree-four nodes [Fig. 2(c)]. For Auaq/(Aadd + Aremove) =
0.2 the D.y for maximum degree-two networks increases
much more slowly as Aaqq/(Xadd + Aremove) inCreases than for
degree-four networks. Although D, for degree-four networks
monotonically increases with Ayqq/(Xadd + Aremove)> fOr high
Aadd/ (Madd + Aremove) =, 0.7 the Deg for maximum degree-
two networks decreases with higher A,qq/(Aadd + Aremove)-
Larger © = 1/(Aadd + Aremove), TEPresenting slower network
rearrangement, leads to greater difference between degree-
four and degree-two D [Fig. 2(c) main plot compared with
inset plot].

Consistent with the trend for effective diffusivity, Fig. 2(d)
shows similar and decreasing MFPT for degree-four and
degree-two networks for small and increasing A,qq/(Xada +
Aremove ), higher MFPT for degree-two than degree-four net-
works at intermediate Auqq/(Aagd + Aremove), and increasing
MFPT for degree-two networks for high and increasing
Aadd/(Madd + Aremove) Values. The difference between degree-
four and degree-two MFPT also increases with larger t. The
inset of Fig. 2(d) shows a MFPT ~ D;ffl relationship for
degree-two networks consistent with the relationship found in
the inset of Fig. 2(b) for degree-four networks. Similar results
to Figs. 2(a) and 2(c) are found for a larger lattice (see Fig. 8
in the Appendix).

Particles have similar effective diffusivity and MFPT
on networks with degree-four or maximum of degree-two
nodes for small Augqa/(Aadd + Aremove) because in this low-
connectivity regime limiting node degree to a maximum of
two affects few nodes, as they are already largely discon-
nected [see left network insets of Figs. 2(a) and 2(c)]. As

Aadd/(Xadd + Aremove) InCreases beyond this low-connectivity
regime, node connections are decreased by limiting node
degree to a maximum of two, reducing effective diffusiv-
ity and increasing MFPT in these networks compared to
networks without this constraint. As Aaqd/(Aadd + Aremove) €X-
ceeds approximately 0.7, further increase in Auqq/(Aaqd +
Mremove ) decreases effective diffusivity and increases MFPT if
node degree is restricted to a maximum of two because the
network freezes into linear or looped fragments.

To identify different particle spread regimes, we show in
Figs. 2(e) and 2(f) the effective diffusivity and MFPT as the
ratio of fusion (node connection) and fission (disconnection)
rates Aydd/Aremove 18 varied. For sufficiently low Aagq/Aremove
the effective diffusivity [Fig. 2(e)] for all networks is propor-
tional to Ayqd/Aremove Decause particle spread is limited by the
probability that a particle can cross a newly formed fusion
connection before the connection is removed (connection life-
time = 1/Aremove), as Well as the rate of connection formation
(~MXadd)- Similarly, for sufficiently low Aagq/Aremove the MFPT
[Fig. 2(f)] decreases proportional to Aremove/Aadd-

If Aremove == 1 fOr Aagq/Aremove < 1, then Deg falls below
and MFPT increases above the 10w Aadq/Aremove trend at
Aremove =~ 1 [Figs. 2(e) and 2(f)]. This is because particle
motion across a connection is no longer limited by compe-
tition with connection lifetime (Aremove < 1) but the network
remains relatively disconnected (Xadd/Aremove < 1). Particle
spread thus falls below the low Auqa/Aremove trend, slowly
increasing with the connectivity until the network becomes
much more connected for Auqq/Aremove = 1. At Aadd/Aremove
1 on degree-four networks the effective diffusivity rises to
its maximum and MFPT falls to its minimum, remaining
unchanged for further increased X,4q/Aremove- If Aremove = 1 at
Madd/Mremove > 1, then the transition from the 1ow Aagq/Aremove
trend is directly to the maximum D¢ and minimum MFPT
[Figs. 2(e) and 2(f)].

On degree-two networks with fast dynamics (high A4q)
D increases to a maximum for Audq/Aremove =~ 1 as the
network becomes more connected, before Dy decreases at
higher X,4d/Aremove @s the network becomes maximally con-
nected and freezes into linear or looped fragments [Figs. 2(e)
and 2(f)]. On degree-two networks with slow dynamics
(low Aadd) Degr does not have an intermediate maximum at
Xadd/Mremove == 1, instead increasing to a maximum Degr. Sim-
ilarly, on degree-two networks with fast dynamics MFPT
decreases to a minimum for Aadq/Aremove == 1 and MFPT in-
creases for higher Angq/Aremove @S the network freezes into
linear or looped fragments.

Figure 3(a) shows the degree distribution as Aqq/(Xada +
Aremove) 18 varied for both degree-4 and maximum degree-
2 networks. At 1ow Augq/(Aagd + Aremove) < 0.2, there are
very few degree-3 and degree-4 nodes in the degree-4 net-
works, aligning with the similar D ¢ and MFPT for degree-4
and maximum degree-2 networks in this connectivity range
[Figs. 2(c) and 2(d)]. For Aagq/(Aadd + Aremove) = 0.2 the
degree-3 and degree-4 nodes substantially rise for degree-
4 networks [Fig. 3(a)], with this increasing difference from
the maximum degree-2 network degree distribution con-
sistent with the slower increase of D.s and decrease of
MFPT with increasing Xadd/(Xadd + Aremove) fOr maximum
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FIG. 3. Network structure and fusion capacity for model dynamic mitochondrial networks on a two-dimensional lattice. Across all panels,
solid curves are degree-4 networks and dashed curves are maximum degree-2 networks. (a) Node degree distribution is compared for a
degree-4 node and maximum degree-2 node mitochondrial network as fusion fraction of dynamics Ayqq/(Aaga + Aremove ) 1S Varied. Node degree
indicated by legend. (b) The number of connected components as taga/(Aadd + Aremove) 1S Varied. (c) Fraction of nodes that are part of a
connected component of a certain loop number (indicated by legend) as Xyga/(Aadd + Aremove) 1S Varied. Loop number is as previously defined
for mitochondrial networks [9,10]. (d) The number of eligible fusion pairs as Auqa/(Aaga + Aremove) 18 varied. The eligible fusion pairs is
normalized by the maximum number of pairs, corresponding to a fully connected lattice. Across all panels, the lattice is 21 x 21 with nodes
on a square grid with intervals of one, with quantities averaged over 10 sample networks. All panels are independent of network dynamics

timescale t.

degree-2 networks in this range, compared to degree-4 net-
works [Figs. 2(c) and 2(d)].

The linear and looped fragments in maximum degree-2
networks at high Augq/(Aagd + Aremove) Can be seen in the
right network inset of Fig. 2(c), as well as in the number
of connected components and loop number of components
in Figs. 3(b)-3(d). The large number of network compo-
nents in Fig. 3(b) shows that at low Xuqq/(Radd + Aremove)
both degree-four and maximum degree-two networks are
largely disconnected, consistent with similar Deg and MFPT
for the two network types. Although high A,qq/(Xagq +
Aremove) Teduces the number of components to approach
one for degree-four networks, for maximum degree-two net-
works the number of components remains far above one
[Fig. 3(b)]. These degree-two networks, unable to branch,
exhibit primarily linear components with some single-loop
components [njoop = 0 and njop, = 1 dashed lines, respec-
tively, in Fig. 3(c)] at high X444/ (Aadd + Aremove ), While nodes
for degree-four networks are nearly entirely in multiloop
components [solid lines, Fig. 3(c)]. Figure 3(d) shows that
for high Au44/(Aagd + Aremove) the number of eligible fusion
connections for degree-two networks (only counting eligi-
ble connections to nodes with degree less than two) is even

lower than the small number of eligible connections for the
well-connected degree-four networks. Degree-two networks
at high X,q4/(Aagd + Aremove) are part of small linear and
looped components, with few fusion opportunities.

For maximum degree-two networks, nodes that already
have two connections to neighboring nodes cannot add a third
connection, causing the formation of new connections to be
coupled to the preceding removal of existing connections. At a
fixed timescale of network dynamics T = 1/(Xadd + Aremove)s
increasing Audd/(Aadd + Aremove) reduces Aremove, slowing the
rearrangement of the network. Particle confinement to a par-
ticular linear or looped fragment until the local network
rearranges manifests as decreased diffusivity and increased
MFPT compared to a less connected network with more rapid
rearrangement dynamics. There is a smaller difference be-
tween degree-four and maximum degree-two networks for
smaller t (faster network dynamics) because the particles
are confined to linear or looped fragments for shorter time
periods.

Particles on degree-four dynamic lattice networks are
found to monotonically increase their effective diffusivity and
decrease their search time as connectivity increases. In con-
trast, networks limited to a maximum node degree of two
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can see particles maximize effective diffusivity and mini-
mize search time at intermediate connectivity, as the highest
connectivity levels freeze linear and looped structures that
decrease diffusivity and increase search time. The highest
effective diffusivity and lowest search times on networks with
a maximum node degree of two, which nearly match the
maximum effective diffusivity and minimum search times
on degree-four networks, are achieved for fast network rear-
rangement. Stated another way, while the maximum effective
diffusivity and minimum search time on degree-four networks
only modestly outperform those on networks limiting node
degree to two, the degree-four networks can achieve this high
performance with substantially slower network rearrangement
dynamics.

These simulations vary network dynamics timescales rel-
ative to the fixed particle motion timescale. A high 7 can
represent any scenario with particle diffusion that is faster than
network dynamics, such as a scenario with a rapidly diffusing
ion in the mitochondrial matrix. A low T can represent any
scenario with diffusion that is much slower than network
dynamics, such as a slowly diffusing membrane-embedded
complex [55].

Thus far, the two-dimensional lattice-based model has con-
sidered a fixed lattice in a region of fixed size with varying
connectivity between nearest-neighbor lattice sites. If lattice
sites and connections both represent mitochondrial mass, then
more connected networks have a higher total mitochondrial
mass. Accordingly, we also considered the case of a fixed total
mitochondrial mass, such that as the connectivity increases
the lattice spacing increases. The resulting effective diffusivity
and MFPT, shown in Fig. 10 in the Appendix, do not exhibit
qualitative changes compared to the effective diffusivity and
MFPT in Fig. 2. Although the distribution and connectivity of
mitochondria in a cell may represent a tradeoff, these results
suggest that this tradeoff may not qualitatively impact the
spread through mitochondrial networks for mitochondria that
are uniformly distributed in the cell.

B. Aspatial agent-based model

We now apply an existing aspatial mitochondrial network
model [8] (see Fig. 1, right panel) in which each of Ny, min-
imal mitochondrial fragments do not have spatial positions
and are represented by two permanently joined nodes. This
mitochondrial network model is composed of three different
node types: free nodes (degree-one nodes), degree-two nodes,
and branching nodes (degree-three nodes). Two degree-one
nodes can fuse with rate a; to form a connected degree-two
node, lengthening a mitochondrial tube; and a degree-two
node can fission into two degree-one nodes with rate b;. A
free node can undergo end-to-side fusion with a degree-two
node with rate a, to form a degree-three node, branching a
mitochondrial tube; and a degree-three node can fission into a
degree-two node and a free node with rate b,. Nodes may not
fuse to their permanently connected partner node. A particle
on a particular minimal mitochondrial fragment can move to
any connected mitochondrial fragment (randomly selected if
more than one other fragment is connected) with a rate of
k. = 1, setting the timescale. Model dynamics and particle
motion are simulated using the Gillespie algorithm [53].

This representation of a mitochondrial network allows the
network to be fragmented into many components or well
connected into primarily larger components as fusion and
fission rates are varied. This model also provides the observed
network structure of mitochondria, includes branches, and
assumes the network components are well-mixed in the cell
volume [8].

Figure 4(a) shows the MFPT for a particle initially on a
randomly selected minimal mitochondrial fragment to find
another randomly selected target fragment as the ratio of
end-to-end fusion to fission, ayNnit /b1, 1s varied. This ratio
is analogous to the X,4q/Aremove Varied in Figs. 2(e) and 2(f)
for lattice networks. For both degree-three model mitochon-
drial networks that permit branching [a, # 0, solid curves in
Fig. 4(a)] and degree-two networks that do not permit branch-
ing [a; = 0, dashed curves in Fig. 4(a)], for highly fragmented
networks with low ajNnio/b1 the MFPT is proportional to
b1 /(a1 Nnito)- This trend is due to particle motion that is lim-
ited by the probability that a particle in one mitochondria
crosses a newly formed but short-lived fusion connection
to another mitochondria, similar to the MFPT ~Aiemove/Aadd
trend in Fig. 2(f).

For branching mitochondrial networks [solid curves
in Fig. 4(a)], the MFPT stops decreasing along the
~b1/(a1Nmito) trend for all end-to-end fusion a; rates at
a1Npito/b1 = 0.1-1. This change in the MFPT trend is be-
cause the search time on the decreasing trend is approaching
the minimum search time.

The minimum search time corresponds to the scenario that
a particle will diffuse to a randomly selected mitochondrial
fragment as quickly as the particle can diffuse from one
mitochondrial fragment to another. The mean time to find
a target mitochondrial fragment is the product of the time
per attempt (diffusion to another mitochondrial fragment)
and the mean number of attempts necessary to find the tar-
get fragment, (Tiin) = Taempt (Nattempts)> With Tagempr = 1/kpr.
With the probability 1/Ny, that each successive attempt is
successful and the probability [(Npio — 1) /Nmito]"~! that the
first n — 1 attempts are unsuccessful, the probability that the
target fragment will be found on attempt 7 is

1 Nmito -1 "
P(n) = _— . 1
(n) Nmito ( Nmilo ) ( )

With the mean number of attempts (Naempts) = Z:io nP(n),
then

1 - n Nmito -1 -t

(Tin) = — (—) : ()
km nX:]: Nmilo Nmilo
1 = Nmito -1 !
(Tin) = T~ n(—) , (3)
km(Nmito - l) ; Nmito
Nmito

(Tin) = . 4)

with the final line applying Y oo | nx" = x/(x — 1)* forx < 1.
Thus, the minimum search time is the product of the number
of mitochondrial fragments and the timescale for particle dif-
fusion between fragments.
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FIG. 4. Search times for particle diffusing on and node degree distribution of model aspatial dynamic mitochondrial networks. For all
panels, solid curves are for branching (degree 3, end-to-side fusion rate a, = 0.01) networks, and dashed curves are nonbranching (degree 2,
a, = 0) networks. (a) MFPT of a particle to find a randomly selected mitochondrial fragment from an initial location on another randomly
selected fragment, as the scaled ratio of end-to-end fusion to fission a;Ny,/b; is varied. Solid black line is MFPT ~b /(a;Npi,) trend and
dot-dashed black line is minimum search time (7,;,) from Eq. (4). Legend for (a) indicates end-to-end fusion rate a; and further applies to
(b)—(d). (b—d) The scaled number of (b) three-way junctions (degree-three nodes), (c) end-to-end fusions (degree-two nodes), and (d) free
ends (degree-one nodes) as a; Ny /b1 is varied, with network branching via end-to-side fusion. Across all panels, the end-to-side fusion rate
for branching (degree-3) networks is a, = 0.01, the rate to move to connected mitochondrial fragments is &, = 1, the number of minimal
mitochondrial fragments Ny, = 50, and data averaged over 100 samples.

For a)Nuiwo/b1 2, 1 the MFPT for branching networks
[solid curves in Fig. 4(a)] is mostly independent of a| Nt /b1,
with approximately flat MFPT in Fig. 4(a), because in
this regime the networks are well connected with frequent
end-to-end and/or many end-to-side connections, facilitating
rapid search. Solid curves in Fig. 4(c) show the number of
degree-two nodes for branching networks rises above zero at
@1 Nito/b1 ~ 10721071, For rapid end-to-end fusion (high
ay) the number of degree-two nodes continues to rise as
a1 Nmito /b1 further increases, while for slower fusion (low a;)
the number of degree-two nodes only rises somewhat before
decreasing.

Degree-two nodes can undergo end-to-side fusion with
a free end (degree-one node) to become a branch in the
mitochondrial network (degree-three node). As shown in
Fig. 4(b), the value of a;Npi,/b; above which degree-three
nodes increase depends on the end-to-end fusion rate aj,
with degree-three nodes increasing at the a; Ny /b1 value at
which degree-two nodes (solid curves) decrease in Fig. 4(c),
indicating that the increase in degree-two nodes is converted
to an increase in degree-three nodes. The a;Nuyio/b1 value
for a branched network at which degree-two nodes decrease
and degree-three nodes increase depends on the end-to-end
fusion rate a; because fusion of a degree-two node and a

free end to form a degree-three node competes with fission
into two free ends. The initial rise in degree-two nodes for a
branched network at a;Npio /b1 =~ 1072—-107! is because this
combination represents the balance between end-to-end fu-
sion and fission. However, the balance between a degree-two
node either fusing with a free end to form a degree-three node
at rate a, or undergoing fission to form two free ends at rate
b, is controlled by the ratio of a, /b;—at a given a;Npjo/b; in
Figs. 4(b) and 4(c) a higher end-to-end fusion rate a; defines
a higher b;, such that increasing the number of degree-three
nodes requires more degree-two nodes, which occurs at higher
a1 Nmito/b1. We see corresponding changes in the number of
free ends (degree-one nodes) in solid curves of Fig. 4(d), as
the number of free ends decreases when degree-two nodes
increase in Fig. 4(c) (solid curves). Recent modeling work
shows similar trends in the number of degree-three, degree-
two, and degree-one nodes as the ratio of fusion to fission is
varied [19].

For nonbranching networks [dashed curves in Fig. 4(a)],
the MFPT stops decreasing along the ~b1/(aiNmit) trend
when by >~ 1. Forlow a; < 0.1, as a;Nyiw/b) increases above
the value at which b, ~ 1, the MFPT is controlled by the
timescale of mitochondrial dynamics, with particles waiting
for new connections to search for the target mitochondrial
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fragment, and increasing a; leads to lower MFPT. For higher
a; 2 0.1, as a;Npio/b; increases above by ~ 1, the MFPT
is controlled by the timescale of particle motion, with many
connections allowing the particle to continuously diffuse to
another mitochondrial fragment as it undergoes a search for
the target mitochondrial fragment. This corresponds to the
minimum search time (Ty,) of Eq. (4). At sufficiently high
a1 Nmiwo /b1 2, 102, the MFPT for nonbranching networks in-
creases [dashed curves in Fig. 4(a)]. This is distinct behavior
in comparison to branching networks, which have a flat MFPT
independent of fission and fusion rates for high a;Npiw/b;.
This increasing MFPT for nonbranching networks is because
the network freezes into linear and looped fragments as the
fission rate b; becomes low, and the number of free ends
(degree-one nodes) decreases to nearly zero [dashed curves
in Fig. 4(d)] and nearly all nodes are part of end-to-end
fusions [degree-two nodes, dashed curves in Fig. 4(c)] for
a1Nmito/b1 = 10%. Although the degree-two and degree-one
node populations for branched networks [solid curves in
Figs. 4(c) and 4(d), respectively] change as a; is varied,
without branching the degree-two and degree-one node popu-
lations [dashed curves in Figs. 4(c) and 4(d), respectively] are
independent of a; and are determined by a;Npi/b; as these
nonbranched networks are only balancing end-to-end fusion
and fission.

The freezing of the nonbranching networks into linear
and looped fragments for low b; is shown in Figs. 5(a) and
5(b), which show branched and unbranched sample network
structures at low and high connectivity. Branching and non-
branching networks both similarly decrease the number of
connected components as ajNyio/b; rises [Fig. 5(c)]; this
is distinct from the number of components for lattice net-
works in Fig. 3(b) because nonbranching aspatial networks
are not restricted to fusing to their neighbors. As a;Nniw/b1
increases, the branching networks switch from linear com-
ponents [Fig. 5(d)] to single-loop components [Fig. 5(e),
main plot] to multiloop components [Fig. 5(e), inset]. In con-
trast, nonbranching networks switch from linear to single-loop
components at higher a; Ny /b values [Figs. 5(d) and 5(e)],
as the formation of single loops requires two free ends for non-
branching networks. For both branching and nonbranching
networks the number of eligible fusion pairs becomes small as
the fusion rate increases [Fig. 5(f)]. Nonbranching networks
at high a;Npio /b1 are part of large linear and single-looped
components, with few fusion opportunities.

Particles on both branching and nonbranching model as-
patial mitochondrial networks decrease their search time as
the networks increase their connectivity from nearly entirely
fragmented to well-connected networks. Once a branching
network has become well connected, further increases in
fusion, decreases in fission, or changes to the timescale of
network dynamics have a limited effect on search time. In
contrast, once a nonbranching network has become well
connected if fusion is sufficiently increased or fission suf-
ficiently decreased, then MFPT substantially rises as the
network becomes frozen into looped and linear fragments.
For nonbranching networks, the timescale of network dynam-
ics affects the minimum MFPT reached, with fast dynamics
achieving lower MFPT than slow dynamics. Nonbranched
networks with sufficiently fast dynamics are also able to

achieve the minimum MFPT achieved by branched net-
works across timescales of dynamics. Overall, the minimum
MFPT achieved by branching networks with all dynamical
timescales can only be achieved by nonbranching networks
with fast dynamics, with nonbranching networks with slow
dynamics exhibiting substantially longer search times.

A single end-to-side fusion rate a, is insufficient to explore
the range of possible mitochondrial network connectivity,
as the levels of free ends (degree-one nodes), end-to-end
fusions (degree-two nodes), and end-to-side fusions (degree-
three nodes) depend nonlinearly on the fusion-fission ratios
ay /by and a, /b, [8]. In our simulations of aspatial mitochon-
drial networks with branching thus far, the end-to-side fusion
rate is set to ap = 0.01 (Fig. 4). This a, value is selected
to provide an intermediate level of network branching, with
similar a, values (increased or decreased by an order of mag-
nitude) similarly providing an MFPT ~b; /(a;Npito) trend for
fragmented networks at low a;Npiw/b1 and an unchanging
MFPT for well-connected networks at higher a;Npo/b1, as
shown in Fig. 4(a) (solid curves) and the Appendix Figs. 11(b)
and 11(c). A substantially decreased a, value provides less
branching and leads toward the MFPT behavior for un-
branched networks, with lower end-to-side fusion causing
longer MFPT at a given a;Np;,/b; [Fig. 4(a), dashed curves,
and the Appendix Fig. 11(d)]. A substantially increased a,
value provides denser branching and leads to MFPTs that are
shorter than the ~b;/(a;Npiw) trend [Appendix Fig. 11(a)]
in the nearly disconnected network regime, with branching
connecting short mitochondria with end-to-side fusions to
other mitochondria, enabling a particle to more rapidly sample
more mitochondria.

These simulations vary network dynamics timescales rel-
ative to the fixed rate at which particles move to connected
mitochondria fragments, k,, = 1, setting the timescale. Across
the a; range explored for branching networks with a;, = 0.01
[solid curves, Fig. 4(a)], particle search is affected little by
whether particle motion is relatively fast or slow. For the
unbranched networks [dashed curves, Fig. 4(a)], particles with
slower diffusion relative to the speed of network dynamics
(large a;) lead to lower MFPT, as the mitochondrial fragment
has the opportunity to rearrange connections, which could
represent a protein diffusing in a mitochondrial network with
rapid dynamics or a slowly diffusing protein complex in a
mitochondrial network with typical dynamics. Also, on un-
branched networks, particles that are more diffusive relative
to the speed of network dynamics (small a;) could represent
a protein diffusing in a mitochondrial network with slow
dynamics or a rapidly diffusing ion in mitochondria with
rapid dynamics. Figure 4 explored a mitochondrial network
with Npio = 50 minimal mitochondria fragments, with larger
networks (Npito = 100) showing very similar MFPTs (Ap-
pendix Fig. 12).

III. DISCUSSION

Mitochondria form dynamic tubular networks that con-
tinuously remodel their structure through fusion and fission
processes. These dynamics are proposed to enable the sharing
of mitochondrial proteins and other molecules, evening out
heterogeneous delivery of nuclear-encoded proteins and com-
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FIG. 5. Network structure and fusion capacity for model aspatial dynamic mitochondrial networks. (a and b) Sample network structures for
branched (a, # 0) and nonbranched networks (a, = 0) for a (a) low-connectivity regime (a;Nmio/b1 = 1) and (b) high-connectivity regime
(@1 Npiwo/b1 = 10%). (¢) The number of connected components as the scaled ratio of end-to-end fusion to fission a; Ny, /b; is varied. Legend
for (c) applies to (c)—(f) and indicates end-to-end fusion rate a; and whether the network permits branching (solid curves) and formation of
degree-3 nodes (degree 3) or does not permit branching (degree 2, dashed curves). (d and e) Fraction of nodes that are part of a connected
component with (d) zero loops, (e) one loop, and (e, inset) two or more loops, as a;Nmio/b; is varied. Note that the spike in the fraction of
nodes on a component with one loop for a; = 0.002 degree-3 networks is caused by the transition from networks with primarily zero-loop to
multiple loop components at a; N /b1 = 1. (f) Number of eligible end-to-end fusion pairs as a; N, /b; is varied. Eligible end-to-end fusion
pairs is normalized by the maximum number of pairs, which is for an entirely disconnected network. Across all panels, the end-to-side fusion
rate for branching (degree-3) networks is @, = 0.01 and for nonbranching (degree-2) networks is @, = 0, the number of minimal mitochondrial
fragments is Mo = 50, and quantities are averaged over ten sample networks.

plementing mutant protein copies from nearby mitochondrial
DNA copies with those from more distant copies, among other
advantages from sharing molecules [31,37,39]. Mitochondrial
networks can range from fragmented [18] to highly connected
structures [9,43], depending on the cell type and environment.
We build on previous quantitative modeling of mitochondrial
network dynamics, using a two-dimensional spatial lattice
[31] and an aspatial agent-based model [8], to explore how
fusion and fission levels control the spread of particles through
the mitochondrial network.

As expected, better-connected networks and networks with
faster fusion and fission dynamics each lead to increased

particle spread for both spatial and aspatial networks. For
branching networks, once the mitochondrial network is suf-
ficiently well connected, further increases in connectivity do
not substantially increase particle spread. This is similar to
a percolation transition in two dimensions [54], matching
descriptions of mitochondrial networks as approaching effec-
tively two dimensional [9,21,44].

For the most fragmented networks with much faster fis-
sion than fusion, particle spread is limited by the speed of
fission dynamics as fission competes with the timescale for
particle movement between fused mitochondria, with particle
spread increasing as fission slows. If the network becomes
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well connected while fission is still rapid compared to particle
motion between mitochondria, then the increase in spread pri-
marily occurs due to slowing fission competing less with but
still limiting particle motion, and the network becoming well
connected halts further improvement in spread. This scenario
applies to particles with relatively low diffusivity within mi-
tochondria, such as large membrane complexes. If the fission
rate instead slows to no longer compete with particle motion
(particles have plenty of time to cross a recently formed fusion
connection), then on the spatial lattice-based network spread
will plateau until fisson decreases sufficiently that the network
becomes well connected, causing particle spread to become
more rapid and reach a maximum. On the aspatial network,
the particles instead never reach the fastest spread. This dis-
tinction is because on the spatial network, more connectivity
always benefits spread even if network dynamics are slow,
while on the aspatial network high connectivity combined
with slow dynamics can lead to persistent disconnected sub-
networks. This scenario, of particles easily crossing a fusion
connection before fission removes the connection, applies to
particles with relatively high diffusivity within mitochondria,
such as ions or soluble proteins in the mitochondrial matrix.

Experimental measurements of protein spread on mito-
chondrial networks support these two regimes of particle
spread, one regime limited by fission events occurring be-
fore particles can cross the fused connection and the other
regime defined by fusion event lifetimes much longer than the
timescale for particles to cross the fused connection. While fu-
sion events with long lifetimes enable ongoing protein spread,
short-lived mitochondrial “kiss-and-run” fusion events also
allow substantial exchange of soluble proteins but limited
exchange of membrane proteins between mitochondrial frag-
ments [56], and can enable meaningful protein delivery for
extended mitochondrial networks [57]. Soluble proteins are
also observed to spread through yeast mitochondrial networks
in minutes following fusion, while protein components of the
oxidative phosphorylation machinery, which form membrane-
embedded complexes and can be largely confined to cristae,
show limited spread through the network more than an hour
after fusion [58]. Beyond molecule size and membrane em-
bedding, which can influence diffusivity in mitochondria,
various protein-specific and environmental variables influence
diffusivity patterns [59].

An important mitochondrial network feature is their three-
way junctions, formed via end-to-side fusion, as they enable
branching and looping of mitochondrial networks [9-11].
Our model explores both branching model mitochondrial net-
works with three-way junction formation and nonbranching
networks that are not permitted to form three-way junctions.
Particle spread on branching model mitochondrial networks
(described above) is modified for nonbranching networks.
Diffusive particles on both branching and nonbranching
networks can achieve comparably fast spread, however, non-
branching networks require much faster fusion and fission
dynamics to achieve the most rapid spread. This suggests
that one advantage of branching mitochondrial networks is
to enable the efficient spread of proteins and other molecules
with much lower costs associated with the very rapid fusion
and fission that would be necessary for efficient spread in a
nonbranching mitochondrial network. Furthermore, spread on

nonbranching mitochondrial networks does not remain maxi-
mized once networks are sufficiently well connected. Instead,
nonbranching networks have an optimum connectivity that
maximizes spread, with both lower and higher connectivity
decreasing spread. While less spread for less connectivity
is similar to branching networks, more connectivity causes
decreased spread on nonbranching networks because the net-
work freezes into linear fragments and loops.

The mitochondria modeled as a spatial network on a two-
dimensional lattice and as an aspatial agent-based network
differ in how particle spread changes as fission slows com-
pared to fusion (described above) and in how spread on
nonbranching networks approaches spread on branching net-
works. For spatial networks, the particle spread timescale on
nonbranching networks does not achieve the lower spread
timescale of branching networks, while for aspatial net-
works the spread timescale on nonbranching networks (with
fast dynamics and optimum connectivity) can reach the
spread timescale on branching networks. This distinction,
with spread on nonbranched spatial networks persistently
disadvantaged relative to branched networks, demonstrates
the important effect of embedding a network in physical
space [60]. Rapid dynamics does not entirely rescue the
slow spread on nonbranching spatial lattice-based mitochon-
drial networks because mitochondrial fragments embedded
on a spatial lattice are constrained to connect to the same
few nearby fragments. Very recent work developed a mito-
chondrial network model permitting mitochondrial fragment
motion, integrating the spatial aspect of our lattice model
with the changing fusion partners of our aspatial model [19].
Although that work did not examine particle spread, frequent
network rearrangements were found to require intermediate
fusion rates, to allow recently fissioned mitochondrial frag-
ments to separate without refusing, suggesting the spatially
embedded nature of mitochondria constrains network struc-
ture and downstream processes such as spread.

Yeast mitochondria are well connected into a small number
of network components [9], while mammalian mitochondria
can be near the percolation transition threshold with a range of
fragment sizes [8,43]. We then expect that yeast are typically
near optimized spread and a substantial shift toward fragmen-
tation via more fission or less fusion would correspondingly
slow spread through the mitochondrial network. Mammalian
mitochondria are instead in the regime with spread affected
by smaller changes to connectivity. However, mammalian
mitochondria have relatively fast dynamics [19], such that
for many proteins and other molecules spread may be lim-
ited by competition between intramitochondrial diffusion and
fission, a regime that yields faster spread across parameter
values. In contrast to both yeast and mammals, plant mi-
tochondrial networks are very fragmented [23], suggesting
spread through plant mitochondria is significantly hindered
compared to better-connected networks and sensitive to the
frequency and lifetime of fusion connections.

Previous modeling work has probed how mitochondrial
network structure and dynamics impacts spread. For a static
network, recent modeling work showed that mitochondrial
network snapshots that contain loops allow faster diffusive
search compared to networks without loops [9,10]. We sim-
ilarly found that for dynamic mitochondrial networks, a
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larger number of loops facilitates faster spread. Our results
in Fig. 2(a) recapitulated earlier mean-field calculations and
stochastic simulations for spread on a two-dimensional lat-
tice model of a mitochondrial network, which showed a
stronger dependence of effective diffusivity on connectivity
for slower dynamics [31]. A two-dimensional spatial model
with mitochondrial motion along filaments suggested there
may be a minimum mitochondrial fusion rate above which
lack of exchange impacts mitochondrial health [21], and an
aspatial mitochondrial model indicated more frequent fusion
suppresses protein concentration fluctuations between mito-
chondria [37], aligning with our results that show changes
in spread as the ratio of fusion to fission is varied, includ-
ing relatively sudden changes in spread at particular ratios
of fusion to fission for certain parameter values. A model
of heavily fragmented mitochondria using a contact measure
of spread suggested mitochondrial DNA gene products ef-
ficiently spread for parameters describing living plant cells,

. @

which are relatively fragmented [46], suggesting different
measures of spread may be optimized for different network
dynamics. Notably, little to no previous work addressed how
spread is impacted by the end-to-side fusion processes that
form branches in mitochondrial networks.

Beyond a specific focus on mitochondria, spread on dy-
namic and static networks has long been explored. Earlier
work using mean-field techniques on fluctuating disordered
lattices found transition rates dependent upon fluctuation
timescale and bond probability [47,48,52], predicting the ef-
fective diffusivity of Fig. 2(a). Walkers that transition between
nodes with non-Poisson time distributions have occupation
probability distributions across node degree that are distinct
on Erd6s-Rényi versus Barabdsi-Albert networks [52], indi-
cating steady-state walker distributions can be affected by
network structure, and mean first-passage times that transi-
tion more suddenly with varying node-to-node transition rates
[51], suggesting nontrivial interaction between the network
fluctuations and walker transitions between nodes. Beyond
dynamic networks, on percolating static networks with site
probability p near the percolation threshold p., particles on
static lattices exhibit effective diffusivity Deg ~ (p — pc )"
with exponent u >~ 1.3 for two-dimensional lattices [54]. On
static complex networks, mean first-passage time depends on
the degree of the target node, the connectivity of the network
overall, and the motion characteristics of the searcher [61-63].
Thus, for spread on both dynamic and static networks the
connectivity details and walker motion characteristics are im-
portant, and for dynamic networks rearrangement timescales
also play a role, corresponding well with our finding that
branching as well as the relative particle diffusion and net-
work rearrangement timescales are important for spread on
mitochondrial networks.

Through quantitative modeling of spread on mitochondrial
networks, we have identified network branching at three-way
junctions as crucial to allow efficient spread with relatively
slow mitochondrial fusion and fission dynamics. We have also
shown that spread falls into different regimes that correspond
to regimes of network connectivity: on fragmented networks
spread is slow and depends on marginal changes to fusion and
fission, while on well-connected networks spread is rapid and

p=0.2

p=0.5

FIG. 7. Typical particle trajectories for different connection probabilities p = 0.2, p = 0.5, and p = 0.9 are shown over a simulation time
of 103 for a degree-four network. Black solid lines represent the trajectory of the diffusing particle moving in a fluctuating network, with moves
between lattice sites (gray open circles) only occurring when a connection is present. The particle starts at the red mark and finishes at the blue

mark for each trajectory.
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lattice as fusion fraction of dynamics Xugq/(Aadd + Aremove) 18 Varied, for 21 x 21 (small, dashed curves) and 41 x 41 (large, solid curves)
systems. Legend indicates system size and whether nodes can connect to all four nearest neighbors (degree 4) or only two nearest neighbors
(degree 2). The main plot is for network dynamics timescale T = 1 and the inset is for r = 100. Legend applies to both the main plot and the
inset. Particle diffusivity D = 1 and data averaged over 100 samples for both panels.
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FIG. 9. Comparison of particle diffusivity and search time on lattice networks permitting degree-four and degree-three nodes. (a) Effective
diffusivity Deg as fusion fraction of dynamics A,4q/(Xaga + Aremove) 18 Varied. The legend in (a), which also applies to (b), indicates network
dynamics timescale T and whether nodes can connect to all four nearest neighbors (degree 4, solid curves) or only three nearest neighbors
(degree 3, dashed curves). (b) MFPT as Audq/(Xadd + Aremove ) 18 Varied. Inset shows MFPT vs. D.g from main plots of (a) and (b). Dashed black
line in the inset shows ~ 1/D. trend. (c) Effective diffusivity D as balance between fusion and fission A,gq/Aremove 18 Varied. Black line is
~Xadd/Aremove trend. Legend entries for simulation data (those with A,qq values) in (c) also apply to (d). (d) MFPT as X4/ emove 1S Varied.
Black line is ~Aremove/Aada trend. Across all panels, particle diffusivity D = 1, the lattice is 21 x 21 with nodes on a square grid with intervals
of one, and data averaged over 100 samples.
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FIG. 10. Comparison of effective diffusivity D and MFPT for the networks with varying and fixed total mitochondrial mass on a two-
dimensional lattice. Across all panels, solid curves are for varying total mitochondrial mass (same as Fig. 2), dashed curves are for fixed total
mitochondrial mass m = 441, dot-dashed curves are for mass m = 625, with particle diffusivity D = 1. (a) Effective diffusivity D¢y as the
connection probability p is varied for degree-four networks. Insets show typical networks for p = 0.16 and p = 0.85 with m = 441. Legend
in (a) indicates network dynamics timescale T and also applies to (b)—(d). (b) The MFPT of a diffusing particle to find a randomly selected
lattice site from initial position at another randomly selected lattice site, as connection probability p is varied for the degree-four network.
Inset shows the lattice spacing for the fixed mass networks as connection probability p varies. (c) Effective diffusivity D.g as fusion fraction
of dynamics Audga/(Aremove + Aremove) 1 Varied for the degree-two networks. Insets show typical networks for p = 0.16 and p = 0.45 with
m = 441. (d) MFPT as Auda/(Xadd + Aremove) s Varied for the degree-two network. Inset shows the lattice spacing for the fixed mass networks
as Aaga/(Magd + Aremove) 18 varied. Data averaged over 100 samples for all panels.

depends little on marginal changes to fusion and fission. By
exploring both a spatial and aspatial model of mitochondrial
dynamics, our results align with previous work suggesting
that the spatial nature of mitochondria is important to network
rearrangements. This work advances quantitative understand-
ing of mitochondrial network structure and dynamics toward
mechanistic connection to mitochondrial function.

Source code for simulations and analysis, and data for
figures, is available from Ref. [64].
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APPENDIX: ADDITIONAL METHOD DETAILS
AND RESULTS

1. Spatial lattice-based model

D¢gr is calculated by fitting simulation data for mean
squared displacement as a function of time (r*(¢)) to (r?) =
4D¢gt to determine the slope 4D.g and thus the effective
diffusivity Deg. The slope is fit up to half of the saturated (r?)
value due to the finite system size, with one example shown
in Fig. 6.

Sample particle trajectories in the case of a degree-four net-
work are shown in Fig. 7 for three different bond connection
probabilities p = 0.2, p = 0.5, and p = 0.9.

The effective diffusivity Des versus connection probability
p, as in Fig. 2(a) but for a larger system, is shown in Fig. 8(a).
The larger system behaves nearly identically to the smaller
network. Figure 8(b) similarly compares effective diffusivity
for both degree-four and degree-two networks for a larger
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system compared to the system for results in Fig. 2(c), finding
the larger system behaves nearly identically to the smaller
network.

Figure 9 compares effective diffusivity Deg and MFPT of
a particle on a dynamic spatial lattice network for the case
with nodes only allowed to connect to three nearest neighbors
(degree-three networks) to the case where nodes can connect
to all four nearest neighbors [degree-four networks, Figs. 2(a)
and 2(b)]. The qualitative D,y and MFPT are unchanged,
although D¢ substantially decreases and MFPT substantially
increases at high Angq/(Aadd + Aremove) fOr degree-three net-
works compared to degree-four networks. This regime in
which these networks differ is when the dynamics favor high
connectivity, and thus the limit to three connections shows an
effect.

In Fig. 2 we considered particle spread on the two-
dimensional lattice-based model with a fixed lattice in a region
of fixed size with varying connectivity between nearest-
neighbor lattice sites. If lattice sites and connections both
represent mitochondrial mass, then more connected networks
have a higher total mitochondrial mass. Here, we consider
the case of fixed total mitochondrial mass, such that as the
connectivity increases the lattice spacing increases [compare
inset networks of Fig. 10(a)]. We assume that each lattice site
has a mitochondrial mass of one, that each fusion connection

(a) ‘ ‘ ‘
10°% 2,=10.0
Y 2,=02 —o—
,=0.02 —a—
,=0.002 —o—
9102 ~by/(a;*Nypie)
g
Z
= ol
=
10— SR ee T ..
107 107 107 10° 107

(al >kNmilo)/bl

between nearest-neighbor lattice sites has a mass equal to its
length (we do not vary this mass ratio but do not expect its
variation to qualitatively affect our results), and that the time
to cross a connection is proportional to its length squared.

There are n? lattice sites in an n x n lattice, and each fusion
connection has a length L/(n — 1) with L the linear size of the
system. The total mass m of an n x n lattice with a connection
probability p is then

m=n>+2nLp, (A1)

which can be rearranged to find the connection probability

m—nz

2nL

We fix the linear system size L and mass m, and then vary-
ing the number of sites n across the lattice controls the
probability p.

We show effective diffusivity and MFPT for L =20
(matching Fig. 2) and total masses m = 441 (matching Fig. 2
lattice spacing at p = 0) and m = 625 (matching Fig. 2 lattice
spacing at p ~ 0.2) in Figs. 10(a) and 10(b) for no limits on
node degree. The effective diffusivity Deg and MFPT are very
similar to the networks that do not conserve mass in Fig. 2.

For networks with nodes limited to a maximum degree
of two, we show the conserved-mass network results in

p= (A2)

(b)

=

(==}
™
T

MFPT/N, o
E.—

—
(=]

(al >kNmilo)/bl

(a1 *Npito)/by

(al *Nmito)/bl

FIG. 11. Search times for particle diffusing on model aspatial dynamic mitochondrial network with variation in end-to-side fusion levels.
MFPT of a particle to find a randomly selected mitochondrial fragment from an initial location on another randomly selected fragment, as the
scaled ratio of end-to-end fusion to fission a; Ny, /b; is varied. End-to-side fusion rate varies between panels with (a) a, = 10, (b) @ = 0.1,
(c) a, = 0.001, and (d) a, = 0.000 01. The black solid line is ~b; /(a; Nyiro) and the dot-dashed black line is minimum search time (7;,;,) from
Eq. (4). Legend in (a) indicates end-to-end fusion rate a; and similarly applies to (b)—(d) except a; = 0.02 is absent from the latter panels.
Across all panels, the rate to move to connected mitochondrial fragment is k,, = 1, the number of minimal mitochondrial fragments Ny = 50,

and data averaged over 100 samples.
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Figs. 10(c) and 10(d). D¢gr and MFPT differ more than for the
networks with no restriction on node degree, with somewhat
higher D.¢ and lower MFPT for m = 441. However, both D¢
and MFPT are qualitatively similar to the networks in Fig. 2
with a maximum node degree of two that do not conserve
mass. As for the networks with limited node degree p #
Madd/(Xadd + Aremove), fOr the p in Eq. (A2) we use bond prob-
ability measured from simulations, rather than A,4q/(Aaga +
Aremove) as for the networks without node degree restrictions.
The lattice spacing L/(n — 1) as Aagd/(Aagd + Aremove) 18 var-
ied as shown in insets of Figs. 10(b) and 10(d).

We attribute the relatively small differences between net-
works that do and do not conserve mass to finite size effects,
since the effective diffusivity and MFPT for the higher mass
system (m = 625) is closer to these quantities for the networks
that do not conserve mass in Fig. 2.

2. Aspatial agent-based model

Figure 4(a) examines the MFPT for the aspatial agent-
based dynamic mitochondrial network model for a branching
network with intermediate end-to-side fusion rate a, = 0.01
and a nonbranching network with a, = 0. Figure 11 ex-
plores other a, values. For lower a, values [Figs. 11(c) and
11(d)] the MFPT trends toward the results for the nonbranch-
ing model [Fig. 4(a), dashed curves]. For higher a, values
[Figs. 11(a) and 11(b)] the MFPT decreases below the MFPT
~b1/(aiNpiw) trend as branching fusions connecting short
mitochondrial fragments and allows a particle to sample mi-
tochondria rapidly. Since three-way junctions fission into a
free end and a degree-two node at rate b, = (3/2)b;, the
high a, value allows the MFPT to decrease below the MFPT
~b /(a1 Nnito) trend.

33 ‘ |
107% 2,=10.0
a=0.2 —e—
a;=0.002 ——
02 ~by/(a;*Npipo) ——

FIG. 12. Search times for particle diffusing on model aspatial
dynamic mitochondrial network with larger network size. MFPT of a
particle to find a randomly selected mitochondrial fragment from an
initial location on another randomly selected fragment, as the scaled
ratio of end-to-end fusion to fission a; Ny, /b; is varied. Black solid
line is ~b; /(a;Nmi,) and dot-dashed black line is minimum search
time (7p,) from Eq. (4). Legend indicates end-to-end fusion rate a; .
a; = 0.01, the rate to move to connected mitochondrial fragments
is k,, = 1, number of minimal mitochondrial fragments Ny, = 100
(in contrast to Npy,, = 50 for other aspatial model results), and data
averaged over 100 samples.

Figure 12 compares MFPT for a network with Ny, = 100
mitochondrial fragments instead of Ny, = 50 in Fig. 4(a),
showing very similar scaled search times.
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