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Abstract

Connectomes—maps of synaptic connectivity—constrain how signals flow through

the nervous system, shaping the transmission of sensory information to downstream

targets involved in perception, decision-making, and action. Here, we use a simple,

network-based spreading model to simulate sensory signal propagation across the

adult Drosophila connectome. This approach allows us to trace modality-specific cas-

cades and quantify their zones of overlap—neurons activated by multiple sensory

pathways. Extending the classical spreading model, we introduce cooperative and

competitive dynamics to simulate multisensory integration scenarios. Finally, we clas-

sify neurons based on their dynamical response profiles across all simulations, yield-

ing a data-driven taxonomy grounded in both structure and dynamics. Our results

highlight how abstract models can reveal organizing principles of neural computation

and generate hypotheses for future experimental validation.

Author summary

To understand how the brain processes and merges information from our senses,
we need more than just a “wiring map” of its connections; we need to see how sig-
nals actually travel through those wires. This study uses the largest available brain
map–the adult fruit fly connectome–comprising roughly 138,000 neurons and 54
million synapses. By applying a computer model that simulates the “spreading” of
activity, we tracked how signals from different senses (like sight, smell, and taste)
ripple through the fly’s brain. We discovered that while sensory signals start in very
separate, specialized areas, they quickly converge into shared “integration hubs,”
such as the central complex. We also found that when two senses are stimulated
together, they can “cooperate” to speed up the brain’s response or “compete” for
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the attention of the same neurons. These findings provide a new, data-driven way
to classify neurons based on their role in processing information, moving us closer
to understanding how complex behaviors emerge from the physical architecture of
the brain.

Introduction

Connectomes are wiring maps that describe the connectivity of neural elements—
cells, populations, areas—to one another [1–6]. These physical connections support
signaling and communication across neural systems [7–10], enabling the transfor-
mation of sensory inputs into adaptive behavioral responses [11–14]. Identifying the
pathways that govern this information flow is a central aim of systems and behavioral
neuroscience [15,16].

Network neuroscience provides a framework for representing and analyzing
brain networks using tools from graph theory [17–20]. Here, neural elements are
encoded as nodes and their pairwise connections as edges in a directed, weighted
graph. Such models can support both structural analyses and simulations of network-
constrained dynamics [21–24]. One class of models, spreading dynamics, imag-
ines that activation initiated in a small set of seed nodes propagates stepwise across
synaptic connections, resulting in activation cascades that spread throughout the
network [25–27]. These simplified models offer analytical tractability and insight into
how network architecture shapes large-scale dynamics. They also provide an ideal-
ized description of sensory processing—tracking how input from peripheral sensory
neurons flows through the brain to drive downstream activity [28,29].

Recent advances in large-scale electron microscopy have yielded nanoscale
connectomes of entire nervous systems [30–34]. The largest and most complete to
date is that of the adult female fruit fly, Drosophila melanogaster, comprising roughly
138,000 neurons and 54 million synapses [35]. In addition to its scale, the connec-
tome features detailed cell-type annotations and modular subdivisions [37–39],
enabling integrative analyses that link structure, function, and lineage.

In Drosophila, sensory systems are initially segregated by modality, but their sig-
nals converge onto shared higher-order structures such as the lateral horn, mush-
room body, and central complex [40–42]. These regions are thought to support asso-
ciative learning, multisensory integration, and behavioral decision-making. Behavioral
and physiological studies have shown that flies integrate information across sensory
channels [43], though the circuit-level mechanisms remain poorly understood.

Using anatomical annotations of the fly connectome, it is now possible to iden-
tify sensory neurons and track how activity initiated in specific sensory modalities
spreads through the brain. In this study, we use and extend a recently developed
spreading model [44] to explore how signals propagate from distinct sensory sys-
tems. We examine three scenarios: (1) unimodal cascades, in which single modal-
ities are seeded independently; (2) cooperative cascades, in which paired modali-
ties jointly influence activation timing; and (3) competitive cascades, where pairs of
modalities vie for influence over downstream targets. We show that individual
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sensory cascades follow distinct trajectories but converge in central structures, particularly the central complex. We iden-
tify the neurons and connections that facilitate early, rapid activation, and analyze which neurons lie at the interface
between competing signals. Finally, we use cascade-based summary statistics to group neurons by their roles in signal
propagation.

In summary, this study makes both descriptive and theoretical contributions. Descriptively, we document the spatiotem-
poral trajectories of sensory cascades and link them to specific annotations and network features. Our work also makes
notable contributions to theory. We demonstrate that early propagation of sensory cascades is facilitated by high-degree
hubs, that sensory modalities can be grouped into families based on the spatiotemporal similarity of their sensory cas-
cades, that neurons in the central brain serve as convergence zones for multi-modal sensory cascades and exhibit high
degrees of entropy. More generally, our work underscores the critical role of the connectome alone, even in the absence
of any exogenous control signal, for shaping the propagation of activity throughout a nervous system.

Results

Here we analyzed the connectome of a single adult female Drosophila melanogaster (publicly available through
https://codex.flywire.ai/; all analyses were carried out on the v783 connectome) [35]. The connectome comprised N =
138,639 neurons, M = 15,091,983 edges, Mw = 54,492,922 synapses. The connectome is, by construction, directed and
its edges weighted by synapse count. The connectome data used in these analyses can also be obtained from https://doi.
org/10.5281/zenodo.18555170 [36].

Neuronal wiring of sensory systems

Synaptic connectivity between neurons enables the propagation of signals—including sensory information—throughout
the nervous system. The configuration of these connections—the connectome’s topology—thus plays a central role in
shaping information flow [45]. To investigate how network structure contributes to sensory integration, we first exam-
ine the wiring among Nsensory = 16,349 annotated sensory neurons. These neurons span several modalities: gustation,
hygrosensation, mechanosensation, olfaction, thermosensation, vision (both optic lobe and ocellar), and a category
labeled “unknown.”

We extracted the 16349 × 16349 subgraph comprising all synaptic connections between sensory neurons (Fig 2a). This
subgraph was notably sparse, with a binary connection density of dsensory = 1.3×10−4—approximately six times lower than
the full connectome’s density (dconnectome = 7.8 × 10−4). Moreover, it was significantly sparser than randomly sampled sub-
graphs of the same size (p < 10–3; 1000 random samples; see S4 Fig).

The sensory subgraph also exhibited strong modularity. Of the 54,302 synapses, 54,134 (99.7%) connected neurons
within the same modality (Fig 2b). This high degree of within-modality wiring highlights a parallel, segregated architecture
with minimal direct cross-talk between modalities.

Taken together, these results indicate that direct sensory-sensory interactions are both rare and strongly modality-
specific. This organization suggests that multimodal integration likely occurs through polysynaptic pathways and that the
secondary steps along these pathways involve non-sensory neurons.

To explore this possibility, we used a stochastic cascade model to simulate how activation might spread from sensory
neurons across the full connectome (see Fig 1). This abstract model is broadly applicable to networked systems [46], and
provides a tractable framework for studying the spatiotemporal dynamics of signal propagation.

In the model, each neuron can be in one of three states: active, inactive, or refractory. At time t = 0, a small set of
Nseed “seed” neurons is initialized as active—all others begin inactive. At time t = 1, the seed neurons can activate their
post-synaptic partners. The Drosophila connectome is polyadic, meaning that the same pair of neurons can be con-
nected by multiple synapses (at different locations along their processes). For pairs of neurons connected by more than
one synapse, we assume that any of the synapses can activate the post-synaptic neuron. We treat each synapse as a
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Fig 1. Schematic illustration of cascade model. Neurons can take on three states; active, inactive, or refractory. Inactive neurons are activated
probabilistically by their pre-synaptic partners. Once a neuron has been activated, it enters a refractory period, wherein it cannot be activated at any sub-
sequent time point. We consider three variations of this model. (a) Unimodal sensory cascades: wherein the initial population of active neurons (the seed
population) are all of the same sensory modality. The model proceeds until either all neurons have been activated or there exists a time point wherein no
neurons are currently active. (b) Cooperative sensory cascades: we consider two populations of sensory neurons, each of which represents a different
sensory modality. Nonetheless, in their active states, these neurons carry identical information (the same state value), and therefore generally improve
(reduce) activation times such that neuron i will tend to be activated earlier in the cooperative condition than in the unimodal condition. (c) Competitive
sensory cascades: we, again, consider two populations of sensory neurons, but force them to carry different information and therefore “compete” for
territory. Under the competitive model, it is possible for a neuron to be activated at the same time step by multiple neurons from both sensory cascades
(green and red, in this panel). If this occurs, we count the number of green and red neurons. The neuron is assigned the color of the winning cascade. If
there is an exact tie, then the winner is selected randomly.

https://doi.org/10.1371/journal.pcsy.0000091.g001

Bernoulli trial where the probability of a “success” (activation of post-synaptic neuron) is equal to ptransmission. Following
activation, neurons turn off the next step (entering a “refractory” state), where they cannot activate their post-synaptic
partners nor can they be activated by their pre-synaptic inputs at any point during the rest of the cascade. The cascade
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Fig 2. Synaptic connectivity within and between primary sensory neurons. (a) Complete sub-network of sensory-to-sensory connections. Gray
lines delineate systems (modalities) from one another. (b) Synapse count between pairs of systems. (c) Binary density of connections between pairs of
systems (and remaining neurons, labeled “others”). Note that in c the color and labels are on a logarithmic scale. (d) Anatomical depiction of sensory
neurons.

https://doi.org/10.1371/journal.pcsy.0000091.g002

continues until no neurons are active. See S1 Fig for example cascades and for details on the influence of model param-
eters. In the main text we fix parameter values to ptransmission = 0.01 and Nseed = 16. These particular values were selected
practically; they are both large enough to ensure that the majority of cascades propagate to the entire network but still
small enough to ensure that the cascades evolve over a long enough timescale to allow for meaningful analysis. We note,
however, that alternative parameter values tend to stretch or contract activation timing, generally preserving rank order of
activation (see S1 Fig d-f and S2 Fig).

Edge contributions to cascades

The cascade model allows us to track how activity spreads not only across neurons, but also across individual synapses.
This feature enables the identification of dynamic sensory pathways—sequences of synaptic contacts—that support the
propagation of activation from sensory neurons into the broader brain. We can then ask: which types of neurons partic-
ipate in these cascades? Do these pathways align with structural features of the connectome? And are the most active
synapses associated with classical hub neurons?

To address these questions, we performed 1000 simulations of the cascade model in which Nseed = 16 sensory neu-
rons were randomly drawn across all modalities and activated with ptransmission = 0.01. At each time step, we calculated
across all simulations three quantities: the total number of active synapses, the number of unique synapses used, and
their ratio (unique/total). Here, we consider a synapse to be active at time t if its post-synaptic neuron was inactive at
t–1 but activated at time t. We measured three quantities: the total number of active synapses, the number of unique

PLOS Complex Systems https://doi.org/10.1371/journal.pcsy.0000091 March 5, 2026 5/ 28

https://doi.org/10.1371/journal.pcsy.0000091.g002
https://doi.org/10.1371/journal.pcsy.0000091


i
i

“pcsy.0000091” — 2026/2/28 — 13:22 — page 6 — #6 i
i

i
i

i
i

synapses used, and their ratio (unique/total). A high ratio would indicate consistent usage of the same synapses across
simulations; a low ratio would suggest variable, diverse pathways. Note that while the seed neurons are drawn from
all sensory modalities, we view this model as a special case of the unimodal model. The rationale for doing so is that,
whereas the cooperative and competitive models explicitly test for synergistic effects of multi-sensory seeding and yield
estimates of sensory “boundaries”, respectively, the summary statistics we would derive for this model–drawing seeds
randomly from among all sensory modalities–are identical to the statistics used to summarize the unimodal model.

Early in the cascade, we observed a pronounced “bottlenecking” effect—specific synapses were repeatedly and con-
sistently used to relay activity from the sensory seeds to other, secondary neurons (Fig 3c). We show the most frequently
used neurons and their connections at each of the first four steps in Fig 3a and the average over all steps in Fig 3b. This
consistency declined at later stages, as the cascade diversified into multiple alternative routes (Fig 3c). These findings
suggest that a small set of high-traffic synapses mediates the initial wave of integration, while later dynamics engage a
broader array of pathways.

To examine whether synapse usage could be predicted from static network features, we computed the outdegree of
each neuron based on edge usage (dynamic centrality) and compared this to their degree and strength in the underlying
connectome (structural centrality). Early in the cascade, correlations between dynamic and structural centrality were weak
(maximum r = 0.15), indicating that highly connected neurons in the static network did not dominate the initial spread
(Fig 3d). However, as activity progressed beyond t = 6, correlations rose sharply, exceeding r > 0.9 by t = 7, consistent
with a transition toward greater reliance on structural hubs for sustaining propagation.

To better understand the cellular and anatomical substrates of these dynamics, we aggregated the 138,639 × 138,639
edge usage matrix at each time point by hierarchical annotation categories—“Flow”, “Super-class”, “Class”, and “Sub-
class” (see Materials and Methods). Early cascade stages primarily involved synapses between afferent and intrinsic
neurons, many of which were sensory (Fig 3e, top panels). At intermediate time steps, uni- and multiglomerular projec-
tion neurons became prominent, including reciprocal interactions among these cell types and with tangential neurons—
suggesting the involvement of antennal lobe circuits and early olfactory integration (Fig 3e, middle).

From t = 2 onward, activation increasingly involved downstream targets such as the mushroom body—particularly
Kenyon cells—and neurons of the central complex. These populations serve as known convergence zones for multi-
modal integration in Drosophila [47–49], and they relay activity to neurons in the optic lobes at later stages (Fig 3e, bot-
tom). These dynamics suggest a structured flow from afferent sensory neurons through intermediate integration zones
toward broader, distributed activation of the brain.

Overlapping and distinct spatiotemporal profiles of unimodal sensory cascades

In the previous section, we examined cascade dynamics following simultaneous activation of neurons from all sensory
systems. Here, we restrict seeding to individual modalities, allowing us to isolate features that are shared across, or
unique to, specific sensory systems.

To illustrate modality-specific dynamics, we compare cascades seeded from gustatory and hygrosensory neurons by
visualizing their activation probability maps from t = 2 to t = 6 (Fig 4a). Early-stage activity patterns are largely uncorre-
lated, consistent with non-overlapping sensory pathways. However, over time, cascades converge, with activation maps
becoming increasingly similar. These observations suggest that the dynamics most specific to each sensory modality
occur early on and over the first several steps (see S1 Fig). Note that these activation probability maps, which were esti-
mated by simulating the cascade model 1000 times, represent probability that a single neuron is active at time step t.

This convergence is a general feature of unimodal cascades. At early time points, each modality follows a distinct tra-
jectory, but progressively merges into larger, more overlapping clusters (Fig 4b). For instance, thermosensory, hygrosen-
sory, and olfactory cascades form a cluster beginning at t = 2 that persists until around t = 5, echoing known anatomi-
cal and functional coupling between these systems [50]. Gustatory and “unknown” modalities form a smaller cluster at
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Fig 3. Edge sequencing. (a) Top 1000 edges (by usage) over first four time steps. (b) We constructed a weighted connectivity matrix by averaging
edge usage across all time points, where at each time point an edge is present if it activates a postsynaptic neuron. We then calculate the out-degree
of each node to highlight influential spreaders. (c) Across 1000 simulations, we count the total number of active synapses at each time point along with
the unique number of active synapses. If the same synapses were active across all runs, then these numbers would coincide; however, due to the
stochasticity of the cascade model and variation in the set of seeded neurons, different synapses appear at different time points. (d) Correlation of the
instantaneous out-degree with basic structural properties of the network. (e) Active synapses (edges) grouped by annotation data. Circumference and
color circle are proportional to the logarithm of their usage (count normalized by the number of synapses between pairs of annotations).

https://doi.org/10.1371/journal.pcsy.0000091.g003
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Fig 4. Modal specificity and similarity of cascades. Here, we consider cascades in which neurons associated with different sensory modalities are
treated as seeds. From these seeds we simulate cascades and compare the spatiotemporal trajectories between sensory modalities. (a) Schematic for
comparing cascades. For two sensory modalities (gustation and hygrosensation, in this case) we calculated the similarity between spatial maps
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at each time step as a correlation. (b) We extended this comparison to all pairs of sensory modalities as well as the “all” category (pan-sensory cas-
cade), wherein sensory neurons from all modalities are treated as seeds, and show the similarity between all pairs at each time step, from t= 1 to
t= 12. (c) We also concatenated the activation probability maps across time steps for a given sensory modality and computed the similarity between
these omnibus maps, yielding a single time-invariant similarity score for pairs of sensory modalities. (d) We calculated dominance maps, where each
neuron is assigned the label of the sensory modality corresponding to the greatest activation probability at a given time step. (e) We also calculated
an “overlap index” for neurons as the number of sensory modalities with activation probability exceeding some threshold (here, 25%) at a given time
step. (f ) Composition of dominant modality as a function of time. (g) Pairwise overlap between pairs of sensory modalities. That is, how often did two
sensory modalities simultaneously exceed the activation probability threshold together. (h) Frequency of overlap motifs, ranging from size 2 to size 7. (i)
Enrichment statistics for overlap index across annotations as a function of time.

https://doi.org/10.1371/journal.pcsy.0000091.g004

t = 3, later joined by mechanosensory inputs at t = 4. In contrast, ocellar and visual cascades remain distinct from all
other modalities through at least t = 6, forming their own cluster around t = 7 and maintaining separation until t = 12.

To quantify overall relationships between modalities, we computed an “omnibus” similarity matrix. For each modal-
ity, we constructed a single vector by stacking the whole-brain activation probability vectors from time steps t = 1 to t =
12 (each vector was one-dimensional and had length N × 12) and calculated pairwise correlations between modalities–
i.e. between the stacked vectors (Fig 4c). These relationships recapitulate known connectivity patterns—modalities with
similar anatomical wiring also produce more similar cascade profiles (S3 Fig).

We further analyzed the progression of cascade overlap using two complementary statistics. First, for each neuron
i, we identified the dominant sensory modality at each time step—i.e., the modality with the highest activation probabil-
ity (Fig 4d). Second, we calculated an “overlap index,” defined as the number of unimodal cascades exceeding a 25%
activation threshold for a given neuron and time step (Fig 4e).

Notably, dominant modalities shift over time. From t = 2 to t = 6, thermosensory cascades dominate large fractions of
the network, peaking at t = 4 and then declining as other modalities—especially hygrosensory, olfactory, gustatory, and
mechanosensory—gain influence. Visual cascades, by contrast, remain inactive until around t = 7, by which time other
modalities are already declining.

We summarized convergence patterns by computing an overlap matrix. For each pair of modalities, we identified neu-
rons with supra-threshold activation for both modalities at the same time step and tallied across time and space (Fig 4g).
As expected, the overlap matrix mirrors the cascade similarity matrix: visual cascades rarely co-activate with others,
while thermosensory + hygrosensory and gustatory + unknown modalities frequently do. Mechanosensory and olfac-
tory cascades exhibit less consistent clustering, suggesting more selective or delayed engagement with broader network
dynamics.

To characterize multi-modal overlap more finely, we tabulated the most frequent combinations of 2 to 7 modalities
co-activating a neuron. These groups consistently include thermosensory, hygrosensory, gustatory, olfactory, and
mechanosensory inputs (Fig 4h). Visual modalities appear only in the final stages, and no neurons were activated by all
eight modalities under these parameters.

Finally, we performed a time-resolved enrichment analysis on overlap scores. At each time t, we computed mean over-
lap index for each annotation category, standardized against a null distribution obtained by permuting labels (Fig 4i). As
expected, early overlap of cascades is enriched among afferent, thermosensory, and sensory neurons (step t = 1). At
t = 2, enrichment shifts to antennal lobe and glomerular neurons, consistent with their role in propagating activity. At later
stages, overlapping cascades are enriched in intrinsic and efferent neurons (steps t = 3 − 5), tangential and columnar
neurons (steps t = 6 − 7), and specific populations such as Kenyon cells, lateral horn, and central complex neurons.

Together, these results suggest that sensory cascades initially activate distinct and largely non-overlapping subnet-
works, before converging on common populations of intrinsic neurons. Visual modalities remain the most distinct, engag-
ing late and following unique trajectories through the network. These patterns reflect and reinforce known principles of
modularity and sensory integration in the Drosophila brain.
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Cooperative sensory cascades

At the end of the previous section, we defined a measure—the overlap index—to relate the spatiotemporal trajectories of
multiple sensory cascades. However, this measure was based on non-interacting cascades. A more realistic extension
of the model allows cascades to interact—either cooperatively or competitively. In this sub-section, we examine a coop-
erative model. In this model, we seed cascades in different sensory modalities–e.g. setting Nseed hygrosensory neurons
and Nseed thermosensory neurons active at time t = 0. Postsynaptic neurons can be activated by either modality, generally
leading to earlier activation. Conceptually, this reflects polysensory integration, where multimodal sensory events (e.g.,
a change in temperature and visual input) occur simultaneously, boosting signal propagation speed through the nervous
system. This type of early multisensory convergence has been observed in vivo in the Drosophila brain, particularly in
thermosensory and olfactory circuits [50], and is consistent with integration within higher-order centers like the mushroom
body and lateral horn [40,41].

To characterize this phenomenon, we simulated cooperative cascades in which seed neurons were drawn from pairs
of sensory modalities. After 1000 simulations per pair, we computed each neuron’s mean activation time and compared it
to the same neuron’s activation time in unimodal simulations. We highlight these distinctions by calculating the difference
between the cooperative and unimodal activation probability for each sensory modality. This yielded a measure of relative
speed-up—i.e., the reduction in activation time due to cooperation.

We found that, in general, cooperative stimulation resulted in modest speed-ups. Across all system pairs, the average
activation time reduction was −0.11 ± 0.05 steps. Pairs that yielded the greatest reductions included gustatory+unknown
(–0.18), olfactory+unknown (–0.18), visual (retinal + ocellar) systems (–0.18), and gustatory+olfactory (–0.17) (Fig 5a).

To explore a more extreme case of cooperation, we simulated pan-sensory cascades where all eight sensory modali-
ties were simultaneously seeded. This condition led to significantly faster propagation: compared to unimodal cascades
originating in visual neurons, the pan-modality cascade reduced activation time by nearly 2 steps (Fig 5b). For complete-
ness, we visualized the reduction in activation time for each neuron in anatomical space (averaged over all eight unimodal
conditions; Fig 5c).

We also used annotation-based enrichment analyses to examine the neurons most affected by multisensory coopera-
tion (Fig 5d). Because activation time reductions were heavy-tailed—a small number of neurons showed large effects—
we focused on the top 1% of neurons (ranked by activation time reduction). Fig 5e summarizes the raw annotation counts
for this subset, highlighting that cooperation disproportionately benefits certain neuron classes.

Together, these results suggest that visual cascades, which follow distinctive trajectories compared to other modali-
ties, benefit most from multisensory stimulation. Nevertheless, the modest mean reductions indicate that even unimodal
cascades can leverage connectome architecture to propagate efficiently through the brain.

Competitive sensory cascades

An alternative scenario for exploring interacting cascades is the so-called competitive cascade, wherein the signal prop-
agated from two sensory modalities retains modal specificity. That is, neurons activated by either of these two modalities
inherit the “label” of their respective sensory activator, maintaining the distinct identity of each signal. For instance, we
could set Nseed hygrosensory and Nseed thermosensory neurons active at time t = 0. The hygrosensory and thermosen-
sory seeds are active with labels “1” and “2”, respectively. At the next time step, t = 1, post-synaptic neurons activated
by hygrosensory neurons inherit the label “1” while those activated by thermosensory neurons inherit the label “2”. Neu-
rons can only have one of these two labels; never both. As with the cooperative cascade, the competitive cascade model
can be interpreted in terms of multisensory stimulation. However, unlike the cooperative case, where multiple sensory
modalities amplify a signal, in the competitive scenario, the more “salient” of the two modalities can dominate, effectively
muting responses from the other modality. This dynamic may resemble behavioral scenarios in which conflicting sensory
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Fig 5. Cooperative cascade statistics. Here, we consider cascades in which neurons associated with different sensory modalities are treated as
seeds. In contrast with the competitive cascade model, where postsynaptic neurons are activated by one sensory modality or the other, neurons here
can be activated by either sensory modality. In principle, then, the cooperative cascade leads to reductions in activation time for “synergistic” sensory
modalities. That is, pairs that target distinct neuronal populations or sufficiently enhance the probability of activating a single neuronal population. (a)
Average reduction in activation time for all pairs of sensory modalities. Note that the colormap is inverted, so that the greatest reductions are depicted in
bright colors. (b) We also compared unimodal cascade activation times against the scenario where seed neurons are selected randomly from all sensory
modalities. Here, we show the mean reduction in activation time for such a scenario. (c) The same information at single-cell resolution and in anatomical
space. (d) Enrichment statistics for speed-ups. (e) The distribution of speed-ups was heavy-tailed. Here, we highlight the tail of this distribution (the top
1% of neurons by average reduction in activation time), showing their composition across annotation categories.

https://doi.org/10.1371/journal.pcsy.0000091.g005

cues must be resolved by suppressing one modality to favor another [41,50]. In this section, we report results under this
competitive scenario.

As an illustrative example, we show distinctions between unimodal and competitive cascades originating in gustatory
and hygrosensory neurons. In Fig 6a (top+bottom), we show probabilistic activation maps corresponding to unimodal gus-
tatory and hygrosensory cascades—i.e., without any competitive interaction. However, when we allow the cascades to
evolve simultaneously and compete for territory, we find distinct spatiotemporal trajectories (Fig 6a, middle). We highlight
these distinctions by calculating the difference in activation probability (competitive minus unimodal).

One of the useful statistics that arises from competitive cascades is the so-called “neighborhood entropy”—a sum-
mary measure of how balanced a neuron’s neighbors are in terms of their assigned labels. A neuron whose neighbors all
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Fig 6. Competitive cascade statistics. (a) Comparison between unimodal gustatory and hygrosensory cascades (top and bottom) with competitive
cascade (middle). (b) Entropy map for the gustatory and hygrosensory competitive cascade. High entropy neurons have “diverse” neighborhoods, i.e.
their neighbors are activated by both gustatory and hygrosensory neurons. The inset with smaller brain maps depicts entropy maps of other competitive
cascades involving the gustatory sensory modality at t= 4. (c) For every pair of neurons and at each time step, we calculated the relative dominance of
one sensory modality over the other. That is, when we consider all active neurons, is one sensory modality over-expressed? Here, we plot this balance
as a difference in proportion for all pairs of systems from time steps t= 2 to t= 6.

https://doi.org/10.1371/journal.pcsy.0000091.g006
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have only one label will have low entropy, whereas if the labels are distributed uniformly, the entropy is high. In Fig 6b, we
depict neighborhood entropy in anatomical space for the gustatory versus hygrosensory competitive cascade. Neurons
with high entropy—indicated by bright colors—sit at the boundaries of competing cascades. Thus, entropy serves as a
complementary metric for identifying locations where multiple signals converge onto shared targets, potentially supporting
multisensory integration.

We estimated the “winning” sensory modality at each time step by calculating the imbalance in the number of neurons
assigned to each label. Specifically, we calculate the difference in the number of neurons activated by sensory modality,
r, compared to the other, s (we express this number as a fraction of all N neurons). In Fig 6c, we show the balance met-
ric as a function of time step. Each entry in this matrix corresponds to the difference in territory occupied by sensory sys-
tem r versus s. For example, at t = 6, two cascade pairs show strong imbalances (red). In one case, thermosensory neu-
rons outcompete visual neurons; in another, unknown sensory neurons dominate ocellar inputs. We also show a more
balanced case (hygrosensory vs. mechanosensory), where territorial differences are minimal at t = 6.

This competitive cascade model helps us better understand how multisensory signals might resolve within a weighted
and directed connectome. For instance, we can use neighborhood entropy to track the formation of “fronts” or boundaries
between competing sensory signals. Neurons with high entropy are structurally poised for integration—they receive input
from, or project to, neurons with differing sensory identities. Because the Drosophila connectome is directed, we defined
three forms of entropy: based on presynaptic partners, postsynaptic partners, and their union. In a pan-sensory com-
petitive cascade model, where all sensory systems were seeded equally, these three measures were highly correlated
(mean pairwise similarity across time points r = 0.81 ± 0.21). Nonetheless, subtle differences were evident, likely due to
the strong—but not perfect—correlation between in- and out-degree (r = 0.82) [40].

We further found that a neuron’s degree was strongly predictive of its time-averaged entropy (r = 0.91; Fig 7b). In gen-
eral, high entropy neurons tended to be structural hubs, consistent with their broad connections across sensory domains.
This was true for both binary and weighted degrees (Fig 7c). However, a neuron’s role in sensory integration is not static:
entropy varied across time. Mean entropy increased rapidly to a peak at step 5 before decreasing (Fig 7d). Entropy maps
showed low similarity across time—maps from early and late steps were even anti-correlated (Fig 7e), suggesting a com-
plex temporal dynamic shaped by cascade propagation and network topology.

Finally, we examined whether neighborhood entropy was enriched within specific cell types and brain regions. As in
previous analyses of activation time and overlapping cascades, we found distinct temporal trajectories by annotation.
Afferent sensory neurons peaked in entropy early (steps 1–2), followed by efferent and intrinsic neuron types—including
columnar neurons, Kenyon cells, central complex neurons, ascending/descending neurons, and visual centrifugal neurons
(Fig 7f). These trajectories reinforce earlier observations that central brain neurons serve as hubs for signal convergence
[40,41], with their entropy dynamics reflecting their role in integrating competing signals over time.

These observations suggest that intrinsic neurons in the central brain are key loci of sensory integration. Positioned at
the boundaries of competing cascades and exhibiting high neighborhood entropy, these neurons are structurally and func-
tionally poised to arbitrate between conflicting or convergent sensory inputs. Although high-degree neurons tend to show
high entropy, the temporal dynamics of the competitive model underscore that a neuron’s role as integrator depends on
timing and network context, not just connectivity.

Data-driven clustering of neurons based on cascade properties

We previously introduced a set of summary statistics derived from the spatiotemporal evolution of sensory cascades.
These included activation time, overlap, competitiveness (entropy), and cooperative speed-up. We used enrichment anal-
yses to relate these features to neurobiological annotations. Here, instead of aligning with known labels, we clustered
neurons based solely on cascade-derived features to identify data-driven functional groupings.
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Fig 7. Additional competitive cascade statistics. The entropy patterns vary depending upon how one defines a neuron’s “neighborhood”. For
instance, one can define a neighborhood based on a neuron’s pre- or post-synaptic neighbors or the combined neighborhood. Here, we compare these
three definitions in panel a. We also related entropy to conventional network statistics. (b) Scatterplot of time-averaged entropy against the logarithm of
nodes’ total degrees. (c) Correlation of entropy with various other network statistics: in/out/total degree and strength. (d) Mean whole-brain entropy of
different neighborhood definitions as a function of step. (e) Similarity of whole-brain combined-neighborhood entropy patterns between time steps t= 0
to t= 9. (f ) Enrichment statistics for whole-brain combined-neighborhood entropy.

https://doi.org/10.1371/journal.pcsy.0000091.g007

To do so, we aggregated the aforementioned statistics—overlap, entropy (from competitive cascades), reduction in acti-
vation time (from cooperative cascades), and activation timing—into an N × Nfeatures matrix. We standardized (z-scored)
each feature and applied k-means clustering using a correlation-based distance metric (Fig 8a). We varied k from 1 to 50,
performed 100 random restarts per k, and selected k = 6 based on the “elbow” of the within-cluster sum of squared errors
curve (Fig 8b). Spatial projections of these six clusters are shown in Fig 8b.

Each cluster was associated with a distinct centroid—an archetypal profile across cascade features (Fig 8c). Clus-
ter 1 (yellow), for example, exhibited the earliest activation times and early-onset entropy. This cluster was enriched for
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Fig 8. Clustering neurons based on their cascade properties. (a) Neurons ordered by cluster assignment. Columns correspond to z-scored cascade
metrics. (b) Cluster labels depicted in anatomical space. (c) Cluster centroids. (d) Enrichment of cluster labels across annotations. Note that at the far
right of panel a, we show the activation probability for each neuron at time points 1-50. In panel c, we show cluster centroid time courses for steps 1-20.
Note further that for the purposes of clustering, we do not use the full activation time courses. Rather, we summarize the neuron × time point matrix into
a neuron × 1 vector whose entries denote the average time of activation for each neuron.

https://doi.org/10.1371/journal.pcsy.0000091.g008

afferent, sensory, and ascending neurons, consistent with its role as a cascade initiator. Cluster 2 (pink) followed tempo-
rally, with peaks in overlap, entropy, and activation between steps t = 3 and t = 6. It was enriched for efferent neurons,
multiglomerular/monoglomerular projection neurons, and central complex interneurons, including Kenyon cells.

Clusters 3 through 6 exhibited progressively later activation profiles and distinct enrichment patterns. All were com-
posed largely of intrinsic neurons and converged on visual projection and centrifugal neurons in the optic lobes.

These findings suggest that sensory spreading dynamics constrained by the connectome can be used to derive func-
tionally meaningful, temporally ordered groupings of neurons. These groups reflect similarity in cascade participation and
their respective roles in competition, cooperation, and convergence across the network.

Additional analyses

We conducted several supplementary analyses to assess the robustness and generality of our results. First, we verified
that our findings were not sensitive to weak synaptic connections: thresholding the connectome to retain only synapses
with at least five connections had minimal effect on results. Summary statistics remained highly correlated with those from
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the unthresholded network (Spearman correlations: 𝜌act = 0.80, 𝜌coop = 0.56, 𝜌comp = 0.82; all estimated with ptransmission =
0.01 and Nseed = 16).

Second, we showed that activation timing could not be predicted solely from shortest path length—a static graph mea-
sure derived from connectivity alone (S5 Fig; see also [51]). Third, we examined how cascades unfolded across neuro-
transmitter classes, revealing transmitter-specific activation time distributions (S6 Fig).

Fourth, we compared sensory-driven cascades to cascades seeded from random non-sensory neurons. These exhib-
ited systematically different spatiotemporal profiles, underscoring the distinctive topological embedding of sensory neu-
rons (S7 Fig).

Fifth, we analyzed community structure in the connectome using a nested stochastic block model [52,53]. Cascade-
derived statistics were highly enriched within and segregated between communities (S8 and S9 Figs). These findings sup-
port the idea that communities serve as mesoscale substrates for sensory integration and signal flow (see also [54–56]).

As a complementary continuous approach, we performed a principal components analysis on cascade features. The
resulting components captured brain-wide gradients of variation and reflected global organizational motifs in cascade
dynamics (S10 Fig).

Discussion

The Drosophila connectome contains approximately 140,000 neurons and over 15 million synaptic connections, forming
a sparse yet structured network with profound implications for information flow and processing. As we showed, sensory
neurons from different modalities are highly segregated, with minimal direct synaptic links, suggesting architecture tailored
for specialized, parallel sensory processing.

Yet many brain functions require integration across signals—such as decision-making [57], navigation, or motor
planning—and depend on multi-step polysynaptic pathways not obvious from first-order connectivity. One way to explore
these circuits is through dynamic simulations constrained by the connectome, rather than relying solely on anatomical
graphs [58,59].

In this work, we employed a spreading, cascade-style model that abstracts away full biophysical detail in favor of ana-
lytic clarity. While mechanistic models (e.g., integrate-and-fire) offer realism, our approach foregrounds interpretabil-
ity, enabling us to trace cascade evolution directly under network constraints. Related spreading models have informed
human brain dynamics [27], as well as larval Drosophila modeling [44].

Our results show that sensory cascades—initially modality-specific—rapidly converge onto overlapping sets of sec-
ondary nodes, many located in the central complex and involving descending and motor neurons. This proximity between
sensors and effectors is consistent with behavioral observations and suggests streamlined sensorimotor pathways.

Of course, the simplicity of our model introduces limitations. Cascades always reach an inactive equilibrium, which is
biologically unrealistic, yet this property enables clear ranking of neurons by mean activation time—a metric tightly con-
trolled by user-defined seed size and transmission probability, and directly tied to connectivity. Despite its outward sim-
plicity, the application of our model to a directed and weighted, neuron-resolved connectome represents an important con-
ceptual advance. Previous applications to human connectome data focused on undirected connectomes [27] and applica-
tions to directed networks have been limited to meso-scale, interareal connectomes [29]. A natural target for future stud-
ies concerns understanding precisely how the connectome’s scale (neuron resolution versus interareal) and directedness
shape the spread of activity.

Comparatively, computational studies using whole-brain leaky integrate-and-fire models (e.g. [60]) demonstrate excel-
lent alignment with experimental data for gustatory and grooming circuits. Those bottom-up models focus on detailed
circuit dynamics and specific behaviors, while our top-down network approach accommodates broad hypotheses about
sensorimotor flow from minimal assumptions.

PLOS Complex Systems https://doi.org/10.1371/journal.pcsy.0000091 March 5, 2026 16/ 28

https://doi.org/10.1371/journal.pcsy.0000091


i
i

“pcsy.0000091” — 2026/2/28 — 13:22 — page 17 — #17 i
i

i
i

i
i

We offer testable predictions around multisensory integration—specifically that thermo- and hygrosensory pathways
co-activate overlapping neuronal groups, as identified by our overlap index. These hypotheses can be evaluated exper-
imentally using paired or combinatorial multisensory stimulation paradigms. For instance, using the cascade model, we
could identify multi-sensory hub neurons that are consistently co-activated by two different modalities. If sensory informa-
tion from those modalities was relevant for a particular behavior, we might hypothesize that perturbing the predicted hubs
would impact that behavior more negatively than, say, a population of spatially co-localized non-hub neurons.

Another important insight comes from the passive nature of our model: activation flows without external control sig-
nals, emerging solely from structural connectivity. This emphasizes the role of network architecture in shaping dynamic
propagation—even without directed regulation.

Looking forward, combining structure with experimental data—e.g. matching stimulus-evoked recordings to connec-
tomic projection maps—offers promising opportunities for linking wiring to function more directly. Similar approaches in
human macroscale network neuroscience have already yielded predictive insight about functional connectivity [61,62].

Our model could be further enhanced by including synaptic polarity, inhibitory/excitatory distinctions, and transmitter-
specific dynamics. For instance, connectome-informed weight estimates often disagree with simply assuming synapse
count corresponds to weight [63]. Likewise, expanding the model to include ventral nerve cord circuits and motor neuron
pathways would better approximate the full sensorimotor axis.

Another strategy for making the cascade model richer and more biologically realistic is to allow for asynchronous
updating. That is, rather than forcing all neurons to transition synchronously at the same step, allow signals to propagate
through space, such that a pre-synaptic neuron can influence its post-synaptic partner faster if those two neurons are
closer to one another. Although appealing, this type of asynchronous updating presents a number of challenges. First,
the synchronous model studied here, despite its outward simplicity, is quite complex; added modeling components, e.g.
asynchronous updating, may create lead to interpretational challenges at the expense of relatively little gain in biological
realism. Second, implementing the asynchronous updating would be difficult due to the polyadic connectome. That is, a
pre- and post-synaptic neuron can connect via multiple synapses with distinct locations along their respective processes.
From a modeling perspective, this means that the delay associated with a signal traveling to the soma of the post-synaptic
neuron is variable depending on the specific synapse through which it was transmitted. This complication is difficult to
implement largely due to the scale of the synapse-resolved connectome; previous studies have incorporated delays using
meso-scale connectome data [27,29] in which the connectomes were orders of magnitude smaller and for which pairs of
brain areas were connected by only a single connection. We leave this extension for future studies.

There are also other (less challenging) modeling issues that could be addressed in future studies. Here, despite vast
differences in the number of neurons associated with each sensory modality (e.g. roughly 104 visual neurons but 101 ther-
mosensory neurons), we forced the number of seeds to be constant across modalities, ensuring balance. On the other
hand, keeping the number of seed neurons constant impacts the consistency of cascades from one simulation to the next.
For instance, with Nseed = 16, there is always overlap in the set of seeded neurons for thermosensory cascades; for the
visual modality, it is unlikely that any two cascades are initialized with the same set of seeds. This likely has a noticeable
effect on some of the measures we consider–e.g. cascade overlap and dominance maps, which require a neuron to be
active in 25% of simulations to be considered. If the future, one could consider informing this parameter on the basis of
experimental evidence–e.g. when presented with a visual stimulus, roughly what fraction of retinal neurons are active?

The cascade models studied here also connect, albeit imprecisely, with other phenomena observed in neural sys-
tems, including wave patterns. Wave-like phenomena in brain imaging data–e.g. traveling, standing, and colliding waves
[64]–can be viewed as forms of activity spreading across the connectome [65]. Much like cascades in network science
[66], these waves propagate sequentially along structural connections, depend on local neighborhood interactions, and
show amplification and attenuation. Both are strongly shaped by the same underlying connectome: hubs, gradients, recur-
rent loops, and the connectome all influence how activity flows. Relevant to our work here, interactions between multiple
waves can even resemble competing cascades.

PLOS Complex Systems https://doi.org/10.1371/journal.pcsy.0000091 March 5, 2026 17/ 28

https://doi.org/10.1371/journal.pcsy.0000091


i
i

“pcsy.0000091” — 2026/2/28 — 13:22 — page 18 — #18 i
i

i
i

i
i

However, neural waves are richer than typical cascades. They are continuous spatiotemporal fields governed by neural
biophysics—including conduction delays, excitation–inhibition balance, and oscillatory stability—where geometry matters
and interference or superposition can occur. Cascade models, like the ones we study here, usually treat nodes as discrete
on/off units and lack superposition or oscillatory behavior. Still, a unifying perspective is that neural waves can be under-
stood as cascade-like spreading processes operating on weighted, continuous, and delay-coupled graphs, making the two
formalisms closely related but not identical.

A critical direction for future work involves directly connecting activation statistics to decision variables, establishing a
clearer correspondence between cascades and behavior [67]. For instance, we could treat pre-motor, descending neu-
rons as read-out neurons that project to specific body segments or effectors (wings, limbs), enabling specific behaviors
[68,69]. Doing so may also allow us to generate more meaningful summary statistics, using relevant aspects of dynamics
to contextualize the importance of architectural features of the connectome [70].

One caveat remains: the current Drosophila connectome is incomplete—roughly half of all synapses are unassigned
[35]. That said, our sensitivity analysis using a thresholded connectome (only edges with ≥5 synapses) produced similar
activation ordering, with generally slower timescales. This suggests increased density from filling missing synapses would
mostly compress timescales, preserving relative ranking among neurons.

More broadly, our work bridges nanoscale connectomics with system-level network neuroscience. While most network
theory has focused on meso- and macro-scale graphs revealing small�world structure, rich clubs, modularity, and cost-
efficiency, we demonstrate that the same tools and principles apply—and even reveal new patterns—at the synapse-level
resolution. Unlike previous work in larger brains, our cascades uncover functional trajectories and temporal motifs that
arise purely from synaptic architecture.

Taken together, this suggests that synapse-scale connectomes may shape—and be shaped by—the same organi-
zational principles operating in larger neural networks, while also supporting their own novel dynamic motifs specific to
sensorimotor processing in small, tractable nervous systems.

Materials and methods
Drosophila connectome dataset

All connectome data, including synaptic connectivity, three-dimensional coordinates, neuropil volumes, and annota-
tions were obtained from https://codex.flywire.ai/. These derivatives represent the output of a process beginning with
nanometer-resolution electron microscopy images of an adult female Drosophila [71]. The FlyWire project allowed citizen
scientists to trace neurons [72] to reconstruct the connectome. Combined with automated approaches [73,74], the end
result was a complete map of synaptic connections among approximately 139,000 neurons.

Neurons in Drosophila are polyadic, thus the same pair of neurons can synapse onto one another at multiple distinct
sites. The https://codex.flywire.ai/ are shared in two versions: one in which pairs of neurons were connected if they were
linked by, at minimum, five synapses and another in which even a single synapse was considered evidence that two neu-
rons were connected (unthresholded). In the main text, we analyze the unthresholded connectome, but note that results
are consistent with those obtained using the thresholded version.

Annotation data were obtained from at the same time as the connectome data. Annotations were grouped into four
distinct categories [38]. The first two annotations are “dense,” in the sense that every neuron is assigned a label.

1. “Flow”: afferent, efferent, intrinsic.
2. “Super-class”: sensory (periphery to brain), motor (brain to periphery), endocrine (brain to corpora allata/cardiaca),

ascending (ventral nerve cord (VNC) to brain), descending (brain to VNC), visual projection (optic lobes to central
brain), visual centrifugal (central brain to optic lobes), or intrinsic to the optic lobes or the central brain
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The other two categories are not dense–i.e. not all neurons are assigned a label. The “Class” and “Sub-class” anno-
tations are nested hierarchically within the the parent “Super-class” and describe cell groups reported in the extant litera-
ture, e.g. neurons in the optic lobe [75].

Cascade model

Here we explore an abstract cascade model. In this model, each neuron exists in one of three states: active, inactive, or
refractory. In our simulations, we set select sets of neurons to be active at time t = 0. These initially activated neurons are
referred to as “seeds” and are selected from among sensory neurons alone. The seeds are intended to represent sensory
stimuli.

In this model, neurons that are active at time t probabilistically activate their post-synaptic partners at t + 1. Suppose
neuron i makes a single synapse onto neuron j. Given that i is active at t, the probability that neuron i activates j at t + 1 is
given by the transmission probability parameter, ptransmission. Conversely, the probability that i does not activate j is simply
q = 1 − ptransmission.

Oftentimes, neuron i makes multiple synapses onto j. We treat these as independent trials; only one successful trial is
sufficient to activate neuron j. What is the probability that at least one event is successful? In the space of possible out-
comes, there is exactly one outcome in which none of the synapses successfully activate j. Its probability is given by:
q#synapses = (1 − ptransmission)#synapses. All other possibly outcomes include at least one successful transmission event.
Hence, the probability that j is activated by neuron i at time t + 1 is given by: 1 − q#synapses.

For all unimodal, cooperative, and competitive cascades, 16 neurons from each sensory modality were selected ran-
domly as seeds for the cascades.

At a high level, we view each cascade a single “sensory event” passing through the network. Previous studies have
modeled this type of event using only “inactive” and “active” states (as in previous studies, e.g. [27,29]). That is, once a
neuron is active, it stays active for the duration of the cascade and can activate its post-synaptic partners at every step
after it becomes active. Here, we opt to introduce a third “refractory” state. Neurons enter this state immediately the step
immediately following their activation.

The sequence “inactive→active→refractory” is consistent the simplest physiological spike cycle. The refractory state,
which distinguishes our work from other related studies on cascade models, is appropriate for the timescales of sensory
events, whereby channel inactivations following a spike prevent neurons from spiking again until recovery (which we
assume takes much longer than the timescale of a sensory event). Moreover, this state sequence helps to create unidi-
rectional waves of activation, which are consistent with observations of propagating calcium waves in Drosophila [76,77]
and zebrafish [78].

Synaptic activation in our cascade model is implemented as a Bernoulli process in which each structural synaptic con-
tact provides an independent opportunity for postsynaptic activation. This formulation has a direct biological interpretation:
real chemical synapses exhibit low and probabilistic vesicle-release rates, with measured release probabilities commonly
ranging from 1–10% at many central synapses [79,80]. Moreover, individual synaptic contacts often behave as indepen-
dent release sites, consistent with classical quantal models [81] and with ultrastructural reconstructions in Drosophila
showing multiple discrete active zones per connection [82,83]. The effective probability that a presynaptic spike triggers
a postsynaptic spike within a brief cascade timestep is further reduced by dendritic integration constraints [84], inhibitory
shunting [85], short-term synaptic depression [86], and spike-threshold variability [87]. Thus, small transmission probabil-
ities (1–5%) are biologically realistic when interpreted as the net probability that a single structural synapse produces a
downstream spike during a transient propagation event.

In our model, cascade dynamics are initiated by activating a small number (Nseed) of seed neurons at t = 0, which
reflects the fact that many neural events begin with sparse, localized activation rather than widespread population firing.
Sensory pathways frequently exhibit highly selective and sparse initial responses, as seen in Drosophila olfaction where
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only a small subset of receptor neurons and projection neurons respond strongly to a given odor [88,89] and in verte-
brate cortex where sparse coding is a dominant organizational principle [90]. Sparse initial activation is also characteris-
tic of feature-selective neurons in early sensory systems [91] and of startle and escape circuits, where a very small num-
ber of command-like neurons seed fast recruitment [92]. Moreover, large-scale neural events such as cortical traveling
waves or hippocampal sharp-wave ripple events typically originate from small focal clusters of neurons before propagat-
ing across the network [93,94]. Thus, seeding the cascade with a small set of neurons captures the biological reality that
many propagating population events begin from a minimal, spatially or functionally localized trigger, consistent with both
sensory-evoked activity and spontaneously initiated neural dynamics.

Activation probability. The cascade model is stochastic. In principle, each run can yield a different sequence of neu-
ronal activations. For every experiment, we summarize across 1000 independent runs by estimating the probability a
given neuron was active at time t (see S1 Fig for example maps). We denote the activation probability of neuron i at time
t as Pi(t). In the main text we describe several statistics calculated directly from the probabilistic activation curves.

Dominance maps. We use the cascade model to simulate sensory cascades by allowing a fixed number of sensory
neurons with specific modalities to be active at time t = 0. In total, we consider eight sensory modalities as determined by
hierarchical annotations of sensory neurons: thermosensation, hygrosensation, olfaction, mechanosensation, gustation,
vision (ocellar and compound), and an unknown sensory class (no clear assignment). For estimate modality-specific acti-
vation probability curves for each neuron. Given that sensory neurons associated with modality m were seeded at time t =
0, we denote the probability that neuron i is active at time t as: Pm

i (t). From these estimates, can calculate the “dominant”
modality for each neuron at any given timepoint as the m that maximizes Pm

i (t).
Overlap score. The dominance index represents a “winner take all” measure, ascribing dominance to a single sensory

modality. In reality, there could be multiple near-maximal modalities, all with similar activation probabilities. To account for
this possibility, we defined the overlap index. Specifically, we define a threshold, 𝜏, and calculate: Ci(t) = ∑m[Pm

i (t) ≥ 𝜏].
That is, we count the number of sensory modalities for which the activation probability of node i at time t is at least 𝜏.

Cooperative cascades. We explored several variations of the cascade model. The first variant focused on “unimodal”
cascades, wherein the seed neurons were selected from among a single sensory modality. However, we also considered
a second “cooperative” variant, in which pairs of sensory systems were seeded (doubling the total number of seed neu-
rons). We then calculated the reduction in the mean activation time (speed-up) as a result of the dual-seed approach as:
Ars − min(Ar,As), where Ars is the activation time of a given neuron under the cooperative, dual-seed model Ar and As are
the activation times of the same neuron under the unimodal model where modalities r and s were seeded independently.

Competitive cascades. We also considered a “competitive” variant of the cascade model. In this case, we imagine
two distinct sensory signals (“blue” and “red”) spreading throughout the connectome carrying distinct information. Post-
synaptic neurons activated by a majority blue/red pre-synaptic neurons will be blue/red at the following timestep. In the
rare event of a tie–i.e. equal number of red and blue activating neurons–the post-synaptic neuron becomes blue/red at the
following timestep with equal probability.

Neighborhood entropy. Under the competitive model, we can calculate an entropy measure that describes whether
a node is positioned in the network so that its neighbors are mostly homogeneous in terms of their redness/blueness or
whether their neighbors are diverse. To do this, we identify each neuron’s connected neighbors and, for at time t, those
the proportion of those that are active and are blue/red. We then rescale these values so that their total sums to 1, and
calculate an entropy, Hi(t) = −pbluelog2(pblue) + −predlog2(pred). Intuitively, when this entropy is close to 1, it implies that the
distribution of blue/red neighbors is approximately equal. However, values close to zero imply that one of the two colors is
more dominant.

An important consideration is how one defines “neighborhood” in this context. In the main text, we consider three possi-
bilities: a neuron’s pre-synaptic partners, its post-synaptic partners, and the union of those two sets.

Note that in all of the above calculations, we disregard inactive or quiescent neurons. That is, only active neurons con-
tribute to the entropy scores.
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Community detection

Many studies have shown that biological neural networks at varying spatial scales can be meaningfully partitioned into
clusters or communities [5,53,95–102]. In general, community structure is unknown ahead of time and must be estimated
or inferred algorithmically. The procedure is referred to as community detection [103], and there exist many approaches
for doing so [104–109], each of which makes specific assumptions about what constitutes a community.

One of the oldest approaches for community detection is the stochastic blockmodel [110–114]. Briefly, blockmodels
imagine that every node in the network is assigned a label. The probability that any pair of nodes are connected and the
weight of that connection depends only upon the communities to which they are assigned. In general, blockmodels esti-
mate community labels and connection probability/weight distributions so as to maximize the likelihood that the model
generated the observed network.

Recently, there has been renewed interest in the application of blockmodels to brain network data [20,101,115–122].
Here, we leverage a nested and weighted variant of the classical blockmodel to partition the Drosophila connectome into
hierarchical communities [52]. Using this model, we obtained an estimate of the consensus hierarchical partition using a
Markov Chain Monte Carlo procedure [123]. Briefly, this procedure entails allowing the Markov chain to equilibriate and
sampling 10000 high-quality partitions. These partitions are aligned to one another to discover latent “modes” – partitions
that share many characteristics with one another [124]. From these modes, we obtained for each neuron the community
it was most likely assigned to. All analyses using communities were carried out on the resulting partition (S8 Fig and S9
Fig).

Clustering based on cascade properties

In the main text, we derived a series of statistics for neurons based on their activation times, overlap, neighborhood
entropies, and speed-ups. We can use these data to partition neurons into clusters based not on their connectivity (infor-
mation derived from the connectome) but these dynamic, cascade-based properties.

To do this, we constructed a [N × F] matrix, where N is the number of nodes and F = 27 is the total number of fea-
tures. In this case, we considered the following features derived from omnibus sensory cascades–i.e. where all sensory
modalities were seeded:

1. Activation probability: The [N × 1] vector of each neuron’s mean activation time.
2. Overlap index: The [N × 10] array of neurons’ overlap indices over the first 10 time steps.
3. Neighborhood entropy: The [N × 15] array of neurons’ neighborhood entropy (estimated using both pre-/post-

synaptic partners).
4. Speed up: The [N × 1] vector of speed-ups (reductions in activation times) from single-modality unimodal cascades

to the omnibus cascade.

To cluster these data, every column was standardized (z-scored). We then used k-means clustering to assign neu-
rons to a unique cluster [125]. We selected the optimal number of clusters based on the inflection point in the summed
square errors of cluster centroids relative to their constituents. Based on these analyses, we identified k = 6 as the optimal
number of clusters.

Annotation enrichment analysis

Throughout this manuscript we describe an “enrichment” procedure for linking continuous data to categorical labels–
e.g. annotations. The aim of this procedure, in more detail, was to determine if a particular variable was over-expressed
(enriched) within a given annotation category. To do this, we calculated the variable of interest’s mean value within all
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neurons associated with a specific annotation. We then randomly permuted the annotation labels (keeping the total num-
ber constant) and calculated the new mean. We repeated this procedure 1000 times, generated a null distribution of mean
values. The enrichment score for that variable within that annotation category is the original mean expressed as a z-score
with respect to the null distribution.

Supporting information

S1 Fig. Unimodal cascades.We initialize cascades by “seeding” sensory systems with a subset of active neurons.
These neurons probabilistically activate their post-synaptic neighbors. (a) Activation probability for all neurons × time. In
this example all sensory neurons were active at time t = 0. (b) Percent of neurons active at each time step. (c) Activation
probability of each neuron in anatomical space. Note that here we only plot each neuron’s soma and omit their arboriza-
tion. The cascade model depends on two parameters: the number of seed neurons (those active at time t = 0) and the
probability of transmission via a single synapse. Panels d and e illustrate how variation of these parameters impact trans-
mission probability curves. (d) Increasing the number of seed neurons largely shifts the curve to the left. In this example
transmission probability was held constant at ptransmission = 0.01. (e) Increasing transmission probability compresses and
shifts and the curve. Panels f and g show the mean activation time for cascades at different parameter values and the
mean step at which 95% of all neurons were activated, respectively. The latter measure serves as a rough estimate of
when cascades end.
(PDF)

S2 Fig. Similarity of probabilistic cascades across values of ptransmission. In the main text, we reported results with cas-
cade parameters fixed to values of ptransmission = 0.01 and Nseed = 16. At each time step, this “reference trajectory” (shown
outlined in green in the above figure) yields a N × 1 vector at each time step whose ith entry corresponds to the proba-
bility that neuron i was active at that instant. To demonstrate that varying the parameter ptransmission generally compresses
or stretches the trajectory (while only subtly changing the activation patterns themselves) we compared the reference tra-
jectory against trajectories generated when ptransmission = [0.005,0.025,0.05,0.1,0.25,0.5,1.0]. In general, we found high
degrees of spatial similarity and sequencing across these parameter values.
(PDF)

S3 Fig. Cascade similarity versus connectivity similarity. Here, we show cascade similarity (from Fig 4) alongside
the similarity of connectivity profiles. Specifically, we calculated the an average connectivity profile (outgoing connections
only) for all each sensory modalities combined (all) and for each sensory modality independently. The center plot shows
correlations between profiles; the right plot shows normalized dot product.
(PDF)

S4 Fig. Modularity of sensory systems.We calculated the empirical modularity contribution of each sensory system, c
as qc =∑i∈c,j∈c[Aij − kini k

out
j /2m]. Here Aij is the number of synapses from neuron i to j, kin/outi is the weighted in-/out-degree

of neuron i, and 2m =∑i ki is the total weight of the network. We then compared the observed modularity contribution
against a null distribution in which we uniformly and randomly permuted sensory labels (1000 randomizations). We found
striking heterogeneity in terms of modularity contributions across modalities; only gustatory, hygrosensory, thermosen-
sory, and unknown sensory neurons were significantly modular (uncorrected p < 0.01).
(PDF)

S5 Fig. Comparing shortest paths with activation times. In the main text we reported activation times of neurons given
different sensory seeds. To verify that these activation times were not strictly the consequence of shortest paths, we cal-
culated the binary shortest path from each neuron to all other neurons in the network. For a given sensory modality, we
calculated the average distance of all such sensory neurons to all other neurons in the Drosophila brain. We then com-
pared those distances (measured in number of hops) with activation times. The above figures show mean activation times

PLOS Complex Systems https://doi.org/10.1371/journal.pcsy.0000091 March 5, 2026 22/ 28

https://journals.plos.org/complexsystems/article/asset?unique&id=info:doi/10.1371/journal.pcsy.0000091.s001
https://journals.plos.org/complexsystems/article/asset?unique&id=info:doi/10.1371/journal.pcsy.0000091.s002
https://journals.plos.org/complexsystems/article/asset?unique&id=info:doi/10.1371/journal.pcsy.0000091.s003
https://journals.plos.org/complexsystems/article/asset?unique&id=info:doi/10.1371/journal.pcsy.0000091.s004
https://journals.plos.org/complexsystems/article/asset?unique&id=info:doi/10.1371/journal.pcsy.0000091.s005
https://doi.org/10.1371/journal.pcsy.0000091


i
i

“pcsy.0000091” — 2026/2/28 — 13:22 — page 23 — #23 i
i

i
i

i
i

plotted as a function of mean shortest path for all eight sensory modalities as well as all sensory modalities combined.
Note that size and color intensity of markers in each plot are proportional to the log density.
(PDF)

S6 Fig. Effect of synapse type on activation time. In the main text we grouped all synapses together, making no dis-
tinction between neurotransmitter types. Here, we parse contributions made by six distinct synapse types (based on neu-
rotransmitter). They include acetylcholine (ACH), dopamine (DA), gabaergic (GABA), glutamate (GLUT), octopamine
(OCT), and seratonin (SER). (a) Percent of all synapses associated with each neurotransmitter. (b) We tracked how fre-
quently synapses associated with different neurotransmitter types successfully activated their post-synaptic partner. In this
plot, we show edge usage (number of active synapses of each type) as a function of time steps. Note that this plot was
generated as the mean usage over 1000 simulations with all sensory modalities included in the seed set but with seed
size fixed at 16 with transmission probability of ptranmission = 0.01. (c) For each neuron, we calculated when it was first acti-
vated by by what neurotransmitter. This plot depicts, as a function of neurotransmitter, neurons likely to be activated by
each of the six neurotransmitters.
(PDF)

S7 Fig. Comparing random and sensory seeds. (a) Mean activation time for neurons for eight sensory modalities. To
the far right we show activation time for the random map. (b) Difference between random and sensory cascades in terms
of activation time. (c) Boxplot of differences. (d) Correlation of entire (vectorized and concatenated) trajectory.
(PDF)

S8 Fig. Linking the modular structure of the connectome with cascade statistics.We used a hierarchical community
detection algorithm to divide neurons into nested blocks. (a) Topography of all communities with their finest (level 11) col-
oration. To the right, we show example communities from an intermediate scale (level 7). We highlight pairs of communi-
ties that are lateralized as well as their partners in the opposite hemisphere. (b) Community dendrogram. (c) Connectivity
matrix ordered by communities. (d) An alternative visualization of community labels; each column is hierarchical level with
rows ordered by communities. The colors of entries correspond to community labels. Panels e-h show enrichment scores
for communities at all hierarchical levels for: (e) Mean activation time; (f ) Average reduction in activation time during coop-
erative cascades; (g) Convergence zone as a function of time step (from t = 1 to t = 10), and (h) Entropy during compet-
itive cascades (from t = 1 to t = 15). (i) For each measure (and each time step, for those that were temporally resolved),
we retained for each community its enrichment score. We represented these scores as vectors and computed the corre-
lation between all such vectors to yield a similarity matrix. The “hot” elements of the matrix identified enrichment patterns
that were highly similar; “cooler” elements correspond to dissimilar and anti-correlated enrichment patterns.
(PDF)

S9 Fig. Enrichment analysis of community labels within annotation data. Each plot corresponds to a specific anno-
tation. Each plot shows annotation enrichment across 11 hierarchical levels of communities. The colormap differs across
annotations based on annotation category (Flow, sub-class, class, and super-class). Hot colors correspond to communi-
ties significantly enriched for an annotation; cooler colors correspond to communities that are avoidant with respect to a
given annotation.
(PDF)

S10 Fig. Principal component analysis of cascade statistics. In the main text, we clustered neurons to identify groups
with similar cascade statistics–i.e. convergence, speed-ups, entropy, and activation times. Here, we apply PCA to the
same data (after z-scoring columns). (a) Variance explained by each of the first 10 components (in blue). Cumulative vari-
ance explained shown in orange. (b) Spatial maps (components). (c) Coefficients. (d) Enrichment of spatial maps across
annotations.
(PDF)
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