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Brains comprise complex networks of neurons and connections, similar to the nodes
and edges of artificial networks. Network analysis applied to the wiring diagrams of
brains can offer insights into how they support computations and regulate the flow
of information underlying perception and behaviour. The completion of the first
whole-brain connectome of an adult fly, containing over 130,000 neurons and
millions of synaptic connections', offers an opportunity to analyse the statistical
properties and topological features of acomplete brain. Here we computed the
prevalence of two- and three-node motifs, examined their strengths, related this
information to both neurotransmitter composition and cell type annotations*®, and
compared these metrics with wiring diagrams of other animals. We found that the
network of the fly brain displays rich-club organization, with alarge population
(30% of the connectome) of highly connected neurons. We identified subsets of rich-
club neurons that may serve as integrators or broadcasters of signals. Finally, we
examined subnetworks based on 78 anatomically defined brain regions or neuropils.
These data products are shared within the FlyWire Codex (https://codex.flywire.ai)
and should serve as afoundation for models and experiments exploring the
relationship between neural activity and anatomical structure.

Network theory has been applied to connectomes at multiple scales

as motifs, have been proposed as ‘building blocks’ of networks?*?,

tounderstand brain-wide organization® 2, Such analyses quantify the
interconnectivity and robustness of anetwork®and canidentify highly
connected nodes that may act as hubs™. They also serve as a basis for
comparison across brain regions, individuals, developmental stages
or species, enabling researchers to identify commonalities and differ-
ences in brain organization.

Mesoscale connectomes have been constructed for the brains of
humans and other mammals from MRI and MEG data®>’¢, relying
on functional activity correlations to infer connectivity at the milli-
metre scale. Rich-club organization hasbeen observed in several mes-
oscale connectomes: in humans, other mammals®* and light-level
(not synaptic resolution) connectomes in Drosophila’®*. Rich-club
organization has been proposed to contribute to the ability of brains
to efficiently integrate and disseminate information. Advancements
in electron microscopy and dense volumetric reconstruction have
enabled researchers to examine increasingly larger brain networks
at the microscale. These methods do not make assumptions about
the relationship between neuron connectivity and functional corre-
lations; nodes and edges can be directly related to neurons and syn-
aptic connections. For example, rich-club neurons in Caenorhabditis
elegans are part of well-studied motor control circuits”?*?, Patterns
of neuronal connectivity that reoccur in different brain areas, known

and their prevalence in neural networks has been studied to identify
organizational principles™®>?*2¢ Motifs such as reciprocal connec-
tions”"12??7 feedforward loops’*** and 3-unicycles' have received
considerable attention in neuroscience owing to their implications
for local computation and information flow.

In this study, we characterize the network properties of the whole-
brain, synapse-resolution connectome generated by the Flywire
Consortium?®®, the first complete wiring diagram of an adult brain,
that of afemale Drosophila melanogaster', and we lay the groundwork
for future experimental and theoretical studies in this model system.
A summary of data products can be found in Table 1.

Summary of the dataset and definitions

Here we analyse the v630 snapshot of the Drosophila connectome as
adirected weighted graph (information on the differences between
v630 and v783 is provided in the Methods). Synapses were detected
automatically®® and, for each a- neuron pair, the total number of
synapses between two neurons defines the connection weight (which
we consider to be a proxy for connection strength). Consistent with
the flagship connectome paper?, we applied a threshold of five syn-
apses per connection, unless otherwise noted (Methods); however,
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Table 1| Data availability

Computed network statistics Neuron lists available on Codex # of neurons
Connected  Strongly connected components Fig.1d 2-neuron Reciprocal ‘e @ B 77607
components motifs connection
Weakly connected components Fig.1e participants
Path length  Directed shortest path lengths Fig.1d 3-neuron Feedforward 511 113,978
analysis - - motifs loop participants B y
Undirected shortest path lengths Fig.1e
Survival Neuron removal survival curves Fig. 1f,g, Extended Data Fig. 2a-d 3-ur1_igycle .xa 66,835
analysis participants B ‘:-.y
Edge removal survival curves Extended Data Fig. 1a
- - - - N-neuron Highly reciprocal 2,183
Rich cl}Jb Total degree rich club Figs. 1h, 4, Extended Data Fig. 4 motifs neurons
analysis - : L
In-degree rich club Extended Data Fig. 2e
d ich club £ ded Data Fig. 2 Neuropil-specific 704
Out-degree rich clu xtended Data Fig. 2e highly reciprocal K
Small-world Clustering coefficient Table 2 neurons (NSRNs) ‘
analysis -
Small-worldness Equation 1 Rich club Rich-club neurons 40,218
. - analysis £
Large-scale Degree distribution Fig.1c
connectivity N -
Cell categories Fig. 4
Broadcasters 676
Spectral Forward random walk Extended Data Fig. 1f 4—%
analysis - !
Reversed random walk Extended Data Fig. 1g
2-neuron Reciprocity Table 2 Integrators e 638
motifs ~
Connection strength Fig. 2a,d, Extended Data Fig. 3a,c
Neurotransmitter types Fig. 2c,e.f, Extended Data Fig. 3b,d Spectral Attractors ¥~ 3,469
. . ) analysis
3-neuron Motif frequencies Fig. 3a
motifs — '\
Motif strength Fig. 3b
Neurotransmitter types Fig. 3c-e Repellers 3,469
Neuropils Internal/external connection weights  Extended Data Fig. 4 ‘

Reciprocity Fig. 5, Extended Data Fig. 6,

Extended Data Fig. 7

List of data products, including computed statistics (left) and neuron populations

3-neuron motifs Fig. 6, Extended Data Fig. 8

(right). Interactive neuron lists are available online via Codex (codex.flywire.ai).

Inter-neuropil reciprocal connections

Fig. 5h, Extended Data Fig. 7e,f

Definitions for each of these neuron populations can be found in the text, and in
Extended Data Table 1.

we also examined the robustness of several results to variation in the
synapse threshold (Extended Data Fig. 1b,c and Extended Data Table 2).
Thisgives us agraph with127,978 neurons and 2,613,129 connections®
(Fig. 1a and Methods). The connectome also contains synapse-level
neurotransmitter predictions®. The classifier discriminates between
six neurotransmitters: the fast-acting classical neurotransmitters ace-
tylcholine (ach), GABA and glutamate (glut), and the monoamines
dopamine (da), octopamine (oct) and serotonin (ser). In Drosophila,
achisexcitatory and GABA is inhibitory. Glutamate canbe either excita-
tory or inhibitory, but within the brain of the fly, it has largely been
observed to be inhibitory**,

The distribution of degrees reflects the amount of connectivity
between neurons. A neuron’s in-degree is defined as the number of
presynaptic partners, and the out-degree is defined as the number of
postsynaptic partners. The average in/out-degree of anintrinsic neuron
inthebrainis20.5 (ref.3), butin-degree and out-degree are not highly
correlated (PearsonR=0.76, P< 0.001; Fig. 1c). The average connection
consists 0f 12.6 synapses?, and the connection probability is 0.000161.
This makes the fly brain a very sparse matrix when compared with the
C. elegans nervous system or the partial wiring diagrams of larval
zebrafish and mouse, with or without a threshold applied (Table 2,
Extended Data Table 2 and Extended Data Fig. 1c). This sparsity is
duein part to the size of the fly brain. The connection probability is
highest among neurons with nearby arbours. Only 3% of neuron pairs
have arbours within 50 pm of each other, but such pairs make 71% of all
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connections (Extended DataFig.1d). However, eveninthis close regime,
the connection probability (the likelihood that any two neurons are
connected) in the fly is lower than in other wiring diagrams.

Neurons form one connected component

To assess interconnectivity, we searched for strongly (SCCs) and weakly
(WCCs) connected components (Methods). Despite its sparsity, the
brain forms a highly connected network—93.3% of neurons are con-
tained in asingle SCC, while 98.8% of neurons are contained in asingle
WCC (Fig.1d,e). These giant connected components, which contain
the majority of neurons, persist when either the strongest or weak-
est connections are pruned (Extended Data Fig. 1a) and are robust to
threshold choice (Extended Data Fig. 1b), indicating that connectivity
is robust: many paths connect neuron pairs. Within the giant SCC, the
average shortest directed path length between neuron pairsis 4.42 hops,
with every neuron reachable within 13 hops (Fig. 1d). Inthe giant WCC,
the average shortest undirected path length between neuron pairs is
3.91 hops, with every neuron reachable within 11 hops (Fig. 1e). These
numbers are comparable to those found inasimilar analysis of the hemi-
brain dataset®. The short path lengths show that the fly brainis relatively
shallow compared with artificial networks. The similarities in size and
pathlengthdistribution between the giant SCCand WCC highlight the
prevalence of recurrent connectionsin the brain:inamostly feedforward
network, one would expectasmaller first SCC with longer path lengths.


https://codex.flywire.ai

b c 10,000
2 105} 1,000 1
kel
8 8
= .
5 108 $ 100 :
o 10%F E H
° IS
(9]
g
S 10f
. z =1
Anatomy Network p————
GABA /. glut . . . 1
/ Reciprocal 10 10 10° A O L & QQQQ
> connection Synapses per connection A AV
Post Neuron (node) In-degree
ost-synapse A - =
Neuron Pre-synapse Unidirectional olntdsgree _31
connection (edge) ut-degree =
ach Conn. strength = 3 Total degree = 4
d Path lengths within first SCC e Path lengths within first WCC
o 108 »
] = ) = 9
§ 104 g 5 10%4 g
g § 100+ 3 § 107
= 5 < 5
5 2 s € 105+
& 102 S 104 g 5
g B g 1024 2 103
z g z g
z 102 Z 104
Top 5 SCCs
P 123456780910111213 Top 5 WCGs 123456789101
Shortest path length Shortest path length
f Neurons removed from network: largest degree first 9 Neurons removed from network: smallest degree first h Rich-club neurons
Rich-club
105 10 108 10 1.04 ‘
o 104 P 108 88
Q Flg & F10°2 8 4024
(&) o o [6) I © a
o 10° F - a1 F = 2
5 105 B F10°s 2
g 102 F 5 8102 I~ S 1.004
EN I o 0N I 3 S
@ F10o & @ 1o 2 2
10 50 5%
¢ I | & I ° 0.98
1 -1 14 v 1 |
T T T T T T T T T T T T
O o o o o P O o® o® P P o 0.96 e —
®Y @O % 0o 8° @Y @ o e 8f ! A 1|02
Remaining neurons — First SCC Shuffled Remaining neurons Total degree
— Second SCC Shuffled

Fig.1| Whole-brain network properties. a, The FlyWire dataset"isan
electron microscopy reconstruction of the whole brain of an adult female
Drosophila.Conn., connection. b, The distribution of synapses per connected
neuron pair. ¢, In-degrees plotted against out-degrees, with log-scalexand y
axes.d, AgiantSCC contains 93.3% of all neurons. The distribution of path
lengths within this SCCis plotted. e, A giant WCC contains 98.8% of all neurons.
Thedistribution of path lengths between neuron pairs within this WCCis
plotted.f, Thesizes of the two largest SCCs as neurons are removed by total
degree (2,500 neurons per step). The brain splitsinto two SCCs when neurons
of approximately degree 50 startto be removed, adeviation from when

To assess whether high interconnectivity isa consequence of arela-
tively large number of interconnected neurons, or a small number of
very highly connected neurons, we constructed survival curves, observ-
ing whether large connected components persist when neurons are
removed. Removing neurons from the directed network, starting with
those of largest total degree, we find that the first SCC persists until a
total degree of 50, at which point the network splits into two SCCs of
roughly equal size (Fig. 1f). These two SCCs correspond to the left and
right hemispheres, and do not splitinto separate networks until about
60% of neurons are removed. Removing neurons from the network by
smallest total degree does not resultin division of the first SCC (Fig. 1g).
These results highlight the brain’s robust interconnectivity—it is not
dependent on a small population of neurons. We observed similar
behaviourinthe undirected network (Extended DataFig.2a,b). These

neurons areremoved randomly (dotted lines). The largest surviving total
degreeasafunctionofthe number of remaining neuronsis plottedingrey.

g, Removal of neurons starting with the smallest degree resultsin asingle giant
SCCuntil most neurons are removed (2,500 neurons per step). The smallest
survivingtotal degree as afunction of the number of remaining nodes is plotted
ingrey.Foreachgraphinfandg, thered and blue curvesareread with the left
yaxisandthegrey curveisread with therightyaxis. h, Therelativerich-club
coefficient (coef.) asafunction of total degree, computed relative to CFG models.
Wetake neurons with total degree >37 to be within the rich-clubregime.

results remain qualitatively consistent when neurons are removed by
in-degree or out-degree alone (Extended Data Fig. 2¢,d).

Spectral analysis of the brain

To better understand the brain’s topology, we performed a spectral
analysis of arandomwalkin the giant SCC (Methods), which converges
to a stationary distribution over all neurons in which 3% of neurons
were visited 61.2% of the time (Extended DataFig. 1f). These top-visited
neuronsare classified as attractor nodes. These attractors often make
connections in the gnathal ganglia (GNG), a large midline neuropil
that sends and receives information from the periphery and contains
many connections to the ventral nerve cord (VNC). We also performed
areverse walk within the giant SCC, which converges to a stationary

Nature | Vol 634 | 3 October2024 | 155



Article

Table 2 | Connection probabilities, reciprocity, and clustering coefficiens

Neuronal wiring diagrams

Fly Drosophila
melanogaster
(Dorkenwald et al.%)

Nematode
Hermaphrodite C.
elegans (Cook etal.?")

Nematode Zebrafish (sub-vol.) Mouse (sub-vol.)
Male C. elegans Larval Danio rerio Mus musculus (V1L2/3)
(Cook etal.?) (hindbrain) (Yang etal.?)  (Turneretal.,2022)

A&

)

Network size 127,978 neurons 302 neurons 364 neurons 419 neurons 111 neurons
2,613,129 connections 3,242 connections 3,467 connections 5,605 connections 659 connections

..O..

o0

Avg. connection strength 12.61synapses 3.15 synapses 3.59 synapses 1.69 synapses 1.14 synapses
5-~2358 1~36 1~63 1-21 1-5

Connection probability 0.000160 0.0356 0.0262 0.0320 0.0540
x1 x222 denser than fly x164 denser thanfly  x200 denser than fly x360 denser than fly

‘@@

Pr

Connectionreciprocity 0.138 0.372 0.386 0n3 0.088
x858 than ER x10.4 than ER x14.7 than ER x3.53 than ER x1.63 than ER

a .‘/'\A. p x43.8 than CFG x5.03 than CFG x6.02 than CFG x2.64 than CFG x1.33 than CFG

Br x45.9 than NND

x7.22 than NPC

Clustering coefficient 0.0463 0.284 0.331 0.182 0.159
x144 than ER x4.06 than ER x6.39 than ER x2.89 than ER x1.51than ER

a x7.57 than CFG x1.86 than CFG x2.40 than CFG x1.90 than CFG x1.06 than CFG

x10.9 than NND

B B y x2.88 than NPC

The probability that any two neurons is connected is 0.000160. Connection reciprocity in the fly is 0.138, larger than in Erdés-Rényi (ER), configuration (CFG), neuron-neuron distance (NND),
or neuropil connection (NPC) models (Methods). The clustering coefficient in the fly is 0.0463. Both reciprocity and clustering coefficient are higher than expected with ER, CFG, NND, and NPC
models. Statistics for C. elegans were computed for the chemical networks of neurons in hermaphrodite and male worms?. Statistics for larval zebrafish hindbrain'? and mouse visual cortex"
were computed excluding any truncated neurons. Note that direct comparisons of graph metrics must be made with caution (see Discussion).

distribution in which 3% of neurons were visited 42.4% of the time
(Extended DataFig.1g). These neurons are repeller nodes, and include
many with synapses in the antennal lobes (AL) and medullae (ME),
brain regions that are close to the olfactory and visual periphery,
respectively.

The fly brain has alargerich club

Many networks exhibit the rich-club property , in which well-
connected nodes are preferentially connected to other well-connected
nodes (Methods). Comparing the observed network to a degree-
preserving configuration (CFG) random model, there exists arich-club
regime in the fly brain, with a cut-off of total degree = 37 (Fig. 1h and
Extended Data Fig. 2e-g). This regime contains 40,218 neurons,
approximately 30% of neurons in the brain (Extended Data Fig. 2e).
The connection probability withinthe rich clubis 0.000870, 5.4 times
higher thanthe overall connection probability. The size of the rich club
suggests that the network topology of the fly brain is fairly distrib-
uted, consistent with the connected component results. A rich-club
analysis considering in-degree alone finds a rich-club regime with an
in-degree threshold of 10, while norich clubis observed when consider-
ing out-degree alone (Extended Data Fig. 2f). Note that, as we continue
toremove nodes, we enter aregime (beyond total degree 92) where
the remaining neurons are no longer preferentially connected to each
other (Fig. 1h). We further consider this very-high-degree regime in
the Discussion.

To examine the extent to which long-distance connections contribute
totherich-club property that we observe in the fly brain, we constructed
anextension of the CFG model in which we constrain the random net-
work by enforcing the measured connection probabilities between the

8,14,20
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78 neuropils. By fixing the number of connections between and within
neuropils, this neuropil connection (NPC) model implicitly contains
mesoscale spatial information (Methods). We find that the observed
networkis not more highly connected than the NPC model (Extended
DataFig. 2g), indicating thatinterneuropil connections contribute to
therich-club effect.

The fraction of neuronsin the rich-club regimein the fly is substan-
tially larger thanin C. elegans, which has arich club of 11 neurons (4% of
the neuronsin the worm)®. Note that the differences in rich-club size
are sensitive to the criteria used to determine therich-club cut-off, and
may alsobe aconsequence of the different scales of these two networks.
Nonetheless, it is interesting to note that, while the wormrich club
contains known hub neurons, such as the command neurons AVA and
AVB, such highly connected hub neurons do not seemto be presentin
the fly brain—although there are neurons with very high degrees, there
also exist alternative paths between most neuron pairs.

Recurrent motifs are over-represented

Connectionreciprocity isameasure of the amount of direct feedback
inthe brain. Across the brain, this connection reciprocity probability
is 0.138 (Table 2), higher than in both the Erd6s—-Rényi (ER) and CFG
random models (Methods). The over-representation of reciprocal
connections in brains is well established, and our results are consist-
ent with previous observations both in Drosophila®* and in other
species”?242534 The clustering coefficient, a metric that assesses
the prevalence of triplet structures in the network, is 0.0477 in the fly
brain (Table 2), higher than in both the ER and CFG models. The high
clustering coefficient demonstrates that the network is highly con-
nected and is non-random in its structure.
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Fig.2|Characterizingreciprocal connectionsinthebrain. a, The average
(avg.) reciprocaland unidirectional edge weights. b, Breakdown of unidirectional
andreciprocal edges by neurotransmitter. ¢, The frequency of neurotransmitter
pairs forming reciprocal connections (grey) compared with the expected
frequency of neurotransmitter pairs under the assumption of independent
neurotransmitter choice (pink).d, Therelative strengths (synapse (syn.)
counts) of the two connections forming ach-GABA reciprocal pairs (left),

We present these metrics alongside those for two existing whole-
animal connectomes, the hermaphrodite and male C. elegans’**, and
two subvolume wiring diagrams, the hindbrain of a larval zebrafish*
and aregion of L2/3 mouse visual cortex" (Table 2). Despite differ-
ences in the sparsity of the different brain networks, the values of
reciprocity and clustering coefficient are comparable across all five
datasets. The ER and CFG models do not contain any spatial informa-
tion, instead assuming that any neuron pair may randomly connect. Our
NPC model contains mesoscale spatial information but does not make
distance comparisons for each neuron pair. We therefore constructed a
neuron-neuron distance (NND) model with two different spatial zones
of connection probability, informed by the distribution of connec-
tions as a function of distance (Methods and Extended Data Fig. 1e).
We computed the reciprocity and clustering coefficient for both the
NND and NPC models and found that the metrics for the real network
were higher thanin both spatial null models, suggesting that the non-
random connectivity observedinthebrainis not solely aconsequence
of spatial or morphological constraints.

Direct comparisons of networks of different sizes should be inter-
preted with caution®®%, While the fly and worm datasets are com-
plete brains, the zebrafish and mouse datasets are derived from brain

L.

ach-glutamatereciprocal pairs (centre) and ach-ach reciprocal pairs
(right). e, The distributions of reciprocal degree for cholinergic neurons
(left), GABAergic neurons (middle) and glutamatergic neurons (right).
f,Scatter plot of 2x reciprocal degree against total degree. The dotted lines
indicate afactorof 2around thex =yline.g, Visualizations of exemplar
reciprocal neuron pairs.

subvolumes with truncated neurons. Moreover, differencesin synapse
detection and thresholding will impact topological metrics such as
connection probability and reciprocity (Discussion). Varying the syn-
apse threshold in the fly did not substantially change these metrics
(Extended Data Fig. 1c and Extended Data Table 2).

Small-worldness of the fly brain

A small-world network is one in which nodes are highly clustered
and path lengths are short™. High small-worldness coefficients are
associated with efficient communication between nodes®. The
small-worldness coefficient of the whole-brain fly connectome is
S* =141, higher than that of the C. elegans connectome (5* =3.21) and
closetothat of theinternet (5* = 98.1)", implying highly effective global
communication among neurons in the brain.

Neurotransmitter makeup of reciprocal connections

The average strength of edges participating inreciprocal connections is
higher than the average strength of unidirectional connections (Fig. 2a).
The majority of unidirectional connections are cholinergic (excitatory),
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while the edges participating in reciprocal connections contain fewer
cholinergic neurons and more GABAergic neurons (Fig. 2b). Inhibi-
tory connections in the brain have more synapses on average com-
pared with excitatory connections?®, which may partially explain the
higher average strength of reciprocal connections. The most com-
mon reciprocal pairing is ach-GABA, and the second most common
pairing is ach-glutamate (Fig. 2c). Both of these reciprocal motifs are
excitatory-inhibitory, and both are over-represented when compared
to the neurotransmitter frequencies observed for reciprocal connec-
tions (Fig. 2b). By contrast, excitatory—excitatory ach-ach pairs are
under-represented, as are inhibitory-inhibitory GABA-GABA pairs. We
observed reciprocal excitatory-inhibitory (ach-GABA and ach-glut)
connection strengths to be only weakly correlated, whereas ach-ach
pairswere uncorrelated (Fig. 2d). Examples of reciprocal neuron pairs
areshownin Fig. 2g.

Reciprocal degree across the population

Ofthe 127,978 neurons in the brain, 77,607 participate in at least one
reciprocal connection: approximately 2 in every 3 neurons (Methods).
Many neurons participatein multiple reciprocal connections. We define
reciprocal degree as the number of reciprocal connections made by
agiven neuron (Extended Data Fig. 3a). Plotting the distributions of
reciprocal degree by neurotransmitter, we observe that the majority
of neurons with a high reciprocal degree (d"° > 100) are GABAergic
(Fig. 2e and Extended Data Fig. 3b), while, at lower reciprocal deg-
rees (d"°<100), all three primary neurotransmitter types are well
represented.

For most neurons, the fraction of reciprocal connectionsislow—on
average 23% of incoming and 18% of outgoing connections are recipro-
cal. Plotting the fraction of reciprocal incoming connections against
the fraction of reciprocal outgoing connections, we observed only a
weak correlation (Extended DataFig.3c), suggesting that the recipro-
cal degree is not strongly coupled to either in-degree or out-degree.
Similarly, there is no relationship between the total degree and the
reciprocal degree (Fig. 2f). However, dividing the neuron population by
neurotransmitter, we find that neurons of high total degree are mostly
GABAergic and, for many of these neurons, more than half of their total
connections are reciprocal (Extended Data Fig. 3d).

Neurotransmitter composition of three-node motif's

The high clustering coefficient of the brain implies an over-
representation of triplet structures. We determined the frequency
at which each of the 12 directed three-node motifs occur in the brain
(Fig.3a). Feedforward motifs (motifs1-3) are under-represented when
compared to both ER and CFG models, while all others, including
the highly recurrent motifs (motifs 7-13), are over-represented. The
strengths of edges participatinginthree-node motifs are higher than the
average edge strength (Fig. 3b). Complex three-node motifs that contain
reciprocal connections tend to be stronger than feedforward motifs.
Examining the neurotransmitter composition of two of these motif's,
feedforward loops (motif4) and 3-unicycles (motif 7) (Fig. 3¢), we found
that edges that participate in feedforward loops were predominantly
cholinergic, and that the most common neurotransmitter composition
is three cholinergic neurons, a feedforward excitatory configuration
(Fig. 3d). The next most common compositions contain either one
or two inhibitory (GABAergic or glutamatergic) edges. Feedforward
loops with one inhibitory edge are probably feedforward inhibition
motifs, whereas loops with two inhibitory edges are probably disinhi-
bition motifs. By contrast, 3-unicycles contain a higher proportion of
inhibitory GABAergic and glutamatergic neurons, and the three most
common 3-unicycle compositions all contain at least one inhibitory
neuron (Fig. 3e). These cycles may act as indirect feedback inhibition
circuits. Notably, observed neurotransmitter composition frequencies
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are closer to what may be expected by chance for feedforward loops
than for 3-unicycles. Examples of neurons that form three-node motif's
are shownin Fig. 3f.

A high clustering coefficient and an over-representation of highly
connected motifs suggest that thelocal structure of the brain displays
ahigh degree of non-randomness, consistent with previous studiesin
C. elegans” and in the mouse cortex™?**, The over-representation
of feedforward loops has been widely observed in other biologi-
cal networks, such as in the rat cortex and C. elegans”****. This
over-representation is present in most neuropils in the brain.

Large-scale connectivity in the brain

Neurons with few inputs and many outputs may function as broad-
casters of signals, while those with many inputs and few outputs may
act as integrators. To examine such neurons, we divided the intrinsic
rich-club neurons into three categories on the basis of their relative
in-degree and out-degree (Fig. 4a), defining broadcasters as those for
which out-degree > 5 x in-degree and integrators as those for which
in-degree > 5 x out-degree. These definitions, while arbitrary, enable
us to describe neuron populations with unbalanced in-/out-degrees.
Giventhese definitions, we find 676 broadcasters and 638 integrators.
The remaining intrinsic rich-club neurons (37,093), including most
highly reciprocal neurons, fall into the balanced category.

In comparison to the overall population, rich-club neurons are less
likely to be cholinergic and more likely to be GABAergic (Fig. 4b and
Extended Data Fig. 4a). Integrators are even less likely to be choliner-
gic (49%), and include a large fraction of dopaminergic neurons that
may be engaged during learning. By contrast, broadcasters are pre-
dominantly cholinergic (75%). Central brain neurons are substantially
over-represented in the rich club, while optic lobe intrinsic neurons
areunder-represented (Fig.4c and Extended Data Fig. 4b). Many inte-
grators are either central-brain-intrinsic neurons or visual projection
neurons, while few broadcasters areintrinsic to the central brain—many
are visual centrifugal neurons or optic lobe intrinsic neurons. Broad-
casters include a large number of Mil and Tm3 neurons—excitatory
cells in the ME known to have key roles in the motion detection cir-
cuit®**°, Most neurons are restricted to asingle hemisphere—11% have
inputsinboth hemispheres and 11% have outputs inboth hemispheres®
(Extended DataFig. 4c).Rich-club neurons are more likely to have inputs
or outputs spanning both hemispheres:18% and 17%, respectively. This
is more common for integrators (23%) than for broadcasters (16%).
Some examples of broadcasters, integrators and balanced neurons
areshowninFig. 4d.

Therichclubis close tosensory inputs

To assess the distance of the rich-club neurons from sensory inputs,
we used a probabilisticinformation flow model to determine the rela-
tive distance of each neuron from a set of seed neurons** (Methods).
The model was run with different sets of seed neurons, each corre-
sponding to a specific set of sensory inputs to the brain (olfactory,
gustatory and so on). This includes all sensory receptors projecting
to the central brain as well as the population of visual projection neu-
rons (which provide visual input to the central brain and were used
here instead of the photoreceptor neurons, inputs to the optic lobe,
because photoreceptor proofreading was incomplete in v630 of the
data). Ranking these distances and normalizing returned the percen-
tile rank of each neuron with respect to each modality. Neurons with
percentile rank < 50% are closer than average to the giveninput, while
neurons with percentile rank > 50% are farther.

Therich-club neurons have amean percentile rank of 44%relative to
the setofall sensoryinputs (Fig. 4e). Integrators have amean percentile
rank of 43%, while broadcasters have amean percentile rank of 53%. The
distribution of broadcastersis bifurcated, with one peak closer to inputs
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(greyviolin plots). b, The average strength of three-node motifedges.

and another peak far frominputs. The second peak consists primarily of
broadcastersinthe opticlobe, which are far fromsensoryinputsto the
central brain (Extended Data Fig. 4d). Examining the ranks with respect
toindividual sensory modalities, we find that rich-club neurons are again
closer than average to eachmodality (Fig. 4fand Extended Data Fig. 4e).
Examining the distance of neurons to multiple sensory modalities, we
find that broadcasters and integrators, while scattered throughout
these distributions, tend to be closer than average to multiple sensory
inputs (Extended Data Fig. 4f). Integrators and broadcasters that are
low in rank relative to multiple modalities may be candidate sites of
multisensory integration and information propagation.

Network differences across brainregions

The Drosophila connectome has been segmented into 78 neuro-
pils (Fig. 5a), each with different average connection strengths?. To
understand information flow between neuropils, we used a fractional
weighting method accounting for each neuron’s projections to and
from every neuropil® (Methods). We computed for each neuropil the

Thedotted lineis the average connection strengthin the brain. c, Breakdown
by neurotransmitter of edges participating in two motifs: feedforward loops
(motif4) and 3-unicycles (motif 7). d,e, Neurotransmitter compositions of
feedforward loops (motif4) (d) and 3-unicycles (motif 7) (e). f, Visualizations
of exemplar three-node motifs.

relative fraction of internal, externalincoming and external outgoing
connection weights (Extended Data Fig. 5a,b). These fractions reflect,
respectively, the net number of connections within, being received and
being sent from each neuropil.

Wefind differencesin these fractions across brainregions: the ellip-
soid body (EB) and fan-shaped body (FB) of the central complex have
the highest fraction ofinternal connections, whilein other regions, such
asthe mushroom body (MB), the majority of connections are external
(Extended Data Fig. 5b). Some regions, such as the lateral horn, send
more connections than they receive, while others, such as the lobula
plate, receive more connections than they send. The fraction of internal
connection weights is not correlated with neuropil size: while large
neuropils suchas the anterior and posterior ventrolateral protocerebra
(AVLP and PVLP) have sizable fractions of internal weights, they do not
rank the highest. Note that internal weights include any neurons with
endings outside the brain, suchas sensory, ascending and descending
neurons, accounting for the high fraction of internal weights inregions
such as the ME, which receive inputs from R7 and R8 photoreceptors,
and the GNG, which connects with large numbers of ascending and
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descending neurons. Across the brain, 52% of all connection weights
can be classified as internal. Comparing the neurotransmitters of the
neurons contributing connection weights, we see thatinternal connec-
tions are more likely than external ones to be inhibitory (GABAergic or
glutamatergic) (Extended Data Fig. 5c). We also see differences in the
neurotransmitter composition across regions (Extended Data Fig. 5d).

Reciprocal connections in neuropils

To perform motif analyses within each neuropil, we identified neuro-
pil subnetworks that treat all connections within a neuropil as edges
(Fig. 5b and Extended Data Fig. 6a). Different neuropils differ in con-
nection strength and density (Extended Data Fig. 6b). Computing the
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reciprocity in each neuropil (Fig. 5c and Extended Data Fig. 6¢), we
found regions with high reciprocity probabilities, including the central
complex (FB, EBand noduli (NO)) and the ALs. The relative number of
reciprocal connectionsis highinthe MB and ME (Extended DataFig. 6b).
Note that, for these motif analyses, the results for small neuropils such
as the cantles, bulbs, galls, accessory ME and ocellar ganglion are less
interpretable owing to the small number of neurons.

In most neuropils, as in the whole brain, reciprocal connections are
stronger than unidirectional connections (Extended Data Fig. 6d).
Exceptions include the protocerebral bridge, MB calyces and bulbs,
which have stronger unidirectional than reciprocal connections. There
are differences in the relative prevalence of each neurotransmitter in
reciprocal and unidirectional connections across neuropils (Fig. 5d,e
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neuropil subnetwork.d,e, The differencesin the percentage of cholinergic (d)
and GABAergic (e) edges between reciprocal and unidirectional connections
acrossdifferent neuropils. The absolute percentages are shownin Extended

and Extended Data Fig. 6d-h): while, in most neuropils, reciprocal con-
nections contain fewer cholinergic and more GABAergic edges, there
arenotable exceptions, suchasinthe neuropils of the central complex
(FB, EB, protocerebral bridge and NO). In the MB, we find especially
large differences in the neurotransmitter composition between unidi-
rectional and reciprocal connections. Comparing the edge strengths
of reciprocal excitatory-inhibitory (ach-GABA) connections within
neuropil subnetworks, we observe that excitatory-inhibitory con-
nection strengths are more strongly correlated in some neuropils

+ In-degree == Out-degree
GABA neuron, MB-ML(L) (APL)

42812
= 2,761

=200
= 178
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Right

Neuropil A

DataFig. 6.f, Therelationship between excitatory and inhibitory connection
strengthsinreciprocal connectionsindifferentbrainregions. g, The number
of NSRNsin different neuropils. Examples of NSRNs are shown to the right.

h, Map of the total number of reciprocal pairs between different neuropils.
Examples of such pairs are shownin Extended Data Fig. 7e. Definitions for
neuropilsare providedin SupplementaryFig.1.Land Rin parenthesesindicate
theleftand right side of the brain.

(such as the FB and NO) than in others (Fig. 5f and Extended Data
Fig.7a,b). These correlations do not appear to be dependent on neu-
ropil size (Extended Data Fig. 7c).

Identifying NSRNs

We searched for intrinsic highly reciprocal rich-club neurons that make
the majority of their connections within a single neuropil, and found
1,863 neurons that meet these criteria (Fig. 5g). These neuropil-specific
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Fig. 6 | Differencesin three-node motifs across neuropils. a, Three-node
motif distributions for three example neuropils: the EB, AL(R) and right
mushroom body medial lobe (MB-ML(R)). The frequency of each motif relative
tothatinan ER nullmodelis plotted on theright, together with the average
motif frequencies of 100 CFG models (grey violin plots). Further examples of
other neuropils areshownin Extended Data Fig. 8a.b, The motif frequencies

highly reciprocal neurons (NSRNs) are predominantly inhibitory:
54% are GABAergic and another 10% are glutamatergic (Extended Data
Fig.7d).Insomeneuropils, such as the ALand EB, there are many NSRNs,
while in other neuropils, there exist only a handful of such neurons.
Some NSRNs, like the APL neurons in the MB*?, CT1neuronsin the lobula
(LO)* or AL local neurons (ALLNs)*, are known to provide global
feedback inhibition in these regions. These neurons tend to be highly
branched, with individual processes making reciprocal connections
with different feedforward neurons. Some have been shown to have
compartmentalized activity, raising the possibility of local computa-
tion**¢, NSRNs that have yet to be characterized may have similar roles
inother circuits—for example, itis likely that NSRNs found in the AVLP
provide feedback to the auditory circuits in this region®’.

Interneuropil reciprocal connections

While many reciprocal connections occur within single neuropils,
12.1% of all reciprocal pairs are formed by connections in two neuropils
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for the three-node motifs across all 78 neuropil subnetworks, normalized to
theirrespective CFG models. ¢, The average strengths of edges participating
inthree-node motifsin the different neuropil subnetworks relative to the
average three-node motif strength in each subnetwork. Average strengths
relative to the average neuropil subnetwork edge strengthare shownin
Extended DataFig. 8b.

(Methods). Mapping these reciprocal connections, we find off-diagonal
terms that represent pairs connecting across neuropils (Fig. 5h). The
compartments of the MB are linked by many reciprocal connections,
while the neuropils of the suboesophageal zone, including the GNG,
saddle (SAD) and prow (PRW), form a connected block. Strong recipro-
cal connectivity also occurs across the midline, such as between the left
and right ALs. Neuropils close to the midline, such as superior medial
protocerebrum (SMP), superior posterior slope (SPS) and inferior
posterior slope (IPS), tend to have many cross-hemisphericreciprocal
connections. There also exist reciprocal connections that span the
central brain, such as those between the left and right anterior optic
tubercles (AOTUs) or the left and right lateral accessory lobes (LALSs),
demonstrating that recurrent motifs are not limited to local connec-
tions—they also exist at large spatial scales. Examples of such pairs are
shownin Extended DataFig. 7e.

We also compared the map of reciprocal connections to the projec-
tomemap ofall connections (figure 4 of ref. 3). For example, the superior
lateral protocerebrum (SLP) and superior intermediate protocerebrum



(SIP) are connected to the FBin the projectome but have no reciprocal
connections. Similarly, the laminae has many internal connections but
few reciprocal ones. Examining ach-GABA reciprocal connections
highlights deviations from symmetry that represent anetimbalance of
excitatory-inhibitory reciprocal connections (Extended Data Fig. 7f).
For example, between the LO and PVLP, most ach-GABA reciprocal
connections share directionality: the ach connections are in the LO
and the GABA connections are in the PVLP.

Three-node motifs differ across regions

We computed the prevalence of three-node motifs in each neuropil
subnetwork relative to ER and CFG null models (Fig. 6a and Extended
Data Fig. 8a). Across most neuropils, we observed the same trend as
we do across the entire brain: an under-representation of feedforward
motifs (1-3) and an over-representation of complex motifs (Fig. 6b).
However, there are notable differences between neuropils. Inthe can-
tles, epaulettes and gorgets, for example, the frequency of three-node
motifs was closer to that expected ina CFG nullmodel, while, in the FB
and EB, complex motifs are particularly over-represented, consistent
with their high reciprocity (Fig. 6b).

Feedforward loops (motif 4) are over-represented in most neuro-
pils, except for the FB, EB, NO and MB compartments. This suggests
arelative under-representation of both feedforward excitatory and
feedforward inhibitory circuits in these brain regions. 3-unicycles
(motif7),anindirect feedbackinhibition circuit, are over-represented
acrosstheentire brain (Fig. 3c) but are under-represented in most neu-
ropils. The notable exceptions, the ME and GNG, are very large neuropils
withmany sensory inputs. The over-representation of 3-unicyclesinthe
ME implies the existence of localized cyclic structures in early visual
circuitry. Notably, this motifis also over-represented in the zebrafish
oculomotor circuit. Motifs 7-10 are under-represented in the ALs,
perhaps aresult of the small number of unidirectional edges in these
regions.

In most neuropils, we find that edges participating in under-
represented motifs are weaker on average than edges participating
in over-represented motif's (Fig. 6c), and that edges participating in
three-node motifs are stronger than average (Extended Data Fig. 8b).
This is broadly consistent with the whole-brain three-node motif
strengthresults. Anotable exceptionis the laminae, where feedforward
connections are strong despite being under-represented.

Discussion

The completion of awiring diagram of the full brain of D. melanogaster
enabled usto characterize its network properties, laying the ground-
work for connecting circuit motifs to biological function. Our analysis
leverages spatial information, neuron class distinctions (for example,
sensory neurons versus descending neurons), cell type labels (anno-
tations) and neurotransmitter predictions to interpret the network
features we uncovered. Despite its sparsity, the fly brain is a robust
and highly interconnected network, with over-represented recip-
rocal and recurrent motifs spanning multiple brain regions. These
long-range connections may explain results from recent brain-wide
neural recording experimentsin fly***°and other species® > that have
uncovered widespread activity related to both sensory processing
and behaviour (beyond canonical pathways and brain regions). We
provide searchable and filterable lists of the neurons discussed in
this study, as well as a motif search and visualization tool to facilitate
hypothesis generation and model development online through Codex
(https://codex.flywire.ai).

Limitations
Theavailability of neurotransmitter predictions*, for at leastach, GABA,
glut, da, ser and oct, greatly enhanced our ability to interpret the circuit

motifs we identified in the connectome. However, although neurotrans-
mitter predictions are 94% accurate when compared to aset of ground
truth neurons, there are cases in which the predicted neurotransmit-
ter does not align with the known transmitter. Here we manually cor-
rected the Kenyon cells to be cholinergic (Methods). There may exist
other populations that are also systematically misidentified, but which
currently lack ground truth neurotransmitter information. While we
assume that neurons obey Dale’s law (each releasing only one neuro-
transmitter), there are several known examples of co-transmission in
Drosophila®. 1t remains unclear how widespread neurotransmitter
co-transmission is. Note also that the synaptic connectome does not
provide acomplete picture of information flow in the brain. We do not
currently have amap of gap junction synapsesinthe fly or of the extent
of neuropeptide signalling®.

Some analyses, particularly those dependent on network topology,
are sensitive to our choice of synapse threshold. While connectomesin
C.eleganshave been proofread to the level of individual synapses®#"%,
this is not feasible in larger datasets>**'. We therefore rely on auto-
mated synapse detection algorithms with a non-negligible error
rate?. Not all synapses are successfully attached to neurons, and this
completion rate varies across brain regions®. Although some of these
low-synapse-number connections may be spurious, it is likely that
some weak connections persist acrossindividuals, ashasbeenfoundin
C.elegans”.Our companion paper on the fly optic lobe has found that
alower synapse threshold is important for correct cell type identifi-
cation in those brain regions, further suggesting the importance of
some low-synapse connections®®. Here we applied a consistent and
conservative threshold of five synapses per connection between
neurons (analysing 2.6 million connections instead of 14.7 million
unthresholded connections; Extended Data Fig. 1b,c and Extended Data
Table 2), and we demonstrated that our interpretations of connected
components, sparsity, reciprocity and clustering coefficients are not
dependentonthisthreshold. Itislikely that the fly brainis more strongly
interconnected than the results here indicate.

Local circuit motifs are ofteninferred to be feedforward or feedback
connections. However, it is difficult to place local circuits in the context
of global directionality from sensory input to motor output. Inshallow
networks, the directionality of the wiring diagramis clear. However, the
larger the network becomes, the more difficultitbecomes to establish
directionality. In this study, we used an information flow method to
rank neurons relative to various sensory modalities®. Ultimately, direc-
tionality of information flow in particular circuits, especially those in
regions of the brain far from sensory inputs or motor outputs, must
be determined experimentally.

Neuropil-specific differences

Different neuropilsin Drosophila are known to have different functions.
Studying network topology at the brain scale enables us to highlight
how these functional differences are subserved by network differences.
Forexample, the MBs are known to be acentre for learning and memory
in the fly brain®. We find in the MB compartments the largest fraction
of dopaminergic connections (Extended Data Fig. 5d), the biggest
differences between reciprocal and unidirectional neurotransmitter
percentages (Fig. 5d,e), and a three-node motif distribution close to
that of nullmodels (Fig. 6a,b). This combination of network character-
isticsis unique across the neuropils of the brain. Another well studied
neuropil, the EB, is known to be involved in navigation, supporting
persistent activity correlated to heading direction®°. We observed
that the EB has one of the highest reciprocity rates (Fig. 5c), one of the
highest average connection strengths (Extended Data Fig. 6b) and
very large over-representations of highly recurrent three-node motifs
(Fig. 6a,b). This represents a unique combination of neuropil-scale
network properties. By contrast, while the GNG has a similar three-node
motif profile (Fig. 6b and Extended Data Fig. 8a), it has much lower
reciprocity (Fig. 5c).
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Therich club and anatomical bottlenecks

The anatomy of the fly brain suggests two potential bottlenecks: one
between left hemisphere and right hemisphere and one between the
central brain and optic lobes. Only 12% of neurons cross hemispheres
and 6% of neurons cross between the central brain and optic lobes®>.
Despite these bottlenecks, the brain is still robustly interconnected
with short path lengths. The large rich-club regime in the fly brain may
explainthese short path lengths. When compared to the average neuron
in the brain, rich-club neurons are more likely to contain synapses in
bothhemispheres, and are also more likely to connect the opticlobes to
the central brain. The broad spatial reach of these rich-club neurons also
keeps pathlengths shortacross these bottlenecks. Inthe humanbrain,
it has been proposed that rich-club hubs in functional connectomes
help keep path lengths short. In the fly brain, we see that the rich-club
neuron population indeed contributes to short path lengths. Future
functional experimentsin the fly focusing onthe rich-club population
may shed light on whether this is the case at the neuron scale.

We also expect that the ascending and descending neurons, which
form abottleneck between the brain and the VNC, will be part of the
central nervous system rich club. Many ascending and descending
neurons appear to have high degrees when examined within either
the brain or the VNC®. We await the completion of a complete CNS
connectome to verify the rich-club membership of such neurons.

The very-high-degree regime

Our rich-club analysis showed that we enter arich-club regime above
total degree 37. However, as we continue to remove neurons, we find
that the population of neurons above degree ~100 are no longer
preferentially connected relative to either CFG or NPC random net-
works (Fig. 1h and Extended Data Fig. 2e-g). On the basis of the SCC
and WCC survival curves (Fig. 1g and Extended Data Fig. 2b), these
very-high-degree neurons do not form multiple islands of connectivity.
Rather, thefirst connected component persists until nearly all neurons
areremoved, and the second connected component never approaches
thesize of the first. The under-representation of connections between
the very highest degree neurons is correlated with neurotransmitter
composition—most are GABAergic (Extended DataFigs. 2e,f,h and 3d).
Theseverylarge GABAergic neuronsareless likely than chance to form
connections with each other.

Comparing connectomes across animals

Comparing network properties across different species has the poten-
tial to uncover conserved and divergent properties of brain organi-
zation. Similarities in reciprocity and clustering coefficient across
animals, which vary substantially in both size and connection density
(Table 2), hint at the possibility that some features of circuit archi-
tecture may be broadly conserved across nervous systems (or that
brains optimize for these features). However, comparisons of graph
metrics across networks of different sizes, even for neuron-normalized
metrics such as reciprocity and clustering coefficient, must be made
with care®**®, Moreover, as mentioned previously, differences in proof-
reading and thresholding willimpact topological metrics, which treat
all edges as equivalent. Applying the same threshold across datasets
does notresolve this, as agiven number of synapses may have different
biologicalimplications across species. It has also been observed, both
inthiswork and in past studies, that different parts of the brain of the
fly differin their connectivity properties®™®. Itis likely that the same is
trueinlarger brains, meaning that statistics derived from partial wiring
diagrams may not be representative.

In C. elegans, there is substantial variability in the connectomes of
genetically identical individuals”. Comparisons between the FlyWire
and hemibrain datasets have already revealed similarities and differ-
ences betweenindividualflies, as outlined in our companion paper’, but
more datasets will be needed before we fully understand the variability
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between individuals in Drosophila. Fortunately, more whole-brain
connectomes are on the horizon. The network analysis of the fly brain
presented should serve as a valuable baseline for comparison, both to
the connectomes of other Drosophila individuals and to the connec-
tomes of other species, toidentify which network features are common
and which are species- or individual-specific.
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Methods

Dataset
The connectome reconstructed by the FlyWire Consortium is that
of a 7-day-old adult female D. melanogaster from a [iso] w1118 x
[iso] Canton-S G1 cross'. The EM images were aligned and neurons
were automatically reconstructed using deep learning and computer
vision methods, then proofread by the community?®. Neuron cell types
and community labels were also attached to these data®*. The brain
is divided into 78 distinct anatomical brain regions, or neuropils®.
All analyses presented in this paper were performed on the v630
snapshot of the dataset. The v630 snapshot contains 127,978 neurons
and 2,613,129 thresholded connections. The central brain of the fly was
fully proofread, with the opticlobes around 80% complete. Most of the
neurons missing from the v630 snapshot were photoreceptors, and we
do not expect that the addition of these neurons would significantly
alter our whole-brain network results. At the time of publication, the
most up-to-date version of the dataset is the v783 snapshot, containing
139,255 neurons, 2,701,601 thresholded connections and completed
opticlobes. Both datasnapshots are available at Codex (https://codex.
flywire.ai).

Synaptic connections and thresholding

Synapses were detected algorithmically?®¢2, with each synapse receiv-
ingaconfidence score. We then removed synapses if either the pre-or
postsynaptic location of the synapse was not assigned to a segment
or if the synapse had a confidence score of less than 50. We then set
a threshold of five synapses per connection between neurons for
most of our analyses to reduce the impact of spurious connections.
This threshold is also consistent across our companion papers on the
whole-brain Drosophila connectome®*. We used a threshold because
manual proofreading of the dataset did not extend to individual syn-
apses®. Thresholding connections by synapse number was previously
implemented in the hemibrain connectome, with similar rationale®.
Thisisaconservative threshold and s likely to resultin anundercount-
ing of true connections. We assessed key statistics as a function the
threshold to ensure that our qualitative observations hold over arange
of threshold choices (Extended Data Fig. 1b,c).

Neurotransmitter assignments

The neurotransmitter at each synapse was predicted directly from
the EM images using a trained convolutional neural network with a
per-synapse accuracy of 87% (refs. 3,4). The algorithm returns a1 x
6 probability vector containing the odds that agiven synapseis each of
the six primary neurotransmitters in Drosophila: ach, GABA, glut, da,
octorser. Wethen averaged these probabilities across all of aneuron’s
outgoing synapses, under the assumption that each neuron expresses
asingle outgoing neurotransmitter, to obtainal x 6 probability vector
representing the odds thatagiven neuron expresses a given neurotrans-
mitter. We then assigned the highest-probability neurotransmitter as
the putative neurotransmitter for that neuron. The per-neuron accu-
racy is 94%. In cases in which the highest probability p, < 0.2 and the
difference between the top two probabilities p,— p, < 0.1, we classified
the neuron as having an uncertain neurotransmitter. In the approxi-
mately 1,600 Kenyon cells, for which the neurotransmitter of aneuron
isknowntobeachbutthealgorithm oftenreturned erroneous predic-
tions, the neurotransmitter prediction associated with that neuron was
overwritten by the known neurotransmitter.

Cell classifications and labels

84% of neurons are intrinsic to the brain, meaning that their projec-
tions are fully contained in the brain volume®. Central brain neurons
are fully contained in the central brain, while optic lobe intrinsic neu-
rons are fully contained in the optic lobes. Visual projection neurons
have inputs in the optic lobes and outputs in the central brain. Visual

centrifugal neurons have inputsin the central brain and outputsin the
opticlobe.Sensory neurons are those that are entering the brain from
the periphery, and are divided into classes by modality. Refer to our
companion paper for more details on the classification criteria®. We
also used annotation labels contributed by the FlyWire community?.

Connected components

SCCs are defined as subnetworks in which all neurons are mutually
reachable through directed pathways®. WCCs are a relaxed criterion
inwhich all neurons are mutually reachable, ignoring the directional-
ity of connections.

Degree definitions

For agiven neuron, the in-degree d,-+ is the number of incoming syn-
aptic partners the neuron has and the out-degree d; is the number
of outgoing synaptic partners the neuron has. The total degree of a
neuroniis the sum of in-degree and out-degree:

tot + -
di = di + di .
The reciprocal degree d;*° is the number of partners that a given
neuron forms reciprocal connections with. Aseachreciprocal connec-
tion consists of two edges, we can determine the fraction of reciprocal

inputsand outputsasd;°/d; andd;*‘/d;  respectively (Extended Data
Fig.3c).

Definitions of connectivity metrics

Giventhe observed wiring diagram as asimple (no self-edges) directed
graph G(V,E), the connection probability or density is the probability
that, given an ordered pair of neurons a and 3, a directed connection
exists from one to the other:

|E]
conn __ Pla>Bl=———+——.
g A=vravi-n

Thereciprocity is the probability that, given a pair of neurons which
are connected a to 3, there exists areturning S to @ connection:

p* = PIB~>ala~ Bl

The (global) clustering coefficient is the probability that for three
neurons a, Band y, given that neurons a and S are connected and neu-
rons a and y are connected (regardless of directionality), neurons 8
and y are connected:

Ch=P[B-yla-BAa-yl.

We computed these metrics both across the whole-brain and
within-brain-region (neuropil) subnetworks. We also systematically
quantified the occurrence of distinct directed three-node motifs within
the network, ensuring that duplicates are eliminated: any subgraph
involving three unique nodes is counted only once in our analysis. To
compute the expected prevalence of specific neurotransmitter motifs
(Figs.2cand 3d,e), we multiplied the relevant neurotransmitter prob-
abilities for the motif of interest, under the assumption the neurons
connect independent of neurotransmitter. We then compared this
expectationto the true frequency of motifs with these neurotransmit-
ter combinations.

ER and CFG null models

We probed different statistics of the wiring diagram G(V,E) by compar-
ing them with the statistics of various null models. The simplest null
model that we used was a directed version of the ER model G(V, p),
where all edges are drawn independently at random, and the connec-
tion probability pis set such that the expected number of edgesin the


https://codex.flywire.ai
https://codex.flywire.ai

ER model equals that observed in the wiring diagram®*. For any nodes
i,j € V,the connection probability is constant:

. |E]
PESTI=P= 1y vi-1)

Asreciprocal edgesin the wiring diagram are over-represented when
compared to astandard ER model, we adopted a generalized ER model,
which preserves the expected number of reciprocal edges. The gener-
alized ER model G(V, p*™, p®") has two parameters, unidirectional
connection probability p*" and bidirectional connection probabi-
lity p, both of which are set to match the wiring diagram. To do this,
we defined the sets of unidirectional and bidirectional edges as:

E" = {(i,)I(i,j) €E A, D) € E},
E® = {(i,/)|(i,j) €E A (j, i) € E}.

Foranynodesiand:
. . i [EYm|
Pl jl1=PLisjl=p" =,
e T/
.. i |E®}
PLSA=p" =,
SR i avi-n

[l:_]] =1- zpuni _pbi.

Alledges between unordered node pairs were drawn independently
and atrandom.

Consistent with previous work'>*’, we also used a directed configu-
rationmodel (CFG),G(V, {d}}, {d;}), whichpreserves degree sequences
during random rewiring. We sampled 1,000 random graphs uniformly
fromaconfigurationspace of graphs with the same degree sequences
as the observed graph by applying the switch-and-hold algorithm®,
where we randomly select two edges in each iteration and swap their
target endpoints (switch), or else keep them unchanged (hold), under
the conditions that doing so does not introduce self-loops or multiple
edges. Withthese conditions, this CFG modelis mathematically equiv-
alent to the Maslov-Sneppen edge-swapping null model®8,

Pairwise distances between neurons

To determine the connection probability distribution as a function
of distance between neurons, we first had to distil the available spa-
tial information into a handful of points. This was the only practical
way to enable distance comparisons between all neurons—a total of
14 billion pairs. For each neuron, we defined two coordinates based on
the location of their incoming and outgoing synapses. We computed
the average 3D position of all of the neuron’s incoming synapses to
approximate the position of the neuron’s dendritic arbour, and did
the same to approximate the position of the neuron’s axonal arbour.
We then computed for all neuron pairs the pairwise distances between
the axonal arbour of neuron A and the dendritic arbour of neuron
B. Binning by distance and comparing the number of true connec-
tions to the number of neuron pairs allowed us to compute connection
probability as a function of space (Extended Data Fig. 1d).

NND model

Informed by the distribution of connection probability as a func-
tion of distance, we constructed a NND model with two zones of
probability—a ‘close’ zone (0 to 50 um) where connections are pos-
sible with a relatively high probability (p s = 0.00418) and a ‘distant’
zone (more than 50 pm) where connections occur with lower prob-
ability (Pgisane = 0.00418) (Extended Data Fig. 1e). The probabilities in
these two zones were derived from the real network. Then, for every
neuron pair (around 14 billion pairs), we generate arandom number
drawn uniformly from between 0 and 1. The distance between the two

neuronal arbours sets the probability of forming an edge between
the pairs, Pose OF Pyiseanc- If the random number is below the probabil-
ity threshold, a connection is formed between these two neurons in
the model.

NPCmodel

To provide a more tractable spatial null model while preserving
degree sequences, we developed the NPC model. This model is a
degree-corrected stochastic block model (DC-SBM)%°. We assigned
each neuron to one of the 78 ‘neuropil blocks’ based on the neuro-
pilin which the neuron has the most outgoing synapses. During ran-
dom rewiring, the inter- and intra-neuropil connection probabilities
are preserved. Moreover, like in the CFG model, we keep the degree
sequences unchanged during randomization and prohibit self-loops
and multiple edges. The interneuropil connection densities implicitly
contain mesoscale spatial information. These constraints also mean
that the total number of internal edges in each neuropil remains the
same after reshuffling.

Spectral analysis

Givenastrongly connected graph G(V,£) and its 0-1adjacency matrix
A € RIG", where A, corresponds to a connection from neuron ito neu-
ronj, one can construct an irreducible Markov chain on the strongly
connected graph with a transition matrix P;:= A;/ ¥ ; Ay; giving the
transition probability from; to i. This corresponds to a random walk,
where the transition probability from neuron a to neuron g is
Pysp = Ousp/d Where d,istheout-degree of neurona, and 6p>p €10, 13
indicates the existence of a connection.

The Perron-Frobenius theoremguarantees that Phas a unique posi-
tive right eigenvector mt with eigenvalue 1, and therefore that ris the
stationary distribution of the Markov chain. We constructed suchatran-
sition matrix for the connectome and determined the eigenvector .

We also defined a ‘reverse” Markov chain with a transition matrix
P =Au/ Zk Aj giving the transition probability from,j to i. P also
has aunique positive right eigenvector " with eigenvalue 1. This cor-
respondstoareverse randomwalk with the transition probability from
neuron a to neuron setas p'', = 6,,5/d,, where dyisthein-degree
of neuron a. Extended Data Fig. 1f,g shows the stationary distribution
of forward and reversed Markov chains, respectively.

The normalized symmetric Laplacian of the Markov chain Pis:

(.1 1 1 . 1
£=I—E(ﬂ2Pal'l 2 +[1 2P I'Izj,

wherell:= Diag(m)and /is the identity matrix. We similarly defined £
for the reverse Markov chain. The eigen-spectra of £ and £ are shown
inExtended Data Fig. 1f,g, respectively. The gaps between eigenvalues
indicate the conductance properties of the graph.

Findingrich-club neurons

We used the standard rich-club formulation to quantify the rich-club
effect. The rich-club coefficient @(d) at a given degree value d, with
allnodeswith degree < dpruned, is the number of existing connections
inthe surviving subnetwork divided by the total possible connections
in the surviving subnetwork:

My
QD= v
where N, is the number of neuronsin the network with degree > d and
M,is the number of connections between such neurons. To control for
the fact that high-degree nodes have ahigher probability of connecting
toeach other by chance, we normalized therich club coefficient to the
average rich club value of 100 samples from a CFG null model (Fig. 1h
and Extended Data Fig. 2e,f):
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@(d)

Dporm(d) = (@cra(d)) .

The standard method of determining the rich-club threshold is
to look for values of k for which @,,..(d) >1+ no, where gis the s.d.
of @r(d) and nis chosen arbitrarily®®. However, as the s.d. from our
samples is extremely small (approaches 0) near the bump in relative
rich-club coefficient, we chose instead to define the onset threshold
of the rich club as @,,,(d) >1.01 (1% denser than the CFG random
networks).

We computed the rich-club coefficient in three different ways, by
sweeping by total degree (Fig.1h and Extended DataFig. 2e), in-degree
and out-degree (Extended Data Fig. 2f), progressively moving from
small to large values. As we observed, when the total degrees of the
remaining nodes surpass 37, the network becomes denser compared
withrandomized networks. The peak occurs at total degree = 75.38.9%
of neurons have degree > 75, and they are 2.76% more dense than pre-
dicted by the CFG model. Once the minimal total degree reaches 93,
the network becomes as sparse as the randomized counterpart. We
classified neurons with total degrees above 37 as rich-club neurons
because they exhibit denser interconnections when considered as a
subnetwork. Interms of in-degree, the range for denser-than-random
connectivity is between 10 and 54. Considering out-degree alone
did not reveal any specific onset or offset threshold for rich-club
behaviour, as the subnetwork always remains sparser than ran-
dom. The rich-club coefficient relative to the NPC model (Extended
Data Fig. 2g) was computed similarly, with 100 samples of the null
model:

@(d)

Prorm(d) = @ @)

Small-worldness coefficient

We quantified the small-worldness of the connectome by comparing
ittoan ER graph. The average undirected path length in the ER graph,
denoted as €,,,,4, is estimated to be 3.57 hops, similar to the observed
average path length in the fly brain’s WCC (¢, = 3.91). The clustering
coefficient (C%,,4) of the ER graph is only 0.0003, much smaller than
the observed clustering coefficient (C5,,= 0.0463) (Table 2). The

small-worldness coefficient of the whole-brain fly connectome is:

Chys/ CE
SA _ ~obs rand _ 141, (l)
eobs/erand

Definitions of highly connected neurons

To identify broadcaster neurons, we filtered the intrinsic rich-club
neurons (d* > 37) for those that had an out-degree that was at least
five times higher than their in-degree:

d >5xd".

Similarly, we identified integrator neurons by filtering the intrinsic
rich-club neurons for those that had anin-degree that was at least five
times higher than their out-degree:

d"=5%d".

Rich-club neuronsthat did not fallinto either category were defined
as ‘large balanced’ neurons. This analysis was limited to intrinsic
neurons—those that have all of their inputs and outputs within the
brain—toavoid spuriousidentification of afferent or efferent neurons
as broadcasters or integrators.

Whenidentifying large recurrent neuropil-specific neurons (Fig. 5g)
we applied the following criteria. First, the neurons were intrinsic and

met therich-club criteria. Second, at least 50% of the neuron’sincoming
connections were contained within the subnetwork of asingle neuropil.
Third, atleast 50% of the neuron’s outgoing connections were contained
within the same neuropil.

Neuron ranking
We used a probabilistic connectome flow model previously published*"
to determine the ranking of neuronsrelative to various sensory neuron
populations®*', This method ignores the sign of connections. Starting
fromasetof user-defined seed neurons, the model traverses the wiring
diagram probabilistically:ineachiteration, the chance thataneuronis
addedtothetraversed setincreases linearly with the fractions of syn-
apsesthatitisreceiving fromneuronsalreadyinthe traversed set. When
this likelihood reaches 30%, the neuron is guaranteed to be added to
the traversed set. The processisthenrepeated until the entire network
graphhasbeen traversed. Theiterationin whichaneuronwasadded to
the traversed set corresponds to the distance in hops it was from the
seed neurons. For each set of seed neurons, the model was run10,000
times. The distance used to determine the rank of any given neuron
was the average iteration in which it was added to the traversed set.
We ran this model using the following subsets of sensory neurons
as seeds: olfactory receptor neurons, gustatory receptor neurons,
mechanosensory Johnston’s Organ (auditory) neurons, head and neck
bristle mechanosensory neurons, thermosensory neurons, hygrosen-
sory neurons, visual projection neurons, visual photoreceptors, ocel-
lar photoreceptors and ascending neurons. We also ran the model
using the set of all of the input neurons as seed neurons. All neurons
in the brain were then ranked by their traversal distance from each
set of starting neurons, and this ranking was normalized to return a
percentile rank. We rank from the visual projection neurons as a proxy
forvisual sensory inputsto the central brain, but note that thisisnota
true sensory population.

Information flow between neuropils

To determine the contributions that a single neuron makes to infor-
mation flow between neuropils, we first applied two simplifying
assumptions: first, that information flow through the neuron can be
approximated by the fraction of synapsesinagivenregion; and, second,
thatinputs and outputs canbe treated independently. Using these two
assumptions, we constructed a matrix representing the projections
of asingle neuron between neuropils. The fractional inputs of a given
neuronareal x Nvector containing the fraction ofincoming synapses
the neuron hasineachof the Nneuropils, and the fractional outputs are
asimilar vector containing the fraction of outgoing synapses in each
of the N neuropils. We multiplied these vectors against each other to
generate the N x N matrix of the neuron’s fractional weights, with a
total weight of one. Summing these matrices across all neurons pro-
duced a matrix of neuropil-to-neuropil connectivity, or projectome
(seefigure 4 of ref. 3).

From the neuropil-to-neuropil connectivity matrix, we determined
the total weight of internal connections—those within a given neuropil—
by identifying the neurons which contribute to the diagonal of the
matrix. We likewise determined the weight external connections—
either incoming to the neuropil or outgoing from the neuropil—by
looking at the off-diagonals. These data were used to construct the
analyses in Extended Data Fig. 6a-c.

Identifying neuropil subnetworks

Most of the neurons in the Drosophila brain have soma at the surface
of the brain. Therefore, they cannot be associated to neuropils (brain
regions) based on their soma locations. Synapses, however, can be
associated with neuropils. To perform motif analyses at the level of
individual neuropils, we identified neuropil subnetworks based on
the connections made by the synapses contained within each neuropil
volume. All connections within the neuropil of interest are taken as



edges of this subnetwork, and all neurons connected to these edges
areincluded (Fig. 5b). The number of neurons associated with each
neuropil subnetwork is plotted in Extended Data Fig. 6d. Note that if
two neurons both in a given neuropil subnetwork share a connection
that occurs in a different neuropil, that connection is not included as
anedgein the given subnetwork.

Identifying interneuropil reciprocal pairs

We constructed amap of reciprocal connections between neuropilsin
the form of a triangular matrix with the neuropils as axes. For clarity,
here we will refer to aunidirectional connection as an edge. Arecipro-
cal connection contains two opposing edges. While some edges are
composed of synapses in multiple neuropils, the majority of edges
are composed of synapses in a single neuropil after thresholding. We
therefore applied a winner-take-all approach to assigning edges to
neuropils. Given two reciprocally connected neurons Xand Y, let us
call the edge from X to Yedge 1, and the edge from Yto X edge 2. If
the synapses that form edge 1are in neuropil A, and the synapses that
form edge 2 are in neuropil B, then we assign this reciprocal pair to
the neuropil A to neuropil B square of the matrix. This was done for all
reciprocal pairs, with each reciprocal pairis counted as1in the matrix.
Note that this means that agiven neuron can be represented multiple
times if it has multiple reciprocal partners.

Reporting summary
Furtherinformation onresearch designis available in the Nature Port-
folio Reporting Summary linked to this article.

Data availability

The complete connectome dataset is available online at Codex
(Connectome Data Explorer; https://codex.flywire.ai). Neuron anno-
tations, neurotransmitter information and compact data downloads
are available through Codex, along with neuron lists generated in
this work, including neurons participating in two-node and selected
three-node motifs, rich-club neurons, broadcaster and integrator
neurons, and neuropil-specific reciprocal neurons. The connectome
data are available for download at Zenodo’ (https://doi.org/10.5281/
zenodo.10676865).

Code availability

The analyses presented in this paper were performed in Python with
the numpy and graph-tool™ packages, and in MATLAB (standard tool-
boxes). Software written for this publication is available at GitHub

(https://github.com/murthylab/flywire-network-analysis) and at
Zenodo” (https://zenodo.org/records/12572930). Some 3D renders
were generated in Cinema4D.
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Extended DataFig.2|Additional connected components and rich club
analyses. (a) Thesizes of the first two weakly connected components (WCCs)
asnodesare removed by total degree (1 neuron per step). Removal of neurons
starting with those with largest degree resultsin the brainsplitting into

two WCCs when neurons of approximately degree 50 start to be removed,
adeviationfromwhen neurons areremovedinarandomorder (dotted lines).
Thelargestsurviving total degree as afunction of the number of remaining
nodesis plotted ingrey. (b) Removal of neurons starting with those with smallest
degreeresultsinasingle giant WCC until all neurons areremoved. The smallest
surviving total degree asafunction of the number of remaining nodes is plotted
ingrey. (c) Thesizes of the first two strongly connected components (SCCs) as
nodes areremoved by in-degree or out-degree (2500 neurons per step). Removal
of neuronsstarting with those with largestin-degree (top left) or largest out-
degree (top right) resultin the brain splittinginto two SCCs when neurons of
approximately degree 50 start to be removed, adeviation fromwhen neurons
areremoved inarandom order (dotted lines). Removal of neurons starting with
those withsmallest in-degree (bottom left) or smallest out-degree (bottomright)
resultsinasingle giant SCC until all neurons areremoved. (d) The sizes of the

first two weakly connected components (WCCs) asnodes are removed by
in-degree or out-degree (1 neuron per step). Removal of neurons starting with
those withlargestin-degree (top left) or largest out-degree (top right) result
inthebrainsimilarly splitting into two WCCs when neurons of approximately
degree 50 starttoberemoved, adeviation from when neurons are removed
inarandomorder (dotted lines). Removal of neurons starting with those with
smallestin-degree (bottom left) or smallest out-degree (bottom right) results
inasingle giant WCC until allneurons are removed. (e) Therelativerich club
coefficient (@, = @/®cr;, blue) as afunction of total degree (left). The
absolute observed rich-club coefficient (@) is plotted in solid red, and the rich-
club coefficient froma CFG model (@) is plottedindotted red. To the rightis
plotted the degree distribution showing therich club regime cutoff. (f) Therich
club coefficient plotted as a function of in-degree (left) and out-degree (right),
relative to CFG models. (g) The relative rich club coefficient (@4, pc) = @/ Pypcs
orange) asafunction of total degree. The absolute observed rich-club
coefficient (@) is plotted insolid red, and the rich-club coefficient fromaNPC
model (@) is plotted indotted red. (h) Survival curves for the percentages of
ach, GABA, and glut neuronsremainingasafunction of total degree.
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Extended DataFig. 3 | Reciprocal connectivity and degree. (a) Distribution
ofreciprocal degree (grey) alongside distributions of in-degree (red) and
out-degree (blue). (b) Distributions of reciprocal degree for glut, da, oct,

and ser neurons. (c) Heatmap showing the fraction of reciprocal incoming
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Extended DataFig.4|Additional large-scale connectivity analyses.
In-degree vs.out-degree scatterplots showing broadcaster, rich balanced, and
integrator regimes, with neurons plotted by (a) the putative neurotransmitter
of eachneuronand (b) the super class of each neuron. (c) Comparing the input
and output sides of allintrinsic neurons, rich club neurons, integrators, and
broadcasters. TheasymmetryinL/R percentages for broadcaster neuronsis
duetothelarge number of medulla-intrinsic broadcasters which connect with

photoreceptors (Proofreading of photoreceptors wasincomplete in Snapshot
v630). (d) Percentile rank distributions of central and optic lobe intrinsic
neuron populations to allinputs. (e) Percentile rank distributions of rich club,
integrator, and broadcaster neuron populations from variousinput modalities.
(f) Scatterplots of percentile rank from one sensory modality on each axis.
Broadcaster neurons are highlighted in teal and integrator neurons are
highlightedin purple.
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(grey violin plots). (b) Average strengths of edges participatingin 3-node
motifsinthe different neuropil subnetworks relative to the average edge

strengthineach subnetwork.

Extended DataFig. 8| Additional differencesin three-node motifs across
neuropils. (a) Three-node motif distributions for additional neuropils.

The frequency of each motifrelative to thatinan ER null modelis plotted to
theright, together with the average motif frequencies of 100 CFG models



Extended Data Table 1| Definitions for all neuron populations identified in this paper

Neuron lists available on Codex Definitions
2-neuron reciprocal connection ¢y all neurons that participate
motifs participants O ﬂ in reciprocal connections.
feedforward loop o neurons that parhmpgét_e in tf_eed{orward I?op r.notufs consisting of
articipants C " unidirectional connections:
3-neuron P ﬂ B—a, a— y and B—y, precisely.
motifs 3-unicvcle (0} neurons that participate in 3-unicycles
artici );nts B v consisting of unidirectional connections:
P P B—a, a— y and y—f, precisely.
highly reciprocal — neurons with the numbers of reciprocal
neurons edges 2 0.5 x total-degrees.
N-neuron
motifs neuropil-specific highly intrinsic rich-club and highly reciprocal neurons with = 50% of
reciprocal neurons 4% incoming connections, and 2 50% outgoing connections
(NSRNs) contained in the same neuropils, respectively.
high-degree neurons that are densely
rich-club neurons .i connected with other high-degree neurons
(total-degree is higher than 37).
Rich-club
analysis broadcasters : intrinsic rich-club neurons with out-degrees 2 5 x in-degree.
integrators —%‘/( intrinsic rich-club neurons with in-degrees = 5 x out-degrees.
's
actor top 3% most visited neurons in a forward random walk over
Spectral the largest strongly connected component.

repellers the largest strongly connected component.

analysis . .
;ﬁ\ top 3% most visited neurons in a reversed random walk over
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Extended Data Table 2 | Network statistics of the fly connectome with no threshold on the number of synapses per
connection (left) and a threshold of 5 synapses per connection

Fruit fly (no threshold) Fruit fly (2 5 synapses)

Drosophila melanogaster Drosophila melanogaster

Neuronal (Dorkenwald et al., 2024) (Dorkenwald et al., 2024)
wiring diagrams &
J
e 127,978 neurons 127,978 neurons
®0%e° 14,680,950 connections 2,613,129 connections

Avg. connection strength

3.59 synapses 12.61 synapses
O=e=0 1~ 2358 5 ~ 2358
Connection probability
a B 0.000896 0.000160
(o2 P >Q@ x5.62 x1
r
Connection reciprocity 0.265 0.138
o . .
[ Y x293 than ER x858 than ER
Pr x46.1 than CFG x43.8 than CFG

Clustering coefficient

(0]

b @y @7

0.108
x59.7 than ER
x9.17 than CFG

0.0463
x144 than ER
x7.57 than CFG
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