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Brain functions emerge as thermal equilibrium states of the connectome
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A fundamental idea in neuroscience is that cognitive functions—such as perception, learning, memory, and
locomotion—are shaped and constrained by the brain’s structural organization. Despite significant progress
in mapping and analyzing structural connectomes, the principles linking the brain’s physical architecture to
its functional capabilities remain elusive. Here, we introduce an algebraic quantum model to bridge this
theoretical gap, offering insights into the relationship between the connectome and emergent brain functions
while connecting structural data to functional predictions. Using the well-mapped C. elegans anatomical and
extrasynaptic connectomes, we demonstrate that brain functions, defined as functional networks of a neural
system, emerge as thermal equilibrium states of an algebraic quantum system derived from the graph algebra
of the underlying directed multigraph. Specifically, these equilibrium states, characterized by the Kubo-Martin-
Schwinger formalism, reveal how individual neurons contribute to functional network formation. Our model
illuminates the structure-function relationship in neural circuits through two key features: (1) a functional
connectome that delineates topologically driven neuronal interactions and (2) an integration capacity index that
quantifies how effectively neurons coordinate and modulate diverse information flows. Together these features
provide a statistical and mechanistic account of information flow and reveal how the network topology of the

connectome predicts cognition and complex behaviors.
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I. INTRODUCTION

A core tenet of connectomics in neuroscience is that brain
functions emerge from contextual collective properties of its
structural substrates [1-3]. It emphasizes the importance of
the brain’s structural network, or the connectome [4-6], in
determining how information is processed, integrated, and
transmitted within such a complex system. Based on this
premise, exploring the relationships between the structure
of the brain’s wiring systems and the flow of information
across synaptic circuitries has the potential to provide deeper
insights into how neuronal assemblies [7,8] underpin cog-
nition, behavior, neurological, and psychiatric states [9,10].
This perspective has fueled intense research over the past
few decades, aimed at (i) producing comprehensive maps that
detail the anatomical connections between neural units at var-
ious levels—from macroscale networks of brain regions and
white matter pathways using neuroimaging techniques [11,12]
to microscale synaptic circuits using high-resolution imaging
technologies such as electron microscopy [13—17]—and (ii)
developing quantitative models for understanding how these
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complex architectures contribute to brain functions and dys-
functions [18-22].

Large-scale connectomics data have been generated across
a wide array of species—such as C. elegans [13], Drosophila
[16], Platynereis dumerilii [17], mice [23], and humans [24]—
and interdisciplinary research, particularly the application of
graph theory and network science, has been pivotal in analyz-
ing these datasets, modeling the interactions and information
flow in neural circuits, and detecting connectivity patterns
crucial for understanding the functional states of the nervous
system [7,25].

With its 302 neurons and approximately 13 000 chemical
and electrical synapses, the C. elegans synaptic connectome is
the most complete of these endeavors [13,14,26]. It has served
as a prototypical nervous system for building sophisticated
models to uncover specific neural circuits underlying complex
behaviors and predict brain dysfunctions based on structural
patterns [25,27].

While these efforts have provided perspectives on the
structural mechanisms underlying cognition, a comprehensive
theoretical framework that explains how the brain’s physical
architecture shapes and predicts its function is still lacking.
Here, we introduce such a framework using C. elegans [14,26]
as a model connectome and applying the algebraic quantum
mechanics (AQM) methods for information flow that we re-
cently developed [28]. Specifically, we demonstrate how the
topology of the structural connectome predicts its functional
networks as Kubo-Martin-Schwinger (KMS) states of the al-
gebraic quantum system defined by the graph algebra of the
underlying directed multigraph, where neurons serve as nodes
and synapses and gap junctions as directed edges.
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The concept of KMS states on complex networks, orig-
inating from graph C*-algebras [29,30] and the algebraic
extension of quantum mechanics [31,32], has been shown in
Ref. [28] to provide statistical descriptors of the dynamic pat-
terns of neuronal interactions. We investigate the functional
implications of these descriptors and extract two fundamen-
tal features that characterize the functional organization of
the C. elegans nervous system: (i) the purely topological
functional connectome, which maps the entire atlas of func-
tional connections driven by the anatomical network, and
(ii) an integration capacity (IC) index that measures the de-
gree to which neurons can modulate multiple independent
flows.

Ultimately, the algebraic quantum model presented here
offers a theoretical framework for decoding the structure-
function relationship in terms of physical processes, re-
vealing neuronal assemblies that mediate sensorimotor
processing and trigger complex behaviors such as ther-
motaxis [33,34], mechanosensation [35], and locomotion
[13,36,37].

The remainder of the paper is structured as follows.
Section II introduces the theoretical framework and key
derivations, Sec. III presents the main results on the structure-
function relationship in C. elegans, and Sec. IV details the
experimental validations. We conclude with a discussion of
functional implications and broader perspectives in Sec. V.

II. THEORY

A. The connectome as a directed multigraph

We model the structure of the adult hermaphrodite C. ele-
gans somatic connectome as a directed graph G = (V, E') with
parallel edges and self-loops, where the node set V represents
N = 280 individual neurons, and the edge set E consists of
12071 unique chemical and electrical synapses (gap junc-
tions), constructed by merging the old dataset [13,26,38] with
a revised one [14] (see Methods for details and Ref. [39] for
the resulting edge list). The source s(e) and range r(e) of
an edge are, respectively, the pre- and postsynaptic neurons
of the synapse. Since gap junctions allow bidirectional trans-
mission between neurons, they are represented by reciprocal
edges. Our main focus being on the functional interactions
among neurons through anatomical pathways, we consider
both chemical and electrical synapses within a unified wiring
system, since both transmission modalities are known to
maintain close functional interactions [40]. We let A be the
adjacency matrix of G. Specifically, since G is a directed muli-
graph, A is an integer-weighted nonsymmetric matrix, where
for two neurons u and v, the entry A, counts the number of
chemical and electrical connections from v to u. We use bold
letters e, f, etc. for directed walks; i.e., sequences e - - - e,
(with possible recurrences) of edges such that s(e;) = r(e;41)-
The length |e| of such a walk e is the number n of edges
composing it, and we set s(e) = s(e,) and r(e) = r(e;) to be
its source and range, respectively. e is a cycle if s(e) = r(e).
Since G contains directed cycles and self-loops, finite length
walks form an infinite set that we denote by E*. Indeed, 44
neurons have synapses onto themselves (such connections are
referred to as autapses in the literature [41,42]).

B. Neural emittance

a. Neural emittance profiles from KMS states. Given 8 >
0, the emittance volume of v at inverse temperature B is

defined as
=

ecE* s(e)=v

e*ﬁle\’ (D

which is an infinite series that encodes the volume of in-
formation flow downstream of v when the system functions
at inverse temperature §; i.e., when the functioning of each
connection is affected by a factor of e™#. We shall note that
similar formulation was used for simple undirected graphs
by Katz [43] to measure node status in sociometry and by
Estrada and Hatano in Ref. [44] to study communicability in
undirected complex networks. Observe that Zf > 1, reflecting
the fact that a node theoretically emits onto itself through the
trivial path of length 0. In particular, if v is not presynaptic
to any neuron, its emittance volume is 1. Furthermore, by an
elementary result from functional analysis, there is a critical
value 8. = log r, where r is the spectral radius of G, such that
ZP converges for g > B, and
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for all B > B.. We can then use the emittance volume to
quantify the following quantity:

uv’
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which, for 8 > ., we refer to as the neural emittance of v to
u at inverse temperature 8 > f,. Noting that (1 — e PA) 1 =
ZeeE*,s(e):v,r(e)zu e Plel for B > B., the neural emittance of v
quantifies the probability for neuron u to receive signals from
v, providing a more natural and physical formulation of statis-
tical propagation [45]. In particular, the neural self-emittance
x"I# measures the probability of feedback signals onto neuron
v at inverse temperature . The neural B—emittance profile
(NEPg) of v is the vector x*/# = (x!!#),cy encoding how
information from v is propagated through the structural net-
work. That is, x" quantifies how v functionally connects to
any other neuron when the system is at inverse temperature
B. Specifically, the nonzero components of x'¥ represent
potential functional links of v onto the corresponding neurons.

We want to emphasize that these vectors originate from
the AQM methods [32] and the framework we developed for
flow pathways in directed networks [28]. Specifically, as we
have shown in Ref. [28], information flow within the directed
multigraph G forms a system with infinitely many degrees
of freedom that is best modeled by the graph C*-algebra of
G [30]. Furthermore, this graph C*—algebra carries a natural
dynamics that turns it into an algebraic quantum system Og
whose KMS states at inverse temperature S—termed S—KMS
states—arise from statistical superpositions of the distribu-
tions x'/#. Namely, a B—KMS state of the system Og is
associated to a convex combination

x=)Y px', )

033156-2



BRAIN FUNCTIONS EMERGE AS THERMAL EQUILIBRIUM ...

PHYSICAL REVIEW RESEARCH 7, 033156 (2025)

where (p,), is a distribution of relative quantities on neurons
such as topological measures (out- or in-degree distributions),
gene expression level of neurons, etc. (see Ref. [28] for the-
oretical details). It follows that the NEPg vectors x/¥ can
be interpreted as the pure B—KMS states of the connectome
at inverse temperature B, while mixed f—KMS states are
expressed via Eq. (4).

To get a physical intuition of the notions of pure and mixed
B-KMS states, think of the pure state x*!# as representing a
state of the system where all the information flow originates
from v, and the value x'¥ quantifies the probability that this
flow reaches u. In contrast, a mixed state x of Eq. (4) describes
a statistical ensemble where information flow may originate
from any neuron v with probability p,. In this case, the value
x, corresponds to the expected information flow received
by neuron u in this state under the probability distribution
(Pu)vev-

One can illustrate these states by representing the vector
x'# as a simple weighted directed star with source node v,
where for u # v, (v, u) is a directed edge of weight x!/# =
XP/ 3,2, X0P if x)/P > 0, thus obtaining a downstream
connectivity network of the neuron consisting of potential
functional connections, which we refer to as its emittance
network.

b. Structure-function divergence. How and to what degree
do the emittance networks of a neuron differ from its struc-
tural connectivity? To address this question, let us consider
the structural connectivity state of a neuron v as the dis-
tribution (k;), encoding the postsynaptic density of v; i.e.,
k! = A, /kJ™, where k" = Y A, is the number of chem-
ical and electrical outgoing connections from v. Then, using
Uhlmann’s transition probability between quantum states
[46,47], we define the structure-function divergence (SFD) of
aneuron v as

SFDQ%ﬁ):]:—(§:(M§3ﬁyﬁ)é (5)

Specifically, SFD measures how the two networks represent-
ing the NEPg diverge from the anatomical wiring of the
neuron in terms of both the number and intensity of their
respective connections.

Now SFD(v, 8) ~ 0 if and only if the two distributions
k” ~ x"# which would mean that when the system is in
the functional state x'/”, v can send signals only to its di-
rect neighbors at the same probabilities as in its structural
connectivity state. We refer to the value of 8 that minimizes
max, SFD(v, B) as the structural (inverse) temperature of the
connectome, denoted by f;.

¢. Functional temperatures. On the other hand, since ev-
ery B > . generates emittance networks and at values close
to B, these networks do not considerably differ from anatomy,
which 8 values should we consider functionally relevant? To
address this question, we examine the mean receptance at
inverse temperature 8, defined as the average probability for
a neuron to receive signals from the other neurons, and we
compare it to self-emittance.

Specifically, for a fixed neuron u, consider the mixed g—
KMS state x(u«, B) given by Eq. (4), where p = (p,) is the
uniform distribution on the neuron subset {v € V; v # u};
namely, p, =1/(N —1) for v#u, and p, =0. Then,

X(u, B) = 77 Y uz X", and the expected flow received by
u in this state is the value X(u, B), = 7 2,2, Xi#, which
precisely measures the average information flow received by u
from all other neurons. Now, the mean receptance is obtained
by taking the average (x(u, B),) = %Zu x(u, B), which is
given by

Zv Zu;év leﬁ
NN -1)

We then consider § as a functional inverse temperature if the
mean receptance is >0.5, meaning that at such a 8, neurons
receives more signals from the other neurons than from them-
selves through self-emittance.

(©)

C. Dependence on network topology

It is important to note that emittance networks result from
global measures of macroscopic systems consisting of (pos-
sibly infinitely) many pathways of various depths, but they
do not provide precise information about the extent to which
particular synaptic circuitries are relevant to the emergence of
these functional networks. More precisely, irrespective of its
value, the weight of a connection in the emittance network
does not, by itself, allow us to know whether the occurrence
of this connection is determined by the particular global topol-
ogy of the anatomical network; i.e., the physical wiring of the
connectome. For example, suppose that at a certain value of g
the neural emittance of v onto u coincides with an existing di-
rect anatomical link. How can we know whether this particular
physical wiring from v to u is essential for this emittance to
emerge at that value of 8?7 And more generally, how dependent
are the NEPy on the network topology? To address these ques-
tions, we systematically compare the weights in the emittance
networks of a given neuron to those that one would get if
the network topology was randomly perturbed. Specifically,
we measure the likelihood for a neural emittance obtained
at a fixed value of 8 to emerge with equal or larger weight
at the same inverse temperature if the synaptic network was
randomly rewired (see Methods). Based on their statistical
significance, one can then distinguish the emittance connec-
tions that are determined by the network topology (p < 0.05)
from those that are probably not. In a sense, the former rep-
resent the potential functional connections predicted by the
network structure of the connectome; we then refer to them
as purely topological functional connections (PTFCs) of the
neuron.

D. Purely topological functional connectomes from mixed states

Now note that mixed functional states given by Eq. (4) can
also be expressed as a matrix product via

X = [x"ﬂ]p, (7

where [x*#] is the N x N matrix whose columns are the
NEP; vectors x' and p = (p,), is a distribution over
neurons. Since each column of [x°*#] measures potential
functional connections from a neuron to the other neurons,
the whole matrix measures potential functional connections
between each pair of neurons in the connectome. Thus, a
mixed B—KMS state x encodes (1) the potential functional
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connections between each neuron pair at inverse temperature
B and (2) the expected value of the upstream functional con-
nectivity onto each neuron given the distribution p on the
neurons. It follows that for each 8 value, [x*#] is a connec-
tivity matrix encoding the substrates underlying all functional
states of the connectome.

Moreover, using the notion of PTFCs introduced in the
previous paragraph, we get a purely topological functional
connectivity matrix at inverse temperature 8 by restricting
[x*!#] to its statistically significant values. The resulting ma-
trix is the adjacency matrix of a weighted directed network
FP whose edges are the PTFCs at the given f value, and for
this reason we call it the purely topological functional con-
nectome at inverse temperature f. Specifically, F# represents
potential functional connections predicted by the topology of
the anatomical network.

E. Integration capacity

Let us now consider a particular mixed KMS state de-
fined as follows. Letting p in (7) be the uniform distribution
p, = 1/N on V, the resulting mixed state (x"/#) = 1 3" xI#
is the mean NEPg, and the probability of a neuron u to receive
signals in this state is the average neural S—emittance to u at
inverse.

The mixed state (x'#) encodes the average information
pathways upstream of every neuron [28], which might involve
feedback signal pathways. Thus, comparing two neurons
according to the weights of their incoming functional connec-
tions in this state can be biased if, for example, most incoming
paths to one neuron consist of feedback loops, while the other
one mostly receives pathways that do not communicate to
each other through cycles. To quantify the extent to which
a neuron u integrates independent pathways, we introduce
the following measure that we term as integration capacity
0 < IC < 1 atinverse temperature S:

1C,(8) = —— (N (x'F)
u - N _ 1 u
Specifically, it is the expected relative weight of all possible
PTFCs onto the neuron, excluding its neural self-emittance at
inverse temperature 8. A high IC value at a given B means a
high likelihood of receiving any information flowing through
the network, reflecting two topological features of the neuron:
(1) It is the target of a relatively large number of indepen-
dent flow pathways of certain lengths; in other words, a high
capacity for the neuron to integrate information flow coming
from many different neurons that do not belong to the same
cycles; in particular, the IC of a highly connected neuron
with nearly no closed paths will be close to 1, whereas an
equally connected neuron whose almost all incoming paths
are cycles will have an IC close to 0. (2) It has substantial
redundancies among its incoming pathways; thus, the neuron
is well situated in the connectome to receive inputs from
multiple neurons via a number of parallel pathways of certain
range.

In one sense, neurons whose IC is high at small tempera-
ture values but low at larger ones are structurally positioned to
mediate relatively short-range communications, making them
integrators [21], whereas those with high IC at higher tem-

_ X::lﬂ). (8)

peratures are global integrators capable of mediating multiple
long-range incoming communications.

II1. RESULTS

A. Emittance networks

To illustrate our model, in Figs. 1(b)-1(d), we represent
the emittance networks of the thermosensory neuron v =
AFDR at different values of 8, illustrating how they evolve
as the (inverse) temperature varies. We see that increasing
the temperature allows the emergence of long-range emittance
connections which are facilitated by large amounts of parallel
pathways of different lengths. Indeed, it is an immediate con-
sequence of formula (3) that parallel paths and redundancies
are critical to the emergence of strong neural emittances,
and the lengths of pathways and the degree of redundan-
cies that significantly contribute to their weights depend on
temperature. More precisely, lower temperatures (i.e., higher
values of f) favor parallel direct anatomical connections and
short paths, whereas higher temperatures enhance the contri-
butions of redundant long pathways of different lengths while
lessening the importance of direct anatomical connections in
the emittance weights. For example, AFDR has 13 synaptic
connections and 52 anatomical paths of length 2 onto the in-
terneuron AIYR, contributing greatly to the important weight
of its neural emittance onto the latter at low temperature
[Fig. 1(b)]. At higher temperature values, while the neural
emittance of AFRD — AIYR decreases, other connections
are established with neurons onto which AFDR can only be
connected through thousands or millions of parallel anatom-
ical paths of length >2. For instance, there are 117 paths of
length 2 and about 4 x 10° of lengths between 3 and 5 linking
AFDR to RIAR, contributing to the neural emittance onto this
neuron at 8 = 1.058, [Fig. 1(c)], with 8. = 4.2958. Similarly,
the neural emittance to the ventral cord motor neuron VA1l
that appears at B = 1.018, [Fig. 1(d)] is largely due to the
more than its 230 x 10° incoming paths of length >5 from
AFDR.

B. Structure versus function

a. Computing the SFD. We found that SFD(v, 8) ~ 0 at
B = 2.58. for each of the 280 neurons. Therefore, we have
Bs = 10.7394. In particular, going back to the example of
AFDR, its neural B,—emittance profile has approximately the
same values as its structural connectivity state. For instance,
the structural connection from AFDR to the motor neu-
ron RMDVR has weight kiR, = 0.037037, and its neural

emittance onto RMDVR at f; is xﬁ&%&,‘g‘ ~ (0.037032 (see
Table I), namely, the emittance network of AFDR at inverse
temperature fB; perfectly maps over its anatomical connectiv-
ity network.

b. Diversity in structure-function divergence. More gener-
ally, the SFD measure provides the ratio of nonoverlapping
links in both functional states. For instance, SFD(ASO0S, ) =
0.125 for B = 1.76. means that, at this inverse temperature,
the emittance network of the motor neuron ASO8 deviates
from anatomy by 12.5%.

Analyzing SFD variation of all C. elegans neurons with
respect to inverse temperature, we found that the emittance
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FIG. 1. Connectivity states of AFDR. Schematic visualizations of different types of connectivity states. AFDR: Structural connectivity
(gray arrows) and the emittance networks (green and purple arrows) obtained from neural 8-emittance profiles (NEP;) at different values of
inverse temperature 8 > ., where f, is the critical inverse temperature. (a) Structural connectivity of AFDR; the weights of the connections are
the components of the structural connectivity vector KAFPR (b) At B, = 2.58., the emittance network coincides with the structural connectivity
of AFDR. However, the connection to RMDVR (represented by the purple arrow) is not statistically significant (p ~ 0.2), and therefore
not a purely topological functional connection (PTFC). In other words, when the system is at this 8,—KMS state, AFDR can functionally
communicate only with its direct neighbors at the same probability distribution as its structural connectivity state. (c) At a relatively higher
temperature 1/8, long-range communications emerge (i.e., neurons that are not postsynaptic to AFDR, here positioned at the external
concentric circle) while the neuron maintains neural emittances onto its direct neighbors (neurons positioned at the internal circle), albeit
with lower intensity. (d) At a very high temperature 1/8 with g close to the critical value, more longer range connections emerge, while some
short-range ones are either no longer present or not statistically significant. In both (c) and (d) only the PTFCs (p < 0.05) are considered.
Greens are sensory neurons, yellows are interneurons, and pinks are motor neurons.

networks of some neurons, such as the motor neurons DD02,
AVAL/R, ASO04, remain close to their structural connec-

viate by ~9% and ASO8 deviates by 12.5% as mentioned
earlier.

tivity over long intervals, whereas those of other neurons,
such as ASOS8, the polymodal sensory neurons PVDL/R
and FLPL/R, and the interneurons LUAL /R, diverge rapidly
from structure after certain low-temperature values. For ex-
ample, at g = 7.30, AVAL and AVAR emittance networks
deviate from structure by only 1.3%, while PVDL/R de-

c. The C. elegans functional temperature interval. By com-
putation, we found that the mean receptance of C. elegans is
0.5 at B, = 1.078, and >0.5 on the interval I; = (B, ;). For
instance, Figs. 1(c) and 1(d) represent the emittance networks
of AFDR at two different functional inverse temperatures
(B =4.51 and B = 4.34, respectively).
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TABLE I. Neural emittances of AFDR and RMDVR at §;. Bold
text is used to highlight the two neurons AFDR and RMDVR as
discussed in the text.

v u kY xUlPs p value
ADFR 0.074074 0.074079 0.0006
ASHR 0.074074 0.074070 0.0002
URBR 0.037037 0.037031 0.0272
AIYR 0.481481 0.481441 0.0
ASEL 0.074074 0.074086 0.0

AFDR AFDL 0.074074 0.074073 0.0002
ASER 0.074074 0.074087 0.0004
AIBR 0.037037 0.037061 0.0472
AWCR 0.037037 0.037040 0.0046
RMDVR 0.037037 0.037032 0.1806
OLQVL 0.0625 0.062489 0.0002
SAADL 0.03125 0.031243 0.0066
SIBDR 0.03125 0.031244 0.0008
SMBDR 0.03125 0.031244 0.0094
SAAVR 0.03125 0.031247 0.0056
CEPDR 0.03125 0.031247 0.002
RMDVL 0.03125 0.031272 0.0258
ILIL 0.03125 0.031246 0.0016
RMDR 0.03125 0.031256 0.0114

RMDVR OLQDR 0.03125 0.031248 0.0018
RIAR 0.03125 0.031259 0.0416
IL1DR 0.0625 0.062498 0.0
RMDDL 0.125 0.125003 0.0
RMDDR 0.03125 0.031255 0.0192
SMDVR 0.03125 0.031251 0.0116
SIAVL 0.09375 0.093734 0.0
SIBVR 0.03125 0.031250 0.0034
URAVL 0.09375 0.093732 0.0
AFDR 0.03125 0.031243 0.0056

d. Purely topological functional connections. Analyzing
the emittance network of AFDR at the structural inverse tem-
perature f; shown in Fig. 1(b), we found that the emittance
onto RMDVR (purple arrow) is not statistically significant
(p ~ 0.2, see Table I), and therefore not a PTFC. On the other
hand, noting that the anatomical connection from AFDR to
RMDVR is defined by a gap junction, hence a reciprocal con-
nection, we investigate the structural connectivity of RMDVR
along with its emittance network (Table I) at inverse temper-
ature B to check whether there is any directional preference
on the functioning of this gap junction. Indeed, we found that
the neural emittance of RMDVR onto AFDR is a PTFC (p =
0.0056, see Table I). Note that (in)dependence of a neural
emittance connection on topology might vary with (inverse)
temperature change. For instance, a PTFC from AFDR to
RMDVR eventually emerges significantly (p = 0.015) at a
functional temperature 8y = 1.058, [Fig. 1(c)], albeit with
lower weight. This apparent discrepancy is a consequence
of the fact that the presence of a large volume of redundant
anatomical short paths between two neurons increases the
likelihood of these neurons to remain functionally connected
at low temperature if the system is randomly rewired, and at
higher temperature, redundant long-range pathways increase
the likelihood of the emittance networks to be less altered

PN URXR
DAO7
URXL
PDB
AS07 T, Ase2
\ [/ aver
\ DBO5
|
\ | ’
\ FLPL
Wy~ -
~RID
VA0S
' VBO6
ADLR
DBO3
As1i1 VD05 AS04

AS06
AWBL

AWBR VAO7

FIG. 2. Emittance network of RID. The pink arrows are connec-
tions that are not determined by the network topology, that is, the
particular anatomical wiring of the neuron postsynaptic connections,
and therefore not PTFCs. Green arrows are emittance connections
that are topology dependent, and therefore PTFCs. These connec-
tions coincide with the functional connections from RID to the
neuron classes URX and ADL identified by Randi et al. to be driven
by extrasynaptic signaling.

by structural rewiring. For instance, there are 1464 anatom-
ical paths of length <3 all connecting AFDR onto RMDVR,
while longer paths between these neurons rely heavily on the
existing autapses on RMDVR and other interconnecting neu-
rons such as AFDL, RIAR, IL1DR, etc., forming an infinite
number of feedback loops that are very likely destroyed after
random reconfiguration of the network.

C. Putative extrasynaptic signaling pathways

A biological implication of emittance connections that are
not PTFCs is that the involved neurons do not necessarily rely
on the fixed global anatomy to functionally interact with its
target neurons, and additional structural connections might be
needed for their functional connectivity to be predicted from
anatomy. This is consistent with results from multiple studies
that have demonstrated the presence of extrasynaptic signal-
ing between neurons [48-52]. To test this interpretation, we
investigated the PTFCs of the motor neuron and interneuron
RID, which was recently identified by Randi et al. [52] to
generate functional connections that were not predicted from
anatomy.

Specifically, we computed the NEPg of RID at a functional
inverse temperature By = 1.058. = 4.51, and its emittance
network is represented in Fig. 2. We found that the emittance
connections of RID onto ADLL/R and URXL/R are statis-
tically nonsignificant (p = 1), and its emittance connection
onto AWBL/R are very weak (<10~*) and statistically non-
significant with p = 1.

033156-6



BRAIN FUNCTIONS EMERGE AS THERMAL EQUILIBRIUM ...

PHYSICAL REVIEW RESEARCH 7, 033156 (2025)

TABLE II. Classification of neurons by IC.

Group 1

ADER, AS01, AS02, AQR, ALNR, ALMR, AS03, AS04, AS05, AS06, AS07, AS08, AS09, AS10, AS11, ASHR, AVAL,

AVAR, AVBR, AVBL, AVDL, AVDR, AVEL, AVER, AVG, AVHL, AVHR, AVJL, AVJR, AVKL, AVL, AVM, DA01, DA02,
DAO03, DA04, DAO5, DA06, DA07, DA08, DA09, DBO1, DB02, DB03, DB04, DB0S5, DB06, DB07, DD01, DD02, DDO03,
DDO04, DDO0S, DD06, DVA, DVB, DVC, FLPL, FLPR, LUAL, LUAR, PDA, PDB, PDEL, PDER, PHBL, PHCL, PHCR,
PLML, PLMR, PQR, PVCL, PVCR, PVDL, PVDR, PVM, PVNL, PVNR, PVPL, PVPR, PVR, PVT, PVWL, PVWR, RID,
RIMR, SAAVR, SABD, SABVL, SABVR, SDQL, SDQR, SIBDL, SIBVL, URYDL, URYDR, URYVL, URYVR, VAOI1,
VAO02, VA03, VAO4, VAO5, VA06, VAQ7, VA0S, VA09, VA10, VA11, VA12, VBO1, VB02, VB03, VB04, VBO0S5, VBO06,
VBO07, VB0S, VB09, VB10, VB11, VC01, VC06, VD01, VD02, VD03, VD04, VD05, VD06, VD07, VD08, VD09, VD10,

VD11, VD12, VD13

Group 2

ADLR, ADFR, ADFL, AFDL, AFDR, ADEL, ADLL, AIAL, AIAR, AIBL, AIBR, AIML, AIMR, AINL, AINR, AIYL,

AIYR, AIZL, AIZR, ALML, ALNL, ASEL, ASER, ASGL, ASGR, ASHL, ASIL, ASIR, ASJL, ASJR, ASKL, ASKR, AUAL,
AUAR, AWAL, AWAR, AWBL, AWBR, AWCL, AWCR, BAGL, BAGR, CEPDL, CEPDR, CEPVL, CEPVR, HSNL, ILIDL,
IL1DR, IL1L, IL1IR, IL1VL, IL1VR, IL2DL, IL2DR, IL2L, IL2R, IL2VL, IL2VR, OLLL, OLLR, OLQDL, OLQDR,
OLQVL, OLQVR, RIAL, RIAR, RIBL, RIBR, RICL, RICR, RIH, RIPL, RIPR, RIVL, RIVR, RMDDL, RMDDR, RMDL,
RMDR, RMDVL, RMDVR, RMED, RMEL, RMER, RMEV, RMGL, RMGR, RMHL, RMHR, SAADL, SAADR, SAAVL,
SIADL, SIADR, SIAVL, SIAVR, SIBDR, SMBDL, SMBDR, SMBVL, SMDDL, SMDDR, SMDVL, SMDVR, URADL,
URADR, URAVL, URAVR, URBL, URBR, URXL, URXR, VC02, VC03, VC04, VCO05

Group 3
Group 4

ADAR, ALA, AVFL, AVFR, AVKR, BDUL, BDUR, PHAL, PHAR, PHBR, RIGL, RIS, RMFL, RMFR, SIBVR, SMBVR

ADAL, HSNR, PLNL, PLNR, PVQL, PVQR, RIFL, RIFR, RIGR, RIML, RIR

On the other hand, considering an extrasynaptic chemical
signaling as an actual directed physical connection between
neurons, we separately added to the graph one edge from RID
to URXL and one edge from RID to ADLR. By recomputing
the NEPg of RID within the updated directed multigraphs, we
found that (see Ref. [39]) the new neural emittances from RID
to URXL and ADLR are PTFCs (p = 0.0082 and p = 0.0086,
respectively).

These observations theoretically support the results from
Ref. [52] that detected functional connections RID — ADLR
and RID — URXL that are not predicted by the anatomy and
that partly rely on chemical extrasynaptic transmissions.

D. Classifying neurons from IC

To investigate the functional properties of the IC, we
analyzed its variation with respect to temperature. We ob-
served four main neuron groups showing different integration
behaviors (see Table II for the complete classification)
schematically illustrated by Fig. 3 and characterized as
follows.

a. Group 1. For these neurons, IC increases indefinitely
with temperature, following an exponential law [Fig. 3(a)].
This group contains the touch receptor neurons ALMR, AVM,
PLML/R, and PVM [36,54], as well as all the neurons
known to be involved in the locomotion functional circuitry
[13,25,26], namely, the command interneuron classes AVA,
AVB, AVD, AVE, and PVC, and the motor neuron classes A,
B, and D.

b. Group 2. IC increases with temperature and saturates at
a maximum value within an inverse temperature interval I,
between 1.028, and 1.078, before dropping to zero around
the critical temperature [Fig. 3(b)]. This implies that redun-
dancy among upstream pathways of these neurons becomes
rare above certain path length. Cells belonging to this group

include the chemosensory [55] neuron classes ADL, ADF,
ASE, ASG, ASI, ASJ, ASK, AWA, AWB, and URX, as well
as all the neuron classes AIA, AIB, AFD, AWC, AlY, AlZ,

(a) Group 1 (b) Group 2

0.10 0.15 0.20 ) 0.10 0.15 0.20
Temperature 1/3 Temperature 1/

(C) Group 3 (d) Group 4

0.25 0.4

0.20 / 03
Ep2
o

0.1
0.05

0.0 ——

0.10 0.15 0.20
Temperature 1/

0.00

0.10 0.15 0.20
Temperature 1/

FIG. 3. Integration capacity (IC). Graphic representations of the
IC of all neurons as a function of temperature. The behavior of the
integration capacity function segregates the connectome into four
groups of neurons, each characterized by the global shapes of the
IC curves as represented by (a)—(d) respectively. The shaded area
shows the optimal temperature interval within which the IC function
reaches either a maximum for group 2 neurons or a near plateau for
groups 3 and 4.
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FIG. 4. Purely topological functional connectivity matrix. Representation of part of the adjacency matrix of the purely topological
functional connectome F# at 8 = 4.51. Neurons on the x axis are the ones with the largest in-degrees in F#, and on the y axis are those

with the highest out-degrees.

and RIA, which are known to mediate the worm’s thermotaxis
behavior [33,34,56,57].

c. Groups 3 and 4. For a small number of neurons includ-
ing ADAL/R, HSNR, PHAL/R, PHBR, etc., IC increases
until it reaches a near plateau within the same interval Iy =
[1.028., 1.078.], followed by an inflection point with a posi-
tive (group 3) or negative (group 4) slope, before rising again
around the critical temperature [Figs. 3(c) and 3(d)]. This
implies that for these neurons, redundancy fluctuates among
upstream pathways of above certain path length.

E. Asymmetrical integration

Some neuron classes show asymmetry in their integration
capacity. For instance, the touch receptor neuron ALMR is
in group 1 while its sister cell ALML belongs to group 2
(see Table II). The polymodal amphid sensory neuron class
ASH, which has been shown [35,58,59] to have a multisen-
sory integration function, has its right cell ASHR in group

1 and left cell ASHL in group 2. While PHAL and PHAR
are both in group 3, PHBL belongs to group 1 and its sister
cell PHBR is in group 3. This indicates that among the phas-
mid neuron classes PHA and PHB, which have been shown
[59,60] to belong to an antagonistic functional circuit that in-
tegrates sensory responses from the amphids ASH and ASK to
mediate chemorepulsion behavior, PHBR is structurally well
positioned to have greater long-range integration function.

IV. EXPERIMENTAL VALIDATION

A. PTFC reveal entrality of the locomotory circuit

We investigated F” at the functional By =4.51 (see
Ref. [39] for the edge list) and found that it reveals connec-
tivity patterns that coincide with circuitries that have been
reported by researchers to be the functional substrates of well-
studied C. elegans complex behaviors such as locomotion and
touch-induced movement [13,36], indicating that our network
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Neurons

© sensory
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FIG. 5. Purely topological functional network. Schematic of the
purely topological functional connectome F# of C. elegans at a
functional inverse temperature value 8, = 4.41. It represents only
11.68% of the whole directed weighted network defined by the ma-
trix [x*#] whose column vectors are the neural S-emittance profiles
of all neurons. Neurons are positioned according to their spatial
coordinates [53].

model provides a theoretical basis for understanding the func-
tional organization of a nervous system.

Indeed, F#, whose adjacency matrix is partly represented
in Fig. 4, has 8932 weighted directed edges, compared to the
network C formed by the structural connectivity of all neu-
rons, which has 4927 weighted directed edges (see Ref. [39]).
It represents 11.68% of all the potential functional connec-
tions given by the adjacency matrix [x*#], implying that only
about 12% of all neural f—emittance connections are PTFCs.
This network is schematically represented in Fig. 5.

We observed a substantial topological discordance between
FP and K. For instance, the motor neuron classes AS, VA,
DA, VB, and DB have the highest in-degree centrality F,
with AS08, DA06, AS07, DAO7, VA0S, DB05, VA10, DB06,
AS09, and VA1l being the ten most central neurons in terms
of incoming connections, and specifically AS08, which is
ranked 278 in the anatomical network (see Table III), receiv-
ing 219 PTFCs. Notably, none of these neurons is among the
most in-connected in the structural connectome (k™ = 2 for
ASO08 and 7 for DA06) which has the command interneu-
ron classes AVA, AVB, AVE, AVD, and PVC receiving the
highest numbers of incoming connections. Moreover, VA0S
has the highest weighted in-degree w™ followed by DAO6,
and DBO5 has the largest weighted out-degree w°", while
they are poorly connected anatomically. Additionally, some
of these neurons are highly ranked in terms of out-degree and
weighted out-degree (see Table III). Specifically, DAO7 has
the second largest number of outgoing connections (k®" =
64), compared to its three anatomical weighted connections,
VBO07 has out-degree rank 6 and weighted out-degree rank 7,
and DBOS5 has out-degree rank 9 and weighted out-degree rank
1. Interestingly, PVCL and PVCR are the most functionally
in- and out-connected among the command interneurons—
most of whom have their anatomical status downgraded in the
pure functional connectome. Indeed, on the one hand, AVAL,
AVAR, PVCL, and PVCR have their respective structural
weighted in-degree ranks almost maintained in F#, while

TABLE III. Degree and weighted degree centrality. Ranking of
neurons with respect to the in- and out-degree (k" and k°") and the
weighted in- and out-degree (w™ and w°") of the pure functional
connectome F# and the weighted structural network KC.

In-degree ranking Out-degree ranking

FB K FP K
Neuron A w™ & w™ Neuron A% wo [oU o
AS08 1 10 278 278 PLML 1 259 272 158
DAO06 2 2 248 248 DAO7 2 273 274 146
AS07 3 6 269 270 PVCR 3 113 5 163
DAO7 4 44 256 275 SIBDR 4 52 248 74
VAO08 5 1 193 115 PVCL 5 185 4 115
DBO05 6 72 236 274 VBO7 6 7 261 200
VA10 7 30 257 259 SABVL 7 197 269 198
DBO06 8 32 249 273 SIBDL 8 266 224 209
AS09 9 15 270 256 DBO05 9 1 276 150
VA1l 10 8 183 179 SIBVL 10 137 176 208
DA0O4 11 11 142 202 AS08 11 183 279 143
VAO06 12 21 181 217 DBO06 12 228 275 147
AS06 13 94 223 255 ASI10 13 196 253 83
ASO05 14 87 208 257 SIAVR 14 216 250 187
DAO5 15 16 92 134 VAIO 15 231 255 196
VAO7 16 85 222 216 SIADR 16 136 178 31
AS04 17 178 235 272 SIBVR 17 138 181 57
AS10 18 105 179 234 VDIl 18 257 244 109
VA0S 19 35 154 162 VD05 19 84 217 216
VA09 20 24 182 164 AVAR 20 18 1 268

DAOS 21 9 82 85
AS02 22 147 207 254
DA0O3 23 23 98 143

AVAL 21 2 2 114
SABVR 22 34 268 108
ALA 2317 179 55
VB0O6 24 173 226 263 AS09 24 88 273 144
VA04 25 79 156 168 DBO7 25 112 201 191
VB09 26 38 211 181 PVR 26 246 8 117
AS03 27 130 192 253 ALMR 27 247 183 121
ASO1 28 101 178 243 SABD 28 33 259 195
LUAR 29 84 170 204 AVBR 29 4 6 26
VAO3 30 62 153 136 DVA 30 129 3 278
SABVR 31 144 210 242 VC04 31 169 245 203
PVCL 32 5 8 & VD08 32 93 271 156
vD08 33 109 273 123 VD06 33 175 238 82
DA0O2 34 76 66 118 ASO7 34 3267 190
VBI11 35 127 194 245 DAO6 35 20 254 111
VBO07 36 194 227 262 AVBL 36 189 7 13
SABVL 37 97 184 214 SIADL 37 51 235 212
DAO1 38 57 155 62 PVWL 38 254 222 86
VB10 39 177 239 209 AVDR 39 5 9 7
PHCR 40 185 212 231 PVNR 40 269 11 101
AS11 41 74 74 147 VDIO 41 256 262 153

PVCR 42 7 9 6 AVDL 42 19 18 164
AVAR 43 4 2 2 DVC 43 58 29 51
AVAL 44 3 1 1 BDUL 44 16 173 29

their weighted out-degree ranks are not, and on the other,
PVCL and PVCR have their high structural out-degree ranks
almost maintained in F# while their weighted out-degree
ranks are not.

Overall, as Fig. 4 shows, the command interneurons have
higher weighted degrees than the motor A and B cell types,
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albeit with lesser connections. Thus, both groups constitute
the most central neurons of the pure functional connectome.
In other words, the ventral cord motor neuron classes AS,
A, and B are well positioned to be the target of the highest
number and most uniform information flow pathways within
the connectome, and the command interneuron classes AVA,
AVB, AVD, AVE, and PVC send and receive the most intense
flows. This theoretical result is consistent with experimental
studies that have described the central role played by these
neurons in locomotion [13,25,36], which is the core of all C.
elegans functions and behaviors [37,61].

B. Mechanoreceptor neurons have higher functional out-degree

Additionally, we found that the posterior mechanoreceptor
neuron [54] PLML is the most central in number of outgoing
connections in F# (k"' = 66), and the anterior mechanore-
ceptor ALMR is among the 30 most out-connected with
k°" =54 in FP (ranked 27 in Table III). By comparison,
both neurons have very low out-degrees of, respectively, 4 and
12 and low ranks of 272 and 183 in the structural network
IC, and both neurons have low ranks in terms of weighted
out-degree (259 and 247, respectively). More generally, many
mechanoreceptor neurons [35,54,62], including ALA, ASHR,
AVM, DVA, FLPL/R, OLQVL, etc., are among the most
out-connected in F¥.

C. IC predicts response of AIY in AFD- or
AWC-ablated animals

As a direct application of the IC measure, we theoretically
reproduced an experimental study by Kano et al. [63] that has
shown that the thermosensory neuron class AWC regulates the
information processing in the AFD-AWC-ALIY circuit [34,56],
which is part of the functional circuit mediating the C. ele-
gans’ thermotaxis’ behavior [33,57].

Specifically, we study the IC variation of AIYL and AIYR
within the connectome of a wild-type (WT) animal and within
that of an x-ablated animal, where x is either one or both of the
neurons in the AFD or AWC class. We shall emphasize that
in Ref. [63], the authors could not investigate the individual
neurons AFDL, AFDR, AWCL, AWCR, AIYL, and AIYR
separately, but only considered the corresponding neuron
classes. Here, our framework being based on individual neu-
rons, we can theoretically evaluate the extent to which the
removal of each individual cell impacts information flow and
integration capacity of the others. Indeed, to theoretically
represent the ablation of a neuron, we removed from the
graph all the anatomical connections going in and out of
it, an approach that allows us to keep the same dimension
for the resulting connectivity state vectors. We then investi-
gated the IC of AIYL and AIYR before and after ablation
by comparing their variations using a Kolmogorov-Smirnov
statistical test. Results of this analysis are graphically pre-
sented in Fig. 7, summarized by Fig. 6, and detailed as
follows:

(1) In wild-type animal connectome, there is an IC asym-
metry between AIYL and AIYR; namely, the KS test shows
that the IC of AIYR is significantly higher than that of AIYL

(p=107%).

2N

1

FIG. 6. Asymmetric regulation of ALY integration by AFD and
AWC. The sensory neurons AFDL and AWCL only regulate the in-
tegration capacity of the left AIY (AIYL), and AWCR only regulates
the right ATY. However, AWCR regulates the integration capacity of
both left and right ATY.

5P

(2) In AFDL- or AWCL-ablated animal connectome
[Figs. 7(a) and 7(d), the IC of AIYL significantly decreases
(p < 107, while the IC of AIYR remains the same as for
wild-type connectome (p >~ 0.93).

(3) Ablation of AFDR [Fig. 7(b)] significantly decreases
the IC of AIYR (p = 3.1072) but does not affect AIYL (p =
0.2), and ablation of AWCR [Fig. 7(e)] significantly decreases
the IC of both AIYL (p = 10~7) and AIYR (p = 10~'2) while
significantly reducing the IC asymmetry between AIYL and
AIYR (p = 0.002).

(4) In the connectome of animals with both AFDL and
AFDR ablated [Fig. 7(c)], the IC significantly decreases
in AIYL (p =2.107'%) and AIYR (p = 8.1072*), and both
AIYL and AIYR have the same IC (p = 0.12).

(5) Ablation of both AWCL and AWCR [Fig. 7(f)] not
only significantly decreases the IC of both AIYL (p = 1072%)
and AIYR (p = 7.1071%) but also increases the IC asymmetry
between AIYR and AIYL (p = 3.107'3).

It follows that our results not only mathematically predict
the experimental observations of Ref. [63] but also demon-
strate that it is mostly AWCR that is responsible for regulating
information processing in the AFD-AWC-AIY circuit.

V. DISCUSSION

In summary, the concept neural emittance profiles for di-
rected networks introduced in this work captures the relative
contributions of structural connectivity to the emergence of
function, thereby offering a rigorous mathematical foundation
for formalizing and understanding the structure-function re-
lationship in neuroscience. More precisely, we have shown
that at inverse temperatures  above the critical value g,
each neuron generates particular functional states—the pure
B—KMS states—that produce the emittance networks whose
edge weights encode potential functional connectivity through
infinite flow pathways. We addressed the important question
of how these networks differ from anatomy by introducing the
SFD measure, showing that for certain neurons the emittance
networks closely align with their structural wiring, while for
others they deviate significantly from their anatomical con-
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FIG. 7. Change of the IC of AIY. Comparison of the IC variation of AIYL and AIYR between the connectome of wild-type (WT) animals
and the connectome of animals in which either one or both neurons in the AFD or AWC class are ablated. Continuous lines represent WT,
and dashed lines represent IC when an individual neuron or a neuron class is ablated. Comparison is made using the two-sample Kolmogorov-
Smirnov statistical test. In WT, AIYL and AIYR are asymmetrical in terms of their IC, with AIYR’s IC significantly higher than that of
AIYL (p = 1078). (a) The IC is compared between WT and ADFL ablated: Only ATYL has its IC significantly impacted (decreased). (b) WT
compared to AFDR ablated: only AIYR has IC impacted. (c) WT compared to both ADFL and AFDR ablated: Both AIYL and AIYR have
lower IC while their IC asymmetry is eliminated. (d) WT compared to AWCL-ablated: only AIYL’s IC decreases. (¢) WT compared to
AWCR-ablated: Both AIYL and AIYR have lower IC and their asymmetry is significantly reduced. (f) WT compared to both AWCL and
AWCR ablated: Both AIYL and AI'YR have lower IC, while the IC asymmetry significantly increases.

figurations. These divergent behaviors likely confer distinct
anatomo-functional properties on neurons.

From the interconnectivity matrices [x*'#] formed by the
pure functional states, we extracted the directed weighted
networks F#—the pure functional connectomes—consisting
of all the neural emittances that are PTFCs; i.e., deter-
mined by the network topology of the structural connec-
tome. In particular, at a functional inverse temperature
Br = 4.51, FP represents only about 12% of all possible
neural emittances. Extrapolating this result to undirected
graphs, this connectivity density would account for approxi-
mately 24% of functional connections, which is surprisingly
consistent with functional connectivity thresholding in neu-
roimaging studies in humans and animals published in the
literature [64].

Promising engineering techniques have recently been de-
veloped for emulating synaptic plasticity and exploring the
structure-function relationships [65,66]. These observational
approaches involve inserting synthetic synapses into in vivo
neural circuits and investigating how the added connections
interact with brain functional properties and modify animal
behavior. However, these synaptic manipulations are per-

formed under plasticity hypotheses linking local structural
modifications to changes in global information flow and be-
havioral adaptation [67]. Moreover, while (3) shows that
adding a direct connection from neuron u to v strengthens
the neural emittance of u to v, we observed that struc-
tural connections do not necessarily underlie PTFCs and,
conversely, PTFCs do not always align with structural connec-
tions. This implies that not all insertions of synthetic synapses
are likely to generate functional connections. Therefore, al-
though synaptic plasticity was not the focus of this work, our
framework can guide the identification of changes in neuronal
structural interconnectivities that lead to functional network
reconfigurations, offering a practical atlas of relevant neuron
pairs for more efficient synaptic engineering.

On the other hand, experimental research in C. elegans
has identified functional interactions among neurons that
differ from predictions based on anatomical information
flow pathways, with evidence showing that extrasynap-
tic transmission contributes to these differences [52]. This
indicates that direct connections via extracellular neurotrans-
mitters [50] dynamically and selectively add to the original
graph, altering its computational and functional properties by
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establishing new functional connections. This property can be
simulated by extracting from the connectivity matrix [x*#]
neural emittance connections that (i) are not mapped to ex-
isting structural connections and (ii) do not belong to the
pure functional connectome F#. New direct edges represent-
ing virtual extrasynaptic connections are then added between
the corresponding neuron pairs to investigate their impact on
the pure functional connectome. Indeed, performing such a
simulation on RID revealed the emergence of new PTFCs that
correspond with the extrasynaptic signaling-based functional
connectivity identified by Randi et al. [52].

This approach not only describes how network computa-
tion and the functional properties of the nervous system are
modified by dynamic extrasynaptic interactions but also rig-
orously demonstrates that the physical synaptic connectome
does not completely determine function. Further simula-
tions using the neuropeptidergic connectome data published
by Ripoll-Sanchez et al. [51] could provide additional in-
sights into how extracellular connectivity influences the
C. elegans pure functional connectome. Additionally, extend-
ing our framework to complex systems with higher order
interactions and multilayer networks [68,69] could enable the
analysis of the emittance networks generated by neuronal as-
semblies and to investigate the intricate relationship between
the wired synaptic circuitry and the wireless connectomes
such as the one defined by the neuropeptidergic signaling.

Furthermore, our results from the integration capacity anal-
ysis and simulations of individual cell ablation within the
thermotaxis neuronal circuit theoretically explain the in vivo
studies of Kano ef al. [63] and reveal the functional asymme-
try of the thermosensory neuron class AWC, which regulates
information processing in the AFD-AWC-AIY subcircuit as
well as the interneuron class AIY, paving the way for further
investigations into the functional differences among neurons
of the same class and how the activity of one neuron influences
another.

Finally, although we used the C. elegans connectome to
illustrate our work, the formalism developed here is broad
and can be applied to general directed complex networks to
understand their functional properties.

VI. MATERIALS AND METHODS

a. The C. elegans somatic connectome. We have merged
two datasets of the somatic connectome of the hermaphrodite
worm C. elegans that are publicly available on the
WormAtlas [38]: the first dataset, Data 1, is from
Varshney et al. [26], and the second one, Data 2, is from the
recently published serial electron microscopy reconstructions
by Cook et al. [14]. Specifically, we have kept all synaptic
connections from Data 1 (279 connected neurons and 8171
chemical and electrical synapses), to which we have added all
synaptic connections in Data 2 that were not originally in Data
1 (3900 additional connections). The resulting connectome
consists of 280 connected neurons and 12 071 synaptic con-
nections. Note that in the old version (Data 1), VC06 had no
connections, while it is connected in the revised connectome.

b. Computing the structure-function divergence and the
mean total receptance. To calculate SFD(v, 8) for a neuron
from Eq. (5), we excluded self-loops by using the connectivity
distribution k? instead of k?, where k? = 0 and for u # v,
k! = k;/zw#kfv if k! > 0.

c. Statistical significance of neural emittance. In order
to know the extent to which a given neural S—emittance is
statistically significant, we used a bootstrapping technique
consisting of generating 5000 random directed graphs with
the same degree sequence as the graph G representing the
connectome, and computing the neural emittance of the same
neuron in each generated graph at the same inverse tempera-
ture B. The neural emittance is then statistically significant if
it occurs with the same or larger value in less than 5% of the
time (p < 0.05).
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