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Abstract 

Background  Nervous systems are complex biological networks with largely unknown structural and functional 
characteristics. Motif analysis is a robust tool that can reveal the unique aspects of connectivity in a complex network. 
An ideal candidate for motif analysis is the connectome of the nematode Caenorhabditis elegans, which is the first fully 
reconstructed nervous system.

Results  We performed, for the first time, edge polarity-based signed motif analysis on the C. elegans connectome 
using recent data on the connection signs of this network and a novel structure-preserving randomization method. 
We identified 56 significantly over- and 1 underrepresented three-node signed motifs and revealed that certain motifs 
(e.g., positive feedforward, negative feedback, disinhibitory feedback, and incoherent feedforward loops) are over-
abundant in the C. elegans connectome. We further distinguished nodes by their corresponding neuron modalities 
(e.g., sensory vs. motor neurons), and found that each significant feedforward and feedback loop has a characteristic 
neuronal layout.

Conclusions  Our findings demonstrate the importance and potential of signed motif analysis in understanding 
biological networks. The motif enumeration tool and definition system we developed can be used to analyze signed 
motifs in other complex networks.

Keywords  Connectome, Feedforward excitation, Feedback inhibition, Feedback disinhibition, Incoherent 
feedforward loop, Biological switches, Topology-preserving randomization

Background
Nervous systems are complex biological networks that 
generate behavior through neural activity mediated by 
synaptic connectivity. Biological networks share com-
mon global (e.g., small-worldness, cost-efficient wiring) 

and local (e.g., clustering, modularization) properties 
that allow optimal information processing [1–4]. Impor-
tantly, detailed structural characteristics can be revealed 
by investigating a network’s composition from smaller 
building blocks, called motifs (Fig.  1A). Motifs are fre-
quently occurring subgraphs that correspond to differ-
ent biological functions [3]. A subgraph is a graph whose 
nodes and edges are subsets of another graph, with 
two main types: induced and partial [5]. A subgraph is 
induced when it consists of a subset of nodes from a net-
work and all the edges that connect them. On the other 
hand, partial subgraphs contain only some of the edges 
connecting the chosen nodes (Fig. 1B). The classical con-
cept is that if a specific subgraph occurs in a network 
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Fig. 1  Overview of motif definitions. A Three-node motif structures with directed edges. B Induced and partial motifs. Partial motifs are subgraphs 
of their corresponding induced motif. For example, the induced motif E contains five different partial motifs. A similar concept is discussed 
in McDonnell et al. (2014) and Sporns & Kötter (2004). C Definition of signed motifs by coloring the edges (of motif G in the example). An edge can 
be either excitatory or inhibitory
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more frequently than expected, that subgraph might play 
a crucial role in the network; hence, it is called a motif. 
Motifs have been examined in a variety of real-world and, 
more importantly, brain networks [3, 4, 6]. Like the net-
works themselves, motifs are characterized primarily by 
their nodes and edges.

Particularly in brain networks, edges can be labeled 
(colored) by the polarity of the connection they rep-
resent, i.e., excitatory or inhibitory (Fig.  1C). This is 
important, as structurally identical motifs with different 
polarity patterns can have completely different biological 
functions. However, edge polarity-labeled (i.e., signed) 
motif analysis is rarely performed on neuronal networks, 
since large-scale polarity data are lacking in most species.

Even though there are now multiple known connec-
tomes [7, 8], the neuronal network of the nematode 
Caenorhabditis elegans was the first completely recon-
structed cell-level representation of a living organ-
ism’s nervous system [9, 10], consisting of 302 neurons 
and ~ 5000 connections in a hermaphrodite. In previous 
work on truncated and partial worm connectomes, some 
three- and four-node network motifs were found to be 
overrepresented [3, 10–14]. At the same time, changes in 
motif occurrences during the animal’s development have 
also been observed [13]. Motif analysis has revealed the 
backbone structure of the connectome [15]. Some further 
functional analyses have been reported in recent studies, 
which have colored the nodes by neuronal function and 
neurotransmitter expression or labeled the edges by syn-
apse type [16–18].

In a recent work, we published a comprehensive dataset 
of synaptic polarities for the C. elegans chemical synapse 
connectome [19]. Using presynaptic neurotransmitter 
and postsynaptic receptor expression data, we predicted 
the polarities (excitatory, inhibitory, or complex) of more 
than 15,000 chemical synapses.

In this study, we analyzed the distribution of signed 
motifs in the C. elegans connectome using previously 
published connectome-scale synaptic polarity data. We 
developed a novel method and a computational tool for 
signed motif analysis and applied them to the edge polar-
ity-based signed chemical synapse neuronal network of 
C. elegans. We carried out structure-preserving network 
randomization to generate null models for motif analysis. 
We showed that some signed three-node motifs (most 
notably, negative feedback and positive feedforward 
loops) are significantly overrepresented in the chemi-
cal synapse subnetwork of the C. elegans connectome. 
To assess robustness, we performed sensitivity analy-
ses to evaluate the effect of connections with unknown 
or potentially falsely predicted polarities. 75–80% of 
the motifs that were found to be overrepresented in the 
network were robust during these validity tests, while 

the only notable motif lost during this was the coherent 
positive feedforward loop. Our study identified multiple 
statistically overrepresented polarized motifs without 
a known function in the C. elegans connectome, whose 
biological relevance remains to be determined experi-
mentally in future studies.

Methods
Description of the C. elegans connectome data
The WormWiring connectome reconstruction (http://​
wormw​iring.​org) of the adult hermaphrodite worm 
comprises 3638 chemical connections (20,589 synapses) 
among 297 neurons (CANL, CANR, PLML, PLMR, and 
M5 neurons are not connected by chemical connections 
and were therefore excluded from the analysis). We used 
the previously published signed neuronal network, in 
which synaptic signs were predicted from cellular-level 
data on neurotransmitter and receptor expression [19]. 
In the original work, synapses were predicted to be excit-
atory  or  inhibitory  when only cation- or anion-channel 
receptor genes matched the presynaptic neurotransmit-
ter, respectively. Synapses were labeled as complex if both 
types of receptor genes were expressed on the postsyn-
aptic cell. Finally, the synapse remained unpredictable  if 
no receptor gene matched the presynaptic neurotrans-
mitter. In the present work, complex synapses were rela-
beled as excitatory, inhibitory, or unknown, based on the 
ratio of anion- and cation-gated postsynaptic receptor 
expression of the given neurotransmitter (e.g., connec-
tions that had excitatory > inhibitory postsynaptic recep-
tors were defined as excitatory) to reduce combinatorial 
complexity, similarly to a method used previously [20]. 
If the number of excitatory and inhibitory receptors was 
the same, the synapses were relabeled as being unknown. 
Hence, in this work, a network edge was colored with one 
of three labels (Additional file  1). We extracted neuron 
modalities (i.e., sensory, inter, motor, or polymodal) from 
Wormatlas (http://​worma​tlas.​org). Neurons with more 
than one functional modality (e.g., inter- and motor) 
were labeled polymodal.

Definition and identification of signed three‑node motifs
A definition system for directed, edge-colored motifs 
with three nodes was established. Edges were signed 
as excitatory, inhibitory, or unknown, resulting in 710 
motifs (Additional file  2). Rotational and reflectional 
symmetries were considered as the same motif. Motif 
search was performed using a custom-developed algo-
rithm [21] that seeks induced subgraphs, identifies all 
three-node, edge-colored motifs in the target network, 
and categorizes them as one of the 710 motif types. Motif 
counts and exact motif locations are described in Addi-
tional file 3. The results of the induced subgraph analysis 

http://wormwiring.org
http://wormwiring.org
http://wormatlas.org
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are presented in Additional file  4. Our algorithm was 
further used to convert induced motif counts to partial 
motif counts (Additional file 5).

For further analysis of feedforward and feedback loops, 
we assigned a modality to each neuron based on the data 
available (http://​worma​tlas.​org). If a neuron exhibited 
multiple different modalities (i.e., can be both a sensory 
neuron and an interneuron), it was labeled “Polymodal”. 
To reduce the number of modality layouts, if a motif 
contained at least one polymodal neuron (i.e., a neuron 
without a specific modality), it was labeled “P” without 
further differentiation.

Randomization methods and statistical analysis 
of three‑node motifs
Although the conceptual framework of motif analy-
sis and null model generation in non-signed neuronal 
and non-neuronal networks is well established [3, 10, 
22], the approach to edge-colored (signed) motif analy-
sis is less straightforward. Therefore, we developed a 
conceptual framework for our study. The hypothesis of 
our null model was that synaptic polarity is distributed 

independently of the connectome’s structural wiring. 
To establish this biologically meaningful null model, we 
decided to keep the network wiring (i.e., physical struc-
ture) of the connectome constant, and to perturbate edge 
polarities indirectly via randomizing neurotransmitter 
expression (a main determinant of synaptic polarity [19]) 
of all neurons and then re-deriving synaptic polarities 
from the randomized neurotransmitter-receptor pair-
ings (Fig.  2A). This approach preserved (i) the network 
topology, (ii) the relative abundance of each neuro-
transmitter across the network, and (iii) the postsynap-
tic receptor-expression profiles. This logic is consistent 
with the standard framework for null models in network 
neuroscience, in which specific architectural proper-
ties are selectively preserved while others are systemati-
cally randomized [22]. It is also the logic of colored motif 
analysis, in which the null is constructed so that node 
or edge labels are independent of topology, and rejec-
tion of the null indicates that the labels and the topol-
ogy are organized non-independently [23]. Notably, this 
method yields a varying ratio of excitatory to inhibitory 
connections in random networks compared with the 

Fig. 2  Neurotransmitter- and edge polarity-shuffling randomization methods. A Neurotransmitter-shuffling randomization. In this method, 
the neuronal neurotransmitter expression patterns were randomized. Because receptor expression patterns were kept constant, the resulting 
networks differed in the numbers of excitatory, inhibitory, and unknown edges. B Edge polarity-shuffling randomization. In this method, excitatory, 
inhibitory, and unknown synapses were randomly assigned across the network. This resulted in a null model that preserved the original network’s 
excitatory-to-inhibitory ratio. The red and blue arrows represent excitatory and inhibitory synapses, respectively, while black arrows stand 
for connections with unknown polarity

http://wormatlas.org
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original connectome (Fig.  3). Nevertheless, compared 
with simpler randomization methods (such as shuffling 
edge polarities directly—also reported in this study, see 
“alternative randomization”), this method yields random 
networks with biologically plausible underlying patterns 
of neurotransmitter ratio and receptor expression. Since 
the connectome’s structural hardwiring was preserved, 
absolute motif counts could be used for analysis. A total 
of 1000 random networks were generated and used as a 
null model (Additional file 1).

Even though our randomization method follows the 
biological nature of the connectome, randomizing neu-
rotransmitter expression increased the number of con-
nections with unknown polarity due to potential receptor 
mismatches. Moreover, the network’s excitatory-to-
inhibitory ratio varied widely across the randomized 
networks. To address this, we generated an alternative 
null model by simply randomizing the edge polarities (a 
widely used standard in network analysis) (Fig. 2B, Addi-
tional file 6). This resulted in 1000 random networks with 
the same number of excitatory and inhibitory connec-
tions as the connectome. However, this results in greater 
variability among the null-model networks, since (con-
trary to the primary randomization method) neurons 
expressing only anion- or cation-gated receptor channels 
can receive synaptic input of the opposite polarity than 
their receptor pattern suggests.

In the formal analysis, we tested an alternative hypoth-
esis where a colored motif in the C. elegans neuronal net-
work is significantly over- or underrepresented compared 
with the null model, as established previously [18]. As an 
established method to assess the statistical significance of 
individual motifs [3, 24], for each motif, the Z-score was 
calculated using the following formula:

where fconn is the frequency of the motif in the connec-
tome, frand is the average frequency of the motif in the 
random networks, and std(frand) represents the standard 
deviation of the motif ’s occurrence in random networks.

After calculating p-values from the Z-scores, we per-
formed false discovery rate correction using the Ben-
jamini–Hochberg procedure. Motifs with a corrected 
p-value under 0.05 were considered significantly over- or 
underrepresented (95% confidence interval, alpha = 0.05).

Analysis of two‑node motifs
For two-node motifs, we colored the edges by synaptic 
polarity and the nodes by neuronal modality. The list of 
neuronal modalities is provided in Additional file  7. All 
nodes were labeled using one of the four possible neuron 
modalities (“sensory neuron,” “interneuron,” “motor neu-
ron,” or “polymodal neuron”) based on their role in the 
connectome (http://​worma​tlas.​org). Partial and induced 
motif analyses were performed as described for three-
node motifs, using the same null model for statistical 
analysis. Results are presented in Additional file  8. All 
tools used are available at [21].

Validation
We performed two sensitivity analyses to assess the 
impact of our major limitations on the study results. In 
the first analysis, we eliminated unknown connections 
by randomly assigning them an excitatory or inhibitory 
polarity while maintaining the excitatory/inhibitory ratio 
of the network. Using this approach, we generated 1,000 
networks that we used as a new null model to exam-
ine changes in both induced and partial motif occur-
rences relative to the original network (Additional file 9). 
Because this method necessarily increases the number of 
motifs without an unknown edge, we used motif ratios 
rather than absolute counts for statistical analysis.

In the second analysis, we aimed to evaluate the effect 
of using predicted polarities that may be inaccurate. 
To address this, we randomly changed the polarity of 
edges in the connectome at a 10% noise level. Using 
this method, we generated 1000 networks for induced 
and partial motif enumeration and then statistically 

Z =

fconn − frand

std frand

Fig. 3  Distribution of different edge polarities among the connectome 
(crosses) and the generated 1000 random networks (violin plots). Random 
networks were generated by randomizing the neurotransmitter expression 
of neurons in the connectome; therefore, only edge polarities changed, 
and the numbers of edges and nodes remained the same

http://wormatlas.org
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compared motif counts with those of the connectome 
(Additional file 10). In both analyses, Z-scores were cal-
culated, and the Benjamini–Hochberg procedure was 
applied to control the false discovery rate.

Software
The motif search algorithm was developed in Python 
(3.10.11). Randomization of the network and polar-
ity prediction was performed in R (4.2.2). Statistical 
tests were performed in R (4.2.2) and Microsoft Excel 
(16.84). All the scripts are available at public reposito-
ries [21].

Results
Induced subgraph analysis
The chemical synapse connectome of C. elegans con-
sists of 3638 connections, of which 1555, 553, and 1530 
were labeled excitatory, inhibitory, or unknown, respec-
tively, based on our previous work [19]. The process is 
described in the Methods section (Additional file  1). In 
this network, we identified 64,962 individual three-node 
subgraphs (Additional file 3). Their wiring structure and 
edge labeling categorized these subgraphs into one of 
710 unique motif types (Additional file 2). To establish a 
null model, we generated a set of 1000 networks by rand-
omizing the neurotransmitter expression of the neurons. 
This resulted in a varying ratio of excitatory and inhibi-
tory connections among the random networks (Fig.  3), 
but the total number and structure of edges remained the 
same across all networks. In the randomized networks, 
the number of unknown connections increased due to 
shuffled neurotransmitter expression among neurons. 
This disruption causes some postsynaptic cells to receive 
insufficient input from presynaptic partners. Since more 
neurons have cation-channel receptors for exactly one 
neurotransmitter than neurons with anion-channel 
receptors for one neurotransmitter, this mismatch is 
more likely to affect excitatory synapses. Therefore, this 
set of random networks had, on average, fewer excitatory 
connections and more unknown connections than did 
the original C. elegans connectome (Fig. 3). We counted 
the occurrences of these motifs in the connectome 
(Additional file 3) and in a set of random networks, and 
calculated Z-scores for each motif to determine over- or 
underrepresentation (Additional file 4). We identified 38 
over- and 9 underrepresented motifs. Six motifs were 
absent both in the C. elegans connectome and in the null 
model; thus, no Z-score was calculated. A total of 184 
motifs were only absent from the connectome. We found 
that 23 of the overrepresented motifs and 1 of the under-
represented motifs had no unknown edges (Fig. 4).

Partial subgraph analysis
Since smaller motifs can be embedded within more com-
plex structures, partial subgraph analysis can provide a 
deeper, more functional understanding of information-
processing networks [4, 5]. Therefore, we translated our 
findings of induced motifs to partial motif counts (Meth-
ods) and described 193,487 partial motifs in the connec-
tome. We identified 49 significantly overrepresented and 
8 underrepresented partial motifs (Fig.  5A, Additional 
file  5). Six motifs (motif A16, A33, A53, A83, A87, and 
A132) were absent both in the C. elegans connectome 
and in the null model; thus, no Z-score was calculated. 
Only one of them had no unknown edge (Motif A16). 
On the other hand, 153 motifs were absent only from 
the connectome, 22 of which had no unknown edge 
(Additional file 5). Forty percent of the identified partial 
motifs had only excitatory and inhibitory edges (Fig. 5B). 
Thirty-six of the significantly overrepresented motifs had 
no unknown edge, whereas all significantly underrepre-
sented motifs contained at least one edge (Fig. 5C). Par-
tial motifs with the highest Z-scores typically had one 
and only one inhibitory connection that provided a nega-
tive feedback function in the motif.

Alternative randomization method
When the null model generated by an alternative (edge 
polarity shuffling) randomization method (see Methods) 
was used, we observed a greater number of significantly 
overrepresented motifs than what was found with the 
primary (neurotransmitter shuffling) method (Additional 
file  6). A total of 147 motifs were significantly overrep-
resented, and 148 motifs were significantly underrepre-
sented. We found that 70 of the overrepresented motifs 
had no unknown edges. Motif H5 was only significant 
when the neurotransmitter-shuffling randomization 
method was used. In contrast, only the alternative ran-
domization revealed 55 motifs (without unknown edges) 
that were significantly over- or underrepresented in the 
connectome (Fig. 6A).

Using the alternative (edge polarity-shuffling) null 
model to address partial motif counts we observed an 
increased number of overrepresented motifs (Addi-
tional file 6). In this case, 179 motifs were significantly 
overrepresented, whereas 194 motifs were significantly 
underrepresented in the connectome. Among those, 
88 and 10 motifs had no unknown edges, respectively. 
All but one (i.e., G2) motifs that were overrepresented 
using the neurotransmitter-shuffling randomization 
method also had a significant p-value while using the 
alternative null model as a comparison (Fig. 6B). In con-
trast to the primary model, using the alternative (edge 
polarity-shuffling) null model identified 10 significantly 
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underrepresented motifs. Surprisingly, two of those 
motifs (motifs I2 and L2) were significantly overrepre-
sented in the primary model.

Validation
We performed perturbations on the network to evalu-
ate the effect of major limitations on our results. We 

found that eliminating unknown connections (Addi-
tional file 9) did not significantly reduce the number of 
18 induced motifs among the 23 that were previously 
identified as overrepresented in the connectome (78%). 
Similarly, during partial motif analysis, 27 of the 36 
partial motifs previously found to be overrepresented 
did not have a significantly lower occurrence after the 
perturbation (75%).

Fig. 4  Induced motif analysis of the connectome. Using 1000 random networks as a null model, induced motif analysis revealed 23 significantly 
overrepresented motifs and 1 underrepresented motif with no unknown edges. The red and blue arrows represent excitatory and inhibitory 
synapses, respectively. All data are available in Additional File 4
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To address potential errors in the predicted polarity 
data from our previous work [19], we generated another 
null model by randomly changing 10% of the edge signs 
in the network (Additional file 10. Doing that, we found 
that this process does not significantly lower the occur-
rence of more than 80% of the motifs reported to be 

overrepresented in the connectome (20 of the 24 induced 
motifs, 29 of the 36 partial motifs). However, the number 
of the coherent positive feedforward motif (labeled as F1) 
significantly decreased during both induced and partial 
motif analysis.

Fig. 5  Results of partial motif analysis. A Distribution of all 710 possible signed three-node motifs. Over- and underrepresentation were assessed 
against 1000 random networks using the Z-score as a quantitative measure. B Distribution of partial motifs of the connectome according 
to the presence or absence of unknown edges. C Significantly overrepresented partial motifs (without unknown edges) and their respective 
Z-scores. The red and blue arrows represent excitatory and inhibitory synapses, respectively. All data are available in Additional file 5

(See figure on next page.)
Fig. 6  Induced and partial motif analysis using the alternative (edge polarity-shuffling) null model (n = 1000 random networks). A Induced 
motifs (without unknown edges) identified to be significantly over- or underrepresented in the connectome solely by the alternative (edge 
polarity-shuffling) null model. With one exception (motif H5), all induced motifs that were significant when the neurotransmitter-shuffling method 
was used were also significant using this alternative null model. The red and blue arrows represent excitatory and inhibitory synapses, respectively. 
B Partial motifs (without unknown edges) identified to be significantly over- or underrepresented in the connectome solely by the alternative 
null model. With one exception (motif G2), all partial motifs that were shown to be significant using the neurotransmitter-shuffling method were 
also significant using this alternative (edge polarity-shuffling) null model. The red and blue arrows represent excitatory and inhibitory synapses, 
respectively. All data are available in Additional File 6
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Fig. 6  (See legend on previous page.)
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Feedforward and feedback loops
We analyzed feedforward and feedback motifs in detail, 
as they are known to be important in signaling networks 
(Table  1, references [25–32]). Since partial feedforward 
and feedback loops embedded in more complex motifs 
can function on their own, we used the results of partial 
motif counting for this analysis. We distinguished eight 
types of feedforward and four types of feedback loops, 
based on previously published concepts [6, 30], and then 
compared their occurrences in the connectome (Fig. 7A).

Addressing feedforward loops (Fig. 7A), we found that 
the F1 coherent positive feedforward loop and the F2 and 
F5 incoherent feedforward loops were overrepresented 
(Z-scores of 3.09, 3.09, and 4.18, respectively). Moreo-
ver, the D2 negative feedback (Z-score = 5.14) and the 
D3 feedback disinhibition (Z-score = 4.54) loops were 
also highly overrepresented. Positive feedback (D1) and 
coherent negative feedforward (F4, F7) loops were not 
overrepresented.

In the next step, we further analyzed the distributions 
of neuron modalities (i.e., sensory, motor, inter, poly-
modal) among the significant feedforward and feedback 

loops (the list of neuron modalities is provided in Addi-
tional file  7). The overrepresented feedforward motifs 
occur at a high, yet similar, level among interneurons 
(layout #3). Excluding that, we found a pattern in which 
specific modality layouts (excluding polymodal-contain-
ing motifs) dominated each feedforward motif (Fig. 7B). 
For the F2 (incoherent) motif, the dominant modality lay-
out was #10, which represents inter > inter inhibition and 
inter > motor excitation patterns. For the F5 (also inco-
herent) motif, the dominant layout was also #15, which 
in the case of this motif is a sensory > inter excitatory and 
inter > inter inhibitory layout.

In the case of feedback loops (Fig. 7C), both D2 nega-
tive feedback and D3 disinhibitory loops were frequently 
observed in the interneuron-only layout (#3). On the 
other hand, the D3 feedback loop was dominant in 
modality layout #21 (representing inter > motor excita-
tion, motor- > motor inhibition, and motor > inter inhi-
bition), whereas D2 was not. Surprisingly, we did not 
observe a single instance of the archetypal three-layer 
negative feedback loop (i.e., layout #22: sensory > inter 
and inter > motor excitation, and motor > sensory 

Table 1  Feedback and feedforward signed motifs

Types and roles of signed feedforward and feedback motifs in biological networks. Motifs in bold are significantly overrepresented in the C. elegans connectome

Motif Type Function References

Feedback D1 Positive Amplification, information processing [25]

D2 Negative Oscillator, stabilizing [25]

D3 Disinhibitory (positive) Amplification, creating a dense response [26, 27]

D4 Oscillatory (negative) Biological repressilator, oscillator [25, 28]

Feedforward F1 Coherent positive Sign-sensitive delay/persistence detector/learning; overrepresented in many 
systems

[29, 30]

F2 Incoherent Pulse generator, sign-sensitive accelerator [30]

F3 Incoherent Pulse generator, sign-sensitive accelerator [30]

F4 Coherent negative Sign-sensitive delay [30]

F5 Incoherent Pulse generator, response accelerator, fold-change detection in sensory sys‑
tems, input normalization; overrepresented in many systems

[30, 31]

F6 Coherent disinhibitory Sign-sensitive delay, epileptic seizures [30, 32]

F7 Coherent negative Sign-sensitive delay [30]

F8 Incoherent Pulse generator, sign-sensitive accelerator [30]

Fig. 7  Feedforward and feedback motifs. A Feedforward and feedback partial motif counts in the connectome (red X) compared with the null 
model of random networks (n = 1000, boxplot). Positive feedback (Pos.), negative feedback (Neg.), disinhibitory feedback (Disinh.), oscillatory 
feedback (Oscil.), positive feedforward, negative feedforward, and incoherent feedforward loops are shown. All data are available in Additional 
file 5. B Distribution of significant partial feedback and feedforward motifs by neuron modality layouts. The neuron modalities are abbreviated as S 
(sensory neuron), I (interneuron), and M (motor neuron). Layouts containing at least one polymodal neuron (i.e., a neuron without one specific 
modality) were combined and labeled P. C Distribution of significant partial feedback motifs by neuron modality layouts. The neuron modalities 
are abbreviated as S (sensory neuron), I (interneuron), and M (motor neuron). Layouts containing at least one polymodal neuron (i.e., a neuron 
without one specific modality) were combined and labeled P. Uncolored feedback motifs have rotational symmetry; however, colored motifs 
do not. Therefore, the red and blue arrows (corresponding to excitatory and inhibitory connections, respectively) of the neuron modality layout 
table define the exact rotational layouts of the motifs

(See figure on next page.)
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Fig. 7  (See legend on previous page.)



Page 12 of 19Szilagyi et al. BMC Biology          (2026) 24:167 

inhibition). Modality layouts with at least one poly-
modal neuron occurred more frequently across all 
motifs, but were presented as a single layout to simplify 
interpretation.

Two‑node colored motif analysis considering neuronal 
modalities
We performed induced and partial motif analysis of two-
node motifs, while distinguishing neuron modalities, as 
was done with three-node feedforward and feedback 
loops (Additional file 8). During induced motif analysis, 
we observed 15 significantly over- and 8 underrepre-
sented motifs. Ten of the overrepresented and 2 of the 
underrepresented motifs had no unknown edges (Fig. 8). 
During partial motif enumeration, we identified 19 

significantly overrepresented and 12 underrepresented 
motifs, 13 and 4 of which had only excitatory and inhibi-
tory edges, respectively (Fig.  8). All the motifs found to 
be significant in the induced motif analysis were also sig-
nificant in the partial motif analysis.

Discussion
The neuronal network of C. elegans is the first fully recon-
structed connectome [9], enabling the detailed analysis of 
structural characteristics, such as the abundance of net-
work motifs in the nervous system. We conducted, for the 
first time, edge-polarity based signed motif analysis using 
the previously published signed connectome of C. elegans.

As we expected, partial motif analysis revealed some 
overrepresented motifs that were not found to be 

Fig. 8  Two-node motif analysis with neuron modalities, using the neurotransmitter-shuffling null model (n = 1000). Motifs marked with an asterisk 
were also significantly overrepresented in the induced motif analysis. The neuron modalities are abbreviated as S (sensory neuron), I (interneuron), 
M (motor neuron), and P (polymodal neuron). The red and blue arrows represent excitatory and inhibitory synapses, respectively. A Significantly 
overrepresented two-node partial motifs differentiating neuron modalities. B Significantly underrepresented two-node partial motifs differentiating 
neuron modalities. All data are available in Additional file 8
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significant during induced motif enumeration. This is 
consistent with previous studies showing that simple 
motifs (such as feed-forward and feedback loops) are 
often embedded in complex structures [33, 34], including 
mixed feed-forward loops and complete graphs.

We found that the previously reported high number of 
feedforward loops [34–36] is disproportionately distrib-
uted among the different edge sign patterns. Compared 
with random networks, two types of incoherent feedfor-
ward loops are overrepresented. Incoherent feedforward 
loops are overrepresented in many systems [3, 37–39] 
and function as sign-sensitive accelerators that play key 
roles in network information processing [30]. In the C. 
elegans connectome, they are found in circuits respon-
sible for chemotaxis [40]. The negative feedback loop is 
also well known in various networks [41, 42]. In the C. 
elegans connectome, negative feedback loops have been 
observed in mechanosensory processing [43], chemotaxis 
[44, 45], and (along with positive feedback loops) rhyth-
mic forward locomotion [46]. We also found an overrep-
resentation of the disinhibitory feedback motif, which has 
a more complex function: it helps in balancing excitation 
and inhibition in a signed network. This can lead to novel 
response amplification and a dense population response 
[27]. Because it has two distinct steady states [6], a dis-
inhibitory feedback motif can act as a biological switch 
[47]. We identified 172 three-neuron circuits in the con-
nectome that form disinhibitory feedback loops. Experi-
mental activation or inhibition of one neuron within 
these circuits should produce coordinated changes in the 
activity of the other two neurons and may induce transi-
tions between alternative stable circuit states.

While testing the effect of perturbations in the polar-
ity database, we observed a significant decrease in the 
number of the coherent positive feedforward motif (F1). 
Therefore, the overrepresentation of this motif may be 
due to any potential error in the predicted polarity data, 
and we should refrain from treating it as a core organi-
zational feature of the C. elegans connectome. However, 
coherent positive feedforward loops have been reported 
in the intracellular adaptation to thermosensation [48] 
and in the egg-laying circuit [49] of the animal. For the 
F1 coherent positive feedforward loop, the most com-
mon modality layouts were #2 and #15; the former rep-
resents the feedforward loop of motor neurons, and the 
latter denotes feedforward processing from sensory neu-
rons to interneurons. Therefore, the functional impor-
tance of this motif can be experimentally verified by 
activating sensory neurons, recording interneuron activ-
ity, and observing the feedforward processing in circuits 
described as coherent feedforward motifs.

Labelling 20% of the neurons as polymodal resulted 
in many motifs containing at least one polymodal node. 

However, we observed a distinct neuron modality layout 
for each overrepresented feedback loop (Fig. 7). Surpris-
ingly, we did not find a single occurrence of the canoni-
cal negative feedback loop (numbered as layout #22: 
sensory > inter, inter > motor, and sensory > motor con-
nections). The classical downstream feedforward signal-
ing was also not found to be overrepresented. The lack of 
this type of feedforward loops has been previously shown 
in the connectome [35, 50]. The lack of these motifs is 
partly because many neurons are responsible for multiple 
different behaviors [51], hence, forming direct sensory-
inter-motor loops is unlikely. Instead, our findings sug-
gest that while the canonical negative feedback exists 
globally in the network [19], it is more likely to be formed 
by indirect connections between neurons, which routes 
could be revealed by circuit mapping or perturbation 
experiments. Meanwhile, information integration occurs 
at the level of interneurons via feedforward loops (Fig. 7). 
This is consistent with previous studies describing strong 
information integration within the nerve ring [52–54].

Even though the structure of motifs F2 and F5 looks 
similar (incoherent feedforward loops with an excitatory 
direct pathway), their kinetics are different [30]. There-
fore, we could also identify different characteristic lay-
outs for each (layout #10 and layout #15, respectively). 
We observed that the F2 motif is crucial for motor neu-
ron activation, whereas F5 contributes to fold-change 
sensory detection in interneurons. While these specific 
phenomena are yet to be observed experimentally in the 
C. elegans connectome, our results correlate with find-
ings in other nervous systems [55, 56]. Even though the 
occurrence of incoherent feedforward partial motif F5 
significantly reduced by resolving unknown connections 
(Additional file 9), the resulting frequency still indicated 
significant overrepresentation; thus, the motif did not fail 
the validity test. However, the true functional relevance 
of motif F5 can be verified by potential electrophysiologi-
cal experiments, such as observing the fold-change sen-
sory detection of interneurons by activating the sensory 
neurons of these circuits, then measuring interneuron 
activity levels.

Of the two randomization methods, the primary (neu-
rotransmitter shuffling) randomization method yielded 
a biologically meaningful null model that hypothesized 
that polarity assignment in the connectome is independ-
ent of its structure. Our findings suggest that polarity 
distribution and assignment in the C. elegans connec-
tome are structurally non-random. Our alternative, 
edge polarity shuffling randomization method yielded 
an excessive number of significant motifs in the connec-
tome. However, all significant motifs of the neurotrans-
mitter-shuffling randomization method—except motif 
H5 in induced motif analysis, and G2 in partial motif 
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analysis—were also significant in the edge polarity shuf-
fling method. This enhances the robustness and validity 
of our findings. It is worth noting that the connectivity 
structure of the connectome varies among individual ani-
mals [54] and changes during development [57]. There-
fore, additional methods that randomize connections 
could provide further insight into the importance of net-
work motifs. Furthermore, the exact biological function 
of each over-represented signed motif should be experi-
mentally assessed.

We found that 159 motifs were absent from the con-
nectome. However, since these motifs also had low 
occurrence in the null model, they are not considered to 
be significantly underrepresented in the network. A total 
of 150 of the 159 missing motifs have at least 5 edges. 
Unsurprisingly, the occurrence of more complex motifs 
is relatively low in both induced and partial analyses. 
Therefore, only motifs with a biological function should 
be represented in the network. We found that more than 
80% of missing complex motifs without unknown edges 
have an excitatory/inhibitory ratio < 1, which contradicts 
our understanding of sign balance both generally in bio-
logical networks and the C. elegans connectome [19]. 
Data limitations also led to the loss of motifs. In addi-
tion to unknown edges, resolving edges with complex 
predicted polarity also influenced the motif landscape. 
As partial motifs can be embedded in subgraphs with 
more connections, excitation and inhibition can similarly 
occur through synapses labeled as complex in our previ-
ous work [19].

Previous studies [34, 35] have shown the overrepresen-
tation of symmetrical three-node motifs with a bidirec-
tional edge (labeled in our work as motifs E and G). These 
motifs are often labeled as “mixed feedforward loops” 
because two partial feedforward loops are embedded in 
their structure. We found that only 4 of the 20 possible 
colorings of these motifs were significantly overrepre-
sented (Fig. 5C). Surprisingly, even though the structures 
of motifs E and G are symmetrical, 3 of the 4 overrep-
resented motifs are asymmetrical in color (Table  2). 
Breaking down these mixed feedforward loops to their 
elementary units (partial motifs), we find that two of 
them have functionally different components (Table 2).

Dissolving mixed feedforward loops into their compo-
nents provides insight into their roles.

These motifs are made of two partial feedforward com-
ponents. Even though the structures of these motifs are 
symmetrical, two of the motifs (motifs E7 and G7) are 
built by feedforward loops with different modalities. 
Three of the 4 overrepresented mixed loops are asym-
metrical in color (motifs E7, G2, and G7). The red and 
blue arrows represent excitatory and inhibitory synapses, 
respectively.

In brain networks, motifs with bidirectional connec-
tions can induce zero-lag synchrony in neuronal spiking 
models [58]. While 28 of the 36 overrepresented motifs 
contained at least one bidirectional edge (Fig.  5C), 13 
motifs had more than one. Unfortunately, modeling bidi-
rectional connections is quite challenging [59] because of 
the complex temporal aspects of neurotransmission.

While three-node motifs are the standards for motif 
analysis [3], two-node motifs can act as a smaller, more 
direct level of connectivity [60]. Additionally, simul-
taneously signing the nodes (based on the neuronal 
modality) and the edges (based on the synaptic polar-
ity) can provide novel insight into network dynamics. 
Using this method, we demonstrated several unique 
functional characteristics of the connectome, such as 
downstream (sensory-to-interneuron) activation and 
motor-to-interneuron inhibition. These mechanisms 
were previously described in the C. elegans connectome 
[61, 62]. Motor-to-motor neuron inhibition is possi-
bly related to contralateral motor neuron inhibition, 
which is necessary for physiological locomotion. On the 
other hand, forward activation and backward inhibition 
between two motor neurons might occur between ipsi-
lateral motor neurons. Although two-node motifs have 
marginal importance in network dynamics, a similar 
analysis of edge- and node-signed three-node motifs 
would reveal further functional information. However, 
extending this method to three-node motifs would have 
produced an excessively large number of motifs, making 
interpretation difficult.

Our study has several limitations. Since we solely used 
the connectome described in the WormWiring con-
nectome reconstruction (http://​wormw​iring.​org), our 
reported motif landscape may differ from what could be 
observed in different individual animals [54] or during 
development [57]. Due to limited data on synaptic polar-
ity, only 40% of all three-node motifs in the connectome 
(graphlets with edges that are either excitatory or inhibi-
tory) were suitable for interpretation. While resolving 
these connections did not significantly lower the ratio 
of most of the motifs that were reported to be overrep-
resented, a potential future curation and completion of 
polarity data could substantially improve the analysis 
of the motif landscape. New connectivity data are still 
emerging [52, 57], and recent experimental results on 
synaptic polarity and gene expression have also been 
reported [63]. The high number of complex connections 
[19] also implies that our results can be complemented 
once the role of those synapses is better understood. 
Resolving complex connections to excitatory and inhibi-
tory edges certainly affected our results. However, the 
exact function of complex synapses in motifs remains to 
be determined, while treating them as an additional edge 

http://wormwiring.org
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color would result in an almost fourfold increase in the 
number of distinct motif colorings.

Focusing on three-node motifs is another limitation of 
our work. However, since the number of possible four-
node signed motifs is extremely high (more than 700,000 
motifs), it would be difficult to interpret the results of 

four-node motif enumeration. Furthermore, there are 
only a handful of four-node motifs with a defined bio-
logical function. Therefore, similarly to previous stud-
ies [10, 13, 18], we focused on three-node motifs in the 
connectome.

Table 2  Components of significantly overrepresented mixed feedforward loops

Despite the animal’s bilateral symmetry, most of the overrepresented mixed feedforward motifs exhibit asymmetrical coloring. Only half of the overrepresented mixed 
feedforward motifs contain partial feedforward loops with identical function
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Focusing solely on the chemical connections by exclud-
ing electrical synapses is also a limitation of our study. 
These connections can be considered as bidirectional 
edges in the network [64], but rather than having polar-
ity, they are usually treated as sign-symmetric electrical 
couplings whose effect emerges from surrounding net-
work properties [65]. Therefore, even though electri-
cal synapses can be integrated into motif analysis of the 
unsigned network [10, 15, 50], their nature did not fit 
into our definition of signed motifs. However, a planned 
future project will extend this work by analyzing feedfor-
ward and feedback loops in the connectome by the pres-
ence of potential electrical synapses between their nodes. 
While the number of electrical connections is relatively 
low in these structures, they are disproportionately dis-
tributed among the different colored motifs. Since the 
biological reason behind this is yet to be understood, we 
aim to explore this aspect of motif analysis in the future.

Finally, our work does not include the extrasynaptic 
neuropeptide and monoamine systems, which can also 
mediate feedback control in the network [66–70]. Since 
these molecules are transported without an anatomical 
structure, it is impossible to illustrate their connectiv-
ity pattern as a hard-wired network [68]. The way these 
molecules function is governed by complex regulatory 
mechanisms [69, 70]. Although monoamines and neu-
ropeptides certainly play a role in the regulation of the 
connectome [71], we could not assume that these con-
nections have the same influence on neuronal motif 
structures as chemical synapses.

Despite our limitations, our work provides novel 
insight into the motif landscape of the C. elegans nerv-
ous system. Compared with previous studies (Table  3; 
references [10, 13, 16–18]), our model uses a concept 
that assigns signs to the edges of the connectome based 
on their roles in synaptic transmission. Edge-signed 
motif analyses have been attempted before (Table 3), but 
since neurotransmitters do not determine synaptic polar-
ity on their own [19], our work offers a more functional 
approach to motif analysis.

Conclusions
Although a form of neurotransmitter-based motif analy-
sis has been explored before [17], to our knowledge, our 
study is the first to apply edge-polarity-based signed 
motif analysis to a fully mapped connectome. Using pre-
dicted edge-polarities, our work revealed insights into 
the functional architecture of the C. elegans neuronal 
network. The overrepresentation of certain motif types, 
particularly incoherent feedforward and negative feed-
back loops, suggests that these motifs may contribute 
significantly to the network’s information processing and 
homeostatic functions, although their specific biologi-
cal relevance remains to be experimentally determined. 
Our results correlate with experimental data on motif 
functions, such as incoherent feedforward and negative 
feedback motifs. To validate our results, the performed 
sensitivity analyses suggest that overrepresented motif 
structures remain stable after perturbation. Identifying 
these circuits in the network can provide potential tar-
gets for further experimental validation of our findings. 
Future work that incorporates emerging synaptic polarity 
data and expands beyond three-node motifs could yield 
even deeper insights into the organizational principles 
of neural networks. As motif analysis techniques evolve 
and are applied to larger-scale connectomes, our findings 
may offer a foundation for exploring how distinct motif 
configurations support the complex functions of diverse 
nervous systems.

Supplementary Information
The online version contains supplementary material available at https://​doi.​
org/​10.​1186/​s12915-​026-​02641-4.

Additional file 1: Polarity of edges in the connectome and random 
networks. Description of data: The edge polarities of the connectome 
(labeled “Pred”) were obtained from our previous work [19]. Edge polarity 
was also predicted in the 1,000 random networks of the null model.

Additional file 2: Motif codes and dictionary. Description of data: All pos-
sible edge codes (as described in the Methods section) correspond to a 
single motif (see the ‘Motif definitions’ sheet). As isomorph motifs should 
be labeled the same, the ‘Unique motifs’ sheet contains all the different 

Table 3  Comparison of motif studies in the C. elegans connectome

There were multiple motif studies on the C. elegans connectome. Some of them were signed analyses that labeled the network’s nodes or edges. However, our study is 
the first to use synaptic polarities for signed motif analysis

Chemical or electrical 
synapses?

Size of motifs
(number of nodes)

What is signed? Basis of signing Reference

Both 3 and 4 Nothing No signs [10]

Chemical 3 and 4 Nothing No signs [13]

Both 3, 4, and 5 Edges Connection type (electrical and/or chem-
ical synapses)

[16]

Chemical 3 Nodes Primary neurotransmitters [17]

Both 3 and 4 Nodes Neuron modality [18]

Chemical 3 (partly 2) Edges Predicted synaptic polarity This work

https://doi.org/10.1186/s12915-026-02641-4
https://doi.org/10.1186/s12915-026-02641-4
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motifs and all their possible edge layouts. The ‘Partial Motifs’ list lists all the 
partial motifs for every induced motif.

Additional file 3: Motifs in the connectomeDescription of data Using 
the motif dictionary and the partial motif list from Additional file 2, the 
induced and partial motifs of the connectome were enumerated as 
described in Additional file 1.

Additional file 4: Induced motif counts and Z-scores in the connectome 
and null models. Description of data: Using the edge lists from Additional 
file 1 and the motif dictionary described in Additional file 2, our induced 
motif enumerating tool counted the occurrences of all 710 different 
3-node-colored motifs in the connectome and in the 1,000 random 
networks.

Additional file 5: Partial motif counts and Z-scores in the connectome and 
null models. Description of data: Using the edge lists from Additional file 1 
and the motif dictionary described in Additional file 2, our partial motif 
enumerating tool was able to count the occurrence of all 710 different 
3-node colored motifs in the connectome and 1,000 randomly generated 
networks.

Additional file 6: Motif analysis of the connectome via the alternative 
null model. Description of data: Using the edge polarity data from the 
alternative randomization method (see the ‘Edges’ sheet), we were able to 
perform induced and partial motif counting. The process was the same 
as that described in Additional files 4 and 5, except that the edge polarity 
data were different.

Additional file 7: Neuron modalities. Description of data: List of neuron 
modalities based on the data from http://​worma​tlas.​org.

Additional file 8: Two-node motif analysis of the connectome consider-
ing neuronal modalities. Description of data: Using the edge lists from 
Additional file 1, the two-node motif dictionary and neuron modality 
tables described here, our motif enumerating tool was able to count the 
occurrence of all 126 different two-node motifs in the connectome and 
1,000 randomly generated networks.

Additional file 9: Validation of our results by resolving unknown connec-
tions. Description of data Using the edge polarity data from our previous 
work, we randomly assigned a polarity to unknown connections while 
maintaining the excitatory:inhibitory ratio of the network. After generat-
ing 1,000 networks, we observed the changes in both induced and partial 
motif occurrences to evaluate the stability of our results.

Additional file 10: Validation of our results by randomizing 10% of edge 
polarities in the network. Description of data: Using the data from our 
previous work, we randomly altered 10% of the edge polarities. After 
generating 1,000 networks, we observed the changes in both induced 
and partial motif counts to evaluate the stability of our results.
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