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ABSTRACT
This study establishes a benchmark for Caenorhabditis el-
egans neuron classification, comparing four graph methods
(GCN, GraphSAGE, GAT, GraphTransformer) against four
non-graph methods (Logistic Regression, MLP, LOLCAT,
NeuPRINT). Using the functional connectome, we classified
Sensory, Interneuron, and Motor neurons based on Spatial,
Connection, and Neuronal Activity features. Results show
that attention-based GNNs significantly outperform baselines
on the Spatial and Connection features. The Neuronal Activ-
ity features yielded poor performance, likely due to the low
temporal resolution of the underlying neuronal activity data.
Our benchmark validates the use of GNNs and highlights
that Spatial and Connection features are key predictors for
Caenorhabditis elegans neuron classes. Code is available at:
https://github.com/JingqiLuu/neuronclf-gnn-benchmark.

Index Terms— Neuron Classification, Graph Neural Net-
works, Benchmark

1. INTRODUCTION

Neuron classification is a fundamental problem in neuro-
science and is essential for understanding the organization
and function of neural circuits [1]. In Caenorhabditis elegans
(C. elegans), neurons are categorized into three functional
classes: Sensory, Interneurons, and Motor [1, 2]. Owing to its
compact and fully mapped nervous system, C. elegans serves
as an ideal platform for studying this problem. Recently,
Randi et al. [2] constructed a neural signal propagation at-
las that captures functional signal dynamics not predictable
from anatomy alone. This atlas provides both functional
connectome information and neuronal activity data, enabling
data-driven neuron classification and deeper insights into
information flow in neural circuits. [3].

Traditionally, neuron identification relied on static fea-
tures such as morphology or molecular markers [4, 5, 6]. With
the advent of large-scale neural recording technologies, re-
searchers have increasingly explored classification methods
based on neuronal activity time series [7, 8, 9]. Recent deep
learning models, such as LOLCAT [7] and NeuPRINT [8],

have shown promise in classifying neurons by leveraging in-
dividual neuronal activity. In parallel, modeling the brain as a
complex network has driven the rapid adoption of Graph Neu-
ral Networks (GNNs) in macroscopic brain network analysis,
especially for tasks like disease diagnosis or biomarker iden-
tification [10, 11, 12]. Despite these advances, the integra-
tion of activity-based representations and graph-based learn-
ing frameworks for neuron classification at the microscale,
especially in the C. elegans functional connectome, remains
largely unexplored.

This study establishes a benchmark for neuron classifica-
tion in C. elegans. We systematically evaluate graph methods
(GNNs) against non-graph methods (e.g., LOLCAT [7], Ne-
uPRINT [8]) using the functional connectome [2] and three
distinct feature types: Spatial, Connection, and Neuronal Ac-
tivity features. Specifically, our study aims to (1) assess the
relative performance of graph-based and non-graph-based ap-
proaches, (2) identify the most informative feature type for
neuron classification, and (3) compare the efficacy of differ-
ent GNN architectures.

2. METHOD

2.1. Dataset

The data for this study are drawn from the openly accessi-
ble C. elegans functional connectome published by Randi et
al. [2]. This connectome is modeled as a directed weighted
graph G = (V,E,W ). The node set V consists of the 300
neurons in the C. elegans nervous system. The edge set E
contains 8,703 directed edges, representing functional signal
propagation, while W is the corresponding weighted adja-
cency matrix where Wij denotes the functional connection
strength from neuron i to j. For the neuron classification
task, we adopt the dataset’s intrinsic functional categorization
as ground truth labels, which classifies neurons into three dis-
tinct classes: Sensory (90 neurons), Interneuron (93 neurons),
and Motor (117 neurons) [2]. The dataset also provides the
raw data for feature construction (detailed in Section 2.2), in-
cluding the neuronal activity data for each neuron (2Hz sam-
pling rate) and their spatial coordinates.



2.2. Feature Construction

Based on best practices in brain network analysis [10] and
research on neuronal activity patterns [7, 8], we constructed
and evaluated the following three types of features:

• Spatial Feature: The feature for each neuron is a 3-
dimensional vector fspatial = (x, y, z), representing its
standardized coordinates in physical space.

• Connection Feature: Each neuron’s feature fconn = Wi,:

is its row vector in the adjacency matrix W , capturing its
functional connectivity with all other neurons [10].

• Neuronal Activity Feature: This feature is constructed
following LOLCAT [7]. The continuous neuronal activ-
ity data for each neuron (Xi(t)) is first segmented into
non-overlapping windows (Wi,k) of duration Tw. Within
each window, we detect events via thresholding to calcu-
late Interspike Intervals (ISIs). For each window Wi,k,
these ISIs are summarized into an empirical distribution
vector di,k ∈ RDISI , where the value at index τ − 1
represents the count of ISIs equal to τ time steps (for
1 ≤ τ ≤ DISI ). The final feature for neuron i is a se-
quence Si = (di,1, ...,di,Nk

). Sequences are padded to a
uniform maximum length Lmax for batch processing, re-
sulting in a feature tensor FISI ∈ RN×Lmax×DISI , where
N denotes the number of neurons.

2.3. Model Architectures

Two main categories of models were compared: graph mod-
els and non-graph models [7, 8] that do not explicitly use the
graph adjacency matrix. For each model-feature combina-
tion, optimal hyperparameters were determined via Bayesian
optimization (detailed in Section 2.4). The resulting key pa-
rameters are summarized in their respective descriptions.
Graph methods. Four mainstream GNN architectures based
on the message-passing paradigm were evaluated. These
models iteratively update node representation by aggregating
neighborhood features. In each layer l, node vi’s representa-
tion hl

i is updated via message passing and updating.
In the message passing step, each node vi receives mes-

sages from all its neighbors. This process can be formally
described by:

ml
i =

∑
j∈Ni

M l(hl−1
i , hl−1

j , wij), (1)

where Ni denotes the neighbor set of vi, hl−1
j is the fea-

ture representation of a neighboring node j from the previous
layer, wij represents the weight of the edge from node j to i,
and M l is the message function at layer l.

In the update step, the aggregated message ml
i is used to

update the vi’s representation from the previous layer:

hl
i = U l(hl−1

i ,ml
i), (2)

where U l is the update function at layer l, which is typically
a learnable linear transform with a non-linear activation. The

GNN models, which differ in their definitions of the message
(M l) and update (U l) functions, include:

• Graph Convolutional Network (GCN) [13]: A classic
GNN model that performs convolution by aggregating the
weighted features of neighboring nodes. Optimized mod-
els used 2-6 layers and 30 to 160 hidden dimensions.

• GraphSAGE [14]: Employs neighborhood sampling and
with various aggregation functions, demonstrating good
scalability for large-scale graphs. Optimized models used
2-7 layers with hidden dimensions between 60 and 260.

• Graph Attention Network (GAT) [15]: Uses a multi-
head attention mechanism to assign different importance
weights to each neighbor for more flexible information ag-
gregation. Optimized models used 2-5 layers, 40-190 hid-
den dimensions, and 1 to 8 attention heads.

• GraphTransformer [16]: Extends the Transformer ar-
chitecture to graph-structured data by incorporating self-
attention mechanisms that capture long-range dependen-
cies and structural relationships between nodes. Opti-
mized models used 2-4 layers, hidden dimensions be-
tween 50 and 200, and 1 to 8 attention heads.

Non-Graph methods. We also evaluated four models that do
not explicitly use the graph adjacency matrix:

• Multi-Layer Perceptron (MLP): A standard feed-forward
network. Optimized models used 2 to 6 layers with hidden
dimensions varying between approximately 150 and 460.

• Logistic Regression: A multinomial linear classification
model. Optimized models used regularization strength
that C ranging from 10−4 to 101 and L1 penalty type.

• LOLCAT [7]: A supervised attention-based model de-
signed to classify a neuron using only its isolated neuronal
activity data. It operates by (1) dividing the full neuronal
activity data into short ”snippets”, (2) computing the ISI
distribution for each snippet, and (3) using a multi-head
attention mechanism to learn which snippets are most in-
formative for classification. Optimized models used 16-64
embedding/hidden dimensions and 4 attention heads.

• NeuPRINT [8]: A self-supervised framework learning a
time-invariant representation for each neuron. It uses a
Transformer model to predict a neuron’s future activity
based on its own past activity and permutation-invariant
statistics of surrounding population activity. We use this
framework to generate representation vectors (64-dim),
which are then fed into an MLP classifier.

2.4. Implementation Details

All model evaluations were performed using a stratified 5-fold
Cross-Validation (CV) scheme for robustness. The dataset
was split into five folds, with each fold serving once as the
test set while the remaining four were used for training. Hy-
perparameters for each model-feature combination were opti-
mized using the Optuna framework, an open-source tool de-
signed for automating optimization processes [17]. We em-



Table 1: Performance Comparison of Graph and Non-graph Methods for Neuron Classification Across Three Feature Sets. For each metric
(column), the highest score is in bold and the second-highest score is underlined.

Type Model Spatial Feature Neuronal Activity Feature Connection Feature

Accuracy F1 Accuracy F1 Accuracy F1

Non-graph method

Logistic Regression 56.33±4.52 54.17±4.38 36.59±6.20 17.86±6.11 54.67±5.62 52.49±6.56

MLP 56.67±2.98 55.52±3.69 40.00±5.25 31.81±4.93 54.67±1.94 53.00±1.75

LOLCAT 57.00±2.67 55.86±2.31 39.00±5.83 25.11±8.84 54.00±2.26 52.78±2.28

NeuPRINT 55.33±9.33 50.87±10.61 45.57±8.69 37.19±14.18 50.67±4.90 42.51±13.08

Graph method

GCN 60.00±6.65 54.38±8.16 45.00±8.50 40.53±9.83 58.05±7.14 44.87±12.29

GraphSAGE 57.07±4.52 44.09±5.54 50.00±10.21 47.34±10.11 60.49±4.73 52.37±6.07

GAT 61.46±2.84 57.12±3.62 47.50±10.07 46.03±10.54 61.46±9.56 55.08±12.94

GraphTransformer 62.44±3.96 57.12±4.46 49.17±9.65 45.87±11.18 62.44±6.28 58.73±5.77

ployed Bayesian optimization with the Tree-structured Parzen
Estimator (TPE) algorithm [18] as the sampler to efficiently
search the hyperparameter space. Each model-feature com-
bination ran 30 optimization trials. The optimization objec-
tive was to maximize the mean 5-fold CV validation accu-
racy. The hyperparameter search space included key param-
eters such as learning rate (log-uniform between 10−5 and
10−2), weight decay (log-uniform), hidden layer dimensions
(uniform between 32 and 512), number of network layers (in-
teger between 2 and 7), and dropout rate (uniform between
0.0 and 0.8). Model-specific parameters (e.g., attention heads
for GAT) were also included in the search.

3. RESULTS

We evaluated all models across the three feature sets. The
reported results represent the mean accuracy and F1 score
(± standard deviation) obtained from 5-fold cross-validation.
Experimental results are summarized in Table 1.

3.1. Comparing Features

Spatial and Connection Features. The Spatial and Connec-
tion features are effective for distinguishing the three major
classes of C. elegans neurons, with most models achieving
accuracies around 55%-62%. This indicates that a neuron’s
functional class is closely related to both its connection pat-
terns within the functional connectome and its spatial layout.

The effectiveness of Spatial feature stems from its strong
class information: As shown in Fig.1c and Fig.1d, the C. el-
egans nervous system is highly structured. Sensory neurons
(red) and interneurons (green) are predominantly located in
the head region, while motor neurons (blue) are primarily dis-
tributed along the ventral nerve cord.
Spatial-Connectivity Feature Correlation. An interesting
finding is that the Spatial and Connection feature, although
conceptually different, ultimately yielded very similar classi-
fication performance. To investigate this, we analyzed the in-
trinsic correlation between these two feature sets. This anal-

ysis involved constructing N×N similarity matrices for both
feature sets using Cosine similarity. We then computed the
Pearson correlation between the Spatial and Connection Fea-
ture similarity matrices. As illustrated in Fig. 1b, the similar-
ity distributions of the two features exhibit similar morpholo-
gies. We found a significant positive correlation: the Pearson
correlation coefficient for the matrices derived from Pearson
similarity was 0.324 (p < 0.001). This indicates that neurons
that are physically close in space also tend to have similar
functional connectivity patterns. This moderate coupling ex-
plains their comparable classification outcomes.
Neuronal Activity Feature. In contrast, the Neuronal Ac-
tivity feature yielded poor performance on the neuron classi-
fication task, all models generally achieve accuracies below
50%. This suggests ISI are not distinct for these classes, or
the low-sampling-rate (2Hz) data fails to capture them.

We attribute this poor performance primarily to the tem-
poral resolution limitations of the dataset used in this study.
As illustrated by the example raw neuronal activity data
in Fig. 1a, the signals are smooth and lack the sharp tran-
sients typical of high-temporal-resolution recordings. Event
detection performed on these smooth signals (indicated by
red lines in the figure) reveals that many neurons produce a
sparse number of events within the observation window. This
low sampling rate limits the ability to accurately resolve fast
neural events and may lead to the loss of high-frequency in-
formation; as noted in the LOLCAT study, a lower sampling
rate impacts the quality of time-based features[7]. This signal
smoothness and event sparsity directly impact models reliant
on temporal patterns: it might obscure the local temporal
patterns that LOLCAT seeks, as many windows contain too
few events to form a meaningful ISI distribution.

3.2. Comparing Methods

Graph Methods. Attention-based GNNs achieved the high-
est performance on the two most informative features. When
using the Spatial feature, GraphTransformer achieves the
highest accuracy (62.44%) and a leading F1 score (57.12%),
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(a) Example neuronal activity data for Sensory, Interneuron, and Motor neurons.
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Fig. 1: Visualization of C. elegans neuron data features and class distributions. (a) Example neuronal activity data for represen-
tative Sensory, Interneuron, and Motor neurons. (b) Normalized probability density distributions of cosine similarity, comparing
the Spatial and Connection features across all neuron pairs. (c) Magnified view of the spatial distribution of neuron classes in
the head region. (d) Spatial distribution of the three neuron classes along the entire body.

with GAT also showing strong performance (61.46%). When
using the Connection Feature, GraphTransformer (62.44%)
and GAT (61.46%) again perform best, significantly outper-
forming all non-graph models. This highlights the advantage
of attention-based GNNs in capturing complex functional
connectivity patterns, as they can adaptively focus on the
most informative connections for neuron classification.

An important finding is how the graph structure’s contri-
bution varied by feature. On Spatial and Connection features,
the performance gain of GNNs over the strongest non-graph
baselines was moderate. This is likely because, as estab-
lished in Section 3.1.2, these features are already intrinsically
correlated with the graph topology; neurons physically close
tend to have similar connections. Thus, explicitly adding the
graph structure provides only a limited amount of new, non-
redundant information. Conversely, on the Neuronal Activ-
ity feature, the graph structure provided a more significant
improvement. GraphSAGE unexpectedly achieved the high-
est accuracy (50.00%), notably outperforming all non-graph
methods, including activity-specific models like NeuPRINT
(45.57%) and LOLCAT (39.00%). This suggests that when
the node feature itself is weak and noisy (as shown in Section
3.1.3), aggregating information from neighbors via message
passing provides crucial contextual information that aids clas-
sification. However, it is critical to note that even with this
graph-based improvement, the ISI feature’s top performance
remains significantly worse than that of the other two features.
Non-Graph Methods. LOLCAT (57.00%) achieved com-
petitive scores on Spatial Feature. On the Neuronal Activity

Feature, models designed for this data type showed moderate
performance such as NeuPRINT (45.57%). The poor perfor-
mance of LOLCAT(39.00%), a model designed for ISI dis-
tributions, reinforces our conclusion from Section 3.1.3: the
low-resolution data and resulting event sparsity likely prevent
the model from learning informative temporal patterns.

4. CONCLUSION, LIMITATION AND FUTURE
WORKS

This study benchmarked graph and non-graph methods for C.
elegans neuron classification using Spatial, Connection, and
Neuronal Activity features. We found that GNNs, particularly
GraphTransformer and GAT, significantly outperformed non-
graph baselines on the Spatial and Connection features. These
two features were found to be highly informative and signif-
icantly correlated. Conversely, the Neuronal Activity feature
yielded poor performance across all models, which may be
attributed to the data’s low temporal resolution.

Our study has several limitations. First, our models were
trained on a static functional connectome, whereas brain ac-
tivity is inherently dynamic. Second, although we found Spa-
tial and Connection features to be correlated, we did not ex-
plore their combination. Future work could explore dynamic
GNN models to capture the temporal evolution properties of
the network. Additionally, future research could investigate
feature fusion (e.g., combining Spatial and Connection fea-
tures) to examine potential gains.
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