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Abstract

Retrieving targeted pathways in biological knowledge bases,
particularly when incorporating wet-lab experimental data,
remains a challenging task and often requires downstream
analyses and specialized expertise. In this paper, we frame
this challenge as a solvable graph learning and explaining
task and propose a novel subgraph inference framework, EX-
PATH, that explicitly integrates experimental data to classify
various graphs (bio-networks) in biological databases. The
links (representing pathways) that contribute more to classi-
fication can be considered as targeted pathways. Our frame-
work can seamlessly integrate biological foundation models
to encode the experimental molecular data. We propose ML-
oriented biological evaluations and a new metric. The exper-
iments involving 301 bio-networks evaluations demonstrate
that pathways inferred by EXPATH are biologically meaning-
ful, achieving up to 4.5x higher Fidelity+ (necessity) and 14x
lower Fidelity- (sufficiency) than explainer baselines, while
preserving signaling chains up to 4x longer.

Introduction

Decades of research have revealed that systems, from cells
to organisms, can be considered biological networks (Ideker
and Krogan 2012). These networks have been compiled into
public knowledge bases such as KEGG (Kanehisa and Sato
2020) and STRING (Szklarczyk et al. 2023), which docu-
ment molecular (e.g., among genes or proteins) interactions
and their roles in cellular functions. While knowledge bases
are continuously updated, a primary concern remains: they
lack specificity for experimental data. The main objective of
biological knowledge bases is to cover all possible interac-
tions in a system. These networks are general and static. In
contrast, experimental studies focus on one specific condi-
tion or dataset, where only a subset of the network is actu-
ally relevant. Our objective is to identify which interactions
are active, meaningful, or target-specific in the given data,
as shown in Figure 1. In this paper, we propose to infer the
bio-networks that capture targeted interactions from experi-
mental data, thereby facilitating downstream analyses.
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Figure 1: This example illustrates two experimental datasets
with different mutations (red and blue) that are mapped onto
the same disease network, yet fail to reveal the distinct inter-
actions that account for their differences.

Many researchers have formulated this bio-network infer-
ence as a graph learning problem. In this setting, interactions
in a bio-network are modeled as graph edges, and experi-
mental data are embedded as node features. Various com-
putational and machine learning methods have been pro-
posed to infer meaningful targeted graph structures. Compu-
tational methods often rely on statistical node-centric met-
rics (Nacher and Akutsu 2016) to evaluate the importance of
nodes. Edges connected to highly ranked nodes are consid-
ered more important. However, such objectives lack explicit
inference of interactions and are computationally intractable
for large bio-networks (Yang et al. 2025). Machine learn-
ing methods, particularly graph neural networks (GNNs),
define explicit objectives such as link prediction or graph
reconstruction, enabling direct inference of network struc-
ture (Ravindra et al. 2020). Importantly, experimental data
influence the learning process via node feature aggregation,
making the inferred interactions more specific to the dataset.
However, existing methods are still in the early stages of ex-
ploration, and several key limitations remain unaddressed.

 Implicit targeted interaction inference. Their objectives
aim to reconstruct the general graph structure accurately,
including irrelevant interactions. Some works propose to
gradually infer subgraph structure, weakening the influ-
ence of prior general bio-network information (Li et al.
2024). However, they still fail to explicitly identify the dis-
tinct interactions unique to different experimental data.



* Lacking pathway modeling. Existing works treat all in-
teractions equally and independently, overlooking long-
range dependencies in biological pathways. In reality, bi-
ological systems typically exhibit multi-step interactions,
where one protein interaction triggers another, eventually
leading to specific cellular outcomes.

» Inadequate biologically plausible evaluation. Existing
methods typically require downstream biological analysis
to qualitatively interpret the inferred interactions, which
requires domain expertise. There is a lack of quantitative
evaluation methods tailored for machine learning models.

To tackle the above challenges, we propose EXPATH, a
deep learning framework for inferring targeted data-specific
pathways in bio-networks, with the following contributions:

* Graph explanation formulation for explicit interaction
inference. we formulate bio-network inference as a sub-
graph learning and explanation task, and hence propose
a graph-based model equipped with GNNExplainer. Sub-
graphs, contributing most significantly to the learning ob-
jective, are explicitly identified as targeted interactions.

Pathway-level encoding and explaining. To ensure
these subgraphs capture high-order pathways, technically,
we propose two novel models: PATHMAMBA, a hybrid
learning model, combines GNNs with state-space se-
quence modeling (Mamba) to learn both local interac-
tions and global pathway-level dependencies; PATHEX-
PLAINER identifies objective-critical pathways by learn-
ing novel pathway masks. We also provide a theoretical
analysis of EXPATH’s expressiveness and show that iden-
tified pathways capture higher-order structural patterns.

A novel ML-oriented biological evaluation. We propose
an evaluation workflow that directly incorporates model-
derived subgraph importance scores to quantitatively as-
sess their biological relevance.

EXPATH can seamlessly integrate biological foundation
models, and in this work, we use the large protein language
model, ESM-2 (Lin et al. 2023), as a case encoder. We
collect all available human pathway networks from KEGG
(Kanehisa et al. 2024), resulting in 301 bio-network, using
amino acid (AA) sequences as reference experimental data.
Extensive experiments demonstrate that the pathways in-
ferred by EXPATH are biologically meaningful, achieving up
to 4.5x higher Fidelity+ (necessity) and 14x lower Fidelity-
(sufficiency) than explainer baselines, while preserving sig-
naling chains up to 4x longer.

Related Work

Existing methods can be grouped into statistical topology-
driven and data-driven deep graph learning methods.

- Topology-driven Methods. They use statistical metrics
on structural properties of graphs, such as node degrees
(Karger 1994; Kashtan et al. 2004a), centrality (Haynes,
Hedetniemi, and Slater 2013; Wang et al. 2014; Nacher and
Akutsu 2016), betweenness, or PageRank scores (Ivian and
Grolmusz 2011; Maehara et al. 2014) to infer which sub-
structures exhibit a more significant influence on the overall
topology, thereby identifying more targeted interactions.
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- Deep Graph Learning Methods. They incorporate ex-
perimental data during the learning process by embedding
data as node representations. They train GNNs with suitable
objectives, such as link prediction or graph reconstruction
(Yue et al. 2020; Zhang et al. 2021; Muzio, O’Bray, and
Borgwardt 2021), and the links that contribute most to these
objectives can be considered the targeted interactions. For
instance, the works of (Hamilton, Ying, and Leskovec 2017;
Gligorijevi¢ et al. 2021; Cheng et al. 2021) have been vali-
dated to predict protein functions within protein-protein in-
teraction (PPI) networks. Moreover, GNN models have been
applied to incorporate RNA-Seq data, for tasks like predict-
ing disease states and cell-cell relationships (Wang et al.
2021; Ravindra et al. 2020).

Limitations of Previous Work. The topology-driven meth-
ods focus only on graph edges. They cannot incorporate ex-
perimental data to infer biological networks. While GNN-
based methods can generate targeted interactions in a data-
driven manner, their objectives do not explicitly focus on in-
ferring networks and are typically task-specific. In contrast,
our method focuses on directly explaining graph representa-
tions of bio-networks under specific experimental data.

Problem Formulation

Definition 1 (Knowledge bio-networks). The bio-networks
can be represented as a graph G = (V, ), where V denotes
the vertices, each representing a molecule such as a gene
or protein, and £ is the set of edges, representing molecular
interactions. Let G = {Q(m)}jf:l denote a dataset com-
prising M bio-networks. Each G(") is associated with a la-
bel y(™) € Y, indicating its primary biologically functional
class such as metabolism or human diseases.
Definition 2 (Molecular experimental data). For each
node v €V, we are given a condition-specific feature vector
x, € R? derived from molecular experiments (e.g., amino-
acid sequence embeddings, gene-expression counts, or pro-
tein abundances ). Collecting all nodes yields the matrix
XM = [x,], ), m) for network GO,
Problem 1 (Bio-network inference). Let G = (V,&) be a
curated graph and the node features X = {x, },¢y obtained
from condition-specific experimental data (e.g., amino-acid
embeddings). Although G is static, the pair (G, X) consti-
tutes a data-specific graph that reflects the molecular state of
the same pathway under the given experiment. To this end,
we formulate this problem as a two-stage sub-graph learn-
ing and explaining task.

» Task-1: Graph representation learning and classifica-
tion. Learn a classifier F'(G, X) that predicts the func-
tional label y €'Y of an unseen data-specific graph.

¢ Task-2: Targeted subgraph explanation. Develop an ex-
plainer E(-) that identifies the smallest subgraph G C G
such that (G, X) still outputs .

Problem 2 (Pathway modeling). Many biological functions
arise from long, multi-step reaction pathways that span sev-
eral hops in G. Capturing long-range dependencies is essen-
tial: (1) for functional prediction, as perturbation effects of-
ten propagate across distant nodes; and (2) for mechanistic



Stepl. Pathway Representation Learning

Oz E5
W =E=m=n

Bio-network data

[epowr uonepunoy
[eo13ojo1g

e e e e T T T \

Pathway Masks M '

PathExplainer
Step2. Targeted Pathway Inference

Knowledge bio-networks

(6,X)

Specific targeted pathway networks
(9,X)

Local interactions L cross-entropy

Node-wise GNN

>

Biological function
distribution H(Y)
* A A
'max MZ(Y, (6, X))

- -

Global dependencies

IISSe[)

1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
-

1
1
1
o v
L - : Inference
4’ o<® | b
1
- - .
}zafhf” fl }fv_w_s e_s_e q_ufn_tlfl_]\{ain P 21 _! Targeted distribution

PathMamba HY|G=6X=X)

Figure 2: Overview of EXPATH. Our method comprises two novel components. (1) PATHMAMBA combining graph neural net-
works with state-space sequence modeling (Mamba) to capture both local interactions and global pathway-level dependencies
for pathway information learning; and (2) PATHEXPLAINER identifies functionally critical nodes and edges through trainable

pathway masks for targeted pathway inference.

insight into causal pathways beyond local interactions. Dif-
ferent experimental conditions on the same network, there-
fore yield distinct, data-specific subgraphs G, each revealing
targeted pathway most responsible for the given data. Hence,

* Expectation: Pathway-level encoding and explaining.
The classifier F'(-) and explainer E(-) leverage both graph
topology and node features. F'(-) aims to capture long-
range dependencies, yielding high and class-balanced ac-
curacy. Also, E/(-) extracts subgraphs that retain biologi-
cally meaningful information of long pathways.

Proposed Method
Framework

EXPATH comprises two components: graph-based classifi-
cation and post-hoc subgraph explanation, as shown in Fig-
ure 2. To tackle Task-1, PATHMAMBA, a classifier combin-
ing GNNs with state-space sequence modeling, is to cap-
ture both local node-pair interactions and global pathway-
level dependencies. To address Task-2, PATHEXPLAINER, a
graph explainer with pathway-wise masking, aims to iden-
tify the most influential subgraphs. We explicitly integrate
pathway information into both models to meet Expectation.

Notably, our EXPATH is compatible with large biological
foundation models for encoding experimental data. In this
work, we leverage large protein language model encodings
to investigate the mapping from amino acid (AA) sequences
to corresponding pathway bio-networks. Learning from AA
sequence data is challenging due to its inherent complex-
ity. Even slight variations can lead to significant structural
changes, potentially disrupting protein functionality within
pathways. Several studies focus on feature extraction in AA
sequences, like AlphaFold (Jumper et al. 2021).
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Feedforward Process. We first encode experimental data
into node attributes using ESM-2 (Lin et al. 2023). It is pre-
trained on over 60 million AA sequences with parameter
scaling up to 15 billion. We then train PATHMAMBA to learn
pathway-level information and perform bio-network classi-
fication. Finally, we apply PATHEXPLAINER to selectively
highlight the minimal subgraphs that drive the final predic-
tion, offering interpretable insights into key pathways.

PATHMAMBA: Pathway Representation Learning

PATHMAMBA integrates the Graph Isomorphism Network
(GIN) with a novel pathway-wise Mamba model. It lever-
ages the strengths of both global selective modeling mecha-
nisms and message-passing GNNs. Specifically, inspired by
GPS (Rampasek et al. 2022), our model avoids early-stage
information loss that could arise from using GNNs in the
initial layers. We employ novel pathway-wise global aggre-
gation in efficient combination with random pathway sam-
pling and sequential Mamba (Gu and Dao 2024) modeling.
At each layer, node and edge features are updated by aggre-
gating the outputs of a pathway-wise Mamba as:

X1 = pathMamba' (Xl7A) , (D
computed as XlLH, = LocalGIN (XZ,A) , 2)
Xgrl, = GlobalMamba' (XZ,A) 3)
X Mip! (XP + XEY @

where A € RM*N s the adjacency matrix of a graph
with N nodes and F edges; X! € RN*9 represents the
d-dimensional node features at layer /; LocalGIN' is a
GIN; GlobalMamba' is a global pathway-wise aggrega-
tion layer; and MLP! is a two-layer multilayer perceptron
(MLP) used to combine local and global features.



Positional Encoding. To address a fundamental limitation
of GNNs (Xu et al. 2019) or hybrid models (Rampasek et al.
2022) to distinguish nodes with identical local structures,
The node embedding h; € R and the positional encoding
pi € RX are concatenated and passed through a linear layer
to obtain the final representation: x; = Linear([h;||p;]),
where [h;||p;] € R¥T¥ denotes the concatenation.

Node-wise local aggregation. The GINs update Node fea-
tures by aggregating information from their local neighbors.
The GIN operation can be expressed as:

X =ReLU (W' (1+ X'+ > XD |, 6
JEN (D)

where N (i) represents the set of neighbors of node i, W'
is the learnable weight matrix at layer [, and € is a trainable
parameter controlling the importance of self-loops.

Pathway-wise global aggregation. To capture long-term
dependencies, we propose random pathway sampling and
sequential pathway modeling in PATHMAMBA.
- Random Pathway Sampling. Formally, for each node v;,
we randomly sample a varied, single pathway with a maxi-
mum length of L. The sampling process is defined as:
Q= {d' | ¢ ~Pathway(vi,L), |¢!| <L}, |, (6)
where N is the number of nodes in the graph, and q' rep-
resents the sampled pathway for node v;. Each pathway q'
is a sequence of nodes {v;, v;,,vi,,...,v;, }, sampled ac-
cording to a random walk process (Tonshoff et al. 2023).
The sampling process Pathway(v;, L) involves selecting a
sequence of connected nodes starting from v;. The selec-
tion of each subsequent node is determined probabilistically,
guided by the graph adjacency structure.
- Sequential Pathway Modeling. The forward propagation of
the Mamba layer aggregates long-range dependencies along
the sampled pathways. The selective sequential modeling of
Mamba is well-suited for capturing such path information.
For each sampled pathway q! € Q(X!), the Mamba layer
processes the pathway sequentially as:

Ay =71a(fa(xt)), By = fp(x}),
hi = (1-A,-Dhl_, + A, Bx.,

Ct = f C (Xi )7
Xt =c-nt,
™)
where x! is the ¢-th input node feature matrix in pathway q
atlayer [. f, are learnable projections and h{ is hidden state.
Ta is the softplus function. The forgetting term (1 — A¢ - D)
implements a selective mechanism analogous to synaptic de-
cay or inhibitory processes that diminish outdated or irrele-
vant information. Conversely, the update term A{ - B mir-
rors gating that selectively reinforces and integrates salient
new information. The projection C¢ translates the internal
state into observable outputs. By processing each sampled
pathway individually, the Mamba layer effectively aggre-
gates information along each pathway. The aggregated path-
way representations are then combined to form the updated
node features X gfl for the next layer.
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Afterward, we apply max pooling over the node features,
i.e., {hy, } Y, followed by an MLP and softmax activation
for the classification task.

PATHEXPLAINER: Targeted Pathway Inference

PATHEXPLAINER directly infers subgraphs to generate tar-
geted pathways by leveraging the interpretability of PATH-
MAMBA. Vallina GNNexplainers (Ying et al. 2019; Luo
et al. 2020), which focus primarily on the node or edge level,
often struggle to capture the global structures at the pathway
level. In contrast, PATHEXPLAINER introduces novel path-
way mask training, where entire pathways (i.e., connected
nodes and edges) are selectively masked during training to
evaluate their contributions to PATHM AMBA.

Theoretical Objective. PATHEXPLAINER formalizes the
identification of important subgraphs as an optimization
problem. For a given graph G and its features X, the explana-
tion is defined as (Q, X), where Q C @ is the subgraph and
X represents the selected features. The explanation is de-
rived by optimizing the mutual information MZ(-) between
the subgraph and the model’s prediction, aiming to identify
G that captures the predictive rationale of PATHMAMBA:

mg@x./\/lI(Y, (G.X))=H(Y)-H(Y |G=§,X=X),

®)
where H(Y) is the entropy of the predictions Y and H (Y |
G=GX= X) is the conditional entropy given the expla-
nation. A lower conditional entropy indicates a more faithful
and informative representation of the prediction.

Optimization Framework. The optimization is ap-
proached by learning a pathway mask M for the sampled
pathway’s edges and nodes based on random pathways Q as
described in Section . For each node v;, a random pathway
q; of length up to L is sampled. These pathways are then
used to restrict the mask learning process within the sam-
pled pathways, ensuring that the learnable pathway mask M
focuses on them. Specifically, the targeted subgraph G isin-
ferred based on M as: G = G ® (M), where o denotes the
sigmoid function. The loss function for PATHEXPLAINER
combines two components: a cross-entropy term for predic-
tion consistency and regularization terms for sparsity:

C
Linask 1= —Zﬂ[y:c]logpq)(Y:y | g:gA7X:X)+)‘HM|| )

c=1

(€))
where || M || encourages sparsity in the edge selection, Y is a
random variable representing labels {1, 2, ..., C}, and X bal-
ances the trade-off between the prediction consistency and
the sparsity regularization. Hence, the identified important
subgraphs and node features that contribute most to specific
bio-networks are considered as targeted pathways.

Theoretical Analysis for Targeted Pathway Fidelity

In this section, we place our method within the Weis-
feiler—-Lehman (WL) hierarchy to characterize its expressive



Human Diseases Metabolism Organismal Systems Molecular & Cellular Processes Overall

Methods Precision Recall Precision Recall Precision Recall Precision Recall Accuracy

GCN 0.632+£0.013 0.669 +0.022 | 0.895 +0.009 0.958 £0.007 | 0.644 £0.037 0.630+0.023 | 0.570 +£0.033  0.357 £0.025 | 0.683 £ 0.056
GraphSAGE 0.583 £0.020 0.633 £0.072 | 0.890 £0.007 0.959 +0.014 | 0.553 +0.041 0.575+0.031 | 0.526+0.059 0.337 £0.062 | 0.632 +0.037
GAT 0.630 £0.015  0.643 £0.036 | 0.932 +0.017 0.970+0.008 | 0.659 +0.015 0.703 £0.010 | 0.560 +0.058 0.370 +£0.025 | 0.690 +0.018
GIN 0.688 £0.023  0.697 £0.014 | 0.912+0.016 0.944+0.022 | 0.629 +0.025 0.638 +£0.041 | 0.606 +0.032  0.497 +£0.027 | 0.717 £0.013
GPS 0.744 £0.018  0.729 £ 0.024 | 0.893 £0.006 0.955+0.014 | 0.634 +0.026 0.658 £0.011 | 0.629 +£0.060  0.507 + 0.019 | 0.726 +0.014
Graph-Mamba | 0.707 £0.024  0.712 £ 0.024 | 0.897 £0.009 0.967 £0.007 | 0.626 £0.021 0.663 +0.033 | 0.700 £ 0.021 0.463 £0.032 | 0.723 £0.014
PATHMAMBA | 0.786 +0.029 0.800 +0.033 0.915+0.011 0.972 +0.005 | 0.670 +0.026 0.703 +0.010 | 0.667 +0.035 0.497 +£0.028 | 0.744 + 0.015
w/ 3B 0.752£0.022  0.726 £ 0.027 0.917 £0.008 0.973 +0.010 | 0.661 +0.017 0.663 +0.023 | 0.656 +0.032  0.550 +0.042 | 0.742 + 0.009
w/ 150M 0.764 £0.031 0.764 £0.011 0.906 £0.011 0.975+0.013 | 0.639 +0.023 0.688 £0.025 | 0.653 +0.029 0.510+0.030 | 0.728 £0.013
w/ 35M 0.748 £0.033  0.751 £0.019 0.914 £0.005 0.969 £0.007 | 0.634 £0.028 0.663 +0.028 | 0.633 +£0.055 0.510+£0.049 | 0.722 £0.013
w/o ESM-2 0.380£0.008 0.585+0.015 0.669 +0.015 0.585+0.015 | 0.241 +£0.007 0.063 £0.019 | 0.378 £0.030  0.377 £0.043 | 0.440 +0.010

Table 1: Baseline comparison results on bio-network classification. The best and second-best results are highlighted in bold
and underline, respectively. The gray-shaded rows indicate PATHMAMBA with different ESM-2 (encoder) parameter settings.

power. By proving that our explainer goes beyond the 1-
WL limitation, we ensure that the extracted pathways cap-
ture higher-order structural patterns, establishing a theoret-
ical upper bound on fidelity and inference ,supporting the
empirical results.

Lemma 1. (Expressiveness for explanations). When com-
bined with higher expressive models (e.g., it distinguishes
more graphs), PATHEXPLAINER can generate more finely
differentiated (and potentially more “faithful”’) explanation
pathways (subgraphs). In contrast, a less expressive mod-
els merges different graphs into larger equivalence classes,
leading to non-unique, less granular explanations.

We prove this by showing that the expressiveness of the
underlying a graph classifier f determines the granularity of
equivalence classes, with more expressive models enabling
finer distinctions between graphs.

Lemma 2 (Comparison with k-WL test). For every k > 1
there are graphs that are distinguishable by PATHM AMBA,
but not by k-WL (and hence not by k-WL GNNs).

Proof. The proof of this theorem directly comes from the
recent work (Tonshoff et al. 2023; Behrouz and Hashemi
2024). They prove a similar theorem using 1-d CNNs (Ton-
shoff et al. 2023) or SSM (Behrouz and Hashemi 2024)
with randomly sampled subgraphs. Since our method adopts
Mamba (an SSM architecture) combined with the random
sampling strategy, their theoretical results are directly appli-
cable to our setting.

Lemma 3 (Comparison with 1-WL test). PATHMAMBA is
strictly more expressive than 1-WL GNNs.

Proof. We first note that PATHMAMBA contains the GIN as
a sub-module, which has the same expressive power as the 1-
WL test (Xu et al. 2019). Therefore, PATHM AMBA is at least
as expressive as 1-WL GNNs. By Lemma 2, there are graphs
that cannot be distinguished by 1-WL GNNs, but can be dis-
tinguished by PATHMAMBA. Consequently, PATHMAMBA
is strictly more expressive than 1-WL GNNs. 0

Theorem 1 (Explanations of EXPATH). Based on Lemma
I, 2, and 3, EXPATH can generate more finely differen-
tiated (and potentially more “faithful”) explanation path-
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Methods Training Time (msec) Inference Time (msec)
GPS 292 4+23 103 +£0.3
Graph-Mamba 348 £ 04 9.5+0.2
PATHMAMBA 244+ 0.9 6.9 + 0.2

Table 2: The computational efficiency comparison with hy-
brid models, including both training and inference runtime.

ways (subgraphs) than 1-WL GNN-based methods, and not
bounded by any WL GNN methods.

Experiments and Results

Dataset and Preprocessing. We collected all available hu-
man pathway networks from the widely used knowledge
database, KEGG (Kanehisa and Goto 2000). Our dataset
consists of four main classes: Human Diseases, Metabolism,
Molecular and Cellular Processes, and Organismal Systems,
covering 301 bio-networks. For nodes, we ensured that all
protein nodes in the network were linked to their reference
AA sequence data.

Experimental Setup. We conducted 10-fold stratified K-
Fold cross-validation repeated five times. The optimal hy-
perparameters were determined using grid search. Training
for all models was implemented on NVIDIA A6000 GPU
and Xeon Gold 6258R CPU.

Experiment-I: Pathway Learning

Objective. This experiment aims to evaluate whether EX-
PATH can classify diverse bio-networks and benchmark its
performance against baseline models.

Baselines and Metrics. We collected baselines from both
message-passing GNNs and more advanced graph mod-
els, including GCN (Kipf and Welling 2017), GraphSAGE
(Hamilton, Ying, and Leskovec 2017), GAT (Velickovié
et al. 2018), GIN (Xu et al. 2019), GPS (Rampasek et al.
2022), and Graph-Mamba (Wang et al. 2024). We employed
precision, recall, and overall accuracy for the performance
evaluation. We used 650M ESM-2 for PATHMAMBA and all
baselines as the node feature encoding model.

Results. Table 1 demonstrates that PATHMAMBA achieves
the highest accuracy (0.744), outperforming all GNNs, GPS
(0.726), GraphMamba (0.723). Furthermore, it secures best
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Figure 3: Fidelity+ (necessity 1) and Fidelity- (sufficiency
J) scores of extracted subgraphs. Our PATHEXPLAINER
achieves the best performance on both metrics.

or second-best positions across all functional categories,
demonstrating its robust ability to generalize across diverse
pathway structures. The gray-shaded rows indicate the re-
sults of removing ESM-2 and modifying the model size in
terms of F1 scores. When ESM-2 is removed, the accuracy
decreases significantly (0.74 — 0.44). The results highlight
the importance of AA-seq and the limitations of prior studies
that were unable to leverage this information.

Table 2 compares the training and inference times of our
model with other expressive hybrid models, using a batch
size of 32. Our training time is 30% faster than GPS, and
inference time is 27% faster than Graph-Mamba.

Experiment-II: Pathway Inference

Objective. This experiment aims to quantify the fidelity
of extracted subgraphs using PATHEXPLAINER and validate
the importance of pathways specific to biological functions.
Baselines. We use three baseline categories—(i) con-
ventional statistical methods: RandomSubgraphSampling
(RSS) (Kashtan et al. 2004b), PersonalizedPageRank (PPR)
(Ivan and Grolmusz 2011), and MinimumDominatingSet
(MDS) (Nacher and Akutsu 2016; Wuchty 2014)); (ii)
gradient-based methods: Saliency (Simonyan, Vedaldi, and
Zisserman 2013), InputXGradient (Shrikumar, Greenside,
and Kundaje 2017), Deconvolution (Mahendran and Vedaldi
2016), ShapleyValueSampling (Strumbelj and Kononenko
2010), and GuidedBackpropagation (Springenberg et al.
2014); (iii)) GNN-specific explainer method: GNNExplainer
(Ying et al. 2019) and PGExplainer (Luo et al. 2020).

Metrics. We evaluated the distinctiveness of the path-
ways inferred by PATHEXPLAINER using fidelity metrics,
Fidelity+ and Fidelity-. Fidelity+ measures how well the se-
lected features support accurate predictions, while Fidelity-
checks how much accuracy drops when only those features
are kept. We further evaluated the length of pathways. Max
Path Length captures the longest simple path in each sub-
graph, reflecting whether long signaling chains are retained.
Average Diameter measures the typical node-to-node dis-
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Methods Max Path Length  Average Diameter

Minimum Dominating Set 6 2.00
Random Sampling 11 2.90
Personalized Page Rank 4 1.53
PATHMAMBA-GNNEXxplainer 9 2.90
GPS-PATHEXPLAINER 12 3.95
EXPATH (Ours) 16 4.20

Table 3: Comparison of pathway-preservation ability across
subgraph extraction baselines. Higher path length and diam-
eter indicate better retention of long-range interactions.

tance, showing how spread out the nodes remain after ex-
traction.

Results. Figure 3 shows that PATHEXPLAINER achieves the
highest fidelity+ and the lowest fidelity-. The main reason
is that GNNExplainers optimise a mask for each individ-
ual node or edge level, whereas PATHEXPLAINER infers
pathways (subgraphs) as a single coherent unit. Deconvo-
lution simply aggregates all edges with large gradients, it al-
most covers every active edge. This pushes low fidelity —, but
since it retains many redundant edges, removing them hardly
changes the output, so fidelity™ (necessity) stays low. GNN-
specific or gradient-based methods (blue points) show lower
fidelity- compared to traditional methods (green points), in-
dicating that the learned AA-seq enables the identification
of sufficient subgraphs.

Table 3 presents that our method attains up to 4 x longer
preserved paths and up to 2.7 x larger diameters than com-
peting approaches. This supports that the identified suffi-
cient and necessary features capture biologically meaningful
pathways and meets our Expectation.

Experiment-III: Biological Meaningfulness

Objective. We propose an evaluation workflow to analyze
the biological significance of the subgraphs and pathways
extracted from our method. This workflow should integrate
the weighting/ranking scores of pathway inferred by EX-
PATH into biological metrics, enabling the direct quantifi-
cation of outputs from the models.

Proposed Evaluation Metrics. We designed experiments
centered on Gene Ontology (GO) analysis (Ashburner et al.
2000), focusing on the nodes within the extracted subgraphs.
The results provide a list of GO terms highlighting the bi-
ological functions most significantly represented in the in-
put gene (corresponding to protein) nodes (Ashburner et al.
2000). Then we proposed Number of Enriched Biologi-
cal Functions (#EBF) and Enrichment Contribution Score
(ECS) to evaluate breadth and depth of the extracted func-
tions (Yang et al. 2025). A higher #EBF indicates broader
functional diversity within the subgraph. ECS evaluates the
relative contribution of the top-weighted genes.

Results. Table 4 presents the biological meaningfulness
comparison results for subgraphs extracted using differ-
ent methods. Overall, EXPATH achieves the highest per-
formance across #EBF, ECS, and P-value. This highlights
its ability to extract biologically relevant structures within
pathway networks, effectively balancing breadth and depth.
While conventional methods (RSS, MDS, and PPR) per-



Methods #EBF (1) ECS (1) P-value ()
RSS 5.29 0.27 0.045
MDS 6.34 0.23 0.043
PPR 6.64 0.23 0.042
GIN-GNNE 6.94 0.59 0.041
GPS-GNNE 8.88 0.22 0.039
GraphMamba-GNNE 10.73 0.21 0.042
PathMamba-GNNE 11.89 0.73 0.036
GIN-PathE 11.06 0.69 0.041
GPS-PathE 8.26 0.43 0.037
GraphMamba-PathE 10.89 0.59 0.038
EXPATH 14.77 0.84 0.036

Table 4: Biological meaningfulness comparison results: The
best-performing results are highlighted in bold. The second-
best results are highlighted in underline.
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Figure 4: UpSet plot of enriched GO terms across four path-
way classes, based on top feature sets from subgraphs for
different methods. Orange indicates GO terms uniquely en-
riched in one class, and blue represents GO terms shared
across multiple classes.

form relatively poorly in overall #EBF and ECS, with almost
boundary P-values achieved.

Figure 4 evaluates the differences in enriched GO terms
across four pathway classes based on top gene sets from
subgraphs extracted by different methods. The upset plot
reveals that EXPATH identifies the most extensive sets of
unique GO terms (shown as the orange bars and links) across
all four pathway classes while maintaining fewer shared
terms (shown as the blue bars and links) among different
classes. This suggests that EXPATH tends to assign appro-
priate weights to genes based on their importance within the
network and effectively captures the distinct biological roles
of top-ranked genes in specific pathway classes.

Experiment I'V: PoC of Biological Case Study

Setup. We make a Proof-of-Concept case analysis using the
T cell receptor (TCR) signaling pathway, which is a well-
characterized human pathway. In this case study, we com-
pare subgraphs extracted by two methods: TCR Subgraph A,
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Survival

PI3K-Akt
signaling pathway

ExPath subgraph

Figure 5: Comparison of subgraphs extracted from the TCR
signaling pathway. The subgraph nodes and their signaling
modules are colored in red. The disruptions within signaling
paths are marked in green boxes.

generated using the RSS method, and Subgraph B, obtained
via our proposed method. Each method selects the top 10%
highest-ranked nodes and their associated edges to construct
a representative subgraph.

Results. In Figure 5, the upper subfigure presents the TCR
subgraph extracted by the RSS method, while the lower
one corresponds to our EXPATH. In subgraph A, generated
by the RSS method, high scores are distributed uniformly
across a broad range of nodes within the TCR pathway.
However, this suggests unnatural, fragmented signal prop-
agation, as evidenced by the numerous isolated red-marked
nodes and a green broken connection in PDPK1. In contrast,
subgraph B, extracted by our method, exhibits a strong focus
on the PI3K-AKT signaling axis (Vara et al. 2004) and the
downstream components of the MAP3K8 survival (Dolcet
et al. 2005), as highlighted by a coherent red-marked path.
Discussion. In summary, the extracted subgraphs by EX-
PATH align with the needs of real-world pathway analysis
practices: maintaining signal continuity within regulatory
cascades and even accommodating relatively long signaling
paths, making them more suitable for focused analyses of
bio-network regulatory mechanisms.

Conclusion

We introduced EXPATH, a novel framework for understand-
ing targeted pathways within biological knowledge bases.
EXPATH integrates PATHMAMBA, a hybrid model to cap-
ture local and global dependencies; and PATHEXPLAINER,
a subgraph learning module that identifies key nodes and
edges via trainable pathway masks. EXPATH seamlessly in-
tegrated biological foundation models to encode the ex-
perimental molecular data. We also introduced machine-
learning-oriented biological evaluations and a new metric.
The experiments involving 301 bio-networks evaluations
demonstrated that pathways inferred by EXPATH main-
tain biological meaningfulness. Future work will expand
EXPATH to analyze other types of bio-networks, enabling
broader applications in systems biology and medicine.
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