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Abstract

Identifying cancer driver genes (CDGs) requires in-
tegrating heterogeneous biological networks, each
encoding distinct mechanistic insights into tumori-
genesis. Existing multi-network methods typi-
cally fuse views at the feature level or enforce
uniform representations, which obscures network-
specific signals and limits interpretability. To ad-
dress this, we propose LogicFusion, a novel dif-
ferentiable framework that treats each biological
network as an independent probabilistic evidence
source and explicitly learns how to combine them
using logical reasoning. Specifically, LogicFusion
maps the output of each view into probabilistic
space as independent evidence, and learns a set
of logical rules in a differentiable manner. These
rules adaptively select and fuse these view evi-
dences through logical conjunction (AND) and dis-
junction (OR). The final prediction is then obtained
via gene-specific weighting. LogicFusion enables
both high-accuracy CDG identification and inter-
pretable attribution of predictions to specific net-
works. Experiments on pan-cancer and cancer-
specific datasets show that LogicFusion consis-
tently outperforms state-of-the-art methods, while
providing transparency in multi-view genomic rea-
soning through learned logical rules.

1 Introduction
Cancer is a highly complex genomic disease with pronounced
heterogeneity, arising from the accumulation of diverse ge-
nomic alterations. Genes that play a causal role in cancer
development are known as cancer driver genes (CDGs). [Hou
et al., 2024]. Accurate identification of CDGs is critical for
understanding cancer mechanisms and facilitating precision
therapies [Jang et al., 2019]. With the rapid growth of large-
scale genomic data and biological network resources, compu-
tational approaches that leverage molecular interaction infor-
mation have advanced CDG identification with effectiveness
and efficiency.

∗Corresponding authors.

Recent studies have shown that integrating multiple bi-
ological networks is essential to improve the accuracy of
CDG identification [Chen et al., 2025]. By integrating pro-
tein–protein interaction networks from diverse sources [Han
et al., 2023], pathway co-occurrence and semantic simi-
larity networks [Peng et al., 2024], or gene co-expression
and sequence similarity networks [Zhao et al., 2022], the
multi-network approaches aim to construct more compre-
hensive CDG identification models from varied perspec-
tives [Chatzianastasis et al., 2023]. However, current multi-
network methods still face two critical limitations. First, most
approaches perform integration at the feature level and rely on
representation alignment or consistency constraints. These
designs implicitly assume that gene relationships across bi-
ological networks can be homogenously aligned into a sin-
gle latent space for integration [Han et al., 2023]. This as-
sumption may smooth out network-specific signals when con-
flicting evidence exists across networks, and it becomes dif-
ficult to clearly reveal the contribution mechanisms of each
network to the final prediction. Second, biological network
resources are rapidly expanding and exhibit substantial het-
erogeneity, incompleteness, and varying reliability. As a re-
sult, indiscriminately integrating all available views may in-
troduce redundancy or noise, leading to suboptimal fusion re-
sults [Liu et al., 2023]. To date, how to automatically identify
the most informative subsets from an expanding collection of
biological networks, and how to integrate heterogeneous in-
formation in a flexible and transparent way, remains a key
open challenge in biomarker discovery and computational bi-
ology [Liang et al., 2024].

In this paper, we propose LogicFusion, a differentiable rule
learning framework for CDG identification that casts multi-
network integration as a decision-level probabilistic logical
reasoning problem. Unlike existing methods that rely on
feature-level alignment and fusion, LogicFusion maps each
biological network’s output to a Beta distribution as an in-
dependent evidence perspective. Then, we introduce two
closed-probability operations (conjunction and disjunction)
to flexibly combine evidence from different networks into
logical rules. Intuitively, the conjunction (AND) operator
captures cases where multiple networks jointly support the
same hypothesis, while the disjunction (OR) operator cap-
tures complementary evidence, allowing a hypothesis to be
supported even when strong evidence is provided by only a
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subset of networks. In addition, LogicFusion incorporates a
differentiable rule generator that automatically constructs the
most informative fusion rules for each gene in a data-driven
manner. This design enables flexible, adaptive, and inter-
pretable fusion of heterogeneous biological networks at the
gene level. Our contributions are summarized as follows:

• We propose LogicFusion, a decision-level probabilistic
logic fusion framework that moves beyond feature align-
ment fusion, allowing multi-network fusion while pre-
serving network-specific heterogeneity.

• We introduce closed-form probabilistic logical opera-
tors (AND/OR) grounded in Beta distributions, enabling
transparent and differentiable fusion of heterogeneous
biological evidence through logical rules.

• We design a differentiable logical rule generator that au-
tomatically selects views and builds logical rules in a
data-driven manner, avoiding combinatorial explosion
while enabling gene-specific adaptive multi-view fusion.

• Extensive experiments on Pan-Cancer and cancer-
specific datasets demonstrate that LogicFusion achieves
consistent performance improvements over state-of-the-
art methods and can provide interpretable gene-specific
fusion patterns.

2 Related Work
2.1 Cancer Driver Gene Identification
The computational methods for CDG identification have
evolved from traditional statistical analysis to intelligent com-
putation based on complex networks. Early approaches pri-
marily focused on identifying driver genes by assessing sta-
tistical significance based on mutation frequency [Dees et al.,
2012], but struggled to detect low-frequency driver genes.
Subsequently, several studies employed machine learning al-
gorithms to integrate multi-omics features within identifica-
tion models [Davoli et al., 2013; Tokheim et al., 2016], yet
these approaches relied on manual feature engineering and
failed to incorporate correlation information between genes.

Graph neural networks (GNNs) have recently gained
prominence in CDG identification due to their ability to
jointly integrate both node attributes and network structure.
Early studies such as EMOGI [Schulte-Sasse et al., 2021] and
MTGCN [Peng et al., 2022] utilized graph convolutional ar-
chitectures to integrate biological networks with multi-omics
features, thereby capturing higher-order functional dependen-
cies among genes. Subsequent works have sought to refine
GNN-based CDG prediction through architectural enhance-
ments and advanced learning paradigms. For instance, ECD-
CDGI [Wang et al., 2024] introduced an energy-constrained
diffusion mechanism to suppress noisy propagation, while
deepCDG [Wu et al., 2025] improves gene representations by
integrating multi-omics features through an attention-based
GCN architecture. However, by relying on a single type
of biological network, these approaches inherently fail to
capture the multi-view and heterogeneous nature of cancer-
related molecular mechanisms [Chatzianastasis et al., 2023;
Sun et al., 2025].

Recent studies have explored multi-view graph learning.
For example, MODIG [Zhao et al., 2022] aggregated rep-
resentations across multi-dimensional gene networks, while
MPIT [Han et al., 2023] integrated multiple PPI networks
via feature alignment. More advanced methods like DIS-
Fusion [Deng et al., 2025] captured shared information be-
tween PPI networks and gene functional association through
a cross-view decorrelation loss, and MNGCL [Peng et al.,
2024] employed contrastive learning to encourage consis-
tency across network views. However, these methods mainly
perform representation-level fusion. Aligning or forcing con-
sistency across diverse networks often smooths out unique,
network-specific signals. Furthermore, such implicit fusion
also make it difficult to determine the specific contribution of
each network view to the final prediction.

2.2 Probabilistic Logic
Probability distributions are often used to represent predictive
outputs and latent quantities in learning models, providing a
richer description than point estimates [Bishop and Quazaz,
1996]. Probabilistic logic formulations relax standard logical
operators into differentiable forms, enabling neural networks
to perform logical operations over continuous representa-
tions [Rocktäschel and Riedel, 2017]. Representative ap-
proaches include geometric query embedding methods (e.g.,
Query2Box[Ren et al., 2020]) and probabilistic distribution–
based models such as BetaE[Ren and Leskovec, 2020]. In
particular, BetaE represented entities and queries using Beta
distributions and defines neural logical operators in the em-
bedding space, enabling compositional reasoning with con-
junction (AND), disjunction (OR), and negation (NOT).

By embedding logical structure directly into learning ob-
jectives, these approaches provide an explicit, compositional
mechanism for fusing multiple signals under semantic con-
straints, enabling structured and expressive reasoning over
complex factor combinations that goes beyond what standard
numerical aggregation can achieve[Maene and Tsamoura,
2025] . While such approaches have shown promise in do-
mains requiring explicit symbolic reasoning, such as knowl-
edge graph query answering[Ren and Leskovec, 2020] and
recommender systems[Wu et al., 2024], their potential for
multi-view or multi-network fusion in biological contexts re-
mains largely unexplored. To bridge this gap, we propose
LogicFusion in this paper, a novel probabilistic logic-based
framework for CDG identification that enables robust fusion
of multi-view biological networks through decision-level log-
ical reasoning.

3 Problem Statement
Let G = {G1, G2, . . . , GN} denote a set of N biologi-
cal networks, where each graph Gn = (V,En, X) shares
the same node set V = {v1, . . . , v|V |} and feature matrix
X ∈ R|V |×m, but differs in its edge set Ei ⊆ V × V , re-
flecting the heterogeneity across biological conditions. Each
node represents a gene, and each row of X encodes an m-
dimensional multi-omics feature vector xi ∈ Rm.

Given the multi-network input G, CDG identification is for-
mulated as a node-level binary classification task. The goal is
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Figure 1: The framework of LogicFusion: The model extracts gene representations from each biological network and parameterizes them as
beta distributions. A differentiable rule generator then combines views into distinct logical rules, which are fused via probabilistic logical
operations AND (∧) and OR (∨). Finally, predictions are obtained in a gene-specific manner.

to learn a function f : G → {0, 1}|V | that predicts whether
each gene vi ∈ V is a CDG.

4 Methodology
The LogicFusion framework (Fig. 1) consists of three main
components: 1) multi-network graph encoding and Proba-
bilistic Modeling; 2) differentiable rule generation; and 3)
probabilistic logical reasoning. Together, these components
enable differentiable multi-network integration by learning
gene-specific logical expressions for decision-level fusion.

4.1 Multi-network Graph Encoding and
Probabilistic Modeling

Multi-network Graph Encoding
We employ GNN encoders to learn view-specific gene rep-
resentations from N biological networks. To cope with the
sparsity and noise commonly observed in biological net-
works, we adopt the ARMA graph convolutional opera-
tor [Bianchi et al., 2021] to extract topology-aware and robust
node representations for each network view.

Given a biological network of the n-th view Gn =
(V,En,X), ARMA convolution computes node embeddings
by recursively filtering node features with skip connections.
The node features are updated as:

X(t+1) = σ
(
L̂nX

(t)W +X(0)Wskip

)
, (1)

with X(0) = X, where σ(·) denotes a nonlinear activation
function, W and Wskip are learnable weight matrices, and
L̂n = D

−1/2
n AnD

−1/2
n is the normalized graph Laplacian

constructed from the adjacency matrix An and degree matrix
Dn, both induced by the edge set En.

Applying the ARMA encoder to all N networks yields a
set of view-specific node embeddings {z1, . . . , zN} for each
gene, which serve as inputs for subsequent probabilistic mod-
eling and rule-based reasoning.

View-wise Probabilistic Modeling
Given the view-specific node representation zn from the n-
th biological network, we associate each view with a Beta
distribution. Following prior work such as BetaE [Ren and
Leskovec, 2020], the Beta distribution serves as a bounded
probabilistic embedding space for modeling and compos-
ing logical expressions. Formally, the Beta distribution is a
continuous probability distribution defined on [0, 1], making
it suitable for modeling the probability if a gene is a can-
cer driver. Its probability density function p(s | α, β) =

1
B(α,β)s

α−1(1− s)β−1, where s ∈ [0, 1], α, β > 0 are shape
parameters, and B(α, β) denotes the beta function.

For each gene vi ∈ V and each view n ∈ {1, . . . , N},
we employ a lightweight network consisting of a fully con-
nected layer followed by a Softplus activation to produce the
shape parameters (αi,n, βi,n), defining a view-wise distribu-
tion Beta(αi,n, βi,n). By parameterizing a distinct Beta dis-
tribution for each network view, we capture view-specific het-
erogeneity and establish a foundation for rule generation and
probabilistic logical operations.

4.2 Differentiable Rule Generation
After obtaining the probabilistic representations of each net-
work view, we further construct a set of learnable logical
rules based on these views and perform probabilistic logic
fusion across multiple views through conjunction (AND) and
disjunction (OR) operators. Each rule corresponds to a sub-
set of selected views, capturing whether multiple views must
jointly support a gene or whether alternative views can in-
dependently contribute. However, a key challenge is to select
the optimal subset of views for each rule, which involves non-
differentiable discrete decisions. To this end, we introduce a
differentiable rule generator by adopting a Gumbel-Softmax
relaxation [Jang et al., 2017].

Specifically, we introduce a binary rule-selection matrix
S ∈ {0, 1}2R×N , where 2R is the total number of rules (R
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Figure 2: Illustration of Beta-distributed views and the resulting dis-
tributions after applying probabilistic conjunction (AND, ∧) and dis-
junction (OR, ∨).

conjunctive and R disjunctive). The entry Sij = 1 indicates
that the j-th view is selected into the i-th rule and Sij = 0
otherwise. We parameterize this discrete selection matrix S
with a trainable matrix M ∈ (0, 1)2R×N . For each Mij , we
apply Gumbel-Softmax to the pair (Mij , 1−Mij) and obtain
a differentiable approximation:

[Sij , 1− Sij ] = GumbelSoftmax([Mij , 1−Mij ]), (2)

where S denotes the relaxed rule-selection matrix used dur-
ing training. This relaxation enables differentiable approxi-
mation of discrete logical rule selection and allows the rule
structure to be learned end-to-end. The Gumbel-Softmax
samples with class probabilities {πi}ki=1 and Gumbel noise
{gi}ki=1 ∼ Gumbel(0, 1) are computed as:

yi =
exp((log πi + gi)/τ)∑k

j=1 exp((log πj + gj)/τ)
, (3)

where τ > 0 is a temperature parameter controlling the
smoothness of the relaxation. As τ decreases, the sam-
ples approach one-hot vectors while remaining differentiable.
This mechanism allows the model to automatically search the
combinatorial space and identify informative view subsets for
each logical rule.

4.3 Probabilistic Logical Reasoning
Based on the differentiable rule selection learned in the pre-
vious section, we perform probabilistic logical reasoning di-
rectly in the Beta embedding space to fuse multiple views ac-
cording to the generated logical rules. Inspired by BetaE [Ren
and Leskovec, 2020], we leverage the closure properties of
Beta distributions to define logical operators in a bounded
probabilistic space.

We utilize closed-form conjunction (AND) and disjunc-
tion (OR) operators to combine evidence. As illustrated
in Fig. 2(a), under conflicting views, conjunction produces
a conservative belief biased toward the lower-support view,
whereas disjunction favors the higher-support view. Compar-
ing Fig. 2(a) and (b) further shows that the proposed operators
preserve uncertainty under disagreement while yielding more
concentrated beliefs when views are consistent, enabling con-
fident fusion under agreement.

Conjunction Operator (AND)
The conjunction operator models cases where all views
jointly support the prediction (e.g., ”View A AND View B
both indicate this is a driver). Given a set of selected views
V = {v1, . . . , vm}, we model each logical atom vi as a Beta
distribution vi = (αi, βi) and aggregate conjunction belief
using a weighted product:

µand = exp

(
m∑
i=1

wi log µi

)
=

m∏
i=1

µwi
i , (4)

where µi = αi/(αi + βi) is the expectation of the i-th view.
The learnable importance weights wi are obtained via an at-
tention mechanism conditioned on the Beta parameters:

wi =
exp(τ ϕ([αi∥βi]))∑m

j=1 exp(τ ϕ([αj∥βj ]))
, (5)

where ϕ(·) denotes a learnable linear mapping with softplus
activation and τ is a temperature parameter.

To map the aggregated belief back to the Beta space, we
perform moment matching with a variance that reflects both
individual uncertainty and cross-view disagreement. The
baseline variance is approximated as:

σ2
and =

m∑
i=1

w2
i σ

2
i , (6)

where σ2
i = αiβi/[(αi + βi)

2(αi + βi + 1)]. We fur-
ther calibrate the variance using the between-view variance
Vbetween =

∑
i wi(µi − µ̄)2, where µ̄ =

∑
i wiµi, yielding:

σ̃2
and = σ2

and + λ
Vbetween

Vbetween +
∑

i wiσ2
i + ϵ

Vbetween. (7)

Finally, the output Beta parameters are obtained by mo-
ment matching:

κ =
µand(1− µand)

σ̃2
and

− 1, α = µandκ, β = (1− µand)κ.

(8)

Disjunction Operator (OR)
The disjunction operator models scenarios where support
from any single view may be sufficient. Given the same set of
selected views V = {vi = (αi, βi)}mi=1, we aggregate belief
using a weighted noisy-OR formulation:

µor = 1−
m∏
i=1

(1− µi)
wi , (9)

Similar to the conjunction operator, we calculate the aggre-
gated variance and conflict-aware calibration to map the re-
sult back to Beta parameters (αor, βor) using moment match-
ing. This ensures the output remains closure in the bounded
Beta embedding space.

4.4 Rule Aggregation and Model Training
The differentiable rule selection and probabilistic logical op-
erators produce a set of rule-level outputs, where each rule
yields a Beta distribution representing its belief about whether
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a gene is a cancer driver. For the r-th rule, we obtain a pre-
diction score from the expectation of its Beta distribution:

ŷr =
αr

αr + βr
. (10)

To capture gene-specific reliance on different rules, we in-
troduce learnable aggregation weights. Given a gene repre-
sentation h obtained by concatenating the view-specific em-
beddings {z(1), . . . , z(N)}, a lightweight neural network pro-
duces normalized rule weights:

w = [w1, . . . , w2R] = softmax(MLP(h)), (11)

where wr denotes the aggregation weight of the r-th rule. The
final prediction is computed as a weighted sum of rule-level
scores:

ŷ =
2R∑
r=1

wrŷr. (12)

The model is trained end-to-end using a binary classifica-
tion objective. We apply a binary cross-entropy loss on the
final prediction:

Lbce = −y log ŷ − (1− y) log(1− ŷ), (13)

which directly supervises both the differentiable rule genera-
tion process and the final rule aggregation.

In addition, the same binary cross-entropy loss is applied
to the prediction produced by each logical rule. This auxiliary
supervision encourages every learned rule to be individually
predictive and helps stabilize end-to-end training. The overall
training objective is defined as:

L = Lfinal
bce +

2R∑
r=1

L(r)
bce + λ1Lent + λ2LΘ, (14)

where Lfinal
bce denotes the binary cross-entropy loss applied to

the final aggregated prediction, and L(r)
bce is the same loss

applied to the prediction produced by the r-th logical rule.
Lent is an entropy-based constraint on the rule aggregation
weights, defined as:

Lent = −Ei

[
2R∑
r=1

wi,r logwi,r

]
, (15)

where Ei[·] denotes the average over genes in a training batch,
and wi,r denotes the aggregation weight of the r-th rule for
the i-th gene. LΘ =

∑
j ∥Θj∥2F is a standard parameter regu-

larization term to prevent overfitting. The coefficients λ1 and
λ2 balance the contributions of different loss components.

5 Experiments
In this section, we conduct experiments to answer the follow-
ing questions: Q1: How does LogicFusion perform compared
with other baselines? Q2: How does LogicFusion perform
relative to other multi-network methods under larger view set-
tings? Q3: How do the key components of LogicFusion con-
tribute to its performance? Q4: How are logical rules learned
and utilized by LogicFusion during training? Q5: How sensi-
tive is LogicFusion to the number of candidate logical rules?

5.1 Experimental Setup
Dataset Preprocessing
We evaluate our method on pan-cancer dataset and two
cancer-specific datasets, all of which contain multi-omics
gene features and multiple biological networks. The pan-
cancer dataset follows the construction of EMOGI [Schulte-
Sasse et al., 2021], while the MCF7 (breast cancer) and A549
(lung cancer) datasets are adopted from MPIT [Han et al.,
2023]. Gene labels are collected following prior studies. As
a result, the Pan-Cancer, MCF7, and A549 datasets contain
870/2187, 379/1581, and 425/2557 positive/negative genes,
respectively.

For each dataset, we construct ten biological networks to
provide complementary relational information. These in-
clude CPDB [Kamburov and Herwig, 2022], STRING [Szk-
larczyk et al., 2023], six networks from NDEx [Pratt et
al., 2015] (PCNet, iRefIndex, Multinet, HumanNet, Pro-
teomeHD, and BioGRID), as well as two functional networks
based on Gene Ontology semantic similarity and pathway co-
occurrence [Peng et al., 2024]. Together, these networks cap-
ture diverse interaction, functional, and pathway-level rela-
tionships. Genes are randomly split into training, validation,
and test sets with a ratio of 6:2:2 for all datasets.

Baseline Methods
We compare the proposed method with representative base-
lines covering three categories: (i) classical graph neural
networks, including GCN [Kipf and Welling, 2017] and
GTN [Yun et al., 2019]; (ii) single-network CDG identifi-
cation methods, such as EMOGI [Schulte-Sasse et al., 2021],
MTGCN [Peng et al., 2022], ECD-CDGI [Wang et al., 2024]
and deepCDG [Wu et al., 2025]; and (iii) multi-network in-
tegration methods, including MODIG [Zhao et al., 2022],
MNGCL [Peng et al., 2024], and MPIT [Han et al., 2023].
All baselines are evaluated under the settings reported in their
original implementations.

Implementation Details
All models are trained for 300 epochs using the Adam opti-
mizer with a batch size of 128 and a learning rate of 1×10−3.
Early stopping is applied based on validation performance.
For our method, the number of learned logical rules is set to
R=6. The hyperparameters are set to, λ1 = λ2 = 1 × 10−5.
GCN and GTN are implemented using the torch geometric
library. For the remaining baseline methods, we follow the
parameter settings reported in their original implementations.
All experiments are repeated with three random seeds, and
the average results are reported.

5.2 Overall Performance(Q1, Q2)
Table 1 demonstrates the performance of various methods
across three datasets. As we can see, LogicFusion achieves
better performance compared to other models, and its ad-
vantage becomes more pronounced on datasets with a larger
number of biological network views.

For single-network methods, approaches that optimize the
model architecture (such as MTGCN, ECD-CDGI, and deep-
CDG) generally outperform direct application of GNN meth-
ods. This indicates that targeted architectural modifica-
tions have a positive effect on CDG identification. When
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Methods Pan Cancer Breast Cancer Lung Cancer

F1 AUC AUPRC F1 AUC AUPRC F1 AUC AUPRC

Single

GCN [Kipf and Welling, 2017] 0.7061 0.9094 0.8140 0.7768 0.9436 0.8494 0.6725 0.9163 0.7468
GTN [Yun et al., 2019] 0.7354 0.9162 0.8412 0.7907 0.9627 0.8888 0.7090 0.9381 0.7784
EMOGI [Schulte-Sasse et al., 2021] 0.7187 0.9091 0.8200 0.8230 0.9672 0.8798 0.7399 0.9347 0.7296
MTGCN [Peng et al., 2022] 0.7297 0.9221 0.8576 0.7897 0.9590 0.8828 0.7143 0.9349 0.7981
ECD-CDGI [Wang et al., 2024] 0.7357 0.9234 0.8584 0.8547 0.9786 0.9406 0.7718 0.9541 0.8552
deepCDG [Wu et al., 2025] 0.7463 0.9255 0.8584 0.8661 0.9734 0.9359 0.7953 0.9672 0.8859

5graph

MODIG [Zhao et al., 2022] 0.7481 0.9204 0.8545 0.7636 0.9435 0.8237 0.7412 0.9441 0.7872
MPIT [Han et al., 2023] 0.7584 0.9134 0.8390 0.8681 0.9720 0.9442 0.7448 0.9419 0.8205
MNGCL [Peng et al., 2024] 0.7544 0.9189 0.8611 0.8381 0.9658 0.9059 0.7503 0.9446 0.8536
LogicFusion(Ours) 0.7565 0.9250 0.8511 0.8812 0.9839 0.9600 0.8204 0.9586 0.8914

10graph

MODIG [Zhao et al., 2022] 0.7496 0.9151 0.8373 0.7557 0.9516 0.8218 0.7582 0.9591 0.8302
MPIT [Han et al., 2023] 0.7566 0.9108 0.8380 0.8497 0.9774 0.9356 0.7927 0.9655 0.8789
MNGCL [Peng et al., 2024] 0.7315 0.9031 0.8244 0.8230 0.9692 0.9182 0.7851 0.9698 0.8980
LogicFusion(Ours) 0.76820.76820.7682 0.93490.93490.9349 0.86920.86920.8692 0.88940.88940.8894 0.98440.98440.9844 0.96150.96150.9615 0.85710.85710.8571 0.97720.97720.9772 0.92920.92920.9292

Table 1: Performance comparison on three datasets (F1, AUC, AUPRC). Results for multi-network methods are reported using the first five
networks (5graph) and all ten networks (10graph). Bold and underlined numbers denote the best and best baseline results, respectively.

leveraging multiple biological networks, most multi-network
approaches achieve better performance than single-network
models by utilizing complementary information across dif-
ferent views. However, this improvement does not necessar-
ily increase linearly with the number of networks. Notably,
several existing multi-network methods failed to achieve sus-
tained improvement when increasing the number of network
views from 5 to 10. For instance, MODIG exhibited per-
formance degradation across pan-cancer (F1, AUC), breast
cancer (F1, AUPRC), and all lung cancer metrics. Simi-
larly, MNGCL and MPIT failed to improve on some metrics
as the number of views increased. These findings suggest
that, as the number of views increases, feature-level fusion
with representation alignment may tend to smooth out view-
specific signals, while indiscriminately integrating all avail-
able networks further amplifies noise and redundancy, ulti-
mately leading to performance degradation.

In contrast, LogicFusion consistently benefits from an in-
creasing number of available views. Across ten biological
networks, LogicFusion improved performance on all three
datasets, with particularly notable gains on the lung cancer
dataset. This advantage stems from the fact that LogicFusion
avoids feature-level alignment and retains view-specific sig-
nals by modeling each network as an independent probabilis-
tic evidence source. Moreover, through differentiable logi-
cal rule learning, LogicFusion can automatically identify and
filter informative subsets of views from the data for flexible
fusion. Consequently, as the scale of network resources ex-
pands, LogicFusion maintains stable and efficient multi-view
fusion capabilities.

5.3 Ablation Study(Q3)
We conducted three ablation studies to further evaluate the
contributions of the differentiable rule selector and proba-
bilistic logical operators. We designed three variants (w/o
select, w/o disjunction, and w/o conjunction) for comparison
with LogicFusion. When removing the differentiable rule se-
lector, we assumed all views participated in logical fusion.
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Figure 3: Ablation study of LogicFusion on three datasets.

When removing a logical operator, all rules used only another
logical operator. As shown in Figure 3, removing the rule se-
lector resulted in a significant decline in model performance,
indicating that the adaptive subset of views learned from data
is crucial for effective multi-view fusion. Disabling either
logical operator also led to performance degradation, suggest-
ing that relying on a single, static fusion operator struggles to
cover diverse samples and likely compromises model flexi-
bility. Overall, these results confirm that the combined use of
differentiable rule selection and AND/OR operators is essen-
tial for achieving robust performance.

5.4 Interpretability of Learned Logical Rules(Q4)
To determine whether the model was genuinely learning to
construct flexible logical rules, we analyzed its training pro-
cess on the A549 dataset. Fig. 5(a) shows the temporal evo-
lution of the average weight across all genes for the 12 rules.
During the initial training phase, the weights of individual
logical rules fluctuated significantly, reflecting the model’s
exploration process. After a certain number of exploration
iterations, the weights of each rule rapidly stabilized. Ul-
timately, most genes depended on a dominant rule—in this
case, Rule 10 exhibited the highest weight for the major-
ity of genes. Simultaneously, a few rules (such as Rule 2
and Rule 6) retained significant weights for certain genes.
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(a) (b)

Figure 4: Training dynamics of logical rule weights and view selection. (a) Mean rule weight across genes during training. (b) View selection
frequencies across rules over training.

Gene Dominant logical rules Rule Weight Pred.

IGF1 PCNet ∧ STRING ∧ GO 0.92 0.94
SAAL1 CPDB ∨ MultiNet ∨ PCNet ∨

STRING ∨ GO
0.98 0.08

Table 2: Example learned logical rules for representative genes.

This phenomenon demonstrates that the model can indeed au-
tonomously learn to construct logical rules from data, capa-
ble of capturing both global patterns across most genes and
accommodating inter-gene variability.

Fig. 4(b) further illustrates how the 12 rules select the 10
views during training. During the exploratory phase early in
training, views were selected randomly. As training iterations
increased, the frequency of view selection by the rules gradu-
ally diverged. Views such as PCNet, STRING, and GO were
frequently chosen, while the usage frequency of views like
iRefIndex and ProtHD decreased. This phenomenon further
validates that the model can automatically screen out better
views to form logical rules.

Furthermore, different rules represent distinct fusion pat-
terns. Rule 10 in Fig. 4(a), which carries the highest weight,
employs an OR structure. This structure improves robustness
by allowing alternative sources of evidence. In contrast, the
diversified rules 2 and 6 employ an AND structure, requiring
multiple views to provide evidence simultaneously. Table 2
presents two gene examples from the A549 dataset, illustrat-
ing how different types of logical rules contribute to correct
predictions. For example, IGF1 is predicted as a driver gene
based on consistent evidence jointly supported by the PCNet,
STRING, and GO networks.

5.5 Hyper-parameter Sensitivity(Q5)
We study the sensitivity of LogicFusion to the number of
candidate logical rules R. Fig. 5 shows that LogicFusion
achieves stable performance across a broad range of R values
on all three datasets. Performance improves as R increases
from small values and consistently peaks at R = 6, while
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Number of logical rules (N)

F1 AUC AUPRC

Figure 5: Hyper-parameter Sensitivity

further increasing R leads to marginal gains.
This trend reflects a balance between expressive capacity

and optimization stability. Too few rules limit the ability to
capture diverse view-combination patterns, whereas too many
rules introduce redundancy and complicate rule selection and
aggregation. In our setting, R = 6 provides sufficient ex-
pressive coverage for multi-view logical composition without
unnecessary redundancy.

6 Conclusion
We proposed LogicFusion, a differentiable rule learning
framework that formulates multi-network integration for
CDG identification as an explicit, decision-level rule learn-
ing problem. By modeling each biological network as an in-
dependent probabilistic view and automatically learning log-
ical rules composed of conjunction and disjunction operators,
LogicFusion enables flexible and structured fusion of multi-
ple networks in a closed Beta embedding space. Experiments
on pan-cancer and cancer-specific datasets demonstrate that
LogicFusion consistently outperforms state-of-the-art meth-
ods and exhibits robust performance across different settings.
In addition, the learned rules provide a transparent view of
how multiple networks are combined for individual predic-
tions. Future work will explore more effective utilization of
uncertainty information and extend the proposed framework
to other multi-view learning scenarios.
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