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Abstract

Fuzzy logic has emerged as a powerful tool for handling uncertainty and imprecision in machine learning, enabling models
to make robust predictions in complex, noisy domains. In this work, we integrate fuzzy-set theory with causal attention
learning to improve the classification of Cocaine Use Disorder (CUD) from resting-state functional Magnetic Resonance
Imaging (fMRI) brain networks. Building on the Causal Attention Learning (CAL) framework, we introduce FuzzyCAL,
which augments node- and edge-level causal masks with fuzzy membership functions that quantify “weak,” “medium,”
and “strong” relevance of graph components. This fusion of fuzzy logic and causal Graph Neural Networks (GNNs) not
only preserves the interpretability of causal attention but also adapts to the inherent variability of neuroimaging data.
Through extensive 5-fold cross-validation on the SUDMEX CONN dataset, FuzzyCAL achieves a mean test accuracy
of 86.20% (±7.18%) and F1-score of 85.87% (±7.23%), outperforming both a non-causal GNN baseline and the original
CAL model. We further demonstrate how fuzzy-weighted causal masks reveal anatomically meaningful biomarkers in
temporal and sensorimotor cortices. Our results suggest that embedding fuzzy reasoning into causal graph models
enhances both predictive performance and neuroscientific interpretability, offering a promising direction for precision
diagnostics in substance use disorders.
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1 Introduction

Cocaine Use Disorder (CUD) remains a major public health challenge worldwide, characterized by persistent alterations
in brain functional connectivity and impaired cognitive control [2]. Recent advances in Graph Neural Networks (GNNs)
have demonstrated powerful capabilities for modeling complex interactions in brain networks, yielding promising clas-
sifiers for neuropsychiatric conditions [1, 28]. However, standard GNNs often fail to disentangle causal from spurious
patterns, limiting their robustness under distributional shifts such as demographic or scanner variation [26].

Distinguishing causal mechanisms from mere associations is fundamental for deploying models that remain reliable
under changes in environment or intervention. Seminal works by Pearl and colleagues laid the theoretical foundations,
formalizing structural causal models and do-calculus for reasoning about interventions. These ideas are extended to
statistical learning, demonstrating how causal inference can be integrated into predictive models for improved robustness
[20]. More recently, Invariant Risk Minimization (IRM) has been proposed, enforcing that learned predictors rely on
causal features shared across training environments [15], while Schölkopf et al. surveyed how causality can guide
representation learning in deep networks [24]. In parallel, graph-based causal discovery methods, such as GNN-based
structure learning [7, 8], have shown promise in uncovering causal graph structure directly from data.

Combining structural causal modeling with fuzzy-logic interpretability, yielding a graph classifier that robustly
isolates causal subgraph patterns even under distributional shifts. Concurrently, the field of fuzzy systems has of-
fered a rich set of tools for handling uncertainty and imprecision in real-world data. There are numerous studies on
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fuzzy-enhanced classification, including fuzzy SVMs for biomedical signals [22], fuzzy clustering for EEG-based disease
detection [29], and fuzzy rule-based deep architectures for image analysis [17]. These works highlight the strength
of fuzzy membership functions and rule consistency in capturing heterogeneous and noisy biological signals. A fuzzy
learning–integrated graph transformer model has also been shown to improve classification performance in complex,
high-dimensional domains [3].

Beyond classical fuzzy classification and clustering methods, recent research has advanced higher-order fuzzy mod-
eling for nonlinear and uncertain systems. For example, an Interval Type-3 Fuzzy Wiener Model is proposed for
nonlinear dynamic processes, achieving improved uncertainty representation [10]. An indirect adaptive interval type-3
fuzzy tracking control strategy is introduced for nonlinear networked systems under Denial-of-Service attacks [12]. An
adaptive general type-2 fuzzy model-based control framework is presented for nonlinear systems with packet dropouts
[11]. Other recent advances include fuzzy-supervised proportional-integral (PI) controllers for flow-control processes
and data-driven fuzzy tuning schemes validated experimentally [25]. While these methods demonstrate the growing
capability of fuzzy systems in uncertainty handling and adaptive control, they primarily operate on low-dimensional dy-
namic systems rather than structured graph data. In contrast, our proposed method integrates fuzzy reasoning directly
within a causal graph-neural framework, extending fuzzy logic beyond traditional control domains toward interpretable
brain-network analysis.

Recent developments in graph-based neuroimaging have explored either fuzzy uncertainty modeling or causal repre-
sentation learning, but rarely both in a unified framework. Fuzzy graph neural networks (FuzzyGNN) [14, 28] introduce
membership-based uncertainty weighting to improve robustness, yet they do not explicitly disentangle causal from
spurious substructures. Conversely, causal GNN models such as CAGNN [13] and Invariant Causal Representation
Learning on Graphs [16] aims to isolate invariant features across environments but treats node and edge attributes as
crisp values without modeling uncertainty or linguistic interpretability.

Our work bridges these two paradigms by embedding fuzzy logic directly into the causal-attention mechanism, thus
enabling soft, interpretable, and uncertainty-aware disentanglement of causal versus contextual graph patterns. This
integration yields an end-to-end model that simultaneously captures causal invariance and fuzzy uncertainty, offering
improved robustness and neuroscientific interpretability compared with both standard causal GNNs and fuzzy deep
networks.

In this work, we propose FuzzyCAL, the first fuzzy-logic extension of the recently introduced Causal Attention
Learning (CAL) model [26], tailored to resting-state functional Magnetic Resonance Imaging (fMRI) graphs in CUD.
Whereas CAL disentangles causal versus shortcut subgraph patterns via soft attention masks on nodes and edges, we
augment both the graph extraction pipeline and the internal attention mechanisms with fuzzy membership functions
and rule-consistency regularization. Specifically, we (i) fuzzify edge strengths into weak/medium/strong memberships
and node importance into degree- and centrality-based fuzzy sets; (ii) integrate these fuzzy features into a gating
mechanism controlled by hyperparameters αnode, βedge; and (iii) impose a fuzzy-rule consistency loss weighted by λrule.
Our results on the SUDMEX CONN dataset demonstrate that FuzzyCAL consistently outperforms both a standard
GNN baseline and the original CAL classifier. This fusion of causal graph learning with fuzzy uncertainty modeling
represents a novel paradigm for robust neuroimaging classification.

To complement our analysis on real-world cocaine use disorder data, we also perform a controlled simulation study
using synthetic graphs with known causal and trivial substructures.

Our contributions are as follows:

1. We adapt and apply the CAL causal disentanglement architecture for graph classification to the domain of cocaine
use disorder using functional connectivity derived from rs-fMRI, providing a structured approach to isolate causal
subnetworks in perturbed brain graphs.

2. We introduce FuzzyCAL, a fuzzy-logic enhanced extension that endows nodes and edges with graded membership
values and incorporates fuzzy rule-based regularization into the causal/object-context decomposition, improving
robustness to noise and offering more interpretable attention masks.

3. We design a training objective that combines the original CAL components (uniform regularization on contextual
stream, supervised object and combined readouts) with fuzzy consistency terms that encourage alignment between
learned masks and soft semantic priors.

4. We empirically validate our method on CUD neuroimaging data and simulated graphs, demonstrating superior
out-of-distribution generalization and interpretability compared to baseline GNN and causal attention variants.

The remainder of this paper is organized as follows. In Section 2, we describe our data and preprocessing pipeline,
including the Dataset and rs-fMRI Preprocessing, followed by Graph Extraction and Fuzzy Feature Construction, with
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details on Fuzzy Edge Strengths, and Fuzzy Node Importance. Section 3 introduces our FuzzyCAL Model, starting
from the underlying Structural Causal Model, through the original CAL Architecture, and culminating in our novel
FuzzyCausal Extension and its Training Objective. In Section 4, we present our experimental findings, first on the real
fMRI Data Study-including Extraction of Fuzzy-Causal Edges—and then on a controlled Simulation Study. We discuss
the implications and limitations of our results in Section 5, and conclude in Section 6 with a summary of contributions
and future directions.

2 Dataset and preprocessing

2.1 Dataset

We leveraged the publicly available SUDMEX CONN repository [2], which comprises multimodal MRI scans from
138 adults: 74 individuals meeting criteria for cocaine use disorder (CUD) and 64 demographically matched healthy
controls. The CUD cohort included 9 females, while the control group included 6 females. For each participant, the
dataset provides high-resolution structural T1-weighted images, diffusion-weighted images (DWI), and resting-state
functional MRI (rs-fMRI). In this work, we focus exclusively on the rs-fMRI time series to characterize functional
connectivity. Since fMRI effectively characterizes both cross-subject and multivoxel functional patterns in complex
brain networks [18, 19], the fMRI modality was incorporated in the current study to enable comprehensive modeling of
functional interactions.

2.2 rs-fMRI preprocessing

All rs-fMRI data were preprocessed in AFNI [6] via the following routine steps: Slice-timing correction, Motion correc-
tion, Coregistration and Normalization, Spatial smoothing, Temporal filtering between 0.01–0.15Hz, Nuisance regres-
sion, and Brain masking.
We also parcellated each preprocessed volume using the Harvard–Oxford cortical atlas, yielding 48 cortical regions of
interest (ROIs). The resulting dataset consists of a T ×N matrix, where T = 200 time points and N = 48 ROIs; each
entry is the average Blood-Oxygen-Level-Dependent (BOLD) signal in that region at a given time.

2.3 Graph extraction

We begin with pre-parcellated resting-state fMRI time series for each subject, yielding a matrix B ∈ RT×N where T
is the number of time points and N the number of brain regions (nodes). For each subject, we construct a functional
brain graph in the following steps.

2.4 Functional connectivity and sparsification

To estimate direct statistical dependencies between regions while controlling for indirect effects, we compute the partial
correlation matrix P from the regional time series. We take the element-wise absolute value to obtain a non-negative
adjacency strength matrix:

A = |P|, Aij ≥ 0. (1)

This matrix is typically dense; to enhance interpretability and suppress weak connections we sparsify by thresholding.
Let τ be the 75th percentile of the nonzero entries in A (excluding self-connections). The sparsified graph retains edges
(i, j) only if Aij ≥ τ . The resulting graph G = (V,E) is formed and the corresponding edge list is converted into the
edge-index format for downstream graph neural processing. Edge weights are normalized to [0, 1] by dividing by the
maximum retained weight, producing w̃ij ∈ [0, 1].

2.5 Fuzzy rule design and inference

To make the role of fuzzy logic explicit, we define a compact rule base governing how linguistic categories of edge and
node features are mapped to causal relevance. The fuzzy rule system follows a Mamdani-type inference structure with
minimum t-norm for conjunction and maximum s-norm for aggregation. No crisp defuzzification step is required because
the inferred fuzzy memberships are directly injected as continuous-valued features into the graph neural network.
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Edge-level rules. Three linguistic rules are defined to associate each fuzzy edge-strength category with its expected
causal relevance:

R1 : IF edge strength is weak THEN causal relevance is low,

R2 : IF edge strength is medium THEN causal relevance is moderate,

R3 : IF edge strength is strong THEN causal relevance is high.

Each rule’s antecedent corresponds to the fuzzy membership values {µweak, µmedium, µstrong} of the normalized edge
weight w̃ij . The consequents define the relative causal importance of the edge in modulating the object stream during
training. Rule activations are combined by the maximum operator to produce the aggregated fuzzy relevance vij ∈ [0, 1]
used in the edge-level prior qfuzzyij .

Node-level rules. At the node level, we apply one compound rule that combines degree- and closeness-based mem-
berships:

R4 : IF degree is high AND closeness is high THEN node importance is high.

The conjunction in Rule R4 is implemented using the standard minimum t-norm:

µimportant(i) = min(µdeg high(i), µclos high(i)) . (2)

This rule provides a linguistic prior that high-degree, high-centrality nodes tend to represent influential hubs within
the causal subnetwork.

Inference mechanism. The overall fuzzy inference proceeds as follows:

1. Compute all antecedent memberships from normalized graph metrics.

2. Evaluate rule activations using min t-norm for conjunction.

3. Aggregate all rule consequents by max s-norm.

4. Normalize the aggregated outputs to obtain final fuzzy scores ui and vij for nodes and edges.

These scores form the basis of the fuzzy priors pfuzzyi and qfuzzyij used in the FuzzyCAL gating and rule-consistency
regularization . This explicit specification makes the rule base transparent and reproducible for future studies.

2.6 Fuzzy edge strengths.

To capture uncertainty and soft categorization of connection strengths, we fuzzify each normalized edge weight w̃ij

into three linguistic categories: weak, medium, and strong. This is done using triangular and trapezoidal membership
functions. Denoting a small constant ϵ to avoid division by zero, the membership functions are defined as:

µtri(x; a, b, c) = max

(
min

(
x− a

b− a+ ϵ
,

c− x

c− b+ ϵ

)
, 0

)
, (3)

µtrap(x; a, b, c, d) = max

(
min

(
min

(
x− a

b− a+ ϵ
, 1

)
,min

(
d− x

d− c+ ϵ
, 1

))
, 0

)
. (4)

We instantiate the fuzzy sets with fixed parameters:

� Weak: µweak = µtri(w̃ij ; 0.0, 0.0, 0.3),

� Medium: µmedium = µtri(w̃ij ; 0.2, 0.5, 0.8),

� Strong: µstrong = µtrap(w̃ij ; 0.7, 0.85, 1.0, 1.0).

These produce a fuzzy membership vector for each edge:

mij =

 µweak(w̃ij)
µmedium(w̃ij)
µstrong(w̃ij)

 . (5)
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We normalize mij so that its entries sum to one (i.e., a probability distribution over the three categories), mitigating
scale disparities:

mij ←
mij

1⊤mij + ϵ
. (6)

The resulting edge-level fuzzy descriptors are stored as auxiliary features for each edge.
Note that the normalization of mij is applied only to ensure numerical stability and relative scaling among fuzzy

categories. The resulting vector does not represent a probabilistic distribution but a normalized set of membership
degrees used for neural feature integration.

2.7 Fuzzy node importance.

Node-level importance is estimated via two structural measures on G: the degree di and the closeness centrality ci.
Each is normalized to [0, 1] by dividing by its maximum across nodes, producing d̂i and ĉi. Fuzzy sets are defined over
these normalized quantities to capture low/medium/high degree and low/high closeness:

� Degree:

µdeg low = µtri(d̂i; 0.0, 0.0, 0.3),

µdeg med = µtri(d̂i; 0.2, 0.5, 0.8),

µdeg high = µtrap(d̂i; 0.7, 0.85, 1.0, 1.0).

� Closeness:
µclos low = µtri(ĉi; 0.0, 0.0, 0.4), µclos high = µtrap(ĉi; 0.6, 0.75, 1.0, 1.0).

To encode a semantic rule that a node is important when it has both a high degree and a high closeness, we apply a
standard fuzzy conjunction (minimum t-norm):

µimportant(i) = min (µdeg high(i), µclos high(i)) . (7)

The node-level fuzzy feature vector is then

ni =

 µdeg high(i)
µclos high(i)
µimportant(i)

 , (8)

which concisely encodes both individual traits and their interaction.
We also extract a set of “crisp” structural descriptors for each node to summarize its role in the graph, leveraging

standard topological metrics computed [9]. For every node, we compute its in-degree, closeness centrality, betweenness
centrality, and eigenvector centrality, capturing various aspects of global and semi-global importance. To characterize
local structure, we approximate local efficiency by examining the undirected ego-network of each node and computing
the efficiency of information flow within that neighborhood, and we also compute the local density of that subgraph.
Assortativity patterns are encoded through the average degree of neighboring nodes, while the Hyperlink-Induced Topic
Search (HITS) algorithm provides hub and authority scores, reflecting outgoing and incoming influence. These nine
scalar values are concatenated into a per-node feature vector, yielding a feature matrix X ∈ RN×F (with N nodes and
F features), which serves as the input node representation for the downstream graph neural model.

2.8 Graph data representation.

For each subject, the extracted graph G contains Crisp node features as x, Crisp edge weights w̃ij , Fuzzy edge strength
memberships mij , Fuzzy node importance vectors ni, and class label y. These enriched graph objects serve as input
to downstream causal graph neural models, allowing the model to leverage both hard structural signals and soft,
linguistically motivated uncertainty via fuzzy logic.

All membership computations include a small constant ϵ in denominators to ensure numerical stability. The triangu-
lar and trapezoidal functions are chosen for their interpretability and simplicity in modeling gradual transitions between
linguistic categories. The fuzzy rule for node importance is extensible: additional rules or aggregation strategies can
be incorporated to form higher-dimensional node descriptors if needed.
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3 FuzzyCAL model

In this section, we describe the base Causal Attention Learning (CAL) model [26] for graph classification, and then
introduce its extension FuzzyCausal, which integrates fuzzy-logic priors to further regularize and guide the disentan-
gling of causal vs. spurious pathways. We first give an overview of the structural causal motivation, then detail the two
architectures, and finally present the corresponding training objectives.

3.1 Structural causal model

As depicted in Figure 1(a), we model the data-generation process for graph classification with two parallel pathways
from the input graph G into the learned representation R. The causal pathway follows

G −→ C −→ R −→ Y,

where C denotes the latent features that truly drive the label Y . In contrast, the shortcut (or spurious) pathway

G −→ S −→ R,

captures context-dependent correlations that may aid in-distribution performance but fail under distributional shift.
By explicitly learning soft attention masks that disentangle C versus S on both nodes and edges, the CAL architecture
(Figure 1(b)) encourages the model to rely on the stable causal path and suppress the shortcut path, improving out-
of-distribution robustness.

3.2 CAL architecture

Given an input graph G = (V,E) with node features X ∈ RN×F , CAL proceeds as follows:

1. Backbone Encoding. Each node i is embedded via a deep GNN backbone: first a linear graph convolution with
batch normalization and ReLU,

H(0) = ReLU
(
BN(X)W0

)
, W0 ∈ RF×H , (9)

followed by L stacked Graph Isomorphism Network Convolution (GINConv), layers [28] yielding hidden node
representations Z ∈ RN×H .

2. Soft Attention Masks. Two parallel soft masks are computed to split information into context vs. object
streams:

� Node masks: For each node i, a two-dimensional logit is produced and passed through softmax,

anodei = softmax
(
Wnzi + bn

)
∈ ∆1, (10)

where anodei,0 corresponds to the contextual (spurious) assignment and anodei,1 to the object (causal) assignment.

Here ∆1 denotes the 1-simplex, i.e. the set of all 2-dimensional probability vectors. Concretely,

∆1 =
{
p ∈ R2

∣∣ p0 ≥ 0, p1 ≥ 0, p0 + p1 = 1
}
. (11)

Thus by writing
anodei = softmax

(
Wnzi + bn

)
∈ ∆1, (12)

we emphasize that the two outputs anodei,0 and anodei,1 form nonnegative weights summing to one, i.e. a valid
probability distribution over the “context” vs. “object” assignment for node i.

� Edge masks: For each edge (i, j), the concatenated pair [zi∥zj ] is linearly projected and softmaxed,

aedgeij = softmax
(
We[zi∥zj ] + be

)
∈ ∆1, (13)

analogously, splitting edge importance into context vs. object.
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3. Dual Streams. The soft masks modulate the backbone embeddings to form two masked representations:

Zs = diag(anode:,0 )Z, Zo = diag(anode:,1 )Z, (14)

which are then separately passed through message passing using the corresponding edge mask weights aedge•,0 and

aedge•,1 ,

Z ′
s = ReLU

(
GConvc(Zs, E, aedge•,0 )

)
, Z ′

o = ReLU
(
GConvo(Zo, E, aedge•,1 )

)
. (15)

Each stream is pooled (global add) to obtain graph-level summaries hs and ho:

hs =

N∑
i=1

Z ′
s[i], ho =

N∑
i=1

Z ′
o[i]. (16)

4. Parallel Readouts. Lightweight MLPs produce log-probabilities over the K classes:

ℓs = log
[
softmax(fs(hs))

]
, ℓo = log

[
softmax(fo(ho))

]
, ℓso = log

[
softmax(fso(hs, ho))

]
.

The three quantities ℓs, ℓo, and ℓso are the log-probability outputs of three parallel readout heads, where the
subscripts denote their origin: s for shortcut (context), o for object (causal), and so for the combined interaction
of context and object. hs and ho are the pooled representations from the context and object streams, respectively;
fs and fo are lightweight multilayer perceptrons producing class logits from each stream individually; and fso
fuses hs and ho (by addition) to yield a joint prediction.

The objectives associated with these readouts are distinct. ℓo serves as the primary classifier acting on the
causal/object representation and is supervised via standard cross-entropy to predict the correct label. In contrast,
ℓs captures shortcut or spurious context information; rather than encouraging confident predictions from this
stream, it is regularized to be uninformative by pushing its output toward the uniform distribution.

The context-head loss is implemented as a KL divergence between the context head’s predicted distribution and
the uniform distribution:

Ls = KL
(
softmax(fs(hs))

∥∥ 1
K1

)
. (17)

By penalizing any deviation from uniformity, this term forces the context head to avoid making confident (and
potentially spurious) predictions, effectively suppressing reliance on shortcut features.

The combined readout ℓso is trained with standard cross-entropy:

Lso = −
K∑

k=1

yk log
[
softmax

(
fso(hs, ho)

)
k

]
. (18)

Because fso sees both the object representation ho and the context representation hs, it must reconcile them. In
practice, the uniform-penalized context head contributes minimal spurious bias, so the combined head primarily
leverages the causal/object signal ho while still remaining sensitive to any complementary information carried in
hs.

3.3 FuzzyCausal extension

To inject domain knowledge and promote more structured disentanglement, we extend CAL to FuzzyCausal by intro-
ducing fuzzy logic priors over node and edge importance and enforcing rule consistency between the learned soft masks
and these priors.

Fuzzy Priors. For each node, we compute “crisp” structural metrics (e.g., degree, closeness) and map them into
fuzzy memberships via triangular/trapezoidal functions to derive a scalar fuzzy object importance ui ∈ [0, 1] (e.g., by
applying the rule importanti ≈ min(deg highi, clos highi)). The corresponding fuzzy contextual importance is 1 − ui;
thus the prior for node i is

pfuzzyi =
[
1− ui, ui

]
∈ ∆1. (19)

Similarly, for each edge (i, j) we compute a fuzzy strength score vij ∈ [0, 1] (e.g., the degree of membership in the
strong fuzzy set), yielding an edge prior

qfuzzyij =
[
1− vij , vij

]
∈ ∆1. (20)
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Fusion of Learned Masks and Fuzzy Priors. The original learned soft masks anodei and aedgeij are fused with the
fuzzy priors via convex interpolation controlled by hyperparameters αnode and βedge, e.g.,

ãnodei,1 = (1− αnode) a
node
i,1 + αnode ui, ãnodei,0 = 1− ãnodei,1 , (21)

ãedgeij,1 = (1− βedge) a
edge
ij,1 + βedge vij , ãedgeij,0 = 1− ãedgeij,1 . (22)

These fused masks ã replace their vanilla counterparts when forming the context/object streams, thereby biasing the
representation toward the fuzzy prior knowledge while retaining trainable flexibility.

Rule-Consistency Regularization. To further encourage alignment between the learned soft masks and the fuzzy
rules, we define node and edge rule losses as KL divergences:

Lrule-node =

N∑
i=1

KL
(
anodei ∥ pfuzzyi

)
, Lrule-edge =

∑
(i,j)∈E

KL
(
aedgeij ∥ qfuzzyij

)
. (23)

We combine them into a single rule consistency penalty:

Lrule = αnode Lrule-node + βedge Lrule-edge. (24)

3.4 Training objective

Let y ∈ {0, 1}K be the one-hot target vector, and define the uniform distribution 1
K1. The full loss for CAL is

LCAL = c KL
(
ℓs

∥∥ 1
K1

)
+ o [−y⊤ℓo] + co [−y⊤ℓso], (25)

where the first term suppresses reliance on spurious context, the second trains the causal/object stream, and the third
enforces consistency in the combined view. It should be noted that the coefficients c,o, and co control the relative
importance of the three loss components—uniform regularization on the contextual stream, supervised cross-entropy
on the object (causal) stream, and joint supervision on the combined stream. The FuzzyCausal model augments this
with the fuzzy rule consistency:

LFuzzyCausal = LCAL + λrule Lrule, (26)

where λrule controls the strength of the fuzzy regularizer. Notably, when αnode = βedge = λrule = 0, FuzzyCausal
reduces to the original CAL model.

All softmaxes are computed over the two-dimensional context/object logits so that attention assignments form
valid distributions. Optimization is performed end-to-end via Adam optimizer on LCAL or LFuzzyCausal with standard
regularization (e.g., weight decay), and the learned node/edge masks can be inspected post hoc to interpret causal vs.
shortcut contributions.

4 Results

4.1 fMRI data study

All three algorithms (Non-causal baseline, CAL, and FuzzyCAL) are evaluated on the same brain graph dataset. Before
training, to balance class counts, we applied random undersampling without replacement (target = 60 samples per class)
before cross validation to avoid any overlap between folds. Performance is measured via 5-fold cross-validation. Each
fold splits the balanced dataset into training and test subsets. Models are trained independently on each fold and
evaluated using test accuracy and macro F1 score.

Non-causal Baseline. The baseline model uses the same graph neural backbone as CAL but omits any causal /
shortcut disentanglement or attention masking logic. It takes each graph as input and produces log-probabilities over
classes via a lightweight readout, trained with negative log-likelihood (NLL) loss. The architecture uses a hidden
dimension of 128 and 4 convolutional layers, with no explicit causal/object split. Optimization is performed with Adam
(learning rate 1× 10−3, weight decay 1× 10−4), batch size 32, and training runs for 50 epochs per fold.
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Structural causal model underlying CAL+

FuzzyCAL workflow

shortcut 
loss
ℓ𝑠 ℓ𝑜 ℓ𝑠𝑜

ℒ𝐹𝑢𝑧𝑧𝑦𝐶𝑎𝑢𝑠𝑎𝑙 =  ℒ𝐶𝐴𝐿+ + 𝜆𝑟𝑢𝑙𝑒ℒ𝑟𝑢𝑙𝑒

𝒢

ℒ𝑟𝑢𝑙𝑒−𝑛𝑜𝑑𝑒

ℒ𝑟𝑢𝑙𝑒−𝑒𝑑𝑔𝑒

Figure 1: Overview of CAL and FuzzyCAL empirical validation. (a) Structural causal model underlying
CAL: the input graph G generates both a causal feature C and a shortcut feature S, which are combined into the
representation R and ultimately predict Y . (b) FuzzyCAL+ workflow: (1) embed G via a deep GNN backbone;
(2) learn fuzzy-augmented soft attention masks on nodes and edges to split into context vs. object streams; (3) apply
separate message-passing and global pooling per stream while incorporating fuzzy membership weights; (4) produce
three parallel readouts (contextual, object, combined); and (5) optimize a weighted sum of (i) a KL-uniformity loss
on the contextual head, (ii) cross-entropy on the object head, (iii) cross-entropy on the combined head, and (iv) a
rule-consistency regularizer that enforces fuzzy logic constraints.
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Causal Attention Learning (CAL) model . The Causal Attention Learning (CAL) model follows the architecture
described in Section 3.2 with separate context (shortcut) and object (causal) streams. Node and edge soft attention
masks are learned to disentangle spurious/contextual from causal signals. Three readouts are produced: contextual
(ℓs), object (ℓo), and combined (ℓso), and the loss is a weighted sum of (i) a KL divergence pushing the contextual
output toward uniformity, (ii) cross-entropy on the object stream, and (iii) cross-entropy on the combined stream.
Hyperparameters are set as: hidden dimension 128, number of layers 4, and loss weights c = 1.0, o = 1.0 and co = 1.0,
with β = 1.0. Training uses Adam with a learning rate 1 × 10−3 and of weight decay of 1 × 10−4, batch size 32, over
50 epochs per fold.

FuzzyCAL. FuzzyCAL extends CAL by incorporating fuzzy logic into the causal masking and enforcing rule-
consistency regularization. In addition to the CAL components, soft fuzzy gating is applied to nodes and edges
(controlled by αnode and βedge), and a rule-consistency loss weighted by λrule encourages alignment with predefined
fuzzy rules. The chosen best hyperparameters (from grid search) are αnode = 0.5, βedge = 0.3, and λrule = 1.0. Other
architectural settings mirror CAL: hidden size 128, 4 layers, and additive fusion. Optimization uses Adam with a lower
learning rate of 1× 10−3, weight decay 1× 10−4, batch size 32, and training proceeds for 50 epochs per fold. The loss
combines the original CAL terms with the fuzzy gating regularizer and the rule-consistency penalty.

Evaluation Metrics. For each fold, we report test accuracy and macro-averaged F1 score. Final summaries aggregate
across the five folds by reporting mean and standard deviation of these metrics, enabling comparison of robustness and
generalization among the three methods.

Table 1 summarizes test-set performance across five stratified folds for three models: a baseline non-causal GNN, the
original CAL model, and our proposed FuzzyCAL extension. The results demonstrate that soft, linguistically inspired
membership functions can enhance the causal-attention mechanism’s ability to focus on stable graph patterns, boosting
generalization on the cocaine-use-disorder classification task.

Table 1: 5-Fold cross-validation performance (test) for three models

Model & Metric Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Mean ± Std

NonCausalGNN

Accuracy 0.6429 0.9643 0.7500 0.7143 0.8571 0.7857 ± 0.1129

F1-Score 0.6410 0.9639 0.7471 0.7083 0.8503 0.7821 ± 0.1134

CAL

Accuracy 0.7917 0.9167 0.8333 0.8333 0.8333 0.8417 ± 0.0408

F1-Score 0.7884 0.9167 0.8286 0.8286 0.8322 0.8389 ± 0.0421

FuzzyCAL

Accuracy 0.7443 0.8929 0.9286 0.8157 0.9286 0.8620 ± 0.0718

F1-Score 0.7443 0.8916 0.9251 0.8054 0.9271 0.8587 ± 0.0723

Extraction of Fuzzy-Causal Edges . To identify the most salient “fuzzy-causal” connections, we first run our
trained FuzzyCAL model on each graph in the test set to obtain an edge-level soft mask, aedgeij,1 (the “causal” weight)
for every directed edge (i→j). We then aggregate across samples by averaging each edge’s causal weight:

w̄ij =
1

|G|
∑
G∈G

aedgeij,1 (G) . (27)

Finally, we sort all (i→j) pairs in descending order of w̄ij and report the top-5.
As shown in Table 2, the strongest bidirectional connection between the anterior Temporal Fusiform Cortex and

the anterior Inferior Temporal Gyrus emerges as the most salient fuzzy-causal link (w̄ = 0.026), suggesting its potential
role in discriminating cocaine use disorder. Secondary—but still notable—pairs between primary sensorimotor areas,
Precentral and Postcentral Gyri also appear, reflecting higher-level associative and sensorimotor pathways that our
fuzzy extension highlights as important.
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Table 2: Top 2 fuzzy-causal bidirectional edges and their averaged membership scores (w̄ij).

From (To) ROI To (From) ROI Membership Score

Temporal Fusiform Cortex, ante-
rior division

Inferior Temporal Gyrus, ante-
rior division

0.026

Precentral Gyrus Postcentral Gyrus 0.004

The notation “From (To) ROI” indicates that the reported connections are bidirectional. That is, the listed ROI
pairs represent mutual or symmetric functional associations, and each pair can be interpreted as both “From ROI A to
ROI B” and “From ROI B to ROI A.” This convention was adopted to compactly describe undirected or reciprocally
weighted edges in the fuzzy-causal analysis.

4.2 Simulation study

To validate our proposed FuzzyCAL+ framework under controlled conditions, we conducted a simulation study in which
synthetic graphs were generated with a known “causal” subgraph driving the class label and a complementary “trivial”
(shortcut) subgraph providing spurious structure. We then assessed how both classification accuracy and the learned
fuzzy-causal masks degrade as a function of increasing edge-flip noise. Figure 2 summarizes our setup and results.

Synthetic Graph Generation: Each synthetic graph G = (V,E) consists of two disjoint components:

� A causal subgraph Gc of size nc = 10, chosen to be either a path (class 0) or a star (class 1).

� A trivial Erdős–Rényi subgraph Gt of size nt = 20 with edge probability p = 0.5, guaranteed to be connected.

We then add k random “bridge” edges between Gc and Gt, where k ∼ Uniform(5, 5) (i.e. exactly 5 bridges), ensuring
that the graph is fully connected but only Gc truly determines the label. Each node receives a one-hot feature vector
indicating membership in Gc vs. Gt. We generate 500 graphs per noise level, then flip a fraction η ∈ [0, 1] of existing
edges to non-edges and the same number of non-edges to edges, thereby varying spurious noise.

Classification under Edge-Flip Noise: We apply FuzzyCAL to this simulated benchmark. For each noise level η,
we perform 5-fold cross-validation, record the mean and standard deviation of test accuracy over folds, and plot the
resulting “robustness curve.”

Learned Fuzzy-Causal Masks: In addition to classification performance, we inspect the learned edge-attention
weights on eight held-out example graphs (four per class). Edges and nodes with higher fuzzy-causal scores are drawn
thicker, highlighting how well each method recovers the true causal subgraph under moderate noise.

Figure 2(a) demonstrates our two-class generative process, with each node labeled by its ground-truth origin. In
Figure 2(b), we observe that as edge-flip noise increases, the plain GNN’s accuracy drops precipitously. Finally,
Figure 2(c) confirms that FuzzyCAL correctly assigns high fuzzy-causal weights to the true causal bridges, even in
the presence of substantial spurious flips. This simulation validates both the classification and causal-explanation
capabilities of our framework under controlled, tunable corruption.

5 Discussion

5.1 Comparison of algorithms.

Table 1 presents a side-by-side comparison of the Non-causal baseline, the original CAL model, and the proposed Fuzzy-
CAL extension. The Non-causal model, which shares the same backbone architecture but lacks causal disentanglement,
provides a reference point with moderate average performance (Test Acc 78.57% ± 11.29, F1 78.21% ± 11.34). CAL
introduces causal versus shortcut decomposition, yielding a modest improvement in accuracy but a slight degrada-
tion in F1 and exhibiting higher variability in some folds—suggesting that relying purely on hard separation without
modeling uncertainty can be brittle. In contrast, FuzzyCAL, which augments CAL with fuzzy node and edge gating
and rule-consistency regularization (with αnode = 0.5, βedge = 0.3, λrule = 1.0), achieves the best overall results: it
increases mean test accuracy to 86.20% and F1 to 85.87% while substantially reducing standard deviation across folds.
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Structural causal model underlying CAL+

Structural causal model underlying CAL+

Structural causal model underlying CAL+

Figure 2: Overview of FuzzyCAL and its empirical validation. (a) Eight synthetic graphs (four per class) with
ground-truth causal (teal) vs. trivial (magenta) subgraphs with zero noise level. (b) Mean ±1 std of 5-fold test accuracy
vs. edge-flip noise level η. FuzzyCAL maintains highest robustness. (c) Learned attention masks on the eight graphs:
edge thickness ∝ estimated causal importance.

This improvement demonstrates that incorporating fuzzy concepts to soften causal/spurious partitioning and to encode
uncertainty in feature importance leads to more robust and generalizable graph classification performance.

Compared against prior work on the same cohort (Table 3), our FuzzyCAL not only surpasses classical machine-
learning methods such as XGBoost (83% accuracy) and recent multi-view GNNs (75% accuracy), but also delivers
a more robust and consistent performance across folds. We attribute these gains to two key innovations: (i) causal
attention masks that disentangle stable ”object” features from spurious ”context” signals, and (ii) a fuzzy-logic extension
that softens mask thresholds and enforces rule-based consistency. Together, these enhancements encourage the model
to focus on biologically meaningful patterns of functional connectivity, yielding superior generalization in the diagnosis
of cocaine use disorder.

Table 3: Comparison of classification performance across studies using the SUDMEX CONN dataset.

Study (Author, Year) Modality Used Classification Method Reported Accuracy / Metric

Zhao et al., 2023 [31] Resting-State fMRI XGBoost 83% Accuracy

Wang et al., 2023 [27] Structural + Functional MRI Multi-View Graph Neural Network 75% Accuracy

Our Study – Non-causal GNN Resting-State fMRI GCN backbone (no causal masking) 78.6% ± 11.3% Acc

Our Study – CAL Resting-State fMRI Causal Attention Learning (CAL) 84.17% ± 4.08% Acc

Our Study – FuzzyCAL Resting-State fMRI Fuzzy-extended CAL 86.2% ± 7.1% Acc
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5.2 Validation of top fuzzy-causal edges

Our FuzzyCAL analysis identified the strongest fuzzy-causal connections between Temporal Fusiform Cortex and In-
ferior Temporal Gyrus. These regions have each been independently implicated in the neuropathology of cocaine use
disorder. It is observed significantly reduced resting-state functional connectivity between the inferior temporal gyrus
(ITG) and other cortical areas in individuals with chronic cocaine dependence, suggesting that ITG dysconnectivity
underlies impairments in visual-semantic processing and cue reactivity [5]. Likewise, it is reported that elevated cue-
evoked activation in the fusiform cortex of cocaine users during drug-related imagery tasks, consistent with heightened
perceptual salience of drug cues [21]. The bidirectional fuzzy-causal coupling we find between these two temporal-lobe
regions thus aligns with both disrupted baseline connectivity of the ITG and hyper-responsive fusiform reactivity in
cocaine addiction. This concordance provides external validity for our graph-based causal modeling approach and
highlights the interpretability gains conferred by our fuzzy-logic extension.

5.3 Limitations and future directions

While the proposed FuzzyCAL framework demonstrates superior performance and interpretability for resting-state
fMRI classification, several limitations and open challenges remain to be addressed in future work.

Dataset scale and generalization. The SUDMEX CONN dataset used in this study, though of high quality,
includes a moderate number of subjects (138) acquired at a single imaging site. This constrains the statistical power of
cross-validation and may limit generalization across scanners and populations. Extending the evaluation to larger and
multi-site repositories would provide a stronger validation of model robustness.

Fixed fuzzy membership parameters. In the present implementation, the triangular and trapezoidal fuzzy mem-
bership parameters were fixed heuristically for interpretability and reproducibility. Although this design facilitates
transparent rule interpretation, adaptive or learnable membership functions—possibly optimized jointly with the causal
attention masks—could yield more flexible and data-driven uncertainty modeling.

Computational complexity. Incorporating fuzzy priors and the rule-consistency regularizer introduces a small
computational overhead. Future research could explore sparse or selective rule evaluation strategies to further improve
efficiency for large-scale graph learning.

Sensitivity to graph construction. The accuracy of causal attention depends on the quality of the input func-
tional connectivity graph. If preprocessing, sparsification, or thresholding introduces substantial noise or biases, the
learned causal masks may become unstable. Robust graph-construction pipelines or uncertainty-aware edge inference
mechanisms may help mitigate this dependency.

Potential extensions. Future work will investigate three promising directions: (i) multi-modal fusion of fMRI and
DWI data to explore structural-functional coupling under fuzzy-causal reasoning; (ii) dynamic FuzzyCAL variants that
capture time-varying causal dependencies; and (iii) incorporating domain adaptation or invariant risk minimization
objectives to enhance cross-dataset transferability.

In summary, while FuzzyCAL advances the state-of-the-art by unifying fuzzy reasoning and causal attention, these
limitations highlight valuable opportunities for expanding its scalability, adaptability, and neuroscientific reach in the
future studies.

6 Conclusion

In this study, we have introduced FuzzyCAL, a novel integration of fuzzy-logic principles into the Causal Attention
Learning (CAL) framework for graph-based classification of Cocaine Use Disorder from resting-state fMRI data. By
transforming crisp edge weights and node centralities into interpretable fuzzy memberships, and by enforcing rule-
consistency regularization, FuzzyCAL more effectively isolates stable causal subnetworks while gracefully handling noise
and heterogeneity inherent in neuroimaging signals. Across multiple 5-fold cross-validation experiments, FuzzyCAL
consistently outperformed both a non-causal GNN baseline and the original CAL model. These gains demonstrate
that fuzzy uncertainty modeling synergizes with causal attention to yield more robust and generalizable brain-network
classifiers.
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Beyond the empirical improvements, our method offers enhanced interpretability: fuzzy-causal edge and node rank-
ings can be directly mapped to anatomical regions via the Harvard-Oxford atlas, facilitating neuroscientific insight and
hypothesis generation. Looking forward, the FuzzyCAL paradigm may be extended to other neurological and psychiatric
disorders, multi-modal neuroimaging fusion, and dynamic graph settings, opening new avenues for uncertainty-aware
causal discovery in complex biological networks.
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