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Abstracit— Accurate identification of subtle faults in indus-
trial manufacturing remains a critical challenge, driving
increased adoption of machine learning (ML) techniques.
However, classical ML models often overlook complex
inter-sample relationships rooted in shared physicochemi-
cal properties, thereby compromising diagnostic accuracy.
Addressing this, we propose Adaptive Synergistic Similar-
ity Graph Construction (A-SSGC), a novel algorithm that
adaptively fuses multiple graph construction methods. A-
SSGC employs an adaptive sparsification strategy, guided
by node degrees, to capture physicochemical commonali-
ties among samples effectively. A-SSGC significantly out-
performs traditional ML models, basic graph construction
techniques, and both unsupervised and semi-supervised
deep graph construction approaches. It consistently out-
performs these baselines across representative graph neu-
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ral networks on multiple industrial manufacturing datasets. Visualization of the constructed graphs confirms the
ability of A-SSGC to reveal physicochemical commonalities, thereby enhancing interpretability and supporting deeper
analytical insights. By effectively capturing these commonalities, A-SSGC improves diagnostic performance. It also shows
strong potential as a versatile tool for industrial data analysis, contributing to improved automation and reliability in
manufacturing processes. Our code and datasets are available at https://github.com/AnguoCYF/A-SSGC.

Index Terms— Graph Construction Methods, Graph Neural Networks, Industrial Fault Diagnosis, Physicochemical Com-

monalities
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[. INTRODUCTION

NDUSTRIAL materials, such as steel plates and glass, are
essential to numerous sectors including construction, trans-
portation, and energy. They play a critical role in supporting
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infrastructure, vehicle manufacturing and machinery produc-
tion, significantly impacting both daily life and the global
economy [1]-[3]. Given their widespread application, ensuring
the quality and reliability of these materials is paramount.
Consequently, fault diagnosis in industrial materials has be-
come a crucial area of research, influencing quality control,
operational efficiency, and end-user safety [4], [5].

Despite its importance, fault diagnosis faces considerable
challenges due to the complexity and scale of data obtained
from industrial production environments. Traditional analyt-
ical methods are generally suitable for capturing linear and
obvious defect patterns. However, they often fail to detect
more subtle and nonlinear patterns. These challenging patterns
typically result from intricate chemical compositions, complex
processing parameters, and diverse microstructures [6], [7]. To
address these limitations, machine learning (ML) techniques
have gained popularity. Classical ML methods such as Support
Vector Machines (SVM), Multilayer Perceptron (MLP), Deci-
sion Trees, and Random Forest (RF) have been extensively
studied and applied to industrial fault diagnosis, delivering
promising results [8]-[11].
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While these traditional ML methods offer promising results,
they typically treat samples as independent entities, neglecting
the inherent physicochemical relationships among them. This
assumption limits their diagnostic effectiveness, as correlated
defects arising from shared material properties, processing pa-
rameters, or environmental conditions remain unaccounted for
[12]-[15]. Graph-based learning, which effectively leverages
relationships among samples, has gained significant attention
across numerous domains [16]-[19]. However, its application
in industrial manufacturing remains challenging due to the
absence of explicit relational data.

Developing effective graph construction techniques to cap-
ture these intrinsic material attributes is therefore essential.
However, as far as we know, dedicated research efforts focused
on generalizable graph construction strategies remain limited.
In most research, graph construction methods are treated as
auxiliary components tied to the development of specific graph
neural network (GNN) models, resulting in limited adaptability
beyond narrow applications.

Classical approaches often rely on simplistic heuristics, such
as applying a fixed threshold to a single pairwise similarity
metric, failing to adaptively integrate diverse relationship
types. Recent deep graph construction methods have ex-
plored sophisticated approaches-including embedding-driven
adjacency generation, probabilistic graph decoding through
latent variable models, and iterative topology optimization
[20]-[23].

However, these methods typically initiate the process from
a single similarity perspective or learn a unified latent em-
bedding space, neglecting the multi-dimensional nature of
sample relationships. Even when advanced methods incor-
porate adaptive or fusion-based principles, they often ex-
hibit critical limitations. For instance, adaptive methods learn
graph structures from node embeddings. They are designed
as components tightly coupled with a specific GNN, limiting
the model-agnostic utility [22]. Similarly, fusion-based graph
structure learning approaches often operate in a supervised or
semi-supervised manner, integrating graph fusion within the
GNN model’s training loop [24]. This fundamentally differs
from our framework, which is fully unsupervised and model-
agnostic. Furthermore, both approaches often lack an explicit
mechanism to control graph density [20]-[22], [24]. Such
implicit ’one-size-fits-all’ assumptions can introduce evalua-
tion biases, as the optimal connections among samples vary
significantly across different industrial materials and processes
[25]-[28].

To overcome these limitations, this paper proposes the
Adaptive Synergistic Similarity Graph Construction (A-SSGC)
framework. A-SSGC is a novel approach designed for indus-
trial fault diagnosis. It adaptively integrates multiple graph
construction strategies. Each strategy captures unique sam-
ple relationships based on different measurement principles.
The framework also uses an adaptive sparsification strategy.
This prevents overly dense local connections and constructs
a sparse, comprehensive graph. This graph encapsulates the
underlying material properties among samples. Finally, GNNs
leverage the resulting structure to accurately detect faults.

The primary contributions of this research are summarized

as follows:

1) Enhanced Diagnostic Performance: A-SSGC signifi-
cantly improves fault diagnosis accuracy across multiple
industrial manufacturing scenarios.

2) Broadened Applicability of Graph-Based Learning:
A-SSGC captures physicochemical commonalities in
diverse contexts, extending the applicability of graph-
based learning methods to industrial scenarios lacking
explicit relational data.

3) Improved Interpretability and Reliability: A-SSGC
constructs sparse, semantically meaningful graphs that
align with domain-specific physicochemical relation-
ships, offering visually verifiable and auditable decision
pathways for industrial operators.

This research builds upon and significantly extends our
preliminary work on graph construction. This foundational
study introduced the Synergistic Similarity Graph Construction
(SSGC) framework, which demonstrated the initial promise of
fusing multiple similarity metrics [29]. We introduce A-SSGC,
featuring a novel adaptive sparsification mechanism based
on node degrees for improved graph construction. Compared
to the preliminary study focused only on steel plates, this
paper provides substantially broader contributions: A-SSGC is
validated across diverse industrial materials and benchmarked
against numerous basic and deep graph construction methods.
Furthermore, we present detailed graph visualization analyses
and rigorous ablation and sensitivity studies, demonstrating
A-SSGC'’s enhanced effectiveness, interpretability, and robust-
ness. The remainder of this paper is structured as follows:
Section [[I] reviews related work on traditional ML and graph-
based methods in fault diagnosis. Section elaborates on
the A-SSGC framework, detailing the foundational graph con-
struction methods, adaptive sparsification strategy, employed
GNNs, and evaluation metrics. Section [[V] presents experimen-
tal analyses, detailing datasets, preprocessing, and comparative
performance of various methods. Finally, Section |V|concludes
the study and outlines potential future directions.

Il. RELATED WORKS
A. Traditional ML Models for Fault Diagnosis

Fault diagnosis is a key field of engineering technology.
Its purpose is to identify and locate the fault points in the
system or equipment. Fault diagnosis plays an important role
in industrial fields such as energy, transportation, and manu-
facturing [4], [5]. Efficient fault diagnosis can ensure normal
operation of equipment, mitigate risks, reduce downtime, and
prolong service life [30], [31]. With the increasing complexity
and scale of modern industrial systems, the requirements for
fault diagnosis accuracy and efficiency are becoming higher
and higher.

Traditional fault diagnosis methods are mainly based on
physical models and empirical rules. For example, Moreira
and Lesage [32] investigated fault diagnosis recognition based
on discrete-event models. Zheng and Zhou [33] explored
the training effect of principle knowledge on fault diagnosis
performance. In addition, Hu et al. [34] proposed an extended
qualitative multi-fault diagnosis method based on the principle
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knowledge. However, with the growth of system complexity
and data size, these traditional methods encounter difficulties
in dealing with large-scale and complex fault diagnosis tasks.

Fault diagnosis in industrial settings often involves complex
data characterized by subtle but significant physicochemical
relationships between different fault instances [35]-[37]. Tra-
ditional ML models typically operate under an assumption
of i.i.d., ignoring inherent correlations among samples. This
assumption can severely limit their diagnostic effectiveness in
real-world scenarios, where failures are often interconnected
due to shared material properties, manufacturing conditions,
or environmental factors [38]-[40].

To meet this challenge, researchers have utilized ML tech-
niques to improve fault diagnosis for industrial materials.
Tian et al. [8] introduced the SVM model to detect steel
plate faults. By employing recursive feature elimination and
utilizing evolutionary optimization algorithms, they achieved
an accuracy 80.7%, meeting the fault detection requirements.
Nkonyana et al. [9] employed three ML models—RF, MLP,
and SVM for steel plate fault classification. Their comparative
analysis revealed that ensemble methods outperformed basic
ML models in detecting faults within the steel manufacturing
process. Inspired by these findings, Chen et al. [10] employed
a series of ensemble strategies based on decision trees for steel
plate fault classification and found the Bagging algorithm to
be particularly effective. This algorithm outperformed other
methods, achieving a test accuracy of 90%, which represents
an effective method for detecting surface abnormalities on
steel plates. Overall, these studies demonstrate the feasibility
of traditional ML techniques for detecting industrial materials.

However, despite being relatively effective for fault di-
agnosis, conventional ML models have limitations due to
they treat samples as isolated instances. This independence
assumption neglects the physical commonalities shared among
industrial materials. Such commonalities might arise from
material characteristics, manufacturing processes, and the op-
erational environment, which all can influence the appearance
of faults [41], [42]. For example, variations in the chemical
composition of materials or inconsistencies in the cooling
process during manufacturing could lead to correlated faults
like surface defects and internal stress fractures [43], [44].
These physical commonalities form a graph of interconnected
fault patterns, where the presence suggests the potential for
others. Traditional models fail to consider these interconnected
patterns, compromising diagnostic performance [35], [36],
[45].

B. Graph-based Learning for Fault Diagnosis

Graphs, comprising nodes and edges, provide a potent
mathematical framework for representing and analyzing re-
lationships between entities. Unlike data modalities such as
time series or images, graphs can explicitly model complex
dependencies and structural information [16]-[19], making
them highly suitable for domains with intricate inter-sample
relationships.

By utilizing the graph’s capability to model inter-sample re-
lationships, which are often overlooked by traditional methods,

GNNs have emerged as a significant advancement in graph-
based learning, offering robust mechanisms for capturing these
structural dependencies. Notable GNN architectures include
Graph Convolutional Networks (GCN) [46] for effective local
structure aggregation, Graph Attention Networks (GAT) [47]
for dynamically prioritizing influential neighbors, and Graph
Isomorphism Networks (GIN) [48] for distinguishing nuanced
graph-level patterns. These capabilities have been successfully
demonstrated in diverse applications, such as GCN’s effective-
ness in molecular property prediction [49], GAT’s superior
performance in social network recommendations [50], and
GIN’s exceptional capacity to distinguish complex chemical
structures [51].

However, the efficacy of GNNs heavily relies on the quality
of the input graph, a critical challenge in industrial contexts
that often lack explicit relational data. Dedicated research on
effective and generalizable graph construction strategies re-
mains limited. Furthermore, most graph construction develop-
ment is treated as an auxiliary component tied to specific GNN
models, restricting adaptability beyond narrow applications
[22], [23].

Existing graph construction methods can be broadly cat-
egorized. Conventional methods often use fixed similarity
metrics or simple heuristics. For instance, cosine similarity has
been used for dynamic adjacency matrices in motor imagery
classification [25], k-nearest neighbor (k-NN) strategies for
modeling cell similarities in scCRNA-seq data clustering [26],
and modified Minimum Spanning Tree (MST) based graphs
for data hierarchies [27]. Although some studies have com-
pared multiple graph metrics in human activity recognition
[28], these conventional approaches can be sensitive to the
choice of metrics and parameters, struggling to capture the
multifaceted inter-sample dependencies.

Beyond conventional learning approaches, recent advances
in deep graph construction research have expanded into more
complex and specialized scenarios. A prominent direction
is hybrid deep graph construction, which seeks to integrate
diverse information sources. This is particularly prevalent in
biomedical applications, where strategies include building and
integrating multiple patient similarity networks from multi-
omics data [52]. To handle the inherent noise and complexity
in such settings, self-supervised learning is increasingly em-
ployed to refine and denoise the constructed graph structures
by creating supervisory signals from the data itself [53]. These
principles converge in highly complex settings like federated
learning, where recent work focuses on simultaneously learn-
ing both graph semantic and structural information across
decentralized clients [54]. A common characteristic of these
advanced methods is their focus on refining an existing graph
or designing task-specific, end-to-end pipelines. They thus
offer significant utility in specialized scenarios, but pay less
attention to the foundational construction of a graph from data
when no prior structure is available.

Deep learning-based graph construction methods have
emerged, primarily following four technical routes:

1) Embedding-based methods, such as GraphVAE [21],

learn to decode graph structures from latent variables.
However, they often produce overly dense adjacency
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matrices, introducing noise and reducing interpretability,
which is problematic for high-dimensional, noisy indus-
trial data.

2) Latent structure refinement methods, such as Learn-
ing Discrete Structures initialized by k-Nearest Neighbor
(kKNN-LDS) [20], iteratively refine graphs from an initial
heuristic structure k-NN. These semi-supervised meth-
ods depend heavily on the quality of the initial graph and
require labeled data, limiting performance when initial
graphs are suboptimal or labeled data is scarce.

3) Embedding-driven self-adaptive methods, such as the
graph learning component in MTGNN [22], dynamically
generate adjacency matrices from learnable node em-
beddings. As auxiliary components coupled to specific
GNNgs, these methods often exhibit poor generalization
and instability, particularly with sparse or noisy indus-
trial data.

4) Hybrid and Self-Supervised Graph Construction
which integrates multiple data sources with deep-
learning modules, often utilizing self-supervision for
refinement in complex settings such as in multi-modal
biomedical applications and distributed federated learn-
ing systems. [52]-[54].

In summary, existing methods face critical limitations,
including issues with graph density, dependence on initial
graphs and labeled data, and restricted generalizability or
structural instability. These shortcomings underscore the need
for a novel graph construction method. This method should
be able to adaptively combine multiple metrics and ensure
sparse, interpretable structures. It should also operate without
labeled data and remain robust to initialization and data noise.
Such criteria guide the development of the proposed A-SSGC
method.

[1l. METHODOLOGY
A. Concepts and Definitions

In this study, we model industrial fault diagnosis as a node
classification task, where each node in the graph represents an
industrial sample with associated features. The objective is to
classify each sample node into one of several fault categories
based on its features and relationships to other nodes. The
relationships between nodes are represented by edges, which
capture the physicochemical commonalities between samples,
such as shared physical or chemical properties.

The adjacency matrix A is used to represent the connections
between nodes. Each entry in the matrix, A;;, indicates the
strength or existence of a connection between node ¢ and
node j. The feature matrix X contains the attributes of each
node, with each row corresponding to a node’s features, such
as material properties relevant to fault diagnosis. The graph
is constructed based on these matrices, allowing the model
to leverage both node features and the captured inter-sample
relationships for fault classification.

B. Basic Graph Construction Methods

In the field of industrial fault diagnosis, graph construction
methods offer a powerful approach to leverage the rela-
tionships among samples. By representing samples as nodes

and their relations as edges within a graph, these methods
effectively capture the inherent structure of the data, thereby
boosting the efficacy of fault detection.

K-Nearest Neighbors: This strategy forms the graph by
associating each sample with its k nearest neighbors based
on Euclidean distance. The adjacency matrix A for k-NN is
defined as follows:

1
Aij= {0
(1

In Eq. (1)), 4+, and j, represent the indices of the sample
in the dataset. k-NN effectively captures local structures by
considering the k closest data points for each sample, thereby
enabling the detection of localized anomalies that indicate
faults. However, one potential limitation of this method is that
it may overlook global patterns, as it primarily focuses on local
relations [55].

Cosine Similarity: This method utilizes cosine similarity to
calculate the similarity between the 4y, and the jy, samples

using Eq. @):

if the ji;, sample is a k — NN of the i, sample
otherwise

Ayj= e @)
iy |21,

Here, x; and x; represent the feature vectors of the re-
spective samples, and [xi|, and |x;|, denote the Euclidean
norms of these vectors. The raw cosine similarity scores from
Eq. (@), which range from [-1, 1], are typically processed for
graph construction. In our approach, an adjacency matrix A;
is formed where A;; = 1 if the cosine similarity between
sample ¢ and j surpasses a predefined threshold, and A4;; = 0
otherwise. This results in a binary matrix with values in
{0,1}.While this method efficiently identifies samples with
similar directions, its lack of scale consideration may give rise
to misleading associations [56].

Euclidean Distance: This measurement calculates the dis-
tance between two data points in Euclidean space, which
represents the shortest path between them. It is widely used in
vector space models due to its straightforward computation and
effectiveness for dense or continuous data. Edges are created if
the Euclidean distance falls below a predetermined threshold.
The Euclidean distance between two samples is expressed as:

n

> (i — )’ 3)

k=1

Dij =

In the Eq. (B), =i and x;j, denote the k-th feature of
samples x; and x; and x; respectively, and n indicates the total
number of features. The adjacency matrix A; is constructed
where A;; = 1 if the Euclidean distance D;; falls below a
predetermined threshold, and A;; = 0 otherwise. This yields
a binary matrix.

Mahalanobis Distance: This method accounts for feature
correlations when measuring the distance between samples.
The Mahalanobis distance between the ¢-th and j-th samples
is calculated as (@):
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Dy = \/(xz' — ;)" S (2 — ay) (4)

Here, x; and x; are the feature vectors, and S 1 is the in-
verse of the covariance matrix S of the dataset. The adjacency
matrix A; is generated where A;; = 1 if the Mahalanobis
distance D;; is below a predefined threshold, and A;; = 0
otherwise. This generated a binary matrix with values in
{0,1}. This method effectively takes data scale and feature
correlations into account. However, it depends on an accurate
covariance matrix estimation. In cases of small sample sizes or
multicollinearity, such an estimation may be unreliable [57].

Minimum Spanning Tree: The MST algorithm ensures
connectivity among all data points by minimizing the sum of
edge weights, which corresponds to the Euclidean distances
between samples. The MST can be formally expressed as Eq.

®):

T* = argmin Z A;j
TCE .5
(i,5)€T

®)

T* signifies the set of edges constituting the MST, while
E represents all edges in the fully connected graph. A;;
is the Euclidean distance between sample ¢ and sample j.
The operator argmin denotes the operation of finding the

tree T° which miTnCir]fnzes the total weight of all the edges as
computed by Z( if)ET A;j. The constraint that 7" forms a tree
ensures that all data points are connected without forming
any cycles. The corresponding adjacency matrix A; is binary,
where A;; = 1if an edge (4, j) is part of the MST, and A;; =
0 otherwise. While this guarantees global connectivity, the
MST technique might not fully capture local data structures.
This is because the MST algorithm selects edges based on
global connectivity criteria, often overlooking finer, localized
relationships between data points. Consequently, it may fail to
represent more intricate local structures, which are crucial for
understanding the underlying patterns in the data [58].

Given the strengths and limitations of each method, a novel
graph construction algorithm A-SSGC is proposed, to blend
these methods and construct a robust and representative graph.

C. A-SSGC: Adaptive Synergistic Similarity Graph
Construction

In this work, we present A-SSGC, as depicted in Figure
Initially, five well-established methods are employed to
generate adjacency matrices: k-NN, Cosine Similarity, Eu-
clidean Distance, Mahalanobis Distance and MST. These
measurements provide a balanced representation of spatial,
structural, and similarity-based relations, particularly suited
for modeling the physical and chemical commonalities within
industrial materials.

Each adjacency matrix captures unique inter-sample rela-
tions. The fusion strategy of A-SSGC is grounded in the
principles of ensemble learning, where combining diverse
models is known to yield more robust and stable results than
any single constituent model [59]. Specifically, our approach
is analogous to consensus clustering, where the objective is to
find a superior consensus structure from multiple, varied inputs

[60]. A-SSGC integrates these matrices by assigning different
weights w;, unifying them into a single graph structure that
represents this consensus. Details on computing the weights
w; will be elaborated further in this section.

The primary advantage of the A-SSGC algorithm lies in
its ability to integrate diverse information from different sim-
ilarity matrices. A-SSGC operates under the assumption that
adjacency matrices with similar structures are likely to contain
key information, therefore should be given higher importance
in the fusion process. Conversely, matrices with significant
differences may contain less critical or noisy information
and are assigned smaller weights. This strategy ensures the
efficient fusion of adjacency matrices and generates a robust
and representative graph structure for subsequent analysis. The
specific steps of the A-SSGC method are detailed in Algorithm
[

Algorithm 1 Adaptive Synergistic Similarity Graph Construc-
tion (A-SSGC)

Input: Set of adjacency matrices {A;}"_, from various
graph construction methods; Base threshold 6y,s; Degree
factor ¢
Output: Fused adjacency matrix Agygeq
for i + 1 to n do
for j < 1 ton do
dij < [|Ai = AjllF
Sij e~ i
end for
Afused — Z?:l w; - A1
end for
for each node u do
degree, + Zv?ﬁu I(Afysed[u, v] > 0) > Compute node
degrees
end for
for each node u do
norm_degree, %
degrees
end for
for each pair (u,v),u # v do
Huv yal gbase + % norm.degree, +norm_degree,
Compute adaptive thresholds
Oy  min(1, max(0, 0y, ))
if Afysea[ts, v] < 0y, then
Afused [U7 U] 0
end if
end for
for each node u do
Afused [u) U] «—1
end for
Return Afused

j=15ij

> Normalize node

max —dmin

>
> Ensure 6, € [0, 1]

> Remove the edge

> Add self-loops

Algorithm |[1| begins by measuring the similarity between
the adjacency matrices obtained from various graph construc-
tion methods, the Frobenius norm is employed to quantify
the distance between these matrices. This distance is then
transformed into a similarity measure. The computation of the
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Fig. 1: Schematic Diagram of the A-SSGC Method

similarity is expressed as:

similarity (A;, A;) = e~ 14— 4lF (6)

In Eq. (6), the Frobenius norm | - | is utilized to quantify
the overall difference between the adjacency matrices A; and
A; generated by different graph construction methods. To
transform this difference into a meaningful similarity measure,
the exponential function e~7 is applied to the Frobenius norm.
This transformation enhances the discriminative power of the
similarity metric. It assigns higher values to matrices that
exhibit greater resemblance and, conversely, lower values to
matrices that are more dissimilar.

Based on the similarity between the adjacency matrices,
the weights w; are calculated to reflect the importance of
each adjacency matrix in the fusion process. To compute the
weights, we normalize the similarities so that their sum equals
1:

Z?:l similarity (A;, A;)
- Z;L:l Z?:l similarity (A4;, A;)

(7

L%

In Eq. (7), the weight for each of the n adjacency matrices is
calculated based on their similarity to the ensemble. Since the
values in these input matrices range from 0 to 1, this weighting
and normalization scheme ensures that matrices with more
prominent connections have a proportionally greater impact
on the final fused graph.

The theoretical rationale for this weighting scheme is to
find a robust consensus structure from an ensemble of diverse
graphs. This objective is formally conceptualized as finding
the Fréchet mean of the graph ensemble. The Fréchet mean is
defined as the geometric centroid A* that minimizes the sum

of squared distances to all graphs in the set [61]:
n
A" = argmin Y _||A" — Ay[% ®)
i=1
In this objective function, the set { Ay, ..., A, } represents the
input adjacency matrices, and the goal is to find an ideal matrix
A’ that is maximally central to this set. While directly solving
this optimization problem is non-trivial, the weighting scheme
in Eq. (7) serves as a computationally efficient approximation.
The weight w,; assigned to each matrix A; quantifies its
centrality within the ensemble, which serves as a proxy for
its proximity to the geometric centroid A*. Therefore, by
amplifying the influence of more central matrices, the resulting
weighted average is guided toward the optimal consensus
solution.
This ensemble-based approach also provides strong stability.
A core tenet of statistical learning is that combining diverse
models can reduce variance and improve robustness over any
single model [59]. The weighting formula in Eq. (6) possesses
an inherent outlier suppression mechanism that contributes
to this stability. If a specific construction method produces
an outlier matrix A; that is distant from all others, the
exponential terms e~ !l4:=4ill7 will be close to zero due to the
large distances. Consequently, its weight w; will be minimal,
preventing a single noisy graph from destabilizing the fusion
process. The calculated weights are then used to perform a
weighted average of all adjacency matrices, resulting in a fused
adjacency matrix denoted as Afgyseq:

Apsed = Y _w; - Aj )
i=1
In Eq. (9), Afused is obtained by multiplying each adjacency
matrix A; with its corresponding weight w; and summing the
results.
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To further optimize the fused adjacency matrix, an adaptive
threshold strategy is introduced to binarize Agyeq, enhancing
its ability to capture meaningful relationships. A-SSGC cal-
culates adaptive thresholds for each pair of nodes, starting by
computing the degree of each node as Eq.(10):

degree,, = Z I (Afusea[u, v] > 0)
vFEU

(10)

where I(-) is the indicator function. which equals 1 if
the condition is true, and 0 otherwise. The degrees are then
normalized to range [0,1] :

if dmax

, otherwise

= dmin

(1)

0,
norm,degreeu = degree , —dmin
dmax —dmin
In Eq.(T1), dmin and dpax are the minimum and maximum
degrees among all nodes, respectively. For each pair of nodes
(u,v), the adaptive threshold 6., is computed as Eq.(12):

norm_degree,, + norm_degree,,
2

where 0y is the base threshold, and § is the degree factor.
The threshold 6,, is then clamped to the interval [0,1] to
ensure valid values. The fused adjacency matrix Agygeq 1S
binarized by comparing each element with its correspond-
ing adaptive threshold: If Agyeq [u,v] > 60, the edge is
retained. If Agygeq [u, v] < 0y, the edge is removed by setting
Afused [u,v] = 0. Finally, self-loops are added by setting
Afysed [, u] =1 for all nodes w.

A-SSGC dynamically adjusts the threshold for each edge
based on the normalized degrees of the connected nodes,
preventing over-dense local connections and better capturing
meaningful relationships. This approach results in a more
representative and discriminative graph structure by harnessing
the strengths of individual graph construction methods while
mitigating their weaknesses. When combined with GNNs, A-
SSGC provides a nuanced representation of sample intercon-
nections, improving the industrial fault diagnosis performance
and extending the applicability of graph-based learning to
industrial scenarios lacking explicit relational data.

auv = abase +4x (12)

D. Graph Neural Networks

Once the graph is constructed, GNNs are utilized to identify
underlying anomalous patterns through the graph data for fault
diagnosis, as shown in Figure |2| Unlike traditional methods,
this framework specifically tailors graph-based learning for
industrial fault diagnosis. The innovative integration of *Graph
Construction’ and *Graph Neural Networks’ modules enhances
the diagnosis process by capturing and exploring the chemical
and physical commonalities within industrial materials.

Figure |2 illustrates the workflow for industrial materials
fault diagnosis. The process begins with ’Feature Prepro-
cessing’, where sample features are standardized to facilitate
more effective subsequent analyses. This phase is followed by
’Graph Construction,” which translates the standardized data
into a graph format: each node represents an individual sample

and edges encapsulate the inherent relations. Building upon
this graph structure, the analysis naturally progresses into the
utilization of GNNS.

In this study, we select three representative GNN models:
GCN, GAT, and GIN to validate the versatility and robustness
of the proposed A-SSGC algorithm across various GNNs.
Each model offers unique strengths for exploring the complex
constructed graph, as detailed below:

Graph Convolutional Network: GCN is a seminal model in
the GNNs that introduced a localized first-order approximation
of spectral graph convolutions. In this model, each node
aggregates information from its neighboring nodes, thus em-
phasizing homophily-based features. The standard convolution
operation of GCN can be mathematically represented as:

1
hz(‘Hl) — 0 Z 7W(l)h(l)

fd.d J
JEN (i)Ui dldﬂ

In Eq. (13), hElH) denotes the feature of node i at layer
I + 1. The normalization components, d; and d;, which rep-
resent node degrees, ensuring the stabilization of the model’s
training. W) signifies the weight matrix at layer /, and o acts
as the non-linear activation function.

Given its equal weight distribution mechanism, GCN offers
robustness in detecting anomalies, capitalizing on local graph
structures, and rendering it proficient in discerning underlying
patterns within industrial materials.

Graph Attention Network: Among the selected GNNs, GAT
stands out with its attention mechanisms. The fundamental
operation of GAT is aggregating the features from neighboring
nodes weighted by attention coefficients. The attention coeffi-
cients o5 are calculated using a shared attentional mechanism,
allowing the model to focus on informative neighbors that
are more likely to share similar fault characteristics. This is
mathematically represented as Eq. (T4):

13)

P = & (14)

Z aijW(l)h;-l)
JEN (@)

In Eq. (T4), hz(.lﬂ) is the feature of node i at layer [+1, NV (%)
is the set of neighbors of node i, W) is the learnable weight
matrix in layer [, h;l) is the feature of node 5 in layer [ , and
o(+) is the activation function.

The attention coefficients «;; are computed by Eq. (I3):

a; = softmax; (LeakyReLU (aT [W(l)hgl) ||W(l)h§l)] )2
5)

Where || denotes concatenation, a is a learnable weight
vector, and softmax;(-) ensures the coefficients for neighbors
of node 4 sum to 1. The LeakyReLU (-) function adds non-
linearity to the attention mechanism, which helps the model
learn complex mappings from the input samples.

By utilizing this attention mechanism, GAT assigns different
importance to nodes based on their relations, granting a refined
understanding of the underlying steel plate data. GAT enables
utilization of graph structure and node features simultaneously.
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Fig. 2: Workflow of the Graph Construction with GNNs for Industrial Fault Diagnosis

Graph Isomorphism Networks: GIN is a salient extension
in the GNN landscape, designed to address the graph isomor-
phism challenge. Instead of employing linear transformation
like GCN, GIN integrates a multilayer perceptron for nodes,
thereby imparting a non-linear transformation and enhancing
model expressiveness. The pivotal equation governing GIN is:

B =0 | (14 ) n0 + 30w
FEN ()

(16)

Within Eq. (16), ¢ emerges as a layer-specific learnable
parameter, adeptly balancing a node’s features relative to
its adjacent entities. Meanwhile, W) represents the layer-
specific weight matrix.

The strengths of GIN in fault detection are rooted in its ca-
pacity to capture substructural patterns, leveraging information
from both immediate and broader graph communities. This
ability allows it to unearth fault features that may remain latent
under other models.

The selected GNN models, GCN, GAT, and GIN, adopt
distinctive approaches to graph data analysis, ensuring a
comprehensive evaluation of A-SSGC across diverse graph
processing contexts. GCN is leveraged for its strength in cap-
turing local node features, GAT for its attention mechanisms
that identify relevant graph segments, and GIN for its capacity
to model complex topologies and higher-order interactions.
This selection validates A-SSGC’s theoretical soundness and
practical applicability across various GNN architectures.

E. Computational Complexity Analysis

A computational analysis of the A-SSGC algorithm is
performed to evaluate its efficiency. The analysis considers
both time and space complexity. The variables in this analysis
are the number of samples N, the feature dimensionality D,
and the number of base graph construction methods 7.

1) Time Complexity Analysis.: The overall time complexity
is determined by the sum of three main stages: base graph
construction, weight calculation, and adaptive sparsification.
The first stage’s complexity is defined by the most demanding
base method. Methods such as k-NN, Cosine Similarity, and
Euclidean Distance have a time complexity of O(N2D). The
MST construction also requires an initial distance calculation

of O(N?2D), which dominates its process. In contrast, the Ma-
halanobis distance method is more computationally intensive,
with a complexity derived from covariance matrix computation
(O(ND?)), matrix inversion (O(D?)), and pairwise distance
calculations (O(N?2D?)).

The second stage is weight calculation. This step computes
the pairwise similarity between the n base matrices using the
Frobenius norm, which has a time complexity of O(n?N?).
The final stage is adaptive sparsification. This process operates
on the fused matrix to prune edges, which requires O(N?)
time. Since n is a small constant, the overall time complexity
is dominated by the most expensive step in the base graph
construction. This results in the following total time complex-
1ty:

T(N,D) = O(ND? + D? + N?D?) (17)

2) Space Complexity Analysis.: The space complexity, de-
noted as S(N, D), is determined by the memory required
for the largest data structures. The algorithm stores the input
feature matrix (O(N D)), the covariance matrix (O(D?)), and
n adjacency matrices (O(N?) each). Since n is a constant, the
overall space complexity is dominated by the storage of the
adjacency matrices, resulting in:

S(N,D) = O(N? + ND + D?) (18)

The complexity analysis indicates that A-SSGC has
high computational requirements, particularly for large-scale
datasets. The time complexity, driven by the Mahalanobis
distance calculation, and the O(N?) space complexity can
present practical challenges. Future research should focus on
optimization. Potential directions include using approximation
algorithms for the covariance matrix, parallelizing distance
calculations, and exploring implicit graph representations that
avoid storing the full adjacency matrix. Such advancements
would enhance the algorithm’s scalability and efficiency for
large-scale industrial data analysis.

IV. EXPERIMENTS & DISCUSSION

A. Dataset Preprocessing & Model Evaluation
Dataset Descriptions. To evaluate A-SSGC’s capability in
capturing underlying material structures, we employ three

public industrial datasets. The UCI and Kaggle Steel Plates
Fault datasets were selected to analyze physical commonalities
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in materials with different scales and distributions. To assess
performance on chemical commonalities, we utilized the UCI
Glass Identification dataset, which describes samples based on
their chemical composition. A detailed summary of the key
statistics for these datasets, including sample counts, feature
dimensions, and class distributions, is provided in Table

TABLE |: Summary of Dataset Statistics

Dataset Samples  Features Classes Imbalance Ratio
UCI Steel Plates 1,941 27 7 4.49:1
Kaggle Steel Plates 19,218 27 7 1.35:1
UCI Glass 214 9 6 3.45:1

Dataset Processing. We performed several preprocessing
steps to prepare the data. An initial analysis confirmed that
the selected public datasets do not contain any missing values.
Subsequently, all input features were standardized using Z-
score normalization to transform the features to have a mean
of zero and a standard deviation of one. Class imbalance in
the two steel plate datasets was addressed using the Synthetic
Minority Over-sampling Technique [62] to balance the training
data, while the glass dataset retains its original distribution
to isolate the impact of physicochemical modelling from
oversampling artefacts. All datasets were split into 80% for
training and 20% for testing.

Implementation Details. To ensure a fair and reproducible
comparison across all graph construction methods, the down-
stream GNN classifiers were configured with a consistent
architecture and fixed hyperparameters for each dataset. All
GNNs utilized the same hidden dimension, learning rate and
dropout rate, and were trained for 500 epochs. Specifically, the
GCN consisted of two graph convolution layers with a ReLU
activation function. The GAT was composed of two layers,
utilizing 8 attention heads in the first layer. The GIN model
was implemented with two layers, each containing a two-layer
MLP for feature transformation.

For the base graph construction methods within A-SSGC,
we used a consistent parameter setting. The number of &
for k-NN was fixed at 10. For Cosine Similarity, Euclidean
Distance, and Mahalanobis Distance, the connection threshold
was uniformly set to the 10th percentile of the calculated
similarity or distance distribution. This approach leaves only
the two most critical hyperparameters of the A-SSGC fusion
stage to be tuned: the base threshold 6p,s. and the degree
factor 6. These two parameters were systematically optimized
using the Optuna framework.

Evaluation Matrics. Performance is evaluated using four

TP+TN
TP+TN+FP+FN )°

(% > #Pjppi), Macro Recall (% > #’%M), and
Macro F1-score (% Zf’;l %), where TP, TN,
FP, and FN denote true positives, true negatives, false
positives, and false negatives, C' is the number of classes,
and 7 indexes each class. Macro averaging computes metrics
independently for each class and averages them, ensuring eq-
uitable evaluation across unbalanced industrial datasets where
all types of defects are critical to diagnose accurately.

metrics: Accuracy Macro Precision

B. Comparison of Graph Construction Methods

In this section, we compare various graph construction
methods, including basic approaches and the proposed A-
SSGC. We also introduce three advanced baseline algorithms:
GraphVAE [21], kKNN-LDS [20], and Self-Adaptive [22].
These baselines were selected for their specific focus on
constructing graph structures directly from feature data in
unsupervised or semi-supervised paradigms. This approach is
suitable for industrial scenarios where labeled data is often
limited. Other notable graph learning models serve funda-
mentally different purposes. For example, Graph Sample and
Aggregate(GraphSAGE) [63] is a GNN architecture that oper-
ates on a pre-existing graph. Methods like GRAPH Random
Neural Networks(GRAND) [64] and Graph Diffusion Convo-
lution(GDC) [65] are designed to refine or augment an existing
graph structure, not to create one from the initial feature data.
Furthermore, a Differentiable Graph Pooling(DiffPool) [66] is
intended for graph-level tasks, which differ from our node-
level objective. This focused selection of baselines provides a
rigorous and relevant evaluation for industrial fault diagnosis.

To ensure a model-agnostic evaluation, all graph construc-
tion methods are benchmarked using three downstream GNN
classifiers: GCN, GAT, and GIN. While GraphVAE and kNN-
LDS originally rely on GCN, and Self-Adaptive approaches
are tied to specific GNNs, we extend their implementations
where necessary to support all three classifiers, mitigating
biases introduced by classifier-specific strengths. The modified
code is publicly available in our GitHub repository| to ensure
reproducibility. We tune each baseline’s hyperparameters us-
ing Optuna [67], selecting configurations that yield optimal
validation scores. The comparison, detailed in Table |[II} uses
key metrics such as accuracy, precision, recall, and F1-score.

The experimental results show significant differences in the
performance of graph construction methods for industrial fault
diagnosis, which are determined by their ability to model
inherent inter-sample relationships. Basic graph construction
methods like k-NN and MST demonstrate competence in
structured datasets with low feature heterogeneity. For in-
stance, MST achieves strong performance on the UCI Steel
Plates Fault dataset (F1 = 0.907 with GCN), where global
connectivity aligns with its sparse edge selection strategy. k-
NN also exhibits robustness, particularly with GIN classifiers
(e.g., F1 = 0.784 on UCI Glass), leveraging localized fea-
ture alignment. However, these methods degrade significantly
in complex industrial environments. Cosine Similarity and
Euclidean Distance, reliant on direct feature comparisons,
struggle to adapt to nonlinear interactions, as evidenced by
Cosine Similarity’s substantial F1-score deficit (0.630 vs. A-
SSGC’s 0.774 with GCN) on the Kaggle Steel Plates dataset.
Mahalanobis Distance further struggles (Kaggle: F1 = 0.635
with GCN), its covariance-based metric appearing less suited
to the non-Gaussian, multi-modal distributions often found in
industrial data.

Deep graph construction methods also face significant chal-
lenges in these industrial applications. GraphVAE, primarily
designed for generating graphs like molecular structures, per-
forms poorly in these high-dimensional, noisy environments
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TABLE II: Comparison of Graph Construction Methods
GNNs Graph Constructions UCT Steel Plate Kaggle Steel Plate UCI Glass
Acc Prec Rec F1 Acc Prec Rec F1 Acc Prec Rec F1

k-NN 0.896 0.890 0.894 0.892 0.740 0.716 0.739 0.722 0.791 0.854 0.726 0.755
Cosine 0.844 0.843 0.842 0.836 0.648 0.624 0.648 0.630 0.698 0.728 0.756 0.731
Euclidean 0.871 0.864 0.868 0.864 0.645 0.629 0.648 0.627 0.767 0.773 0.751 0.750
Mahalanobis 0.642 0.627 0.642 0.631 0.647 0.632 0.647 0.635 0.744 0.810 0.759 0.762

GCN MST 0.911 0.906 0.908 0.907 0.761 0.746 0.761 0.749 0.674 0.680 0.777 0.697
GraphVAE 0.142 0.020 0.143 0.036 0.298 0.252 0.412 0.259 0.256 0.043 0.167 0.068
kNN-LDS 0.704 0.784 0.704 0.727 0.612 0.663 0.612 0.625 0.744 0.633 0.614 0.615
Self-Adaptive 0.791 0.787 0.792 0.789 0.552 0.489 0.481 0.460 0.465 0.486 0.675 0.520
SSGC 0.915 0.913 0.915 0.914 0.762 0.742 0.762 0.748 0.814 0.806 0.802 0.812
A-SSGC 0.926 0.924 0.926 0.925 0.783 0.769 0.782 0.774 0.907 0.913 0.890 0.898
k-NN 0.905 0.901 0.903 0.898 0.707 0.675 0.707 0.675 0.791 0.805 0.767 0.777
Cosine 0.819 0.806 0.815 0.807 0.637 0.635 0.637 0.634 0.814 0.840 0.789 0.790
Euclidean 0.894 0.888 0.891 0.887 0.607 0.625 0.608 0.603 0.651 0.700 0.725 0.691
Mahalanobis 0.724 0.701 0.719 0.699 0.614 0.605 0.615 0.595 0.628 0.743 0.756 0.671

GAT MST 0.912 0.909 0.910 0.905 0.655 0.629 0.654 0.617 0.767 0.771 0.798 0.780
GraphVAE 0.504 0.413 0.498 0.430 0.222 0.190 0.346 0.174 0.535 0.383 0.489 0.374
kNN-LDS 0.706 0.831 0.705 0.737 0.633 0.681 0.633 0.647 0.698 0.840 0.657 0.705
Self-Adaptive 0.783 0.787 0.782 0.763 0.538 0.566 0.473 0.446 0.302 0.520 0.561 0.391
SSGC 0.943 0.940 0.941 0.940 0.745 0.726 0.744 0.713 0.837 0.830 0.831 0.823
A-SSGC 0.944 0.944 0.944 0.943 0.786 0.769 0.785 0.775 0.884 0.905 0.937 0.915
k-NN 0.908 0.902 0.906 0.903 0.780 0.766 0.780 0.770 0.814 0.871 0.771 0.784
Cosine 0.819 0.812 0.815 0.811 0.625 0.592 0.626 0.600 0.837 0.824 0.796 0.803
Euclidean 0.912 0.908 0.910 0.908 0.578 0.559 0.579 0.555 0.791 0.784 0.740 0.752
Mahalanobis 0.679 0.653 0.679 0.655 0.677 0.653 0.676 0.654 0.721 0.739 0.707 0.704

GIN MST 0.919 0.915 0.917 0.915 0.818 0.801 0.817 0.806 0.744 0.714 0.756 0.727
GraphVAE 0.404 0.417 0.558 0.376 0.202 0.138 0.141 0.131 0.558 0.572 0.705 0.575
kNN-LDS 0.877 0.879 0.877 0.877 0.707 0.704 0.706 0.704 0.814 0.837 0.763 0.787
Self-Adaptive 0.880 0.877 0.880 0.878 0.542 0.512 0.532 0.501 0.605 0.573 0.628 0.578
SSGC 0.918 0.917 0.918 0.916 0.823 0.815 0.822 0.817 0.814 0.848 0.825 0.826
A-SSGC 0.930 0.929 0.930 0.929 0.847 0.836 0.846 0.840 0.907 0.889 0.949 0.909

Note: Acc = Accuracy, Prec = Precision, Rec = Recall. Bold indicates best results.

(e.g., Kaggle: F1 = 0.259 with GCN). Its reliance on global
latent variables appears insufficient for constructing the sparse
and meaningful inter-sample connections critical for industrial
commonality discovery. kKNN-LDS, despite integrating semi-
supervised edge refinement, shows limited and inconsistent
improvements over traditional baselines. In the Kaggle dataset
with GCN, kNN-LDS achieves an Fl-score of 0.625, a
14.9% deficit compared to A-SSGC’s 0.774. While kNN-
LDS marginally exceeds k-NN in one specific scenario (UCI
Glass with GIN: F1 = 0.787 vs. 0.784), this small gain
is not consistent across datasets and classifiers. The Self-
Adaptive method, which aims to learn graph structure from
node embeddings, also demonstrates limitations. For instance,
with GCN, it yields an Fl-score of only 0.460 on the Kaggle
dataset and 0.520 on the UCI Glass. This underperformance
suggests that learning highly discriminative embeddings for
graph construction is challenging. The task becomes particu-
larly difficult when using complex, noisy industrial features
without guidance from multiple similarity perspectives. Such
methods may struggle if the learned embedding space does not
adequately capture the multifaceted physicochemical nuances
critical for fault diagnosis.

The proposed A-SSGC consistently overcomes the limita-
tions of existing methods by adaptively integrating comple-
mentary graph construction strategies. A-SSGC fuses multiple
fundamental perspectives, including local proximity (e.g., k-
NN), global connectivity (e.g., MST), and additional statistical

or structural metrics. This comprehensive fusion allows A-
SSGC to capture diverse and complementary views of inter-
sample relationships, leading to advanced performance across
tasks. For example, on the Kaggle dataset with GCN, A-SSGC
improves the Fl-score by 31.5% over Self-Adaptive (0.774
vs. 0.460) and by 51.5% over GraphVAE (0.774 vs. 0.259).
Its adaptive sparsification strategy further prunes redundant
edges while preserving meaningful structural links. On the
UCI Glass dataset, A-SSGC reaches an F1-score of 0.898 with
GCN, surpassing its predecessor SSGC by 8.6%. This gain
demonstrates the value of replacing static thresholding with
adaptive fusion. Furthermore, A-SSGC maintains robustness
with diverse GNN classifiers. For example, on the UCI Steel
Plate dataset, it achieves consistently high F1-scores of 0.925
with GCN, 0.943 with GAT, and 0.929 with GIN. This strong
and stable performance across different GNN backbones en-
ables it to significantly surpass competing methods like k-NN
and Self-Adaptive, particularly on challenging datasets such
as Kaggle.

These results highlight two key observations. First, methods
that rely on asingle fixed heuristics (e.g., k-NN, MST), direct
feature comparisons (e.g., Cosine, Euclidean) fail to capture
the nonlinearity, noise, and structural diversity of industrial
data. Even deep models like GraphVAE, Self-Adaptive, and
kNN-LDS struggle when they do not explicitly incorporate
diverse similarity views. Second, A-SSGC’s strength lies in its
multi-strategy fusion and adaptive sparsification. While kNN-
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LDS relies on semi-supervised refinement and requires labeled
data, A-SSGC is fully unsupervised and avoids the limitations
imposed by heuristic initialization. Self-Adaptive approaches,
although flexible, may underperform if their learned em-
beddings do not adequately reflect all relevant affinities. In
contrast, A-SSGC constructs the graph by jointly considering
multiple similarity paradigms and refining the structure in
a data-driven, adaptive manner. This design enables robust
performance gains in both structured and noisy settings. Its
consistent superiority across datasets and GNN architectures
underscores its value as a general-purpose, robust solution for
industrial fault diagnosis in heterogeneous environments.

C. Runtime and Efficiency Analysis

Computational efficiency is a critical factor for the practical
deployment of industrial systems. This section evaluates the
runtime of the compared graph construction methods to assess
their feasibility. Table presents the results, grouping the
methods into three distinct categories for a clear analysis: basic
methods, deep graph construction methods, and the proposed
methods.

The results show a clear difference in computational cost
between the categories. The basic methods are very fast on
small-scale data. For instance, Euclidean Distance completes
in only 0.004 seconds on the UCI Glass dataset. However, the
scalability of some basic methods is a significant weakness.
The runtime for both Mahalanobis Distance and MST in-
creases dramatically on the larger Kaggle dataset. Mahalanobis
Distance increases from 0.724 seconds to 70.8 seconds, while
MST increases from 0.647 seconds to 101.4 seconds. In
contrast, the deep graph construction methods require the most
time. GraphVAE and Self-Adaptive need over 2,800 seconds
on the Kaggle dataset, making them impractical for many
applications. Even the more efficient kNN-LDS requires a
substantial 236.6 seconds on the same dataset.

The proposed A-SSGC provides a balance between effi-
ciency and performance. A-SSGC is computationally more
intensive than the basic methods. Its runtime of 2.703 seconds
on the UCI Steel Plate dataset is notably higher than the
0.285 seconds required by k-NN. However, its main advan-
tage is a significant speed improvement over the deep graph
construction approaches. On the Kaggle dataset, A-SSGC is
more than 13 times faster than Self-Adaptive, completing in
215.4 seconds. This suggests a critical trade-off. The increased
runtime of A-SSGC over basic methods is an affordable
cost when considering its superior diagnostic performance.
By avoiding the extreme computational time of other deep
methods, A-SSGC proves to be a practical and robust solution
for industrial fault diagnosis.

D. Comparison of Classification Models

This study comprehensively evaluates various classifica-
tion methods, including traditional ML models and GNNs.
Through a detailed comparison of experimental results, we
provide an in-depth analysis of each model’s performance in
industrial fault diagnosis tasks. Model performance is assessed

based on accuracy, precision, recall, and F1 scores, as shown
in Table [[V]

In the UCI Steel Plate Faults dataset, classification per-
formance improves progressively with the enhancement of
the models’ nonlinear fitting capabilities. LR, being a linear
model, exhibits relatively limited performance, achieving an
accuracy of 82.7% and an Fl-score of 81.9%. The Decision
Tree model captures nonlinear features, reaching an accuracy
of 85.5% and an Fl-score of 85.4%. The k-NN algorithm,
which relies on distance metrics between samples, attains an
accuracy of 89.1% and an F1-score of 88.3%, performing well
on datasets with clear physical characteristics. The MLP, with
its strong nonlinear fitting ability, achieves an accuracy of
90.0% and an F1-score of 89.8%.

However, in the Kaggle Steel Plate Faults dataset, which
contains noise and synthetic samples, SVM and MLP exhibit
high sensitivity to noise, with MLP’s Fl-score dropping to
60.4%. In contrast, k-NN and Decision Tree demonstrate
stronger robustness, maintaining Fl-scores of 70.6% and
71.2%, respectively. Notably, while k-NN performs relatively
well, it delivers the worst performance in the UCI Glass Identi-
fication dataset, with an F1-score of only 42.4%. This indicates
that models based on simple distance metrics cannot capture
chemical commonalities. Additionally, Naive Bayes, which
relies on the assumption of feature independence, performs
poorly across all datasets. These results suggest the presence
of strong correlations rooted in material properties, and the
dependence of traditional ML models on the independent
and ii.d. assumption limits their ability to capture these
commonalities.

Compared to traditional ML models, the A-SSGC combined
with GNNs shows significant performance improvements,
partially mitigating the limitations of the i.i.d. assumption.
In the UCI Steel Plate Faults dataset, the GAT(A-SSGC)
leverages attention mechanisms to capture critical connections
within the graph, achieving an accuracy of 94.4% and an
Fl-score of 94.3%, significantly outperforming all traditional
models. In the Kaggle Steel Plate Faults dataset with synthetic
samples and noise, the GIN(A-SSGC) attains an Fl-score of
84.0%, improving by 18% over the best-performing traditional
model—Decision Tree. A-SSGC also demonstrates excellent
adaptability when handling imbalanced data. In the unsampled
UCI Glass Identification dataset, A-SSGC achieves an accu-
racy of 90.7% and an F1-score of 90.9%, outperforming tradi-
tional ML models by up to 31.3 %. These results indicate that
A-SSGC effectively captures intrinsic connections between
samples by constructing precise graph structures, enhancing
classification performance and model robustness.

The integration of A-SSGC with GNNs not only enhances
fault diagnosis accuracy but also expands the application
potential of GNNs to data with implicit relationships. By
constructing high-quality graph structures, A-SSGC enables
models to better leverage the intrinsic structures within the
data. Transforming tabular data into graph representations, A-
SSGC not only broadens the applicability of GNNs but also
offers an innovative approach for uncovering inherent patterns
in tabular data. This method exhibits significant advantages in
handling complex industrial datasets, providing new insights
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TABLE Ill: Runtime Comparison of Graph Construction Methods (seconds)

Graph Construction Method ~ UCI Steel Plate  Kaggle Steel Plate ~ UCI Glass
k-NN 0.285 0.436 0.066
Cosine Similarity 0.171 17.234 0.024
Euclidean Distance 0.189 20.288 0.004
Mahalanobis Distance 0.724 70.803 0.197
MST 0.647 101.404 0.006
GraphVAE 45.656 2807.866 1.787
kNN-LDS 7.113 236.629 3.124
Self-Adaptive 41.449 2876.427 7.415
SSGC 2.274 205.503 0.478
A-SSGC 2.703 215.382 0.712

TABLE IV: Comparison of Different Classification Models

Models UCI Steel Plate Kaggle Steel Plate UCI Glass
Acc Prec Rec F1 Acc Prec Rec F1 Acc Prec Rec F1

LR 0.827 0.818 0.827 0.819 0.697 0.674 0.697 0.675 0.721 0.686 0.617 0.629
k-NN 0.891 0.891 0.890 0.883 0.744 0.717 0.743 0.706 0.628 0.419 0.452 0.424
MLP 0.900 0.897 0.900 0.898 0.623 0.603 0.624 0.604 0.744 0.696 0.591 0.595
SVM 0.890 0.888 0.890 0.885 0.692 0.669 0.692 0.674 0.721 0.663 0.570 0.581
Naive Bayes 0.734 0.747 0.735 0.731 0.567 0.570 0.567 0.567 0.558 0.605 0.628 0.593
Decision Tree 0.855 0.853 0.855 0.854 0.715 0.710 0.714 0.712 0.721 0.723 0.721 0.697
GCN(A-SSGC) 0.926 0.924 0.926 0.925 0.783 0.769 0.782 0.774 0.907 0.913 0.890 0.898
GAT(A-SSGC) 0.944 0.944 0.944 0.943 0.786 0.769 0.785 0.775 0.884 0.905 0.937 0.915
GIN(A-SSGC) 0.930 0.929 0.930 0.929 0.847 0.836 0.846 0.840 0.907 0.889 0.949 0.909

Note: Acc = Accuracy, Prec = Precision, Rec = Recall. Bold indicates best results.

for future research in industrial fault diagnosis and related
fields.

E. Ablation and Sensitivity Analyses

In this subsection, we perform comprehensive ablation and
sensitivity analyses to clearly understand the contributions of
key components and critical hyperparameters in the A-SSGC
model.

1) Ablation Study on Key Components: To thoroughly exam-
ine the individual contributions of critical components within
A-SSGC, we evaluate four variants: (1) retaining only self-
connections without any graph construction learning (”Only
Self-connected Graph”); (2) omitting the sparsification strategy
completely, equivalent to SSGC (w/o Sparsification Strat-
egy”); (3) removing the adaptive mechanism based on node
degrees ("w/o degree factor §”); and (4) removing the base
threshold 6,5, ("w/o base threshold 6y,s.”).Detailed perfor-
mance comparisons are presented in Table [V]

Table [V| demonstrates the importance of each component.
The ”Only Self-connected Graph” variant, representing a
baseline without graph learning or sparsification, performed
moderately, indicating that relying solely on node features
is insufficient for effective fault identification. Removing the
adaptive sparsification strategy improved performance over the
baseline but remained significantly lower than the complete
model. This highlights the general benefit of the adaptive
sparsification mechanism. Analyzing the specific components
of this strategy further reveals their importance. Removing the
degree factor § caused a substantial performance drop across
all datasets, most notably on the Kaggle Steel Plate dataset,
where the Fl-score fell sharply from 0.774 to 0.498. This

shows that adapting the threshold based on node degrees is
crucial to distinguish edges effectively, particularly in complex
datasets. Similarly, removing the 6y, also led to significant
performance degradation, F1-scores dropped to 0.502 on Kag-
gle and 0.706 on UCI Glass, confirming the need for a baseline
filtering level to maintain graph integrity.

Overall, the complete A-SSGC model consistently achieved
the best performance. These results confirm that both the
synergistic fusion approach and the adaptive sparsification
strategy, driven by the interplay of the degree factor ¢ and the
base threshold 645, are indispensable. They work together
to effectively capture the shared characteristics among indus-
trial material samples and enhance the performance of fault
diagnosis.

2) Hyperparameter Sensitivity Study: We further evaluated
the sensitivity of A-SSGC’s performance to its two key hyper-
parameters: the degree factor § and the base threshold 0.
The experiments were conducted on the UCI Glass dataset
using GCN as the downstream classifier, with results shown
in Figure 3]

Figure[3a]illustrates the model’s sensitivity to the degree fac-
tor 4, tested within the range [0,2]. The model’s performance
peaks around 0 = 0.35 (Accuracy=0.860, Fl-score=0.839).
Very small § values, approaching a fixed threshold scenario
0 0, F1 = 0.741), result in suboptimal performance,
indicating the benefit of considering node degrees. Conversely,
very large § values (§ = 2, Flx 0.759) also lead to decreased
performance, potentially making the threshold overly sensitive
to degree variations. The results suggest that a moderate ¢
value between 0.2 and 0.35 optimally balances global thresh-
olding with degree-based adaptation.
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TABLE V: Ablation Study on Core Components of A-SSGC

. UCI Steel Plate Kaggle Steel Plate UCI Glass
Variants
Acc Prec Rec F1 Acc Prec Rec F1 Acc Prec Rec F1

Only Self-connected Graph 0.879 0.876 0.879 0.877 0.682 0.661 0.682 0.666 0.744 0.736 0.741 0.722
w/o Sparsification Strategy 0.915 0.913 0.915 0.914 0.762 0.742 0.762 0.748 0.814 0.806 0.802 0.812
w/o degree factor & 0.856 0.852 0.856 0.852 0.550 0.531 0.504 0.498 0.744 0.759 0.739 0.741
w/o base threshold 0y se 0.863 0.860 0.863 0.860 0.553 0.534 0.508 0.502 0.721 0.723 0.727 0.706
Complete Model 0.926 0.924 0.926 0.925 0.783 0.769 0.782 0.774 0.907 0.913 0.890 0.898

Note: Acc = Accuracy, Prec = Precision, Rec = Recall. Bold indicates best results.

Figure [3b] shows performance sensitivity to the base thresh-
old Op,se, tested within the range [0, 1]. The Fl-score achieves
its primary peak at 0p,5c = 0.35 (F1 = 0.864) and a strong
secondary peak near Oy, = 0.2 (F1 = 0.844). Performance
drops sharply as 6p.se = 0.35 approaches 0 (F1 = 0.706),
highlighting the need for a baseline filter to remove noisy or
weak edges. Performance also gradually declines for 6,5, val-
ues above the optimal range (F1 ~ 0.754 at 0,5, = 1), likely
due to filtering out useful connections. The model exhibits
relatively stable and near-optimal performance for 0y, values
between 0.2 and 0.4, indicating reasonable robustness within
this range.

Overall, the sensitivity analysis confirms that & and Gpgse
significantly influence A-SSGC’s performance, but the model
remains robust within specific ranges around the optimal
values. This reinforces the effectiveness of the adaptive sparsi-
fication strategy and underscores the importance of appropri-
ately tuning these parameters to construct high-quality graphs
capable of capturing relevant physicochemical commonalities.

F. Constructed Graph Visualization

According to [68], steel plate samples with identical phys-
ical defects share measurable characteristics such as shape,
size, and surface texture anomalies derived from manufac-
turing processes. These properties are encoded as numeri-
cal features, and their similarity guides graph construction
to model physical commonalities spatially. The UCI Steel
Plates Fault dataset categorizes defects into distinct types:
Pastry, Z_Scratch, K_Scratch, and Bumps, each with unique
physical origins. Pastry defects manifest as rounded material
displacements, Z_Scratch as linear abrasions from sharp ob-
jects, K_Scratch as irregular chaotic scratches, and Bumps as
localized surface deformations.

Table visualizes the graphs constructed using various
methods. Basic graph construction methods exhibit distinct
limitations. Cosine Similarity and Euclidean Distance pro-
duce fragmented graphs for Z_Scratch and K_Scratch defects,
with numerous isolated nodes indicating incomplete relation-
ship modelling. These methods struggle to adapt to nonlin-
ear feature interactions, particularly in defects with irregu-
lar morphologies. While k-NN improves local connectivity
for Pastry and Bumps through proximity-based clustering, it
fails to establish global relationships critical for Z/K_Scratch
defects. MST enforces global continuity but homogenizes
graph structures across defect types; for instance, Pastry and
Bumps defects yield nearly identical spanning trees despite

their divergent physical origins. Such rigidity undermines the
representation of unique physicochemical signatures.

Deep graph construction methods struggle to adapt to in-
dustrial data’s complexity. GraphVAE generates overly dense
topologies approaching complete connectivity, where nodes
cluster indiscriminately within defect categories. This lack
of sparsity obscures critical relationships, as trivial edges
drown out discriminative physicochemical patterns. kKNN-LDS,
another deep baseline, initialises with a k-NN graph and
refines edges via semi-supervised updates. However, visual
analysis reveals limited structural improvements over its k-
NN foundation. In Bump defects, kKNN-LDS retains k-NN’s
local clusters but fails to establish meaningful connections
between subclusters sharing physicochemical similarities. For
Z Scratch defects, edge updates introduce sparse long-range
links that lack geometric coherence, suggesting inadequate
adaptation to nonlinear feature interactions. Similarly, the
Self-Adaptive method, which learns graph structures directly
from node embeddings, yields highly fragmented and struc-
turally incoherent topologies, particularly for Z_Scratch and
K_Scratch defects. The resulting disjointed clusters suggest
that its learned embedding space fails to capture the coherent
physical properties defining these fault types, underscoring its
instability when tasked with constructing graphs from com-
plex industrial features without explicit multi-metric guidance.
These visual limitations correlate with its underwhelming
performance(e.g., F1 = 0.727 vs. k-NN’s 0.892 with GCN),
highlighting the challenge of rectifying initialization biases
through incremental refinements.

SSGC addresses these issues by combining multiple con-
struction principles, eliminating isolated nodes and producing
defect-specific structures. However, it introduces redundant
connections visible as dense inter-cluster edges in Pastry
graphs, which obscure salient relationships. A-SSGC resolves
this via adaptive sparsification, dynamically pruning non-
discriminative edges while preserving physicochemical coher-
ence. For example, in K_Scratch defects, A-SSGC selectively
connects samples with overlapping scratch orientation and
depth features, whereas SSGC links nodes indiscriminately.
This refinement yields sparser yet semantically richer graphs,
aligning with A-SSGC’s superior diagnostic accuracy (e.g., F1
= 0.925 vs. SSGC’s 0.914 in UCI Steel Plates).

These visual patterns collectively demonstrate that
industrial-grade graph construction requires multi-strategy
fusion guided by domain-specific adaptability. While
SSGC overcomes fragmentation and homogeneity issues of
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Fig. 3: Hyperparameter Sensitivity Analysis of A-SSGC (GCN Classifier)

basic/deep graph construction methods, A-SSGC'’s threshold
optimization proves critical for balancing connectivity with
interpretability—a topological refinement essential for precise
fault diagnosis.

V. CONCLUSION

This paper introduces A-SSGC, a novel graph construction
framework designed to overcome the challenges of inex-
plicit relational data in industrial fault diagnosis. A-SSGC
outperforms traditional ML models, basic graph construc-
tion methods, and unsupervised/semi-supervised deep graph
construction approaches, consistently demonstrating superior
performance across multiple industrial datasets. The key ad-
vantage of A-SSGC lies in its adaptive fusion strategy. This
strategy constructs graph structures that better capture local
and global relationships. It is particularly effective in noisy and
imbalanced data. These results highlight A-SSGC’s potential
for broader applications in industrial settings and beyond,
particularly in cases where explicit relational data is unavail-
able. By enhancing interpretability and enabling reliable fault
diagnosis, A-SSGC contributes to the advancement of graph-
based learning techniques, offering significant promise for au-
tomation in industrial processes. Future work will address the
primary limitations of A-SSGC: its computational overhead
and sensitivity to key hyperparameters. We plan to explore
approximation techniques for scalability and automated ML
approaches for robust parameter optimization.
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