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Abstract

Predictive maintenance is essential for commercial vehicle fleets to reduce unexpected down-
time and emergency repair costs. While standardized fault codes (SPN/FMI, representing
Suspect Parameter Numbers and Failure Mode Indicators) assist in diagnosis, their tem-
poral and spatial inconsistency limits the effectiveness of conventional time-series models
in identifying high-cost failures. We propose a Hybrid Node-level Relationship-based Graph
Convolutional Network with Random Forest (NRP-GCN-RF), which encodes fault inter-
actions as graphs to capture non-temporal dependencies. Based on a real-world dataset
provided by a large commercial vehicle manufacturer, our study follows a dual-task design.
(1) We construct a predictive model using graph neural networks (GCN) and random forests
(RF) to forecast emergency repair costs and fault categories based on chassis-level fault
sequences. (2) In parallel, we apply the Apriori algorithm to mine frequent co-occurring
SPN–FMI pairs, revealing interpretable fault patterns and subsystem-level dependencies.
This interpretable analysis complements the graph-based model by supporting feature de-
sign and failure diagnostics. Experiments show that our approach achieves 98.93% accu-
racy, increases high-cost failure precision from 60% to 95%, and improves recall by 25%,
offering a robust and explainable solution for predictive maintenance in commercial fleets.

Keywords: Fault Prediction, Predictive Maintenance, Graph Neural Networks,Machine
Learning, Association Rule Mining, Vehicle Maintenance, Explainable AI

1. Introduction

Commercial vehicle fleets operate under tight reliability, safety, and cost constraints. Un-
planned mechanical failures—especially those requiring emergency roadside service—cause
downtime, elevate risk, and drive unexpected expenses. Although modern vehicles continu-
ously log diagnostic codes, these logs are sparse, irregular, and heterogeneous, which limits
the effectiveness of traditional sequence- or rule-based predictors at fleet scale.
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Graph neural networks (GNNs) offer a natural way to model the relational structure
behind these data. In practice, fault codes rarely occur in isolation: they cluster within a ve-
hicle and recur across vehicles sharing operating conditions. Such patterns reflect temporal
propagation, spatial proximity, and subsystem interdependence. Capturing these cross-fault
and cross-chassis links improves prediction and supports engineering interpretability.

We propose a hybrid framework that turns raw fault sequences into directed, weighted
graphs whose nodes represent chassis–fault events and whose edges encode temporal, spa-
tial, and statistical co-occurrence relations. A GCN aggregates information over local and
global neighborhoods to learn fault-propagation dynamics and latent hubs that conven-
tional models overlook. The learned graph representations are passed to a Random Forest
classifier, yielding robust predictions under severe class imbalance.

To align with real-world maintenance practice, we evaluate three tasks: predicting
whether an emergency repair fee occurs, classifying repair cost into discrete tiers, and
identifying the fault category among nine types derived from clustered fault descriptions.
Beyond accuracy, the framework emphasizes interpretability by mining Apriori-based co-
fault motifs that uncover subsystem dependencies. Unlike methods that treat fault codes
independently or rely solely on temporal order, our approach unifies graph topology, oper-
ational context, and interpretable rules within a single framework. We develop a decoupled
pipeline combining graph construction, GCN-based representation learning, and Random
Forest classification, which achieves robust performance under severe class imbalance while
preserving interpretability. The proposed graph formulation fuses temporal, spatial, and
co-occurrence signals validated through association rules that provide diagnostic insight.
Evaluations on multi-year industrial data provided by a large commercial vehicle manufac-
turer show nearly 99% accuracy and significant gains in high-cost fault precision and recall,
underscoring both methodological soundness and practical value.

2. Related Work

Research on vehicle fault detection spans three principal methodological directions: statisti-
cal approaches, sequence modeling, and graph-based frameworks. Each of these paradigms
targets different aspects of the complex, multi-modal data underlying commercial vehicle
operation and fault occurrence.

Statistical methods, such as frequency analysis and association rule mining, have been
widely used to identify frequently occurring or co-occurring fault codes in large datasets
(Zhang et al., 2020, 2019). For example, sliding window analysis and threshold-based fil-
tering are employed to monitor changes in fault patterns over time. While these techniques
can provide fast, interpretable results, they are fundamentally limited by assumptions of
stationarity and regularity in the underlying data (Theissler, 2017). In practical deploy-
ments, vehicle operational environments and fault occurrence patterns are dynamic and
noisy, often leading to unreliable performance when using static or hand-crafted thresh-
olds. Additionally, statistical approaches typically perform poorly in detecting rare but
high-impact failures and may be sensitive to missing or erroneous data.

Sequence modeling approaches leverage temporal dependencies between fault events
to provide more context-aware prediction and detection. Methods based on recurrent neu-
ral networks (RNNs), gated recurrent units (GRUs), and Transformer architectures have
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demonstrated improvements in tracking evolving fault sequences and extracting semantic
relationships among diagnostic codes (Connor et al., 1994; Wen et al., 2023). For instance,
GRU-based frameworks capture temporal progression of faults across usage cycles, and
embedding-based methods utilize models such as Word2Vec and Transformers to uncover
latent associations in code sequences. However, these models are often limited in their abil-
ity to represent long-range or non-adjacent dependencies, and may not adequately capture
global relationships between system components or across multiple fault events.

Graph-based frameworks have recently gained traction for their capacity to explic-
itly model interactions and dependencies within complex systems (Jin et al., 2023, 2022).
Heterogeneous and dynamic graph neural networks (GNNs) allow for the integration of
spatial, operational, and relational information, improving the expressiveness and flexibil-
ity of predictive models. Despite these advances, most graph-based studies are restricted
to static graphs or address only single-task prediction problems, limiting their ability to
generalize across multiple failure types or operational contexts (Biddle and Fallah, 2021;
Theissler, 2017; Choi et al., 2021; Namburu et al., 2019). The challenges of multi-fault
interaction, transfer learning across vehicle platforms, and scalability in real-world settings
are still largely unsolved.

Efforts to incorporate adaptive thresholding and real-time adjustment mechanisms have
further improved model robustness under changing operational conditions (Moura et al.,
2011; Namburu et al., 2019). However, these solutions are rarely unified with advanced
sequence or graph learning approaches, and thus often fail to deliver a comprehensive answer
to the joint challenges of explainability, class imbalance, and dynamic data distributions.

In summary, while significant progress has been made using statistical, sequential, and
graph-based techniques, few existing works offer a holistic solution that jointly addresses
dynamic, multi-fault, cross-platform, and explainable predictive maintenance for vehicle
systems. This motivates our proposed framework, which integrates dynamic GNNs, ensem-
ble learning, and adaptive thresholding in a unified, multi-task setting.

3. Problem Formulation & Tasks

Data and notation. Let D = {(Si, zi)}Ni=1 denote a fleet dataset, where each vehicle i
records a time-ordered sequence of fault events Si = ⟨(si1, τi1), (si2, τi2), . . .⟩. Each diagnos-
tic entry sij corresponds to a fault code (e.g., SPN–FMI) with timestamp τij . Optionally, zi
aggregates vehicle-level statistics such as usage, region, or operational metrics. We represent
the dataset as a directed attributed graph:

G = (V,E,X), V = { v = (c, s, τ) }, X ∈ R|V |×d,

where each node v binds a chassis c, a fault code s, and an event time τ . The feature matrix
X encodes temporal, spatial, and statistical properties. Edges E capture (i) temporal
adjacency within a chassis, (ii) spatial proximity across chassis, and (iii) co-occurrence
relations mined from maintenance logs. Their weights are fused as

wuv = αwtemp
uv + β wspat

uv + γ wcooc
uv , α, β, γ ≥ 0.
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Empirical motivation. Preliminary data analysis revealed that most emergency fees fall
below 2,000 units, showing a strong skew toward lower costs. Several SPN–FMI combina-
tions appear in both zero-fee and non-zero-fee cases, suggesting that structural faults can
span multiple cost levels. These observations motivate a joint modeling strategy that pre-
dicts both the occurrence and the magnitude of emergency fees, alongside fault categories.

Learning objectives. Given G, an encoder Fθ (e.g., a graph neural network) produces
node embeddings H = Fθ(G) ∈ R|V |×d and a pooled graph representation g = Pool(H).
We jointly optimize three prediction tasks, each associated with a loss function L.We adopt
two standard loss functions: the binary cross-entropy (BCE) for binary classification and
the categorical cross-entropy (CE) for multi-class prediction. Given a graph G, an encoder
Fθ (e.g., a graph neural network) produces node embeddings.

Task 1: Emergency-Fee Existence (binary). Predict whether a vehicle requires an
emergency fee:

ŷ1 = fθ(G) ∈ {0, 1}, L1 = BCE(y1, ŷ1),

where BCE (binary cross-entropy) quantifies the discrepancy between the predicted prob-
ability ŷ1 and the true label y1 ∈ {0, 1}:

BCE(y, ŷ) = −
[
y log ŷ + (1− y) log(1− ŷ)

]
.

Task 2: Emergency-Fee Range (4-class). Predict the cost range of the required fee:

ŷ2 = gθ(G) ∈ {0, 1, 2, 3}, L2 = CE(y2, ŷ2),

where CE denotes the standard cross-entropy loss for multi-class classification.

Task 3: Fault-Category Prediction (9-class node classification). For each node
v ∈ V , predict the subsystem or fault category:

ŷ3(v) = hθ(v | G) ∈ {1, . . . , 9}, L3 =
1

|V |
∑
v∈V

CE
(
y3(v), ŷ3(v)

)
.

The overall loss function combines all objectives:

L = λ1L1 + λ2L2 + λ3L3, λ1, λ2, λ3 ≥ 0.

The term dynamic emphasizes that graph structures evolve over time, reflecting event se-
quences and enabling incremental updates during real-time monitoring.

4. Data and Labeling

We describe the datasets, preprocessing, labeling, and fault-pattern mining used in this
study. We first introduce the fault and maintenance records and their alignment for
multi-task prediction, then motivate our cost-aware design through fee distributions and
SPN–FMI patterns.
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4.1. Dataset Overview and Preprocessing

We use two proprietary datasets provided by a large commercial vehicle manufacturer: (i) an
automatically generated fault-log dataset and (ii) a maintenance dataset containing repair
records and emergency fee information. These industrial datasets capture realistic operating
conditions, diverse fault modes, and cost behaviors. Due to confidentiality constraints, the
raw data are not publicly available; collaborations may be arranged under appropriate
data-sharing agreements.

Figure 1: Reference diagram of automotive systems
and fault categories.

Table 1: Keyword rules
for fault clustering

No. Keywords

1 Rear Axle, Axle
2 Engine, Oil
. . . . . .
8 ECU, Electronics, Motor
9 Other Fault Descriptions

Each record contains ChassisNumber, SystemType, FaultName, FaultCount, SPN, FMI,
FaultStartTime, and FaultEndTime. Each fault event is uniquely identified by its SPN–FMI
pair (e.g., 1761–18), which we also use as the node-level code in downstream analyses.
Although FaultName includes 700+ unique strings, only 135 distinct SPN–FMI pairs are
observed, providing a compact representation. Records are grouped by ChassisNumber and
sorted by FaultStartTime to form vehicle-specific sequences. Very rare SPN–FMI pairs
(below a frequency threshold) are removed to reduce noise.

Figure 2: Emergency-fee ECDF with per-
centile markers.

Figure 3: SPN–FMI groups by fee cate-
gory (zero, non-zero, overlap).
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The maintenance dataset includes FaultDate, CheckDate, FaultCode, FaultDescription,
PartName, and EmergencyFee. Because descriptions span 200+ types, a keyword-augmented
LSTM maps them into nine subsystem categories (Table 1; Fig. 1).

The ECDF (Empirical Cumulative Distribution Function) of emergency fees (Fig. 2)
shows a strong left skew. SPN–FMI analysis (Fig. 3) reveals substantial overlap between
zero-fee and non-zero-fee cases, indicating that structural faults span multiple cost levels.
These observations motivate three labels: Y1 emergency-fee existence (y1∈{0, 1}) from the
zero/non-zero split; Y2 emergency-fee range (y2∈{0, 1, 2, 3}) using four ECDF-derived tiers
(e.g., 0–200, 200–1,000, etc.); and Y3 fault category (y3(v)∈{1, . . . , 9}) from the NLP-based
clustering (Table 1). This setup links technical patterns (Y3) with economic outcomes (Y1,
Y2) in a unified, cost-aware graph.

Table 2: Classification of SPN–FMI occurrence ranges.

Range Proportion Characteristics

Low 0–10% Stable associations with minimal variation
Medium 10–25% Moderate variation, context-dependent patterns
High >25% Significant fluctuation, potential transient dependencies

We extract co-occurring fault patterns via an optimized Apriori pipeline: (1) filter low-
frequency SPN–FMI pairs; (2) build a sparse chassis–fault Boolean matrix; (3) compress
rows/columns to reduce redundancy; (4) mine frequent itemsets at 1% support; and (5)
index patterns with a trie for fast retrieval. The resulting combinations are categorized as
in Table 2, supporting early warning and resource allocation in predictive maintenance.

5. Model Design and Graph Construction

We evaluated three modeling approaches for vehicle fault prediction: Support Vector Ma-
chines (SVM), Random Forests (RF), and our proposed hybrid model combining Graph
Neural Networks (GNNs) with Random Forests (NRP-GCN-RF). The first two serve as
baselines, highlighting the limitations of conventional machine learning on sparse, high-
dimensional data. We then present the design of NRP-GCN-RF, which integrates graph-
based relational learning with ensemble classification to capture both temporal and non-
temporal dependencies in complex fleet fault data.

5.1. Support Vector Machines (SVM)

SVM models were trained on one-hot encoded SPN–FMI fault codes, yielding sparse binary
matrices with tens of thousands of features. This creates the “large p, small n” problem,
where the feature dimension greatly exceeds the number of samples, and overlap across
vehicles is minimal. Inner-product–based kernels fail to capture meaningful similarities,
leading to underfitting. Limited improvements were observed when applying feature selec-
tion based on frequent co-occurrence combinations, but SVM could not model relational
dependencies or long-range interactions among fault codes.



Explainable Dynamic GNNs for Vehicle Maintenance

Table 3: Simulated dataset showing the “large p, small n” problem with high-dimensional
sparse features.

Chassis FaultLabel 523004-16 520415-0 792-2 523014-8 . . .

C001 A 1 1 0 0 . . .
C001 B 1 1 0 0 . . .
C002 A 0 0 1 1 . . .
C002 B 0 0 1 1 . . .
C003 A 0 0 0 0 . . .

5.2. Random Forests (RF)

Table 4: Restructured Fault Dataset with Tabular Attributes

ChassisNumber FaultLabel High Proportion Combinations Counts AvgLongitude AvgLatitude ...

C001 1 [’523004-16’, ’520415-0’] [5, 5] 117.2451 39.3165 ...

C001 2 [’523004-16’, ’520415-0’] [7, 6] 117.2066 39.3501 ...

...

C002 1 [’792-2’, ’523014-8’, ...] [14, 14, ...] 122.9887 41.0847 ...

C003 1 [’518110-5’, ’518118-5’, ...] [14, 13, ...] 103.0202 43.2948 ...

RF models were trained on tabular features including frequent combinations, counts, pro-
portions, and geospatial attributes. While RF captured structured patterns and achieved
solid baseline performance, it struggled with rare but high-cost failures due to class imbal-
ance. To mitigate this, we applied SMOTE to synthesize new minority samples:

x̂new = xminority + λ · (xneighbor − xminority), λ ∼ Uniform(0, 1).

This improved minority recall, but RF alone could not model temporal sequences or inter-
chassis dependencies.

5.3. Proposed Hybrid Model: NRP-GCN-RF

NRP-GCN-RF encodes fleet fault logs as a directed, attributed graph and decouples rela-
tional representation learning (GNN) from classification (Random Forest). The intent is
simple: represent how events unfold within a chassis (temporal order) and how they relate
across chassis (spatial proximity and co-occurrence), so we can detect rare, high-cost failures
while keeping the model easy to interpret.

For each chassis c, the raw log is a sequence Sc = {(st, τt, ℓt)}Tc
t=1 with SPN–FMI code

st, timestamp τt, and location ℓt. We build

G = (V,E,X), V = {vi = (ci, si, τi)}, X ∈ R|V |×d,

where X stacks code embeddings, temporal lags (e.g., time since last fault), chassis meta-
data, and spatial statistics. As shown in Fig. 4, time-sorted sequences are projected into a
unified graph; Fig. 5 shows a typical chassis subgraph.
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Figure 4: Graph conversion from time-sorted
logs to nodes/edges.

Figure 5: Directed subgraph for a chas-
sis with temporal, spatial, and association
links.

A directed edge i→ j is added if at least one condition holds: (i) temporal adjacency
within a window ∆t; (ii) spatial proximity with geodesic distance dgeo(ℓi, ℓj) ≤ ∆s (e.g.,
radius r km or 0.05◦ in lat/lon); (iii) statistical co-occurrence where (si, sj) satisfies Apriori
support/confidence thresholds. We fuse the heterogeneous evidence as

wij = α simt(vi, vj) + β sims(vi, vj) + γ assoc(vi, vj), α, β, γ ≥ 0, α+β+γ = 1, (1)

where simt is a decayed temporal kernel, sims a spatial kernel (e.g., an RBF of dgeo), and
assoc a normalized Apriori statistic (confidence or lift). Edges with wij ≥ ε are kept and
the adjacency is row-normalized to obtain Ã. The construction is dynamic: when a new
event arrives we insert vnew and update incident edges via (1).

Node embeddings are learned as H = GNN(X, Ã). For a GCN instantiation,

h(k)v = σ

 ∑
u∈N (v)

1√
dvdu

W (k)h(k−1)
u

 , h(0) = X, (2)

with trainable weights W (k) and nonlinearity σ. The encoder is interchangeable—GIN,
GAT, or a Graph Transformer can be used under the same tuning budget. Decisions are
made by a Random Forest on pooled graph embeddings for graph-level outputs and on
per-node embeddings for node-level outputs:

ŷgraph = RF(zG), zG = pool
(
{hv}v∈V

)
, ŷnode = RF(hv).

This separation improves robustness under class imbalance and label noise, and provides
feature importance for diagnostics.

To control density before training, we prune by ∆t, ∆s, and the threshold ε within
(chassis, time-window) shards, and parallelize construction across shards. Peak host mem-
ory per worker scales as Õ(|Vwin|+ |Ewin|), and empirically |E| ≈ c |V | with a small constant
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c, yielding near-linear build time. With neighborhood sampling (batch size B, hidden width
d, capped neighbors k̄, K layers), message passing costs O(KB d k̄) per batch; Apriori min-
ing remains tractable using a minimum support (e.g., σ ≥ 1%), rare-binning of infrequent
codes, and an FP-Growth fallback for long tails.

Figure 6: Global fault graph spanning inter-vehicle and temporal relations.

Overall, the formulation yields a multi-factor graph abstraction of fleet faults, couples an
encoder-agnostic GNN for representation with a lightweight Random Forest decision head,
and is supported by three figures that respectively illustrate the log-to-graph conversion,
the mechanics of a local chassis subgraph, and the global fleet structure.

6. Experiments and Evaluation

We evaluate NRP-GCN-RF on three tasks: Y1 Emergency-Fee Existence (binary, graph-
level), Y2 Emergency-Fee Range (multi-class, graph-level), and Y3 Fault-Category Prediction
(multi-class, node-level). Unless noted, we use vehicle-wise, chronological K-fold CV to
avoid temporal and inter-vehicle leakage. We report standard metrics; ROC/PR curves
and confusion matrices are in the Appendix.

Hyperparameters (GNN depth/width and edge-weight coefficients α, β, γ in Eq. (1)) are
tuned on validation folds. For Y1 we report AUROC, AUPRC, F1, and Precision@Top-k; for
Y2 macro/weighted-F1 and QWK; for Y3 micro/macro-F1 and per-class recall. Calibration
(ECE) and cost-aware operating points are analyzed in the Appendix.
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6.1. Results

Table 5 summarizes the headline results across the three prediction targets Y1–Y3. The
proposed NRP-GCN-RF consistently outperforms classical baselines (SVM, RF) with
clear recall and F1-score gains on Y1 and Y2, while maintaining strong calibration across
all tasks. This demonstrates that integrating relational representations through a graph
encoder, followed by a decoupled Random Forest head, enhances both sensitivity to rare
costly faults and generalization across heterogeneous subsystems.

Table 5: Overall performance across three tasks (best results in bold).

Model
Y1: HasEmergencyFee Y2: EmergencyFeeCategory Y3: FaultCategory

Precision Recall F1-Score Precision Recall F1-Score Precision Recall F1-Score

SVM 0.74 0.74 0.74 0.74 0.72 0.73 0.80 0.80 0.79
RF 0.90 0.90 0.90 0.92 0.92 0.92 0.95 0.95 0.95
NRP-GCN-RF 0.94 0.94 0.94 0.93 0.93 0.93 0.98 0.99 0.99

Task-wise analysis. For Y1 (Emergency-Fee Existence), recall on the positive class is notably
high (Table 6), showing the model’s strong ability to identify vehicles likely to incur costly
emergency repairs. This property is particularly desirable in predictive maintenance, where
false negatives (missed costly cases) are more harmful than false positives.

For Y2 (Emergency-Fee Range), all fee intervals perform robustly (Table 7). Class 3.0
achieves perfect recall, and Class 0.0 achieves perfect precision, reflecting the model’s high
sensitivity for expensive cases and its low false-alarm rate for benign ones. This result
suggests that relational patterns across fault clusters help the model distinguish between
high-cost and low-cost maintenance scenarios.

For Y3 (Fault-Category), performance remains uniformly high across all nine subsystem
classes, with overall accuracy reaching 0.989 (Table 8). Minor variation in Class 1 (with
limited support) highlights the data imbalance, yet macro and weighted averages both
remain near unity, indicating generalizable fault discrimination capability across the entire
chassis network.

Table 6: Classification report for Y1:
Emergency-Fee Existence.

Class Precision Recall F1-Score Support

0 0.91 0.84 0.87 25
1 0.94 0.97 0.96 67

Accuracy 0.9348 (on 92 samples)
Macro Avg 0.93 0.91 0.92 92
Weighted Avg 0.93 0.93 0.93 92

Table 7: Classification report for Y2:
Emergency-Fee Range.

Class Precision Recall F1-Score Support

0.0 1.00 0.82 0.90 17
1.0 0.92 0.94 0.93 81
2.0 0.96 0.93 0.95 86
3.0 0.95 1.00 0.97 73

Accuracy 0.9455 (on 257 samples)
Macro Avg 0.96 0.92 0.94 257
Weighted Avg 0.95 0.95 0.95 257

Takeaway. A graph encoder with a decoupled RF head improves recall on costly events
while maintaining calibration, demonstrating that structured relational learning can simul-
taneously enhance early warning capability and preserve interpretability.
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Table 8: Classification report for Y3: Fault-Category (all classes).

Class Precision Recall F1-Score Support

0 0.96 1.00 0.98 50
1 1.00 0.67 0.80 3
2 1.00 0.98 0.99 62
3 0.99 1.00 0.99 66
4 1.00 0.98 0.99 54
5 0.98 1.00 0.99 55
6 0.98 0.96 0.97 53
7 1.00 1.00 1.00 67
8 1.00 1.00 1.00 57

Accuracy 0.989 (on 467 samples)
Macro Avg 0.99 0.95 0.97 467
Weighted Avg 0.99 0.99 0.99 467

6.2. Learning Capacity and Feature Contributions

Permutation importance is computed on the RF head with out-of-fold predictions under
the same cross-validation protocol. Inputs include graph-aggregated operational features
(Count, Proportion), geospatial descriptors (AvgLatitude, AvgLongitude, LatitudeDiff,
LongitudeDiff), and Apriori-stable combination indicators (e.g., Combination 6699-19,
Combination 609-14, Combination 444-12, Combination 100-18). The resulting impor-
tances are min–max normalized per task and summarized by the median across folds.
As shown in Figure 7, AvgLatitude dominates (≈ 0.15), followed by LatitudeDiff and
AvgLongitude. Operational features rank mid-range, while combination flags contribute
mainly through graph connectivity and message passing rather than as isolated tabular
indicators.

Figure 7: Permutation-importance radar. Normalized importances across tasks (Y1–Y3)
for geospatial, operational, and combination features.

Learning and validation behaviors are summarized in Figure 8, which plots accuracy
versus training size (top) and number of trees (bottom). Solid lines denote fold means, and
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Figure 8: Learning and validation curves. Accuracy versus training-set size (top) and
number of trees (bottom) for Y2 and Y3 under vehicle-wise chronological CV.

shaded regions indicate the interquartile range (IQR). The results show that Y2 (emergency-
fee range) benefits from larger datasets and deeper forests, whereas Y3 (fault-category clas-
sification) plateaus earlier, suggesting feature saturation. The remaining train–validation
gap indicates potential gains from broader coverage or additional regularization strategies.

Figure 8 shows accuracy vs. training size (top) and vs. number of trees (bottom). Solid
lines: fold means; shaded: IQR.

Y2 benefits from more data and deeper forests; Y3 plateaus earlier, hinting at feature
saturation. The residual train–validation gap suggests gains from broader coverage or ad-
ditional regularization.

6.3. Fault Code Association Analysis

To complement supervised prediction with interpretable structure, we apply the Apriori
algorithm to mine frequently co-occurring SPN–FMI pairs from per-chassis transaction
windows. These association rules not only inform graph edge design (Sec. 5.3) but also sup-
port subsystem-level diagnostics, enabling interpretable connections between fault patterns
and underlying vehicle systems.

Given a transaction set T , Apriori extracts frequent itemsets that satisfy a minimum
support threshold and generates rules A ⇒ B that meet minimum confidence requirements:

supp(A) = |TA|
|T | , conf(A ⇒ B) =

supp(A ∪B)

supp(A)
, lift(A ⇒ B) =

supp(A ∪B)

supp(A) supp(B)
.
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To avoid spurious high lift on rare items, we impose domain-informed minimum support
thresholds and verify rule stability across folds. This ensures that the extracted associations
represent genuine subsystem relationships rather than statistical artifacts.

Representative results are summarized in Table 9. High-lift rules with perfect confidence
indicate strong functional linkages within the same subsystem, while moderate-lift cross-
module rules capture looser correlations that may reflect indirect dependencies or cascading
effects. For instance, (1761-18) ⇒ (1241-1) achieves a lift of 98, revealing a strong co-
occurrence pattern between two key SPN–FMI combinations.

Table 9: Association rules discovered by Apriori.

Strongly associated rules.
Antecedents Consequents Support Confidence Lift

(1761-18) (1241-1) 0.0102 1.00 98.0
(520243-0) (639-5) 0.0102 1.00 98.0
(523053-8) (523056-8) 0.0204 1.00 49.0
(518112-5) (131-7) 0.0204 1.00 49.0
(4794-1) (523006-4) 0.0102 1.00 32.7

Moderately associated rules.
Antecedents Consequents Support Confidence Lift

(524040-20) (597-13) 0.0196 1.00 51.0
(518108-5) (790-5) 0.0196 1.00 34.0
(521022-2) (520252-2) 0.0588 0.86 14.6
(1720-9) (1624-2) 0.0882 0.90 10.2
(518114-5) (4750-16) 0.0294 0.75 6.38

High-lift pairs reveal subsystem interdependencies—for example, links between the Elec-
tronic Engine Control Unit (EECU) and induction-system faults—while moderate-lift cross-
module rules suggest potential cascading or co-occurring behaviors. These interpretable as-
sociations reinforce the soundness of our graph-construction design and provide actionable
cues for fault tracing and preventive maintenance scheduling.

6.4. Cross-Validation Performance

Table 10 reports fold-wise accuracies, indicating stable generalization under vehicle-wise
chronological splits.

Table 10: Cross-validation accuracy across tasks with NRP-GCN-RF.

Task Fold Accuracies Mean Accuracy Std. Dev.

Y1: Emergency-Fee Existence 0.9130, 0.9565, 0.8913, 0.9333, 0.8889 0.9166 0.0257
Y2: Emergency-Fee Range 0.9690, 0.9297, 0.9609, 0.9844, 0.9375 0.9563 0.0202
Y3: FaultCategory 0.9968, 0.9838, 0.9903, 0.9870, 0.9773 0.9870 0.0065

Summary. NRP-GCN-RF attains high accuracy with low variance, strong sensitivity to
costly events, and interpretable associations that aid downstream diagnostics.

7. Conclusion and Future Work

This paper presents NRP-GCN-RF, a hybrid framework that combines graph representa-
tion learning with ensemble classification for predictive maintenance in commercial vehicle
fleets. By transforming chassis-level fault logs into directed, weighted graphs and fusing
operational context, the model captures structural dependencies and statistical regulari-
ties. In parallel, Apriori-based rule mining exposes frequent co-fault motifs that support
interpretability. Evaluated on three targets—Emergency fee existence (Y1), fee range (Y2),
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and fault category (Y3)—NRP-GCN-RF outperforms baselines under class imbalance and
cost-sensitive conditions.

Future work will extend the framework to dynamic graphs for evolving fault propaga-
tion, investigate explainable GNN modules (e.g., attention-based rationales) for traceable
decisions, and study cross-fleet generalization by applying the framework to multi-vendor
datasets and real-time telemetry. Future research will also explore validation and deploy-
ment of the proposed model across a broader range of industry vehicle data in collaboration
with commercial partners, supporting real-world predictive maintenance applications.
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