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Abstract 

Selecting an appropriate deep learning architecture for pipeline Remaining Useful Life (RUL) prediction requires a systematic 

comparison under consistent experimental conditions. This revision reports results computed directly on the dataset (500 records 

spanning 12 installation cohorts from 2000–2024; see Section 3.1). We benchmark Long Short-Term Memory (LSTM) networks, 

Convolutional Neural Networks (CNN), and Graph Neural Networks (GNN) against a common Artificial Neural Network 

(ANN) baseline using identical preprocessing and seven-fold stratified cross-validation (Section 3.1 explains why the originally 

proposed expanding-window temporal cross-validation could not be applied to the data received). The ANN, LSTM, and GNN 

are statistically distinguishable but practically tied at near-perfect regression performance (GNN: R2 = 0.9998; ANN: 

R2 = 0.9996; LSTM: R2 = 0.9986; all p < 0.05 pairwise, Section 7.4) and all three achieve perfect binary classification 

(Accuracy = Precision = Recall = F1 = 1.000). The CNN performs far worse on both tasks (R2 = 0.1655; classification 

F1 = 0.373), which we attribute to its translation-invariant, weight-shared convolutional structure being poorly suited to a tabular 

prediction task in which each input feature requires its own, non-interchangeable coefficient (Section 8.2). Direct analysis of the 

target variable shows that Remaining Useful Life is an exact deterministic linear function of five input covariates (R2 = 1.0000 

for ordinary linear regression; Section 3.1.1), which explains why every architecture capable of learning feature-specific weights 

(ANN, LSTM, GNN) recovers it almost perfectly, and an ablation test shows the GNN’s graph-convolution step contributes 

negligibly (R2 changes from 0.9998 to 0.9995 when message-passing is disabled), providing no support for the originally 

hypothesised spatial-relationship-modelling advantage. These findings substantially revise the architecture-selection guidance 

proposed in the original submission: rather than recommending the GNN as the default architecture, we recommend the ANN 

as the default choice on the grounds of statistically indistinguishable accuracy at a fraction of the computational cost (Section 

3.5), and we recommend against the standard (translation-invariant) CNN for tabular pipeline-attribute prediction tasks of this 

kind. 
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1. Introduction 

The integrity of oil and gas pipelines is a matter of critical 

national importance, particularly in Nigeria, where pipeline 

failures contribute to environmental damage, economic losses, 

and safety hazards across the Niger Delta and beyond [4]. Ac-

curate prediction of Remaining Useful Life (RUL) enables op-

erators to prioritise maintenance, reduce unplanned shut-

downs, and optimise inspection schedules. Over the past dec-

ade, deep learning techniques have emerged as powerful tools 

for this purpose. Yet, the proliferation of individual architec-

ture studies — each reporting strong results on different da-

tasets under different experimental conditions — has made it 

difficult for practitioners to select the most appropriate 

method for a given operational context. 

LSTM networks have been widely advocated for their tem-

poral sequence modelling capacity [6, 13, 18]; CNN architec-

tures for their spatial pattern extraction capability [5, 15]; and 

GNNs for their ability to represent inter-segment dependen-

cies in pipeline networks [3, 7, 9]. However, because these 

studies use different datasets, preprocessing pipelines, cross-

validation strategies, and performance metrics, their findings 

cannot be meaningfully compared. A practitioner seeking to 

select the most appropriate architecture for a Nigerian pipeline 

prediction task has no principled basis for choice beyond the 

architecture’s theoretical inductive bias. 

This study addresses this gap through a controlled, system-

atic comparison. All four architectures — ANN, LSTM, CNN, 

and GNN — are applied to the same Nigerian pipeline dataset 

with identical preprocessing, the same expanding-window 

temporal cross-validation protocol, and the same suite of re-

gression (R2, RMSE, MAE) and classification (Accuracy, Pre-

cision, Recall, F1-Score) metrics (RMSE: Root Mean Square 

Error; MAE: Mean Absolute Error). The comparison is not 

designed to declare a single winner, but rather to characterise 

the strengths and limitations of each architecture within the 

specific operational context of Nigerian pipeline degradation 

prediction, providing the empirical foundation needed to jus-

tify a hybrid ensemble integration that combines all four ar-

chitectures. 

1.1. Research Questions 

This paper addresses three research questions: 

1) Which deep learning architecture achieves the strongest 

regression performance for continuous RUL prediction 

on Nigerian pipeline data, and by what margin? 

2) Does the same architecture also achieve the strongest 

classification performance for binary failure prediction, 

or do regression and classification tasks favour different 

architectures? 

3) Are the performance differences between architectures 

attributable to their theoretical inductive biases, and do 

the results confirm the complementarity required for an 

effective hybrid ensemble? 

1.2. Statement of the Problem 

Pipeline degradation in Nigeria’s oil and gas sector is 

driven by complex interactions among environmental, opera-

tional, and structural factors, including corrosion, pressure 

fluctuations, soil conductivity, and ageing infrastructure. Tra-

ditional inspection and maintenance schedules are largely re-

active, responding to failures rather than anticipating them. 

Whilst deep learning methods have demonstrated promise in 

predicting RUL and binary failure risk, no study has yet com-

pared ANNs, LSTMs, CNNs, and GNNs under identical con-

ditions on Nigerian pipeline data. The absence of such a con-

trolled benchmark leaves practitioners without evidence-

based guidance for architecture selection in this operationally 

critical context. 

1.3. Aims and Objectives 

The primary aim of this study is to provide a rigorous, con-

trolled benchmark comparison of four deep learning architec-

tures — ANN, LSTM, CNN, and GNN — for pipeline RUL 

prediction using Nigerian oil and gas data, in order to generate 

architecture-selection guidance grounded in empirical evi-

dence. 

The specific objectives are: 

1) To apply all four architectures to a shared Nigerian pipe-

line dataset under identical preprocessing and evaluation 

conditions. 

2) To evaluate regression performance using R2, RMSE, 

and MAE, and classification performance using Accu-

racy, Precision, Recall, and F1-Score. 

3) To assess whether observed performance differences are 

consistent with each architecture’s theoretical inductive 

bias. 

4) To confirm the complementarity of the four architectures 

as a justification for hybrid ensemble integration. 

2. Literature Review 

2.1. Artificial Neural Networks in Pipeline 

Integrity 

Feedforward ANN models have long served as the baseline 

method for pipeline failure prediction. Their capacity as uni-

versal function approximators, formally established by Barron 

[1], makes them applicable to a wide range of regression and 

classification tasks without imposing structural assumptions 

on the data. In the context of pipeline management, ANNs 

have been used to estimate corrosion rates, predict pressure 

drops, and classify failure risk from static feature vectors. 

Their computational efficiency and interpretability make them 

well-suited as non-redundant baselines against which more 

specialised architectures can be benchmarked. 
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2.2. LSTM Networks for Temporal 

Degradation Modelling 

LSTM networks were specifically designed to overcome 

the vanishing gradient problem in recurrent neural networks, 

enabling the capture of long-range temporal dependencies [2]. 

Zhang and Li [18] demonstrated their effectiveness for pipe-

line corrosion prediction using historical sensor sequences, 

whilst Shaik et al [13] applied LSTM to estimate the life con-

dition of dry gas pipelines, consistently outperforming 

ARIMA (AutoRegressive Integrated Moving Average) and 

classical time-series approaches. Gholami et al [6] further val-

idated LSTM for RUL prediction from sequential degradation 

data. Ma et al [10] extended LSTM to pipeline leak detection 

and localisation by combining it with wavelet denoising, 

demonstrating flexibility beyond pure regression. These stud-

ies consistently highlight LSTM’s advantage in capturing 

slow degradation trends spanning months or years, whilst also 

indicating that its performance degrades when the dominant 

predictive signal is cross-sectional rather than temporal. 

2.3. Convolutional Neural Networks for Spatial 

Feature Extraction 

CNNs have been shown to operate as learnable spatial 

smoothers that converge optimally with respect to the spatial 

regularity of the underlying function [12]. In pipeline moni-

toring contexts, Sharma and Gupta [15] demonstrated that 

CNNs effectively capture spatial degradation patterns across 

multi-sensor arrays, whilst Farahat et al [5] showed that CNNs 

can learn spatial relations in high-dimensional sensor config-

urations. Shang et al [14] achieved substantial reductions in 

prediction error for ultrasonic pipeline damage detection using 

a CNN-LSTM hybrid architecture. The spatial translation in-

variance of CNNs makes them particularly well-suited to data 

in which the same degradation pattern may manifest at differ-

ent locations within a sensor array. 

2.4. Graph Neural Networks for Network-Level 

Dependency Modelling 

GNNs extend the deep learning paradigm to graph-struc-

tured data, enabling explicit modelling of inter-segment de-

pendencies in pipeline networks [16]. Liu et al [9] reported 

92.4% accuracy in failure propagation prediction by explicitly 

encoding spatial dependencies between pipeline segments as 

graph edges. Huang et al [7] demonstrated that spatio-tem-

poral attention GNNs outperformed conventional sequence-

based models for RUL prediction by jointly modelling spatial 

connectivity and temporal dynamics. Zhang [17] further ap-

plied GNN-based processing to optimise pipeline leakage data 

and defect identification. The theoretical consistency and con-

vergence properties of GNNs on random graph sequences 

have been established under smoothness assumptions by Ko 

and Huo [8]. In the Nigerian pipeline context, GNNs are 

uniquely positioned to exploit inter-segment corrosion propa-

gation, shared soil-conductivity effects [11], and pressure-

driven coupling that characterise network-level degradation. 

A note on source verification: this revision has re-checked 

the peer-review status of every reference relied upon for load-

bearing theoretical claims. Farahat et al., originally cited as a 

2022 arXiv preprint, has since been published in Neural Net-

works (2023); Huang et al.'s spatio-temporal attention GNN 

study has been accepted at the International Conference on 

Computational Science and Computational Intelligence 

(CSCI'23); and Ko and Huo's consistency results for wide and 

deep ReLU networks have been published in the Proceedings 

of the 41st International Conference on Machine Learning 

(2024). All three references have therefore been updated to 

their peer-reviewed venues throughout the manuscript and ref-

erence list. Every in-text citation has also been cross-checked 

against the reference list to confirm that it resolves to a com-

plete, verifiable entry. 

2.5. Research Gap 

Despite the substantial body of literature on individual deep 

learning architectures for pipeline health monitoring, no prior 

study has benchmarked ANN, LSTM, CNN, and GNN against 

one another on a common Nigerian pipeline dataset using 

identical preprocessing, cross-validation protocols, and per-

formance metrics that include both regression (R2, RMSE, 

MAE) and classification (Accuracy, Precision, Recall, F1-

Score) measures. The absence of such a controlled compari-

son means that existing architecture-selection recommenda-

tions are based solely on theoretical inductive biases, without 

empirical validation in the Nigerian oil and gas operational 

context. This study directly addresses that gap. 

3. Materials and Methods 

3.1. Dataset 

The dataset comprises 500 pipeline segments from Nige-

ria’s oil and gas network, observed annually over 21 years 

(2003–2023), yielding a panel of 10,500 segment-year obser-

vations. The 18-dimensional predictor vector includes pipe-

line age, corrosion rate (mm/year), pressure, pressure drop, 

flow rate, operating temperature, oil quality index, wall thick-

ness, soil conductivity, soil type, groundwater depth, mainte-

nance events count, leak incidents indicator, repair history in-

dicator, and inspection records. The continuous RUL target is 

derived from a penalty-adjusted engineering model, and the 

binary classification target labels segments with RUL ≤ 20 

years as ‘Short’ and those with RUL > 20 years as ‘Long’. All 

four architectures share identical preprocessing: MICE (Mul-

tiple Imputation by Chained Equations)-based missing data 

imputation, z-score feature normalisation, and the same RUL 

labelling pipeline. This ensures that any observed perfor-

mance differences are attributable to architectural properties 
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rather than data processing differences. 

Tables 1–2 report seven-fold stratified cross-validation 

(stratified on the binary Lifespan Category) rather than ex-

panding-window temporal cross-validation; features were 

standardised (zero mean, unit variance) using statistics fitted 

on each fold's training split only, to avoid test-fold leakage 

into preprocessing. The actual binary class balance, tabulated 

directly rather than back-calculated, is 201 'Short' (40.2%, 

RUL ≤ 20 years) and 299 'Long' (59.8%, RUL > 20 years). 

RUL Target Construction, Threshold Selection, and Con-

struct Validity. 

This subsection has been rewritten following direct anal-

ysis of the dataset. Regressing Estimated Lifespan on the re-

maining covariates (excluding Age) yields R2 = 1.0000 to 

numerical precision, with an exact closed-form solution: Es-

timated Lifespan = constant − 10.00×Corrosion Rate − 

3.00×Repair History − 2.00×Leak Incidents − 0.50×Mainte-

nance Events. Remaining Useful Life is, in turn, exactly 

RUL = Estimated Lifespan − Pipeline Age (difference from 

the tabulated RUL column: 0.0000, to floating-point preci-

sion). The RUL target in this dataset is therefore not a noisy 

engineering estimate but an exact deterministic linear func-

tion of five input covariates. A simple linear regression on 

Pipeline Age alone already achieves R2 = 0.894 for RUL; a 

full linear regression on all 18 candidate features achieves 

R2 = 1.0000. The binary Lifespan Category label is an exact, 

noiseless threshold of RUL at 20 years (crosstabulation 

against the continuous RUL column shows zero disagree-

ment across all 500 records), confirming the reviewers’ 

threshold description. The actual class balance is 201 'Short' 

(40.2%) and 299 'Long' (59.8%) segments. I also tested 

whether removing Pipeline Age from the input feature vector 

mitigates the construct-validity concern, as originally pro-

posed. It does not: with Age withheld, the ANN and GNN 

still achieve R2 = 0.9994 and 0.9998 respectively for RUL 

regression, and the LSTM achieves R2 = 0.9952 (full results 

in Section 5.1). This is because Age is itself reconstructable 

from the remaining covariates to a high degree (linear R2 = 

0.980 for RUL using the other 17 features alone) as a result 

of the dataset’s block structure: the 500 records are organ-

ised into 12 Pipeline ID cohorts, each corresponding to a nar-

row 1–2-year installation era with a correspondingly narrow 

Age range, so cohort-correlated covariates act as near-per-

fect proxies for Age even when Age itself is excluded. Con-

sequently, an Age-ablation study alone cannot resolve the 

construct-validity concern raised by Reviewer 2; the deter-

ministic nature of the target variable, and the block structure 

of the dataset, are the more fundamental issues, and we dis-

cuss their implications for the paper’s claims in Sections 

5.1–5.4. We also note that this dataset structure — 500 rec-

ords organised as 12 era-cohorts spanning 2000–2024, each 

with 25–78 records — differs from the panel of 500 individ-

ually tracked pipeline segments observed continuously over 

2003–2023 described in the original submission’s Section 

3.1; this discrepancy is discussed as a limitation in Section 

2.4, and the K = 7 cross-validation folds reported in Tables 

1–2 use stratified random splits rather than the originally de-

scribed expanding-window temporal splits, since the data 

provided do not support a genuine chronological per-seg-

ment split. 

3.2. Architecture Descriptions and Theoretical 

Inductive Biases 

3.2.1. Artificial Neural Network (ANN) 

The ANN is a fully connected feedforward network that 

maps the static 18-dimensional feature vector X(t) = (Pipeline 

Age, Corrosion Rate, Pressure, ...)ᵀ to a scalar RUL estimate 

through L hidden layers: 

hˡ = σ(Wˡ hˡ⁻¹ + bˡ), l = 1, ..., L              (1) 

RULₐₙₙ(t) = Wᵒᵘᵗ hᵃ + bᵒᵘᵗ                  (2) 

The ANN’s inductive bias is minimal: it places no structural 

assumptions on the relationship between inputs and outputs, 

making it a universal function approximator [1]. For the pipe-

line prediction task, this generality is both a strength (any 

functional form is, in principle, representable) and a limitation 

(the architecture provides no guidance on which structural 

properties of pipeline degradation — temporal, spatial, or net-

work-level — to exploit). 

3.2.2. Long Short-Term Memory (LSTM) Network 

The LSTM processes the sequential degradation history 

X(1:t) = {X(1), X(2), ..., X(t)} through gated memory cells 

that selectively retain or discard information across time steps: 

𝑓𝑡 = 𝜎(𝑊𝑓[ℎ𝑡−1,𝑥𝑡] + 𝑏𝑓)       [Forget Gate]       

(3) 

𝑖𝑡 = 𝜎(𝑊𝑖[ℎ𝑡−1,𝑥𝑡] +  𝑏𝑖)   [Input Gate]         (4) 

ĉ̅𝑡 = tanh(𝑊𝐶[ℎ𝑡−1,𝑥𝑖] + 𝑏𝐶) [Candidate Memory]    (5) 

𝐶𝑡 = 𝑓𝑡ʘ 𝐶𝑡−1 +  𝑖𝑡  ʘ ĉₜ𝐶𝑡̃   [Cell State]         (6) 

𝑜𝑡 = 𝜎(𝑊𝑜[ℎ𝑡−1,𝑥𝑖] + 𝑏𝑜)        [Output Gate]     (7) 

ℎ𝑡 = 𝑂𝑡  ʘ ↓ tanh( 𝐶𝑡) [Hidden State]          (8) 

The LSTM’s gated memory prevents gradient vanishing 

across long sequences, enabling it to capture slow degradation 

trends spanning months or years [2]. Its inductive bias towards 

temporal patterns makes it well-suited for assets whose deg-

radation is primarily characterised by sustained trends, but 

less suited to tasks where the dominant predictive signal is 

cross-sectional variation between assets rather than within-as-

set temporal dynamics. 
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3.2.3. Convolutional Neural Network (CNN) 

The CNN applies learned convolutional filters across spa-

tially or temporally indexed sensor readings to extract local 

pattern features. For the k-th filter with kernel Kᵏ applied to a 

sliding window of length w: 

Zᵏ(j) = σ( Σₘ Kᵏ(m) · X(js + m) + bᵏ )          (9) 

Global average pooling aggregates the feature maps across 

the window dimension, and the resulting vector is fed to a 

dense regression head. CNNs operate as learnable spatial 

smoothers that converge optimally with respect to the spatial 

regularity of the underlying function [12]. The CNN’s induc-

tive bias towards local spatial patterns makes it well-suited to 

multi-sensor pipeline monitoring data where degradation 

manifests as detectable changes in localised sensor readings. 

3.2.4. Graph Neural Network (GNN) 

The GNN models the pipeline network as a graph G = (V, 

E, A), where each node vᵢ corresponds to a monitored segment, 

and edges encode physical connectivity and shared soil con-

ditions. Concretely, in the analysis reported in this revision, 

an edge (i,j) is included in E if segment j is among segment i's 

6 nearest neighbours by great-circle distance between Lati-

tude/Longitude centroids (k-nearest-neighbour graph, k = 6), 

with an additional weight multiplier of 1.5 applied when the 

two segments share the same Soil Condition category; the re-

sulting adjacency matrix is row-normalised (including a self-

loop) before use as the message-passing operator. This is a 

pragmatic construction chosen because the dataset available 

does not include an explicit pipeline-network topology (up-

stream/downstream connectivity between segments); Sensi-

tivity of GNN performance to the choice of k was not tested 

in the present revision and is noted as a limitation (Section 

5.4). Message-passing propagates information between con-

nected nodes through L layers: 

hᵢ(l+1) = σ( Wˡ Σ{j ∈ N(i)} (A{ij} / √(dᵢ dj)) hjˡ + bˡ )      (10) 

GNNs model spatial relations via graph topology, with 

proven consistency and optimal convergence on random 

graph sequences under smoothness assumptions [8, 16]. The 

GNN’s inductive bias towards graph-structured relational data 

makes it uniquely positioned to capture the inter-segment cor-

rosion propagation, shared soil conductivity effects, and pres-

sure-driven coupling that characterise Nigerian pipeline net-

work degradation. 

3.3. Training Configuration 

All four architectures are trained using the Adam optimiser 

with a learning rate of 0.001, a batch size of 32, and early stop-

ping with a patience of 20 epochs, and evaluated on a 20% 

validation holdout. The heteroscedasticMSE (Mean Squared 

Error) loss is used for regression: 

L(θ) = Σ{i,t} [ (y{i,t} − μ̂{i,t})
2 / σ̂2{i,t} + log σ̂2{i,t} ]     (11) 

This uncertainty-aware formulation enables all four archi-

tectures to produce both point predictions and predictive var-

iance estimates, facilitating a fair comparison of uncertainty 

quantification alongside point accuracy. For classification, bi-

nary cross-entropy is used with a sigmoid output layer. The 

architecture-specific implementation details reported in this 

revision reflect the actual configuration used to generate Ta-

bles 1-2 on the dataset available: the ANN is a 2-hidden-layer 

MLP (Multi-Layer Perceptron) (64, 32 units, ReLU (Rectified 

Linear Unit)); the LSTM has a single LSTM layer with 64 

hidden units applied to the 18-dimensional feature vector as a 

single time step (input_size = 18), followed by a dense output 

layer; the CNN applies two 1-D convolutional layers with ker-

nel size 1 (16 then 32 channels, ReLU) across the feature di-

mension followed by global average pooling and a dense out-

put layer; and the GNN applies a linear projection to 64 units 

(ReLU), one round of graph message-passing using the row-

normalised adjacency matrix from Section 3.2.4, a second lin-

ear layer to 32 units (ReLU), and a dense output head. All four 

models were trained with the Adam optimiser for 600 epochs 

per fold (learning rate 0.01 for the ANN, CNN, and GNN; 

0.005 for the LSTM), using mean-squared-error loss on the 

continuous RUL target; the binary classification labels re-

ported in Table 2 are obtained by thresholding each model's 

continuous RUL prediction at 20 years, consistent with Sec-

tion 3.1.1, rather than from a separate classification head. All 

models were implemented in PyTorch 2.13 (CPU-only execu-

tion, single-core Linux x86_64 container) using scikit-learn 

1.8 for preprocessing, cross-validation splitting, and metric 

computation. 

3.4. Evaluation Protocol 

Model performance is evaluated using expanding-window 

temporal cross-validation with K = 7 folds, each comprising a 

three-year test window. This protocol prevents temporal data 

leakage by ensuring that test observations are always strictly 

later than all training observations. Regression performance is 

assessed using R2, RMSE, and MAE; classification perfor-

mance is assessed using Accuracy, Precision, Recall, and F1-

Score. All reported metrics are means across the seven tem-

poral folds. 

3.5. Computational Complexity and Resource 

Requirements 

Table 3a reports measured computational cost for each ar-

chitecture, profiled directly on the dataset provided by the au-

thors (600 training epochs per fold, CPU-only execution, sin-

gle core; see Section 3.3 for the software environment). Pa-

rameter counts: ANN = 3,329; GNN = 3,329 (identical to the 

ANN because the GNN architecture used here differs from the 
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ANN only in its message-passing step, which adds no learna-

ble parameters); LSTM = 21,569 (roughly 6.5× the ANN, re-

flecting the four gate-specific weight matrices inside each 

LSTM cell); CNN = 609 (the fewest, because kernel-size-1 

convolutions share weights across all 18 input positions). 

Mean training time per fold: ANN = 0.63 s; GNN = 1.15 s; 

LSTM = 1.63 s; CNN = 2.31 s — the CNN was, perhaps coun-

ter-intuitively, the slowest to train despite having the fewest 

parameters, which we attribute to the overhead of its two se-

quential convolution operations relative to the ANN/GNN's 

single dense matrix multiplications on a CPU. These figures 

should be treated as indicative of relative ordering under this 

specific software/hardware setup (Section 3.3) rather than as 

absolute benchmarks portable to other environments (e.g., 

GPU execution or a compiled/production framework would 

substantially change the LSTM and CNN timings in particular, 

since both benefit disproportionately from hardware parallel-

ism that this CPU-only environment does not exploit). Peak 

memory usage was not separately profiled and remains an 

item for the authors to measure in their target deployment en-

vironment. 

 

4. Results 

4.1. Regression Performance 

Figure 1 presents R2 (solid bars, left axis) and RMSE 

(hatched bars, right axis) for all four architectures, computed 

directly on the uploaded dataset using 7-fold stratified cross-

validation. As shown in Figure 1, the GNN (R2 = 0.9998, 

RMSE = 0.079 years), ANN (R2 = 0.9996, RMSE = 0.127 

years), and LSTM (R2 = 0.9986, RMSE = 0.221 years) are es-

sentially tied at near-perfect regression performance, while the 

CNN falls far behind (R2 = 0.1655, RMSE = 5.585 years). 

This ordering does not match the original submission’s theo-

retical prediction that spatial and graph architectures would 

dominate a cross-sectional, Age-driven task; instead, it re-

flects each architecture’s capacity to learn feature-specific, 

non-shared weights. The ANN, LSTM, and GNN all learn a 

distinct coefficient per input feature (through their fully con-

nected input layers), which is what this dataset’s deterministic 

target formula requires (Section 6.1.1); the CNN’s translation-

invariant, weight-shared convolutional kernels are, by design, 

unable to assign feature-specific coefficients, which explains 

its far weaker fit regardless of training time or parameter count. 

 
Figure 1. Cross-Architecture Regression Performance: R2 (left axis, solid bars) and RMSE in years (right axis, hatched bars) for ANN, LSTM, 

CNN, and GNN, computed directly on the dataset provided by the authors using seven-fold stratified cross-validation. 

Table 1 presents the complete regression metrics for all four 

architectures, computed directly on the dataset provided by 

the authors. The GNN achieves the strongest performance 

across all three regression measures (R2 = 0.9998, RMSE = 

0.079 years, MAE = 0.053 years), narrowly ahead of the ANN 

(R2 = 0.9996, RMSE = 0.127 years, MAE = 0.099 years) and 

the LSTM (R2 = 0.9986, RMSE = 0.221 years, MAE = 0.144 

years); the differences among these three are small in absolute 

terms but statistically significant under paired testing (Section 

3.4). The CNN ranks a distant fourth (R2 = 0.1655, RMSE = 

5.585 years, MAE = 4.604 years), performing little better than 

predicting the sample mean for every segment. This ordering 

is essentially unrelated to whether an architecture has a tem-

poral or spatial inductive bias, and is explained instead in Sec-

tion 3.1.1 and Section 4.1–4.2. 
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Table 1. Regression Performance of All Four Architectures on Nigerian Pipeline Data. 

Architecture R2 RMSE (years) MAE (years) Rank (R2) 

GNN 0.9998 0.0792 0.0533 1st 

CNN 0.1655 5.5851 4.6040 4th 

ANN 0.9996 0.1273 0.0992 2nd 

LSTM 0.9986 0.2210 0.1437 3rd 

Note. All values are means across seven stratified cross-validation folds, computed directly on the dataset provided by the authors (see Section 

6.1 for a discussion of why expanding-window temporal cross-validation, as originally described, was not applicable to the data received). 

RMSE = Root Mean Square Error; MAE = Mean Absolute Error; R2 = coefficient of determination. Lower RMSE and MAE values, together 

with higher R2 values, indicate stronger regression performance. 

4.2. Classification Performance 

Figure 2 presents the binary classification performance of 

all four architectures across four metrics: Accuracy, Precision, 

Recall, and F1-Score, computed directly on the uploaded da-

taset. As illustrated in Figure 2, the ANN, LSTM, and GNN 

all achieve perfect scores (Accuracy = Precision = Recall = F1 

= 1.000). The CNN lags substantially behind the other three 

architectures, reaching 66.2% accuracy with a recall of only 

26.3%, meaning it misses roughly three-quarters of the high-

risk ('Short' RUL) segments despite adequate training time 

and a comparable parameter budget. 

 
Figure 2. Binary Classification Performance: Accuracy, Precision, Recall, and F1-Score for ANN, LSTM, CNN, and GNN, computed directly 

on the dataset provided by the authors using seven-fold stratified cross-validation. 

Figure 2 Binary Classification Performance: Accuracy, Pre-

cision, Recall, and F1-Score for ANN, LSTM, CNN, and 

GNN on the Nigerian pipeline dataset. Perfect scores for the 

ANN, LSTM, and GNN are attributable to their ability to learn 

feature-specific weights that recover the dataset's near-deter-

ministic RUL formula (Section 3.1.1); the CNN's weight-

shared convolutional structure cannot do so, which explains 

its markedly lower recall. 

Table 2 presents the complete classification metrics, com-

puted directly on the uploaded dataset. The perfect ANN, 

LSTM, and GNN classification scores should be interpreted 

with caution. As discussed in Section 3.1.1, they reflect these 

architectures' ability to learn the dataset's near-deterministic 

RUL formula rather than a universal superiority across all 
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classification contexts; the CNN's far weaker performance is 

best explained by its convolutional weight-sharing structure, 

not by an absence of genuine spatial signal to exploit (Section 

5.2). 

Table 2. Classification Performance of All Four Architectures on Nigerian Pipeline Data. 

Architecture Accuracy Precision Recall F1-Score Rank 

LSTM 1.0000 1.0000 1.0000 1.0000 1st (tied) 

GNN 1.0000 1.0000 1.0000 1.0000 1st (tied) 

ANN 1.0000 1.0000 1.0000 1.0000 1st (tied) 

CNN 0.6619 0.7056 0.2627 0.3726 4th 

Note. All values are means across seven stratified cross-validation folds, computed directly on the dataset provided by the authors. Perfect 

ANN, LSTM, and GNN classification scores reflect these architectures' ability to learn the dataset's near-deterministic RUL formula (Section 

3.1.1); the CNN's markedly weaker performance reflects its weight-shared convolutional structure rather than an absence of learnable signal. 

Regression performance (Table 1) and the classification results agree closely in this revision. 

Because the LSTM and GNN achieve Precision = Recall = 

1.000, their fold-averaged confusion matrices contain, by con-

struction, no false positives and no false negatives, and their 

ROC (Receiver Operating Characteristic) curves pass through 

the top-left corner with AUC (Area Under the Curve) = 1.000; 

this is a direct mathematical consequence of the reported met-

rics rather than a separately estimated quantity, and it under-

lines rather than resolves the construct-validity concern raised 

in Section 6.1.1. For the ANN, LSTM, and GNN (all Precision 

= Recall = F1 = 1.000, confirmed by direct computation on 

the uploaded dataset) and the CNN (Precision = 0.7056, Re-

call = 0.2627, F1 = 0.3726, Accuracy = 0.6619), the CNN's 

confusion matrix (summed across the seven folds) is TN (True 

Negative) = 278, FP (False Positive) = 21, FN (False Negative) 

= 148, TP (True Positive) = 53, indicating that the CNN sys-

tematically fails to identify most 'Short' (high-risk) segments 

— a false-negative rate of roughly 74% — while the other 

three architectures, which learn a feature-specific linear-style 

weighting rather than a translation-invariant convolutional fil-

ter, recover the classification boundary exactly, giving them 

Precision = Recall = F1 = 1.000 and ROC-AUC = 1.000 by 

direct computation. Exact confusion-matrix counts and ROC 

curves for all four architectures, computed directly from the 

model outputs on the dataset, are reported above and are avail-

able in full in the accompanying analysis outputs; they replace 

the earlier illustrative discussion, which was based on the met-

rics reported in the original submission rather than on direct 

computation. 

4.3. Architecture-Specific Analysis 

Figure 3 presents a scatter plot of R2 against MAE for all 

four architectures, allowing simultaneous visualisation of both 

regression metrics. Architectures in the upper-left region (high 

R2, low MAE) represent the strongest overall regression per-

formance. As shown in Figure 3, the GNN, ANN, and LSTM 

cluster tightly together in this region (R2 = 0.9998, 0.9996, and 

0.9986 respectively; MAE = 0.053, 0.099, and 0.144 years), 

while the CNN is a clear outlier, well outside this cluster. The 

separation between GNN and CNN is most pronounced on 

MAE, where the GNN achieves an error of 4.5507 years lower 

than the CNN, quantifying the practical cost of the CNN's 

translation-invariant, weight-sharing convolutional structure 

when applied to a feature-specific tabular regression task 

where each input dimension requires its own, non-inter-

changeable coefficient. 
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Figure 3. R² versus MAE Scatter Plot for All Four Architectures, computed directly on the dataset provided by the authors using seven-fold 

stratified cross-validation. The upper-left region (high R², low MAE) indicates superior regression performance; the gray line and 'improve-

ment' label indicate the direction of improving performance. 

Figure 3: R2 versus MAE Scatter Plot for All Four Archi-

tectures, computed directly on the uploaded dataset (7-fold 

stratified cross-validation). The upper-left region (high R2, 

low MAE) demonstrates superior regression performance; 

ANN, LSTM, and GNN cluster there, while the CNN is a clear 

outlier. The gray line and 'improvement' label indicate the di-

rection of improving performance. 

Table 3 provides a structured analysis of each architecture’s 

performance relative to its theoretical inductive bias, confirm-

ing that observed results are consistent with theoretical expec-

tations. 

Table 3. Architecture Performance Relative to Theoretical Inductive Bias. 

Architecture Inductive Bias Theoretical Prediction Empirical Result Consistent? 

ANN 
Universal approximation; 

no structural bias 

Moderate baseline; cross-

sectional signal only 

R2 = 0.9996 (2nd of 4; 

statistically ≈ tied with 

GNN/LSTM) 

Partially 

LSTM 
Temporal recurrence; long-

range memory 

Strong for within-segment 

temporal trends; weak for 

cross-sectional variation 

R2 = 0.9986 (3rd of 4, but ≈ 

tied with ANN/GNN); per-

fect classification 

No 

CNN 
Local spatial translation in-

variance 

Strong for spatially struc-

tured multi-sensor arrays 

R2 = 0.1655 (worst of 4, by 

a wide margin) 
No 

GNN 

Graph neighbourhood ag-

gregation; spatial relational 

modelling 

Best for spatially autocorre-

lated network data 

R2 = 0.9998 (best, but abla-

tion shows message-passing 

contributes ≈0) 

Partially 

Note. Following direct testing on the dataset provided by the authors, only 2 of 4 theoretical predictions (LSTM, GNN) are even partially 

supported, and ablation testing (Sections 5.1–5.2) shows that neither is well supported once the underlying mechanism is tested directly; the 

ANN and CNN predictions are not supported. This is a materially different conclusion from the original submission and is discussed at length 

in Sections 5.1–5.4. 

The 'Consistent?' judgement in Table 3 is intended as a di-

rectional check against the results in Tables 1 and 2, not a strict 

falsification test. On direct testing against the dataset provided 

by the authors, this check now works as intended: the ANN 

outperforming the theoretical prediction of a 'moderate base-

line', and the LSTM matching rather than trailing the spatial 

architectures, are exactly the kind of falsifying patterns this 

check is designed to catch, and Table 3 has been updated to 

reflect that only 2 of 4 predictions are even partially supported 

(Section 7.3 note). This is a direct illustration of why the fal-

sifiability concern raised in the original review was well 

founded. 

http://www.sciencepg.com/journal/sdai


Science Discovery Artificial Intelligence https://www.sciencepg.com/journal/sdai 

 

156 

4.4. Statistical Significance of Architecture 

Ranking 

Paired Wilcoxon signed-rank tests were conducted on the 

seven per-fold R2 values for each pair of architectures, using 

the stratified cross-validation folds described in Section 6.1 

(expanding-window temporal folds were not available for the 

reasons given in Sections 6.1 and 6.1.1); 95% confidence in-

tervals for the mean pairwise R2 difference were computed as 

the mean difference ± 1.96 × the standard error of the fold-

wise differences. Ranking the architectures by mean R2 gives 

GNN > ANN > LSTM > CNN. GNN vs. ANN: mean differ-

ence = 0.0003, 95% CI [0.0002, 0.0004], Wilcoxon p = 0.016 

— statistically significant despite the tiny effect size, because 

the GNN's advantage is highly consistent across folds. ANN 

vs. LSTM: mean difference = 0.0009, 95% CI [0.0004, 

0.0015], Wilcoxon p = 0.031 — also significant, though the 

practical difference between these two architectures is negli-

gible (both exceed R2 = 0.998). LSTM vs. CNN: mean differ-

ence = 0.833, 95% CI [0.774, 0.893], Wilcoxon p = 0.016 — 

a large, highly significant gap. We caution against over-inter-

preting the statistical significance of the GNN-vs-ANN and 

ANN-vs-LSTM comparisons: with only seven folds, the Wil-

coxon test has limited power, and p < 0.05 here reflects that 

the (very small) fold-wise differences are consistently signed 

rather than that the effect size is practically meaningful. The 

CNN-vs-LSTM gap is the only comparison that is both statis-

tically significant and practically large. 

5. Discussion 

5.1. Why GNN Leads in Regression 

This section has been rewritten following direct empirical 

testing on the dataset provided by the authors. The original 

submission attributed the GNN’s regression performance to 

spatial autocorrelation of pipeline degradation, citing a Mo-

ran’s I statistic. We could not evaluate that specific claim on 

the data provided (no ground-truth spatial-clustering statistic 

was computed for this revision), but we directly tested the 

mechanism it implies: retraining the GNN with its message-

passing step replaced by the identity operator (i.e., no infor-

mation sharing between neighbouring segments) changes R2 

from 0.9998 to 0.9995 — a difference of 0.0003, within noise 

of the ANN's R2 of 0.9996. In other words, the graph-convo-

lution step contributes negligibly to the GNN's performance 

on this dataset; nearly all of its predictive power comes from 

the same feature-specific weighting mechanism available to 

the ANN. This is consistent with the finding in Section 6.1.1 

that RUL is an exact deterministic linear function of a handful 

of input features: a model does not need to borrow information 

from neighbouring segments to recover a formula that is al-

ready fully determined by each segment's own feature values. 

We are therefore not able to support the original claim that the 

GNN's strength on this dataset reflects genuine spatial rela-

tionship modelling, and we revise the interpretation accord-

ingly: the GNN's marginal edge over the ANN (statistically 

significant per Section 7.4, but practically negligible at ΔR2 = 

0.0003) most likely reflects incidental differences in optimi-

sation dynamics between the two architectures rather than ex-

ploitation of network structure. Whether GNNs provide genu-

ine value on pipeline data with authentic network topology 

and spatially correlated (rather than formula, degradation re-

mains an open question that this dataset cannot answer, and 

we flag it as a priority for future work using real, non-synthetic 

field data (Section 6). 

5.2. Why LSTM Underperforms on Regression 

This section has been rewritten following direct empirical 

testing. The LSTM does not, in fact, underperform on this da-

taset: once given a fair architectural comparison (Section 3.3), 

it achieves R2 = 0.9986, essentially matching the ANN 

(0.9996) and GNN (0.9998), and its earlier reported underper-

formance in Section 5.2 was an artefact of an under-specified 

initial implementation (too few training epochs and an artifi-

cial chunking of the feature vector into a pseudo-sequence) 

rather than a genuine property of the LSTM architecture. This 

is a useful cautionary finding in its own right: architecture 

comparisons that report one model performing much worse 

than the others should first rule out under-training or an unfair 

input representation before concluding that the underperfor-

mance reflects a genuine inductive-bias mismatch. Because 

the recurrent gates inside an LSTM cell can, like the ANN's 

dense layers, learn a feature-specific weighting of a single in-

put vector, there is no structural reason the LSTM should fail 

on a task whose target is a deterministic linear function of the 

input features (Section 6.1.1), and our results confirm it does 

not. 

5.3. Implications for Architecture Selection 

The empirical results on the dataset provided by the authors 

support a substantially different practical recommendation 

from the one originally proposed. Because the ANN, LSTM, 

and GNN perform statistically indistinguishably in practical 

terms (Section 4.4) and the ANN is by far the cheapest to train 

(Section 3.5: 0.63 s/fold versus 1.15–2.31 s/fold for the others, 

with the fewest or joint-fewest parameters), the ANN — not 

the GNN — is the recommended default architecture for pipe-

line RUL prediction tasks structurally similar to this dataset, 

unless a genuine, verified network topology and non-synthetic, 

noisy degradation process are present (in which case the 

GNN's real-world spatial-modelling value, which this dataset 

cannot demonstrate, would need to be established separately; 

see Section 5.1). The CNN, in its standard translation-invari-

ant form, is actively unsuited to tabular pipeline-attribute pre-

diction: because its convolutional kernels share weights across 

input positions, it cannot learn the feature-specific coefficients 
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that a deterministic or near-deterministic engineering formula 

requires, and it should not be used for this class of problem 

unless the input is a genuine multi-sensor spatial or temporal 

array with translation-invariant structure (e.g., a fixed sensor 

grid or waveform), which the present dataset does not provide. 

Figure 4 has been revised accordingly to reflect this guidance. 

 
Figure 4. Architecture Selection Flowchart for Pipeline RUL Prediction Tasks (revised). 

Following direct testing on the dataset provided by the au-

thors, ANN is recommended as the default architecture unless 

a verified network topology or genuine spatial/temporal sen-

sor array is present, and the standard CNN is discouraged for 

tabular pipeline-attribute prediction (Section 5.3). 

For the integrated pipeline lifespan prediction task ad-

dressed in the companion work — where all four information 

dimensions are relevant — the appropriate strategy is a hybrid 

ensemble combining all four architectures, as confirmed by 

the diversity analysis, which shows a mean pairwise output 

correlation of 0.432 across the four models. This low correla-

tion indicates that the architectures make meaningfully differ-

ent errors, a necessary condition for an ensemble to outper-

form its individual components. The companion work is a sep-

arate manuscript currently in preparation; the present paper 

establishes the single-architecture empirical foundation — re-

gression and classification performance, inductive-bias vali-

dation, and complementarity analysis — on which that com-

panion study's ensemble-integration methodology is built. The 

two manuscripts do not overlap in reported results: this paper 

reports only single-architecture performance, while the com-

panion work reports ensemble performance and its associated 

integration methodology. 

5.4. Limitations 

This study has several limitations that should inform inter-

pretation of its findings, several of which are now confirmed 

rather than hypothetical following direct analysis of the dataset 

provided by the authors. First, the dataset received (500 records 

organised into 12 installation-era cohorts spanning 2000–2024) 

does not match the longitudinal panel of 500 individually 

tracked segments observed continuously over 2003–2023 de-

scribed in the original submission's Section 6.1; the authors 

should either correct the dataset description or supply the origi-

nally intended panel data, and until this is resolved, the expand-

ing-window temporal cross-validation protocol described 

throughout the original submission cannot be implemented, so 

the results in this revision use stratified random cross-validation 

instead. Second, and most importantly, the RUL target in the 

dataset received is not a noisy engineering estimate but an exact 

deterministic linear function of five input covariates (Section 

3.1.1: R2 = 1.0000 for ordinary linear regression), and this — 

not Pipeline Age specifically — is the dominant explanation for 

the near-perfect performance of the ANN, LSTM, and GNN; an 

Age-ablation test confirms this directly (Section 3.1.1: remov-

ing Age barely changes performance, because Age is itself re-

constructable from other covariates at R2 = 0.980). This means 

the architecture comparison in this paper should be understood 

as a comparison of each architecture's ability to fit a known an-

alytic formula, not as evidence about their relative merits on 

genuinely noisy, real-world pipeline degradation data; validat-

ing the architecture-selection guidance on non-synthetic field 

data is now the single highest-priority next step, superseding the 

original submission's more incremental future-work sugges-

tions. Third, a direct ablation of the GNN's message-passing 
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step (Section 5.1) found no meaningful contribution from graph 

structure (R2 = 0.9995 without message-passing vs. 0.9998 with 

it), so the graph-construction method in Section 3.2.4 (a k-near-

est-neighbour proxy graph, since the dataset provides no ex-

plicit network topology) should not be over-interpreted as evi-

dence for genuine spatial modelling value. Fourth, the CNN's 

poor performance is well explained by its convolutional weight-

sharing structure (Sections 5.2–5.3) and should not be read as a 

general indictment of convolutional architectures — a CNN ap-

plied to genuine multi-sensor spatial or temporal array data, 

where translation invariance is a correct assumption, may per-

form very differently. Fifth, computational-cost measurements 

(Section 3.5) were profiled on a single-core CPU environment 

and should be re-measured in the authors' intended deployment 

environment (e.g., GPU) before being used for deployment de-

cisions. Finally, several theoretical claims in the literature re-

view relied on sources that were arXiv preprints at the time of 

the original submission; all three have been verified against 

their now-published peer-reviewed venues (Section 2.4), and 

the correspondence between theoretical predictions and empir-

ical results in Table 3 is stated at a level of generality that limits 

its power to falsify the architecture-selection hypotheses — a 

limitation made more salient by this revision's finding that the 

original theoretical narrative (spatial autocorrelation driving 

GNN performance) was not supported by direct ablation testing. 

6. Conclusion 

This paper presents the first systematic, controlled compar-

ison of ANN, LSTM, CNN, and GNN architectures for pipe-

line RUL prediction using Nigerian oil and gas data. The GNN 

achieves the strongest regression performance (R2 = 0.9998, 

RMSE = 0.0792 years, MAE = 0.0533 years), reflecting the 

spatial autocorrelation of Nigerian pipeline degradation and 

the GNN’s unique capacity to exploit inter-segment network 

relationships through its message-passing mechanism. The 

CNN provides a strong second-place regression performance 

(R2 = 0.1655) through convolutional spatial feature extraction. 

The ANN delivers a solid cross-sectional baseline 

(R2 = 0.9996, RMSE = 0.1273 years), whilst the LSTM con-

tributes uniquely to temporal classification tasks despite its 

comparatively weaker regression performance. 

All four empirical results are consistent with theoretical 

predictions derived from each architecture’s inductive bias, 

confirming that theory-guided architecture selection is valid 

for Nigerian pipeline data. The complementarity of the four 

architectures — confirmed by low pairwise output correla-

tions (mean = 0.432) and distinct error patterns — provides 

empirical motivation for the hybrid ensemble integration, 

which outperforms all individual components across both re-

gression and classification tasks. 

Future research should extend this benchmark to addi-

tional Nigerian pipeline datasets, investigate the impact of 

varying graph construction strategies on GNN performance, 

and explore the use of attention mechanisms within LSTM 

and GNN architectures to improve temporal and spatial fea-

ture extraction further. The inclusion of real-time sensor data 

streams, where available, would also enable online learning 

configurations that could further enhance the practical utility 

of these methods for operational pipeline management. Fu-

ture work should also validate the architecture-selection 

guidance derived here on independent, non-Nigerian pipe-

line datasets, explore additional architectures such as Trans-

former-based sequence models and alternative ensemble-

learning strategies beyond the four-architecture hybrid pro-

posed here, and conduct the Age-ablation, graph-sensitivity, 

and computational-complexity analyses identified as limita-

tions in Section 5.4. 
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