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ABSTRACT: Pipelines face significant challenges due to unigue environmental, operational, and regulatory
variations across different geographic regions, which critically influence their longevity. While previous
studies have examined factors influencing pipeline failure, they have predominantly offered generalized
survival models, giving limited attention to the role of regional variations in pipeline survival rates. This study
addresses this critical gap by developing a novel approach that combines spatial analysis (Getis-Ord Gi*)
to identify areas with varying concentrations of incidents and survival analysis (Prentice-Williams-Peterson
models and Cox Proportional Hazards) to model time-dependent failure risks, offering insight into how
geographic factors influence the likelihood and timing of failures. The analysis leverages oil incident data
from the Pipeline and Hazardous Materials Safety Administration and network data from the U.S. Energy
Information Administration, focusing on carbon steel pipelines installed between 2010 and 2022. The
analysis identifies hotspot areas where pipelines experience accelerated failure rates. Furthermore, the
Cox PH model, with a concordance index of 0.73, quantifies the hazard ratios associated with the risk
factors. The hotspot pipeline segment, for instance, shows a notably high risk of failure, with a hazard ratio
of 2.089, indicating that pipelines in these areas are twice as likely to fail compared to cold spot areas.
Furthermore, regionally, the Midwest exhibits significantly lower survival probabilities and faces a fourfold
increase in failure risk. This study contributes to understanding the spatial dynamics of pipeline
performance, offering insights for regionally tailored maintenance strategies and material selection to
improve pipeline longevity and infrastructure reliability.

1. INTRODUCTION

The longevity and reliability of pipelines are critical components of the energy infrastructure, ensuring the
safe and efficient transportation of oil. In the United States, pipelines form the backbone of energy
distribution, spanning vast and diverse geographic regions with unique environmental, operational, and
regulatory challenges (Martinez et al., 2025). These variations can significantly influence pipeline survival
rates, presenting a complex risk landscape that requires detailed investigation and tailored solutions. While
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pipelines are designed to operate for decades, localized factors such as weather conditions, maintenance
practices, and regulatory enforcement can accelerate their degradation and lead to pipeline failures (Asaye,
Le, Huang, et al., 2025; Moriyani et al., 2024). Regional variations in pipeline performance are particularly
noticeable in the United States, where disparate climates and operational practices introduce variability in
risk factors and failure rates (Asaye et al., 2024; Asaye, Le, Le, et al., 2025).

Previous studies on pipeline failure have primarily focused on identifying failure risks and understanding
the degradation mechanisms that influence the lifespan of pipelines (Wasim & Djukic, 2022; Zha et al.,
2022). For instance, Ezuber et al., (2021) has revealed that environmental conditions, including moisture
levels, soil chemistry, and temperature, can accelerate pipeline degradation, especially in regions with
harsh climates. Similarly, mechanical stress from operational pressures and fluctuating flow rates often
exacerbate pipeline aging (Amaya-Gomez et al., 2019). Additionally, Bai et al., (2017) have pointed out the
impact of external factors such as flooding, landslides, and third-party interference on pipeline integrity.
Naik & Kiran, (2018) highlight regional disparities in pipeline failures, with higher accident densities and
varying failure types in the southern, northeastern, and midwestern U.S. On the other hand, while previous
studies have applied survival analysis to investigate pipeline failure risks, they have often overlooked the
influence of geographic variability on pipeline longevity (Xiao et al., 2024). Existing studies often provide
generalized findings without addressing how these factors vary regionally. The understanding of pipeline
failure risks and their geographic variability remains underdeveloped, and regional disparities in pipeline
longevity remain largely unexplored.

This study addresses a critical gap in literature by assessing differences in pipeline survival rates across
diverse geographic regions, using the Prentice-Williams-Peterson (PWP) model to analyze recurrent
failures on the same pipeline segment and the Cox Proportional Hazards (Cox PH) model to estimate
hazard ratios for pipeline characteristics and spatial factors. By leveraging comprehensive data from the
Pipeline and Hazardous Materials Safety Administration (PHMSA), this research identifies and compares
hotspot and non-hotspot areas across the U.S., providing actionable insights into localized degradation
patterns and risk factors. The findings reveal significant disparities in survival rates and underscore the
need for region-specific strategies in pipeline design, material selection, and maintenance. These insights
are crucial for optimizing resource allocation and improving the safety, reliability, and overall performance
of pipeline systems in high-risk regions. By examining regional variations in pipeline longevity, this paper
contributes to the growing body of knowledge on infrastructure resilience and risk management, providing
a foundation for policymakers, engineers, and stakeholders to address the unique challenges of different
geographic contexts.

2. METHODOLOGY

Figure 1 illustrates the novel framework proposed in this study that combines spatial and survival analysis
to capture spatial concentration and assess cumulative failure risks, offering insights into the regional
variations in pipeline longevity. Initially, data on pipeline incidents were collected from the PHMSA to
capture information on failure events. Additionally, characteristics of pipeline segments, such as pipeline
length, were gathered from the U.S. Energy Information Administration (USEIA). During the data
preprocessing phase, incidents were grouped by pipeline segment to ensure that each segment’s failure
history was considered comprehensively. Missing values were imputed using the median for continuous
variables and the mode for categorical variables. Outliers were identified and removed using the
interquartile range method to maintain data integrity. Following data preparation, spatial analysis was
conducted to identify pipeline segments, with certain locations showing a significantly higher concentration
of incidents, known as hotspots, while others exhibited lower concentrations, referred to as cold spots.
Subsequently, events were sorted chronologically to track the sequence of failures, with hotspots and cold
spots identified through spatial analysis and incorporated as categorical variables in the survival models.
The study employed the PWP model to determine survival probability by accounting for recurrent failures
within the same pipeline segment and the Cox PH model to quantify the impact of factors on failure risk.
Statistical techniques such as the Log-Rank Test were used to compare survival probabilities across
different groups, such as geographic regions and states. Hazard ratios were calculated to assess the
relative risks of each factor for failure, and the Concordance Index was used to evaluate the model’s
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predictive accuracy. The results of these analyses provide a comprehensive understanding of risk factors
and regional variations in pipeline longevity. Insights from the hazard ratios and survival probability
estimates will help inform future maintenance strategies, as well as long-term planning. This methodology
lays the foundation for a data-driven approach to improving the reliability and safety of pipeline systems
across diverse geographies.

Data Collection and Preprocessing
= Collect oil pipeline incident reports from PHMSA
= Gather oil pipeline network from USEIA
= Address missing values and outliers

Spatial Analysis Survival Analysis
= Map incident locations to the pipeline = Classify the variables into categories (e.g.,
network. o short and long pipeline)
* Define a buffer around the pipeline | | = Identify risk factors & determine survival
network. probability:

= Perform a spatial join between incidents
and the buffer.

= Normalize by counting incidents per
pipeline length.

= Conduct hotspot analysis using Getis-
Ord Gi*.

= |dentify hotspot and cold spot areas
within the pipeline segments.

o Prentice-Williams-Peterson Model
o Cox Proportional Hazards Model

Statistical Analysis
= Determine the statistical significance and
model accuracy
o Log-Rank Test
o Hazard Ratios & Concordance Index

¥

Survival Trends and Insights

= Analyze regional survival trends.
= |dentify risk factors and suggest strategies for different locations.
= Recommend prioritizing maintenance based on risk.

Figure 1: Framework for Analyzing Spatial Variation in Oil Pipeline Longevity
2.1 Data Collection and Preprocessing

This study analyzes data on oil pipeline segments installed between 2010 and 2022 in the US, along with
incidents occurring during the same period, sourced from the PHMSA database. This data helps to
characterize the survival times of pipeline segments and their likelihood of failure over time, allowing for the
calculation of survival probabilities. To ensure the robustness of the analysis, outliers were identified and
removed using the interquartile range method, with any data points located more than 3.44 km from the
nearest pipeline segment being excluded, accounting for 2.16% of the data. This threshold was determined
using the standard IQR rule, where distances exceeding 1.5 times the interquartile range above the third
quartile were classified as spatial outliers. For the remaining records, missing values were imputed using
the median for continuous variables and the mode for categorical variables. Following the data cleaning
process, the analysis includes detailed records of 1,329 incidents, which capture both pipeline
characteristics and spatial factors. The analysis specifically targets carbon steel pipeline segments, which
represent over 78.16% of the data, to ensure consistency when comparing survival probabilities across
similar materials. To complement this data, pipeline network attributes, including geographic information,
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are obtained from the USEIA and extracted using Geographic Information System layers. Table 1 shows a
sample of the raw input data, including installation and incident occurrence times. Each pipeline segment
is uniquely identified by pipe ID, enabling detailed segment-level analysis of failure patterns and the
calculation of survival probabilities over time.

Table 1. Sample of key pipeline incident data attributes

Pipe Installatio Incidentidentified Pipe diameter Pipe wall Pipe coating type
ID n year datetime (cm) thickness (mm)
1 2014 7/9/2017 7:00 60.96 9.525 ... Fusion bonded epoxy
1 2014 8/11/2021 10:30 60.96 9.525 ... Fusion bonded epoxy

556 2016 9/16/2021 9:30 91.44 12.7 Paint

556 2016 9/25/2021 10:30 91.44 12.7 Paint

2.2 Spatial Analysis

Spatial analysis refers to the process of examining the distribution and patterns of events within a defined
geographic area. In the context of pipeline incident analysis, it involves mapping pipeline incidents to the
pipeline network using GIS tools and defining a buffer around the network. A spatial join is then performed
to connect incidents to the buffer and count the number of incidents on each pipeline segment, with incident
data normalized by calculating the number of incidents per unit length of the pipeline. Hotspot analysis is
then conducted using the Getis-Ord Gi* statistic to identify segments classified as hotspots (z =2 1.96, p <
0.05) or cold spots (z < —1.96, p < 0.05), which serve as input variables for subsequent survival analysis.

2.3 Survival Analysis

Survival analysis is a statistical method used to analyze the time to an event—in this study, the time to
pipeline failure. This study applies two complementary models: the PWP model and Cox PH models,
applied sequentially to assess failure trends and influencing factors. These models were selected for their
ability to handle recurrent failure events while providing interpretable outputs, such as hazard ratios. While
alternatives like parametric models or machine learning approaches were considered, they were not
adopted due to stronger distributional assumptions and limited interpretability for understanding risk factors.
PWP Model: The PWP model is used to identify survival trends over time and to account for recurrent
failure events within the same pipeline segment. It incorporates installation time up to the event to assess
failure timing and long-term degradation. The total time for the i" event is calculated as shown in Equation
(1).
[1] ¢/ =t — ¢
Where:

trotal : Total time for the i™" event

t; : Time of the i"" event

t, : Installation date (start time of observation)
The survival probability for the i incident at time t is given by Equation (2):

[2] Si(t) = exp(= J; Ao (Wexp(BX;, i) du
Where:

S, (t): Survival probability for the i" incident at time t.

2o (t): Baseline hazard function for cumulative time.

exp(BX;, i): Effect of covariates X; for the i failure.
To model recurrent failures using the PWP approach, failure events were chronologically ordered for each
pipeline segment to capture the sequence and timing of degradation. Time intervals were calculated from
the installation date to each failure event, allowing the model to account for temporal progression. To
maintain consistency with the recurrent-event structure of the PWP model, only segments with multiple
recorded failures were included in the analysis.
The analysis considers the following factors:

1. Pipeline Segment Status: Hotspot or cold spot pipeline segment identified through spatial
analysis, influencing the geographic distribution of failures.
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2. Pipeline length: Pipelines were classified as "Short" (€550 m) or "Long" (>550 m) using the median,
selected for its balanced split and resistance to outliers. Other approaches were considered, but
the median provided the most interpretable and statistically stable grouping for this analysis.

3. Geographical Regions: Incidents are further classified into four regions based on U.S. Census
Bureau divisions (U.S. Census Bureau, 2024)—Northeast, South, Midwest, and West-with pipeline
density(Total Pipeline Length (km) / Total Area (km?2)) calculated for each region to evaluate how
density variations influence pipeline performance.

4. State: The study considers differences between states, including local regulations, maintenance
practices, environmental conditions, and calculated pipeline density at the state level.

Cox PH Model: After the PWP model identifies survival trends, the Cox PH model estimates hazard ratios
for various factors (e.g., geographical location and pipeline characteristics) that influence pipeline failure
risks. This model provides a detailed understanding of how each factor impacts the likelihood of failure.

2.3.1 Statistical Methods

Several statistical methods were employed to assess the significance and interpret the results:

e Log-Rank Test: A non-parametric test used to compare survival distributions between groups, such
as between hot and cold spot areas. It was selected for its ability to detect differences without
assuming a specific survival time distribution.

e Hazard Ratios: Reflects the risk of failure associated with a one-unit change in a covariate. An HR
greater than 1 indicates a higher risk of failure, while a ratio less than 1 suggests a reduced risk.

e Concordance Index: The Concordance Index is a measure of how well the survival model predicts
the order of survival times. A C-index of 1.0 indicates perfect prediction.

2.4 Survival Trends and Insights

The PWP model analyzes recurrent failure events and identifies regional degradation patterns, highlighting
the cumulative effects of repeated failures. The Cox PH model quantifies the impact of various risk factors,
including regional variations, on pipeline failure risk. The combined application of these models provides
valuable insights into pipeline longevity, emphasizing the importance of region-specific strategies for
pipeline design, material selection, and maintenance to enhance infrastructure resilience.

3. RESULT AND DISCUSSION

This section provides insights into regional variations in pipeline longevity across the U.S., highlighting the
pipeline characteristics and spatial factors that significantly influence pipeline degradation. It highlights
major risk factors and offers recommendations to enhance pipeline resilience.

3.1 Spatial Analysis

The spatial analysis identified hotspot and cold spot pipeline segments. While cold spots have fewer
incidents, they still require monitoring, underscoring the need for region-specific maintenance.

3.2 Survival Analysis

The survival analysis provided critical insights into geographical variations in pipeline longevity. It revealed
that pipeline failure rates vary significantly depending on spatial factors such as state and region and
location-specific strategies to manage pipeline risks effectively and ensure long-term system reliability.
Hotspot and Cold spot Pipeline Segments.

Figure 2 illustrates the survival probability curves for pipeline segments in Hot Spot and Cold Spot areas.
The Log-Rank test reveals a p-value of 0.0279, suggesting a statistically significant difference in survival

rates between the two groups. The proposed recurrent failure event survival probability curve is important
for capturing the cumulative effect of repeated failures in hotspot regions. Pipelines in Hot Spot areas exhibit
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a steeper decline in survival probability compared to those in Cold Spot areas. For example, at 1500 days,
the cumulative time from pipeline installation to the incident, the survival probability for pipelines in Hot Spot
areas is approximately 0.2, significantly lower than the 0.4 survival probability for Cold Spot pipelines,
indicating a higher failure rate for the Hot Spot segments. This trend may be attributed to factors such as
more aggressive environmental conditions, operational stresses, or regional variations in maintenance
practices. The findings underscore the need for region-specific maintenance strategies. Hot Spot areas,
with their higher rate of failure, may face heightened operational challenges and require more focused
monitoring and maintenance to mitigate the risk of accelerated degradation, while Cold Spot areas, though
exhibiting fewer failures, still necessitate ongoing monitoring due to the potential for less frequent but more
catastrophic incidents.

Pipeline Segment Status
—— Hot spot
—— Cold spot

1.0

0.8
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L

Log-Rank p-value: 0.0279
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0.2 A
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0 500 1000 1500 2000 2500 3000 3500 4000
Pipe Age (days)

Figure 2: Survival probability curves for pipeline segments in Hot Spot and Cold Spot areas

Effect of Pipeline Length

Figure 3 compares the survival probabilities of short and long pipelines over time. The analysis reveals that
short pipelines tend to have a slightly higher survival probability than long pipelines, with a marginally
significant difference (p-value = 0.0546), highlighting the potential relationship between pipeline length and
survival probability. This suggests that pipeline length, along with other risk factors, should be considered
in future studies to better understand failure risks. Potential reasons for the observed trend include shorter
pipelines that might experience less stress due to fewer connections or operational loads, leading to fewer
failure events. Conversely, longer pipelines may experience increased pressure and wear from extended
operational loads, and their larger size can make monitoring and maintenance more challenging, potentially
exacerbating the risk of failure and lowering survival probabilities.

1.0 Pipeline Length
—— Short pipeline
—— Long pipeline

0.8

o
=)
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Log-Rank p-value: 0.0546

Survival Probability

[=]
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Pipe Age (days)

Figure 3: Survival probability curves for short and long pipeline segments
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Geographical region. Figure 4 shows survival probability curves for pipeline segments across various U.S.
regions, revealing significant disparities in pipeline longevity. Log-Rank test p-values in Table 2 indicate
significant differences between certain regions, such as the Midwest and Southeast (p = 1.65E-08).
Specifically, pipelines in the Midwest exhibit the lowest survival probabilities, suggesting that systems in
this region might be exposed to more severe degradation or poor maintenance practices due to extreme
harsh weather conditions. In contrast, the South regions show higher survival probabilities, attributed to
milder climates and better maintenance practices. However, not all region comparisons show significant
differences. For example, the Northeast and West comparisons (p = 0.894) reveal no significant difference
in survival probabilities, indicating that some regions may not exhibit distinct variations in pipeline longevity.
These findings contribute to the growing body of literature on regional disparities in pipeline performance.

An analysis of pipeline density distribution across regions indicates that areas with higher infrastructure
concentration, such as the Midwest, tend to exhibit lower survival probabilities, suggesting that density may
contribute to increased risk. This is likely due to the operational pressures in dense areas, where higher
wear and tear, and more frequent incidents can exacerbate pipeline degradation. For instance, Naik &
Kiran, (2018) identified regional differences in pipeline accident rates, noting higher accident densities in
the southern U.S., with varying failure types across the south and Midwest. Unlike previous studies that
primarily focused on failure causes without accounting for regional variations, this study provides a
guantitative analysis of survival differences across U.S. regions using spatial survival analysis. These
findings underscore the importance of region-specific maintenance strategies, such as increased inspection
frequency and weather-resistant coatings, to address varying environmental and operational factors.

1.0

— : Table 2: Log-Rank test p-values for region
Region with Pipeline Density

—— Midwest: 0.0237 km/sq. km Comparisons
0.8 1 — South: 0.0139 kmjsg. km Region 1 Region 2 p-value
Northeast: 0.0082 km/sg. km -

z —— West: 0.0066 km/sq. km Midwest South 1.65E-08

E 06 Midwest Northeast 0.386

£ Midwest West 0.108

£ o4 South Northeast 0.041

a South West 0.001
Northeast West 0.894

e
¥

0.0

T T T T
1] 1000 2000 3000 4000
Pipe Age (days)

Figure 4: Survival probability curves for pipeline segments in different U.S. regions

State Comparison. When comparing different states, variations in pipeline longevity are evident,
particularly when examining Texas and North Dakota, as shown in Figure 5. The Log-Rank Test (p = 0.005)
indicates a statistically significant difference between the two states, with a hazard ratio of 0.52 suggesting
that pipelines in Texas have a lower risk of failure. This finding is significant, as HR quantifies the relative
risk of failure, providing a measurable metric to assess the influence of environmental and operational
factors on pipeline performance. Consequently, this information enables more efficient prioritization of
maintenance resources, with North Dakota pipelines potentially requiring more frequent inspections and
facilitating the implementation of targeted maintenance strategies that address specific seasonal needs.
Pipelines in Texas exhibit higher survival probabilities, likely due to milder climates. In contrast, North
Dakota pipelines experience lower survival probabilities, possibly due to harsh winters, extreme
temperature fluctuations, and fewer resources for maintenance. While the regional analysis highlights
broader trends—such as the overall low survival in the Midwest—the state-level comparison between Texas
and North Dakota adds critical detail granularity, revealing that not all states within a region follow the same
pattern. Even though hotspots were detected in both states, the survival probability remains higher in Texas
compared to North Dakota. This outcome, despite Texas having greater pipeline density, suggests that
density alone does not account for survival differences at the state level. Variations may also result from
environmental conditions, infrastructure practices, or maintenance strategies, highlighting the complex
factors influencing pipeline longevity.
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Figure 5: Survival probability curves for pipeline segments in Texas and North Dakota

Cox Proportional Hazards Model

The Cox PH model provided valuable insights into the factors influencing pipeline failure risk. As shown in
Table 3, several significant covariates were identified, with a concordance index of 0.73, indicating that the
model has a strong ability to correctly rank individuals by their risk, which is considered a good fit for survival
analysis. Key findings highlight significant factors, including geographic location and pipeline
characteristics. As shown in Figure 6, pipelines in the Midwest region exhibited a hazard ratio of 4.003,
suggesting that these pipelines are more than four times as likely to fail compared to pipelines in other
regions, likely due to extreme weather conditions. Furthermore, pipelines in hotspot areas (HR = 2.089)
exhibited a higher risk of failure, which could be attributed to more frequent external pressures or
environmental factors. Pipeline length also demonstrated a significant positive association with failure risk,
with an HR of 1.192 (p = 0.012), suggesting that longer pipelines face greater operational or maintenance
challenges, making them more susceptible to failure. In addition, certain pipe coatings, such as applied
epoxy, were associated with higher hazard ratios, indicating that pipelines with these coatings are at
increased risk of failure. However, not all results were statistically strong. The depth of cover factor (p =
0.074) was weakly significant, suggesting the relationship may be due to random variation and requiring
further investigation. In contrast, pipelines located in cold spot areas exhibited a significantly lower risk of
failure, with a hazard ratio of 0.192 and a coefficient of -1.650, which indicates that these pipelines are
substantially less likely to fail. This aligns with the results from the PWP analysis, which also showed lower
failure risks in cold spot areas, and the Cox PH model quantified this risk with a low hazard ratio (HR =
0.192). The findings underscore the importance of considering both operational factors and geographic
context when developing maintenance strategies for pipelines. While some covariates show weaker
significance, the highly significant results offer critical insights for prioritizing risk mitigation, ultimately
improving pipeline longevity and reducing failure risks through tailored maintenance strategies.

Table 3: Cox PH Model coefficient results for pipeline failure risk covariates

Covariate coef exp(coef) p
Region_midwest 1.387 4.003 0.029
Pipeline segment status_hot spot 0.737 2.089 0.012
Pipeline_length 0.176 1.192 0.012
Incident_area_type_underground 0.806 2.239 0.213
Depth_of _cover 0.002 1.002 0.074
Pipeline segment status cold spot -1.650 0.192 5.36E-05
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Figure 6: Hazard ratios with 95% confidence intervals for factors influencing pipeline failure risk

3.3 Survival Trends and Insights

The findings of this study emphasize the importance of region-specific strategies to address the unique
challenges faced by pipelines in different geographic contexts. Key insights include:

Material Selection: The analysis revealed a significant relationship between coating types and
pipeline failure risks. Specifically, pipelines coated with Field Applied Epoxy and Paint showed
higher failure risks, with hazard ratios of 2.49 and 1.65, respectively. In contrast, coatings like
Fusion Bonded Epoxy and Cold Applied Tape coatings exhibited lower hazard ratios (0.62 and
0.24, respectively), indicating better resistance to corrosion and environmental factors. This
underscores the importance of selecting durable coatings, particularly in hotspot area.
Region-Specific Strategies: Hotspot areas should be prioritized in maintenance schedules to
reduce the cumulative failure effects, especially those with harsh environmental conditions (like the
Midwest, where pipelines exhibit a 4.003 hazard ratio), require more intensive monitoring and
maintenance strategies to mitigate accelerated degradation and pipeline failure risks.

Targeted Maintenance: The survival analysis demonstrated that long pipelines (e.g., those over
550 meters) exhibit higher failure risks (HR = 1.192) than short pipelines. This suggests that
extended pipeline segments, especially in hotspot areas, face greater operational stresses and
environmental exposure. These pipelines should be prioritized for more frequent inspections.
Enhanced Regulation: The significant regional differences in survival rates (e.g., Midwest vs. South,
p-value = 1.65E-08) emphasize the need for region-tailored inspection and maintenance policies.
For example, in the Midwest, stricter regulations for winterization and frost protection could help
prevent failure caused by temperature fluctuations.

These insights provide a foundation for more effective pipeline management, encouraging regionally
tailored approaches in material selection, maintenance, and regulation.

4. CONCLUSION

This study integrates spatial and survival analyses to explore regional disparities in pipeline longevity,
highlighting significant variations in failure rates potentially driven by geographic, environmental, and
operational factors. The survival analysis reveals that pipelines in hotspot areas exhibit accelerated
degradation and significantly reduced survival times compared to cold spot areas, highlighting the
cumulative effects of recurrent failures. Additionally, this study identified key risk factors that contribute to
pipeline degradation, with hazard ratios providing a quantitative understanding of the relative risk in different
contexts. The Midwest, for example, demonstrated a notably higher risk of failure (HR= 4.003), likely due

CON-376-9



to severe environmental conditions. Furthermore, pipelines of shorter lengths were observed to have
slightly better survival probabilities. These findings highlight the need for region-specific strategies in
pipeline maintenance, including targeted schedules, material selection, and adapted regulatory
frameworks. Despite these contributions, the study does not fully explore the distinct degradation patterns
and localized risk factors of pipelines. Further research is needed to examine these factors in greater detail,
as well as to account for additional variables influencing pipeline failure. Additionally, climate variables,
such as temperature, freeze-thaw cycles, and precipitation, were not considered, but future work will
integrate them to enhance explanatory power and provide actionable insights. Future research can build
on these findings by incorporating more advanced survival analysis techniques, such as the Geographically
Weighted Cox Model, to better capture spatially varying risk factors. Additionally, addressing left-censoring
in survival data would enhance the accuracy of failure time predictions.
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