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Abstract

Accurate prediction of gas pipeline incidents through risk factor interdependencies is criti-
cal for proactive safety management. This study develops a hybrid SARIMA-association
rule mining (ARM) framework integrating time-series forecasting with causal pattern
decoding, using 60-month U.S. pipeline incident records (2010-2024) from the Pipeline
and Hazardous Materials Safety Administration (PHMSA) database, covering leaks, me-
chanical punctures, and ruptures. Seasonal Autoregressive Integrated Moving Average
(SARIMA) modeling with six-month rolling-window validation achieves precise leak
forecasts (MAPE = 14.13%, MASE = 0.27) and reasonable mechanical damage predictions
(MAPE = 31.21%, MASE = 1.15), while ruptures exhibit pronounced stochasticity. Crucially,
SARIMA incident probabilities feed Apriori-based ARM, revealing three failure-specific
mechanisms: (1) ruptures predominantly originate from natural force damage, with un-
derground cases causing economic losses (lift = 3.70) and aboveground class 3 incidents
exhibiting winter daytime ignition risks (lift = 2.37); (2) leaks correlate with equipment
degradation, where outdoor meter assemblies account for 69.7% of fire-triggering cases
(108/155 incidents) and corrosion dominates >50-year-old pipelines; (3) mechanical punc-
tures cluster in pipelines <20 years during spring excavation, predominantly occurring
in class 2 zones due to heightened construction activity. These findings necessitate cause-
specific maintenance protocols that integrate material degradation laws and dynamic
failure patterns, providing a decision framework for pipe replacement prioritization and
seasonal monitoring in high-risk zones.

Keywords: SARIMA model; association rule mining; Apriori algorithm; gas distribution
pipelines

1. Introduction
1.1. Background

Gas distribution pipelines form the final segment of the natural gas delivery system,
transporting gas from high-pressure transmission lines to end users, such as homes and
businesses. These systems typically operate at low-to-medium pressures (generally below
200 psi), in contrast to high-pressure transmission pipelines that can exceed 1000 psi [1].
The design and material composition of distribution pipelines vary significantly based
on construction era, regional standards, and regulatory frameworks. Older systems may
contain legacy materials, such as cast iron and bare steel, which are more susceptible to
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corrosion and leakage. In contrast, modern installations predominantly use corrosion-
resistant materials like polyethylene (PE) plastic, which has become the standard for new
builds due to its durability and ease of installation [2].

The operational safety of gas distribution systems is governed by stringent regulatory
standards. In the United States, the Pipeline and Hazardous Materials Safety Administra-
tion (PHMSA) enforces safety protocols under Title 49 of the Code of Federal Regulations,
Parts 191 and 192 [3-6]. These regulations mandate comprehensive integrity management
programs that include periodic pressure testing, routine leak surveys, cathodic protec-
tion for metallic segments, emergency response planning, incident reporting, and public
awareness campaigns. Compliance with these requirements is essential for mitigating risks
associated with pipeline failures in densely populated areas.

Despite the generally high safety performance of natural gas transportation compared
to other energy carriers, distribution pipeline incidents continue to pose significant risks to
public safety and economic stability. According to PHMSA’s incident database, there were
1490 reported gas distribution pipeline incidents in the United States between 2010 and 2024.
These events resulted in 134 fatalities, 628 injuries, and direct economic losses exceeding
USD 2.963 billion [7,8]. While the annual incident frequency remains relatively low, the
societal and financial consequences of individual failures can be substantial, particularly
when explosions or fires occur in urban environments. Therefore, the prevention of gas
distribution pipeline incidents and the reduction in economic and human losses caused by
gas distribution pipeline accidents have attracted a lot of attention.

Normally, pipeline managers and safety decision makers are interested in understand-
ing the reasons for failure in gas pipeline incidents. Thus, numerous studies have been
conducted in an effort to identify the risk factors that may lead to undesirable gas distribu-
tion pipeline incidents. For example, Duncan & Wang [8,9] assessed the potential for failures
in offshore CO; and natural gas pipelines and then expanded this analysis to include the
failure rates of natural gas-gathering and transmission pipelines. Bianchini et al. [2] calcu-
lated the average accident rate for US natural gas distribution pipelines over the period
from 2004 to 2015. Li et al. [10] investigated the contributing factors related to the severity
of natural gas distribution pipeline incidents. Xiao et al. [11] analyzed the factors influenc-
ing gas transmission pipeline incidents in the United States and their consequences. The
findings from these studies have undoubtedly helped to reduce the number of incidents, as
well as the severity of consequences for those affected, by encouraging the implementation
of appropriate improvements in pipeline integrity and safety measures.

However, a critical aspect that has received insufficient attention in the analysis of
gas distribution pipeline accidents is their potential occurrence patterns, which are vital
because they help identify when accidents occur and if there are any patterns. They also
help us see if certain events or changes might be linked to accidents, which is important
for improving safety measures. Considering temporal attributes of gas pipeline networks,
such as fluctuations in pipeline length, diameter, and age, suggests that the likelihood of
failure is not static and can evolve over time [1,12]. Therefore, this study aims to employ
a hybrid SARIMA-ARM methodology to investigate the potential patterns related to the
occurrence of natural gas distribution pipeline incidents based on the PHSMA database.
The results are expected to assist pipeline operators and policymakers in devising and
executing targeted safety-enhancement strategies. Specifically, by focusing more on safety
management during the time window in which accidents frequently occur, the effect of
safety management can be maximized even with limited resources. The outcomes of this
research could be instrumental in developing these targeted safety strategies.
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1.2. Literature Review

In recent years, numerous studies have been conducted to analyze the failure causes,
occurrence rates, and risk assessment in gas pipeline systems. Tchérzewska-Cieslak et al. [13]
analyzed the failure rate of low- and medium-pressure networks based on failure data from
gas networks in a city aggregation area in southeastern Poland, using a Poisson distribution
to determine the failure flow of distribution gas networks. Shan et al. [14] integrated
historical failure data with modification factors to refine the baseline failure frequency of
gas transmission pipelines. These studies typically calculate a baseline failure rate based
on historical incident data, which is then adjusted by integrating system-specific factors
to yield a more accurate failure probability under given conditions. Pesinis et al. [15,16]
utilized nonparametric predictive inference to assess the risk of pipeline ruptures, pro-
viding interval estimates for future rupture probabilities. Ruiz-Tagle et al. [17] developed
BaNTERA, a Bayesian network model that integrates data and expert knowledge to pre-
dict and mitigate the risk of third-party excavations damaging underground natural gas
pipelines. Zhao et al. [18] employed an integrated subset simulation approach to determine
the corrosion failure rate as it fluctuates over time, while the time-invariant failure rate was
ascertained through the application of a modification factor technique. Li et al. [19] propose
a data-driven risk assessment framework for oil- and gas-gathering pipelines by integrating
Bayesian network (BN) modeling with LightGBM, leveraging machine learning to address
real-time data challenges and supporting the digitalization of pipeline safety management.

The success of these methods depends on the accuracy of the models and the baseline
failure rate, which can be hard to obtain. This is due to the fact that the related temporal
attributes of gas pipeline networks, including fluctuations in pipeline length, diameter,
and the age of the pipes, suggest that the likelihood of failure is not static and can evolve
over time [20]. Therefore, a comprehensive understanding of risk factors is essential for
calculating the failure probability and mitigating the severity of gas pipeline incidents,
encompassing internal pressure, pipeline diameter, material defects, external damages,
response times, and population distribution [21-23]. Duncan et al. [9] highlighted that the
primary risk for injuries and fatalities in offshore natural gas pipelines is fires on offshore
platforms, rather than pipeline integrity failures. Lam and Zhou [5], in their research,
determined that the product of internal pressure and the square of the outside diameter is a
significant predictor of the probability of ignition (POI) for onshore natural gas transmission
pipeline ruptures, and that the pipeline’s location class does not strongly correlate with
the probability of ignition. Xiao et al. [11] indicated that external force damage is the most
common cause of accidents, accounting for 41.21% of total incidents, and the accident rate
is significantly affected by the operating pressure ratio and the laying position category.
Generally, accidents involving larger diameter, higher operating pressure ratio, and higher
position category pipelines have more severe consequences. Shen and Zhou [24] conducted
a comparative analysis of onshore o0il and gas transmission pipeline mileage and incident
data from 1995 to 2016 in Canada and the United States, revealing that material, weld, and
equipment failures were the predominant causes of incidents in both nations. However,
the specific patterns of how these factors contribute to the occurrence of pipeline accidents
are not clear [11].

Prior research has focused on analyzing risk factors influencing the occurrence of
gas pipeline incidents. The analytical approaches adopted a range from non-parametric
methods (e.g., fault tree analysis and Bayesian networks) to predominantly parametric
techniques like ordered logit/probit models [25-31]. While existing approaches have
effectively identified gas pipeline incident risk factors, they present notable limitations.
These methods excel in analyzing causal mechanisms, failure propagation paths, and
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qualitative or semi-quantitative risk prioritization based on expert judgment, particularly
in complex socio-technical systems where data may be sparse.

In addition, a critical aspect that has received insufficient attention in the analysis of gas
distribution pipeline accidents is their potential occurrence patterns [32]. Understanding
these patterns is essential for identifying when accidents occur, recognizing recurring
trends, and determining whether specific events or system changes are associated with
incidents—information that is crucial for enhancing safety measures. Given the temporal
evolution of gas pipeline networks, including changes in pipeline length, diameter, and
age, the likelihood of failure is not static but varies over time [11,12]. To overcome the
limitations of traditional analytical approaches, researchers have increasingly turned to
SARIMA-ARM to uncover significant patterns linking incidents and their influencing
factors across various industries, such as transportation [32,33], maritime accidents [34,35],
and chemical explosion accidents [36]. To the best of our knowledge, few studies have
applied SARIMA-ARM to analyze failure patterns in gas pipelines. This study addresses
this gap by employing association rule mining to systematically identify causal patterns
and their interdependencies in gas distribution pipeline incidents.

The objective of this study is to determine the patterns associated with the occurrence
and severity of gas distribution pipeline incidents using a hybrid SARIMA-ARM method-
ology. Specifically, the SARIMA model is employed to conduct occurrence rate analysis
for three distinct incident categories, including leaks, mechanical punctures, and ruptures.
Then, association rule mining (ARM) is applied to discern type-specific incident patterns,
facilitating targeted safety countermeasures for pipeline system enhancement. These find-
ings enable gas pipeline safety managers to understand different types of incident patterns,
implement targeted prevention strategies, and enhance operational reliability.

1.3. Organization

The rest of this paper proceeds as follows. Section 2 presents the preparation of the
gas distribution pipeline incident data used for this research, followed by an empirical
analysis of the collected data. In Section 3, the SARIMA model, ARM technique, and the
information about the dataset details are illustrated. Then, the results derived from the
SARIMA and ARM methods are analyzed in Section 4. Finally, the findings of this work
are summarized, and some useful suggestions are proposed for further study in this area.
The proposed framework of this study is illustrated in Figure 1.
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Figure 1. Framework of the proposed methodology.

2. Data Preparation and Analysis

The gas distribution pipeline incident data used throughout our research is derived
from the database published by the PHMSA. The PHMSA database contains detailed
records of accident data and has been frequently employed in many studies on safety
assessment [2,4,5,10,37].

In this study, gas distribution pipeline incidents that occurred between January 2010
and December 2024 have been collected. The 15-year PHMSA datasets (2010-2024) provide
comprehensive coverage of gas distribution pipeline incidents, ensuring statistical robust-
ness and practical relevance for real-world pipeline safety management. This extended
temporal range captures long-term trends, seasonal variations, and the impact of regulatory
changes, such as the PIPES Act of 2020. The dataset encompasses three primary failure
types—Ileaks, mechanical punctures, and ruptures—collected from various geographical
locations across the United States. Environmental conditions significantly influence failure
mechanisms. Winter conditions exacerbate natural force damage through ground freezing
and thawing cycles, while spring excavation activities increase mechanical puncture risks.
Summer corrosion acceleration affects older pipelines, particularly in coastal regions with
higher humidity. Before this study, the raw data had been processed to extract the informa-
tion necessary for this research, including the location state, incident time, release types,
total cost, accident cause, etc.

From the 1490 gas pipeline incidents recorded in the 2010-2024 PHMSA database, a
rigorous data-quality filtering process was implemented to safeguard analytical integrity
and ensure the reliability of subsequent pattern mining. Incidents were excluded based on
three predefined criteria to eliminate noise and ambiguity: (1) incomplete attribute informa-
tion (e.g., missing critical fields such as pipeline age, incident cause, or location type, which



Processes 2025, 13, 3589

6of 21

are essential for causal pattern analysis); (2) ambiguous failure classification (e.g., incidents
where the release type—leak, mechanical puncture, or rupture—could not be definitively
confirmed from the original records); (3) extreme outliers (e.g., one-off incidents triggered
by unprecedented events, such as accidental damage from rare industrial equipment, which
do not reflect generalizable failure patterns). The final analytical dataset, consisting of
842 incidents, includes cases with complete information across all analyzed variables—this
ensures reproducible pattern mining while maintaining statistical significance. The primary
analysis of the collected data is presented in the following sections. From the perspective of
time-series analysis, breaking down a time series into its core elements, comprising the raw
data, underlying trend, cyclical patterns, and random fluctuations, is a common practice.
This method of dissection enables us to more accurately interpret the data’s inherent struc-
tures and more effectively pinpoint long-term trends and seasonal effects. As illustrated in
Figure 2, there is a downward trajectory in the monthly count of gas distribution pipeline
incidents—this aligns with the post-2020 decline of leaks and mechanical punctures, driven
by the 2020 PIPES Act’s safety measures. Obviously, there is a recurring seasonal trend
annually. The number of accidents tends to drop off at the year’s start, then ascends to a
maximum point nearing year-end, only to decline once more. This is due to late-winter peak
gas demand (raising pipeline pressure) and low temperatures (accelerating aging pipeline
brittleness), which jointly increase incident risks. Moreover, the dataset displays occasional
fluctuations that do not seem to be associated with any identifiable trend or factor. These
random fluctuations come from one-off events (e.g., rare industrial equipment damage,
extreme weather) and match the residual component of the time-series decomposition.
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Figure 2. Monthly decomposition of gas distribution pipeline incidents.

3. Methodology

This study uses a dual analytical framework: SARIMA modeling for occurrence rate
analysis of leaks, mechanical punctures, and ruptures, detecting temporal patterns and
seasonal variations; and ARM for extracting type-specific incident patterns. This integra-
tion offers a comprehensive understanding of incident mechanisms for data-informed

safety management.
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3.1. Seasonal AutoRegressive Integrated Moving Average (SARIMA)

Seasonal Autoregressive Integrated Moving Average (SARIMA) is a linear statistical
model particularly effective for analyzing non-stationary and periodic time-series data. In
the proposed methodology, SARIMA is employed to quantitatively evaluate the impact of
safety interventions on occurrence rates of gas distribution pipeline incident types (leak,
mechanical puncture, and rupture), serving as a foundational step for further analysis. To
establish a theoretical foundation for SARIMA, this section begins with an overview of its
precursor, the ARIMA model. By first explaining ARIMA's core principles, readers can
more intuitively grasp how SARIMA extends its framework to address seasonal patterns in
time-series data.

The ARIMA model integrates both the moving average (MA) and autoregressive
(AR) components, with an explicit inclusion of differencing in its structure [38-40]. Any
non-seasonal time series that exhibits patterns and is not a random white noise can be
modeled with ARIMA (p, d, g) models, expressed as follows:

¢p(B)(1 = B)"Y; = c+6,(B)a; (1)

where Y; is the analyzed time series at time t, B is the backshift operator, d is the order
of differencing, 6, is the operator of MA (), ¢ is the AR (p) operator, and at is the error
conforming to the normal distribution with a variance of 1 and a mean of 0. The proce-
dures of the ARIMA (p, d, q) model’s forecasting include model identification, parameter
estimation, and model application and evaluation; the details can be found in the previous
research [41,42]. The SARIMA model extends the ARIMA framework by explicitly incor-
porating seasonal components and addressing potential seasonal unit roots in time-series
data. For a series with periodicity m, the SARIMA model is presented as multiplicative
ARIMA (p, d, ) X (Pm, dm, gm), and also defends the following;:

¢p(B)®(B)(1— B)" (1= B")™Y; = c + 6,(B)O(B)a; 2)

where dy;, is the seasonal integration order, which characterizes the degree of seasonal dif-
ferencing required to achieve stationarity; (1 — B")¥" is the seasonal differencing operator,
which eliminates periodic non-stationarity across corresponding seasonal periods. ®(B) is
the seasonal autoregressive component, representing a stationary pm-order polynomial
operator; ©(B) constitutes an invertible qm-order moving average operator. Note that
both @(B) and ©(B) maintain the conventional ¢(B) and 6(B) functional forms, respectively.
The details can be found in the previous research [38-40,42,43]. As suggested by the prior
researchers [41], the MAPE (mean absolute percentage error) and MASE (mean absolute
scaled error) have been applied to evaluate the performance of the SARIMA model.

The SARIMA modeling process in this study followed a structured, iterative workflow
to ensure robustness. The data flow and modeling steps are described as follows: (1) Data
preparation and decomposition: The raw monthly incident time series for each failure type
was decomposed into trend, seasonal, and residual components to visualize underlying
patterns. (2) Stationarity transformation: The augmented Dickey—Fuller (ADF) test was
applied to confirm non-stationarity. The series was then differenced both regularly (d = 1)
and seasonally (D = 1) to achieve stationarity, a prerequisite for the SARIMA. (3) Model
identification: The autocorrelation function (ACF) and partial autocorrelation function
(PACF) plots of the differenced series were analyzed to identify potential values for the
autoregressive (p), moving average (q), and their seasonal counterpart (P, Q) parameters.
(4) Parameter estimation and selection: Four SARIMA (p, d, q) (P, D, Q) models were
fitted, and the model with the lowest Akaike information criterion (AIC) and Bayesian
information criterion (BIC) values was selected as the final model. (5) Diagnostic checking
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and validation: The model residuals were examined to ensure they resembled white
noise, confirming that no patterns were left unexplained. Finally, the model’s predictive
accuracy was rigorously validated on a holdout dataset (the last six seasons) using MAPE
and MASE metrics. This systematic workflow ensures a transparent and reproducible
modeling process.

3.2. Association Rule Mining (ARM)

In the analysis of natural gas distribution pipeline incidents, the SARIMA model is
used to understand the future trend of safety performance of gas distribution pipelines.
However, this model does not reveal the specific causes of the accidents, which is why re-
searchers seldom translate these analytical results into practical intervention measures [41].
To better understand and apply these predictive outcomes, it is essential to identify the
specific causes that lead to poor performance of gas distribution pipelines.

Data mining refers to extracting potentially useful insights from vast datasets by
leveraging techniques from artificial intelligence, machine learning, statistics, and database
systems. The association rule is a crucial data-mining technique that has proven effective
in uncovering hidden relationships within vast datasets. It emphasizes the identification
of patterns within the data rather than hypothesis testing and remains unaffected by
missing data [35,41,44]. This research employed the association rule mining (ARM) to
detect recurring combinations of contributing factors in gas distribution pipeline incidents.

The process of association rule mining (ARM) consists of two primary stages: identify-
ing frequent itemsets and generating association rules [35]. Initially, all frequent itemsets
are extracted from the database. An itemset is deemed a large itemset if its support meets or
exceeds the predefined minimum support threshold. Specifically, a k-itemset that satisfies
the minimum support is referred to as a frequent k-itemset. Subsequently, the confidence
values of these frequent itemsets are computed. If the confidence value is at least as high
as the minimum confidence threshold, the itemset is classified as an association rule. Nu-
merous studies in data mining have introduced novel interest measures for rule mining to
generate meaningful and insightful rules [45]. In this research, the Apriori algorithm was
utilized to produce the rules. This algorithm employs a bottom-up methodology, where
frequent itemsets are incrementally expanded by one item at a time through a breadth-first
search based on a Hash tree structure.

In this study, we define an itemset as a set of items that includes at least one re-
ported gas distribution pipeline incident that occurred in the U.S. Therefore, for an itemset,
I={i, ip, i3, ..., in} represents a collection of n unique attributes. A transaction dataset D
comprises multiple records where each transaction T represents an itemset drawn from
the universal item collection I (i.e., T C I). An association rule is expressed in the format of
antecedent (left side) — consequent (right side), or X — Y, where X and Y are subsets of I.
Association rules are quantified through three fundamental measures, including support
(Supp or S) reflecting occurrence frequency, confidence (Conf or C) representing conditional
probability, and lift (L) indicating statistical dependence strength, which can be calculated

as follows:
Support(X = Y) =P(XNY) 3)
Confidence(X —Y) = P(X/Y) 4)
Lift (X = Y) = Confidence (X — Y)/Support(Y) )

Support measures the frequency of itemsets X and Y co-occurring, indicating their
prevalence. Confidence assesses the probability of Y given X, showing rule reliability. Lift
evaluates deviation from independence, with values > 1 indicating meaningful associa-
tions. These metrics help identify significant patterns by filtering spurious correlations. In
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this study, the Apriori algorithm for ARM used optimized support, confidence, and lift
thresholds through iterative experimentation in the arules package on R 4.5.0.

4. Results
4.1. Forecasting the Incident Trend of Gas Distribution Pipelines

For the purpose of time-series forecasting, the frequency of incidents has been orga-
nized on a seasonal basis. A total of 60 seasons” worth of incident data, spanning from
January 2010 to December 2024, has been compiled into three distinct data series: mechanic
punctures, leaks, and ruptures. In this analysis, Python 3.13.5 serves as the tool for im-
plementing models such as SARIMA and conducting the necessary diagnostics. Within
the dataset encompassing 60 seasons, the final six-season period from September 2023 to
December 2024 has been earmarked as the holdout dataset. This segment is crucial for
assessing the model’s predictive accuracy.

First of all, the SARIMA model focused on mechanical punctures of a gas distribution
pipeline is trained and validated. It is determined that the series is not ‘white noise’
(p < 0.01) and is confirmed to be non-stationary following augmented Dickey—Fuller (ADF)
tests. Once the series undergoes first differencing (d = 1) to achieve stationarity, plots of the
autocorrelation function (ACF) and partial autocorrelation function (PACF) are generated

(see Figure 3).
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Figure 3. ACF and PACF graphs for overall mechanical punctures of the gas distribution pipeline.

To determine the value of p and q for the SARIMA model, the AIC and BIC values
have been calculated. Thus, the final model is SARIMA (2, 1, 1, 4). The final model’s
precision, as indicated by the MAPE at 31.21 and the MASE, stands at 1.15, which falls
within a reasonable range. Then, the seasonal mechanical puncture predictions for the
period between September 2023 to December 2024 have been derived, complete with a
95% confidence interval, as shown in Figure 4.

Like the mechanical puncture model, the leak model includes AR or MA elements
(Figure 5). The dataset is not a ‘white noise” process. The AIC and BIC values were
calculated, and the final model is SARIMA (1, 1, 1, 4). The model’s predictive accuracy,
with a MAPE of 14.13 and a MASE of 0.27, is acceptable (Figure 6).

In contrast to the leak model, which incorporates time-series elements, the rupture
model lacks both the autoregressive (AR) and moving average (MA) components, as
depicted in Figure 7. The data in question exhibits characteristics of a ‘white noise’ sequence.
Consequently, any meaningful forecasting is not feasible, and the series is expected to
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adhere to its mean value. The mathematical representation for the rupture series is outlined.
The final model’s fit quality, as measured by the MAPE at 33.52, is deemed satisfactory,
and the MASE value of 0.69 is within an acceptable range. In addition, as proposed by the
former researchers, ruptures have more severe consequences than leaks, including impacts
on human safety and the environment. Thus, a thorough analysis for ruptures will be
conducted in the following sections.
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Figure 4. Forecast for seasonal mechanical punctures of gas distribution pipeline between 2010
and 2024.
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Figure 7. ACF and PACF graphs for overall rupture data of gas distribution pipelines.

Results show that gas distribution pipeline incidents have an obviously decreasing
trend for leaks and mechanical punctures since 2020. This may be due to the development
of safety management for the gas industry and the enforcement of the Protecting Our
Infrastructure of Pipelines and Enhancing Safety (PIPES) Act of 2020. Note that gas
distribution pipeline ruptures do not occur frequently compared with other types of
incidents, but the number of lives that were lost and social damage is very high when
such a rupture occurs [46]. Therefore, it is essential to distinguish the leading causes of gas
distribution pipeline ruptures from other types of incidents, such as leaks and mechanical
punctures, in order to implement targeted countermeasures and enhance the safety of
pipeline systems.

4.2. Generation of Association Rules
4.2.1. Data Description

To enhance the comprehension of incident trends within the gas distribution pipelines,
association rule mining (ARM) is employed to analyze gas distribution pipeline incidents.
In this study, we employed a robust dataset that includes 842 incidents related to gas
distribution pipelines. Every incident is accompanied by extensive details, enabling us to
conduct a comprehensive and meticulous analysis. The data, collected by PHMSA, are
of high quality, ensuring the validity of the analysis results. The association rules were
generated with the aid of the “arules” package in R and subsequently depicted through the
“arulesViz” package.

The dataset employed in this analysis includes comprehensive details such as instal-
lation year, system part involved, material used, pipeline facility type, incident area type,
class location type, ignition indicator, explosion indicator, injured indicator, fatality indica-
tor, and cause. For the subsequent analysis, the installation year is converted into pipe age
to better examine the factors influencing gas distribution pipeline accidents. Additionally,
since each gas pipeline has a distinct maximum allowable pressure, this study employs
the pressure ratio, defined as the ratio of incident pressure to the maximum allowable
operating pressure, to characterize the operational status of gas transmission pipelines.
Furthermore, season and time of day are utilized as additional indicators to address the
temporal characteristics associated with gas distribution pipelines. Table 1 presents the
summary statistics of the gas distribution pipeline rupture data used in this study. The
majority of incidents (77.08%) occurred in underground locations, with excavation damage
being the leading cause (50.10%). Steel and plastic pipelines were involved in over half of
all cases, indicating their widespread use and potential vulnerability. These findings form
the basis for identifying high-risk scenarios discussed in the following sections.

In the study, risk factors were categorized into finer details, including physical factors,
operational factors, environmental factors, consequences of incidents, and causes. For
instance, physical factors contributing to ruptures encompassed the material involved, like
steel, and system parts involved, such as the main and service. The research encompassed
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a comprehensive analysis involving 11 primary variables and 50 sub-variables for the ARM
analysis.

Table 1. Descriptive statistics of the gas distribution pipeline data.

Factors D;:::)sr;)f Items :l){:)t‘.)a ﬁ Factors Details of Factors Items ;{"Ot(; ﬁ
[0,10) 7.01 Aboveground 21.85
[10,20) 12.00 incident area type Transition area 1.07
Age [20,30) 14.49 Underground 77.08
[30,40) 12.47 1 5.46
[40,50) 13.30 2 7.96
>50 40.74 class location type 3 73.63
cast/wrought iron 4.87 4 12.95
. copper 1.31 spring 21.14
Material plastic 4121 Environmental Season summer 24.11
steel 46.56 factors autumn 24.11
Physical other 6.06 Winter 30.64
factors system part district regulator .
}ilnvolvzd meteringgstation/ 3.58 Time of day Daytime 78.24
inside meter/regulator set 0.87 nighttime 21.76
outside meter/regulator set 9.64 ignite 30.05
main 64.28 . explode 0.71
Ignite_ Ignite and
other 5.07 Explode _ind explode 22.45
service 16.56 Consequences of None 46.79
pressure ratio [0,0.5) 13.93 incidents Injured 2.61
[0.5,0.8) 2393 ) Fatality 273
Operational factor 508 62.14 fatl:?lliltl;i,& d Inj;.lreq and 15.56
atality
Only cost 79.10
corrosion 3.43
equipment failure 4.35
excavation damage 50.13
Cause of failures cause incorrect operation 5.94
natural force damage 8.71
other incident cause 3.43
other outside force damage 24.01

4.2.2. Generation of Rules Using the ARM

In the association rule mining (ARM) model, determining suitable support and confi-
dence thresholds is essential for uncovering significant rules. Proper support and confi-
dence thresholds facilitate the identification of valuable rules [47,48]. Too low thresholds
can result in a large number of rules, which are difficult to interpret due to noise and
overlap. Conversely, too high thresholds may produce fewer and less interesting rules.
The existing literature does not provide specific criteria for setting these thresholds, and
researchers typically need to determine the thresholds that can generate interesting rules
based on the problem under study [34,41,45,49,50].

To identify meaningful association rules, we systematically experimented with various
combinations of support and confidence levels, a common practice in ARM studies due
to the absence of universal threshold criteria. Ultimately, we established the minimum
thresholds for support and confidence at 0.01 and 0.10, respectively, based on their ability
to generate actionable insights while maintaining statistical significance. In addition, given
the nature of our data involving infrequent gas distribution pipeline ruptures, increasing
the lift threshold further would significantly reduce the number of rules generated. Conse-
quently, we chose a lift threshold of 1.1, which is similar to the values reported in previous
studies [34,35], to ensure that we could still identify meaningful association rules despite
the rarity of such events. Consequently, a total of 573,421 rules have been produced. While
ARM generated 573,421 rules, we implemented a multi-stage filtering process to address
rule similarity and comprehensibility concerns. First, we applied minimum thresholds
(support = 0.01, confidence = 0.10, lift = 1.1) to eliminate trivial associations. Second, we
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employed rule clustering based on antecedent similarity to group redundant rules. Third,
domain expertise was applied to select the most practically significant rules for each failure
type. This systematic approach ensured that the final rule set (169 for ruptures, 14,529 for
leaks, and 31,505 for mechanical punctures) contained meaningful, non-redundant pat-
terns that are actionable for pipeline safety management. It should be emphasized that
association rule mining (ARM) is an unsupervised machine learning approach designed to
uncover significant relationships among items within individual transactions, rather than
serving as a substitute for parametric methods.

4.2.3. ARM Rules Analysis

1.  Association rules for ruptures

The lift values for the top 20 association rules for ruptures exceed 2.27, suggesting
a strong association between the itemsets X and Y. The highest lift value identified is
3.70, corresponding to the LHS {Incident_area_type = underground; cause = natural force
damage}—this reflects that natural forces (e.g., frost heave) exert concentrated pressure on
buried pipelines, leading to ruptures and associated economic losses (per Table 1). Another
interesting discovery is that most gas pipeline ruptures were highly associated with steel
pipelines, which had an age of at least 50 years and a pressure ratio of no less than 0.8,
as shown in Figure 8. This is because long-term operation causes steel fatigue, and high
pressure accelerates crack propagation—explaining why over half of ruptures involve steel
pipelines over 50 years old. This result suggests that pipeline safety managers should pay
more attention to aging steel pipelines in order to prevent rupture incidents. In addition,
these rupture incidents mainly result from two distinct causes, natural force damage and
other outside force damage, each presenting unique failure characteristics. Natural force-
triggered gas pipeline ruptures primarily occur underground, causing economic damage.
But gas pipeline ruptures due to other outside force damage often occur aboveground
at Class 3 locations during daytime in winter, with ignition risks. This difference lies
in more ignition sources and human activity in aboveground Class 3 areas in winter,
justifying targeted prevention. Moreover, note that natural force damage and other outside
force damage demonstrate significant randomness in failure mechanisms, consequently
imparting high unpredictability to rupture incidents.

size: support (0.011 - 0.02)
color: It (2.23 - 3.7)

Incident_area_type=underground
System_part_involved=service

Cause=natural force d@ge

Pipe_facility_type=privately cwne@ O
Injury_fatality_ind=0Only cost O O O
O Season=summer Age=>=50
Pressure_ratio===0.8
Time_of_day=daytime R se. fype=rupture
Class_location_type=class 3 location O

Ignite_explode- ind=ignite O

Cause:ol@ outside force damageO
Season=winter

O Material -involved=steel Age=(40,30]
Incident_area_type=aboveground

Figure 8. Association rule network for incidents caused by rupture. Node size represents support
(frequency), and color intensity reflects lift (association strength). Dashed arrows connect nodes,
illustrating the interrelations among different factors.
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2. Association rules for leaks

A total of 14,529 rules were generated for gas pipeline leaks. Among them, the highest
lift value is 2.239 for the LHS {Age > 50; cause = other incident cause}. The results reveal
that aging gas pipeline incidents caused by other incidents have a high risk of leakage. To
obtain more details, Figure 9 shows a graph-based visualization of the top 20 association
rules ranked by lift values for leaks. As shown in Figure 9, there are four typical scenarios
of pipeline leakage due to different causes of failure. Firstly, gas pipeline leaks caused by
other incident causes are highly associated with steel pipelines with an operational age
exceeding 50 years located in class 3 locations. This was validated by the significant lift
values linked to their rules. Secondly, district regulator stations or metering stations located
in Class 4 areas are highly susceptible to leakage accidents due to equipment failure. This
is mainly due to factors such as high population density, frequent traffic, and complex
underground facilities. The pipelines and equipment in these areas usually face more
complex operating environments and higher safety requirements [51]. Third, leakages
due to corrosion are associated with winter, investor-owned pipe facilities, and other
pipeline system parts, and may result in consequences such as ignition and explosions.
Note that freezing weather threatens the integrity of gas pipelines every year [52]. Lastly,
aboveground pipeline leaks in Class 4 locations, caused by pipe, weld, or joint failures,
often occur in summer or autumn. These leaks typically involve pipelines with a relatively
lower pressure ratio and shorter operational age. Obviously, leakage accidents caused
by different reasons for failure have distinct seasonal characteristics. This coincides with
the former conclusions. Moreover, a helpful rule suggests that leakages of outside meter
or a regular set are prone to lead to fire or an explosion. Therefore, the pipeline safety
managers should pay more attention to such incidents. The analysis shows that pipeline
physical factors, operational factors, and the surrounding environment mainly influence
leak occurrences. Strengthening pipeline safety management can effectively prevent similar
accidents and is the reason for the continuous decline in accident numbers in recent years.

size: support (0.011 - 0.02)
color: lift (2.239 — 2 239)

System_part_involved=outside meter/regulator set
System_part_involved=other Ignite_explode_ind=Ignite and explode
Season=winter

Cause=carrosion failure

O O O Pipe_facility_type=investor owned

Age=(30,20] Material_involved=steel
Incident_area_type=aboveground O O O
O Cﬁs_locamn_type:dass 3 location
Release_fype=leak
O Cause=other incident cause
Season=summer
Cause=pipe, weld; or joint failure O
O Q O Age=>=50
Season=autumn O
O Q System_part_involved=main

Pressure_ratio=[0,0.5) Class location type=class 4 location

System_part_involved=service Cause=equipment failure

System_part_involved=district regulator/metering station

Figure 9. Association rule network for leaks. Node size represents support (frequency), and color in-
tensity reflects lift (association strength). Dashed arrows connect nodes, illustrating the interrelations
among different factors.
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3. Association rules for mechanical punctures

A total of 31,505 rules were generated for gas pipeline mechanical punctures.
The highest lift value (2.095) corresponds to the rule {System_part_involved = main,
Pipe_facility_type = municipally owned, Cause = excavation damage}, indicating that
municipally owned main pipelines affected by excavation damage pose a significant me-
chanical puncture risk.

As depicted in Figure 10, mechanical puncture incidents demonstrated strong statisti-
cal associations with three primary factors, including excavation damage, Class 2 location
designation, and seasonal occurrence in spring. This is because spring has more excavation
projects, and Class 2 areas (suburban/newly developed) see frequent construction, raising
third-party damage risks.

size: support (0.011 - 0.033)
color. lift (2.095 - 2.095)

Season=summer
Incident_area_type=underground

Ignite_explode__ind=ignite Age=(20,10] Material_involved=plastic
Season=spring

Age=(10,0]
Pressure_ratio=[0.5,0.8) O Class_location_type=class 3 location

O Release_type=mechanical mmmureo O

Cause=excavation damage O Pipe_facility -type=municipally owned

Pipe_facility_type=investor owned Q
C\a@locabonﬁtwe:crass 2 locati Systerm_part_involved=main

O

Injury_fatality_ind=Only cost O O Pipe_facility_type=privately owned

Time_of_day=daytime

Ignite_explode_ind=None

. Age===50
Material_involved=steel

Figure 10. Association rule network for mechanical punctures. Node size represents support
(frequency), and color intensity reflects lift (association strength). Dashed arrows connect nodes,
illustrating the interrelations among different factors.

Unlike ruptures, which are often caused by mechanical damage, mechanical punctures
were predominantly triggered by excavation damage (e.g., third-party interventions),
occurred in Class 2 locations (indicating higher vulnerability zones), and peaked during
spring—potentially due to increased construction activity. Furthermore, these incidents
predominantly involved main pipelines with operational ages under 20 years. This is
because younger pipelines are mostly in Class 2 areas with ongoing construction, while
older pipelines are in mature areas with less excavation. Excavation-induced mechanical
puncture incidents in plastic main pipelines with less than 10 years of service show a
pronounced seasonal pattern, occurring most frequently during spring months. Plastic’s
lower impact resistance makes it more susceptible to excavation damage, especially in soft
spring soil. In addition, mechanical puncture incidents in 10-20-year-old underground
main pipelines have higher ignition risks, especially in summer and spring. High lift values
from association rule analysis confirm the reliability of these patterns—higher temperatures
lower gas ignition points, increasing fire likelihood.

5. Discussion

This study employs a dual-method framework comprising SARIMA and ARM to
identify deterministic patterns in gas pipeline incidents. SARIMA quantifies temporal
trends, while ARM uncovers interdependencies among causal factors. The SARIMA model
generated short-term forecasts for gas pipeline incidents. Model identification through
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ACEF/PACF analysis determined the optimal (s, p, d, q) orders. The final model selection
was based on minimizing AIC, BIC, MAPE, and MASE values obtained from R outputs.
The results show a significant decline in gas distribution pipeline leaks and mechanical
punctures since 2020. In contrast, ruptures exhibit persistent random patterns, indicating
that current mitigation measures are ineffective. Subsequently, association rule mining
was applied to identify causal patterns across distinct gas pipeline release types, including
leaks, ruptures, and mechanical punctures.

A total of 573,421 rules have been generated by association rule mining. The results
of ARM reveal three key patterns: ruptures predominantly stem from natural/external
force damage with stochastic failure mechanisms causing inherent unpredictability; leaks
are primarily influenced by pipeline physical properties, operational parameters, and
environmental conditions, necessitating enhanced safety management; and underground
main pipelines aged 10-20 years show heightened mechanical puncture risks, particularly
during spring—summer operations, with elevated ignition probabilities. These findings
underscore the need for cause-specific prevention strategies across different failure modes.

Based on the above results, pipeline age is a crucial factor influencing gas distribution
pipeline ruptures. Over 80% of ruptures happened on gas distribution pipelines that were
more than 30 years old. This finding aligns with Tee et al. [16], who noted that the likelihood
of rupture incidents rises as pipelines grow older. The current research reveals a significant
correlation between operational pressure and pipeline age for gas distribution pipeline
ruptures. Furthermore, the extracted rules for leak incidents reveal that pipelines older
than 50 years are a critical factor linked to steel gas pipeline leaks caused by other incident
causes in class 3 locations. Conversely, mechanical punctures primarily affected main
pipelines under 20 years of operational age. These results highlight the divergent impacts
of pipeline age on rupture and leak mechanisms, emphasizing the need for age-specific
maintenance strategies.

While ruptures exhibit temporal randomness in their occurrence timing—making them
difficult to forecast using time-series methods—ARM effectively identifies the underlying
factor combinations associated with these events when they do occur. This distinction is
crucial: temporal forecasting addresses when incidents might happen, while ARM explains
what factors contribute to incidents that have already occurred. Thus, ARM provides
valuable insights into rupture mechanisms, despite their stochastic temporal distribution.
It is important to clarify that the stochasticity of ruptures (identified via SARIMA) refers
to temporal unpredictability—ruptures cannot be forecasted via time-series trends due
to the random occurrence of natural forces (e.g., sudden earthquakes). In contrast, ARM
uncovers causal associations, which describe static relationships between factors rather
than temporal patterns. These two findings are complementary: SARIMA tells operators
“when ruptures cannot be predicted”, while ARM tells them “which factors to monitor to
reduce rupture risk”.

For pipeline operators, the findings can be directly translated into actionable strategies
to prioritize resources and reduce incident risks: implement bi-annual ultrasonic corrosion
detection and replace aging outdoor meter assemblies within 5 years for steel pipelines
over 50 years old (accounting for 69.7% of fire-triggering leaks), add monthly pressure
monitoring and develop a 24 h emergency response protocol for leak shutdown at district
regulator stations in Class 4 areas (with high leakage risk due to equipment failure); install
real-time soil pressure sensors and conduct quarterly integrity checks for underground
pipelines in natural force-prone zones (e.g., tornado or frost-heave areas), and train on-site
staff to complete ignition source inspection (e.g., nearby electrical equipment) within 10 min
of alarm activation for aboveground Class 3 pipelines (with winter daytime ignition risk);
restrict non-essential excavation in Class 2 zones (where 72% of punctures occur) from
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October to February (non-spring months), and mandate pre-excavation pipeline mapping
(using GIS) and require certified engineers to supervise on-site operations (with penalties for
non-compliance) for spring construction. These strategies align with the 2020 PIPES Act’s
safety requirements and help operators maximize the effectiveness of limited maintenance
resources by targeting high-risk scenarios. Additionally, Gas distribution pipeline incidents
are significantly influenced by failure causes, with distinct patterns observed across rupture,
leak, and puncture events. Natural force damage and other external force damage are
the primary causes of gas pipeline ruptures, exhibiting significant randomness in failure
mechanisms and resulting in high unpredictability of rupture incidents. This result is
consistent with the findings of Xiao et al. [53]. This study reveals that the consequences
of ruptures vary depending on the failure causes. Natural force-induced gas pipeline
ruptures predominantly occur underground, resulting in economic losses. In contrast,
ruptures caused by external forces typically happen aboveground at Class 3 locations,
with a higher incidence during winter daytime and potential ignition hazards. As for
leaks, the main failure causes are equipment failure, corrosion, and pipe, weld, or joint
failures. Note that leakages of outside meter or regular set are prone to lead to fire or
explosion. Based on the PHMSA data, fires associated with outside meters or regular set
installations totaled 155 incidents, among which 108 were directly triggered by natural gas
leaks. Unlike ruptures and leaks, mechanical punctures primarily result from excavation-
related incidents. These punctures predominantly occur in Class 2 locations and peak
during spring, likely due to heightened construction activity. In summary, the findings
underscore the critical need for cause-specific risk mitigation strategies, accounting for
spatial, seasonal, and mechanistic disparities across incident types.

Under-reporting and a lack of environmental data in gas pipeline incident databases
limit data-mining applications. Absence of soil property data compromises corrosion
prediction accuracy. Future research should integrate multiple data sources for compre-
hensive pattern analysis to uncover significant correlations and causal relationships in gas
pipeline incidents.

6. Conclusions

This study investigates the occurrence pattern of gas distribution pipeline incidents
using SARIMA and ARM, yielding key findings as follows. First of all, the SARIMA model
results indicate a marked decline in gas distribution pipeline leaks and mechanical punc-
tures since 2020. However, ruptures exhibit persistent stochasticity, and current mitigation
measures fail to significantly reduce their frequency. Then, the results of ARM reveal
two key patterns: (1) Pipeline age significantly impacts gas distribution pipeline failures,
with over 80% of ruptures occurring in pipelines over 30 years old, particularly in older
steel pipes. While aging pipelines (over 50 years) are prone to leaks from external causes,
mechanical damage primarily affects younger pipelines (less than 20 years). (2) Ruptures
mainly stem from natural/external forces with underground economic losses or above-
ground ignition risks, while leaks originate from equipment/corrosion failures (particularly
outdoor meters triggering fires), and punctures predominantly arise from spring excavation
activities in Class 2 areas. These findings underscore the need for cause-specific prevention
strategies across different failure modes. To our knowledge, this study marks the first
attempt to examine gas distribution pipeline incidents through ARM techniques, enabling
pipeline safety managers to efficiently develop relevant safety measures.

To bridge the gap between analytical findings and practical application, this study
proposes a set of evidence-based, scenario-driven operational strategies derived directly
from the identified spatiotemporal risk patterns. First, in light of the pronounced age
dependency of failure mechanisms—where over 80% of ruptures occur in pipelines exceed-
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ing 30 years of service, while mechanical punctures predominantly affect pipelines under
20 years—a stratified integrity management framework is recommended. For aging infras-
tructure (>30 years), operators should implement a risk-based inspection (RBI) program,
prioritizing internal corrosion direct assessment (ICDA), hydrostatic retesting, and targeted
replacement of high-consequence-area (HCA) segments. In contrast, for newer pipelines
(<20 years), proactive external threat mitigation should be emphasized, including enhanced
public awareness campaigns (e.g., “Call Before You Dig”), increased aerial and ground
surveillance, and real-time excavation monitoring in Class 2 locations. Second, given the
distinct causal pathways and seasonal dynamics of failure types, cause- and season-specific
intervention protocols are proposed. During the spring construction season, a “Spring Ex-
cavation Safety Initiative” should be deployed in Class 2 areas, integrating permit tracking,
contractor coordination, and intensified patrols to reduce third-party damage. In winter
months, heightened vigilance is warranted for aboveground facilities in Class 3 locations,
where external-force-induced ruptures peak during daytime hours; this includes enhanced
visual monitoring and physical protection measures (e.g., protective barriers). Furthermore,
due to the significant fire and explosion hazard associated with leaks at service meters and
regulator stations—accounting for 108 out of 155 PHMSA-reported fires—operators should
establish a “Meter and Regulator Safety Program” involving routine integrity assessments,
corrosion control, and community outreach on leak recognition and emergency response.
Collectively, these recommendations operationalize the study’s analytical insights into
actionable, context-specific safety measures, enabling a transition from reactive mainte-
nance to proactive, data-driven risk management. By aligning mitigation strategies with
the underlying age, cause, and temporal patterns of failure, this framework supports more
efficient resource allocation and enhanced resilience in gas distribution networks.

Obviously, there are two main limitations in this study: (1) the United States case
study may limit the generality of the findings, and (2) interpreting numerous items re-
mains a persistent challenge in rule mining applications. While this analysis draws on U.S.
PHMSA data, which represents one of the most comprehensive national pipeline incident
databases, the transferability of these findings to other regions must be considered in light
of differing regulatory, environmental, and infrastructural contexts. International studies
indicate that regulatory design significantly influences pipeline safety performance. For
example, international research indicates that regulatory design significantly influences
pipeline safety performance, with different approaches observed globally: for example, the
United States employs a long-standing legislative framework with agencies like PHMSA,
focusing on federal and state cooperation and public education, while Canada empha-
sizes stricter environmental regulations and economic liability mechanisms to enhance
pipeline safety [24]. Moreover, environmental factors, such as soil corrosivity, freeze—thaw
cycles, and seismic activity—known to accelerate pipeline degradation—are not uniformly
distributed and may amplify failure risks in regions with less robust corrosion control prac-
tices [52,54]. Urban development patterns also play a critical role: high excavation rates in
densely populated Asian cities have been linked to elevated third-party damage incidents,
a leading cause of pipeline failures, even in systems with modern materials [17,55-58].
These comparative studies underscore that while the U.S. data provide valuable insights
into failure trends and risk drivers, the absolute incident frequencies and effectiveness of
mitigation strategies may vary significantly across jurisdictions. Future research leveraging
harmonized international incident datasets could enable more robust cross-national risk
modeling and support the development of adaptable safety policies.

Concerning the second issue, while ARM effectively identifies factor co-occurrences
and correlations, it remains limited to qualitative analysis—unable to determine causal
directions or quantify impact magnitudes. Furthermore, this study primarily employed
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the SARIMA model for time-series forecasting. To more comprehensively evaluate the
predictive performance across different pipeline failure types—particularly for rare and
high-impact events like ruptures—future research should include a comparative analysis
with advanced machine learning and deep learning benchmarks (e.g., LSTM, XGBoost,
Prophet) as well as alternative probabilistic approaches such as Bayesian networks.
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