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Railway accidents remain a major challenge in the transportation sector, especially in
Indonesia, as a developing country. To strengthen transportation safety governance, the
Indonesian Government enacted Regulation No. 62 of 2013 on transportation accident
investigation, with particular emphasis on railway accidents. A longitudinal study
empirically measuring this safety policy against train accident trends in Indonesia remains
limited. This study aims to analyze the association between railway transportation safety
policies and accident trends in Indonesia, using interrupted time series analysis (ITSA).
The results indicate that railway accident trends experienced a structural change following
the implementation of the policy. The 2014 model, interpreted as a one-year lagged
intervention model, provides a more empirically consistent explanation of the delayed
translation of policy into operational safety practices. The pre-intervention slope was
negative (ff; = —1.786), indicating that accident counts had already been declining before
the intervention. After the intervention, the post-intervention slope remained negative but
became less steep (f; + B3 = —0.428), suggesting that accident counts continued to
decline, although at a slower rate. The findings show that the Government Regulation No.
62/2013 and broader safety governance reforms were associated with sustained
improvements in railway safety performance. This study highlights the need for stronger
data integration, institutional learning, and safety management implementation. Future
research should concentrate on modeling the impacts of safety policies concerning
operational exposure variables, including train-kilometers, service frequency,
infrastructure maintenance, and environmental factors. Other research can be directed at
implementing railway safety management systems (SMS) at the operator level.

1. INTRODUCTION

such as signaling systems, rolling stock certification, and level
crossing protection [ 14]. The implementation of SMS has been

Railway safety is a fundamental pillar in achieving a
sustainable transportation system, particularly in developing
countries characterized by high levels of operational
complexity [1-4]. Despite substantial improvements in
infrastructure and technology, the risk of railway accidents in
Indonesia remains relatively high [5]. Human factors have
been consistently identified as the dominant contributors to
accidents, especially to railway accidents [6-9], followed by
deficiencies in safety management systems (SMS) [10]. These
conditions highlight the critical need for integrated public
safety policies aimed at systematically reducing accident risks
and improving overall railway safety performance [11-13].

In many developed countries, railway safety policies are
commonly classified into two main categories: general
policies, which encompass legal frameworks and national
SMS, and specific policies, which regulate technical aspects
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shown to reduce fatal railway accidents significantly [15-19].
This policy-oriented approach emphasizes systematic
intervention through regulatory frameworks, technological
integration, and the promotion of a safety culture.

The Government of Indonesia has aligned its safety
development agenda with the Railway Law [20]. This law
serves as the foundation for reforms in national railway
governance and safety. Since its enactment, various
implementing regulations have been issued to strengthen the
safety system, including regulations on railway operations
[21], transportation accident investigation [22], automatic
train protection systems [23], railway safety standards [24],
railway SMS [25], and railway safety assessment mechanisms
[26]. In addition, the government has issued a national railway
master plan policy as a reference for developing long-term
national railway development and construction programs,
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particularly with respect to safety aspects [27]. However, the
effectiveness of these policies in influencing long-term
accident trends has not yet been empirically evaluated.

Railway safety research in Indonesia has largely focused on
technical and behavioral factors, such as infrastructure
maintenance [28], operations [8, 29], integration [30, 31],
demand prediction [32], human factors [7-9], risk-taking
behavior at level crossings [9], as well as policy development
for urban rail services in Indonesia [32-34]. International
studies have also highlighted the effectiveness and efficiency
of signaling policies [35-37], privatization [38], maintenance
strategies [39], safety management practices [40-42],
leadership and safety training [43], and risk assessment
approaches [44-50]. However, most of these studies are cross-
sectional and concentrate on technical or managerial aspects
without linking policy dynamics to long-term accident data.
Consequently, an important research gap remains: there has
been no empirical longitudinal study measuring the effects of
safety policies on railway accident trends in Indonesia.

This study aims to analyze the impact of railway safety
policies on accident trends in Indonesia over the period 2007—
2024 using interrupted time series analysis (ITSA). This
approach makes it possible to measure changes in trends
before and after policy implementation. The study contributes
to strengthening quantitative evidence on the effectiveness of
safety policies based on longitudinal data in the transportation
sector. Practically, the findings can serve as a basis for
evaluating and improving railway safety management policies
in Indonesia in support of a sustainable transportation system.

2. METHODOLOGY
2.1 Data collection

This study uses data on the annual number of fatal railway
accidents and victims in Indonesia obtained from official
investigation reports published by the National Transportation
Safety Committee (NTSC) over the period 2007-2024 [51].
The unit of analysis is the annual count of fatal railway
accidents, observed longitudinally to capture temporal
dynamics and structural changes in accident trends over time.
The use of a longitudinal design enables the examination of
both pre and post-intervention trajectories, allowing for robust
evaluation of policy impacts within a quasi-experimental
framework.

The study period 2007-2024 was deliberately selected to
ensure sufficient temporal coverage for evaluating long-term
trends and policy impacts on fatal railway accidents in
Indonesia. This period captures multiple phases of railway
safety governance, including the pre-intervention baseline, the
implementation of major national safety policies, and the post-
intervention adjustment phase. The availability of consistent
and systematically documented accident investigation reports
from the NTSC since 2007 further supports the reliability of
this temporal window.

A longitudinal design was employed to observe the
evolution of fatal railway accidents over time, allowing for the
identification of underlying trends, structural breaks, and
dynamic responses to policy interventions. Unlike cross-
sectional approaches, longitudinal data enable the assessment
of within-system changes, which is essential for causal
inference in policy evaluation studies. This design is
particularly suitable for ITSA, as it provides the necessary pre-
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and post-intervention observations to distinguish policy-
related effects from secular trends.

2.2 Interrupted time series analysis

Time-series analysis is used to understand the dynamics of
accident counts over the study period. It is a technique used to
describe, explain, predict, and control changes in variables
over time [52]. Periodic observation of variables aims to
identify data movement patterns, such as horizontal, trend,
seasonal, and cyclical patterns, across specific time intervals,
including daily, weekly, monthly, or annual observations [53].

This study employed OLS-based segmented ITSA to
evaluate whether railway safety policy was associated with
structural changes in accident trends over time [54, 55]. This
method was selected because it allows comparison of pre- and
post-intervention patterns by estimating the pre-intervention
trend, the immediate level change after the intervention, and
the post-intervention slope change. Although accident data are
count outcomes and can be modeled using Poisson or negative
binomial regression, the primary objective of this study was
not to develop a count prediction model, but to evaluate
changes in level and slope associated with the policy
intervention. Thus, ITSA enables the analysis to distinguish
accident reductions that had already occurred before the policy
from trend changes that emerged after policy implementation.

The ITSA model used in this study is expressed in Eq. (1)
as follows:

Yo =Bo+ BT + B2 X¢ + 3. XT (1)

The dependent variables Y; consist of the number of fatal
train accidents, the equivalent number of accident victims, and
the ratio of the equivalent number of accidents divided by the
total number of train accidents. The independent variable is
observed at time ¢, where ¢ is measured in years during the
study period. This variable captures the longitudinal evolution
of accident outcomes and serves as the primary indicator of
railway safety performance.

The parameter [, denotes the baseline level at the
beginning of the observation period (T = 0), B, represents pre-
intervention trend, 8, captures the immediate level change
associated with the policy intervention, and 55 represents the
change in trend during the post-intervention period. Therefore,
the post-intervention trend is interpreted as f; + 5. This
interpretation follows the standard ITSA specification in
which policy effects are evaluated through both level and slope
changes rather than through a simple before-and-after
comparison.

Time is denoted by T, which measures the number of years
elapsed since the start of the study period, providing a
continuous temporal scale for trend estimation. The variable
X, is a binary dummy indicating the timing of the policy
intervention, coded as 0 for all periods before the intervention
and | for periods after the intervention. To capture the duration
of exposure to the policy, the variable XT; is defined as a post-
intervention time index, taking sequential values (1, 2, 3, ...)
for each year following the intervention. This specification
enables the estimation of both immediate and gradual policy
effects within a unified regression framework. Policy effects
are considered statistically significant when the p-value is
<0.05; conversely, when the p-value is >0.05, the policy effect
is not statistically significant.

This study adopts a trend-pattern approach to examine



whether accident counts tend to increase or decrease following
policy interventions. The data exhibit a long-term trend
without a strong seasonal pattern; therefore, a linear model is
used to analyze the tendency of year-to-year changes in
accident counts. The primary focus of the analysis is not
forecasting but identifying shifts in patterns attributable to
policy interventions. The interpretation of coefficient signs
depends on the parameter being examined. A negative f;
indicates a declining pre-intervention trend, while 3, reflects
the immediate level change at the time of intervention. The
coefficient s indicates whether the slope becomes steeper or
flatter after the intervention. Accordingly, the post-
intervention slope is assessed using f; + 5 . Sensitivity
analysis is used to see the significance of the impact on the
timing of policy implementation [56]. Sensitivity analysis
takes into account a l-year (in 2014) delay in policy

implementation due to institutional adaptation, resource
limitations, and technical factors in the field [57, 58].

Regarding the number of accident victims, the Center for
Research and Development established the Equivalent
Accident Number (EAN) to accommodate variations in the
severity of accident casualties [59]. EAN is calculated based
on severity using the formula:

EAN = (12 x DD) + (6 X LB) + (3 X LR) 2)
where, DD represents fatalities, LB represents serious injuries,
and LR represents minor injuries. The data available from the
NTSC includes fatalities and injuries, so minor injuries are
considered equivalent to serious injuries. Details of the
number of accidents are shown in Table 1.

Table 1. The Equivalent Accident Number (EAN) is based on the severity of the victim [51]

Number of Victims

Year Number of Accidents .. . . EAN Ratio
Fatalities Injuries

a b c d e=(12c)+(6d) f=e/b
2007 13 9 185 1218 14,92
2008 8 7 36 300 5,38
2009 8 6 139 906 18,13
2010 10 42 125 1254 16,70
2011 1 5 35 270 40,00
2012 3 4 42 300 15,33
2013 2 0 0 0 0,00
2014 6 0 13 78 2,17
2015 6 3 47 318 8,33
2016 6 0 1 6 0,17
2017 7 1 0 12 0,14
2018 11 1 1 18 1,64
2019 7 0 0 0 0,00
2020 2 0 0 0 0,00
2021 5 0 1 6 0,20
2022 4 2 8 72 2,50
2023 4 0 32 192 8,00
2024 2 4 37 270 20,50

2.4 Statistical analysis and model validation

Before the modeling process, statistical analysis is
performed. Statistical analysis aims to understand data
characteristics, detect errors, and ensure baseline conditions.
Statistical analysis is performed using the Augmented Dickey-
Fuller (ADF) test to determine data stationarity [54-57]. Data
is declared statistically significant if the p-value is <0.05. The
test results determine the method to be used to ensure the
resulting model is accurate, efficient, and unbiased. The next
step is to create a model using the ITSA method and validate
the model [60].

Model validation is a critical step to ensure the validity and
reliability of inferences regarding policy impacts based on
time series data. Validation plays an essential role in assessing
whether observed trend patterns and intervention-related
changes genuinely reflect system dynamics or are artifacts of
model misspecification and residual autocorrelation.
Autocorrelation in residuals can lead to biased variance
estimates and misleading statistical significance tests [61].
Therefore, detecting residual autocorrelation is crucial in the
evaluation of policy impacts using time series models. To
assess the presence of residual autocorrelation across years,
this study applies the Durbin-Watson (DW) test [62].

DW test is widely used to examine the assumption of

1537

residual independence in time series regression models,
particularly in ITSA-based evaluations of long-term policy
interventions. Specifically, the test detects first-order
autocorrelation, defined as a linear correlation between the
error term at time t and the error term at time t—1. DW statistic
ranges from 0 to 4, with interpretation as follows:

1. If DW <d,;, Positive autocorrelation is present.

If DW >4 - d,;, Negative autocorrelation is present.
If dy <DW <4 - d, No autocorrelation is detected.
Ifd, <DW<dyord4-dy <DW<4-d,, The result
is inconclusive.

where, d; represents the lower critical value, and dy
represents the upper critical value used as a decision threshold
in the test.

The runs test is a reliable alternative for detecting the
presence of autocorrelation in model residuals. Its application
is particularly useful when conventional diagnostic procedures,
such as the DW test, yield inconclusive results. A key
advantage of the runs test is its nonparametric nature, which
eliminates the requirement for the residuals to satisfy the
assumption of normality. When the residuals generated by a
regression model are randomly distributed and exhibit no
systematic dependence between successive observations, the
model can be considered free from autocorrelation bias. The
test decision is based on the Asymp. Sig. value (2-tailed), with

2.
3.
4.



a significance level of 0.05. An Asymp. Sig. value greater than
0.05 indicates that the residuals are randomly distributed and
there is no significant autocorrelation.

3. RESULT AND DISCUSSION
3.1 Accident characteristics

Figure 1 shows that the total number of train accidents
resulting in death in Indonesia from 2007 to 2024 was 105
accidents. The highest number of fatal accidents occurred in
2007, with 13 accidents, followed by a substantial decline to
one fatal accident in 2011. However, the number of accidents
increased again in 2018, reaching 11 fatal accidents. In the
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most recent years, four fatal accidents were recorded in 2023,
decreasing further to two fatal accidents in 2024.

Figure 2 shows the distribution of accident types.
Derailments account for the majority of fatal railway accidents
(64.13%), followed by collisions (25.00%). Other accident
types account for 8.69%, including locomotive failures,
signaling failures, broken rails, and operational disturbances.
The remaining 2.00% of fatal accidents are attributed to train
fires. The highest number of fatalities occurred in 2010, with
42 deaths, while the highest number of injured victims was
recorded in 2007, totaling 185 injuries. This pattern indicates
that although the frequency of railway accidents has declined,
the fatality and injury ratios per accident tend to increase,
suggesting a rise in accident severity over time.
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Figure 1. Number of accidents and types of railway accidents based on the National Transportation Safety Committee (NTSC)
investigations, period 2007-2024 [51]
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Figure 2. Number of victim railway fatality accidents, period 2007-2024 [51]



3.2 Policy impact analysis on railway accidents

The Government of the Republic of Indonesia established a
safety committee to investigate aircraft accidents through the
Decree of the Minister of Transportation No. KP.
3/LT.403/Phb-94 dated July 15, 1994. In 1997, a commission
to investigate the causes of aircraft accidents was established
through the Minister of Transportation Decree No.
2/HK.601/PHB-97 for the 1997-1999 period. Subsequently, in
1999, the National Transportation Accident Commission was
established, and in 2012, its position, duties, and
organizational structure were strengthened. Finally, in 2013,
an accident investigation policy was implemented covering all
modes of transportation and strengthened with a 2022
regulation to ensure that funding and bureaucratic processes
do not hinder independent results from transportation safety.
The history of the founding of the NTSC is presented in Figure
3.

Figure 4 illustrates the policy interruption point, which
represents a universal intervention influencing railway safety
outcomes. Before 2013, the Indonesian railway regulatory
framework was primarily characterised by normative and
administrative provisions aimed at establishing the legal,
institutional, and operational foundations of the railway sector.

Key regulations, including Law No. 23 of 2007 on Railways,
Government Regulation No. 56 of 2009 concerning Railway
Administration, and the National Railway Master Plan
(RIPNAS) under Ministerial Regulation No. 43 of 2011,
mainly focused on infrastructure development, operational
governance, licensing arrangements, and sectoral planning.
Although these regulations contained safety-related provisions,
their primary orientation was directed towards system
establishment and regulatory compliance rather than
systematic accident learning and safety feedback mechanisms.
Consequently, accident investigation had not yet been
formally positioned as a core instrument for safety governance
or continuous policy improvement within the railway system.
Therefore, the enactment of Government Regulation No. 62
of 2013 represents a qualitatively different policy intervention.
Unlike previous regulations, which primarily established
technical, operational, and institutional requirements,
Government Regulation No. 62/2013 institutionalized
independent accident investigations as a formal mechanism for
organizational learning, policy adaptation, and safety
improvement across various transportation modes. Post-2013,
however, the policy has become more operational and
technical in nature, focusing on improving safety through
technical safety standards, SMS, and safety assessments.

Research into the causes of
aircraft accidents (Decree of the
Minister of Transportation, 1994)

The establishment of the National
Transportation Safety Committee
[Presidential decree, 1999)

Transportation accident
investigation {Government
regulations, 2013}

J\ 1997 H 2012 | 2022
Y o :
1994 . 1999 ! 2013 i

Formation of a commission to
investigate the causes of aircraft
accidents (Decree of the Minister of
Transportation, 1997)

Position, duties, and organization
of the National Transportation
Safety Committee (Presidential
decree, 2012)

Secretariat of the National
Transportation Safety
Committee {Presidential
decree, 2022)

Figure 3. History of the National Transportation Safety Committee (NTSC)

Number of Accident
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2007 2008 2009 2010 2011 2012 2013 2014

Note
A Act No. 27/2007: Railways
B Government Regulation No. 59/2009: Railway management

C Ministerial Regulation No. 43/2011: Master Plan of National Railway

e

2015

— — — Major railway safety policy
— — — Intervention point
Number of Accident

7]

2016 2017 2018

2019

2020 2021 2022 2023 2024

Year

F  Ministerial Regulation No. 69/2018:
Ministerial Regulation No.31/2024: Rail

G

Government Regulation No. 62/2013: Railway Accident Investigation

Ministerial Regulation No. 24/2015: Railway Safety Standards

y Safety System

y Safety Sy A

Figure 4. Time intervention of railway safety policies and the number of fatal railway accidents in Indonesia (2007-2024)
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The analytical considerations underlying this policy
intervention encompass regulatory, theoretical, empirical, and
methodological dimensions. This policy serves as a critical
instrument within the national safety policy chain, reinforcing
transportation safety governance, particularly within the
railway sector. From a regulatory perspective, this policy is a
direct derivative of the law as the legal basis for railway
administration [21].

From a regulatory perspective, this policy is a direct
derivative of the law as the legal basis for railway
administration [21]. Accident investigations operate through
systemic, objective, independent mechanisms and are
grounded in organizational learning through the involvement
of NTSC. The “learning from accidents” approach emphasizes
root-cause analysis to generate corrective recommendations
for policies, operational procedures, and safety-system design
[16]. In general, this policy strengthens transportation safety
governance, clarifies accident investigation processes,
enhances public transparency, and improves inter-agency
integration in building a continuous learning system from
every accident.

From a theoretical perspective, the policy is categorized as
a reactive-regulatory measure intended to prevent the
recurrence of similar accidents in the future. It aligns with the
SMS framework implemented in the transport systems of
developed countries such as the United Kingdom,
Australia/New Zealand, and Canada [63-66]. This modern
safety paradigm emphasizes the Plan-Do-Check-Act (PDCA)
cycle as a continuous process for identifying, managing, and
evaluating accident risks at both system and organizational
levels [62, 63, 67, 68].

Empirically, the policy was issued at a time when the
national investigation system remained sectoral and not yet
integrated. The regulation strengthened the institution’s role as
an independent body responsible for factual, technical, and
organizational investigations, particularly for railway
accidents. Its implementation improved the transparency of
accident reporting, enhanced investigation outcomes,
supported operational policy improvements and safety culture
development, and reduced systemic risks in the public
transport sector [69].

From a methodological perspective, selecting 2013 as the
intervention point meets the criteria for a structural change in
national transportation safety policy. The policy is cross-
modal in scope and provides recommendations for railway
operators covering both rolling stock and infrastructure.
Accordingly, the ITSA applied in this study can identify both
immediate-level changes and long-term slope changes,
reflecting the effectiveness of railway safety policies in
Indonesia. This approach represents an administrative policy
and a systemic transition point in the evolution of national
transportation safety governance.

Figure 4 presents the progression of major railway safety-
related policies from 2007 to 2024, illustrating continuous
reforms involving structural policies such as strengthened
technical standards, enhanced operational requirements, and
gradual safety governance reforms. In contrast, the
transportation accident investigation policy represents a
corrective intervention with a specific focus on fatal accidents.

In accordance with the procedure, the data were tested using
the ADF test. The data included the number of accidents
(Model 1), the number of victims-the EAN (Model 2), and the
ratio of the number of victims to the accident number (Model
3). The ADF test results for the number of accidents were
0.957 (p = 0.5426), the number of victims was —0.789 (p =
0.9509), and the ratio (the number of accident victims divided
by the number of accidents) was —1.5755 (p = 0.7341). These
results indicate that all three data sets are non-stationary (p >
0.05), indicating that the data exhibit inconsistent
characteristics over time. Based on the research objectives, an
analysis was conducted to examine the relationship between
policy and the changing trends of these three variables.
Furthermore, the ITSA model was fitted to each variable, and
a sensitivity analysis was conducted based on the policy's
implementation in 2013 and 2014. ITSA modeling data are
shown in Table 2.

Based on the data in Table 2, regression analysis was
conducted to examine the effects before and after the policy
intervention. The results of the regression model analysis are
presented in Table 3. The following describes the analysis of
the results of each model.

Table 2. Interrupted time series analysis (ITSA) variable data

Time Policy Intervention (2013)

Time Policy Intervention (2014)

Year Model 1Y,  Model2V, Model3¥; TimeX Treatment X, Post XT, Treatment X, Post XT,
2007 13 1218 14,92 1 0 0 0 0
2008 8 300 5,38 2 0 0 0 0
2009 8 906 18,13 3 0 0 0 0
2010 10 1254 16,70 4 0 0 0 0
2011 1 270 40,00 5 0 0 0 0
2012 3 300 15,33 6 0 0 0 0
2013 2 0 0,00 7 1 1 0 0
2014 6 78 2,17 8 1 2 1 1
2015 6 318 8,33 9 1 3 1 2
2016 6 6 0,17 10 1 4 1 3
2017 7 12 0,14 11 1 5 1 4
2018 11 18 1,64 12 1 6 1 5
2019 7 0 0,00 13 1 7 1 6
2020 2 0 0,00 14 1 8 1 7
2021 5 6 0,20 15 1 9 1 8
2022 4 72 2,50 16 1 10 1 9
2023 4 192 8,00 17 1 11 1 10
2024 2 270 20,50 18 1 12 1 11
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Table 3. Results of interrupted time series analysis (ITSA) of the policy intervention model

Time Policy Intervention (2013)

Time Policy Intervention (2014)

Variable Value p-value Value p-value
M, M, M, M, M, M, M, M, M, M, M, M,
Coefficient
Constant (8,) 14067 1141200  49.188  <0.001 <0.001 0315* 13571 1219714 105596 <0001 <0001 0.070*
Time (8,) S1971 —123771 21177 0008  0072% 0.103* -1.786 153214 0024 0001 0010  0.998*
Treatment (8,) 4201 —368.026 188746 0.122% 0.167% 0002 6947 92887 115804 0007 0721* 0.073*
Post (Bs) 1776 131534  —15760 0021 0.071* 0240* 1358 158887 5779 0016 0015 0.675%
Model Fit Summary
R? 0470 0651 0.593 0595  0.638 0.358
Adiusted R? 0356 0577 0.506 0509 0560 0221
F Change 4135 822 6.806 0027 0002 0005 6868 8222 2604 0004 0002  0.093
Durbin-Watson (DW) ~ 2.054  2361* 2218 2226 2300 1689
Run Test (Asimp. Sig. - 500 224 0.808 0466  0.808 0.089

(2-tailed)

Note: *Not Supported (p > 0.05), M; = Model 1 (Number of accidents); M, = Model 2 (Number of victims); M5 = Model 3 (Accident-to-Casualty Ratio).

1. Model 1 (Number of accidents)

The model summary indicates that the regression models fit
well in explaining variation in railway accident counts based
on the national policy intervention. For the 2013 intervention
model, the coefficient of determination (R?) is 0.470, and the
adjusted R? is 0.356, indicating that approximately 35.6% of
the variation in accident counts is explained by the model. The
F Change value of 4.135 indicates that the overall model is
statistically significant, meaning the observed changes in
accident trends can be considered statistically meaningful. For
the 2014 intervention model, R? is 0.595 and adjusted R? is
0.509, indicating that approximately 50.9% of the variation in
accident counts is explained by the model. The F-change value
of 6.868 indicates that the inclusion of post-intervention
parameters significantly improves model fit in explaining
changes in the accident trend (p < 0.05).

In addition, the DW autocorrelation test results (2.054 for
2013 and 2.262 for 2014) fall within the required range of
1.6961 < d < 2.3039. These DW values indicate no residual
autocorrelation in either model, meaning the models satisfy the
assumption of independence, thereby strengthening model
validity. The run test results for Model 1 (2013 and 2014)
yielded Asymp. Sig. (2-tailed) values greater than 0.05. These
findings indicate that the estimated model does not exhibit
significant autocorrelation and satisfies the independence
assumption.

The estimated ITSA regression model shows that the
railway safety policy intervention has a statistically significant
relationship to changes in accident trends after the
implementation period. The intercept coefficient 3, is 14.067
(p =<0.001) for the 2013 model and 13.751 (p = <0.001) for
the 2014 model. These 5, values are relatively close to the
accident count at the start of the series in 2007. Meanwhile,
the pre-intervention time trend coefficient (5; =—1.971 for the
2013 model; f; = —1.786 for the 2014 model) indicates a
significant (p < 0.05) long-term decline in accident counts over
2007-2024.

The B, coefficient captures the immediate effect during the
initial period of policy implementation. In the 2013
intervention model, this effect was not statistically significant
(B, = 4.201, p = 0.122), but became significant in the 2014
intervention model (5, = 6.947, p = 0.007). This indicates that
the policy's impact became statistically observable in 2014. A
positive 5, coefficient value indicates an increase in the initial
period of policy implementation. This condition is interpreted
as an institutional adjustment phase that involves operational
readiness and oversight, thereby enabling the policy to be
implemented more effectively. The post-policy interaction

1541

coefficient (f;) indicates a change in the direction of the
accident trend after the policy was introduced, with 5 =1.776
(p =10.021) for the 2013 model and S5 = 1.358 (p = 0.016) for
the 2014 model. Although the B; coefficient value is still
positive (indicating an increase), when compared with 3, it
can be interpreted as a slowdown in the rate of accident
reduction.

2. Model 2 (Number of victims)

The model summary shows that the regression model
performs well in explaining the variation in the number of train
accident victims based on national policy interventions. For
the 2013 intervention model, the coefficient of determination
(R?) is 0.651, and the adjusted R? is 0.577, indicating that
approximately 57.7% of the variation in the number of train
accident victims is explained by the model. The F-Change
value of 8.722 indicates that the model as a whole is
statistically significant, meaning that the observed change in
the number of train accident victims can be considered
statistically significant. The R? value for 2014 is 0.638, and the
adjusted R? is 0.560, indicating that approximately 56.0% of
the variation in the number of train accident victims can be
explained by the model. The overall regression model
remained statistically significant (F = 8.222, p = 0.002),
indicating that the segmented regression specification
adequately explains variation in railway accident casualties
following the policy intervention.

Furthermore, the DW autocorrelation test results for 2013
(DW = 2.361) were outside the required range, namely 1.6961
<d <2.3039, except for 2014 (DW = 2.300). This DW value
indicates the presence of residual autocorrelation in the model,
thus failing to meet the independence assumption and
weakening the model's validity. Furthermore, the run test
results for 2013 (0.224) and 2014 (0.808) yielded Asymp. Sig.
(2-tailed) values greater than 0.05. These results indicate that
the estimated model does not exhibit significant
autocorrelation and satisfies the assumption of independence.

The estimated ITSA regression models show that railway
safety policy interventions have a statistically significant
relationship with changes in accident trends after the
implementation period. The intercept coefficient (o) is
1141.200 (p < 0.001) for the 2013 model and 1219.714 (p <
0.001) for the 2014 model. This B, value is slightly lower than
at the beginning of the series in 2007. Meanwhile, the pre-
intervention time trend coefficient §; = —123.771 (p = 0.072)
for the 2013 model and ; =—153.214 (p =0.010) for the 2014
model indicates a significant long-term decrease (p < 0.05) in
the number of casualties during the period 2007-2024, except
for the 2013 model.



The 5, coefficient captures the immediate effect during the
initial period of policy implementation. The 3, values for the
2013 and 2014 models were —368.026 (p =0.167) and —92.887
(p = 0.721), respectively. This indicates a statistically
insignificant relationship for both, despite the negative £, sign.
The post-policy interaction coefficient (f3) indicates a change
in the direction of the number of victim trend after the policy
was introduced, with 3 = 131.534 (p = 0.071) for the 2013
model and S; =—158.887 (p = 0.015) for the 2014 model.

Overall, the two intervention models provide
complementary evidence that the policy was associated with a
gradual transition in railway safety outcomes rather than an
immediate structural change. The absence of a statistically
significant immediate level change suggests that
improvements in casualty outcomes were not realised
instantaneously following policy enactment. Instead, the
significant post-intervention trend observed in the one-year
lagged intervention model supports the interpretation that
policy effects accumulated progressively as institutional
reforms, accident investigation practices, and SMS became
operational. The consistency of the direction of change across
both models reinforces the robustness of the findings while
recognising that policy implementation requires time before
measurable safety benefits become evident.

3. Model 3 (Accident-to-Casualty Ratio)

The model summary indicates that the regression models fit
well in explaining variation in railway accident counts based
on the national policy intervention. For the 2013 model, the
coefficient of determination (R?) is 0.593, and the adjusted R’
is 0.506, indicating that approximately 50.6% of the variation
in accident counts is explained by the model. The F Change
value of 6.806 (p = 0.005) indicates that the overall model is
statistically significant, meaning the observed changes in
accident trends can be considered statistically meaningful. For
the 2014 model, R? is 0.358 and adjusted R? is 0.221,
indicating that approximately 22.1% of the variation in
accident counts is explained by the model. The F-change value
of 2.604 indicates that the post-intervention parameters jointly
contribute to explaining variation in accident outcomes, with
the model being statistically significant (p < 0.05).

In addition, the results of the DW autocorrelation test for
2013 (DW = 2.218) were within the required range, namely
1.6961 < d < 2.3039, except for 2014 (DW = 1.689). These
DW values indicate no residual autocorrelation in either model,
meaning the models satisfy the assumption of independence,
thereby strengthening model validity. The run test results for
Model 1 (2013 and 2014) yielded Asymp. Sig. (2-tailed)
values greater than 0.05. These findings indicate that the
estimated model does not exhibit significant autocorrelation
and satisfies the independence assumption.

The estimated ITSA regression models show that railway
safety policy interventions have a statistically significant
relationship with changes in accident trends after the
implementation period. The intercept coefficient 3, is 49.188
(»p =0.315) for the 2013 model and 105.596 (p = 0.070) for the
2014 model. This S, value varies compared to the beginning
of the data series in 2007. Meanwhile, the pre-intervention
time trend coefficient 5, = 21.177 (p = 0.103) for the 2013
model; B; = 0.024 (p = 0.998) for the 2014 model, indicates a
non-significant long-term decrease (p > 0.05) in the number of
casualties during the period 2007-2024.

The B, coefficient captures the immediate effect during the
initial period of policy implementation. The [, values for the
2013 and 2014 models are —188.746 (p = 0.002) and —115.804
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12 0.073), respectively. This indicates a statistically
significant relationship for 2013 but not for 2014. The post-
policy interaction coefficient (f;) indicates a change in the
direction of the number of victim trend after the policy was
introduced, with 3 =—15.760 (p = 0.240) for the 2013 model
and 5 =5.779 (p = 0.675) for the 2014 model.

The findings indicate that although both the casualty ratio
and the number of accidents declined during the initial stage
of the observation period, the intervention was associated with
a sustained improvement in railway safety performance over
the longer term. Overall, the regression results suggest that the
policy intervention was associated with a structural change in
accident trends, although its observable effect was not
necessarily immediate. The sensitivity analysis using the 2013
and 2014 intervention points was intended to account for a
possible implementation lag between the formal introduction
of the policy and its operational translation into safety
practices. Therefore, the 2014 specification should be
interpreted as a one-year lagged intervention model rather than
as a separate policy event. Compared with the 2013
specification, the 2014 model provides a more empirically
consistent lagged specification, suggesting that the effect of
the intervention became more observable after a period of
institutional adaptation, resource adjustment, and technical
implementation in the field [57, 58].

In the 2014 model, the pre-intervention slope was negative
(1 =—1.786), indicating a declining accident trend before the
intervention. The post-intervention slope was calculated as
B+ P3 = —1.786 + 1.358 = —0.428. This indicates that
accident counts continued to decline after the intervention, but
at a slower rate. In relative terms, the post-intervention
declining slope represented approximately 23.96% of the pre-
intervention slope, calculated as (8; + f3) / By * 100. This
suggests a weakening of the downward trend rather than an
acceleration of accident reduction. Substantively, this pattern
may reflect a gradual adjustment process within the railway
safety system. The policy contributed to broader safety
governance reforms through independent accident
investigations, organizational learning, safety management
implementation, and risk-based oversight.

The policy intervention appears to have more association
with accident incidence than with accident consequences.
Although there was a significant reduction in accident
frequency after the intervention, changes in accident outcomes
emerged gradually and were linked to long-term safety
governance processes. These findings suggest that accident
investigations can initially contribute to accident prevention,
while reducing accident severity requires broader
organizational learning, operational improvements, and the
implementation of safety management.

This pattern aligns with the theory of policy learning and
safety governance, which states that the benefits of
independent accident investigations often emerge through
organizational learning processes, revisions to safety
standards, improvements to operational procedures, and
strengthening of SMS through direct changes that can be
observed immediately after policy implementation.

However, these results also indicate that reductions in
accident numbers are not always accompanied by proportional
reductions in accident severity. The number of fatalities
resulting from accidents is influenced by a variety of
additional factors, including collision characteristics, the
number of passengers involved, the effectiveness of
emergency responses, infrastructure conditions, and other



operational factors. Therefore, while accident investigation
policies contribute to improving overall safety governance,
their impact on accident severity requires further evaluation
using approaches that explicitly account for other dimensions,
such as train-km, infrastructure maintenance, and
environmental factors. These findings support the need for
further research that integrates accident frequency and severity
indicators to gain a more comprehensive understanding of the
effectiveness of railway safety policies.

4. POLICY IMPLICATIONS

The literature indicates that efforts to improve railway
safety have undergone a policy paradigm shift—from a
technical, compliance-oriented approach toward a framework
centered on systemic learning and risk management.
Integrating accident investigation findings into the national
safety planning process is a key instrument to ensure that
recommendations are followed up through updates to technical

standards, training curricula, and safety audit mechanisms [70].

Safety policies should be designed to connect investigation
processes with continuous improvement cycles so that
organizational learning can make a tangible contribution to
risk mitigation at both the system and operator levels [71].
Oversight is also a critical factor in achieving a sustainable
safety and security system.

In addition, policy implications underline the need to
broaden the regulatory focus on human factors, including
enhancing operator competence, fatigue management,
professional certification, and strengthening safety culture [7].
The effectiveness of safety audits requires improvements
through the use of quantitative performance indicators,
increased capacity of independent auditors, and consistent
implementation of sanctions and incentives to improve
compliance [72]. Cross-sector harmonization is a key
prerequisite to ensure that regulators, operators, relevant
ministries, and investigation bodies work within a single,
integrated national safety framework. Thus, sustained
improvements in railway safety depend heavily on
institutional consolidation and the ability of the regulatory
system to synchronize technical, organizational, and human-
factor dimensions simultaneously.

5. CONCLUSIONS

The ITSA results indicate that railway accident trends in
Indonesia experienced a structural change associated with the
implementation of railway safety policies. The findings
suggest that the policy intervention was followed by a
sustained improvement in railway safety performance,
although the observable effect was not immediate. The 2014
specification, interpreted as a one-year lagged intervention
model, provides a more empirically consistent explanation of
the delayed translation of policy into operational safety
practices.

The accident trend showed a negative pre-intervention slope
(B, =—1.786), indicating that accident counts had already been
declining before the intervention. After the intervention, the
post-intervention slope remained negative but became less
steep (f1 + 3 = —0.428). This means that accident counts
continued to decline, but at a slower rate. Therefore, the
intervention should not be interpreted as directly accelerating
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accident reduction, but rather as being associated with a
gradual safety governance process through institutional
adaptation, resource adjustment, and technical implementation.

The findings also show that railway safety policies
contributed to strengthening institutional roles, technical
standards, safety management practices, and risk-based
oversight. However, reductions in accident frequency were not
always accompanied by proportional reductions in accident
severity. Additional factors, including collision characteristics,
passenger exposure, emergency response effectiveness,
infrastructure condition, operational practices, and human
factors may influence fatalities and casualty outcomes.
Therefore, improving railway safety in Indonesia requires a
holistic approach that integrates technical, organizational,
institutional, and human dimensions.

This study has several limitations. The analysis was based
on fatal railway accident data from the NTSC for the 2007—
2024 period. Near-miss events and minor incidents were not
included, which limits the ability to capture the broader
spectrum of railway safety risk. In addition, the ITSA model
did not explicitly incorporate exposure and operational
variables such as train-kilometers, infrastructure investment,
maintenance intensity, traffic volume, or environmental
conditions. Another methodological limitation is that the ITSA
model was estimated using OLS-based segmented regression,
whereas the outcome variable represents annual accident
counts. Although this approach is useful for estimating policy-
related changes in level and slope, count data with a relatively
small number of annual observations may not fully satisfy
linear regression assumptions, particularly normality and
homoscedasticity of residuals. Therefore, the findings should
be interpreted as evidence of structural changes in accident
trends rather than as a fully specified count-data prediction
model. Nevertheless, the study demonstrates that ITSA is a
useful longitudinal approach for evaluating policy-related
changes in railway safety trends.

Future research should incorporate additional explanatory
variables, such as train-kilometers, infrastructure maintenance,
investment, operational exposure, and environmental factors,
to provide a more comprehensive assessment of railway safety
policy effectiveness. With longer time series or higher-
frequency data, future studies should also consider count-
based extensions of segmented regression, such as Poisson or
negative binomial interrupted time series models, to better
account for the distributional characteristics of accident count
data. Further validation can also be strengthened through
qualitative  studies involving regulators, operators,
investigators, and frontline railway personnel. Comparative
studies with other developing and developed countries may
also provide useful insights into how railway safety
governance evolves across different institutional and
technological contexts. Finally, future research may develop a
railway safety performance index to help regulators and
operators periodically monitor policy effectiveness and safety
outcomes.
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NOMENCLATURE

Y,

number of railway accidents at time (year) t
baseline level of railway accidents before

Bo intervention T = 0
B changes in intervention outcomes over time
B condition before intervention
condition after intervention (using the relationship
Bs between time and intervention)
T time (in years) elapsed since the start of the study
period
X dummy variable for policy intervention time,
t before (code: 0) and after (code: 1)
dummy variable time after policy intervention
XT,
(code: 1, 2, 3, etc.)
EAN Equivalent Accident Number
DD  Fatality



Severe injury

Minor injury

Durbin—Watson Value

Lower critical value of Durbin-Watson
Upper critical value of Durbin-Watson
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