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Abstract: This study analyzes passenger incidents in metro stations and their relationship with safety
in Valparaiso, Chile. The primary aim is to examine how factors such as station design, passenger
flow, and weather conditions influence the frequency and types of incidents in various micromobility
spaces within metro stations. A comprehensive data analysis was conducted using records from
the Valparaiso Metro between 2022 and 2023. During this period, approximately 500 incidents were
documented, providing a substantial dataset for identifying incident patterns and correlations with
contributing factors. The analysis revealed that incidents are significantly influenced by peak-hour
conditions and weekdays. The platform—-train interface emerged as the most complex space for
incident occurrences. Specifically, the study found that crowded conditions inside trains during
morning and evening rush hours contribute substantially to incidents. In other station spaces,
incidents were closely linked to the station type and the presence of stair access. Conversely, stations
designed with more accessible features appeared to have fewer incidents. Future studies will expand
on this framework by incorporating additional factors and analyzing new data to develop a more
comprehensive understanding of incident dynamics.
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1. Introduction

Passenger safety in urban railways has long been a critical concern for train operators,
as it directly affects both the safety and operational efficiency of the entire transit system.
Several factors contribute to these risks, including passenger behaviour, station and train
design, the availability of information, and prevailing weather conditions [1]. Additionally,
external factors related to the surroundings of metro stations also influence safety, thereby
impacting the sustainability of the entire railway system. According to Aprigliano et al. [2],
congestion in metro stations significantly increases the likelihood of accidents involving
pedestrians, who are often unable to avoid being exposed to an incident or other risk in
such crowded environments.

Each of these factors influences the likelihood and nature of incidents in metro stations
across various spaces. As reported by Seriani and Fernandez [3], metro stations can be
categorized into five micromobility spaces: the platform-train interface (PTI), platform
stairs, concourse, complementary space (e.g., commercial areas), and the city (e.g., station
access points). Among these, the platform-train interface (PT1) is widely recognized as one
of the most complex and hazardous areas within railway stations [4].

The PTI, where passengers interact with both the platform and the train, poses unique
challenges and risks. For instance, in the Valparaiso Metro system, more than 20 million
passengers use the railway network annually. During peak hours, passenger densities
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at the PTI can reach up to four or more individuals per square meter [5]. Such extreme
crowding significantly increases the risk of incidents, including falls onto the tracks or slips,
due to the confined and often congested nature of the space.

Given these challenges, there is a significant opportunity to improve safety by employ-
ing advanced tracking tools and monitoring systems. These technologies provide real-time
data on passenger density and movement patterns at the PTI, enabling timely interven-
tions when the space becomes overcrowded. For example, by identifying periods of high
congestion, operators can implement measures to manage crowd flow more effectively, re-
ducing the likelihood of accidents and improving overall safety. These proactive measures
could include adjusting train schedules, deploying additional staff to assist passengers, or
implementing crowd control strategies to prevent incidents.

Garcia et al. [6] suggest that leveraging such tracking technologies can significantly
mitigate risks at the PTI, helping to prevent accidents such as passengers falling onto the
tracks or slipping. By continuously monitoring and analyzing crowd conditions, transit
authorities can make informed decisions to enhance passenger safety and operational
efficiency. Figure 1 illustrates the use of these tracking tools and their potential impact on
improving safety at the PTI, emphasizing the importance of integrating technology into
safety management practices.

Figure 1. Tracking technologies used at the platform~train interface in Valparaiso Metro.

From a design perspective, the layout of seats inside a train plays a crucial role in
shaping passengers’ perceptions of safety and comfort. The arrangement of seating can
significantly influence personal space, which in turn affects the likelihood of various
incidents occurring. For instance, a cramped seating layout may reduce personal space and
contribute to uncomfortable conditions, potentially leading to incidents such as suffocation,
especially in situations where the train is crowded or poorly ventilated [7]. This impact
on personal space is an important consideration in train design, as it directly relates to
passenger safety and overall satisfaction.

Seriani et al. [7] highlight varying passenger preferences based on the type of service.
For long-distance journeys, passengers generally prefer to use seats, valuing the comfort
and support they provide for extended travel. In contrast, in urban services characterized
by shorter trips, frequent stops, and quick boarding and alighting, passengers often opt
to stand near the train doors. This behaviour is illustrated in Figure 2, which shows the
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tendency of urban passengers to position themselves close to the doors, facilitating a swift
exit at their destination.

Figure 2. Passengers remain standing near the doors on a crowded train in Valparaiso Metro.

Effective information management is crucial in addressing the impact of train delays
on scheduling and operational efficiency, as delays can trigger a cascade of risks throughout
the railway system. Extended waiting times at platforms due to delays can create a knock-
on effect, increasing the potential for incidents. For example, prolonged waiting periods
may cause passengers to become impatient or agitated, escalating the risk of accidents or
other safety issues [8]. Therefore, effective communication and timely updates about delays
are essential for mitigating these risks and maintaining smooth operations.

Weather conditions also play a critical role in passenger safety and service performance.
Adverse weather, such as rain and strong winds, can compromise safety conditions at the
platform—train interface (PTI), leading to delays and a heightened risk of incidents. For
instance, rain can create slippery platform surfaces, increasing the likelihood of slips,
while strong winds may affect the stability of train operations or the functioning of station
facilities [9]. These weather-related challenges underscore the need for robust contingency
plans and preventive measures to ensure passenger safety and maintain reliable service
under varying weather conditions.

Overall, the interplay between design, information management, and weather condi-
tions highlights the multifaceted nature of passenger safety in urban rail systems. Each of
these factors must be carefully considered and managed to minimize incident risks and
enhance the overall travel experience.

According to Seriani et al. [10], factors influencing safety at the PTI are critical from the
passengers’ perspective in achieving a sustainable railway system. These factors include
the design of the train and station, the quality of information provided to passengers, and
the impact of weather conditions. However, there remains a critical question regarding
how these factors are interrelated and how they contribute to the occurrence of incidents.

In particular, further investigation is needed to understand the relationship between
these factors and the occurrence of accidents at the PTI. For example, how do design
elements—such as station type or the presence of stairs at station access points—impact
the likelihood of incidents under various conditions? Additionally, how does the quality
and timeliness of information provided to passengers influence their behaviour and safety,
especially when comparing weekdays and weekends? Furthermore, how do adverse
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weather conditions, such as those typical of autumn-winter or spring—summer seasons,
interact with these factors to either exacerbate or mitigate risks?

Addressing these questions is challenging due to the lack of a comprehensive passen-
ger risk model capable of analyzing the impact of various factors on incidents at different
micromobility spaces in metro stations. Currently, there is no established framework that
integrates design, information, and weather conditions to evaluate their combined effect
on passenger risk incidents in Valparaiso Metro. This gap in research prevents a clear
understanding of how these elements interact and influence the frequency and nature
of incidents.

The objective of this paper is to bridge this gap by developing and proposing a
passenger risk model specifically designed to analyze the impact of incidents in different
micromobility spaces. The model aims to identify and quantify the relationships between
key factors—such as design features, information quality, and weather conditions—and the
occurrence of incidents. By providing a structured approach to evaluate these interactions,
the paper seeks to deliver valuable insights into how various factors contribute to safety
risks and to suggest effective strategies for mitigating these risks.

The paper is organized as follows: Section 2 provides a literature review, identifying
key concepts and gaps in understanding risk factors and incidents in railway systems.
Section 3 describes the methodology, including statistical analysis and models based on re-
gression techniques. Section 4 presents the results, followed by the conclusions in Section 5.

2. Literature Review

Metro systems are critical components of transportation infrastructure in densely
populated urban areas, facilitating sustainable development by reducing congestion and
increasing efficient mobility. As described in the study by Aboul-Atta and Elmaraghy [11],
the metro is considered one of the most effective solutions to urban transportation problems,
integrating reliability, passenger capacity, and punctuality—essential characteristics to meet
the demands of modern cities. However, incidents and accidents that occur at stations
pose a constant challenge to the safety and efficiency of the system, making it essential to
identify factors contributing to these events in order to implement prevention strategies
and improve user experience.

The analysis of risk factors in metro stations requires a comprehensive approach that
considers different micromobility spaces within the station, such as the train, platforms,
stairs, ticket counters, turnstiles, and access areas. Each of these spaces presents specific
risks and requires detailed evaluation to enhance the operational safety of the system.

Passenger incidents in metro stations are influenced by various factors. According
to Lu et al. [12], the timing of disruptions, the location of disruptions, transfer stations,
station positioning, and the type of disruption are significant factors that greatly affect the
severity of incidents from the perspective of society, metro operators, and passengers. The
same authors found that flow and environmental factors are not significantly related to the
severity of disruptions in metro stations.

Wang and Fang [13] emphasized the importance of studying human error in the
context of traffic dispatchers, who play a key role in the safe operation of the metro system.
Failures in signal detection or decision-making during critical situations can trigger serious
accidents on trains. Tragic examples, such as the Daegu metro fire in 2003 and the Shanghai
collision in 2011, highlight the importance of effectively managing these dispatcher errors
to prevent incidents aboard trains and within critical areas of stations. In this regard,
Wang et al. [14] developed a model to predict disruptions using the Shanghai metro system
as a case study. This model considers factors such as the cause of the incident, its location,
and its timing, all of which influence the duration of disruptions.

Chen et al. [15] investigated unplanned disruptions in the Hong Kong metro system,
identifying key factors such as the signal control system, line types, and the location of the
disruption. Other factors, such as the time of day and weather conditions, had minor effects.
Furthermore, Chen et al. [15] investigated the prediction of incidents and their impact on
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traffic management. Using a statistical model, they found that the type of incident and
the affected line type were the most significant factors in predicting train delays. The
researchers noted that their model outperformed those based on machines/assemblies.

Wan et al. [16] identified human errors and infrastructure failures, such as track and
power supply issues, as critical contributors to derailments and collisions. These incidents
highlight the importance of properly managing spaces where trains interact with passenger-
accessible areas, such as platforms, where errors can have serious consequences.

Suo et al. [17] emphasized that signalling, communication, and vehicle failures are key
determinants of metro operation safety, particularly concerning trains and platforms. These
failures can create a domino effect, leading to delays, service suspensions, and increased
risks to passenger safety aboard trains and during their movement on the platforms.
During peak hours, Abolfazli et al. [18] observed a higher frequency of incidents affecting
train operations. Using integrated operational records from the Montreal metro system,
the authors applied clustering analysis and incident data to understand delays and the
domino effect.

Terabe et al. [19] explored the influence of station design, equipment, and user profiles
on platform incidents. The authors developed regression models revealing how factors such
as the length of narrow platform sections, the gap width between the platform and train,
platform curvature, passenger flow, the number of trains passing and stopping, and the
use of audio and visual announcements are critical to ensuring safety at the platform-train
interface (PTI). According to Harding et al. [20], the PTI is the space where most incidents
occur, with horizontal and vertical gaps between the train and platform presenting a direct
relationship with risks and incidents.

Zhou et al. [21], using smart card data, conducted an analysis of the risk of overcrowd-
ing on platforms during period of high passenger flow. Their findings suggest that such
data can be instrumental in preventing incidents and improving safety management at
railway stations. Li et al. [22] added that, during emergencies, train delays are highly
sensitive to the duration and location of the incident. The response capacity of passengers
and staff on platforms and trains plays a crucial role in system recovery.

Regarding incidents on escalators, Xing et al. [23] noted that passenger behaviours,
such as not holding onto the handrail or failing to maintain balance, significantly increase
the risk of falls. Women and older adults are the groups most vulnerable to these accidents
on escalators, highlighting the importance of enhancing safety in these specific areas.
Wang et al. [24] expanded this analysis using predictive models and found that physical
interaction between passengers and1 the electromechanical system is key to understanding
the causes of accidents in these areas.

Larue et al. [25] investigated slip, trip, and fall (STF) incidents in areas with vertical
level changes, such as stairs and ramps. The study emphasized that passenger behaviours,
such as running or carrying luggage, significantly contribute to incidents, especially in
high-traffic areas like ticket counters and stairways. Distractions caused by searching for
visual information also increase the risks of accidents in these areas.

Passenger behaviour in high-traffic areas, such as turnstiles and access points, plays
a significant role in safety outcomes. Lu et al. [26] identified unsafe behaviours, such as
pushing or attempting to board the train after door-closing alarms sound, as critical factors
contributing to stampedes and falls. These incidents often occur in access areas, especially
during peak hours when passenger pressure is greater, increasing risks both at access points
and on platforms.

Safety concerns also extend to areas around stations. Savage [27] studied accidents
between trains and pedestrians in the Chicago metro system, including data on both
intentional and unintentional incidents. Additionally, Wang et al. [28] analyzed the causes
and risks associated with incidents in urban rail transit systems, proposing a framework
that identifies risk hotspots and their connection to accidents.

Passenger flow management is crucial for preventing congestion and related accidents
at stations. Wang et al. [29] developed a predictive control system to enhance automatic
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train regulation and manage passenger flow, highlighting that excessive congestion during
peak hours can increase risks on both trains and platforms. This study emphasizes the
importance of effectively managing passenger movement to avoid dangerous situations in
high-traffic areas of stations.

From a modelling perspective, Luo et al. [30] created a multi-output deep learning
model to provide valuable information to passengers and train dispatchers for predicting
delays in the arrival of multiple trains simultaneously. Similarly, Tiong et al. [31] proposed
a data-driven predictive model for train delays, emphasizing the need for a holistic ap-
proach to understand the effects of delays on railways. Hu et al. [32] developed a model
to evaluate the difficulty of failure disposal (e.g., signal failures) based on entropy and
particle swarm optimization (PSO). Recent studies have further explored hazard prediction
and management. Ding et al. [33] used predictive models to analyze metro operational
accidents based on accident victims, train delays, and damage to facilities in a city in China.
Likewise, Wang et al. [34] proposed a matrix-based management framework to analyze and
support safety decision-making in urban rail transit operations. Wu et al. [35] presented an
innovative approach that utilized case-based reasoning and natural language processing
(CBR and NLP) techniques to manage incidents in metro systems. This approach efficiently
addressed risky passenger behaviours contributing to accidents in metro stations, such as
irregular actions on escalators like not holding onto handrails or being distracted by mobile
devices, which were major causes of injuries. Additionally, boarding or alighting from the
train after the door-closing alarms sounded was highlighted as a high-risk behaviour due
to the danger of being caught in safety barriers. Another critical factor was passengers
pushing against each other during peak times, which led to stampedes and serious injuries.
Finally, walking distractedly without paying attention to the ground significantly con-
tributed to falls in stations. By facilitating a rapid response to these behaviours, the system
improved safety on trains, platforms, and at access areas, optimizing risk management and
preventing serious incidents.

With respect to architectural factors, Mizuno et al. [36] highlighted how physical
barriers, such as the gap between the train and the platform, or poorly positioned tactile
pavements, increase the risk of falls for visually impaired individuals. This underscores
the need to improve the design of access points and platforms to ensure the safety of the
most vulnerable passengers. Sangiorgio et al. [37] proposed a quantitative index to assess
safety levels in rail transport systems, based on the Analytic Hierarchy Process (AHP) and
mathematical optimization. This index enables operators to manage risks associated with
accident precursors, such as ignored signals or component failures. The authors validated
the index using data from 29 European rail networks, highlighting the importance of early
identification of technical and human errors in preventing serious accidents. One such
incident occurred in Italy in 2016, where railway traffic management errors and inadequate
staff training led to the deaths of 23 people.

Despite advances in identifying and managing risk factors in metro systems, a knowl-
edge gap persists, limiting the application of these analyses to specific contexts, such as the
Valparaiso Metro. Expanding studies to include safety aspects tailored to diverse micro-
mobility spaces in metro stations would provide a more comprehensive understanding of
the associated risks and challenges. This approach would not only provide insights into
incidental factors within these spaces but also inform the development of more equitable
and sustainable strategies for safety management in public transportation systems.

3. Materials and Methods
3.1. Case of Study

This study focuses on railway stations in Valparaiso, located across the cities of
Valparaiso, Vifia del Mar, Quilpue, Villa Alemana, and Limache. The city of Valparaiso
is part of the Metropolitan Area of Valparaiso (Gran Valparaiso), which includes five
municipalities: Valparaiso, Vifia del Mar, Quilpué, Villa Alemana, and Concon. This region
has an approximate population of 1 million people, according to [38]. In terms of urban
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mobility, Gran Valparaiso’s transportation patterns are diverse: 27% of trips are made on
foot, 39% by public transport, and 29% by car [39]. The survey data highlight that most
trips within the region are internal to the municipalities, with Valparaiso itself having
a higher proportion of internal trips compared to the other municipalities, including a
greater share of trips made for work purposes. This is partly due to the concentration
of economic activities in certain areas within each municipality, as noted by Caro and
Aranguiz [40]. Despite this, the urban environment of Valparaiso still favours the use
of both private and public transportation due to the “tunnel effect” created by these
systems [41]. The “tunnel effect” refers to transport infrastructure like highways and public
transit systems that connect key hubs of high economic activity, where accessibility is
prioritized and transportation options are concentrated. However, areas between these
hubs often lack the necessary infrastructure (e.g., bus stops or train/metro stations) to foster
local economic development, leading to spatial imbalances in the region’s growth and
impacting municipalities like Gran Valparaiso. The metro network consists of 20 stations
spread across 42 km, serving five cities. The coastal overground stations (shown in Figure 3,
from 1 to 6) are Puerto, Bellavista, Francia, Baron, and Portales [5]. The underground
stations (shown in Figure 3, from 7 to 10) are Miramar, Vifia del Mar, Hospital, and
Chorrillos [5]. The interior overground stations (shown in Figure 3, from 11 to 20) are El
Salto, Quilpue, El Sol, El Belloto, Las Americas, La Concepcion, Villa Alemana, Sargento
Aldea, Pefiablanca, and Limache [5].

T T — T
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— |
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Figure 3. Valparaiso network divided into underground (shown in black), coastal overground (shown
in red), and interior overground stations (shown in grey).

Table 1 provides a detailed account of the total passenger flow at the Valparaiso Metro
stations for the years 2022 and 2023. These data reveal significant variations in passenger
demand across different stations over the two-year period. Notably, the terminal stations,
Puerto and Limache, exhibited a remarkably high level of demand compared to other
stations on the network. These terminal stations, often serving as major transfer points
or end destinations, naturally experience higher passenger volumes, which is reflected in
their elevated flow statistics.
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Table 1. Passenger flow at each station during 2022 and 2023.
City N° Type Station Flow 2022 Flow 2023
1 Puerto 670,522 1,603,627
2 Bellavista 377,082 846,806
Valparaiso 3 Francia 422,688 946,626
Coastal stations
4 Barén 445,037 979,797
5 Portales 327,125 679,156
6 Recreo 143,415 351,271
7 Miramar 496,920 1,145,845
Vifia del Mar 8 Underground stations Vifa del Mar 959,060 2,120,708
9 Hospital 444 337 1,056,273
10 Chorrillos 502,259 1,129,749
11 El Salto 112,866 276,089
12 Quilpué 804,916 1,757,348
Quilpué 13 El Sol 244,204 557,883
14 El Belloto 438,032 973,951
15 Interior stations Las Américas 392,196 865,072
16 La Concepcion 185,481 425,311
Villa Alemana 17 Villa Alemana 601,676 1,303,551
18 Sargento Aldea 270,934 635,244
19 Pefiablanca 238,552 558,044
Limache 20 Limache 831,550 1,685,339
Total 6,850,075 19,897,690

Vifia del Mar station emerged as the station with the highest passenger flow in 2023.
Such a high number of passengers is indicative of its critical role within the network,
potentially due to factors such as its strategic location, popularity among commuters, or its
status as a major commercial or residential area. Following closely, Quilpue station and
Villa Alemana station also recorded substantial flows, highlighting their importance in the
network’s overall passenger distribution and suggesting that they too are key nodes in the

transit system.

The overall passenger flow in 2023 experienced a dramatic increase, reaching approxi-
mately three times the flow recorded in 2022. This surge is largely attributed to the effects
of the COVID-19 pandemic, which had significantly impacted passenger numbers in the
preceding years. During the pandemic, various restrictions and changes in travel behaviour
led to reduced ridership across many transit systems. As restrictions eased and recovery
began, passenger numbers rebounded, resulting in a substantial rise in overall flow.

The increase in passenger flow in 2023 reflects a recovery phase as normal routines
resumed and travel patterns adjusted. This substantial rise underscores the importance of
adapting transit operations to accommodate higher volumes of passengers and address
the challenges associated with increased demand. Understanding these flow dynamics is
crucial for planning and managing station capacity, scheduling, and resource allocation to

ensure efficient and safe service for all passengers.

Overall, the data presented in Table 1 highlight significant trends and changes in
passenger flow at the Valparaiso Metro stations, providing valuable insights into the
system’s performance and the impact of external factors such as the pandemic on transit

usage patterns.
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3.2. Variables and Model Description

The analysis draws upon data from incidents recorded by Valparaiso Metro from April
2022 to October 2023, encompassing approximately 500 incidents across the entire metro
network. This comprehensive dataset provides a broad view of safety issues within the
system in different mobility spaces at each metro station in the railway system.

The platform—train interface (PTI) is the most critical area where a high number of
incidents occur, with approximately 360 incidents recorded. Concentration on the PTI
is crucial because this area represents a complex and high-risk zone where interactions
between passengers and the infrastructure are particularly critical. Within this subset of
incidents, the predominant categories identified were decompensations, falls, and contu-
sions. Decompensation, which generally refers to medical emergencies or health-related
incidents, was the most frequently recorded type of incident at the PTI. These incidents
often involve passengers experiencing health crises, such as fainting or other acute medical
conditions, exacerbated by factors such as overcrowding or inadequate ventilation.

Following decompensation, falls were the second most common type of incident,
occurring when passengers lost their balance or tripped, often due to crowded conditions
or obstacles on the platform or within the train. Contusions, or bruises and injuries resulting
from impacts, were also noted as frequent incidents, typically occurring when passengers
bumped into objects or other people in the confined space of the PTI.

The analysis also included a category labeled “Others”, which encompasses a range of
less common incidents such as cuts, physical altercations between passengers, and other
miscellaneous events. These are grouped together in Figure 4, which provides a summary of
incidents that do not fall into the primary categories of decompensation, falls, or contusions.
By focusing on the PTI and analyzing these specific types of incidents, the study aims to
identify patterns and trends that are critical for improving safety measures. Understanding
the frequency and nature of these incidents can help in developing targeted interventions
that address the most prevalent safety concerns and enhance overall passenger safety
and comfort.

75.3%

3.8%

6.0%

14.8%

Decompensation
86.4%
Falls
1.9%
4.9% Others
6.8% Contutions

Figure 4. Train and platform incidents in Valparaiso Metro: (A) platform; (B) train.

Two regression models were developed to analyze the binary variables of Incidents,
using the dimensions of Flow, Climate, and Design. The logistic regression model from
the Python ‘statsmodels’ library was chosen due to its ability to handle binary dependent
variables, providing probabilities of occurrence for each class.
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The selection of an ordinary least squares (OLS) regression model with a binary depen-
dent variable presents robust justifications for this specific study. The OLS, interpreted as a
linear probability model (LPM), offers significant practical advantages: it facilitates coeffi-
cient interpretation by directly representing probability changes, provides computational
simplicity, and demonstrates robustness with small samples [42]. The literature supports
this methodological choice: Angrist and Pischke [43] demonstrate that an LPM produces
similar estimates to non-linear models in terms of marginal effects, while Beck [44] argues
that, in practical applications, predictions outside the [0, 1] range are not problematic when
the primary interest lies in coefficient analysis, as is the case in this research.

In the specific context of our small sample (fewer than 500 observations), the use
of OLS regression presents additional advantages. Cameron and Trivedi [45] indicate
that more complex models, such as machine learning approaches, could incur overfitting,
while OLS provides more stable estimates. This advantage is amplified when working
with binary regressors, where Greene [46] has demonstrated that differences between OLS
and logit/probit models tend to be minimal, with more straightforward interpretation.
Although correlation analyses were conducted between dependent and independent vari-
ables for all models, variables were retained even in cases of high correlation, a decision
based on the already limited dataset size and the potential loss of relevant information that
their elimination could cause. From a methodological perspective, Stock and Watson [47]
maintain that when the primary objective is the analysis of causal relationships rather than
prediction, OLS is sufficient, as linearity can be a reasonable approximation within certain
variable ranges. These considerations substantiate the preference for OLS over machine
learning models for the specific objectives of this research.

From the econometric literature, the theoretical foundation of the OLS model applied
to a binary dependent variable (LPM) emerges as an application of the classical linear
regression model for binary dependent variables, where the goal is to model the conditional
probability of success (Y = 1). As explained by Stock and Watson [47], the basic specification
of the model is expressed as:

P(Y=1|X)=Bo+ﬁlxl+62X2+...+kak+£ (1)

The theoretical foundation of this model is based on several key principles. Wooldridge [42]
emphasizes that, despite its technical limitations, the model retains the fundamental prop-
erties of the OLS estimator, where the estimated coefficients 3 are BLUE (Best Linear
Unbiased Estimator) under the Gauss-Markov assumptions, although the binary nature of
the dependent variable introduces inherent heteroskedasticity.

Cameron and Trivedi [45] delve deeper into the theoretical basis of the LPM, pointing
out that it constitutes a first-order linear approximation to any nonlinear probability model.
This foundation is anchored in the Stone-Weierstrass approximation theorem, which
ensures that any continuous function can be approximated by a polynomial. Within this
theoretical framework, Angrist and Pischke [43] argue that the LPM can be interpreted as
the best linear approximation to the underlying conditional expectation, E[Y|X].

Greene [46] argues that while models like logit or probit may appear more appropriate
from a theoretical perspective, the LPM has a robust theoretical basis when the primary
interest lies in average marginal effects. Beck [44] supports this position, noting that in
many empirical applications, especially with fixed effects, the LPM may even be preferable
to nonlinear alternatives.

To evaluate the performance of the models and compare them, metrics such as Log-
Likelihood, Pseudo R-squared, AIC (Akaike Information Criterion), and BIC (Bayesian
Information Criterion) were used, in addition to the statistical significance of each variable.

The classification of variables was carried out using Python to process the information
on incidents in the Valparaiso Metro. In the Flow dimension, peak times for incidents were
considered, which cover the period from Monday to Friday between 6:30 and 09:29 h, and
between 17:00 and 19:59 h. Incidents that occurred outside these times were classified as
off-peak. In addition, weekdays were grouped into workdays and weekends.
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For the Climate dimension, incidents were grouped according to the seasons of the
year, dividing the year into Warm Seasons (spring and summer) and Cold Seasons (autumn
and winter).

As for the Design dimension, various aspects of the metro were considered, such
as the location of the incident (Platform or Train), the type of station (Underground or
Overground), and the use of stairs for access to the metro.

Finally, a correlation matrix was created between the variables to evaluate the possible
collinearity between them.

4. Results
4.1. Statistical Data

Figures 5 and 6 provide a detailed distribution of incidents across various railway
stations in the Valparaiso Metro system. This visual representation highlights the frequency
of incidents at each station, revealing a significant variation in incident counts. Notably,
Quilpue station emerges as the station with the highest number of recorded incidents,
exceeding 60 incidents. This high frequency indicates that Quilpue station is a critical point
of concern, where safety measures may need to be intensified due to the prevalent issues
leading to such incidents. h

Incidents by Station Type
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Figure 5. Total incidents in railway stations in Valparaiso Metro during 2022-2023.

In stark contrast, Portales station is recorded as having the fewest incidents, with
fewer than five incidents documented. This low number suggests that Portales station may
have more effective safety protocols in place or face fewer challenges related to incident
occurrence compared to other stations. The significant disparity between the two stations
highlights the variability in incident frequencies across the Valparaiso Metro network.

The distribution pattern observed in Figures 5 and 6 underscores the importance of
addressing station-specific factors that contribute to incident rates. At Quilpue station,
it would be beneficial to conduct a thorough investigation to identify the root causes of
the high incident rate. Potential factors could include design flaws, operational issues, or
increased passenger flow that might be exacerbating safety risks. Implementing targeted
interventions based on these findings could help mitigate the frequency of incidents at
Quilpue station.
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Figure 6. Total incidents by categories in Valparaiso Metro.

On the other hand, the relatively low incident rate at Portales station offers a valuable
benchmark for understanding what safety measures or operational practices might be
contributing to its lower incident frequency. Analyzing the successful strategies in place
at Portales could provide insights that could be applied to other stations with higher
incident rates.

Overall, Figures 5 and 6 emphasize the need for a nuanced approach to safety man-
agement within the Valparaiso Metro system, focusing on station-specific characteristics
and incident frequencies. By understanding and addressing the factors contributing to
the higher incident rates at stations like Quilpue, and by leveraging successful practices
observed at stations like Portales, the Valparaiso Metro system can enhance its overall
safety performance and reduce incident occurrences across the network.

Regarding the distribution of incidents throughout different times of the day, Figure 7
provides a clear depiction of temporal patterns in incident frequency. The data reveal a
significant concentration of incidents during peak hours, specifically around 08:00 and
09:00 and 19:00 and 20:00, with the number of incidents reaching almost 40 during these
times. This sharp increase in incidents during peak hours can be attributed to the height-
ened passenger volume and the resulting overcrowding, which can exacerbate the risk of
accidents and health-related issues.
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Figure 7. Distribution of incidents over different times of the day and the seven days of the week.
Peak and off-peak hour ranges are defined by Valparaiso Metro [5].

In contrast to the pronounced rise in incidents observed during peak hours, the
analysis of off-peak hours reveals a more consistent and uniform distribution of incidents
throughout the day. However, there are still noticeable upticks at specific times, particularly
around 14:00 and 16:00 h. This mid-afternoon increase in incidents could be attributed to
various factors, such as changes in passenger flow, routine breaks, or specific activities that
typically occur at these times.

It is also important to recognize that off-peak hours cover a broader timeframe com-
pared to peak hours. This extended timeframe means that while incidents may be more
evenly distributed, the overall frequency remains lower than during the concentrated peak
periods. Additionally, incidents are more frequently observed during workdays, with a
particular concentration mid-week, likely due to regular weekday commuting patterns. On
weekends, the number of incidents drops significantly, suggesting that reduced passenger
traffic and different activity patterns contribute to fewer incidents.

The seasonal analysis further supports these findings, as most incidents are concen-
trated during the colder seasons, specifically winter and autumn, as illustrated in Figure 8.
This seasonal trend may be related to various factors, including the impact of colder weather
on passenger health and behaviour, changes in the overall station and train environment,
and possibly increased crowding during certain periods of the year. This information under-
scores the importance of considering both temporal and seasonal factors when analyzing
incident patterns and planning for safety measures.

4.2. Model

Two sets of models were developed: the first set (Table 2) considers different factors in
micromobility spaces within metro stations (Total Data, Station-Platform access, Platform,
Train, and Access control), each with binary dependent variables (y = 1 when the incident
occurred in the respective space); the second set (Table 3) analyzes different types of
incidents (Decompensation, Emergencies and rescues, Falls, Missing, and Trauma), also
with binary dependent variables (y = 1 when the incident corresponds to the specific type).
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Figure 8. Distribution of incidents: (A) by week vs. weekend; (B) by season.

Table 2. Risk model considering different factors in micromobility spaces in metro stations.

Metrics/Variable Total Data Stati(;nc-cl’el::form Platform  Train é;::::l
R2 0.75 0.63 0.45 0.08 0.12
MSE 0.26 0.02 0.35 0.51 0.02
Constant 0.66 *** —0.16 *** 0.32*** (.52 *** —0.01
Flow 0.00 *** 0.00 *** 0.00 *** 0.00 0.00 **
Peak Hour 0.26 *** 0.12 *** 0.15* 0.02 —0.03
Weekend 0.23* 0.05 0.25*% —0.08 0.00
Underground 0.19 *** —0.03 * 0.07 0.14 0.01

Significance codes: *** p < 0.01; ** p < 0.05; * p < 0.1.

Table 3. Risk model considering different types of incidents in subway stations.

Metrics/Variable Decompensation Err:ldeﬁ;:;ili:ss Falls Missing Trauma

R2 0.45 0.06 0.30 0.09 0.07
MSE 0.49 0.03 0.16 0.01 0.06
Constant 0.58 *** 0.03 —0.12*% 0.00 0.04
Flow 0.00 *** 0.00 0.00 * 0.00 *** 0.00

Peak Hour 0.11 0.02 0.18 *** —0.02 —0.01

Weekend 0.28 —0.05 0.06 —0.03 —0.04
Underground 0.18 ** —0.02 0.04 —0.02 % 0.06*

Significance codes: *** p < 0.01; ** p < 0.05; * p < 0.1.

The model variables were coded using dummy variables through Python’s get_dummies
function, which performs one-hot encoding of categorical variables. This methodological
choice was made to maintain the direct interpretability of the coefficients in terms of
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probability changes [42]. Since the dataset contains dichotomous variables (0, 1), no
variable standardization was performed, as it is neither necessary nor recommended, given
that coefficients in their original scale provide direct and meaningful interpretation in
terms of marginal effects on probability [46]. Regarding seasonal variables, “Warm Seasons’
corresponds to Southern Hemisphere summer months (December, January, and February),
while ‘Cold Seasons’ refers to Southern Hemisphere winter months (June, July, and August).

The results from the correlation models, as detailed in Figure 9 and Table 2, reveal
several important insights into the factors influencing incidents in micromobility spaces.
The “Total Data” model shows the best performance (R = 0.75), with all return variables
exhibiting significant and positive effects on incidents, indicating that these increase during
peak hours, on weekends, and at “Underground” stations. In the analysis of specific
spaces within the station, “Station-Platform Access” stands out (R? = 0.63 and MSE = 0.02),
where the variables “Flow”, “Peak Hour”, and “Underground” are statistically significant.
However, the “Flow” coefficient is 0.00, which may be due to a very small value resulting
in a negligible effect on the model. Additionally, the type of underground station in
this area has a negative effect on incidents, implying that fewer incidents occur in the
“Station-Platform Access” areas of “Underground” stations.

The reported R? values require a contextualized interpretation within the specific
framework of models with binary dependent variables, where these values typically tend
to be more moderate compared to models with continuous variables [42]. This research
is based on a relatively new and limited database, with data collection starting in 2022,
resulting in a reduced dataset. Another factor to consider is the relatively low proportion
of positive cases (y = 1) in the dependent variable across the different models, a struc-
tural characteristic that significantly influences these values and impacts the comparative
performance of the analyzed models.

The observed limitations in terms of R? reflect two fundamental aspects: the complex
nature of the phenomenon under study and the inherent constraints of a database under
development [45]. Despite these limitations, the R? values have played a crucial role in
enabling the comparison of the relative explanatory power among the different specified
models, thereby providing an objective basis for evaluating model fit under various con-
ditions and specifications. The relevance of this comparison is heightened by the fact
that this study represents one of the first systematic analyses conducted with this recently
collected data.

To validate the robustness of the results, a k-fold cross-validation methodology (k = 5)
was implemented, a technique particularly relevant for limited datasets. The results of
this validation showed considerable variability, a phenomenon consistent with the specific
characteristics of our database: its recent initiation (2022), the limited sample size, and
the binary nature of the dependent variable. As noted by Cameron and Trivedi [45], such
variability in validations is an expected outcome in the context of small samples with binary
dependent variables, particularly when the proportion of positive cases is low.

Despite the technical limitations identified through these validation processes, the
models demonstrate their analytical value by providing substantial insights into the rela-
tionships between the variables studied. Wooldridge [42] and Greene [46] argue that, in
the context of data with these particular characteristics, the relevance of the analysis lies
primarily in its ability to identify fundamental patterns and relationships rather than in its
out-of-sample predictive power. This research thus represents a first systematic approach
to analyzing this recently collected data, establishing a solid methodological foundation for
future studies as the database expands and matures.

With respect to the types of incidents, the performance of the models is generally lower
than that of the models for spaces described in Figure 10 and Table 2. The best-performing
model is for “Decompensation” (R? = 0.45), where the “Underground” station type shows
a positive effect on incidents, indicating that incidents of this type are more likely to occur
at underground stations. The “Falls” model also stands out (R? = 0.30), where the “Peak
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Hour” variable significantly increases the likelihood of falls, suggesting that peak hours
contribute to this type of incident.

Correlation matrix of metro station space types and predictor variables.
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Figure 9. Correlation matrix considering different factors in micromobility spaces in metro stations.

The comparison of model performance across different R? values reveals significant
patterns according to the nature of the analyzed data. The total data model shows the
best performance (R? = 0.75), followed by a gradual decrease when analyzing specific
infrastructure categories: Station-Platform (R? = 0.63), Platform (R? = 0.45), Train (R = 0.08),
and Access control (R? = 0.12). Similarly, when examining specific incident types, we find
significant variations: Decompensation (R? = 0.45), Falls (R? = 0.30) show higher values,
while Emergencies and rescues (R? = 0.06), Missing (R? = 0.09), and Trauma (R? = 0.07)
show lower values. This performance variability can be attributed to three main factors:
first, data aggregation in the general model provides greater stability in estimates; second,
more frequent and systematic incidents show higher R? values, while more random or
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less frequent events present lower R? values; and third, as Cameron and Trivedi [45] note,
in recent databases such as ours (initiated in 2022), this variability in R? across different
specifications is expected, especially when data are segmented into more specific categories,
suggesting that the model performs more efficiently with aggregated data and in categories
of more systematic events, while its explanatory power decreases for more random or less
frequent events, a pattern consistent with the nature of the phenomena studied.

Correlation matrix of incident types in metro stations and predictor variables.
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Figure 10. Correlation matrix considering different factors at micromobility spaces in metro stations.

The interpretation of near-zero coefficients, particularly in the Flow variable, requires
contextualized analysis. These near-zero values do not necessarily indicate problems with
model fit or data granularity, but rather may reflect a genuinely weak relationship with the
dependent variable in the specific context under study. As Angrist and Pischke [43] note,
in exploratory studies with novel data, the direction and significance of coefficients, even
when close to zero, provide valuable information about underlying relationships. The Flow
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variable, measured as passenger volume, may have a limited effect on incident occurrence,
suggesting that other factors could be more determinant in their prediction.

Regarding the R? value of 0.75 for the total data model, this metric should be in-
terpreted within the context of a database initiated in 2022, representing one of the first
systematic analytical efforts in this field. As Cameron and Trivedi [45] argue, in the context
of recently collected data and the inherent limitations of a database under construction,
these R? values are considerably informative. While more advanced modeling techniques
might capture more complex interactions, the pioneering nature of this study and the char-
acteristics of the available data justify the current methodological approach, establishing
an important foundation for future research as the database expands and develops.

4.3. Risk Classification

The model presented offers a detailed classification based on both the percentage
of occurrence and the associated risk of incidents recurring, as adapted from Valparaiso
Metro [5]. This classification framework is essential for assessing the likelihood of inci-
dents recurring and prioritizing safety interventions. Risk assessment also incorporates
the probability of occurrence, which can be evaluated using historical probability or the
estimated probability from Metro de Valparaiso [5]. The primary metric for risk evaluation
is historical probability, which analyzes and considers statistics from incidents that occurred
during the specified analysis period. As for the estimated probability, it will be used when
historical information is unavailable, or if there have been changes in processes or the
environment, making the historical data no longer applicable.

Table 4 provides a comprehensive summary of the proposed risk probability classifi-
cation for this case study. The table categorizes the stations into various risk levels based
on the probability of incidents recurring. According to the classification, most stations are
designated as Level 4. This classification indicates a high probability that incidents will
recur if no effective action plan is put in place by train operators.

Table 4. Proposed classification of risk probabilities associated with the frequency of occurrence of

incidents at micromobility spaces in metro stations.

Risk Probabilit Level 1 Level 2 Level 3 Level 4 Level 5
y (Very Unlikely) (Unlikely) (Moderate) (Likely) (Very Likely)
No incidents are iﬁ;l;eazi (S\ffs irﬁ;ﬁ?ﬁ; iye(ie At least five More than five
Historic registered in a recistered in a reistered in a incidents were incidents were
e longer period of & . & . registered in the registered in the
probability . longer period of shorter period of
analysis (e.g., the lvsi h lvsi h last year last year
last five years) analysis (e.g., the analysis (e.g, the of analysis of analysis
last five years) last two years)
Estimated 1-10% 11-30% 31-65% 66-89% 90-100%
probability

Level 4 stations are characterized by frequent incidents and persistent conditions that
contribute to these occurrences. This level of risk highlights an urgent need for targeted
interventions to address the underlying issues. Without implementing specific corrective
measures or preventive strategies, these issues are likely to recur, potentially leading to
repeated incidents.

The high concentration of Level 4 classifications suggests that there are systemic
issues at these stations that need to be addressed. These could include factors such as
design flaws, operational procedures, or environmental conditions that contribute to the
recurrence of incidents. By analyzing the risk levels and understanding the reasons behind
these classifications, the Valparaiso Metro can develop more effective safety measures and
action plans. Such measures might include infrastructure improvements, enhanced staff
training, or changes in operational protocols to mitigate risk and prevent future incidents.
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In summary, the classification system outlined in Table 4 highlights the critical need
for intervention at most stations classified as Level 4. It underscores the importance of
proactive measures to address and rectify the conditions leading to frequent incidents,
thereby improving overall safety and reducing the risk of future occurrences.

Similarly, from the results previously presented, a classification system can be derived
to assess the potential impact of various incidents on passenger safety within the different
micromobility spaces (see Table 5). The incidents are categorized by severity and their
potential consequences. For example, incidents classified as having a very low impact
might involve passengers simply exchanging verbal insults. While such interactions are
disruptive and unpleasant, they generally pose minimal risk to overall safety. In contrast,
incidents classified as having a very high impact could include severe scenarios such as
physical altercations leading to arrests or, in the most extreme cases, fatal accidents. This
classification framework helps prioritize responses and safety measures based on the level
of risk associated with different types of incidents, ensuring that appropriate actions are
taken to safeguard passengers and maintain safety standards.

Table 5. Proposed classification of risk impacts associated with the type of incidents at micromobility
spaces in metro stations.

Risk Impact Level 1 Level 2 Level 3 Level 4 Level 5
P (Very Low) (Low) (Medium) (High) (Very High)
;)I;};z:;?;rzs‘f;?}l: on -Physical assault on
-Physical assault serious injuries. }iar?ils:;iers resulting
-Threats between on passengers with -Brawl between ’ 1
. .2 . -Passengers with illnesses
passengers. minor injuries. passengers with at stations,/on board suffer
-Theft or robbery of -Brawl between serious injuries. . .
-Passengers . ) decompensation resulting
Passenger passengers. passengers with -Passenger accident .
. exchange . A . . . in death.
incidents -Physical assaults minor injuries. with serious injuries.

verbal insults

on passengers that
do not require
medical attention.

—Passenger accident

with minor injuries.

-Attacks with
minor injuries.

-Attacks with
serious injuries.
-Verbal and
non-verbal sexual
harassment of

-Passenger accident
resulting in death.
-Attacks resulting in death
of passengers.

-Physical sexual

passengers harassment of passengers.

5. Conclusions

This study conducted a thorough analysis to identify various factors that may influence
the occurrence and types of incidents, such as decompensation, falls, and contusions, within
the Valparaiso Metro. The incidents were specifically measured in different micromobility
spaces at metro stations during the 2022-2023 period. This period of observation was chosen
to capture a comprehensive view of the incident landscape, encompassing different times of
the day, varying crowd densities, and seasonal changes. The platform-train interface (PTI)
presented the highest number of incidents compared to other spaces. The study focused on
the PTI to better understand incidents related to passenger—train interactions, particularly
during boarding, alighting, and waiting on the platform.

The analysis revealed a significant relationship between various factors and the fre-
quency of incidents, particularly during peak hours and weekdays. This correlation is
largely attributed to increased crowding during these times, which raises the likelihood and
severity of incidents due the higher density of passengers. For instance, during peak hours,
the limited space can exacerbate situations where passengers may experience difficulties in
maintaining balance or managing sudden movements. Additionally, weather conditions
emerged as a significant factor influencing incident types. Specifically, warmer conditions
inside the train were found to potentially increase the occurrence of decompensation, as
elevated temperatures may affect passengers’ health and wellbeing, leading to incidents
related to medical conditions or physical stress.
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Regarding station design, the study found that specific design features of different
spaces within the station were associated with incident frequency and type. Notably,
the presence of stairs for accessing the station and the specific type of station—whether
overground or underground—are linked to the frequency of incidents. For example,
stations with multiple stairs may present additional hazards that contribute to a higher risk
of falls or other incidents during boarding or alighting.

The distribution of incidents showed that decompensations were the most common
type, followed by falls and contusions. Among the various stations analyzed, Quilpue
station, characterized as an interior overground station, demonstrated a higher risk of
incidents compared to other stations. This elevated risk could be attributed to factors
specific to the station’s location, design, or passenger demographics. In other words, the
high number of incidents in Quilpue may be due to the large volume of traffic the station
receives, with over 1.7 million annual trips, making it the second busiest station in the
metro network. Design characteristics may also play a role, as the station’s overground
layout exposes passengers to environmental elements, such as unprotected platforms and
turnstiles in narrow spaces. Conversely, Portales station, a coastal overground station,
exhibited the lowest risk of incidents, which might be linked to its design, location, or
perhaps more effective safety measures in place.

The insights gained from this analysis are valuable for practitioners and safety man-
agers within the Valparaiso Metro system. Understanding the trends in incident occurrences
and their relationship with factors such as time of day, station design, and environmental
conditions can help in developing targeted safety measures.

While significant progress has been made in understanding risk factors, a gap remains
in applying these analyses to specific contexts, such as Valparaiso. More comprehensive
studies are needed to further enhance safety management in metro stations. Consistent
with prior research, improving the design of stations, such as reducing gaps between the
train and platform and enhancing accessibility features for vulnerable groups, is vital for
increasing passenger safety. These findings confirm that design factors such as platform
gaps, narrow areas, and station layouts can increase the risk of incidents, particularly in
high-risk zones like the PTI.

As reported in the literature, metro systems are considered essential for sustainable
urban development, reducing congestion and enhancing mobility, with reliability, capacity,
and punctuality being key factors in addressing urban transport challenges. In this sense,
safety incidents at metro stations are a significant concern, requiring an analysis of risk
factors in different areas like platforms, train areas, ticket counters, and turnstiles to
improve safety and efficiency. This study contributes to a more integrated framework for
understanding the various factors that influence incidents, complementing other elements
reported in the literature, such as disruption timing and location, human errors by traffic
dispatchers, infrastructure failures, and environmental conditions. Consistent with the
literature, human errors, such as signal detection failures, and infrastructure issues, such
as track or power failures, are significant contributors to accidents like derailments and
collisions. These areas warrant further investigation.

The model used in this study can be enhanced by integrating databases and predic-
tive models reported in the literature to forecast delays, manage incidents, and improve
safety based on factors like passenger flow, incident type, and train delays. Furthermore,
passenger behaviour, including actions like failing to hold handrails or rushing, has been
identified as a significant cause of accidents, especially in high-traffic areas like escalators,
stairs, and turnstiles.

However, it is important to acknowledge the limitations of this study, particularly
concerning the period during which it was conducted. The data collected during 2022 and
2023 may have been influenced by the unique conditions of the post-pandemic period,
which significantly affected passenger behaviour, station operations, and overall incident
rates. The pandemic altered many aspects of daily life, including commuting patterns, with
fluctuations in ridership, changes in work habits, and varying levels of public health re-
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strictions all potentially impacting metro usage and safety. For example, reduced ridership
during certain months or changes in the typical flow of passengers could have contributed
to variations in the frequency and types of incidents. Additionally, operational responses
to the pandemic, such as adjustments to safety protocols, could also have influenced the
observed trends.

Therefore, it is recommended to extend the framework analysis used in this study
to future research in order to update and validate the incident data. By comparing the
existing data with findings from new analysis periods, future studies can help clarify how
these unique post-pandemic conditions have influenced the metro system’s safety. In this
regard, future research should consider including additional timeframes to ensure that the
findings are not limited to this specific period. Such updates would provide a more current
understanding of incident trends and their contributing factors, offering a clearer picture of
the evolving risks in the Valparaiso Metro system.

Continually updating the models with data from different periods would allow re-
searchers to refine their analysis of safety patterns and incident types. This process is
instrumental in identifying emerging risks or shifts in passenger behaviour that may not
have been fully captured in the initial analysis. In turn, such insights would support the
development of improved safety measures and risk mitigation strategies, ensuring that the
Valparaiso Metro system remains adaptable to changing circumstances while effectively
prioritizing passenger safety.
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