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Recent studies have highlighted the existence of a gap between actual and perceived safety and have shown that feelings of
insecurity can affect individuals’ travel behavior before and during the journey. In this paper, a methodology is proposed for
assessing determinants of travelers’ perception of safety and security in railway stations. 'e methodological approach includes
focus groups, stated preference (SP) surveys, and the estimation of behavioral models with fixed parameters (Binomial Logit) and
random parameters (Mixed Logit). 'e estimation results for a medium-sized railway station (Frosinone, Italy) confirmed that
safety and security measures are not equally perceived by individuals and the use of random-parameters models leads to more
robust estimates. 'e proposed modeling approach allows the identification of the interventions that should be prioritized to
increase travelers’ perceived levels of safety, highlighting those factors, such as, for the considered case study, the presence of
security personnel and the level of decorum and maintenance, which are perceived by users as more important than others (e.g.,
surveillance cameras).

1. Introduction

Risk perception that involuntary accidents or intentional
criminal acts may occur during the journey is one of the
main factors that influence an individual’s travel choices
[1–3]. 'e former are fears and concerns about falls, colli-
sions, and injuries that fall under the safety sphere, while the
latter regards thefts, threats, harassments, and aggressions
that fall within security. Both issues can endanger physical
and mental human health.

Most researchers focused mobility demand modeling on
factors such as time and monetary costs; however, feeling of
unsafety and/or insecurity can significantly affect individ-
uals’ travel behavior both before starting the journey (pre-
trip, e.g., in choosing the destination, transport mode, and
time of departure/arrival) and during the journey (en route,
e.g., in choosing the route, whether to board on a vehicle,
and where to wait). In fact, some may a priori not consider a

certain mode of transport as it is associated with a high
chance of unpleasant events, just as somemay avoid going to
a terminal at certain times of the day (early in themorning or
at night), because of reduced crowding of people and dark
environments.

Public transport (PT) modes, whether urban or regional,
suffer more than private transport modes of this criticality.
'is is because, on the one hand, in collective transport
services the individual is forced to come into contact with
strangers, that is, other users of the transport system, while
on the other, the characteristics of discontinuity in space and
time of these services force the individual to access/egress to/
from terminals, to wait in public places, and to make
transfers. Consider also that moving, waiting, and trans-
ferring times can be perceived longer depending on the
perceived level of safety and security [4, 5].

Many authors have pointed out that feelings of safety and
security are travelers’ primary needs [6–8] and are among
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the main factors affecting customer satisfaction or travelers’
perceived quality of PT services [9–12].

In this context, terminals become central and not neg-
ligible planning elements if they are intended to improve the
overall attractiveness of a collective transport mode.

Many studies in the social sciences have highlighted the
existence of a gap between actual and perceived safety and
security, and that it is the perceived one that most conditions
human behavior. Consider, for instance, the fear of some
people of taking an airplane, although, as shown by the
statistics, it is actually much safer than traveling by car. In a
terminal, the existing gap is mainly attributable to two
macrocategories of factors [13]: external environmental
factors and individual subjective factors. 'e former refer to
the presence of control and alerts (e.g., security personnel
and signage), the level of maintenance and cleanliness, the
elements of the built environment (e.g., commercial activ-
ities and artificial lighting), and the other external conditions
varying with the time of day (e.g., natural lighting and
crowding). 'e latter, instead, refer to the socioeconomic
characteristics (e.g., gender, age, and personal), the travel
habits (e.g., occasional/systematic traveler and car/public
transport user), and the personal attitudes (e.g., self-confi-
dent individual and pessimistic person).

'e multiplicity and wide spectrum of the factors
mentioned above do not suggest taking for granted that an
intervention, such as the installation of a video surveillance
system, is able to improve the overall sense of safety and
security of travelers, since there may be elements of the
external environment that could inhibit its effectiveness and,
on the other hand, there may be individual subjective factors
that could amplify or reduce the perceived intensity of the
improvement, i.e., heterogeneous effects.

In this paper, a methodology based on behavioral models
is proposed to assess the determinants of travelers’ perceived
safety and security in the railway stations, although easily
generalizable to terminals of other transport systems (e.g.,
airports and metro stations), with the ultimate goal of
identifying the most appropriate and effective interventions
to meet travelers’ needs and to maximize their satisfaction.

'e paper is structured as follows: in Section 2, a state of
the art on safety and security perception investigation ap-
proaches is provided, outlining the most used data collection
techniques and the most advanced behavioral models
adopted; Section 3 provides full details on the research
method and materials used in this paper for the survey
administration and the model estimation; in Section 4, the
results of the research are reported and the key findings are
discussed; finally, Section 5 summarizes the highlights and
conclusions.

2. Literature Review

Only a few studies in the literature have focused on eval-
uating travelers’ risk perception of safety-related and se-
curity-related issues. On the one hand, some authors have
used qualitative surveys to investigate which factors may
affect travelers’ perceptions [14–17]. However, these studies
are limited to a descriptive statistical analysis of the data

collected through a survey and/or to a mere correlation
analysis among the study variables. On the other hand, very
few researchers have developed models to quantitatively
assess the weight of each factor. In detail, [18] estimated
ordinary least squares regression models to evaluate gender
differences in perceptions of train transit safety, focusing on
control measures, such as presence of security personnel and
security cameras, and on individual characteristics, such as
age, gender, ethnicity, disability, and income. Instead, [19]
used multiple linear regression to show the relationship
between travelers’ perception with layout and design of the
railway stations, lighting, and passengers’ behavior. Fur-
thermore, [4] has estimated more advanced models that
allow overcoming the linearity hypotheses, i.e., Logit ordinal
regression models, to investigate perceived safety and crime
perceptions of public transport users, considering bus stop
design, real-time information services, previous experiences
of victimization, travelers’ sociodemographic characteristics,
and travel habits. Finally, [13] has estimated both Logit and
Probit specifications of ordered choice models to assess
travelers’ safety and security perception in railway stations,
by introducing in the analysis, in addition to the relevant
elements of the build environment, the socioeconomic
characteristics and travel behaviors of the individual, also
latent personal attitudes such as sense of insecurity and
anxiety, pleasure of walking and being in contact with
strangers, and many more. 'e aforementioned studies are
mainly based on the administration of questionnaires with
closed-ended questions designed on Likert scales, aimed at
capturing the opinions and intentions of respondents
through their degree of agreement regarding certain state-
ments. Usually, the approach is to compare the stated in-
dividual evaluations of specific factors to the stated
evaluation of the overall perceived safety and security,
considering at the same time the characteristics of the in-
terviewees and the information about the trip they are
making. For this reason, data collection strategies mainly
involve Revealed Preference/Stated Intention (RP/SI) sur-
veys. For example, respondents may be asked how much
they agree from 1 to 5 (where 1 represents “strongly dis-
agree,” 2 represents “disagree,” 3 “neutral,” 4 “agree” and 5
“strongly agree”) with the following statements: “a theft is
likely to happen in this station,” “the presence of other people
in the station makes me feel more secure,” or “the signage of
this station is effective for my safety,” and so on.

Instead, for this research, an experimental design for a
Stated Preference (SP) survey is conducted, which allows
comparing two unlabeled alternatives between them, where
a series of key variables that influence the traveler’s per-
ception are varied. 'is method allows quantifying the
importance that different users give to the different variables
of the study. Moreover, to facilitate the work of the re-
spondent, these variables, instead of being presented in
written or numerical form, are represented graphically
through edited photos. 'is technique has the advantage of
considering a greater number of variables, reducing the
mental effort of the respondent. 'e only drawback is that
since the variables are not labeled, it is likely that individuals
ignore some of them, and therefore estimated models may
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have statistically insignificant or incorrectly signed variables.
In such cases, the perception of certain variables depends on
the perceptions of each user. Several authors have already
successfully used a similar approach for evaluating locational
preferences of new residents [20], for measuring qualitative
attributes of public spaces [21], and for assessing perception
of safety in neighborhoods [22].

3. Methodology

'e research involved the following three main stages:

(i) Identification of key variables, by means of a series
of focus groups

(ii) Data collection, through the administration of a SP
survey

(iii) Model specification and estimation

Each stage of the methodology is discussed in detail in
the following paragraphs.

3.1. IdentificationofKeyVariables (FocusGroups). A series of
focus groups with selected travelers, station operators, and
management staff of the national infrastructure manager
(i.e., Rete Ferroviaria Italiana, RFI) allowed the identifica-
tion of key elements that should be included in the research.
'is was achieved using qualitative technique to get pre-
liminary insights from different population segments and
stakeholders around a specific topic (e.g., risk of harassment,
quality of signage, lighting, crowding, and presence of se-
curity personnel). In practice, it consists of an open dis-
cussion among 8–10 individuals moderated by an expert,
which could also improve awareness and perceptions of key
variables [23].

'e open discussions within the focus groups mainly
concerned two sets of questions, one about actual safety and
security and the other on perceived safety and security, such
as the following:

(i) What are the determinants affecting security and
safety in a station? What strategies, actions, systems,
and devices can be implemented to improve the
safety and security conditions in a station? Are there
any factors that depend on the size of the station, the
location, the time-of-day, and the level of crowding?

(ii) How differently may people perceive the measures
for safety and security in the station (e.g. signage,
surveillance cameras, etc.)? What socioeconomic
characteristics and personal attitudes could some-
how alter the perception of travelers (e.g. age,
gender, education, etc.), and therefore create a gap
between actual and perceived safety and security?

'e information obtained from the observation during
the discussions of the reactions of the participants in the
focus group series to the questions and inputs provided by
the moderator, in addition to the answers and testimonies of
real experiences and stated behaviors, represented a
knowledge base for identifying the key variables to inves-
tigate and control and for designing the experiments of the

survey. 'is stage made it possible to establish that the el-
ements that could most impact travelers’ actual and per-
ceived risk of safety-related and security-related issues
concern the following:

(i) External environmental factors, such as presence of
security personnel, greenery, road crossings to access
the station, surveillance cameras, intermodal infra-
structure, commercial activities, artificial lighting,
tactile paths and signage, level of crowding, deco-
rum, and maintenance

(ii) Individual subjective factors, such as gender, age,
education, income, occupation, car/motorbike
ownership, and car/motorbike/train/bus frequency
of use

3.2. Data Collection (Stated Preference Survey). 'e data
collection stage was performed through a face-to-face and
paper-and-pencil SP survey. 'e design of the experi-
ments and questionnaires was facilitated by a previous
RP/SP survey carried out in the same station in July 2019.
On that occasion, a pilot study helped to identify the
items of the questionnaire (drawn on Likert scales) that
allowed travelers to express their opinions regarding the
effectiveness of different security devices and safety
measures and about the perceived risk of occurrence of
unpleasant events. Based on that experiment, the SP
survey described in the present study focused the in-
vestigation only on those factors that most affected the
perceived safety and security. In detail, the SP survey
consisted of two parts:

(i) Forms with graphic representations of station sce-
narios, by means of which the interviewees were
subjected to experiments

(ii) Questionnaire for collecting interviewees’ personal
information such as socioeconomic attributes and
travel behavior characteristics

In an experiment, the interviewee is asked to compare
and evaluate a pair of figures (i.e., two scenarios) of the
station and then to choose which of the two he feels more
confident in, in terms of safety and security (see Figure 1).
'e graphic representations were based on real photographs
of the station, properly edited to eliminate any element that
could create biases and noise (e.g., a cloudy sky), subse-
quently processed with the addition by layers of the key
variables that emerged from the focus groups. 'e processed
photos were also accompanied by a table listing the attri-
butes that vary between the two scenarios. Scenarios of three
different station environments were shown to users: external
square with main entrance, lobby with waiting room, and
platforms.'is method of investigation allows the collection
of a great deal of information in a few moments on what
catches the attention of the individual and what influences
his perception most. Furthermore, in this way, respondents
can easily compare the scenarios through very realistic and
familiar graphic elaborations compared to their daily ex-
perience [22].
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All the attributes used for the construction of the sce-
narios are dummy variable and are summarized in Table 1
with respect to the station environment.

It should be noted that nighttime scenarios were not
developed since from the focus groups it immediately
emerged that, in such cases, the presence/absence of ap-
propriate artificial lighting would have been an attribute too
prominent, which would have dominated the presence or
absence of other attributes. In fact, the choice in each
treatment would have fallen into the well-lit scenario, and
such an investigation would have yielded no information on
the weight of the other variables. Artificial lighting in
daytime scenarios was instead considered only in the in-
ternal premises of the station, i.e., the lobby with waiting
room.

'e survey was constructed following the optimal or
statistically efficient design approach [24, 25], which al-
lows maximizing the information on the parameters of the
choice model calibrated on the collected data [26],
property that is not guaranteed with the historically most
common orthogonal fractional factorial design. In par-
ticular, the NGENE software [27] allowed the identifi-
cation of the most efficient design minimizing the
determinant of the inverse of the variance-covariance

matrix (i.e., Fisher information matrix) that is known as
D-error. 'is approach enables a reduction in the number
of scenarios that need to be shown to an interviewee as
well as a reduction in the number of respondents that need
to be interviewed.

A total of 24 experiments (i.e., 48 scenarios to be
compared in pairs) were created as the result of the com-
bination of the attributes in 3 station environments and 2
blocks consisting of 4 treatments each. In fact, in order to
reduce the time needed to interview an individual, only one
block was presented to an interviewee. Blocking activity split
the efficient design into smaller designs, ensuring that at-
tribute level balance is satisfied within each block, so that
respondents do not just face low or high attribute levels for a
given attribute.

3.3. Model Specification and Estimation. 'is research puts
emphases on Binomial Logit (BNL) and Mixed Logit (ML)
specifications under the Random Utility'eory [24]. In fact,
it can be assumed that individuals have well-defined pref-
erences on each of the proposed scenarios, which can be
measured by means of a utility function U of the following
form:

Figure 1: Examples of the figures of the treatments.
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U
j
i � β · x

j
i + εj

i � V
j
i + εj

i , (1)

where the subscript i represents the i-th respondent and the
superscript j represents the j-th scenario contained in a
treatment. Moreover, x

j
i are level-of-service attributes of the

scenario j and any interactions with the characteristics of the
respondent i, β are parameters associated with the attributes
x

j
i , and εj

i are random residuals. In this framework, the
probability of a specific respondent choosing scenario k (as
safer than scenario j) is equal to the probability that the
difference in the unobserved components of utility of sce-
nario j compared to k is less than (or equal to) the difference
in the observed components of utility of scenario k com-
pared to j, for each of the alternative scenarios present in the
choice set J (in this case J � 1, 2{ } because a treatment is
made up of a pair of scenarios). 'erefore, in notation,

Probk
� Prob U

k ≥U
j

􏼐 􏼑 ∀j ∈ J; j≠ k􏽨 􏽩

� Prob εj
− εk

􏼐 􏼑≤ V
k

− V
j

􏼐 􏼑∀j ∈ J; k≠ j􏽨 􏽩.
(2)

In detail, the systematic utility function V consists of the
following parameters and attributes of the scenario j (except
for any possible interactions with the socioeconomic
characteristics or travel behaviors of the respondent i):

V
j

i � βSC · SurveillanceCamerasj
+ βSP · SecurityPersonnelj

+ βCA · CommercialActivitiesj
+ βRC · RoadCrossingsj

+ βS · Signagej
+ βG · Greeneryj

+ βIF · IntermodalInfrastructurej

+ βAL · ArtificialLightingj
+ βC · Crowdingj

+ βDM · DecorumMaintenancej
.

(3)

Since the parameters are generic over the scenarios, and
there are no alternative-specific constants, then the alter-
native scenarios are so-called unlabeled.

In this context, the BNL models allowed highlighting
easily which factors most affect safety and security per-
ception of all travelers (of the overall sample) and any in-
teractions with socioeconomic attributes, while the ML
models made it possible to verify the existence of hetero-
geneity in travelers’ choice behavior, i.e., differences in the
preferences that may occur among different categories of

respondents. 'e identification of travelers’ random taste
variation was possible by allowing the parameters to be
random.

'e aforementioned models were estimated with the
NLOGIT software [28], using the Maximum Likelihood
Estimation (MLE) method for the BNL specifications and
the Maximum Simulated Likelihood Estimation (MSLE)
method for the ML specifications.

In fact, for the BNL it can be demonstrated that the
probability that respondent i chooses alternative k can be
calculated with the following expression [29]:

P
k
i �

e
Vk

i

􏽐je
V

j

i

, ∀j ∈ J; k≠ j. (4)

Given that these probabilities take a closed form, the
traditional MLE method can be applied. 'e probability of
respondent i choosing the scenario that he was actually
observed to choose can be expressed as

􏽙
j

P
j
i􏼐 􏼑

y
j

i
, (5)

where y
j
i is equal to 1 if respondent i chose scenario j;

otherwise y
j
i is equal to 0. Under the assumptions that each

choice of the respondent is independent of that of other
respondents, the probability of each respondent in the
sample choosing the scenario that he was observed to choose
is [29]

L(β) � 􏽙
i

􏽙
j

P
j
i􏼐 􏼑

y
j

i
, (6)

where β is the vector of the parameters associated with the
attributes of the model. By applying the logarithm to the
latter expression, a simpler formulation is obtained, al-
though it is guaranteed that the maximum value of the log of
the probability occurs at the same point as the original
probability function. 'us, the log-likelihood function is

LL(β) � 􏽘
i

􏽘
j

y
j

i ln P
j

i􏼐 􏼑. (7)

In practice, the MLE method finds the set of parameters
β (the estimators) that maximizes the log-likelihood func-
tion, i.e., the probability of having predictions corre-
sponding to the observed data.

Table 1: Design of the scenarios.

Attribute/environment External square with main entrance Lobby with waiting room Platforms
Greenery X
Road crossings X
Intermodal infrastructure X
Security personnel X X X
Surveillance cameras X X X
Commercial activities X X X
Artificial lighting X
Crowding X X
Tactile path and signage X
Decorum and maintenance X
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On the other hand, in the case of ML, the probability that
respondent i chooses scenario k cannot be expressed in a
closed form, but as [29]

P
j
i � 􏽚 L

j
i (β)f(β|θ)dβ , (8)

where

L
k
i (β) �

e
β′xk

i

􏽐je
β′xj

i

, ∀j ∈ J; k≠ j, (9)

since the (random) parameters β depend on the charac-
teristics of the respondent i that are distributed generically
with density f(β|θ) and whose parameters θ need to be
estimated. 'e probabilities are approximated through
simulation for any given value of θ, drawing a value of β from
f(β|θ), labeling it as βr, and calculating the Logit formula
L

j

i (β
r). 'e results are averaged to obtain the simulated

probability:

�P
j

i �
1
R

􏽘
r

L
j
i βr
( 􏼁, (10)

where R is the number of draws. In detail, the simulation
method used in this study is that of Halton sequences, with a
number of 200 draws. Finally, the simulated log-likelihood
function is created from the simulated probabilities:

SLL(θ) � 􏽘
i

􏽘
j

y
j

i ln �P
j

i􏼒 􏼓, (11)

where y
j

i is equal to 1 if respondent i chose scenario j;
otherwise y

j

i is equal to 0. Similarly to what was shown
before, the MSLE method finds the set of parameters θ that
maximizes the simulated log-likelihood function.

4. Results and Discussion

4.1. Sample Description. A total of more than 350 travelers
were interviewed in the rail station of Frosinone; however,
the sample taken into consideration is made up of 302 re-
spondents, i.e., those who successfully completed 1 block
consisting of 4 treatments. Hence, the overall number of
observations is 1,208.

Respondents were randomly approached in different
points of the three station environments investigated. For
instance, travelers were interviewed in the external square, at
the main entrance, in the atrium of the station, near the
ticket office, in the waiting room, near the commercial
activities (such as shops, cafes, and newsstands), at the access
stairs to the underpass, and at the waiting areas of the several
platforms.

'e interviews were collected from the 9th to the 22nd of
December 2019 (excluding Sundays) during extended
morning periods (i.e., 6:30 a.m. and 12:00 a.m.), including
the early hours and the peak period, in order to assess
whether the degree of crowding of the station and the faint
light of early morning can affect the perceived level of safety
and security. Sundays and other holidays were excluded
from the sampling days since the rail service is very limited

on those days. In fact, the rail service in the Frosinone station
is designed particularly for students and commuters directed
to Rome (at 1 hour and 15minutes) and to the University of
Cassino (at 35 minutes).

'e sample distribution has been validated against the
population of travelers of the station of Frosinone, made
available by the national infrastructure manager through its
research laboratory, i.e., “Osservatorio di Mercato–RFI.”

It can be observed (Table 2) that, with respect to the
socioeconomic characteristics, 48.7% of the interviewees are
women; 82.5% are under 45 years old; 51.3% have a high-
school diploma; and 44.0% have a university degree.'e fact
that 57.3% of the interviewees declare no income reflects the
big percentage of students in the sample (47.0%).

As far as travel behavior is concerned, it should be noted
that 76.2% of respondents own a car, but only 60.6% use it
with a high frequency and mainly to reach the train station
(park-and-ride). In the sample, there are also a nonnegligible
percentage of occasional users, which ensures that no bias
due to experience can influence model estimation, e.g.,
amplifying or reducing travelers’ risk perception.

4.2. Estimated Behavioral Models. 'e results of the BNL
estimated models are reported in Table 3, whereas com-
parisons between BNL and ML estimated models are shown
in Table 4.

'ree BNL model specifications are proposed, using all
sample observations.

'e first model specification (MODEL 1) includes all the
attributes used for the construction of the scenarios. All the
estimated coefficients are expected to be positive since each
design element should increase the level of safety and se-
curity perceived by travelers. 'is occurs for all variables
except for “tactile path and signage,” which is inconsistent in
sign with what has been hypothesized. Additionally, two
other variables are not statistically significant, i.e., “com-
mercial activities” and “artificial lighting,” which have a t-
ratio of 1.21 and 0.73, respectively. Probably these results can
be explained by assuming that people do not know or are
unaware of the existence of “tactile path and signage” and,
since it has not been maintained for years, it is an aspect that
they totally ignore by shifting their attention to the other
attributes presented. With regard to “commercial activities,”
the sign of the parameter is positive, which means that the
attribute increases the utility, even if on average from a
statistical point of view it is irrelevant. Nonetheless, although
this variable initially appears to be irrelevant, it actually
acquires relevance to some travelers, as demonstrated later
in the ML models. It will be seen how something similar also
happens to the variable “artificial lighting,” albeit in an at-
tenuated way.

Now focusing on the values assumed by the parameters
of the variables, in general (in all the models presented), the
most important attributes of a railway station for a traveler
are, in order of preference expressed by MODEL 1, “Road
crossings” (1.12) and “Decorum and maintenance” (1.11) as
regards safety-related issues and “Security personnel” (0.89)
with regard to security-related issues. 'ese weight
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approximately three/four times the value of the parameters
of “Surveillance cameras” (0.46), “Intermodal infrastructure”
(0.45), “Crowding” (0.34), and “Greenery” (0.25).

In a second model (MODEL 2), insignificant variables
were excluded from the model specifications, whereas some

interactions with socioeconomic attributes were included.
Some of these interactions have proven to be significant, for
example, “security personnel” that seems to be significant
only for unemployed people or “crowding” that seem to be
significant only for female gender.

Table 2: Socioeconomic attributes and travel behavior characteristics of the sample.

Socioeconomic attributes Travel behavior characteristics

Gender Female 48.7% Car ownership Yes 76.2%
Male 51.3% No 23.8%

Age

< 26 46.4% Motorbike ownership Yes 9.6%
26–35 22.2% No 90.4%
36–45 13.9%

Car frequency of use (days/week)
−6+ 60.6%

46–55 10.6% 3–5 21.2%
56–65 5.0% 0–2 18.2%
> 65 2.0%

Motorbike frequency of use (days/week)
−6+ 1.7%

Highest education

None 0.7% 3–5 3.0%
Elementary school 0.0% 0–2 95.4%
Middle school 4.0%

Train frequency of use (days/week)
−6+ 48.3%

High school 51.3% 3–5 28.5%
University 44.0% 0–2 23.2%

Occupation
Employed 38.7%

Bus frequency of use (days/week)

−6+ 35.4%
Student 47.0% 3–5 17.9%
Other 14.2% 0–2 46.7%

Monthly income

None 57.3%
<901€ 3.0%

901–1500€ 16.2%
1501–2500€ 18.9%
>2500€ 4.6%

Table 3: Binomial Logit estimated models.

MODEL 1 MODEL 2 MODEL 3
Specification Binomial Logit Binomial Logit Binomial Logit

Description All attributes

Consistent attributes in
sign only and

interactions with
socioeconomic (SE)

characteristics

Consistent attributes in
sign only and

interactions with SE
characteristics and

travel habits
#observations 1208 1208 1208
Log-likelihood function (constants) -835.5 −835.5 −835.5
Log-likelihood function (fitted) -648.1 −636.6 −627.9
Pseudo-R2 0.224 0.238 0.249
Akaike information criterion 1316.3 1297.2 1285.9
Variable Coeff. t-ratio Coeff. t-ratio Coeff. t-ratio
Surveillance cameras 0.46∗∗∗ 6.25 0.47∗∗∗ 6.35 0.45∗∗∗ 6.01
Security personnel 0.89∗∗∗ 11.81 1.07∗∗∗ 11.09 1.10∗∗∗ 11.22
Security personnel, ∗employed −0.45∗∗∗ −3.22 −0.47∗∗∗ −3.34
Commercial activities 0.08 1.21 0.08 1.10 0.08 1.18
Road crossings 1.12∗∗∗ 6.49 1.05∗∗∗ 8.56 0.78∗∗∗ 4.37
Road crossings, ∗freq. car high 0.49∗∗ 2.09
Tactile path and signage −0.09 −0.72
Greenery 0.25∗∗ 2.18 0.54∗∗∗ 3.15 0.56∗∗∗ 3.21
Greenery, ∗female −0.53∗∗ −2.29 −0.54∗∗ −2.32
Intermodal infrastructure 0.45∗∗∗ 3.69 0.46∗∗∗ 3.79 0.27∗ 1.84
Intermodal infrastructure, ∗freq. PT high 0.67∗∗∗ 2.70
Artificial lighting 0.09 0.73 0.09 0.74 0.09 0.74
Crowding 0.34∗∗∗ 3.81 0.07 0.60 0.10 0.84
Crowding, ∗female 0.51∗∗∗ 2.94 0.46∗∗∗ 2.62
Decorum and maintenance 1.11∗∗∗ 8.88 1.12∗∗∗ 9.00 1.00∗∗∗ 7.36
Decorum and maintenance, ∗freq. rail low 0.72∗∗ 2.16
'e symbols ∗∗∗ , ∗∗, and ∗ indicate significance at 1%, 5%, and 10% level.
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In MODEL 3, in addition to the socioeconomic attri-
butes, also travel behavior characteristics were considered.
Here emerges that segmenting users by frequency of use of
car, public transport, and rail increases the robustness of the
model (see the variations in the goodness-of-fit statistics, i.e.,
log-likelihood and pseudo-R2, shown in Table 3). For ex-
ample, the project element “road crossings” seems to be
significant and to be of greater importance for users who use
the car very frequently. 'is can be explained by the fact that
car parks are separated from the station by a wide and busy
road, and therefore this is perceived to be very dangerous to
cross. 'e arrangement of the road crossing in the figures
presented to travelers is highly appreciated by them. More
obvious is the fact that the “intermodal infrastructure”
variable is significant mainly for users who use public
transport very frequently. Furthermore, “decorum and
maintenance” seems to be more relevant for nonhabitual
users of the station. If those who go to the station every day
for commuting (e.g., home-work or home-study trips) are
more indifferent to the state of conservation of the premises

and external environments of the station, perhaps this is
because they have become accustomed to it.

Two ML model specifications are proposed, using all
sample observations, and are compared with their respective
BNL versions with nonrandom parameters. 'e distribution
function used in both ML models is uniform, given the
nature of the attributes which are dummy variables. Indeed,
in such cases, the uniform distribution is sensible to verify
the consistency of the signs of the parameters [30], because it
does not impose any a priori condition on the sign of the
parameter (which could have been done using a lognormal
distribution). 'is choice, as will be seen in the proposed
models, arises from the conjecture that the presence of some
design elements for some individuals can increase the
perceived safety and security, while for others it could de-
crease it. For example, the need for surveillance cameras and
security personnel at the station could have a negative
impact, because it might suggest to some travelers that theft,
harassment, or aggression is likely to occur in the station
environments. 'e uniform distribution also has the

Table 4: Comparison between Binomial Logit and Mixed Logit estimated models.

MODEL 1 MODEL 4 MODEL 3 MODEL 5
Specification Binomial Logit Mixed Logit Binomial Logit Mixed Logit

Description All attributes All attributes with random
parameters

Consistent
attributes in sign

only and
interactions with

SE
characteristics

and travel habits

Consistent attributes in sign only
with random parameters and

interactions with SE characteristics
and travel habits

#observations 1208 1208 1208 1208
Log-likelihood function
(constants) −835.5 −835.5 −835.5 −835.5

Log-likelihood function
(fitted) −648.1 −574.5 −627.9 −562.3

Pseudo-R2 0.224 0.314 0.249 0.328
Akaike information criterion 1316.3 1189.1 1285.9 1162.6
Variable Coeff. t-ratio Coeff. t-ratio Std. dev. t-ratio Coeff. t-ratio Coeff. t-ratio Std. dev. t-ratio
Surveillance cameras 0.46∗∗∗ 6.25 1.21∗∗∗ 3.77 0.94 0.80 0.45∗∗∗ 6.01 0.90∗∗∗ 5.29 1.84∗∗ 3.84
Security personnel 0.89∗∗∗ 11.81 2.58∗∗∗ 4.10 1.78 1.40 1.10∗∗∗ 11.22 2.36∗∗∗ 6.76 3.88∗∗∗ 7.73
Security personnel,
∗employed −0.47∗∗∗ −3.34 −1.12∗∗∗ −2.84

Commercial activities 0.08 1.21 0.29∗ 1.70 2.36∗∗ 2.57 0.08 1.18 0.20 1.60
Road crossings 1.12∗∗∗ 6.49 3.27∗∗∗ 3.42 1.35 0.92 0.78∗∗∗ 4.37 1.66∗∗∗ 3.42 2.78∗∗∗ 3.44
Road crossings, ∗freq. car
high 0.49∗∗ 2.09 0.95 1.61

Tactile path and signage −0.09 −0.72 −0.01 −0.03 5.01∗∗∗ 3.99
Greenery 0.25∗∗ 2.18 0.79∗∗ 2.36 0.78 0.65 0.56∗∗∗ 3.21 1.16∗∗∗ 4.04
Greenery, ∗female −0.54∗∗ −2.32 −1.14∗∗∗ −3.04
Intermodal infrastructure 0.45∗∗∗ 3.69 1.34∗∗ 2.56 5.43∗∗∗ 3.66 0.27∗ 1.84 0.39 1.03
Intermodal infrastructure,
∗freq. PT high 0.67∗∗∗ 2.70 1.72∗∗ 2.52

Artificial lighting 0.09 0.73 0.26 1.08 1.46∗ 1.78 0.09 0.74 0.19 1.07
Crowding 0.34∗∗∗ 3.81 0.78∗∗ 2.17 4.09∗∗∗ 3.20 0.10 0.84 0.04 0.11
Crowding, ∗female 0.46∗∗∗ 2.62 0.82∗ 1.73
Decorum and maintenance 1.11∗∗∗ 8.88 3.44∗∗∗ 3.72 4.95∗∗ 2.44 1.00∗∗∗ 7.36 2.26∗∗∗ 4.85 4.33∗∗∗ 5.74
Decorum and maintenance,
∗freq. rail low 0.72∗∗ 2.16 1.72∗∗ 2.13

'e symbols ∗∗∗ , ∗∗, and ∗ indicate significance at 1%, 5%, and 10% level.
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advantage of having limited support, which reduces the
possibility of unreasonably high or low coefficient values
[31]. Furthermore, the observations were treated as panel
data, to take into consideration the possible correlation that
exists between the responses to the different treatments of
the same interviewee.

In detail, starting from MODEL 1 (i.e., the one without
any interaction), MODEL 4 was specified by setting on
random parameters the coefficients associated with all the
variables relating to the design elements. As can be seen from
Table 4, the use of random parameters is reasonable only for
some variables. In particular, it is widely justifiable for
“intermodal infrastructure,” “decorum and maintenance,”
and “crowding,” for which both the coefficient (which
represents the mean of the distribution) and the standard
deviation have significance at least at 5% level. Moreover,
MODEL 4 shows that even if the sign of the variable “tactile
path and signage” is not consistent, the standard deviation is
very large with respect to the mean parameter.'is indicates
that the variable is perceived very differently among the
people interviewed. It is also important to note that, with this
model, the statistical significance of “commercial activities”
increases and the standard deviation of the parameter is
significant, since, on the one hand, the panel data effect and,
on the other, the heterogeneity of the population in the
perception of the parameter are considered. Even though
these random tastes could not be fully explained, both effects
could not be considered with the low complexity of a BNL
model. In the case of “artificial lighting,” even if the statistical
significance increases and the standard deviation has a t-
ratio of 1.78 (MODEL 4), it is likely that globally this variable
is not perceived by users.

Finally, a fifth model (MODEL 5) was specified starting
from the most robust BNL estimated models (i.e., MODEL
3). In this case, we present a final version of the specification
that does not include random parameters associated with all
the variables, but rather only with the variables that dem-
onstrate the existence of differences in preferences between
the different categories of respondents. It should be noted
that in some cases the interactions lose significance or vice
versa; the variables are no longer significant for all travelers,
but only for some specific categories, i.e., when a strong
interaction has been identified.

5. Conclusions

A novel methodology, based on focus group, SP survey, and
the estimation of behavioral models, is presented in this
paper for assessing determinants of perceived safety and
security in railway stations.

Data were collected by means of a face-to-face ques-
tionnaire where the interviewers reported the interviewees’
stated preference on the base of their feelings and percep-
tions about some station scenarios, illustrated through forms
consisting of a graphic representation of the station. 'e
forms were obtained from real photos, suitably modified to
avoid any background noise and biases, in order to show
very realistic and familiar graphic elaborations compared to
respondents’ daily experience. 'is data collection strategy

had the advantage to allow the respondents to quickly
compare two unlabeled alternatives with low mental effort,
considering a great number of variables that varied from
scenario to scenario. In this way, instead of asking re-
spondents their degree of agreement to a certain statement
on a scale of 1 to 5 (as is usually done using Likert scales),
interviewees were asked to choose which of the two scenarios
they felt safer in. With this method, therefore, no opinions
and stated intentions have been collected, but rather indi-
viduals’ choices. On the other hand, a drawback of this
methodology is that there could be possible discrepancies
between the stated choice and the behavior that the traveler
would have. 'is happens mainly due to the unrealistic
presence or absence of some safety and security measures,
the lack of information on the scenarios analyzed, and the
fatigue of the respondents for completing too many treat-
ments. However, these issues were controlled by presenting
scenarios with similar contexts to what travelers experience
every day and by exposing each interviewee to only 4
treatments (requiring an overall completion time of
10minutes).

'e estimation of the models was performed using a
sample size of 1,208 observations, and two different Logit
specifications, i.e., BNL and ML, which involved, respec-
tively, fixed and random parameters. 'e need of intro-
ducing random parameter in the models’ specifications
derives from the way in which data were collected. In fact,
since the variables presented in the forms (e.g. lighting,
security personnel, and crowding) were not labeled, re-
spondents could ignore or partially perceive some of them
according to their attitudes, tastes, and cognitive capacity.
'is is proved by the fact that when randomness in pa-
rameters is introduced the model estimates improved also
for those variables that were not statistically significant or
that had with an incorrect sign. As seen by the pseudo-R2,
the use of random parameters has proved to be an appro-
priate choice, leading to the estimation of more robust
behavioral models than in the case of fixed parameters.

'e statistical explanation of the heterogeneity in user
preferences is deferred to future research. Better profiling of
travelers could lead to evenmore robust models but above all
it is of utmost importance to implement targeted measures,
both infrastructural and organizational, in order to make
railway stations a safer place and therefore increase the
attractiveness of railway services. 'e models show that
safety and security systems are not equally perceived by all
individuals. 'ere are some measures that (at the same cost)
could have more impact than others. 'erefore, assuming
the safety standards are respected, if a railway manager
intends to further increase the sense of safety, then the
investments should be prioritized according to those vari-
ables most perceived by users, such as increasing the
presence of “security personnel” and the level of “decorum
and maintenance,” even before acting on those of lesser
impact such as installing additional “surveillance cameras.”

Finally, in this research the application to a medium-size
railway station was analyzed, but it is quite immediate to
think of adopting and applying this methodological ap-
proach also to high-speed rail (HSR) stations to better
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address users’ needs after the increase of HSR volumes
observed after the completion of the network in Italy [32], as
well as to other nodes of the public transport networks such
as a metro station, a bus stop, and an airport and even to
nodes of the road and pedestrian networks, such as an urban
intersection or a roundabout, with the aim of improving the
feeling of safety and security of users.

Data Availability

Most datasets used and/or analyzed during the current study
are available from the corresponding author upon reason-
able request. Restrictions apply to the availability of data that
were used under license for the current study, and so they are
not publicly available. 'ese data are, however, available
from the authors with permission from Ferrovie dello Stato
Italiane (Italian Railways Company).
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of safety in low income neighbourhoods: using digital images
in a stated choice experiment. Chapters,” in Choice Modelling,
S. Hess and A. Daly, Eds., pp. 193–210, Edward Elgar Pub-
lishing, Cheltenham, UK, 2013.

[23] E. Papa, P. Coppola, G. Angiello, and G. Carpentieri, “'e
learning process of accessibility instrument developers: test-
ing the tools in planning practice,” Transportation Research
Part A Policy and Practice, vol. 104, pp. 108–120, 2013.

[24] D. A. Hensher, J. M. Rose, and W. H. Greene, Applied Choice
Analysis. A Primer, Cambridge University Press, Cambridge,
UK, 2005.

[25] J. M. Rose and M. C. Bliemer, “Constructing efficient stated
choice experimental designs,” Transport Reviews, vol. 29,
no. 5, pp. 587–617, 2009.
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