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Abstract: This article presents a large case study of fare evasion on bus lines in the city of
Lisbon, Portugal, a common problem in dense urban areas. Focus is put on geographic
factors, and an analysis is carried out using a generalized spatial two-step least-squares
regression (GS2SLS). The large database, spanning one year of fare evasion reports, made
it possible to segregate the analysis according to type of day (workday or weekend) and
time period (rush hours, nighttime, etc.). Results show that indeed the type of day and
time period lead to considerable differences between the seven models analyzed. It was
found that the number of inspection actions is the strongest predictor of evasion, with
geographic factors also playing a role in predicting fare evasion. Consideration of this
spatial component made it possible to find moderate evidence for dissuasive effects of
inspection actions in some models and of pockets of evasive tendencies in other models,
which appear in the statistical error term. Interestingly, and contrary to other studies,
age was found to have almost no influence on the propensity to evade fares. From a
managerial point of view, this study highlights the importance of running inspection
actions systematically and closely monitoring their outcomes. From a more theoretical
standpoint, it suggests further research on geographic factors is needed to fully understand
spatial patterns of evasion.

Keywords: fare evasion; public transport; GS2SLS regression; urban transport governance

1. Introduction

Fare evasion represents a global problem with consequences at several levels. At an
economic level, it has repercussions on the revenue generated, price of the ticket, level of
government support, and on the image of public transport companies. At a social level,
it generates feelings of insecurity and social injustice. It has also been demonstrated that
if fare evasion reaches a critical level, passengers who never evaded fares start doing
so, frustrated by the high number of evasions they observe [1-3], leading to a snowball
effect. Therefore, public transport companies must spend financial and human resources to
mitigate fare evasion.

One of the fundamental questions that come up is to identify who the evaders might
be and why they evade, i.e., what factors might influence the propensity to evade fares.
Surveys have been carried out to identify the socio-demographic characteristics as well as
the motivations of fare evaders [4-6]. However, there is no consensus among the authors
on a standard evader profile: one study [7] concluded that young male passengers have
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a higher probability of committing fare evasion, but other studies [1,8] found that other
variables are more significant, such the time of the day [1,7]. Most samples are usually quite
small, thus not very representative, and many inquire passengers during rush hour, which
may not be the best strategy to profile the potential evaders. More recently, some authors
suggested that a solution might be to use massive data from smartcard transactions [8].
Nevertheless, this data source still has some limitations because not all the individuals who
fail to validate their tickets are evaders [9,10].

The main goal of this work is to address the above-mentioned literature gap by
identifying more accurately the factors involved in fare evasion, including geographic ones.
The methodology proposed here is different from previous approaches in that, instead
of using surveys, the approach proposed here relies on inspective operational records at
the bus stop scale, combined with census data, which does not require directly surveying
passengers. Census data provide socioeconomic characteristics of the individuals living in
the surrounding areas of bus stops, and this research makes use of those data to uncover to
what extent those characteristics can explain the detected fare evasion, adding geographical
considerations to the role of possible explanations to fare evasion. Such a fine-grained
analysis can potentially contribute to, e.g., allocating field inspectors more efficiently or
influencing bus network design algorithms (e.g., [3,11]). Previous studies usually present
results at a global, city-wide scale [12-14], neglecting the spatial component, i.e., possible
differences in fare evasion patterns that depend on geographic factors. To fill this gap, the
methodological approach is based on generalized spatial two-stage least squares (GS2SLS),
a statistical model which can capture spatial dependence.

The case study took place in Lisbon, the capital city of Portugal, and data refer to
evasion in Carris, the main collective public transport bus company for passengers, in
2019. During that year, Carris transported approximately 44 M passengers and carried out
1.84 M inspection actions. The size of the sample is thus considerably larger than those used
in previous works. This large database made it possible to identify trends in the results
that, upon analysis, shed light into previous results in the literature, added new insights
of considerable relevance from a managerial point of view, and, as will be seen, suggests
future research avenues to deepen spatial considerations.

2. Literature Review

In their extensive review, the authors of [13] argued that the topic of fare evasion
covers very diverse areas, ranging from ticketing infrastructures to the sociodemographic
characteristics of evaders. Those authors identified five main areas of research: #1 fare
evader-oriented studies, #2 criminology, #3 economics, #4 technological innovations, and
#5 operational research. The main goal of evader-oriented studies is to identify the key
characteristics and motivations of fare evaders [15]. With respect to criminology, fare
evasion can be considered a crime and may trigger other crimes [15]. Understanding this
link is a major objective of this subfield of criminology [13,15]. Economically, the interest
is mainly to study the impact of fare evasion in the balance sheet of transport companies.
Technological innovations have also deserved attention mainly due to applications to
ticketing systems. Finally, fare evasion gives rise to operational research problems, such as,
e.g., the development of optimization models to schedule efficiently inspector teams [16].
The present research is positioned in the first field of research mentioned in [13], given
that it aims at defining an evader profile and investigating what factors and geographic
patterns may exist for evasion. The remaining of this section concentrates on this aspect.

Over the years, work has been carried out on fare evasion in public transport in
different countries, e.g., Australia [17,18], Belgium [19], Chile [12], USA [20], France [5,21],
and Italy [4,22]. Despite the different geographic quadrants and difficulties found, it
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was possible to identify some common characteristics among passengers who commit
fare evasion.

In a large study [4], 16,000 passengers of 12 Italian transport companies were inter-
viewed, authors having concluded that younger, unemployed, and foreign passengers were
more likely to commit fare evasion [4,23,24]. In [22], different methodologies from those
of [4] were used, but similar conclusions were found. In addition to these studies developed
in Italy, a study in Flanders (Belgium) [20] interviewed 636 passengers and also concluded
that young males were more likely to commit fare evasion [19]. However, youth does not
seem to point in the same direction everywhere; for example, in [18], fare evasion in the
Melbourne Metropolitan Area (Australia) was analysed, and it was found that males under
the age of 25 were actually less likely to commit fare evasion. Recently [7], a new approach
was proposed based on a hybrid discrete choice model. By analysing the characteristics
of 324 evaders caught in the act of committing a crime in Bogotd (Colombia) [24], the
authors assessed the reasons they cited for committing fare evasion. The latent variables
were the level of satisfaction with the transport system and the level of self-awareness
of the evaders, authors having concluded that the level of self-awareness of evaders is
significantly influenced by age; that is, evaders under the age of 29 had a lower level of
self-awareness, showing age and evasion might be relating indirectly.

As for the reasons for fare evasion, passengers being unable to pay the ticket certainly
plays a role [5,25]. Indeed, in [2,5,20,26], it was found that passengers of below-average
income are more likely to commit fare evasion [2]. In this context, the problem no longer
arises in terms of the probability of being inspected but of the probability of being fined. Au-
thors of [1,21,27] agree that the greater the certainty of being fined, the lower the propensity
to evade. However, other researchers [7] found no relationship between possible punish-
ment and tariff evasion [24]. As shown by a study in Santiago, Chile [28], other factors,
such as dissatisfaction with the service and high fares, also played a role in predicting
infringements [28]. Indeed, the shortcomings of the bus system led users to develop a
negative perception of it, which in turn made fare evasion more socially acceptable.

Another relevant issue is knowing to what extent inspection actions can constitute a
deterrent to fare evasion. While studies usually reveal a positive correlation between the
number of inspections and the number of fare evasions [29,30], some studies failed to find
a direct relationship between the percentage of passengers inspected and the percentage
of fare evasion detected [31]. Other studies ([1] and, more recently, [19,32]) found that the
probability of being inspected is only seen as a deterrent to fare evasion up to a certain limit.

Analysis of the results obtained by the works mentioned above indicates that it is not
possible to completely eradicate tariff evasion, as inspections and fines can only at best
mitigate the problem. In fact, using the case of San Francisco (USA) as a reference, Lee [7]
concluded that it was not possible to define the profile of the typical intentional evader and
that evasion was mainly driven by contextual factors in that case study.

Table 1 summarizes some of the main studies developed in area #1 of [13]. Most of
the works are based on interviews to passengers, and the largest sample was composed
of 56,746 passengers [9], a sample that is significantly smaller than the sample used in
this study. Moreover, most of the studies are focused on a small area of a city or on a
bus line, neglecting issues such as spatial autocorrelation. The approach proposed in this
research sips on a very large database, covering 1.84 million inspection actions at the bus
stop scale, and the methodological approach is based on GS2SLS, a method that considers
the spatial component and goes beyond the more usual logistic regression methods that do
not consider such dependences (see [33] for an example). Thus, the main contribution of the
present research is to provide results on evasion patterns that include a spatial component,
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resorting to a very large database and study area. Consideration of the spatial component

fills a literature gap on the subject, which has so far concentrated on other factors.

Table 1. Studies on socio-demographics and travel determinants of fare evaders.

Sample Size

Authors Location, City Type of Survey (Passengers) Analytical Tool
Abrate et al. [4] 1 21 tcai%c}i,és Intercept (stop) interviews 16,000 Logistic regression
Barabino et al. [23] Ital.y, . Inter.cept (c?n—board) 2177 Logistic regression
Cagliari interviews
Barabino and Salis [13] Ital.y, . Inter.cept (Qn—board) 4404 Logistic regression
Cagliari interviews
Ital Probit
Bucciol et al. [22] Y Intercept (stop) interviews 544 regression/ correlation
Reggio Emilia .
analysis
Busco et al. [14] Ch}le, Inter.cept (Qn—board) 503 Factor analysis
Santiago interviews
Cantillo et al. [10] Chile, Intercept (on-board) 10,559 Binomial Logit Model
Santiago interviews
Belgium, . . L. .
Cools et al. [19] Flanders Web-based questionnaire 638 Logistic regression
Currie and Delbosc [6] Australia, Web-based questionnaire 1561 Structural equatlon
Melbourne modelling
Australia, Intercept (stop) L i
Eddy [18] Melbourne observations 288 Descriptive statistics
Egu and Bonnel [9] France, Lyon Inter'cept (c?n—board) 56,746 Descriptive statistics
interviews
Delbosc and Australia, . . Two-step cluster
Currie [15] Melbourne Web-based questionnaire 1561 analysis
Dai et al. [21] France, Lyon Intercept (stop) 1r}terV1ews 279 Descrlptlye stat1st1.cs
and lab experiment and logistic regression
Gonzalez et al. [28] Ch}le, Inter.cept (Qn—board) 457 K-means clustering
Santiago interviews
Guzman et al. [24] Colomb} v Intercept (stop) interviews 324 Hybrid discrete choice
Bogota model
e L Greece, . . . .
Milioti et al. [26] Athens Intercept (stop) interviews 304 Ordinal logistic model

3. Materials and Methods
3.1. Data

Carris [34] provides public road passenger transport services in the Lisbon Metropoli-
tan Area. In 2019, there were 87 routes on offer, with an average length of 19 km (round trip)
and 2221 stops, including 1992 (90%) located in the municipality of Lisbon (see Figure 1).
In this work, particular emphasis will be placed on stops where at least one inspection
action occurred, which corresponds to a total of 1654 stops. Inspection actions involve
stopping the bus for checks (in a stop or on-route to the next stop), so each action is tagged
to a particular bus stop. The evasion rates oscillated between 2.2% and 12.5% of detected
evasions per inspection action, depending on the period of the day and whether it was a
working day or weekend. The evasion rate also varied during the year, but this dependence
was not studied beyond descriptive statistics because year-to-year comparisons would
require data spanning multiple years, which was not available.

The large amount of data made it possible to divide the analysis into weekdays and
weekends, and further divide each case into distinct time periods, making it easier to detect
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time-dependent trends. For the weekdays, these were the morning and evening rush hours
(610 h, 17-20 h), early and late night (200 h, 0-6 h), and daytime off-peak (10-17 h). For
the weekend, the division was between late night (0-6 h) and daytime (6-20 h). These time
slots were defined based on the operational logic of the inspection teams. The different time
periods at the weekend are justified by the smaller universe of available data. The early
weekend night period suffered from insufficient data, and, as in [12], it was not possible to
analyze it.
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Figure 1. Stops of the Carris bus network.

Figure 2 represents the number of inspection actions per stop. Data analysis reveals
that in 53% of stops less than 250 inspection actions were carried out, less than one per
day. In 13% of the stops, the number of inspection actions exceeded 2000, with a significant
concentration in the busy zone of Avenidas Novas, an electoral ward division in the centre
of the city. There was less emphasis on stops outside the municipality of Lisbon, with an
average of 337 actions per stop outside the municipality vs. 917 inside its perimeter. This
difference merely reflects the fact some bus lines end in a different municipality and are
otherwise not meaningful.
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Figure 2. Inspection actions during 2019 in the Carris Network.
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The difference between the number of inspection actions carried out on working days
and weekends is displayed in Figure 3. Around 5000 inspection actions were carried out per
day on working days and 300 inspection actions per day on weekends. This difference in
numbers is related to the greater number of passengers and service frequency on working
days. The average rate of fare evasion detected at the weekend (3.7 infringements per
approach, see Table 2) is, however, higher than the average rate detected during the week
(2.7 infringements per approach). In both periods, there was a concentration of inspection
actions along the routes with the most bus traffic.
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Figure 3. Inspection action during 2019 in the Carris network during (a) working days and
(b) weekends.

Table 2. Case study descriptive statistics on fare evasion.

Weekdays Weekend
Statistic 06h 6-10h 10-17h 17-20h 200h Total (WD) 0-6h 6-20h
. tion actions ([A) Total 16,347 342,647 646,125 295531 48206 1,348,856 9029 62,693
nspection actions IA/h 10.9 341.3 367.7 392.5 48.0 223.9 14.5 43.1
Detected evasion (DE) Total 355 8752 19,159 8027 1716 38,009 1130 2101
v DE/h 0.24 8.72 10.90 10.66 1.71 6.31 1.81 1.44
Detection rate DE/IA x 100%  2.17 255 2.97 2.72 3.56 2.82 12.5 3.4

Table 2 provides global statistics on fare evasion.

The table shows differences between weekdays and weekends, as well as differences
throughout the day. Trends of greater propensity for fare evasion at certain times of the day
have also been identified by other authors (e.g., [1,2,12]). However, scarcity of data is often
highlighted as the reason why this subject has not been explored further, a problem the
present study does not have.

On working days, the highest detected fare evasion rate of 3.56% per inspection
occurs early night (20-0 h) and coincides with the period of lowest number of inspection
actions outside late night—48 per hour. The late-night period (0-6 h) evasion detection
rate varied substantially between weekdays and weekends, oscillating between the lowest
and highest values (2.17% vs. 12.5%). Greater propensity for fare evasion at night was
also reported in [1,35], although those authors did not differentiate between working days
and weekends [11]. That difference was considered in [10], and those authors did observe
higher evasion rates on weekends than on working days, as well as an increase in evasion
trends as the day progressed. That trend also shows in the present research, with a dip in



Urban Sci. 2025, 9, 231

7 of 16

the evening rush hour (17-20 h), which can perhaps be explained by the fact that many
workers who travel during this peak hour have monthly passes.

Figure 4 shows the monthly evolution of passengers, inspection actions, and detected
fare evasions (i.e., infringements) in 2019 in a normalized 0-1 scale (0 = minimum value,
1 = maximum value). The line patterns suggest some degree of correlation between the
three variables, and an analysis reveals the highest R = 0.63 between inspection actions and
infringements (“you find what you look for”), and the lowest R = 0.55 between inspection
actions and passengers. This is a moderate degree of correlation that suggests inspection
actions are not the only reason infringements are detected. This leaves open the possibility
that other factors influence the propensity to evade fares.

1.20
1.00
0.80
0.60
0.40
0.20

0.00

=—=@==|nspection actions Fare evasion e=@==Passengers

Figure 4. Number of inspection actions, fare evasions, and passengers per month during 2019.

3.2. Model Formulation

Having ascertained that factors other than inspection actions contribute to explain fare
evasion tendencies, the next step is to assess what those factors may be. For this purpose, a
model is proposed to determine to what extent operational variables and socio-economic
characteristics of the individuals living in the surrounding areas of the bus stops have a
significant impact on the number of fare evasions.

Working at the scale of the bus stop brings challenges, such as spatial lag and spatial
error dependencies. The generalized spatial two-stage least-squares regression model
(GS2SLS) considers these two issues, as the method contains a spatially lagged dependent
variable and a spatial autocorrelation error term [36,37]. Following those references, the
GS25SLS model proposed to examine the impact of socio-economic variables, as well as
operational variables on detected fare evasion is defined as follows:

Di=PBo+ Y BiXii+p Y WiiDi+pi, pi =AY Winj+e (1)
k j j

where
D; is the dependent variable; the number of detected infringements in bus stop is i;
X is the value of the k-th explanatory variable at bus stop i (see below);
B is regression coefficient for the k-th explanatory variable, with By as the model
intercept;
p is the parameter of spatial autocorrelation;
Wi; is the queen contiguity matrix element between bus stops i and j (0 or 1);
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ui is the error term autocorrelation at bus stop 7, with A being the error autocorrelation
parameter and ¢; being the independent and identically distributed statistical error (Note:
some authors interchange the role of p and A in their notation.)

Five explanatory variables were considered, described in Table 3.

Table 3. Model variables and description.

Variable Role Description Year Source
Detection evasion Dependent Number of p eople t.ravelhng w1thogt a ticket 2019 Carris [34]
detected by inspection agents at a given stop
Number of buses serving each stop at a given .
Bus frequency Explanatory period of the day (not used at weekends) 2019 Carris [34]
Number of males between 15 and 25 years old
Age 15-25 (Male) Explanatory residing in the statistical subsection 1 of the 2021 INE [38]
bus stop
Density of touristic points of interest 2 in the
PQOI density Explanatory statistical subsection of the bus stop 2022 OSM [39]
(POI/km?)
Inspection actions Explanatory Number of inspection actions assigned to a 2019 Carris [34]

given bus stop

1. Subdivision of a civil electoral ward with dwellings for 550 to 650 inhabitants. 2. POI as marked by users in
OpenStreetMaps.

Bus frequency serves as proxy for the number of passengers [40]. The impact of the
number of passengers on fare evasion is not consensual among authors. In some studies [2],
a greater number of infringements was identified during rush hours [2], while in others [23],
the highest probability for infringement was observed between 12 h and 14 h [22], when
the number of passengers is lower than during rush hours.

Young people, here defined as males belonging to the age segment of 15-25 years old,
is a factor that several authors [22,23] have found to be associated with a greater propensity
for fare evasion [22,23], a trend disputed by other studies. Precise data, as of 2019, were
not available due to census being held every 10 years. Note that these data were obtained
indirectly, not by inquiring infractors about their age during inspection.

The density of points of interest represents destination attractiveness and was included
as a supply-side explanatory variable. Any differences in POI density in pre- and post-
COVID-19 years are expected to be small, due to the tourism industry being put on hold in
the period in-between (2020-2021).

Finally, inspection actions are a very important variable, as one can only detect what
one looks for. The regression coefficients for this variable are interpreted as detected evasion
per capita of inspection actions.

Two more variables were considered as potentially significant factors, namely the
number of schools within a radius of 500 m from a bus stop and average trip duration
of a passenger in the inspected bus. The inclusion of schools was suggested by Carris,
as the company suspected of higher evasion near these facilities. However, its use as
an explanatory variable was discontinued after results showed it was not significant.
Concerning trip duration, greater propensity for infringement on trips lasting less than
15 min was suggested in [21,23]. However, trip duration data were only available from
ticket log data, which is related to passengers who travelled legally. Obtaining trip duration
data from evaders would require inquiring them directly (and relying on an honest answer),
a procedure which was not part of inspection actions. Therefore, this variable was also
dropped due to lack of bulk reliable data.

It is important to make a note at this point. Findings described in the Literature Review
Section suggest that people with lower income are more likely to evade due to fare price.
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A natural variable to include in this study would therefore be average income in the bus
stop zone, information that is queried in the census. However, European data protection
legislation prevents information from being used in public documents. Authors inquired
the statistics bureau of Portugal for its (anonymized) use in academic context, but no permit
was given, and so that variable could not be considered.

Another point worth mentioning concerns the trade-offs the dataset entails. Carris
inspection actions have as an objective to issue a fine on infractors and do not collect
any demographic or social data on them. Inspection actions that collect more data, e.g.,
sociodemographic data or motivation, would take longer to carry out, lead to smaller
datasets, and be more liable to incorrect information. So, in a sense, the dataset used for
this research trades-off complementary information on the infraction for a larger sample,
subsequently relying on geographic and contextual information (e.g., time of day) for
deriving conclusions. Most studies on evasion do the opposite thing. The present study thus
complements findings of those studies with evidence gathered from a different systemic
approach based on large datasets. Inclusion of spatial endogeneity (via GS2SLS modelling)
and two factors with a spatial expression (age, POI density) complement the Carris dataset,
and the resulting models are arguably a consistent and coherent way to study fare evasion
in context of the available information.

4. Results
Running the model yielded the results in Tables 4 and 5.

Table 4. Fare evasion model estimates—working days.

Detected Infringements 0-6h 6-10 h 10-17 h 17-20 h 20-0h
Intercept 1.645 0.276 0.546 1.724 ** 0.900
Age 15-25 0.046 0.009 0.012 —0.013 0.034
Rho W 0.012 0.038 —0.20 —0.110 *** 0.023
Inspection actions 0.0124 **** 0.0234 **** 0.0236 **** 0.0268 **** 0.0390 ****
Bus frequency 0.066 0.024 0.336 *** 0.007 —0.286 ***
POI density —0.351 —0.0979 **** —0.017 —0.144 *** —0.073
Lambda W —0.244 0.039 0.155 **** 0.073 0.208 **
Pseudo R2/spatial R2 31%/32% 82%/82% 77%/78% 64%/64% 72%/71%

1 Signif. codes: **** 0.001-0.01; *** 0.001-0.01; ** 0.01-0.05. No marking code: 0.1-1.

Table 5. Fare evasion model estimates—weekend.

Detected Infringements 0-6h 6-20h
Intercept 0.093 —1.095
Age 15-25 —0.265 ** 0.016
Rho W 0.121* —0.076
Inspection actions 0.133 *##* 0.0330 **#*
Bus frequency 0.205 0.004
POI density 0.035 0.069
Lambda W —0.175 0.031
Pseudo R2/spatial R2 88%/88% 34%/34%

1 Signif. codes: **** 0.001-0.01; ** 0.01-0.05; * 0.05-0.1. No marking code: 0.1-1.

Looking at the tables, the following trends can be identified:

1.  The five derived models exhibit similarities across the day, but the statistical signifi-
cance of some explanatory variables varies considerably depending on the period of
day, confirming that fare evasion is indeed influenced by the time factor. The extent
to which the period of the day influences evasion is best seen from Table 2, whose
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results confirm higher evasion rates during 10-17 h off-peak, as noted in [22], both
in absolute terms and detection rates, placing this period as likely more prone to
evasion than rush hours. What Table 4 also shows is that the structure of fare evasion
tendencies also varies with the period of the day, as explained below.

The intercept term is mostly not relevant. This term represents a baseline tendency for
infringement. The fact that such tendencies did not show up can perhaps be explained
by their absorption into the explanatory power of the inspection actions. It was only
for weekdays 10-17 h that a significant intercept was found, of 1.724 evaders per
inspected bus. It is tempting to interpret this as evidence of a structural nature of fare
evasion in the 10-17 h off-peak period, i.e., that some evasion is likely to exist, even
if no inspections were carried out. It is worth noting that the alternative of running
the model with infringements per inspective action as dependent variable does yield
significant intercepts, which is expectable as they would then have the interpretation
of baseline infringement per inspection action.

The age appears not to be relevant, contrary to findings by other authors. In the
only case where the model did find a tendency, weekends 0-6 h, that tendency was
that young males were less likely to infringe, in line with the findings of [18] and
opposite to those of [19,22,23]. As the large database used in this research decreases
the likelihood of a statistical type II error (false negative), a case can be made for
young age not being a predictor of evasion in general. At most young age can produce
local, city-scale effects and are unlikely to be significant as a global, worldwide trend.
The dependent variable spatial lag has an influence in some time periods, suggesting
that some endogeneity in fare evasion at those periods. The negative coefficient on
weekdays 17-20 h is perhaps somewhat unexpected, as it suggests anticorrelation:
stops with high infringement detection tend to pair with those with low detection.
This hints at inspection actions having a stronger deterrent effect at this period, which
is a rush hour (many passengers) and has the highest number of inspections per
hour (Table 2), leading to a higher visibility of inspections. Passengers who take
the inspected bus lines are likely to have witnessed those inspections and refrain
from evading, leading to less detection at the nearby stops. On the other hand,
the mild positive correlation at weekends late night (0-6 h) suggests a contagion in
infringements, i.e., “if they skip the ticket, so will I”.

Inspective actions have by far the highest explicative power. This was expected, as one
can only detect what one looks for, and is in line with findings of [29,30], who advocate
for intensifying inspection actions as the best way to fight fare evasion offences.
At this point, it is important to note that, as Figure 2 shows, there is unevenness
in the distribution of inspection actions, with some stops being more intensively
scrutinized than others. It is because of this imbalance that detected evasion must
be controlled for the number of inspection actions. Had the inspection actions been
evenly distributed, the number of actions would have very little predictive power,
if any at all. But, as will be seen, the high explicative power of such actions does
not preclude other statistically significant trends for detected evasion. Returning to
the results, detection rates are consistent during the day, with regression coefficients
revealing about 0.02-0.03 detections per action, and rising during the night, especially
on weekends, climbing to 0.04-0.13 detections, possibly revealing infringers trust that
they will not be inspected due to the off-hours. An exception is late night weekdays
(0-6 h), which have the lowest infringement rates with about 0.01 detections per action.
This might be due to people using buses at these hours on weekdays being mostly early
workers, who usually have public transport passes. Note that for weekdays 10-17 h,
the baseline tendency adds to the effect of inspective actions, yielding the highest
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absolute number of detected infringements. This was the only case where variance
could be significantly split into an explanation of baseline plus inspection actions.

6.  Bus frequency has a small effect. Positive at weekdays 10-17 h, a possible explanation
for it might be the temptation to skip the ticket believing that the inspective workforce,
which is limited, cannot be on all buses at the same time and so it may prefer the
rush hours, losing grip in the period in-between. At early night, the negative effect
may come from a fear to be sent off the bus from infringement at an inconvenient
time when other busses are scarce and the surroundings potentially unsafe. The
daytime frequency effect may be worth considering in the context of frequency-setting
algorithms, such as, e.g., [41].

7. POl density has a negative effect on infringement detection at rush hours, suggesting
that some people that head to POI-dense locations, perhaps the tourists or workers
at the POI, have a lower tendency to infringe. This point seems worthy of further
research.

8.  The error spatial lag has positive-signed significance during the 10-17 h and 20-0 h
weekday periods, suggesting increased evasion trends in some spatially clustered bus
stops. Since the error term captures unknown factors, this clustering may be due to
geographic variables that influence evasion but do not feature in the models.

9.  Finally, concerning model quality (R2 values), most of the GS2SLS models adhere quite
well to the data. The fitness is not so good for weekdays late nighttime (0-6 h) and
weekends daytime (6-20 h), but even in that case, the models capture a considerable
part of the data.

5. Discussion

Summing the above observations, firstly, it can be concluded that inspection actions
are of major importance in assessing the state of fare evasion in the bus network of a
mid-sized European capital city. Periodic inspection action and use of its results statistical
models, such as the GS2SLS model this article presented, and persistent monitoring of the
regression coefficients for this particular variable can be a valuable decision-aid tool for
understanding whether the problem of fare evasion stabilized, decreased, or jumped out of
control. An interesting managerial application of the GS2SLS model is it can be used to
know whether the inspection actions saturated and may no longer be useful as deterrent,
as suggested by [19,32]. If the model is run on new data with an increasing number of
inspections and their regression coefficients do not decrease in comparison with previous
ones, it is a hint that saturation may be happening and that other preventive or deterrent
measures may be necessary.

Secondly, the period of the day and the distinction between weekdays and weekends
influence how fare evasion is structured, in the sense that the statistical significance and
trend direction of the other explanatory factors depend on period and type of day, although
Tables 3 and 4 do not suggest any rationale besides the number of detected infringements
and of inspection actions to link the various GS2SLS models.

Thirdly, little evidence was found of young age having an effect on the propensity
to evade. This non-significance coupled to the fact that socio-economic data were not
available due to data protection issues, which made it impossible to profile a typical
premeditate evader.

Fourthly, concerning the spatial expression of fare evasion, the results hint at some
dependence on the spatial component, not only through the significance of evasion detec-
tion and error autocorrelations in four of the models, but also because of reduced tendency
for infringements on bus lines serving points of interest during rush hours. To understand
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whether spatial expressions of evasion can be identified, maps were derived, which are
shown in Figure 5 below.
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Figure 5. Spatial distribution of detected evasion for periods with endogeneity. (a) Detected evasion,
weekdays 10-17 h. (b) Detected evasion, weekdays 17-20 h. (c) Detected evasion, weekdays 20-0 h.
(d) Detected evasion, weekends 0-6 h.

Recall that detected evasion (DE) exhibits spatial autocorrelation on the main term
that is negative on the evening weekday rush hour (17-20 h) and positive on the weekend
night period (0-6 h) and also positive spatial autocorrelation on the error term on two
off-peak weekday periods (10-17 h, 20-0 h). The corresponding spatial patterns of DE
are not straightforward to identify from the maps, but they appear a little more clearly
in Figure 5a, which shows higher incidence of orange and red dots along two bus lines
connecting the centre of Lisbon to the suburbs of Amadora and Odivelas (up to Lumiar)
and along the Tejo River right bank. According to Figure 2, these bus lines are very
frequently inspected, which brings up the following point. In a G52SLS, when regressors
have strong explanatory power and endogeneity plays a smaller role, it is possible that
spatial patterns, albeit present, are hard to visualize or that those patterns are more tied to
regressor influence than to endogeneity. The latter could be the case of Figure 5a because
frequent inspections lead to more detection, which potentially explains the clustering along
the above-mentioned bus lines. However, since this period has a statistically significant
autocorrelation on the error term, undisclosed factors with a spatial expression must also
exist, and therefore, the complete explanation of DE bears a spatial dependence that goes
beyond the inspection/detection nexus. Possible factors with a spatial expression that
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might explain the error autocorrelation include socioeconomical variables, such as income
level (which could not be included due to data protection).

In another period, Figure 5b, this one with anticorrelation on the DE main effect, a
similar but less pronounced clustering is seen. In this case, the statistical significance does
not fall on the error term but on the DE main effect itself, so, while not explicitly visible on
the map, it nevertheless is there and suggests a deterrent effect of inspection actions because
it is an anticorrelation. As to Figure 5c,d, spatial patterns of DE are even harder to visualize,
and one must trust the statistical outcome, which is of a slight clustering tendency of DE in
both cases. The final geographic factor is POI density, which is higher in downtown Lisbon,
located to the southeast. Again, its effect (less DE) is not easily visible on the maps. Since
the decrease effect applies at rush hours, it could be linked to commuting workers with
valid bus passes, as POI-dense locations also tend to have higher job densities [42].

Summarizing on the spatial factors, the conclusion is that some spatial patterns exist
that maintain statistical significance after controlling the number of inspection actions.
However, it is not clear what those patterns are and, consequently, what might be their
underlying cause (income levels are a possibility).

As a final note, Figure 6 shows a map of detected evasion.
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Figure 6. Global rate of fare evasion (DE/IA).

Figure 6 displays a scattered pattern which would suggest that the bus company
is placing its inspectors correctly, carrying out more inspection actions on bus lines that
indeed have a higher incidence of fare evasion.

Regardless, the results suggest policy implications of transferring inspectors from (POI-
dense) downtown to north and northwest stops and intensifying inspections in the busier
lines of weekdays 10-17 h period (due to the bus frequency factor), although these are mild
suggestions as compared to monitoring the progression of the regression coefficients for
the number of inspection actions and of the sign of Rho and Lambda W, whose negative
value suggests effectiveness of the inspection actions.

6. Conclusions

Fare evasion has been addressed in several works, but previous studies were based on
surveys limited in time, space, and size. The work proposed here was based on a larger
database than most of the studies, whose size allowed us to analyze different periods and
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distinguish between working days and weekends and included the spatial component,
usually a neglected factor. This made it possible to identify and relate patterns in the
territory while controlling for autocorrelation by means of GS2SLS modelling. To the best
of our knowledge, this is the first time such an approach has been developed.

Results showed that indeed the type of day (weekday or weekend) and period of the
day lead to different models. The number of inspections actions had the highest impact
on explaining the number of detected fare evasions, being the only variable that was
consistently significant throughout all periods of the day and regardless of the type of day.
It is expected that this variable remains significant in general, highlighting its importance
as a decision-aid tool to monitor the state of evasion in the public bus lines. However, after
controlling that variable, various statistically significant tendencies remained. For instance,
it was also seen that bus frequency plays a role in off-peak hours and that, contrary to
previous studies, young males do not seem to be more likely to infringe than the average
citizen, suggesting that age is likely to be a local factor in evasion. However, the latter
conclusion must be taken with a grain of salt, as data on age were obtained indirectly.

The influence of the spatial component, a key factor this research set out to assess, was
also found to be statistically significant for several of the models. During the evening rush
hour, the distribution of detected evasion exhibited spatial anticorrelation, suggesting a
dissuasive effect of inspection actions. In other models, the endogenous effects turned up in
the error term, hinting at spatial factors that are yet undisclosed. However, since the regres-
sors have a high explanatory power as compared to endogeneity, spatial patterns of evasion
were not visible from map representations, making it unclear what they might relate to
geographically. The density of points of interest provides a tentative spatial explanation
for those patterns, at least for the rush hour periods, which could be applicable to other
case studies, but clearly more research must be carried out to fully understand the spatial
aspects of fare evasion. This research showed that those aspects do play a statistically sig-
nificant role, even in the presence of strong explanatory factors like number of inspections,
and therefore warrant further study. A better knowledge of those patterns would also
help understanding to what degree the conclusions of this article can be generalized in
other locations.

Further putative factors of evasion with a spatial expression should certainly be tested
out in follow-up research, datasets permitting. Another factor that may be interesting to
consider is the direction of travel, as this might relate to evasion patterns of commuters.
Deepening the analysis of whether inspection actions effectively deter fare evasion (and
where) is another issue worth researching, as well as making an heterogenous analysis, i.e.,
deriving local regression coefficients. We hope to address these issues in the near future.
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