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Abstract

Transport infrastructure development and perception vary across and within
countries, influencing mode choice among road users. This study explores
how road users perceive the development of infrastructure modes, service
attributes, embedded safety levels, and commuting modes. Additionally, the
research examines whether participants’ environmental backgrounds impact
their mode choice patterns. The study gathered responses from 1169 partici-
pants residing in two regions of Amman, Jordan, each with distinct infra-
structure development and population densities. Participants completed a
standardized questionnaire, and several statistical techniques were employed
for analysis. The findings revealed that facilities’ infrastructure attributes, de-
velopment, and safety were assessed using three indices. Both participant
groups perceived these indices differently on average. Residents of low popu-
lation density areas with relatively developed infrastructure showed more
consistent assessments, irrespective of their most frequently used mode of
transportation, tending towards lower scores. Interestingly, subjective ratings
of infrastructure development were higher (4.96) than attribute-based ratings
(4.32). Despite their generally low-quality perception, public transportation
services received the highest appraisal (4.9). Conversely, pedestrian infra-
structure complementing public transport received the lowest assessment
(4.57), only slightly higher than street environments (4.59). The study found
weak associations between subjective service characteristics ratings. Traveler
and trip characteristics influenced mode choice and trips more than infra-
structure perception. In conclusion, the study suggests that policies should be
developed to encourage green transportation, ensure social equality and safe-
ty. In addition, the study contributes to understanding perceptions about
transport infrastructure, modes of transportation, and the factors that influ-
ence sustainable and equitable transportation systems.
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1. Introduction

The 2021 budget of Greater Amman municipality shows that 10% of its expend-
itures go to developing the city infrastructure, such as asphalt, aggregate base
and sub-base courses, ditches, culverts, and retaining walls. Last on the list was
sidewalk work, even though one-quarter of all trips in Amman involve walking.
Compared to public transportation, private cars make up one-third of all trips
[1]. The Public Transport budget does not exceed 2%, except for the Bus Rapid
Transit (BRT) project, which includes traffic enhancement components in 8%
[2]. Public transport modal shares of 8% for buses and 5% for taxi-sharing ser-
vices (white taxis) necessitate the development of the city’s BRT project [1].
While the public may not see the benefits associated with the new service, they
still prefer reducing congestion and improving the car traffic environment. The
modal choice factors include the perception of infrastructure, needs and desires,
and affordability, which may contradict each other. The literature extensively
discusses the modal choice and related factors at the individual level and in-
cludes service attributes describing the trip or exclusively for each mode. Public
transportation is significantly affected by car ownership, distance to work, park-
ing availability, and ticket prices as a daily commute mode in Norway and is ne-
gatively affected by low bus frequency and long walking distances to the home
bus stop [3]. An ordered logit model for examining the impacts of perception of
infrastructure on the use of shared space was developed using data from 200
face-to-face interviews from Palemero, Italy, indicating that perceptions of safety
and comfort for walking and cycling increase with one-unit higher perceptions
of infrastructure; the gender and age influence the use of the shared space [4]. A
literature review of several studies was prepared in New Zealand to provide an
overview of key infrastructure initiatives that provide a safe and healthy envi-
ronment for active transportation; according to the study teams, mode choice
is influenced by the quality and type of infrastructure users encounter on a
trip-by-trip basis. The quality of infrastructure affects pedestrians’ and cyclists’
safety, safety perception, and overall service levels [5]. Travelers in five northern
European cities were surveyed to validate the relationship between public trans-
port quality and perceived accessibility and the role of perceived safety. Several
factors affect the perceived quality of public transportation, including functio-
nality (reliability, travel time, frequency, distance), information (reliable and
timely), comfort (cleanliness and accessibility to seats), and cost (fare structure,
tickets, and their validity). There is a direct correlation between perceived acces-

sibility and functionality and an indirect with perceived travel safety, with some
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variations among the cities. There was an association between females’ age and
gender and their perceptions of accessibility [6].

To examine drivers’ perceptions and opinions of road infrastructure, trip
characteristics, and daily trip experiences, researchers conducted a five-country
study in Estonia, Greece, Kosovo, Russia, and Tiirkiye. They concluded that road
users had very different perceptions and evaluations of environmental characte-
ristics [7]. In the Lisbon metropolitan area, ethnographic interviews and focus
group discussions were conducted to identify factors affecting people’s percep-
tions and satisfaction. According to Ramos ef al. [8] a better intermodal connec-
tion, better compliance with timetables, and better response to the users’ needs
will increase the use of public transportation. To provide policymakers with
useful information on road transport infrastructure projects completed in cargo
transportation in Brazil, a literature review was conducted. There are four most
relevant variables: traveling time, atmospheric emissions, accident numbers, and
operating costs, among others [9]. This online survey addressed the infrastruc-
ture service level assessment model based on citizen demand, highlighting the
utility of the infrastructure index in setting priorities. The model evaluates usa-
bility (evidence that infrastructure functions properly), accessibility (accessibility
when required), and disaster recovery speed. Residents’ satisfaction with their
homes was significantly influenced by the quality of infrastructure in a residen-
tial area [10].

Roads and public transportation are generally well-rated; men 46 - 55 gave the
highest rating, while the youngest gave the lowest; men’s rating was usually
higher than women. A high score was given to the readability of public trans-
portation timetables, while the lowest score was given to accessibility and distri-
bution. The study also found that bus stops and shared vehicles need to be safer,
and parking spaces should be more plentiful [11]. In Greece, a probit model was
developed to identify the variables affecting the modal choice for urban mobility;
the study concluded that females and groups aged 35 - 44 prefer public trans-
port. People don’t use public transportation mainly because of crowdedness, lack
of information, and poor accessibility. By contrast, parking spaces would en-
courage the use of cars [12].

The perception seems to be investigated as a synonym for satisfaction and its
impact on mobility model selection without considering the other modes’ per-
ceptions of the competing infrastructure. The perceptions of infrastructure
usually are examined from one mode of transportation perspective, with few at-
tempts to quantify it as a variable that may influence the user transport choice.
The utility function discrete modal choice is derived from transport mode
attributes that do not always include an indicator for user perception. Little re-
search has been conducted on approaches and techniques for rating infrastruc-
ture in developing countries concentrating on one or more aspects. Government
and community perspectives on existing and new infrastructure were investi-
gated regarding their adequacy and perceptions [13] [14]. The studies aim to fill

a gap in knowledge regarding the perception of infrastructure attributes, devel-
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opment, adequacy, safety, and their relation to modal choice.

As part of this study, road users’ perceptions of three modes of transportation
were assessed separately and interrelatedly at the same time. First by evaluating
the subject’s most frequent mode use; reflecting on other modes they are not
primarily using. Secondly, by investigating whether modal choice is related to
perception of mode attributes or, for other reasons, whether the users’ general
perceptions of the development of transportation modes infrastructure are sub-
jective or attributes-based perceptions based on budget allocated for develop-
ment or other service attributes not related to infrastructure. In the end, the
outcomes of this study will provide insight into policies that should be imple-
mented to influence the perceptions and choices of users. To achieve the objec-
tives of this study, the following hypotheses will be tested. Firstly, their socioe-
conomic status influences road users’ perceptions of transport infrastructure.
Secondly, users assess the infrastructure of transportation modes they use for
commuting similarly to modes they don’t (ie., How their experience differed
from their general perception). The third hypothesis, attribute-based users’ per-
ceptions of transport infrastructure, is like their subjective perceptions. Fourthly,
road users’ perception of infrastructure assessment is well correlated with
attributes of infrastructure services, such as safety and stage of development. In
the fifth hypothesis, the modal choice is not influenced by the user’s perception
of modal characteristics. Two perspectives are considered to verify the last idea:

individual choice and collective choice (aggregated level).

2. Literature Review

Traditionally, transport planning and policies focus on accessibility, mobility,
and associated outcomes. Recently, the transport system design shifted from
moving persons and goods to providing an affordable and safe system that

serves everyone equally and efficiently [15].

2.1. Transport Facilities’ Perception

Several studies investigated the user’s perception of the transport system. In
Spain, a study showed that overall service quality was better explained when the
passengers reflected on the service provided [16]. The perceived public transport
accessibility, mobility, and seamless connectivity differ based on travellers’ age,
frequency of weekly activities, and environmental awareness [17]. The causal
pathway analysis investigated the link between the improvement of infrastruc-
tural intervention related to walking and cycling routes and behavior change,
defined as the time spent walking and cycling. It indicated that user perception
of improving new walking and cycling facilities in the UK was mainly because
they were new routes. In contrast, pathways involving changes in environmental
cognitions explained only a small proportion of the effect [18]. Based on a sur-
vey of 1221 participants, five European countries concluded that all road users

(drivers’-motorcyclists, pedestrians, cyclists, and public transport) within and
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across the countries evaluated and perceived environmental facilities’ characte-

ristics significantly differently [7].

2.2, Transport Facilities’ Index

The land use and public transport accessibility index was a decision-aiding tool
that used geographic system GIS-based methodology to quantify and map acces-
sibility to common land use destinations by walking and public transport. It was
applied on the Gold Coast of Queensland, Australia, to show how the accessibil-
ity indexing approach can be used as a decision-support tool in planning trans-
portation and land-use activities [19]. Five methods were explored to develop
composite road safety performance indicators. The weights derived from data
envelopment analysis compared to the other four methods, factor analysis, ana-
lytic hierarchy process, budget allocation, and equal weighting, provided the
highest correlation with the road safety ranking of 21 European countries based
on the number of traffic fatalities per million inhabitants [20]. A street design
index was created and validated through a testbed case study to address barriers
to pedestrian access, crime fear, and broader social inclusion. Transport access
for vulnerable groups is hindered by perceptions and safety concerns that need
to be considered when planning mobility and journeys [21].

A social-disadvantage index was used to identify neighborhoods needing at-
tention during the review of the Montreal transportation plan, which was rela-
tively equitable. However, some areas benefit greatly more than others. Still,
the focus of most new transit infrastructure near the CBD, the plan does pro-
vide quite well for many poorer neighborhoods [22]. Later, the Montréal Origin-
Destination survey conducted in 2003 examined the correlation of walkability
scores with household travel behaviour for home-based trips. The study showed
a correlation between walkability indices and walking trips for most non-work
trip purposes, in addition to the role of socio-demographic characteristics on

walking trips. Still, it was not the same for all individuals or households [23].

2.3. Equity and Social Inclusion

According to the United Nations [24], social inclusion is “the process of im-
proving the terms of participation in society for disadvantaged people based on
age, sex, disability, race, ethnicity, and economic and migration status”. Social
inclusion and its relationship to the ability to be mobile and access opportunities
were investigated. Public transport, including the emergence of autonomous
public transport vehicles, might affect the options for reducing mobility-related
social exclusion as potential means to support social inclusion [25].

The equity and accessibility of the proposed transit infrastructure projects
were also addressed, which showed that the plan was relatively equitable. How-
ever, some areas benefit much more than others on the regional and personal
scales [22]. To address the accessibility inequality, different policies in Bogota

related to changes in the fare structure of the existing public transport system
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and cross-subsidies used in appraising the impact of developing a new BRT line).
The population, location, purchasing power, and a redistributive fare schemes
market can be a more significant impact than the expansion and improvement of
the public transport network on the accessibility to the labor market [26]. High
public transport gaps characterize the suburban areas of the Dutch-speaking region
of Belgium. These gaps differ over time when comparing the time-continuous and
schedule-based public transport index to that based on the spatial distribution
[27]. In Uruguay, unequal distribution of potential mobility was reported, espe-
cially for jobs and upper-level public education but not primary public schools
[28]. The self-reported citizens’ needs were mapped with three urban transport
policies in Port Louis city (Mauritius), including the light metro rail system, bus
modernization scheme, and road decongestion program.

The citizen of Port Louis city, Mauritius, demanded improving sidewalks
(80%), public spaces, green spaces, pedestrianizing strategic areas, centralizing
street vendors at bus stations, and regulating the entry of private vehicles in the
town. The study concluded that the policies aligned with three out of six needs
of poorer population groups. At the same time, they do not respond to the need
for the active mode of mobility, not addressing the health and social co-benefits
of transport [29]. The impact of the accessibility to public transport on higher-
quality public education was investigated. The results showed that around 20%
of the zones in Santiago have at least a 50% deficit in higher-quality public edu-
cation, and 71% are in peripheral areas classified as medium and low-income
population areas where their transit passengers need, on average, 1 - 2 transfers,

15-min waiting, and have 4 - 5 passengers per square meter [30].

2.4. Transport Infrastructure Evaluation

A study in India showed that it was possible to provide pedestrian, bicycle, and
public transport within the existing right of way in India by fulfilling their needs
when the road design was re-assigning priories to various road users and consi-
dering their vulnerability [31]. Car-dependent culture is a universal trend. Hali-
fax residents travel mainly by car to meet their purposes but walk to school. Des-
tination accessibility was a contributing factor to the transport modal choice.
A measure for accessibility—Composite Network-distance-based Accessibility
Measure (CNAM)—was introduced to generate accessibility very poor to very
high. A higher CNAM reveals more excellent proximity to a higher number of
destinations. The citizen tends to use sustainable mode of transport (walking,
cycling, and transit) if their destinations are scaled on the CNAM as very high
[32].

A study in Indonesia explored pedestrian facilities’ level of service, walkability
index (ability to walk on the existing walking infrastructure) and walking envi-
ronment (Design standards encouraging people to walk more). The study con-
cluded that the walking facility standards were not providing an encouraging

walking environment [33]. The techniques used in the evaluation of pedestrian
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facilities differ by country. ie., USA researchers prefer quantitative and qualita-
tive approaches (parameters include density, flow rate, pedestrian speed, and si-
dewalk width). In contrast, Chinese and Indians prefer a qualitative approach
(parameters include pedestrian volume, safety, surface, obstruction, and width)
[34]. A study in Lithuania showed that only 13.5% used active modes of travel-
ing (cycling and walking), and those who used other modes of transport per-
ceived those active modes as the most sustainable. Safer pedestrian crossings and
comfortable paths encourage walking, while broader and safer cycling networks

promote cycling [35].

2.5. Structural Equation Models

A structural equation model (SEM) can be used to test and evaluate multivariate
causal relationships between latent variables and measured variables. Mathe-
matical models can only indirectly infer a latent variable from observable va-
riables. In SEMs, there are two types: measurement, confirmatory factor analysis,
and structural models; structural models test all hypothetical dependencies using
path analysis, whereas measurement models measure latent variables. Structural
equation modelling, a complementary tool for explaining underlying mechan-
isms of behaviour, allows a holistic exploration of various pathways and hypo-
theses across diverse disciplines. Using Swiss household data, an interdiscipli-
nary theoretical framework and an empirically tractable SEM model was devel-
oped to identify the mechanisms contributing to private transportation energy
consumption [36]. A questionnaire survey conducted during COVID-19 was
analysed and modelled using structural equation modelling to assess traveller
awareness, sense of responsibility, and moral obligations. There is a positive
correlation between personal norms and travellers’ awareness of consequences,
and attribution of responsibility, while there is a negative correlation between
personal norms and attitudes toward public transportation and usage [37].

An analysis of the travel survey data collected in Nanjing, China describing
low-income commuters’ travel patterns was conducted, which revealed a rela-
tionship between socio-demographic, activity engagement, and travel behaviour.
This is more clearly explained by including activity participation endogenously,
the impact of accessibility variables on activity participation and travel beha-
viour, where population density is a more prominent variable [38]. SEMs fo-
cused on accessibility and connectivity were developed and calibrated with data
from Lisbon Metropolitan Area (LMA), Portugal, including socio-demographics,
revealed mobility, and stated preferences in 2011. Public transport usage is en-
couraged by accessibility but discouraged by poor connectivity. Providing better
accessibility and connectivity will make people choose this service over a private
car [39]. Models were calibrated using a one-month travel diary collected in
Dhaka city, Bangladesh, as an example of a developing country, showing that
trip-chaining does not correlate significantly with mode choice utilities; both

are influenced simultaneously by socio-demographic characteristics [40]. Low-
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income working women in the Kamrangichor and Jhauchor slums of Dhaka,
Bangladesh, where bus service is unavailable, were interviewed about their mo-
bility. A survey of 410 paratransit users was conducted in July 2018, and 22
attributes of service were rated on a five-point Likert scale. To determine the re-
lationship between service features and paratransit service quality, several SEMs
were performed. Goodness-of-fit values indicate that the best model includes
four latent variables: service features, system performance, safety and security,
and reliability [41]. The data collected in Chengdu, China, were used to develop,
calibrate and validate structural equations and discrete choice models SEM-DCM
based on latent variables. Compared to a traditional logit model, the SEM-DCM
integrated model showed a greater impact of fare on public transport modal
choice. The integrated model has a higher goodness of fit than the traditional lo-
git model, indicating higher accuracy and explanatory power [42].

The Analysis of Moment Structures (AMOS) software was used to identify 41
latent variables affecting riders’ choice of feeder modes in Vadodara, Gujarat; six
hypotheses concerning latent variable interrelationships were developed and
tested. Four latent variables positively affected riders’ mode choice behaviour:
comfort, convenience, safety, and security [43]. An online survey of Toronto
residents examined the factors influencing their decision to use public transit or
taxi for a recent ride-sourcing trip. The study found that students, low-income
households, and transit pass holders were more likely to use ride-sharing instead
of public transportation, while older respondents and those from wealthier
households preferred taxis. Contrary to attitudes toward ride-sharing services,
social factors, and trip-related attributes heavily influence alternative modes of
transportation [44].

A large-scale survey was conducted in six European cities to develop SEM and
validate the framework across cultures; travel satisfaction has been positively
correlated with accessibility factors, such as network coverage, speed, and fre-
quency of service, perceived costs, such as reasonable ticket prices, and norms,
such as the importance of public transportation to society and the environment.
The pattern was consistent across all six cities, regardless of whether different
types of users use public transit or private vehicles. Students and young respon-
dents were less satisfied with the quality of service despite using public trans-

portation more frequently than middle-aged and elderly respondents [45].

2.6. Modal Choice Models

Mode choice analysis examines commuters’ decision-making process to identify
the most utility mode. Developing sustainable planning strategies requires un-
derstanding travel behaviour and its relationship to urban form. In transporta-
tion planning, mode choice is crucial. Many statistical tools, such as the logit and
probit models, can be used to analyze data. A literature review of some papers on
the factors that affect travellers’ mindsets and their modal choice [46] [47] [48].

A comparative analysis of various modelling techniques showed the need for
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hybrid mode choice models in the complexity of travel characteristics, the Neu-
ro-Fuzzy models, to perform better than individual models like multinomial lo-
git and probit [49]. From an analytical standpoint, logit is superior to probit, but
probit has a more reliable theoretical foundation. A review of sixty-two articles
published between 1977 and 2014 examined the mode choice model using con-
ventional statistical techniques or artificial intelligence. Analyze trends in mode
choice modelling for intraregional and border transportation and explain why
different methods are used. Despite artificial intelligence’s usefulness, logit mod-
els dominate border transport models [50]. Logit and probit models were com-
pared and evaluated for two transit modes in two Saudi cities. The utility func-
tion includes the traveller, the trip, and the attributes of the transportation sys-
tem. Partial-specified models are based on transport system attributes, while
full-specified models have traveler and trip attributes. The model was evaluated
based on consistency, significance, goodness-of-fit, outlier analysis, and market
segmentation. Regarding mode selection, models with full specifications will
provide more accurate results. Ghareib [51] concluded that the logit model is
more accurate and simpler than binary mode selection.

Users’ travel choices were predicted using machine learning models instead of
binary logistic regressions and discrete choice models. Kuantan City, Malaysia,
conducted the Revealed/Stated Preferences Survey. A ratio of 80:20 was used for
training and testing before evaluating the data collected. A model’s performance
is measured by its classification accuracy. The neural network model was more
accurate than the DCM, the binary logistic regression [52]. A multinomial logit
model was used to analyze travel costs, distances, transit station accessibility,
service frequency, number of transfers, and parking costs for private cars (driv-
er-only rides and shared rides with two or more passengers) as well as transit
(regional buses, rail, and air). The results showed that by improving bus service,
more passengers switched from air travel to buses; if the gasoline prices essen-
tially tripled, they had little impact on mode share [53]. Home-based work trips
during peak AM hours were evaluated in the Washington-Baltimore Regional
Household Travel Survey 2007-2008. When analyzing trip mode choices at work
and home, the built environment was considered. The cross-classified multilevel
probit model incorporates spatial context into travel decisions. The workplace
and home environments influence commuter mode choices; the cross-classified
multilevel probit models offer significant improvements over traditional ones
[54].

In Xiamen city, China, accessibility of transit mode choice was examined as a
factor to consider in understanding the potential reasons for differences in travel
behavior among urban and suburban residents; Three origin-destination cha-
racteristics (accessibility to transit, travel distance, and spatial heterogeneity)
were considered when analyzing the probit model for multi-group samples and
the structural equation model. Compared to urban residents, suburban residents

use public transportation less frequently and travel by interregional buses less
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often [55]. The national household travel survey and built environment mea-
surements in the Baltimore metropolitan area are used to describe the relation-
ships between travel mode choice, car ownership, and travel distance using
SEM-DCM, where the travel distance and car ownership were found to influence
the travel mode choice directly and indirectly, according to Ding et al. [56]. Us-
ing an integrated SEM-DCM, we explored the built environment, auto owner-
ship, and mode choice around public transit stations in China. The built envi-
ronment influences auto-related mobility near public transit stations; auto own-
ership provides an intermediary between exogenous variables and mode choice
[57]. In 2014, in Shenzhen, China, transit travel of low-income people was ex-
amined using a structural equation model. In urban villages, density and transit
accessibility influence travel distance, travel time, and mode choice. A critical
factor in transit promotion is villagers’ access to transit [58]. Probit analysis was
used to study how socioeconomic characteristics, territorial characteristics, ac-
cessibility, and transportation system impact the Madrid transit system use.
Land use variables and population characteristics (i.e., Gender and car owner-

ship) influenced daily trips made by metro users [59].

3. Methodology

The study methodology visualized in Figure 1 shows the study components and
general analysis approach. The approach in this research addresses the infra-
structure of three modes of transport from their user perspectives and the reflec-
tion of the nonusers. Users” assessments of infrastructure, safety, and develop-
ment attributes were collected from two neighborhoods in Amman city. To ve-
rify the hypotheses formulated, several techniques were employed. In scale de-
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(EFA) are commonly used methods for data reduction. The EFA should be used
whenever the relationship between the items is unknown, but when the connec-
tion is known and the factors and related articles are known, the CFA should be
used [60]. In addition to descriptive and correlation analyses, inferential analys-

es, the multinomial logistic regression was performed.

3.1. Study Area

This study was based on data collected from two regions in Amman city, de-
scribing different population densities and infrastructure development and re-
flecting other socio-economic characteristics. Table 1 shows that both parts are
equal in their geographic areas, but the high-density region (HDR) population is
three times the low-density region LDR. The level of the monthly household in-
come of the LDR (2330 US$) is twice that of the HDR (1175 US$). The road
network length of the HDR is longer by 30 km. The latter region is older and
considered to have the highest population density in the city. Road network con-
figuration in the HDR has a radial and grid pattern with high streets and inter-
section intensity. The streets are narrow and poorly furnished. The road confi-
guration in the LDR has mainly a grid pattern with fewer intersections and long
street segments between the intersections. The streets are wider and relatively
well-furnished. The average intersection spacing on the main roads in HDR is 95
m compared to 145 m in the LDR. The intersections in both regions lack proper
control devices and channelization. On-street illegal parking is common in both
areas. There are no designated marked spaces for pedestrian crossings. Bus stops
are not always visible when provided, block the sidewalk, and are not completed
with other pedestrian facilities (Figure 2). The sidewalls, if provided, are narrow
and often blocked with trees and other fixed objects forcing the pedestrian to use
the traveling lane for walking. Bus stops are not always visible when provided,

block the sidewalk, and are not complemented with other pedestrian facilities.

3.2. Sample Structure

A questionnaire was developed mainly consisting of standardized questions dis-
tributed to 1169 participants interviewed in households and working places. In
addition to the resident neighborhood type, the factors identified by the partici-
pant include gender, age, profession, and car ownership level. As can be seen
from Table 2, males outnumber females in both neighborhoods, reflecting their
general traffic presentation. The HDR participants seem younger, with over 50%

under 25. The working age group for university graduates in the LDR is 58%

Table 1. The characteristics of the study area.

Area (km?) Population Road Length (km)
HDR—Basman 13.4 374,000 248
LDR—Zahran 13.8 107,529 218
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Figure 2. Street infrastructure conditions in the study area (a) HDR street and intersection; (b) LDR
street and intersection; (c¢) HDR public transport facilities; (d) LDR public transport’s facilities; (e)
HDR pedestrian facilities; (f) LDR pedestrian facilities.

compared to just 44% in the HDR, which may explain, in addition to the differ-
ences in income levels between the two neighborhoods, why the LDR group
(42.9%) owns more cars than the HDR group (21.7%). In the household inter-
views, more subjects work for the HDR than for the LDR, according to the in-
terviewee’s place; more subjects work for the HDR than for the LDR. Profes-
sional subjects are twice as common in LDR workplace interviews as in HDR
workplace interviews. The HDR group (37.4%) has twice as many business
owners as the LDR group (17.3%). The distribution professions in the two
neighborhoods differ by the interviewee place; more subjects are working the
HDR in the household interviews than in the LDR group. The professional sub-
ject in the workplace interviews of the LDR is twice that of the HDR. On the
other hand, the business owners in the HDR (37.4%) are twice that of the LDR
group (17.3%).
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Table 2. Sample size and distribution by area population density group, gender, age, car
ownership level.

Gender Age % C
Total Total ? ar.
Male Female <25  25-40 41-60 >60 Ownership
439 320 398 200 125 25
HDR 748  21.7%
(58%) (42%) (53.2%) (26.8%) (16.7%) (3.3%)
245 192 168 198 46 12
LDR 437 424 429%
(56%)  (44%) (40%)  (47%)  (11%) (2.83%)
684 512 566 398 171 37 .
Tota 1196 1172'  100%

1
(57%) (43%) (48.3%) (33.96%) (14.6%) (3.16%)

® Sales and Marketing = Engineering and IT sector = Education Sector Health Sectoe
® Public Administartion ® Professional Drivers ® House Wives ® Labours

100%
90%
80%
70%
60%
50%
40%
30%
20%

AAANNNNNN

10%

0%
’ Household Work Place Household Work Place

'The sample size discrepancy was due to some subjects not responding to the age ques-
tion.

3.3. The Questionnaire

Open-ended questions were included to seek further explanations for the res-
ponses or to put forward suggestions. The questionnaire was distributed to two
groups representing the two regions of varying population density, and the
questionnaire was distributed to households and in working places. The partici-
pants were requested to fill in their answers and return them to the survey’s ad-
ministrator once completed.

In the first part of the survey, the subject is asked about their socioeconomic
characteristics (age, gender, profession, vehicle ownership) and general travel
behavior pattern (number of journeys, travel time, and mode of transportation
used). The subjects were asked to provide reflections on the mode of transport
by assessing the development of infrastructure and operational conditions of the
transport mode they use and reflecting on the features of other modes of trans-
portation they do not often use. The responses to this part will describe the in-
frastructure development index (IDI), a subjective index showing how the sub-
ject perceives the municipality’s interest in providing the service to its citizens

for that specific mode of transport using a ten-point Likert scale.
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The subjects were also asked to rate the perceived safety of the transport mode
they use on a ten-point scale, which will define the infrastructure safety index
(ISI). A group of questions was introduced to measure an index describing the
transport mode attributes, the infrastructure Attribute Index (IAI), which may
reflect objectivity in their responses. The modes’ features included in the ques-
tionnaire are listed in Table 3.

The pedestrian and public transportation facilities are part of assessing the
street infrastructure serving private transport because those facilities are integral
to the service and would influence the driving pattern and driver behavior. The
list of attributes was short as possible but informative enough to address the
main attributes of the service mode, thus encouraging more subjects to partici-
pate in the survey. The selection of the attributes is aimed at evaluating the main
features that investigated the mode of transport intended to provide for its users.
For example, streets should provide for public transport, pedestrians, parking,
roadside features, and control devices; therefore, these attributes were assessed.
In addition, the selected walking and public transport infrastructure attributes
confirm well with the approach used in the evaluation in the reviewed literature
[17] [33].

3.4. Analysis Approach

More than one statistical tool was used in this research, starting with the reliabil-
ity test—Cronbach’s Alpha—used to assess the stability of the respondent an-
swers to the questionnaire questions. The test was applied to the subject’s res-
ponses when rating the mode’s infrastructure development and service attributes.
As a rule of thumb, the responses a five-range scale is used: a > 0.9: Excellent;
a> 0.8: Good; a > 0.7: Acceptable; a > 0.6: Questionable; a > 0.5: Poor; and a <
0.5: Unacceptable and usually if Cronbach’s alpha of 0.7 and more are deemed
acceptable level of reliability [61]. The following sections describe the techniques
and tools used in this research in detail.

3.4.1. Descriptive Analyses
This group of tests includes frequency tests, central tendency, dispersion meas-

ures for scale data, and contingency table analysis. These tests were applied to

Table 3. Transport mode service attributes.

Driving-Street Walking-Pedestrian Riding-Public Transport
PCA1: Public Transport Facilities PA1: Encouraging Rule Compliance PTAL: Temporal Availability
PCA2: Pedestrian Facilities PA2: Crosswalks Adequacy PTAZ2: Spatial Coverage
PCA3: Traffic Control Devices PA3: Crosswalk Visibility PTA3: Waiting Time
PCA4: Traffic Calming Measures PA4: Crosswalk Enhancement PTA4: Convenience
PCA5: Roadside Features (trees and Lighting) PA5: Sidewalk Width & Continuity PTAD5: Customer Satisfaction

PCAG6: Parking Facilities

PAG6: Sidewalk Paving Type and Conditions PTA6: Stops & Terminal Facilities

PA7: Convenient and Comfort:
Sidewalk height and light conditions.
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describe the subject’s rating of transport mode transport attributes and the in-
dices (IDI, ISI, and IAI). The contingency table analysis was used to test the

modal share split due to region type.

3.4.2. Data Reduction

The Principal Component Analysis (PCA) was used in EFA to reduce the num-
ber of variables describing the service attributes. Even though the number of va-
riables tested for each mode of transport is limited, the tool was still applied, and
the developed factors were examined and tested further. The Eigenvalues of the
factors must be greater than one and explain at least 70% of the variance to be

retained.

3.4.3. Inferential Statistics

Statistical tools were used, including t-test, ANOVA, z-test and one-way re-
peated measures, and Pearson correlation coefficient (PCC). The t-test was ap-
plied to test transport modes’ attribute ratings and indices due to area type. The
one-way repeated-measures ANOV A was used to test the agreement between the
responses on rating the infrastructure of transport modes development. The
z-test was used to test the difference in the modal split proportions, while the
PCC was used to test the associations between the proposed indices and the
modal share. The significance level used for t-test, chi-square, ANOVA, and
one-way repeated Measures (Wilk’s Lambda) is 5%. These tests were applied to
the original raw data of the service infrastructure attribute and their factor
scores. The correlation between the IDI and ISI with IAI is based on the arith-
metic average of the variables that contributed to the reduced and reduced fac-

tors for each mode of transport.

3.4.4. Structural Equation Model

A structural equation model (SEM) consists of a measurement and structural
models. Measurement models relate observed responses or variables (x;, x,,
X;, ..., X;) to latent variables (¢ and 7;) and sometimes to observed covariates.
SEM aims to model the relations between measured and latent variables or be-
tween multiple latent variables. The latent variables (constructs) cannot be
measured directly but can be inferred indirectly from the observed variables.
Models based on structured equations are used primarily to confirm and test
hypotheses rather than for exploration. Structured Equation Models help under-
stand different concepts that influence latent phenomena, but they are not al-
ways accurate in predicting them. This method estimates coefficients based on
hypothesized relationships between variables and cannot find associations other
than those specified. Structural equation models can test multiple hypotheses,
evaluate them, and analyze their differences to develop a better model (Figure
3). Muthén [62] specifies the full structural model (FSM) for latent variables; 7;

as
n,=a+Bn +I& +4 (1)
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Figure 3. Path diagram for full structural equation model.

where, jindex units or subjects, a: A vector of intercept; B: a matrix of structural
parameters depicting the relationships between the latent variables; I': a regres-
sion parameter matrix for regressing latent variables against observed explana-
tory variables & and ¢ a vector of disturbances (assuming multivariate normal
with zero means).

In the path diagram, exogenous latent measurement models are the x-side va-
riables, while endogenous latent measurement models (CFA) are the y-side va-
riables.

x, =7, +A S +¢ (2)
y,=t,+An,+9; (3)

7, the vector of g intercept terms for x-side indicators; 7z : vector of p inter-
cept terms for y-side indicators; x vectors of observed exogenous variables; ¢
vector of exogenous latent variables; & vectors of errors; A, the matrix of coeffi-
cients that relates x to & Y'is a vector of observed variables referred to as endo-
genous, 7: is a vector of latent variables also endogenous; ¢ is the vector of errors
for the endogenous variables, and 4, the matrix of coefficients relating yto 7. In
addition, the aggregate measure of the residuals is § variance or covariance of
residuals for x-side indicators ¢, variance or covariance of residuals for y-side
indicators. SEM evaluations are based on the fit indices for each path coefficient
(p-values and standard errors). The overall model fit can be evaluated using
good-fit indices that appear flexible in their selection. As a rule of thumb, the
factor loading must exceed 0.7 for the factor to account for 50% of the variable’s
variance. Still, the literature debate that the threshold may differ by sample size
and item frequency distributions, Comrey and Lee [63] suggest cut-offs going
from 0.32 (poor), 0.45 (fair), 0.55 (good), 0.63 (very good), or 0.71 (excellent).
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For this study, a cut-off of 0.5 was considered. The usability of model fitting in-
dices seems flexible. The literature recommends combining at least two fit in-
dices [64] with recommended cut-off values for some indices, as shown in Table
4. Composite reliability measures how much each indicator’s variance is ex-
plained by its construct, like Cronbach’s alpha.

__(XA)

CR=—=—"-+~— (4)
(Z A )2 +¢
where A (lambda) is the standardized factor loading for item 7and € is the re-

spective error variance for the item i The error variance (¢, ) is estimated ac-

cording to the following formula
¢=1-4 Q)

According to Fornell and Larcker [65] criterion, the average variance ex-
tracted (A VE) is a measure of the amount of variance captured by a construct in

relation to the amount of variance due to measurement errors.

Table 4. SEM goodness of fit indicators and the related cut-off thresholds.

Name of L Cut-off for
Acronym Explication Reference
category Accepted fit
Chi-
w 1-square <3 = acceptable fit
CMIN/Df divided by Degree [66] [67]
<5 = reasonable fit
of Freedom
1 = perfect fit
Goodness of perfect
GFI Fit Inde 20.95 = excellent fit [60] [68]
: i >
Absolute Fit >0.9 = acceptable fit
measure
Root Mean <0.05 = acceptable fit
RME . [69] [70]
Squared Residual <0.07 = acceptable fit
Root Mean <0.01 = Excellent fit

RMSEA  Square Error of <0.05 = acceptable fit [71]
Approximation  >0.05 and <0.08: mediocre fit

NEI Normed 1 = perfect fit (72]
Fit Index 20.90 = acceptable fit
. 1 = perfect fit
Comparative
CFI Fit Ind 20.95 = excellent fit [73] [74]
it Index
Incremental 20.90 = acceptable fit
fit measure
Tucker-Lewis
TLI . >0.90 = acceptable fit [64]
index
Incremental >0.90 = acceptable fit,
IFT , . [75]
Fit Index but the index can exceed 1
Construct Composite
L CR o CR20.7 [76]
Reliability Reliability
Construct Average Variance
1 AVE AVE > 0.5 [65]
Validity Extracted
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AVE =

" Az
—Z’Z‘ : (6)
n

where, 1 as above and n is the number of items explained by the construct.

3.4.5. Multinomial Logistic Regression

The multinomial logistic regression is used when the dependent variable is no-
minal (equivalently categorical, such as private car, walking, and public trans-
portation in this research). This model predicts possible outcomes based on in-
dependent variables (scale data, another categorical variable, etc.). If there are n
independent observations with p-explanatory variables, and the qualitative re-
sponse variable has k categories, to construct the logits in the multinomial case,
one of the categories must be considered the base level, and all the logits are
constructed relative to it. Any category can be taken as the base level; assume
category k as the base level. Since there is no order, it is apparent that any cate-
gory may be labeled k. Let 7; denote the multinomial probability of an observa-
tion falling in the /" category. To find the relationship between this probability
and the p explanatory variables, x,,x,,---,x,, the multiple logistic regression

model is,

log{ﬂj (Xi)J =0y, + %+ Py Xy o4 fuxy, 2
(%) ‘

where j=1,2,---,k—1, i=12,---,n. Since all the 7’s add to unity, this reduces to
log(fr (x ))_ exp(a + Bix, + fox, +---+ fix; )
AUy k-1
! 1+Zj:1exp(a+ﬂ1xl+ﬂ2x2+---+,8kxk)

For j=1,2,---,k—1, the model parameters are estimated by the method of

(8)

maximum likelihood [77]. Practically, statistical software SPSS was used to do
this fitting,

Goodness-of-fit Measures

Goodness-of-fit tests such as the likelihood ratio tests are available as indica-
tors of model goodness of fit, as is the Wald statistic to test the significance of
individual independent variables [78]. The likelihood ratio test is based on de-
viance [-2 Log Likelihood (LL)], the significance of the difference between
(=2LL) for a selected model minus the likelihood ratio for a reduced model (in-
tercept only). The difference (the chi-square model) is tested without consider-
ing interactions in the likelihood ratio model. A chi-square test at a significance
level of 5% was performed on the model. Unless the p-value for the model is less
than 0.05, indicating an association between explanatory variables and response
variables, the null hypothesis will be rejected, stating that no difference was ob-
served between the model with explanatory variables and the model without ex-
planatory variables.

4. Results
4.1. Modal Split

The response rate was 78%, and not all the questions were answered. The modal
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split in HDR was equally divided by mode of transport, whereas it was shifted
towards private passenger cars (57%) and fewer walks (15.1%) in the LDR. The
X test showed a significant difference in the modal split proportion due to the
subject’s region (y* = 69.8, p = 0.0). The difference between the two regions was
pronounced and significant for the passenger car (|z| = 7.1676, p = 0.00) and
walking (pedestrians) and (|z| = 7.5105, p = 0.00) but not for public transport
(|z| = 0.2495, p = 0.803). In conclusion, we can conclude that there is a shift from
the use of passenger cars in the LDR to walking since the modal share of PT re-
mains the same in both regions (Figure 4). While around 46% of the subjects of
the HDR have no other choice when they walk to their destination, less than
38% of the subjects in the LDR have no choice but to walk as a mobility mode.
The two proportions have no significant difference z = 1.292, p = 0.197).

4.2. Rating Consistency

The reliability test showed consistent responses from the HDR subjects when
rating the PT facilities as one component for the street that is mainly designed
for private cars in the study area (Cronbach’s alpha > 0.9), which was not the
case for the answers for other service attributes that were inconsistent (Cron-
bach’s alpha < 0.5). The responses of LDR showed varying ratings for calming
traffic measures and traffic control devices, like the reactions of HDR. Still, they
have relatively better consistency when rating the pedestrian facilities (Cron-
bach’s alpha = 0.523 for LDR compared to 0.238 for HDR). To some extent, the
LDR subjects rated the different features of the PT similarly, but not the subjects
of HDR. Overall, the street infrastructure attribute index (IAI) was not placed
again across the attributes in both regions; the consistency is still higher. On the
other hand, the character in the ratings, the IDI by the private car users, and
their perception of the pedestrian and PT facilities were a bit higher for the HDR
group (Cronbach’s alpha = 0.644 for HDR compared to 0.284 for LDR); imply-
ing that the subjects view the development across the modes of transport simi-
larly, which was not the case for the LDR subjects (Table 5). There was high
consistency in the responses related to pedestrian infrastructure, particularly for

the crosswalk assessment and, to a less extent, the sidewalk attribute rating

Passenger
Car
57%

Pedestrian
15%

Pedestrian
39%

Figure 4. Choice of transport modalities based on respondents’ residential area.
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Table 5. The infrastructure attribute and development indices consistency by population density group Cronbach’s alpha (a) by
the stated mode of transport in use.

Street infrastructure Attribute (IAI)

IDI
Group  PT facilities Traffic Control ~ Calming Measures Pedestrian Facilities Street TAI

Value Reliability Value Reliability Value Reliability Value Reliability Value Reliability Value Reliability

HDR 0.91 Excellent 0.223 Unacceptable 0.065 Unacceptable 0.238 Unacceptable 0.17 Unacceptable 0.644 Questionable
LDR 0.73 Acceptable 0.43 Unacceptable 0.03 Unacceptable 0.523 Poor 0.55 Poor 0.284 Unacceptable

Pedestrian Infrastructure Attribute (IAI)

Crosswalk Sidewalk Pedestrian Facilities !
Value  Reliability Value Reliability ~ Value Reliability Value Reliability
HDR 0.935 Excellent 0.798 Acceptable 0.872 Good 0.754 Acceptable
LDR 0.894 Good 0.791 Acceptable 0.812 Good 0.287 Unacceptable
Public Transport Infrastructure Attribute IAI
Availability Comfort and Satisfaction PT Facilities Pl
Value  Reliability Value Reliability ~ Value Reliability Value Reliability
HDR 0.288 Unacceptable 0.78 Acceptable 0.693  Questionable 0.733  Acceptable
LDR 0.120 Unacceptable 0.59 Poor 0.342  Unacceptable 0.621 Questionable

(Cronbach’s alpha > 0.7), indicating high agreement in the ratings and across the
regions. The IDI ratings for other modes of transport by the subjects who walk
for mobility show an acceptable level of consistency in the HDR (Cronbach’s
alpha = —0.754). In contrast, the consistency of the LDR responses is rather un-
acceptable, indicating different ratings across the three modes of transport.

A different perspective was evident when assessing the public transport facili-
ties rating, which showed no consistency in their rating of the service availability
attributes (Cronbach’s alpha (a) < 0.5). HDRs consistently perceive comfort,
convenience, and satisfaction, whereas LDRs have a poor perception. Overall,
the responses of the HDR group are more consistent than the LDR and approach
the level where it could consider acceptable (0.693 < 0.7). In contrast, the value
of Cronbach’s alpha of the LDR is 0.342, which is unacceptable, showing an in-
consistent service attributes rating. The IDI ratings for other modes of transport
by the subjects who use public transportation in their mobility show an accepta-
ble level of consistency in the HDR (Cronbach’s alpha = 0.733) and adequate
consistency for the LDR group, which contrasts with the IDI pedestrian infra-

structure that was unacceptable.

4.3. Infrastructure Attributes’ Assessment
4.3.1. Rating Assessment
According to the assessment of street infrastructure based on six attributes,

parking facilities, street lighting, and traffic calming measures received higher
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ratings than public transport and pedestrian facilities. The rating of the traffic
control devices was the lowest among all other attributes. It appears that LDR
subjects rated it higher than HDR except for the lighting attribute, where HDR
subjects rated it higher. However, there were no statistically significant differ-
ences between the two groups. Streets were rated above mid-scale (5.4). The va-
riance related to street facilities (PT, pedestrian, and parking) is higher than
other attributes. Generally, the responses in LDR have higher variation than
HDR, except for the lighting attributes assessment. Table 6 shows that the sub-
jects, irrespective of their neighborhood, recognized poor standards and condi-
tions of the crosswalks and rated them on the lower part of the scale with no sta-
tistical differences due to their residence place. Despite the ratings of the side-
walk standards and operating conditions being higher than the crosswalks’ rat-
ings, they are still less than the mid-point scale, with no statistical difference be-
tween the two groups’ answers. However, the subjects in both groups rated the
infrastructure as encouraging to comply with traffic rules, and it was above the
mid-point of the scale, a bit higher for the HDR group. The subjects may state

their behaviors rather than the infrastructure in their responses.

Table 6. Infrastructure attributes descriptive statistics by mode of transport and neighborhood type.

Street infrastructure Pedestrian Public Transport
Ratings Facilities Rating Facility Ratings
Attribute Group Attributes Attribute
Std. Std. t-test Std.  t-test
Mean t-value Mean Mean
ev. Dev. Results Dev. Results
STA1:
et HDR 450 2.17 +_ 500, PAL:Encouraging ©17 292 t=1331, PTAL Temporal %% 2% t-osl,
ublic . R
Transport LDR 528 2.25 p=0.047 Rule Compliance 557 345 P=0.185 Avaijlability 633 227 P=054
sTA2: HDR 541 180 ¢_ 5109, PA2: Crosswalks 272 322 t=_1074, PTA2:Spatial 062 267 {_3g5
Pedestrian |pp 15 219 p=0.037 Adequacy 325 220 P=0284 Coverage 529 278 P=0
STA3:
Control HDR 3.38 0.86 t=-1.356, PA3: Crosswalk 283 321 t=-0.639, PTA3: Waiting 3.98 243 t=1.93,
ontro L :
Device LDR 3.62 111 p=0.178 Visibility 315 254 P7 0.524 Time and area 338 247 P7 0.054
STA4:
Calmi HDR 6.12 1.66 t=-0.841, PA4: Crosswalk 230 345 t=1.234, PTA4: Comfort >33 273 t=0.85,
alming 3 B . B
Measures LDR 638 1.81 P~ 0.402  Enhancement 235 211 P= 0.218 and Convenience 507 216 P= 0.395
PAS5: Sidewalk
STAS5: HDR 6.23 2.17 t=3.379, W'dth‘; 435 3.08 t =-0.566, PTA5: Customer 568 243 t=-3.20,
. . 1 . .
Lighting LDR 519 096 P~ 0.001 Continuity 463 291 P= 0.572 Satisfaction 471 229 P= 0.002
PTAG: Stops &
STAG: HDR 6.97 2.48 t=-0.322, PA6: 4.417 3.01 t = —0.880, . P 4.02 3.03 t=091,
Parki =0.749  Sidewalk Pavi o3  Lerminal = 0.362
arking  1pr 7.6 251 P=% ldewalk Faving 483 268 P Facilities 369 260 P=Y
HDR PA7: Sidewalk ~ 463 3.09 0260,
LDR Height Convenient 459 599 p=0.795
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Both groups’ participants rated the waiting time and area poorly; the HDR’s
average rating is slightly higher (3.99 compared to 3.38 for the LDR); the differ-
ence is marginally statistically insignificant. Because they are related, stops and
terminal facilities are rated similarly to waiting time attributes, and their ratings
are statistically insignificant. HDR rated spatial coverage highest (6.62), statisti-
cally different from LDR (5.29). Both groups rated temporal availability above the
mid-point scale without statistically significant differences. Like other attributes,
the HDR group rated customer satisfaction higher than the LDR group. There is
a significant difference between the customer satisfaction ratings of the two
groups. Regarding comfort and convenience, both groups placed almost around

the scale’s midpoint with no statistical differences (Table 6).

4.3.2. Factor Analysis and Data Reduction

The difference in ratings indicates that assuming equal weights for the service
attributes to calculate the IAI may not be the appropriate measure. The principal
component analysis was applied to reduce the number of variables and define
variables contributing to an established factor describing a particular dimension
of the facility (Table 7). Two factors can explain the variation in the data relat-

ing to street infrastructure in the two neighborhoods explaining the original data

Table 7. Infrastructure attributes factors by mode of transport: principal component analysis.

Street Infrastructure Pedestrian Infrastructure Public Transport Infrastructure
Attributes Components Attributes Components Attributes Components
e ~ =3 =7 57 ~
a a )
= g T 3 T 3
2 2 ]
=1 3 =} =3 - < o ©
8 2 2 > 5 >
T 8. 02 . 8y T3 % % 2 E 28 p: £ 55
< =3 €% g8 38 < % : % f < =& E2s 8 E7F
T2 EE 22 §4 : 2 2 Z Ey 2E F it
k= 3
5 S S <ETE < 88
STA1 0.935 0.59 PA1 0.462 0.652 PTAl1 0.638 0.615
STA2 0.873 0.782 PA2 0.893 0.911 PTA2 0.708 0.831
STA3 0.859 0.876 PA3  0.92 0.891 PTA3 0.932 -0.517
STA4 0.899  0.900 PA4 0.893 0.883 PTA4 0.833 0.725
STAS —-0.245 0.66 PAS 0.753 0.845 PTA5 0.783 0.811
STA6 -0.529 -0.758 PA6 0.847 0.776 PTA6 0.744 0.670
PA7 0.879 0.803 2.87 1.01 1.716  1.64
Eigen Value 1.97 1.65 2.79 1.43 2.72 248 2.614 248 2.87 1.01 1.716 1.64
% Explained 32.9 27.6 46.6 23.8 38.8 3542 3735 3546 47.86 16.675 28.6 27.33
% Total
. 60.5 70.4 74.25 72.82 64.53 55.93
Explained
DOI: 10.4236/jtts.2023.134025 566 Journal of Transportation Technologies


https://doi.org/10.4236/jtts.2023.134025

L. Shbeeb

of 60.5% and 70.4% for the HDR and LDR, respectively. The HDR data’s two
factors are facilities (Public transport, pedestrian, and parking), traffic manage-
ment, and control factors (Control devices, calming measures, and lighting). The
facilities factor was positively correlated to PT facilities and, to less extent, pede-
strian facilities and negatively correlated with parking facilities. The traffic con-
trol devices attribute was associated positively with the calming measure attribute’s
second factor. Still, the lighting attribute is negatively related to the second fac-
tor, weak though. Different factors’ structure is observed in the LDR data. The
first factor explains 47% of the original data variation. According to the associa-
tion order, it positively correlates to calming traffic measures, control devices,
and pedestrian and PT facilities. The second factor that describes around 24% of
the original data variation is positively correlated to the lighting attribute and
negatively related to the parking attribute, like the association in the HDR first
factor, implying that parking standards and activities reduce the infrastructure
rating in both regions.

Based on these two factors, both datasets explain 74.25% and 72.82% of the
original variation in the HDR and LDR, respectively (Table 7). The crosswalk
attributes’ components and degree of association with the composite factors are
similar for both datasets, with a positive correlation exceeding 0.88. The side-
walk paving surface and height reflecting the convenient pedestrian experience
when walking in the HDR have a higher correlation with the sidewalk factor
than the sidewalk width, which is also positively correlated; the little correlation
is due to the facility encouraging compliance with rules. In contrast, the correla-
tion with sidewalk factors was higher for the sidewalk width than the surface
material or the height in the LDR environment. Even though the correlation
with facility encouraging compliance with rules attributes is higher than HDR
(0.652).

Two factors can explain 64.43% and 55.93% of the variation in the original
data, one for each data group assessing the public transport infrastructure, which
is less than the defined thresholds in this study (70%). However, about 50 to 60
percent of explained variance can be accepted in social science Hair et al. (2010).
The first factor of the HDR mainly includes all the attributes except the waiting
time attributes, explaining 47.85% of the variation of original data. The second
factor, representing the waiting time and area attribute, accounts for one-sixth of
the original data variation. All attributes positively correlated with the estab-
lished two factors. Comfort and convenience correlate with the first factor
(0.83), while temporal availability has the lowest correlation (0.638). Spatial and
temporal availability attributes positively correlate with the 1st factor of the
LDR, while waiting time is negatively correlated. The comfort and convenience
factor describe the remaining three characteristics with a positive correlation;
the highest correlation is with customer satisfaction (0.811), and the lowest is
with terminal facilities (0.67), indicating a small range and similar association
(Table 7).
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4.4. Infrastructure Development Index

4.4.1. Rating Consistency

The hypothesis that the subjects’ assessments of the infrastructure for private
cars, pedestrians, and public transportation are unaffected by their commuting
mode of transportation was tested using a one-way repeated measures analysis
of variance. At a significant level of 5%, the modes of transport attributes were
rated differently by the subjects in the two groups. In Table 8, participants who
travel by car assess the three modes of transport infrastructure development sig-
nificantly (Significance of F-Test, Table 8). In contrast, subjects walking for mo-
bility in the HDR group rated the infrastructure of different modes of transpor-
tation similarly, which is not the case for corresponding participants in the LDR
group; the test result was insignificant, suggesting a similar appraisal of trans-

portation infrastructure development.

4.4.2. Rating Assessment

The HDR subjects who used private passenger cars rated the street (2.99) lower
than their IDI ratings for pedestrian facilities (4.59) and public transportation
infrastructure (5.05). On the other hand, LDR subjects rated street IDI (4.75)
higher than pedestrian infrastructure (3.88), but lower than public transport
(5.12); however, the LDR group rated street IDI higher than HDR (t = -7.78, p =
0.0). Those who used a private car rated public transportation infrastructure si-
milarly but pedestrian infrastructure differently (Table 9). In both groups,
walkers rated pedestrian IDI higher than street IDI and public transportation
IDI. For the three modes of transportation for LDR groups, the assessment lies
within a narrow range (4.07 to 4.39), supporting the previous F-test result in
Table 8. HDR walking groups rate public transport facilities higher than pede-
strian facilities, but street IDI is underrated. Passenger car infrastructure was

significantly rated differently between the two groups (t = —0.835, p = 0.00),

Table 8. Infrastructure mode rating across different facilities by the mode of transport in use and the test group: Reparted mea-

surement analysis of variance analysis.

Transport Mode Group Wilks’ Lambda F-Value Error df Signficance Partial Eta Squared 77
HDR 0.544 65.297 156.000 0.00 0.456
Passenger Car LDR 0.864 14.847 189.000 0.00 0.136
Both 0.919 15.318 347.000 0.00 0.081
HDR 0.669 49.834 201.000 0.00 0.331
Pedestrian LDR 0.887 2.916 46.000 0.064 0.113
Both 0.849 22.102 249.000 0.00 0.151
HDR 0.763 26.233 169.000 0.00 0.237
Public Transportation LDR 0.689 21.235 94.00 0.00 0.311
Both 0.934 9.293 265.000 0.00 0.066

Hypothesis degree of freedom 2 error degree of freedom.
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Table 9. Infrastructure development assessment by mode of transport and test group.

Transport Passenger car Walking Public Transport
. Group
Mode in Use Mean St.Dev  t p Mean St Dev t p Mean St.Dev t p
Street: HDR 299 176 459 291 505 2.62
-7.78 0.00 1.61 0.110 -0.24 0.810
Passenger Car DR 475 235 3.88 223 512 231
HDR 2.20 1.60 4.26 3.10 4.79 3.25
Pedestrian -8.35 0.00 -0.30 0.762 2.00 0.046
LDR 4.16 2.55 4.39 2.81 4.07 2.44
Public HDR 491 298 622 275 6.62 266
5.25 0.00 6.75  0.00 11.87 0.000
Transport LDR 3.26 2.85 3.35 2.55 3.22 2.15

whereas the other two modes of transportation were not significantly different.
In the LDR, public transport users rated the level of development for the three
modes of transportation similarly, which is not the case in the HDR group,
where public transport is almost double that of the LDR and slightly above pe-
destrian IDIs. On average, it is 1.71 points higher than their passenger car rating.
All modes of assessment showed significant differences between the two groups.
On average, pedestrian infrastructure received the lowest assessment, followed
by the street, while public transport rated higher (4.6) and closer to the mid of
the scale. In fact, with two exceptions related to the public transport commuter
in the HDR group who rated the pedestrian (6.22) and public transport (6.62)
facilities as being above the scale, all other assessments below (5). Figure 5 sug-
gests the private car commuter in the HDR underrate the street IDI while the
public transport commuters in this group rated the facilities higher than pede-

strians or street IDI.

4.5. Infrastructure Safety Index

4.5.1. Rating Assessment

The safety index for each mode of transport value is placed at the scale’s mid-
point or below. Except for the pedestrian index, the LDR indices are higher than
the HDR. The public transportation and pedestrian indices mirror each other
but in the opposite direction. Pedestrian facilities ISI of the HDR (5.03) was
rated higher than the LDR (4.61), while the public transportation facilities of the
LDR (5.06) were rated higher than HDR (4.62). The street ISI of the LDR (4.71)
is marginally higher than the HDR (4.6). There was no significant difference

between the ISIs due to the group of respondents for any mode of transport.

4.5.2. Safety and Association with Infrastructure Perception

The IAT’s factored and unfactored indices for each mode of transport were used
to test the association between perceived safety levels and perceptions of trans-
port infrastructure facilities. The correlation analysis for the un-factored data
covers the individual attributes tested. The IDI of the three modes of transporta-

tion infrastructures was also correlated with the safety indices. There were no
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Figure 5. Transport facilities’ IDI by mode of transport and population density group.

statistically significant correlations between the two-neighbourhood street IAI
factors and the perceived safety index, except for the first factor of the LDR. A
positive correlation exists between safety perception, public transportation facili-
ties, traffic control devices, and calming measures, but it is insignificant. At the
same time, there is a negative correlation between safety, lighting, and parking
attributes. Despite their weak and insignificant significance, HDR groups have
slightly higher correlations (Table 10). Furthermore, there was no significant
correlation between IDI and perceived safety (ISI).

Based on the factored data, the reduced variables (factored data) of those who
walk for commuting show statistically significant positive correlations, but not
as high as their corresponding variables for the LDR and higher than the fac-
tored data. None of the tested correlations for the factored or unfactored data of
the LDR was statistically significant. For HDR, perceived pedestrian safety and
perceived pedestrian IDI are positively correlated (r = 0.445, p = 0.00) but infe-
rior and statistically insignificant for LDR (r = 0.252, p = 0.084). In Table 10, the
correlation between pedestrian ISI and IDI is positive and significant for the
HDR group but insignificant for the LDR group. The association between the
subjects’ perceived public transport infrastructure safety level shows statistically
significant positive correlations for the HDR data set, indicating poor significant
correlation and even very poor and insignificant for the second factor describing
comfort and convenience.

There is no distinct trend in Table 10 explaining the difference in the associa-
tion due to the method employed in establishing the attributes’ indicator. The
correlation between safety and the 1st established factors for HDR data is more
robust than that with average availability, representing the arithmetic average of
the variables contributing to the 1st established factor. By comparison, the
second factor, the service comfort perceived by the LDR, has a relatively small

impact based on the simple arithmetic average. In Table 10, the correlation
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Table 10. The association between perceived safety with transport infrastructure attributes/factored indices, and the IDI by the

commuting mode of transport.

Street IAI
Statistical
Group Public . Control Calming o . IDI
Parameter Pedestrian . Lighting Parking Factor1 Factor2
Transport Device Measures
Correlation—r 0.074 0.202 0.125 0.168 -0.230 -0.152 0.157 0.193 0.206
HDR
Sig. (2-tailed) 0.583 0.132 0.355 0.211 0.086 0.400 0.383 0.281 0.124
Correlation 0.118 0.031 0.100 0.010 —-0.062 -0.051 -0.034 0.094 0.076
LDR
Sig. (2-tailed) 0.301 0.788 0.382 0.929 0.587 0.762 0.841 0.581 0.505
Pedestrian TAI
C lk C 1k Sidewalk  Fact IDI
rosswa rosswa Sidewalk Factor Leewa actor Attribute Factor
Factor Average Average Average
Correlation—r 0.451** 0.380** 0.272** 0.231**  0.508** 0.363** 0.445**
HDR
Sig. (2-tailed) 0.000 0.000 0.000 0.001 0.000 0.000 0.000
Correlation -0.070 0.109 0.208 0.185 0.098 0.166 0.252
LDR
Sig. (2-tailed) 0.636 0.459 0.155 0.208 0.508 0.260 0.084
Public Transport IAI
Availability Comfort Average Attribute IDI
1st Factor 2nd Factor
Average Average  Factor Average
Correlation—r 0.353** 0.026 0.063 0.450**  0.262** 0.326** 0.285**
HDR
Sig. (2-tailed) 0.000 0.758 0.457 0.000 0.002 0.000 0.001
Correlation —-0.053 0.190 0.495** 0.488**  0.313** 0.485** -0.123
LDR
Sig. (2-tailed) 0.608 0.064 0.000 0.000 0.002 0.000 0.231

**_ Correlation is significant at the 0.01 level (2-tailed).

between ISI and IAI factored or unfactored is somewhat higher than other cor-
relations reported between pedestrians and street infrastructure. Overall attributes
averages correlate better with safety for both data sets (r = 0.326, p = 0.0, against
r=0.262, p = 0.0 for HDR, and r = 0.485, p = < 0.001 against r = 0.313, p = 0.002
for LDR group). As with the pedestrian infrastructure association trend, the
public transport ISI positively correlates with IDI for the HDR group (r = 0.285
p = 0.001) but negatively insignificantly for the LDR group (r = —0.123, p =
0.231).

4.6. Interrelation Analysis

4.6.1. Indices Descriptive Comparison

This section aims to examine the interrelationship between the aggregated three
indices for the two groups. In Figure 6, all attributes for each mode of transpor-
tation were averaged, regardless of the mode of transport used for commuting.
The street IAI of the HDR for passenger car traffic (4.85) is the lowest compared
to the other two modes of transport and to its corresponding LDR (5.34); the
difference was insignificant, with only 0.49 points difference. IAI of pedestrian
facilities in HDR and LDR differ statistically significantly (5.00 and 3.87, respec-
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tively). HDR (5.00) is at the scale’s midpoint, higher than LDR (3.87) by (1.13).
Among the other indices and groups of participants, the HDR group’s IAI for
public transportation (5.36) was statistically different from that of the LDR
(4.75) by 0.614 points. Among other modes, the HRD group’s street IDI assess-
ment was the lowest (3.358), statistically different from the LDR group’s (4.058).
Public transport facilities had the highest IDI, with 5.487 for HDR, the only in-
dex above the midpoint, and 1.351 points greater than LDR (4.136). For pede-
strian IAI, the HDR index (5.02) is significantly higher than the LDR index
(3.875), with a statistically significant difference of 1.14 points. A single ISI was
used to rate each mode of transportation, with HDR’s group rating being 4.6,
while LDR’s group rating was 4.71, a difference of 0.11 points between the two.
The ISI difference for public transport facilities is the largest (0.44 points; 4.62
and 5.06 for HDR and LDR, respectively), almost equal to that of pedestrian fa-
cilities (5.03 and 4.61 for HDR and LDR groups, respectively). On average, the
subjects in both groups perceived the three modes’ infrastructure attributes in-
dices (4.96) more than the safety index (4.77) or the overall level of development
index (4.32). The average IAI for the three modes of transport for the HDR ex-
ceeds that of the LDR group by 0.42 (5.07 and 4.65 for HDR and LDR groups,
respectively). The IDI difference is higher (0.60), but the overall average is lower
(4.62 and 4.02 for HDR and LDR groups, respectively). As assessed in the HDR
group, the ISI for the three modes was 4.75, while the ISI for the LDR group was
4.79, which looked almost identical by only 0.04 points difference. Overall, pub-
lic transportation infrastructure (IAI, IDI, and ISI) was appraised the highest
(4.9), while pedestrian infrastructure was the lowest (4.57), which was marginal-

ly different from street environments (4.49).

6.0 ot JAI wmmmmmm D] s [S1 Average 1Al Average IDI ==== Average ISI
5.0
-es ar a» o o - - ) § - a» o o -G Gb G G Gb -G - - o
1 —
4.0
3.0
2.0
1.0
0.0 - -
HDR LDR HDR LDR HDR LDR
Passenger Car Pedestrian Public Transport
IAI t=-2.160, p = 0.033 t=3.911,p=<0.001 t=3.520, p = 0.001
IDI t=-3.890, p=<0.001 t=4.090, p=<0.001 t=5.728, p=<0.001
ISI t=-0.36,p=0.72 t=0.95, p-0.35 t=-1.28,p=0.2

Figure 6. Infrastructure assessment indices by mode of transport and population density group.
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In terms of indices, the IAI for private car traffic was the highest (5.10), while
the pedestrian infrastructure was the lowest (4.44), leaving the IAI for public
transportation close to that of street traffic (5.05). Compared to the street and
pedestrian infrastructure, public transportation infrastructure scored 4.81 in the
ID], 1.1 points higher. Among the three modes of transportation, the ISI in pub-
lic transport (4.84) was slightly higher than in pedestrian infrastructure (4.82).
In comparison, the ISI in street infrastructure (4.65) was marginally lower than
in public transportation. LDR generally rated street infrastructure better than
HDR, which then rated pedestrian and public transportation facilities better
than LDR.

4.6.2. Indices Interrelation Analysis

The interrelation analysis of these indices showed a positive trend (Figure 7),
but no association can be statistically significant between the IAI and ISI (r =
0.13, p = 0.37) or with IDI (r = 0.063, p = 0.66). However, the ratings of the facil-
ity IDI are positively related to the perceived safety assessment, low correlation
though (r = 0.31, p = 001). The LDR participants rated the street infrastructure
(5.44) higher than their ratings of the facility ISI (4.7) and IDI (4.1), which is al-
so like the HDR group rating trend. The IAI and ISI ratings are poorly correlated
(r = 0.045, p = 0.73). At the same time, the IAI is weakly negatively correlated
with IDI rating (r = —0.23, p = 0.22), implying that subjects rated the street

attribute infrastructure high while they perceived its development as low, which
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Figure 7. The relationship between the three different infrastructure indices.
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in turn, was not proven to be related to their assessment of the ISI (r = 0.05, p =
0.728). The HDR group rated the pedestrians’ facilities’ indices around the
scale’s mid-point. Figure 7 indicates a moderately significant correlation be-
tween the three indices, with the highest being between the IAI and ISI r = 0.51,
p = 0.00), and the lowest is between IDI and ISI (r = 0.42, p = 0.00), which does
not differ from the relationship between the IAI and IDI (r = 0.45, p = 0.00). The
LDR group rated pedestrian facilities’ IAI and IDI similarly (3.9), lower than the
ISI rating. Apart from the relation between the IDI and ISI, which was margi-
nally significant (r = 0.32, p = 0.025), the association between other indices was
very low and insignificant (p > 0.025), with a coefficient of 0.11 for IAI-ISI and
0.032 for IAI-IDI relationships.

The HDR group rated public transportation facilities’ IAI and IDI above the
mid-point of the scale with a minor difference of 0.13 points with a moderate
correlation (r = 0.56, p = 0.00), the highest reported among all other indices. The
IST was rated as 4.62 and was significantly low correlated with TAI (r = 0.33, p =
0.00) and IDI (r = 0.29, p = 0.00).

The ISI rating of the LDR (5.06) was the highest compared to IDI (4.14) and
the IAI (4.75), which were positively and significantly correlated (r = 0.48, p =
0.00) but not with IDI that showed negative insignificant very low correlation (r
= —0.06, p = 0.67). The two later indices were positively moderately correlated (r
=0.47, p = 0.008).

4.7. Structural Equation Modelling (SEM)

The structural equation model combines confirmatory factor analysis (CFA) and
regression analysis. This study covers two perspectives, the measurement model
and the structural Model (Figure 8). The measurement model correlates the la-
tent variables and their indicators, while the structural model models relation-
ships between unmeasurable factors. The first Model aimed at developing the
latent variables describing the infrastructure attributes of the three investigated
modes of transport (Private car “street”, walking “pedestrian”, and public trans-
port). The CFA revealed three latent variables describing the infrastructure
attributes for streets, pedestrian, and public transport loading factor for all
attributes rated by the subjects was not always greater than 0.5, the minimum
acceptable threshold for indicators inclusion in SEM models according to the li-
terature; however, if the overall model goodness of fit measures were adequate,
some indicators can still be retained in the Model if their values were below this
threshold. Other models included variables describing socioeconomic characte-
ristics (Resident area, gender, and car ownership) and modal choice. The modal
choice and car ownership variables are binary (e.g., if the respondent uses public
transportation frequently, the modal choice for the bus will be one, and if they

walk or drive, it will be zero).

4.7.1. Confirmatory Factor Analysis
Confirmatory Factor Analysis (CFA) was computed using AMOS to test the
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measurement models; factor loadings were assessed for each item for each Mod-
el. The factor loadings for the infrastructure attributes-based Model are significant
(p < 0.05) with estimated standardized coefficients exceeding 0.5 except the traf-
fic control item (A = 0.436), and it was kept in the Model because the Model’s
goodness of fit indicator satisfies the requirements of sound models. When car
ownership and public transportation are included in the Model, the estimated
path coefficients are significantly lower than 0.5. However, the coefficient for
public transportation modal choice is insignificant if only included. The model-
fit measures were used to assess the infrastructure attribute-based model’s over-
all goodness of fit (CMIN/df, CFI, TLI, IFI, and RMSEA). The subjective infra-
structure assessment IDI was added, producing a significant correlation with a
standardized coefficient of (0.525). Including the pedestrian or streets, IDI failed
to have a significant correlation with their latent variables, including the pedes-
trian or street. All values were within common acceptance levels, and the NFI
was approaching the 0.9 cut-off value. To test the consistency of latent construct
measures (factors), the CR and the AVE were tested. Composite reliability
reached the limit of 0.70 (from 0.782 to 0.875), and AVE values exceeded 0.50
for Street IAI (1 = 0.563) and Pedestrian IAI (1 = 0.65) but not the Public
Transport TAI (14 = 0.423).

IAI street measures include traffic control (1 = 0.436), traffic-calming meas-
ures (0.698), pedestrian facilities (0.918), and public transport facilities (1 =
0.863). Other items or observed variables (lighting and parking) were insignifi-
cant and with very low path coefficients. The observed variable that is proven
significant in describing the pedestrian IAI were sidewalk sufficiency (1 = 0.457),
crosswalk safety (1 = 0.890), visibility (1 = 0.857), and sufficiency (1 = 0.928).
Sidewalk width, curb height, and conditions were insignificant; therefore, were
not included in the Model.

For public transport IAl, three out of the observed six attributes were found to
have a significant path coefficient with an estimate exceeding 0.5, namely service
convenience (A = 0.731), comfort (1 = 0.772), and coverage (1 = 0.51). The mod-
el-fit measures for other measurement models that include car ownership and
public transport as a modal choice as indicators for the latent variable of public
transport IAI showed acceptable values for the two models (the inclusion of car
ownership only; the use of public transport variable only) indicate that Chi-square
divided by Degree of Freedom, RMSEA, and IFI and CFI are within acceptable
cut-off values (=0.90). The TLI approaches 0.9, telling a good fit with the data.
For the model including both variables, CMIN/df and RMSEA are within ac-
ceptable limits, and only the CFI and IFI values are close to 0.9, but not the TLI
and NFI; According to the literature, two indicators were within the acceptable
cut-off model, suggesting that this model is barely acceptable as a model for de-
veloping public transport IAI latent variables. For those three models, the composite
reliability is more than 0.7, while the AVE, like the infrastructure attributes-based
model, is less than 0.5 (Table 11).
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Table 11. SEM analysis: Model goodness of fit indicators.

Model
Abbreviation odel/
Construct
CMIN/Df
RMSEA
Models
NFI Overall
CFI Goodness
of Fit
TLI
IFI
Street
Composite Pedestrian
Reliability CR
eliability Public
Transport
Street
A
. verage Pedestrian
Variance-Extracted
AVE Public
Transport

Only Infrastructure
Attributes Model

Measurement Models:

Infrastructure Attributes

and User Characteristic

Based Full Structural Models:
Infrastructure Attributes and User
Characteristic by Group Type

Measurement Structural  Car PT as PT as Modal Area Area Gender Gender
Model Model Ownership Moc.1a1 Choice & (?ar roup Type: Type: Type: Type:

Choice Ownership HDR LDR Male Female
2.106 1.941 2.015 1.983 2.303 2.162 2.009 2.009 1.812 1.974
0.059 0.054 0.057 0.056 0.064 0.061 0.057 0.057 0.051 0.087
0.878 0.900 0.864 0.865 0.826 0.85 0.764 0.764 0.776 0.721
0.930 0.948 0.924 0.926 0.89 0.911 0.857 0.857 0.877 0.828
0.900 0.92 0.892 0.895 0.849 0.873 0.798 0.798 0.825 0.756
0.932 0.949 0.926 0.928 0.894 0.913 0.865 0.865 0.884 0.84
0.830 0.830 0.831 0.830 0.830 0.83 0.765 0.794 0.763 0.568
0.875 0.875 0.875 0.875 0.875 0.790 0.798 0.803 0.800 0.810
0.782 0.780 0.758 0.744 0.756 0.700 0.678 0.740 0.706 0.852
0.563 0.566 0.567 0.567 0.566 0.563 0.504 0.648 0.563 0.240
0.650 0.650 0.650 0.65 0.65 0.650 0.680 0.550 0.670 0.700
0.423 0.314 0.364 0.355 0.325 0.258 0.266 0.346 0.303 0.608

4.7.2. Full Structural Model (FSM)

Several hypotheses were tested to examine the relationships between the three
developed latent variables. It is possible to elaborate on the relationships by de-
scribing how street and pedestrian IAIs impact public transportation IAI. Mod-
els describing other relationships were not sound enough and were statistically
insignificant. This part of the study assessed the impact of street and pedestrian
IAI on public transport IAI. First, the infrastructure attributes-based models
showed that the impact of the pedestrian IAI latent variable was positive and
significant on public transport IAI (b = 0.296, t = 2.919, p = 0.004 < 0.05), sup-
porting the alternative hypothesis stating that there is an impact of pedestrian
IAI on public transport IAL The impact of street IAI was also positive but insig-
nificant (b = 0.063, t = 0.503, p = 0.615 > 0.05), supporting the null hypothesis
stating there is no impact of street IAI on public transport IAI. The model fit in-
dices and hypotheses results are presented in Table 12 and Table 13. The re-
maining models are based while still testing the same hypothesis; the IDI indi-
cator was excluded from basing the analysis on the infrastructure attributes and
the modal choice of bus and car ownership to study the impact of the region
where the respondents reside and the gender on the tested relationship. Table 13
shows that including bus as a modal choice and car ownership variables provides

similar results to attribute-based models.
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Table 12. SEM analysis CFA coefficients and their significance.

Measurement model:

Measurement model:

Measurement model:

Infrastructure
Measurement model: Full Structural Model: Infrastructure Infrastructure .
) . Attributes & User
Infrastructure Infrastructure Attributes & User Attributes & User o
Latent . . . . Characteristics:
Attributes Based Attributes Based Characteristics: Characteristics: Car O hib PT
i ar Ownershi
Variable Car ownership PT as a Modal Choice P .
as a Modal Choice
Estimate S.E. t-Value p Estimate S.E. t-Value p Estimate S.E. t-Value p Estimate S.E. t-Value p Estimate S.E. t-Value p
Public X
Pedestrian
Transport IAI 0.296 0.067 2.919 0.004
IAI
Public
Transport Street IAT 0.063 0.350 0.503 0.615
IAI
Traffic
Street IAI  0.436 0.436 0.436 0.436 0.436
Control
Traffic
Calming  Street IAI 0.698 0.391 4.769 <0.001 0.699 0.391 4.770 <0.001 0.699 0.391 4.772 <0.001 0.698 0.391 4.769 <0.001 0.698 0.390 4.772 <0.001
Measures
Pedestrian
Faciliti Street IAT  0.918 0.537 5.121 <0.001 0.917 0.536 5.122 <0.001 0.917 0.535 5.124 <0.001 0.919 0.537 5.122 <0.001 0.918 0.536 5.125 <0.001
acilities
Public
Transport Street IAI  0.863 0.586 5.093 <0.001 0.863 0.586 5.094 <0.001 0.864 0.586 5.096 <0.001 0.862 0.585 5.093 <0.001 0.863 0.585 5.096 <0.001
Facilities
Sidewalk Pedestrian
0.457 0.072 6.718 <0.001 0.457 0.072 6.715 <0.001 0.458 0.072 6.730 <0.001 0.457 0.072 6.716 <0.001 0.458 0.072 6.733 <0.001
Sufficiency 1AI
Crosswalk Pedestrian
Safety IAI 0.890 0.055 18.623 <0.001 0.055 18.604 <0.001 0.891 0.055 18.648 <0.001 0.890 0.055 18.610 <0.001 0.891 0.055 18.644 <0.001
Crosswalk Pedestrian
Visibilit IAI 0.857 0.054 17.303 <0.001 0.856 0.054 17.287 <0.001 0.857 0.054 17.306 <0.001 0.857 0.054 17.296 <0.001 0.857 0.054 17.310 <0.001
isibility
Crosswalk Pedestrian
A 0.928 0.928 0.928 <0.001 0.928 <0.001 0.928 <0.001
Sufficiency TAI
Waiting Public
Time and Transport 0.675 <0.001 0.694 <0.001 0.671 <0.001 0.668 <0.001 0.662 <0.001
Places TAIL
i Public
Convenience Transport 0.731 0.117 7.861 <0.001 0.723 0.113 7.829 <0.001 0.728 0.117 7.861 <0.001 0.730 0.119 7.775 <0.001 0.729 0.120 7.819 <0.001
Public
Comfort Transport 0.772 0.127 8.081 <0.001 0.788 0.127 8.037 <0.001 0.778 0.128 8.136 <0.001 0.772 0.130 7.993 <0.001 0.780 0.131 8.114 <0.001
IAI
Service Public
0.510 0.125 5.880 <0.001 0.468 0.120 5.449 <0.001 0.510 0.125 5.892 <0.001 0.508 0.127 5.835 <0.001 0.514 0.127 5.909 <0.001
Coverage Transport
Public Publi
ublic
Transport T ¢ 0.525 0.135 6.024 <0.001 0.525 0.135 6.024 <0.001 0.533 0.135 6.111 <0.001 0.528 0.137 6.018 <0.001 0.547 0.138 6.234 <0.001
ranspor
IDI P
c Public
ar
. Transport 0.233 0.018 2.870 0.004 0.32 0.018 3.976 <.0001
ownership
IAI
Publi
Modal e
. Transport 0.149 0.022 1.827 0.068 0.256 0.021 3.252 <0.001
Choice: Bus IAI
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Table 13. SEM analysis FSM coefficients and their significance.

Grouping Factor Area Type: Grouping Factor Area Type: Grouping Factor Gender:

No Grouping Grouping Factor Gender: Male

Observed/ HDR LDR Female
Latent
Latent .
R Variable
Variable
Estimate S.E. t-Value p Estimate S.E. t-Value p  Estimate S.E. t-Value p  Estimate S.E. t-Value p Estimate S.E. t-Value p
Public .
Pedestrian
Transport AT 0.258 0.063 2.634 2 0.378 0.070 3.491 <0.001 -0.417 0.232 -1.832 0.067 0.341 0.080 2.565 0.010 0.700 0.116 1.250 0.211
IAI
Public
Transport Street TAI 0.059 0.330 0.489 0.625 0.134 0.898 0.750 0.454 0.082 0.354 0.512 0.609 -0.001 0.407 -0.007 0.995 0.932 0.618 0.073 0.942
TAI
Traffic
Street TAI 0.437 0.241 0.565 0.441 0.737
Control
Traffic

Calming Street TAI 0.699 0.390 4.773 <0.001 0.579 1.797 1.694 0.090 0.836 0.305 5.190 <0.001 0.698 0.475 3.715 <0.001 0.488 0.663 2.932 0.003
Measures

Pedestri
Feacei?i:il:: Street TAI 0917 0.535 5.126 <0.001 0.932 2.549 1.767 0.077 0.918 0.410 5.394 <0.001 0917 0.712 3.985 <0.001 0.329 0.866 3.150 0.002
Public
Transport Street TAI 0.863 0.585 5.098 <0.001 0.862 2.787 1.772 0.076 0.857 0.458 5.247 <0.001 0.842 0.718 3.950 <0.001 0.299 1.006 3.136 0.002
Facilities
Sidewalk X
Sufficiency Pedestrian IAI  0.458 0.072 6.731 <0.001 0.509 0.073 7.083 <0.001 0.100 0.308 0.524 0.601 0.564 0.089 6.630 <0.001 0.926 0.114 2.995 0.003
Crosswalk X
Safety Pedestrian IAI  0.890 0.055 18.632 <0.001 0.924 0.055 19.150 <0.001 0.720 0.183 4.605 <0.001 0.877 0.071 14.005 <0.001 0.883 0.082 12.554 <0.001
Crosswalk X
Visibility Pedestrian IAI  0.856 0.054 17.297 <0.001 0.854 0.057 16.233 <0.001 0.912 0.213 6.016 <0.001 0.854 0.070 13.259 <0.001 0.725 0.078 12.104 <0.001
Crosswalk X
Visibilit Pedestrian IAI  0.856 0.054 17.297 <0.001 0.854 0.057 16.233 <0.001 0.912 0.213 6.016 <0.001 0.854 0.070 13.259 <0.001 0.725 0.078 12.104 <0.001
isibility
Crosswalk X
. Pedestrian IAI  0.929 0.926 0.895 <0.001 0.939 <0.001 0.791
Sufficiency
Waiti
,al ng Public
Time and 0.680 <0.001 0.687 0.736 0.644 <0.001 0.145
Transport IAL
Places
. Public
Convenience T (1A 0.719 0.115 7.830 <0.001 0.695 0.126 6.550 <0.001 0.764 0.196 4.847 <0.001 0.692 0.160 5.757 <0.001 0.899 0.165 5.210 <0.001
‘ranspor
Public
Comfort 0.806 0.131 8.162 <0.001 0.818 0.151 7.038 <0.001 0.778 0.200 4.902 <0.001 0.838 0.183 6.139 <0.001 0.700 0.195 5.384 <0.001
Transport IAI
Service Public

0.470 0.122 5.487 <0.001 0.525 0.131 5.166 <0.001 0.233 0.212 1.541 0.123 0.463 0.169 4.155 <0.001 0.883 0.177 3.609 <0.001
Coverage  Transport IAT

Car Public

. 0.297 0.018 3.682 <0.001 0.213 0.019 2.234 <0.001 0.564 0.033 4.006 <0.001 0.329 0.027 3.197 0.001 0.932 0.020 2.303 0.021
ownership  Transport IAT

Modal Public

. 0.230 0.021 2.900 0.004 0.157 0.024 1.669 0.095 0.366 0.033 2790 0.005 0.293 0.028 2.873 0.004 0.737 0.031 1.153 0.249
Choice: Bus Transport IAT
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A further analysis divides the data into groups based on residence area (HDR
and LDR) and gender (male and female). In this model, street IAI is not signifi-
cantly associated with public transport IAI; pedestrian IAI is significantly asso-
ciated with the latter; the same holds for the male group model. These four
models’ measures of the overall goodness of fit did not meet the acceptable
cut-off values except for those related to CMIN/df and RMSEA; on the female
group models, RMSEA (0.087) was out of tolerance (<0.08). The latent CR and
AVE in the last model of the female group are below acceptable levels; their cor-
responding values in the HDR and LDR, and the male group, are within accept-
able levels.

Data fit poor based on these models’ goodness of fit measures. The paired
comparison between the models divided by area of subject’s residency revealed a
significant difference between the estimates of people living in HDR or LDR
(cmin = 7.23, p = 0.0007). The estimates of males and females are not signifi-
cantly different (cmin = 0.727, p = 0.122).

4.8. Modal Share and Infrastructure Perception

4.8.1. Modal Choice Discrete Models

Multinomial Logistics regression (MLR) for the modal choice results is summa-
rized in Table 14. Utility function equations were developed to explore the
modal choice of road users between private passenger cars, walking, and public
transport, as well as the contributing variables and factors. The IAI, IDI, and ISI
were examined along with trip and road users’ socioeconomic characteristics;
none of the infrastructure indices significantly influenced modal choice. The
respondent’s modal choice was associated with a limited number of variables,
including trip and travel time, number of trips, car ownership, and the area
where the respondent lived. Ten models were developed based on many tested
models, which are potentially valid for one or more aspects of soundness and
goodness of fit.

The pseudo R* in MLR is the same as the R* in ordinary least-squares linear
regression, which is the proportion of variance explained by the model. It is bet-
ter if the regression model has a higher value, even if it cannot be easily inter-
preted; the models will be validated using Nagelkerke, index which was between
0.048 and 0.706 (Table 14). Five models have a value greater than 0.50 and use
trip time, total travel time, and trips as predictor variables alone or combined
with car ownership level as a contributing factor. Nagelkerke pseudo-R* values
for one-variable predictor models are low, but those with more than one predic-
tor have relatively high values. Total time, trips, and car ownership have the
highest values for model number 10, which is 0.706.

Partial test

The Likelihood Ratio Test shows the contribution or influence of each inde-
pendent variable on the transport modal choice. The likelihood ratio test hypo-
thesizes that the variable contributes to the reduction in error measured by the

—2-log likelihood statistic suggesting that the regression coefficients in the model
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Table 14. Multi logistic regression models: goodness of fit, model significant variable and correct classification.

2 Model Fitting Information Goodness-of-Fit Likelihood Ratio Tests Classification

—~

Q

< =]

) g g 5
o8 < g g £ g 5
3 7 3 3 g g 5 Ts 3 y S 3
< B B = g 2 g g 22 F & T T %
= o § = @ 2 X 5B = 3 o £ B S = N

: ¥ = z 25z SRS

2 A @) @) 3 @) 5

< 7 T <

Intercept 84.958 Pearson 13.565 0.329 Intercept 68.450 14.058 0.001 PC 0.0%

1 0.134 Final 54393 30.565 <0.001 Deviance 11.787 0.463 Totaltime 84.958 30.565 <0.001  PT 79.6% 50.0%
Walking 55.6%
Intercept 125.60 Pearson 129.123 <0.001 Intercept 120.024 4.364 0.113 PC 0.0%

2 0.048 Final 115.66 9.941 0.007 Deviance 74.397 <0.001 Triptime 125.600 9.941 0.007 PT  100.0% 43.2%

Walking 4.8%

Intercept 58.424 Pearson 20.980 0.051 Intercept 51.363 4.797 0.091 PC 0.0%
3 0.057 Final 46.566 11.858 0.003 Deviance 16.827 0.156 Total Trips 58.424 11.858 0.003 PT 94.7% 42.9%

Walking 16.1%

Intercept 249.33 Pearson 81.752 0.002 Intercept 96.561 <0.001 PC 77.1%
Final  96.561 152.770 <0.001 Deviance 64.013 0.061 Trip Time 103.102 6.541 0.038 PT 97.9%
4 0.552 65.8%
Car .
. 239.256 142.695 <0.001 Walking 3.2%
ownership
Intercept 198.287 Pearson 167.103 <0.001 Intercept 156.152 <0.001 PC 54.9%

5 0.19 Final 156.152 42.134 <0.001 Deviance 103.428 <0.001 Trip time 170.835 14.683 0.001 PT 34.4% 48.9%

Area Type 188.346 32.193 <0.001 Walking 64.5%

Intercept 241.697 Pearson 34.738 0.072 Intercept 72.653 <0.001 PC 77.1%
Final = 72.653 169.044 <0.001 Deviance 36.681 0.047 Totaltime 98.411 25.758 <0.001 PT 77.8%
6 0.571 71.0%
Car .
. 210.565 137.912 <0.001 Walking 52.4%
ownership
Intercept 153.036 Pearson 29.557 0.200 Intercept 86.983 <0.001 PC 54.9%

7 0.271 Final 86.983 66.053 <0.001 Deviance 29.788 0.192 Total time 124.280 37.298 <0.001 PT 56.5% 52.9%

Area Type 122.471 35.489 <0.001 Walking 44.4%

Intercept 227.408 Pearson 11.765 0.924 Intercept 26.267 <0.001 PC 78.4%
Final = 26.267 201.141 <0.001 Deviance 5.998 0.999 Total Trips 44.909 18.642 <0.001 PT 94.7%
8 0.658 68.3%
Car .
. 215.330 189.063 <0.001 Walking 16.1%
ownership
Intercept 296.787 Pearson 102.790 0.010 Intercept 89.262 0.000 PC 77.1%

Final 89.262 207.525 <0.001 Deviance 57.945 0.885 Trip Time 105.770 16.508 <0.001 PT 86.2%

9 0.683 Total Trips 117.532 28.270 <0.001 Walking 60.0% /6.3%

Car

. 267.617 178.354 <0.001
ownership
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Continued

Intercept 296.787

Pearson 55.621 0.923 Intercept 77.469 0.000 PC 77.1%

Final 77469 219.318 <0.001 Deviance 46.153 0.992 Total time 105.770 28.300 <0.001 PT 84.0%

10 0.706

Total Trips 88167 10.697 0.005 Walking 61.7% %
Car
_ 256.154 178.684 <0.001
ownership

RM: Reduced Models PC: Private Car PT: Public Transport.

are not equal to zero. If the test’s significance is minor (p-value < 0.05), then the
variable significantly explains the mode choice. Among many models, the mod-
els summarized in Table 14 were statistically related to the dependent variable.
The p-values of all tested variables in the ten models are less than 0.05, indicat-
ing that they contribute significantly to explaining the used mode choice. A per-
son’s transportation modal choice is influenced by the amount of time spent
traveling, the ownership of a vehicle, the total number of trips, and the trip time
(the time spent traveling for a particular purpose).

Model Fitting Test

According to the model fitting test results, the variables added to the model
improve the model over the intercept alone (i.e., without variables). HO indicates
that no independent variable influences the dependent variable; HA suggests
that at least one independent variable affects the dependent variable significant-
ly. If the calculated chi-square value exceeds the tabulated value at a significance
level of 5%, the HO hypothesis is rejected. The ten models developed all have p
values below 0.05, which indicates that the full model can significantly better
predict the dependent variable than the intercept-only model.

Model Goodness of Fit test

The goodness of fit test explores if there is a difference between the frequency
of observation with the model or the frequency of expectations. The model is
considered to fit the data if its p-value is above 0.05. The MLR procedure in SPSS
reports Pearson and Deviance goodness-of-fit statistics. According to Table 14,
most models with high Pseudo R’ that exceed 0.5 have a p-value greater than
0.05 for either Pearson or Deviance or both, indicating that they fit the observed
data. The Pseudo R® of models 1, 3, and 7 is small, but their p-values are greater
than 0.05, suggesting a good fit.

Classification

This analysis shows how many observations were correctly classified by the
models; the range of percentages ranges from 42.9% to 76.3%. There is a higher
proportion of correct classification for models with a higher pseudo R* (above
65%) and a lower proportion for models with a pseudo R* of less than 0.5. The
percent of correct classification differs by mode of transport; passenger car cor-
rect placement was as low as zero percent and as high as 78.4%; the correspond-

ing range for walking as a mode of transportation was 3.2% and 61.7%. Public
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transportation users are more likely to be classified correctly than other modes
of transportation, with a percentage range of 34.4% to 100%. All three modes of
transportation are classified correctly similarly in models 9 and 10, which have
the highest overall correction classification and highest Pseudo R®. The percent
of correct classification differs by mode of transport; passenger car correct
placement was as low as zero percent and as high as 78.4%; the corresponding
range for walking as a mode of transportation was 3.2% and 61.7%. The percen-
tage of correct classification of those who use public transportation is higher
than the other modes and ranges between (34.4% and 100%). All three modes of
transportation are classified correctly similarly in models 9 and 10, which have
the highest overall correction classification and highest Pseudo R>.

Model Development: Parameter estimates

Considering the null hypothesis, all regression coefficients in the model
should equal zero; the tested model’s small p-value (<0.05) indicates that at least
one regression coefficient does not equal zero. The logit functions in Table 15
compare the choice of the reference mode with the remaining modes of trans-
portation. The first group of models uses a passenger car with walking and pub-
lic transport, while the second group compares walking with public transporta-
tion. Instead of walking and driving, the last models’ group used public trans-
portation as a reference mode. A variable parameter coefficient differs according
to the reference mode (e.g., the coefficient of total time (0.019) influences the
choice of passenger cars in model 1 more than walking); however, it has a lower
influence (—0.019) on walking as compared to passenger cars.

The majority of the variables’ coefficients that are related to walking as refer-
ence mode are significant (p < 0.05), indicating that they are different from zero,
and those with poor significance are related to passenger car attributes (Models
4, 8, through 10). Passenger cars are chosen as the reference mode in models
four through seven; one of the three tested variables were included as a predic-
tor; passenger car ownership and area type coefficients are not zero, as indicated
by their p values (<0.05). The car ownership coefficient varies from zero for
models 9 and 10 when comparing public transport to walking or vice versa.
Next, model 10, incorporating total travel time, total trips, and car ownership,
will be discussed, which has proved to fit the observation data with high accura-
cy (75.9%).

Public transport and walking attributes are not significantly different from
zero compared to passenger cars, according to Table 15. The multinomial log-
odds coefficient for public transport is 0.017 and 0.02 higher than passenger cars
and walking, respectively. In terms of the number of trips taken by public trans-
port, the coefficient is 1.065 and 0.818, which is higher than the number of trips
taken by passenger cars and on foot. Compared to public transportation and
passenger cars, the passenger car factor contribution is insignificant, or it does
not contribute at all to walking compared to passenger cars and vice versa; how-

ever, it is significant in comparison to public transportation.
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Table 15. Multi logistic regression: parameters estimate and their significance.

Reference . .
Model Passenger Car Walking Public Transport
Mode
#
Indicator Mode B Wald  Sig. Mode B Wald Sig. Mode B Wald Sig.
Intercept Public 0425 2139 0.144 pygsenger —1.252 12,959 <0.001 pygsenger —0425 2139 0.144
Total Time Transport 0,000 0.001 0.981 Car 0.019 17.894 <0.001 Car 0.000 0.001 0.981
1
Intercept 1252 12.959 <0.001 pyplic —0.826 6.611 0.010 0.826 6.611 0.010
Walking Walking
Total Time —0.019 17.894 <0.001 Transport 9019 19.055 <0.001 -0.019 19.055 <0.001
Intercept Public ~ 0395 2.002 0.157 pagsenger —0-647 3.995 0.046 pagsenger —0.395 2002 0.157
Trip Time Transport _0.002 0.165 0.685 Car 0.020 7.629 0.006 Car 0.002 0.165 0.685
2
Intercept 0.647 3.995 0.046 pyplic —0.252 0.690 0.406 0.252 0.690 0.406
Walking Walking
Trip Time —0.020 7.629 0.006 Iransport 0018 6.584 0.010 -0.018 6.584 0.010
Intercept Public —0219 0.366 0545 pygsenger —0-879 2618 0.106 pagsenger 0-219 0.366 0.545
Total Trips ~ Transport 0190 1761 0.184  Car 0521 4.132 0042 Car 019 1.761 0.1840.04
3
Intercept 0.879 2618 0.106 pyplic —1.099 4.238 0.040 1.099 4238  0.04
Walking Walking
Total Trips -0.521 4.132 0.042 Transport 9711 8.071 0.004 -0.711 8.07 0.004
Intercept 1.500 11.866 0.001 —1.642 13.000 <0.001 —-1.500 11.866 0.001
Trip Time 0.007 0.568 0.451 0.009 0.866 0.352 -0.007 0.568 0.451
[Car ownership: ~ Public Passenger Passenger
—-5.135 43.316 <0.001 4.515 33.699 <0.001 5.135 43.316 <0.001
Yes] Transport Car Car
[Car ownership:
0 0 0
No]
4
Intercept 1.642 13.000 <0.001 -0.142 0.241 0.623 0.142 0.241 0.623
Trip Time -0.009 0.866 0.352 0.016 5.574 0.018 -0.016 5.574 0.018
Car ownership: . Public )
[ P Walking —4.515 33.699 <0.001 -0.620 0.369 0.544 Walking 0.620 0.369 0.544
Yes] Transport
[Car ownership:
0 0 0
No]
Intercept 0.012 0.001 0.969 0.707 2.377 0.123 —-0.012 0.001 0.969
Trip Time -0.006 1.081 0.298 0.026 11.585 0.001 0.006 1.081 0.298
[Area Type: Public Passenger Passenger
0.969 8.471 0.004 —2.348 25.689 <0.001 -0.969 8.471 0.004
HDR] Transport Car Car
Area Type:
[Area Type 0 0 0
LDR]
5
Intercept -0.707 2.377 0.123 0.719 2.520 0.112 -0.719 2.520 0.112
Trip Time -0.026 11.585 0.001 0.021 8.324 0.004 -0.021 8.324 0.004
[Area Type:  yyajkin Public Walkin,
HDR] g 2.348 25.689 <0.001 Transport -1.379 9.659 0.002 g 1.379 9.659 0.002
Area Type:
[Area Type 0 0 0
LDR]
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Continued
Intercept 1.496 11.581 0.001 —2.259 22.569 <0.001 -1.496 11.581 0.001
Total Time 0.004 1.037 0.309 0.014 6.550 0.010 -0.004 1.037 0.309
[Car ownership: Public Passenger Passenger
Yes] " Transport 4366 57.698 <0.001  pr  4.394 31728 <0.001  pr 4566 57.698 <0.001
es
[Car ownership:
0 0 0
No]
6
Intercept 2.259 22.569 <0.001 -0.763 5.771 0.016 0.763 5.771 0.016
Total Time -0.014 6.550 0.010 0.018 18.114 <0.001 —-0.018 18.114 <0.001
. Public
Car ownership: i i
[ Yes] P Walking 4 304 31728 <0.001 Transport -0.172 0.036 0.850 VA& 0175 0036 0.850
es
[Car ownership:
0 0 0
No]
Intercept 0.011 0.001 0.973 0.169 0.126 0.723 —-0.011 0.001 0.973
Total Time —-0.003 0.944 0.331 0.023 22.780 <0.001 0.003 0.944 0.331
[Area Type: Public Passenger Passenger
HDR] Transport 1154 11898 0001  cqr  -250627.835 <0.001 (o  —1.15411.898 0.001
Area Type:
[Area Type 0 0 0
LDR]
7
Intercept -0.169 0.126 0.723 0.180 0.148 0.701 —-0.180 0.148 0.701
Total Time —-0.023 22.780 <0.001 0.020 20.388 <0.001 —-0.020 20.388 <0.001
Public
Area Type: ; .
[ HDR}]IP Walking 5 506 27.835 <0.001 rangport ~1351 9.122 0,003 Walking 351 9125 0,003
Area Type:
[Area Type 0 0 0
LDR]
Intercept —-0.638 0.366 0.545 -0.942 0.792 0.373 0.638 0.366 0.545
Total Trips 1.150 4.703 0.030 -0.217 0.160 0.689 -1.150 4.703 0.030
[Car ownership: Public Passenger Passenger
Yes] " Transport —30284 0.000 0997  cpr  25.863 Car  30.285 0.000 0.997
es
[Car ownership:
0 0 0
No]
8
Intercept 0942 0.792 0.373 -1.580 6.491 0.011 1.580 6.491 0.011
Total Trips 0.217 0.160 0.689 0.933 10.200 0.001 —-0.933 10.200 0.001
[Car ownership:  \w,1kin Public Walkin
Yes] 8 -24.854 Transport ~5419 8 5431
[Car ownership:
0 0 0
No]
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Continued
Intercept -2.535 2.994 0.084 -0.740 0.256 0.613 2.535 2.994 0.084
Trip Time 0.025 4.361 0.037 —-0.001 0.003 0.957 -0.025 4.361 0.037
Total Trips . 1.609 6.027 0.014 -0.294 0.196 0.658 -1.609 6.027 0.014
Public Passenger Passenger
C hip:
[ aro;m;‘rs P Transport 35258 0.000 0997 25916 G 33729 0000 0997
es
[Car ownership:
0 0 0
No]
9
Intercept 0.740 0.256 0.613 —-3.275 14.656 <0.001 3.275 14.656 <0.001
Trip Time 0.001 0.003 0.957 0.024 11.516 0.001 -0.024 11.516 0.001
Total Trips 0.294 0.196 0.658 Publi 1.315 13.334 <0.001 -1.31513.334 <0.001
. Walking R Walking
[Car ownership: Transport
-24.914 -8.812 8.815
Yes]
[Car ownership:
0 0 0
No]
Intercept -1.763 2.133 0.144 -1.010 0.711 0.399 1.763 2.133 0.144
Total Time 0.017 5.649 0.017 0.003 0.132 0.716 -0.017 5.649 0.017
Passenger
Total Trips Public 1.065 3.511 0.061 Passenger —-0.247 0.183 0.669 Car -1.065 3.511 0.061
[Car ownership: Transport Car
Yes] -30.743 0.004 0.997 25.718 30.744 0.004 0.997
es
[Car ownership:
0 0 0
No]
10
Intercept 1.010 0.711 0.399 -2.774 13.994 <0.001 2.774 13.994 <0.001
Total Time -0.003 0.132 0.716 0.020 18.262 <0.001 —-0.020 18.262 <0.001
Total Trips 0.247 0.183 0.669 Public 0.818 6.348 0.012 Walking -0.818 6.348 0.012
Walking
[Car ownership: Transport
-24.718 -6.024 -6.033
Yes]
[Car ownership:
0 0 0

No]

4.8.2. Infrastructure Incidences and Aggregated Modal Share

A presentation of the association between the modal share and the mode of

transport indices showed a slight difference between pedestrian facilities’ TAI
and IDI and the modal share.

It offers a positive association between the two indices (IAI and IDI) with the

modal share for the LDR group; as the index increases, the modal share increas-

es. The coefficients of determination were 0.93 and 0.27 for IAI and IDI, respec-

tively.

Figure 9 also indicates a marginal difference between the two indices for pe-

destrian infrastructure, while a wide range exists for private car indices. In contrast,
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Figure 9. The relation between infrastructure assessment and modal share.

no evident trend explains the relationship between the modal share of the HDR
and its infrastructure attributes. There was no association between the IDI and
modal share (r = 0.08). A solid negative association (r = 0.98) between the modal
share and IAI decreases as the service attribute increases. The absence of other
choices in the HDR leaves the subjects captive to one mode regardless of its
attribute, which is not the case in the LDR. The gap between the IAI and IDI for
the private car environment is enormous (2 points), while it is minimal for the
other two modes of transport and smaller than that of the LDR. As another mo-
bility indicator, the number of trips introduced and tested differs by the res-
ponding group, and its relation to the IDI and IAI differs.

Figure 10 also shows the aggregated IDI across the three modes of transport
of the HDR (4.66), a statistically significant difference from the LDR (4.0). In
contrast, the difference due to the subject group of the IAI was insignificant,
with only 0.276 points; the mean of the LDR group is (4.98) compared to (4.7)
for the HDR. There was no significant difference between the number of trips of
the two groups, although the HDR group reported (5.1) compared to (4.8) trips
per day for the LDR. The group’s relationship between trips and the infrastruc-
ture indices differs in magnitude and direction (Figure 9). The number of trips
of the HDR is positively correlated with the IAI (r = 0.452, p = 0.00) and with
IDI (r = 0.475, p = 0.00). In contrast, the correlations were negatively insignifi-
cant for the LDR group, with coefficients of —0.148 (p = 0.434) and 0.162 (p =
0.219) for the IDI and IAI, respectively. Irrespective of the group, the association
between trips and the indices was significantly positive (r = 0.37, p = 0.00) and r
= 0.29 (p = 0.00) for IDI and IAI, respectively). The above association reflects
the relation between the two indices, as the correlation was positively significant
for the HDR (r = 0.642, p = 0.00) and negatively insignificant for the LDR (r =
—0.146, p = 0.44).
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IDI 116 4.660 1.601 51 4.004 0.951 (t=3.284, p = 0.001)
IAI 203 4,703 2.195 96 4,979 1.580 (t=1.105,p =0.27)

Figure 10. The association between number of trips and infrastructure indices.

5. Discussions of Results

This study’s objective was to assess the road users’ perception of the develop-
ment of different infrastructure modes and their interrelations; and if it is related
to the service attribute and embedded safety level or the mode they commonly
use. It also investigates how this would influence their modal choice pattern and
whether it differs by the assessor’s environmental background. The modal choice
models were developed at individual and collective (aggregated) levels. A two-
group from two different regions in Amman with varying population densities
and infrastructure development were asked to rate the infrastructure of three
modes of transportation (Private car, walking, and public transport) from three
perspectives: development level, service attributes, and safety. Several attributes
were selected describing what the users would expect to receive once they use the
mode of transport of interest. Streets that provide for private car traffic and oth-
er traffic types (pedestrian and public transportation) are perceived to have sim-
ilar attributes across the two regions, with some advantages for the LDR, which
reflects a lower population density and a more modern neighborhood setup. The
main concern, irrespective of the group, was the adequacy of traffic control de-
vices, including marking, signing, and signaling, which was indicated by their

low rating of the provided level of safety.

5.1. Road User Perception

Subjects from the two groups evaluated pedestrian infrastructure attributes like
the level of infrastructure development in their area of residence, which differed
significantly from the other area. Their concern was the crosswalk conditions
rather than the sidewalk. With more than 30% of the sample size of the HDR
group walking for their destination, they appraised the safety as higher than the
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LDR with less than 10% walking. The association between the service attributes
and the level of development for the HDR group was higher, which may reflect
their experience; still, there was a contradiction between how they rated the
attributes low and how they valued safety relatively high. The consistency of the
three indicators of the LDR group assessment of pedestrian infrastructure seems
higher than the HDR. In fact, and overall, the consistency in the appraisal across
the modes was an issue that needed further investigation.

The LDR group perceived the safety of public transportation facilities as high-
er than the other two modes of transport, even though they are concerned about
the waiting time and area as it may sometimes involve risk. The HDR group ap-
praised the safety of public transport and private car infrastructure similarly.
The level of development of the public transportation facilities was rated as the
pedestrian infrastructure (IDI), which is quite understandable, as walking trips
complement the public transportation service. 121 Those who use public trans-
port in the HDR group rated its development relatively high, two times the LDR
group’s rating. In addition to the concern about the waiting area, the stops and
other terminal facilities’ conditions were perceived as low. On the other hand,
the two groups acknowledged the availability of the service temporally and spa-
tially despite being a general complaint from the public, which may be due to
being captive to the service and knowing how to manage around. Nevertheless,
there was a substantial difference in their perception of the overall development
of the infrastructure as the LDR group rating was significantly far below the
HDRs.

To conclude Therefore, it is possible to falsify the first hypothesis and con-
clude that the road-users perception of transport infrastructure differs by the re-
gion and the characteristics in which the subject resides. Further, there is a dif-
ference between their assessment across the modes within each group. The veri-
fication of the second hypothesis is not straightforward. It could be stated that
the LDR group has a similar perception of the transport infrastructure develop-
ment irrespective of the mode they commonly use, which is not the case for the
HDR group, which has a significant difference in their perception of the other
modes of transport.

The conclusion partially confirms some literature showed that the perception
of infrastructure is related to its use and safety perception [4] [16] [18] confirm
what Azik et al. [7] who reported that drivers’ perceptions and evaluation of the
infrastructure differ from one country to another and Manaugh and El-Geneid
[22] [23] who suggested difference perception within the same urban setup. For
pedestrian and public transportation infrastructure attributes, HDR subjects
showed consistent responses compared to LDR. However, LDR responses of
streets are significantly higher despite street infrastructure responses’ lower re-
liability than the other two modes. Among SEM-related attributes, reliability,
Cronbach’s alpha (a) was higher, rated 0.83, 0.88, and 0.78, suggesting reliable
assessments range from good to excellent for those items incorporated in the

unobserved construct, explaining why reliability would be less when all indica-
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tors are included (Table 5).

5.2. Infrastructure Perception Indices Models and Interrelation

Using exploratory factor analysis—PCA, two factors were identified for each
group; these factors were poorly correlated with safety appraisals, as with the
original qualities, irrespective of group. Despite the reduced factors explaining a
proportion of the variation in the original data variation that does not exceed
75% on the best (pedestrian IAI), still, their association with other indices is rel-
atively better than the association based on the original variable, indicating the
need to consider giving different weights for the variables. Future research can
address the issue of weighing road infrastructure attributes from different pers-
pectives. Consequently, both groups perceive the infrastructure attributes index
IAI (4.96) better than the safety index (4.77) or overall level of development in-
dex (4.32), suggesting that reflecting on service indicators is higher than a gener-
al impression, which confirms De Oia ef al [16] findings. The IAI of private car
traffic was the highest at the indices level (5.4), and the pedestrian infrastructure
was the lowest (4.4).

The subjects’ ratings of the infrastructure IDI for private cars, pedestrians of
the LDR, and public transportation are affected by their commuting modes. In
contrast, subjects walking for mobility in the HDR group rated the infrastructure
of different modes of transportation similarly. The IDI public transportation in-
frastructure was the highest rated (4.81), a slight difference from the pedestrian
rating (4.45) and a deviation of one point from the street environment rating
(3.71). The average of the three indices of public transportation infrastructure
was the highest (4.9), and pedestrian infrastructure was the lowest (4.57), which
was marginally different from the street environment (4.59). The low perception
of pedestrian infrastructure is consistent with literature findings [21] [29] [31]
[33]. There was minimal difference between the safety conditions among the
three modes; safety assessments for the three modes were below the mid-scale
(the lowest rating is 4.66 for the street environment, and the highest for public
transportation (is 4.84); implying that the safety is impeded in the mindset of the
users irrespective of the mode in-use. Safety is closely associated with modal se-
lection and service perception in the literature [21] [34] [35] [41] [43]. The av-
erage of the three observed indices has a weak correlation. The association is
more robust for HDR responses, which are almost always positively correlated,
except for the relationship between street IDI and public transport IDI. Public
transport’s IAI-IDI for the HDR was 0.56 compared to 0.47 for the LDR; the
street’s TAI-ISI was 0.51 compared to 0.11 for the LDR.

Based on SEM-CFA, pedestrian and public transport facilities and calming
traffic measures influence the street IAI’s construct. To a lesser extent, traffic
control devices, lighting, and parking conditions contribute insignificantly and
minimally. The pedestrian IAI construct is mainly related to crosswalk characte-

ristics and, to a lesser extent, sidewalk characteristics. The comfort and conven-
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ience and, to some time, bus stop conditions are better correlated to the public
transport IAI construct than the service coverage or the user perception of the
development index. Only the public transport IDI contributed to the public
transport IAI construct, where none of the pedestrian or street IDI were related
to their constructs. In the CFA, fewer variables were incorporated into the con-
structs than in the EFA. The consistency of the ratings of CFA variables was
higher than those of EFA. SEM-FSM showed significant positive impacts of pe-
destrian IAI on public transport, but insignificant impacts of street IAI. Streets
and pedestrian constructs do not significantly contribute to explaining streets;
the same is true for pedestrian constructs. While there is a significant difference
between the developed models due to the subject’s residency, also contributing
to verifying the 1st hypothesis, there is no significant difference due to the sub-
ject’s gender. These findings match well with the literature [38] [43] [45].

To conclude and based on SEM, EFA and descriptive analysis, it seems that
transport system users’ perception of transport infrastructure attribute-based is
different from their general or overall perception; thus, the 3rd hypothesis could

not be verified.

5.3. Infrastructure Perception and Transport Mode Choice

Generally, the observed average indices across all modes of transport are weakly
correlated with the number of trips made by the subject (r < 0.5). The correla-
tion is higher for HDR responses (r = 0.48 for IDI and 0.45 for IAI, compared to
only —0.15 and —0.16 for LDR). There is a positive relationship between modal
share and infrastructure IAI (0.98 for HDRs and 0.96 for LDRs) but a weaker
association with IDI (0.52 for LDRs and 0.1 for HDRs), which means the higher
the index that describes infrastructure attributes, the higher the modal, whereas
this is not the case for their responses general impression (IDI). Regardless of
the respondents’ group, there is a significant positive weak significant correla-
tion between trips and aggregated indices (r = 0.37, p = 0.00 for IDI and r = 0.29,
p = 0.00 for IAI). Discrete modal choice confirms these findings, and factors and
variables influence the choice relating to the trip and traveller. The modal choice
is not affected by any of the infrastructure indices. Pseudo-R* and correct classi-
fication of the observations (>70%) are best predicted by DCMs that include the
total trips, car ownership, and either the trip or total time. Predictive models
correctly classified around 50% of the observed choices, including the area of
subject residency. Ghareib [51] stated that models have trip and travel characte-
ristics are more robust than those with only transport system attributes con-
firming this study findings. Car ownership proven to influence the modal choice
[3] [58] [59], same applies for travel time [56] [58].

Like the 2nd hypothesis conclusion, it would be hard to make a clear decision
accepting or rejecting the hypothesis as the group characteristics gave a different
indication. Once the group dimension is excluded, it may possible to conclude

that transport modal choice may be influenced by the user’s perception of mode
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characteristics and features. It was found, however, that the modal choice index
was not associated with the infrastructure index according to the DCM analysis.
To conclude, when subjects make a subjective appraisal, it does not always be a
critical evaluation of the elements that form their judgment, which, in turn, will
not be consistent with what will be emerging from it, which was the case when
they rated the infrastructure safety for example. The modal choice or trip made
was not a direct product of their appraisal; it resulted from service availability
and needs. The subjects’ background, environment, and experience reflect their
judgments and assessments.

The study explored different techniques to test the hypothesis and achieve the
objectives. However, the study still had some limitations, such as not conducting
actual observations or testing all attributes that may affect the user’s perception.
Subjects may not understand the questionnaire’s content, resulting in inaccurate
answers. Several policies should be developed to address the study’s findings, in-
cluding ensuring social equality, improving safety, and promoting green trans-

port, including active transportation and public transportation.

6. Conclusions

This study sheds light on road users’ perception of transport infrastructure and
its influence on mode choice. It highlights the need for policies addressing social
equality, safety, and green transport options. Future research could explore ad-
ditional factors to enhance transportation planning and policy development.
Road users’ perception of transport infrastructure varies according to their area
of residence or working place characteristics. It reflects the impact of their envi-
ronment and experiences, and there is a difference between their assessment
across modes within each group. Users rated the region’s low population density
advantageous due to its lower density and modern neighborhoods. The subjects
in the HDR subjects consistently rated pedestrian infrastructure attributes, while
LDR responses for streets were significantly higher. The study highlights the in-
fluence of pedestrian infrastructure on walking behavior. LDR subjects perceived
public transportation safety as high, while HDR assessed public transport and
private car infrastructure similarly. Both groups acknowledged service availabil-
ity despite some concerns.

The LDR group has a similar perception of transport infrastructure develop-
ment regardless of their common mode. This is not the case for the HDR group,
which significantly differs in their perception of other modes of transport. Transport
system users’ perception of the infrastructure, based on attributes, differs from
their general or overall perception. When subjects make a subjective appraisal, it
does not always be a critical evaluation of the elements that form their judgment,
which, in turn, will not be consistent with what will emerge from it, which was
the case when they rated the infrastructure safety, for example, The road users’
main concern was the adequacy of traffic control devices, indicating low safety

ratings. The mode choice or trip made was not a direct product of their apprais-
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al; it resulted from service availability and needs. Their background, environ-
ment, and experiences influence individuals’ judgments and assessments. How-
ever, this study has certain limitations, such as the exclusion of specific tested
attributes, sample representation, questionnaire clarity, and the way subjects in-

tersect. These limitations may impact the findings’ validity and accuracy.
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