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AbstractAbstractAbstractAbstract    
    
Despite the suggestions by numerous studies over the years that spatial land use pattern influences travel 

behaviour, uncertainty remains about the existence, form, and the extent of any causal relationship between 
spatial land use and urban travel behaviour. This study seeks to provide a new dimension from the perspective 
of a medium-sized city in Africa by simultaneously incorporating attitudinal and socioeconomic variables in 
examining the relationship using structural equation model (SEM). Primary data collected using 
questionnaires from 534 households of adult commuters with private cars and spatial data of the built 
environment for households in the Greater Sekondi-Takoradi Area (GSTA) in Ghana were used in this study. 
Principal component analysis (PCA) was used to reduce 25 statements attributed to travel attitude to four. 
Similarly, 22 statements attributed to neighbourhood preferences were also reduced to three. Latent constructs 
of four and 20 observed variables were analysed using SEM in LISREL 10.3 software. The fitness of the final 
model to the data was assessed using absolute, incremental, and parsimonious fit indices. The findings from the 
study indicated that socio-economic factors had a stronger influence on households’ automobile travel than 
self-selection, with land use having the least impact. The results are consistent with earlier studies that suggested 
self-selection has a greater impact than land use on households’ automobile travel. This suggests that land use 
policies can effectively be used in controlling households’ automobile travel when the effect of self-selection is 
simultaneously accounted for with the land use. 

     
Keywords:Keywords:Keywords:Keywords: land use; PCA; residential self-selection; structural equation modelling; travel 
attitude; travel behaviour 
 
    
IntroductionIntroductionIntroductionIntroduction    
 
Urban travel in the past few decades has increased astronomically in cities across the world (Coevering 

et al., 2016; Zhao et al., 2018; Faber et al., 2021; Ahmad et al., 2024). Decreasing the reliance on car use and 
advocating for other sustainable modes of travel are generally seen as positive ways of promoting sustainable 
mobility, improving of public health and decreasing of traffic congestion (Zhou and Kockelman, 2008; 
Aditjandra et al., 2009, Faber et al., 2021; De Abreu e Silva and Lucchesi, 2022). However, there has been a 
continuous debate about the existence, form, and magnitude of the causal factors that influence travel 
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behaviour in urban areas (Ewing and Cervero, 2010; Bhagat‑Conway et al., 2024). While a majority of the 
studies consider land use to be the influencing factor that could be used to control travel behaviour through 
the principles of compact development and the new urbanism (Zhou and Kockelman, 2008; Bohte et al., 2009; 
Lin and Yang, 2009; Cao and Yang, 2017). Other studies have contended the effect of land use on travel 
behaviour. They argued that the observed association between land use and travel behaviour may be indirect, 
and that a household with a preferred mode of travel will choose a residential location that will satisfy the 
desired mode of travel, a hypothesis known as residential self-selection (Lin and Yang, 2009; Ewing et al., 2015; 
Cao and Yang, 2017; Gim, 2018; De Vos et al., 2021; Soinio, 2021). Most of these studies found that neglecting 
the issue of self-selection in land use-travel behaviour studies may lead to overestimation of the effect of land 
use on travel behaviour (Cao et al., 2007; Pinjari et al., 2007; Mokhtarian and Cao, 2008; Cao and Yang, 2017; 
Wolday et al., 2018; Guan et al., 2020; De Abreu e Silva and Lucchesi, 2022; Soinio, 2021).  In contrast, other 
studies found that the effect of self-selection is insignificant or is of no effect (Scheiner, 2010; Chatman, 2014; 
Naess, 2014; Ewing et al., 2015; Coevering et al., 2016; Wang and Lin, 2019). The lack of clear understanding 
and the conflicting evidence of the effect of land use and self-selection on automobile travel pattern has made 
it difficult for city authorities and planners to evaluate effectively, the impact of land use policies on vehicle 
miles travel, and consequently on traffic congestion mitigation factors (Ewing et al., 2015).  

Existing literature on travel behaviour from the perspective of Global South countries is scarce, especially 
from Africa, due to the lack of attitudinal data on travel (Park et al., 2018; Masoumi et al., 2021; De Abreu e 
Silva and Lucchesi, 2022; Nkeki and Asikhia, 2023). Most of the studies were conducted in large cities of North 
America and Europe where faces of urbanization processes are different from that of Global South countries 
(Schwanen and Mokhtarian, 2005; Wang and Lin, 2014; De Abreu e Silva and Lucchesi, 2022). According to 
Wolday (2018) and Gim (2019), different urban structures exert different travel behaviour influences at 
different spatial scales and urban sizes. In developing countries such as Ghana, options for selecting residential 
locations are mostly constraint by the availability and affordability of the housing units (Wang and Lin, 2014). 
Additionally, travel attitude, perception, and culture of an individual in a medium-sized city in the Greater 
Sekondi-Takoradi Area (GSTA) of Ghana might be different from an individual in a city in North America or 
Europe. 

Furthermore, some of the studies in which residential self-selection was considered were limited by the 
amount of data used to represent the built environment and travel behaviour variables, leading to aggregated-
level analysis (Guan et al., 2020). For instance, Parka et al. (2017) could not control for the issue of self-selection 
in their studies because the underlying household surveys did not include relevant attitudinal questions. De 
Abreu e Silva and Lucchesi (2022) examined the relationship between land use patterns, location choice, and 
travel behaviour from the perspective of a Global South country using SEM. However, their study was limited 
as attitudinal variables were not included. Also, Aditjandra et al. (2009) did not include the objective 
measurement of land use characteristics in their model. Their study only captured the perception of the land 
use characteristics and their preferences. Other studies explained the relationship by only using the physical 
characteristics of the land use without considering the underlying behavioural factors (Van Acker et al., 2011).  

Another challenge in examining this complex relationship has been the teasing out of the independent 
impact of land use on travel behaviour, which lies heavily on the statistical approach used in examining these 
relationships (Guan et al., 2020). The use of traditional multivariate regression models, such as linear, multiple 
or logistic regressions that represent only a single relationship between the dependent and independent 
variables, is common in land use-travel behaviour studies (Devlin, 2010). However, single equations are limited 
in their ability to model complex interactions such as the relationship between land use pattern, self-selection, 
and travel behaviour (Bohte et al., 2009; Hair et al., 2014). Although a few studies have examined the influence 
of residential self-selection on travel behaviour, their findings have often been limited by the analytical 
approaches employed in examining these complex relationships (Bohte et al., 2009).  For instance, Soinio 
(2021) used multiple linear regression models to examine the influence of the built environment and residential 
self-selection on car use and active travel.  Aditjandra et al. (2009) also assessed the relationship between urban 
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form and travel behaviour using multivariate regression analysis. Wolday et al. (2018) also used logistic 
regression to examine the impact of transit preference and other residential preferences on residential location 
choice.  

Unlike regression, Structural Equation Model (SEM) is a multivariate statistical technique that can 
model directly and indirectly the complex relationships among observed and unobserved variables (Maat and 
Timmermans, 2009; Hair et al., 2014; Wala et al., 2020; De Vos et al., 2021; Javid et al., 2021; Setiawan, 2021). 
SEM can be used to model measurement error for both the dependent variable and the independent variable, 
and it allows correlation among the error terms (Javid et al., 2021; Khairi et al., 2021). Since most of the 
traditional methods could not clarify this complex relationship, a body of studies used the SEM in examining 
the complex relationship between land use, travel attitude, and travel behaviour. For instance, Bagley and 
Mokhtarian (2002) applied SEM in examining the influence of residential type on travel behaviour, they found 
that attitude affects both residential neighbourhood choice and travel demand. However, in their study, they 
used only two variables to represent urban form, which only provides a simple representation of the effect of 
individual characteristics of density, design, and diversity. Research carried out by Cao and Yang (2017) used 
SEM to evaluate the impact of the built environment and residential self-selection on commuting trips and the 
related CO2 emissions. However, the study was limited to path analysis by using only observed variables for 
model specification (Cao and Yang, 2017). The major limitation of models that only use observed variables is 
their failure to account for measurement errors, which can undermine the precision and reliability of the 
findings (Okyere, 2018). A complete SEM enables the simultaneous evaluation of both observed and latent 
variables, improving the precision and depth of insights into the relationships among constructs. Lin and Yang 
(2009) also examined the influence of the built environment on travel demand using SEM. Although they used 
a complete SEM, the data used in their studies were aggregated data; for instance, the measured indicator of 
diversity was measured for the whole traffic analysis zone (TAZ) rather than on a local scale, which limited 
their analysis at the local level. Similarly, Ewing et al. (2015) used SEM and aggregated data to assess the impact 
of compact development on traffic congestion. The results of the study were also limited in making inferences 
at the micro level, as the data used was aggregated. De Abreu e Silva and Lucchesi (2022) also examine the 
relationship between land-use patterns, location choice, and travel behaviour from the perspective of a Global 
South country using SEM. However, their study was limited as attitudinal variables were not included. Gim 
(2018) also examined the relationship between land use and weekend travel using SEM. However, the study 
was constrained by the absence of attitudinal variables in the model, limiting its ability to fully capture the 
effects of land use. 

GSTA in recent years have witnessed a rapid rate of urbanization due to oil discovery in commercial 
quantities in 2007, off the coast of the Western Region in Ghana. The city has been characterised by a 
disorganised urban growth, which has led to urban sprawl boosted by car-oriented development with no clear 
policy to control these externalities (Biney et al., 2024).  

From the discussion of earlier works in literature and the identified limitations in the above paragraphs, 
an understanding of the impact of land use, self-selection on travel behaviour, is critical in aiding sustainable 
mobility, especially in a medium-sized city of a developing country such as Ghana. Hence, this study seeks to 
use rare, disaggregated household travel data to examine the geospatial impact of land use and self-selection on 
travel behaviour of adult workers who commutes by automobile mode of travel within the GSTA, using a 
structural equation model. 

 
 
Materials and Methods Materials and Methods Materials and Methods Materials and Methods     

    
The study area 
The study was undertaken in the Greater Sekondi Takoradi Area (GSTA) in the Western Region of 

Ghana. The GSTA is made up of Sekondi Sub-metropolitan area, Takoradi Sub metropolitan area, 
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Essikado/Ketan Sub-metropolitan area and Effia-Kwesimimtsim Municipality. The study area falls between 
latitudes 4° 52′ 30″ N and 5° 04′ 00″ N and longitudes 1° 37′ 00″ W and 1° 52′ 30″ W with an area of 
approximately 191.7 km2 (GSS, 2010). It is the administrative capital of the Western Region with a population 
of about 419,357 (GSS, 2021). The climate of the area is equatorial with an average annual temperature of 22 
°C. Rainfall is bimodal, the major season is experienced between March and July, and the minor season between 
August and November.  There are two major rivers that flow through the city: the Whin River and the 
Kansaworado River. The city hosts about 60% of the industries in the Western Region. The economic activities 
in the area have been boosted in the past few years by the discovery of oil in commercial quantities in 2007 at 
Cape Three Points, off the coast of Ghana. This has led to a rapid growth in urbanisation, population and car 
ownership over the past few years. Thus, posing challenges to sustainable mobility within GSTA (STMA, 
2021). Figure 1 is a map showing the study area. 

  
Figure 1.Figure 1.Figure 1.Figure 1. Map of study area 
 

Data collection 
A cross-sectional survey was conducted using a well-structured paper-based questionnaire from 

December 2023 to February 2024. Information such as socio-demographic characteristics, work trips, non-
work trips, residential preferences, travel-related attitudes, work and household locations of respondents, etc., 
was gathered from respondents. A multistage sampling procedure was used, starting from cluster sampling to 
systematic sampling to ensure the sample characteristics were representative of the population, as well as urban 
form and socio-economic characteristics. The study focused on the active working group with a minimum age 
of 18 years and a maximum of 60 years. The survey was conducted as part of a PhD research being conducted 
by the principal author. A total of 1,344 household respondents from 36 communities in the GSTA were 
interviewed. This was reduced to 1,298 after data cleaning and removal of incomplete forms. This paper focuses 
on 534 household respondents who commute using the automobile mode of travel in a typical working week 
in the 36 communities in GSTA. Although the sample cannot be said to have represented the sample 
population perfectly after data cleaning, it remains suitable for this research, which is to examine the 
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relationship among the variables involved (Bagley and Mokhtarian, 2002; Cao et al., 2006; Cao and Ettema, 
2014; Gim, 2016; Sinniah et al., 2016). Table 1 presents the sample characteristics of respondents.  

 
Table 1.Table 1.Table 1.Table 1. Sample characteristics of respondents 

SocioSocioSocioSocio----demographic featuresdemographic featuresdemographic featuresdemographic features    DescriptionDescriptionDescriptionDescription    N = 534N = 534N = 534N = 534    Percentage (%)Percentage (%)Percentage (%)Percentage (%)    

Gender 
Male 315 58.99 

Female 219 41.01 

Age (in years) 

18-24 69 12.92 

25-39 230 43.07 

40-59 235 44.01 

Educational level 

Primary school 8 1.5 

Junior Secondary/Middle school 26 4.87 

Senior Secondary school/A' Level 59 11.05 

Bachelors 211 39.51 

Masters 188 35.21 

PhD 42 7.87 

Household monthly income 
(Ghana cedis) 

Less than 2,000 105 19.66 

2,000-4,999 158 29.59 

5,000-7,999 150 28.09 

8,000-9,999 56 10.49 

10,000 or more 65 12.17 

Household size 

1 58 10.86 

2 48 8.99 

3 85 15.92 

4 169 31.65 

5 75 14.04 

6 and above 99 18.54 

Households with cars 

Households with one car 295 55.24 

Households with two cars 162 30.34 

Households with three cars 49 9.18 

Households with four cars 18 3.37 

Households with five cars 8 1.5 

Households with six cars 1 10.19 

Households with seven cars 1 10.19 
Source: Field survey, December 2023–February 2024 

 
Variables 
The variables of interest used in this study were categorized into four: socioeconomic variables, travel 

behaviour variables, attitude variables, and built environment variables. Socioeconomic variables were obtained 
using the data provided in the first section of the questionnaire. These include age, gender, household size, 
household income, educational level and car ownership.  The travel behaviour variables were also determined 
using reported personal vehicle miles travelled on weekdays. The third section of the questionnaire presented 
respondents with 25 statements reflecting their attitudes towards travel, from which they were asked to assess 
their travel-related attributes using a five-point Likert scale, ranging from ‘strongly disagree’ to ‘strongly agree’. 
Similarly, respondents identified in the fourth section, the factors that influenced their choice of residence 
when they were selecting their current neighbourhood from 22 statements that reflected their neighbourhood 
characteristics on a five-point Likert scale, ranging from ‘very unimportant’ to ‘very important’. 

Geospatial data, which forms the nucleus around which the built environment variables were 
determined, was collected using handheld GPS and smartphone GPS. With the assistance of the smartphone 
GPS, respondents voluntarily mapped the approximate spatial locations of their jobs and households.  Other 
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built environment data collected for the study were bus stop locations within the GSTA and the Central 
Business District (CBD) location. Land use data were obtained from the Sekondi-Takoradi Metropolitan 
Assembly (STMA) and subsequently reclassified for this study. Data on street and road networks, as well as 
structures, were obtained from Open Street Map (OSM). All the secondary data obtained were confirmed in 
the field through ground truthing and cleaned before being used. Some of the built environment and 
continuous variables were normalised using square root or log transformation before their application in SEM. 
This reduces the impact of outliers and allows for the generation of elasticities (Ewing et al., 2015; Sardari, 
2018). The spatial distribution of respondents’ households in the GSTA is illustrated in Figure 2. 
  

 
Figure 2Figure 2Figure 2Figure 2. Spatial distribution of respondents’ households in the GSTA 

 
Data processing and descriptive statistics 
Processing of data was carried out in four stages. Firstly, a buffer of 600 m was created around each 

respondent’s household within the study area. This was used as the spatial unit to measure the built 
environment characteristics around each household.  Secondly, exploratory factor analysis was conducted on 
the statements measuring attitudes and preferences to segment the diverse travel-related attitudes and 
preferences within the population. Thirdly, travel behaviour parameters were determined, using the reported 
travel frequency, travel duration, and the “crow flies” distance measured between the household locations and 
the work locations of each respondent using ArcGIS 10.7.1. Lastly, the variables measured in the preceding 
stages were used in the structural equation model to examine any relationship among the variables. The flow 
chart of the methods used is illustrated in Figure 3.  
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Figure 3.Figure 3.Figure 3.Figure 3. Flow chart of the methods used  

 
Measurement of land use factors 
Following the survey, the objective spatial characteristics of the built environment variables were 

computed using various metrics, including diversity, density, design, distance to the CBD, and accessibility. 
These computations were conducted within a 600 m buffer around each respondent’s household, using ArcGIS 
10.7.1 software. The use of a 600 m buffer was based on the average walking distance that residents typically 
cover within ten minutes to reach a bus stop or shared taxi rank from a household in the GSTA, as reported by 
GSS (2013). In GSTA, informal transport services dominate the public transit landscape, with minibuses 
commonly referred to as "trotro" and shared taxis serving as essential modes of daily commuting for much of 
the population. Most studies used 400 m to 800 m as the common distance measurement that transit users are 
willing to walk to reach the nearest bus stop or transport facility (Frank et al., 2005; García-Palomares et al., 
2013; La Paix et al., 2013; Ivan et al., 2019; Masoumi, 2021; Rahman and Nilufar, 2024; Yang et al., 2025). 
Additionally, analysing the built environment characteristics in a more detailed administrative unit or at a 
parcel level presents an individual’s sensitivity to the built environment (La Paix et al., 2013; Biba et al., 2014; 
Ivan et al., 2019). This approach offers a more effective way of evaluating the explanatory power of land use 
variables, as opposed to assessing the built environment characteristics across large traffic analysis zones (La 
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Paix et al., 2013; Biba et al., 2014; Ivan et al., 2019). Below are the specific land use factors considered in this 
study: 

Diversity: the mix of land use around each household was measured using the entropy index. The 
entropy index describes the heterogeneity or diversity balance between the land use classes around each 
household. The land use classes used in this study were five: Commercial, industrial, institutional, 
recreation/open space, and residential. The entropy index was computed using equation (1) (Ewing and 
Cervero, 2010). 

 
Entropy index = − ∑� �� ∗ ln ��/ln (�)                       (1) 
 
Where: Pj is the portion of the buffer covered by land use, j is the sum area for land-use categories of 

interest, and J is the number of land-use categories within the buffer (commercial, industrial, institutional, 
residential, recreation/open space). The entropy ranges from 0 to 1, with zero indicating homogeneous land 
use and 1 indicating a highly diversified land use. 

Density: The structure density was determined for each household by dividing the number of structures 
in a buffer by its corresponding area around each household in square kilometres. 

Design: This indicates the interconnectivity of the road network around each household. This was 
determined by measuring the number of three or four intersections within a buffer in square kilometres, also 
known as intersection density. A higher intersection density indicates a higher connectivity.  

Distance to CBD: Distance to CBD was measured using the Euclidean distance from a respondent’s 
household to the CBD. The CBD serves as a centre of attraction for activities within GSTA. 

Accessibility: This was determined by measuring the shortest distance from a respondent’s household 
to the nearest bus stop using the network analysis tool in ArcGIS 10.7.1. 

 
Measurement of travel-related attitudes and neighbourhood preferences 
Most of the variables used in the questionnaire to aid in gathering data from respondents, measure 

similar dimensions of residential preferences and travel-related attitudes, hence the was a need to conduct factor 
analysis (Ramezani et al., 2021). Exploratory factor analysis was conducted separately for statements attributed 
to attitude towards travel and neighbourhood preferences. Principal component analysis was conducted in 
SPSS to reduce the 25 statements related to travel attitudes to 4 factors after varimax rotation, namely, pro-car, 
pro-independent, pro-bike, pro-transit, time sensitive, cost sensitive, and pro-safety. All factor loadings below 
0.4 were suppressed. The reliability of the scales used in the measurement was evaluated using Cronbach’s alpha 
coefficient (α). A Cronbach’s alpha of 0.66 was achieved on 18 statements considered to have sufficient 
reliability after the removal of 7 statements. The four selected factors have eigenvalues greater than 1, and the 
total variance explained by the factors was 51.71% after rotation and five iterations with similar explained 
values by Etminani-Ghasrodashti and Ardeshiri (2015). Bartlett’s test of sphericity was significant with 
P<0.001 and with a Kaiser-Meyer-Olkin measure of sampling adequacy (KMO) of 0.69. Hair et al. (2019) 
recommended 0.5 as the minimum threshold for KMO, with higher values considered to be desirable. Three 
statements which loaded on two factors were deleted. Similarly, the underlying construct and indicators were 
extracted from the list of 22 statements related to residential choice preferences into three underlying 
dimensions, namely cost sensitive, proximity, and comfortability. PCA with an orthogonal rotated correlation 
matrix (Varimax) was also used. The KMO for the second set of statements was 0.69, and a Bartlett’s test of 
sphericity of P<0.001. A Cronbach’s alpha of 0.81 was obtained on the 22 statements attributed to 
neighbourhood preferences, which is greater than the threshold of 0.6 (Sangkapichai and Saphores, 2009). The 
identified factors or constructs were able to explain 54.69% of the total variance. Similarly, factors with a 
loading less than 0.4 were suppressed. The results of these exploratory factor analyses were, in turn, subjected 
to structural equation modelling. The factors and their associated statements with factor loadings are presented 
in Tables 2 and 3. 
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Table 2. Table 2. Table 2. Table 2. Land-use factors and their factor loadings (KMO = 0.685) 

FactorsFactorsFactorsFactors    StatementsStatementsStatementsStatements    
Loadings Loadings Loadings Loadings     

1111    
Loadings Loadings Loadings Loadings     

2222    
Loadings Loadings Loadings Loadings     

3333    

Cost sensitive 
(PR1) 

Accommodate travel costs (money, time, stress) 0.779   

Low housing cost (rent, mortgage) 0.746   

Stores are within easy walking distance from my home 0.630   

Proximity 
(PR2) 

Proximity to the city centre  0.793  

Proximity to a bus stop  0.759  

Closeness to family/friends  0.585  

Comfortability 
(PR3) 

Safety of the neighbourhood   0.723 

Parking spaces for Household use   0.628 

Proximity to the workplace   0.625 
Extraction method: Principal component analysis; Rotation method: Varimax with Kaiser  
normalization; Rotation converged in 5 iterations 

 
 Table 3. Table 3. Table 3. Table 3. Attitudinal factors and their defining factor loadings (KMO=0.687) 

FactorsFactorsFactorsFactors    StatementsStatementsStatementsStatements    
Loadings Loadings Loadings Loadings     

1111    
Loadings Loadings Loadings Loadings     

2222    
Loadings Loadings Loadings Loadings     

3333    
Loadings Loadings Loadings Loadings     

4444    

Pro-car 
(AT1) 

The car provides the flexibility needed for my 
schedule 

0.738    

The car is reliable in getting me to my destination 
on time 

0.729    

The car provides me with the privacy I need  0.691    

Prefer parks and open spaces nearby 0.568    

Prefer a quiet neighbourhood 0.505    

Pro-
independent 

(AT2) 

Taking public transit is less stressful  0.826   

Having a car indicates my status in society  0.590   

Having space and separation from others  0.450   

Pro-bike 
(AT3) 

I perceive it as safe to bike in my city of residence   0.804  

Car usage is bad for the environment   0.663  

Pro-transit 
(AT4) 

Public transport is located close to most of my 
destinations 

   0.742 

I prefer to walk/bike instead of driving whenever 
possible 

   0.740 

Extraction method: Principal component analysis; Rotation method: Varimax with Kaiser normalization; Rotation 
converged in 5 iterations 

 
Modelling approach  
Structural equation modelling (SEM) approach was employed in estimating the relationship among the 

variables used in this study. SEM is made up of a measured model and a structural model (Setiawan et al., 2021). 
The structural model defines the relationships between latent variables through path analysis while the 
measurement model examines the relationships between latent variables and a manifest variable through a 
confirmatory factor analysis (Gim, 2011; Joe-Asare et al., 2023). A latent variable is a construct that cannot be 
measured directly but is inferred from its association with other observable variables (Westland, 2015). SEM 
was used because it explicitly makes it possible to model and examine various dimensions of relationships 
among sets of variables that can act as endogenous as well as exogenous in a specified model at the same time 
(De Abreu e Silva, 2014; Gim, 2018).  
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The structural model can be expressed as (Cao and Yang, 2017): 

� = �� + ΓX + ζ                         (2) 
 With � as the vector of 
 endogenous variables, � is a vector for � exogenous variables, and � refers to 

the matrix (
 × 
) of coefficient relating to pairs of endogenous variables, Γ refers to the matrix (� × � ) with 

regression coefficient between exogenous and endogenous variables, ζ is a column vector of residuals relating 
to the endogenous variables. 

 
Model specification 
To examine the effects of land use, self-selection on travel behaviour, an initial SEM was constructed 

based on theory. Three exogenous constructs (socioeconomic, land use, and attitude variables), one endogenous 
variable (travel behaviour), and 20 indicators were used in the initial model. Maximum likelihood (ML) 
estimation in LISREL 10.3 was used in this study. ML operates in SEM based on multivariate normality 
(Coevering et al., 2021; Ramezani et al., 2021). Hence, it is important that variables used in SEM meet this 
requirement otherwise, estimates from the model may be rendered inaccurate. The variables of each respondent 
were evaluated for the potential problem of non-normality. The non-normal data and potential outliers were 
transformed using square root or log transformation (Coogan et al., 2012, Cheng et al., 2017; Coevering et al., 
2021). The following measured indicators for travel behaviour were transformed using square root before being 
used in SEM; travel frequency (TF) in a week, travel distance covered in a week (TDWK), and total travel 
duration in a week (TPW). Land use indicators that were also transformed using square root were net 
residential structural density (NRD) and the distance from the household to the CBD, while the distance from 
a household to a bus stop (DB) was log transformed. According to Cao et al. (2007) and De Vos et al. (2021), 
the issue of multivariate normality assumption could also be reduced if the ratio between the sample size and 
the number of observed variables is at least 15. In this study, the sample size was 534, and the ratio was 26.7, 
which indicates a good sample size.  

Path diagrams were used to visually depict the relationship between variables in the equations (Mcintosh 
et al. 2014; Ahmad, 2024). Rectangles were used to represent indicators, while ovals were used in the path 
diagram to represent latent variables. An arrow in the path diagram indicates the direction of relationship. An 
arrow emanating from a variable indicates the variable to be a regressor in the equation and an arrow entering 
a variable indicates that variable to be a dependent variable (Mcintosh et al., 2014). The issue of model 
identification was not a problem as the number of exogenous variables used in the SEM were more than that 
of the endogenous variables (Cao et al., 2007).  

The initial model was estimated, and paths that showed consistently insignificant values were deleted to 
ensure that the model is parsimonious (Coevering et al., 2016; Hair et al., 2019). Two indicators of 
socioeconomic construct (the available number of cars in a household (CR), educational level (EL)); one 
indicator of land use construct (diversity (D)); three indicators of attitude construct (pro-bike (AT3), pro-
transit (AT4) and cost sensitive (PR1)) were excluded from the model. Indicators that had low standard 
solution figures but were statistically and theoretically significant were kept in the model (Ewing et al., 2015; 
Coevering et al., 2021). A number of iterations were conducted and the model with the best fit to the data was 
selected as the final model.  

The final model was evaluated using goodness of fit indices commonly used in SEM. These include the 
comparative fit index (CFI), goodness of fit index (GFI), root mean square error of approximation (RMSEA), 
the ratio of chi-square (χ2) over the degrees of freedom, the incremental fit index (IFI), adjusted goodness of fit 
Index (AGFI) and parsimonious normed fit index (PGFI) (Westland, 2015; Khairi et al., 2021). According to 
Hair et al. (2010), the use of four to five goodness of fit indices to assess a model is considered sufficient 
provided the three groups of goodness of fit measures are represented, that is, absolute fit indices, incremental 
fit indices, and parsimonious fit indices. The final output of the model is presented in the result section and the 
conceptual framework for the initial model is presented in Figure 4 with a path diagram 
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Figure 4.Figure 4.Figure 4.Figure 4. The initial concept of the structural equation model 

 
 
Results and DiscussionResults and DiscussionResults and DiscussionResults and Discussion    
    
Descriptive results  
The descriptive statistics of the sampled respondents (n=534) are shown in Table 1. Among the 

respondents considered for this study, an average of 55.24% of households have one car available for 
commuting. The sample population also had more men commuting with private cars (58%) than women. 
Considering the educational background, respondents with bachelor’s degrees were the highest group 
(39.55%) of commuters with a private car. The average household size of the sample population with private 
cars available for commuting is 4, representing 31.65%. Among the household composition, couples with 
children were the highest (43.45%) group of commuters with private cars. 

 
Model modification 
The model was assessed after the initial estimation based on the model fit indices (Hair et al., 2014; Javid 

et al., 2021). However, the initial model did not meet the fit indices and hence had to be modified based on 
theory and the modification indices (Akinyode, 2016). The modification indices reported by the LISREL 
software indicated the amount by which the chi-square value is expected to reduce if the corresponding 
parameters are freed. As a result, an error covariance was added between AT1 and PR2, necessitating the 
model’s re-estimation. While this adjustment led to an improvement in the model fit indices over the initial 
results, the chi-square value was still high. The modification process was repeated by adding the following 
covariates: HW↔HHS, HHS↔SQCBD, ID↔SQCBD, and ID↔LDB, sequentially, until the fit indices 
were met. Each time an error covariance was added, the model was re-estimated, and the standard solution, as 
well as the T-values, were examined to meet the critical values. The T-value is determined by dividing the 
estimated parameter by its standard error, which is considered the critical ratio (Joe-Asare et al., 2023). A T-
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value >1.96 implies the p-value of the estimate is significant at the 0.05 level, and a T-value >2.58 implies the 
p-value is significant at the 0.01.  

 From the results obtained in Figures 5 and 6, the causal path between socioeconomic (SC) factors and 
travel behaviour (TB) had a standardised solution value of 2.66 with a T-value of 41.35, indicating a significant 
relationship between socioeconomic factors and travel behaviour. The causal path between the land use (LU) 
factors and TB also had a standard solution of 1.37 and a T-value of 18.93, which also indicates a significant 
relationship between land use and travel behaviour. The relationship between the third exogenous variable 
(attitudinal factors (AT)) and TB also had a standard solution of 2.11 and a T-value of 17.97, which also 
indicated a significant relationship between attitudinal factors and travel behaviour. Considering the impact 
of the three exogenous factors on travel behaviour, SC factors had the highest impact, followed by AT factors 
and finally LU factors. The influence of the various indicators on each construct is shown in Table 4. Among 
the indicators for travel behaviour, trip frequency (STF) emerged as the highest (0.66) contributor in defining 
the travel behaviour construct. With respect to attitudinal factors, proximity (PR2) was the highest (1.03) 
contributor in defining the attitudinal construct. The land use construct has intersection density (ID) as the 
highest (1.03) contributor in defining the construct. Under the socioeconomic construct, the monthly income 
of the household was the highest (-0.14) contributor in defining the construct. Although some indicators had 
low absolute values of the standardised solution, as shown in Table 4, they all met the minimum critical ratio 
of T > 1.96. 

 
Goodness of fit indices for SEMs 
Over the years, various goodness of fit indices have been recognised as reliable tools for evaluating the 

effectiveness of a model (Setiawan et al., 2021). These indicators measure how the researcher’s model 
reproduces the actual phenomenon presented in the data (Akinyode, 2016; Kang and Ahn, 2021). The 
goodness of fit measures used in this study were based on the recommendations of Schumacker and Lomax 
(2010), Westland (2015), Hair et al. (2019), and Khairi et al. (2021). These indices include chi-square (χ2), 
which is used to test how close the sample covariance matrix is to the implied covariance matrix of the model. 
Chi-square is sensitive to sample size; hence, the ratio of χ2 to the degrees of freedom is recommended, with 
values less than 5 considered to be good. Other goodness of fit test indices are root mean square error of 
approximation (RMSEA), comparative fit index (CFI), the incremental fit index (IFI), goodness of fit index 
(GFI), adjusted goodness of fit index (AGFI), standardised root mean square residual (SRMR) and 
parsimonious normed fit index (PGFI). The goodness of fit indices utilised in this study are presented in Table 
5, with the recommended threshold. From the results in Table 5, the RMSEA, χ2/df, GFI, SRMR, AGFI, and 
PGFI all had a good fit. CFI, NFI, and IFI had a marginally good fit. As stated by Hair et al. (2010), the use of 
4 to 5 indices to evaluate a model is good, provided the three main groups of goodness of fit indices (absolute 
fit indices, incremental fit indices, and parsimonious fit indices) are represented. In general, the model's 
goodness of fit could be considered good, and that the model fits the data well. Figure 5 indicates the 
standardised solution of the final model, whereas Figure 6 illustrates the T-values of the final model. 
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Figure 5.Figure 5.Figure 5.Figure 5. The standardised solution of the final model 
Note: HW = Number of household workers; HHS = Household size; HRMI = Household monthly income; 
SQNRD = Square root of net residential structural density; ID = Intersection density; SQCBD = Square root of 
distance to Central Business District; LDB = Log transformation of distance to the nearest bus stop; AT1 = Pro-car; 
AT2 = Pro-independent; PR2 = Proximity; PR3 = Comfortability; STF = Square root of travel frequency; STDWK 
= Square root of travel distance;  STPW = Square root of travel duration 

 

 
Figure 6Figure 6Figure 6Figure 6. The T-values of the final model  

Note: HW = Number of household workers; HHS = Household size; HRMI = Household monthly 
income; SQNRD = Square root of net residential structural density; ID = Intersection density; SQCBD 
= Square root of distance to Central Business District; LDB = Log transformation of distance to the 
nearest bus stop; AT1 = Pro-car; AT2 = Pro-independent; PR2 = Proximity; PR3 = Comfortability; STF 
= Square root of travel frequency; STDWK = Square root of travel distance;  STPW = Square root of 
travel duration 
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Table Table Table Table 4444.... Factor loadings of indicators in SEM 

Latent Latent Latent Latent vvvvariableariableariableariable    IndicatorIndicatorIndicatorIndicator    
Standardised Standardised Standardised Standardised ffffactor actor actor actor 

loadingloadingloadingloading    
TTTT----vvvvaluealuealuealue    

Socioeconomic 
status (SC) 

Number of Household workers (HW) 0.09 5.16 

Household size (HHS) 0.13 6.67 

Household monthly income (HRMI) -0.14 -10.22 

Land Use (LU) 

Square root of net residential structural density 
(SNRD) 

0.58 14.01 

Intersection density (ID) 1.03 16.44 

Square root of Distance to Central Business District 
(SQCBD) 

-0.42 -7.05 

Log transformation of Distance to the nearest bus 
stop (LDB) 

0.49 7.59 

Attitudinal factors 
(AT) 

Pro-car (AT1) 0.72 13.52 

Pro-independent (AT2) 0.32 8.44 

Proximity (PR2) 1.03 19.24 

Comfortability (PR3) 0.28 6.90 

Travel Behaviour 
(TB) 

Square root of Travel Frequency (STF) 0.66  

Square root of Travel Distance (STDWK) 0.25 12.32 

Square root of Travel duration (STPW) 0.40 16.24 

 
Table Table Table Table 5555.... Model fit indices assessment 

Model fit indicesModel fit indicesModel fit indicesModel fit indices    Reference Reference Reference Reference vvvvaluealuealuealue    Final Final Final Final mmmmodelodelodelodel    

Chi-square (χ2)  171.888 

Degrees of freedom (df)  66 

Chi-square/df <5 2.6 

Goodness of Fit Index (GFI) >0.9 0.964 

Adjusted Goodness of Fit Index (AGFI) >0.9 0.942 

Comparative Fit Index (CFI) >0.9 0.863 

Normed Fit Index (NFI) >0.9 0.801 

Incremental Fit Index (IFI)                           >0.9 0.867 

Root Mean Square Error of Approximation (RMSEA) <0.08 0.055 

Standardised Root Mean Square Residual (SRMR)                                     <0.08 0.057 

Parsimony Goodness of Fit Index (PGFI)        Closer to 1, the better 0.606 

 
Table 6Table 6Table 6Table 6. Summary of results among constructs in the final structural model 

Path of Relationship Path of Relationship Path of Relationship Path of Relationship 
Among ConstructsAmong ConstructsAmong ConstructsAmong Constructs    

Standardised Standardised Standardised Standardised 
CoefficientCoefficientCoefficientCoefficient    

TTTT----vvvvaluealuealuealue    Level of RelationshipLevel of RelationshipLevel of RelationshipLevel of Relationship    

SC→TB 2.66 41.35 Significant 

LU→TB 1.37 18.93 Significant 

TA→TB 2.11 17.97 Significant 

 
 

DiscussionDiscussionDiscussionDiscussion    
 
The standardised solution derived from the final model in Figure 5 reveals that socioeconomic factors 

exerted the strongest influence on travel behaviour, with a coefficient of 2.66. This was followed by attitudinal 
factors, with a coefficient of 2.034, while land use demonstrated the least impact with a coefficient of 1.319. 
The positive coefficient of 2.66 for socioeconomic factors indicates that an increase in socioeconomic factors 
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among adult workers in the GSTA is associated with a 2.66 increase in travel, indicating a complementary 
effect. Similarly, an increase in attitude corresponds to an associated effect of 2.034 in travel. Likewise, a rise in 
land use activities corresponds to an effect of 1.319 on travel patterns among adult workers commuting by 
automobile. 

The relationship between latent constructs and their indicators are shown in Table 4. Some of these 
indicators have negative relationships with their defining latent variables. For instance, the distance between a 
household and the central business district (SQCBD) had a negative relationship (-0.42) with the land use 
(LU) construct. This implies that an increase in distance between a household and CBD tends to result in fewer 
land use activities on the city’s outskirts and encourages commuters residing in peripheral areas to rely on car 
usage. This reflects the spatial land use activities observed in the field as the distance from CBD to households 
widens. Also, the relationship between land use construct and the distance between a household and a bus stop 
was negative (-0.49). This also implies that an increase in distance from a household to a bus stop may lead to a 
decrease in accessibility for other modes of travel and a motivation for automobile use. The Household’s 
monthly income (HRMI) indicator for socioeconomic construct had a negative factor loading of -0.14. This 
also indicates that an increase in household monthly income tends to increase the desire for automobile usage 
compared to other modes. The results also revealed that, among the indicators of the attitude construct, 
proximity emerged as the most influential indicator. This indicates that the residential location choices of most 
private car owners in GSTA were driven more by preferences for urban location characteristics than by travel-
related considerations. With land use latent construct, intersection density, which represents road connectivity, 
was identified as the most influential indicator. This implies that among the physical and objective land use 
factors, road connectivity substantially influenced the travel behaviour of automobile commuters within the 
GSTA.  Diversity, an indicator of the land use construct, exhibited insignificant effect on the land use 
construct. As a result, it was excluded from the model during the modification process. The limited influence 
of diversity on land use might be attributed to the low level of mixed land use in the locality of most 
respondents, coupled with the influence of self-selection, which often promotes the reliance on automobile 
travel. Thus, addressing the influence of the interplay between self-selection and mixed land use on travel 
behaviour could contribute significantly to sustainable mobility within the GSTA. The findings aligned with 
previous research on the significant roles of residential self-selection and land use in shaping travel behaviour 
(De Abreu e Silva et al., 2008; De Abreu e Silva, 2014; Parady et al., 2014; Gim, 2016). 

 
  

Conclusion Conclusion Conclusion Conclusion     
 
This study applies SEM to examine the spatial effect of the relationship among land use, self-selection 

and socioeconomic factors on travel behaviour of adult commuters with automobile mode of travel in GSTA, 
a medium-sized city of Ghana, using disaggregated data. The results indicated primarily the presence of self-
selection in GSTA and secondly, the magnitude of influence by self-selection is slightly higher than the land 
use effect on travel behaviour. The result also confirms the complementary influence of the relationship among 
the three exogenous variables on travel behaviour. 

To this end, the study makes four key contributions to the understanding of this complex relationship 
from the perspective of a medium-sized city in Africa. First, it employs structural equation modelling to analyse 
the intricate relationships within this context. Second, it integrates attitudinal, socioeconomic, and land use 
factors to assess how the built environment influences travel behaviour from the perspective of a medium-sized 
city in Ghana. Third, it utilises disaggregated data to capture the objective aspects of the built environment. 
Finally, it provides the first empirical evidence of the impact of self-selection, land use, and socioeconomic 
factors on the travel behaviour of adult commuters using automobile mode of travel in the GSTA. This study 
offers valuable insights for urban planners aiming to optimise land use and transportation systems, thereby 
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enhancing sustainable mobility and environmental health. Future research should explore longitudinal data to 
further investigate the effects of land use and self-selection on travel behaviour in similar settings. 
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