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Abstract 
 

Understanding how a trip purpose affects one’s travel decisions is crucial for optimizing transport systems, particularly 

in rapidly growing cities. Individuals weigh different modes considering diverse trip contexts, but questions remain 

about which factors influence mode choice according to trip purpose. To examine this, a dataset of 885 respondents 

was collected from Dhaka to examine public transport, private cars, paratransit, active mode, and ride-hailing mode 

choice. Sociodemographic as well as latent attitudinal factors of perceived accessibility, cognitive load, transport 

knowledge, and perceived hassle were estimated via two Multinomial Logit models. The analysis revealed that during 

commuting trips, knowledgeable road users tend to use private vehicles, whereas for non-commuting trips, they prefer 

active modes of transport, but perceived hassle hinders choosing active travel in non-commuting and encourages 

public transit use for commuting. Apart from that, both higher-income and middle-aged groups prefer private vehicles 

for commuting, while wealthier travelers avoid active travel for non-commuting, possibly due to greater financial 

capability and a stronger prioritization of convenience. As well as females are less likely to use public transit for both 

commuting and non-commuting trips, potentially due to safety concerns associated with these travel modes. 

Integrating behavioral, perceptual, and demographic insights, the study offers guidance for purpose-specific, inclusive, 

and safe transport planning in Dhaka. 
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1 Introduction 
 

Developing countries like Bangladesh have experienced a rapid growth in transport-related challenges, including 

congestion, accidents, public transport decline, and lack of accessibility for the urban poor (Ali et al., 2023). As these 

cities are expanding, understanding travel behavior becomes essential for framing effective, inclusive, and sustainable 

transport policies (Akther and Mas, 2017). For determining travel behavior, a significant body of literature emphasizes 

the role of trip purpose (An, Heinen and Watling, 2021). Trip purposes differ not only in frequency and time constraints 

but also in emotional and practical weight, leading individuals to adopt different mode preferences (Bei et al., 2023). 

Among the many determinants of travel decisions, the trip purpose, whether a journey is for work, study, or leisure 

plays a crucial role (Gandhi and Tiwari, 2021). Commuting trips often emphasize time efficiency and reliability, while 

discretionary trips prioritize flexibility and comfort (Siraj, Billah and Shaik, 2024, Al-Salih and Esztergár-Kiss, 2021). 

Another study indicates that mode choice is sensitive to income level, trip purpose, and trip length along with 

characteristics and performance of each travel mode (Faysal, Bari and Paul, 2020). However, it has been recognized 

that when an individual makes a choice, a complex interaction among several factors occurs. These factors are beliefs, 

values, emotions, attitudes, and other personal characteristics (Ben-Akiva et al., 2002). Recent work has begun to 

integrate intentional, habitual, and situational influences on travel mode choice (Klöckner and Blöbaum, 2010). In 

previous research, conventional methods like field surveys, interviews, and travel data analysis have been extensively 

used to gain valuable insights into modal choices (Haghani and Bliemer, 2021). One of the studies emphasized the 

relevance of trip purposes in shaping transport preferences using the MNL model. The results showed that the 

preference for private vehicles increases with longer travel distances, likely due to their convenience and comfort 

(Rocha et al., 2023). 
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Despite all the research efforts, there are quite a few studies that have integrally analyzed trip purpose, latent 

psychological constructs, and socio-demographic variables within a developing urban context. This paper fills this 

knowledge gap by applying a Confirmatory Factor Analysis (CFA) and Multinomial Logit (MNL) modeling 

framework to data from Dhaka, Bangladesh. In blending behavioral, perceptual, and demographic variables, it seeks 

to explain variations between mode choice on commuting and non-commuting journeys and offer guidance for 

purpose-sensitive and inclusive urban transport planning. 
 

2 Data Collection 
 

The survey was designed online using Alchemer due to its flexibility and control in data collection. Then, a two-week 

pilot test of the questionnaire was conducted, and the responses received were used to refine it. A professional 

surveying firm collected data through personal interviews or self-administered responses under a random sampling 

plan. A representative quota of residences was selected from all 53 administrative units in DMA according to the 2022 

Population and Housing Census (Bangladesh Bureau of Statistics, 2022). The survey was conducted among those 

aged 16 and above during mid-February and mid-March 2025. Of the 1,500 participants invited to join the survey, 

885 valid responses were received for the analytical sample after data preprocessing with a 59% retention rate. Figure 

1 illustrates the overall workflow of the methodological framework adopted in this study. 

 

 

 
 

Figure 1. Workflow Diagram 
 

3 Methodology 
 

This study employs two main analytical frameworks: the CFA to corroborate relationships between observed variables 

and latent constructs, and the MNL model to estimate the probability of categorical outcomes for commuting and non-

commuting trips using independent variables. Figure 1 illustrates the overall workflow of the study. 

 

3.1 Confirmatory Factor Analysis 

The CFA was employed to validate the measurement model by assessing relationships between latent constructs and 

their observed indicators (Hair et al., 2010). The method verifies how well the collected data fit the hypothesized 

structure based on prior theory. Six latent constructs: Decision Overload, Knowledge Adequacy, Perceived Hassle, 

Attitude toward Multimodality, Subjective Norms, and Accessibility were measured using a five-point Likert scale (1 

= Strongly Disagree to 5 = Strongly Agree). 

 

3.2 Multinomial Logistic Regression 

A multinomial logistic regression (or multinomial regression for short) is used when the outcome variable being 

predicted is nominal and has more than two categories that do not have a given rank or order by using any number of 

independent variables that are categorical or continuous. 

 

The dependent variable commuting mode choice has five categories: private vehicle, public transit, paratransit, active 

mode and shared vehicle. And there are independent variables like age, gender, hassle, multimodal view etc. Taking 

private vehicles as a reference, the model is: 
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log(
P(Y=paratransit)

P(Y=private vehicle)
)=β

0,paratransit
+β

1paratransit
Age+β

2paratransit
Gender+⋯+β

10,paratransit
Multimodal_view 

                             (1) 

 

For example, the probability of using paratransit in commuting mode choice is: 

 

P(Y=paratransit)= 
e

β0paratransit+β1paratransitAge+β2paratransitGender+…+βpparatransitMultimodal_view

1+ ∑ e
β0m+β1mAge+β2mAge+…+βpmMultimodal_viewk=1

m=1

                               (2) 

 

4 Result 

 

4.1 Confirmatory Factor Analysis 

In CFA, factor loadings are regression coefficients that reflect the strength of association between latent constructs 

and their observed indicators. Higher factor loadings indicate that an item is a strong measure of the underlying factor 

(Brown, 2015). Items with standardized loadings above 0.40 were retained, consistent with common practice in factor 

analysis (Hair et al., 1998). Table 1 summarizes the factor loadings for each latent construct with the associated 

measurement items. 

 

Table 1.  Results from CFA and Goodness of fit 

 
Latent 

Factors 

Attitudinal Questions 
Mean 

Standard 

Deviation 
Loadings 

Cronbach 

Alpha 

Composite 

Reliability 

Decision 

Overload 

Feel challenged choosing modes 3.037 1.064 0.904 
0.87 0.872 

Feel challenged using multiple modes 3.175 1.082 0.856 

Knowledge 

Adequacy  

Sufficient knowledge about available modes 4.072 0.722 0.617 

0.79 0.813 Familiar with the roads and routes in city 3.920 0.915 0.908 

Up to date with the traffic conditions in city 3.942 0.815 0.715 

Perceived 

Hassle  

Spend more time on necessary commute 3.617 0.856 0.635 

0.9 0.902 

Spend more money on necessary commute 3.531 1.012 0.727 

Stressed about the possibility of accidents 3.536 1.050 0.680 

Feel unsafe using regular trip modes 3.184 1.130 0.783 

Find it difficult to plan trips safely 3.108 1.076 0.786 

Need to consider splitting trip into parts 3.141 1.089 0.840 

Overall, finding planning trip exhausting 3.387 0.995 0.782 

 

Attitude 

Towards 

Multimodality 

Being multimodal minimize travel cost 3.429 0.777 0.777 

0.92 0.92 

Being multimodal minimize travel time 3.626 0.927 0.873 

Being multimodal contributes to a greener 

environment 
3.529 0.853 0.868 

Being multimodal requires decision-making 3.604 0.840 0.695 

Being multimodal I will be convenient for 

commuting trips 
3.623 0.843 0.881 

Being multimodal will be convenient for 

non-commuting trips 
3.608 0.812 0.808 

Subjective 

Norms  

Important people appreciate me being 

multimodal. 
3.218 0.964 0.941 

0.95 0.952 
Important people consider me a street-smart 

person 
3.228 0.998 0.923 

Important people would think highly of me 

for taking sustainable modes 
3.137 0.983 0.933 

Accessibility  

Easily reach my go-to-places 3.535 0.938 0.753 

0.86 0.862 
Make as many stops as need 3.387 1.022 0.838 

Efficiently plan trips to cover multiple 

activities at multiple locations in a day 
3.364 0.970 0.869 

Goodness of Fit  Value Acceptance Criteria 

CFI (Comparative Factor Index)  0.942 >0.9 (Hair et al., 1998) 

TLI (Tucker-Lewis Index)  0.932 >0.9 (Hair et al., 1998) 

RMSEA (Root Mean Square Error of Approximation)  0.064 <0.08 (Hair et al., 1998) 

SRMR (Standardized Root Mean Square Residual)  0.052 <0.08 (Hair et al., 1998) 
All the factors loading were significant at the 95% confidence level 
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4.1 Multinomial Logistic Regression 

After performing the CFA, we proceeded to model a multinomial logistic regression, using private vehicles as the 

reference category for comparison. The McFadden R² values between 0.2 and 0.4 indicate a reasonable to excellent 

fit in practice (McFadden, 1974). For both commuting and non-commuting mode choices, the McFadden R² values 

are 0.2574 and 0.2011, respectively, which satisfy the expected results. Table 2 presents the results of the multinomial 

logistic regression, showing statistically significant variables. 

 

Table 2. Estimated Coefficients and p-values in Multinomial Logistic Regression 

 
 Commuting Mode Choice Non-commuting Mode Choice 

Active mode 

Variables Coefficient, 

β 

 

P-value Coefficient, β 

 

P-value 

Intercept 3.786 0.001 3.469 0.000372 

Categorical Variable     

Middle Income Group (Monthly Family Income 50k to 

150k) 

-2.158 0.005 -1.867 0.015113 

High Income Group, 

(Monthly Family Income more than 150k) 

-3.765 0.0000035 -3.288 2.86 ×10-5 

Rapid Pass Ownership 

(yes) 

1.064 0.011 

 

  

Continuous Variable     

Knowledge -1.716 4.44089 ×10−16   

Hassle 0.561 0.025   

Multimodal View 0.649 0.003 0.857 2.93 ×10-5 

Access -1.140 3.83054 ×10-11 -1.140 4.49 ×10-12 

Paratransit 

Intercept 3.459 0.002 2.553 0.011192 

Categorical Variable     

Gender (Female) 1.931 9.87159 ×10-10   

Middle-aged Group (Between 20 to 40) -1.665 0.049   

Middle Income Group (Monthly Family Income 50k to 

150k) 

-1.633 0.041   

High Income Group, 

(Monthly Family Income more than 150k) 

-3.328 

 

5.82673 ×10-5 -2.360 0.003783 

Continuous Variable     

Knowledge -1.196 1.05362 ×10-8 1.486 7.76 ×10-5 

 

Multimodal View 1.013 1.34411 ×10-5 1.486 0.024 

Access -1.080 3.88669 ×10-10   

Shared Vehicle 

Intercept   -12.139 0 

Categorical Variable     

Gender (Female)   -25.430 0 

Middle-aged Group (Between 20 to 40)   10.481 0 

Aged Group (More than 40)   -3.794 0 

High Income Group, 

(Monthly Family Income more than 150k) 

  -3.517 0 

Continuous Variable     

Knowledge   -1.295 0.063 

Multimodal View   3.1367 0.010 

Public Transit 

Intercept 4.719 2.52592 ×10-5 2.203 0.041 

Categorical Variable     

Gender (Female) 0.586 0.0612 -1.245 0.003 

Middle-aged Group (Between 20 to 40) -2.209 0.0076   

Aged Group (More than 40) -1.793 0.038   
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High Income Group, 

(Monthly Family Income more than 150k) 

-2.945 0.00021 -2.120 0.019 

Rapid Pass Ownership 

(yes) 

0.793 0.038   

Continuous Variable     

Knowledge   -0.736 0.000687 

Multimodal View   1.429 6.7 ×10-8 

Access   -1.034 3.15 ×10-7 

 

5 Discussion 

5.1 Influence of cognition, perception, and attitudes on Mode Choice 

Table 2 shows that adequate transport knowledge influences both commuting and non-commuting settings. People 

with higher transport knowledge are far less likely to opt for active and paratransit over a private vehicle for 

commuting. This pattern could be explained by the fact that informed people are in a better position to compare options 

like journey time, reliability, and flexibility. On the other hand, transport knowledge remains discouraging for the 

choice of public and shared transport on non-commuting trips, but with less severity. 

 

Interestingly, the model shows that perceived accessibility reduces the likelihood of choosing active modes or 

paratransit over private vehicles, particularly in commuting trips. One plausible explanation is that respondents who 

report high accessibility might also live in areas where the transport system is still optimized for private vehicle use. 

In contrast, on non-commuting trips, there is still a negative association between accessibility and non-private mode 

choice, but it is less decisive. This suggests people may still fall back into non-private modes if the trip is less 

constrained. 

 

In commuting trips, perceived hassle is positively associated with active modes. This relation suggests that individuals 

who experience more travel-related hassle in the form of stress, time pressure, or physical exertion are more likely to 

walk or cycle instead of using a private mode. This could indicate the limited financial capacity of commuters to use 

other modes, or the workplaces may be within walking distance of their residences. In both cases, hassle seems to 

characterize the experience of commuters rather than serve as a deterrent. On the other hand, no significant 

relationships were found for non-commuting trips, which suggests that hassle is not a major factor in mode choice in 

more discretionary, flexible travel contexts. 

 

In commuting trips, positive attitudes towards multimodal travel are highly related to increased likelihood of choosing 

active mode and paratransit over a private vehicle. This indicates that individuals who value multimodal flexibility 

are more likely to include these modes in their commute habits. In non-commuting travel, the same patterns apply 

with greater magnitude. This suggests more inclination to use multiple transport options for errands, shopping, or 

social activities. 

 

5.2 Socio-Demographic Determinants of Travel Mode Preferences 

In the case of socio-demographic attributes, middle-aged and older people are significantly less inclined to travel to 

work by public transport. Whereas middle-aged people are especially resistant to the use of paratransit. Income 

reinforces this trend. Individuals in high and middle-income groups are much less likely to use active modes, public 

transport, or paratransit for commuting and non-commuting reasons. The impact of gender is also evident. Female 

travelers are more likely to use paratransit for a work trip. Whereas, in non-commuting environments, females are less 

likely to use public transport and shared vehicles, reflecting safety concerns in travel options. Rapid pass ownership 

is associated with public transit and active mode use in commuting settings. Having a rapid pass may aid public transit 

use, and active mode is likely the access or egress mode to transit in this case.  

6 Conclusion 

 

This study investigates how trip purpose, latent psychological factors (such as knowledge, perceived access, hassle, 

and multimodal attitudes), and sociodemographic attributes influence travel mode choices in the rapidly urbanizing 

Dhaka city. The findings indicate that commuting trips are predominantly influenced by practical and cognitive 

concerns, such as transport network knowledge, access to modes, and travel hassle burden. In contrast, non-commuting 

trips are more shaped by personal and social dimensions, including gender, income, and age. For instance, individuals 
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with higher transport knowledge were significantly less likely to use public or paratransit modes for commuting, and 

high-income groups consistently preferred private vehicles across both trip types. These results clearly acknowledge 

the role of trip purpose in determining how individuals make mode choice decisions in complex urban environments. 

For commuting trips, the government can integrate a unified fare system and dedicated bus lanes to improve time 

efficiency. For non-commuting trips, the government can propose walkable footpaths and parking facilities, as people 

prioritize safety and security. This research presents significant behavioral insights for developing trip-purpose-

specific transport policies in Dhaka. By determining how factors like knowledge, access, and socio-demographics 

influence commuting and non-commuting travel differently, it enables more focused and equitable planning. 

Policymakers can use these findings to improve safety, efficiency, and accessibility across all travel modes. 
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