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Abstract: The socioeconomic attributes do not directly influence his choice, but cause behavioral 
differences between individuals even with the same traffic conditions. Age, sex, occupation, number of 
cars owned and driving experience are included in this category. This study focuses on the effect of 
demographic attributes on behavior travel choice mode. A self rate questionnaire was used to 
investigate the affective of demographic attributes. A survey was conducted in an actual public 
transportation network in Sana’a, Yemen. The aim was to evaluate the parameters of demographic 
attributes on behavior travel choice mode including: respondent’s age, occupation, household car 
ownership and monthly income. Data were analyzed using descriptive and binary logistic regression 
analysis. Results show that occupation and household car ownership have the most influencing on 
behavior travel choice mode. The application of this study suggests that the public transport operation 
must improve their quality of services to the prospect passengers. 
 
Key wrods: 

 
INTRODUCTION 

 
The socioeconomic attributes do not directly influence his choice, but cause behavioral differences between 

individuals even with the same traffic conditions (Hafezi and Ismail 2011a). Age, sex, occupation, number of 
cars owned and driving experience are included in this category (Hafezi and Ismail 2011b; Ismail et al 2013). 
This largely explained the difference between males and females, young and old (Hafezi and Ismail 2011c). 
Households with more than one car are more likely to use them for convenience, whereas those with only one 
car are more likely to use it out of necessity (Hafezi and Ismail 2011d). Kitamura 1989 examined the causal 
relationships between car ownership, car use and transit use using surveys and records from trip diaries given to 
nearly 4,000 people in the Netherlands. He found that a change in car ownership led to a change in car use, 
which in turn, influenced transit use. The reverse relationship - a change in transit use leading to a change in car 
use - was weak (Hafezi and Ismail 2012; Ismail et al. 2012a). Thus, he concluded that the popularity of the car 
is unlikely to be affected by any transit improvements.  

Socio-demographic variables included occupation and car ownership as well as public transport availability 
at home and near the workplace. It was expected that increasing the frequency of the bus service would attract 
more passengers (Hafezi et al 2012; Ismail and hafezi 2011). Socioeconomic and demographic characteristics 
are usually mentioned together in transportation planning (Ismail et al. 2012b). They both describe travelers 
characteristics and can have great impacts on transit use (Jin et al. 2004); Ismail and Hafezi 2012). However, 
they represent different categories of variables as shown in Table 1.  

 
Table 1: Different category of demographics and socioeconomic 

Demographics Socioeconomic 
Population Education 
Number of Households / Families Occupation 
Household Size / Family Size Income Income 
Family Life Cycle Social Class 
Age Home Ownership (owner, type of dwelling, mobility) 
versus tenant Automobile Ownership 
Marital Status/Social Class stability types of vehicles owned 
Race  
Nationality  
Religion  

 
Much work has been done on evaluating the impacts of socioeconomic and demographic characteristics of 

travel behavior. However, contradictory results have  been found. In some work, the elderly are more likely to 
ride transit, but in others, they are more dependent on automobiles, either as driver or passenger. Also, income  
is an important factor affecting transit use in some work but not in others. In addition, the individual’s 
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socioeconomic and demographic characteristics are often highly correlated, such as income and vehicle 
ownership (Beimborn et al.; Edward et al. 2004).  

Income levels and auto ownership are socioeconomic variables frequently included in regression analysis of 
transit ridership. Liu (1993) & McLeod (1991) used the per capita income, while (Gomez-Ibanez 1996) per 
capita income for his ridership model for Boston and a time-trend variable (reflecting the continual sub-
urbanization and income growth.). They concluded that the positive effect on employment growth on ridership 
was offset by the impact of rising incomes and suburbanization (Ismail et al. 2012c). This led to a net ridership 
decrease, and a substantial fare reduction and better service were required to contain the effect.  

Car ownership and public transport use have been a widely investigated topic in  transport planning for 
decades (Dissanayake & Morikawa 2001; Kitamura 1989). More recently, (Dissanayake & Morikawa 2001) 
proposed transport policies in developing countries, emphasizing the push-pull concept.   Car and motorcycle 
travel  to the city center should be taxed and public transport fares reduced (Ismail et al. 2012d). However, was 
too little reduction in vehicular traffic, such was the fondness of the riders/drivers for their own vehicles. 
Kitamura (1989) examined the causal relationship between car ownership, car use and transit use using surveys 
and diaries given to nearly 4,000 people in the Netherlands. They found that a change in car ownership led to a 
change in car use, which, in turn, influenced transit use.  

As mentioned by Goodwin (1997) the quality of public transport services  depends not only on the level of 
car ownership but also on the relation between changes in the level of car ownership and changes in public 
transport use. Also, (Goodwin 1997) proposed that longitudinal survey data would be more useful in  
investigating the changes than using cross-sectional surveys or aggregate time-series data. RP is basically used 
to examine existing roads or conditions and investigate how drivers choose in real life situations. SP  is  
basically  used  to  investigate  how  drivers behave  in  hypothetical  situations. It is carried out by questionnaire 
surveys or travel simulation. The advantages of the SP are that the data are collected in a controlled situation 
and relatively cheaply. On the other hand, the value of the data is moot as they are largely answers to 
hypothetical situations. The responses are always somewhat questionable because drivers may change their 
decisions in real-life situations (Koutsopoulos et al. 1995). This study focuses on the effect of demographic 
attributes on behavior travel choice mode in the capital city of Yemen, Sana’a. 

 
Research Method: 

This section presents the research approach used in this paper, research design, sample selection methods, 
data collection methods, and method of data analysis. 

 
a) Research Design: 

The independent variables used in this study are respondent’s age, occupation, household car ownership and 
monthly income. Dependent variables are used own car go to trip work. Data were collected using a 
questionnaire, the most common tool to assess respondent’s perception. 

 
b) Respondents: 

Target respondent is a Yemen household that is in the range of age between 15 and 60, living in Sana’s and 
has the experience of using the public transportation network. The ages range 15 to 60 years old chosen because 
people in these age have a routine commute travel behavior and probably has taken public bus transport as their 
mode of choice. From the age of 15, the children usually have to go to school that is not in their own 
neighborhood. After the age of 60, people usually may not have routine commuter behavior because they 
already pension. The total number of 1000 respondents were randomly selected and completed questionnaire.  

 
c) Questionnaire: 

The questionnaire was divided into two parts: Demographics, the items consist of a correspondent to the 
city they live, population, number of households / families, household size / family size income, family life 
cycle, age, versus tenant, marital status/social class stability, race, nationality and religion. Another part is 
socioeconomic which is dependent variables included use own car go to trip work. 

 
d) Procedure: 

Self-rating and handing out questionnaires were used as a data collection method in this study. Reasons of 
using three sections questionnaire to collect data are: the respondent has break time when fill out the 
questionnaire in order to understand the aim of each section questionnaire; and questionnaire offers 
confidentiality. The respondents were asked to fill out the questionnaire at the station or at their convenient time. 

 
Data Analysis And Results: 
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The aim of this study is to study of the effect of demographic attributes on behavior travel choice mode. 
SPSS software was used for data input and analysis. Data Analysis was conducted in two steps: first descriptive 
statistical analysis and then binary logistic regression analysis was performed with the aim to identify groups or 
cluster of variables. 

 
a) Frequency: 

The main objective of this research is to evaluate the parameters of demographic attributes on behavior 
travel choice mode including: respondent’s age, occupation, household car ownership and monthly income. 
SPSS software was used for data input and analysis. Data Analysis was conducted in two steps; descriptive and 
binary logistic regression analysis. Descriptive statistics is the term given to the analysis of data that helps 
describe, show or summarize data in a meaningful way. Table 2 till Table 5 shows the descriptive analysis of the 
demographic profile of the respondents. Descriptive analysis is included age, occupation, owner car and income. 

 
Table 2: Frequency table for age analysis 

 Frequency Percent Valid Percent Cumulative Percent 
Less20 227 22.7 22.7 22.7 
25y 459 45.9 45.9 68.6 
35y 196 19.6 19.6 88.2 
45y 96 9.6 9.6 97.8 
More45 22 2.2 2.2 100.0 
Total 1000 100.0 100.0  

 
Table 3: Frequency table for occupation analysis 

 Frequency Percent Valid Percent Cumulative Percent 
Full time employ. 547 54.7 54.7 54.7 
Part time employ. 141 14.1 14.1 68.8 
Unemployed 18 1.8 1.8 70.6 
Stud 294 29.4 29.4 100.0 
Total 1000 100.0 100.0  

 
Table 4: Frequency table for owner car analysis 

 Frequency Percent Valid Percent Cumulative Percent 
No have 245 24.5 24.5 24.5 
1 193 19.3 19.3 43.8 
2 418 41.8 41.8 85.6 
3 112 11.2 11.2 96.8 
4 32 3.2 3.2 100.0 
Total 1000 100.0 100.0  

 
Table 5: Frequency table for income analysis 

 Frequency Percent Valid Percent Cumulative Percent 
 
No answer 

253 25.3 25.3 25.3 

25000yr 224 22.4 22.4 47.7 
40000yr 179 17.9 17.9 65.6 
50000yr 200 20.0 20.0 85.6 
70000yr 90 9.0 9.0 94.6 
More 70000yr 54 5.4 5.4 100.0 
Total 1000 100.0 100.0  

 
According to Table 2 target respondent range of age are between 18 and 69, living in Sana’a, Yemen. The 

ages range 18 to 69 years old chosen because people in these age have a routine commute travel behavior and 
probably has taken public bus transport as their mode of choice. Furthermore, according to Table 3 and Table 4 
the most of respondents have the full time job and two private vehicles. 

 
b) Logistic Regression: 

The Table 6, "Classification Table", shows that without any independent variables, the 'best guess' is to 
simply assume that all participants did not have heart disease. 
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Table 6: Classification table 
Classification Tablea,b 
 

Observed 
Predicted 

 Use Own Car go to work 
Percentage Correct 

 yes no 

Step 0 
Use Own Car go to work 

yes 620 0 100.0 
no 380 0 .0 

Overall Percentage   62.0 
a. Constant is included in the model.    
b. The cut value is .500     

 
The Table 7, "Variables in the Equation", simply shows you that only the constant was included in this 

particular model. 
 

Table 7: Variables in the equation 
Variables in the Equation 
  B S.E. Wald df Sig. Exp(B) 
Step 0 Constant -.490 .065 56.463 1 .000 .613 

 
And the Table 8, "Variables not in the Equation", highlights the independent variables left out of the model: 
 

Table 8: Variables not in the equation 
Variables not in the Equation 
   Score df Sig. 

Step 0 
Variables 

age 5.853 1 .016 
ocup 28.272 1 .000 
incom 49.925 1 .000 
nocar 315.957 1 .000 

Overall Statistics 335.911 4 .000 

 
All the next tables come after the heading "Block 1: Method = Enter" and represent the results of the main 

logistic regression analysis with all independent variables added to the equation. The Table 9, "Omnibus Tests 
of Model Coefficients", provides the overall statistical significance of the model (namely, how well the model 
predicts categories compared to no independent variables), as shown below: 

 
Block 1: Method = Enter: 

 
Table 9: Omnibus tests of model coefficients 

Omnibus Tests of Model Coefficients 
  Chi-square df Sig. 

Step 1 
Step 390.939 4 .000 
Block 390.939 4 .000 
Model 390.939 4 .000 

 
In order to understand how much variation in the dependent variable can be explained by the model (the 

equivalent of R2 in multiple regression) you can consult the Table 10, "Model Summary": 
 

Table 10: Model summary 
Model Summary 

Step -2 Log likelihood Cox & Snell R Square Nagelkerke R Square 
1 937.190a .324 .440 

a. Estimation terminated at iteration number 5 because parameter estimates changed by less than .001. 

 
For this type of logistic regression, you can reference the "Model" row. From the table above, you can see 

that the model is statistically significant (p < .0005; "Sig." column). Another way of assessing the adequacy of 
the model is to analyze how poor the model is at predicting the categorical outcomes. This is tested using 
the Hosmer and Lemeshow goodness of fit test as found in the similarly titled table, as shown below (Table 11): 

 
Table 11: Contingency table for hosmer and lemeshow test 

Contingency Table for Hosmer and Lemeshow Test 
  Use Own Car go to work = yes Use Own Car go to work = no 

Total 
  Observed Expected Observed Expected 

Step 1 
1 83 94.875 15 3.125 98 
2 103 103.188 12 11.812 115 
3 85 84.359 14 14.641 99 
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4 79 78.343 17 17.657 96 
5 70 76.805 30 23.195 100 
6 75 66.785 25 33.215 100 
7 85 53.419 15 46.581 100 
8 37 32.133 64 68.867 101 
9 0 19.241 101 81.759 101 
10 3 10.852 87 79.148 90 

 
Table 11 contains the Cox & a Snell R Square and Nagalkerke R Square values, which are both methods of 

calculating the explained variation (it is not as straightforward to do this as compared to multiple regression). 
These values are sometimes referred to as pseudo R2 values and will have lower values than in multiple 
regression. However, they are interpreted in the same manner but with more caution. Thus, the explained 
variation in the dependent variable based on the model ranges from 24.0% to 33.0% depending on whether you 
reference the Cox & Snell R2 or Nagalkerke R2 methods, respectively. Nagalkerke R2 is a modification of Cox 
& Snell R2, the latter of which cannot achieve a value of 1. For this reason, it is preferable to report the 
Nagalkerke R2 value. 

Logistic regression estimates the probability of an event (in this case, having heart disease) occurring. If the 
estimated probability of the event occurring is greater than equal to 0.5 (better than even chance), then SPSS 
classifies the event as occurring. If the probability is less than 0.5 then SPSS classifies the event as not occuring. 
It is very common to use logistic regression to predict whether cases can be correctly classified from the 
independent variables. Thus, it becomes necessary to have a method to assess the effectiveness of the predicted 
classification against the actual classification. There are many methods to assess this with their usefulness often 
depending on the nature of the study conducted. However, all methods revolve around the observed and 
predicted classifications, which are presented in the Classification Table, as shown below (Table 12): 

 
Table 12: Contingency table for hosmer and lemeshow test 

Classification Tablea 
 Observed Predicted 
 Use Own Car go to work Percentage Correct 
 yes no 
Ste

p 1 
Use Own Car go to work yes 558 62 90.0 

no 122 258 67.9 
Overall Percentage   81.6 

a. The cut value is .500     

 
The Variables in the Equation table show the contribution of each independent variable to the model and its 

statistical significance. Table 13 is shown below: 
 

Table 13: Variables in the equation 
Variables in the Equation 

  B S.E. Wald df Sig. Exp(B) 

Step 1a 

age .163 .091 3.220 1 .073 1.177 
ocup .215 .063 11.785 1 .001 1.240 
incom -.199 .060 10.991 1 .001 .820 
nocar -1.408 .094 223.399 1 .000 .245 
Constant 1.136 .305 13.910 1 .000 3.114 

a. Variable(s) entered on step 1: age, ocup, incom, nocar.   

 
The Wald test ("Wald" column) is used to determine statistical significance for each of the independent 

variables. The statistical significance of the test is found in the "Sig." column. From these results you can see 
that "age" (p = .003), "gender" (p = .021) and "VO2max" (p = .039) added significantly to the model/prediction 
but "weight" (p = .799) did not add significantly to the model. The B coefficients ("B" column) are used in the 
equation to predict the probability of an event occurring but not in an immediately intuitive manner.  

The coefficients do, in fact, show the change in the log odds that occur in a one-unit change in an 
independent variable when all other independent variables are kept constant. So, for example, the log odds 
change for "gender" is 1.950, which is the increase in log odds (as B is positive) for males (as females were 
coded "0" and males as "1"). However, this is not often the most intuitive method of understanding your results. 
Luckily, SPSS also includes the odds ratios of each of the independent variables in the "Exp(B)" column along 
with their confidence intervals ("95% C.I. for EXP(B)" column). This informs you of the change in the odds 
ratio for each increase in one unit of the independent variable. For example, for "gender", an increase in one unit 
(i.e. being male) increases the odds ratio by 7.026. What this means is that the odds of having heart disease 
("yes" category) is 7.026 times greater for males as opposed to females. Values less than 1.000 indicate a 
decreased odds ratio for an increase in one unit of the independent variable. Sometimes, for clarity, the odds 
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ratio is inverted (e.g. 1 / .906 = 1.10, for "VO2max"). Thus, you would state that for each unit reduction in the 
independent variable, "VO2max", the odds of having heart disease increase by a factor of 1.10. Remember to 
invert the confidence intervals as well if you take this latter approach.  

 
Conclusion: 

This paper aimed to evaluate the parameters of demographic attributes on behavior travel choice mode 
including: respondent’s age, occupation, household car ownership and monthly income. Sana’a, capital city of 
Yemen citizen was asked to fill out the questionnaire. To motivate the traveler to switch to the public transport 
mode, the potential factors that discourage car use and incentives for using public transport will be identified. 
Furthermore, the likely proportions of car/public transport use were estimated after hypothetical improvements 
in public transport. The independent variables used in this study are respondent’s age, occupation, household car 
ownership and monthly income. Dependent variables are used own car go to trip work. 
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