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Abstract  Promoting public transport can increase the 

role of transport in sustainable development. Thus, 

studying the determinants of choosing public transport by 

travelers is crucial for transportation planning purposes, 

where developing an accurate model can help in examining 

any proposed scenarios. This paper aims to develop a 

multivariable regression model to describe the willingness 

to use public transport (W) represented as the percentage of 

people who use public transport in United States cities. 

First, census data of socio-economic and demographic 

characteristics are analyzed to identify significant factors 

for W to develop the model. Then, the regression technique 

is utilized to develop the model. The model is statistically 

assessed, in which the significance of all independent 

variables is examined and represented by a p-value. 

Moreover, the correlation between variables is examined. 

Then, the most statistically appropriate model for W is 

identified based on a set of performance measures such as 

coefficient of determination, average error, geometrical 

mean, Theil's inequality coefficient, and frictional bias. 

Finally, sensitivity analysis is conducted to assess the 

elasticity of the model to changes in the significant 

variables by considering a 10% change (increase or 

decrease) in the average of each variable. 

Keywords  Travel Demand Management (TDM), 

Willingness to Use Public Transport, Regression, 

Socio-Economic Characteristics 

 

1. Introduction 

The concentration of traffic can generate serious social, 

environmental, and economic problems. Traffic jams are 

constantly increasing due to increasing the demand for 

mobility resulting from population growth and economic 

progress [1]–[3]. Recently, the concept of sustainable 

development has been primarily applied in different cities 

through the introduction of Travel Demand Management 

(TDM) measures [4], which include restricting the use of 

private vehicles and promoting public transport [5], [6]. 

Indeed, having organized and efficient public transport 

would achieve many positive impacts, especially in the 

efficient use of public space, individual life, and the 

environment [7], [8]. Thus, modeling public transport 

demand is crucial for planning purposes, where an accurate 

model can be used as a tool to examine any proposed 

scenarios. 
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The term "transit-oriented development" (TOD) was 

created in the early 1990s by New Urbanist Peter Calthorpe 

[9], as well as TOD guidelines that were developed in 

Sacramento, San Diego, and Portland. TOD principles 

include prioritizing the walkability requirements, such as 

allocating mixed-use developments within a ten-minute 

walk of a transit station and having limited and managed 

parking inside the ten-minute walking area [10], [11]. 

Public transport demand relates to many attributes 

including the number of transfers, the volume of 

passengers, and the independent conditions of transport 

activity [12]. Generally, the factors that affect the traveler's 

choice of transport mode can be arranged into three groups 

[13]–[15]:  

 Trip maker characteristics. These include the 

socio-economic characteristics of individuals, such as 

gender, age, income, car ownership, driving license 

availability, and household structure. 

 Trip characteristics. These include the features and 

target of the demanded trip, such as trip purpose, trip 

origin, trip destination, and trip time throughout the 

day. 

 Transportation mode characteristics. These include 

the features and availability of the transport mode, 

such as travel time, trip cost, availability, parking cost, 

frequency, comfort, and safety. 

Several studies focused on the possible correlation 

between transport demand and related factors [16]. These 

include two approaches: the first approach depends on 

calibrating a function between the actual travel demand 

and the independent variables, such as demographic and 

socio-economic data of the study area, while the second 

approach is the third step in the transportation planning 

process (i.e., Transport Mode Choice Modeling), which is 

calibrating choice models based on travelers' interview 

surveys [17]. In the first approach, the identification of 

transport demand and its related factors can be expressed 

by creating regression models. It is an easy, applicable, and 

appropriate statistical tool for modeling the behavior of 

travelers in choosing their transport mode [18]. The second 

approach (i.e., choice models) has been traditionally 

developed based on travel behavior data obtained by direct 

observation or surveys (e.g., household surveys). A 

comparison of the chosen transport mode and the 

non-chosen modes reveals the travelers’ preferences. 

These models reflect the behavior in choosing a transport 

mode among several available modes that connect to the 

exact origin and destination. By using appropriate 

statistical techniques (e.g., likelihood maximization), the 

implicit utility functions of the travelers can be figured out 

[19].  

This paper will consider and apply the first approach (i.e., 

regression models). These models have many advantages 

over traditional mode choice modeling due to their 

simplicity in calibration and application, as mentioned 

before, results interpretation, direct response, low cost, and 

required information [20]. 

Numerous studies have applied this approach to model 

the public transport demand, where different factors that 

affect the public transport demand were addressed and 

various degrees of sophistication for mixtures of surveys 

and field data were considered. For instance, Kuby et al. 

[21] developed a multiple regression model in the USA to 

define factors that affect the demand for public transport 

(i.e., light-rail transit "LRT"), where 268 stations in nine 

different cities were chosen to collect the data regarding the 

weekday boarding travelers. The results indicated that the 

LRT ridership was mainly linked with land use 

characteristics, accessibility, employment condition, 

population, renters' percentage, bus lines condition, 

park-and-ride availability, and centrality. 

Taylor et al. [22] calibrated a regression model to 

determine the possible correlation between public transit 

ridership and its related factors in urbanized areas, where 

the data were collected over 265 US areas. The analysis 

results indicated that the transit ridership among different 

areas was significantly linked with geography, economic 

condition, population, and the auto/highway structure. 

Cervero et al. [23] developed a direct ridership model to 

study the relationship between the demand for Bus Rapid 

Transit (BRT) in Southern California and its main related 

factors. The results indicated that increasing the BRT 

ridership was mainly related to frequency, intermodal 

connectivity, feeder system condition, population, and 

employment densities. 

Cardozo et al. [20] developed a model using 

geographically weighted regression (GWR) to figure out 

the relation between the demand for the metro line in 

Madrid and the main related attributes. The results showed 

that the metro line was significantly affected by four main 

factors: the number of lines, workers, and employers, and 

the condition of suburban bus lines. Moreover, Ingvardson 

& Nielsen [24] modeled the function between the demand 

for public transport across 48 European cities and the 

related factors. To this end, a multiple regression model 

was calibrated, where the results showed that the main 

elements are the catchment area of the railway network, 

number of transfers, employment, Gross Domestic Product 

(GDP), population density, and job intensity. Guzman & 

Cardona [25] focused on Bus Rapid Transit (BRT) demand 

in Bogotá and its correlation with the built environment 

factors. They revealed that the BRT System is significantly 

affected by the characteristics of population and job 

densities. 

This research aims to calibrate a regression model to 

determine the possible relation between the willingness of 

people to use public transport and the demographic and 

socio-economic characteristics of metropolitan areas in the 

USA. This model is crucial in the transport-oriented urban 

planning of new cities. This research paper is organized as 

follows: Section 2, after this introduction, presents details 

of the research methodology. Section 3 discusses the case 

study and data collection. The data is statistically described 
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in Section 4. Section 5 comprises the details of the model 

development and performance assessment. The sensitivity 

of the model for significant variables is tested in Section 6. 

Finally, in Section 7, the work is concluded. 

2. Research Methodology 

The research tends to study the relationship between 

willingness to use public transport represented in the 

percentage of the population that uses public transportation 

(W) and the socio-economic and demographic data. The 

research methodology is explained in Figure 1. 

 

Figure 1.  Research Methodology 

The first stage is data collection for model development. 

The information includes the percentage of the population 

that uses public transportation in each TAZ, the percentage 

of occupied housing units to total housing units, the median 

age, the total number of business activities, and so on.  

The collected data are statistically analyzed in terms of 

maximum and minimum values, range, standard deviation, 

median value, and average value. Then, the correlation 

matrix of variables considered in the analysis is figured 

out. 

After the data are analyzed, the regression technique is 

utilized to develop the model that describes the willingness 

to use public transport as a function of significant 

socio-economic and demographic factors. The model is 

statistically assessed, in which the significance of all 

independent variables is examined and represented by a 

p-value, which has to be less than 0.05 for any variable 

considered in the model. Moreover, the correlated 

variables should be eliminated from the regression model. 

Then, the best model is statistically examined in terms of 

the coefficient of determination, average error, frictional 

bias (FB) of the regression model, etc. Finally, sensitivity 

analysis (W) is conducted to assess the elasticity of the 

model to changes in the significant variables by 

considering a 10% change (increase or decrease) in the 

average of each variable. 

3. Data Collection 

Data handled in this research is driven by the United 

States Census Bureau (US Census 1990, 2000, and 2010). 

This data is demographics and block census by zip code. 

Each zip code will be noted as a Transportation Analysis 

Zone (TAZ). USA Office of Management and Budget 

(OMB) classified the zones into metropolitan and 

micropolitan statistical zones using Census Bureau data. 

Zoning to metropolitan or micropolitan statistical areas 

depends mainly on the population nucleus and adjacent 

communities that are economically and socially connected 

with that nucleus. The Core-Based Statistical Area (CBSA) 

is determined to include at least one city with a population 

higher than 10,000, according to the 2010 criteria. At least 

one urbanized region with a population of 50,000 people 

must exist in each metropolitan. Each micropolitan 

statistical region should have an urban cluster of greater 

than 10,000 people but no more than 50,000. A Central 

County is an area with at least half of the residents living in 

urban areas with populations higher than 10,000. Also, any 

area with greater than 5,000 people living in a single 

10,000-person urban area is defined as a Central County. 

For 2020 Census, it includes "outlying counties", which 

travel to or from the core counties. The data in this study 

include 15,290 TAZs, as shown in Table 1. 
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Table 1.  Variables considered in the analysis and Data Source 

Variables Definition Data Source 

Dependent variables 

% Population uses public 

transportation (Y) 

Percentage of the population using public transportation in 

each in each TAZ 

'American Community Survey 2009-2013 

 “American Community Survey 5-year (ACS 

5-yr) dataset” US Census Bureau, 2017. [26] 

Independent variable (Xi) 

% Occupied Housing Units 
Percentage of occupied housing units to total housing units 

in each TAZ 

U.S. Census Bureau, 2016 [27] 
Median age Median age 

No. of Business Places Total number of Businesses activities in each TAZ 

Transport (tCO2e/yr) 
Amount of Carbon dioxide emission by public 

transportation in each TAZ 
CoolClimate Network, 2022 [28] 

Population density Number of people per square mile in each TAZ 

U.S. Census Bureau, 2016 [27] 

No. of Retail  Number of Retail facilities in each TAZ 

No. of Education Places Number of education facilities in each TAZ 

No. of Accommodation and 

Food Services Places 

Number of accommodation and food services facilities in 

each TAZ 

No. of Arts, Entertainment, 

and Recreation Places 

Number of arts, entertainment, and recreation facilities in 

each TAZ 

No. of Finance Places Number of Finance facilities in each TAZ 

Mix factor 
Index of the proportion of jobs to population and diversity 

of employment types 

2006 national data set of street centerlines 

generated by TomTom that ships for ArcGIS [29] 

No. of Health Places Number of health building facilities in each TAZ 

U.S. Census Bureau, 2016 [27] 
Average Monthly Household 

Income 
Average monthly income of households in each TAZ 

No. of Employees Number of employees inhabiting each TAZ 

 
4. Data Analysis 

Table 2 describes the statistics of the variables involved 

in the willingness to use public transport regression model 

development. It is noticed that the Average Monthly 

Household Income data achieves the highest standard 

deviation with 23,739.4 USD/month, while the lowest 

standard deviation value records 0.2 USD/month that is 

noticed for the percentage Occupied Housing Units data. 

The standard deviation of the data regarding the percentage 

of choosing public transportation (W) by travelers in each 

TAZ is 7.6%, with maximum, minimum, and average 

values of 77.9%, 0.1%, and 3.5%, respectively. The 

analysis of the correlation between all variables, as 

explained in Table 3, indicates that there is a high 

correlation (Correlation Factor (CC) > 0.5) between some 

pairs of independent variables. For example, the CC 

between No. of Educational Places and No. of Health 

Places is 0.63. A correlation factor of 0.73 holds between 

No. of Retail and No. of Employees in the TAZ. The 

highest correlation factor between two independent 

variables holds between No. of Finance Places and No. of 

Employees in the TAZ with a CC of 0.8. Correlation 

factors higher than 0.5 are grayed in Table 3. 
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Table 2.  Descriptive statistics of variables considered in the analysis 

Average Median 
Standard  

Deviation 
Range Minimum Maximum Variables 

100.5 114.0 82.5 316.0 0.0 316.0 Mix Factor 

57.3 31.0 70.3 934.0 0.0 934.0 No. of Retail 

5.6 2.0 9.5 286.0 0.0 286.0 No. of Education Places 

36.1 19.0 45.8 704.0 0.0 704.0 No. of Accommodation and Food Services Places 

46.4 20.0 62.7 757.0 0.0 757.0 No. of Health Places 

6.7 3.0 17.7 848.0 0.0 848.0 No. of Arts, Entertainment, and Recreation Places 

25.2 11.0 40.9 1274.0 0.0 1274.0 No. of Finance Places 

2193.3 303.9 6290.6 143761.1 0.1 143761.1 Population Density 

405.3 229.0 484.0 7273.0 0.0 7273.0 No. of Business Places 

0.9 0.9 0.2 1.0 0.0 1.0 % Occupied Housing Units 

16.5 16.3 4.3 45.6 0.0 45.6 Transport (tCO2e/yr) 

39.5 39.9 6.1 55.5 18.8 74.3 Median Age 

3.5 1.0 7.6 77.8 0.1 77.9 W 

54715.6 49390.5 23739.4 228487.0 0.0 228487.0 Average Monthly Household Income 

6253.9 2636.0 9531.2 150697.0 0.0 150697.0 No. of Employees 
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Table 3.  Correlation matrix of variables considered in the analysis 

Variables Mix Factor 
No. of 

Retail  

No. of 

Educational 

Places 

No. of 

Accommodation 

and  

Food Services 

Places 

No. of 

Health 

Places 

No. of Arts, 

Entertainment,  

and Recreation 

Places 

 No. of 

Finance 

Places 

Population 

Density 

No. of 

Business 

Places 

% 

Occupied 

Housing 

Units 

Transport 

(tCO2e/yr) 

Median 

Age 

% Population 

uses public  

transportation 

Average 

Monthly  

Household 

Income 

No. of 

Employees 

Mix Factor 1.00                             

No. of Retail  0.41 1.00                           

No. of 

Educational 

Places 

0.44 0.61 1.00                         

No. of 

Accommodation 

and Food Services 

Places 

0.47 0.86 0.66 1.00                       

No. of Health 

Places 
0.45 0.78 0.63 0.77 1.00                     

No. of Arts, 

Entertainment, 

and Recreation 

Places 

0.26 0.40 0.40 0.49 0.44 1.00                   

No. of Finance 

Places 
0.36 0.68 0.58 0.72 0.72 0.43 1.00                 

Population 

Density 
0.46 0.35 0.34 0.41 0.32 0.27 0.23 1.00               

No. of Business 

Places 
0.51 0.86 0.73 0.89 0.84 0.55 0.83 0.37 1.00             

% Occupied 

Housing Units 
0.27 0.14 0.16 0.13 0.18 0.07 0.12 0.10 0.18 1.00           

Transport 

(tCO2e/yr) 
-0.21 -0.29 -0.15 -0.33 -0.24 -0.14 -0.17 -0.37 -0.25 0.15 1.00         

Median Age -0.31 -0.25 -0.18 -0.26 -0.20 -0.05 -0.14 -0.21 -0.24 -0.22 0.23 1.00       

% Population uses 

public 

transportation 

0.47 0.25 0.30 0.32 0.22 0.18 0.14 0.78 0.28 0.08 -0.42 -0.19 1.00     

Average Monthly 

Household 

Income 

0.30 0.04 0.24 0.09 0.13 0.17 0.18 0.04 0.19 0.23 0.58 0.18 0.06 1.00   

No. of Employees 0.44 0.73 0.62 0.80 0.70 0.44 0.80 0.30 0.89 0.13 -0.27 -0.27 0.25 0.12 1.00 
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5. Results and Discussion 

To understand the effect of related variables on 

willingness to use public transport (W), a statistical 

regression model is utilized as a modeling tool, where W is 

considered the dependent variable. The independent 

variables, utilized for each TAZ, include the number of 

businesses, mix factor, population density…etc. The 

regression model takes the following general form: 

𝑊 = ∑ (𝑎𝑖𝑋𝑖)
𝑛
𝑖=1 + 𝜀           (1) 

Where: 

𝑊 : willingness to use public transport (% of the 

population uses public transport) in the TAZ. 

𝑋𝑖: independent explanatory variables i. 

𝜀: error term. 

𝑎𝑖: corresponding coefficient. 

The significance of W in each TAZ has been tested for 

all independent variables. As shown in Table 4, the 

significance value is represented by the p-value, which 

needs to be less than 0.05 for any Xi considered in the 

model, indicating that there is less than a 5% likelihood 

that the null hypothesis could have been true [30]. It is 

found that five factors; No. of Accommodation and Food 

Service, No. of Business Places, Median age, Transport 

(tCO2e/yr), and % Occupied Housing Units have p-values 

greater than 0.05. Thus, these five factors are eliminated 

from the modeling process as they have no significance in 

the model. 

Table 4.  Significance of independent variables with respect to 
willingness to use public transport 

Independent variable P-Value 

Mix Factor < 0.0001 

No. of Retail < 0.0001 

No. of educational Places < 0.0001 

No. of Accommodation and Food Service 0.43 

No. of Health Places  < 0.0001 

No. of Arts, Entertainment, and Recreation 

Places 
< 0.0001 

No. of Finance Places < 0.0001 

Population Density < 0.0001 

No. of Business Places 0.2 

% Occupied Housing Units 0.831 

Transport (tCO2e/yr) 0.0865 

Median Age 0.968 

Average Monthly Household Income < 0.0001 

No. of Employees < 0.0001 

 

Further assessment for the included variables is 

conducted by examining the multi-collinearity, where the 

correlated variables should be eliminated from the 

regression model to avoid the multi-collinearity effect that 

may distort the results obtained from regression analysis. 

Accordingly, the adopted methodology for each highly 

correlated independent variable is based on keeping the 

variable with a higher correlation with the independent 

variable for further modeling steps, while the other variable 

is excluded from the model. This is measured by the 

Variance Inflation Factor (VIF), which measures the 

correlation and strength between independent variables. 

The minimum value of VIF for any variable is 1, where 

this value indicates that this independent variable does not 

correlate with any others. If the value of VIF lies between 1 

and 5, then there is a moderate correlation, while 

significant multi-collinearity levels of a variable exist if it 

has a VIF of more than 5. The VIF results are shown in 

Table 5. The results indicate that all variable has a VIF of 

less than 5. The maximum VIF value is 3.61 noticed for No. 

of Employees in the TAZ. Thus, all significant variables 

will be included in the model.  

Table 5.  Variance Inflation Factor of significant variable 

Term VIF 

Mix Factor 1.65 

No. of Retail 3.23 

No. of Education Places 2.06 

No. of Health Places 3.31 

No. of Arts, Entertainment, and Recreation 

Places 
1.36 

No. of Finance Places 3.32 

Population Density 1.39 

Average Monthly Household Income 1.21 

No. of Employees 3.61 

The stepwise regression technique is used to model the 

willingness to use public transport as a function of 

significant socio-economic and demographic data. The 

results of the models are shown in Table 5. It is found that 

the mix factor and no. of education places have the highest 

two positive effects on willingness to use public transport 

in sequence. This is reasoned that as the mix factor 

increases, a high proportion of the working-age population 

is employed. This raises the daily job-type trips, which are 

related to the usage of public transport [31]. On the other 

hand, although the absolute number of employees affects 

the willingness of people to use public transport, it records 

the lowest positive effect. The number of finance places in 

the TAZ has the maximum negative effect on the 

willingness to use public transport in the zone. 
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Table 5.  Regression modeling for willingness to use public transport 

Term Coefficient R2 

Constant 0.777 

0.72 

Mix Factor 0.014751 

No. of Retail -0.005459 

No. of Education Places 0.05248 

No. of Health Places -0.00621 

No. of Arts, Entertainment, and Recreation 

Places 
-0.01635 

No. of Finance Places -0.02023 

Population Density 0.000867 

Average Monthly Household Income -0.000003 

No. of Employees 0.000076 

The statistical indicators are utilized as follows: 

 The model has a relatively high correlation coefficient 

(R2= 0.72), which indicates a high representativeness 

of the model. 

 The average error in estimating W values is 0.023 

with a standard deviation of 4.61. 

 The statistical relation between modeled and 

measured values of willingness to use public transport 

(W) (Figure 2) shows a good coefficient of 

determination of 0.63, which indicates good fitness of 

the model [32].  

 The relative error between the average of surveyed 

and modeled values of W can be expressed as: 

100 ∗ (
𝑊𝑚𝑜𝑑𝑒𝑙𝑒𝑑̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅−𝑊𝑠𝑢𝑟𝑣𝑒𝑦𝑒𝑑̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅

𝑊𝑠𝑢𝑟𝑣𝑒𝑦𝑒𝑑̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅
)           (2) 

It shows a small difference (0.64%), which indicates that 

the regression model generally describes well the surveyed 

data. 

 The frictional bias (FB) of the regression model is 

0.0064. This indicates a relatively very small overall 

overestimation of the model as this value ranges 

between 2 and -2 [33]. FB can be estimated as 

follows: 

2 (
𝑊𝑚𝑜𝑑𝑒𝑙𝑒𝑑̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅−𝑊𝑠𝑢𝑟𝑣𝑒𝑦𝑒𝑑̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅

𝑊𝑚𝑜𝑑𝑒𝑙𝑒𝑑̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅+𝑊𝑠𝑢𝑟𝑣𝑒𝑦𝑒𝑑̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅
)           (3) 

 The existence of systematic biased can be assessed 

statistically by the value of the Geometrical Mean, as 

follows: 

GM = exp(ln 𝑊𝑠𝑢𝑟𝑣𝑒𝑦𝑒𝑑
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ − ln 𝑊𝑚𝑜𝑑𝑒𝑙𝑒𝑑)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅      (4) 

GM of the model has a value of 0.04 while the ideal 

value for it is 1.0 [33]. This means that the regression 

model accurately simulates the surveyed data with 

acceptable relative biases. 

 Theil's inequality (T) coefficient is also used in the 

study to determine how well the model's estimated 

results explain the actual data. Theil's inequality 

coefficient is a statistic performance measure related 

to the root mean square forecast error, which ranges 

between zero and one. Equation 5 describes T factor 

estimation, where N is the number of observations. 

The value of T for the developed model is 0.15 

indicating a reasonable representation of actual data. 

The perfect representation is for T=0, while the worst 

is for T=1 [34]. 

𝑇 =
√1

𝑁
∑ (𝑤𝑚𝑜𝑑𝑒𝑙𝑒𝑑 − 𝑤𝑠𝑢𝑟𝑣𝑒𝑦𝑒𝑑)

2𝑁
𝑛=1

√1
𝑁

∑ (𝑤𝑚𝑜𝑑𝑒𝑙𝑒𝑑)2𝑁
𝑛=1 + √1

𝑁
∑ (𝑤𝑠𝑢𝑟𝑣𝑒𝑦𝑒𝑑)

2𝑁
𝑛=1

 (5) 

6. Sensitivity Analysis 

Socio-economic and demographic data affect 

significantly the travelers’ willingness to use public 

transport on their daily trips. To study the effect of the 

change of one indicator on W, the average value of W is 

calculated using Equation (1) based on the average value of 

independent variables. Then, the effect of a 10% change 

(increase and decrease) of the average of each variable on 

the average value of W is assessed. The sensitivity analysis 

results, presented in Figure 3, show that the factor that has 

a significant effect on changes in the average value of W is 

population density, since a 10% change (increase or 

decrease) in average population density changes the 

average W absolute value by about 5.4%. The second most 

remarkable change in average W can occur by increasing 

or decreasing the mix factor by 10%. Changes in average 

values of the number of arts, entertainment, and 

recreational places; and changes in average monthly 

household income have minor effects on the average value 

of W. 
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Figure 2.  Plot of modeled values of willingness to use public transport against surveyed values 

 

Figure 3.  Effect of changes of average values of socio-economic and demographic variables on the average value of willingness to use public transport 

estimated using the regression model 
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7. Conclusions 

Trip generation rates are essential knowledge for 

planners and engineers working in urban planning and 

transportation to evaluate the implications of land-use 

policies. Based on the assumption that trip generation and 

willingness to use public transport are correlated with the 

socio-economic and demographic characteristics of the 

area, a multivariable regression model is developed to 

describe the percentage of people who uses public 

transport service (W) in United States cities. Different 

characteristics are analyzed to identify significant and 

controlling factors for willingness to use public transport 

services. The multivariable regression technique is utilized 

to produce the most statistically appropriate mathematical 

model for willingness to use public transport. Mix factor, 

no. of retail, no. of education places, no. of health places, 

no. of arts, entertainment, and recreation places, no. of 

finance places, population density, average monthly 

household income, and no. of employees are involved in 

the model with a coefficient of determination (R2) of 0.72. 

The assessment of the model utilized statistical parameters 

to assess the predicted values against census values. It is 

found that the average error in estimating W values is 

0.023 with a standard deviation of 4.61 and a relation 

between modeled and measured values of willingness to 

use public transport of 0.63 coefficient of determination. 

The relative error between the average of surveyed and 

modeled values of W is 0.64% showing that the regression 

model generally describes well the surveyed data. The 

model indicates a relatively very small overall 

overestimation of the model with a geometrical mean of 

0.04 and Theil's inequality (T) coefficient of 0.15. The 

sensitivity of W to changes in the average value of 

controlling parameters is measured. It is found that the 

factor that significantly affects the average value of W is 

population density followed by mix factor, since a 10% 

change (increase or decrease) in the average population 

density changes the average W absolute value by about 

5.4%. In comparison, a 10% increase and decrease in the 

average mix factor changes the average W value by about 

4.24% and -3.95%, respectively. 
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