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ABSTRACT 

 

In 2017, Governor Andrew Cuomo declared a state of emergency due to the severe 

overcrowding, delays, and funding deficits with mass transit, and proposed a congestion 

pricing plan for vehicular traffic in parts of Manhattan to raise funds for the rapid transit 

system. This study explores and identifies the factors that affect the passenger’s attitudes 

toward the proposed scheme, both via literature review and statistical modeling. We not 

only include standard logistic regression models to investigate the interrelationship 

between public support and the selected influencing factors, but we also set up the 

random parameter models to incorporate random effect to account for the preference 

heterogeneity. Our results indicate apparent individual heterogeneities regarding the 

value of premium/toll when we consider public support toward congestion pricing, and 

present the determinants of public support such as age, gender, being single, leasing a 

car, and comfort satisfaction. 

 

KEYWORDS: New York City Subway, congestion pricing, public support, logistic 

regression model, random parameter, individual heterogeneity. 
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CHAPTER 1                                                

INTRODUCTION 
 

1.1. Background of the study 

1.1.2. New York City Subway and MTA 

As one of the world’s largest and busiest rapid transit systems, New York City Subway 

connects 472 stations through four boroughs and delivers an average of 5.6 million daily 

rides on weekdays and 5.7 million rides each weekend. (“Introduction to Subway 

Ridership”, 2017) The system operates 24 hours a day, 7 days a week, and covers a total 

of 245 miles of routes, 850 miles of tracks with 40% above ground. (“Facts & Figures -

- Subway”, 2014) It is also one of the world’s oldest, the first underground line opened 

since October 1904, which was then called the “Manhattan Main Line”.  

 

The New York City Subway system is owned by the City of New York and is operated 

by the New York City Transit Authority (NYCTA). As a subsidiary agency of the state-

run Metropolitan Transportation Authority (MTA), NYCTA, also branded as MTA New 

York City Transit, provides bus, subways, and other transit services throughout New 

York City (NYC). The Transit Authority is mainly in charge of its day-to-day operations 

and executive personnel reporting, while the MTA has the responsibility for developing 

and implementing a unified mass transportation policy for the City of New York and 

Dutchess, Nassau, Orange, Putnam, Rockland, Suffolk, and Westchester counties. 

(MTA, 2016) 
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One major problem for MTA is the growing budget deficit throughout the years. 

According to a report from Drum Major Institute, in 2011, the MTA faced a $900 million 

gap in its operating budget and a $2.1 billion deficit by 2014. (Drum Major Institute, 

2012) And according to the New York Times, in 2017, the agency predicted a $281 

million shortfall for the 2018-2021 budget. As a consequence, without enough money 

to repair and replace the malfunctioning signal equipment, faulty brakes, and broken air-

conditioning systems, incidents such as frequent delays, operational and service failures 

occur, and passengers feel less and less satisfied with the system. (Hu, 2019) In 2017, 

only 65% of weekday trains reached their destinations on time, which was then the 

lowest rate since the 1970s, and according to the Riders Alliance data, in 2018, 92% of 

the morning subway commutes were delayed. (Riders Alliance, 2019) A survey 

conducted early in 2019 by City Council Speaker Corey Johnson’s office reveals that 

62% percent of the subway riders were unsatisfied with the service, and only 3% said 

they were “very satisfied”. (Guse, 2019) As a consequence, the NYC subway weekday 

ridership, although it has nearly doubled in the past two decades to reach 5.7 million, 

has been suffering a decline in the past couple of years. Such a decline only worsens the 

enlarging gap in MTA’s budget projections since the fare is one of the largest sources 

of revenue for MTA. To provide a funding source for the NYC transit system, Governor 

Andrew M. Cuomo and Mayor Bill de Blasio suggested the implementation of 

congestion pricing and an increase in taxes on the wealthiest New Yorkers, respectively. 

Earlier in 2019, the congestion pricing plan was approved and will be implemented in 

2021. 
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1.1.2. Congestion pricing 

Congestion pricing is a dynamic pricing strategic plan aiming to decrease both 

congestion and air pollution by regulating the demand for private vehicles entering the 

congested areas of a city. The mechanism behind this policy is to make users conscious 

of the costs that they impose upon one another when consuming during the peak 

demand, and they should pay for the additional congestion they create. (Button, 

Kenneth, 1993; Small, 2007) With such economic theory, it is expected to encourage 

travelers to reduce their usage of private vehicles and transfer their preference to public 

transit if it’s available in the area.  

 

Due to the technical limitation on implementation, congestion pricing remained only as 

a theory for a long time, until 1975, some cities began to turn it into practice. Singapore 

is the first city in the world to experiment with congestion pricing. In 1975, vehicles that 

wished to enter the central business area (restricted zone) of Singapore were required to 

purchase a daily or monthly windshield license in advance. Also, the charging 

conditions and toll levels were differentiated for different regions. This bold and 

innovative practice helped Singapore reduce congestion substantially and greatly 

balanced the traffic demand. (Sock-Yong Phang & Toh, 2004) Later in 1983, Hong 

Kong operated an Electronic Road Pricing scheme with an electronic toll collection 

(ETC) system, but it didn’t last long because of public opposition. Part of the opposition 

was due to the financial burden for some low-income families claiming that the charging 

was unnecessarily expensive. Apart from that, some private car drivers felt 

discriminated against because they believed it was the taxis that should be responsible 
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for the congestion. (Hau, 1990) Between 1986 and 1991, Norway’s three biggest cities, 

Bergen, Oslo, and Trondheim introduced an urban toll ring system, which charged 

vehicles that passed the selected ring roads in the central area. The innovation for the 

practices in these three cities was that rather than intended to manage demand and 

efficiency on the road, it was aimed to generate revenues for urban transit investment. 

(Hårsman & Quigley, 2010) Learning from the experience of Singapore, London started 

adopting the Area Licensing Scheme in 2003. By law, all revenue raised was reinvested 

into London’s transport infrastructure, aiming at reallocating road space from private 

cars to public transportation. After the charge was implemented, there was a significant 

drop in congestion levels and a considerable increase in the number of individuals 

entering central London by bus. It also induced a virtuous circle that improved transit 

service was provided to attract more ridership and thus results in an additional reduction 

in road congestion and public favor for transit.  (Leape, 2006)  

 

The successful practices in those cities have come to the attention of politicians in many 

other cities, especially in the United States, politicians in New York and San Francisco 

have frequently had discussions and debates about pricing implementations in the city. 

The first congestion pricing schemes to be conducted in the U.S. was proposed by New 

York State Governor Andrew M. Cuomo in 2017. The motivation of this plan is to 

alleviate traffic and to provide a healthy revenue stream of money to finance the NYC 

transit system. Starting from 2021, drivers who enter below 60th Street in Manhattan 

will be charged either via the E-ZPass system or by license plate scanning. The charging 

fee is differentiated by the type of vehicle, small car drivers will be charged between 
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$12 and $14, and truck drivers will be charged about $25. (Paybarah, 2019) If the pricing 

scheme is working smoothly, the State leaders predict that the fee could raise $1 billion 

annually and could secure a $15 billion bond for the MTA. According to the New York 

Times, about 80% of the revenue from the congestion pricing fees would go to the repair 

and upgrade of the transit facilities such as signal lights, subway tracks, platform 

elevators, etc., and the remaining 10% would go to the expansion of the two major 

suburban commuter trains, the Long Island Rail and Metro-North.  

 

1.2. Research questions 

This thesis primarily focuses on public attitude toward congestion pricing and tax plans 

as funding sources for the NYC subway. In this study, we adopted a quantitative 

modeling analysis approach that used statistical models with survey data. Results were 

analyzed within the context of successful congestion pricing practices around the world, 

with a focus on how these practices were implemented and what elements were relevant 

to public support. The statistical analysis was conducted based on a survey that was 

distributed online in 2017 among subway commuters in the metropolitan area of New 

York City. The survey was designed by the team of Bansal et al with whom I had 

collaborated and shared the same academic advisor, and was implemented online using 

the Qualtrics platform. Although the survey was originally conceived to run a choice 

experiment regarding overcrowding perceptions, the instrument contained a set of 

questions regarding potential sources of funding for public transit. (Bansal et al., 2019) 

Users’ degree of support of the potential funding mechanisms that was collected in the 
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survey had not previously been analyzed yet. By modeling public support toward 

different transit funding schemes, we explored and identified the factors that could affect 

passengers’ willingness to financially support investments that would improve transit 

operations.  

 

Four main research questions are posed in this thesis: 

1. What are the determinants of public support toward a congestion pricing 

scheme for funding mass transit improvements?  

2. Is any heterogeneity regarding the value of premium/toll in that degree of 

support? 

3. What are the determinants of public support for the idea of raising tax on 

wealthy residents to improve transit operations? 

4. Referring to congestion pricing practices in other cities and regions, what are 

the main lessons for successful implementation and public support? For 

instance, were there changes in public opinion before and after 

implementation? 

 

As hypotheses to test with the statistical analysis, we postulate the following expected 

determinants of support. First, we hypothesize that younger people, especially 

millennials (22-37 years old), would be more likely to support the congestion pricing 

and tax increment plans in NYC since they rely more on transit (Baléo, 2016). We also 

hypothesize that compared to female passengers, males are more in favor of the 

congestion pricing and tax increment plans in NYC as evidence shown in the previous 
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studies. (Braunholtz & Cumming, 2006) It is also reasonable to suggest that people who 

are not satisfied with the subway service would rather take alternative transportation 

options, and therefore would feel less likely to support the congestion pricing plans. 

Finally, we hypothesize that there are apparent heterogeneities regarding value of 

premium/toll when we consider public support toward congestion pricing. 

 

1.3. Innovation of the thesis 

Although there are previous studies about congestion pricing schemes in different 

regions, most of the literature focuses on technical issues such as pricing optimization 

or zone planning aiming at alleviating congestion. In this study, we conducted a research 

from the angle of public attitudes, combined the congestion pricing concept with the 

subway commute, and implemented our study based on survey data from NYC subway 

riders. In our study, in addition to standard logistic regression models with fixed 

parameters, we also managed to effectively model individual heterogeneity via random 

parameter logistic regressions, which are rarely applied in practice.  

 

1.4. Overview of the thesis 

In this chapter, an introduction of New York City Subway and the problems it is 

currently facing are presented. The concept of congestion pricing and some worldwide 

practices are briefly overviewed. The objective of this study, the research questions, and 

hypotheses are introduced.  
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Chapter 2 gives an explanation of the methodologies adopted as research tools in this 

study. It also gives a summary of the data we collected for this study and describes how 

the data was processed for the statistical analyses. 

 

Chapter 3 provides a thorough examination of three most successful congestion pricing 

practices in the world. Then, differences in public acceptability to the pricing scheme 

during pre- and post-pricing period are illustrated. In addition, we also provide a 

summary of influencing factors in this chapter, as well as a introduction of NYC 

congestion pricing progress. 

 

Chapter 4 focuses on statistical analysis from both fixed- and random-parameter logistic 

regressions. Discussions about the factors that significantly affect public support and the 

interpretation of the modeling results are provided.  

 

This thesis concludes in Chapter 5 with a review of the major findings from the study. 

The limitations of the study and future direction of this research will also be discussed.   
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CHAPTER 2                                                                       

DATA AND METHODS 
 

2.1. New York Subway Survey Data 

2.1.1. The survey 

The original survey was designed and distributed online by the team of Bansal et al. in 

2017 among NYC subway passengers to run a discrete choice experiment regarding 

overcrowding perceptions. In their experiment, the respondents were asked to given 

choices under different scenarios focusing on in-subway-car time, which is different 

from the purpose of our study. However, the survey also includes questions about the 

socio-demographics information, trip characteristics, passengers’ attitudes toward 

comfort experienced in the NYC subway, passenger’s attitudes toward different 

congestion pricing schemes, and passenger’s attitudes toward the proposed tax 

increment plan. These are the valuable information that we need in our study. In addition, 

some basic requirements are specified in order to filter the respondent: the respondent 

must be older than 18, currently live in the NYC metro area, regularly commute to work 

or school, and at least take the subway once in a typical commuting week. 

 

At the beginning of the attitudinal question section, a brief introduction excerpt from the 

New York Times about the motivation of the congestion pricing and the tax increment 

plans was given to the respondents. There are five different pricing options in the 

question: A per-mile/ per-minute surcharge on cab/uber, a $5 premium/toll for drivers, 

an $8 premium/toll for drivers, a $10 premium/toll for drivers, and rebates for drivers 
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from areas poorly served by transit. The respondents were asked to select how strongly 

they support or oppose each of the options. The individual response was measure by a 

5-point Likert Scale: strongly support, slightly support, neither, slightly oppose, and 

strongly oppose. For the tax question, the respondents are asked to select their level of 

support given the idea of a tax (from 3.9% to 4.4%) on the wealthiest NYC residents to 

raise funds for fixing the subway. The same five levels of support are provided for this 

question.  

 

2.1.2. The Data 

A total 904 survey were collected and the answers for each question were organized into 

two spreadsheets which contain the text coding data and the numerical data respectively. 

In the numerical dataset, the values of the answer to each question are provided next to 

the text in the survey. For example, as is shown in Figure 2.2, the answer “Male” for the 

gender question was coded and recorded as 1, and “Female” was coded and recorded as 

0.  

 

 

Figure 2.1 An example of the survey question 

 

After carefully examining both datasets, some revisions were made to the raw data either 

based on the input value or the potential linkage between different parameters. For 

example, a basic requirement set in this survey indicated that the number of family 
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members should not be less than the number of children in this family. If the respondents 

failed to meet the requirement, they were asked to reenter the value. Therefore, we 

updated the data for the “number of family member” question based on the reentered 

values. In addition, we found a lot of missing values for the gender, age, and origin-

destination answers which we thought are very important factors to include in the 

models and also difficult to update. There were also quite a lot of missing data for the 

questions regarding their opinion of support. Since we need to model the passenger’s 

opinion, it is not appropriate to replace the missing data by guessing, therefore, we 

eliminated all those missing data. After omitting those missing data, we have a total of 

607 responses left.  

 

Table 2.1 is an example of a part of our dataset. Each individual was asked to provide 

their choices regarding three different alternatives (Premium). Premium represents the 

amount of money to be charged as a premium or a toll to the drivers, and we have three 

different amounts: $5, $8, and $10. In addition to the respondent ID and the alternative, 

the dataset also includes individual-specific data that do not vary across alternatives and 

stay fixed for each person. Therefore, each respondent is repeated three times in the 

dataset. Specifically, the individual-specific data may include socio-demographics such 

as age, gender, and income, it also includes trip characteristics and comfort experience. 

However, here in Table 2.1, due to the limitation of space, we only present a part of the 

dataset. As shown below, a field named “Premium” contains the value representing each 

premium/toll charging option and a field “Support” contains the answer of support. We 

merged the answers of “strongly support” and “slightly support” as support and we set 
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the value as 1, the rest answers were merged as oppose and we set the value as 0. For 

each individual, with all their answers for the demographics and trip characteristics 

remaining the same, the opinion of support for each premium/toll is recorded separately.  

Table 2.1 An example of a part of our dataset 

Respondent Support Premium Male HHIncome Age Car Marital 

1 1 5 Female $50,000 to $59,999 27 years No Single 

1 0 8 Female $50,000 to $59,999 27 years No Single 

1 0 10 Female $50,000 to $59,999 27 years No Single 

2 0 5 Female $50,000 to $59,999 34 years Yes, I own a car Single 

2 0 8 Female $50,000 to $59,999 34 years Yes, I own a car Single 

2 0 10 Female $50,000 to $59,999 34 years Yes, I own a car Single 

 

The survey is a Qualtrics opt-in with filters: the respondents must meet the criteria of 

being at least 18, and being a regular commuter of NYC subway. However, the sample 

is not representative of NYC transit commuters. In order to make our sample reflect the 

demographic distribution of all NYC transit commuters, we imposed some weights on 

our data based on the NYC population distribution regarding gender and age groups. 

Due to the limitation of available data of NYC transit rider demographics, we can only 

assume that the distribution of NYC transit riders is proportional to the NYC population 

distribution. So, this is one of the limitations of our study. In our study, we included age 

groups rather than specific values of age in our models. Since the surveys were collected 

in 2017, respondents with age below 22 were categorized as “Post Millennials”, ages 

between 22 and 37 were categorized as “millennials”, age between 38 and 53 were 

“Generation X”, ages between 54 and 72 were “Baby Boomers”, and the rests were 

“Older Generations”. According to the 2017 American Community Survey 1-year 

Estimates, NYC had a population with 47.7% female and 52.3% male. Regarding the 

age group, the NYC population is composed of 4.8% post-millennials, 26.4 millennials, 
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20.8% Generation X, 19.6% Baby Boomers, and 7.8% older generations. By dividing 

the census percentage to the sample percentage, we can calculate the weight based on 

each demographic. as shown in Table 2.2. Then the final weight is the product of the 

weight of gender and age.  

 

Table 2.2 The population, sample distribution, and the corresponding weights 

Demographics 
Demographics 

categories 
Count Percentage Census Weight 

Gender 
Male 480 26.4% 47.7% 1.81 

Female 1341 73.6% 52.3% 0.71 
      

Age 

Post Millennials 237 13.0% 4.8% 0.37 

Millennials 984 54.0% 26.4% 0.49 

Gen X 393 21.6% 20.8% 0.97 

Baby Boomers 195 10.7% 19.6% 1.83 

Older Gen 12 0.7% 7.8% 11.78 

Source: 2017 American Community Survey 1-Year Estimates, Age and Sex:     

https://www2.census.gov/programs-surveys/acs/tech_docs/table_shells/2017/S0101.xlsx   

 

In our models, we used the binary variable support as our response of interest, with a 

value of 1 indicating people’s favor toward the charge and a value of 0 indicating their 

unwillingness. According to previous studies, four types of factors are commonly 

investigated and believed to have a close relationship with public acceptability toward 

congestion pricing: scheme benefits, pricing system features, personal attitudes, and 

socio-demographic characteristics. (Jaensirisak et al.,2005) Therefore, based on the 

survey design and the types of data we collected, nine variables were selected as the 

predictor: gender, rush hour indicator, origin-destination, age group, car ownership, 

educational level, marital status, employment status, and comfort satisfaction toward the 

subway.  
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Table 2.3 The Dependent Variable and the Independent Variables 

Variable Definition Levels 

Dependent Variable   

Support Indication of support Support- 1 

Not Support- 0   
 

Independent Variables     

Male Gender Male 

Female 

TD Rush Hour Indicator Rush Hour 

Not Rush Hour 

OD Origin and Destination of 

the Trip 
Manhattan- Manhattan 

Manhattan- Outside Manhattan 

Outside Manhattan- Manhattan 

AgeGroup Age Group Post Milennials 

Milennials 

Generation X 

Baby Boomers 

Older Generation 

Car Car Ownership Yes, own a car 

Yes, lease a car 

No 

Education Educational level BSc 

MSc/PhD 

Other 

Mari Marital Status Single 

Married 

Other 

Employment Employment Status Full time student 

Full time  

Part time 

Retired 

Other 

Comft Comfort Satisfaction Satisfied 

Unsatisfied 

 

The independence of variables is vital to our model interpretation; however, there might 

be some positive correlations between age group and marital status, or between age 

groups and employment status. To identify the independency, we took some extra effort 
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conducting a principle component analysis. It showed certain correlations among age 

group, employment and marital status. However, the method of identifying the 

correlations of nominal categorical variables can be quite complex. And when we tried 

to remove one or two variables to handle the potential multicollinearity, we did not 

observe dramatic changes regarding the statistical significance and the sign of 

coefficient. In additional, we think that the selected variables are very important to 

consider under the congestion pricing context. Therefore, we stick with our previous 

assumption that variables being independent and identically distributed. And we treated 

it as one of our research limitations. 

 

Forms of the variable vary in different models according to the modeling purpose. In 

our base models, we first consider the influence of each factor level to the response. 

Then, according to the model result, binary categorical variables were created for factor 

levels that appear to be significant in the logistic regression model. The definition and 

the levels of the variables are shown in Table 2.3. 

2.2. Methods 

2.2.1. Cross-Tabulation Analysis 

The first methodology applied in this quantitative analysis is the cross-tabulation 

method. Cross-tabulation, also called the contingency table method, is one of the most 

commonly used analytical tools in survey research, engineering, and scientific research. 

It is a type of table which contains at least two rows and two columns to present 

categorical data in terms of frequency counts. One major advantage of this method is to 
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examine whether there are correlations between the row variable and the column 

variable. Specifically, we examine whether the levels of row variables distributed are 

significantly differently over levels of the column variables.  

 

To ensure the interpretation of the significance observed from the table, a Chi-square 

test is conducted. A Chi-square test is a statistical hypothesis test where the sampling 

distribution of the test statistic is a Chi-square distribution when the null hypothesis is 

true. (“Chi-square test”, 2019) The null hypothesis of the test is that the row variable 

and the column variable are completely independent of each other. The test is used to 

determine whether there is a significant difference between the expected frequencies 

and the observed frequencies. The formula of the Chi-square test is: 

 

 𝜒2
𝑐
= ∑

(𝑂−𝐸)2

𝐸𝑐𝑒𝑙𝑙  

 

where O represents the observed frequency, E represents the expected frequency, and c 

represents degree of freedom and is placed as a subscript after the Chi-square symbol. 

By summing up these quantities over all of the cells, we can get the test statistic. Usually, 

the larger the test statistic, the more likely to reject the null hypothesis of independence.  

 

In our research, before conducting an in-depth modeling analysis, we wished to roughly 

test our hypothesis and to have a basic idea of some potential interrelationship. To be 

consistent with our hypothesis, we set levels of support as the row variable, and built 

contingency tables for gender, age group, and comfort satisfaction as column variables 

separately.  In each table, the categories for each factor were treated as the column 
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variables. Then, the Chi-squared statistic was calculated for each table to indicate the 

significance of the correlation between variables. 

 

In R, we applied the wtd.table() function from the questionr package to build the 

contingency tables. The wtd.table is a function to generate weighted frequency tables, 

both for on-way and two-way tables. Its usage is: wtd.table(x, y = NULL, weights = 

NULL, digits = 3, normwt = FALSE, na.rm = TRUE, na.show = FALSE, exclude = 

NULL) 

 

We included three arguments of the function in our study: x, y, and weights. In this 

function, the basic two arguments x and y represent the rows and column variable, and 

they are supposed to have the same length. Normally, if weights is not provided, a 

uniform weighting is imposed. In our study, we included the weights that we mentioned 

earlier to adjust the frequency of the sample to enable our test result to resemble the real 

situation as closely as possible. 

 

After conducting the Chi-squared test via the chisq.test() function, we also adopted a 

visualization method using the corrplot() function from the corrplot package to have a 

graphical display of the Pearson residuals, or the standardized residuals. The residuals 

can be easily extracted from the output of the function chisq.test(). The formula of the 

residual included in this function is: 

𝑟 =
（𝑂 − 𝐸)

√𝐸
 

 



18 

 

Based on this function, we can have a more straightforward picture of the dependence 

between the row and the column variables by observing the size and color of the circles 

shown in each cell. The size of the circle is proportional to the cell contribution and the 

color of the circle represents the attraction or repulsion between the variables. The 

contribution of a given cell to the total Chi-square score is calculated as follows: 

𝑐 =
𝑟

𝜒2
 

 

2.2.2. Logistic regression model 

The logistic regression model is by far the most widely used classifier/choice model and 

can be used when the outcome of interest is a binary categorical variable. (Train, 2001) 

Logistic regressions are widely used in medical research, engineering and economics to 

investigate the probability of an event of interest, such as death versus survival, or 

success versus failure. For example, logistic regressions are usually used in marketing 

applications to predict whether a customer would purchase the product or not. In our 

research, we adopt the logistic regression approach to explore public support toward 

different congestion pricing schemes, with a binary degree of support: support (1) or 

oppose (0). 

 

The mechanism behind the logistic regression model is the logistic function. A standard 

logistic function is a sigmoid curve with the outcome value between zero and one. It is 

defined as follows: 

Λ(𝑥𝑖
′𝛽) =

𝑒𝑥𝑖
′𝛽

1 + 𝑒𝑥𝑖
′𝛽
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where 𝑥𝑖
′𝛽 is a linear specification for the link function that uses explanatory variables 

for the binary response outcome. In the logistic regression model, the outcome of the 

function is interpreted as the probability of the happening of the event i, or the 

probability when the dependent variable yi has the value 1. Therefore, it can also be 

illustrated as: 

 

Λ(𝑥𝑖
′𝛽) =

𝑒𝑥𝑖
′𝛽

1 + 𝑒𝑥𝑖
′𝛽

= 𝑝𝑖 = Pr(𝑦𝑖 = 1|𝑥𝑖) 

 

 

Figure 2.2 Standard logistic sigmoid curve 

 

The logit function, which is also called the logarithm of odds, is the inverse of the 

logistic function. A logit function has an equation as follows: 

 

𝑙𝑜𝑔𝑖𝑡(𝑝𝑖) = log (
𝑝𝑖

1 − 𝑝𝑖
) = log (

Pr(𝑦𝑖 = 1|𝑥𝑖)

Pr(𝑦𝑖 = 0|𝑥𝑖)
) = 𝑥𝑖

′𝛽 

 

The interpretation of the parameters in the logistic regression model is less direct than 

the ordinary regression model. In the simple linear regression, the coefficients of a 

certain variable can be interpreted as the marginal change in the dependent variable with 

that variable had 1-unit change and the others held constant. However, in the logistic 

regression, according to the definition, the coefficients are in terms of the log odds which 

is the logarithm of the odds of success. Considering the simplest case of a single 



20 

 

independent variable, if we take the difference of the log-odds after and before the 1-

unit increase of the independent variable, we can get: 

 

log (
𝑝𝑖

1 − 𝑝𝑖
) − log (

𝑝𝑖
∗

1 − 𝑝𝑖
∗) = 𝛽0 + 𝛽1𝑥1 − (𝛽0 + 𝛽1𝑥1 + 𝛽1) = 𝛽1 

 

Where 𝑝𝑖and 𝑝𝑖
∗ both represent the probability of success of the outcome, we put an 

asterisk to differentiate the case of before and after. 

 

After further transformation, we can observe that the parameter represents the log form 

of odds ratio (OR): 

 

𝛽1 = log (
𝑂

𝑂∗
) = log(𝑂𝑅) 

 

Therefore, the exponential of 𝛽 measures the impact on the odds ratio of a marginal 

increase in the explanatory variable. 

 

In our study, we implemented logistic regression models in R with the glm() function. 

This function is used to fit generalized linear models; however, we can add a logit link 

function, or more specifically, we can indicate the argument “family” as “binomial” to 

obtain a logistic regression model. In addition, weights are assigned to the data in this 

model according to the population distribution of gender and age group in NYC in the 

hope that our model output could assemble the cases in reality.   
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2.2.3. Logistic regression models with random parameter 

In some cases, it is not realistic to use the model with the inherent assumption that the 

coefficient is fixed for all individuals. Sometimes, the coefficient for the preference, or 

𝛽 ’ vary across individuals, and we call it individual heterogeneity. For example, 

consider the price of the bus fee effect on public support for bus, it is not appropriate to 

consider a fixed effect across all the individuals. In this case, it is reasonable to assume 

that wealthier households are less sensitive to the price, therefore, we should consider 

the individual heterogeneity in this study. To accommodate the individual heterogeneity, 

one way is to assume the parameter varies randomly across all individuals given the 

distribution. Because the distribution is actually unknown and must be pre-specified by 

the researcher, this random heterogeneity is also referred to as “unobservable variation” 

or “unobserved heterogeneity”. Based on the specified distribution, it is possible to 

capture the mean and variance of the random parameter and have a profile of the 

unobserved heterogeneity.  

 

Consider the following latent process: 

𝑈𝑖𝑗𝑡 = 𝑥𝑖𝑗𝑡
′ 𝛽𝑖 + 𝜀𝑖𝑗𝑡,𝑖 = 1,… , 𝑛; 𝑗 = 1, … , 𝑘; 𝑡 = 1,… , 𝑇 

𝛽𝑖~𝑔(𝛽𝑖|𝜉𝑖) 
 

where 𝑈𝑖𝑗𝑡 is a latent process for individual i, alternative j in period t, 𝑥𝑖𝑗𝑡 is the vector 

of covariates and 𝜀𝑖𝑗𝑡 is the error term. The parameter varies randomly across 

individuals given the distribution of 𝜉𝑖 , however, the mean and the variance of the 

distribution must be estimated in the model.  
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In our model, to simplify the process, we assume that the coefficient vector is 

independent normally distributed, which means  𝛽𝑖~Ν(𝛽𝑘, 𝜎𝑘
2) for each coefficient in 

the vector 𝛽𝑖, and the vector of the coefficient can be written as 𝛽𝑖 = 𝛽 + 𝐿𝜉𝑖where L 

is a diagonal matrix with diagonal elements {𝜎1, … , 𝜎𝑘}. 

 

Apart from the unobserved heterogeneity, one extension of the random parameter model 

is to allow the coefficients to be correlated. In other word, we could accommodate 

observed heterogeneity by letting some observable characteristics enter into the mean 

of the random parameter and thus influence its distribution. The parameter vector can 

be shown as  

𝛽𝑖 = 𝛽 + Π𝑠𝑖 + 𝐿𝜉𝑖 

where Π is a matrix of parameters, 𝑠𝑖  is a vector of time-invariant covariate such as 

individual specifics.  

 

In our study, we included both the unobserved and the observed heterogeneity in the 

models with a Rchoice package in R. Rchoice enabled us to estimate random parameter 

models for binary, ordinal, and count response, in addition to the traditional applications 

in the Multinomial logit model. (Sarrias, 2016) It also allows the researchers to estimate 

cross-section and panel data models. All the models in Rchoice were estimated using 

simulated maximum likelihood (SML), which is very flexible for estimating models 

with a large number of random parameters. (Train, 2009)  
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CHAPTER 3                                                    

LITERATURE REVIEW AND GENERAL 

DISCUSSIONS 
 

This chapter contains three major parts. In the first part, we went through three most 

famous congestion pricing practices in the world to have a general idea of their pricing 

systems and the performances. Then, based on some previous practices, we examined 

the differences in public acceptability to the pricing scheme in terms of the pre- and 

post-pricing period. We also summarized some influencing factors for the public support 

on the basis of previous studies. In the second part, we gave a detailed introduction of 

the total progress about the NYC congestion pricing following a chronological order. 

And eventually, we summarized this chapter in the last part with a brief discussion. 

 

3.1. Literature Review 

3.1.1. An overview of congestion pricing in Singapore, London, and Stockholm 

The concept of congestion pricing may date back as early as to 1920 when a British 

economist called Arthur Pigou suggested a situation in The Economics of Welfare that 

road toll could be used to redirect traffic to cut the aggregate traveling time. (Lehe, 2019) 

Since then, more interest regarding the road toll was raised, and many economists started 

to devote time and effort trying to find a logic way of deciding the optimal value of toll. 

In 1952, the Nobel Laureate William Vickrey, who is believed to be the “father of 

congestion pricing”, firstly proposed a distance- or time-based fare system for the New 

York City Subway, and later in 1959, he again proposed charging an electronically 

assessed user fee for road congestion in Washington D.C. (Vickrey, 1992) Although the 
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concept was brought up more than fifty years ago, the idea remained theoretically for 

many years. Only until 1975, the world’s first congestion pricing practice was 

introduced in Singapore.  

 

Singapore 

As the world’s pioneer of congestion pricing, Singapore is a small island nation with a 

vibrant economy, condensed urban network, and high car ownership rate. According to 

a study by Peter Watson and Edward Holland, by the year of 1976, there was already 

seventy percent of its population living in or close to the central business area. With a 

large proportion of 150,000 private vehicles running inside the CBD, the city was 

suffering from a significant level of daily congestion. (Watson & Holland, 1976) To 

balance the traffic demand on the road, in addition to the recognition of the country’s 

land constraint and economic competitiveness, the government introduced an Area 

Licensing Scheme (ALS) in 1975. Private vehicles entering the central Restricted Zone 

via any of the 28 entry points between 7:30 and 9:30 in the morning would be charged 

1.3 dollars per entry. To better operate the charge, the authority also required private car 

owners to pre-purchase either daily or monthly windshield license from the retail outlets 

or roadside booth, and hefty fines were set up for the violations. (U.S. Department of 

Transportation, 2017) 

 

The ALS lasted for 23 years in total; in 1998, a more comprehensive and flexible scheme 

called The Electronic Road Pricing (ERP) scheme was launched and replaced the old 

one. With overhead gantries set up on the border of the cordon, the charge was fully 
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automatic. The scheme started with a total of 28 gantries, but by 2010 there were already 

more than 80 throughout the inner city. (Menon & Guttikunda, 2010) The system 

operated from 7:00 am to 8:00 pm from Monday to Saturday, any vehicle that was 

traveling through the pricing location was required to have a transponder installed with 

a smart card inserted to ensure that the fee was charged electronically. In addition, the 

ERP scheme charged vehicles differently based on their type, location, and time of the 

day, and are adjusted every quarter of a year to ensure that the travel demand and speed 

within the cordon remained on a satisfactory level. The authority also undertook more 

solutions to enhance the performance of charging, such as increasing the parking fees 

within the restriction zone, establishing HOV lanes to offer transit priority, and creating 

more than 15,000 park-and-ride space outside the cordon.  

 

The evolving congestion pricing system in Singapore has been a success considering its 

performance in releasing the congestion. Upon the implementation of ALS, there was a 

sharp decline of the entries (44%) into the restriction zone during the charging hours, 

and evidence showed a noticeable increase in the carpool entry rate from 8% to 37%. 

(Lehe, 2019) The impact to the vehicle speed was relatively softer, according to the 

monitoring data in 1975, the increasing rate was 22% within the zone from 17 MPH to 

20 MPH. Despite the population growth through the years, when the ERP system was 

launched, it managed to reduce the traffic within the inner city by 24%, and the average 

vehicle speed was raised from 18-22 MPH to 24-28 MPH. (TSTC, 2017) 
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In addition to the satisfactory outcomes regarding reducing the congestion, both the ALS 

and ERP brought considerable profit to the government finance, especially that ALS has 

been, proportionately, considered as the most profitable downtown congestion pricing 

system. By 1976, the annual cost of operation was $1 million, while ALS brought about 

$11.8 million revenues per year, and in 1992, the operating cost was $3.2 million while 

the annual profit raised to $40 million. (Menon et al., 1993) In the first year of starting 

the ERP system, it earned only 70% as much as ALS had been earning, but the revenue 

reached $117 million by the year 2009. (Chin, 2010) 

 

London 

Another world-famous congestion pricing practice happened in London. In February 

2003, a congestion pricing plan, which is also called the London Congestion Charging 

Scheme (LCCS), was successfully introduced in central London. LCCS was introduced 

by Mayer Ken Livingstone and it contributed directly to four of the Mayor’s transport 

priorities: to reduce congestion, to make radical improvements in bus services, to 

improve journey time reliability for car users, and to make the distribution of goods and 

services more efficient. The scheme was also expected to generate net revenues to 

improve public transit in London. (Transport for London, 2004) By law, all revenue 

raised must be reinvested into London’s transport infrastructure.  

 

A congestion charging zone that covered 22 square kilometers was set in the heart of 

London, including centers of government, law, business, finance, and entertainment. 

(Transport for London, 2004) The congestion charge was initially a £5 daily charge for 
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road users who enter or drive within the charging zone between 7 am and 6 pm, over the 

years, the price had been gradually increased to £11.50 per day. With over 200 cameras 

positioned on the zone’s entry points, the system ensured that vehicle number plates 

were scanned and matched to the database to check whether the drivers had paid the 

charge. As shown in Figure 3.1, London’s Inner Ring Road forms the boundary of the 

congestion charging zone, and no charge applied to vehicles using that route. 

 

Road users could pay through different channels: retail outlets, call centers, online, and 

by phone. Any charge that was not paid by midnight of the day after driving into the 

zone was fined £80. Emergency vehicles, taxis, motorcycles, and buses were exempt 

from the charge, and residents who lived within the charging zone could register for a 

90 percent discount. In addition, disabled Blue Badge holders and alternative fuel 

vehicles were eligible for a 100 percent discount. (Transport for London, 2004) 

 

Figure 3.1 London Congestion Charge Area 
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Upon implementation, a significant shift from cars to public transit was observed either 

inside or outside of the cordon area. There was a 23 percent increase in bus service and 

a 37 percent increase in the number of passengers entering the zone by bus during 

charging hours in the first year. (Center for Public Impact, 2016) Of the thousands of 

car trips no longer made to the charging zone, 50 percent changed to public transit, about 

25 percent were diverted outside the charging area, and the rest attributed to walking or 

cycling, carpooling, or traveling outside the charging hours. (Transport for London, 

2004) In addition to the reduction of traffic volumes inside and outside the charging 

zone, traffic delays were also cut by 25 percent, and travel speeds within the zone 

increased by 30 percent. 

 

According to the report Congestion Charging: Six Months On made by TfL, the initiate 

cost of the scheme was estimated to be £130 million per year which composes of £90 

million in the scheme operation, £20 million in the additional bus costs, and £20 million 

of other costs. It also reported a total of £180 million annual benefits with around £150 

million yield from time savings, which results in a £50 million net annual revenue. 

(Transport for London, 2003) The net revenues, required by law, were all spent on public 

transportation in London. In June 2005, although the charging fee was increased to £8 

per vehicle per day, the total revenues did not increase much due to the fewer penalty 

payment. 
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Stockholm 

Considered another one of the most successful charging implementations in the world, 

the Stockholm congestion charge, also referred to as the Stockholm congestion tax, was 

first launched as a seven-month trial in January 2006. Differed from the previous ones, 

the charging system implemented as a tax levied on the vehicles that enter and exit the 

central area of the city. The city established a charging cordon surrounding the inner 

city, as shown in Figure 3.2, and similar to the practice in Singapore, Stockholm also 

adopted an automatic charging system with 18 gantries set up to monitor traffic flowing 

across the border. The system operated on weekdays from 6:30 am to 6:30 pm; any 

vehicles entering the cordon were required to pay 10, 15, and 20 SEK for a single entry 

for off-peak, shoulder, and peak periods. With the plate recognition technology, the 

vehicle information was collected automatically, and the car owner would receive a 

monthly invoice, including the total tax incurred. Later they were required to pay the 

bill either via mail or via debit from a bank account.  

 

With a major purpose of reducing congestion, increasing accessibility, and improving 

the environment, the trial also included two parts as extending public transport and 

increasing park-and-ride facilities to facilitate the implementation better. During the 

seven months, the city input 197 new buses and 16 new bus lines to provide a useful 

alternative for commuters during the peak hours, they also built 2800 new park-and-ride 

facilities and created 13800 new parking spaces for travelers to help them better transfer 

to transit. (Hugosson, 2006) 
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Figure 3.2 Stockholm Congestion Zone and the 18 Gantries 

 

After the trail, a local consultative referendum was held, and 52% of the Stockholm 

residents voted to make the charge permanent due to its significant performance in 

reducing traffic. A previous study has shown that the traffic flow across the cordon 

during charging hours fell sharply around 20%, which considerably exceeded the 

forecast volume of 16%. (Börjesson et al., 2012) The sharp decrease in traffic volumes 

also contributed to a significant congestion reduction around 30% to 50% compared to 

2005 levels, resulting in increased travel reliability. (Eliasson et al., 2009) In addition, 

due to the effort of improving transit service and parking facilities, the number of public 

transit passengers increased by around 4%-5%. (Hugosson, 2006) As for the finances, 

the total cost of implementation and the trial was around 282 million dollars (Eliasson 

et al., 2009), and the annual operating costs have been decreasing over the years from 

around 29.7 million dollars to 11.8 million dollars. In 2016, the charge fee was raised 

once from 20 kronor per passage to 35 per passage; therefore, the net revenue has been 



31 

 

accordingly increased. After January 2016, the annual net revenue became around 155 

million dollars. (TSTC, 2017) 

 

3.1.2. Pre- and post-pricing: Any changes regarding public support? 

Although among all the practices, the Stockholm Congestion Tax was the only one that 

was subject to ratification by majority vote (Hårsman & Quigley, 2010), and received 

the approval for a permanent practice, understanding public acceptability toward 

congestion pricing is still considered essential to many cities. Because it would enhance 

efficiency in performing and revising the policy by drawing valuable insights from the 

public opinion, and would also provide useful experience to other cities that take 

congestion pricing into their future consideration.  

 

London was one of the cities that put effort into tracking public attitude change. At the 

request of the Mayor of London, TfL undertook seven surveys via phone interview and 

selected around one thousand citizens for each one to generally represent Londoners. 

(Transport for London, 2004) Among the seven surveys, three were conducted in 

consecutive months before charging starting from December 2nd, 2002, and four were 

conducted starting from March 3rd, 2003. As evidenced by the feedback, the average 

support rate raised to 54% compared to 40% before charging, and a sharp decline of 

opposition was observed. In addition, the survey also showed an around 20% increase 

in public confidence toward the charge about an effective performance of reducing 

traffic.  
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Except for London, in many other European cities, similar patterns were observed that 

congestion pricing was initially unpopular but gained support after implementation. 

Studies showed there was an 11% increase of support during the Oslo congestion pricing 

from 1989 to 1992, also an 11% increase of support for the Trondheim congestion 

pricing in 1991, and a 13% increase of support regarding the Gothenburg congestion 

pricing in 2013. (Domonoske, 2019) As mentioned earlier, Stockholm congestion 

pricing was one of the most famous congestion pricing practices, and it gained a 

tremendous support increase after the implementation trial.  

 

However, not all congestion pricing practices received a public support increase. For 

example, there was no evidence showing a difference of acceptability before and after 

the implementation in Copenhagen. (Gehlert & Nielsen, 2007) After the implementation 

of Lyon congestion pricing, the support rate even dropped, and the government had to 

decrease the toll levels to stable public acceptance. (Raux & Souche, 2004) And the 

electronic road pricing practice in Hong Kong, although its operating outcome was 

positive, it ended up as a failure because of strong public opposition. (Hau, 1990) 

 

A case study: public attitude before and after the congestion pricing trial in Stockholm 

As one of the most successful pricing practices in the world, the Stockholm congestion 

pricing provided many useful lessons for other cities and many studies were conducted 

based on its experience. In this section, we carefully examine a field experiment 

conducted in Stockholm regarding the change of public attitude. The experiment had 
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some similarity to our study regarding its method, therefore, we highlighted the method 

and the findings of the experiment.  

 

In 2005, a team of scholars from the Netherlands and Sweden designed and conducted 

an experiment in Stockholm trying to analyze the difference between the public attitude 

toward the congestion pricing schemes before and after the implementation, and they 

used the term acceptability and acceptance to define them respectively. (Schuitema et 

al., 2010) Based on the findings of previous studies, they came up with two hypotheses. 

First, they assume that the acceptance of the congestion pricing is higher than its 

acceptability. Second, they also assume that compared to the pre-pricing situation, more 

favorable consequences such as congestion reduction, environmental quality 

improvement would occur.  

 

To conduct the study, the team sent out two sets of questionnaires to a random sample 

of 1000 people living in the city of Stockholm in December 2005 and August 2006 

respectively. The sample was drawn randomly according to the public driving license 

records, and the respondents should be at least 18 years old and had a driving license. 

The team ensured that the second questionnaire should be completed by the same person 

that answered the first. Because the study was to measure the difference between the 

acceptability and the acceptance of the same person, two questionnaires were specially 

designed with certain variations. In the first questionnaire, there were four parts in total 

to request the information of individual travel pattern, beliefs about the congestion 

pricing, level of acceptability, and socio-demographic background. Among the parts, 
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both the belief question and the acceptability question were designed with a 7-point 

Likert scale from very unacceptable (1) to very acceptable (7). The second questionnaire 

also contained the questions about the travel pattern and the socio-demographic, 

however, compared to the previous one, it asked about the beliefs about consequences 

of the pricing scheme based on their real experience instead of their expectation. The 

level of acceptance was measured in the same way as the acceptability with a Likert 

scale. 

 

The first questionnaire was completed and returned by 444 respondents and the second 

one was completed and returned by 152 respondents. The final analysis was conducted 

based on the feedback of 44 female and 99 males. According to the results, respondents 

gave a much lower rate of beliefs about the consequences of the pricing on congestion, 

parking, and pollution after the trail. For example, before the trial the mean of beliefs 

about the pricing on congestion was 3.7, while the value after the trail was 4.9. The 

results also indicated that both the acceptability and the acceptance were higher when 

the respondents believed the congestion, pollution, parking problems, travel cost, and 

the use of cars would or had decreased. (Schuitema et al., 2010, Table 3) 

 

The team also conducted a simple linear regression analysis to examine the relationship 

between the acceptance of congestion charge and respondent’s beliefs about the 

consequences of charge in August 2006. (Schuitema et al., 2010, Table 5) The team 

included the consideration of percentage of car trips as well as individual beliefs about 

consequences such as congestion, parking problems, and pollution. It revealed that the 
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acceptability of the pricing was lower when people thought they would have a higher 

travel cost. This finding showed that the travel cost played an important part in terms of 

the public acceptability judgement before the trail. As for the public acceptance, the 

study showed that instead of the unfavorable consequences, the favorable ones such as 

access to parking facilities would enable people to accept the pricing scheme more. 

Furthermore, car use appeared to be important in deciding both the acceptability and the 

acceptance: public found the scheme more acceptable when they perceive accessible 

alternatives and decrease their car trip. This finding also indicated that available 

alternatives for private vehicles was an essential part for the congestion pricing scheme. 

The effort of this study was mainly focused on understanding the changes of public 

attitude toward congestion pricing before and after rather than systematically and 

thoroughly examining factors that could explain why the changes did or did not occur. 

(Schuitema et al., 2010) Although the focus of the study is a little different from ours, it 

still provided us with some insights on the policy levels. 

 

In summary, this experience gave out a positive sign that the congestion pricing practice 

could be more acceptable when people experience the positive outcome of the practice. 

Although the situation in every practice and every city can be different, the Stockholm 

congestion pricing practice is a good example to show that promising consequences of 

the scheme would enable people to be more supportive and change the transport 

behavior. (Eliasson et al., 2009) 
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3.1.3. Influencing factors for public support toward congestion pricing (Previous 

studies) 

One important precondition for a successful implementation of congestion pricing 

scheme is public support, and to maximize the possibility of gaining public support, 

many scholars and economists have been looking for the determinants of the 

acceptability toward the scheme. According to some previous studies, there are four 

types of factors that are commonly investigated and believed to have a close relationship 

with public acceptability toward congestion pricing: scheme benefits, pricing system 

features, personal attitudes, and socio-demographic characteristics. (Jaensirisak et al., 

2005) 

 

In terms of scheme benefit, time savings to commuters and environment improvements 

are two major aspects that were widely recognized to be influential to the public support. 

(Jaensirisak et al., 2005) According to the final report of the Pricing Acceptability in the 

Transport Sector (PATS) project, it was evidenced that the perceived effectiveness of 

the scheme and the improvement of traffic experience influenced public acceptability. 

(PATS Consortium, 2001) Also, in the previous section, the findings of the Stockholm 

case study have clearly illustrated the positive interrelations between the congestion 

reduction and public acceptability. In the study of Nilsson and Küller, it was stated that 

there was a link between public concern of the environmental impact and their attitude 

toward traffic restrictions. (Johansson & Küller, 2000) 

 



37 

 

Scholars also found that pricing system features such as pricing methods, area and 

period could influence public attitude toward the scheme itself. Level of pricing is one 

major concern for the public, as is evidenced that if the charge increases, the scheme 

becomes less acceptable. (Jaensirisak et al., 2005) Compared to a more flexible pricing 

scheme, the public seemed to prefer a fixed pricing system that they were able to know 

the travel cost before departure. (Bonsall, 1998) Based on the experience of London 

congestion pricing, some scholars also suggested that the system would be more 

acceptable if the charging area was limited to within the central area. (Jaensirisak et al., 

2005) However, a study of Schlag and Schade suggested very little difference in public 

acceptability according to whether the scheme was distance-based or cordon-based. 

(Schade & Schlag, 2003) 

 

Personal attitude reflects the individual perceived experience from the current situation 

and it directly shows the like and dislike toward the sub-components of the pricing 

scheme. For example, it may include the perceived experience with congestion, travel 

efficiency, and the pollution, etc. It may also show the public comment toward the level 

of pricing. It is very understandable that it is the personal attitude toward the sub-

components of the scheme that contributed to the aggregated support of the scheme.  

 

It is widely believed that socio-demographic characteristics have very important 

influence on public acceptability toward congestion pricing. There was a wide range of 

socio-demographics being examined in the previous studies, however according to 

different contexts and methods, the conclusions might be different. But still, some 
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factors included in the present study were considered and were carefully examined: age, 

gender, income level, education, and car ownership. In the study of Jaensirisak et al., it 

showed that people older than 55 were more averse to the pricing scheme than others. 

(Jaensirisak et al., 2005) Nikitas et al. also concluded that attitudes to congestion pricing 

varied with age, and older people were less likely to consider congestion pricing a 

potentially effective practice compared to younger generations. (Nikitas et al., 2011) 

Regarding the gender factor, there were different opinions. In the context of San Diego 

congestion pricing project, Golob identified a tendency of strong support from females. 

(Golob, 2001) While in terms of Edinburgh congestion pricing, it showed that male 

favored the scheme more strongly. (Braunholtz & Cumming, 2006) However, in the 

study of Nikitas, he argued that no significant associations regarding gender with 

attitudes to congestion pricing were found. (Nikitas et al., 2011) As for income, Button 

stated in his book that any kind of pricing will yield different consumption patterns 

because the variation of income and the ability to spend that income. (Button, 1993) 

Some findings showed that people who were higher-educated showed higher level of 

acceptability toward the pricing scheme.  (Jaensirisak et al., 2005) Eliasson also argued 

that factors such as income and education did closely relate to public support to the 

pricing, however, once car dependency and perceived effects were considered, the 

relationship became less significant. (Eliasson & Jonsson, 2011) Compared to the car 

owners, transit riders or bikers provided higher level of support to congestion pricing, 

as Schade and Schlag stated in their study. (Schade & Schlag, 2003) However, we also 

learned from the case study that if enough parking facilities were provided to give easy 

access to public transit, people tended to shower higher support to the scheme. Apart 



39 

 

from the ones mentioned above, satisfaction with the transit system also stands out as 

important to one’s judgement of the pricing scheme. (Eliasson & Jonsson, 2011) 

Similarly, in the report of TSTC, they also emphasized the importance of improving 

transit quality based on the experience of London, Stockholm, and Singapore. (TSTC, 

2017) 

 

3.2. The NYC congestion pricing Scheme   

As we mentioned in the previous chapter, the NYC congestion pricing will go into effect 

by 2021; however, it was firstly proposed in 2007 by the former mayor Michael 

Bloomberg. At that time, the primary purpose of the congestion pricing plan was 

focused on traffic reduction and environmental sustainability (Kaehny & Naparstek, 

2011), and the plan of implementation was also different: cars entering Manhattan below 

86th Street on weekdays would be charged $8, and commercial trucks would be charged 

$21. (Rivera, 2007) The plan stalled because it was failed to be put to a vote in the New 

York State Assembly.  

 

In 2017, due to the severe overcrowding, delays, and funding deficits with mass transit 

in NYC, Governor Andrew Cuomo declared a state of emergency and proposed another 

congestion pricing scheme with a major purpose of raising funds for the transit system. 

The proposal was first drafted by Cuomo in August, then in October, a state task force 

called Fix NYC was created, and the preliminary proposal was released in January 2018. 

(Hu, 2017) During the time, Mayer Bill de Blasio was opposed to the congestion pricing 
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scheme, saying it would burden low-income New Yorkers. Instead, he pushed a counter-

plan to raise taxes on wealthy residents. (Santora, 2017)  

 

When the task force first announced its recommendations in December 2017, it was 

recommended that the tolls be based on time of day and geographical zone. It was 

initially planned that cars entering Manhattan’s central business district during rush 

hours would be charged up to $11.52, and taxis would pay a $2 to $5 surcharge fee per 

trip. (Dwyer & Hu, 2018) During the time, the congestion toll was not included in the 

state budget. Later, when the preliminary proposal was released, Governor Cuomo 

announced another state budget to include the congestion pricing, and on April 1st, 2019, 

the congestion pricing proposal was ultimately passed as part of the New York State 

Budget. The final plan regulated that car drivers entering below 60th Street on weekdays 

would be charged between $12 to $14.  

 

According to Governor Cuomo, to monitor the tolling program, a “traffic mobility 

review” board will be formed by the Triborough Bridge and Tunnel Authority (TBTA). 

The primary responsibility of the board is to recommend the toll amount to meet a 

minimum of $15 billion funding criteria for MTA’s 2020-2024 Capital Program. It is 

planned that 80% of the total funds will be given to the Staten Island Railway, New 

York City Subway, and MTA Reginal Bus Operations, and 10% will be distributed to 

the Long Island Rail Road and Metro-North Railroad. 
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Following the practice of Paris and Barcelona, last year, New York City also started to 

block automobiles from some of the busiest streets in the hope of giving back streets to 

bikers and pedestrians. In addition, the Port Authority of New York and New Jersey also 

presented their intention to increase tolls on tunnels and bridges. Nevertheless, the 

efforts provoked strong public opposition because many residents from boroughs other 

than Manhattan claimed that they did not have easy access to transit. (Hu, 2019)  

 

Starting from last April, MTA officials have been meeting and speaking with federal 

authorities to gain the approval of the congestion pricing plan because some roads within 

the pricing area used federal aid for construction. To date, the plan is still under 

negotiation. Less than a year from potential implementation, the review board has not 

been determined with no meetings being scheduled, the public now questioned the 

plausibility of on-time implementation of the plan. 

 

3.3. Lessons learned from previous studies 

Thanks to the successful practice in Singapore, London, Stockholm and other cities, 

congestion pricing is no longer a novel concept for New York City. As we learned from 

their experience, a successful pricing scheme would contribute not only to the reduction 

of urban congestion and pollution, but also to the change of travel behavior. After the 

implementation of the pricing scheme, in addition to the travel reduction, we could also 

observe a transition from private vehicle to more diverted commute alternatives such as 

public transit, active transport, or even ride-sharing.  
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Most of the cases we examined in the study provided us with the fact that public attitudes 

changed after the implementation of the scheme, however there were some exceptions. 

In the context of most European cases, it was commonly observed that the congestion 

pricing scheme was unpopular at the beginning but gained public support after 

implementation. One most famous example is the Stockholm congestion pricing that it 

received support from the majority and was voted to be a permanent practice after the 

6-month trial. Therefore, this enlightened us to the significant importance of public 

acceptability in congestion pricing plans. 

 

We also examined the factors that could influence the public support and we found four 

major types: scheme benefits, pricing system features, personal attitudes, and socio-

demographic characteristics. Some useful insights could be drawn from the previous 

studies: 1) the congestion pricing scheme is more acceptable if travelers perceive greater 

benefits regarding travel effectiveness and environmental sustainability; 2) attitudinal 

factors such as perceived experience with congestion, level of pricing, or even transit 

service could considerably influence their judgement of the scheme; and 3) public 

support could vary greatly according to individuals groups with different socio-

demographic characteristics such as age, gender, income, etc; however there are some 

exceptions regarding different context.  

 

In 2017, NYC was rated as the third most congested city in the whole world in terms of 

traffic and the second worst in the United States. (Inrix, 2020) Based on the efforts such 

as trying to increase the bridge/tunnel toll and blocking private cars from the busiest 
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district, it is clear that the government are trying hard to reduce car usage to alleviate 

congestion in Manhattan. However, according to the NYC context and the up-to-date 

progress, only focusing on getting rid of automobile is far from enough. Instead, the 

government should learn from the experience of London and Stockholm to provide 

travelers better access to the transit system and to improve the service quality. Residents 

who live in neighborhoods of Brooklyn or in Queens without subway service might find 

it difficult to travel by transit, therefore improving connection within the traffic network 

to make the transfer easier is important. Another aspect to consider is the pricing level. 

Because the final pricing plan has not been decided yet, the board member should not 

only consider the annual budget plan, but also try their best to ensure the equity with 

regards to different income-level group.  
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CHAPTER 4                                                         

QUANTITATIVE ANALYSIS RESULTS 
 

4.1. Cross-tabulation Analysis 

As stated in the methodology section, we created contingency tables for gender, age 

group, and comfort satisfaction respectively. The idea of this method is to get an initial 

perception of potential correlations among levels of one single factor and the stated 

preference. For these factors, six tables were created separately with regard to the five 

congestion pricing options and the tax increment option. For each contingency table, a 

Chi-squared statistic was calculated and a correlation plot was created. (Figure 4.1, 4.2, 

4.3)  

 

4.1.1. Age Group 

In Table 4.1, we showed an example of the contingency table regarding the support for 

surcharge on cab/Uber. The values in the table show the frequency of each choices from 

individual of different generation. We also included the Chi-square test value and p-

value to examine whether rows and columns of the table are statistically significantly 

associated. As we can see, the Chi-square statistic is 39.6 and the p-value is close to 0, 

therefore, there is certain statistical association between age groups and the support for 

surcharge on cab/Uber. In addition, Figure 4.1 shows the visualization of the 

standardized residuals also reflect the associations between the row and column. 
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Similarly, the Chi-square statistics for the remaining tables are 72.9, 51.2, 79.6, 31.9, 

and 38.4, respectively, and the p-values are all close to 0. According to Figure 4.1, we 

can see that the correlations between the age group and the support for premium/toll 

charging options ($5, $8, and $10 premium/toll for drivers) are more significant.  With 

regard to the attitude toward the surcharge plan, we can observe a strong positive 

association between “Older Generation” and “slightly support”, and a strong negative 

association between “Older Generation” and “Neither”. The three tables for the 

premium/toll charging plan show that “Older Generation” is strongly positively 

associated with the supportive attitude, either “slightly support” or “strongly support”. 

In the table for the tax increment plan, in addition to similar findings, we can also 

observe a positive association between “Baby Boomers” and “slightly oppose”. 

Therefore, from these correlation plots, we can have a rough idea of a positive 

correlation between older generations and their showing support for the plans to improve 

the transit system.  

 

Table 4.1 Contingency table – Support for surcharge on cab/uber 

                             Neither   Slightly oppose   Slightly support   Strongly oppose   Strongly support 

Baby Boomers     30.8538              32.2812                26.2422                34.8798                   6.4965 

Gen X                  21.8638               27.1309               28.1979                 35.0849                 16.3542 

Millennials          29.4980               23.4465                43.5512                40.5426                 21.8099 

Older Gen              0.0000                8.3638                21.3218                16.7276                   0.0000 

Post Millennials    5.6869                 6.8820                  6.6193                  4.4918                   3.9923 

X-squared = 39.553, df = 16, p-value = 0.0009046 

 

4.1.2. Gender 

We also created contingency tables regarding individuals of different gender. The Chi-

squared statistics for each table are 6.0, 13.9, 27.3, 24.8, 17.9, and 14.5, respectively. 
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However, according to the p-values, except for tables regarding the premium/toll plans, 

the statistical association is relatively weak compared to the previous ones. One 

interesting finding from these tables is that the opinion varies significantly across 

genders. Males are greatly positively associated with the support options while females 

are negatively associated with them in most cases. For the surcharge option, the $5 and 

$10 premium/toll option, a significant positive association between male and “slightly 

support”, a negative association between female and “slightly support” can be observed. 

For the $8 premium/toll charging option, there is a strong positive correlation between 

male and “strongly support”, and a negative correlation between female and “strongly 

support”. However, with regard to the tax increment plan, we get the opposite result that 

a positive correlation is displayed between females and “slightly support”.  

 

4.1.3. Comfort Satisfaction 

As for the comfort satisfaction, the Chi-squared statistics for each table are 54.0, 37.7, 66.2, 

46.5, 42.9, and 53.6, respectively. It seems that the correlation between comfort satisfaction 

and passengers’ attitudes is quite significant. From the correlation plots, one significant 

finding is that for the surcharge option, the $5 and $8 premium/toll option, and the rebate 

option, there is a very strong and positive correlation between “very satisfied with comfort” 

and “strongly support”. For the rebate option, we can also see an obvious positive 

correlation between “slightly satisfied with comfort” and “slightly support”. The findings 

from the tables and the plots are quite encouraging because it is reasonable to think that 
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people who are more satisfied with comfort experience on the subway are more likely to 

support the idea of improving the transit system.   

 

 

 

Figure 4.1 Correlation Plots regarding age group and public support 
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Figure 4.2 Correlation Plots regarding gender and public support 
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Figure 4.3 Correlation Plots regarding comfort satisfaction and public 

support 
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4.2. Base Models: Standard Logistic Regression Model 

For each congestion pricing option and the tax increment plan, we built a logistic 

regression model to explore the statistical relationship between public support and 

demographics, travel patterns, and comfort satisfaction. We firstly built models to 

explore the relationship among the response and each level of the predictors, and we 

consider each factor level as a nominal categorical predictor. Then, based on the model 

result, we selected the significant levels and converted them into binary variables for 

following use. In the models for the premium/toll charging options, we also included 

the premium/toll value as an explanatory variable. The variables selected for the models 

and their levels are presented below: 

 

Then, after evaluating the outcome of the models, we found that the model performances 

for the surcharge option, the rebate option, and the tax increment plan provided very 

few factors of interest. In the model for the surcharge option, only four factor levels 

showed statistical significance at 5% significance level: Male, Post Millennials, “Yes, I 

own a car”, and Unsatisfied. In the model for the rebate option, there were also only 

four factor levels that show significance at the 5% significance level: Male, Older Gen, 

MSc/Ph.D., and Single. As for the model for the tax increment plan, the model contained 

relatively more factors of interest. Six factor levels were significant at the 5% level: 

GenX, Millennials, Older Gen, MSc/Ph.D., Other(Education), and Other(Mari). In 

comparison, the model for the premium/toll charging option had much more satisfactory 

performance. Among all 20 factor levels, there were only seven not showing 

significance, while the remaining ones were all significant at the 5% level. More 
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specifically, all the levels for AgeGroups were significant. The outcome of the model is 

shown in Table 4.2. 

 

Table 4.2 The selected variables and their levels 

Variable Definition Levels 

Male Gender Male 

Female 

TD Rush Hour Indicator Rush Hour 

Not Rush Hour 

OD Origin and Destination of the Trip Manhattan- Manhattan 

Manhattan- Outside Manhattan 

Outside Manhattan- Manhattan 

AgeGroup Age Group Post Milennials 

Milennials 

Generation X 

Baby Boomers 

Older Generation 

Car Car Ownership Yes, own a car 

Yes, lease a car 

No 

Education Educational level BSc 

MSc/PhD 

Other 

Mari Marital Status Single 

Married 

Other 

Employment Employment Status Full time student 

Full time  

Part time 

Retired 

Other 

Comft Comfort Satisfaction Satisfied 

Unsatisfied 

  

 

 



52 

 

Table 4.3 The model outcome for the premium/toll charging options 

Coefficients           

  Estimate Std.Error z value Pr(>|z|)   

(Intercept) 0.437 0.37 1.18 0.238   

Premium  -0.236 0.033 -7.256 4.00E-13 *** 

factor(Male) 1 0.489 0.144 3.399 0.001 *** 

factor(TD) Rush Hour -0.424 0.147 -2.876 0.004 ** 

factor(OD) Manhattan-Outside Manhattan 0.15 0.211 0.711 0.477  

factor(OD) Outside Manhattan-Manhattan 0.197 0.159 1.234 0.217  

factor(AgeGroup) Gen X 0.68 0.216 3.154 0.002 ** 

factor(AgeGroup) Millennials 1.144 0.213 5.363 8.20E-08 *** 

factor(AgeGroup) Older Gen 2.047 0.299 6.844 7.69E-12 *** 

factor(AgeGroup) Post Millennials 1.503 0.359 4.191 2.78E-05 *** 

factor(Car) Yes, I lease a car -0.719 0.352 -2.045 4.10E-02 * 

factor(Car) Yes, I own a car -0.022 0.158 -0.141 8.88E-01  

factor(Education) MSc/PhD -0.195 0.192 -1.018 3.09E-01  

factor(Education) Other -0.093 0.167 -0.555 5.79E-01  

factor(Mari) Other -0.085 0.319 -0.268 7.89E-01  

factor(Mari) Single -0.439 0.162 -2.709 7.00E-03 ** 

factor(Employment) Full time student 0.002 0.371 0.005 9.96E-01  

factor(Employment) Other -0.892 0.244 -3.656 2.57E-04 *** 

factor(Employment) Part time -0.869 0.187 -4.638 3.52E-06 *** 

factor(Employment) Retired -1.465 0.557 -2.627 9.00E-03 ** 

factor(Comft) Unsatisfied -0.286 0.141 -2.025 4.30E-02 * 

Signif. Codes: 0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1         

AIC: 1252.2           

 

According to the results shown above, the AIC value for the premium/toll charging 

option exceeds the rest which showed a better model performance; therefore, the 

following section will give a more in-depth examination of the influencing factors 

regarding the support toward the premium/toll charging options. Based on the results 

shown in Table 4.2, we kept all levels of the factor AgeGroup since they were all 

significant, we also picked the other significant levels and transformed them into binary 

categorical variables. For instance, since the level “Single” was significant at the 1% 

significance level, we created a new variable named “Millennials” with only two values, 
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1 and 0, to indicate whether the respondent is a millennial or not. In addition, to prevent 

multicollinearity among variables, to make sure that each variable is independent of 

others, we only picked one most significant level from each factor, and transformed it 

into a binary categorical variable. Then, using the glm function, we built another two 

logistic regression models which contained the binary categorical variables and the 

factors which levels were all significant.  

 

In both models, we included the value of the premium/toll, however, in the second model, 

we put the log form of Premium. The idea of adopting a logarithmic transformation is 

that according to some economic theory, economy/money is often valued in a non-linear 

way. (Bernstein, 2018) We consider incorporate such non-linearity into our model to 

follow the theory, and to examine whether there’s considerable difference between the 

model results. In addition to Premium, two factors remained in the models: AgeGroup 

and Male, and five binary categorical variables were included: RushH, Carlease, Single, 

Partime, and ComfortSat. The selected variables are presented in Table 4.3. 

Table 4.4 The selected variables 

Variable Definition 

Premium Premium/toll value ($5, $8, or $10) 

Male Gender  

AgeGroup Age Group 
  

Dummy Variables  

RushH Whether it's the rush hour 

Carlease Whether the respondent leases a car 

Single Whether the respondent is single 

Partime Whether the respondent has a part-time job 

ComfortSat Whether the respondent is satisfied with comfort experienced on subway 
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The first regression model which contains the simple form of Premium shows that all 

variables are showing significance. The variable Carlease has a relatively smaller 

absolute z value, however, it still appears to be significant at a 10% level. The model 

results indicate a considerably strong and positive relationship among generations and 

their support toward the pricing plan, especially Millennials which shows the best 

significance with the largest z value. Apart from the variable of AgeGroup, ComfortSat, 

which indicates the passenger’s feedback regarding comfort satisfaction, also shows a 

positive association. In our research, we also built the same standard logistic regression 

models via the Rchoice function. The model results are presented in Table 4.5. It shows 

some slight differences compared with the previous results, mainly regarding the z value 

and the probability. One obvious difference is that some variables/levels became less 

significant, such as Millennials and Older Gen, while some variables show stronger 

significance: Carlease, Single and ComfortSat. An explanation about such differences 

would be that the Rchoice function provides a robust standard error compared to the glm 

function. 

 

The second model shows a similar outcome. As shown in Table 4.6 and Table 4.7. Both 

two models show satisfactory outcomes with all selected variables showing significance. 

Compared with the previous two models, we can observe that the signs of regression 

coefficients show consistency. The significance level of each variable also generally 

remains the same. Regarding the difference mentioned earlier, the model outcomes also 

show similarities: Carlease, Single and ComfortSat show stronger significance with the 

Rchoice function; Millennials, Older Gen become weaker. 
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Table 4.5 Standard logistic regression model built with glm function 

Coefficients      

 Estimate Std.Error z value Pr(>|z|)  

(Intercept) -0.269 0.306 -0.881 0.378  

Premium -0.231 0.032 -7.183 6.81E-13 *** 

factor(Male) 1 0.596 0.137 4.365 1.27E-05 *** 

factor(AgeGroup) Gen X 0.814 0.21 3.881 1.04E-04 *** 

factor(AgeGroup) Millennials 1.353 0.205 6.605 3.98E-11 *** 

factor(AgeGroup) Older Gen 1.955 0.261 7.483 7.26E-14 *** 

factor(AgeGroup) Post Millennials 1.606 0.327 4.905 9.34E-07 *** 

RushH -0.377 0.141 -2.67 8.00E-03 ** 

Carlease -0.658 0.338 -1.945 5.20E-02 . 

Single -0.487 0.149 -3.265 1.00E-03 ** 

Partime -0.67 0.175 -3.838 1.24E-04 *** 

ComfortSat 0.344 0.138 2.493 1.30E-02 * 

Signif. Codes: 0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1     

AIC: 1261.8      

 

Table 4.6 Standard logistic regression model built with Rchoice function 

Coefficients           

  Estimate Std.Error z value Pr(>|z|)   

constant -0.265 0.325 -0.815 0.415   

Premium  -0.231 0.029 -7.963 1.78E-15 *** 

factor(Male) 1 0.591 0.13 4.561 5.10E-06 *** 

factor(AgeGroup) Gen X 0.814 0.27 3.017 3.00E-03 ** 

factor(AgeGroup) Millennials 1.356 0.253 5.364 8.14E-08 *** 

factor(AgeGroup) Older Gen 1.945 0.665 2.925 3.00E-03 ** 

factor(AgeGroup) Post Millennials 1.622 0.298 5.449 5.05E-08 *** 

RushH -0.378 0.125 -3.032 2.00E-03 ** 

Carlease -0.66 0.287 -2.302 2.10E-02 * 

Single -0.487 0.135 -3.599 3.19E-04 *** 

Partime -0.67 0.147 -4.56 5.13E-06 *** 

ComfortSat 0.344 0.121 2.85 4.38E-03 ** 

Signif. Codes: 0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1         

Log Likelihood: -715.8           
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Table 4.7  Standard logistic regression model built with glm function 

(log<Premium>) 

Coefficients           

  Estimate Std.Error z value Pr(>|z|)   

(Intercept) 1.239 0.474 2.614 0.00894 ** 

log10(Premium) -3.778 0.517 -7.304 2.80E-13 *** 

factor(Male) 1 0.597 0.137 4.367 1.26E-05 *** 

factor(AgeGroup) Gen X 0.816 0.21 3.883 1.03E-04 *** 

factor(AgeGroup) Millennials 1.354 0.205 6.609 3.87E-11 *** 

factor(AgeGroup) Older Gen 1.957 0.261 7.487 7.04E-14 *** 

factor(AgeGroup) Post Millennials 1.608 0.328 4.908 9.19E-07 *** 

RushH -0.377 0.141 -2.671 7.56E-03 ** 

Carlease -0.659 0.339 -1.946 5.20E-02 . 

Single -0.488 0.149 -3.268 1.08E-03 ** 

Partime -0.671 0.175 -3.841 1.23E-04 *** 

ComfortSat 0.345 0.138 2.494 1.26E-02 * 

Signif. Codes: 0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1       

AIC: 1260.6           

 

Table 4.8 Standard logistic regression model built with Rchoice function 

(log<Premium>) 

Coefficients           

  Estimate Std.Error z value Pr(>|z|)   

(Intercept) 1.239 0.461 2.689 0.007 ** 

log10(Premium) -3.778 0.466 -8.103 4.44E-16 *** 

factor(Male) 1 0.596 0.13 4.591 4.40E-06 *** 

factor(AgeGroup) Gen X 0.816 0.27 3.017 2.55E-03 ** 

factor(AgeGroup) Millennials 1.355 0.253 5.354 8.62E-08 *** 

factor(AgeGroup) Older Gen 1.955 0.665 2.941 3.27E-03 ** 

factor(AgeGroup) Post Millennials 1.611 0.298 5.403 6.54E-08 *** 

RushH -0.378 0.125 -3.02 2.53E-03 ** 

Carlease -0.66 0.287 -2.296 2.17E-02 * 

Single -0.488 0.135 -3.604 3.10E-04 *** 

Partime -0.671 0.147 -4.552 5.30E-06 *** 

ComfortSat 0.345 0.121 2.848 4.40E-03 ** 

Signif. Codes: 0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1       

Log Likelihood: -715.2           
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Therefore, according to the outcomes regarding the standard logistic regression models 

with or without the log form of Premium, we can make the following conclusions: 

1)    AgeGroup (especially millennials and post-millennials), Gender, and ComfortSat 

have significantly positive relations with support of the premium/toll charging 

plan. 

2)     Binary categorical indicators such as RushH, Carlease, Single, and Partime show 

negative relations with support of the premium/toll charging plan. 

3)     Negative relations exist between the value of premium and public support of the 

premium/toll charging plan. 

 

4.3. Random Parameter Models 

With the same factors and binary categorical indicators, four more binary logit models 

with random parameters are built. Similarly, we also make explorations about the 

difference between models with or without the log form of Premium. To explore the 

individual heterogeneity regarding their choice of premium/toll, we set the Premium and 

log(Premium) variables to have random parameters, and we assume that they are 

normally distributed. In the model, we include the random effect as well, and also 

assume that the constant is normally distributed. Two important arguments in the 

Rchoice function are considered when we build the model. One argument is panel = 

TRUE which indicates that a panel data is estimated. We need to point out there that our 

dataset is not technically a panel data, however, it has a similar form with the individual-
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specific parameters and each individual facing three different choice scenarios. The 

reason why we set panel = TRUE is that we want the three responses from the same 

individual to be the same draw. If the default value (panel = FALSE) is chosen, Rchoice 

would choose each response as a single draw from the dataset. In this case, along with 

this argument, we should indicate which variable corresponds to the id of individuals, 

in our case, we choose index = “ResponseId”. Another important argument is print.init 

= TRUE which means that the starting values for the variables used by Rchoice will be 

displayed. (Sarrias, 2016) 

 

In this section, we take both the unobserved heterogeneity and the observed 

heterogeneity for each individual into consideration. For the unobserved ones, to better 

interpret the heterogeneity, we also plot the individual’s conditional mean regarding the 

conditional distribution for Premium. 

 

4.3.1. Random parameter model with unobserved heterogeneity 

We build two models for the unobserved heterogeneity using the Rchoice function, one 

for the model with Premium, and another for the model with the log form of Premium. 

Model results are shown below as in Table 4.8 and Table 4.9. 

 

In the first model, eight variables show significance: Gen X, Millennials, Older Gen, 

Post Millennials, RushH, Single, Partime, and ComfortSat. Among all the significant 

ones, all levels of AgeGroup remain strongly significant, while RushH and ComfortSat 
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show significance at a relatively weaker level. And according to the model results, the 

statistically significant mean and standard deviation of the random parameter attests the 

existence of substantial unobserved heterogeneity. 

 

Table 4.9 Random parameter model with unobserved heterogeneity 

Coefficients           

  Estimate Std.Error z value Pr(>|z|)   

factor(Male) 1 0.908 0.683 1.33 1.83E-01  

factor(AgeGroup) Gen X 1.972 0.783 2.519 1.20E-02 * 

factor(AgeGroup) Millennials 3.459 0.855 4.046 5.21E-05 *** 

factor(AgeGroup) Older Gen 5.062 1.174 4.312 1.62E-05 *** 

factor(AgeGroup) Post Millennials 4.425 1.4 3.159 2.00E-03 ** 

RushH -1.158 0.624 -1.857 6.30E-02 . 

Carlease -2.482 1.608 -1.543 1.23E-01  

Single -1.589 0.642 -2.475 1.30E-02 * 

Partime -2.217 0.869 -2.552 1.10E-02 * 

ComfortSat 1.068 0.642 1.664 9.60E-02 . 

mean.constant 1.786 0.905 1.973 4.80E-02 * 

mean.Premium -0.936 0.137 -6.842 7.79E-12 *** 

sd.constant 3.804 0.71 5.357 8.45E-08 *** 

sd.Premium 0.489 0.095 5.138 2.77E-07 *** 

Signif. Codes: 0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1       

Log Likelihood: -553           

 

The second model shows a slightly different outcome compared to the first one. 

Although the number of variables showing significance remains the same, the ones other 

than the random parameter are: Gen X, Millennials, Older Gen, Post Millennials, Male, 

Carlease, Single, and ComfortSat. All levels of AgeGroup still show strong positive 

relations with the support, while in this model, the gender factor and comfort satisfaction 

indicator show weaker relations. Similar to the previous result, the significant mean and 
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standard deviation of the random parameter certify the existence of individual 

heterogeneity.   

Table 4.10 Random parameter model with unobserved heterogeneity 

Coefficients           

  Estimate Std.Error z value Pr(>|z|)   

factor(Male) 1 0.81 0.49 1.654 9.80E-02 . 

factor(AgeGroup) Gen X 2.316 0.831 2.788 5.30E-03 ** 

factor(AgeGroup) Millennials 3.488 0.852 4.095 4.22E-05 *** 

factor(AgeGroup) Older Gen 4.762 1.09 4.368 1.25E-05 *** 

factor(AgeGroup) Post Millennials 3.795 1.106 3.431 6.00E-04 *** 

RushH -0.361 0.53 -0.682 4.95E-01 . 

Carlease -3.293 1.121 -2.938 3.00E-03 ** 

Single -1.539 0.588 -2.618 8.00E-03 ** 

Partime -0.663 0.626 -1.059 2.90E-01  

ComfortSat 1.119 0.596 1.879 6.00E-02 . 

mean.constant 5.975 1.188 5.031 4.87E-07 *** 

mean.logpremium -14.18 2.003 -7.081 1.43E-12 *** 

sd.constant 2.965 0.599 4.944 7.64E-07 *** 

sd.logpremium 4.801 955 5.025 5.04E-07 *** 

Signif. Codes: 0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1       

Log Likelihood: -544.4           

 

To have a better understanding of the conditional distribution of the random parameter, 

we also take advantage of the plot function from the Rchoice package, and create a 

density plot. As shown in Figure 4.4, the mean of the random parameter ranges from -

1.24 to 0.22 with a mean value -0.95, which indicates a general negative relation with 

the degree of support of the premium plan. The distribution of the parameter also shows 

that the majority indicate opposition toward the plan, as most of the estimates lie around 

-1.0. 
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Figure 4.4 Conditional Distribution for the random parameter Premium 

(Unobserved heterogeneity) 

 

 

Figure 4.5 95% probability intervals for Premium based on the differentiated 

sample sizes 
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We also create another three plots to further discuss the distribution of the random 

parameter by showing the 95% probability intervals based on 15%, 30%, and 50% of 

the sample size. (See the number of individuals on the x-axis of Fig. 4.5) In our model, 

each individual gets a different coefficient for Premium (𝛽𝑖) and Figure 4.5 displays the 

individual conditional means and their respective confidence interval. The mean values, 

regardless of the sample size, sway around -0.95, and as the size increases, the trend of 

majority sticking around -1.1 becomes clearer. Therefore, this further indicates a general 

negative relation between Premium and public support of the premium charging plan. 

 

4.3.2. Random parameter model with observed heterogeneity 

In this section, we build models that not only include the unobserved heterogeneity but 

also the observed ones by letting some predictor variables enter in the mean of the 

random parameter Premium. To achieve that, first we should add the variables that enter 

the mean of the parameter to the second part of the formula. More specifically, in our 

study we include three variables that we believe would cause individual heterogeneity 

on Premium: Single, Male1, and ComfortSat, and we edit the formula as: 

Support ~ factor(AgeGroup) + RushH + Carlease + Single + Partime + ComfortSat + 

Male1 + Premium | Single + Male1 + ComfortSat 

 

Note that Male1 is a new binary categorical variable that we create to indicate gender. 

Afterward, another new argument mvar which indicates how each variable enters in the 

random parameter should also be added to the function. For instance, mvar = 
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list(Premium = c("Single", "Male1","ComfortSat")) indicates that the mean of Premium 

varies according to these three variables. 

 

According to the model results shown in Table 4.10 and Table 4.11, all levels of 

AgeGroup still remain strongly significant, Single shows clear evidence of negative 

relation, while Carlease and Male1 only show indications of association in the first 

model. Regarding the unobserved heterogeneity in both models, the significant mean 

and the standard deviation of the random parameter reiterate its existence. As for the 

observed heterogeneity, all three selected variables show the association with the 

random parameter, which means that Single, Male1, and ComfortSat all could influence 

the mean of Premium (logpremium). 

Table 4.11 Random parameter model with observed heterogeneity 

Coefficients           

  Estimate Std.Error z value Pr(>|z|)   

factor(AgeGroup) Gen X 2.212 0.753 2.038 3.00E-03 ** 

factor(AgeGroup) Millennials 3.323 0.78 4.256 2.06E-05 *** 

factor(AgeGroup) Older Gen 4.274 1.166 3.666 2.40E-04 *** 

factor(AgeGroup) Post Millennials 3.754 1.266 2.965 3.00E-03 ** 

RushH -0.857 0.561 -1.526 1.27E-01 . 

Carlease -3.827 1.12 -3.42 2.00E-02 * 

Single -3.827 1.119 -3.42 6.00E-04 *** 

Partime -1.688 0.591 -2.857 4.00E-03 ** 

ComfortSat -2.098 1.013 -2.071 3.80E-02 * 

Male1 -1.759 1.01 -1.741 8.20E-02 . 

mean.constant 6.841 1.368 5.002 5.68E-07 *** 

mean.Premium -14.18 2.003 -7.081 1.43E-12 *** 

Premium.Single 0.395 0.163 2.419 1.60E-02 * 

Premium.Male1 0.507 0.165 3.071 2.00E-03 ** 

Premium.ComfortSat 0.566 0.175 3.242 1.00E-03 ** 

sd.constant 2.153 0.524 4.107 4.01E-05 *** 

sd.Premium 0.694 0.094 7.352 1.95E-13 *** 

Signif. Codes: 0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1       

Log Likelihood: -544.3           
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Table 4.12 Random parameter model with observed heterogeneity 

(log<Premium>) 

Coefficients           

  Estimate Std.Error z value Pr(>|z|)   

factor(AgeGroup) Gen X 2.546 0.82 3.103 2.00E-03 ** 

factor(AgeGroup) Millennials 3.734 0.874 4.274 1.92E-05 *** 

factor(AgeGroup) Older Gen 3.943 1.296 3.042 2.30E-03 ** 

factor(AgeGroup) Post Millennials 3.522 1.172 3.005 3.00E-03 ** 

RushH -0.247 0.528 -0.467 6.40E-01  

Carlease -3.521 1.217 -2.894 4.00E-03 ** 

Single -5.968 1.935 -3.084 2.00E-03 ** 

Partime -0.765 0.629 -1.218 2.23E-01  

ComfortSat -3.448 1.849 -1.865 6.20E-02 . 

Male1 -2.981 1.861 -1.602 1.09E-01  

mean.constant 12.778 2.394 5.338 9.40E-08 *** 

mean.logpremium -23.4 3.533 -6.626 3.46E-11 *** 

logpremium.Single 5.762 2.304 2.501 1.20E-02 * 

logpremium.Male1 4.911 2.325 2.112 3.50E-02 * 

logpremium.ComfortSat 6.026 2.334 2.582 9.00E-03 ** 

sd.constant 2.801 0.668 4.192 2.75E-05 *** 

sd.logpremium 5.341 0.892 5.988 2.12E-09 *** 

Signif. Codes: 0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1       

Log Likelihood: -536.1           

 

 

Therefore, the following conclusions can be drawn based on the results of the random 

parameter models: 

1) There is clear evidence of existence for both unobserved and observed 

heterogeneity regarding the value of the premium/toll. 

2)     A general negative relation between the random parameter Premium and the 

dependent variable is identified. 

3)     Three variables have an influence on the random parameter: Single, Male1, and 

ComfortSat. 
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Compared with our base model, we could see the results regarding the influencing 

factors differ a lot. More specifically, we see a strong indication of gender playing an 

important role in the base models, while in the random parameter models, the gender 

factor shows very limited effect on the dependent variable. It could be the reason that 

without including the random parameter to present individual heterogeneity, gender 

contained part of the heterogeneity and explained a proportion of variation. Therefore, 

we think our random parameter model results present the true opinion.  
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CHAPTER 5                                                         

DISCUSSIONS AND CONCLUSIONS 
 

5.1. Summary and discussions 

In this thesis, we primarily focus on the public attitude toward the congestion pricing 

and the tax plans as funding sources for the NYC subway. The study was conducted in 

two major parts: a literature review about the previous successful practice, and a 

quantitative analysis based on subway survey data.  

 

In Chapter 3, we carefully examined three successful congestion pricing practices, get a 

sense of their pricing system, and understood their traffic and financial impact. We also 

analyzed and identified the differences regarding public acceptability during the pre- 

and post-pricing period. Furthermore, in this chapter, we also compared some previous 

studies and concluded the influencing factors for the public support to the pricing 

scheme. Three useful insights were drawn from the previous studies: 1) the congestion 

pricing scheme is more acceptable if travelers perceive greater benefits regarding travel 

effectiveness and environmental sustainability; 2) attitudinal factors such as perceived 

experience with congestion, level of pricing, or even transit service could considerably 

influence their judgment of the scheme; and 3) public support could vary significantly 

according to individuals groups with different socio-demographic characteristics such 

as age, gender, income, etc. 
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In Chapter 4, based on our subway survey data, we first conducted a cross-tabulation 

analysis aiming at identifying potential associations among public support and factors 

such as gender, age group, and comfort satisfaction. Then, we established two sets of 

models: the standard logistic regression model and the logistic regression model with 

random parameters. We built standard regression models for both the congestion pricing 

plan and the tax increase plan. However, since the model results for the tax plan was not 

satisfactory, we only continued our study with the congestion pricing plan in the 

following steps. Models with random parameters consisted of two kinds: the one with 

unobserved heterogeneity and the one with observed heterogeneity. Our standard model 

results showed that age, gender, and comfort satisfaction have a positive impact on 

public support of the premium/toll plan. In contrast, rush hour, car lease, being single, 

and having a part-time job have a negative impact. When we considered taking the 

Premium factor to have random parameter, we identified the existence of both 

unobserved and observed heterogeneity. Factors such as being single, gender, and 

comfort satisfaction have a positive impact on the random parameter.  

 

Both our base models and our random parameter models provided us with some insights 

regarding public support toward congestion pricing, as discussed above. However, 

incorporating individual heterogeneity into the models enabled us to see the relationship 

on a more specific level: we are not limited to the discussion for a general purpose, 

instead we examined how public support varies among different individuals and how 

certain factors that could influence such variation. Therefore, the random parameter 
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models provided us with a more satisfactory result in terms of having more information 

in it to explain, and could better answer our research questions. 

 

Because we made reference to the actual census data in NYC in terms of age and gender, 

and we calculated and let the weight into our model, our sample can be treated 

representative of all NYC transit riders, and it is possible to draw some useful insights 

based on our model results. First, our study shows very little difference in public support 

regarding different age groups, although all age groups show significant positive 

associations with support. Therefore, our first hypothesis was proved wrong. It could be 

that the age structures, the change tolerance, and the pricing system feature differ within 

a different context. In addition, there was one interesting finding revealed in our study. 

We identified a strong indication of gender playing a vital role in the base models, while 

in the random parameter models, the gender factor shows very limited power over the 

dependent variable. It could be the reason that without including the random parameter 

to present individual heterogeneity, gender contained part of the heterogeneity and 

explained a proportion of variation. Therefore, our second hypothesis was not entirely 

correct. When we try to understand pubic attitude toward congestion pricing on an 

individual level, gender is not the major determinants to consider. And third, combing 

the NYC context, the experience we learned from previous studies, and our modeling 

results, we could imply that passengers experienced comfort satisfaction, which can be 

categorized as personal attitudinal factors, plays a considerable important part in 

deciding public support toward the congestion pricing scheme. As we also observed, the 

level of comfort experienced on the transit could somehow influence passenger’s 
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judgment to different pricing levels. Therefore, updating the transit infrastructure and 

improving the transit service quality is essential to attract passengers to public transit 

and gain better acceptability to the congestion pricing plan. Thus, our third hypothesis 

was proved to be correct. Our fourth hypothesis was also correct that individual 

heterogeneity exists regarding the value of premium/toll when we consider public 

support toward congestion pricing. 

 

In summary, based on our study, we can now answer the four research questions. First, 

attitudinal factors such as comfort satisfaction, and socio-demographic factors such as 

AgeGroup, Gender, Single, and Carlease appear as determinants of public support. 

Second there are apparent heterogeneities regarding the value of premium/toll when we 

consider public support toward congestion pricing. Besides, although the tax plan model 

was not satisfactory, we could still observe some relations among public support and 

age, education, and marital status. Moreover, most successful practices indicated that 

the congestion pricing scheme was initially unpopular but later gained considerable 

public support. The successful practices not only contributed to the reduction of urban 

congestion and pollution but also adjust the travel behavior such as the reduction of 

enters into the most congested area during peak hour and the considerable amount of 

shifts from private vehicle to public transit.   

 

5.2. Remaining questions and directions for future research 

There are some remaining questions and certain difficulties yet to be conquered in our 

study. First, before the data cleaning process, we have very limited knowledge of the 
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sampling method of the survey. Although we calculated and added weight to our data 

to make it more representative to the NYC transit riders, our sample size is still relatively 

small. Therefore, we cannot fully guarantee our conclusions perfectly match reality. 

Second, in our model, we adopted assumptions that all of the selected variables are 

independent and identically distributed. However, there might be some potential 

dependency among different factors such as age and employment; therefore, the model 

result might not be entirely accurate. Outside of our study, we took some extra effort 

trying to identify the correlations; however, due to the complexity of the methods we 

decided to stick with our previous assumption. Third, although congestion pricing is no 

longer a novel concept to many cities, it is still a big challenge in the NYC context, as 

is the first in the United States. Regardless of how successful those European congestion 

pricing practices were, there are essential differences regarding the population, urban 

density, travel patterns, change tolerance, etc. between NYC and other European cities. 

For example, compared to Stockholm, NYC has stronger economy with 822$ higher 

GDP and around $1750 higher average salary. In addition, NYC also has a younger 

population which would influence the result of public support. For this reason, there is 

a very limited experience for reference, which means that there might be greater 

challenges awaiting after the scheme is implemented.  

 

For future research, many improvements can be made based on our current methods and 

results. There is vibrant information included in our survey, for example there are 

questions regarding satisfaction under different travel conditions, there are information 

regarding passenger density and security as well; however, limited to the topic, there is 
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only a small part of the data being used. Thus, it would be interesting to incorporate 

factors such as crowding conditions, safety concerns, and in-subway time into the 

further investigations. Furthermore, it would be exciting to conduct a before-and-after 

study similar to the Stockholm case study that we included in our study. Since the NYC 

congestion pricing has not been implemented yet, it is impossible to monitor the 

difference in public support; however, it must be a valuable research topic and would 

provide useful insights into future congestion pricing practices.  
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