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1.1 GENERAL BACKGROUND  

Transportation is derived from a demand. McCarthy (2001) explains it briefly: a person makes a 

trip from one origin to a destination, not because just to travel but to receive a service or good 

which is not in the origin. Residents, employees and tourists in an area may use any available 

transportation mode such as: private vehicle, bus, subway, ferry, tram, bike or taxi (any form of 

ride hailing) to move from one point to another for their daily activities. These modes are not 

necessarily available in every place. In large cities, the number of households without any private 

car is higher, and a tendency toward using non-private vehicles is observed.  

Transportation modes other than private vehicles can be categorized into two large groups: 

public transportation (such as bus, ferry, subway, etc.) and “vehicles for hire” (such as taxi 

services, and app-based ride sharing services). This classification is based on the scheduling 

characteristics of these modes. The routes and schedules for modes such as bus, subway, commuter 

train, or even ferry are fixed and predetermined based on the predicted demands. However, 

“vehicles for hire” operate differently, as the origin and destination of their trips are not fixed. 

Their passengers can even choose different routes for their trip and there is no schedule of time 

and location for them. 

 “Vehicle for hire” is a mode of transportation and covers a wide range of transportation 

services. It provides passengers with more opportunities to choose their origin and destination. 

Taxi is the most common service under this category, and often is used interchangeably as “vehicle 

for hire.” The technology of the “vehicles for hire” has changed over time. Traditionally, it is 

performed by a customer hailing on the curbside of streets and there is no preplanned 

communication platform between passengers and drivers of this service (such as yellow cabs in 
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New York City). Another form of this service allows passengers to prearrange their trip. Black 

cars and limousines in New York City fall into this category. 

In the last decade, with the rise of information and communication technology, smartphone 

and mobile infrastructure, a new form of business model based on ride sharing have emerged 

(Cohen & Munoz, 2016; Hamari et al., 2016). Companies, such as Uber, Lyft, Juno, Gett, or Via, 

provide a digital platform on which passengers can request rides via a phone application. This can 

be considered as a new class of vehicles for hire. However, because these service companies have 

a different form of regulations, they are categorized separately as Transportation Network 

Companies (TNCs). Due to GPS devices ubiquitous’ characteristic and smartphone capability, 

customers with smartphones can share their mobile locations and make trip requests. 

Subsequently, TNCs match those requests to private drivers who have similar spatial-temporal 

characteristics. These companies in general cover a larger area and offer lower prices compared 

with traditional taxis (street hailing). That’s why the market for taxi-sharing services is growing, 

attracting more customers, and competing fiercely with other ride-hailing services in large US 

cities, such as New York City (NYC). 

There has been always competition among the transportation modes. Starting a trip, one 

would consider the options for reaching the destination. Based on available options, one would 

choose either one's private vehicle or public transportation or a combination of both. The user also 

chooses among the public transportation modes. Each of these modes is associated with a cost and 

a specific level of service, including comfort, reliability and safety. All these attributes plus the 

characteristics of the passenger and how he/she weights them, will result in demand for a mode of 

travel.  
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Due to high demand for using vehicles (either private vehicles or vehicles for hire), in large 

cities, and limited capacity of the network, these cities usually suffer from traffic congestion. As 

an example, the average speed in the core area of Manhattan (only midtown) in New York City is 

reported as 4.7 mile per hour (mph), which is slightly faster than walking (NYCDOT, 2018a). This 

congestion has also an economic burden. A group of scholars quantified the effect of NYC traffic 

congestion on the economy of the city and published the report in 2006. According to this report, 

the congestion in NYC has a cost of more than $13 billion annually, resulting in the loss of as 

many as 52,000 jobs per year (Partnership for New York City, 2006). The congestion in NYC is 

increased since then and the travel speed in the Central Business District in Manhattan has 

decreased from 9.1 mph in 2010 to 7.2 in 2016 (NYCDOT, 2018a). Subsequently, the bus utility 

is decreased, and more passengers are considering taxis or ride sharing systems for their mode of 

transportation. All these factors pushed the traffic in the city to grow.  

One of the main programs by FHWA (Federal Highway Administration) to reduce the 

congestion is Travel Demand Management (TDM). This program focuses on the growth and the 

shifts in demand. They study a transportation system and the demand for each mode and prepare 

strategies to reduce the congestion and improve the performance of their system. Understanding 

the demand and the factors affecting it (which is the focus of this thesis) provides an opportunity 

for the transportation planners to estimate the future demand and plan properly. Due to the limited 

capacity and restrictions on using each mode, Planners should also provide strategies to make 

passengers shift their mode of transportation when necessary. This can also increase the 

accessibility/mobility in an area if needed. 

These strategies need a comprehensive input and preparing a part of this input is our focus 

in this dissertation. Understanding and estimating the demand for each of transit modes is essential 
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for policy makers in private and public sectors. This dissertation studies the factors influencing 

transit demand and suggests mathematical models to determine the future demand. With a better 

understanding of these two components, planners are given more accurate and reliable information 

to improve the transportation systems and control the congestion. 

1.2PROBLEM STATEMENT AND MOTIVATION 

Reducing the congestion and driving people to use public transportation instead of private vehicles 

is categorized under travel demand management and it is not possible unless there is good and 

comprehensive knowledge about demand and factors affecting it. When transportation planners 

want to control the increase in demand, they should be able to first estimate the current demand, 

predict it in the future and change the policy to meet their goals. Also, for encouraging people to 

shift from one mode to another, they should recognize the factors affecting demand and identify 

how and in which direction the factors would impact the demand.  

The demand in the future is accompanied by some uncertainty. Reducing this uncertainty 

and getting closer to the more precise values for future demand is an interesting field of research 

in transportation. This would only be possible by knowing the influential factors on demand and 

improving prediction models. These two fields of study form our problem statement and are 

discussed below in two parts. 

Part 1. Influential factors on demand: The influential factors on each travel mode highly 

depend on the characteristics of that travel mode, and they are usually different from the influential 

factors of another mode. However, the cost and time are the two common factors for all the modes. 

Travel modelers usually convert the other factors to either time or cost, to calculate disutility and 

then demand of a mode. Knowing the effect of any changes in these factors on demand is used for 
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decision making process in planning and it is measured by elasticity formula. Elasticity is an 

economic term, brought into the transportation field, which shows the sensitivity of the demand 

for a certain mode with respect to some economic factors (usually price). There are studies that 

discuss importance of elasticity and parameters that affect it (Booz&Co, 2008; Lago et al., 1981; 

McCollom and Pratt, 2004). Among those parameters, the characteristics of an urban area are one 

of the most important ones. Although using an average elasticity may provide a rough estimation 

of the future demand, using an elasticity value that is customized for a mode in an urban area 

would reduce the uncertainty and help planners make better decisions.  

Considering these needs, we studied the literature in the field of price elasticity of demand 

and noticed not only the lack of updated elasticity values, but also how this elasticity is affected 

by the characteristics of the studied area. Reviewing the literature, we noticed that seasonality also 

impacts elasticity values. We were interested in finding a method to minimize the effect of 

parameters to get the more accurate and reliable values. 

Part 2. Estimating and predicting the demand: We can reduce the uncertainty in future by 

knowing the effect of the factors and by improving the performance of the models. For the latter, 

we consider “vehicles for hire” to study their demand and prediction models, because they are an 

important mode of transportation, especially in urban areas. The percentage of the households 

without a vehicle compared to the total households is as high as 50% in cities with high human 

population density. The service area of public transportation (such as bus, subway, metro etc.) in 

these cities is broad but still limited. “Vehicles for hire” is a mode of transportation that can cover 

this gap and connect people to public transportation. These services can be considered as a 

competitive mode to public transportation system, which take their passengers (and increases the 

congestion), or they can fill the gap in the first mile- last mile connection. In each case, this mode 
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directly affects the traffic system, and it can either improve the traffic congestion or make it worse 

in a city.  

The imbalance of supply and demand can increase the time that a driver is cruising around 

the city to find the next passenger and/or increase the passengers’ waiting time. Companies may 

provide a larger supply (taxis) to reduce the waiting time, but the high number of unoccupied taxis 

would increase the fuel waste and traffic congestion in an urban area. By understanding the demand 

for taxis and using that information to better manage the taxi system, we can eventually reduce 

congestion. These target groups benefit from the reduction in congestion: a) Drivers save money 

and time; b) Passengers reduce waiting time; c) City Planners are provided more data to decide; d) 

City Community reduces the congestion for riders and other drivers and also reduces pollution in 

the community. Vehicles for hire are counted as a part of this congestion. Drivers of these services 

have to search for their next passenger, which entails driving an empty taxi around the city. Even 

the drivers in app-based services drive back to the areas with higher demand to increase the 

probability of being assigned to a trip. At the same time, in some parts of urban areas, passengers 

may have to wait a long time to find a cab. We will show in Chapter 4 that for a congested area 

like Manhattan in New York City, empty taxis cause around 4% of the traffic in that area. 

Looking at all these facts inspired us to study more about the taxi demand and suggest an 

efficient model for taxi demand prediction. There are many studies that analyze the taxi demand 

and relevant models. They all have pros and cons. We reviewed these studies and discussed the 

models used for demand prediction and their limitations. Those models can be classified into four 

groups: visualization, linear regression models, machine learning techniques, and time series 

models. Although there is a growing trend toward machine learning techniques, in this dissertation 

we focused on time series models. The parameters in time series models are interpretable and they 
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provide us a better sense about the model. These models also have fewer limitations in using data. 

In the next chapter, we will discuss the pros and cons of these models.  

While time series models are widely used, their power in terms of prediction is not shown 

in the area of taxi demand modeling. Analyzing the taxi demand (either street hailing or TNC), 

shows that demand may not be distributed uniformly either spatially or temporally. In the 

literature, there are many studies that analyzed the variation in demand, and some developed a 

model to explain it, but none of them utilized the advantages of time series models in explaining 

the demand through space and time simultaneously. Considering this lack, this dissertation focuses 

on developing spatio-temporal time series models to understand the dynamic of taxi demand and 

applying them to the New the York City area. 

In conclusion, here is the two main objectives of this dissertation: 

 Study the factors that affect the price elasticity of a travel mode. It recognizes the 

influential parameters and their significance on the price elasticity. It can also 

accelerate deciding about the strategies to encourage passengers shift their travel 

modes if needed.  

 Developing demand prediction models. The idea of predicting future demand in small 

districts in an urban area to reduce the empty time in taxi services is combined with 

improving the spatio-temporal time series models. This idea can be used in TDM 

strategies for reducing traffic congestion.  

1.3 STRUCTURE OF THE DISSERTATION 

The rest of this dissertation is structured as follows. 

Chapter 2 reviews the existing models of taxi demand. The studies in this field are classified into 

four categories based on their approach: 1) visualization, 2) linear regression models, 3) machine 
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learning techniques, and 4) time series models. Then the pros and cons of each category are 

discussed. We also classify the studies based on one characteristic of the model: temporal, spatial, 

or spatio-temporal. Focusing on these two types of classifications, a gap in the literature for using 

spatio-temporal time series model for explaining the taxi demand is shown. This part is then 

followed by a review on the studies of spatial and temporal time series models in other fields of 

transportation.  

Chapter 3 discusses the basics of time series analysis. It describes the univariate and 

multivariate models, their formulations, parameters and solutions. It also covers the formulation 

for regression with ARMA error model. Finally, it explains the spatio-temporal time series model, 

its formulation and solution approach.   

Chapter 4 focuses on the mobility challenges in large cities specifically in New York City. 

In the first part it discusses the transportation in NYC, and how demand for public transportation 

is distributed among different modes. The second part focuses more on the “vehicles for hire 

modes” and presents some information about the activity of this service in NYC. Then, it discusses 

its effects on the traffic congestion and how a precise demand prediction can benefit the city. 

Chapter 5 focuses on the reaction of the passengers to the price changes and calculates the 

price elasticity of demand. This chapter introduces a new formula based on the traditional elasticity 

model to reduce the effect of seasonality and population growth on demand and uses this formula 

to measure the elasticity. Then we study the passengers’ reaction to the price increase in areas with 

different socio-economic characteristics. These characteristics can be significant for the elasticity 

of any transportation mode.   

Chapter 6 studies the correlation between taxi demand (yellow cabs) and other 
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transportation modes. For the purpose of this chapter, three months of data for yellow cab, subway, 

Uber, citi-bike, temperature and precipitation are collected, cleaned, and aggregated hourly. To 

reduce the effect of time of day and day of week on these data sets, each data set is decomposed 

into trend, seasonality, and remainder. In addition, the seasonality is removed from the data. Then, 

the regression model and ARMA model are applied to them. At the end, the effect of combining 

these two models on the performance of the taxi demand estimation is investigated.  

Chapter 7 examines the data with more details of spatial and temporal characteristics of the 

taxi demand. That means demands are aggregated by the smaller zones and shorter time intervals. 

Then a spatio-temporal autoregressive (STAR) model is used to predict demand for yellow cabs. 

In order to deal with the high dimensionality of the model, LASSO-type penalized methods are 

proposed to tackle the parameter estimation. The forecasting performance of the proposed models 

is measured using the out-of-sample mean squared prediction error (MSPE). The proposed 

modeling framework has a parameter structure that is easily interpretable and practical to be 

applied by taxi operators. Efficiency of the proposed model also helps in model estimation in real-

time. 

Chapter 8 studies the parameters that can improve the accuracy of the models. In the 

context of spatio-temporal time series models, “weight matrices” play an important role in 

correlating values for one district/zone to those for other areas. In this chapter we suggest two 

methods for defining the weighting matrixes and also test these methods on Uber data. In addition, 

we discuss the effect of rush-hour and non-rush hour in the performance of the model.  

Chapter 9 summarizes the findings in this dissertation and suggests future work. 

Some results of this  



 

11 
 

Parts of the studies in this dissertation is published or presented. Here is the list of them: 

 Faghih S., Kamga, C., Yazici, A., “Ridership Changes and Price Elasticity Based on A 

2013 Fare Hike in New York City”, Transportation Research Board annual conference. 

Washington D.C. 2017.” 

 Faghih, S., Shah, A., Wang, Z., Safikhani, A., and Kamga, C., (2019) “Taxi and Mobility: 

Modeling Taxi Demand Using ARMA and Linear Regression” Transportation Research 

Board annual conference. Washington D.C. 2020. (Under Review) 

 Safikhani A., Kamga, C. Mudigonda S., Faghih S., Moghimi B. (2018) Spatial-temporal 

modeling of yellow taxi demands in New York City using Generalized STAR models. 

International Journal of Forecasting, (In Press). 

 Faghih S., Moghimi, B., Safikhani, A., and Kamga, C. “Predicting Short-Term Demand of 
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CHAPTER 2 : LITERATURE REVIEW 
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This chapter summarizes the literature review of taxi demand models and how these models were 

developed. These models are then classified in four categories including: visualization, regression, 

machine learning and time series models. Since there is a lack in applying the spatio-temporal time 

series to taxi demand, the application of such modeling in other transportation areas is reviewed 

in the second part of this chapter.  

1.4 ELASTICITY AND FACTORS AFFECTING DEMAND 

Many studies have focused on the price elasticity of transit, and there is a wide variation in 

the estimated elasticities, which shows the uncertainty in these values (Holmgren 2007). There is 

a rough estimation of price elasticity of -0.3 that has been applied as a rule of thumb. This value 

was derived by taking the average elasticity from several studies without considering different 

factors that may influence the transit elasticities. Holmgren (2007) estimated an elasticity (based 

on statistics) that differs from the rule of thumb value by using a meta- regression model.  

Generally, transit price elasticity is considered inelastic (Pham and Linsalata, 1991; 

Litman, 2004; Kohn, 1999; Lago et al., 1981). Lago et al. (1981) did a comprehensive study to 

identify the differences in fare elasticities. They reported a range of transit fare elasticity from -

0.04 to -0.87 with a mean of -0.28± 0.16. In a more recent work, de Grange et al. (2013) reviewed 

studies that estimated or calculated the elasticity using the available data from different cities. He 

reported the value of elasticity varies between -0.10 and -0.79.   

The variation in price elasticity of transit depends on various factors. Many studies focused 

on defining these factors and discussed how they affect the price elasticity.  Here is the list of the 

most common factors: 
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 User Type: what portion of the community is transit dependent (Holmgren, 2007, Lago et 

al., 1981; Pham and Linsalata, 1991; Litman, 2004; McCollom and Pratt, 2004; 

Booz&Co, 2008;  Paulley et al., 2006) 

 Trip Type/Purpose: commuting trips or non-commuting trips (Lago et al., 1981;  Litman, 

2004;  McCollom and Pratt, 2004; Booz&Co, 2008; Nuworsoo, 2009; Balcombe,  2004) 

 Geography: the size of the urban area (Pham and Linsalata, 1991;  Litman, 2012; Chiang 

et al., 2011; Nuworsoo, 2009;  McCollom and Pratt, 2004;  Holmgren, 2007; Lago et al., 

1981) 

 Type and Direction of Price Change: if the change is in mode fare or other modes or even 

the change in level of service and if it is an increase or decrease (Litman, 2004; 

McCollom and Pratt, 2004; Holmgren, 2007; Booz&Co, 2008;  Lago et al., 1981)  

 Time Period: short run, medium run or long run (Litman, 2004; Goodwin, 1992;   

Holmgren, 2007; Lago et al., 1981; Booz&Co, 2008; Paulley  et al., 2006)   

 Transit Mode: bus or rail, (McCollom and Pratt, 2004; Litman, 2004; Lago et al., 1981) 

 Peak or Off-peak Fare (Pham and Linsalata, 1991; McCollom and Pratt, 2004; Lago et 

al., 1981) 

 Income Level of Riders, (McCollom and Pratt, 2004; Litman, 2004; Kohn, 1999; Paulley  

et al., 2006; Lago et al., 1981) 

 Long or Short Distance Fare and Route Type (whether that route is used for  commuting 

or not) 

 Method of Payment (cash or prepaid tickets ) 

The geography of the study area is one of the important factors in price elasticity, because, in small 

cities with low population density, residents rely more on their cars and they can easily switch 

from public transport to private car in the event of a fare hike, while, in large cities, residents are 

likely to be more dependent on public transport. Litman (2004) and de Grange et al. (2013) 

reviewed and summarized the price elasticity values related to NYC and concluded that these 

values are generally less sensitive to price when they are compared to values for different cities. 

These values are presented in Table 1. New York City is scheduled to increase fares every two 
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years, as a part of MTA’s revenue plan (Fitzsimmons, 2015). Using elasticity values estimated by 

local and recent data can increase the accuracy of the future calculations. 

Table 1.  Holmgren (34) estimated an elasticity 
PERIOD BUS RAIL REPORTED BY    

1948-1977 -0.32 -0.16 
MCCOLLOM AND PRATT 

2004 

1970-1995 -0.20 TO -0.30 -0.10 TO -0.15 
MCCOLLOM AND PRATT 

2004 

1995 -0.36 -0.15 
MCCOLLOM AND PRATT 

2004 

2005 -0.18 TO -0.25 -0.05 TO -0.12 HICKEY 2005 

 

Hickey (2005) was one of the recent studies in fare elasticity in New York City. This study 

used subway and bus ridership data and a spreadsheet model, which was developed by New York 

City Transit (NYCT) to estimate the ridership and revenue of the MTA, and also assessed the 

model. Since different fare media were introduced in the public transportation system in NYC, the 

study used a direct elasticity to estimate the total ridership changes and the cross elasticity (or 

diversion rate as the study called it) to evaluate the shifts between different fare media. The study 

summarized the fare elasticity values for weekdays from the nine reported NYCT fare increases 

between 1972 and 1995 in New York City. Ridership during the whole week would be higher, 

since weekend trips are more discretionary and thus more sensitive to price (Hickey, 2005). 

Glaeser et al. (2008) studied the pattern of income distribution based on the distance to the 

CBD in different cities including New York City. This study pointed out there is a U-shaped 

pattern between income and the distance to the CBD. The New York City graph is displayed in 

Figure 1. The closest areas to the CBD are often the richest parts of the city, then the next closest 

areas tend to be the poorest tracts, and then the income tends to rise again (Glaeser et al., 2008).  

http://topics.nytimes.com/top/reference/timestopics/people/f/emma_g_fitzsimmons/index.html


 

16 
 

 
Figure 1. Income and distance from the CBD in New York City (Glaeser et al., 2008). 

 

In this study, the goal is to derive the price elasticity of subway fares in the short run and 

analyze it. This analysis is then followed by studying the effect of socio-economic and land use 

characteristics on changing the type of metro-card (Weekly, Monthly, Full Fare card, etc.) that 

riders were using. These studies and analysis are based on subway ridership data collected by 

MTA.  

 

1.5 TAXI DEMAND MODELS 

The need to study and reduce the empty time in taxis is discussed in the previous section. This is 

not a new topic and other studies exist in the literatures of this area. Reducing the unoccupied (by 

a passenger) time in taxis would help taxi drivers to save their time (Moreira-Matias et al., 2013a; 

Miao et al., 2016; Putri and Kwon 2017; Zhang et al., 2015), and save the cost of fuel (Moreira-

Matias et al., 2013a). It also helps customers with reduction in their waiting time (Chang et al., 

2009; Miao et al., 2016; Putri and Kwon 2017; Zhang et al., 2015), and helps the city with less 

pollution (Chang et al., 2009) and congestion (Chang et al., 2009). These papers suggested 


