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ABSTRACT

The proposed study contributes to our understanding of the ongoing transformation of ridehailing market by examining the New York City Taxi & Limousine Commission data from a fine spatial and temporal resolution. We examine taxi zone based demand data from NYC for each month and explore the reasons contributing to (a) the increase in ridehailing demand and (b) the shift from traditional taxi services to Transportation Networking Company (TNC) services. The first component – taxi zone ridehailing demand - is analyzed adopting a negative binomial count model. The second component - share of traditional and TNC services demand - is analyzed using a multinomial fractional split model. The two model components are stitched together in a joint framework that allows for the influence of repeated observations as well as for the presence of common unobserved factors affecting the two components. The model estimation considered a comprehensive set of independent variables including transportation infrastructure variables, land use and built environment variables, weather attributes, and temporal attributes. Several performance measures were generated using the joint model for estimation and validation datasets. A prediction exercise is conducted to illustrate how the proposed model system can be utilized for predicting future ridehailing trends. Finally, an elasticity exercise is conducted to estimate the influence of independent variables on the ridehailing market.  
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introduction
[bookmark: _Hlk56632583][bookmark: _Hlk14752598][bookmark: _Hlk56296918][bookmark: _Hlk55321545]In most urban regions, individuals, who do not have access to or do not prefer to use personal vehicles, have the option of either using public transit, bike/scooter sharing systems (for short distance trips) or a ridehailing service (such as taxi or Uber). While public transit systems are constrained by predefined routes and fixed schedules, bike/scooter sharing systems are limited by small distance range, ridehailing services at a cost provide individuals with convenient door-to-door car trips without the additional challenges associated with driving/bicycling (such as having to find a parking spot, concentrating on driving and physical effort of bicycling). In recent years, ridehailing has undergone a rapid transformation in response to the transformative technological changes including smart mobile availability, ease of hailing a ride using mobile applications, integration of seamless payment systems and real-time driver and user reviews. The convenience offered by transport networking companies (TNC) (such as Uber, Lyft, and Via) has allowed for tremendous growth in ridehailing demand. For example, in New York City, the average daily trips by taxi (Yellow taxi) was varying between 400,000and 500,000 for the years 2010-2014 (1). However, since 2014, with the advent of TNC services in the city, the total number of trips have increased. Based on New York City Taxi & Limousine Commission (NYCTLC) report (1), from 2015 to 2018, TNC daily trips increased from 60,000 to 700,000 while traditional taxi (Yellow and Green together) daily trips declined from 450,000 to 285,000. The trend observed in NYC is not an exception. A recent report analyzing reimbursed travel in the US has found that the share of Uber and Lyft has increased from 8% to 72.5% from 2014-2018 at the cost of taxi and rental car business share (2). 
The TNC service induced transformation can be viewed as constituting two major components. The first component is the overall increase in ridehailing demand possibly drawing from population of individuals driving, using public transit, and even inducing newer travel. The second component of the transformation is the shift in the share of traditional taxi service demand toward TNC services (3). In a short timeframe, in NYC, TNC services have increased their market share from 0 to nearly 70% by the end of 2018. While preliminary research has begun to explore the reasons for the transformation, it is safe to assume economists and social scientists will continue to examine the transformation for several years into the future. 
[bookmark: _Hlk55321649]The proposed study contributes to our understanding of this transformation by examining the NYC data from a fine spatial and temporal resolution by adopting an innovative joint econometric model system. The study examines two components of the transformation (a) the increase in ridehailing demand and (b) the shift from traditional taxi services to TNC services. The first component – taxi zone ridehailing demand - is analyzed adopting a negative binomial count model. The second component - share of traditional and TNC services demand - is analyzed using a multinomial fractional split model. The two model components are stitched together in a joint framework that allows for the influence of repeated observations as well as for the presence of common unobserved factors affecting the two components. The study employs trip level data from the NYCTLC from January 2015 through December 2018 for the analysis. The data is aggregated by taxi zone for every month in the study period and analyzed by ridehailing alternatives: Yellow taxi, Green taxi and TNC services (including Uber, Lyft, Juno and Via). 

earlier research and current study
Literature related to ridehailing vehicles can be categorized into three main streams: a) studies investigating various operational and quantitative aspects of taxis, b) studies investigating the evolution and various qualitative aspects of TNC based ridehailing and c) studies examining the relationship between various ridehailing systems and their interaction with public transportation[footnoteRef:1].  [1:  For a recent detailed literature review on emerging ridehailing alternatives see Wang and Yang (43).] 

	The first group of studies focused on taxi services from different perspectives, including entry regulation (see Schaller (4) for US and Canada regulation and Çetin and Eryigit (5) for Istanbul regulation), demand and pricing (6-8), and impact of emerging technologies such as electric and autonomous vehicles (9-11). Several studies analyzed different aspects of taxi operations including taxi passenger search schemes and routing of vacant taxis to improve the efficiency of taxi services (12-17). Crash injury severity and safety issues related to taxi services are also examined by several researchers (18-22). 
The second group of studies explored TNC evolution, factors that affected usage, licensing and policy formulation, pricing mechanisms, and comparison across ridehailing services (with taxis or between various smart phone based ridehailing companies). These studies typically rely on questionnaire interviews, and online surveys for data collection. TNC evolution studies focused on the definition of ridehailing systems, how ridehailing services have evolved over time (23-25), investigated the challenges and opportunities presented by real-time services and highlighted various opportunities for the future (26; 27). A set of studies explored the influence of various factors affecting TNC usage. For example, Cramer and Krueger (28) analyzed passenger service times for Uber and taxi across five major cities in the US. The authors concluded that availability of driver-passenger reviews, Uber’s flexible labor supply model coupled with inefficient taxi regulations for passenger safety contributed to higher Uber utilization rates. Multiple studies explored pricing, and waiting times associated with various ridehailing companies (29-32). Another subset of studies conducted quantitative analysis using TNC usage data exploring trip patterns (a) to identify factors influencing TNC demand, (b) to understand TNC demand and its relationship with existing transportation modes. Factors that were found to affect ridehailing demand include temporal and weather patterns, land use attributes such as lower transit access time, higher length of roadways, lower vehicle ownership, higher income and more job opportunities (33-35).
[bookmark: _Hlk60969453][bookmark: _Hlk60969436]	The third group of studies is comprised of research conducting comparative analysis using ridehailing usage data. The research conducted in this paper falls into this third category. A group of studies investigate the new age ridehailing demand considering relationship between ridehailing services with public transit system (3; 36-38). Rayle et al. (37) conducted a trip intercept survey to understand the source of TNC demand and concluded that nearly 50% of the demand is transferred from public transit and driving. Studies comparing the emerging ridehailing services with existing services such as public transit and bicycle sharing offer interesting results. Gerte et al. (3) found evidence for shifting taxi demand to smart phone based ridehailing services in New York City. Further, the study also found evidence of substitution relationship between ridehailing and bicycle share systems. Komanduri et al. (38) analyzed data from RideAustin, to examine the trip length and temporal distribution of the trips. A comparison of the adoption of RideAustin relative to public transit alternatives illustrated that riders were choosing RideAustin to minimize travel time (highlighting the higher value of time for these travelers). Using the same data, Yu and Peng (39) and Lavieri et al. (40) studied TNC trip demand and found that population characteristics, household characteristics, built environment and transit supply influence TNC trip demand. Poulsen et al. (41) examined how the two systems that were introduced in the same time performed - Uber and Green taxis - in Manhattan area and found that the growth rate for Uber was substantially higher. Babar and Burtch (42) compared the utilization rate of transit service in the US after the introduction of TNC services and found that utilization rate of bus service dropped while long-haul transit services (such as subway and commuter rail) experienced increasing utilization.  Nie (44) examined the competition between taxi industry and TNC and interestingly found that taxi industry in Shenzhen, China survived the emergence of ridesourcing. Wang et al. (45) analyzed the market equilibrium under TNC and traditional taxi services and found that changes in platform charges can alter the equilibrium.  More recently multiple studies have conducted economic analysis of ridehailing markets focusing on passenger and driver matching and studying the impact of ride splitting among passengers on TNC demand (46-48).	

Current Study in Context
The proposed study contributes to our understanding of the ongoing transformation of ridehailing market by examining the NYC data from a fine spatial and temporal resolution using an innovative joint econometric model. Specifically, as opposed to considering the transformation at a regional scale and in a 4 year period, we examine taxi zone based demand data from NYC for each month and explore the reasons contributing to (a) the increase in ridehailing demand and (b) the shift from traditional taxi services to TNC services. A negative binomial count model and a multinomial fractional split model are used to analyze ridehailing demand and proportion of traditional and TNC demand respectively. As the data for the two components is obtained for the same spatial record, there are several common unobserved factors influencing the two variables. The database generated also has multiple data points for each spatial unit. Thus, a joint econometric model that accommodates for repeated measures (panel) and common unobserved factors across the two dependent variables is developed. Specifically, we build on the cross-sectional joint negative binomial and multinomial fractional split model developed in Bhowmik et al. (49) for a different empirical context. The reader would note that traditional and TNC services demand can also be analyzed using a multivariate random parameter negative binomial model system. In the multivariate model system, the main interaction across different demand variables is sought through unobserved effects. On the other hand, the fractional split approach directly relates an exogenous variable to demand proportions simultaneously and allows for the estimation of a parsimonious specification. Further, as illustrated in Bhowmik et al. (49), the fractional split model system outperforms the traditional multivariate count system in model prediction. 
The econometric model will explore how various attributes typically considered within the transportation planning process affect the transformation. The comprehensive set of independent variables considered include transportation infrastructure variables, land use and built environment variables, weather attributes, and temporal attributes (as has been considered in other studies such as Yu and Peng (39) and Lavieri et al. (40)). The study recognizes that technology adoption cannot be explained by simply considering the variables described. To quantify the impact of time, we explicitly consider time elapsed since the beginning of TNC data collection in NYC as a surrogate variable of technological adoption impact. To conduct our research analysis, the data is drawn from New York City Taxi & Limousine Commission (NYCTLC) website from January 2015 through December 2018. The data was processed to obtain monthly pickup demand for three ridehailing alternatives (Yellow taxi, Green taxi and TNCs) at the taxi zone level. The model estimates are validated using a holdout sample. Further, a policy exercise is conducted to illustrate how the proposed model system can be utilized for predicting future ridehailing trends.



Data 

Data Source
[bookmark: _Hlk55321821][bookmark: _Hlk56374933]The NYCTLC provides spatially aggregated trip data from all transportation networking companies (taxi, Uber, Lyft, Juno and Via) for public use (https://www1.nyc.gov/site/tlc/about/tlc-trip-record-data.page). Yellow taxis are traditional and iconic ridehailing service in NYC while Green taxis known as boro taxis and street-hail liveries started operation in August 2013 and operate pickups in northern Manhattan, Bronx, Brooklyn, Staten Island and Queens with the ability to drop off anywhere in NYC. TNCs became operation at around a similar time frame. Thus, it is informative to examine how the share of Green taxi and TNCs has evolved with time. The trip itinerary dataset was collected from 2015-2018 for Yellow taxi, Green taxi and TNC (Uber, Lyft, Juno and Via) for our analysis. The dataset provides information on start and end time of trips, origin and destination defined as taxi zone ID, trip distance and vehicle license number. The trip data was augmented with other sources including: (1) built environment attributes derived from New York City open data (https://nycopendata.socrata.com); (2) socio-demographic characteristics at the census tract/zip code level gathered from US 2010 census data; (3) the weather information corresponding to the Central Park station retrieved from the National Climatic Data Center (http://www.ncdc.noaa.gov/data-access).

Sample Formation and Dependent Variable	 
A series of data cleaning and compilation exercises were undertaken for generating the sample data for estimation purposes. First, trips with missing or inconsistent information were removed. Second, trips longer than 500 minutes in duration (around 0.08% of all trips) were deleted considering that these trips are not typical ride-sharing trips. These trips could also be a result of two possibilities; either destination of those trips could be outside NYC or due to technical issues the trip information was recorded incorrectly. Third, trips that had the origin and destination outside of NYC taxi zone were also eliminated. Therefore, we focus on trips that originated and were destined within NYC taxi zone region only. 
	For the given study period (January 2015 to December 2018), the total number of available taxi zones in NYC was 259. Initially, we aggregated pickup data for each month from January 2015 to December 2018 for each origin taxi zone ID. Figure 1(a) represents the total trips generated in each month from January 2015 to December 2018 by each ridehailing alternatives while Figure 1(b) represents the proportion of total trips shared by Yellow taxi, Green taxi and TNC services. The evolving number of trips by ridehailing type offers clear depiction of how demand has increased as well as how TNC demand has surpassed traditional taxi demand. TNC service share crossed the share of Yellow taxi in February 2017. Figure 1(b) represents the trips proportion shared by the three ridehailing alternatives from 2015 to 2018. The Figure highlights TNC’s trip share increased from 13% to 70% from 2015-2018 while Yellow taxis share declined from 77% to 27%. It is important to note that the share of Green taxi dropped consistently to become almost negligible in 2018. The main reason we still retained Green taxi as a separate alternative is to contrast two services (Green taxi and TNCs) that started operation in the same time frame. For our analysis, we aggregated trip data for 48 months from January 2015 to December 2018. To obtain a reasonable sample size for model estimation, 24 months were randomly selected for each taxi zone for analysis. 

[bookmark: _Hlk55320746]
(a) Total monthly trips of all ridehailing alternatives.


(b) Monthly trips share between three ridehailing alternatives.

Figure 1 Dependent variable distribution.

Exogenous Variables
Several independent variables generated in our study are described below: 
	Transportation infrastructure attributes created at the taxi zone level include bike route length density (capturing the effect of availability of bicycle facilities on system usage), number of bikeshare stations, length of streets (minor and major streets). Number of subway stations and bus stops in the taxi zone were generated to examine the influence of public transit on rider’s preference of mode choice.
	Several land use and built environment variables were considered including population density, job density and establishment density, the number of institutional facilities (schools, colleges, hospitals), the number of point of interests (museums, shopping malls), and the number of restaurants (including coffee shops and bars), total area of parks and commercial space (office, industry, retail) within each taxi zones. Distance of destination from Times Square and airport were estimated by using the shortest path algorithm tool of ArcGIS software. Airport indicator variable for the taxi zone was generated to examine the additional impact of airport destination. Population, job density and median income information was collected from US Census for 2015-2017 and extrapolated for 2018. Household car ownership information for 2018 was used to generate proportion of zero car ownership at taxi zone level to examine the impact of car ownership on riders’ trip count and mode choice preferences. Non-motorized vehicle score (average of walk score[footnoteRef:2] and bike score) and transit score associated with each taxi zone was considered at the census tract level. Further, crime density and accident density were also generated at taxi zone level. Total number of crimes of all types for previous year was aggregated at census tract level and crime density was estimated by dividing corresponding year’s population. In a similar manner, total number of accidents for each month was considered to generate accident density.  [2:  Walk (bike) score provide a numerical value assessing the walkability (bikability) in the community. The exact methodology employed is detailed in their webpage https://www.walkscore.com/. 
] 

	Weather variables include average temperature, precipitation, and snow for that particular month of the year. Several interaction variables were also created. Seasonality is the one of the temporal variables considered. We consider winter (December-February), Spring (March-May), Summer (June-August) and Fall (September-November) as dummy variables. Finally, we recognize that technology adoption cannot be explained by simply considering the variables described. To quantify the impact of time, we explicitly consider time elapsed since the beginning of TNC data collection (and other functional forms of the variable) as a temporal variable. 

Methodology
The proposed joint econometric system jointly models “total number of trips” and “proportion of trips by type of ridehailing”. The first variable is modeled using a Negative Binomial (NB) model and the second variable is analyzed using the multinomial logit fractional split (MNLFS) model. The mathematical details of the Joint NB-MNLFS model follows.
 
0. NB Component
Let  be the index for taxi zone and  be the ridehailing demand for a taxi zone  in time period  ). The NB probability expression for random variable can be written as (50):
	
	   (1)


where,  is the probability that taxi zone   has  number of trips over time period of .   is the Gamma function,  is the NB dispersion parameter and  is the expected number of trips listed in taxi zone  for time period and can be expressed using a log-link function as: 
	
	(2)


where,  is a vector of explanatory variables associated with taxi zone  for time period .  is a vector of coefficients to be estimated.  is a vector of unobserved factors on ridehailing demand propensity and its associated zonal characteristics assumed to be a realization from standard normal distribution: .  captures unobserved factors that simultaneously impact total number of trips and proportion of trips by ridehailing type  for taxi zone  and time period .  is a gamma distributed error term with mean 1 and variance . 

MNLFS Component
Let  be the fraction of trips by ridehailing type   in taxi zone  and time period .
	
	(3)



Let the fraction  be a function of a vector  of relevant explanatory variables associated with attributes of taxi zone  and time period .
	
,   
	(4)



where  is a predetermined function. The properties specified in equation (4) for  warrant that the predicted fractional ridehailing types will range between 0 and 1 and will add up to 1 for each zone. In this study, a MNL functional form for  in the fractional split model of equation (4). Then equation (4) is rewritten as:
	
	(5)



where,  is a vector of attributes,  is the corresponding vector of coefficients to be estimated for ridehailing type .  is a vector of unobserved factors assumed to be a realization from standard normal distribution: .  is the random component assumed to follow a Gumbel type 1 distribution.  term generates the correlation between equations for total number of trips and trip proportions by ridehailing types. The  sign in front of  in equation (5) indicates that the correlation in unobserved zonal factors between total trips and trip proportions by ridehailing type may be positive or negative. A positive sign implies that taxi zones with higher number of trips are intrinsically more likely to incur higher proportions for the corresponding ridehailing types. On the other hand, negative sign implies that taxi zones with higher number of trips intrinsically incur lower proportions for different ridehailing types. To determine the appropriate sign, we empirically test the models with both  and  signs independently. The model structure that offers the superior data fit is considered as the final model.
[bookmark: _Hlk55321942]It is important to note here that the unobserved heterogeneity between total number of trips and trip proportions by ridehailing types can vary across taxi zones. Therefore, in the current study, the correlation parameter  is parameterized as a function of observed attributes as follows (see Rahman et al. (51); Tirtha et al. (52) and Faghih-Imani and Eluru (53) for similar specification):
	
	(6)



where,  is a vector of exogenous variables,  is a vector of unknown parameters to be estimated (including a constant).
In examining the model structure of total trip count and proportion of trips by ridehailing types, it is necessary to specify the structure for the unobserved vectors  represented by . In this paper, it is assumed that these elements are drawn from independent realization from normal population:. Thus, conditional on , the likelihood function for the joint probability can be expressed as:
	
	(7)



 Finally, the log-likelihood function is:   
	
	(8)



All the parameters in the model are estimated by maximizing the logarithmic function  presented in equation (8). The parameters to be estimated in the joint model are:   and . To estimate the proposed joint model, we apply Quasi-Monte Carlo simulation techniques based on the scrambled Halton sequence to approximate this integral in the likelihood function and maximize the logarithm of the resulting simulated likelihood function across individuals (see 54-56 for examples of Quasi-Monte Carlo approaches in literature). 

Estimation Results

NB-MNL Fractional Split Joint Model
The reader would note that the proposed methodology is flexible to allow for unobserved heterogeneity. The unobserved parameters tested in our analysis include: (1) correlation between demand component and ridehailing proportion components, (2) correlation across ridehailing proportion components and (3) random parameters in demand and proportion components. However, running the joint model with a large number of unobserved parameters is computationally burdensome. Hence, we adopt a sequential approach testing for sets of unobserved parameters in the initial estimations and then re-estimating the models with variables that offer significant parameters in the initial estimations. Table 1 presents the model estimation results of the joint NB-MNL fractional split model. The second column provides the results of the NB component while columns 3 through 5 present the results of the MNL fractional split model. 

The model results are discussed separately for total ridership demand and proportion by ridehailing alternatives.

Total Ridership Demand (NB Component)
A positive (negative) sign for a variable in the ridehailing demand component of Table 1 indicates that an increase in the variable is likely to result in more (less) ridehailing trips.

Land Use and Built Environment Attributes 
As expected, zones located in census tracts with higher population density are more likely to be associated with higher number of trips. Similarly, increased job density and median income of in taxi zones is found to increase demand for ridehailing trips (see Correa et al. (34), Smart et al. (32) for similar results). The increased proportion of zero car households in urban areas increases demand for ridehailing (Correa et al. (34) found similar association with lower vehicle ownership households). As expected, increased transit accessibility within a taxi zone increases the propensity for higher ridehailing demand while taxi zones with higher non-motorized score reduce the appeal towards use ridehailing. It is possible that the presence of bicycle sharing serves as a competitive alternative for shorter trips (see Faghih-Imani et al. (57) for analysis in the context of short trips). 
[bookmark: _Hlk56303804]	Several variables associated with travel generation are found to affect ridehailing demand. The presence of activity opportunities in the form of restaurants and cafes, recreational centers and point of interests (POI) is positively associated with demand (see Li et al. (58) and Wenzel et al. (59) for similar results). Taxi zones with higher residential area are positively associated with ridehailing demand. The result potentially alludes to the adoption of ridehailing service for commute activities from residential zones. As expected, availability of airport in taxi zones increases demand for ridehailing. The total area of recreational parks in the taxi zone has a positive influence on ridehailing demand. The result highlights the role of recreational parks serving as generators of ridehailing demand.
The study also considered the impact of landmarks such as Airports and Times Square[footnoteRef:3] on ridehailing demand. The presence of an airport in the taxi zone, as expected, contributes to higher ridehailing demand. Interestingly, as the distance of taxi zone from airports increases, the model indicates an increase in ridehailing demand. On the other hand, as the distance from Times Square increases, ridehailing demand is expected to reduce. The result is intuitive as Times Square and the proximal zones serve as attraction centers for regular and tourist travel.  [3:  Times Square represents an iconic destination in New York representing the center of the business district. Several earlier papers modeling bikeshare and ridesourcing have considered Times Square as a significant point of interest (see Dey et al. (60, 61), and Liu et al. (62)).
] 
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[bookmark: _Hlk56287214]Table 1 Joint NB-MNLFS Model Estimation Results
	Joint Component
	NB Model (Counts)
	MNLFS Model (Proportions)

	Ridehailing Type
	Total Trips
	Yellow Taxi
	Green Taxi
	TNC

	Variable Name
	Estimate 
	t-stat
	Estimate 
	t-stat
	Estimate 
	t-stat
	Estimate 
	t-stat

	Constant
	-1.426
	-10.40
	2.688
	9.44
	0.639
	1.42
	 ---
	--- 

	Land Use and Built Environment Attributes

	Population Density 
	0.245
	2.12
	2.069
	4.35
	-3.813
	-3.55
	 ---
	--- 

	Job Density
	2.553
	19.02
	--- 
	--- 
	 ---
	--- 
	1.968
	4.07

	Median Income (x10-3)
	0.651
	17.08
	1.366
	7.33
	 ---
	--- 
	 ---
	--- 

	Proportion of Zero Car HH 
	1.003
	9.70
	 ---
	--- 
	3.508
	5.28
	0.830
	1.85

	Transit Score (x10-2)
	1.478
	8.51
	 ---
	--- 
	 ---
	--- 
	 ---
	--- 

	Non-motorized vehicle score (x10-2)
	-1.189
	-6.34
	 ---
	--- 
	 ---
	--- 
	 ---
	--- 

	Number of Restaurants and sidewalk café in Taxi Zone (x10-3)
	0.655
	10.66
	 ---
	--- 
	 ---
	--- 
	-2.975
	-4.84

	Number of Point of Interests and Recreational Points in Taxi Zone (x10-3)
	0.194
	8.52
	4.459
	5.04
	 ---
	--- 
	 ---
	--- 

	Residential Area (m2 x 10-6)
	1.570
	8.94
	 ---
	--- 
	 ---
	--- 
	 ---
	--- 

	Park Area (m2 x 10-6)
	1.484
	10.22
	16.665
	4.89
	-5.302
	-2.43
	 ---
	--- 

	Airport Indicator
	0.723
	35.99
	3.511
	9.47
	 ---
	--- 
	 ---
	--- 

	Airport Distance (m x 10-3)
	4.089
	60.66
	 ---
	--- 
	 ---
	--- 
	0.313
	2.63

	Times Square Distance (m x 10-3)
	-1.047
	-35.77
	-2.384
	-14.33
	-0.511
	-2.65
	 ---
	--- 

	Accident Density (x10-3)
	 ---
	--- 
	 ---
	--- 
	-1.684
	-2.53
	 ---
	--- 

	Transportation Infrastructure and Attributes

	Bike Lane Density in Taxi Zone
	-1.522
	-8.97
	-2.111
	-2.22
	 ---
	--- 
	 ---
	--- 

	Number of Bikeshare Stations in Taxi Zone (x10-2)
	-0.059
	-2.65
	 ---
	--- 
	-0.322
	-1.97
	 ---
	--- 

	Street Length in Taxi Zone (m x 10-3)
	0.401
	2.30
	-10.183
	-4.15
	 ---
	--- 
	 ---
	--- 

	Number of Bus Stops and Subway Stations in Taxi Zone (x10-3)
	1.174
	62.35
	-3.815
	-4.84
	 ---
	--- 
	 ---
	--- 

	Temporal and Weather Attributes

	Times Square Distance (m x 10-3) x Summer (Season)
	-0.577
	-5.65
	 ---
	--- 
	 ---
	--- 
	 ---
	--- 

	Time Elapsed as Month Sequel
	2.194
	33.96
	-0.054
	-14.35
	-0.083
	-18.84
	 ---
	--- 

	Snow Depth (cm)
	-0.031
	-7.26
	0.281
	2.97
	 ---
	--- 
	 ---
	--- 

	Dispersion Parameters
	0.160
	27.45
	 ---
	--- 
	 ---
	--- 
	 ---
	--- 

	Correlation 
	 ---
	--- 
	0.785
	10.20
	 ---
	--- 
	0.785
	10.20

	Model Fitness

	No. of observations
	6216

	Quasi Log-likelihood
	-16673.58
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Transportation Infrastructure and Attributes 
[bookmark: _Hlk56304467][bookmark: _Hlk58877954][bookmark: _Hlk56306632][bookmark: _Hlk56306404]Several transportation infrastructure variables such as bike lane density, bikeshare stations, street length, bus stops and subway stations were considered in the demand model. The parameter estimates for bike length indicate that probability of ridehailing trips decreases with increasing bike length density in the taxi zone. The negative association with number of bikeshare stations within a taxi zone highlights that ridehailing trip demand is likely in competition with bikeshare demand (for shorter distance share). For shorter distance travel, the segment of ridehailing users may shift to bikeshare services especially under congested conditions (see Faghih-Imani et al. (57) for competition between bikeshare and Taxi). The reader would note that the impact of bikeshare stations on ridehailing demand while significant is quite small in magnitude. An increase in the street length within a taxi zone has a positive impact on demand. (similar to findings of Correa et al. (34)). The number of bus stops and subway stations in the taxi zone has a positive coefficient indicating an increment in ridehailing demand. This result highlights the complementarity between ridehailing and public transit alternatives (please see Sadowsky & Nelson (63); Tirachini & del Río (64); Yu & Peng (39) for similar results).

Temporal and Weather Attributes
[bookmark: _Hlk56309330][bookmark: _Hlk58877982]An interaction variable of summer season with Times Square distance from each taxi zone was used and the results highlight an interesting result. The results indicate that the ridehailing demand in summer reduces faster than rest of the year as we move away from Times Square. The result clearly highlights the attraction of Times Square during summer months for visitors and their plausible adoption of ridehailing. Time elapsed variable that counts the month from January 2015 to December 2018 was used to find the impact of temporal trend attribute on ridehailing trip count. The result highlights the positive association with ridehailing representing how with time overall demand has increased. Finally, as the depth of snow in the taxi zone increases, ridehailing demand reduces. This is expected as trip generation across all modes is likely to reduce under snowy conditions (please see Brodeur & Nield (65) for similar results). 

Trip Proportion (MNL Fractional Split Component Model)
In the MNL fractional split model, a positive (negative) sign for a variable indicates that an increase in the variable is likely to result in higher proportion of trips for the corresponding alternative relative to the base alternative for that variable.

0. Constant parameters 
The constant parameters have no substantive interpretation after introducing independent variables.

Land Use and Built Environment Attributes 
In the context of land use and built environment attributes, population density in a census tract has significant impact on trip proportions. Increasing population has a positive impact on Yellow taxi proportion and negative impact on Green taxi proportion. The result seems reasonable since Green taxi has regulations restricting on-street pickup. In a similar vein, with higher job density, the proportion of TNC increases. The result potentially indicates preference among employed individuals for TNC. Taxi zones with high median income have positive association with Yellow taxi proportion. The result probably reflects the indifference to typically higher fares of Yellow taxi relative to TNCs. With increasing zero car ownership households, the likelihood of Green taxi and TNC services trips proportion increases. Zero car households are inclined to adopting TNC services that are usually less expensive compared to taxis. 
	A negative association is observed for the presence of restaurants and cafes with TNC trip proportions while recreational centers and point of interests (POI) have an increased likelihood for the Yellow taxi proportions. While this might appear counter-intuitive, the finding potentially indicates lower wait times for taxi services in these locations. It is also important to recognize that recreational centers and POIs result in an overall increase in the number of ridehailing trips. Thus, the proportion reduction might simply indicate a higher share of taxi trips in these taxi zones (relative to other taxi zones). The exact magnitude of the impact is a complex interaction across the two components and must be carefully evaluated. In terms of land use type, only proportion of park area variable has significant impact on trip proportions. The likelihood of Yellow taxi trips increases for a high percentage of park area in a taxi zone while Green taxi trip proportion reduces. The result highlights how Yellow taxi is more preferred in these taxi zones relative to the other alternatives. The result is possibly a manifestation of the differences in service regions for Yellow and Green taxis. The reader would note that an increase in park area is associated with an overall ridehailing demand increase. Thus, even with this increase in share for Yellow taxi, the overall share of TNC is likely to be higher than other two alternatives. As expected, availability of airport in taxi zones increases the inclination of choosing Yellow taxis (See similar results for Yellow taxi share for airport originated trips (66)). At airports, taxi services receive preferential treatment with pickup bays and are hence likely to have a larger share. As the distance between taxi zone and airport increases, the share of TNC alternative increases. It is possible that TNC services are more readily available in these locations. Further, the pricing of TNC services is cheaper and are hence preferred away from airport locations. As taxi zones are further from Times Square, trip proportions for both taxis reduce reflecting their low availability as we move further away from Times Square. The results for accident density from the previous year reveal that taxi zones with higher accident density is likely to reduce Green taxi proportion (no impact on total ridership). It is possible that accident density is potentially a surrogate for roadway infrastructure challenges in locations served by Green taxi. This is an interesting result and warrants additional examination (in the future). 

Transportation Infrastructure and Attributes 
Several transportation infrastructure characteristics considered are found to be significant determinants of trip proportions by various ridehailing alternatives. Yellow taxi trip proportions are negatively associated with higher bike length density. The result might be a reflection of the service region differences between Yellow and Green taxis. The result warrants further attention in future research. Among transportation attributes, trip proportion of Green taxi trips is found to be lower for taxi zones with higher bike sharing stations in vicinity while Yellow taxi trip proportions are negatively associated with higher number of bus stops in taxi zones. An increase in the street length within a taxi zone results in a decreased of Yellow taxi proportions.

Temporal and Weather Attributes
Elapsed time considering month is negatively associated with Yellow and Green taxi trips proportions. The result suggests that Yellow and Green taxi trips number reduces with the time elapsed from January 2015 (as expected). The estimated snow depth variable implies a positive effect on Yellow taxi trip proportions. It is possible that, under snowy conditions, the inventory of Yellow taxi fleet is unchanged while the number of TNC services reduce. 
Common Unobserved Parameters
[bookmark: _Hlk56288009]Several unobserved parameters were tested including: (1) correlation between demand component and ridehailing proportion components, (2) correlation across ridehailing proportion components and (3) random parameters in demand and proportion components. Of these tested parameters only common correlation between trip proportions of Yellow taxi and TNC services was significant. The correlation between the two components could be either positive or negative. In our analysis, we found the positive sign to offer better fit. The results indicate that unobserved factors that increase the proportion of Yellow taxi also increase the proportion of TNC services. 

Performance Evaluation
The estimated models were used to predict the expected ridership at the taxi zone level and the proportion of the three ridehailing alternatives. These generated values were used to estimate the predicted number of trips by each ridehailing alternative. These estimated values are compared to the observed values to evaluate model performance.  Three different measures: mean percentage error (MPE), mean absolute percentage error (MAPE) and root mean square error (RMSE) were computed based on the estimates from the joint model. A description of the measures follows:
	
[bookmark: _Hlk55322924]MPE measures the prediction accuracy and is defined as:
	
	(9)


where, i represents the taxi zones and takes the value of i = 1, 2, ….., N (=259), t represents the months and takes the value of t = 1, 2, …., T (=20). The smaller the MPE, the better the model predicts observed data. 

MAPE measure the error in terms of percentage and is defined as:
	
	(10)


The smaller the MAPE, the better the model predicts observed data. These measures of fit are generated at disaggregate level: across all crash types and across all observations.
	Root Mean Square Error (RMSE) is basically the standard deviation of the residuals (prediction errors). It highlights how much data is concentrated around the best fit line.

	
	(11)



The measures were generated for the estimation sample as well as for the hold out sample. The hold-out sample was prepared following the same procedure used to extract the estimation sample. We used a sample of 20 months per taxi zone for validation. Figure 2 presents the values of these measures for joint NB-MNLFS model for estimation and validation datasets. The results highlight that the joint NB-MNLFS model gives quite intuitive result across the various measures computed. The results also highlight the relatively small range of errors for estimation and validation datasets. The model performance does not worsen for validation dataset highlighting the appropriateness of the developed model for analyzing the data. 

Prediction Analysis
[bookmark: _Hlk56371866][bookmark: _Hlk58875615]To illustrate how the proposed model can be adopted for future demand prediction, we conduct a hypothetical policy analysis. We consider the independent variables from 2018 to remain constant for the first 6 months of 2019 and examine the number of trips by ridehailing alternative. The model prediction values, thus generated are compared with the observed trips by ride alternative for the corresponding time period. The comparison of the observed and predicted trips by ride alternative are presented in Figure 3. The predicted TNC trips increased from 20 million to 25 million from December 2018 through June 2019 while Yellow taxi trip reduced from 7.4 million to 6.4 million. Overall, the results clearly indicate a good match between observed and predicted trips by ride alternative. For Yellow taxi, the results compare favorably with slightly larger error in March 2019. From the figures, the reader would note that trips by Green taxi have the largest deviation. However, this is an artifact of the small share of Green taxi magnifying any shifts in number of trips. For TNC, the observed and predicted trips follow closely except for March 2019. To evaluate the exact mis-match in trip number by ridehailing alternative, we computed percentage error in prediction normalized to total number of trips. The estimated average percentage error for the three ridehailing alternatives (Yellow taxi, Green taxi and TNC) is 1.29, 0.59 and 1.80% respectively with the range of these errors varying from a minimum of 0.53% through a maximum of 2.11% for Yellow taxi, 0.42 through 1.13% for Green taxi and 0.02 through 6.90% for TNC. These results also indicate that the maximum error for Yellow taxi and TNC was for the month of March. We observed an anomaly in the data for the total number of ridehailing trips in March and this could be the reason for the slightly larger error. In spite of this discrepancy, the proposed model performs adequately. The comparison presented only documents the overall system level performance. Further, we also track the two components of the transformation – new ridehailing demand and shift from taxi trips to TNC services. The results presented in Table 2 provide a percentage change measure (relative to the preceding month) for three types of trips: TNC trips, Taxi trips and Total trips. From the results, it is evident that there is an increase in TNC trips while there is a reduction in taxi trips. Further, the TNC trips increase is of a larger magnitude than a simple shift of taxi trips illustrating how TNC trips are contributing to increased ridehailing demand (except for February). The model outputs are provided at a fine spatial resolution that can be employed by city planners and ridehailing operators to effectively plan and manage for changing ridehailing patterns. 





Figure 2 Sample predictive performance measure.
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Figure 3 Predicted trip comparison
[bookmark: _Hlk58875644]Table 2 Percentage changes in demand by months 
	Ridehailing Modes
	Feb-19
	Mar-19
	Apr-19
	May-19
	Jun-19

	TNC Trips
	0.390
	3.446
	3.406
	3.366
	1.595

	Taxi Trips
	-2.928
	-1.338
	-1.396
	-1.429
	-4.651

	Total Trips
	-0.482
	2.220
	2.218
	2.218
	0.157


 

Elasticity Analysis
[bookmark: _Hlk61561447]The parameters of the independent variables in Table 1 do not directly provide the exact magnitude of the effects of variables on the taxi zone level trip demand and proportion of the trips. In order to highlight the effect of various attributes on total trips and proportion across ridehailing alternatives, an elasticity analysis is conducted (see Eluru & Bhat (67) for a discussion on the methodology for computing elasticities). For this purpose, we identify a subset of variables including population density, job density, median income, proportion of zero car household, transit score, non-motorized vehicle score, residential area, park area, airport indicator, bike lane length, number of bike stations and street length. Table 3 presents elasticity analysis results for both model components. For the first component, we investigate the percentage change in the expected taxi zone level trip counts in response to a 10% change in the explanatory variable. From the results, it is found that job density in the taxi zone has the highest impact on total ridehailing trips made in that zone. It is particularly interesting to note the significantly larger influence of job density relative to population density on ridehailing demand potentially highlighting how ride hailing demand is closely associated with employment opportunities. In their study, Correa et al. (34) found that job density affected ridehailing demand while population density was not significant. The median household income and share of zero car households also have a considerable influence on ridership (Correa et al. (34) observed the negative impact of higher vehicle ownership and positive influence of income on ridehailing demand). Further, transit score and non-motorized vehicle score highly affect the total ridehailing trips (see Correa et al. (34) for similar results). Of course, it is important to recognize that altering these variables by 10% within a taxi zone is not a simple process and could potentially take several years. For the second component, we investigate the percentage change in the predicted proportion of trips for each mode considered in response to a 10% in the explanatory variable. The reader should note that these elasticity effects are directly associated with the proportion of trips (not actual trips by these alternatives). Hence, while the proportion of an alternative might increase or reduce, the actual change in the alternative trips will depend on the net effect of the two components. From the analysis, it is found that Job density, bike lane density, and street length variables positively influence TNC proportion. Proportion of zero car households in the taxi zone has a significant positive impact on Green Taxi proportion. Median Income and Park area variables affect Yellow Taxi mode proportion positively. 
[bookmark: _Hlk58876593]Table 3 Elasticity analysis results
	Ridehailing Alternatives
	Total trips
	Yellow Taxi
	Green Taxi
	TNC

	Population Density 
	0.5511
	2.519
	-4.637
	-0.075

	Job Density
	17.835
	-4.351
	-5.879
	1.677

	Median Income 
	6.442
	5.222
	-1.732
	-1.034

	Zero Car HH 
	6.932
	-4.121
	12.493
	-0.424

	Transit Score  
	15.439
	0.000
	0.000
	0.000

	Non-motorized Score 
	-10.127
	0.000
	0.000
	0.000

	Residential Area 
	3.591
	0.000
	0.000
	0.000

	Park Area
	2.371
	2.965
	-1.315
	-0.550

	Bike Lane Density
	-1.647
	-1.056
	0.480
	0.195

	Bikeshare Stations 
	-0.401
	0.102
	-0.409
	0.022

	Street Length
	0.371
	-4.532
	1.949
	0.848


[bookmark: _Hlk60960334]1 = percentage change in demand due to change in the independent variables
Conclusions
We develop an innovative joint econometric model system to study two components of the ridehailing demand transformation; (a) the increase in ridehailing demand and (b) the shift from traditional taxi services to TNC services. The first component is analyzed adopting a negative binomial count model while the second component is analyzed using a multinomial fractional split model. The two model components are stitched together in a joint framework that allows for the influence of repeated observations as well as for the presence of common unobserved factors affecting the two components.	
	The data for our analysis is drawn from New York City Taxi & Limousine Commission (NYTLC) for four years from January 2015 through December 2018. The model estimation considered a comprehensive set of independent variables. Among those tested,  F for the total trip component, land use and built environment variables (such as population density, job density, median income, transit score, non-motorized vehicle score, restaurants and cafes, points of interest and presence of airport),  transportation infrastructure variables (such as bicycle and public transit infrastructure), temporal and weather attributes (such as season and snow depth) offer significant impacts. For the proportion model component, we observe that only a subset of these variable offer significant parameters. Several variables such as population density and job density offer significant impacts. However, the impact is specific to a subset of ridehailing alternatives. In terms of the influence of common unobserved factors in the joint model, only one variable capturing the interconnectedness between Yellow Taxi and TNC proportions was found to be significant. 
	The model estimation effort was augmented via a comprehensive estimation sample prediction, hold-out sample prediction and elasticity analysis exercises. First, we compared the performance of the model on the estimation sample and validation sample (for the same time frame). Second, we examined the performance of the model on data from the model future for examining prediction performance in the future. Finally, to illustrate the impact of various independent variables an elasticity exercise is conducted. The comparison exercise is conducted using a host of traditional metrics used for model evaluation. It is encouraging to observe that the 
proposed model provides excellent match with estimation and validation datasets for the estimation time frame. Further, the performance of the model is quite good even for prediction into the future. The results indicate that the predicted model tracks the evolving trends by ridehailing alternatives very closely. Finally an elasticity exercise was conducted to identify the important variables affecting the two components of the joint model. From our analysis, job density, employment density, households with zero vehicle ownership, bike infrastructure and transit score significantly affect ridehailing demand and the proportion across various ridehailing alternatives.  
	The proposed framework can be employed by urban transportation agencies to understand the influence of emerging TNC demand at a fine spatial and temporal resolution while accommodating for the influence of a host of variables. The high resolution framework is sensitive enough to accommodate for various scenario impacts such as future developments in the urban region, incentive/penalty structures on TNC and evolving land use and built environment patterns. Further, the model outputs can be useful for long range planning exercises. The ridehailing demand estimates from the joint model can be combined with passenger demand from a four step or activity based model to conduct an assessment of urban travel patterns and spatio-temporal congestion profiles. 
	To be sure, the study is not without limitations. It might be interesting to enhance the study methodology by accounting for unobserved temporal effects (heteroscedasticity) across the multiple years of data. In future efforts, it might also be useful to include monthly economic indicators (such as employment and wages) in the model to control for macroeconomic conditions. Finally, access to more details on trip pricing and travel time can allow the development of more advanced and realistic demand frameworks. 
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Yellow Taxi	Jan'2015	July'2015	Jan'2016	July'2016	Jan'2017	July'2017	Jan'2018	July'2018	Dec'2018	12.493828000000001	12.193459000000001	13.090248000000001	12.842881	12.947186	12.135774	11.392246999999999	10.967544	11.064942	12.131672999999999	11.134618	11.283962000000001	10.728018	11.196827000000001	12.020002	11.752995	11.680054	10.988234	10.155422	9.8060580000000002	9.9784520000000008	10.697661999999999	9.9469879999999993	10.249336	9.5400910000000003	9.0127710000000008	10.108437	9.9002160000000003	9.9523829999999993	9.5162370000000003	8.4718459999999993	8.6485664999999994	8.8252869999999994	9.6279749999999993	9.1274890000000006	9.3306660000000008	8.6011830000000007	8.3550280000000008	9.2666310000000003	9.1552140000000009	9.0953789999999994	8.5873939999999997	7.7325039999999996	7.7410040000000002	7.9295850000000003	8.6718119999999992	7.9943609999999996	8.0094560000000001	Green taxi	Jan'2015	July'2015	Jan'2016	July'2016	Jan'2017	July'2017	Jan'2018	July'2018	Dec'2018	1.504896	1.571202	1.7184699999999999	1.660615	1.7830820000000001	1.635321	1.538427	1.52919	1.491814	1.627092	1.5266580000000001	1.6046469999999999	1.441605	1.5068969999999999	1.572865	1.5403290000000001	1.533574	1.401688	1.3296239999999999	1.2448980000000001	1.159923	1.2502009999999999	1.145958	1.221671	1.0621860000000001	1.0155240000000001	1.1499600000000001	1.0735539999999999	1.0518019999999999	0.96952000000000005	0.90795499999999996	0.91354500000000005	0.91913500000000004	0.91902300000000003	0.867483	0.89947600000000005	0.79226099999999999	0.76876900000000004	0.835812	0.79888899999999996	0.79599299999999995	0.73814900000000006	0.68331399999999998	0.66504799999999997	0.66550799999999999	0.70942099999999997	0.65572900000000001	0.68410899999999997	Ride Hailing	Jan'2015	July'2015	Jan'2016	July'2016	Jan'2017	July'2017	Jan'2018	July'2018	Dec'2018	2.1175000000000002	2.4984890000000002	2.508391	2.7128519999999998	3.160488	3.1936119999999999	3.5462729999999998	4.0368060000000003	4.5806079999999998	5.5640960000000002	5.3995499999999996	5.7757350000000001	5.6361350000000003	6.3237730000000001	6.4622339999999996	6.7671720000000004	7.2652060000000001	7.2580929999999997	7.6943979999999996	7.8063289999999999	8.4009339999999995	9.0073779999999992	8.8784290000000006	10.008509	9.9120709999999992	9.6748519999999996	11.48897	10.846271	11.748441	12.018335	12.483927	12.905953	13.327978999999999	14.435352	14.694243	16.226894999999999	16.179039	15.916829999999999	18.307226	17.911418999999999	18.333743999999999	18.015125000000001	18.857063	19.203709	19.241869000000001	20.335222000000002	20.040227000000002	20.929113000000001	
Trips (Millions)




Yellow Taxi	Jan'15	July'15	Jan'16	July'16	Jan'17	July'17	Jan'18	July'18	Dec'18	0.77523295779458012	0.74975997884788614	0.75591416558040947	0.74597010934026198	0.72368020669445154	0.71535417617292185	0.69140520995788846	0.66335122423872928	0.6456618415761024	0.62784041141733615	0.61650657616656068	0.60457319046412772	0.60250274096727585	0.58845506584497165	0.59934886391247788	0.58587758747341045	0.57034760865779766	0.55925415366386888	0.52949511987938758	0.52001430746790966	0.5106860227247545	0.51050054733324235	0.49806225159759904	0.47716792128835678	0.46504480668846992	0.45742799360934577	0.44437833178670744	0.45372123727906838	0.43741689420816743	0.42286696126197848	0.38748405578408218	0.39296457287019532	0.39837345233561355	0.3853910861067914	0.36969539128724832	0.3526723721934546	0.33634524265789911	0.33365889759869033	0.32617877385336663	0.32854988325716633	0.32224416721617727	0.31408866820664366	0.28352354853893141	0.28037200322016553	0.28485813214818484	0.29181852276794118	0.27864317428071639	0.27038257648413827	Green taxi	Jan'15	July'15	Jan'16	July'16	Jan'17	July'17	Jan'18	July'18	Dec'18	9.3377704355561197E-2	9.6611173112219964E-2	9.9235386229883982E-2	9.6455705937170885E-2	9.9664989003259555E-2	9.6395475618883369E-2	9.3368449871204906E-2	9.249017451797982E-2	8.7050377175859714E-2	8.4205542854135312E-2	8.452869209857844E-2	8.5973929756116799E-2	8.0962854824826888E-2	7.9195755490067868E-2	7.8427179199945185E-2	7.6784193172491841E-2	7.4885806486834169E-2	7.1339929249850428E-2	6.9325471583013568E-2	6.6016820555026876E-2	5.936356295916094E-2	5.9660540291567157E-2	5.7380025161011698E-2	5.6876095345910031E-2	5.17777118726854E-2	5.1541208112592371E-2	5.0553543185899275E-2	4.9200365847158582E-2	4.6227718945496668E-2	4.3081942608482048E-2	4.1527913263465409E-2	4.1508707913930312E-2	4.1489753603763162E-2	3.6786891545431077E-2	3.5136111050918385E-2	3.3997609029310427E-2	3.0980996252886354E-2	3.0700868632402855E-2	2.94199837386349E-2	2.8669443192200023E-2	2.8201584716250592E-2	2.699820648127544E-2	2.5054705441643659E-2	2.4087423284830319E-2	2.390735023455505E-2	2.3873002348362211E-2	2.285541146164401E-2	2.3094097029309774E-2	Ride Hailing	Jan'15	July'15	Jan'16	July'16	Jan'17	July'17	Jan'18	July'18	Dec'18	0.13138933784985862	0.15362884803989388	0.14485044818970649	0.15757418472256718	0.17665480430228886	0.18825034820819481	0.21522634017090667	0.24415860124329092	0.26728778124803793	0.28795404572852851	0.29896473173486088	0.30945287977975544	0.31653440420789725	0.3323491786649605	0.32222395688757688	0.33733821935409775	0.35476658485536822	0.36940591708628073	0.40117940853759892	0.4139688719770635	0.42995041431608455	0.42983891237519051	0.44455772324138926	0.46595598336573318	0.48317748143884465	0.4910307982780619	0.50506812502739329	0.49707839687377309	0.51635538684633586	0.53405109612953949	0.57098803095245243	0.58640727433012341	0.60162496776439778	0.57782202234777758	0.59516849766183333	0.61333001877723492	0.63267376108921458	0.63564023376890677	0.64440124240799845	0.64278067355063362	0.64955424806757212	0.65891312531208091	0.69142174601942497	0.6955405734950042	0.69123451761726007	0.68430847488369662	0.69850141425763956	0.70652332648655192	
Trips  Share (%)




Estimation	Yellow Taxi	Green Taxi	TNC	-4.3999999999999997E-2	-0.16	9.8000000000000004E-2	Validation	Yellow Taxi	Green Taxi	TNC	-9.8000000000000004E-2	-0.186	-2.3E-2	MPE




Estimation	Yellow Taxi	Green Taxi	TNC	0.23100000000000001	0.19	0.11799999999999999	Validation	Yellow Taxi	Green Taxi	TNC	0.23200000000000001	0.22	2.5999999999999999E-2	
MAPE




Estimation	Yellow Taxi	Green Taxi	TNC	4.4210000000000003	0.99	4.431	Validation	Yellow Taxi	Green Taxi	TNC	4.7629999999999999	0.97599999999999998	4.673	
RMSE




Total No. of Trips (in Million)

Observation	7.6678309999999996	7.0191889999999999	7.832325	7.4331519999999998	7.5653600000000001	6.9406290000000004	Prediction	7.40431303	7.2050238699999998	7.1223613800000001	7.0364666600000003	6.9475300300000002	6.6375300300000006	Yellow Taxi



Observation	0.789018	0.57286999999999999	0.59821299999999999	0.51201700000000006	0.50254100000000002	0.46876400000000001	Prediction	0.45022612000000001	0.41919009000000002	0.39964388000000001	0.38083821000000001	0.36275742	0.33275741999999997	Green Taxi



Observation	21.311973999999999	21.865819999999999	25.193614	23.642841000000001	24.367498000000001	24.969771000000001	Prediction	22.02351621	22.109761579999997	22.871603579999999	23.65057084	24.446813469999999	24.836615760000001	TNC



Observed	Jan'19	Feb'19	March'19	April'19	May'19	June'19	29.768823000000001	29.457878999999998	33.624152000000002	31.588010000000001	32.435398999999997	32.379164000000003	Predicted	Jan'19	Feb'19	March'19	April'19	May'19	June'19	29.878055360000001	29.733975539999999	30.393608839999995	31.067875709999999	31.757100919999999	31.806903210000002	
Total Trips




