Predicting the price of taxicabs using Artificial Intelligence: A hybrid approach with clustering and ordinal regression 
Abstract
[bookmark: _Hlk150627280]With the increasing popularity of ride-hailing services, it becomes important to build transparent and explainable pricing models using AI. While the literature on this domain is growing steadily, the application of AI in pricing prediction is relatively new. We drew upon the New York City Taxi dataset to build pricing prediction models to bridge this gap. Our contributions are as follows. First, we created unique clusters for yellow and app-based cabs, leading to a dynamic pricing mechanism across different zones in New York City. Second, we converted a prediction problem into a classification problem by transforming the prices into four distinct quartiles. Third, we applied variable importance schemes to generate top predictors in each cluster. Fourth, our study reveals that differential effects of each predictor for cab-pricing across different clusters exist. Fifth, the “congestion surcharge” is significant for only a few clusters, and imposing such surcharges could hurt the overall taxicab industry. In this manner, our study contributes to the academic literature on taxicab pricing by offering transparent and actionable insights for stakeholders and policymakers, informed by robust AI-driven pricing models and empirical analyses of real-world data.Top of Form
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1. Introduction and Motivation
Taxis and cabs are high-end transportation modes that provide speedy, comfortable, and point-to-point service with 24-hour availability in many urban areas. The global market of the transportation service industry has increased in past decades and is expected to be valued at $7,518.4 billion at the end of 2023[footnoteRef:1]. In the United States, taxis are responsible for approximately 172 million annual trips, representing 11% of all fare-paying passengers. Similarly, in Hong Kong, more than one million people are served daily by these taxis, representing 10% of daily passenger transit volume (HKSAR Government, 2007). This statistic emphasises the importance of taxi services in populous and urban cities. [1:  https://www.intuz.com/blog/boost-market-value-with-ai-taxi-app-development ] 

	In the past few years, the New York City Taxi and Limousine Commission has increased the fares for yellow taxis, increasing overall charges by 23%[footnoteRef:2]. Similarly, when the congestion rates increased, it affected the operation of yellow taxis in New York City[footnoteRef:3]. Due to the easy availability of app-based taxi aggregators like Uber and Lyft, this pricing war is more prevalent in metropolitan operational areas[footnoteRef:4]. Therefore, the pricing mechanism in taxi services is very critical and complex (Li et al., 2021). There is always an intense pricing war between local non-app-based and app-based service providers like Uber, Lyft and Go. Recently, Uber has been outmanoeuvred in one of Japan's world’s largest taxi markets by Go, a local app-based taxi provider[footnoteRef:5]. In a similar context, South Korea-based local service provider Kakao Taxi captured most of the market share[footnoteRef:6]. Scholars also show that sometimes street-hailing can be more cost-efficient than e-hailing (Vignon et al., 2023).  [2:  https://www.nytimes.com/2022/11/17/nyregion/taxi-fare-hike-nyc.html ]  [3:  https://nypost.com/2022/10/12/congestion-pricing-will-kill-nycs-iconic-yellow-cabs/ ]  [4:  https://www.wsj.com/articles/new-york-taxi-drivers-see-state-fee-as-blow-to-battered-industry-1522620969 ]  [5:  https://www.wsj.com/articles/the-taxi-prince-is-taking-on-uberand-winning-60f883df ]  [6:  https://www.wsj.com/articles/the-taxi-prince-is-taking-on-uberand-winning-60f883df ] 

In the current global scenario, every organisation is following dynamic pricing where, with the help of sophisticated prediction modelling, they can vary the prices from minute to minute[footnoteRef:7]. The pricing of Uber is quite different from the yellow cab. The metered rate on yellow cabs is different from the Uber platform pricing. In yellow cabs, drivers can earn less, more, or even the same money compared to the Uber booking platform, where the expected earnings are also provided in the latter. Based on the expected earnings, drivers can accept or decline the rides[footnoteRef:8]. So, to increase the revenue of taxi service providers, there should be an efficient pricing prediction model. Artificial Intelligence (AI) plays a big role in developing any taxi booking app. It helps predict pricing based on demand, supply, traffic conditions, and time of day, regulating the demand during each period (Li et al., 2021). [7:  https://www.wsj.com/articles/now-prices-can-change-from-minute-to-minute-1450057990 ]  [8:  https://www.wsj.com/articles/uber-reaches-deal-to-list-all-new-york-city-taxis-on-its-app-11648123201 ] 

[bookmark: _Hlk150643377]Artificial Intelligence (AI) is related to making machines or software mimic human behaviours and intelligence, eventually superseding, or augmenting human work. AI consists of a broad range of tools and techniques that allow machines to execute jobs that usually need human intelligence. Thus, AI tools and techniques play an important role in prediction models across domains, including finance, hospitality, healthcare, marketing, logistics, and more. For instance, Vijh et al. (2020) predicted the stock price of an organisation to maximise the profit and minimise the losses; Aghashahi and Bamdad (2023) predicted the future price of Bitcoin and Lee et al. (2020) developed a prediction model for the helpfulness of restaurant reviews that could help businesses make effective customer decision-making by using AI techniques. AI is becoming the new foundation of business operations and logistics (Rajendran et al., 2021) that has transformed the very nature of companies, how they operate and how they compete (Luo et al., 2019; Iansiti & Lakhani, 2020; Cheng et al., 2022). Amazon employed AI to predict product demand based on customer browsing patterns and purchase history[footnoteRef:9].  [9:  https://www.forbes.com/sites/amazonwebservices/2021/12/03/predicting-the-future-of-demand-how-amazon-is-reinventing-forecasting-with-machine-learning/?sh=6ad12ebf1b6b
] 

While the recent literature has been growing steadily in the taxicab context, which examines them in multiple dimensions – pricing, demand, traffic-flow forecasting and shared mobility, the application of AI in each of these domains is relatively new (Avdeenko & Khateev, 2019; Kim, 2011; Liu et al., 2022; Ushakov et al., 2022). In this aspect, many factors influence the final pricing of the cab booking, such as congestion time, toll tax, travel distance, and booking time (Agarwal et al., 2022; Liu et al., 2022; Rammohan et al., 2023). In urban cities, parameters like distance to travel, timing of the bookings, and tolls are very important to set the final fare. Also, the anecdotal evidence highlights the importance and need for an efficient model to predict the pricing of products and services. In this context, our study focuses on taxi booking services and develops a prediction model to calculate the final price charged to passengers. Therefore, in this study, we explore the following three broad research questions:
RQ1: What are the major predictors of final prices of taxi services in metropolitan cities?
RQ2: What can be an effective mechanism of taxi zoning that policymakers and firms can adopt?
RQ3: How can we explain the differential effects in pricing prediction using classifier models?
In this study, we developed ordinal-logit-based models to predict the price of trips from yellow and app-based cabs. The contributions of our study are the following. First, we build AI-based predictive models for pricing in taxicab services. Second, we converted a prediction problem into a classification problem by transforming a continuous variable (i.e., price) into four quartiles. Third, we identify distinct clusters within the New York City taxi zones that are flexible yet responsive towards decision-making for firms operating in this business and beneficial for policymakers. We proposed unique clusters from two important predictors – pickup and drop-off locations, leading to eight and nine clusters for yellow cab and app-based cabs, respectively.  Fourth, we built variable importance schemes using the predictors of taxi fares for each of these clusters, leading to dynamic pricing models applicable to different zones within New York City.
The remaining structure of the paper is as follows. Section 2 presents the literature review. Section 3 describes the data. Section 4 presents the empirical modelling, Section 5 presents the results, while Section 6 discusses the results and findings. Section 7 presents our study’s theoretical and managerial implications. Finally, Section 8 concludes this study with limitations and directions for future research. 
2. Background Literature
[bookmark: _Hlk146218050]Taxi service is one of the convenient public transportation options, which entails hiring a taxi for a particular trip or duration and providing a pliable door-to-door facility (Qian & Ukkusuri, 2015). Yellow taxi is one of the traditional transportation modes where the passenger can book their cab on the street or at the designated taxi stand. In contrast, an app-based taxi is a technologically advanced means of transportation that allows passengers to book rides by requesting nearby drivers using a mobile app. Nowadays, app-based ride-hailing companies such as OLA and Uber have gained traction over traditional taxi services for booking taxis. With the help of these apps, passengers can connect nearby drivers with all relevant information (such as taxi numbers or driver details), enabling them to make quick bookings and cashless transactions. In 2015, the NYC Taxi & Limousine Commission had 13,587 registered yellow taxis and 7,676 green taxis (Blasio & Joshi, 2016). The difference between yellow and green taxis is that green taxis can only pick up street hails in outer boroughs, while yellow taxis can provide service in the whole city.
[bookmark: _Hlk150643451]	Due to the rapid expansion of taxi services worldwide, numerous academic research has examined the different aspects of taxi-related issues. These studies are identified and categorised into two main groups. The first group is aimed at the operational and quantitative analysis of taxi services (In both ride-hailing and traditional taxis). This group focused on taxi services from different views, such as operational hours in Taipei city (Chang et al., 2010), congestion time (Yang et al., 2005; Liu et al., 2010), airport fees (Wadud et al., 2020; Choi & Park, 2022), Weather condition (Sun et al., 2020) and demand pricing (Yang et al., 2002; Yang et al., 2010; Zhong et al., 2022). Many researchers conducted their studies on the identification and analysis of factors affecting the successful adoption of ride-hailing services (Acheampong et al., 2020; Loa & Habib, 2021; Mitropoulos et al., 2021; Irawan et al., 2022; Laosinwattana et al., 2022). Few studies highlighted the factors which affect the ride-hailing demand and price, including traffic congestion, weather conditions, access time and transit destination (Liu et al., 2021; Wei et al., 2022; Agarwal et al., 2023; Vignon et al., 2023; Wang et al., 2023). In addition, several studies also examined the accident and safety issues in taxi services (Peng et al., 2020a; Peng et al., 2020b; Pan et al., 2022).  
	Wang et al. (2018) developed a system dynamics model of taxi operations under different scenarios for providing more efficient and integrated taxi dispatching (moving according to demand and supply) mechanisms in metropolises. In continuation, Kamga et al. (2012) suggested using integrated technologies for managing and streamlining the taxi dispatch at John F. Kennedy Airport. Apart from taxi dispatch operation, optimal routing of a vacant taxi is one of the prime concerns in taxi operations. Yu et al. (2019) investigated the vacant taxi routing problem by formulating a Markov decision process to optimise long-term expected profit and be computationally efficient. Similarly, Sayarshad et al. (2021) developed a dynamic routing model for electric taxis to maximise social welfare rather than reduce operational costs. Lei et al., 2020 analytically examine the regulation strategies on price control, Quantity restriction and taxes of the ride-hailing market through evolutionary game theory. 
	The second group focuses on the studies that performed analytical and quantitative analysis using trip datasets. Wang et al. (2016) investigated the pricing strategies of a ride-hailing platform in the context of the overall taxi market equilibrium through quantitative techniques. Similarly, many researchers employed analytical and quantitative approaches, including ordinal-logit, binary logistic regression, and clustering techniques (Liu et al., 2020; Alimo et al., 2022; Aguilera-García et al., 2022). Shi et al. (2022) examined the factors contributing to aberrant driving behaviours and road accidents among Chinese ride-hailing drivers using ordinal and binary logistic regression. Similarly, Yang et al. (2014) modelled the choice between transit and taxi modes using the NYC taxi trip dataset. Similarly, Parfenov et al. (2014) used the NYC taxi trip data to compare trip characteristics between summer (July) and non-summer (March) months. Using ordinal logit models, Tirachini and del Río (2019) computed the monthly frequency of ride-hailing use among affluent and young travellers. Many researchers conducted their studies using ordinal logistics modelling in different domains (Jayaram et al., 2010; Pérez-Ortiz et al., 2014; Qiao et al., 2021). In this regard, Abdella et al. (2020) assessed the sustainability impacts of food consumption integrated with economic input-output life cycle assessment through k-means clustering and logistic regression. We further summarised the literature on taxi services, as shown in Table 1.
	Table 1. – Summary of related literature on taxi cabs

	S.No
	Author
	Objectives
	Methodology
	Contribution

	1
	Wang et al. (2023)
	To efficiently estimate the real demand for street-hailing taxis utilising GPS data.
	Probabilistic model,
Recursive decomposition
	To analyse the taxi demand and propose more effective search strategies

	2
	Poongodi et al. (2022)
	To predict the
duration and price of a taxi trip
	XGBoost and Multi-Layer Perceptron models
	Prediction of
the taxi trip duration – is helpful in better planning

	3
	Li & Szeto (2021)
	To extend the traditional aggregate taxi model to describe the supply of rentee drivers
	Economic model
	Investigating the impact of taxi fleet size and fare adjustments on drivers and customers.

	4
	Dey et al. (2021)
	To examine taxi zones based on the demand data of NYC taxis for each month
	NB-MNL Fractional split model,
Time elapsed
Correlation
	The proportion of yellow cabs versus app-cabs operating in the NYC taxi industry.

	5
	Kim et al., (2020)
	To assess
demand volumes between two modes through a deep learning model.
	Linear regression
	To develop an efficient demand management system for the short-term period.

	6
	Ulak et al., (2020)
	To examine the value of convenience associated with taxis in New York City
	Multilevel modelling
	The trade-off between travel time and convenience

	7
	Nguyen-Phuoc et al. (2020)
	To explore the factors influencing ride-hailing passenger
satisfaction and loyalty intention
	Partial Least Squares - Structural Equation Modelling
	Suggestions to ride-hailing service providers on retaining existing passengers and help distinguish themselves from stiff competition.

	8
	Lokhandwala and Cai (2018)
	To analyse the potential benefits and drawbacks of traditional taxis and ridesharing.
	Agent-Based Model, Simulation
	This study focuses on reducing the fleet size without increasing waiting time.

	9
	Yazici et al., (2016)
	To determine and measure the variables that influence taxi drivers’ choice of airport pickup location
	Logistic regression
	This paper helps identify and rank factors affecting the driver’s decisions regarding the airport pickup location.

	10
	Kamga et al. (2015)
	To analyse the effect of weather on the revenue system for cab drivers
	Computational analysis
	Change in ridership and taxi supply for different periods and weather.

	11
	Yang et al. (2010)
	To examine the effects of nonlinear fare structures on taxi markets

	Optimisation
	Taxi fare discounts, long queues at problem spots.

	12
	Our study
	To predict the price of a taxicab ride through AI techniques
	Clustering and ordinal regression
	Propose novel taxi zones, variable importance schemes


3. Data Collection and Cleaning Steps
3.1 Data Source
The trip data for our study was publicly available on the New York City Taxi and Limousine Commission (NYCTLC) website for public use[footnoteRef:10]. The agency provides aggregated data from all transportation companies, including traditional yellow taxis and four app-based services - Uber, Lyft, Juno, and Via. The trip itinerary dataset for our modelling was collected for the period ranging from January 2022 to December 2022 for yellow taxis and four app-based services. The open dataset provides information on many variables, from which we selected those relevant to our analysis, e.g., passenger count, trip distance, rate codes, congestion surcharge and airport fees. The original data is available in PARQUET format at the source website. We read the datasets using the arrow package and created a tibble data format for subsequent analysis in the R platform.  [10:  https://www1.nyc.gov/site/tlc/about/tlc-trip-record-data.page ] 

3.2 Data Cleaning and Feature Engineering
To enhance the performance, interpretability and efficiency of machine learning models, relevant features (input variables) are selected, transformed, and created from raw data (Turner et al., 1999). This process is known as feature engineering. It is an iterative process and an important step in developing robust and accurate predictive models (Chia et al., 2021).  Before conducting the empirical modelling, we cleaned the dataset. Upon careful inspection, we observed that some records from our final dataset needed to include a few variables. For the yellow cab dataset: (i) we found that there were no data records with “rate code 6” that indicated “group rides”. (ii) The “trip distance” variable was ideally supposed to measure the distance travelled. However, the descriptive statistics revealed that it represented the final taxi meter reading, not the difference between the initial and final readings. For instance, the mean was 16.487, std. deviation was 1838.989, with a maximum value of 25892.810. Therefore, we removed the variable from our modelling for yellow cabs. (iii) The data was cleaned to remove any record with payment types 4, 5 or 6 (4= Dispute; 5=Unknown; 6= Voided trip). Next, for the app-cabs dataset: (i) the variable “total time in seconds for passenger trip” was converted to minutes to reduce the variability. (ii)	 Sometimes, the app could not collect data for all fields, especially the flags such as shared match flag, access a ride flag, wav request flag, and wav match flag, and then we removed those incomplete records for these variables. Finally, based on the timestamp of the ride for both yellow cabs and the app-based cabs, we categorised a typical day into five time zones: morning, late morning, afternoon, evening, and late night. This allowed us to have a detailed examination of the trips, including the effect of time on the price variation. The descriptive details of the variables are presented in Tables 2 and 3 for yellow and app-based cabs, respectively. 
	Table 2. Descriptive statistics and a brief description of the variables (Yellow Taxi)

	Variable Name
	Description
	N
	Mean
	Std. Dev.
	Max
	Min

	Passenger Count
	The number of passengers in the vehicle. This is a driver-entered value. (N)
	24,201
	1.357
	0.898
	6.000
	0.000

	Rate Code ID
	The final rate code is in effect at the end of the trip.1= Standard rate; 2=JFK; 3=Newark; 4=Nassau or Westchester; 5=Negotiated fare; 6=Group ride (C)
	24,201
	-
	-
	-
	-

	Store and Fwd Flag
	This flag (=Y) indicates whether the trip record was held in vehicle memory before being sent to the vendor because the vehicle did not connect to the server. (B)
	24,201
	-
	-
	-
	-

	Payment Type
	A numeric code signifying how the passenger paid for the trip.
1= Credit card; 2= Cash; 3= No charge; 4= Dispute; 5=Unknown; 6= Voided trip. The data was cleaned to remove any record with types 4, 5 or 6. (C)
	24,201
	-
	-
	-
	-

	MTA Tax
	MTA (Metropolitan Transportation Authority) tax in USD is automatically triggered based on the metered rate in use. (N)
	24,201
	0.496
	0.044
	0.800
	0.000

	Improvement Surcharge
	Improvement surcharge in USD assessed trips at the flag drop.  (N)
	24,201
	0.998
	0.033
	1.000
	0.000

	Tip Amount
	Tip amount in USD populated for credit card trips. (N)
	24,201
	3.454
	3.815
	99.900
	0.000

	Congestion Surcharge
	The total amount in USD was collected for the congestion surcharge on the trip. (N)
	24,201
	2.304
	0.672
	2.500
	0.000

	Airport Fees
	Flat fees in USD for pick up at LaGuardia and John F. Kennedy Airports. (N)
	24,201
	0.117
	0.364
	1.250
	0.000

	Time of day
	A typical day was categorised into five time zones: morning, late morning, afternoon, evening and late night (C)
	24,201
	-
	-
	-
	-

	Price
	The meter calculates the time-and-distance fare, also known as the fare amount in USD. (N)
	24,201
	18.957
	17.743
	346.000
	0.000




	Table 3. Descriptive statistics and a brief description of the variables (App Cabs)

	Variable Name
	Description
	N
	Mean
	Std. Dev.
	Max
	Min

	Trip Miles
	Total miles for passenger trip (N)
	12,455
	4.666
	5.296
	96.600
	0.000

	Trip Time
	Total time in minutes for passenger trip (N)
	12,455
	17.045
	11.273
	114.533
	1.017

	Tolls
	The total amount in USD of all tolls paid in the trip (N)
	12,455
	0.907
	3.405
	45.050
	0.000

	Congestion Surcharge
	The total amount in USD collected on the trip for the NYC congestion surcharge (N)
	12,455
	1.089
	1.355
	5.500
	0.000

	Airport Fees
	Fees in USD for drop off and pick up at LaGuardia, Newark, and John F. Kennedy airports. (N)
	12,455
	0.148
	0.596
	5.000
	0.000

	Tips
	The total amount in USD of tips received from passenger (N)
	12,455
	0.845
	2.445
	50.000
	0.000

	Driver Pay
	Total drivers pay in USD (not including tolls or tips and net of commission, surcharges, or taxes) (N) 
	12,455
	15.678
	12.129
	189.770
	0.000

	Shared Request Flag
	Did the passenger agree to a shared/pooled ride, regardless of whether they were matched? (Yes/No) (B)
	12,455
	-
	-
	-
	-

	Shared Match Flag
	Did the passenger share the vehicle with another passenger who booked separately at any point during the trip? (Yes/No) (B)
	12,455
	-
	-
	-
	-

	Access a Ride Flag
	Was the trip administered on behalf of the Metropolitan Transportation Authority (MTA)? (Yes/No) (B)
	12,455
	-
	-
	-
	-

	WAV Request Flag
	Did the passenger request a wheelchair-accessible vehicle (WAV)? (Yes/No) (B)
	12,455
	-
	-
	-
	-

	WAV Match Flag
	Did the trip occur in a wheelchair-accessible vehicle (WAV)? (Yes/No) (B)
	12,455
	-
	-
	-
	-

	Time of day
	A typical day was categorised into five time zones: morning; late morning; afternoon, evening, and late night (C)
	12,455
	-
	-
	-
	-

	Price
	Base passenger fare in USD. (N)
	12,455
	19.781
	15.230
	257.410
	2.470



3.3 Transformation of the prices from continuous variable to discrete classes
The response variable in our study, i.e., “the price paid by a passenger at the end of the taxi trip,” is continuous. The preliminary descriptive statistics reveal that the mean, std. deviation and maximum values are 18.957, 17.743 and 346, respectively. While continuous values can be infinitely many in empirical modelling, the response variable, once discretised, can span a limited number of intervals in a continuous spectrum (Delen & Sharda, 2005; Delen et al., 2007). Therefore, it was transformed into four ranges using standard quartiles. In contrast to past literature on pricing prediction (Avdeenko & Khateev et al., 2019; Poongodi et al., 2022), this was an important transformation step that we undertook. In this manner, we converted a prediction problem into a classification one to reduce the error in prediction modelling because (i) discrete values offer a better representation of human knowledge (Simon, 1981); (ii) discrete features are easy to understand, use, and explain (Liu et al., 2002). The following Table 4 explains the discretisation into four quartiles.
	Table 4. – Discretisation of prices based on quartiles

	Type of Cab
	Q1
	Q2
	Q3
	Q4

	Yellow Taxi
	Up to USD 9.30
	USD 9.3-12.80
	USD 12.80-20.50
	USD 20.50 onwards

	App-based
	Up to USD 9.90
	USD 9.3-15.51
	USD 15.51-24.11
	USD 24.11 onwards


3.4 Clustering 
Clustering is one of the unsupervised data mining techniques used for grouping the data objects consisting of n points into a k distinct set of clusters, each group exhibiting common traits throughout the data from which it is formed (Miao et al., 2022; Xie et al., 2020). There are two basic methods used in this technique: (i) a hierarchical approach, such as Ward’s method and a single linkage method (Gagolewski et al., 2016); (ii) a partitioning approach, such as k-means (Cavusgil et al., 2003). Further, we used the Silhouette method to identify the best number of clusters for Yellow Cabs (Figure 1) and App-based cabs (Figure 2).
[bookmark: _Hlk150644573]	              We applied the k-means clustering to segregate the data records more logically across geographical locations. We used two variables: PULocationID (defined as the TLC Taxi Zone in which the taximeter was engaged and DOLocationID (defined as the TLC Taxi Zone in which the taximeter was disengaged)[footnoteRef:11]. Based on this process, we created eight clusters for yellow cabs and nine for app-based cabs and calculated pair values for approximate location IDs – one each for pickup and drop-offs. Figures 1 and 2 show the optimal number of clusters. Tables 5 and 6 provide the details of the clustering that we created according to the pickup and drop-off IDs. We identified the calculated pickup location for each cluster by accurately segregating it into the zone and the borough within New York City, as shown in Figure 3. For instance, Table 5, Cluster 1 indicates all cab rides that began within pickup zone 69 (East Concourse, Bronx) and ended in drop-off zone 144 (Little Italy, Manhattan). [11:  New York Taxi zones: https://data.cityofnewyork.us/Transportation/NYC-Taxi-Zones/d3c5-ddgc ] 

	Table 5. – Calculated clusters depicting trips for yellow cabs

	Cluster
#
	Calculated Pickup
	Calculated Drop-off
	Count

	
	ID
	Zone
	Borough
	ID
	Zone
	Borough
	

	1
	69
	East Concourse
	Bronx
	144
	Little Italy
	Manhattan
	5,280

	2
	150
	Manhattan Beach
	Brooklyn
	238
	Upper West Side North
	Manhattan
	3,127

	3
	240
	Van Cortlandt
	Bronx
	249
	West Village
	Manhattan
	3,281

	4
	238
	Upper West Side North
	Manhattan
	148
	Lower East Side
	Manhattan
	4,024

	5
	233
	Turtle Bay
	Manhattan
	61
	Crown Heights
	Brooklyn
	2,089

	6
	152
	Manhattanville
	Manhattan
	148
	Lower East Side
	Manhattan
	4,439

	7
	70
	East Elmhurst
	Queens
	237
	Upper East Side South
	Manhattan
	2,760

	8
	120
	Highbridge Park
	Manhattan
	56
	Corona
	Queens
	3,925




	Table 6. – Calculated clusters depicting trips for app-based cabs

	Cluster
#
	Calculated Pickup
	Calculated Drop-off
	Count

	
	ID
	Zone
	Borough
	ID
	Zone
	Borough
	

	1
	59
	Crotona Park
	Bronx
	150
	Manhattan Beach
	Brooklyn
	2,098

	2
	55
	Coney Island
	Brooklyn
	236
	Upper East Side North
	Manhattan
	1,985

	3
	49
	Clinton Hill
	Brooklyn
	56
	Corona
	Queens
	2,996

	4
	147
	Longwood
	Bronx
	237
	Upper East Side South
	Manhattan
	1,709

	5
	232
	Two Bridges
	Manhattan
	145
	Long Island City
	Queens
	1,919

	6
	231
	TriBeCa
	Manhattan
	52
	Cobble Hill
	Brooklyn
	1,076

	7
	150
	Manhattan Beach
	Brooklyn
	56
	Corona
	Queens
	1,106

	8
	147
	Longwood
	Bronx
	149
	Madison
	Brooklyn
	1,243

	9
	226
	Stuyvesant Heights
	Brooklyn
	232
	Two Bridges
	Manhattan
	2,868
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	Figure 1 – Optimal number of clusters for Yellow Cabs
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	Figure 2 – Optimal number of clusters for app-based Cabs
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	Figure 3 - New York City Taxi Zones (Adapted from the Princeton University Library)



4. Empirical Modelling
4.1 Using Ordinal Logistic Regression for modelling cab prices 
[bookmark: _Hlk140508453]The usual choice of empirical predictive models is classification techniques for categorical outcomes. Generally, three different classification models are commonly used: Binary Logistic Regression, Multinomial Logistic, and Ordinal Logistic Regression. When there are three or more categories with a natural ordering to the levels, but the ranking of the levels does not necessarily mean the intervals between them are equal, we generally choose the Ordinal Logistic Regression (Agresti, 2010; Osborne, 2017). Extant literature shows that ordinal logistic regression has been commonly used to model customer satisfaction (Aman & Smith-Colin, 2022; Chakraborty et al., 2022; Qiao et al., 2021; You et al., 2012; Zhou & Guo, 2017).
Ordinal logistic regression is a natural augmentation of logistic regression where the logit (i.e., the log odds) of a binary response is linearly related to the independent variables. (Cao et al., 2011) Unlike binary logit regression, where there is just one generalised linear model linking the log odds to the independent variables, ordinal logistic regression has multiple regression lines depending on the number of levels of the response variable (Supsermpol et al., 2023). Assume the response variable has “p” levels; there are (p-1) logits. One of the main assumptions of ordinal logistic regression is the proportional odds: the effect of an independent variable is constant for each increase in the level of the response. Hence, the output of an ordinal logistic regression will contain an intercept for each level of the response except one and a single slope for each explanatory variable.
Let Y be an ordinal response variable with categories. Then  is the cumulative probability of Y less than or equal to a specific category , .   Note that, . Then, the odds of being less than or equal a particular category can be defined by .
For since  and dividing by zero is undefined. Alternatively, we can also write . The log odds can be written as. 
                                                   (1) 
The ordinal logistic regression model can be parametrised based on the features used in the model as follows.
                             (2)
where  are model coefficient parameters (i.e., intercepts and slopes) with “p” predictors for . 
Then, our estimation model for prices of yellow cab rides will be three sets of equations, one each for :



                                                                                     (3)   

And our estimation model for prices of app-based cab rides will be three sets of equations, one each for :



                                                                                                                                                                         (4)   
5. Results
We applied ordinal logistic regression to estimate the prices of cabs using the polr package in the R platform. We performed the modelling exercise twice: once with the yellow-cab data and then with the app-cab one. We present the results from yellow cab pricing models in Tables 7 and 8, while the results from app-based cab pricing models are presented in Tables 9 and 10.
	Table 7. Results with Ordinal logit for modelling “price” (Set 01 Yellow cabs)

	Dependent variable: Price

	
	Overall 
	Cluster 1 
	Cluster 2 
	Cluster 3
	Cluster 4

	Passenger Count 
	0.084
	0.066
	0.093
	0.020
	-0.022

	
	(0.077)
	(0.077)
	(0.083)
	(0.064)
	(0.046)

	RateCodeID2 
	37.265
	22.876
	22.926
	-24.792
	25.372

	
	(0.000)
	(0.010)
	(0.001)
	(20.458)
	(21.681)

	RateCodeID3 
	26.079
	15.664
	-31.612
	-51.195
	27.550

	
	(0.001)
	(1.234)
	(32.859)
	(36.001)
	(0.002)

	RateCodeID4 
	1.336
	1.988
	9.241
	-6.119
	

	
	(0.433)
	(0.122)
	(0.000)
	(0.043)
	

	RateCodeID5 
	15.501
	26.115
	12.672
	20.669
	16.949

	
	(0.780)
	(1.225)
	(1.515)
	(0.001)
	(1.155)

	Payment Type 1 
	-1.255
	-0.668
	-2.050
	-0.777
	-0.981

	
	(0.268)
	(0.112)
	(1.074)
	(0.851)
	(0.599)

	Payment Type 2
	-0.286
	-1.675
	-1.275
	0.286
	0.216

	
	(0.266)
	(0.345)
	(1.062)
	(0.847)
	(0.595)

	Payment Type 3
	-1.198
	-1.092
	-2.337
	0.020
	-1.558

	
	(0.488)
	(0.334)
	(1.664)
	(1.542)
	(1.397)

	MTA Tax
	1.488
	3.334
	3.636
	-4.784
	1.117

	
	(0.455)
	(1.112)
	(0.179)
	(1.246)
	(2.077)

	Improvement Surcharge 
	1.454
	2.334
	0.036
	2.282
	-0.396

	
	(0.620)
	(1.116)
	(0.022)
	(4.568)
	(0.384)

	Tip Amount
	0.324
	0.309
	0.292
	0.329
	0.359

	
	(0.016)
	(0.233)
	(0.067)
	(0.051)
	(0.038)

	Congestion Surcharge
	0.068
	0.195
	0.040
	0.078
	0.599

	
	(0.054)
	(0.006)
	(0.200)
	(0.121)
	(0.176)

	Airport Fees
	-2.890
	-1.776
	-4.378
	-1.330
	-0.507

	
	(0.522)
	(1.113)
	(1.080)
	(0.377)
	(0.450)

	Time of day_Evening
	0.290
	0.334
	0.292
	0.471
	0.365

	
	(0.056)
	(0.044)
	(0.224)
	(0.192)
	(0.129)

	Time of day_Late_Morning
	-1.678
	-1.817
	-1.350
	-1.226
	-1.941

	
	(0.124)
	(0.233)
	(0.494)
	(0.416)
	(0.258)

	Time of day_Late_Night
	0.378
	0.304
	0.118
	0.137
	0.406

	
	(0.377)
	(0.255)
	(0.272)
	(0.219)
	(0.148)

	Time of day_Morning
	-0.579
	-0.607
	-0.946
	-0.691
	-0.709

	
	(0.133)
	(0.190)
	(0.222)
	(0.182)
	(0.127)

	Store and Fwd Flag (Y) 
	0.296
	-2.443
	0.177
	-1.123
	0.309

	
	(0.255)
	(0.255)
	(0.079)
	(0.700)
	(0.650)

	Intercept
	
	
	
	
	

	1|2
	1.126
	2.377
	2.511
	-5.984
	5.770

	
	(1.588)
	(0.776)
	(3.622)
	(3.599)
	(3.599)

	2|3
	4.220
	3.114
	6.204
	-12.773
	9.370

	
	(2.515)
	(0.166)
	(3.631)
	(3.605)
	(3.605)

	3|4
	9.546
	8.990
	11.925
	-6.403
	15.894

	
	(1.752)
	(2.189)
	(3.652)
	(3.631)
	(2.135)

	Observations 
	24,201
	2,792
	1,615
	3,383
	3,518

	Pseudo R Square
	0.632
	0.618
	0.607
	0.665
	0.657

	AIC
	19762.930
	3398.75
	1410.175
	2009.206
	3775.326

	Note: p0.1; p0.05; p0.01 p0.001; Standard errors in parenthesis.
AIC=Akaike Information Criteria

	
Table 8. Results with Ordinal logit for modelling “price” (Set 02 Yellow cabs)

	Dependent variable: Price

	
	Overall 
	Cluster 5 
	Cluster 6 
	Cluster 7
	Cluster 8

	Passenger Count 
	0.084
	0.099
	0.077
	0.048
	0.066

	
	(0.077)
	(0.078)
	(0.057)
	(0.058)
	(0.057)

	RateCodeID2 
	37.265
	15.744
	82.370
	34.738
	42.384

	
	(0.000)
	(4.682) 
	(0.000)
	(0.000)
	(0.000)

	RateCodeID3 
	26.079
	-31.700
	-9.601
	10.955
	24.889

	
	(0.001)
	(3.787)
	(5.067)
	(0.001)
	(0.001)

	RateCodeID4 
	1.336
	
	
	-3.021
	

	
	(0.433)
	
	
	(0.043)
	

	RateCodeID5 
	15.501
	-81.415
	12.611
	14.944
	7.888

	
	(0.780)
	(5.390)
	(2.854)
	(1.822)
	(1.859)

	Payment Type 1 
	-1.255
	-2.468
	-0.559
	-1.873
	-0.260

	
	(0.268)
	(0.843)
	(0.832)
	(0.819)
	(0.673)

	Payment Type 2
	-0.286
	-1.270
	0.702
	-1.095
	0.011

	
	(0.266)
	(0.833)
	(0.828)
	(0.815)
	(0.676)

	Payment Type 3
	-1.198
	-0.594
	-5.759
	-12.382
	-0.245

	
	(0.488)
	(1.208)
	(2.957)
	(3.003)
	(1.204)

	MTA Tax
	1.488
	-19.238
	-4.019
	-2.163
	-12.368

	
	(0.455)
	(3.217)
	(1.096)
	(3.441)
	(4.016)

	Improvement Surcharge 
	1.454
	2.360
	2.812
	1.912
	-1.580

	
	(0.620)
	(0.569)
	(1.434)
	(1.584)
	(0.621)

	Tip Amount
	0.324
	0.331
	0.455
	0.350
	0.134

	
	(0.016)
	(0.060)
	(0.048)
	(0.046)
	(0.035)

	Congestion Surcharge
	0.068
	0.062
	0.034
	-0.193
	0.072

	
	(0.054)
	(0.180)
	(0.259)
	(0.190)
	(0.093)

	Airport Fees
	-2.890
	-6.363
	-7.818
	-4.797
	-0.886

	
	(0.522)
	(3.228)
	(3.862)
	(1.742)
	(0.933)

	Time of day_Evening
	0.290
	0.125
	0.372
	0.277
	0.104

	
	(0.056)
	(0.215)
	(0.140)
	(0.148)
	(0.180)

	Time of day_Late_Morning
	-1.678
	-1.429
	-2.171
	-2.666
	-1.770

	
	(0.124)
	(0.409)
	(0.337)
	(0.448)
	(0.337)

	Time of day_Late_Night
	0.378
	-0.023
	0.062
	0.107
	-0.100

	
	(0.377)
	(0.253)
	(0.174)
	(0.180)
	(0.222)

	Time of day_Morning
	-0.579
	-0.580
	-0.846
	-0.932
	-0.687

	
	(0.133)
	(0.203)
	(0.145)
	(0.154)
	(0.174)

	Store and Fwd Flag (Y) 
	0.296
	2.580
	0.365
	0.429
	-0.812

	
	(0.255)
	(0.901)
	(0.079)
	(0.700)
	(0.931)

	Intercept
	
	
	
	
	

	1|2
	1.126
	-70.459
	8.437
	4.447
	-3.964

	
	(1.588)
	(7.564)
	(1.802)
	(2.821)
	(3.632)

	2|3
	4.220
	-67.039
	12.195
	8.268
	-0.805

	
	(2.515)
	(7.568)
	(1.818)
	(2.824)
	(3.630)

	3|4
	9.546
	-60.564
	19.775
	15.630
	5.409

	
	(1.752)
	(7.586)
	(1.886)
	(2.845)
	(3.627)

	Observations 
	24,201
	2,327
	4,177
	1,556
	4,833 

	Pseudo R Square
	0.632
	0.594
	0.626
	0.634
	0.591

	AIC
	19762.930
	1547.494
	2721.755
	2712.271
	2160.295

	Note: p0.1; p0.05; p0.01 p0.001; Standard errors in parenthesis.
AIC=Akaike Information Criteria



	Table 9. Results with Ordinal logit for modelling “price” (Set 01 App-based cabs)

	Dependent variable: Price

	
	Overall 
	Cluster 1 
	Cluster 2 
	Cluster 3
	Cluster 4

	Trip Miles 
	0.474
	0.524
	0.481
	0.473
	0.530

	
	(0.024)
	(0.073)
	(0.071)
	(0.085)
	(0.063)

	Trip Time
	0.002
	0.002
	0.001
	0.001
	0.002

	
	(0.000)
	(0.000)
	(0.000)
	(0.004)
	(0.000)

	Tolls 
	-0.035
	0.006
	-0.239
	-0.047
	0.166

	
	(0.014) 
	(0.102) 
	(0.086)
	(0.029)
	(0.118)

	Congestion Surcharge
	0.246
	0.257
	0.276
	0.276
	0.137

	
	(0.019)
	(0.058)
	(0.059)
	(0.061)
	(0.063)

	Airport Fees
	0.335
	0.292
	0.456
	0.304
	-0.121

	
	(0.083)
	(0.188)
	(0.201)
	(0.254)
	(0.000)

	Tips
	0.067
	0.081
	0.033
	0.073
	0.124

	
	(0.016)
	(0.048)
	(0.042)
	(0.049)
	(0.042)

	Driver Pay
	0.450
	0.388
	0.462
	0.529
	0.388

	
	(0.014)
	(0.041)
	(0.042)
	(0.045)
	(0.033)

	Shared_match_flagY
	12.233
	11.877
	9.162
	10.113
	8.552

	
	(0.000)
	(2.135)
	(3.093)
	(1.177)
	(2.252)

	Access_a_ride_flagN
	0.339
	0.196
	0.538
	0.703
	0.142

	
	(0.058)
	(0.171)
	(0.190)
	(0.193)
	(0.137)

	Wav_request_flagY
	-5.561
	-5.336
	-1.132
	0.894
	-2.003

	
	(0.001)
	(0.015)
	(0.372)
	(0.000)
	(0.000)

	Wav_match_flagY
	-0.917
	-0.783
	-0.564
	-0.767
	-0.842

	
	(0.116)
	(0.320)
	(0.112)
	(0.341)
	(0.304)

	Time of day_Evening
	-0.014
	0.022
	0.262
	-0.025
	-0.097

	
	(0.077)
	(0.236)
	(0.227)
	(0.263)
	(0.181)

	Time of day_Late_Morning
	0.112
	0.212
	0.220
	-0.110
	-0.068

	
	(0.111)
	(0.326)
	(0.345)
	(0.411)
	(0.259)

	Time of day_Late_Night
	0.014
	-0.006
	0.424
	0.186
	-0.259

	
	(0.091)
	(0.273)
	(0.284)
	(0.299)
	(0.224)

	Time of day_Morning
	0.008
	-0.086
	0.331
	-0.047
	-0.269

	
	(0.070)
	(0.222)
	(0.215)
	(0.240)
	(0.164)

	Intercept
	
	
	
	
	

	1|2
	5.478
	5.112
	5.593
	5.480
	5.400

	
	(0.109)
	(0.336)
	(0.351)
	(0.377)
	(0.256)

	2|3
	8.734
	8.192
	8.522
	8.841
	8.642

	
	(0.141)
	(0.416)
	(0.432)
	(0.476)
	(0.333)

	3|4
	14.071
	13.539
	13.271
	14.574
	13.936

	
	(0.217)
	(0.636)
	(0.638)
	(0.752)
	(0.524)

	Observations 
	12,455
	1,273
	1,354
	1,309
	2,132

	Pseudo R Square
	0.586
	0.585
	0.551
	0.612
	0.566

	AIC
	11510.220
	1291.724
	1256.526
	1091.250
	2042.927

	Note: p0.1; p0.05; p0.01 p0.001; Standard errors in parenthesis.
AIC=Akaike Information Criteria



	Table 10. Results with Ordinal logit for modelling “price” (Set 02 App-based cabs)

	Dependent variable: Price

	
	Overall 
	Cluster 5 
	Cluster 6 
	Cluster 7
	Cluster 8
	Cluster 9

	Trip Miles 
	0.474
	0.452
	0.568
	0.506
	0.328
	0.464

	
	(0.024)
	(0.079)
	(0.070)
	(0.074)
	(0.072)
	(0.074)

	Trip Time
	0.002
	0.002
	0.001
	0.002
	0.001
	0.001

	
	(0.000)
	(0.000)
	(0.000)
	(0.001)
	(0.000)
	(0.001)

	Tolls 
	-0.035
	-0.002
	-0.010
	0.027
	-0.113
	-0.025

	
	(0.014) 
	(0.034) 
	(0.026)
	(0.052)
	(0.066) 
	(0.044) 

	Congestion Surcharge
	0.246
	0.256
	0.390
	0.265
	0.288
	0.299

	
	(0.019)
	(0.062)
	(0.059)
	(0.061)
	(0.054)
	(0.059)

	Airport Fees
	0.335
	0.516
	0.213
	0.132
	0.494
	0.279

	
	(0.083)
	(0.109)
	(0.152)
	(0.135)
	(0.162)
	(0.149)

	Tips
	0.067
	0.057
	0.023
	0.069
	0.137
	0.071

	
	(0.016)
	(0.055)
	(0.044)
	(0.048)
	(0.044)
	(0.048)

	Driver Pay
	0.450
	0.417
	0.493
	0.457
	0.550
	0.479

	
	(0.014)
	(0.050)
	(0.041)
	(0.042)
	(0.039)
	(0.043)

	Shared_match_flagY
	12.233
	4.122
	8.547
	10.212
	9.380
	7.167

	
	(0.004)
	(0.102)
	(0.000)
	(0.000)
	(0.125)
	(0.332)

	Access_a_ride_flagN
	0.339
	0.056
	0.231
	0.283
	0.662
	0.308

	
	(0.058)
	(0.183)
	(0.187)
	(0.175)
	(0.175)
	(0.180)

	Wav_request_flagY
	-5.561
	-0.525
	-2.442
	-2.769
	-3.685
	-2.355

	
	(0.001)
	(0.407)
	(0.195)
	(0.150)
	(0.188)
	(0.235)

	Wav_match_flagY
	-0.917
	-1.116
	-1.164
	-0.924
	-1.441
	-1.176

	
	(0.116)
	(0.675)
	(0.398)
	(0.348)
	(0.325)
	(0.357)

	Time of day_Evening
	-0.014
	0.015
	-0.174
	-0.070
	-0.174
	-0.101

	
	(0.077)
	(0.250)
	(0.235)
	(0.232)
	(0.219)
	(0.234)

	Time of day_Late_Morning
	0.112
	0.368
	-0.247
	-0.014
	0.110
	0.054

	
	(0.111)
	(0.376)
	(0.367)
	(0.353)
	(0.314)
	(0.353)

	Time of day_Late_Night
	0.014
	0.426
	0.168
	0.130
	-0.156
	0.142

	
	(0.091)
	(0.311)
	(0.295)
	(0.282)
	(0.256)
	(0.286)

	Time of day_Morning
	0.008
	0.317
	-0.225
	-0.056
	-0.133
	-0.024

	
	(0.070)
	(0.229)
	(0.222)
	(0.214)
	(0.201)
	(0.216)

	Intercept
	
	
	
	
	
	

	1|2
	5.478
	5.331
	5.711
	5.480
	5.788
	5.578

	
	(0.109)
	(0.367)
	(0.334)
	(0.334)
	(0.312)
	(0.337)

	2|3
	8.734
	8.669
	9.157
	8.827
	9.263
	8.979

	
	(0.141)
	(0.466)
	(0.448)
	(0.431)
	(0.417)
	(0.441)

	3|4
	14.071
	14.188
	14.837
	14.384
	14.430
	14.460

	
	(0.217)
	(0.723)
	(0.695)
	(0.673)
	(0.638)
	(0.682)

	Observations 
	12,455
	1,587
	1,070
	1,295
	1,025
	1,410

	Pseudo R Square
	0.586
	0.574
	0.604
	0.588
	0.591
	0.618

	AIC
	11510.220
	1106.806
	1197.071
	1290.711
	1434.522
	2139.084

	Note: p0.1; p0.05; p0.01 p0.001; Standard errors in parenthesis.
AIC=Akaike Information Criteria




5.1 Variable Importance Schemes
[bookmark: _Hlk150643493]Next, we applied variable importance techniques with the help of the varImp() function from the randomforest package. The aim of variable importance techniques is to determine which input features significantly influence the performance of the predictive model. Using a variable importance scheme helped us understand the relative importance of each predictor variable chosen in our empirical modelling. In addition, our preferred empirical model was ordinal logistic regression, similar to a multi-class classification problem. The Mean decrease accuracy plot illustrates how much accuracy is lost when a variable is removed from the model. The more the accuracy lost, the more important the variable is for the effective classification. The variables are listed in order of decreasing relevance. The plots from the variable importance schemes are shown in Figures 4 and 5 for yellow and app-based cabs, respectively. From Figure 4, we can easily intrepret that “tip amount” emerges as the most significant predictor of fares for yellow cabs. On the contrary, the least important predictors are more-or-less common across most clusters, such as “improvement surcharge”, “passenger count”, and “store and forward” flag. Similarly, in Figure 5, “driver pay” emerges as the most significant predictor of fares for app-based cabs. On the other hand, “airport fee” emerges as moderately significant for a few clusters, such as Cluster 2.
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	Figure 4 (a) – Variable Importance Plot for Cluster 2 (Yellow Cabs)
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	Figure 4 (b) – Variable Importance Plot for Cluster 4 (Yellow Cabs)
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	Figure 5 (a) – Variable Importance Plot for Cluster 2 (App Cabs)
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	Figure 5 (b) – Variable Importance Plot for Cluster 6 (App Cabs)


5.2 Performance evaluation of the proposed methods
We present the predictive performance of our ordinal logistic regression models using the confusion matrices and standard classification metrics, such as precision, recall, F1-score and Area Under the Curve (AUC) values (Rajendran et al., 2021). The classification problem aims to generate four target classes – P1, P2, P3 and P4, and therefore, a simple accuracy measure is not sufficient to evaluate the performance of the models. We set the training: testing ratio at 80:20 per cent with a random selection of records from the input files. The metrics are presented in Table 11 and Table 12. We also plotted the Receiver Operating Characteristic (ROC) curves for the full file, accompanied by plots from three sample clusters for both yellow and app-based cabs. The ROC curve illustrates the performance of a classification model at different threshold levels. E.g. Cluster 1, 3 and 6 from yellow cabs, while Cluster 1, 2 and 8 from app-based cabs were presented in Figure 6 and Figure 7. (We presented the ROC curves from a few selected clusters only due to limitations in the manuscript pages).
[bookmark: _Hlk150623587]              Based on the ROC curves, we compared the performance of our classifier models across the entire dataset and then across each cluster. First, we compared across the full file of the Yellow taxi dataset, where the AUC values for each pricing class were reported as 0.957, 0.882, 0.866 and 0.974, respectively, for P1, P2, P3 and P4 price levels with a mean AUC value of 0.919. Therefore, their relationships are represented as . This pattern can also be verified with Figure 6 (a) where the purple marker (P4) covers the highest area among the four pricing classes and the green marker (P1) trails close by. 
	             Next, across Cluster 1 of Yellow Taxi, the AUC values for each pricing class P1, P2, P3 and P4 are 0.976, 0.908, 0.877 and 0.975, respectively, with an average AUC value of 0.934. Therefore, they can be represented as  . This pattern can be verified with Figure 6 (b), where the purple marker (P4) and the green marker (P1) cover the highest area within the ROC plots. 
	         Whereas, across Cluster 3 of Yellow taxi, the AUC values for each pricing class P1, P2, P3 and P4 are 0.957, 0.882, 0.866 and 0.974, respectively, with an average AUC value of 0.922. Therefore, they can be represented as   . This pattern is also reflected in Figure 6 (c) where the purple marker (P4) treads the highest area among the four pricing classes and the green marker (P4) trails close by, while, the cyan marker (P3) is higher than the blue (P2). Finally, across Cluster 6 of Yellow taxi, the AUC values for each pricing class P1, P2, P3 and P4 are 0.964, 0.889, 0.870 and 0.976, respectively, with an average AUC value of 0.924. Therefore, their relationship can be represented as  . This pattern is also reflected in Figure 6 (d). To summarise, we observed that our model performed the best for the highest and lowest levels of prices, i.e., P1 and P4.
        Then, we compared across the full file of the App-based taxi dataset, where the AUC values for each pricing class were reported as 0.971, 0.869, 0.868 and 0.968, respectively, for P1, P2, P3 and P4 price levels with a mean AUC value of 0.918. Therefore, their relationships are represented as  . This pattern can also be verified with Figure 7 (a) where the  green marker (P1) covers the highest area among the four pricing classes, with the highest recall value of 0.934 and the purple marker (P4) trails close by, with a relatively closer recall value of 0.735 (Table 12). Next, across Cluster 1 of App-based taxis, the AUC values for each pricing class P1, P2, P3 and P4 are 0.955, 0.880, 0.866 and 0.927, respectively, with an average AUC value of 0.907. Therefore, they can be represented as   . This pattern can be verified with Figure 7 (b) where the green marker (P1) covers the highest area among the four pricing classes and the purple marker (P4) trails close by. 
	         Whereas, across Cluster 3 of App-based taxis, the AUC values for each pricing class P1, P2, P3 and P4 are 0.973, 0.890, 0.867 and 0.976, respectively, with an average AUC value of 0.926. Therefore, they can be represented as   . This behaviour is also reflected in Figure 7 (c), where the  purple marker (P4) treads the highest area among the four pricing classes and the green marker (P4) trails close by. Finally, across Cluster 4 of App-based taxi, the AUC values for each pricing class P1, P2, P3 and P4 are 0.973, 0.884, 0.870 and 0.964, respectively, with an average AUC value of 0.923; therefore their relationship can be represented as   . This pattern is also reflected in Figure 7 (d) where the purple marker (P4) and the green marker (P4) are close, with the TPR: FPR ratio being almost similar during the initial phase of the model but later higher for P1. To summarise, we observed that our models performed the best for the highest and the lowest price classes, i.e., P1 and P4. In contrast, the performance for the intermediate price classes, i.e., P2 and P3, were relatively lower.
	Table 11. Performance Metrics of our empirical models for Yellow Cabs

	

	Experiment on Full-File (Training = 19361 records; testing = 4840 records (20% of full-file)

	
	
	Predicted Class
	
	
	
	

	
	
	P1
	P2
	P3
	P4
	
	Pr
	Rc
	F1

	Actual Class
	P1
	816
	356
	4
	19
	1195
	0.854
	0.683
	0.759

	
	P2
	111
	1020
	51
	27
	1209
	0.558
	0.844
	0.672

	
	P3
	16
	439
	670
	56
	1181
	0.636
	0.567
	0.600

	
	P4
	13
	12
	329
	901
	1255
	0.898
	0.718
	0.798

	
	Total
	956
	1827
	1054
	1003
	4840
	
	
	

	
	
	
	
	
	
	
	
	
	

	
	AUC
	0.957
	0.882
	0.866
	0.974
	
	
	
	

	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	

	Experiment on Cluster 1 (Training = 2234 records; testing = 559 records (20% of Cluster 1)

	
	
	Predicted Class
	
	
	
	

	
	
	P1
	P2
	P3
	P4
	
	Pr
	Rc
	F1

	Actual Class
	P1
	65
	10
	0
	0
	75
	0.677
	0.867
	0.760

	
	P2
	26
	80
	2
	2
	110
	0.571
	0.727
	0.640

	
	P3
	3
	47
	83
	6
	139
	0.643
	0.597
	0.619

	
	P4
	2
	3
	44
	186
	235
	0.959
	0.791
	0.867

	
	Total
	96
	140
	129
	194
	559
	
	
	

	
	
	
	
	
	
	
	
	
	

	
	AUC
	0.976
	0.908
	0.877
	0.975
	
	
	
	

	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	

	Experiment on Cluster 3 (Training = 2707 records; testing = 676 records (20% of Cluster 3)

	
	
	Predicted Class
	
	
	
	

	
	
	P1
	P2
	P3
	P4
	
	Pr
	Rc
	F1

	Actual Class
	P1
	161
	15
	0
	6
	182
	0.732
	0.885
	0.801

	
	P2
	56
	103
	22
	2
	183
	0.691
	0.563
	0.620

	
	P3
	3
	31
	159
	7
	200
	0.757
	0.795
	0.776

	
	P4
	0
	0
	29
	82
	111
	0.845
	0.739
	0.788

	
	Total
	220
	149
	210
	97
	676
	
	
	

	
	
	
	
	
	
	
	
	
	

	
	AUC
	0.957
	0.882
	0.866
	0.974
	
	
	
	

	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	

	Experiment on Cluster 6 (Training = 3342 records; testing = 835 records (20% of Cluster 6)

	
	
	Predicted Class
	
	
	
	

	
	
	P1
	P2
	P3
	P4
	
	Pr
	Rc
	F1

	Actual Class
	P1
	182
	24
	0
	3
	209
	0.795
	0.871
	0.831

	
	P2
	43
	157
	4
	1
	205
	0.613
	0.766
	0.681

	
	P3
	2
	69
	114
	15
	200
	0.713
	0.570
	0.633

	
	P4
	2
	6
	42
	171
	221
	0.900
	0.774
	0.832

	
	Total
	229
	256
	160
	190
	835
	
	
	

	
	
	
	
	
	
	
	
	
	

	
	AUC
	0.964
	0.889
	0.870
	0.976
	
	
	
	

	Pr=Precision; Rc=Recall; F1 = F1 Score; AUC = Area under the Curve.



	Table 12. Performance Metrics of our empirical model for App-based Cabs

	

	Experiment on Full-File (Training = 9964 records; testing = 2491 records (20% of full-file)

	
	
	Predicted Class
	
	
	
	

	
	
	P1
	P2
	P3
	P4
	
	Pr
	Rc
	F1

	Actual Class
	P1
	619
	38
	4
	2
	663
	0.780
	0.934
	0.850

	
	P2
	164
	372
	40
	16
	592
	0.631
	0.628
	0.629

	
	P3
	11
	175
	386
	49
	621
	0.656
	0.622
	0.639

	
	P4
	0
	5
	158
	452
	615
	0.871
	0.735
	0.797

	
	Total
	794
	590
	588
	519
	2491
	
	
	

	
	
	
	
	
	
	
	
	
	

	
	AUC
	0.971
	0.869
	0.868
	0.968
	
	
	
	

	
	
	
	
	
	
	
	
	
	

	Experiment on Cluster 1 (Training = 1019 records; testing = 254 records (20% of Cluster 1)

	
	
	Predicted Class
	
	
	
	

	
	
	P1
	P2
	P3
	P4
	
	Pr
	Rc
	F1

	Actual Class
	P1
	39
	6
	1
	0
	46
	0.765
	0.848
	0.804

	
	P2
	11
	48
	6
	4
	69
	0.686
	0.696
	0.691

	
	P3
	1
	13
	50
	11
	75
	0.649
	0.667
	0.658

	
	P4
	0
	3
	20
	41
	64
	0.732
	0.641
	0.683

	
	Total
	51
	70
	77
	56
	254
	
	
	

	
	
	
	
	
	
	
	
	
	

	
	AUC
	0.955
	0.880
	0.866
	0.927
	
	
	
	

	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	

	Experiment on Cluster 2 (Training = 1084 records; testing = 270 records (20% of Cluster 2)

	
	
	Predicted Class
	
	
	
	

	
	
	P1
	P2
	P3
	P4
	
	Pr
	Rc
	F1

	Actual Class
	P1
	42
	4
	0
	0
	46
	0.712
	0.913
	0.800

	
	P2
	15
	46
	10
	1
	72
	0.719
	0.639
	0.676

	
	P3
	2
	14
	46
	4
	66
	0.605
	0.697
	0.648

	
	P4
	0
	0
	20
	66
	86
	0.930
	0.767
	0.841

	
	Total
	59
	64
	76
	71
	270
	
	
	

	
	
	
	
	
	
	
	
	
	

	
	AUC
	0.973
	0.890
	0.867
	0.977
	
	
	
	

	
	
	
	
	
	
	
	
	
	

	Experiment on Cluster 8 (Training = 820 records; testing = 205 records (20% of Cluster 8)

	
	
	Predicted Class
	
	
	
	

	
	
	P1
	P2
	P3
	P4
	
	Pr
	Rc
	F1

	Actual Class
	P1
	38
	4
	0
	0
	42
	0.760
	0.905
	0.826

	
	P2
	10
	29
	5
	0
	44
	0.659
	0.659
	0.659

	
	P3
	2
	11
	49
	5
	67
	0.721
	0.731
	0.726

	
	P4
	0
	0
	14
	38
	52
	0.884
	0.731
	0.800

	
	Total
	50
	44
	68
	43
	205
	
	
	

	
	
	
	
	
	
	
	
	
	

	
	AUC
	0.974
	0.885
	0.871
	0.964
	
	
	
	

	Pr=Precision; Rc=Recall; F1 = F1 Score; AUC = Area under the Curve.
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	Figure 6 (a) – ROC Plot for Full-file (Yellow Cabs)
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	Figure 6 (b) – ROC Plot for Cluster 1 (Yellow Cabs)
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	Figure 6 (c) – ROC Plot for Cluster 3 (Yellow Cabs)
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	Figure 6 (d) – ROC Plot for Cluster 6 (Yellow Cabs)
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	Figure 7 (a) – ROC Plot for Full-file (App-based Cabs)
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	Figure 7 (b) – ROC Plot for Cluster 1 (App-based Cabs)
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	Figure 7 (c) – ROC Plot for Cluster 2 (App-based Cabs)
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	Figure 7 (d) – ROC Plot for Cluster 8 (App-based Cabs)



6. Discussion of Results and Findings
6.1 Yellow Cabs
First, among the different predictors of cab fares, we found that “passenger count” was consistently significant and positively impacted seven clusters, except for cluster 4, where the pickup and drop off locations for cluster 4 are Upper West Side and Lower East Side in Manhattan. Therefore, the increasing number of passengers taking a ride positively affects the cab pricing categories. This can be somewhat explained by the fact that if more people share a cab, multiple drop locations might be between the first pickup and final drop-off locations, leading to the meter running longer and higher fares. 
Second, we test the impact of the various “Rate Code ID” categories on the price. The benchmark here is Rate Code ID 1, i.e., “Standard rate”. The results show that cluster coefficients 4, 5, 6, and 8 are missing. This indicates no trips to Nassau or Westchester within these four clusters. For the remaining categories, we can see that Rate Code ID 2 (JFK airport), concerning the benchmark standard rate code, consistently has a positive and significant impact on price categories, except for cluster 3, where the impact of Rate Code ID 2 is less than that of the standard rate (Rate Code ID 1). A similar pattern is also seen in Rate Code ID 5, where the impact on price category is consistently positive and significant except for cluster 5. So, in cluster 3 for Rate Code ID 2 and cluster 5 for Rate Code ID 5, the pricing category is higher for Rate Code 1. In the case of Rate Code 3 (Newark) clusters 2, 3, 5, and 6, the effect on the pricing category is lower than that of Rate Code 1.
Next, we found that “MTA Tax” is a significant predictor across all nine clusters. However, for clusters 1 and 2, the coefficients suggest that MTA tax positively impacts the price category. In all other clusters, it has a negative impact. This implies that with increasing MTA tax, the base price category for clusters 3 through 8 will be lower, whereas, for places in clusters 1 and 2, increased MTA tax implies a higher base price.
	Third, we discuss the effects of different tips and surcharges on the base price. Also, the improvement surcharge and congestion surcharge mostly positively impact the price category in the eight clusters. However, a few clusters, like clusters 4 and 8, have a negative impact. For congestion surcharge, cluster 7 has a negative impact. In all other clusters, as the congestion surcharge increases, it also leads to a higher price category. This might be attributed to the fact that the routes that are more congested, leading to higher surcharges, are also the ones that are marked for their heavy traffic (Vignon et al., 2023). Thus, a pre-determined higher base price is fixed for such rides. 
Fourth, “tip amount” is one of the important variables positively associated with the base price category. We can see a positive relationship for all eight clusters as expressed by the model’s coefficients. There might be a reverse causality in this case. It can be concluded that riders who are high tippers have a higher propensity to take high-base price destination rides. A similar consistent pattern is also seen in the “airport fee” variable. However, the relationship with the price category is negative and significant. This can be attributed to the fact that airport rides differ from regular rides (as indicated by the different Rate Code IDs). Thus, due to the airport fees already being added to the final price, the base price category is lower to maintain a final price commensurate with regular ride types. 
Sixth, we discuss the effect of “time of day” on yellow cab prices. This is a categorical variable with “afternoon” as the benchmark category. A few interesting patterns have emerged from the model fitting. From the results, we can see that consistently, in the “morning” and “late morning” categories, the pricing category is lower than in the “afternoon”. These differences are also statistically significant. Due to the higher demand for cabs when work hours begin, the number of cabs is also higher. This could lead to a lower price category during this time of the day. However, with later times of day like “evening” and “late night”, the pricing category is higher as compared to “afternoon”. This can be attributed to the lateness of the hour when the cab is taken. Compared to a more regular hour in the afternoon, the late hours call for a higher price, possibly due to the dearth of available cabs. 
6.2 App-based Cabs
First, among the different predictors of cab fares, we found that “trip miles” and “trip time” were consistently significant across all the nine clusters. Therefore, the app-based cab's run time and the trip's distance strongly affected the cab pricing mechanisms. Second, among the fees and surcharges, tolls were significant for a few clusters, such as clusters 2, 6 and 8. It could indicate that passengers travelling within these clusters were crossing tolled expressways or motorways while the rest of the clusters did not, and therefore they remained more-or-less unaffected. Similarly, “airport fees” were significant for Cluster 2,4,5,8 but unimportant for other clusters. E.g., the “airport fee” was insignificant for Cluster 6, i.e., passengers boarding from zone 231 (TriBeCa, Manhattan) and dropping off at zone 52 (Cobble Hill, Brooklyn). It could be possible that these passengers mostly avoided airport trips, so airport fees were redundant in their trip pricing. Next, we found that “driver pay” was an important variable that remained significant across all nine clusters. This could signify the importance of commissions in calculating the driver’s pay in app-based cabs versus yellow cabs[footnoteRef:12]. [12:  Paying too much in taxi app commissions: https://www.lynk.ie/blog-drivers/taxi-app-commission/ ] 

	Third, we discuss the effects of different flags during app-based cab trips. The “shared match flag” was significant for passengers in Clusters 1,2,3,4 and 5, while it did not manage to be important in the remaining clusters. It could indicate that passengers who began their trips from these clusters were likelier to share the vehicle with another passenger, even though they had booked separately at any point during the trip. Similarly, the option for wheelchair-accessible vehicles emerged as significant for a few clusters while jointly comparing the effects of the other variable “wheelchair match flag”. While “WAV Request Flag” and “WAV Match Flag” were jointly significant for Clusters 1,3, and 4 only, it indicates that passengers travelling within these three clusters could get a successful wheelchair-enabled cab while expressing intention during booking the ride. On the contrary, other clusters could not guarantee it. This could be an important metric for accessibility and support for differently-abled passengers. Fourth, we discuss the effect of “time of day” on app-cab fares. We find that the time of ride-booking does not play a major role in steering high prices in app-based cabs and does so in only two clusters: 6 and 7 during early and late morning. 
6.3 Variable Importance Schemes
[bookmark: _Hlk147346941][bookmark: _Hlk147347138]Next, we discuss the importance of different predictors for predicting cab prices across yellow and app-based cabs. The plots for two clusters from each cab type are presented in Figures 4 and 5. We find that for “yellow cabs”, the “tip amount” emerges as the most significant predictor of fares, followed by “rate code” and “airport fees.” On the contrary, the least important predictors are more-or-less common across most clusters, such as “improvement surcharge”, “passenger count”, and “store and forward flag.” Next, we examine the variable importance schemes for the “app-based cabs”. We find that the “driver pay” emerges as the most significant predictor of fares, followed by “trip miles” and “trip time.” On the other hand, “airport fee” emerges as moderately significant for a few clusters such as Cluster 2, i.e., passengers boarding from zone 55 (Coney Island, Brooklyn) up to zone 236 (Upper East Side North, Manhattan). Instead, the “airport fee” is insignificant for Cluster 6, i.e., passengers boarding from zone 231 (TriBeCa, Manhattan) and dropping off at zone 52 (Cobble Hill, Brooklyn). It could be possible that these passengers mostly avoided airport trips. In this manner, our study reveals interesting findings with the application of the variable importance scheme.  



7. Implications of the study
7.1 Theoretical Implications
[bookmark: _Hlk157763101]Our study offers several recommendations for scholars and academicians in the transportation industry. First, it contributes to the nascent body of studies on pricing prediction that applies data-mining and artificial intelligence techniques to predict prices and related factors (Agarwal et al., 2022; Battifarano & Qian, 2019; Poongodi et al., 2022; Wang et al., 2023). For instance, a few papers applied multiple machine-learning models to study the role of ride-hailing surge factors among taxi rides in Singapore (Agarwal et al., 2022) to predict Uber surge multipliers in Pittsburgh (Battifarano and Qian, 2022). This is a growing body of literature in the core transportation domain despite a bulk of literature having focussed on mathematical models, especially using game-theory and optimisation techniques (He et al., 2018; Milioti et al., 2022; Qiu et al., 2022; Sun et al., 2019; Xu et al., 2022; Zhong et al., 2022). In this aspect, although we applied ordinal logistic regression models, we computed the predictive performance of our models using the confusion matrices and classification metrics, such as precision, recall, F1-score and Area under the Curve (AUC) values (Rajendran et al., 2021).
Second, our study emphasises cluster-based recommendations, and through the execution of a variable-importance scheme, it reveals interesting predictors as significant contributors to the final fare paid by the passenger. For instance, contrary to popular belief that “trip time” and “distance” are the strongest contributors, “driver pay” emerges as the strongest feature in app-based cab services such as Uber and Lyft. While this may seem counterintuitive, it helps to add to the current body of literature on transportation, thereby realigning the emphasis on various strands of transportation research and informing current scholars in a revised direction of examination, such as pricing predictions and related factors. Because so far, a great deal of literature in transportation-related studies examining app-based cabs has focussed on surge prices (Agarwal et al., 2022; Battifarano and Qian, 2022) and demand-prediction (Cao et al., 2021; Zhang et al., 2020; Zhang et al., 2021). This is also highlighted by Chen et al. (2022), showing the top five themes as air transportation, network modelling, routing problems, maritime transportation and supply chains, but studies on taxicab pricing and related domains need to be more extensive. 
7.2 Managerial implications
Our study offers recommendations for business and technical managers in the cab industry. In addition, it also offers simple policy recommendations for the taxi union and the administrative bodies overseeing important public services such as taxicabs. First, it identifies the major predictors that help to the prices of a typical cab ride: “tip amount”, “airport fees”, and “payment type” for “yellow cabs”, “driver pay”, “trip miles”, and “trip time” for app-based cabs, Using these findings, business managers in the app-cab industry can now re-design their pricing mechanisms based on innovative factors, not trip time and distance alone. This study provides insights and understanding on how pricing changes over time might affect consumer loyalty, market share, and overall profitability of the taxi industry. Moreover, it entails comprehending the benefits and drawbacks of dynamic pricing systems that change prices in response to real-time supply and demand situations. 
Second, findings from our study reveal that differential effects of each predictor for cab pricing exist across different clusters. While these findings are familiar to the academic literature and the cab industry, they can offer new ideas for administrative bodies and policymakers, such as cab-only roads, timed cabs, or optimal route planning (Hao and Martin, 2022; Huang et al., 2023; Li et al., 2021). Using these findings, taxi industries can tailor personalised pricing strategies for different customer segments. Through this, taxi industries can attract customers from each segment based on their specific cluster features, ultimately increasing overall profitability. It is often the common notion that a few significant factors, such as high congestion en route, may lead to higher cab fares and damage the profitability of the taxicab industry[footnoteRef:13]. While this is not entirely untrue, our variable importance scheme shows that “congestion surcharge” is important only for a few clusters. Therefore, calculating taxicab pricing remains a grey area (Agarwal et al., 2023; Vignon et al., 2023).  [13:  Struggling Taxi Drivers See Congestion Pricing as Fee That Breaks Their Backs: https://www.nbcnewyork.com/news/local/struggling-taxi-drivers-see-congestion-pricing-as-fee-that-breaks-their-backs/3833402/ ] 

Third, our variable importance scheme shows that policy decisions such as minimum driver pay implementation can hurt taxicab pricing (Hao and Martin, 2022; Huang et al., 2023; Li et al., 2021). Based on this scheme, the predictors across each cluster can be unique and help transportation agencies design different pricing schemes rather than a one-size-fits-all model. For instance, Figure 5 shows that within the app-cab industry, cluster 2 and cluster 6 have differential effects on airport fees. Further, the congestion surcharge is important for passengers within Cluster 2 while insignificant for passengers travelling within Cluster 6.
8. Conclusion and Future Scope of Research
During high demand or scarce availability, cab service providers may increase the prices based on their prediction models. Accurate pricing prediction enables the service providers to speculate the surge periods and dynamically predict the prices to match supply and demand. Therefore, this study developed ordinal-logit-based models to predict the price of trips from yellow cabs and app-based cabs for accurate forecasts based on various components of the final cab price as one of the first research works to explore the clusters for yellow cabs and app-based cabs leading to a dynamic pricing mechanism across zones by using data. The ultimate goal is to contribute to developing a dynamic pricing mechanism. This means that cab service providers can adjust prices in real time based on the predicted demand and availability of cabs in specific zones. The dataset used in our analysis is retrieved from the NYCTLC website for yellow taxis and four app-based services. This dataset likely includes historical information on yellow taxi trips and data from four app-based ride-sharing services.
	The contributions of our study are the following. First, we build AI-based predictive models for pricing in taxicab services. Second, we converted a prediction problem into a classification problem by transforming a continuous variable (i.e., price) into four quartiles. Third, we identify distinct clusters within the New York City taxi zones that are flexible yet responsive towards decision-making for firms operating in this business and beneficial for policymakers. We proposed unique clusters from two important predictors – pickup and drop-off locations, leading to eight and nine clusters for yellow and app-based cabs, respectively. Fourth, we built variable importance schemes using the predictors of taxi fares for each of these clusters, leading to dynamic pricing models applicable to different zones within New York City.
	Despite these important contributions, our study has a few limitations. First, our study built empirical models using cross-sectional datasets, which can be extended to time series and panel-data analysis. Second, the study can be extended with mixed-methods analysis by incorporating qualitative information such as interview excerpts of passengers and drivers. Third, the current study considers only data from New York City taxis, which can be easily extended to other metropolitan areas with the availability of open data.
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