
 

                                                                         1                                        Hassanpour Bigazzi and MacKenzie 

 

 

 

MINING WEB DATA TO HELP CITIES UNDERSTAND THE IMPACTS OF RIDE 

SOURCING COMPANIES
1
 

Amir Hassanpour, Alexander Bigazzi and Don MacKenzie 
Introduction  
In recent years, application-based ride sourcing services have emerged as an alternative to traditional taxis 
in many cities. The main role of these applications is to connect passengers who desire a ride to drivers 
nearby through smartphones. These new servicesare growing rapidly throughout the world and have been 
described as “Transportation Network Companies (TNCs)”, “ridesharing”, “ride-hailing”, “parataxis”, 
“ride sourcing”, and others. We use the term “ride sourcing,” in line with Rayle et al. (2016), to describe 
“a platform used to source rides from a driver pool”(Rayle, Dai, Chan, Cervero, & Shaheen, 2016). In US 
ride sourcing markets, Uber and Lyft are the most dominant companies, operating in hundreds of 
cities(Bliss Laura, 2017). The two companies have similar functionality, enabling smartphone users with 
a valid online payment optionthe means to request rides between two locations. 

There are several reasons for the growth in popularity of ride-sourcing among both drivers and 
passengers, including jobs, earnings, convenience, lower prices etc. According to a survey conducted by 
Benenson Survey Group schedule flexibility is one of the most important reasons for driver-partners to 
choose to work for Uber(Benenson Strategy Group, 2015). This trait of Uber is most appreciated by the 
majority of driver partners who are part-time drivers (52 percent). Driver’s average hourly income is 19 
USD per hour (in 2015) and this figure is insensitive to hours worked per week. This makes Uber a 
suitable platform for people who want to work intermittently while looking for a new job(Hall & Krueger, 
2018).  

Wait times and lower prices are among the most important factors in the attractiveness of ride sourcing 
companies over traditional taxi services for riders. In a study funded by Uber in Los Angeles, Uber wait 
times were found to be substantially lower than traditional taxi cabs (Smart et al., 2015). In addition to 
significantly shorter wait times, ride sourcing companies have demonstrated more reliability in wait time 
across the day, time, and location (Rayle, Shaheen, Chan, Dai, & Cervero, 2014). Smart et al. (2015) also 
demonstrate that taxis cost twice as much as Uber’s standard “affordable, everyday ride” option (UberX). 
Another attractive trait of ridesourcing services is the convenience of online payment which has been 
made possible through the smartphone app. One drawback is the fact that ride-sourcing companies do not 
accept cash payment. This may lead to inequitable circumstances as according to the 2017 National 
Survey of Unbanked and Underbanked Households in the US, 6.5 percent of the households are unbanked 
(without an account at a bank) and another 18.7 percent are underbanked (have either a checking or 
savings account, though rarely both.)(Federal Deposit Insurance Corporation (FDIC), 2011). 

Today, cities are struggling to regulateride sourcing companies. For example, Uber and Lyft are not 
allowed to operate in Vancouver. The main reason to limit a transition from traditional taxi service to 
emerging ride-sourcing companies is that the effects of ride-sourcing on the City are unclear, and there is 
a need to rewrite regulatory language to include ride-sourcing as a service(Hughes & MacKenzie, 2016). 
Since the emergence of Uber and similar companies in the early 2010s, there has been a limited body of 
research regarding their impact (Jiao, 2018).Municipalities have struggled to develop appropriate 
legislation because they are unable to assess their effects on the transportation system. This is mainly the 
result of not having data from ride sourcing companies. 

______________________________________________________________________________  

1 54th Annual Meetings of the Canadian Transportation Research Forum, May 26 - 29, 2019 at Vancouver, British Columbia   
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In February 2018, The Legislative Assembly of British Columbia approved instructing a committee of 63 
expert witnesses to make recommendations on ride sourcing in the province to investigate and develop an 
understanding of the impact that the introduction of ride sourcing companies may have on British 
Columbians and their communities(Ma et al., 2018). Impacts included the effect of ride sourcing 
companies on the public transportation system, traffic congestion, and the environment.The committee 
highlighted the importance of open data requirements to support transportation demand monitoring, 
forecasting, and planning (Ma et al., 2018). The studies funded by Uber mostly focus on affordability and 
convenience of its service while neglecting other factors. Rayle et al. (2014) identify the possible 
competition between ride sourcing and active modes of transportation. Transit trips can be replaced by 
ride sourcing as they usually take twice as long (Rayle et al., 2014). A recent report demonstrates that ride 
sourcing companies in San Francisco account for 51 percent of the increased in daily congestion from 
2010 to 2016 (Castiglione et al., 2018) 

One solution to the data problem regarding ride sourcing companies is to enforce data specifications on 
the Application Programming Interface (API) of these companies. Ride sourcing companies use API to 
allow third-party applications to use their service. By developing data specifications and setting standards, 
API can be an outlet for real-time data sharing. The Los Angeles Department of Transportation has 
implemented the aforementioned solution within its jurisdiction to ensure the municipalities can evaluate 
and manage ride sourcing companies and similar service providers (Los Angeles Local Government, 
2018).  

The objective of this study is to examine the potential of using current API data to estimate the impacts of 
ride sourcing services in a city. The data streams provided in the API services of Uber and Lyft 
areexamined to identify potential supply- and demand-relevant variables that can give insights into ride 
sourcing activities. Then, the identified supply and demand variables are evaluated to see if they conform 
to microeconomic theory. 

 

Method 

Data extraction 
An API is a service through which Uber and Lyft allow thirdparties to access real-time service data. API 
endpoints of Uber and Lyft can be categorized into three different types: user, ride, and availability 
endpoints. Applications use ride endpoints to request a ride, cancel a ride, ask for the receipt, etc. User 
endpoints enable applications to see user profiles, and ride history. Availability endpoints allow 
applications to access ride types, nearby cars, estimated time of arrival, and price estimates. No queries 
were made from the ride and user endpoints so as not to disturb Uber and Lyft’s systems; only the 
availability endpoints were queried. An application was created and registered through developer 
dashboards, and a description of the purpose of the application was provided by the researchers. Access 
was subsequently granted through the developer dashboard to make queries using a client ID or server 
token.  

Agridded set of locations was selected in Seattle and Portlandto query endpoints. The sampling bounds 
were set to align with the service area of each city’s bike-sharing services (to be used in later analysis). 
The sampling density (grid spacing) was selected based on the query limitations of the API (2,000 and 
300 per hour for Uber and Lyft, respectively). Query processing time was another factor in sampling 
density (Table 1). The sampling grids are illustrated in Figure 1, with 113 locations in Seattle and 72 in 
Portland (at 1.5 km spacing). Scripts for extracting the web data (available on GitHub) were written in 
Python using open source software development kits (SDKs) for accessingthe APIs.Table 1gives the 
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queries with their original query name in the SDK. At each round of data gathering, a random order of 
locations (origins) were created and each location was sampled every 30 seconds in that order. For 2-
location endpoints, destination locations were randomly selected among locations other than the origin.  

Table 1 Description of endpoint types* 

Endpoint type (based on input) Lyft 
Run 
Time Uber 

Run 
Time 

1 location (origin) 
get_ride_types 
get_pickup_time_estimates 
get_drivers 

0.98 s 
1.82 s 
1.85 s 

get_products 
get_pickup_time_estimates 

1.10 s 
1.22 s 

2 locations (origin and destination) get_cost_estimates 1.14 s get_price_estimates 2.84 s 

* output of the endpoints is presented in Figure 2 
 

Identification and evaluation of variables 
The next step was to identify potential measures of supply and demand from the extracted API data fields. 
Then, the potential measures were evaluated based on their conformity to microeconomic theory. Past 
research using trip-level data from Ubershowed that Uber is a normal good, which suggests that both 
services are expected to have a negative relationship between demand and price(Cohen, Hahn, Hall, 
Levitt, & Metcalfe, 2016). We similarly assume that the drivers operate as competitive producers and the 
services have a positive relationship between supply and price. Hence, regression analysis of candidate 
measures of supply and demand on price is undertaken to evaluate these relationships.  

 

Figure 1 Maps of Seattle and Portland with sample locations 

 

 

Results 

Extracted data  
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API data were gathered for six months(June 2018 – December 208) in Seattle and Portland. Figure 

2presents the output of all the endpoints that could called from Uber and Lyft API, along with the type of 
output. Primetime percentage and location of nearby cars are only available from Lyft. Primetime 
percentage, which is a potential indicator of high demand, low supply or a combination of both, is the 
extra percentage that riders have to pay on top of the base price. This variable can have values of 25, 50, 
75, 100, 150, 200, 250, and 300 percent. For example, a ride that costs $6 without primetime percentage, 
will cost $9 when prime time percentage is 50 percent. Except for pricing details and type of services that 
are presented in detail in Table 2 and Table 3, other outputs are self-explanatory. 

 

Figure 2 Uber and Lyft’s API endpoints with the required input and provided outputs 

 

 

Table 2 Pricing information in API data 

Uber Lyft 

booking fee   

base cost base cost 

cost per distance cost per distance 

cost per time cost per time 

minimum cost minimum cost 

cancelation fee cancelation fee 

  trust and services 
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Table 3 Types of services 

Service Seattle Portland description 

UberX UberX Affordable, everyday rides 

UberXL UberXL Affordable rides for groups up to 6 

Select Select Premium rides in high-end cars 

UberPool UberPool Shared rides, door to door 

Black   Luxury rides with professional drivers 

Black SUV   Premium rides for 6 in luxury SUVs 

  WAV Wheelchair accessible vehicle 

U
be

r 

  Assist Top-rated driver that provides additional assistance 

Lyft Lyft Standard Lyft car for up to 4 riders 

Lyft_Plus Lyft_Plus SUV for up to 6 riders 

Lyft_Premier Lyft_Premier Premium black car service with leather seats for up to 4 riders 

Lyft_Line   Shared rides 

Lyft_Lux   Luxury car for up to 4 riders 

L
yf

t 

Lyft_LuxSUV   Premium black SUV with leather seats for up to 6 riders 

 

Potential measures of supply and demand  
Lyft’s Get Driver endpoint provides a list of anonymous nearby drivers and their locations. The size of 
this list (number of vehicles around a queried point) is a potential measure of supply. The area of a circle 
that encompasses all reported cars was used to calculate car density around the query point. According to 
the rationale that more cares around a sampling point will result in a lower Estimated Time of Arrival 
(ETA), we included ETA into our list of candidate supply measure. By taking inverse of ETA a positive 
relationship is expected to be seen by car density. Our investigations into potential measures of demand 
did not lead to any results. No variables were found that according to the definition of transportation 
demand, serve as the expression of transportation needs.  

 

Evaluation of potential measures 
Preliminary analysis of this variable revealed that there was no consistent pattern on the number of 
reported cars from this endpoint. In places where it was more difficult to find a ride (higher estimated 
time of arrival) more cars were reported which sounded perversely counterintuitive. After transforming 
number of cars around a query point into car density, the relationship between supply and estimated time 
of arrival became more rational (Figure 3). Unfortunately, Uber does not provide this data through API, 
therefore, analysis on this measure of supply was only conducted for Lyft. Regression analysis of car 
density (candidate supply measure) over the price of the trip while controlling for hourly variation in car 
density, for Lyft in Portland and Seattle are presented in Table 4. The result indicates a significant 
positive relationship between the price of the trip and the candidate supply measure, supporting car 
density as a proper supply measure from the API data. 
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Figure 3 Average estimated time of arrival vs number of cars and time of the day (on the left side) and car density and time of 

the day (on the right side) in Portland 

 

 

Examining Figure 3, it can be seen that there is a strong linear relationship between car density, the 
candidate supply measure, and estimated time of arrival (ETA). Therefore, ETA can also serve as a 
measure of supply, especially for Uber where there are no data available on nearby drivers. The 
relationship between ETA and car density has also been investigated to see if ETA can act as a measure 
of supply. Univariate regression analysis between ETA and car density in Portland leads to a significant 
negative coefficient (P-value < 0.001 and R2 of 0.079). A stronger linear relationship was observed 
between the inverse of ETA and car density, with a significant positive coefficient and (P-value < 0.001 
and R2 of 0.125). We recommend using the inverse of ETA as a measure of supply as it can better explain 
the variation in car density.  

 

Table 4 Regression analysis of Car Density over Price of the trip 

City Portland Seattle 

Variable Coefficient Standard Error t-stat Coefficient Standard Error t-stat 

Intercept 0.527 0.028 18.837 0.059 0.035 1.701 

[0-4) 0.630 0.030 21.338 0.243 0.027 8.838 

[8-12) 2.004 0.030 67.908 1.254 0.028 45.54 

[12-16) 2.164 0.030 73.301 1.151 0.028 41.773 

[16-20) 3.223 0.029 109.436 1.649 0.027 60.106 

T
im

e 
of

 th
e 

D
ay

 

[20-24) 3.108 0.030 105.279 1.483 0.027 54.063 

Price 0.162 0.005 29.909 0.284 0.010 27.494 

Nobs 446399    347795    

R-squared 0.044 0.020 

 

325



 

                                                                         7                                        Hassanpour Bigazzi and MacKenzie 

 

Discussion 
This study reveals the possibility of extracting API data from ride sourcing companies for the purpose of 
research without creating any disturbance in the system. The data available at the moment are mostly 
basic information about the service, such as pricing details, which are static, and some variables that can 
be used as measures of supply. Through Lyft’s API car density around a queried point can be accessed 
which proved to be an appropriate measure of supply according to the definition of transportation supply 
and the selected evaluation criteria. It has been observed that as the price of Lyft increases car density 
(Lyft’s supply) increases, which conforms to the traditional law of supply. A strong positive linear 
relationship was found between the inverse of ETA and car density. ETA has been used in a study by 
Hughes and MacKenzie (2016) in Seattle on the equitable supply of benefits from Uber(Hughes & 
MacKenzie, 2016). The authors suggest using the inverse of ETA as a measure of supply for studies on 
Uber which unlike Lyft does not share data on nearby drivers.This study demonstrates that no measure of 
demand is provided through API from ride sourcing companies. Previous studies that attempted using 
API data to measure passenger demand, reached the same conclusion (Chen, Mislove, & Wilson, 
2015).The primetime percentage is an indicator of high demand, low supply or a combination of both and 
cannot help with identifying demand in the system.  

Conclusion 
The data currently availablethrough Uber and Lyft APIs provide limited information about the demand 
and supply of these services. Car density and the inverse of ETA can serve as measures of supply,but no 
variables were found to indicate demand. Thus, it is incumbent upon public agencies to require reporting 
from ride sourcing companies in regulationsor licensing agreements, to ensure that sufficient information 
is available to evaluate and manage the impacts of these services.  
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