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ABSTRACT 

The rise of Transportation Network Companies (TNCs) such as Uber and Lyft 

have led to many questions about these companies’ effects on both the taxi industry and 

larger patterns of nonstandard work arrangements. This study uses multiple regression 

analysis to explore the association between the presence of TNCs and taxi driver 

employment, unincorporated self-employment, and multiple job-holding, based on 

information about when TNCs expanded into specific Metropolitan Statistical Areas and 

data from the Current Population Survey. This study did not find evidence that 

transportation network companies such as Uber and Lyft have yet had a significant 

impact on taxi employment in the metropolitan areas in which they operate, or that their 

presence is associated with an increase in multiple job holding. However, the analysis 

does suggest that the presence of TNCs may be associated with a modest increase in the 

likelihood that individuals in the labor force will identify as self-employed in their 

primary job. 
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I. INTRODUCTION 

The past five years have seen a marked rise in the number of companies that are 

part of “gig economy.” These include Transportation Network Companies (TNCs) like 

Uber and Lyft, as well as other labor-based services like Instacart, Rover, and Handy.1 

These companies distinguish themselves from the traditional business models of their 

respective industries by using technology to coordinate “peer-to-peer” models of on-

demand services, connecting service providers directly with customers in as seamless a 

manner as possible through the service’s mobile app or website. For most of these 

companies, workers are not considered employees, but are instead designated as 

independent contractors. While some platforms, like Instacart (Alba 2015) and Managed 

by Q (Davidson 2016), hire workers as employees, the use of independent contracting is 

widespread because it shifts the risk and costs onto the worker, allowing the company to 

scale up quickly without large payrolls or benefits on its balance sheet. Proponents say 

these contracting-based companies are a more efficient way to match supply with 

demand, potentially reducing slack in the labor market; critics say they flout existing 

labor regulations and leave workers without the benefits and protections required by law. 

Uber has been the most visible of these online labor platforms (Harris and 

Krueger, 2015), and its rapid expansion and massive disruption of the taxi industry has 

driven much of the policy conversation thus far.2 The proliferation of the “Uber for ___” 

business model has resulted in increased attention as to whether TNC drivers are truly 

                                                

1 Many definitions of the “gig” or “sharing economy” include asset- or capital-based platforms like Airbnb 
(Farrell and Greig 2016), but this paper will focus on labor-based platforms in order to examine workforce 
trends. 
2 Uber is reportedly valued at $62.5 billion, with its nearest competitor Lyft approaching $4 billion (Isaac 
and Picker, 2015). 
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self-employed entrepreneurs as their independent contractors categorization suggests, or 

whether they function more like traditional employees (Rosenblatt 2015, Griswold 2015, 

Wingfield and Isaac 2015). It has been suggested that these types of arrangements are 

best described as a third type of worker category, “dependent contractors” (Harris and 

Krueger 2015), though others argue that these companies are just continuing traditional 

business trends of worker misclassification (Sachs 2015). Ultimately, the use—and 

potential misclassification—of independent contractors is not unique to the emerging gig 

economy, and has been widespread in sectors such as construction, and health services 

(Katz and Krueger 2016); in fact, a large proportion of licensed taxi drivers have already 

been functioning as independent contractors in many cities for decades (Gilbert and 

Samuels 1982, Hodges 2009). However, the popularity of TNCs and other online labor 

platforms are bringing increased attention to the use of independent contractors and the 

seeming proliferation of “gig” work, both at these companies and more broadly.  

As researchers and policymakers grapple with the questions raised by the rise of 

Uber and online labor platforms, one of the biggest challenges has been the lack of 

publically-available data about the size, scope, and impact of these potentially new types 

of workers, as well as how they fit in with overall workforce trends. This paper 

contributes to the literature by studying the effects of TNCs—and the gig economy more 

broadly—on workers in metropolitan areas. It also examines the effect of TNCs on the 

taxi labor market. I use the Census Bureau’s Current Population Survey (CPS) to study 

whether the presence of TNCs in U.S. metropolitan statistical areas (MSAs) is associated 

with an increase in self-employment or multiple job holding, and whether it is associated 

with a decrease in taxi driver employment. 
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II. LITERATURE REVIEW 

The rise of Transportation Network Companies 

Uber launched in 2010 as UberCab, but it initially only facilitated on-demand 

access to private black cars driven by professionally licensed drivers (Wortham 2011); at 

the time of its NYC launch in 2011, CNET described it as “a limousine-booking start-up” 

(McCarthy 2011). At this stage, Uber was not directly competing with existing private 

car services so much as connecting existing black car and limo drivers with passengers 

during off-peak hours (Malik 2011, Graham 2011). By mid-2012, however, Uber had 

launched its lower-priced UberX service, which does not require that a driver be 

professionally licensed or have a specific type of car, just as competitors Lyft and Sidecar 

were launching their own “peer-to-peer” ride-sharing services in San Francisco (Lawlor 

2012, Gannes 2012).  

While there are many TNC start-ups, Uber the dominant service in the United 

States (Hawkins 2015, Harris and Krueger 2015). Most of the quantitative insights into 

TNC labor markets have also been focused on Uber, particularly UberX, which we will 

assume is similar in dynamics to competitors such as Lyft and Sidecar.3  A paper co-

written by Jonathan Hall, Uber’s head of policy research, and economist Alan Krueger is 

the most direct information available on Uber’s drivers (2015).4 It also compares the 

characteristics of Uber drivers to American Community Survey (ACS) data on taxi 

                                                

3 Another reason to assume that the drivers for UberX, Lyft, and Sidecar (while it was active) are similar is 
that many drivers use multiple services simultaneously to search for fares. For more information, see Van 
Maldegiam 2015.  
4 The paper is based on a web survey of 601 active driver-partners conducted in December 2014 by 
Benenson Strategy Group (BSG) as well as aggregate administrative data. 
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drivers and chauffeurs from a similar time period. It shows that the number of Uber 

drivers began growing at an increasing rate after the launch of UberX, resulting in over 

160,000 active Uber drivers in the U.S. by the end of 2014 (Hall and Krueger 2015).5  

Since 2014, Uber has also repeatedly cut base rates on its UberX service to 

encourage more ridership, which it says has resulted in more take-home pay for drivers, 

and launched the lower-cost car-pooling service UberPOOL (Feuer 2016). By the end of 

2015, the number of active drivers for Uber and Lyft combined totaled almost 500,000—

roughly the same as the number of taxi drivers and chauffeurs nationally, according to 

CPS estimates (Cramer and Krueger 2015). 

The impact of TNCs on the taxi industry 

The taxi industry is no stranger to changes and disruptions. One major change was 

the shift in working arrangements in the late 1970s and early 1980s, which saw the taxi 

industry largely shift from employer-employee relationships to independent contracting 

(leasing arrangements and “owner-drivers”) (Gilbert and Samuels 1982, Biju 2005). This 

led to increasing turnover among drivers, and coincided with a major shift in driver 

demographics as U.S.-born drivers were replaced by new immigrants (Hodges 2009). 

Since 1980, as Table 10 in the Appendix shows, taxi driver demographics have continued 

to change. In many ways, these trends mirror in many ways larger changes in the U.S. 

workforce, such as an aging population, rising levels of education, and increasing racial 

and ethnic diversity (Toosi 2002, 2013). 

                                                

5 Based on administrative data, Uber had 160,00 “active drivers,” defined as a driver who completed at 
least four trips in the month. 
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The latest disruption to the taxi industry has been the rise of TNCs since the early 

2010s. There are many reasons TNCs have proven to be so popular, most notably the 

superior convenience, customer experience, and (often) fares they offered compared with 

traditional taxicabs. Taxis have traditionally been highly regulated, largely at the local 

level, for a variety of reasons related to transportation policy, public safety, and rent-

seeking (Gilbert and Samuels 1982, Hodges 2009). As a result, prices are generally fixed, 

and regulatory barriers to entry often high. In addition, the logistics of street hails, 

combined with the high number of operators in larger markets, make it difficult for 

passengers to make choices based on quality (Wallsten 2015). TNCs, with their 

frictionless dispatching algorithms, seamless payment systems, and responsiveness to 

customer and driver rating systems, have proved a major challenge to the traditional taxi 

industry.  

Present evidence suggests that TNCs are expanding the market for car services in 

some areas by attracting new clients to on-demand car services, but they are also 

competing with taxis directly for taxis’ core business. For instance, FiveThirtyEight 

analyzed data from New York City and found that rides starting in outer boroughs made 

up a higher proportion of Uber trips than taxi trips in 2014. However, it also found that 

that Uber and taxi pickup patterns are fairly similar, and that yellow cab pick-ups are 

down even as the total number of for-hire car pickups increased from 2014 to 20156 

(Fischer-Baum and Bialik 2015). 

While the exact effects of TNCs remain unknown, it is clear that taxi companies 

in many major cities have been under increasing stress in recent years. In New York City, 

                                                

6 A small amount of this is likely due to the introduction of “green cabs” serving outer boroughs. 
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taxi medallion prices had increased quickly over the course of the 2000s, peaking in June 

2013. However, they have now fallen 28% from that peak (Barro 2015). The NYC Taxi 

and Limousine Commission estimates that drivers in 2012 earned an average of $130 a 

day, down from $150 in 2006—a reduction of almost 25% when adjusted for inflation 

(Grynbaum 2012). And since 2012, the number of taxi trips in New York City has 

decreased by 8% (Wallsten 2015). Taxis have seen declining revenues in other cities 

well. In Seattle, the addition of as many as 5,000 TNC drivers since 2013 resulted in a 

28% decrease in taxi company revenues (Soper 2015). Taxi markets in Boston, Chicago, 

and Philadelphia have seen similar trends (Madhani 2015). 

However, it remains unclear how overall taxi driver employment has been 

affected by the rise of TNCs. As of October 2015, there were 52,612 medallion drivers 

licensed to drive yellow cabs in New York City, down 2.2 percent from the end of 2014 

(Fischer-Baum and Bialik 2015), although analysis of CPS data shows that nationally, the 

proportion of taxi drivers and chauffeurs in the workforce returned to its 2010 levels by 

2015 (Figure 1). 

Figure 1. Taxi drivers as a % of employed workers, 1980-2015 

 
Source: CPS, 1980-2015. Recession data (by years) from FRED.  
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Independent contractors and the sharing economy 

Independent contracting and alternative work arrangements are far from new; 

research over the past 20-30 years has looked at the rise of the use of contracting by firms 

and the characteristics of workers who are employed as regular employees compared with 

those who are retained as independent contractors (Davis-Blake and Uzzi 1993, Bidwell 

and Briscoe 2009).  

One way to look at the changing labor landscape is through the rise of “contingent 

workers.” Reviews of the data landscape by Annette Bernhardt (2014) and the U.S. 

Government Accountability Office (2015) have already identified the main sources of 

data available, the definitions of contingent work commonly used in academic and policy 

discussions, and the main gaps in data and research around this topic. The best source of 

data has previously been the Contingent Worker Survey from the Bureau of Labor 

Statistics, but the agency has not had funding to conduct the survey since 2005.  

These nonstandard work arrangements are of interest to policymakers for many 

reasons, not least because contingent workers are two-thirds less likely than traditional 

workers to have workplace retirement plans, and less than half as likely to have health 

insurance through their employer (GAO 2015). Recently, the rising visibility of the gig 

economy has also increased policymakers' interest in non-standard forms of work in 

general, and in the effect of Uber on labor markets in particular. Quality data about 

workers in non-standard arrangements have been limited in recent years, however, as 

have detailed data about sharing economy participants. 

Depending on how it is defined, the contingent workforce alternately estimated to 

be as little as less than five percent of the employed labor workforce or as much as a 
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third.7 Using GSS data from 2010, the GAO identified a “core” group of contingent 

workers, defined as workers who lack job security and whose work schedules are 

variable, unpredictable, or both (such as agency temps, direct-hire temps, on-call 

workers, and day laborers). The agency estimated that this core group of contingent 

workers constitutes about 7.9 percent of the 2010 labor force, and similar proportions in 

2005 and 2006. In late 2015, Katz and Krueger attempted to replicate the BLS surveys 

from 2005 and before using the RAND American Life Panel. Their findings suggest that 

the share of workers in alternative work arrangements has risen from 10.1% in early 2005 

to 15.8% in late 2015, with online gig platforms (such as Uber) accounting for only a 

small part of this growth—about 0.5 percent of all workers in 2015 (Katz and Krueger 

2016). However, they note that more research is needed to understand the causes of this 

increase. 

Measuring the size of the sharing economy workforce in particular has been a 

challenge for researcher, due to the aforementioned hurdles in data collection combined 

with the newness of the industry. Measures of non-standard work in government surveys 

often does not match administrative or tax data (Abraham et al 2013), and standard 

survey questions do not appear to capture the nuances of work arrangements that the gig 

economy facilitates, such as the prevalence of multiple “gigs” in addition to a full-time 

                                                

7 For instance, the Bureau of Labor Statistics (BLS) defines contingent workers as those in temporary 
employment (regardless of work arrangement), while other measures focus exclusively on the type of work 
arrangement. This second approach, which can include workers such as agency temps and day laborers, 
even if they are part-time worker, independent contractors, or self-employed, brings the estimation of the 
size of the contingent workforce up to 40.4 percent in 2010. 
Different definitions or focuses result in different interpretations of workforce trends. The narrowest 
scopes, such as those looking solely at self-employed workers or those who fall under the strictest 
definitions of the contingent workforce, show little change in the relative percentage of workers under 
those classifications prior to 2010. The broader definitions of the contingent or “freelance” workforce, 
however, have shown marked gains since at least the mid-2000s. 
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traditional job. Even administrative data can be of limited use due to the workers’ official 

“independent” (i.e. non-payroll) status. 

In 2015, Harris and Krueger estimated that “about 600,000 workers, or 0.4 

percent of total U.S. employment, work with an online intermediary in the gig economy” 

as of late 2015, based on projecting recent Uber workforce growth rates and indexing 

these rates with the relative prevalence of web searches for other gig economy platforms 

(Harris and Krueger 2015). Researchers at the JPMorgan Chase & Co. Institute reached 

similar conclusions: After analyzing transactions from a random sample of one million 

primary account holders from October 2012 to September 2015, they found that in any 

given month, 0.4 percent of bank account holders received earnings from labor platforms 

such as Uber and Taskrabbit (Farrell and Greig 2016). 

Similarly, there has yet to be a deep analysis of the effect these new types of 

companies have in the cities they operate in. One paper used a differences-in-differences 

approach to look at the effect of Airbnb on hotel revenue in Texas, for instance (Zervas 

2015), while a recent Harvard Business Review article uses Census data about non-

employee firms to compare the effect of sharing economy “gigs” in San Francisco in 

2009 and 2013, an approach with its own set of limitations (Hathaway 2015).  

Self-employment and multiple job holders in the CPS 

There are two main measures available in the CPS, the official source of 

government data on employment statistics, that are most promising for measuring the 

impact of TNCs and other online labor platforms on larger work arrangements: 
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unincorporated self-employment8 and multiple job holding. While this paper will explore 

the effect of TNC on CPS self-employment measures, an examination of multiple job 

holding seems like a more promising path—although neither measure is ideal. 

Self-employment measures in the CPS have shown a gradual decrease in overall 

self-employment, mostly due to decreases in unincorporated self-employment, even as 

1099 tax filings and other potential indicators of increased “gig” work have increased 

(Katz and Krueger 2016). It is also important to note that individuals are identified as 

self-employed only if it is their main job, meaning both online and offline gig work and 

other irregular work arrangements are not captured in this measure if the worker has a 

traditional full- or part-time job as their main job (Hipple 2010). 

However, while full-time drivers make up the core of Uber’s services (Zatz 2016), 

the majority of TNC drivers work for these platforms part-time and sporadically. A study 

commissioned by Uber reports that half of drivers drive fewer than 10 hours per week on 

average as of late 2015, and that almost seven in ten drivers have other full-time or part-

time work outside of Uber (Uber 2015). The JPMorgan Chase Institute’s analysis of bank 

transactions also suggests that many online gig workers use these platforms sporadically, 

and are more likely than those using capital platforms (such as Airbnb) to use gig work to 

makeup for regular income shortfalls (Farrell and Greig 2016). Similarly, a late 2014 

survey of Uber drivers found that 74% of drivers said that a major reason they drove for 

Uber was to maintain a steady income in the face of unstable or unpredictable income 

from other sources (Hall and Krueger 2015). This suggests that most TNC drivers—and 

                                                

8 This paper focuses on unincorporated self-employment because of the research discussed later indicting 
that the majority of online “gig” workers earn income from these services on a part-time and often sporadic 
basis, and are unlikely to even view those gigs as a second job, let alone a business to incorporate. 
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online gig workers in general—would be unlikely to list themselves as self-employed in 

relation to their work with the platform, and potentially more likely to consider 

themselves as having multiple jobs.  

It is important to note that CPS data related to multiple job holders also faces its 

own challenges. Like self-employment measures, self-reported multiple job holding in 

CPS data has shown a steady decline over the past two decades (Zumbrun and Sussman 

2015). In a 2013 analysis comparing unemployment insurance (UI) data with CPS data, 

Abraham et al found that 69% of workers with multiple jobs according to UI data were 

reported as only having one in-scope job in the CPS, while almost 45% of those with 

multiple jobs as measured by the CPS had only one in-scope job in the UI data. Whites, 

men, and higher-wage individuals are most likely to fail to report their multiple job 

holding status on the CPS.9 Jobs of short duration were also less likely to be captured in 

the CPS compared with UI data. More recently, when Katz and Krueger interviewed 

workers who have standard primary jobs in addition to online and offline gig work, they 

found that a majority don’t report having multiple jobs when asked the standard CPS 

question, “even in many cases where they have significant on-line and other non-

traditional job income” (Wile 2015). 

How this paper contributes to the literature 

Nationally, the total number of drivers for Uber and Lyft collectively equal the 

size of the entire taxi industry (Cramer and Krueger 2015), and some data show that these 

                                                

9 The authors suggest that one possible interpretation “is that some highly compensated individuals with 
multiple sources of earnings think of themselves as having a single job,” listing actors, skilled construction 
trade workers, college faculty, and professionals such as doctors and lawyers as potential examples 
(Abraham et al. 2013). 
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new drivers are directly competing with taxi drivers for business. But most analyses of 

the impact of TNCs on the taxi industry have looked at indicators only in New York 

City—which, while a major metropolitan center and a vital piece of the taxi industry, is 

unique in many characteristics. These include its size and density (NYC 2015), use of 

public transportation (Anderson 2016), and the long history of the taxi industry there 

(Hodges 2009), making it difficult to expand those trends to the entire country (Cramer 

and Krueger 2015). As far as I am aware, there has not yet been an analysis of the impact 

of TNCs on national taxi driver employment that takes into account broader trends such 

as the changing demographics of the industry or the specific pattern of TNC expansion. 

Uber has also had an impact outside the taxi industry by pioneering new logistics 

systems that allow coordination of large flexible workforces, and the collective impact of 

these online platforms is still largely unexplored. While there have been many analyses 

that attempt to discern the sharing economy’s impact on the U.S. workforce using 

descriptive statistics, most have not accounted for larger demographic and economic 

trends. Few have looked specifically at metropolitan statistical areas (MSAs) where 

TNCs are active (Hall and Krueger 2015), and none, to my knowledge, have controlled 

for TNCs’ presence in a national context. This is important, because the recent nature of 

Uber’s rise and relatively small size of its workforce, and the fact that it has spread to 

different cities at different times, means that broad analyses may not detect present 

changes due specifically to these companies.  

This paper contributes to the literature by examining the effect of TNCs on the 

taxi labor market, as well as broader measures of self-employment or multiple job 
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holding across industries. It is a first attempt to control for the specific patterns of TNCs’ 

expansion in a way that has not yet been done. 
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III. CONCEPTUAL FRAMEWORK 

TNC impact on taxi driver employment 

Uber officially launched in San Francisco in 2010, but it wasn’t until 2012 that 

UberX, Lyft, and Sidecar were launched and TNCs began to directly compete with taxis 

on a large scale. The rise of TNCs happened as the national economy was slowly 

recovering from the Great Recession, meaning many workers were still looking for 

opportunities to work part-time to augment their regular income or tide them over 

between full-time jobs. Another factor at the time was the “bursting” of the taxi 

medallion bubble in New York City and the general dip in taxi employment after the 

recession, which began to recover by 2014-2015 even as revenues in major cities often 

declined. 

 

Figure 2. Determinants of taxi driver occupation 
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Based on these factors, I hypothesize that the presence of TNCs in an MSA will 

be negatively correlated with the likelihood of taxi driver employment compared with 

MSAs where TNCs are not active, on average. I also hypothesize that the impact of 

TNCs will be greater the longer they have been active in an MSA, with an increasingly 

negative impact as time goes on. My model will account for individual worker 

characteristics to control for general workforce changes, as well as characteristics specific 

to MSAs such as unemployment and overall population. My model will also account for 

year effects, and one model will account for MSA effects. While I do not have a true 

control group, I will control for whether an MSA was in the “treatment” group that ever 

had a TNC active. 

TNC impact on self-employment and multiple jobs 

Both self-employment and multiple job holding in CPS data has shown a steady 

decline over the past two decades (Zumbrun and Sussman 2015). Unincorporated self-

employment is highest among older workers, whites, and workers who have a high 

school diploma compared with workers with higher and lower levels of education (Hipple 

2010). Multiple job holding is more common with married men and single women, and 

increases with educational attainment (Lalé 2015). 
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Figure 3. Civilian labor force participation and employment trends, 2005-2014 

 
Source: U.S. Bureau of Labor Statistics, “Employed full time: Wage and salary 
workers: Taxi drivers and chauffeurs occupations: 16 years and over 
[LEU0254521800A],” retrieved from FRED, Federal Reserve Bank of St. Louis/ 
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higher- and lower-skill occupations, there are both cyclical and countercyclical effects to 

both in response to economic recessions (Hipple 2010, Abraham et al. 2013, Lalé 2015). 

It is therefore difficult to predict how these measures will have responded to the Great 

Recession, which has had a major impact on labor force participation and employment 

patterns during TNCs’ time of operation (Figure 3). 
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Figure 4. Determinants of self-employment and multiple job holding 
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IV. DATA AND METHODS 

Data source for dependent variables and controls 

The main source of data for this study is the U.S. Census Bureau’s Current 

Population Survey (CPS) for the years 2005-2015. The CPS is the U.S. Government's 

monthly survey of unemployment and labor force participation, and is sponsored jointly 

by the Census Bureau and the Bureau of Labor Statistics (BLS). The CPS is continuously 

administered by the Census Bureau using a probability selected sample of about 60,000 

occupied households, including households from all 50 states and the District of 

Columbia; the merged outgoing rotational group (MORG) files collected by The Center 

for Economic and Policy Research include all adult respondents in the outgoing rotation 

group, and includes contains detailed information on respondents’ demographic 

characteristics, education, and labor-market status.10 I will be analyzing it as pooled 

cross-sectional data set.11 The CPS is the best available data source to study labor market 

impacts of TNCs due to its recency (data is available through the end of 2015) and its 

measurement of non-standard work arrangements such as self-employment and multiple 

job holders, unlike surveys that measure work only among traditional wage and salaried 

workers. This also makes it useful for measuring taxi drivers employment, as many are 

also independent contractors and present similar measurement challenges. 

                                                

10 The data I am using in my main analysis of years 2005-2015, as well as analyses of taxi driver 
employment from 1980-2015, is from merged data extracts provided by Center for Economic and Policy 
Research (CEPR), available at ceprdata.org. Data are weighted by the CPS earnings weight, listed in the 
CEPR data extracts as orgwgt. 
11 Note: While attempts were made to address the creation or re-numbering of MSAs that occurred after the 
2010 Census, this paper does not account for changes to individual MSAs’ boundaries in the 2014-2015 
data (“Technical Note” 2013). 



 19 

Data about MSA’s annual population estimates are from the Census Bureau’s 

Annual Estimates of the Resident Population via American FactFinder12, and monthly 

unemployment rates are from the Local Area Unemployment Statistics from the Bureau 

of Labor Statistics.13 These are included because they are both MSA-specific and time-

varying, and may affect the outcome variables of interest through various channels.  

Data source for independent variables of interest 

Information about the timing of TNC operations in MSAs was collected through 

searches of Uber and Lyft’s blogs and online news archives. The dates of Lyft’s 

expansion into major markets were verified by a list provided by a Lyft representative. 

MSAs were coded as having a TNC present if Uber or Lyft was active in a major city or 

regional market within that MSA during that month. I also only considered the activity of 

TNCs after June 2012. This is when Uber’s lower-cost, non-professional service UberX 

launched, and Lyft had just started in San Francisco in beta (Cutler 2012); previously 

Uber’s core service had been its on-demand black car service, now included in 

UberBLACK (Uber Ohio 2016). The he steady rate of growth among black car drivers 

compared with the rapidly increasing growth of UberX drivers (Hall and Krueger 2015), 

combined with the price differences and driver requirements, suggest that the launch of 

UberX and Lyft are more relevant to this paper’s analyses than Uber’s original black car 

service. 

Uber was the first TNC to launch in almost all MSAs, although Lyft was the first 

TNC in a handful. While there have been many TNC start-ups, Uber is the dominant 

                                                

12 Available at http://factfinder.census.gov/. 
13 Available at http://www.bls.gov/lau/lausad.htm. 
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presence, with Lyft its main competitor (Harris and Krueger 2015), and the analysis 

assumes that there were no MSAs that had a notable TNC presence other than Uber or 

Lyft without one of the two also being present. I also counted Uber as the first TNC to 

launch overall, as pre-internet ride-sharing or on-demand carpooling services (such as 

Lyft’s progenitor Zimride) have traditionally served different needs and have not 

competed with taxi services as directly. MSAs where Uber or Lyft were only briefly 

active due to market conditions or legal challenges (e.g. areas in New York state outside 

of New York City, such as Buffalo and Rochester) are coded as never having TNCs 

active, as their presence was likely too brief to have a major impact on the taxi industry. 

However, this may underestimate the effects of TNCs in those cities on non-taxi 

employment measures, as other online gig platforms that are not directly related to 

transportation might still have become active. 

Regression method  

Using the above data, I will estimate the following regressions: 

(1) Taxi  = ß0 + ß1(TNC presence) + ß2(TNC presence length) + ß3(TNC presence length2 
          + ß4(Worker characteristics) + ß5(MSA characteristics) + ß6(Year) + ß7(MSA) + e 
 
(2) SelfEmp = ß0 + ß1(TNC presence) + ß2(TNC presence length) + ß3(TNC presence length2 
         + ß4(TNC ever present) + ß5(Worker characteristics) + ß6(MSA characteristics) 
        + ß7(Year) + ß8(MSA) + e 
 
(3) MultJob  = ß0 + ß1(TNC presence) + ß2(TNC presence length) + ß3(TNC presence length2 
         + ß4(TNC ever present) + ß5(Worker characteristics) + ß6(MSA characteristics) 
        + ß7(Year) + ß8(MSA) + e 
 

where “TNC presence” is an indicator for whether a TNC was active in a 

respondent’s MSA at the time of the CPS survey (from June 2012 onward), “TNC 

presence length” and “TNC presence length2” refer to the length of time the TNC had 

been active in years (non-integers), and “TNC ever present” is an indicator for whether a 
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TNC was ever active in that MSA from mid-2012 through the end of 2015, although it is 

not used in analyses of taxi drivers due to the very low number of MSAs in that sample 

that never had an active TNC. The coefficient on TNC presence, ß1, is the main 

coefficient of interest, and represents the difference in the likelihood that an individual 

will identify as the dependent category of interest (taxi driver, self-employed, or multiple 

job holder) between MSAs with a TNC present and those without TNCs, holding 

constant all the covariates discussed earlier. Table 1 provides full definitions for all the 

variables included in the model. 
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Table 1. Definition of variables 

Variable Name Definition 
Dependent variables of interest 
Taxi A dichotomous variable indicating whether or not the 

individual’s occupation is “Taxi driver and chauffeur.” 
Self-employed A dichotomous variable indicating whether or not the 

individual is self-employed (unincorporated). 
Multiple jobs A dichotomous variable indicating whether or not the 

individual has additional jobs besides his or her primary job. 
TNC variables 
TNC present A dichotomous variable indicating whether or not a TNC was 

present in the respondent’s MSA at the time of the survey 
(starting in June 2012). 

TNC presence length A continuous variable indicating the length of time a TNC 
had been present in the respondent’s MSA at the time of the 
survey (sine June 2012). 

TNC presence length squared A continuous variable indicating the length of time a TNC 
had been present in the respondent’s MSA at the time of the 
survey (since June 2012), squared. 

TNC ever present A dichotomous variable indicating whether or not a TNC was 
ever present in the respondent’s MSA between 2012 and 
2015. 

Individual characteristics 
Age A continuous variable measuring the age of the head of 

household at the final CPS interview. 
Age squared A continuous variable measuring the age of the head of 

household at the final CPS interview, squared. 
Female A dichotomous variable indicating whether or not an 

individual is female. 
White A dichotomous variable indicating whether or not an 

individual is white. 
Black A dichotomous variable indicating whether or not an 

individual is black. 
Hispanic A dichotomous variable indicating whether or not an 

individual is Hispanic. 
Less than high school A dichotomous variable indicating whether or not an 

individual lacks a high school diploma. 
Graduated high school A dichotomous variable indicating whether or not an 

individual graduated high school. 
Graduated college A dichotomous variable indicating whether or not an 

individual graduated college. 
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Table 1. Definition of variables (continued) 

Variable Name Definition 
Individual characteristics (continued) 
Income less than $30,000 A dichotomous variable indicating whether or not an 

individual’s family’s annual income is less than $30,000. 
Income $30,000-$49,999 A dichotomous variable indicating whether or not an 

individual’s family’s annual income is between $30,000 and 
$49,999. 

Income $50,000-$74,999 A dichotomous variable indicating whether or not an 
individual’s family’s annual income is between $50,000 and 
$74,999. 

Income $75,000 or more A dichotomous variable indicating whether or not an 
individual’s family’s annual income is $75,000 or greater. 

Married A dichotomous variable indicating whether or not an 
individual is married. 

Children A dichotomous variable indicating whether or not an 
individual has children. 

Employment characteristics and labor force status 
In labor force A dichotomous variable indicating whether or not an 

individual is in the labor force. 
Employed A dichotomous variable indicating whether or not an 

individual is employed. 
Paid hourly A dichotomous variable indicating whether or not an 

individual is paid hourly. 
Hourly wage A continuous variable reporting the respondent’s hourly wage 

in real 2014 U.S. dollars. 
Hours worked last week A discrete variable reporting the number of hours the 

respondent worked last week (at all jobs). 
Union  A dichotomous variable indicating whether or not an 

individual is a member of a union or covered by a union. 
MSA Characteristics  
MSA population The population of the respondent’s MSA the year of the 

survey as reported by the U.S. Census Bureau, in 100,000s. 
MSA unemployment rate The unemployment rate in the respondent’s MSA the month 

of the survey as reported by the U.S. Bureau of Labor 
Statistics, in percentage points. 

Other controls 
[Year] A dichotomous variable for every year of the study (2005-

2015), indicating whether the survey took place that year. 
[MSA] A dichotomous variable for every MSA in the model’s 

sample, indicating whether the respondent lived in that 
location. 
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Descriptive statistics 

Because each sample was restricted to meet specific restrictions14, the samples 

tend to include a higher proportion of large MSAs than the full sample would contain, 

which affects the characteristics of workers in each of those samples. The basic contours 

of those samples are shown in descriptive statistics in Table 2.  

 

Table 2. Characteristics of workers in each restricted sample  
 Taxi driver 

employment 
Self-

employment 
Multiple 

jobs 
n (unweighted) 774,378 1,608,513 1,497,496 
Number of MSAs 70 251 251 
In labor force (%) 100 100 100 
Employed (%) 100 93.16 100 
Age (mean) 41.49 41.05 41.37 
Female (%) 46.37 46.59 46.75 
Black (%) 12.78 12.57 11.92 
Hispanic (%) 20.10 16.90 16.47 
Less than high school (%) 8.68 9.19 8.46 
Graduated high school (%) 51.86 56.41 55.78 
Graduated college (%) 39.45 34.41 35.76 
Income less than $30,000 (%) 15.29 18.59 16.87 
Income $30,000-$49,999 (%) 16.28 17.84 17.62 
Income $50,000-74,999 (%) 18.31 19.28 19.58 
Income $75,000 or more (%) 50.12 44.29 45.93 
Married (%) 55.18 54.44 55.82 
Has children (%) 70.51 70.34 69.75 
Non-U.S. born  (%) 25.73 18.50 18.61 
Hourly wage in 2014 dollars (mean) 21.78 20.40 20.44 
Hours worked last week (%) 38.56 38.47 38.47 
Union (%) 14.52 13.27 13.31 
Source: Current Population Survey, 2005-2015.  

 

 

                                                

14 Observations were only included if the unweighted count of the dependent variable of interest in that 
MSA that year was at least 3. 



 25 

The sample for the taxi driver employment analyses is the most restricted, and has 

the highest proportion of high-income and –education individuals (although all three are 

skewed relative to the general U.S. population). The taxi sample also has the highest 

proportion of Hispanic workers and non-U.S. born respondents, as well as higher hourly 

wages on average and a higher proportion of union coverage. 
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V. RESULTS AND ANALYSIS 

Taxi driver employment 

Means 

Tables 3 and 4 show the weighted proportion of taxi drivers among employed 

workers in the restricted sample for this analysis. Table 3 shows the proportion of taxi 

drivers of workers based on whether any TNCs were present in the MSA at the time of 

the survey. Table 4 shows the mean and standard deviation of taxi drivers in the 

workforce based on how many years TNCs had been active in the MSA at the time of the 

survey. While almost all of the MSAs had a TNC active by the end of 2015, most of the 

Uber and Lyft’s expansion occurred in 2014. 

Table 3. Taxi drivers as % of employed workers, by year and TNC presence 

Year No TNCs TNC(s) present 
2005 0.39% - 
2006 0.40% - 
2007 0.42% - 
2008 0.42% - 
2009 0.45% - 
2010 0.49% - 
2011 0.45% - 
2012 0.36% 0.47% 
2013 0.33% 0.41% 
2014 0.46% 0.47% 
2015 0.33% 0.48% 
Source: 2005-2015 CPS. 

 

Table 4. Taxi drivers as % of employed workers, by years of TNC operation 

Years TNC(s) present Mean Std. Dev. Unweighted count 
Less than 1 0.42% 0.0647 2,486 
1 0.44% 0.0664 267 
2 0.53% 0.0725 150 
At least 3 0.55% 0.0738 100 
Source: 2005-2015 CPS. 
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Regression results 

The use of a true difference-in-differences regression model in this case is 

difficult because TNCs expanded into different areas at different times, meaning there is 

no single date of “treatment.” They also expanded so rapidly that there are very few 

MSAs within the restricted sample that did not have a TNC present by the end of 2015.  

Instead, I explored the potential effect of TNCs on taxi employment through 

models that account for individual and MSA characteristics. Table 5 reports the results 

from these models, in which the dependent variable is the probability that an employed 

worker is a taxi driver (taxi, which equals 1 if yes). 

Model 1 simply regresses taxi onto three variables related to TNCs’ presence: 

whether a TNC was present in the worker’s MSA the month of the CPS survey, the years 

that TNCs have been present in that MSA, and the years of TNC presence squared. 

Model 2 adds control variables related to individual worker demographic characteristics, 

and Model 3 adds two time-varying MSA-level controls (annual population and monthly 

unemployment rate). Model 4 adds indicators for year effects, and Model 5 adds 

indicators for each MSA. 
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Table 5. OLS Coefficients (Standard Errors) for Models Predicting Taxi Driver Employment  

 OLS model 
Variable (1) (2) (3) (4) (5) 
Transportation network company presence 
TNC present in MSA during 
month of survey 

-0.0004 
(0.0005) 

-0.0004 
(0.0004) 

-0.0004 
(0.0005) 

0.0001 
(0.0005) 

-0.0003 
(0.0005) 

Years TNC has been present 0.0001 
(0.0006) 

0.0001 
(0.0006) 

0.0001 
(0.0006) 

-0.0003 
(0.0007) 

0.0009 
(0.0007) 

Years TNC has been present, 
squared 

0.0002 
(0.0002) 

0.0002 
(0.0002) 

0.0001 
(0.0002) 

0.0001 
(0.0002) 

-0.0001 
(0.0002) 

Individual characteristics 

Age - 0.0001** 
0.00004 

0.0001** 
0.00004 

0.0001** 
(0.00004) 

0.0001** 
(0.00004) 

Age squared - 0.0000003 
(0.0000005) 

0.0000003 
(0.0000005) 

0.0000003 
(0.0000005) 

0.0000003 
(0.0000004) 

Female - -0.0064*** 
(0.0002) 

-0.0064*** 
(0.0002) 

-0.0064*** 
(0.0002) 

-0.0064*** 
(0.0002) 

Black (ref = white) - 0.0054*** 
(0.0004) 

0.0051*** 
(0.0004) 

0.0051*** 
(0.0004) 

0.0054*** 
(0.0004) 

Hispanic (ref = white) - -0.0044*** 
(0.0003) 

-0.0047*** 
(0.0003) 

-0.0047*** 
(0.0003) 

-0.0040*** 
(0.0003) 

Less than high school 
(ref = high school grad only) - -0.0031*** 

(0.0004) 
-0.0030*** 

(0.0004) 
-0.0030*** 

(0.0004) 
-0.0030*** 

(0.0004) 
Graduated college 
(ref = high school grad only) - -0.0028*** 

(0.0002) 
-0.0029*** 

(0.0002) 
-0.0029*** 

(0.0002) 
-0.0028*** 

(0.0003) 
Income < $30,000 
(ref = $30,000-$49,999) - 0.0023*** 

(0.0004) 
0.0024*** 
(0.0004) 

0.0024*** 
(0.0004) 

0.0024*** 
(0.0004) 

Income $50,000-$74,99 
(ref = $30,000-$49,999) - -0.0026*** 

(0.0003) 
-0.0027*** 

(0.0003) 
-0.0027*** 

(0.0003) 
-0.0027*** 

(0.0003) 
Income > $75,000  
(ref = $30,000-$49,999) - -0.0036*** 

(0.0003) 
-0.0038*** 

(0.0003) 
-0.0038*** 

(0.0003) 
-0.0039*** 

(0.0003) 

Married - 0.0004** 
(0.0002) 

0.0005** 
(0.0002) 

0.0005** 
(0.0002) 

0.0005** 
(0.0002) 

Children - 0.0004* 
(0.0002) 

0.0004* 
(0.0002) 

0.0004* 
(0.0002) 

0.0004* 
(0.0002) 

Born outside of U.S.  - 0.0086*** 
(0.0003) 

0.0081*** 
(0.0003) 

0.0081*** 
(0.0003) 

0.0082*** 
(0.0003) 

MSA characteristics 
Population 
(annual, in 100,000s) - - 0.00002*** 

(0.000002) 
0.00002*** 
(0.000002) 

-0.000007 
(0.0001) 

Unemployment rate 
(monthly, percentage pt) - - -0.00004 

(0.00004) 
-0.0003*** 
(0.00006) 

0.0001 
(0.0001) 

Year effects No No No Yes Yes 
MSA effects No No No No Yes 

Constant 0.0043*** 
(0.0001) 

0.0033*** 
(0.0008) 

0.0021** 
(0.00008) 

0.0026*** 
(0.0009) 

0.0086* 
(0.0045) 

Observations 774,378 774,378 774,378 774,378 774,378 
Years covered 2005-15 2005-15 2005-15 2005-15 2005-15 
R2 0.0002 0.0088 0.0091 0.0092 0.0103 
Robust standard errors in parentheses. Among employed workers in restricted sample. 
*** p<0.01, ** p<0.05, * p<0.1  
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None of TNC-related independent variables of interest were significant at 

standard levels in any of the models when using mid-2012 as the benchmarked start date 

for TNC activity. Among the control variables, almost all of the individual-level 

demographic controls were statistically significant at standard levels in all of the models. 

Focusing here on the results from Model 5, we find the sign of these coefficients as 

expected: Age is positively associated with being a taxi driver, while being female is very 

strongly negatively associated. Black workers are more likely than white workers to be 

taxi drivers, and Hispanic worker are less likely. Workers with a high school diploma are 

more likely to drive taxis than those who have not graduated high school or who have 

attended college. Looking at family income, those reporting less than $30,000 per year 

are significantly more likely to drive taxis compared with those earning $30,000-$50,000, 

while those with higher family earnings are less likely. Married workers and those with 

children are more likely to drive taxis, controlling for other factors. Being born outside 

the United States also has a very strong positive association with being a taxi driver, an 

increase of 0.82 percentage points. 

Finally, two MSA-level time-varying factors, yearly population and monthly 

unemployment, were present in Models 3-5. Yearly population was highly significant in 

Models 3 and 4, but it not significant in Model 5 when MSA indictors were added. The 

monthly unemployment rate was not significant in Models 3 or 5, but was in Model 4 

with the addition of year indicators (but not MSA indicators). 
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Self-employment and multiple jobs 

Means 

Tables 6 and 7 compare means for the dependent employment variables of interest 

before and after TNCs were present in those MSAs, as well as by the length of time 

TNCs were active at the time of survey (measured in years). 

Table 6. Means for employment variables, by year and TNC presence 

 Self-employed workers 
(% of workers in labor force) 

Multiple job holders 
(% of employed workers) 

Year No TNCs TNC(s) present No TNCs TNC(s) present 
2005 6.70% - 4.80% - 
2006 6.70% - 4.76% - 
2007 6.54% - 4.70% - 
2008 6.36% - 4.69% - 
2009 6.37% - 4.75% - 
2010 6.42% - 4.43% - 
2011 6.16% - 4.49% - 
2012 6.26% 6.09% 4.52% 4.32% 
2013 5.94% 6.21% 4.65% 4.31% 
2014 5.77% 6.03% 4.59% 4.25% 
2015 5.22% 5.96% 4.85% 4.38% 
Source: Current Population Survey, 2005-2015. 

 

Table 7. Means for employment variables by years of TNC operation 

Self-employed workers (% of workers in labor force) 
Years TNC(s) present Mean Std. Dev. Unweighted count 
Less than 1 6.36% 0.2441 91,964 
1 6.00% 0.2376 5,841 
2 6.09% 0.2391 3,398 
At least 3 5.38% 0.2256 1,273 
Multiple job holders (% of employed workers) 
Years TNC(s) present Mean Std. Dev. Unweighted count 
Less than 1 4.63% 0.2101 65,834 
1 4.25% 0.2018 4,076 
2 4.03% 0.1967 2,260 
At least 3 4.23% 0.2012 1,020 
Source: Current Population Survey, 2005-2015. 
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Regression results 

The models used to explore the effect of TNCs on self-employment and multiple 

job-holding reports were very similar to the models related to taxi employment. Tables 8 

and 9 report the results from these models. 

 Self-employment 

In the regression results in Table 8, the dependent variable is the probability that a 

worker in the labor force identifies as self-employed, but not self-incorporated (selfemp, 

which equals 1 if yes). 

Here, Model 1 regresses selfemp onto four variables related to TNCs’ presence: 

whether a TNC was present in the worker’s MSA the month of the CPS survey, the years 

that TNCs have been present in that MSA, the years of TNC presence squared, and a 

fourth variable that controls for whether a TNC has ever been present in that MSA 

(whether the MSA was in the “treatment” group). As with the taxi models, Model 2 adds 

control variables related to individual worker demographic characteristics, and Model 3 

adds two time-varying MSA-level controls (annual population and monthly 

unemployment rate). Model 4 adds indicators for year effects, and Model 5 adds 

indicators for each MSA. 
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Table 8. OLS Coefficients (Standard Errors) for Models Predicting Self-Employment  

Variable OLS model 
(1) (2) (3) (4) (5) 

Transportation network company presence 
TNC present in MSA during 
month of survey 

-0.0018* 
(0.0010) 

-0.0034*** 
(0.0010) 

-0.0034*** 
(0.0010) 

0.0032*** 
(0.0011) 

0.0026** 
(0.0012) 

Years TNC has been present -0.0006 
(0.0016) 

-0.0003 
(0.0015) 

-0.0005 
(0.0015) 

-0.0008 
(0.0016) 

-0.0011 
(0.0016) 

Years TNC has been present, 
squared 

-0.0003 
(0.0005) 

-0.0002 
(0.0005) 

-0.0003 
(0.0005) 

-0.0003 
(0.0005) 

0.00003 
0.960 

TNC ever present in MSA 0.0024*** 
(0.0008) 

0.0038*** 
(0.0008) 

0.0038*** 
(0.0008) 

0.0043*** 
(0.0008) 

-0.0016 
0.778 

Individual characteristics 

Age - 0.0009*** 
(0.0001) 

0.0009*** 
(0.0001) 

0.0009*** 
(0.0001) 

0.0009*** 
(0.0001) 

Age squared - 0.00001*** 
(0.000001) 

0.00001*** 
(0.000001) 

0.00001*** 
(0.000001) 

0.00001*** 
(0.000001) 

Female - -0.0201*** 
(0.0004) 

-0.0201*** 
(0.0004) 

-0.0201*** 
(0.0004) 

-0.0202*** 
(0.0004) 

Black (ref = white) - -0.0250*** 
(0.0006) 

-0.0250*** 
(0.0006) 

-0.0250*** 
(0.0006) 

-0.0250*** 
(0.0006) 

Hispanic (ref = white) - -0.0108*** 
(0.0006) 

-0.0107*** 
(0.0006) 

-0.0107*** 
(0.0006) 

-0.0108*** 
(0.0007) 

Less than high school 
(ref = high school grad only) - 0.0107*** 

(0.0009) 
0.0107*** 
(0.0009) 

0.0107*** 
(0.0009) 

0.0103*** 
(0.0009) 

Graduated college 
(ref = high school grad only) - -0.0004 

(0.0005) 
-0.0004 
(0.0005) 

-0.0004 
(0.0005) 

-0.0001*** 
(0.0005) 

Income < $30,000 
(ref = $30,000-$49,999) - 0.0162*** 

(0.0007) 
0.0163*** 
(0.0007) 

0.0163*** 
(0.0007) 

0.0164*** 
(0.0007) 

Income $50,000-$74,99 
(ref = $30,000-$49,999) - -0.0086*** 

(0.0007) 
-0.0086*** 

(0.0007) 
-0.0086*** 

(0.0007) 
-0.0086*** 

(0.0007) 
Income > $75,000  
(ref = $30,000-$49,999) - -0.0133*** 

(0.0006) 
-0.0134*** 

(0.0006) 
-0.0134*** 

(0.0006) 
-0.0138*** 

(0.0006) 

Married - 0.0122*** 
(0.0005) 

0.0123*** 
(0.0005) 

0.0123*** 
(0.0005) 

0.0122*** 
(0.0005) 

Children - 0.0071*** 
(0.0006) 

0.0071*** 
(0.0006) 

0.0071*** 
(0.0006) 

0.0071*** 
(0.0006) 

Born outside of U.S.  - 0.0092*** 
(0.0006) 

0.0091*** 
(0.0007) 

0.0091*** 
(0.0007) 

0.0090*** 
(0.0007) 

MSA characteristics 
Population 
(annual, in 100,000s) - - 0.000003 

(0.000004) 
-0.000008* 
(0.000004) 

0.00048*** 
(0.00015) 

Unemployment rate 
(monthly, percentage pt) - - -0.0003*** 

(0.00009) 
0.0008*** 
(0.0001) 

-0.0007*** 
(0.0002) 

Year effects No No No Yes Yes 
MSA effects No No No No Yes 

Constant 0.0617*** 
(0.0008) 

0.0030 
(0.0020) 

0.0047** 
(0.0021) 

0.0036 
(0.0022) 

-0.00038 
(0.0051) 

Observations 1,608,513 1,608,513 1,608,513 1,608,513 1,608,513 
Years covered 2005-15 2005-15 2005-15 2005-15 2005-15 
R2 0.0001 0.019 0.019 0.019 0.023 
Robust standard errors in parentheses. Among workers in labor force in restricted sample. 
*** p<0.01, ** p<0.05, * p<0.1  
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The presence of TNCs during the month of the CPS survey is statistically 

significant at the 10% level in Model 1 and at the 5% level for Models 2 through 5. In 

Model 5, TNC presence was associated with a 0.26 percentage point increase in the 

likelihood that an individual would be self-employed (other factors held constant)—an 

increase of about 20% on average. Length of time a TNC was active in an MSA was not 

significant in any model. The control variable for whether a TNC was ever present was 

significant at the 5% level in Models 1 through 4, but not Model 5.  

The demographic controls were almost always statistically significant, and their 

signs were consistent with traditional, non-gig measures of self-employment and their 

known measurement issues. Looking at the results for Model 5, both age and age squared 

are positively associated with self-employment, while being female has a very strongly 

negative association: women are 2 percentage points less likely to be self-employed than 

men, controlling for other factors. Blacks and Hispanics are also significantly less likely 

to be self-employed than whites. Workers without a high school diploma are more likely 

to be self-employed than high school graduates, while those with more education are less 

likely to report self-employment than those with only a high school degree.  

Looking at family income, those reporting less than $30,000 per year are 

significantly more likely to report self-employment compared with those earning 

$30,000-$50,000, while those with higher family earnings are significantly less likely. 

Married workers and those with children are somewhat more likely to be self-employed 

as well. Being born outside the United States also has a significant positive association. 

Among the two MSA-level time-varying factors, yearly population and monthly 
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unemployment, that were present in Models 3-5, both were significant in Models 4 and 5 

(but not Model 3). 

 Multiple jobs 

Table 9 reports the results from similar models in which the dependent variable is 

the probability that an employed worker reported having multiple jobs (multjob, which 

equals 1 if yes). The models are the same as for self-employment: Model 1 contains only 

TNC variables, Model 2 adds individual characteristics, Model 3 adds MSA population 

and unemployment rate, Model 4 adds year indicators, and Model 5 adds indicators for 

each MSA. 
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Table 9. OLS Coefficients (Standard Errors) for Models Predicting Multiple Job Holding 

Variable OLS model 
(1) (2) (3) (4) (5) 

Transportation network company presence 
TNC present in MSA during 
month of survey 

-0.0021** 
(0.0009) 

-0.0026*** 
(0.0009) 

-0.0025*** 
(0.0009) 

0.0013 
(0.0010) 

0.00005 
(0.0011) 

Years TNC has been present -0.0012 
(0.0014) 

-0.0006 
(0.0014) 

-0.0005 
(0.0014) 

0.0009 
(0.0014) 

0.0015 
(0.0015) 

Years TNC has been present, 
squared 

0.0001 
(0.0004) 

-0.0001 
(0.0004) 

0.0002 
(0.0004) 

0.0002 
(0.0004) 

-0.0001 
(0.0005) 

TNC ever present in MSA -0.0095*** 
(0.0008) 

-0.0073*** 
(0.0008) 

-0.0038*** 
(0.0008) 

-0.0036*** 
(0.0008) 

0.0212*** 
(0.0054) 

Individual characteristics 

Age - 0.0010*** 
(0.0001) 

0.0011*** 
(0.0001) 

0.0011*** 
(0.0001) 

0.0011*** 
(0.0001) 

Age squared - -0.00001*** 
(0.0000008) 

-0.00001*** 
(0.0000008) 

-0.00001*** 
(0.0000008) 

-0.00001*** 
(0.0000008) 

Female - 0.0050*** 
(0.0004) 

0.0050*** 
(0.0004) 

0.0050*** 
(0.0004) 

0.0049*** 
(0.0004) 

Black (ref = white) - -0.0049*** 
(0.0006) 

-0.0039*** 
(0.0006) 

-0.0039*** 
(0.0006) 

-0.0003 
(0.0007) 

Hispanic (ref = white) - -0.0102*** 
(0.0005) 

-0.0087*** 
(0.0005) 

-0.0084*** 
(0.0005) 

-0.0060*** 
(0.0006) 

Less than high school 
(ref = high school grad only) - -0.0144*** 

(0.0006) 
-0.0150*** 

(0.0006) 
-0.0151*** 

(0.0006) 
-0.0152*** 

(0.0006) 
Graduated college 
(ref = high school grad only) - 0.0148*** 

(0.00004) 
0.0153*** 
(0.00004) 

0.0153*** 
(0.00004) 

0.0152*** 
(0.00005) 

Income < $30,000 
(ref = $30,000-$49,999) - -0.0016** 

(0.0006) 
-0.0018*** 

(0.0006) 
-0.0017*** 

(0.0006) 
-0.0018*** 

(0.0006) 
Income $50,000-$74,99 
(ref = $30,000-$49,999) - -0.0013** 

(0.0006) 
-0.0010* 
(0.0006) 

-0.0011* 
(0.0006) 

-0.0012* 
(0.0006) 

Income > $75,000  
(ref = $30,000-$49,999) - -0.0087*** 

(0.0006) 
-0.0079*** 

(0.0006) 
-0.0081*** 

(0.0006) 
-0.0080*** 

(0.0006) 

Married - -0.0069*** 
(0.0005) 

-0.0075*** 
(0.0005) 

-0.0075*** 
(0.0005) 

-0.0074*** 
(0.0005) 

Children - -0.0010** 
(0.0005) 

-0.0010** 
(0.0005) 

-0.0010** 
(0.0005) 

-0.0013*** 
(0.0005) 

Born outside of U.S.  - -0.0132*** 
(0.0005) 

-0.0106*** 
(0.0005) 

-0.0106*** 
(0.0005) 

-0.0105*** 
(0.0005) 

MSA characteristics 
Population 
(annual, in 100,000s) - - -0.0001*** 

(0.000003) 
-0.0001*** 
(0.000003) 

-0.0001 
(0.0001) 

Unemployment rate 
(monthly, percentage pt) - - -0.0009*** 

(0.0001) 
-0.0012*** 

(0.0001) 
0.0002 

(0.0002) 
Year effects No No No Yes Yes 
MSA effects No No No No Yes 

Constant 0.0554*** 
(0.0008) 

0.0424*** 
(0.0018) 

0.0475*** 
(0.0019) 

-0.0012*** 
(0.0001) 

0.0189*** 
(0.0004) 

Observations 1,497,496 1,497,496 1,497,496 1,497,496 1,497,496 
Years covered 2005-15 2005-15 2005-15 2005-15 2005-15 
R2 0.0002 0.0043 0.0050 0.0051 0.0069 
Robust standard errors in parentheses. Among employed workers in restricted sample. 
*** p<0.01, ** p<0.05, * p<0.1  
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The presence of TNCs during the month of the CPS survey is significant at 

standard levels in Models 1 through 3, but not Models 4 and 5. The two variables related 

to the length of time TNCs have been active are not significant in any models. The TNC 

“ever present” variable is significant in all five models, although with a sign change in 

Model 5. 

The demographic controls were generally statistically significant. Looking at the 

results for Model 5, both age is positively associated with multiple job holding, while age 

squared is negatively associated. Being female has a very strongly positive association. 

Hispanics are significantly less likely to report multiple job holding than whites, and the 

sign for black respondents is not statistically significant. Workers without a high school 

diploma are less likely to report multiple jobs than high school graduates, while those 

with more education are more likely to report multiple jobs than those with only a high 

school degree.  

Looking at family income, those reporting less than $30,000 per year are 

significantly less likely to report multiple jobs compared with those earning $30,000-

$50,000, while those with higher family earnings are also generally less likely. Married 

workers and those with children are both negatively associated with multiple job holding 

as well. Being born outside the United States also has a very strong negative association 

with multiple jobs. Finally, looking at the two MSA-level time-varying factors were 

present in Models 3-5, we see that yearly population and monthly employment rate were 

both significantly negatively correlated with multiple job holding in Models 3-4, but not 

in Model 5. 
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VI. DISCUSSION AND CONCLUSION 

Discussion 

Taxi driver employment 

This analysis failed to find evidence of a statistically significant relationship 

between the presence of TNCs and taxi driver employment, even though other evidence 

suggests that TNCs are competing with taxis for business and resulting in declining 

revenues. There are a few potential explanations for this lack of an apparent effect. 

First, it is possible that TNCs have not yet had an impact on taxi driver 

employment even if taxi drivers are earning less in cities where TNCs are present. It is 

possible that taxi drivers may be driving longer hours or taking home less in weekly pay 

as a result of TNCs, but that few have decided to leave the occupation entirely. This 

seems likely, as most respondents in the sample with a TNC present lived in an MSA 

where the TNC had been present only in the previous year. Second, there is the 

possibility that there are endogenous effects to the taxi industry in certain MSAs that 

have not been accounted for in these models, which have only two time-varying MSA 

controls. Third, there may be an issue of measurement if a large proportion of current and 

former licensed taxi or limo drivers who primarily drive for Uber platforms still identify 

as being in the “taxi driver and chauffeur” occupation on CPS surveys even when they 

are primarily or entirely working for TNCs. Finally, there is the possibility that TNCs 

have expanded the market for on-demand car services nationally, particularly in cities 

other than major metropolitan areas (such as New York, San Francisco, Boston, and 

Washington, DC), in a way that increased demand for taxi services as well as TNC 

services from 2012-2015. 
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Self-employment and multiple jobs 

The impact of TNCs on non-standard work arrangements remains somewhat 

unclear. The presence of TNCs was statistically significantly associated with a increase in 

measures of unincorporated self-employment among labor force participants when MSA 

effects were controlled for in addition to individual and year characteristics (p<0.025). It 

is therefore possible that TNCs such as Uber and Lyft, along with similar companies that 

serve similar clienteles (and employ similar workers) have increased the proportion of 

individuals who are self-employed as their primary occupation. However, caution is 

needed when interpreting these results because self-employment measures in the CPS are 

based on whether the independent work is the respondent’s main job, they are likely not 

the best measure of TNC or online “gig” work for the majority of those workers 

(Abraham et al. 2013). It does appear that self-employment is higher among lower-

income workers and those with lower levels of education when TNCs are present, which 

suggests that this apparent rise in self-employment in these MSAs is not due to an 

increase in the number of “traditional” entrepreneurs. Additional study is needed to 

explore who these self-employed workers are, and whether the increase in self-

employment is among workers whose characteristics align with the profile of a typical 

online “gig” worker. 

Examining reports of multiple job holding is another promising avenue for 

studying the labor market impacts of TNCs, and one that also has its own measurement 

issues. This study found that multiple job holding is negatively associated with TNC 

presence in more restricted models, but failed to find a significant association when year 

and MSA effects were added. This paper did not separate out agricultural workers from 

other unincorporated self-employed workers, but separate analyses that did control for 
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agricultural work found similar results. The most likely reason for the lack of an 

association is that traditional survey measures frequently do not capture the full range of 

“gig” work and non-standard work arrangements that take place outside of traditional 

employment; it is very possible that respondents who use online labor platforms to 

smooth their income from time to time do not think of themselves as having a “second 

job.” Additionally, as with the taxi analysis, it is very possible that not enough time has 

passed for the seeming increase in online gig work to register in government surveys. 

Katz and Krueger (2016) have demonstrated that the majority of the rise in gig work has 

taken place in “offline” channels, which would not likely be affected by the operation of 

TNCs or other online platforms. 

Limitations and avenues for future research 

The most pressing limitation of the analysis is that all the TNCs studied were 

initially launched in San Francisco and generally followed an expansion pattern that 

began with major metropolitan areas such as New York City, Boston, Chicago, and Los 

Angeles. Therefore, the MSAs which have had TNCs in 2012 or 2011 are very different 

than the “control” groups that did not have TNCs present until 2014 or later. Because the 

CPS is only representative for the 12 largest MSAs, and ACS data that would give 

representative variables for all MSAs in the samples was only available through 2014, the 

model did not control for many time-varying MSA characteristics that could have 

affected the taxi industry and larger labor markets in those areas. This omission could 

obscure the true effect of TNCs on those dependent variables. 

Another limitation not yet mentioned is that the analysis did not use clustered 

standards errors due to a missing variables for one year of data, which means that 
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standard errors may be larger than reported.15 An analysis of a smaller time span—for 

instance, 2007-2015—might allow for smaller standard errors. It will also be useful to re-

run the analysis once data for 2016 is available, or when ACS data for 2015 is published. 

Taxi driver employment 

The results of the taxi analysis suggest that there are also exogenous effects 

related to the taxi industry that were not accounted for in the model, as previously 

discussed. The model also did not take into account specific factors at the MSA level that 

could have affected the number of taxi drivers, such as New York City’s introduction of 

green cabs or “Boro Taxis” in 2013 (Giuffo 2013), or TNC-related legislation that has 

been passed in many cities and states. 

One measurement concern is that taxi drivers, limo drivers, and other professional 

drivers who switch entirely to driving to Uber or Lyft might lead to an underestimation of 

the effects of TNCs on “taxi” employment, as they might be likely to still identify 

themselves as “taxi drivers or chauffeurs” drivers on CPS surveys. For instance, a study 

commissioned by Uber found that in December 2014, about half (49%) of Uber drivers 

had previously worked as a driver (including for a delivery service), but by November 

2015, only 33% had previously earned income driving16 (Uber 2015).  

Self-employment and multiple jobs 

One way to address the limitations of CPS measures of self-employment and 

multiple job holding that has already been discussed is to incorporate tax filings or 

                                                

15 For more information, see http://ceprdata.org/cps-uniform-data-extracts/cps-outgoing-rotation-group/cps-
org-faq/#error. 
16 Based on online surveys conducted by BSG of drivers in Uber's largest markets. 
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records used for unemployment insurance (UI). However, while most work mediated by 

online platforms is unlikely to be conducted “off-the-books” due to the central role of 

technology in that process, workers who earn only a small amount of income from these 

platforms may not need to report their earnings to the IRS, which would mean they would 

not be present in tax filings. The platforms themselves would therefore be an ideal source 

of information about the workers who use them. It would also be useful to match TNCs’ 

records to administrative data and government survey data to see if and how these 

workers are visible in current traditional measures.  

Conclusion 

This study did not find evidence that transportation network companies such as 

Uber and Lyft have yet had a significant impact on taxi employment in the metropolitan 

areas in which they operate. Additional study is needed as more data becomes available 

in order to understand how these platforms are affecting the mix of transportation options 

in their cities. TNCs are already having an impact—the city of Altamonte Springs, 

Florida recently decided to subsidize residents’ Uber fares in lieu of an on-demand bus 

system (Wood 2016)—but very few cities are even considering TNCs in their long-term 

transportation plans (DuPuis et al. 2015). If TNCs, which require smartphones and credit 

cards to be used, replace taxis, which accept cash and street hails, this could have a major 

impact on residents’ access to transit options. 

The study also found that the presence of TNCs may be associated with an 

increase in unincorporated self-employment, but the conclusions around the impact of 

TNCs on nonstandard work arrangements are not strong. The main policy 

recommendation from this section of the analysis is to improve data collection around 
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nonstandard forms of work, such as the proposed 2017 Contingent Worker Survey that 

the BLS has planned for 2017. This is important to understand how TNCs and other 

technologically-enabled platforms fit into broader changes in work arrangements in the 

United States, and what supports and protections these workers require. In addition to 

national data, another promising path would be for municipal governments to collect 

more data about both online and offline “gig” work and the scope of non-standard work 

arrangements in their cities.  
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APPENDIX: SUPPLEMENTARY TABLE 

 

Table 10. Characteristics of employed taxi drivers, 1980-2015 

 1980-83 1990-93 2000-03 2006-09 2012-15 
n (unweighted) 1,330 1,425 1,681 1,667 1,774 
Individual characteristics 
Female (%) 9.6 9.3 12.0 15.3 14.2 
Age  
18-29 (%) 27.4 20.4 15.8 11.5 10.9 
30-39 (%) 26.0 29.1 22.8 17.9 18.4 
40-49 (%) 17.0 21.4 25.5 28.0 23.6 
50-64 (%) 23.6 20.8 26.1 32.7 34.4 
65+ (%) 6.0 8.2 10.0 9.9 12.7 
Mean age 40.7 42.2 44.7 46.9 48.2 
Race/ethnicity 
White (%) 64.9 51.6 50.0 45.6 43.6 
Black (%) 21.3 26.2 23.9 27.8 23.5 
Hispanic (%) 9.4 15.2 16.1 17.4 15.9 
Education  
LT HS (%) 31.4 20.5 15.2 12.8 10.2 
HS grad (%) 40.2 41.3 44.8 44.0 40.5 
Some college (%) 20.0 25.0 25.7 25.5 30.1 
College grad (%) 8.1 13.0 14.3 17.7 19.2 
Other 
Married (%) 62.4 55.6 56.7 58.2 62.7 
Non-native born (%) -- -- 40.4 46.4 48.0 
U.S. citizen (%) -- -- 77.6 74.6 81.8 
Live in a rural area (%) 15.3 10.5 8.1 7.9 7.2 
Employment 
Self-employed, total (%) 24.5 28.4 20.6 23.0 20.7 
Paid hourly (%, non-self employed) 43.0 51.1 55.6 55.4 57.4 
Hourly wage in 2014 dollars (mean) 13.98 13.35 15.97 16.31 16.32 
Hours worked last week (%) 41.6 41.3 39.8 39.2 38.8 
Source: Current Population Survey, 2005-2015. 
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