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1. Introduction

Uber disrupted the urban transportation system, creating a world of convenience and changing how

people move in urban environments. Instead of waiting on the streets or phone calling a taxi, people

could now use an online platform to book an Uber and watch the car’s progress towards the pick-up

location. The company was founded and started operations in the San Francisco Bay Area in 2010;

at the start, it had a more luxurious business model (now called Uber Black) than regular cabs.

However, by 2012 it allowed private car owners to provide ride services similar to traditional taxis

with Uber-X. After San Francisco, Uber expanded to Chicago, New York City, Boston, Washington

DC, and Seattle in 2011 and Phoenix, Dallas, Philadelphia, Denver, Atlanta, Minneapolis, and Los

Angeles in 2012. By 2017, it was present in more than nine hundred counties across the United

States (US) and seven hundred and fifty metropolitan areas worldwide (Uber, 2021).

Although previous studies on the effects of Uber and other ride-hailing technologies have examined

their impact on the transportation sector (e.g. Clewlow and Mishra, 2017; Keating, 2019; Schaller,

2017), no study has yet empirically looked at their effects on overall air quality.1 In this article,

we fill this gap in the literature by estimating the impact of Uber on the air quality of US urban

agglomerations.

Studying the air quality consequences of Uber is highly relevant as local politicians constantly

debate its effects on air quality, congestion, and social welfare. For instance, in 2015, New York

City’s mayor Bill de Blasio proposed a new bill to stop the company’s growth. De Blasio’s main

arguments were related to increased traffic and reductions in urban air quality. In a 2019 opinion

article, the mayor wrote, “Uber added to our pollution, worsened our air quality, and crowded out

bus riders, pedestrians, and cyclists. Traffic speeds in midtown fell to just above 4 miles per hour

1Ward et al. (2021a) is the only other study examining the air quality effects of Uber. However, different
from this article, Ward et al. (2021a) relies on modeling techniques.
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— barely faster than walking” (de Blassio, 2019). Furthermore, Mr. De Blasio is not the only

politician worrying about the effects of ride-hailing, with mayors in cities like London, Milan, and

Los Angeles also considering limiting the technology because of congestion and pollution concerns.

For example, in 2018, London’s mayor Sadiq Khan tried to pass legislation limiting the number of

Uber drivers.

To provide a general assessment of Uber’s effect on air quality and avoid capturing pollutant-

specific consequences, we concentrate on its impact on the air quality index (AQI); a well-known

proxy for overall air quality. The AQI transforms the concentration of the six main criteria pollu-

tants into a single scale running between 0 and 500 units; the higher the scale, the worse current air

quality conditions. The causal effect of Uber on the AQI arises from exploiting the spatio-temporal

variation in its roll-out with difference-in-differences (DD) designs. In layman’s terms, we compare

the value of the AQI on treated and non-treated demarcations before and after Uber started oper-

ations. The identification assumption is that conditional on observables, the introduction date of

Uber is orthogonal to unobserved determinants of air quality. Furthermore, current developments in

the DD literature provide evidence that in the presence of staggered implementations and dynamic

treatment effects, two-way fixed effects difference-in-differences (TWFE-DD) can generate biased

estimates (De Chaisemartin and d’Haultfoeuille, 2020; Goodman-Bacon, 2021). We consider this

potential source of bias with Callaway and Sant’Anna’s difference-in-differences (CS-DD) method-

ology, allowing us to estimate and flexibly aggregate group-time average treatment effects across

multiple groups and time periods (Callaway and Sant’Anna, 2021).

Results show that the introduction of Uber improves air quality. In the preferred specification,

Uber decreases the maximum yearly value of the AQI by 9.32 units and the number of days of

bad air quality, i.e., days with AQI values higher than 100 units by 2.12. This reduction translates

to a 7.3% drop concerning pre-treatment levels. Reassuringly, results are robust to three different
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definitions of control counties, i.e., never and still not treated, never treated, and still not treated.

Additionally, we estimate Uber’s impact across all decile values of the AQI and provide evidence

that the positive air quality effect concentrates on the upper-end of the cumulative density function

(CDF), with significant reductions between the 50th and 90th percentiles.

Looking at heterogeneous effects by air pollutants, although we show that most of the air quality

improvement relates to ground-level ozone (O3) reductions, we also find evidence for decreases in

the concentration of coarse particulate matter (PM10) and nitrogen dioxides (NO2). This reduction

in PM10 and NO2 is in line with Ward et al. (2021a)’s hypothesis of a drop in cold-starts and the

number of old vehicles after the introduction of Uber. Notably, the relationship between Uber and

O3 leads to higher air quality improvements in the summer months and for counties with higher

pre-treatment exposure to O3.

We perform several robustness tests to check the stability of our results to different samples and

econometric designs. First, we confirm that the air quality improvement holds across US Census

Regions and for the five largest metropolitan areas in the country. Next, we deviate from the un-

conditional parallel trends assumption by conditioning trends on income, public transport use, and

temperature. Conditional estimates hold and are not statistically different from the main specifi-

cation. Following, we look at the robustness of our results to different DD algorithms. Specifically,

we run the preferred specification for a more typical TWFE-DD and the new Synthetic difference-

in-differences (SDiD) design. Reassuringly, results are not statistically different from the preferred

regressions with . Finally, to provide added evidence against the biasing effect of unobservables, we

exclude from the sample all counties that report changes in their power plant’s fleet, forest fires, or

violations of North American Air Quality Standards (NAAQS). Results are robust to excluding all

of these counties from the sample.

Our research contributes to the current policy debate on the effects of ride-hailing technologies and
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suggests that policymakers should be careful when using traffic estimates as proxies for the impact

of these technologies on air quality. Still, it is crucial to notice that we only look at one aspect of

ride-hailing, i.e., its effects on air quality. As a disruptive technology, ride-hailing can affect several

variables related to social welfare like greenhouse gas emissions, noise, accidents, traffic, innovation,

and labor markets, suggesting that we need more research in these areas necessary before drawing

any holistic assessment on the relationship between Uber and social welfare. Furthermore, our

estimates only capture average treatment effects across the US; as a developed country with sub-

optimal public transport infrastructure, it is difficult to assess the external validity of our coefficients

concerning other developed or developing economies. In this regard, we ought more research across

different latitudes to determine the robustness of our results to heterogeneous environmental, urban,

and social conditions.

Previous Literature

A plethora of scientific studies provide substantial evidence on the negative relationship between air

pollution and human welfare. For instance, Knittel et al. (2016) and Jayachandran (2009) uncover

that exacerbated exposure leads to heightened mortality; Tolbert et al. (2000) suggest increases in

emergency room admissions; and Deschenes et al. (2017) provide evidence of increased healthcare

expenditures. Furthermore, the pernicious effects of pollution do not only relate to higher mortality

and exacerbated morbidity, with late-literature showing evidence of labor supply reductions (e.g.

Hanna and Oliva, 2015; Aragon et al., 2017), cognitive impairment (e.g. Lavy et al., 2014; Heyes

et al., 2019), lower productivity (e.g. Chang et al., 2019; Sarmiento, 2022), school absences (e.g.

Chen et al., 2018), and heightened criminality (e.g. Herrnstadt et al., 2021; Sarmiento, 2022).

Notably, the transportation sector is one of the primary sources of air pollution in urban en-

vironments. For instance, the United Kingdom Department of Transportation estimates that

transport-related sources contribute to 13% of fine particulate matter (PM25) and 37% of NO2
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(UK Department of Transport, 2021). Therefore, city governments have looked at ways to reduce

transport-related emissions through fuel standards, road-space rationing, or investments in public

transport infrastructure (Beaudoin et al., 2015). For example, Jacobsen and van Benthem (2021)

find that American fuel standards have decreased car-related pollution by more than 99% since their

outset in the early 1960s, Wolff (2014) estimates significant PM10 reductions because of low emission

zones in Germany, and Lalive et al. (2018) provide evidence on the beneficial air quality effects of

regional rail transport. However, the effect of road space rationing policies is still a context issue

because of unexpected behavioral consequences (Davis, 2008), environmental spillovers (Sarmiento

et al., 2021), and average wellbeing effects (Sarmiento et al., 2021).

Besides public policies to reduce transport-related air pollution, the air quality effects of digital

innovations in the transport sector are also a promising area of research. In this regard, some

studies have looked at the environmental impacts of electric vehicles (e.g. Holland et al., 2016; Xing

et al., 2021). However, to the best of our knowledge, no study has yet looked empirically at the

effects of digital-matching ride-hailing technologies like Uber on air quality. Still, one study that is

particularly relevant to our framework is Ward et al. (2021a). In this study, the authors simulate

the effect of ride-hailing companies on air pollution and find that ride-hailing can reduce PM25,

NO2, and volatile organic compounds by decreasing cold-start emissions and replacing old vehicles

with relatively newer fleets (Ward et al., 2021a). Our study empirically complements Ward et al.

(2021a) by providing suggestive evidence of the PM10/NO2 decrease while further showing that the

lump of the air quality improvement comes from ozone reductions.

6



2. Mechanism

Identifying the effect of Uber on air quality is challenging because of the complexities of the trans-

portation network, where it is helpful to distinguish between three main mechanisms through which

Uber can affect air quality; scale, substitution, and complementarities. First, the scale effect arises

from the changes in the supply and demand of ride-hailing technologies through a new business

opportunity for car owners and an additional transport option for travelers. In principle, Uber

would decrease urban air quality by consuming more fossil fuels if it gives rise to more ride-hailing

trips (taxis, Uber, Carpooling) while having no effects on substitute travel modes.2 For instance,

previous evidence on the scale effect provides mixed evidence on the impact of Uber on total vehicle

mileage, with some studies finding apparent increases (see Clewlow and Mishra, 2017; Ward et al.,

2021b) while others inferring no evident changes (see Yan et al., 2019; Feigon and Murphy, 2016;

Hampshire et al., 2017).

Second, there is a composition effect arising from the substitutability between transportation

modes. When Uber enters a market, it can potentially substitute rides with other transport options

like private cars, taxis, and subways. This substitution leads to air quality changes that depend on

Uber’s comparative advantage versus other technologies. For instance, Clewlow and Mishra (2017)

find evidence that the introduction of Uber to major US cities results in a 6% drop in the use

of public transport, potentially worsening air quality. However, if instead of substituting public

transportation, Uber replaces old taxis or private vehicles, it can also improve air quality (Keating,

2019).

Third, the complementarity effect suggests that Uber can decrease air pollution by facilitating

access to public transportation hubs, overcoming the last mile problem of public transit (Rayle

et al., 2014). Uber can help commuters reach public transportation infrastructure, facilitating

2Further in this section, we discuss substitution effects.
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commuting with a combination of Uber rides and public transport in frameworks of inadequate

infrastructure. Notably, the relationship between all three mechanisms is part of a complex system

of interdependencies where all three can happen simultaneously. I.e., Uber can simultaneously

increase the number of cars in the street, substitute other modes of transport, and complement the

public transportation infrastructure. These complementarities and complexities make any a-priori

assessment on Uber’s potential air quality effects difficult to support solely on theoretical grounds.

Identifying each of these mechanisms is beyond the scope of this paper as they depend on each

city’s transportation infrastructure, commuting patterns, and income elasticity. For instance, over-

coming the last mile problem in urban areas with good public transportation like New York City is

more straightforward than in regions with less adequate infrastructure. Still, we run some exercises

to show countrywide evidence of an increase in the number of available cars per household (scale

effect), an increment of persons commuting to work with public transport (complementarity effect),

and a reduction in the number of taxis in New York City and Chicago after the introduction of

Uber (substitution effect).3

Notably, as Uber is a disruptive technology, the list of proposed mechanisms is not exhaustive

with several other potential candidates like changes in public infrastructure planning because of

Uber, labor supply shocks in low-wage industries, and overall changes in the economy and transport

sectors. For example, Barrios et al. (2022) show that the introduction of ride-hailing services leads

to a five percent increase in entrepreneurship. Trying to assess all potential mechanisms behind

the air quality effect is challenging, to say the least, as we are dealing with a complex system of

3Particularly, in table A.1 of the appendix, we run our preferred empirical specification on yearly estimates
of the number of available household vehicles per county from the American Community Survey. The
assumption is that supply and demand pressures would increase the purchase of new Uber cars. Un-
surprisingly, results show that the introduction of Uber increases the number of available vehicles per
household. In table A.2 we estimate the effect on the share of persons commuting to work with data from
the American Community Survey. The results provide evidence of complementarities through increases in
the number of persons reporting work commutes with public transit after the introduction date of Uber.
Furthermore, figure A.1 of the appendix provides descriptive evidence of a substitution effect between
taxis and Ubers in New York City and Chicago.
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interdependent causes.4

Figure 1 portrays the research question graphically; the goal is to estimate the aggregate air

quality effects of Uber arising from its interaction with the transportation sector, the economy, and

society.

Notes: This diagram portrays the research question in graphical form. The red line marks the goal of the study; estimating
the aggregate air quality effects of Uber. Naturally, the relationship between Uber and air quality stems from various
mechanisms, both inside and outside of the transportation sector; In the causal diagram, we only include some of these
mechanisms as the list is potentially inexhaustible. The minus and plus signs stand for the theoretical effect of each
mechanism on air quality, and the question mark conveys that there is no straightforward theoretical link between the
mechanism and air quality.

Figure 1: Causal diagram; the effects of Uber on aggregate air quality

A final topic to keep in mind is that the relationship between air pollutants is not always straight-

forward. At times, increases in one particle do not necessarily translate to worse air quality. For

instance, there is often an inverse relationship between O3 and traffic-related contaminants like NO2;

in dense traffic areas with significant emissions of NO2, O3 values are lower than in rural regions

with less traffic. This inverse relationship exists because, at high concentrations, NO2 degrades O3

4Still, each of these mechanisms opens the door for future research studies on the relationship between Uber
and society, e.g., what is the effect of Uber on the use of private cars? What is its impact on the number
of taxis? Does Uber have re-distributional implications because low-wage workers start driving? Among
others.
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back into oxygen (O2). Thus, even if Uber leads to higher NO2 emissions, the impact of higher

NO2 can lead to O3 reductions, making the overall effect on air quality challenging to assess by only

looking at its effects on one contaminant.

3. Empirical design

Identifying the effect of Uber on air quality is not trivial as the company’s roll-out is far from

random. Wealthier and more densely populated urban centers are more likely to have Uber services

than poorer and scarcely populated agglomerations. If we do not account for these systematic

differences between treated and control units, they can lead to biased estimates of Uber’s actual

effect. To overcome this potential source of bias, we exploit the spatio-temporal variation in the

company’s roll-out with DD designs that estimate the difference in the difference between counties

with and without Uber before and after treatment. The primary assumption behind the DD strategy

is that the difference between treated and control demarcations would have remained constant in

the absence of Uber and that conditional on covariates, the introduction date of Uber is orthogonal

to unobserved determinants of air quality.

The new literature in difference-in-differences points out that when estimating a DD model with

more than two periods and variation in treatment timing, the weights used to compute average

treatment effects with standard TWFE-DD can lead to biased estimates (De Chaisemartin and

d’Haultfoeuille, 2020). In section , we show how this bias can potentially affect our empirical design

with the Goodman-Bacon decomposition (GBD) (Goodman-Bacon, 2021). Hence, to avoid the

potential pitfalls of TWFE-DDs, we implement the staggered difference-in-differences methodology

developed by Callaway and Sant’Anna (2021). Besides allowing us to effectively account for the

negative weights stemming from the comparison of later vs. early treated units in TWFE-DDs,
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the CS-DD algorithm allows us to test for the common trends assumption while considering the

potential pitfalls of particular treatment timing (Sun and Abraham, 2020). Equation 1 shows the

empirical approach to our preferred specification.

AQIcyg = βegUbercy + λc + ωy + εct; β =
1

κ

∑
g∈G

T∑
t=2

βeg (1)

in it, AQIcyg is the AQI in county c at year y for all counties treated at time g. In our preferred

specification, treated and control counties are demarcations with and without Uber at year y. βeg

is the point estimate of interest. It marks the ATT for counties in group g at time since treatment

e, where e is the difference between the current and treatment periods, i.e., e = y− g. Ubercy is an

indicator variable equal to one if Uber is present at year y in county c. Notice that for never treated

counties, this variable is always zero. λc are county fixed effects controlling for cross-sectional

differences between counties, and ωy are year fixed effects.

The second term of equation 1 aggregates the group and time specific treatment effects (βeg) to

overall average treatment effects across all groups and time-intervals. In it, β is the weighted sum

of βeg with strictly positive and larger weights for larger group sizes and κ =
∑

g∈G
∑T

t=2 1[t ≥

g]P [G = g|G ≤ T ] is a regularization parameter ensuring that the weights in the second sum are

positive and add up to one.

4. Data

We obtain the introduction year of Uber from peer-reviewed studies (see Ward et al., 2021b; Brazil

and Kirk, 2016) and online sources like Uber blogs, local media outlets, and google quests, where

we used keywords like “When did Uber start operations in the Bronx county NYC?” However, even

after a thorough search, there was still a modest share (less than 0.5%) of counties where we could
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not find the specific introduction date. Most of these counties were small urban areas without

enough media coverage. If a county has no introduction date, we exclude it from the data set.

The empirical design uses yearly data as we did not obtain the exact month of introduction for all

demarcations; working with annual data can potentially bias our estimates if Uber was consistently

introduced late in the year, especially around the treatment date. Figure A.3 portrays the number

of counties by month of introduction. Reassuringly, we see no clear evidence that Uber consistently

started operations late in the year. On the contrary, it appears that Uber began operations in most

counties during the summer months.

Panel (A) of figure 2 shows the 2017 spatial distribution of counties with and without Uber

(henceforth treated and control counties). As expected, there are more treated counties in highly

populated areas like the East Coast, California, and the Midwest. Moreover, first-treated counties

belong to large urban agglomerations like New York, Los Angeles, Chicago, San Francisco, and

Dallas. Panel (B) plots the number of counties where Uber started operations per year.

Notes: A) Colored counties are all demarcations part of US metropolitan statistical areas (MSA). metropolitan statistical
areas (MSA)s are urban areas with at least one urbanized region of more than 50,000 inhabitants. Control units are counties
without Uber as of 2017. B) The vertical axis in panel (B) contains the number of newly treated counties. The green
horizontal line indicates the average number of treated counties across the sample period.

Figure 2: Descriptive statistics of Uber in the United States

Notably, Uber’s market-driven roll-out makes first-treated counties different from later-treated

and control units. Figure 3 portrays these cross-sectional differences in income, population density,
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and the share of persons commuting to work with public transport according to the American

Community Survey.5 As expected, first treated counties have higher incomes, are more densely

populated, and use more public transportation. For instance, the average income per capita for

counties treated in 2010 is 40,000 dollars higher than counties treated in 2017 and 43,000 higher

than counties in the control group.

Notes: This figure portrays the density distribution of average income, population density, and the transportation index. The
transportation index is the share of persons commuting to work with public transport. The vertical axis indicates the
treatment and control groups.

Figure 3: Differences between treatment and control groups

To proxy the air quality of US urban agglomerations, we use the AQI. The Environmental Pro-

tection Agency (EPA) introduced the AQI in 1976 as part of the Clean Air Act. Currently, the

AQI is an accepted and well-known measure of urban air quality, with different versions currently

used in other countries like China, Mexico, Canada, Brazil, or Chile. The main goal of the AQI

is to normalize the concentration of the six main criteria pollutants into a standardized measure

between zero and five hundred units. Equation 2 portrays the formula to calculate the AQI.

AQIist =
[Poli,obsst − Poli,min]− [Aqii,max −Aqii,min]

Polmax − Polmin
+Aqimin; AQIst = max(AQIist) (2)

5Appendix table A.3 shows the average of the air quality index, population density, income, and the trans-
portation index across all periods for both treatment and control counties.
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In it, Poli,obs is the observed concentration of pollutant i over the specific rolling average defined

by the EPA; eight hours for O3 and carbon monoxide (CO), Twenty-four hours for PM10 and

PM25, and one hour for NO2 and sulfur dioxides (SO2). Poli,min and Poli,max are the minimum

and maximum concentrations of pollutant i corresponding to each of five risk categories in which

the EPA divides the AQI; good (0-50), moderate (51-100), dangerous (101-200), very dangerous

(201-300), and hazardous (301 -).6 Similarly, AQImin and AQImax are the minimum and maximum

AQI threshold values for each of these five categories. At each point in time, the AQI in station

s at time t (AQIst) is the highest across all measured contaminants in that station. Similarly, the

AQI value of a county is the highest AQI across all stations in that county.

AQI values come from the EPA’s yearly and daily pre-generated data-files, containing the annual

maximum, 90th percentile, and median value of the AQI between 2000 and 2017 for all reporting

counties in the US. Throughout the study, we primarily focus on the effect of Uber on the maximum

value of the AQI and the number of unhealthy air quality episodes per year as these variables are

typically used by the EPA to assess the health effects of bad air quality. Yet, we also provide

estimates on other measurements like the median, 75th percentile, and standard deviation.

Panel (A) of figure 4 compares the intertemporal AQI value of the AQI between counties with and

without Uber. This figure is slightly different from standard common trends plots because of the

staggered introduction of Uber. In it, we average the value of all possible event-time combinations

across treatment groups. For instance, the value at -1 corresponds to the average value one year

before the introduction date of Uber across all treatment groups, i.e., all groups of counties where

Uber was introduced in the same year. Additionally, panel (B) of the same figure contains the pre-

treatment coefficients and 95% confidence intervals of the difference between treated and control

counties we obtain with the CS-DD methodology. It is comforting to see suggestive visual evidence

6See figure A.4 of the appendix for additional information on each category.
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of parallel trends between treated and control units before treatment and overall insignificant pre-

treatment estimates.

Notes: A) Inter-temporal comparison of the air quality index (AQI) between treated and control units. The vertical axis
contains the yearly maximum of the AQI and the horizontal axis the time to treatment (τ). Each data-point for the treated
and control group comes from equation 2. B) Contains Callaway and Sant’Anna (2021)’s difference-in-differences design point
estimates and 95% confidence intervals on the effect of Uber on pre-treatment periods difference between treated and control
stations’ AQI.

Figure 4: The common trends assumption

Figure 5 plots the time series of each criteria pollutant (panel A) and the number of bad air

quality days by treatment group (panel B). Notably, trends between treated and control units also

look similar across air pollutants. In general, there is a downward trend in the concentration of

CO, NO2, SO2, and O3 alongside smaller changes for the particulate matters. Furthermore, post-

treatment air quality is significantly better across all sample groups regarding bad air quality days.

However, because several other air pollution control policies were potentially concomitant with

Uber, this should not be interpreted as a causal effect.7

7Table A.4 of the appendix contains the exact values of the AQI across years and treatment groups; the
treatment groups with the highest AQI are counties treated in 2011, 2012, and 2013.
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Notes: A) Portrays the inter-temporal average maximum value of the air quality index (AQI) for all criteria pollutants. B)
Compares the number of days that the AQI surpasses one hundred units for the control and treatment groups.

Figure 5: The air quality index across treated and control counties

5. Results

5.1. Effects of Uber on the air quality index

Table 1 shows the effect of Uber on the maximum value of the AQI and the number of days of

bad air quality across three different specifications of the control group; never and still not treated,

never treated, and still not treated.

Table 1: Effects of Uber on the air quality index (AQI)

Never and
still not treated

Never
treated

Still
not treated

Maximum
AQI

Unhealthy
Days

Maximum
AQI

Unhealthy
Days

Maximum
AQI

Unhealthy
Days

−9.32∗∗∗ −2.12∗∗∗ −9.88∗∗∗ −2.36∗∗∗ −7.27∗∗∗ −2.03∗∗∗

(2.61) (0.41) (3.17) (0.51) (2.26) (0.43)

N.Units 742 742 742 742 597 597
N.Groups 8 8 8 8 7 7
N.Periods 18 18 18 18 17 17

Notes: This table contains the results of the Callaway and Sant’Anna’s difference-in-differences (CS-DD) estimator on the
impact of Uber on the maximum value of the AQI and the number of days of unhealthy air quality, i.e., days with AQI values
greater than one-hundred units. We provide results for three different control groups. The “never and still not treated” group
encompasses all counties without Uber at time t. The “never treated” group only includes counties without Uber as of 2017.
And the “still not treated” group only contains eventually treated counties without Uber at time t. The CS-DD model controls
for county and year fixed effects. Bootstrapped standard errors clustered at the county level. Significance levels denoted by
∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1.
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The never and still not treated columns consider all counties as long as there are no active

Uber operations at time t. Never treated only incorporates counties where Uber never started

operations. And still not treated only includes eventually treated units with no Uber operations

at time t. Throughout the study, we favor the “never and still not treated” design, as we do not

have a sufficiently large pool of never-treated demarcations. However, point estimates are robust

to the other two models. Uber decreases the maximum value of the AQI and the number of days

of bad air quality by 9.32 units and 2.12 days in the preferred specification. This reduction in the

AQI translates to a decrease of 7.3% concerning average pre-treatment values. Reassuringly, point

estimates and significance values hold for the other two specifications, providing the first empirical

evidence on the causal impact of Uber on urban air quality and implying that the company’s

introduction to US urban agglomerations had a favorable air quality effect.

Table 2 decomposes the count of bad air quality days into AQI risk categories, i.e., unhealthy for

sensitive groups (100 - 150), harmful for the general population (150 -200), and hazardous (201 - ).

Table 2: Effect of Uber on the number of unhealthy air quality episodes by risk level

Never and
still not treated

Never
treated

Still
not treated

(100-150] (151-200] (201-] (100-150] (151-200] (201-] (100-150] (151-200] (201-]

−1.62∗∗∗ −0.47∗∗∗ −0.05∗ −1.82∗∗∗ −0.52∗∗∗ −0.04 −1.62∗∗∗ −0.40∗∗∗ −0.03∗∗

(0.36) (0.11) (0.03) (0.44) (0.11) (0.03) (0.33) (0.13) (0.02)

N.Units 742 742 742 742 742 742 597 597 597
N.Groups 8 8 8 8 8 8 7 7 7
N.Periods 18 18 18 18 18 18 17 17 17

Notes: This table contains the results of the Callaway and Sant’Anna’s difference-in-differences (CS-DD) estiamtor on the
impact of Uber on the number of days with air quality index (AQI) values within three exposure intervals; (100-150],
(151-200], and (201, -]. The AQI standardizes the concentration of criteria contaminants into a single scale running between 0
and 500 units. We provide results for three different control groups. The “never and still not treated” group encompasses all
counties without Uber at time t. The “never treated” group only includes counties without Uber as of 2017. And the “still not
treated” group only contains eventually treated counties without Uber at time t. The CS-DD model controls for county and
year fixed effects and cluster bootstrapped standard errors at the county level. Significance levels denoted by ∗∗∗p < 0.01;
∗∗p < 0.05; ∗p < 0.1.

Results show a decrease in unhealthy air quality days for sensitive groups and the general pop-

ulation of 1.62 and 0.47 days. Multiplying these estimates by the total number of treated counties
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(521) leads to a relevant reduction of 844 and 245 fewer air quality episodes per year. Concerning

episodes of hazardous air quality, i.e., days with AQI values above two hundred units, results suggest

marginal decreases of 0.05 fewer days with hazardous air quality conditions, leading to an aggregate

reduction across all treated counties of 26 fewer episodes.

Next, we aggregate the point estimates across time periods according to equation 3. In it,

P [G = g|G + e =≤ T ] is the probability of being first treated at period g and βe is the average

treatment effect on the treated e periods after treatment. The idea of this estimate is in the vein

of a TWFE-DD event study design, with the advantage of avoiding the weighting issues associated

with these models.

βe =
∑
g∈G

ωe
gtβeg ∀ ωe

gt = 1[g + e ≤ T ]P [G = g|G+ e =≤ T ] (3)

Figure 6 portrays the coefficients for each period before and after the introduction date of Uber

in the never and still not treated specification.

Notes: This figure portrays seasonal point estimates and 95% confidence intervals on the impact of Uber on the count of bad
air quality days and the maximum AQI. The AQI standardizes the concentration of criteria contaminants into a single scale
running between 0 and 500 units. The treated group contains all counties where Uber started operations between 2010 and
2017. The control group refers to all counties without Uber at time t. The Callaway and Sant’Anna’s difference-in-differences
(CS-DD) model controls for county and year fixed effects. Bootstrapped standard errors clustered at the county level.

Figure 6: Dynamic estimates for the effect of Uber on the air quality index (AQI)

Estimates suggest that, although not statistically different from each other, the effect of Uber

takes time to materialize, with point estimates growing in size as we move away from the treat-
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ment year. This behavior is in line with the diffusion of innovation theory (Rogers et al., 2014),

characterized by the gradual adoption of Uber over time. Regarding pre-treatment periods, it is

reassuring to see overall statistically insignificant coefficients.

In table 3, we explore the effect of Uber not only on the maximum yearly value of the AQI but

also in the 75th, 50th, and 25th percentile, as well as on the standard deviation and share of bad air

quality days. Examining the effect across different percentiles is relevant because it provides us with

information on the impact of Uber on other parts of the AQI distribution; highly relevant when

changes in the transportation sector do not determine the top values of the AQI. Moreover, exploring

the effect on the share of bad air quality days reduces worries regarding a potential relationship

between Uber and the number of reporting days per county.

Table 3: Effects of Uber on the air quality index (AQI) for selected statistics

Top
Percentile

75th
Percentile

50th
Percentile

25th
Percentile

Standard
Deviation

Share of Bad
Air Quality Days

−9.32∗∗∗ −1.73∗∗∗ −0.59 −0.37 −1.35∗∗∗ −0.68∗∗∗

(2.50) (0.46) (0.39) (0.40) (0.26) (0.13)

N.Units 742 742 742 742 742 742
N.Groups 8 8 8 8 8 8
N.Periods 18 18 18 18 18 18

Notes: This table contains the results of Callaway and Sant’Anna (2021)’s difference-in-differences design (CS-DD) estimates
of the impact of Uber on the maximum, 75th, 50th, and 25th percentiles of the AQI as well as on the standard deviation and
the share of bad air quality days, i.e., days with AQI values greater than one-hundred units. Treated and control counties are
demarcations with and without Uber at time t. The CS-DD model controls for county and year fixed effects. Bootstrapped
standard errors are clustered at the county level. Significance levels denoted by ∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1.

Results suggest that the positive air quality effect focuses on the upper part of the CDF, with Uber

decreasing the yearly maximum and 75th percentile of the AQI. For the 50th and 25th percentiles,

estimates are not statistically different from zero. These reductions in the upper side of the AQI

distribution naturally lead to a significant decrease in the standard deviation due to smaller overall

AQI values from the 75th percentile onwards. Regarding the share of bad air quality days, the

coefficient implies a decrease of 0.68 percentage points, equivalent to a 14% reduction concerning

pre-treatment values.
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Next, figure 7 shows the effect of Uber across AQI deciles. The left panel portrays point estimates

and ninety percent confidence intervals for each percentile, and the right panel, the estimated

deviation from pre-treatment values. As expected, results show that the effect of Uber is stronger

in the upper part of the CDF, with negative coefficients across the entire distribution and significant

reductions between the 60th and 90th percentiles.

Notes: A) Contains the results of Callaway and Sant’Anna (2021)’s difference-in-differences design (CS-DD) estimates and
90% confidence intervals of the impact of Uber across the deciles of the AQI cumulative density function. The CS-DD model
controls for county and year fixed effects with bootstrapped standard errors are clustered at the county level. B) Translates
the point estimates of panel A) into deviations from the pre-treatment CDF.

Figure 7: The air quality index (AQI) across treated and control counties

5.2. Heterogeneous effect across pollutants

The AQI is a composite constructed by normalizing the risk levels of all criteria pollutants. At each

point in time, the pollutant with the highest AQI value defines the overall index. For instance, in

our sample, O3 and PM25 define the index 53.3% and 33.7% of the time. Thus, examining the im-

pact solely on the aggregate AQI can shadow significant heterogeneous effects across contaminants.

Moreover, estimating pollutant-specific effects can allow us to pinpoint some of the mechanisms

behind the air quality improvement. For instance, changes in NO2 and CO relate to the combustion

of fossil fuels (gasoline), variations of PM25 and PM10 can have sources beyond gasoline combustion

as tires and breaks exhaustion, SO2 mainly relates to diesel vehicles, and variations in O3 can relate
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to changes in the composition of precursor contaminants like NO2 and volatile organic compounds.

To explore the effect across contaminants, we obtain pollutant-specific AQI values from the EPA

and estimate the impact of Uber on the concentration of each contaminant. Table 4 provides results

for the maximum yearly AQI and the number of days of bad air quality.

Table 4: Effect of Uber across contaminants

Carbon
Monoxide

Nitrogen
Dioxide Ozone

Coarse
Particulate

Matter

Fine
Particulate

Matter

Sulfur
Dioxide

AQI −1.62 −1.33 −5.50∗∗∗ −10.41 −3.03 −9.57
(7.24) (2.87) (1.70) (6.99) (2.42) (6.44)

Bad AQI days 0.00 0.01 −1.95∗∗∗ −0.37 −0.25 0.04
− (0.03) (0.41) (0.25) (0.28) (0.55)

N.Units 206 270 593 389 571 331
N.Groups 7 8 8 8 8 8
N.Periods 18 18 18 18 18 18

Notes: This table contains the results of the Callaway and Sant’Anna’s difference-in-differences (CS-DD) estimates of the
impact of Uber on the and share of bad air quality days across six air pollutants. Treated and control counties are
demarcations with and without Uber at time t. The CS-DD model controls for county and year fixed effects. Bootstrapped
standard errors clustered at the county level. Significance levels denoted by ∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1.

Interestingly, we only find significant point estimates for O3; in the preferred specification. Uber

decreases the AQI and the number of days with bad “ozone” air quality by 5.5 units and 1.95

days. Concerning the other pollutants, although consistently negative, none of them is statistically

different from zero at conventional levels, suggesting that reductions in atmospheric ozone dominate

the overall air quality improvement uncovered in the previous section.

In figure 8, we look at the effect across exposure deciles for PM10, NO2, and O3. Similar to

the effect on the AQI, the estimates for ozone are statistically different from zero in the upper

part of the distribution, suggesting that Uber only decreases episodes of high ozone values and

providing evidence on the importance of looking to effects beyond the average. Regarding the other

pollutants, there are no significant point estimates for CO, PM25, or SO2 (See figure A.5 in the

appendix). However, we do uncover suggestive evidence of reductions in PM10 and NO2 at the

upper part of the CDF.
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Notes: This figure contains the results of Callaway and Sant’Anna (2021)’s difference-in-differences design (CS-DD) estimates
alongside 90% confidence intervals for the impact of Uber across deciles of the AQI distribution for each pollutant. The CS-DD
model controls for county and year fixed effects. Bootstrapped standard errors clustered at the county level.

Figure 8: Effects of Uber on the air quality index (AQI) value of different pollutants

Next, we explore if the effect of Uber on the AQI differentiates based on pre-treatment O3

concentrations. For this, we divide the sample into pre-treatment exposure quartiles and look at

the effect of Uber for each subsample. Table 5 shows the results for each subsample’s top, 50th,

and 75th percentiles of the AQI value.

Table 5: Effect of Uber on the air quality index (AQI) across different pre-treatment exposure quartiles to
O3

50th Percentile
AQI

75th Percentile
AQI

Top Percentile
AQI

(1) (2) (3) (4) (1) (2) (3) (4) (1) (2) (3) (4)

0.3 0.1 −1.0∗∗ −1.3∗∗ 0.0 −0.5 −3.2∗∗∗ −1.8∗∗ −0.6 −2.9 −9.5∗∗ 1.2
(0.5) (0.4) (0.4) (0.6) (0.6) (0.6) (0.8) (0.8) (2.9) (3.2) (4.3) (5.2)

N.Units 218 214 209 209 218 214 209 209 218 214 209 209
N.Groups 8 8 7 8 8 8 7 8 8 8 7 8
N.Periods 18 18 18 18 18 18 18 18 18 18 18 18

Notes: This table contains the results of the Callaway and Sant’Anna’s difference-in-differences (CS-DD) on the impact of
Uber for each subsample of O3. The AQI standardizes the concentration of criteria contaminants into a single scale running
between 0 and 500 units. The CS-DD model controls for county and year fixed effects and cluster standard errors at the
county level. Significance levels denoted by ∗∗∗p < 0.001; ∗∗p < 0.01; ∗p < 0.05.

Notably, we see higher average reductions for the third and fourth quartiles. Specifically, the 50th

percentile of the AQI decreases by 1.0 and 1.3 units in the third and fourth quartiles while remaining

statistically insignificant in the first and second quartiles. The same occurs for the 75th percentile,
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while there are only statistically significant effects on the third quartile for the top percentile.8

One potential caveat is that we are still focusing on the effect of Uber on the transformed AQI

and not the raw values of each pollutant. Table 6 shows the results of substituting the transformed

AQI by the raw concentration of NO2, PM10, and O3. Specifically, we focus on the top, 75th, and

50th percentiles, as well as on the standard deviation.

Table 6: Effects of Uber on the air quality index (AQI) for selected statistics

Top
Percentile

75th
Percentile

50th
Percentile

Standard
Deviation

Nitrogen Dioxide −1.22 −0.77 −0.60∗ −0.20
(2.39) (0.52) (0.34) (0.20)

N.Units 277 277 277 277
N.Groups 8 8 8 8
N.Periods 18 18 18 18

Particulate Matter −22.48 −1.83∗ −1.31∗ −1.09
(25.57) (1.11) (0.78) (0.89)

N.Units 376 376 376 376
N.Groups 8 8 8 8
N.Periods 18 18 18 18

Ozone −2.19∗∗∗ −0.13 0.27 −0.27∗∗∗

(0.54) (0.22) (0.20) (0.07)

N.Units 599 599 599 599
N.Groups 8 8 8 8
N.Periods 18 18 18 18

Notes: This table contains the results of Callaway and Sant’Anna (2021)’s difference-in-differences design (CS-DD) estimates
of the impact of Uber on the 90th, 75th, 50th percentile value of the AQI as well as the standard deviation. The CS-DD model
controls for county and year fixed effects. Standard errors are clustered at the county level. Significance levels denoted by
∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1.

Although consistently negative, results are only statistically significant for the 50th percentile

regarding NO2. For PM10, in line with the suggestive AQI evidence on a decrease in its concentra-

tion, there are significant reductions for the 75th and 50th percentiles, providing evidence of lower

PM10 levels after the introduction of Uber. And for O3, we only uncover significant reductions in

8Table A.5 of the appendix shows the results regarding PM10, because of the negative correlation between
O3 and PM10, counties in the top quartile of O3 exposure values are on the lower quartile of PM10

exposure. This chemical factoid leads that for PM10 lower pre-treatment exposure levels show higher air
quality improvements.
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the maximum and standard deviation, suggesting that Uber affects the AQI not only by reducing

the average value of PM10 and NO2 but also by decreasing the variance of the O3 distribution.

5.3. Regional heterogeneity

Even though we see an average reduction in the AQI, this does not necessarily mean that Uber

improves the air quality for all treated counties. In this section, we explore if our results hold across

different US Census regions, i.e., New England, Mid-Atlantic (MA), South-Atlantic (SA), East

North Central (ENC), East South Central (ESC), West North Central (WNC), West South Central

(WSC), Mountains, and Pacific. The map in figure 9 shows the point estimates and standard errors

of running our preferred specification on the maximum value of the AQI for each region.

Notes: This map portrays point estimates and standard errors (in parenthesis) of a Callaway and Sant’Anna’s
difference-in-differences (CS-DD) design on the impact of Uber on the maximum-AQI across all nine US census regions. The
AQI standardizes the concentration of criteria contaminants into a single scale running between 0 and 500 units. The treated
and control groups are urban counties with and without Uber at time t. The CS-DD model controls for county and year fixed
effects. Standard errors are clustered at the county level.

Figure 9: Effect of Uber on the maximum value of the air quality index (AQI) across census regions

Results show reductions in the AQI across all census regions. Specifically, we find five percent
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significant declines in New England, Mid-Atlantic, South Atlantic, East North Central, and Moun-

tain, ten percent for West North Central, and statistically insignificant effects for the Pacific and

East South Central Regions. Therefore, even though we find no qualitative differences in the air

quality effects of Uber, we encounter differences in the intensity and statistical significance of point

estimates across census regions. For instance, the impact of Uber appears to be considerably higher

in the Mid-Atlantic and West South Central states, suggesting that we need further research on the

regional or city-specific mechanisms behind the relationship between ride-hailing technologies and

air quality. Yet, finding consistently negative estimates across census regions reduce concerns that

high reductions in a subset of urban agglomerations drive our results.

Table 7 further contains estimates across regions for the count of days of bad air quality as well

as the 50th and 75th percentiles.

Table 7: Effect of Uber across US census regions

East N.
Central

East S.
Central

Mid
Atlantic Mountain New

England Pacific South
Atlantic

West N.
Central

West S.
Central

Bad AQI days −1.2∗ −1.4 −4.2∗∗∗ −2.2 −1.0 −1.8 −2.1∗∗∗ −0.3 −4.8∗∗∗

(0.7) (1.5) (0.8) (1.7) (0.6) (1.7) (0.7) (0.9) (1.4)

N.Units 245 190 210 181 169 193 288 192 202
N.Groups 6 5 7 6 5 8 7 5 6
N.Periods 18 18 18 18 18 18 18 18 18

75th Percentile −3.8∗∗∗ −1.0 −2.5∗∗∗ −2.1 −1.1 −1.4 −1.3 −2.6∗∗ −3.9∗∗∗

(1.0) (1.3) (0.8) (1.5) (0.8) (1.1) (0.8) (1.2) (1.1)

N.Units 245 190 210 181 169 193 288 192 202
N.Groups 6 5 7 6 5 8 7 5 6
N.Periods 18 18 18 18 18 18 18 18 18

Median AQI −1.9∗∗ −1.0 −1.0∗ −1.3 −0.6 −0.6 −0.0 −1.9∗ −1.8∗∗

(0.8) (0.9) (0.6) (1.2) (0.7) (0.9) (0.7) (1.1) (0.7)

N.Units 245 190 210 181 169 193 288 192 202
N.Groups 6 5 7 6 5 8 7 5 6
N.Periods 18 18 18 18 18 18 18 18 18

Notes: This table contains the results of Callaway and Sant’Anna (2021)’s difference-in-differences design (CS-DD) on the
impact of Uber on the 50th and 75th percentile values of the air quality index (AQI) as well as on the count of days with
unhealthy air quality levels, i.e., days with AQI values greater than one-hundred units. Treated and control counties are
demarcations with and without Uber at time t. The CS-DD model controls for county and year fixed effects. Bootstrapped
standard errors are clustered at the county level. Significance levels denoted by ∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1.
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Results show consistent reductions across all measures in the East North Central, Mid Atlantic,

and West South Central regions. For West North Central, we only encounter statistically significant

decreases for the 75th and 50th percentiles, and for the South Atlantic region, only reductions in

the count of bad air quality days. Finally, although point estimates are consistently negative in the

East South Central, Mountain, New England, and Pacific regions, coefficients are not statistically

different from zero.

Next, we look at the effect of Uber for the five largest metropolitan areas in the country,

i.e., New York-Newark-Jersey City, Los Angeles-Long Beach-Anaheim, Chicago-Naperville-Elgin,

Dallas-Forth Worth-Arlington, and Washington-Arlington-Alexandria. One caveat when trying to

estimate city-specific effects is that DD designs are usually only suitable in cases with several treated

units. In situations with only a small number of exposed units, researchers frequently rely on syn-

thetic control estimators that compensate for the lack of parallel trends through re-weighting. In

our case, we estimate the effect of Uber in each urban cluster by relying on the recently developed

SDiD (Arkhangelsky et al., 2021), which combines the benefits of DD and synthetic control estima-

tors by weighting the DD regression with time and unit-specific weights. Equation 4 portrays the

empirical strategy behind the SDiD estimate:

(τ, µ, λ, ω) = argmin
τ,µ,λ,ω

[ N∑
i=1

T∑
t=1

(AQIit − Uberitτ −Xitγ − λi − ωt − µ)2βiαt

]
(4)

In it, AQIit is the AQI value of county i at time t; Uberit an indicator variable equal to one if

Uber operates in county i at time t, τ our point estimate of interest; Xit is a matrix of weather

covariates; λi station-specific fixed effects; and γt time fixed effects controlling for cross-sectional and

intertemporal differences in air pollution across treated and control units. The only difference with

a standard DD model is the inclusion of unit and time-specific weights βi and αt, with unit weights

aligning pre-treatment trends in air quality for treated and control stations and time weights forcing
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the controls’ average post and pre-treatment values to differ by a constant. Section A.5 provides

additional information in how to estimate both βi and αt and figure 10 portrays AQI trends for

treated counties and the synthetic control. Except for very noisy AQI values for Chicago, the SDiD

does a decent job at matching pre-trends.

Notes: This table depicts Synthetic difference-in-differences (SDiD) weighted maximum AQI values for the treated and
synthetic control groups. Each period average value is a weighted mean, with unit-weights calculated by the SDiD algorithm.

Figure 10: Trends in the air quality index (AQI) between treated stations and the synthetic control

Next, table 8 contains the SDiD results. For Chicago, although there is no significant coefficient

for the maximum or the number of bad air quality days, we see significant reductions for the 75th

and 50th percentiles. These results can arise if top-pollution episodes in the city are unrelated to

the transportation sector. For instance, if the maximum value of the AQI and the number of bad

air quality days relate more strongly to the power sector. In these situations, the maximum value of

the AQI would not capture the impact of Uber on the city’s air quality. However, other measures as

the 75th and 50th percentiles can capture this variation. Concerning the other cities, for Dallas and

Los Angeles, results show significant reductions in the maximum AQI, the count of bad air quality
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days, and the 75th percentile, while for New York City and Washington DC, although consistently

negative, estimates only show significant reductions for the maximum value of the AQI.

Table 8: Effects of Uber on the air quality index (AQI) across different Urban agglomerations

Chicago
Naperville

Elgin

Dallas
Fort Worth
Arlington

Los Angeles
Long Beach

Anaheim

New York
Newark

Jersey City

Washington
Arlington

Alexandria

Bad AQI Days 1.543 −4.192∗∗∗ −5.218∗∗∗ −0.043 0.150
(1.059) (0.832) (1.103) (0.550) (0.534)

N.Units 3163 1995 301 7080 5724
R.Sq 0.728 0.821 0.973 0.690 0.739

Top Percentile 6.07 −12.94∗∗∗ −13.72∗∗∗ −5.82∗∗ −9.12∗∗∗

(4.35) (3.95) (4.07) (2.69) (3.24)

N.Units 4224 3993 880 7664 7045
R.Sq 0.588 0.672 0.848 0.626 0.713

75th Percentile −1.296∗ −1.977∗∗∗ −5.270∗∗∗ −1.312 −1.009
(0.726) (0.476) (1.007) (0.808) (0.742)

N.Units 4310 2574 441 9276 7392
R.Sq 0.909 0.855 0.979 0.813 0.875

50th Percentile −1.705∗∗∗ −0.302 −0.447 −0.843 −0.844
(0.472) (0.416) (0.852) (0.578) (0.535)

N.Units 3916 3679 550 8496 7807
R.Sq 0.904 0.817 0.974 0.811 0.885

Notes: This table depicts Synthetic difference-in-differences (SDiD) estimates on the effect of Uber on top, 75th, and 50th
percentile AQI values as well as on the count of bad air quality days, i.e., days with AQI values higher than 100 units. Point
estimates are obtained from a weighted linear regression, with weights calculated by the SDiD algorithm. All weighted linear
regressions include weather controls, county, and year fixed effects. We estimate standard errors with the Jackknife procedure.
Significance levels denoted by ∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1.

Different quantitative estimates across cities and census regions suggest heterogeneous treatment

effects stemming from the specific characteristics of each market. For instance, differences in the

structure of the transportation system, weather, or urban planning can affect how Uber interacts

with air quality. However, showing that point estimates are consistently negative across census

regions and large metropolitan areas increases the robustness of our results.
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5.4. Seasonal effects

Given that the air quality improvement strongly relates to reductions in atmospheric ozone, and

that ozone is more prominent during the summer months because of higher solar radiation, we

expect higher air quality improvements during the summer. Figure 11 shows the seasonal effects of

Uber on the top, 75th, and 50th percentiles of the AQI as well as on the number of bad air quality

days.

Notes: This figure portrays the seasonal results of Callaway and Sant’Anna’s difference-in-differences (CS-DD) design on the
impact of Uber on the top, 75th, 50th percentiles of the AQI and the number of unhealthy air quality episodes, i.e., days with
AQI values higher than 100 units. The AQI standardizes the concentration of criteria contaminants into a single scale running
between 0 and 500 units. Treated and control counties refer to counties with and without Uber at time t. The CS-DD controls
for county and year fixed effects. Standard errors are clustered at the county level.

Figure 11: Seasonal effects of Uber on the air quality index (AQI)

Results show that Uber decreases the top AQI during the spring, summer, and fall months,

and although not statistically different from the other seasons, the summer estimate is relatively

larger. Regarding the 75th and 50th percentiles, results are only statistically significant during the

summer months, while estimates suggest a statistically significant reduction for autumn and summer

concerning the number of bad air quality days, where unhealthy air quality episodes decrease by 2.2

days during the summer, leading to 1,146 fewer summer days of bad air quality across all treated
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counties. Interestingly, the summer estimate for all AQI measures except for the top percentile is

statistically larger than the estimates for the other seasons, offering further evidence on the close

relationship between O3 and the air quality improvement.

5.5. Robustness checks

5.5.1. Conditional parallel trends

This section departs from the unconditional parallel trends assumption we kept throughout the

study and shows results conditioning the trends on average pre-treatment car ownership, share

of public transport commuters, income, population density, and temperature. Conditioning on

observables is relevant if we believe that covariate specific time-trends are modifying the value of

the AQI. In our case, first-treated counties are, on average, more densely populated and wealthier

than latter-treated demarcations. If the inter-temporal path of the AQI depends on either of these

variables, conditioning the parallel trends is potentially better.

We condition the parallel trends in line with the CS-DD algorithm.9 In it, we estimate the effect

of Uber conditional on a matrix of covariates Xcy, i.e., AQIcyg = βegUbercy +Xcy + λc + ωy + εct,

which means that we assume that only counties with the same characteristics would have followed

the same trends absent Uber. Table 9 shows the point estimates for the maximum AQI and the

number of unhealthy air quality days while conditioning on six different covariate matrices. The

first column conditions the parallel trends on income, temperature, and the share of pre-treatment

commuters using public transport. The assumption is that there are different AQI trends between

counties based on the robustness of the public transport system, income, or average temperatures,

the following three columns, condition individually for each of these variables, while the previous

9For a full discussion on how to incorporate covariates to the CS-DD model, we refer the reader to Callaway
and Sant’Anna (2021).
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to last column condition on population density, and the last column on the number of private cars

per county.

Table 9: Effect of Uber on the air quality index (AQI) with conditional parallel trends

Cond. on
public transit use

Income and
Temperature

Cond. on
public transit

use

Cond. on
income

Cond. on
Temperature

Cond. on car
ownership

Cond. on
Pop. Density

AQI −5.96∗∗ −6.84∗∗ −10.19∗∗∗ −7.77∗∗∗ −6.98∗∗ −6.89∗∗∗

(2.87) (2.83) (2.70) (2.63) (2.75) (2.41)

N.Units 528 561 694 738 742 561
N.Groups 6 7 8 7 8 7
N.Periods 7 8 18 17 18 8

Bad AQI days −1.91∗∗∗ −2.21∗∗∗ −2.66∗∗∗ −1.77∗∗∗ −2.08∗∗∗ −2.17∗∗∗

(0.62) (0.81) (0.48) (0.50) (0.70) (0.65)

N.Units 528 561 694 738 742 561
N.Groups 6 7 8 7 8 7
N.Periods 7 8 18 17 18 8

Notes: This table contains the results of the Callaway and Sant’Anna’s difference-in-differences (CS-DD) estimates of the
impact of Uber on the maximum value of the AQI and the number of days of unhealthy air quality, i.e., days with AQI values
greater than one-hundred units. We provide results conditioning parallel trends on three different variables; income,
population density, and average temperature. The treated and control groups are counties with and without Uber at time t.
The CS-DD model controls for county and year fixed effects. Bootstrapped standard errors clustered at the county level.
Significance levels denoted by ∗∗∗p < 0.001; ∗∗p < 0.01; ∗p < 0.05.

Reassuringly, conditioning the parallel trends consistently leads to qualitatively equivalent point

estimates, with all coefficients remaining negative and statistically different from zero. Notably,

estimates change quantitatively because of data constraints, i.e., not all counties have information

on all covariates. For instance, for the share of commuters using public transport and the number

of available private cars per county, we only have data from 2010 onwards, significantly reducing

the sample size and consequently changing the size of our coefficients.

5.5.2. Alternative difference-in-difference algorithms

In this section, we look at the robustness of our estimates to the more typical TWFE-DD design

and the more convoluted SDiD algorithm. Using TWFE-DD to estimate the effect of Uber on air

quality has the advantage that it allows us to incorporate time-varying covariates. Equation 5 shows
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the econometric specification of the TWFE-DD model.

AQIcy = β1Ubercy + δΨcy + γWcy + λc + ωy + εct (5)

In it, AQIcy is the value of the AQI (or the number of days of bad air quality) for county c at year

y; Ubercy is an indicator dummy equal to one if Uber operates in county c at time y; β contains the

point estimate of interest, i.e., the effect of Uber on air quality. Ψcy controls for exogenous shocks to

the air quality index like forest fires, violations of NAAQS, and power plants openings and closures.

Wcy further adds weather controls in the form of temperature, relative humidity, wind speed, and

atmospheric pressure; λc are county fixed effects, and ωy year fixed effects.

Table 11 contains the results of the TWFE-DD model across three specifications: (1) only controls

for county and year fixed effects; (2) adds the matrix of exogenous shocks to the model; and (3)

includes weather covariates.

Table 10: Two-way fixed effects difference-in-differences (TWFE-DD) estimates on the effect of Uber on the
Air quality index (AQI)

Maximum
Air Quality Index

Bad
Air Quality Days

(1) (2) (3) (1) (2) (3)

ATT −8.67∗∗∗ −7.31∗∗∗ −6.59∗∗∗ −3.18∗∗∗ −1.67∗∗ −1.47∗

(1.98) (1.87) (1.89) (0.58) (0.56) (0.59)
Power Plant Closure −0.22 1.24 −0.02 0.29

(1.90) (1.67) (0.82) (0.81)
Power Plant Opening 9.63 8.48 5.53∗∗ 4.87∗

(5.68) (5.20) (2.08) (2.03)
Forest Fire −3.63∗ −1.85 −0.12 0.40

(1.42) (1.51) (0.39) (0.45)
NAAQS Violations −6.91∗∗ −6.46∗∗∗ −7.87∗∗∗ −7.60∗∗∗

(2.11) (1.92) (0.97) (0.94)
Temperature −0.77 0.08

(0.46) (0.21)

N.Units 11859 11859 11212 11859 11859 11212

Notes: This table contains the results of the Two-way fixed effects difference-in-differences (TWFE-DD) estimates on the
impact of Uber on the maximum value of the AQI and the number of days of bad air quality, i.e., days with AQI values greater
than one-hundred units. Column (1) only controls for county and year fixed effects. Column (2) adds the matrix of exogenous
shocks i.e., forest fires, violations of North American Air Quality Standards (NAAQS), and changes in the composition of the
power plant’s fleet. And column (3) includes weather covariates in the form of temperature, rain, relative humidity, wind
speed, and atmospheric pressure. Standard errors are clustered at the county level. Significance levels denoted by ∗∗∗p < 0.01;
∗∗p < 0.05; ∗p < 0.1.
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It is comforting to see that the effect of Uber on the AQI is not statistically different across

specifications. Furthermore, point estimates are also quantitatively equivalent to the CS-DD’s

results. In the raw specification, Uber decreases the maximum value of the AQI by 8.67 units and

the number of bad air quality days by 3.18. Another interesting result is the decrease in the AQI

after a county violates NAAQS, confirming previous literature on the effectiveness of policies related

to America’s Clean Air Act (e.g. Currie and Walker, 2019; Greenstone, 2004). Moreover, results also

provide suggestive evidence of a significant air quality decrease after opening new power facilities

in line with previous studies on health outcomes (Clay et al., 2015).

Finally, to reduce worries regarding the parallel trends assumption of the TWFE-DD model, we

estimate an equivalent model where we further incorporate, for each county, unit and time-specific

weights calculated with the SDiD algorithm. The idea is to use equation 4 to construct a synthetic

group for each county and then make a pooled regression on the average treatment effects of Uber

across all treated demarcations.

Table 11: Pooled Synthetic difference-in-differences (SDiD) estimates on the effect of Uber on the Air
quality index (AQI)

Maximum
Air Quality Index

Bad
Air Quality Days

(1) (2) (3) (1) (2) (3)

ATT −10.00∗ −8.76∗ −6.75∗ −5.26∗∗∗ −4.03∗∗ −3.70∗∗

(4.02) (3.78) (3.31) (1.21) (1.32) (1.26)
Power Plant Closure −16.38∗∗ −12.09∗∗ −0.58 −0.46

(5.60) (4.47) (1.82) (1.74)
Power Plant Opening −6.57 −4.77 −7.67 −7.01

(11.93) (13.43) (9.09) (8.31)
Forest Fire −1.78 −1.74 −0.02 −0.15

(4.28) (4.44) (0.73) (0.81)
NAAQS Violations −14.26∗∗ −13.48∗∗ −7.07∗∗ −6.31∗∗

(5.06) (4.72) (2.36) (2.01)

N.Units 512980 512980 484315 512980 512980 484315

Notes: This table contains the results of the SDiD estimates of the impact of Uber on the maximum value of the AQI and the
number of days of unhealthy air quality, i.e., days with AQI values greater than one-hundred units. Column (1) only controls
for county and year fixed effects. Column (2) adds the matrix of exogenous shocks to the model, i.e., forest fires, violations of
North American Air Quality Standards (NAAQS), and changes in the composition of the power plant’s fleet. And column (3)
includes weather covariates in the form of temperature, relative humidity, wind speed, and atmospheric pressure. Standard
errors are clustered at the county level. Significance levels denoted by ∗∗∗p < 0.001; ∗∗p < 0.01; ∗p < 0.05.
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As with the standard TWFE-DD, estimates imply a reduction in both the maximum value of the

AQI and the number of days of bad air quality. Notably, although not statistically different from

the TWFE-DD, SDiD coefficients are slightly larger for both variables. Regarding other covariates,

the SDiD model suggests a reduction of 12.09 and 13.48 AQIs after the closure of power plants and

the violation of NAAQS.

5.5.3. Heterogeneous Samples

Even though we do not find visual evidence to reject the common trends assumption, this does not

necessarily imply that it holds after treatment. For instance, unobservable covariates can potentially

bias point estimates if they systematically correlate with the introduction date of Uber. This section

examines the robustness of our results to three well-known sources of air pollution changes in the

US; changes in the fleet of fossil-fuel power plants, forest fires, and violation of NAAQS.10

The idea is that if treatment correlates with any of these well-known sources of air pollution,

e.g., if Uber enters counties with a higher likelihood of power fleet changes first, then we may get

biased coefficients arising from the effects of these unobservables. Notably, a perfect robustness

exercise would rely on more relevant confounders of the transportation sector like electric vehicles,

bike lanes, or investments in public transport. Unfortunately, we did not find county-level data to

perform these robustness exercises regardless of a thorough search. Nevertheless, even if forest fires,

changes in the power plants fleet, or NAAQS are uncorrelated with the introduction date of Uber,

it is still worth exploring their influence as they could serve as proxies for other unobservables more

closely related to the transportation sector.

Therefore, to examine the robustness of our coefficients, we run our preferred specification for

10The Energy Information Administration (EIA) provides detailed information on the status of power gen-
erating units (EIA, 2021). The US Department of Agriculture (USDA, 2021) and the United States
Geological Service (USGS, 2021) have information on the occurrence of forest fires larger than 500 acres.
And the EPA’s Green Book contains detailed data on county-wise NAAQS violations (EPA, 2021).
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three different samples that exclude from the treatment and control groups all periods after a county

reported changes in its power plants fleet, had a forest fire of more than 500 acres, or violated the

North American Air Quality Standards (NAAQS). Table 12 shows the results of each robustness

exercise for the maximum value of the AQI and the count of bad air quality days.

Table 12: Effect of Uber on the air quality index (AQI) for counties with no power fleet changes, forest fires
larger than 500 acres, or violations of North American Air Quality Standards (NAAQS)

Forest
Fires

NAAQS
Violations

Power Fleet
Changes

AQI Bad AQI
Days AQI Bad AQI

Days AQI Bad AQI
Days

−10.64∗∗ −2.01∗∗∗ −9.38∗∗ −1.01∗∗ −22.09∗∗∗ −3.13∗∗∗

(4.58) (0.67) (3.71) (0.45) (4.58) (0.70)

N.Units 331 331 380 380 387 387
N.Groups 8 8 7 7 8 8
N.Periods 18 18 18 18 18 18

Notes: This table contains the results of Callaway and Sant’Anna (2021)’s difference-in-differences (CS-DD) estimates of the
impact of Uber on the maximum value of the AQI. Treated and control counties are those with and without Uber at time t.
We provide results for three different samples: Power fleet changes exclude all counties reporting a change in their fleet of
fossil-fuel power plants; Forest fires exclude all counties that reported a forest fire larger than 500 acres within our observation
period; and NAAQS violations excludes all counties that violated NAAQS. The CS-DD model controls for county and year
fixed effects and cluster standard errors at the county level. Significance levels denoted by ∗∗∗p < 0.001; ∗∗p < 0.01; ∗p < 0.05.

Excluding counties with changes in the power fleet, forest fires, or violations of NAAQS leads

to qualitatively similar results to the main specification for both the AQI and the count of bad air

quality days. These results provide additional evidence on the robustness of our estimates, as even

after reducing the sample size by almost half based on our proposed unobservables, point estimates

remain pretty similar to the preferred, full sample specification.

6. Conclusion

Because of the complexity of the transportation system and the intricate relationship between air

pollutants in the lower atmosphere, it is challenging to assess the air quality effects of Uber solely

on theoretical grounds. This study empirically estimates this relationship across all urban agglom-
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erations in the US. For this, we look at the company’s impact on the AQI, a well-known proxy for

air quality that incorporates information on the concentration of the most relevant air pollutants

measured by the EPA. We infer causality by leveraging the spatio-temporal variation in the intro-

duction date of Uber with Callaway and Sant’Anna’s difference-in-differences (CS-DD) designs. In

layman’s terms, we compare the value of the AQI on treated and non-treated demarcations before

and after Uber started operations.

Our findings show that Uber improves the air quality of US urban agglomerations. The top,

75th, and 50th percentiles of the AQI show reductions after Uber starts operations in a county.

Likewise, results also show a decrease in the number of bad air quality days, i.e., days with AQI

values higher than one hundred units. Although we show that most of the air quality improvement

relates to reductions in atmospheric ozone, we also find suggestive evidence for decreases in the

concentration of PM10 and NO2. These reductions in traffic-related contaminants are in-line with

previous modeling studies on the relationship between Uber and air pollution. Finally, we per-

form several robustness tests to check the stability of our results across different samples, regions,

metropolitan areas, specifications, and difference-in-difference algorithms. Overall, all results point

to an improvement of US urban air quality after the introduction of Uber.

Our results stand contrary to current political claims on the adverse effects of Uber on air pol-

lution. The possible reason for this discrepancy is that people often do not incorporate the com-

plexities of the transportation system in their assessment of the impact of Uber on air pollution.

For instance, although Uber can increase the number of cars in the street because of supply and

demand pressures, these new vehicles can also substitute either high or low emitting transportation

models; the direction of the substitution effect is a-priori unknown and could either lead to higher

or lower levels of air pollution. On the one hand, if Uber replaces public transport, it could lead

to higher air pollution. On the other, if the company replaces old taxis or private vehicles, it could
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lead to lower emissions. The direction of the substitution is a-priori unknown and would depend on

each city’s transportation infrastructure.

Notably, this previous example is just one possible theoretical mechanism linking Uber and urban

air quality. Several other additional candidates come to mind when examining the relationship

between both variables. For instance, in the transportation sector, Uber can potentially complement

inefficient public transport infrastructure while also affecting other economic sectors through changes

in labor markets, public infrastructure, or innovation. In this paper, we solely focus on the aggregate

impact of Uber on air quality and only explore some of the potential mechanisms linking both

variables, i.e., scale, substitution, and complementarity.

This study provides a holistic picture of the air quality effects of Uber with several relevant policy

implications for the regulation of these disruptive technologies. However, note that we only look

at the air quality effects of Uber. As a disruptive technology, the social and economic impact of

the company goes beyond its air quality consequences, with potential disruptions to labor markets,

greenhouse-gas emissions, traffic, and innovation. More information is necessary before making a

holistic assessment of the well-fare implications of Uber. Furthermore, our estimates are most likely

quite sensitive to the empirical setting, where a future avenue of research could be to analyze the

stability of our results in other latitudes with distinct weather patterns, transport options, and

socio-economic circumstances.

From a policy perspective, our results imply that policymakers should be careful when using

the findings of transportation studies on the effects of ride-hailing technologies as evidence of their

pernicious effects on air quality; when designing public policies to regulate these technologies, they

should carefully consider whether ride-hailing services increase or decrease urban air quality. Future

studies could expand this work by looking at the mechanisms behind the air quality improvement.

Similarly, there are other exciting avenues of research like the air pollution consequences of intro-
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ducing electric vehicles for ride-hailing services, the impact of these technologies on greenhouse gas

emissions, labor market consequences, and heterogeneous treatment effects across urban centers.
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A. Appendix

For Online Publication

A.1. Mechanisms

Figure A.1: Number of monthly trips in Chicago and New York City

Table A.1: Effect of Uber on the total number of available private cars

Never and not yet treated Never treated Not yet treated

28, 877.80∗∗∗ 26, 956.03∗∗∗ 31, 261.70∗∗∗

(5, 225.47) (6, 333.24) (4, 710.07)

N.Units 561 561 492
N.Groups 7 7 6
N.Periods 8 8 7

Notes: This table contains the results of the Callaway and Sant’Anna (2021)’s difference-in-differences design (CS-DD) on the
impact of Uber on the share of workers using public transit for their daily commute. The variable comes from the American
Community Survey. Treated counties are those where Uber started operations between 2010 and 2017. We provide results for
three different control groups. The “never and still not treated” group encompasses all counties without Uber at time t. The
“never treated” group only includes counties without Uber as of 2017. And the “still not treated” group only contains
eventually treated counties without Uber at time t. The CS-DD model controls for county and year fixed effects. Standard
errors are clustered at the county level. Significance levels denoted by ∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1.
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Table A.2: Effect of Uber on the share of people commuting to work with public transport

Never and not yet treated Never treated Not yet treated

0.10∗ 0.14∗∗ 0.07
(0.05) (0.06) (0.05)

N.Units 741 741 596
N.Groups 8 8 7
N.Periods 18 18 17

Notes: This table contains the results of the Callaway and Sant’Anna (2021)’s difference-in-differences design (CS-DD) on the
impact of Uber on the share of workers using public transit for their daily commute (left) and the total count of available
private cars per county (right). Both variables come from the American Community Survey. Treated counties are those where
Uber started operations between 2010 and 2017. Control counties are those without Uber at time t. The CS-DD model
controls for county and year fixed effects. Standard errors are clustered at the county level. Significance levels denoted by
∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1.

A.2. Empirical design

Goodman-Bacon (2021) shows that the TWFE-DD coefficient is a weighted average of all possible

group-period DD estimators across three groups; earlier vs. later treated, later vs. earlier treated,

and treated vs. untreated. Figure A.2 depicts the decomposition proposed by Goodman-Bacon

(2021) on the effect of Uber on the maximum value of the air quality index. The vertical axis

shows the estimates for each 2x2 DD and its corresponding weights on the horizontal axis.11 The

solid horizontal lines depict the TWFE-DD estimates of each comparison and the dotted lines the

weighted average TWFE-DD estimate.

Figure A.2: Goodman-Bacon decomposition on the effects of Uber on the air quality index (AQI)

The figure shows that TWFE-DD the comparison of later vs. earlier and earlier vs. later treated
11Each estimate weight comes from the size of the treatment group for each 2x2 DD comparison.
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counties can potentially bias the TWFE-DD estimates. For instance, in retrospect, we can see that

the positive point estimates from later vs. earlier treated arise because already-treated counties

experience substantial decreases in pollutant levels years after Uber. Using their post-treatment

outcomes as a control group for stations treated in later years underestimates the true Uber impact

on the Later Treated.

A.3. Data

Figure A.3: Number of counties by month of Uber introduction

Table A.3: Descriptive Socio-demographic characteristics across treatment and control groups

2010 2011 2012 2013 2014 2015 2016 2017 Avg. Treated Control

Full sample
Income per capita (Ths.) 85 65 53 51 47 44 42 45 54 42

Population density 2,994 5,934 1,204 625 494 294 204 210 1,495 247
Pub. Trans. Index 11 13 3 1 1 1 1 1 4 1

Pre-treatment
Income per capita (Ths.) 85 65 53 51 47 44 42 45 54 -

Population density 2,994 5,893 1,215 625 495 296 205 211 1,492 -
Pub. Trans. Index 11 13 3 1 1 1 1 1 4 -

Post-treatment
Income per capita (Ths.) 85 66 53 51 47 44 42 45 54 -

Population density 2,994 6,000 1,182 624 492 286 195 198 1,496 -
Pub. Trans. Index 11 13 3 1 1 1 1 1 4 -

Notes: This table shows the income per capita, population density, and public transportation index for one control and eight
treatment groups. The public transportation index indicates the percentage of persons commuting by public transit (U.S.
Census Bureau, 2015-2019). Each treatment group contains all counties where Uber began operations in that particular year;
e.g., the 2010 treatment group only includes counties treated in 2010. The control group refers to all counties without Uber as
of 2017. Pre-treatment and Post-treatment values relate to the average in treated counties before and after the introduction of
Uber.
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Notes: https://www.airnow.gov/aqi/aqi-basics/

Figure A.4: Levels of concern for the general population based on the value of the air quality index (AQI)

Table A.4: Descriptive statistics of air quality index (AQI) across treatment and control groups

2010 2011 2012 2013 2014 2015 2016 2017 Avg. Treated Control

Full sample
Maximum AQI 137 145 167 148 142 134 137 125 142 120
90th Perc. AQI 68 72 82 82 76 71 70 65 73 67

%Unhealthy Days 3 4 6 6 5 3 3 2 4 3
Pre-treatment

Maximum AQI 140 156 177 160 149 137 140 125 148 -
90th Perc. AQI 68 78 89 89 80 73 72 66 77 -

%Unhealthy Days 3 5 7 7 6 4 4 2 5 -
Post-treatment

Maximum AQI 132 128 147 116 118 120 113 114 124 -
90th Perc. AQI 68 62 70 62 62 58 55 55 62 -

%Unhealthy Days 2 2 3 1 2 1 1 1 2 -

N.Obs 144 1, 009 1, 007 999 3, 807 1, 073 977 1,039 1, 257 1, 499
N.Units 8 58 57 56 219 64 59 64 73 140

Pre-treatment Periods 10 11 12 13 14 15 16 17 - -
Post-treatment Periods 8 7 6 5 4 3 2 1 - -

Notes: This table shows the average of the maximum and ninety percentile values of the AQI, as well as the share of days
when counties report episodes of unhealthy air quality for one control and eight treatment groups. The AQI standardizes the
concentration of criteria contaminants into a single scale running between 0 and 500 units. Unhealthy episodes refer to days
with AQI values beyond 100 units. Each treatment group contains all counties where Uber began operations in that particular
year; e.g., the 2010 treatment group only includes counties treated in 2010. The control group refers to all counties without
Uber as of 2017. Pre-treatment and Post-treatment values relate to the average in treated counties before and after the
introduction date of Uber.

A.4. Results
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Notes: This figure contains the results of Callaway and Sant’Anna (2021)’s difference-in-differences design (CS-DD) estimates
alongside 90% confidence intervals for the impact of Uber across deciles of the AQI distribution for each pollutant. The CS-DD
model controls for county and year fixed effects. Bootstrapped standard errors clustered at the county level.

Figure A.5: Effects of Uber on the air quality index (AQI) value of different pollutants AQI

Table A.5: Effect of Uber on the air quality index (AQI) across different pre-treatment exposure quartiles of
PM10

Median
AQI

75th Percentile
AQI

Maximum
AQI

(1) (2) (3) (4) (1) (2) (3) (4) (1) (2) (3) (4)

−7.1∗∗ −3.2∗∗ −1.5 −1.6 −9.1∗∗ −3.9∗∗ −2.3∗ −2.2 −19.6∗ −3.9 0.7 2.6
(3.1) (1.3) (1.1) (1.1) (3.6) (1.7) (1.3) (1.5) (10.7) (6.2) (5.8) (7.7)

N.Units 255 258 268 271 255 258 268 271 255 258 268 271
N.Groups 8 8 8 8 8 8 8 8 8 8 8 8
N.Periods 18 18 18 18 18 18 18 18 18 18 18 18

Notes: This table contains the results of the Callaway and Sant’Anna’s difference-in-differences (CS-DD) on the impact of
Uber for each subsample of PM10. The AQI standardizes the concentration of criteria contaminants into a single scale running
between 0 and 500 units. The CS-DD model controls for county and year fixed effects and cluster standard errors at the
county level. Significance levels denoted by ∗∗∗p < 0.001; ∗∗p < 0.01; ∗p < 0.05.

A.5. Synthetic Difference-in-Differences

We obtain the vectors of unit and time weights in the SDiD by solving equations 6 and 7. In them,

ˇ
T is the time-frame between the start of the observation period and treatment, Ntr the number of

treated counties, and Nco the number of controls. ξ is a regularization parameter matching the size
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Table A.6: Effects of Uber on the air quality index (AQI) (Treatment trigger restricted to the introduction
date of Uber X)

Never and
still not treated

Never
treated

Still
not treated

Maximum
AQI

Unhealthy
Days

Maximum
AQI

Unhealthy
Days

Maximum
AQI

Unhealthy
Days

−10.00∗∗∗ −1.71∗∗∗ −12.69∗∗∗ −2.41∗∗∗ −5.00 −1.17∗∗

(2.67) (0.44) (3.61) (0.56) (2.73) (0.44)

N.Units 702 702 702 702 564 564
N.Groups 8 8 8 8 7 7
N.Periods 18 18 18 18 17 17

Notes: This table contains the results of Callaway and Sant’Anna (2021)’s difference-in-differences (CS-DD) estimates of the
impact of Uber-X on the maximum value of the AQI and the number of days of unhealthy air quality, i.e., days with AQI
values greater than one-hundred units. We provide results for three different control groups. The “never and still not treated”
group encompasses all counties without Uber-X at time t, the “never treated” group only includes counties without Uber-X as
of 2017, and the “still not treated” group only contains eventually treated counties without Uber-X at time t. The CS-DD
model controls for county and year fixed effects. Standard errors are clustered at the county level. Significance levels denoted
by ∗∗∗p < 0.001; ∗∗p < 0.01; ∗p < 0.05.

of a typical one-period outcome change for control periods.12

(β0, βt) = argmin
(β0,βt)

T−∑
t=1

(
β0 +

Nco∑
i=1

βitAQIit −
1

Ntr

Ntr∑
Nco+1

AQIit

)2
+ ξ2

ˇ
T 2||β||22 (6)

(α0, αt) = argmin
(α0,αt)

Nco∑
i=1

(
α0 +

T−∑
t=1

αtPolit −
1

T+

T∑
T−+1

Polit

)2
(7)

It is important to note that different from synthetic control methods, SDiD allows for level differences

in air pollution before treatment by including the intercept β0. This feature effectively increase the

state space of the optimization problem, reducing typical convergence issues common with synthetic

control studies with large level differences in pre-treatment periods.

12Equation 7 does not contain a regularization parameter to allow for correlated observations within periods
for the same unit.
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