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Abstract
Transportation Network Companies (TNC) such as Uber and Lyft set out to provide trans-
portation not fulfilled by private vehicles or public transit. The social value of TNCs for 
essential trips (i.e., necessary trips that cannot be fulfilled by another mode of transporta-
tion) is difficult to discern in normal conditions. The COVID-19 stay-at-home order is used 
as a natural experiment to investigate the heterogeneous ability to avoid TNCs by income 
areas of trip origins. We measure the sensitivity of different populations’ ability to respond 
to policies and to avoid TNC trips (e.g., early stay-at-home orders) using a difference-in-
difference style regression. Previous studies have indicated that under normal conditions 
TNCs primarily serve high-income areas, indicating that TNCs may not be improving 
transportation equity but instead serve as an additional mode of transportation for pas-
sengers with multiple options. We fill a gap in the literature by evaluating the role TNCs 
play in serving unavoidable and essential trips. We find that high-income community areas 
showed greater sensitivity to the stay-at-home order with a 56% greater decrease in TNC 
ridership during the stay-at-home order compared to low-income community areas. Spe-
cifically, TNC trips from high-income areas decreased by 80%. This indicates that although 
riders from high-income community areas might make up the majority of trips in normal 
conditions, low-income community areas are less able to adapt to stay-at-home orders 
because of a higher degree of non-flexible and essential jobs or less access to TNC alterna-
tives like private vehicles and public transit.
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Introduction

The remote work economy spurred by the COVID-19 stay-at-home orders has drastically 
changed travel patterns across the US; public transit has been slow to recover even years 
out from the onset of the pandemic (Zipper 2021). During the pandemic’s initial lockdown 
period in the US (mid-March to late-April) ridership across all forms of travel (e.g., buses, 
TNCs) drastically reduced. Public transit ridership dropped by as much as 90% in some 
urban areas during initial stay-at-home orders (Liu et al. 2020; Qi et al. 2021), streets were 
empty, and schools shut down. Transportation network company (TNC) ridership was 
no exception. Many TNC riders, particularly high-income riders, switched to alternative 
modes (e.g., a private car) and began working from home if commuting was non-essen-
tial (Liu et al. 2020; Qi et al. 2021). The dramatic reduction in ridership creates a natural 
experiment that can illuminate essential TNC trips that are more difficult to discern during 
non-pandemic conditions.

During the first few months of the COVID-19 pandemic when stay-at-home orders 
were in-place, most trips were essential (City of Chicago 2022; Brodeur et al. 2021). Here, 
essential trips are defined as work, home, healthcare appointments, pharmacies, or the gro-
cery store (City of Chicago 2022). Given the city-mandated stay-at-home order and con-
cerns about infection during the first six weeks of the stay-at-home order from March 18th 
to April 29th, if people had access to private vehicles they used them instead of taking 
TNCs or other public options (Ozbilen et al. 2021). Indicating, if a person took a TNC trip 
during the early stages of the pandemic, they likely lacked access to private transporta-
tion. The early period of the COVID-19 pandemic provides a unique opportunity to assess 
essential TNC ridership as non-essential trips were kept to a minimum. Our research ques-
tions are as follows: (1) what is the magnitude of essential TNC trips that still occur dur-
ing the stay-at-home order compared to pre-pandemic trips? (2) Is there a heterogeneous 
response in TNC ridership to the stay-at-home orders by income? and (3) have time-of-day 
trip patterns changed during the stay-at-home order?

Some previous studies show that TNC trips have a higher positive correlation with high-
income areas than with low-income areas and areas that have limited transportation options 
(Grahn et al. 2020; Barajas and Brown 2021) indicating TNCs primarily act as a service 
of convenience for high-income riders who are more likely to have access to other modes 
of transportation (Grahn et al. 2020; Barajas and Brown 2021). To understand what role 
TNCs play in transportation equity, several papers investigate the relationship between 
TNCs and transit. Ward et  al. (2019) finds a slight correlation between TNC entry and 
decreased vehicle registrations, indicating there could be some positive impacts on emis-
sions and transit access with TNC entry (Ward et  al. 2019). Some papers show that the 
entry of TNCs across cities has a net increase in public transit ridership, potentially by 
providing riders with a backup option in case of disruptions in public transit service, which 
makes them more assured in their decision to take public transit over using a private vehi-
cle. (Hall et al. 2018; Nelson and Sadowsky 2019). Although high-income and choice rid-
ers with multiple transportation options may be the bulk of TNC riders in normal condi-
tions, there is a gap in the literature assessing the dependency on TNC trips for essential 
purposes by income groups. Despite much of the literature indicating that the majority of 
riders do not depend on TNCs to get to their destination, there may be a minority of riders 
that are low-income or lack alternatives to TNCs to make their trip.

Under normal conditions, it is difficult to discern TNC-dependent riders from choice 
or non-essential riders; TNC trips do not get designated by the rider as essential or 
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non-essential and the commuter patterns of essential workers are less likely to follow 
the 9-to-5 pattern that make up the bulk of pre-pandemic commuter transit trips (Transit 
Center 2020). Additionally, varying types of trips could be categorized as essential beyond 
trips to work (e.g., medical appointments and grocery shopping). The stay-at-home order 
provides a natural experiment to assess the level of essential and non-essential trips occur-
ring via TNCs. We use the initial stay-at-home order in Chicago in March of 2020 during 
the COVID-19 pandemic as the policy shock to assess the difference in ridership across 
community areas by income from before and after the stay-at-home order. We measure 
the heterogeneous response to the stay-at-home order across income groups to understand 
what role TNCs play in transportation equity and providing essential service.

Literature review

It can be difficult to discern in non-pandemic conditions which trips are essential and 
which trips could not be served by an alternative mode. Some previous studies (Barajas 
and Brown 2021; Ngo et  al. 2021) on essential trips classify trips as essential and non-
essential by the day and time of the trip; these papers make the assumption that trips on 
weekdays for the typical morning and evening commuter peak are riders commuting to 
work (Barajas and Brown 2021; Ngo et al. 2021); however, this may not encompass night-
shift commuter trips (e.g., nightshift nurses) or other odd-hour work trips. According to 
the Transit Center, 41% of US essential workers commute outside of the typical 9 to 5 
commuter times (Transit Center 2020), and these workers are more likely to be low-income 
or an underrepresented minority (TransitCenter 2020; Kantamneni 2020). Papers using 
typical office worker commute windows as a proxy for essential trips prior to the pandemic 
leave a gap in the literature for assessing essential trips that occur outside of typical com-
muter hours. Several papers use the COVID-19 pandemic to contribute to the literature 
on the essentialness of trips by income (Pawar et al. 2021; Hook et al. 2021; Brough et al. 
2021; Iio et al. 2021) and find that travel in high-income areas decreased more than travel 
in low-income areas. However, there is a gap in the literature specifically assessing the 
dependence on TNCs by income. We contribute to this body of literature, additionally find-
ing a higher degree of essential travel from low-income areas and specifically filling in a 
gap in the literature by investigating the dependence of high and low-income travelers on 
TNCs for essential trips, whereas other studies focus on general mobility patterns or public 
transportation.

We assume that in the early phase of the stay-at-home order, private modes of transpor-
tation (e.g., cars, bikes) are preferred for physical distancing, and if a TNC trip still occurs, 
the rider did not have a better option (Ozbilen et al. 2021). We also assume that TNC trips 
occurring during the initial six weeks of the stay-at-home order are essential, even if these 
trips occur outside of peak weekday commuter travel times (City of Chicago 2022; Bro-
deur et al. 2021).

TNCs provide flexibility in transportation options, therefore it is difficult to discern 
which trips could not be completed with an alternative mode. There are debates on the 
transportation equity benefits and drawbacks of TNCs, we highlight literature on both sides 
of the argument here. One study states that low-income, minority, and disabled TNC riders, 
on average, experience longer wait times and more frequent ride cancellations (Jin et al. 
2019). The literature is inconclusive on the degree to which TNCs complement public 
transportation by filling in gaps in service or TNCs compete with public transportation by 
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taking away ridership and impinging on public services that transit-dependent riders rely 
on. Some studies indicate that TNCs are mostly used by populations who are more likely 
to have access to other forms of transportation either through a private transportation mode 
or living in walkable and bikeable areas with high access to transit (i.e., higher income 
earners and people with higher levels of education) (Grahn et al. 2020; Barajas and Brown 
2021). In contrast, several papers find that the introduction of TNCs to city(s) shows a 
correlation with decreased public transportation use (Diao et al. 2021; Erhardt et al. 2021; 
Ngo et al. 2021). These papers indicate that TNCs serve passengers who likely have alter-
native modes of transit they could take instead. The literature is inconclusive, which leaves 
room for analysis of what role TNCs play in improving, maintaining, or impairing trans-
portation equity. We contribute to the literature by investigating the dependence of high 
and low-income travelers on TNCs for essential trips.

Li et al. (2019) assesses the degree to which different policies impact drivers and TNC 
financial viability (Li et al. 2019); specifically, this paper assesses policies for driver pro-
tections and finds that TNC drivers take on the highest degree of risk given demand uncer-
tainty (Li et al. 2019). We contribute to the TNC policy-response literature by using the 
stay-at-home order mandate as an opportunity to assess the response to policy by the rider 
population, rather than focus on drivers. One paper by (Brown and Williams 2021) uses the 
lock-down period to compare Uber ridership by low and high-income riders (by trip origin) 
for essential and non-essential trips. (Brown and Williams 2021) adopts Uber’s essential 
trip designations to define if a trip is essential based on the destination the passenger places 
into their Uber app. For example, if a rider types ‘Hospital’ into the app, that trip would 
be flagged as essential. One limitation in (Brown and Williams 2021) is that there are trips 
that needed to occur but lacked a specifically designated ‘essential’ destination, such as the 
return trip home from the hospital, which would be excluded from their analysis. We fill 
this gap by defining an ‘essential TNC trip’ as any trip that could not be avoided and could 
not be completed with alternative modes during the stay-at-home order. We assume that all 
TNC trips occurring in the first six weeks of the stay-at-home period during the pandemic 
are essential and unavoidable. In our analysis we use TNC data collected by the city of 
Chicago from all TNC providers (e.g., Uber and Lyft).

Case study

Chicago background and the pandemic

We use Chicago, IL as our case study due to the city requiring all TNC companies to make 
their trip data publicly accessible (City of Chicago 2020a). Chicago has 2.7 million resi-
dents (US Census 2021), making it the third largest metropolitan area by population in 
the US. The Chicago Transit Authority reports an average of 1.6 million transit rides (e.g., 
bus and rail) each week, before the pandemic. While Chicago has a healthy public transit 
system there is a strong presence of TNCs. Uber entered Chicago in 2011 (Rao 2011), and 
other TNCs followed. It is estimated that before the pandemic there were roughly 2 million 
TNC trips across the city each week (City of Chicago 2020a).

In Chicago in mid-March of 2020, cases of COVID-19 were still very low in the city, 
but stay-at-home policies had high compliance out of fear of disease spread (City of Chi-
cago 2022; National Center for Immunization and Respiratory Diseases (U.S.). Division of 
Viral Diseases 2020; City of Chicago 2020b). Non-essential trips, such as visiting friends 
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and family, as well as outings to bars, restaurants, or parties were largely avoided. How-
ever, essential trips like the grocery store or healthcare appointments that could not be 
completed virtually still required public transit and TNC usage in households without a 
private car. We hypothesize that low-income community areas have TNC ridership that 
is ‘essential’ at a higher rate and is less sensitive to policy changes in the city surround-
ing COVID-19. This may be due to barriers to using online and virtual services (e.g., lack 
of internet, inability to use food vouchers online), fewer alternative modes, less consistent 
public transit access, lack of a private vehicle, or lack of affordable or accessible delivery 
services. Higher dependency on TNCs could also be due to low-income and residents with-
out private cars working as essential workers at higher rates (Transit Center 2020). These 
essential trips still occur in non-pandemic times but are potentially masked by the large 
quantity of high-income, choice, and non-essential TNC rides. Thus, the early high-com-
pliance stay-at-home order can reveal the degree of essential trips during non-pandemic 
conditions, as well.

On March 15th 2020, the Center for Disease Control (CDC) announced guidance dis-
couraging large gatherings of 50 or more people (National Center for Immunization and 
Respiratory Diseases (U.S.). Division of Viral Diseases 2020). Closely following the CDC 
guidance, many cities, including Chicago, placed stay-at-home orders in the days that fol-
lowed to prevent the spread of COVID-19 (March 18th, 2020 for Chicago) (City of Chi-
cago 2022). In the wake of the stay-at-home orders all schools and jobs that could go 
remote did so. We use the six weeks leading up to the CDC guidance (March 15th) as the 
before period to the pandemic and the six weeks following the onset of the stay-at-home 
order (March 18th) as the stay-at-home period. We exclude March 15th to 18th as the tran-
sitional period to the onset of policies mandating people to stay at home. The city of Chi-
cago placed a change in the tax structure for TNCs to help mitigate congestion on January 
5th, 2020; we use only the six weeks leading up to the stay-at-home order (starting Febru-
ary 1st) to not have a confounding impact from the change in the tax structure for TNCs.

The rate of COVID-19 in the city of Chicago remained very low during the first six 
weeks of the stay-at-home order (less than 1% of the city) (City of Chicago 2020b). This 
implies that the decrease in ridership observed can be largely attributed to policy com-
pliance and fear, than due to COVID-19 health complications directly causing passengers 
to not be able to ride. In summary, our study fills a gap in the literature by investigating 
the dependence of high and low-income travelers on TNCs, using COVID-19 policies as a 
natural experiment to study the impact of stay-at-home orders directing people to only take 
essential trips.

Data

The city of Chicago requires TNC companies like Uber, Lyft, and Via to report data of 
trip origins and destinations (at the census tract and community area levels), pick-up and 
drop-off time (rounded to the 15-minute), price (rounded to 50-cents), tax, length of trip 
in distance and minutes, and if it was a pooled trip (shared between two unacquainted pas-
sengers). Chicago has 866 census tracts within 77 community areas. We exclude two com-
munity areas in our analysis because they contain airports.

The Chicago TNC data provides trip-level information on origins and destinations at 
the census tract and community area level, but the data do not contain socioeconomic or 
demographic information on the rider. As a result, we use the per capita income of the 
trip’s origin community area from the 2018 American Community Survey (CDC/ATSDR 
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SVI Data and Documentation Download 2021). We use walk score, bike score, and transit 
score from Walkscore.com matched to community areas for a rating from 1 to 100 of the 
walkability, bikeability, and transit access of each community area. This allows us to better 
understand the ease of access to transit, walk, or bike modes for a trip from each area. This 
provides a spatial proxy of income (See the Conclusion for a discussion of limitations).

We use TNC trips aggregated to the day per community area per capita as the dependent 
variable. For passenger anonymity, if a trip were the only trip to occur in a 15-min window 
for a census tract origin or destination, the trip still appears in the database, but the origin 
or destination census tract is not given (the community area is still given, unless it’s the 
only trip in the community area, too). Trip frequency decreased overall during the stay-
at-home order, making trips more likely to be the only one in a census tract in a 15-min 
window, and therefore more likely to be excluded. To offset the biased data exclusion, we 
aggregate to the community area level because the community area is less often excluded.

Methodology

We first conduct an exploratory analysis using descriptive statistics on 20% of data to for-
mulate our model; we investigate the change in magnitude of TNC trips before and during 
the stay-at-home order to identify the heterogeneous response to policy by income, and the 
revealed time-of-day pattern changes. After that, we run regressions on the remaining 80% 
of data to assess the difference in TNC trips before and after the stay-at-home order and 
investigate the heterogeneous response to the stay-at-home order across incomes. There-
fore, we look at the difference across time before and after the stay-at-home order and the 
difference in response across per capita income of trip origins. The interaction term (per 
capita income of the origin by the stay-at-home order) measures the difference in the dif-
ference of responses (e.g., TNC usage). Finally, we do a posthoc analysis looking at the 
origin-destination pairs of trips by time of day before and after the pandemic to investigate 
changes in trips by time of day from low to high-income areas versus high to low-income 
areas before and after the stay-at-home order.

Data processing

The overview of the data aggregation process for each dataset by temporal and spatial reso-
lution is shown in Fig. 1. The city of Chicago gives access to TNC trip data at 15-minute 
intervals with both the census tract and community area of the origin and the destination. 
Demographic data are averaged using population-weighting to the community area. The 
trips are also aggregated to the day for each community area. The result is the total trip 
count of TNC trips that originate per community area per day with community area mobil-
ity and demographic characteristics tied by community area.

Descriptive statistics

The dataset has trips per day from February 1st to April 29th, 2020. Aggregating trip ori-
gins over the course of each day for each community area yields N = 6375 trip totals, 
which includes a total of 13.2 million TNC trips over the three months in the city of Chi-
cago (2.7 million trips in the sampled 20% of data used for model formulation, and 10.5 
million trips in the 80% used for testing data). There was an 84% decrease in trips from 
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February to April. Compared to February, April’s time-of-day trends had less variation in 
origin-destination trends across the day and demonstrated less pronounced commute-hour 
peaks (see Origin-Destination Pairs for further details on time-of-day ridership). Table 1 
shows the mean, standard deviation, 5th percentile, and 95th percentile for trip origins in 
the 20% of data used for model formulation for the independent variables. Table 1 shows a 
relatively low mean per capita income ($30,400) and mean percent ethnic minority at the 
community area level. Additionally, the low average for non-vehicle ownership combined 
with transit, walk, and bike scores in the 60–75% range suggest a dependence on private 
vehicles and an overall lack of public options. See Appendix A for further descriptive sta-
tistics and correlations. The 75 community areas range in population from 2000 to 110,000 
residents.

Formulation

We use a difference-in-difference (DiD) style regression to assess the heterogeneous 
impacts of the stay-at-home order policy across income groups to investigate changes in 
ridership before and after the first COVID-19 stay-at-home order in Chicago. We run the 
regression for income split into low and higher-income areas at the median and as a con-
tinuous difference in difference by income (Callaway et al. 2021).

We use 20% of the trips aggregated to the day for model formulation and to look at 
descriptive statistics to develop a model hypothesis. We then use the remaining 80% of the 

Fig. 1  Diagram of raw and 
aggregated data sets by time and 
spatial granularity

Table 1  Descriptive statistics for the dependent variable and the time-invariant independent variables. 
N = 6,375 for trips aggregated to the day and community area

Mean (%) Std. deviation (%) 5%pc 95%pc

Per capita income 30,400 17,800 13,700 72,900
Percent no vehicle 10.4 6.5 2.2% 20%
Percent ethnic minority 73.0 26.7 21% 99%
Transit score 63.5 11.9 42% 82%
Walk score 73.1 12.1 50% 92%
Bike score 70.1 13.1 53% 91%
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data to run the regressions and test both models with five-fold cross-validation to verify 
that the models are not overfitted to the training data. We run two regressions, both using 
community area-level fixed effects (i.e., per capita income, percent ethnic minority, walk 
score, bike score, transit score), day-of-the week, the stay-at-home order dummy, and the 
interaction term between income and the stay-at-home order. In the first formulation, we 
split the community areas into low-income and higher-income groups set at the median 
income. This is done to capture the heterogeneous impacts between low and higher-income 
groups. In the second formulation, we use the income of the area as a continuous variable 
in the interaction term, to capture the incremental heterogeneous impacts of income on the 
ability to avoid trips. We detail our hypothesis testing, fitting, and model formulation in 
Eqs. 5–9 in Appendix B.

The six weeks prior to the CDC guidance from February 1st, 2020 to March 15th, 2020 
are the pre-treatment period. March 15th through March 18th are excluded as the transi-
tional period because national and local guidance was encouraging people to stay home 
but the formal mandate was not in-place yet. The treatment period (σt = 1) in this study is 
the six weeks following the onset of the Chicago stay-at-home order on March 18th, 2020. 
The 77 community areas (i) by per capita income are the comparative groups. Both groups 
get the treatment, but the effect being measured is the difference between low and higher-
income (Γi) and the incremental difference in sensitivity to the mandate per income as a 
continuous variable (γi), similar to a dose-response study (Callaway et al. 2021). This study 
uses the stay-at-home order as the mandate that the different treatment groups are receiving 
and the heterogeneous ability to curb ridership as the measured interaction.

The full regression for both formulations (Eq. 1 and Table 2) are below. The log of trip 
counts per community area per day (Yit) normalized to the population in the community 
area is the dependent variable for both the continuous and discrete income group formula-
tion of the regression. The time-variant fixed effects are the day of the week (δt) and the 
stay-at-home order (σt). The time-invariant fixed effects are the log transformation of per 
capita income (γi), percent non-vehicle ownership (νi), percent ethnic minority (µi) walk 
score (ωi), and transit score (τi) at the community area level. The parameter of interest 

Table 2  Overview of variable symbols

Variable Symbol Manipulation

Community area i –
Day t –
Trip count Yit Aggregated per community area per day per capita
Per capita income γi Aggregated per community area
Income group Γi Income split into high and low at median
Percent non-vehicle owners νi Non-vehicle owners per capita
Percent ethnic minority µi Ethnic minorities per capita
Walk score ωi Walk score averaged per community area
Bike score ρi Bike score averaged per community area
Transit score τi Transit score averaged per community area
Stay-at-home order σt Before and during Stay-at-home order
Weekday δt Day of the week in 2020
Error Eit Regression error per day per community area
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in the difference-in-difference formulations is the interaction terms between per capita 
income (continuous and grouped into high & low) and the stay-at-home order.

Regression Eq. 1: Continuous Income

Regression Eq. 2: Income groups

The interaction between the continuous variable, the log of per capita income of the 
community area, and the stay-at-home order measures the incremental sensitivity to the 
stay-at-home order by income. Per capita income is a continuous variable, so the inter-
action term measures the rate of change in ridership per incremental income change. We 
cluster the errors at the community area level.

Equation 3 shows how to interpret the effect of a coefficient on a logged dependent 
variable. The interaction term between the log of per capita income and the stay-at-
home order is continuous, therefore it represents the slope of difference. Eq.  3 yields 
the percent change the coefficient (β) has on the dependent variable when the dependent 
variable is logged.

Data exclusion

Two community areas were excluded because they contain an airport creating an out-
lier. We are primarily assessing TNCs used by residents. Airport community areas have 
disproportionately high TNC ridership pre-pandemic given the per capita income of the 
community area because of the large volume of airport TNC riders that are not residents 
or workers in the community area that the airport is located in (See Appendix C for 
quantile-quantile plots with and without the two airport community areas included).

Raw TNC trip data includes each trip’s origin and destination at the census tract and 
community area level. Some trips have all or partial location data excluded if the trip is 
the only trip in the geographical area in the 15-minute window in the dataset for rider 
location anonymity and privacy concerns. Census tracts are a smaller geographical des-
ignation than community areas, so trip origins are more often excluded from the data at 
the census tract level than at the community area level for privacy concerns. In February 
2020 (before the stay-at-home order) 28% of census tract and 6% of community area 
origin points were excluded. In April 2020 (after the stay-at-home order) 88% percent 
of census tract and 9% of community area origin points were excluded for rider privacy. 
To mitigate the data exclusion issue we analyze a larger geographic region, aggregating 
to the community area, in which only 6% before the stay-at-home order and 9% after the 
stay-at-home order of data values are excluded for privacy. The community area level 
has both less overall data exclusion and a similar rate of data exclusion before and after 
the start of the stay-at-home order to minimize bias in data exclusion after the stay-at-
home order (See Appendix D for a discussion of exogeneity). Most community areas 
contain census tracts of two or fewer income groups. Very few community areas contain 

(1)
log(Yit) = �1log(�i) + �2log(�i) + �3log(�i) + �4log(�i) + �5log(�i) + �6log(�i) + �7�t + �8�t + �����(��)�� + Eit

(2)
log(Yit) = �1Γi + �2log(�i) + �3log(�i) + �4log(�i) + �5log(�i) + �6log(�i) + �7�t + �8�t + ������ + Eit

(3)%effect = 100 × (e� − 1)
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census tracts across four or more income groups, signaling that income in the commu-
nity area is still a granular enough designation to yield meaningful conclusions. See 
Appendix Efor a visual of data aggregation.

Five‑fold cross validation

We use the 80% of the data not used in model formulation to conduct a five-fold cross-
validation in order to verify that the model is not over-fit to the training data and accurately 
represents unseen data in the set. The five-fold cross-validation splits the data into five sec-
tions; it trains the model on four sections of data and tests the model on the remaining sec-
tion. This is repeated until all five sections have been the test set. Both regression models 
are tested and the mean root mean squared error (rMSE) of the five-fold test is compared 
for the training set and the testing set for each regression. The first regression, Equation 1, 
contains an interaction term between the stay-at-home order and income as a continuous 
variable. The second regression, Equation 2 contains an interaction term between the stay-
at-home order and income groups (split at the median into high and low).

Parallel trends

We assume the TNC trip trends by income are parallel leading up to the pandemic. To 
verify if the parallel trends assumption holds an event study using weeks away from the 
stay-at-home order (Wj) as a dummy variable in the interaction term is used in place of the 
stay-at-home order dummy for the second regression and the coefficient values are plot-
ted relative to the coefficient value for the week of the stay-at-home order to ensure that 
parallel trends were followed leading up to the stay-at-home order. Equation 4 shows the 
regression formulation for the event study using a weeks-away from the stay-at-home order 
dummy (Wj) in the interaction term and no day-of-the-week dummy. The weeks-away 
dummy variable has a variable for each week leading up to and following the start of the 
stay-at-home order and assigns each trip as ‘1’ if the trip occurs in that week’s dummy 
variable and ‘0’ otherwise; No intercept is used because each trip falls into one week or 
another and an intercept would cause linear independence to be broken.

We also assume that the TNC trips would have continued at the same rate if the pan-
demic and stay-at-home order had not occurred. To verify the validity of this assump-
tion, regression 2 is run on TNC trips for the previous year (2019) to verify that the trend 
noticed in 2020 is not due to seasonal changes, such as warmer weather or more daylight. 
The interaction term and stay-at-home order coefficient should be insignificant (p > 0.05) 
in the previous year if the trends are not due to seasonality, as we assume.

Origin–destination pair analysis

To better understand the TNC ridership trends that we see in the regression results, we 
conduct a posthoc analysis comparing the origin-destination pairs by income group (split 
at the median) for February 2020 (before the Stay-at-home order) and April 2020 (after the 
stay-at-home order) in absolute numbers and by hour of the day.

(4)
log(Yit) = �1log(�i) + �2log(�i) + �3log(�i) + �4log(�i) + �5log(�i) + �6log(�i) + �7Wj + �����(��)�� + Eit
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We assume that TNC riders conduct a closed loop each day (i.e. each person returns 
to their origin each day). Therefore, we would expect to see low-to-high-income area ori-
gin-destination (OD)  pairs mirror high-to-low-income area origin-destination pairs. We 
aggregate OD pairs over a month, therefore we expect a similar departure and origin rate 
from each community area, assuming riders leave a given community area as frequently as 
they return to it. TNC inequities can be seen in OD pairs when asymmetrical flows occur 
between origins and destinations. We hypothesize that during the stay-at-home order, pro-
portionally more TNC riders are essential riders, meaning, they are taking the ride because 
they require it for work or essential services like health care appointments and lack other 
modes of transportation to make their trip. We further hypothesize less choice ridership 
during the pandemic; choice riders have multiple options for transit and choose based on 
circumstances like weather, time of day, and convenience of each option. and the Transit 
Center have shown a reduction in public transportation ridership during the COVID-19 
pandemic, leaving transit-dependent commuters who are disproportionately low-income, 
minority, and essential workers (Kantamneni 2020) (Transit Center 2020; Kantamneni 
2020). We explore TNC trip OD-pairs by income group to understand if TNCs experienced 
similar shifts.

Figure  2 shows the data aggregation process for each dataset by time resolution and 
spatial resolution. TNC trip data shows each trip at the 15-minute interval with both cen-
sus tracts and community areas of the origin and destination. The mobility information of 
the community (walk score, bike score, and transit score) at the neighborhood level are 
aggregated to the community area level and matched to each trip origin and destination. 
The demographic data from the American Community Survey (per capita income, percent 
non-vehicle ownership, and percent ethnic minority) are aggregated to the community area 
level using a population-weighted average from the census tract level. The trip origins and 
destinations are then split into high-income and low-income by the hour of the day that the 
trip started. This results in a trip count of origin-destination pairs for each possible income 
pairing by the hour (e.g., high-income area to high-income area, high-income area to low-
income area, low-income area to high-income area, and low-income area to low-income 
area per hour).

Fig. 2  Diagram of data aggregation process for posthoc analysis to combine each trip with the income 
group of its origin and destination by the hour
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Results

We see a decrease in TNC trips across the entire Chicago area after the start of the stay-
at-home order (84% decrease in total trips between February and April). However, some 
areas saw sharper decreases in trips compared to others. Figure 3 shows the change in trips 
before and during the stay-at-home order as well as the per capita income of each com-
munity area in blue. Trips for February (before the stay-at-home order) are proportional to 
size in yellow and trips for April are in purple. The downtown area, a high-income area had 
significant ridership prior to the stay-at-home order. Low-income areas largely had simi-
lar ridership before and during the pandemic, which can be seen by very little difference 
between the yellow and purple ridership circles. Across the map, during the stay-at-home 
order, levels of ridership were low but largely consistent across the community areas. One 
exception to pre-pandemic trends is the community areas that contain the airports (O’hare 
International and Midway) were relatively low-income areas with high pre-stay-at-home 
order ridership and therefore a significant drop. See Appendix F for a map of TNC trips 
before and after the stay-at-home order by percentage of ethnic minority residents.

Fig. 3  Map of per capita income (grouped per $20,000) at the community area level with TNC trips for the 
month of February (before the stay-at-home order) and the month of April (after the stay-at-home order) as 
concentric circles for each community area
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Regression

Strict exogeneity is assumed for the interaction term of both regressions. We assume the 
error term is not correlated with the independent variables. We make this assumption 
because there is unlikely to be reverse causality between per capita ridership and the com-
munity area variables such as income, transit access, and demographics on the time-scale 

Table 3  Coefficients for regression 1 (continuous income) & regression 2 (grouped income) in the interac-
tion term. Robust standard errors clustered per community area

Signif. codes: ***P(0), **P(≤ 0.001), *P(≤ 0.01), P(≤ 0.05)

Independent variable Regression 1: Continu-
ous income

Regression 2: Income groups

Estimate Estimate

(Robust std. error) (Robust std. error)

Sunday − 18.37***
(1.56)

− 13.41***
(1.53)

Monday − 18.34***
(1.56)

− 13.39***
(1.53)

Tuesday − 18.33***
(1.56)

− 13.38***
(1.54)

Wednesday − 18.28***
(1.56)

− 13.32***
(1.53)

Thursday − 18.37***
(1.56)

− 13.25***
(1.53)

Friday − 18.06***
(1.56)

− 13.10***
(1.53)

Saturday − 18.13***
(1.56)

− 13.17***
(1.53)

Log (per capita income) 1.04***
(0.13)

0.57***
(0.14)

Log (percent no vehicle) 0.50***
(0.048)

0.50***
(0.048)

Log (transit score) 1.89***
(0.27)

1.85***
(0.30)

Log (walk score) − 0.40
(0.27)

− 0.44
(0.28)

Log (bike score) − 0.06
(0.36)

− 0.0022
(0.39)

Log (percent ethnic minority) 0.33**
(0.11)

0.33**
(0.11)

Stay-at-home order 9.40***
(0.66)

− 1.63***
(0.088)

Income group (low) – − 0.35**
(0.12)

Income group (low):stay-at-home order – 0.83***
(0.10)

Log (per capita income):stay-at-home order − 1.04***
(0.064)

–
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of the analysis; meaning that the TNC ridership in an area during COVID-19 did not 
impact the income or demographics of the area.

Table 3 shows the coefficients, clustered robust standard errors, t-values, and probabil-
ity of being greater than the t-value for the first regression (with income as a continuous 
variable in the interaction term). All variables except the walk score and bike score are sta-
tistically significant (p < 0.05). The interaction term between the log of per capita income 
and the stay-at-home order is continuous, therefore it represents the slope of difference. 
Between two neighborhoods, if one has 10% higher per capita income, the stay-at-home 
order is correlated with a 10.4% additional decrease in trips. Income as a continuous vari-
able within the interaction term gives an indication of the degree of impact that income has 
on the rate of change of ridership during the stay-at-home order.

The dependent variable for the second regression in Table 3 (Trips per capita per com-
munity area per day) is logged; therefore, the interaction term between income groups 
and the stay-at-home order shows that high-income community areas have a 56% greater 
decrease in the number of TNC trips origins compared to low-income community areas. 
High-income areas had more trips per capita prior to the stay-at-home order; however, 
high-income areas had fewer trips after the pandemic with high-income areas decreasing 
trips by 80% (Fig. 4). Riders taking trips from low-income areas continued depending on 
TNCs at higher rates than high-income community areas to fulfill necessary trips. Trips 
from low-income areas showed significantly less ability to avoid TNC trips during the stay-
at-home order. The high-income community areas had higher per capita ridership before 
the stay-at-home order and had a bigger decrease in ridership during the stay-at-home 
order than low-income areas.

Fig. 4  Modeled trips per capita for regression 2 (income grouped into high and low) and actual trips from 
Feb. 1st to April 29th 2020 with a grey zone indicating the transitional period between the CDC guidance 
and the beginning of the stay-at-home order beginning March 18th
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Five‑fold cross validation

We use 80% of the data to conduct five-fold cross validation to ensure the model is not 
over-fitted to the data. Both regressions had a testing root mean squared error (rMSE) that 
was just under double the training rMSE. Table 4 shows that overall, the rMSEs for both 
the training and testing set were low (less than 1% in all cases). Regression 1 (income as 
a continuous variable in the interaction term) performs slightly better for both the training 
and testing data, indicating it might be a better fit than regression 2 (income as a discrete 
variable). The higher testing rMSE than training rMSE for both regressions indicates that 
the models may be slightly over-fitted to the data. However, the rMSE values are low for 
both sets for testing, implying a good overall fit, despite some over-fitting.

Table 4  Root mean squared error (rMSE) for training and testing data for the five-fold cross-validations

Model 1: interaction term includes income as a continuous variable and the stay-at-home order
Model 2: interaction stay-at-home order term between income (high & low)

Model Training rMSE Testing rMSE

Regression 1: 
continuous 
income

0.0045 0.0089

Regression 
2: income 
groups

0.0050 0.0099

Fig. 5  Event study of parallel trends with the coefficient for the interaction term for each week normalized 
to the week the stay-at-home order is put in place (week 0) with the 95% confidence interval on the coef-
ficients
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Parallel trends

We conduct an event study using each of the six weeks before and after the stay-at-
home order as dummy variables to check the parallel trends assumption. In Fig. 5, the 
coefficients represent the interaction term between each week and the income group 
normalized to the week the stay-at-home order is mandated (week 0). The bars repre-
sent the 95% confidence interval on each coefficient. If the parallel trend assumption 
holds, the weeks leading up to the stay-at-home order should have no difference in their 
coefficient compared to the week of the stay-at-home order, leading to a value of zero. 
Indeed, in the event study, the weeks leading up to the stay-at-home order hover around 
zero ( − 0.012 to 0.17) and after the stay-at-home order the coefficient values jump sig-
nificantly (1.15 to 1.60) with confidence intervals well above zero (0.95 at the lowest 
bound), indicating the parallel trends assumption holds.

Using the full set of data, we check the parallel trends assumption for 2020 com-
pared to the previous year. We assume the parallel trends assumption holds, that is if 
the Covid-19 pandemic and stay-at-home order had not occurred, ridership by income 
would remain parallel. Our regressions do not account for seasonal changes in rider-
ship. Given the contrast before and after the stay-at-home order (week 0), we assume 
the changes observed in the event study are explained by the stay-at-home order and not 
by changes in the season. Figure 6 shows the trips per day broken up by $20,000 based 
on the trip origin from February 1st to April 29th (a) 2019 and (b) 2020. We group by 
$20,000 to show differences in ridership by income within the region without plotting a 
line for each community area. Early 2019 did not have a stay-at-home order and is pre-
pandemic, so any seasonal effects would be visible within the 2019 trips per day. 2019 
lacks visible seasonal trends for February to April of 2020, indicating that the observed 
decline in ridership in 2020 is not seasonal. See Appendix G for the regression table 
for 2019 showing the insignificance (p > 0.05) of the stay-at-home order interaction 

Fig. 6  Ridership each day by income bracket in (a) 2019 and (b) 2020 demonstrating the parallel trends 
throughout the season for 2019 with rides grouped by $20,000 (< $20,000, $20,000—$40,000, $40,000—
$60,000, $60,000—$80,000, $80,000—$100,000)
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term for the previous year. We re-run regression 2 for the previous year’s trips, setting 
the stay-at-home order to March 18th, 2019 (the previous year) to verify there is insig-
nificance to that date, yearly. We find no significance to the post-March 18th period for 
2019, indicating that the parallel trends assumptions hold: if the pandemic and stay-at-
home orders had not occurred, ridership would have continued at a similar rate.

Origin–destination Pairs

We look at the income group (low or high) of each trip origin and destination community 
area to compare the net trips by per capita income. Table 5 shows the aggregate difference 
between high-to-low-income area trips, and low-to-high-income area trips for February 
2020 (before the COVID-19 pandemic) and April 2020 (during the stay-at-home order). In 
February, we see 32% more trips from high-to-low-income areas (353,000 trips) than trips 
from low-to-high-income areas (239,000 trips). This difference indicates that a portion of 
TNC riders are multi-modal (only take TNCs in one direction). This could indicate a lim-
ited supply of TNCs in low-income areas or a preference for TNCs in the evening for low-
income residents returning from high-income areas. From February to April 2020 we see an 
84% drop in trips following the stay-at-home order. Meanwhile, we see only 8% more high-
to-low-income trips than low-to-high-income trips. In April, the 16% of baseline trips that 
still occur show greater mirroring of origin-destination pairs from low-to-high and high-to-
low (8% difference). The symmetry between low-to-high and high-to-low indicates during 
the stay-at-home order, TNC users take a TNC in both directions and display less choice-
ridership compared to pre-pandemic riders (i.e. potentially lack other options for their trips).

The peak of trips occurs earlier in the day in April, with total TNC ridership peaking 
at 3 PM compared to 6 PM in February prior to the stay-at-home order. April 2020 shows 
overall less of a disparity between trips from high-to-low-income areas and trips from 
low-to-high-income areas (8% difference). This may indicate less choice-ridership in low-
income areas during the stay-at-home order; fewer trips are only completed by a TNC in 
one direction, potentially showing that fewer TNC trips had alternative options for those 
trips.

Figure 7 shows the trips from high-to-low-income community areas and low-to-high-
income community areas aggregated by the hour for February 2020 and April 2020. In 
February, high-to-low-income trips surpassed low-to-high-income trips for 23 out of 24 
hours of the day. We find the largest gap at 6 pm with 43% more high-to-low income trips. 
This asymmetry indicates that TNC riders are only taking TNCs in one direction. This 
most likely reflects differences in supply constraints either of public transit or TNC drivers. 
Figure 7b of April (during the stay-at-home order) shows a greater degree of mirroring: the 
low-to-high income trips appear to mirror the high-to-low income trips (53% more low-to-
high income area trips at 6 AM followed by 41% more high-to-low income area trips at 5 
PM).

Conclusion

Our paper demonstrates a method for evaluating the impact of policy on TNC rider-
ship across different demographic groups and the impact policies have on overall TNC 
usage. We use the COVID-19 pandemic as a natural experiment to assess the ability to 
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avoid trips in response to policies and mandates. Low-income community areas have 
less ability to work from home during a stay-at-home order and fewer transportation 
choices like a private car or the ability to walk/bike to work (TransitCenter 2020; Kan-
tamneni 2020). We focus here on TNC trips (e.g., Uber, Lyft, and Via) to see how dif-
ferent groups respond to policies that impact ridership. This paper measures the differ-
ence in sensitivity of TNC ridership between low and high-income community areas, 
using Chicago’s first stay-at-home order in March 2020 as a natural experiment. We 
set up two difference-in-difference style regressions looking at the interaction between 
income and the stay-at-home order. All TNC riders received the treatment of the stay-at-
home order; however, different areas had heterogeneous responses in their behavior in 
accordance with the policy.

Our paper reveals the essentialness of TNC trips by income to give an indication of 
which areas and groups may have the most difficult time avoiding trips during transporta-
tion shocks (e.g., health crises, infrastructure failures, political unrest, or severe weather). 
This can provide an indication of where resources should be allocated during rare events 
when some or all transportation is disrupted. TNCs are often considered a luxury good due 
to their primary riders in pre-pandemic conditions residing in high-income areas with mul-
tiple modal options (Grahn et al. 2020; Barajas and Brown 2021). We uncover that riders 
from low-income areas have a higher degree of unavoidable trips during the stay-at-home 
order. TNCs may be a service of convenience for most pre-pandemic riders; however, rid-
ers from low-income areas may be disproportionately dependent on TNCs during periods 
of disruption and disproportionately dependent on public options for transportation. When 
making policy decisions on TNCs for tax structures and availability, it is valuable to iden-
tify TNC-dependent riders among all TNC riders. Some TNC providers include transporta-
tion access in their mission statement (Uber 2022), although providers use surge pricing 

Fig. 7  TNC trips in Chicago aggregated by the hour of the day for trips going from high-to-low-income 
community areas and for trips going from low-to-high-income community areas for a February 2020 (pre-
stay-at-home order) and b April 2020 (during stay-at-home order). a February and b April have different 
y-axis scales because (pre-pandemic) February had an order-of-magnitude greater number of trips per hour
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during times of peak demand to maximize profit. This surge pricing can overlap with 
essential trips, which further increases inequities during times of high essential ridership. 
Understanding which groups have more inelastic demand for TNCs as an essential service 
could help cities design programs such as providing vouchers or supplementing the cost of 
rides at hours when operating public transit at high frequency is not economical.

We assume that during the first six weeks of the stay-at-home order, most TNC trips 
were necessary (e.g., groceries, work, medical) and could not be completed with a private 
vehicle. If any TNC trips were non-essential during the stay-at-home order (i.e., to fulfill 
a non-essential trip), we cannot differentiate these trips from essential trips with the data 
available. Additionally, we assume that the stay-at-home ridership, which is an order of 
magnitude lower in the trip count, contains a subset of pre-pandemic riders, rather than 
a new set of riders. Not every trip that departs from a low-income area contains a low-
income passenger. However, the city of Chicago bases TNC tax rates on the trip origin and 
destination, giving precedence to location-based analysis over passenger-based analysis 
(City of Chicago 2020c). Thus, the origin and destination are still useful as proxy metrics 
for making policy decisions. Additionally, the TNC data set does not indicate if the same 
passenger made multiple trips (or round trips). We investigate the symmetry of inbound 
and outbound trips to gain a sense of the degree of choice-ridership and to identify asym-
metries in TNC origin-destination pairs. Passenger-level information is not publicly acces-
sible due to privacy concerns. While the socioeconomic and demographic characteristics 
of each rider can give a greater sense of equity impacts, we are unable to determine rider-
specific demographic impacts on usage rates. We used the characteristics of a trip’s origin 
or destination as a proxy for rider demographics. This allows analysis of millions of rides 
across the entire city for a depth and completeness of data that rider-specific surveys can-
not capture.

Our findings may indicate that high-income community areas are potentially more able 
to adapt to policies affecting TNCs, such as stay-at-home orders because of the nature of 
their jobs or factors like higher private vehicle ownership or better public transit infrastruc-
ture. This higher sensitivity may indicate differences in the essentialness of TNC ridership. 
Although high-income community areas have higher average ridership prior to the stay-at-
home order, low-income community areas have higher ridership during the stay-at-home 
order and less sensitivity to the policy overall. Additionally, COVID-19 is no longer at its 
peak (City of Chicago 2020b), there is persistent work-from-home among office workers 
(Pawar et  al. 2021) indicating that trends in ridership may carry over to post-pandemic 
transportation.

TNC ridership reflects supply in equilibrium with demand (i.e., there was a driver will-
ing and able to provide a trip and a passenger desiring that trip in close enough proxim-
ity). We acknowledge the limitation that a decrease in ridership may also reflect a decrease 
in the supply of TNC drivers available to provide rides. According to a survey by Ride-
share Guy of 1,000 TNC drivers nationwide, 58% of drivers surveyed stopped driving dur-
ing initial stay-at-home orders, which is a smaller decrease than overall trips in Chicago 
(84% decrease), indicating that there is still some persistence of driver availability to meet 
demand (Goldstein 2020). One limitation of the TNC data made available by the city of 
Chicago is the lack of data on latent demand (i.e., any trips that would have occurred if 
there were a driver available), which makes it difficult to understand how driver availability 
affected the decrease in trips that occurred during the pandemic. We encourage cities that 
publish data on ridership to also publish data on requested trips that were not fulfilled. Data 
on wait times and latent demand would provide an opportunity to further research how 
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equitable the distribution of supply is for demand and if there is bias in wait time or rate of 
unfulfilled trips by location.

Riders from low-income areas demonstrated a greater dependence on TNCs during the 
stay-at-home order than riders coming from high-income areas. This could be due to the 
higher persistence of low-income area TNC ridership when only essential trips were per-
mitted, or it could indicate that some riders from low-income areas chose TNCs over public 
transportation during the stay-at-home order due to decreased service or perceptions of safety 
(Hanig et al. 2023). The relatively high rate of essential trips from low-income areas reveals an 
inability to complete their ride via a private mode of transportation (e.g., walking, biking, or a 
private car) or reflects the inability to avoid their trip entirely (e.g., work from home, receive 
grocery deliveries). Finding where TNC ridership remains relatively high while travel for non-
essential trips is limited provides an opportunity for policymakers to better understand which 
areas are most dependent on public options for travel and least able to avoid their trips. This 
can provide insight into where to dedicate public transportation resources (e.g., additional bus 
routes) post-pandemic or during future transportation shocks. When TNCs serve as a sub-
stitute during transportation shocks while transportation service is limited, it is valuable for 
policymakers to understand which areas are most dependent on public options for travel and 
least able to avoid their trips. When TNCs serve as a complement to public transportation, 
persistent TNC ridership during the stay-at-home order can reveal where TNCs are providing 
an essential service, indicating potential latent demand for public transportation. One limita-
tion of the TNC data from the city of Chicago is the lack of public transportation ridership 
data (with origin-destination pairs) at a granular enough time scale to be coupled with TNC 
ridership. If TNC and public transportation origin-destination pairs are both made available, 
the degree to which riders from low-income areas persisted in riding TNCs during the stay-
at-home order vs. began riding TNCs when public transportation options were limited could 
be disaggregated. This highlights a potential area for further research by allowing TNC ori-
gin-destination pairs with higher-than-expected ridership given demographics to be compared 
against the public transportation options to identify new potential routes.

Much of the current literature states that the majority of TNC riders are high-income and 
many have alternatives to TNCs, making TNCs a luxury and not a necessity (Grahn et  al. 
2020; Barajas and Brown 2021; Jin et al. 2019). However, we find that pre-stay-at-home order 
trips were disproportionately from high-income areas, and when mandated to stay home a 
majority of trips departed from low-income community areas. This indicates that although in 
normal conditions trips from low-income areas are a minority of overall TNC trips, these trips 
are more likely to be essential than the trips coming from high-income areas. Understand-
ing which areas have persistent ridership during the stay-at-home order could inform where 
new public transportation routes could be needed, where existing routes need more frequent 
service, or where resources need to be allocated during periods of transportation disruption. 
Areas with high rates of essential ridership could also inform tax structures for TNCs; the city 
of Chicago has previously structured TNC taxes based on the origin and destination of TNC 
trips during key times of the week to reduce congestion (by increasing the TNC tax in high-
congestion areas) (City of Chicago 2020c). Tax rates for TNCs could be optimized by not 
taxing TNCs that are likely to be serving an essential trip while increasing the cost in locations 
and times where the trip is most likely to be avoidable and a source of congestion. Finding 
which areas have a higher dependence on TNCs can inform policy, infrastructure, and transit 
decisions to improve access and mobility equity for the most transit-dependent riders.
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Appendix A: Distribution and descriptive statistics

The distribution of variables compared to each other are graphed in Figs. 8 and 9. If two varia-
bles are highly correlated, it may break the co-linearity Gauss-Markov assumption because the 
variables would not be independent. Overall there is not a very distinct trend in the correlation 

Fig. 8  Pair plot of community area demographics for trips using 20% of data for model formulation

Fig. 9  Pair plot of community infrastructure characteristics for trips using 20% of data for model formula-
tion
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between the demographic correlations, except per capita income and percent minority show 
some negative correlation with heteroskedasticity. Walk score, bike score, and transit score are 
highly correlated, which may be why they had lower overall significance in both regressions.

Appendix B: Model formulation

We use a Box-Cox transformation of the dependent variable (Fig.  10) to formulate the 
dependent variable relationship. The Box-Cox transformation gives an exponentiation fit of λ 
=  − 0.02 (close to zero) indicating that a log transformation of the dependent variable (Trips 
per capita per community area per day, Yit) is a good fit. See Appendix E for correlation plots 
and histograms of the independent variables. Equations 5–9 show pseudo-code of how the 
box-cox function from the R library ‘Mass’ is used to find the lambda value and therefore the 
best-fit transformation for the dependent variable.

Pseudo‑code of the Box‑Cox transformation

regression 1 output = linear regression (log(TNC trips per day per community area)

∼ log(income) + log(non − vehicleownership) + log(percent ethnic minority)

+ log(walk score) + log(bikescore) + log(transit score) + day of the week dummy variable

+ stay − at − home order dummy variable + log(income) × stay − at − home order dummy variable

− 1, data = TNC trip data sampled for the first 20% and including trips in community areas)

box − cox output for regression 1 = Box − Cox transformation(regression 1 output)

lambda for regression 1 = maximum(box − cox output for regression 1)

Fig. 10  Box-Cox transformation of the dependent variable, Trips per community area per day, indicating 
that a log transformation is an appropriate transformation (λ =  − 0.02)
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We run the gam function in R from the ‘gam’ package to test the transformation with a 
spline on each fixed effect to model each non-binary independent variable (Fig. 11). The 
spline transformation plots indicate that a log transformation is an appropriate fit for per 
capita income, percent non-vehicle ownership, percent ethnic minority, walk score, bike 
score, and transit score.

Appendix C: Airport exclusion

The city of Chicago has 77 community areas and two airports (O’Hare and Midway). 
The airports have disproportionately high TNC trips for their community-level metrics 
such as per capita income and the walk-score of the neighborhood because the majority 
of TNC trips in these two community areas are from the airport by non-residents of the 
community area. Figure 12 shows the jackknife residuals and quantile-quantile plots for 
the first regression for the first 20% of data used for model formulation. The qqplot with 
airports included shows significant deviation due to the airports having disproportionate 

regression 2 output = linear regression (log(TNC trips per day per community area)

∼ log(income) + log(non − vehicle ownership) + log(percent ethnic minority)

+ log(walkscore) + log(bikescore) + log(transitscore) + day of the week dummy variable

+ stay − at − home order dummy variable + income × stay − at − home order dummy variable

− 1, data = TNC trip data sampled for the first 20% and including trips in community areas)

box − cox output for regression 2 = Box − Cox transformation(regression 2 output)

lambda for regression 2 = maximum(box − cox output for regression 2)

Fig. 11  Spline transformation plot for each independent variable indicating which (if any) transformations 
for the independent variables would be appropriate
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trips. Figure 13 shows the quantile-quantile plot for the 20% of data used in the model 
formulation while excluding the two community areas that contain airports. The quan-
tile-quantile plots no longer have the significant upward deviation present in Fig.  12. 
The outliers fitted into two categories; they either occurred in community areas with an 
airport (the trip count was higher than expected for the given community area demo-
graphics) or the trip count was exceptionally low. The latter is probably due to the biased 
way that data gets thrown out of the dataset in the case that there is only one trip in a 
community area in a 15-minute window, the location is not included. This makes com-
munity areas and days with low ridership appear to have even lower ridership because 
trips are not recorded as a part of that community area’s total trip count that day.

We include pseudo-code for modeling quantile-quantile plots for the first 20% of the 
data (for model fitting) for airport exclusion. We show the code for regression 1 when 
run including community areas containing airports included to create Figure 12a and b 
and we show the code for regression 1 excluding community areas containing airports 
for creating Fig. 13.

Fig. 12  Quantile–quantile plot showing the outliers from the initial 20% of data showing that the two com-
munity areas with airports had a disproportionately high number of trips prior to

Fig. 13  Quantile–quantile plot with airport-containing community areas removed
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Pseudo‑code of plotting Jackknife residuals and quintile‑quintile plots

Appendix D: Exogeneity

Contemporaneous exogeneity

The residuals were slightly homoscedastic. This indicates that the zero conditional mean 
of the error assumption may be violated. Some of this can be understood because of the 
biased way within low-trip count community area-day pairs had more trips thrown out, 
biasing the trip count to be lower than expected.

regression output with airports = linear regression (log(TNC trips per day per community area)

∼ log (income) + log(non − vehicle ownership) + log(percent ethnic minority)

+ log (walks core) + log(bikescore) + log (transit score) + day of the week dummy variable

+ stay − at − home order dummy variable + log (income) × stay − at − home order dummy variable

− 1, data = TNCtrip data sampled for the first 20%and including trips in community areas with airports)

figure 12a = plot(x = vector(fitted values of linear regression(regression output with airports)),

y = vector(studentized residuals(regression output with airports))

+ plot(y = 0, line color = blue) + plot(x = locally weighted scatter plot smoothing

(vector(fitted values of linear regression (regression output with airports)),

y = vector(studentized residuals(regression output with airports)),

linecolor = orange)

figure12b = quantile − quantile plot function(vector form(regression output with airports))

regression output without airports = linear regression (log(TNC trips per day per community area)

∼ log(income) + log(non − vehicle ownership) + log(percent ethnic minority)

+ log(walkscore) + log(bikescore) + log(transitscore) + day of the week dummy variable

+ stay − at − home order dummy variable + log(income) × stay − at − home order dummy variable

− 1, data = TNC trip data sampled for the first 20% and including trips in community areas

without airports)

figure13a = plot(x = vector(fitted values of linear regression(regression output without airports)),

y = vector(studentized residuals (regression output without airports))+

plot(y = 0, linecolor = blue)

+ plot(x = locally weighted scatter plot smoothing(

vector(fitted values of linear regression(regression output without airports)),

y = vector(studentized residuals(regression output without airports)),

linecolor = orange)

figure 13b = quantile − quantile plot function(vector form(regression output without airports))
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Forward and backward exogeneity

For difference-in-difference style regression, a very important question related to causality 
is if the policy caused the change that is observed. Figure 4 shows an almost step-function 
appearance right at the stay-at-home order; how ever, it is not clear that the change is due 
exclusively to the order. If the ‘treatment’ is thought of as the pandemic itself with the stay-
at-home order representing the start of concern for the pandemic locally, then the parallel 
trends assumption holds. To understand if the response was due to COVID-19 presence in 
the city or due to policies and administrative guidance, we compare case counts to policy 
dates. The COVID-19 Cases in Chicago in remained very low throughout the three months 
observed; however, TNC ridership fell steeply between March 15th and March 18th when 
the stay-at-home order went into place and the CDC recommended avoiding large groups, 
indicating that ridership was more responsive to policy than to actual case risk for the early 
months of the pandemic.

Fig. 14  Map of per capita income at the census tract level in Chicago with an overlap of community area 
boundaries in orange. Census tracts are grouped by every $25,000 (e.g., < $25,000, $25,000-$50,000, 
$50,000-$75,000, …, ≥ $100,000)
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Appendix E: Data aggregation

We group data at the community area level into 77 community areas in the city of Chicago 
from 866 census tracts due to avoid data exclusion from TNC trips. We find a weighted 
average of per capita income at the community area level from the census tract level as out-
lined in the Methods section. Figure14 shows the per capita income at the census tract level 
with the boundaries of community areas highlighted in orange. The majority of community 
areas are highly homogeneous at the census tract level (i.e., two or fewer income groups of 
census tracts per community area), indicating that grouping by census tract does not lose a 
high degree of economic information.

Appendix F: Map of percent ethnic minority ridership

Percent ethnic minority and per capita income are highly correlated, which is why the 
regressions have an interaction term for the stay-at-home order and income, but do not add 
an interaction term between stay-at-home order and percent ethnic minority (see Appendix 

Fig. 15  Map of percent of each community area that is an ethnic minority with TNC trips for February 
(before the stay-at-home order) and April (during the stay-at-home order) as concentric circles for each 
community area
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A and Fig. 7 for a pair plot of variable correlations). Figure 15 shows the map of the per-
cent ethnic minority population by community area with the number of trips for February 
and April. Community areas with fewer ethnic minorities generally saw a sharper decrease 
in ridership, especially in the downtown area; however, several very white community 
areas did not see a significant drop in ridership in the northern parts of the city, and several 
community areas with above 38% ethnic minority populations experienced large drops in 
ridership (particularly high ethnic-minority community areas near downtown). Displaying 
less of a distinct heterogeneous response by percent ethnic minority than by income. We 
use the following American Community Survey designations to define ethnic minority in 
this analysis: “Hispanic or Latino (of any race); Black and African American, Not Hispanic 
or Latino; American Indian and Alaska Native, Not Hispanic or Latino; Asian, Not His-
panic or Latino; Native Hawaiian and Other Pacific Islander, Not Hispanic or Latino; Two 
or More Races, Not Hispanic or Latino; Other Races, Not Hispanic or Latino”.

Appendix G: Regression for 2019: checking parallel trends

Table 6 shows the regression estimates, robust standard errors (clustered at the community 
area), and the significance for regression model 2 re-run for the same dates in 2019 with 
the artificial stay-at-home order as March  18th 2019. We see no significance in the interac-
tion term or in the difference before and after the stay-at-home order date for the previous 
year. This indicates that the effects measured in the second regression in Table 2 are not 
due to seasonality or the date specifically, but due to the stay-at-home order and general 
pandemic fear leading people to avoid unnecessary trips.

Table 6  Table of coefficients 
for regression 2 for 2019 TNC 
trips with errors clustered at the 
community area

Signif. codes: ***P(0), **P(≤ 0.001), *P(≤ 0.01),. P(≤ 0.05)

Independent Variable 2019 Estimate Robust 
standard 
error

Sunday  − 20.45***  − 2.2
Monday  − 20.47***  − 2.21
Tuesday  − 20.45***  − 2.21
Wednesday  − 20.43***  − 2.21
Thursday  − 20.35***  − 2.21
Friday  − 20.19***  − 2.21
Saturday  − 20.19***  − 2.2
log(per capita income) 0.81***  − 0.17
log(percent no vehicle) 0.42***  − 0.07
log(transit score) 2.15***  − 0.35
log(walk score)  − 0.39  − 0.43
log(bike score) 0.69  − 0.47
log(percent ethnic minority) 0.14  − 0.14
Stay-At-Home Order 0.07***  − 0.008
Income Group (low) 0.04  − 0.13
Income Group (low):Stay-At-

Home Order
0.01  − 0.01
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