Journal of Law and Ecammics forthcoming

DOES UBERBENEFIT TRAVELERS BY PRICE DISCRIMINATION ?

Yenjae Chang Clifford Winston Jia Yan*
Korea Energy Economics Institute Brookings Institution Washington State University

Abstract

We useUber fare data fopassengetrips from Los Angeles (LAX), New York (JFK)and San
Francisco (SFO) airport® hotek in those metropolitan arets test whether Ubegngages in
third-degree price discriminatidsy charging higher fards traveleravho originate from the same
airports as other travelers who stayat more expensive hotels. We find tfats are positively
and statistically significantlyelatedto the price ofhotel roons. Importantly,we alsofind that
allowing ridesharing companid¢s price discriminatémproves t r awelaleem avdragd)y
increasing their travel options.
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1. Introduction

Price discrimination by firnt the practice of charging consuméesed on what they are
willing to payd is common and generally legal. Economists study the practice because its welfare
effects on consumers may be ambiguous (Schmalensee (1981), Varian (1985), Holmes (1989),
Corts (1998), Aguirre, Cowan, and Vickers (2Dldhd Cowan (2016)); it attracts the attention of
antitrust authorities if it harms competition (Carlton and Heyer (2008), Carlton and Waldman
(2014)); and it requires careful empirical work to confirm its existence (Shepard (1991), Borenstein
and Rose (394), Morrison and Winston (1995), Gerardi and Shapiro (2009), and Luttman (2019)).

Because ridesharing companies can segment market demand and because their fares, unlike
taxi fares, are not regulated, they have been criticized for practicing a fornricef p
discriminatior® characterized as surge pricihgluring periods of excess demand. However,
ridesharing companies have received little attention for whether they price discriminate as a matter
of policy and, i f so, hubewr, the largest eidesharingécompany ih ar e
the world, used to set its fares solely in accordance with the distance and duration of a trip and the
level of demand at the origin.But since at | east 2017, Uber X,
services (Cohen et al. (2016)), has charged d

we argue is a form of thirdegree price discrimination Anecdotal evidence preseniadExhibit

1 Hwang,Winston, and Yan (2021) fintthat Uber provides large annual benefits to urban travelers.

2Bi z Carson, AUber May Charge You More Based
May 20, 2017 reports that Uber X f arThispriamgy Vv ar \
sysem is hidden from drivers and ridersandusesamathmer ni ng al gor it hm t o
willingness to pay for its ride service and to differentiate fares across routes. As noted, Uber also
applies a dynamic pricing algorithm, surge pricing,diust shoriterm riderto-driver fluctuations.
Besides UberX, U e rothesservices include UberXL and UberBlack, featuring SUVs or luxury
vehicles, and UberPool, a carpooling service. UberX fares are lower than the fares charged by
UberXL and UberBlack, but higher than the fares charged by UberPool
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1 suggests thdtiberalsocharges differentricesto the same destination from similar origiish
a higher rate if the origin is a hotel

The purpose of this paper is to investigate whether Uber price discriminates by using the
extensive fare data generated by UberX for trips originating from the major airports in Los Angeles
(LAX), San Francisco (SFO), and New York (JFK) to hotels in those metropolitan’altzesX
fare data are attractive to use for this purpose becauswigwe of a trip is clearly indicated,
thereby enabling us to control for the heterogeneity of demand, and because Uber can identify and
segment distinct travel mar kets at the destin
hypothesize that tralers staying at hotels with higher average room rates will be charged higher
UberX fares because they have signaled that they are likely to have higher reservation prices for
their local transportation than travelers who stay at hotels with lower averagerates; we
hypothesize that those travelers will be charged lower UberX fares because they have signaled that
they are likely to have lower reservation prices for their local transportation.

In order to test the hypothesis, we randomly sele¢@ roues that originaie at Los
Angeles International Airport (LAX), John F. Kennedy International Airport (JFK), and San
Francisco International Airport (SFO) and termiidé hotels located within 20-mile radius of
each airport.We group the hotels into meswith a0.1-mile radius We collectechigh-frequency
data (every 20 minute®)r UberX trips including faresestimatedraveltime of the trip{duratior),
andtrip distancepn those routesrom September 1, 2@ to November 30, 201&ata collection
is accomplishedy an automated processatu s e s Ub e r Gapplicatipre progréniming
interface)service from multiple computers registered with homogenegausler® c har act er i s

Although the data are not generated by actual tiiy@syalues of the variables should be the same

3In 2015, Los Angeles, NeWwor k, and San Francisco were Uber
States (Cohen et.gR016)).



asthose generated by travelers who took those tripsir final sampleonsists of balanced panel
of travelersthatallows us to exploit the variation in fares across trips with the same origin, the
samedestinatiorzone and the same requesteidkuptime.

We find that Uber does price discriminate because fares incre&8elbyo $0.54per ride
for each$100 increase ithe hotel room rate, after controllingiftraffic conditionsaffecting the
fare® One might criticizeU b e priisg policy on the grounds that is intendedprimarily to
increase its profits byargetng more affluenfpassengers, whare travelingto more expensive
metropolitan area destinationsdowever, price discriminatioalso may have positivavelfare
effects suchas reducing prices tattracttravelerswho might otherwiseot considethe service
and rewardingtravelersfor purchasingservicein less popularmarkets Thus, we explore
empiricallythe welfare implications f r i d etlsird-degreedisgrilnimatory fare structurie
the transportation market comprised New York JFK airport to metropolitararea hoteldy
comparing its economic effects with thoseeaotuniform fare which coud be mandated by a
regulationthat prohibitsridesharing companies from setting discriminatory farége find that
Ub er Oirgy sghame @isdsr a v wdlfare far most trips, in all likelihood byxpandingheir

travel options.

4Qur pricing models are appropriately interpreted as offer functions (Rosen (1974)) because a
traveler could reject the offer of an Uber trip based on tieediaother variables related to the trip.

5 The fare increases correspond t60.25% tol1.7% increase per ride for each $100 increase in the
hotel room rate Given thatwe calculate¢he percentagehangess

(dollar amount/sample mean thfe ride fare)*100, where the sample means are $31.61, 5®4.
and $31.6 for Los Angeles, New York, and San Francisco, respectitieé/percentage changes
are larger for shorter distance trips.



2. Theoretical Perspectives on Bute-Based Rice Discrimination

We use a theoretical framewatkveloped by Cowan (2016) and Varian (1985) to indicate
conditionsu nd er wh i c hbasddpeigcingpaicy caa betineerpreted as thicttgee price
discrimination that couldaise soal welfare® Assume passengers at a given origonsider
taking Uber to travel onoutesA andB, whichuse the same roadway to getlifferent destinatins
Because travelers who journeyttmsedestinations are different, the markets are segmented by
different distributions of their reservation prices. Hefkenot e tr avel ersd aver a
for an Uber tripn a market and assume that therage resertian price ofa trip inmarketA is
greaterthan the average reservation price of a itmipnarket B [ . Further assume that a
passenger o6s util ity ifsgieenby aquasithbae and dtrictly poncava mar k
utility function,”Y R , where’Q 6 I andn is the quantity of trips pe traveler The total
quantityof trips in a marketd R € N n ,is determined bthe number of travelers
andthequantityof tripsper traveleas a function of thédiscriminatory)price,r) , in market. We
denote a uniform price that does not vary by marketby

Finally, we assume aonstant marginal cogter Uber trip, cug, that includeghe Uber
dr i v er @rswage)a oandthe marginalproductioncost per triplincluding gas expenditure
and vehicle depreciationp; thus,0 A @ T8 Wedonothavelata on Uber 6s
butwe are not aware of institutional or empirical evidence suggestingytbae r 6 s cost s ar e
to increasing or decreasing returns.

If a travelerchooses a router a tripinUbetb s app, t hBRertraveldrafareforf f er s
thattrip, and ifthe traveleb s r eser vati on price i s dreestdhe t han
offer. Conversely, if her reservation prisehigher tharor equal tothe offered fareshewould

accept the offer.Given he information generated bypeatedinteractiors between Uber and

¢ Tirole (1988) provides a general treatment of tuedjree price discrimination.
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travelers in markett, we assume that Uber knowee distribution of traveleés r etisnepricesa
for routesA andB.

To further the analysis, we follow Cowan (2016) and asstiraethe distribution of
reservation priceis deried from dogistic function with different meanf, [ ,butacommon
standard deviationf. The results of the analysis are not sensitivetlie assumed logistic
distributionof reservation prices becauSewen (2016) shows that the conclusions drawn from a
logistic distribution also can be drawn from alternative distributions, such as Pareto and
exponential. Nevo and Wolfram(2002) derive general conditions fprofit-maximizng third-
degreeprice discriminabn behavior in the context @ouponing.

Thereservation price distsutions carthenbe transformed o logistic demand functions
where the corresponding inverse demand function for markiet given by: B 1 |
Al T17A Tp 14 . This leads to gropositionthat thirddegree price discrimination is
the result of profit maximizain by firmst h a t know the distriatmmt i on
prices’

Proposition 1. If a firm maximizes profit from the segmented markets characterized by
consumers6 inverse demand functions der,ived f
then there exist profinaximizing discriminatory prices, andn’, such that the uniform price,

N, which maximizes h e  profit liesbedween the discriminatory prica¥, andn®, (B /°h
N ).)
Proof. Proposition 1 is true if it satisfiecBheorem 1 ifNahata, Ostszewski, and Sahoo

(1990) which states thahe profit functionin each markeis a continuous function with a global

"In a dynamic setting, thaifferencein pricesacross marketsiay change over time to reflect the
change in the distri but i dmourerhpircalanalgsis,weest®rdé r e s e
this possibilityby exploringwhether oufindingsaresensitive to the temporal distributiondber
trips.
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maximum in the price. Because thdemand functionin our caseis twice-continuously
differentiable andbecausenarginal revenue is strictly decreasing in quantitgn undemonopoly
pricing, there is a unique interior solutiarf, which maximizes profit frommarkes A and B.
Cowan (2016) argues thahly one profitmaximizing priceexistsbecause othe unique interior
solution,0“, andbecause demand is downward sloping, which impieg the condition in
Theorem Iof Nahata, Ostszewski, and Sahdwlds.

Turning to the welfare implicationsf third-degree price discrimination, the upper and
lower bounds on the welfare change froncdiminatory pricing derived by Varian (1985) imply
that a necessary conditidor welfare to increase is that a change from uniform pricing to price
discrimination causes an increase in quantity. Cowan (2016) proves that the necessary condition
holds forthe (inverse) demand function used here; thus, the following propositdesthe
sufficient condition for a welfare improvement.

Proposition 2. Given the logistic demand rfations, social welfare undepute-based
price discrimnation is higher than undemiform pricing.

Proof. Social welfare\W, is the sum of consumer surplus and the profits of Uber and Uber
drivers. V a r i (@989 welfare boundsdentify the change in social welfafeom the chage
from uniform pricing to thiredegree price discrimination:

MM oBY Yo BnR &Y. (1)
We needto prove that the righthand side ofthe second inequality is greater than zero,
(B B A Y1 m8Given the production marginal co&t A A A wheren Tt
thenB B A Y1 B B A VY1.Thus,itissufficienttoshowth& B A Y1 1t

Cowan (2016) proved thahe following equality holds: B & Y0 ,&“ Al

p N ¢ n N, wherey 1 nrand“ n is the profit obtained from markei

givenpricer). Thus the term of interesB 11 & Y0 , satisfies the following equality:



(2)

becaus® ¢ “ nI 1, whichis the firstorder condition for profit maximization undeniform
pricing. Givenp 1 Tm,¢ T, and “ N “ A  mby Theorem 1 of Nahat
Ostaszewski, and Sahoo (199&@enB p 1 € “ n “ A T, which sdisfies the
sufficientconditions for a positive welfare effect given the Varian(1985)welfare bound$

As noted we assume different meassda common standard deviatidor the distribution
of reservation pricefor markes A andB. However,the magnitude of the standard deviation can
affect the difference in welfare between unificand discriminatory pricing because increase in
the standard deviation of reservation pricas cause thdistribution of the reservation prices of
the two prcing regimesto overlap more extensively, thereby decreasing gains from
discriminatory pricing Accordingly, the standard deviation of the price distributions must be
sufficiently small for éscriminatory pricing to generasignificant welfare improsments’

In sum, if thedistribution oft r a v ee$epatien@riceis derived fromalogistic function
with different meas and the same standard deviation, arttieffirm is well-informed about the
distribution, the third-degree discriminatory pricing iprofit maximizing. As noted, this
conclusion can be obtained if we assume alternative distribudidns t r avel er sé reser

The discriminatory pricing regme also increases social welfare if the standard deviation of

8 Cowan (2016) prossthav ar i an 6 s n e c,evlich B theeft-ltandeidkinegualiyim
equation (1)holds.

%1t is possible that some travelers could respond to price discrimination by shifting their travel to
theroute with the lower fare, but this response is unlikely unless traveleralgibling to change
their activity bygoing to a newdestinationthat provides utility that is comparable to the utility
provided by the original destinationTravelers also have less incentive to shift routes as the
standard deviation of reservation prices increases because the discrynimetes converge to
the uniform price.
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reservation prices is sufficiently small. Wew explorethe influenceonU b e r 0 sn aftualr e s
marketsto see if we can draw armgonclusonsfrom the dataea b o u t pude discri@nmsnation

behavior andhe welfare implications.

3. Research Design

The preceding theorguides an empirical test of price discrinationbehaviorby Uberif
we definedistinctmarketswhere travelersre likely tohave different reservation priceend Uber
hastheinformation to infer themandif we can control for othemportantinfluences orfares that
do not reflect price discriminationWe briefly describea travel settinghat is conducive tsuch
an empirical ést and thesummarizeour data and identification strategies

Transportation @rkets that consist of an airport at the origin and a hotel at ttinates
are attractive for our empirical testecausehotel room ratesare likely toreflect ta vel er s 6
reservation prices, wherelavelers who stay at hotels with higher room rates are more likely than
travelers who stay at hotels with lower room rates to have higher reservatiorfqritesr local
transportatiorand to be offeredigher fares for trips on Uber XUber is likely to know the
di stribution of travelersdéd reservation price
interactions between Uber and travelergamsportation markettefined by arairportandhotek
with different room rates Thus, the keyempirical relationship in ourtest of U b e mprices
discriminationbehavioris the effect of hotsl 6 a wa®m i@tgseon Uber X fares.

We obtain a consistergstimateof this relationshipby controlling for other important
influenaes onUber Xfaresin thase markets Because theoutesto different hotel®riginate from
the same airporntye use time fixegeffects to control fothe influence of local demarashd possible
shocks to the supply of drivers at the airpont fares. We control for important unobserved

characteristics at the destinatiltpusngg e ogr aphi ¢ fimatchingo to grou
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a0.1-mileradius Wealsocontrol for the primaryrip characteristicroutedistance and duration
whichare likely to affect UbeK Gfare Finally, we make the plausible assumpttbat travelers
who originate from the same airport and stay at the same hotel have homogeneous reservation
prices for local transportatiorGGiven this assumption and the preceding contvedsnfer thatthe
remainingfare difference betweehetwo routes that are segmentadhotel room ratess caused
by U b e pridesdiscrimindon behavior As noted, Ubeperceives that the markets in our analysis
are segmented, assumed under thidegree pricadiscrimination, because fas been using
fir ocwa ®ed pimceéacléasglFl®
Data

We compilean extensive data sesing Ubed API that containshe fare, distance, duration,
and wait time for the arrival of Uber %r millions of trips, which, as notedUber woud have
providedwith little change to the values of the variahlethe trips were confirmed by travelers
The sample was collected evawenty minutes from September 1,130to November 30, 2018
for roughly 700 routes that originadeat Los Angeles International Airport (LAX), John F.
Kennedy International Airport (JFK), and San Francisco International Airport (SFO) and that
terminatel at hotels located within 20-mile radius of each airporit is possible that Uber could
identify the exact location of traveleusing GPS softwart® set fares that discriminate based on
differentorigins at theairport such as domestic and international terminatsveverwe are not
aware of any evidence thblber sets fares in that fashionln addition,we collected data by

requesting Uber services from multiple seryarsichcould use only the airport as the origin.

0]t is possible thatravelers could avoid the cost of a higher discriminatory fangrbgramming
Uber to take them to a cheaper hotel and then walking with their luggage to their preferred more
expensive hotel. We assume that such behavior is unlikely to occur sufficiently often to affect our
findings.
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10

We obtained the locations, room rates, and ratifgth® hotelsfrom the American
Automobile Association (AAA). The AAA Diamond Ratings range from one to five diamonds
and reflect a combination of the overall quality, range of facilities, and level of services offered by
the property. We usel the AAA ratings informéion to confirmthe relationship between hotel
roomratesand hotel qualitythat is, travelers pay highexomrates to stay at higher quality hotels
Figure lidentifiesthe location of each airport and the hotetsatedwithin twenty milesof it that
areincluded in thesample. Most of the hotels in N& York are inManhattan; thus, the Uber X
trips in New York take loger and travel fartheghan the Uber Xripsin San Francisco and Los
Angelesdo becausenost of the hotels) those California marketre closer to the airport.

Table 1 presents summary statistiosthe fares, trip characteristics, and hot®m rates
for each airportn the sample. Consistent with figure 1, the longeststtime-consuming, and
thereforemost expensive Uber X trips are taken in New Yoilkips in Los Angeles and San
Francisco haveimilar fares even though trips tos Angelestake longer and travel greater
distance.We speculate that this may reflect the fact that public transiizra competitive travel
option for travelers in airporhotel transportation markeis San Francisco than it fer those
markets inLos Angeles.For example, the Bay Area Rapid Transit System has a station at the San
Francisco Airport where travelerarctake trains to downtown San Francisco and other Bay Area
destinationsbutthe Los Angeles Metro Rail System does not directly serve Los Angeles Airport.
The duration of trips per mile suggest that passengers in Los Angeles and New York spend more
time stuck in traffic than passgers in San Francisco do. It alskdsa longer for Uber X to pick
up a passenger in those citigsall likelihood becausmadsto the airporare more congested and
because of differences in the demand for Uber X aimukthe supply of drivers.

Given how we compiled our samplbe hotels werehosen randomly The hotel room

rates apply to the same season, September to November, so we collected them fomibekfirst
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of the sample period, avee used the average roamte for each hotel in the empirical analy<is.
New York and San Francisco have the highest hotel room rates

PreliminaryEvidence oHotelBasedPrice Discrimination

We first use the data to exploteh e vari ation in Uber X fares
marketsby construding pairs of routes where destination hotels are less than 0.1 mile apart from
each other.We compute the average fed#ference between a matched pair over the sample
period and plot the distribution of the pairse faredifferences across pairs in Figure Zhe
graphs suggest thaiber useshotel characteristicas inputsto designa routebased pricing
algorithmbecauséhe distributions of the pawise fare differences are brqahdtheyinclude a
notable share of large fare differencesVe confirm the effect of hotel prices on fares
econometrically by holding other possible influences on fares constant.

Identification Strateqie

We estimate a hedonic pricing model witine fixed-effectsto control for unobserved
temporal influencegiven by:
0 1@ [ [ OQi 6AEIOO61 20 'QB [ Yo@ T (3)
where0 is the UberX fardor routej at timet; Q) is the averageaoom rate of théotel at the
endpoint of routej; OQi 6QYand 06 1 (X0 #é trip disance and duration per mile
respectively;Y'QQ is time fixedeffects that are specified as a set of dummy variables, including
hour ofthe day and day of the week, represents théixed effectsparametersandUis an error
term. The duration of @ Uber trip captures congestion ahe road and congestion athe

destinationwhich could vary according to tlseze of the hotelThus, it captureshe effect of hotel

size on Uber faresThe time fixedeffects capturgariations in demandt the airport origin on the

1we found no evidence that thethal room rate was correlated with either the distance of the
hotel from the airport (trip origin) or with the duration of the trip from the airport.
11
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Uber X farethat arecaused byhedistribution ofhourly and dailyflights that arriveat the airport
Finally, we specify duration per mile instead of duration to avoid collinearity with distance

We specified a linear functional form for theedonic pricing model. Fasensitivity
purposs, wealso estimated hedonic pricing models that specified the naturaf ldiger X fares
and the natural logf hotel prices and/e obtained very similar results to those basetherinear
model inequation (3).

Ourestimatesauld be affected by unobservittors hat vary with hotelghat are located
far from each otherTo address this possibilityye estimate geographidi mat chi ngo regr
model tocontrol for travel conditions along the roatedfor unobserved destination characteristics
more directly which assumes thhotelswithin a 0.1 mile radiusf each otheexperience identical
travel conditions along the route ardb not differ inimportant unobserved characteristics
associated with the di@sation This model enables us to test for the presence of price
discriminaton even whertJber X trips are made oveirtually the same stretch of road.

Theeffect of the matchingssumption, as shown in figugisto compress the destinations
in Los Angeles, New York, and San Fr@wo and to make thentess separated than the
destinations thawe showedn figure 1. The assumption also reduces the numbdrsbind routes
andthe sample sizdsecause some hot&le not havéi n e i g that arevishilm a0.1-mile radius.

We specify thegeographic matchgregression model as
0 T 0EDOT OQOEDOr [ OQi OAEIVO6T @O QE

(4)

~

ryoga 7 h
whered ¢ @ "Os themeanof theaverage room rates of the hotefishin a0.1 mile radius ofhe

hotel on routg at timet, andO 0 ¢ @ '@ the differencebetween theverage room rate dhe

hotels withina 0.1 mile radius othe hotel on routej at timet and the average room rate of the
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hotel on routg at timet, namely'@ . 0 ¢ @ ‘Gneasuresheaverage price of neighboring hotels
so that a positive suggests that higher average room rates of nearby hotels are associated with
higherpassenger fares, while the coefficientdoé ®'QY , indicates how fares vamyith the
difference batieen the room rate of a hoth routej and the averageom rate of neighboring
hotels. Both variablekelp test forthe pres@ce of price discriminationvithin a small area,
controlling for the heterogeneity itravel conditionsas well asfor other possiblaunobserved
influences on theUber Xfareassociated with the area where a hotel is located

As shownin table 2, the average number of hotels that we catchrfor each group of
hotels is 2.36, 4.04, and 3.84 in Los Angeles, New York, and San Franeispectively. The
average for Los Angeles is lower than the average for New York and San Francisco because the
density of hotels in Los Angeles is lower thidne density of hotels in those other citieBhe
average room rates of the grouped hotels are not notably different from the average room rates of
the individual hotels (see table 1). But grouping does reduce the number of distinct hotels in the
sampleand the sample sizecause hotels without close neighbors are no longer incl&deally,
thetable also shows that, on average, the difference between the average room rate of a hotel on a
route in the matched sample and the average price of itsoeigh hotels is generally small and
not statistically significantly different from zero in aif the cities. As expected, amall

geographical area is likely to encompass hotels with similar room rates.

4. Estimation Results
We reportordinary least squarg®©LS) parameterestimates of the base case hedonic
pricing modelgiven in equation (3)n table 3usingall the tripsfroma givenairport to a hotelWe
report separatestimatiorresults foreach cityand wespecify the average room rate for a hotel
a given routen two alternativeways: a dunmy variable indicating whethahoteb s a vaem a g e
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rate exceeds themedianhotel room rate of althe hotelsat the destinationg0"(X®dhand as
discussed previouslphoteb s aver ag'@8room rat e
We find that the estimated coefficients for both specificatpmeside evidence of price
discrimination by Uber X because thase positive and atistically significant for all thairpors.
The estimates inatumns (1), (3), and (5) indicate that a passenger taking an Uber ¥ipotel
that has a room rateahexceeds thmedianroomratewould pay on average$1.03 $0.85, and
$0.63 more for their trip in Los Angeles New York, and San Francisco, respectivelylThe
estimates in columns (2), (4), and (6) indicate that a passenger would pay $0.54, $0%D6]Cand
more for their trip in Los Angeles, New York, and San Francisco, respectigelgach $100
increase imhoteb s  a waom eaigte Finally, as expectedrip distance and duration have a
positive effect on fares and theefficientsarestatisticallysignificant. The effect oftrip duration
on faresvaries considerably by regidrnthe effect of distance variesuchles® which may be
due to differences ithe fare structures or travel conditions.
The parameter estimatpeesented in table df the matching modeajiven in equatior{4)
also provideevidence that Ubegngages in price discriminatidiecausehe coefficients for the
average room rates of grouped hoteisit he di f f er ence bet ween a hot
the average room rate of neighboring hodeépositive and statisticallgignificant in all the cities.
The specific estimates irdiat e t hat a travel erds $0.aFr%DVon Ube
(0.29%- 2.8%)asthe average rate of neighboring hotels within 0.1 mileeach othemcreases
by$ 100, an d&famontUbea X veollckincr@ase $§.02- $0.05(0.03%- 0.16%)for each

$100 difference between the average rate of neighboring hotels aadetlagerate ofthe hotd

2The price increases correspond to percentage increadesléb, 0.25%, and 0.32%er trip.
Given thepercentage changarecalculatedas (dollar amount/sample meantberide fare)*100
where the sample means are $31.61, $4u5d $31.8 for each citythe percentage increases are
greater for shorter distance trips.
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where the traveler chooses to staiyhe relatively lower magnitude of the coefficients could be
explained by the smaller room ratéferentials among the matched hoteidich limits the range

of the reservation prices of Uber X passengers traveling to those, lastelempared witlthe
differential among the individual hotels in the full samplen any casethe findingof price
discriminationevenamong a much narrower rangecohsumepreferences thaim our basecase
suggess that Uber exploits market segmentation with considerable precision.

Robustness Check: Tripistance and Time

A priori, it might be expected & Uber X engages in greater price discrimination for longer
distance trips and for trips that take more time because it faces less intermodal competition from
public transit and hotel and other shuttle services. We theredodkicted a robustness check by
expanahg the specification in equation (3) to include additional variables that interacted the hotel
room rate with route distance and trip duration to explore this possibility. Estimation results from
that specificatiorconfirmed that the extent of price discrimination varies with route distance and
trip duration. However, we also found that including interaction terms in the base specifications
caused little change in the average effect of hotel rooraaatthe Uber Xare in New York, San
Francisco, and Los Angeles.

Robustness Check: Supply Shocks

We conducted a robustness check to account for shocksalpatfectthe supply of drivers
at the airport and Uber X fardy includinga t r awaé timein éhe specitation, which is
closely related to the number of available drivefhie variablew @ Q0 WiQdthe time that an
Uber driver takes to arrive at the airport when requested at.ti@ecourse, this variable ay be
correlated with unmeasured road conditiand correlated with the error term.

A plausible instrument fao @ Q0 WiQtheaverage time it tees to travel on a section of

road near theairport. The New York City Department of Transportation pdms traffic
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information, includingreattime traffic speeds and travel times, which are reported directly from
traffic sensors installedt every end point of each road segmeithin the city limits. Figure4
shows a section of road that provides access to JFK airport. Note thatetloé ilat@restuns in
an opposite direction of the hotels in Manhattan, so the average travel time to pass through the
sectionis unrelated to Uber Xares. Howeverthe lane is used in part to enter the airportthed
travel timeon it affectsapasseng 6 s wai t ti me for Uber atXime We
t onthesection of roadndicatedin figure 4 as an instrumerfor @ ¢ Qo Y& we estimate the
fare regression modébr New York by 2SLS. (Los Angeles and San Francisco did not have
similar detailed data for traffic conditions on local roads near the airpenatole us t@onstruct
instrumens for those cities.)

The estimation results shown in table 5 indicate that our basic fswhagJUberengages
in price discrimination arenaffectedwhen we usé r a v evditdimestd control for possible
shocks at the airport that affect thgpply of drivers.In addition, theindingsdo not appear to be
sensitive to whether we instrument wait timéhe positiveOLS and 2SLS coefficientsf wait
time, which are statistically significanindicate that reductions in theupply of drivers that
increasevaiting timesincrease Uber X fag althouglthe effectis much larger when we account
for the endogeneity of wait time.

Robustness Check: Frequency of Uber X Observations

We collected data for Uber X every twenty minutes to accourth&rariation in Uber X
fares and operations throughout the day on different days. The higlequency data also
generated a very laggsample. A noted, Bhoughthe data represent plausible trips that travelers
could have taken from a majairport toa hotel, theyere notbased oractual trips. In practice,
trips departing from an airport could occur less frequently, especially outside of peak travel periods

during the day and possibly on certain days of the wéék.therefore exploreshether the
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findings might be affected if we used a sample basedromourly frequency of Uber X
observations.

Table Al in the appendix reports estimation results using observatxaisied hourly
whichwe constructed from averages of the twemiyute frequency observations in hourly blocks.
We present parameter estimates for alternative specifications of the Uber X fare, which we have
used previously, and the results are similar to the baseline estidespite the reduction in the
frequency of observations. We also explored collecting data for UberaXjfeatetrip frequency
every ten minutes, but Ubero6s APl would not a

Robustness Check: Weighti@bservationSampled fromDifferent Timesof Day

Market competition faced by Uberaries by time of day For example, public
transporation is largely unavailablafter midnightenablingU b e priéirsg powerto increaseand
raising concerns that our findingsuld be sensitive to themporaldistribution ofthe trip data
Because we haweehicletrip data between JFK and taeones ofNYC, including Uber tripswe
conductedarobustness check lstimaing a weighteeregressiorwhereobservations at different
times of daywereweighted by thehareof Ubertripsin total vehicletrips. The estimation results
presented iappendixable A2indicatethatthe magnitudes of tHeotel priceparameters of interest
areslightly smaller than those ithe baseline modelbut the primary findings e gar di ng Ube

price discrimination behavi@re consstent withthose obtained from the baseline models.

5. The Welfare Effects of Uberds Price Discri

We have presented robust empirical evidence that Uber X practicesiéigirele price
discrimination for its trips from majairports in Los Angeles, New York, and San Francisco by
charging higher fares to travelers who stay at more expensieks.hdthe teoreticalpart of the

paperprovides intuition by indicating thalhe welfareeffects of thid-degree price discrimination
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are positive basedn a variety offunctional formsfor demandderived fromdistributions of
reservation priceCowan (2016)) However,it is not clear whether #t conclusiorholds for a
specificdemand curve lika log-linear model which islikely to be moreractablefor empirical
work thanaremore complexXunctional forms for demand derived from assumedibtistions of
reservation prices.

Given that thee f f ect of Uber @ priacviehgr $é haveil dar
ambiguous, we explorine welfare effectempirically, which also may shed light on additional
theoretical possibilities for price discrimination to enhance welfdfe do so by estimating
t r a v pricecetastiéity ©demand for ridesharing services anddoy mp ar i n gwelfareav el er
under discriminatory pricing with their welfare under a uniform price that was imposed to prohibit
price discrimination.

The hedonic regressions that we estimatedipusly were basedn fares fohypothetical
trips thatindividual travelers could takérom the New York, Los Angeles, and San Francisco
airports to their hotels. Howevehe process we used to generate ithatta did no@llow us to
determinghe total demand for ridestiag services, whickve would need to estimate the demand
for ridesharingservices As an alternativdata sourcewe usecomprehensivéip recordsin New
York City that are collected by the New York City Taxi & Limousine Commission (TicC)
estimate thelemand for ridesharing serviceBhe data include service provided by Uber and Lyft,
so theride-shareproduct types that we include ddgber, Uber carpool, Lyft, and Lyft carpool

The trip records are measurkeg New York Citytaxi zone, which areroughly aligned
with Neighborhood Planning AreasWe estimatea ridesharing travel demand model by
constructing a pahelataset based on this unit of observatiorobtaindemand elasticitiethat

vary through an interaction terivy the average hotel room rates over the sampled hotels within
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each taxi zoneBecuse the price of a rids likely to be influenced by demand aisa¢herefore
endogenous, we estimate the demand model by 2SLS.
The model ispecified as:

D¢ W n no0edw NOE® O0 B YO
®)
B 1Y@ B ‘ ®&g@ [

wherel is the number of trips ofide-shareproduct type travelingto zonek at timet, 0 is
thefarefor the trip ofproduct type travelingto zonek at timet, "OU is theaverage hotel pricie
zonek, "Yw®, "Y'0Q@, and® ¢ '@ aretheride-sharetype time, and zondixed effects, anfl  is
an error ternt®> We do not includethe prices of other transport modes becausdréuilated)
prices of busrail transit and taxi are fixed conditional on time and zone fie@f@cts. We include
"O0 in the demand function to estimateheterogeneous price elasticitiyat vares by trip
destinatiork. As noted, we use a ldimear functional form because of its empirical tractabitfty.

To account for the potential endogeneity that arises from the relationship bétweand
0 , we construcinstruments fob  based on exogenous cost variablésp distanceduration
per mile, and redime average traffic speeds for the borough where each destination zone is

located which are determined by thdestination thathe traveler arriving at the airpohas

predeterminedRi d e s har e ¢ emagiraizing grisirg dgeisiomd ameftuenced by those

BThe fare datare the same fare data that we used previously. Thus, weasgaime thathe
ride-share product typddber and Lyft charge the same prices, which is plausible. Wasisme
that the other Uber and Lyft services also charge tposes, which is possible. The assumption
limits the variation in rideshare prices however, we find that the effect of prices on demand is
estimated withstatisticalprecision.

“WedonoknowUber 6s costs, which c difwdcthnfiomwhickevwed t o cC
could derivea loglinear demand function that is consistent with profit maximizing behator.
our purposes, it i s wo shouidngtbe afiectedibygwhethertit sdtsraat U

uniform price orcontinues to set discriminatory prices.
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time-varying cost differences across taxi zomesl timesbut randomshocks such as traffic
accidentsaffecting the demand for ridesharing servicase unlikelyto be correlated withfor
example,congestionconditional on time and zone fixedfects. As noted, suctiixed effects
include the availability of alternativeansporimodes:®

Theestimated coefficients for the firstage of th&SLSestimation, presented in table 6,
indicate that all thenstrumentshave a statistically significant effect on price and the high R
squaresuggesthat the instruments are not weldkAs a robustness chekcolumns (3) and (4)
of the table we use 60 minutes instead of 20 minutes as our unit of time by grouping data from
differenttime intervals.

We present OLS and 2SLS estimates of the demand model in table 7. The estimated
coefficients have plausible signs and are statistically and ecoalyrsggnificant. Asshown in
columns (1) and (2), travelersd demand for ri
travelersod6 sensitivi t otd pricesiocrepse,indicatinglteactheg lragee a s
heterogeneous preferences thdesharing comgniescater towith price discrimination As
shown in columns (3) and (4), the estimation results are not sensitive to using a longer unit of time
to generateheobservationsBased on th@SLS codiicients in columns (2) and (4yve calculate
thatthe price elasticity of demartdt the mean 6DV ) is -0.065and-0.152, respectivelyalthough

the difference is not statistically significanthe helastic demand elasticity estimates are plausible

15 Shocks to congestion are exogenous becHustiations in demand for rieghae services are
unlikely to affect congestion in gpecificzone conditioal on time fixeeeffects However, real
time pricingalgorithms of rideshae servicesadjust their prices ttake random shocks into account.
It would take a abnormal amount of congestion delaycause travelers to shiftway from
ridesharing, whictwould affect demandWe assume that such congestion dedagly occurs.

16 Although, for examplethe coefficients for distance and duration in tables 3 and taladee6
different the main reason for the differences is likely beeawesspecifydifferent fixed effecten

the models. That is,zone fixed effectsnay alsocapture the effect of distance and duration on
price.
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and broadly consistent with elasticity estimates of other urban transportation services (Small and
Verhoef (2007)Winston (2013)

We use the 2SLS coefficientséos t i mat e consumeedsérimsationpl us
and under uniform pricing to assess the welfare effects of price discrimination. The discriminatory
and uniform prices areomputedusing the estimated pricing equation presented in column 4 of
Tablke 71" We predict the discriminatory prices by usithg observed hotel room rates att
average room rateespectivelyas specified in the equation, and we predict the uniform prices by
setting the hotel room rates equal to the average roonTha@npad on consumer welfar@o )Y
caused by price discrimination zonek at timet is calculatedas:

36 Y Q0 QO (6)
whered  istheuniform price 0 isthe discriminatonprice and’'Q0 0 is the
demand function constructed from the demand estimation results.

The results of the calculation summarized in table 8 arethta discrimination increases
consumer surplus for about 75 percent oftthps in thesample. Travelers obtaim welfare gain,
on average, that approact&k01per trip fora modestaggregate annual welfare gainrotighly
$1.5 million, and thewelfare estimates are robust to different sampling frequencies of th¥ data.
Because different types of travelers takipst to different hotels, the welfare effects of price
discrimination are positive for some travelers and negative for others, depending on their
destination. The aggregate consumer surplus change, therefore, could be small because those

effectsoffset each other.

7The pricing equation, which we use to compute the discriminatory and uniform, psices
reduced form approximationofb er 6 s opt i mal pricing rule.

BCastill o (2020) finds that surge pricing incr
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In terms of welfare effectshe major benefiof price discriminationwhich merits more
attention than the pricing gain and is undoubtedly gretlian $1.5million, is thatit expands
t r a v édtebopt®n®at the destinatioly matching heterogenous deméod and supplyof
rideshareservices For example, loweridesharefares to hotek with low room ratesenable
travelesto stay athosehotek whenther next best optiomayhave been tase a shuttle bus and
stay at a more expensive hotéls noted ridesharing companies anelling to offer lower fares

as a Aftoiacvease taffic anthe useofl r i v e r s én les pdpulac rbuees

6. Conclusiors

Price discriminationby firms mayenhance consumer welfarg giving consumers greater
opportunities to purchase goods and services, which are alignedh&iitprieferencesHowever,
economic theory is ambiguous about the welfare effects otdeigiee priceliscriminationwhich
occurs wherconsumers in different marketgse chargedlifferent prices for the same good or
service.

We have usegbrice datafor hypothetical trips provided byber, whichalign closely with
the prices thatravelers would have paid they had actually eakenthose trips;to test for the
existence of price discrimination in different markets, defined by the same airport origin and
different hotel destinations We have obtained robust findingthat travelers staying at more
expensive hotels pay higher fares, all else edjuah travelers staying at less expensive hotels pay
Importantly, we also havefound that discriminatory fares improver a v evélfare corpared
with a uniform fare thatcould be mandad by a regulatory authorityo prohibit price
discrimination We suggested that discriminatory fares in rideshare markets benefit rideshare
companies and travelers by expanding travel options for tragidrbyincreasg utilization of

driversod vehicl es.

22



23

It is, of course, incautious to generalize from our findings about the welfare effects-of third
degree price discriminatian certainurban transportation marketét the same time, the findings
may suggest other maats where the practice is likely to enhance consumer welfare and should

not bepreventedy antitrustor regulatory authorities.
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Exhibit 1. PostAbout Discriminatory Uber Fares

= @& Tripadvisor Q

Forum / United States / Hawaii / Oahu

26

Uber - mark up if hotel is
selected

SimplyHuman - 1,512 forum posts QO

New York
Aug 18, 2021, 1:40 PM

| noticed a huge difference in price when my hotel is
selected as opposed to picking an address right
next to the hotel. As an example, Hyatt Regency to
USS Arizona $50, but using an address just outside
the hotel, $33. Same date, same time. this is just one
example. This begs the question if Uber is building in
a premium in its rates for hotel locations. | do
understand that Uber has other pricing variable
such as date and time of day, cab availability etc.
my question is whether they are also using “hotel
location” as a variable for pricing.

3
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Figure 1 Airports and the Locations éfotels in theSample
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Figure 2.Distribution of fare differences between matched route pairs
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Figure3. Locations of Geographically Matched Hotels
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Figure3 continued Locations of Geographically Matched Hatel
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Figure4. Location of Traffic Sensors On A Road Section Leading To JFK Airport
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