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Abstract

Platform mergers can reduce competition while improving matching efficiency.
We study the 2018 Grab—Uber merger in Singapore. Trip volumes increase despite
higher post-merger prices, contradicting models in the literature that predict de-
clines. We show that consolidation unlocks latent demand by reducing matching
failures through scale efficiencies. Incorporating matching probabilities into struc-
tural estimation allows the model to accurately capture the direction of post-merger
outcomes and reshape merger welfare assessments. Our findings inform antitrust

policy that matching probability matters in platform mergers.
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1 Introduction

Consolidation among digital platforms involves billions of dollars and affects services used
in everyday life (Li and Agarwal 2017} |Farronato, Fong, and Fradkin 2024).[] Platform
mergers can increase market power while improving efficiency, leaving their welfare effects
ambiguous (|Jeziorski|2014; Ivaldi and Zhang||2022; Rosaia/2025). What drives the welfare
effects of platform mergers? We show that explicitly accounting for pre-merger matching
failures has first-order implications for merger welfare assessments: pooling users across
platforms can enable transactions that would otherwise fail.

We study the 2018 Grab—Uber merger in Singapore, where completed trips increased
during peak periods despite higher post-merger prices. Yet a demand specification com-
monly used in the ride-hailing literature predicts the opposite: a decline in completed
trips even at the observed post-merger fares and pickup times (Buchholz et al.|[2025;
Castillo 2025} |Rosaia|2025). We argue that observed trips reflect both riders’ willingness
to take a ride and their probability of being successfully matched. Before the merger,
some riders who were willing to take a ride could not secure one because matching took
longer than they were willing to wait. Pooling riders and drivers can reduce matching
frictions by increasing effective market density (Frechette, Lizzeri, and Salz 2019)E] In
our setting, consolidation can shorten matching delays and increase the probability of
securing a driver before the rider abandons the request. We define matching probability
as the probability that a ride request is assigned a driver before the rider cancels or the
platform’s search window expires. An increase in this probability can raise completed
trip volume even when higher prices reduce potential demand.

We incorporate matching probability into a rider demand model. Potential demand
depends on fares, pickup times, and platform preferences; completed demand equals
potential demand multiplied by the matching probabilityﬂ Our trip-level data, covering
approximately two million completed trips per week in April and May 2018[ separately
measure matching time, the interval from request to driver acceptance, and pickup time,
the subsequent wait for the driver to arrive. We use the distribution of matching times

to infer the probability of securing a driver before a request is abandoned, while pickup

'Recent examples include: the DoorDash-Deliveroo merger closed in October 2025, with an an-
nounced equity value of £2.9 billion; and the eBay—Depop merger closed in July 2026 for approximately
US$1.4 billion, including adjustments and interest. See|DoorDash’s transaction terms, DoorDash’s com-
pletion announcement and Ftsy’s completion announcement.

“The returns to scale in matching vary across settings. |Frechette, Lizzeri, and Salz (2019) find
increasing returns in taxi matching, whereas |Cullen and Farronato| (2021)) find approximately constant
returns on TaskRabbit. Our matching-time data allow us to examine how matching success changes
when previously separate rider and driver pools are combined.

3The distinction between potential and completed demand parallels the problem of estimating demand
under incomplete product availability (Conlon and Mortimer|[2013)).

4The data cover both pre- and post-merger periods. The transaction was announced on March 26,
and Uber ceased operating in Singapore on May 7. The April baseline therefore captures continued
platform competition after the announcement and before Uber’s exit.


https://ir.doordash.com/news/news-details/2025/DoorDash-Announces-Agreement-to-Acquire-Deliveroo/default.aspx
https://ir.doordash.com/news/news-details/2025/DoorDash-Completes-Acquisition-of-Deliveroo/default.aspx
https://ir.doordash.com/news/news-details/2025/DoorDash-Completes-Acquisition-of-Deliveroo/default.aspx
https://investors.etsy.com/news-events/press-releases/detail/224/etsy-completes-sale-of-depop

time enters rider utility as a time cost. This distinction allows us to recover matching
gains even when unsuccessful requests are unobserved.ﬁ It matters because ignoring
matching failures can change the demand parameters estimated from completed trips,
with consequences for both post-merger demand predictions and welfare evaluation.

Observations before and after the merger enable us to test the model against post-
merger outcomes. We estimate two demand specifications using pre-merger data: the
benchmark specification, which assumes full matching, and our specification, which in-
corporates matching probabilityﬁ We then compare their predictions for completed trips
at the same observed post-merger fares and pickup times. Accounting for matching
probability improves predictions of trip changes in all 15 region—time-window cells. For
example, during the morning peak, observed trips increase by 2.83%; the benchmark pre-
dicts a 10.37% decline, while our model with matching predicts a 1.19% increase. This
adjustment also changes the welfare assessment at observed post-merger fares and pickup
times: the model with matching probability implies an aggregate consumer-surplus loss
of 0.60%, compared with 10.71% under the benchmark[]

These post-merger outcomes, however, reflect a short-run equilibrium: driver supply
had little time to adjust, and from April 13 the CCCS required the platforms to keep
pre-merger fares and surge factors.ﬂ Merger review turns on the long run, where better
matching raises driver earnings and participation, which feeds back into matching and
pickup times (Bimpikis, Candogan, and Saban|2019; Besbes, Castro, and Lobel|2021]). We
therefore embed the validated demand model in an equilibrium model of driver supply and
platform pricing (Rochet and Tirole 2003} |/Armstrong| 2006), building on [Rosaia/ (2025),
and use the pre-merger estimates to simulate the market after Uber’s exit with free driver
entry and unrestricted fares. The result shows that accounting for matching reveals
lower price elasticities and changes the predictions substantially in such conditions. The
average fare is 2.23 SGD per kilometer, compared with 1.75 without matching, despite
nearly identical pickup times, and the aggregate consumer-surplus loss also increases from
7.43% to 11.97%, with some markets reversing from gains to losses in equilibrium '] The
short-run and long-run exercises demonstrate that ignoring matching probabilities distort
merger welfare assessments.

We also examine the effects of exclusive driver contracts. Restrictions on exclusivity

5Researchers typically do not observe unrealized trips in trip-level data. Even datasets that track
app-checking behavior miss some potential riders: many form expectations about matching time and,
anticipating a long wait, choose another mode without ever opening the app.

6The matching specification uses estimated pre-merger matching probabilities and sets post-merger
matching probabilities to one.

"Each percentage is relative to the corresponding pre-merger consumer surplus baseline.

80n April 13, 2018, CCCS issued interim measures requiring the platforms to maintain pre-merger
pricing, including base fares and surge factors. See (CCCS’s announcement.

9This contrasts with the short-run result, where accounting for matching reduced the estimated loss,
so the short-run and long-run exercises show that accounting for matching failures can change merger
welfare assessments in either direction, depending on market conditions.


https://www.ccs.gov.sg/media-and-events/newsroom/announcements-and-media-releases/uber-grab-merger--cccs-issues-interim-measures-directions/

address a central concern in platform regulation: exclusive contracts can limit service
providers’ outside options and restrict competing platforms’ access to the supply needed
to compete (Armstrong and Wright|2007; Lee 2013).@ In ride-hailing, exclusivity restric-
tions also affect matching: a request may remain unmatched even when an idle driver is
available nearby on a competing platform. Removing exclusivity could therefore improve
matching through the reallocation of existing drivers while preserving platform competi-
tion. We simulate the removal of exclusivity by allowing drivers to choose which platform
to work for each hour, while holding the total driver population at its pre-merger levelfif]
Theoretical studies show that participation across platforms can have conflicting welfare
effects (Belleflamme and Peitz 2019; Bernstein, DeCroix, and Keskin/[2021)); our exercise
quantifies how changes in driver exclusivity determine the consequences for riders. The
simulation shows that non-exclusive arrangements increase matching probabilities and
shorten pickup times, but stronger competition for drivers also raises fares to support
higher driver compensation[”?] Removing exclusivity thus produces the same direction of
fare and pickup-time changes as a merger, despite intensifying competition for drivers.
Stronger competition for drivers can therefore hurt riders through higher prices even as
it improves their chances of obtaining service.

Our paper is most closely related to Rosaia (2025)), who develops a spatial equilibrium
model of competing ride-hailing platforms and evaluates a hypothetical merger in New
York City. We complement this work with evidence from an observed merger, allowing us
to assess model predictions using pre- and post-merger data. We also extend the demand
model to distinguish riders’ willingness to use the service from the probability that their
requests are successfully matched. The extension allows us to assess how accounting for
unsuccessful requests changes demand predictions and merger welfare calculations. The
importance of matching extends beyond ride-hailing: fragmentation limits gains from
exchange in kidney markets (Agarwal et al.|2019), while thicker housing markets can
improve match quality and facilitate transactions (Ngai and Tenreyro 2014). Farronato,
Fong, and Fradkin| (2024) document matching benefits from combining platform user
bases and show that losses from reduced platform differentiation can offset these benefits.
These findings underscore the broader relevance of matching for evaluating platform
mergers that combine previously separate pools of participants.

The remainder of the paper is organized as follows. Section 2 presents the institutional
background, data, and descriptive evidence. Section 3 develops and estimates the demand

model and assesses its post-merger predictions. Section 4 evaluates consumer-surplus

10Singapore’s point-to-point transport regulatory framework, introduced in October 2020, required
licensed operators to maintain non-exclusive arrangements with drivers. See LTA’s announcement.

WAllon, Chen, and Moon| (2025) estimate drivers’ switching and repositioning decisions across plat-
forms and locations. Our counterfactual focuses on how relaxing exclusive affiliation affects matching
failures, equilibrium fares, and rider welfare.

12Drivers receive a fixed share of fares in our setting. We keep this assumption in the simulation.


https://www.lta.gov.sg/content/ltagov/en/newsroom/2020/10/news-releases/commencement-of-the-new-point-to-point-transport-regulatory-fram.html

changes. Section 5 presents counterfactual simulations of the long-run post-merger equi-

librium and non-exclusive driver arrangements. Section 6 concludes.

2 Institutional Background, Data, and Facts

2.1 Grab—Uber Merger

Before the taxi fleet peaked in 2014, taxi companies were the primary players in chauf-
feured point-to-point transportation in Singapore, with most trips being street-hailed
or phone-booked. Uber Technologies, Inc. is an American multinational transportation
company founded in 2009. It entered the Singapore market in February 2013, introduc-
ing a service model very similar to the one used in the United States. Uber connected
riders to private-hire drivers and used dynamic pricing with upfront credit-card payment.
GrabTaxi was originally launched as MyTeksi in Malaysia in 2012 and expanded to Sin-
gapore in October 2013, the same year Uber began operations there. Initially, GrabTaxi
functioned as a taxi-booking mobile application that relied on licensed taxis and metered
fares. In 2015, GrabTaxi launched GrabCar, which allowed private-hire drivers to accept
ride requests through the app. The company rebranded as Grab in January 2016. From
then on, Uber and Grab aggressively competed to attract drivers and riders through
promotions and incentive schemes.

In Singapore, most drivers single-homed on either Uber or Grab. Because of the high
upfront costs associated with purchasing a car, especially in obtaining a Certificate of
Entitlementf_g] most drivers in Singapore rent from platform-owned fleets under exclusive
contracts. According to the Notice of Interim Measures Directions by the Competition
and Consumer Commission of Singapore (henceforth CCCS), these exclusivity arrange-
ments effectively prevent drivers from multi-homing, as they are contractually obligated
to drive exclusively for one platform['] Breaching these exclusivity agreements results
in penalties. Even when drivers were not bound by contractual agreements, the costs
associated with multi-homing were prohibitively high due to limited attention.

The convenience of online platforms and lower prices than taxis led to a rapid increase
in the number of users on these platforms. Grab excelled in catering to local needs, such

as offering cash payment options[™| By 2017, Uber and Grab had become the dominant

13Vehicle ownership in Singapore requires a Certificate of Entitlement (henceforth COE), a quota
license valid for 10 years. COEs are allocated through an open, uniform-price auction. Due to strict
supply quotas, the price of a COE frequently exceeds the market value of the vehicle itself.

H1f drivers could freely multi-home, this cross-platform access constraint would be attenuated, and
the matching gains from consolidation would likely be smaller. Driver multi-homing, however, would
not fully replicate an integrated platform, since competing platforms would still observe different rider
request pools, run separate dispatch algorithms, and face coordination problems when assigning the same
driver across simultaneous requests.

15Qver half of the Southeast Asian population preferred cash transactions over credit card payments
during the initial years.



ride-hailing platforms in Singapore, capturing market shares of 20% and 50% in terms of
fleet sizes, respectivelym Taxis accounted for the remaining 30% market share.

On Monday, March 26, 2018, Grab announced its acquisition of Uber’s operations and
assets in Southeast Asia, with Uber acquiring a 27.5% stake in Grabﬂ Following the
announcement, Uber began redirecting its riders to download the Grab app and informed
them that Uber services would no longer be available in Southeast Asia. Grab described
the deal as “the largest-ever of its kind” in Southeast Asial|

On March 27, 2018, CCCS initiated an investigation into the transaction under Section
62 of the Competition Act. CCCS noted that Grab and Uber overlapped in two markets:
the provision of ride-hailing services through their respective platforms and the rental
of private-hire vehicles through their affiliated subsidiaries. As previously mentioned,
most platform drivers do not own their cars. Instead, they rent vehicles from Lion City
Holdings Pte. Ltd., a subsidiary of Uber, and Grab Rentals Pte. Ltd., a subsidiary
of Grab. The cars and Certificates of Entitlement held by these subsidiaries represent
valuable assets that are difficult for potential entrants to obtain.

In its final decision, CCCS prohibited Uber from selling its private-hire vehicle rental
business to Grab. Accordingly, in this paper we focus only on the part of the transaction
that was ultimately carried out: Grab’s acquisition of Uber’s ride-hailing operations,
which was implemented through the shutdown of the Uber platform. Uber ultimately
ceased its ride-hailing service in Singapore on May 7, 2018.@

2.2 Data

Our primary dataset comprises trips completed on Singapore’s two ride-hailing platforms,
Uber and Grab@ Because of the merger, Uber shut down its app in Singapore on May
7, 2018. Our data cover April, the last full month in which both platforms operated, and
May, when Uber exited and Grab became the sole platform. Each observation identifies
a chauffeured point-to-point trip and contains information about the driver, platform,

pickup and dropoff locations, time, fare and surge multiplier. Time-related variables

6Ppage 19 of the “Notice of Interim Measures Directions” by the Competition and Consumer Com-
mission of Singapore, although Uber contested the accuracy of these market share figures. The CCCS
also noted that taxi services, including street-hailing, and online ride-hailing services may be considered
part of the same relevant market.

170One concern is that the transaction merely reflected Uber’s imminent exit from an unprofitable
market, in which case post-merger changes could partly reflect pre-existing deterioration rather than
consolidation. Contemporaneous accounts did describe Uber’s regional retrenchment from costly subsidy
competition. CCCS nevertheless concluded that Uber would not have simply exited Singapore absent the
transaction and noted that the parties had anticipated potential competition concerns before completion.

8https://www.grab.com/sg/press/business/grab-merges-with-uber-in-southeast-asia/

190n April 13, 2018, CCCS issued Interim Measures Directions requiring Uber to delay the shutdown
of its app until May 7, 2018.

20A11 datasets mentioned in this paper are either from the Land Transport Authority (LTA) or from
publicly available official government data in Singapore.


https://www.grab.com/sg/press/business/grab-merges-with-uber-in-southeast-asia/

include the rider’s request time, the driver’s acceptance time, and the pick-up and drop-
off times. We focus exclusively on the comparable services, UberX and JustGrab, which
account for over 80% of trips on each platform.ﬂ

Table [I] presents summary statistics comparing the representative weeks in April and
May, respectively. We restrict the sample to specific weeks, rather than full months,
to exclude the transition period and avoid potential bias from anticipatory switching
behavior.@ The data reveal three key patterns: significant heterogeneity in trip volume
across time and space, an average increase in pricing, and a substantial improvement in

platform matching efficiency.

21Before Uber exited Southeast Asia, its platform offered four main product categories: UberX,
UberXL, UberPool, and UberExec. During the same period, the Grab app offered five ride services:
GrabTaxi, JustGrab, GrabShare, GrabCar, and GrabCarPlus. Except for GrabTaxi, all Grab services
employ dynamically determined prices set by the platform. In both ecosystems, the majority of trips
are concentrated in the standard private-hire tier: over 80% of Uber trips are UberX, and JustGrab
similarly accounts for more than 80% of Grab trips. For the purposes of our empirical analysis, we focus
exclusively on UberX and JustGrab trips.

220ur observed market shares for the first week of April align with official pre-merger statistics, which
indicate that Uber and Grab held 20% and 50% of the market, respectively, while taxis accounted for the
remaining 30%. This consistency confirms that the market still reflected pre-merger conduct during this
week. For the post-merger period, we use data from the second week of May after verifying that market
conditions remained stable in subsequent days, as shown in section in Appendix. We therefore treat
these two weeks as representative of the pre- and post-merger equilibria for the purpose of Table
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Table 1: Summary Statistics for Representative Pre- and Post-Merger Weeks

Num Trips Unit Price  Total Fare Accept Time Pickup Time Travel Time Travel Dist.
(SGD/km) (SGD) (min) (min) (min) (km)
Pre Post Pre Post Pre Post Pre Post Pre Post Pre Post Pre Post
Panel A: Average
1,959,820 1,995,139 1.54 1.62 12.07 1280 043 0.30 6.34 5.45 17.69 18.29 10.65 11.02
Std. Dev. — - 0.95 1.03 583 566 061 024 324 287 853 878 755 7.63
Panel B: By Pickup Region
Central 963,024 983,478 1.70 1.83 11.53 12.41 044 030 6.33 5.32 16.62 17.13 9.24 9.52
East 322,700 334,433 1.35 1.39 12.10 12.74 0.40 0.29 6.24 529 1811 18.70 11.74 12.19
West 259,734 259,582 1.39 1.41 13.00 13.59 0.40 0.30 6.32 5.63 19.11 19.95 12.51 13.09
Northeast 256,491 259,242 1.40 1.43 12.19 12.67 0.43 031 6.64 585 1823 18.79 10.96 11.29
North 157,871 158,404 1.44 1.47 13.50 14.19 043 0.32 6.15 5.63 20.12 21.01 13.47 14.08
Panel C: By Time Window
Tam-10am 429,576 441,733 1.51 1.59 12.64 13.39 042 0.29 6.68 598 1877 19.68 10.88 11.29
1lam-4pm 652,288 644,568 1.51 1.62 10.61 11.49 0.37 0.28 5.77 485 16.84 17.26 9.75 10.15
S5pm-8pm 466,918 485,907 1.64 1.75 12.27 13.11 0.43 031 6.74 5.60 18.65 19.34 10.39 10.68
9pm-12am 276,574 281,584 1.53 1.57 13.10 13.66 0.51 0.34 645 5.62 16.87 17.31 11.72 12.06
lam-6am 134,464 141,347 149 1.41 14.43 14.10 0.56 0.33 6.41 566 16.69 16.93 12.99 13.28

Notes: Panel A reports means and standard deviations of the entire city; Panels B and C report means only. The first two columns are
the total number of trips instead of mean values. All means/std. dev. are computed excluding zero values. Pre is the representative
pre-merger week (April 4-10 in 2018, pooling two platforms); Post is the representative post-merger week (May 9-15 in 2018, with Grab
only), identified by request date. The two weeks set as representative weeks before and after the merger are fixed throughout the paper.
All statistics are computed at the individual-trip level. Price per km is total fare divided by trip distance. Accept time is time elapsed
from passenger request to driver acceptance. Pickup time is duration from driver acceptance to passenger pickup. Travel time is duration
from passenger pickup to dropoff.



First, trips shifted notably toward peak hours and core business regions. Trip vol-
ume increased by 2.83% during the morning peak (7 am-10 am) and by 4.07% during
the evening peak (5 pm-8 pm), whereas off-peak midday trips (11 am—4 pm) declined
by 1.18%. Geographically, completed trips in the Central and East regions expanded
by 2.12% and 3.64%, respectively. Trips remained nearly unchanged in the West and
increased modestly in the Northeast and North. We observe a slight aggregate increase
of 1.8% in total trips with growth concentrated during peak periods and high-demand
regions. Second, unit prices and total fares increase on average. On average, the unit
price per kilometer rose by 5.19% (from $1.54 to $1.62)F_3] and the total fare per trip
increased by 6.05% (from $12.07 to $12.80)Y Travel time and distance increased by
3.39% and 3.47%, respectively, which could be attributed to shifts in rider composition,
changes in trip purposes, or increased traffic congestion. Finally, the platform achieved
marked gains in operational efficiency. The average matching time dropped by 30.23%,
falling from 0.43 to 0.30 minutes, and the standard deviation of matching time narrowed
significantly from 0.61 to 0.24 minutes.

We also obtain complete administrative records for all taxi trips in Singapore over the
same period. Because most taxi trips originate from street-hailing or phone bookings,
there is no centralized matching, and pickup times are not observed. Otherwise, the
taxi data include the same information available for ride-hailing trips. We treat taxis
as the riders’ outside option. In addition, we use auxiliary postcode-level mapping data.
In Singapore, each building is assigned a unique postcode. This allows us to map trip
origins and destinations to specific locations. For residential buildings, we link postcodes

to rental price data to proxy for riders’ income.

2.3 Evidence on Platform Matching

Table|l|shows that average matching time fell by 30% after the merger, while its standard
deviation fell by more than half. This section examines the distribution underlying these
averages. We distinguish two margins of matching. The intensive margin concerns the
distance between the rider and the assigned driver, which determines pickup time. Ex-
isting models of ride-hailing demand commonly account for this margin (Buchholz et al.
2025; |Castillo| 2025; |Rosaial 2025). However, this margin is conditional on a successful
match: if no driver is assigned, pickup time is not well defined. We therefore introduce
the extensive margin: whether a request is assigned a driver at all. Although failed re-
quests are absent from completed-trip data, the distribution of matching times among

completed trips provides information about this margin, because a request with a long

23Unless otherwise noted, all monetary values are expressed in Singapore dollars (SGD). The average
exchange rate as of April 2018 was approximately 1 SGD = 0.74 USD.

24The exception is lam-6am, when the average unit price falls from SGD 1.49 to SGD 1.41 per
kilometer and the average total fare falls from SGD 14.43 to SGD 14.10.



matching time came close to being canceled.

We focus on the distribution of matching times on JustGrab, the platform observed
in both periods. Figure (1| plots the distribution of matching times in three representative
markets, each defined by a pickup planning area and a request hour: Woodlands at 8am,
a residential area during the morning peak; Downtown Core at 6pm, the central business
district during the evening peak; and Bedok at 12pm, a residential area during non-peak
hours.

Three patterns emerge. First, pre-merger matching times exhibit a long right tail.
Most requests are matched within about half a minute, but the cumulative distribution
then flattens, with a small share of requests in both peak markets waiting more than
two minutes. By comparison, pickup times do not exhibit a comparable right tail, as
shown in figure [5| in the appendix. Second, matching times fall after the merger in both
peak markets, with reductions concentrated in the upper part of the distribution. The
two curves nearly coincide at very short matching times but diverge as matching time
increases. The horizontal distance between them measures the reduction in matching
time at a given percentile: it is small at low percentiles and increases toward the upper
end of the distribution. Third, in the non-peak market, the two distributions are nearly
identical. These patterns are consistent with consolidation expanding the pool of drivers
available to each request, particularly in peak markets.

Figure [2| shows that these patterns hold more broadly across peak markets.@ For
each combination of planning area and request hour during the morning and evening
peaks, the figure plots the 1st through 99th percentiles of post-merger matching times
against the corresponding pre-merger percentiles. Points on the 45-degree line indicate
no change, while those below it indicate shorter matching times after the merger. At
low and intermediate percentiles, most curves lie close to the 45-degree line, with some
slightly above it. At high percentiles, nearly all curves lie well below it: matching times of
about two minutes before the merger correspond to roughly 1.1 to 1.5 minutes afterward.

The merger thus shortened matching times mainly by eliminating long waits.

25The largest reductions occur where and when demand peaks. During the morning peak, the markets
with the largest average reductions are residential areas in the North and West, such as Woodlands,
Sembawang, Bukit Panjang, and Bukit Batok, where commuting trips originate. During the evening
peak, they are central areas, such as Outram, Singapore River, Tanglin, and Downtown Core, where
commuters begin their trips home.

10
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Figure 1: Distribution of Matching Time in Three Markets Before and After the Merger

Notes: Each panel plots the empirical cumulative distribution function of matching time, the
time from a rider’s request to driver acceptance, in one market defined by pickup planning area
and request hour. The sample consists of completed JustGrab trips requested on weekdays
during the representative pre-merger week and post-merger week, with five weekdays in each.
Legends report the number of trips.

Morning peak (7-10am) Evening peak (5-8pm)

Woodlands x 10am (gap 0.25 min)
Sembawang x 10am (gap 0.23 min)

Outram x 7pm (gap 0.17 min) o
Singapore River x 7pm (gap 0.16 min) s

Woodlands x 8am (gap 0.20 min) - Outram x 6pm (gap 0.16 min) 7
2.0 Bukit Panjang x 9am (gap 0.20 min) I i Tanglin X 6pm (gap 0.15 min) /"
Bukit Batok x 9am (gap 0.19 min) // Downtown Core X 7pm (gap 0.14 min) ,/'
Other area x hour cells (136) y Other area x hour cells (145) s
---- 45° line (no change) // ---- 45° line (no change) ,/'

Post-merger (May) matching time quantile (minutes)

0.0 0.5 1.0 1.5 2.0 0.0 0.5 1.0 1.5 2.0
Pre-merger (April) matching time quantile (minutes) Pre-merger (April) matching time quantile (minutes)

Figure 2: Quantile-Quantile Plots of Matching Time in Peak Markets

Notes: Each line corresponds to one market, defined by pickup planning area and request hour,
and plots the 1st to 99th percentiles of the post-merger matching-time distribution (vertical
axis) against the same percentiles of the pre-merger distribution (horizontal axis). Points below
the dashed 45-degree line indicate shorter matching times after the merger. The sample consists
of completed JustGrab trips requested on weekdays during the representative pre-merger week
and post-merger week: 141 markets during the morning peak (7-10am) and 150 during the
evening peak (5-8pm). In each panel, the five markets with the largest average gap, defined
as the mean difference between pre- and post-merger matching times across the 1st to 99th
percentiles, are highlighted in color, and the legend reports each gap in minutes.

Taken together, these findings show that the merger shortened matching times primar-
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ily by eliminating long waits, with the largest reductions in peak markets. This matters
for completed trips because long waits lead to cancellations. Completed-trip data, how-
ever, include only successfully matched requests, so changes in the frequency of failed
requests cannot be observed directly. The next section therefore develops a model to
infer the probability of a successful match and incorporates this probability into demand

estimation.

3 Demand Model

We model rider demand in two stages. First, each potential rider chooses among request-
ing a trip on Grab, requesting a trip on Uber, and taking an outside option. Second, the
chosen platform searches for a nearby idle driver, and the request results in a completed
trip only if a driver accepts it before it is canceled. Because our data include only com-
pleted trips, observed trip volume equals potential demand multiplied by the probability
of a successful match.

We present the model in Section and estimate its parameters in Section using
only pre-merger data. In Section [3.3] we assess the model’s predictive performance by
predicting post-merger demand conditional on observed post-merger market character-
istics. This provides an out-of-sample validation of the model. Finally, we examine the
welfare implications by evaluating post-merger rider surplus using the estimated demand

model.

3.1 Model Setup

We build on the demand model of |[Rosaial (2025). We divide the city into I regions and
define a route as an origin—destination pair (i,j), where i,7 € {1,...,1}. The index
x € {(Monday, 1 am),..., (Sunday, 12 am)} denotes the hour of the Week@ We model
demand at the route-hour level and refer to each route-hour cell (z,4,7) as a market.
Each market contains a mass M,;; of potential riders who choose between requesting a
trip on one of the two ride-hailing platforms and taking the outside option. We index the
platforms by m € Ngy = {1,2}, where m = 1 denotes Grab and m = 2 denotes Uber,
and denote the outside option by m = 0. We use taxis as the outside option because they
are the closest substitute observed at the same route-hour level 27|

Riders evaluate each platform based on its fare py;; and pickup time wy;, defined as

the time from driver acceptance to rider pickup. Pickup time varies by origin but not by

26Table (3| in Appendix provides a complete overview of the model’s notation.

27Other modes, including public transit, private vehicles, walking, and cycling, are not observed at
the route—hour level. The outside option should therefore be interpreted as the observed non-platform
substitute rather than the full set of transportation alternatives.
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destination because it depends on the proximity of idle drivers to the pickup location@
Matching time, defined as the time from a rider’s request to driver acceptance, enters
the model differently. As Table [I| shows, average matching time is an order of magnitude
shorter than average pickup time, making its direct contribution to a trip’s time cost
negligible. Nevertheless, the distribution shown in Figure [1| has a long right tail, and
requests that remain unmatched for too long are canceled before a driver accepts them.
We therefore include pickup time explicitly in rider utility, while matching time affects
demand only through the probability of a successful match@

Riders choose among the alternatives according to a nested logit model, in which Grab
and Uber form a ride-hailing nest and the outside option forms its own nest. The utility
of rider k from the outside option is normalized to

ugm’j = egm'j? (1)

and the utility from platform m € Ngpy is

UZ;U = C;rzlj + ki + (1— Pd)EzLxm (2)

m
xij

impose the standard nested-logit distribution on the composite utility shocks, with dis-

where is the mean utility of platform m, common to all riders in the market. We
similarity parameter 1 — p, for the ride-hailing nest. The shocks €hyij L€ i.id. type-I
extreme value across riders and alternatives. The term &,;; is the demand shock to rider
k for ride-hailing, also common to both platforms. The nesting parameter p; € [0, 1)
measures how strongly riders’ tastes are correlated within the ride-hailing nest. A larger
pa implies that, when one platform’s offer worsens, more of its riders switch to the other
platform rather than to the outside option.

The mean utility of platform m is

wij = Vaij T Voig {m = 1} — auiiphi; — Beijwhy- (3)
Here v,;; is the value of a ride-hailing trip relative to the outside option, common to
both platformsPY It absorbs route-hour characteristics such as in-vehicle travel time,
trip purpose, and the attractiveness of alternatives that we do not observe. The term
Vgi; is riders’ relative preference for Grab over Uber, which captures platform loyalty

and horizontal differentiation. The coefficients «ag,; and [,;; measure riders’ sensitivity

28 Apps display an estimated pickup time before a rider submits a request. This estimate may differ
from the realized pickup time for an individual trip. We use average realized pickup time within each
platform—origin—hour cell as a proxy for the pickup time riders expect when choosing a platform. This
measure averages over idiosyncratic trip-level variation.

29We abstract from the direct effect of anticipated matching failure on riders’ initial platform choices.

30Note that it is different from &j,;; in equation (2), which also captures the demand shock to both
platforms but varies by riders.
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to fares and pickup times, respectivelyﬂ
Let

D, = Z exp | =2 |, (4)

so that (1 — pg) log D,;; is the inclusive value of the ride-hailing nest. Potential demand

for platform m, the number of requests that riders submit to it, is

7 -
P < 1—pa > Dacijpd
Dm‘j 1+ Di;jpd .

~m __
Azij = M,i;

()
After receiving a request, the platform searches for a nearby driver. Riders wait
passively and cannot influence the matching process. Because waiting requires continued
attention, riders cancel requests that remain unmatched for too longﬂ Rather than
explicitly modeling the platform’s dispatch algorithm, we take a reduced-form approach
and define the matching probability as the probability that matching time does not exceed
the time a request is allowed to remain open. Let 77 denote the random matching time
of a request submitted on platform m from origin ¢ at hour z, and let ¢: denote an
effective cancellation threshold, common to requests within a platform—origin—-hour cell,
that captures rider patience and the platform’s timeoutm A request is matched if and

only if 7" < ¢,;. The matching probability is therefore:
mp(shi, x,1) = Pr (107 < ¢y | shiy @, 1), (6)

where s7! is the number of idle drivers on platform m in origin ¢ at hour x. Like pickup
time, matching probability depends on the origin but not the destination because the
platform searches among drivers near the pickup location. Its complement, 1 — mp!, is
the share of requests that fail to be matched []

Completed trips, which are what we observe in the data, equal potential demand
multiplied by the matching probabilityﬂ

qg;j = mp;r;(sg> z, Z) Z]Zzlg (7)

31The model describes effective substitution between platform offers. It does not require every rider
to compare both apps before each trip.

32 After submitting a request, riders must continue monitoring the app until a driver accepts. This
attention is costly and discourages riders from keeping requests open for long periods.

33Platforms cancel requests that remain unassigned beyond a timeout, even if riders are willing to keep
waiting.

34Matching failures refer only to requests that riders actually submit. A rider who compares several
platforms or modes but submits a request to only one does not generate unmatched requests on the
others. Such comparisons affect platform choice, not the matching probability conditional on a request.

35We abstract from cancellations after driver acceptance, so that a successfully matched request results
in a completed trip.

14



Idle driver supply affects completed trips through the matching probability. When idle
drivers near the origin are plentiful, mp!’ is close to one, and completed trips closely
track potential demand. When requests outnumber nearby idle drivers, matching times
lengthen and the matching probability falls. Such failures can persist even with dynamic
pricing: riders and idle drivers arrive stochastically in real time, relocating drivers across
regions is costly, and prices cannot adjust instantly to clear every local imbalance between
requests and idle drivers. These frictions provide a rationale for allowing a positive

probability of matching failure even when platforms adjust prices dynamically.

3.2 Demand Estimation

We estimate the demand model using only pre-merger data from April 2018. This choice
serves two purposes. First, it recovers rider preferences under the pre-merger market
structure, before the merger changes prices, pickup times, and matching. Second, it
reserves the post-merger data for an out-of-sample evaluation of the model’s performance
in Section 3.3

Estimation proceeds in two steps. First, we estimate matching probabilities from the
distribution of matching times among completed trips. This step uses only matching-
time data and does not depend on the demand parameters. Second, taking the esti-
mated matching probabilities as given, we estimate the preference parameters from riders’

choices between Grab and Uber.

Matching Probability A request is completed only if a driver accepts it before the
threshold ¢ is reached. The empirical challenge is that failed requests are not observed,
so the matching probability cannot be computed as the share of requests that succeed.
We instead infer it from the matching times of completed trips. Because only requests
matched before the threshold appear in the data, observed matching times form a right-
truncated sample from the latent matching-time distribution. Given this distribution and
the threshold, the matching probability is the probability mass below the threshold.

This inference rests on two assumptions. First, all requests on a platform within a
cell share a common threshold. Second, matching times for all requests within a cell
are drawn from the same distribution, independently of rider characteristics% To keep
notation light, we continue to index cells by (m, z, 7).

We assume that latent matching times in each cell follow a log-normal distribution
with parameters (u2, o), which accommodates the positive support and long right tail

documented in Figure Il Let mt™ denote the observed matching time of completed trip

36The common threshold is a reduced-form approximation to cancellation behavior within a cell. It
abstracts from within-cell differences in rider patience and search costs. The second assumption is natural
because nearby requests submitted at the same time face the same local driver pool and dispatch system,
while drivers have limited ability to select among individual riders before accepting a trip.
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n, and let N/ be the set of completed trips in the cell with mt™ < ¢7. We estimate

(u, o™) by maximizing the right-truncated log-normal log-likelihood

1 log mt™ — ' log ¢ — pu
max Z {log (mtnamqﬁ ( pr )) —log ® (a—m , (8)

m
Hair i ; .
neNm i i

where ¢ and ® are the standard normal density and distribution functions. The second
term rescales the density because only requests with matching times below the threshold
are observed. The estimated matching probability is the fitted probability that matching
time falls below the threshold:

. log ™ — ™

i — o (PELE), )

’o.\m

Tl

The threshold is not directly observed. Under the common-threshold model, maxi-
mum likelihood would set the threshold to the largest observed matching time, making the
estimate sensitive to extreme observations and measurement error. To limit the influence
of extreme matching times, we calibrate c]} to the 95th percentile of observed matching
times within each platform—origin—hour cell during the representative pre-merger week,
capped at two minutesﬂ Under this calibration, requests whose matching times ap-
proach the threshold are interpreted as close to failing. We assess sensitivity to alternative
thresholds in section in Appendix.

Figure |3| summarizes the estimates by pickup region and time window. The left col-
umn shows the pre-merger estimates that are also used in demand estimation. Matching
failures concentrate in the commuting peaks and follow the direction of commuting flows.
During the morning peak, when commuters leave residential areas, matching probabili-
ties are lowest in the North and Northeast, at 85% and 89%, respectively. During the
evening peak, when commuters leave the city center, the matching probability is lowest
in the Central region, at 89%. By contrast, the Central region has the highest matching
probability during non-peak hours, at about 97%.

The right column reports estimates for post-merger trips in May obtained using the
same truncated-likelihood estimator. We hold thresholds at their pre-merger levels so
that changes reflect shifts in the matching-time distribution. These post-merger esti-
mates are used only for descriptive analysis and do not enter demand estimation. After
the merger, matching probabilities rise in every region and time window, exceeding 94%
throughout. The gains are largest where pre-merger failures were most common: about

11 percentage points in the North during the morning peak and more than 8 percentage

3TA similar issue arises in reservation-wage estimation: [Flinn and Heckman| (1982) discuss the sensi-
tivity of estimators based on the lowest accepted wages to measurement error. We use a high-percentile
cutoff as a robust proxy for the endpoint and exclude completed trips with matching times above this
cutoff from the likelihood.
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points in the Central region during the evening peak, compared with less than 1 per-
centage point in the Central region during non-peak hours. This pattern is consistent
with consolidation improving matching most in markets where separate driver pools con-
strained driver availability. Because post-merger matching probabilities are close to one,

we approximate them by one when predicting post-merger demand in Section
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Figure 3: Estimated Matching Probability by Region Before and After the Merger

Notes: Each panel shows the estimated matching probability by pickup region. Rows correspond
to the morning peak (7-10am), evening peak (5-8pm), and non-peak hours (1lam—4pm). Each
value averages hour-level estimates over all hours in the window and all seven days of the
representative week, weighting each region—hour cell by its pre-merger market size > j Myi; in
both columns. The left column combines Grab and Uber, weighting each platform’s estimate by
its potential demand, > ¢™/ > (qm / n/ﬁom) The right column covers Grab, the only remaining
platform, and evaluates the fitted post-merger matching-time distributions at the pre-merger
Grab thresholds. Darker shading indicates a lower matching probability.

Nested Logit with Matching Frictions We next estimate the preference parameters
Vzij, Olzij, and [g;; from riders’ choices between Grab and Uber. Endogeneity arises
because prices and pickup times are correlated with unobserved demand shocks. We
distinguish between shocks common to both platforms, v,,;, and platform-specific shocks,

Vzij- We assume that these shocks are additively separable and that v,;; is identical
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across platforms within each pickup region and hour.ﬁ This assumption reflects the idea
that unobserved route-level characteristics and demand shocks, such as weather, traffic
conditions, and other idiosyncratic factors, shift demand on both platforms in the same
way. Using relative market shares within each route therefore allows us to difference out

Ugij ﬁ Grab’s share of completed ride-hailing trips is therefore

1 1
qalm'j + q:%ij 1+ exp(Aqij)’ ! L= pq @iz’

2

where Apyij = ph;;— P2 and Awy; = w,, —w?; are the differences in fares and pickup times
between Grab and Uber. The log ratio of matching probabilities enters the log of Grab’s
completed-trip share additively. Without it, the model would attribute a platform’s lower
share of completed trips caused by matching failures to weaker rider preferences for that
platform or to differences in fares and pickup times.

Our identification argument follows Rosaial (2025)). Demand shocks common to both
platforms, captured by v,;;, cancel out of Equation ({10). Endogeneity remains a concern
only if riders’ relative preference for Grab is correlated with Ap and Aw. We address this
concern by allowing v to vary by pickup region and time. We allow platform preferences
and sensitivities to fares and pickup times to vary by pickup region, time-of-day window,
and weekday or weekend status. Identification uses variation in relative fares and pickup
times across observations within these parameter groups. The identifying assumption is
that, within these cells, the remaining variation in Ap and Aw is not driven by shocks
to riders’ relative preference for Grab. Exclusive driver affiliations provide a source of
platform-specific supply variation: a shortage of idle drivers need not affect the two
platforms’ fares and pickup times equally.

We estimate the parameters by maximum likelihood using Equation . The relative-
share equation identifies the preference parameters up to the scale 1 — pg. We select
pa = 0.45 through two-fold cross-validation of matching-adjusted Grab shares relative to
market size. [V] This value implies a moderate correlation in riders’ tastes within the
ride-hailing nest. We measure M,;; as the largest number of riders observed on route %j
at hour x across the weeks of April, counting completed ride-hailing and taxi trips. We
also ensure that market size exceeds inferred ride-hailing requests, so that the outside-

option share remains positive. The Appendix details this adjustment. Finally, we recover

38Demand estimation uses the five regions defined by Singapore’s Urban Redevelopment Authority;
see https://en.wikipedia.org/wiki/Regions_of_Singapore. Finer spatial units, such as planning
areas, produce many platform-route—hour cells with zero trips, making relative-share estimates unstable.
Aggregating to five regions trades off spatial precision against reliable variation in prices, pickup times,
and platform market shares.

39The rider-specific demand shock common to both platforms, x.i;, also cancels.

40We fit the model on one of the first two weeks of April, predict trip shares in the other week, and
choose the value that minimizes the average out-of-sample prediction error. In section in Appendix,
we discuss the choice of pg and report robustness to alternative values.
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the common value v,;; by inverting the nested-logit share equations to match potential
demand, measured as qj; = ql;/Mpy;-

Tables [2| and [3] report Grab’s own-price and own-pickup-time elasticities on week-
daysﬂ These elasticities refer to potential demand, with matching probabilities held
fixed. The estimates reveal substantial heterogeneity across regions and times of day.
Price elasticities range from —1.424 in the West between lam and 6am to —0.056 in the
East between 5pm and 8pm. Riders are generally more sensitive to prices late at night:
in four of the five regions, price elasticities are largest in absolute value between 9pm and
6am; in the Central region, for example, the price elasticity is —1.362 between 9pm and
12am.

Sensitivity to pickup time follows a different pattern. It is highest during the morning
peak in the residential regions, where pickup-time elasticities range from —0.493 in the
North to —0.897 in the West. In the West, East, and Northeast, the morning-peak pickup-
time elasticity exceeds the price elasticity in absolute value; in the West, for example,
the corresponding elasticities are —0.897 and —0.809. A natural explanation is that
fixed work start times make waiting for a driver more costly for morning commuters. In
the midday and late-night windows, by contrast, pickup-time elasticities are small, with

absolute values below 0.1 in 12 of the 15 region-window cells.

3.3 Model Fit Assessment

We assess the model’s ability to predict post-merger completed trips out of sample, condi-
tional on observed post-merger fares and pickup times. Using parameters estimated only
from pre-merger data, we compare predicted trips with observed trips in the post-merger
week. We compare two demand models. Our proposed model, described in Subsec-
tion [3.1} incorporates pre-merger matching probabilities in estimation. The benchmark
model uses the same nested logit specification but omits the matching term as in the
existing literature (Castillo][2025} Rosaial 2025) [

For each route-hour cell, we hold fixed the pre-merger values of v,,;, the common value
of ride-hailing relative to the outside option, and v,;;, riders’ relative preference for Grab
over Uber.ﬁ We replace fares and pickup times with their observed post-merger Valuesﬁ
Because Uber has exited, the ride-hailing nest contains only Grab, and the predictive

model reduces to binary logit. In our main specification, we set the post-merger matching

41 The corresponding tables for Uber, and the elasticity estimates of Grab on weekends, can be found
in section in Appendix.

42We estimate each specification separately using pre-merger data and select its nesting parameter
through the same cross-validation procedure. The selected values are pgy = 0.45 for the proposed model
and pg = 0.21 for the benchmark model.

43Changes in common demand conditions or relative platform preferences after the merger may con-
tribute to prediction errors in both models.

44We evaluate both models on the same route-hour cells with observed post-merger trips. All post-
merger fares and pickup times are available.
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Table 2: Own-Price Elasticities of Grab Demand: Weekdays

7am-10am 1lam-4pm 5Spm-8pm 9pm-12am lam-Gam

Central  -0.552 20.320 0531 -1.362 “0.658
(0.035) (0.044) (0.049)  (0.066) (0.070)

East -0.506 -0.063 -0.056  -0.196 -0.424
(0.063) (0.050) (0.055)  (0.063) (0.081)

West -0.809 -0.308 0318 -0.692 -1.424
(0.111) (0.124) (0.087)  (0.130) (0.172)

Northeast -0.327 -0.401 -0.588  -1.069 -0.691
(0.097) (0.091) (0.130)  (0.175) (0.165)

North -0.841 -0.318 0.323  -0.941 -0.824
(0.139) (0.086) (0.080)  (0.132) (0.153)

Notes: The table reports own-price elasticities of potential demand for Grab on
weekdays, holding matching probabilities fixed. Rows are pickup regions; columns
are time-of-day windows of the request hour. Each elasticity is evaluated at the
1 Pd

1—pa 1—pa
is Grab’s share of ride-hailing requests, sgy is the ride-hailing share of the market,
and s1 = sy gy Sru is Grab’s share of the market. Shares are computed from
matching-adjusted requests, ¢"/mp"". The price and pickup-time coefficients are
constrained to be positive in estimation. Standard errors, in parentheses, are com-
puted by the delta method from robust standard errors of the coefficients, holding
fares and shares fixed. The nesting parameter is pg = 0.45.

mean Grab fare p' in the cell as EP = —ap* [ S1RH — 81:| , where s\ py
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Table 3: Own-Pickup-Time Elasticities of Grab Demand: Weekdays

7am-10am 1lam-4pm 5pm-8pm 9pm-12am lam-6am
Central -0.242 -0.225 -0.317 -0.372 -0.030
(0.036) (0.028) (0.034) (0.081) (0.099)

East -0.551 -0.019 -0.096  -0.116 -0.027
(0.078) (0.040) (0.036)  (0.044) (0.068)

West -0.897 -0.049 0343 -0.018 -0.026
(0.174) (0.110) (0.081)  (0.147) (0.238)

Northeast -0.504 -0.088 0.092  -0.017 -0.025
(0.124) (0.069) (0.075)  (0.098) (0.150)

North -0.493 -0.022 -0.032 -0.017 -0.023
(0.184) (0.133) (0.125)  (0.092) (0.177)
Notes: The table reports own-pickup-time elasticities of potential demand for

Grab on weekdays, holding matching probabilities fixed. Rows are pickup regions;
columns are time-of-day windows of the request hour. Each elasticity is evaluated at

the mean Grab pickup time @' in the cell as E* = —3 @' [1—1pd — 1fdpd S1RH — 81},
with shares defined as in Table [2| The price and pickup-time coefficients are con-
strained to be positive in estimation. Standard errors, in parentheses, are computed
by the delta method from robust standard errors of the coefficients, holding pickup
times and shares fixed. The nesting parameter is pg = 0.45.

probability to one, approximating the high estimated probabilities reported in Figure [3]
Applying the same full-matching assumption to both models isolates the contribution of
accounting for pre-merger matching failures in demand estimation. Any improvement in
prediction therefore comes from the pre-merger demand estimates, without using post-
merger matching-time distributions as an additional input. We assess sensitivity to the
remaining matching failures below.

Figure {| reports the results by time window. The benchmark model underpredicts
post-merger trips in every window. It predicts declines of 10.37% during the morning
peak and 6.79% during the evening peak, whereas observed trips increase by 2.83% and
4.07%, respectively. During non-peak hours, it predicts a decline of 10.95%, far larger
than the observed decline of 1.18%. The proposed model predicts a 1.19% increase
during the morning peak, a 4.44% increase during the evening peak, and a 2.50% decline
during non-peak hours. It thus captures the direction of the observed changes in all three
windows and predicts their magnitudes more accurately than the benchmark model.

We assess sensitivity to the full-matching approximation by using estimated post-
merger matching probabilities while holding demand parameters, fares, and pickup times
unchanged. The proposed model then predicts a 2.40% decline during the morning peak,

a 1.37% increase during the evening peak, and a 5.10% decline during non-peak hours.
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Although it no longer predicts the observed morning expansion, it remains closer to the
observed changes than the benchmark model in all three time windows and all 15 region—
window cells. The improvement in predictive accuracy therefore persists when we allow
for remaining post-merger matching failures. We report these results in figure [14] and
in Appendix.
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Figure 4: Observed and Predicted Changes in Completed Trips by Time Window

Notes: Fach group compares the observed percentage change in completed ride-hailing trips
from the representative pre-merger week (April 4-10, 2018; Grab and Uber combined) to the
post-merger week (May 9-15, 2018; Grab only) with the changes predicted by the proposed
model, estimated with pre-merger matching probabilities, and by the benchmark model, esti-
mated without them. Both predictions use observed post-merger fares and pickup times and
set the post-merger matching probability to one. Changes are computed over route—hour cells
with completed trips in the post-merger week, relative to pre-merger trips in the same cells, and
include all seven days of each week. Morning peak: 7-10am; non-peak: 1lam—4pm; evening
peak: 5-8pm.

Figure |5| breaks down the predictions by pickup region. During the morning peak,
observed trips increase by approximately 3% to 7% in the four residential regions. The
proposed model predicts an increase in all four, whereas the benchmark model predicts
declines of 5% to 9%. During the evening peak, the largest observed increase is in the
Central region, where trips rise by 8.11%. The proposed model predicts a 7.42% increase,
whereas the benchmark model predicts a 5.47% decline. During non-peak hours, observed
changes are small in every region. The benchmark model predicts declines of 7% to
12%, while the proposed model’s predictions are much closer to zero, although they do

not always match the direction of the observed changes. Across all 15 region—window

22



cells, the proposed model’s predictions are closer to the observed changes than those of
the benchmark modelﬁ The improvement is particularly pronounced in markets with
low pre-merger matching probabilities, as documented in Section [3.2} residential regions

during the morning peak and the Central region during the evening peak.
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Figure 5: Observed and Predicted Changes in Completed Trips by Pickup Region

Notes: The panels report the morning peak (7-10am), evening peak (5-8pm), and non-peak
hours (1lam—4pm). Within each panel, each group compares the observed percentage change
in completed ride-hailing trips originating in a pickup region with the changes predicted by the
proposed and benchmark models. Samples, baselines, and predictions are defined as in FigureEl

Accounting for pre-merger matching failures substantially improves predictions of
post-merger completed trips: the proposed model is closer to the observed changes in all
15 region—time-window cells. Both models use the same observed post-merger fares and
pickup times, so the improvement reflects differences in the demand estimates obtained
with and without accounting for pre-merger matching failures. We next examine how

these differences affect the assessment of the merger’s welfare effects.

4 Consumer Surplus

We use the estimated demand models to evaluate changes in consumer surplus between
the representative pre- and post-merger weeks. Both models are evaluated at the same
observed trip quantities, fares, and pickup times in each period. Using these common
market outcomes allows us to assess how accounting for pre-merger matching failures
changes the valuation of realized trips. Within each model, we retain the pre-merger
demand estimates and fitted platform utility components, so that both periods are eval-

uated using the same estimated preferences.

45We acknowledge that the proposed model overstates the morning expansion in the North and un-
derstates it in the East.
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The proposed model distinguishes consumers’ demand for rides from the number of
requests that result in completed trips. Before the merger, we recover implied request
quantities by dividing each platform’s completed trips by its matching probability. We
integrate the estimated inverse-demand system and subtract fare payments at these re-
quest quantities to obtain potential consumer surplus jointly across the two platforms.
We then weight this surplus by the ratio of completed trips to requests, assigning the
average potential surplus per request to each completed trip. The benchmark model
assumes that all requests are successfully matched.

Both models set the post-merger matching probability to one. With Grab as the sole

remaining platform, consumer surplus in route-hour market £ under model s is

9k, post
s S( ..
C’Sk,post - / Pk (Za wk,post) dz — DPk,postk, post (11)
0

where gi post, Dk.post; and Wi post denote observed completed trips, fares, and pickup times,
respectively. The inverse-demand function P; is constructed from the pre-merger de-
mand estimates and evaluated at the observed post-merger pickup time. Observed trip
quantities therefore determine the range over which willingness to pay is integrated, and
observed fare payments are deducted to obtain consumer surplus.

For each group reported in Table[] we sum consumer-surplus levels across the relevant
route-hour markets before calculating the percentage change relative to the same model’s
pre-merger total. Each reported change thus compares aggregate surplus across periods
within the estimated demand model.

Accounting for pre-merger matching failures substantially reduces the estimated de-
cline in aggregate consumer surplus. Using observed post-merger quantities, the proposed
model implies a decline of 0.60%, compared with 10.71% under the benchmark model.
The aggregate point estimate under the proposed model is therefore close to zero. During
peak hours, the point estimates have opposite signs: the proposed model implies gains of
0.75% during the morning peak and 0.19% during the evening peak, whereas the bench-
mark model implies losses of 11.37% and 8.35%, respectively. The proposed model also
implies gains of 4.42% from 9 pm to midnight and 6.66% from 1 am to 6 am, whereas the
benchmark model implies losses of 9.50% and 16.97%, respectively. Both models imply
aggregate losses during midday non-peak hours, from 11 am to 4 pm.

Figurel[6]also reveals substantial spatial heterogeneity. Under the proposed model, con-
sumer surplus increases in the residential regions of the East, West, North, and Northeast
during the morning peak and in the Central region during the evening peak. Using ob-
served post-merger quantities, consumer surplus in the Central evening market increases
by 6.93% under the proposed model but declines by 5.36% under the benchmark model.
These gains are specific to particular region-time combinations: consumer surplus in

the Central region still declines when aggregated over the full week. Thus, accounting
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Table 4: Percentage Changes in Consumer Surplus at Observed Market Outcomes

Demand Specification

Proposed Benchmark

Panel A: Overall

Overall -0.60 -10.71
Panel B: By Pickup Region

Central -2.77 -14.49
East -0.51 -8.93
West -1.02 -11.39
Northeast 5.93 -7.03
North -1.05 -13.83
Panel C: By Time Window

7am-10am 0.75 -11.37
1lam-4pm -3.39 -11.56
S5pm-8pm 0.19 -8.35
9pm-12am 4.42 -9.50
lam-6am 6.66 -16.97

Notes: The comparison reflects differences in the demand estimates ob-
tained with and without accounting for pre-merger matching failures, in-
cluding the separately selected nesting parameters. Entries report percent-
age changes in consumer surplus between the representative pre-merger
week (April 4-10, 2018) and post-merger week (May 9-15, 2018), using
observed trip quantities, fares, and pickup times. Post-merger matching
probabilities are set to one. The proposed model uses demand estimates
obtained with estimated pre-merger matching probabilities; the benchmark
model uses demand estimates obtained with pre-merger matching proba-
bilities set to one. Each percentage change is measured relative to the
corresponding model’s pre-merger consumer-surplus baseline.
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for pre-merger matching failures can reverse the sign of the estimated consumer-surplus
change in particular region—time markets, even though the aggregate estimate remains

slightly negative.
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Figure 6: Percentage Changes in Consumer Surplus by Pickup Region and Time Window

Notes: Panels report estimated percentage changes in consumer surplus during the morning
peak (7-10 am), evening peak (5-8 pm), and midday non-peak hours (11 am—4 pm). Green
bars correspond to the proposed model and purple bars to the benchmark model. Each change
is measured relative to the same model’s pre-merger consumer surplus in the corresponding
region and time window. Market inputs and matching-probability assumptions are defined in
Table El Bars show point estimates.

These estimates pertain to a short-run post-merger equilibrium in which costly driver
entry limits supply adjustment and regulatory constraints restrict pricing. Section
examines the long-run equilibrium after driver participation has fully adjusted and these

pricing constraints are removed.

5 Counterfactual Simulations

The preceding sections evaluate demand predictions and consumer surplus at observed
post-merger outcomes. Two features of these outcomes motivate a long-run full equilib-
rium simulation. First, our data cover the period shortly after Uber’s exit, when driver
entry and working hours had limited time to adjust. Assessing the merger’s long-run
effects therefore requires allowing driver supply to respond fully. Second, regulatory re-
strictions limited Grab’s pricing discretion during the sample period, so observed fares
do not represent unconstrained post-merger pricing.

We therefore use pre-merger estimates to simulate a long-run equilibrium with free
driver entry and fares charged without these regulatory restrictions. Combining our
demand model with the driver-supply and platform-optimization framework of

(2025), we develop a full equilibrium model which endogenously determines fares, driver
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participation, pickup times, matching probabilities, and completed trips. Because the
exercise uses only pre-merger estimates, it can also inform merger assessment before post-
merger outcomes are observed. We further examine whether removing driver exclusivity
can improve matching while preserving platform competition. The details of the model

and simulation are in Appendix [7}

5.1 Long-run Post-merger Equilibrium

We simulate the market after Uber’s exit, with Grab as the sole platform, under the
proposed and benchmark models. Both simulations allow the driver population to adjust
through free entry and retain the platform objective estimated under the corresponding
specification. The benchmark model assumes successful matching throughout. The pro-
posed model accounts for pre-merger matching failures and allows post-merger matching

probability to respond to idle-driver supply:

(12)

mpm(sm) =0 ( o8 e K (8 )) )

Uxi<32i)

where s,; is the simulated number of idle drivers and the parameters of the matching-time
distribution, fi,;(S.;) and 0.(S.), depend on idle supply through a relationship estimated
from pre-merger Grab trips. The cancellation threshold c,; is calibrated from pre-merger
matching times and held fixed in the simulation. We maintain the estimated relation-
ship between idle-driver supply and the matching-time distribution after consolidation,
evaluating it at the merged platform’s equilibrium idle supply. Table [15|in the Appendix
reports the matching-function estimates. Under this specification, a change in driver
supply shifts the matching-time distribution and therefore the share of requests that are
matched, so matching probability is determined jointly with fares, trips, pickup times,
and driver supply.

Figure[7|compares simulated changes in completed trips under the two models. Under
the proposed model, morning-peak trips increase by approximately 33% in the West, 22%
in the North, and 9% in the Northeast; evening-peak trips increase by approximately
5% in the Central region. Trips decline in every region during non-peak hours. The
benchmark generally predicts larger peak-period expansions, including approximately

53% in the West during the morning peak.
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Figure 7: Simulated Long-run Post-Merger Completed Trips

Notes: Each bar reports the percentage change in completed trips originating in a pickup
region, relative to observed pre-merger trips. Both simulations allow free driver entry. Blue
bars represent the benchmark model, which assumes successful matching throughout. Red bars
represent the proposed model, which incorporates pre-merger matching failures and allows post-
merger matching probability to respond to idle-driver supply through Equation . Morning
peak: 7-10 am; evening peak: 5—8 pm; non-peak: 11 am—4 pm. The same legend applies to

Figure

Table |5 shows that the proposed model predicts an average fare of 2.23 SGD per
kilometer, compared with 1.54 before the merger and 1.62 in the observed post-merger
market. The substantially higher simulated fare is consistent with regulatory restrictions
limiting Grab’s pricing discretion during the sample period. The benchmark predicts
a smaller increase, to 1.75 SGD per kilometer, despite nearly identical average pickup
times: 3.78 minutes under the benchmark and 3.82 under the proposed model. Account-
ing for matching failures therefore substantially changes the predicted pricing response,
even when pickup-time predictions are similar. The driver population also adjusts sub-
stantially, increasing from 45,489 before the merger to approximately 67,600 under the
proposed model. The predicted reductions in pickup times therefore occur alongside

driver entry as well as the consolidation of the two driver pools.
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Table 5: Simulated Long-run Post-Merger Equilibrium: Unit Price and Pickup Time

Unit Price (SGD/km) Pickup Time (minutes)
Data Simulation Data Simulation
Pre merger Benchmark Proposed | Pre merger Benchmark Proposed

Panel A: Average

1.54 1.75 2.23 6.34 3.78 3.82
Panel B: By Pickup Region
Central 1.70 1.53 1.87 6.33 4.27 4.26
East 1.35 3.19 4.46 6.24 3.41 3.50
West 1.39 1.31 1.58 6.32 3.25 3.31
Northeast 1.40 1.65 2.01 6.64 3.45 3.53
North 1.44 1.37 1.71 6.15 3.17 3.22
Panel C: By Time Window
7am-10am 1.51 1.60 2.00 6.68 3.66 3.81
1lam-4pm 1.51 2.09 2.73 5.77 3.79 3.79
5pm-8pm 1.64 1.84 2.40 6.74 3.55 3.69
9pm-12am 1.53 1.48 1.77 6.45 3.98 3.96
lam-6am 1.49 1.17 1.39 6.41 4.66 4.06

Notes: “Data, pre-merger” reports observed values during April 4—
10, 2018, combining Grab and Uber. The benchmark model assumes
successful matching throughout. The proposed model incorporates
pre-merger matching failures and determines post-merger matching
probability from idle-driver supply through Equation . Both sim-
ulations allow free driver entry. Unit price is total fare divided by trip
distance. Observed values are weighted by observed completed trips;
simulated values are weighted by simulated completed trips under the

corresponding specification.

Aggregate consumer surplus declines by 11.97% under the proposed model and 7.43%
under the benchmark, each relative to its own pre-merger baseline. Figure [8 shows
substantial heterogeneity. Under the proposed model, morning-peak consumer surplus
increases by approximately 54% in the West, 24% in the North, and 8% in the North-
east, while evening-peak surplus increases by approximately 4% in the Central region.
Consumer surplus declines in every region during non-peak hours. The benchmark pre-
dicts evening-peak gains in the West and Northeast, whereas the proposed model pre-
dicts losses. Accounting for matching failures therefore increases the estimated aggregate
consumer-surplus loss when fares and driver entry adjust endogenously, whereas it re-
duces the estimated loss at observed post-merger outcomes in Section 4l This contrast
highlights the importance of evaluating matching improvements together with the accom-

panying pricing and driver-supply responses.
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Figure 8: Simulated Long-run Post-Merger Consumer Surplus

Notes: Each bar reports the percentage change in consumer surplus for a pickup region and
time window, relative to the same model’s pre-merger consumer-surplus baseline. Specifications
and time windows are defined in Figure m

5.2 Removing Driver Exclusivity under Platform Competition

Exclusive driver affiliations segment supply across platforms: a rider on one platform
may be unable to secure a match even when an idle driver is available on the other. This
segmentation can prevent the market from using its existing driver supply efficiently
and provides one channel through which consolidation can improve matching. It raises a
natural policy question: can removing exclusivity deliver matching gains while preserving
competition between platforms?@ We therefore simulate a counterfactual market in which
Grab and Uber continue to compete but drivers can work for either platform.

In this counterfactual, drivers choose a platform when becoming active and can recon-
sider their choice after completing a trip or a relocation decision. Their choices depend on
the expected payoffs from working on each platform. A driver is available to one platform
in a given state, but affiliation can change at subsequent decision points without a switch-
ing cost.@ Unlike in the post-merger simulation, we hold the total driver population at
its pre-merger level. Drivers can nevertheless adjust their participation, working time,
location, and platform choice. The exercise therefore examines how removing exclusivity
changes the use of an existing driver pool.

Each platform retains its own demand and matching technology, and its matching
probability responds to its own idle-driver supply through Equation . Platforms

choose rider fares and driver payments to maximize their objectives, taking driver re-

46The question is directly relevant to merger policy. In its final decision on the Grab-Uber merger,
the competition authority directed Grab to remove all exclusivity obligations on drivers and taxi fleets
in Singapore. See |(CCCS’s announcement, of its infringement decision on September 24, 2018.

47 Appendix E] describes the timing of driver decisions and the equilibrium conditions.
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sponses into account. Fares, compensation, participation, allocation, and matching there-
fore adjust jointly. We use the proposed demand model and compare the resulting equi-
librium with the observed pre-merger market under exclusive driver affiliations.

Removing exclusivity strengthens competition for drivers because drivers can redirect
their availability toward the platform offering a higher expected payoff. Each platform
therefore has stronger incentives to offer attractive earnings opportunities. In the simu-
lated equilibrium, drivers’ expected net payoffs increase, and these changes are accompa-
nied by higher fares. The supply response operates along two margins. First, drivers in
the existing pool can adjust when they become active and how long they remain at work.
Second, active drivers can switch platforms in response to differences in expected payoffs,
directing supply toward platforms with greater earning opportunities. These adjustments
can alleviate platform-specific shortages of idle drivers, improve matching probabilities,
and shorten pickup times. Higher fares can therefore coexist with better service even
when competition between platforms is preserved.

Figure [9 reports the changes in completed trips. During the morning peak, trips ex-
pand most strongly in the West, North, and Northeast, while declining in the Central
region. During the evening peak, the Central, West, and Northeast regions experience
increases, whereas the East and North experience declines. During non-peak hours, trips
fall in the Central, East, and West regions, rise slightly in the North, and remain roughly
unchanged in the Northeast. Aggregating across regions, completed trips increase by
11.3% during the morning peak and 5.42% during the evening peak, but decline by
5.76% between 11AM and 4PM. The non-exclusivity equilibrium generates geographi-
cally concentrated expansions during peak periods alongside contractions in most regions

during non-peak hours.
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Figure 9: Simulated Completed Trips without Driver Exclusivity

Notes: Each bar reports the percentage change in completed trips, combining Grab and Uber,
relative to the observed pre-merger market under exclusive driver affiliations. The simulation
uses the proposed model with endogenous matching probabilities and holds the total driver
population fixed. Drivers choose a platform when becoming active and can reconsider their
choice after completing a trip or a relocation decision.

Table [0] reports observed pre-merger and simulated unit prices, pickup times, and
matching probabilities, combining Grab and Uber. Average unit price increases from 1.54
to 2.08 SGD per kilometer, while average pickup time falls from 6.34 to 4.07 minutes.
Average matching probability rises from 91.48% to 99.60%, corresponding to a decline
in the average matching-failure probability from 8.52% to 0.40%. Matching improves in
every reported pickup region and time window, with simulated averages exceeding 99%
except between 1 am and 6 am. The improvements are particularly large in markets with
substantial pre-merger matching failures, including peak and overnight periods. These
outcomes are consistent with more flexible driver participation and allocation across
platforms. The improvement in matching occurs without an expansion of the total driver
population, highlighting the potential gains from changing how existing driver capacity
is used.

Figure (10| shows substantial heterogeneity in consumer-surplus changes. During the
morning peak, riders in the West, North, and Northeast gain, with the largest increase
in the West. During the evening peak, gains are limited to the Central and West regions,
while consumer surplus declines in every region during midday non-peak hours. These
outcomes reflect the opposing consequences of non-exclusivity for riders: more flexible
driver allocation improves the probability of securing a ride and shortens pickup times,
while the accompanying fare increases raise the cost of service. Improved matching there-
fore does not translate into consumer-surplus gains in every market. The results show
how stronger competition for drivers can coexist with losses for riders, while also demon-

strating that some matching gains can be achieved without consolidating the platforms.
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Table 6: Counterfactual of Non-exclusive Drivers with Platform Competition

Unit Price (SGD/km) Pickup Time (minutes) Matching Probability (%)

Data Simulation Data Simulation Data Simulation
Exclusive Drivers  No Exclusivity — Exclusive Drivers  No Exclusivity — Exclusive Drivers  No Exclusivity
Panel A: Average

All 1.54 2.08 6.34 4.07 91.48 99.60
Panel B: By Pickup Region
Central 1.70 1.85 6.33 4.65 90.72 99.27
East 1.35 3.64 6.24 3.68 93.09 99.88
West 1.39 1.56 6.32 3.42 93.02 99.98
Northeast 1.40 1.90 6.64 3.61 91.15 99.96
North 1.44 1.68 6.15 3.29 91.19 99.99
Panel C: By Time Window
7am-10am 1.51 1.92 6.68 4.04 92.55 99.75
1lam-4pm 1.51 2.46 5.77 3.99 95.30 99.85
5pm-8pm 1.64 2.31 6.74 4.33 91.38 99.61
9pm-12am 1.53 1.66 6.45 4.02 88.35 99.44
lam-6am 1.49 1.29 6.41 3.80 81.76 98.64

Notes: Each pair compares observed outcomes under exclusivity with simulated outcomes without it,
while maintaining competition between Grab and Uber. Unit prices and pickup times are weighted
by completed trips in the corresponding scenario. Simulated unit prices divide route-level fares by the
average April trip distance on each route and hour. Within each pickup-region—hour cell, platform-
specific matching probabilities are combined using potential-demand weights; these cell-level proba-
bilities are then averaged using market-size weights.

The welfare consequences depend on the joint responses of fares, driver compensation,

and the allocation of the existing driver pool.
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Figure 10: Simulated Consumer Surplus without Driver Exclusivity

Notes: Each bar reports the percentage change in rider consumer surplus for a pickup region
and time window, relative to the proposed model’s pre-merger consumer-surplus baseline under
exclusive driver affiliations. The simulation maintains competition between Grab and Uber and
holds the total driver population fixed.
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6 Concluding Remarks

This paper identifies matching uncertainty as a central determinant of platform demand
and a key channel through which mergers affect consumer welfare. Consumers respond
not only to how long they must wait for service, but also to whether they can secure
a match with a service provider. Fragmentation across competing platforms heightens
matching uncertainty, which consolidation substantially reduces by pooling users on both
sides of the market. In the empirical context of a ride-hailing platform merger, we incorpo-
rate matching probability into demand estimation, and show how the merger stimulates
rider demand through improved matching efficiency and service availability. Granular
trip-level data enable us to measure matching time and estimate matching probabil-
ity, and validate the model against held-out post-merger outcomes. Our findings reveal
that improvement in matching probability is crucial to explain demand changes after the
merger, and capture gains in consumer surplus. Our framework can also be generalized
beyond ride-hailing markets. For example, food-delivery platforms must find a courier
for every order, and on-demand staffing platforms must fill every posted shift with an
available worker, in which transactions depend on successful matching between two sides
of the market.

Our findings generate implications for both the literature and policymaking. First,
demand models in the ride-hailing literature that assumes no matching uncertainty can
yield biased demand estimates and distort welfare assessments. When estimated from
data of completed transactions, these models may conflate consumers’ willingness to re-
quest with the likelihood that their requests are fulfilled, attributing unfulfilled demand
to weak preferences for the service. This misspecification matters when evaluating merg-
ers that alter the probability of successful matching. In our setting, omitting this margin
underpredicts post-merger demand and understates the consumer-surplus gains from con-
solidation, potentially reversing the sign of the estimated welfare effect in markets with
severe matching frictions.

Second, our framework helps regulators evaluate the long-run welfare implications
of platform mergers and other competition policies, a central consideration in policy
design. Since all structural parameters are estimated from pre-merger data, regulators
can apply it during merger review to assess changes in matching, prices, and welfare
in the long-run post-merger equilibrium, which informs their decision on approving or
blocking the merger. Beyond merger review, we apply the framework to evaluate driver
exclusivity arrangements under platform competition, which is also common in anti-trust
policy practice. We find that removing exclusivity and allowing drivers to work on either
platform would improve matching but also raise prices, yielding mixed effects on rider
welfare. These findings highlight the importance of assessing how competition policies

affect matching and pricing on both sides of the market, since intensifying competition
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on one side need not improve welfare on the other.

Our paper is subject to several limitations that suggest directions for future research.
First, we mainly study matching uncertainty from the rider’s side, but assume it way
on the driver side. However, drivers also face supply side uncertainty about how long
they will remain idle before receiving a request, and this uncertainty likely shapes their
decisions of market entry and idling. Drivers being idle for a long time will exit the
labor market, which is also a kind of matching failure. A merger that pools demand may
reduce drivers’ idle time until being matched with a rider. A model in which matching
probabilities on both sides are determined jointly would capture this feedback and allow
a fuller account of the merger’s effects on driver welfare. Second, on the supply side,
we assume all drivers are ex ante homogeneous and make market-entry decisions with-
out frictions. However, drivers are not homogeneous in skills. More experienced drivers
are likely to strategically position themselves in profitable regions for the next match,
reducing spatial imbalance and hence reducing the impact on surge pricing post-merger.
Licensing requirements may limit market entry reducing supply expansion. While in-
corporating driver heterogeneity and regulatory constraints could enrich the supply-side
welfare analysis, the limitations do not undermine the key insights in this paper. We

leave these extensions to future research with richer driver-side data.
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