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Abstract

Inmanymarkets, advance interim contracts include an explicit right to renege, grant-
ingoneparty theoption to switch tomore efficientmatches that emerge later in the search
process. This paper studies the formation and welfare implications of such interim con-
tracts, leveraging novel data from a brokerage firm in the trucking industry. The broker
allocates advance shipment contracts to carriers through a dynamic auction mechanism
and penalizes cancellations through a reputational mechanism. I develop a theoretical
model linking the carriers bidding problem to the firms cancellation penalties through a
dynamic job-search problem and structurally estimate the model from rich data on bids
and cancellations. In counterfactual simulations, I show that the firm is incentivized to
lower cancellation penalties as the option value of the right to renege is priced into car-
rier bids. The results rationalize the large degree of contractual flexibility observed in the
trucking industry as an efficient market outcome rather than one constrained by limited
enforcement.
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1 Introduction

Inmanydecentralizedmarkets, participants search sequentially over alternatives on the other
side of the market (McCall 1970). When faced with a potential transaction partner, a market
participant must make a decision without knowing future matching opportunities. This cre-
ates a timing friction: accepting or rejecting matches without complete information can lead
to suboptimal outcomes, reducing market efficiency relative to a centralized clearing mech-
anism where all potential trading partners are known (Roth and Xing 1994). Intuitively, effi-
ciency in such markets can be improved by an explicit right to renege, allowing at least one
party to continue searching for better opportunities at a predetermined price, or penalty.

Rights to renege against a penalty are a prominent feature of many markets. Travelers are fa-
miliar with cancellation terms for hotel and flight bookings, which vary across firms and over
time (NYT 2008; NYT 2015; WaPo 2024). Job searchers often face exploding offers in the labor
market,making it harder for them to compare offers simultaneously (Niederle andRoth 2009).
Digital platforms have made it easier than ever for a range of small businesses to charge can-
cellation fees (WSJ 2024). Despite the widespread prevalence and variety of explicit penalties
for reneging, there is scant empirical research on the economic forces that determine firms’
optimal choices of penalty terms, or the welfare implications thereof. I seek to fill this gap.

The direct economic trade-offs of a right to renege are straightforward: the party with the op-
tion to cancel conserves some of their option value from future opportunities, while the other
party sacrifices their option value for the duration of the agreement.1 The price of this trade is
the cancellationpenalty, which acts as a foregonedeposit on the transaction.2 Unlike financial
options that involve the trade of fungible assets, the right to renege on amatch pertains to the
right to tradewith a specific counterparty. Therefore, we cannot apply standard optionpricing
theory based on efficient markets (Black and Scholes 1973) to understand the pricing of the
right to renege. Instead, we must consider the pricing problem within the strategic context
of a search and matching market. I examine the problem of a firm pricing the right to renege
on its standard terms of trade, and whether the profit-maximizing penalties are also socially
efficient.

1. For example, the federal regulation requiringU.S. airlines to allow free cancellationwithin 24hours of book-
ing added an exemption for flights departing within 7 days, after airlines opposed it arguing that it “takes inven-
tory off the market for the duration of the refund period, blocking it from sale to other customers [. . . ].” (DOT
2011)

2. Some airlines allow passengers to hold a reservation for an upfront fee. On the introduction of United’s
FareLock program, its president said: “It’s a value to people like a stock option is a value [...] Well, this is an
option on a seat” (NYT 2012).
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The equilibrium efficiency of such agreements also depends on the nature of the penalty. En-
forcement costsmight render amonetary penalty infeasible: partiesmight insteaduse reputa-
tional penalties (Kandori 1992), which use the threat of future exclusion to penalize a reneging
party. Unlike monetary penalties, which transfer utility from one party to the other, reputa-
tional penalties only punish the reneging party without compensating their counterparty.3

This creates a direct deadweight loss, and may also under-incentivize the provision of flexi-
bility. On the other hand, a monetary penalty turns reneging into a revenue-generating op-
portunity for the firm, which may distort firm incentives towards extracting additional rents
from consumers.4 In this sense, monetary penalties can be included under the umbrella of
“drip pricing”, a practice which presents consumers with additional fees at various stages of
the transaction process, which has attracted recent regulatory scrutiny (FTC 2024).

I study the problem of a firm’s optimal pricing of a right to renege (through reputational or
monetary cancellation penalties) in an important empirical context: the U.S. trucking indus-
try, which transports 74.8% of domestic freight by value (USDOT 2021) and accounts for 2.3%
of GDP (USDOT 2022). The market is suitable for this research question for several reasons.
One,matchqualitymatters because each shipment is unique, with its ownpickup anddropoff
locations and schedule, which makes it more or less costly for different drivers to haul, de-
pending on their own schedules and locations. Two, finding the ideal match is difficult be-
cause themarket is fragmented on both the demand and supply side (91% of carriers operate
fleets of ten or fewer trucks (FMCSA 2023)) and there is limited time to search over alterna-
tives (lead times are typically 2 weeks down to less than 24 hours). Consequently, the timing
friction described above is a significant issue in the industry. This is evident in the significant
flexibility built into advance contracts throughout the market.5

Thedata for theempirical analysis areprovidedbya large truckingbrokeragefirmthatmatches
shipments with freight carriers through an online auction platform. The platform is designed
to allow carriers to renege at two stages. Upon winning an auction, the carrier receives a no-
tification and has the option to confirm or cancel the match. After a match is confirmed by
the carrier, they still have the option to cancel easily through an online interface, but at the

3. Hubbard (2001) draws a similar distinction between reputational and contractual enforcement in the con-
text of trucking.

4. Change and cancellation fees accounted for 3.2% of U.S. airline passenger revenue in 2009 (WSJ 2009)
5. To illustrate, Caplice and Sheffi (2006) discuss how this need for flexibility hindered efforts to allocate ship-

ments via combinatorial auctions: “So, even if another carrier was assigned to the outbound lane in the strategic
bidding process, the shippermay choose to tender the load to an alternative carrier for a specific load. Not only is
this accepted behavior for shippers, most analysts and transportationmanagement software packages consider
such opportunistic continuousmove optimization a key capability.” Consequently, the industry couldn’t reliably
guarantee bundles to bidders, as would be expected in most combinatorial auctions.
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risk of a reputational penalty on future bids on the platform.6 Attrition is high: over half of
winning bids are reneged on, while 15% of confirmedmatches are eventually canceled before
pickup. Self-reported reasons for cancellation andwithin-platform substitutionbehavior sug-
gest the cancellations are by and large opportunistic: carriers cancel their original shipment
when they find a better deal. In the majority of cases, carriers that cancel do not substitute
to an alternative shipment on the brokerage platform itself, but they are much more likely to
cancel shipments with a low payout, suggesting that opportunistic behavior extends to off-
platform alternatives. These features make the data uniquely suited to the research question,
as most other sources of market data only record final realized transactions.

Guided by the empirical evidence, I build a dynamic model of carrier search and bidding be-
haviorwhichalso incorporates theflexibility to renege into thebidding strategy. In theanalysis
of the model, I disentangle the direct effects of a penalty on the propensity to cancel from the
indirect effects on the bidding behavior. The exercise demonstrates that accounting for the
full auction equilibrium effects of the penalty is crucial for understanding the firm incentives
to offer flexibility, and the ensuing welfare implications; without the effect on bids, the firm
would require full commitment fromcarriers. I also show that the variance of the carriers’ out-
side offers and the type of penalty—reputational or monetary—affects firm incentives. When
the variance of outside offers is low, firmprofits increasewith higher penalties, even at the cost
of overall welfare. Conversely, when the variance is high, both firm profits and overall welfare
decrease in the penalty, so that firm incentives are socially aligned. With monetary penalties,
the firm can generally profit by raising the penalty level, at the cost of overall welfare, show-
ing that monetary penalties offer an additional channel for the platform to extract rents from
carriers.

To take themodel to the data, I enrich the baselinemodel with additional dynamics, allowing
for stochastic arrivals of carriers and shipments over time, and accounting for themulti-round
and multi-unit nature of the auctions. I then estimate the primitives governing carrier poli-
cies, including the stochastic process of outside offers, and their subjective valuation of the
platform’s reputational cancellation penalty. To support the estimation strategy, I develop a
simple partial identification argument based on how the penalty enters into the carrier’s bid-
ding function and a non-negativity condition on carrier marginal costs. The dynamics of car-
rier and shipment arrivals, as well as the search process governing which shipments carriers
observe andwhen, are taken as exogenous, and estimated bymatchingmoments of the arrival
processes in the data.

6. Auctionwinners are selected according to the sum of their bids and an algorithmic quality score computed
on the basis of past cancellation rates and other metrics such as on time pickup and delivery.
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To find the optimal penalty design, I use estimates of themodel to analyze the profit and wel-
fare consequences of two classes of counterfactual penalties: reputational penalties (which
solely decrease carrier utility) and monetary penalties (which generate revenue for the firm).
Among reputationalpenalties, I find that thecurrentnear-zero reputationalpenalties arenearly
optimal for both socialwelfare andfirmprofits. Completely free cancellationswouldmodestly
increase both profits and welfare, while a full commitment policy would cause a significant
decline in both. A decomposition exercise reveals that higher reputational penalties decrease
profits through both of fewer successful matches (despite a decline in the number of cancel-
lations) and higher costs per successful match.

I also find that moving to monetary penalties would allow the platform to increase short-run
profits, as predicted by the theoretical exercise. The resulting 48.7% increase in profits, rela-
tive to the status quo, is mainly the result of transfers from carriers, whose welfare declines by
18.5%, for a net welfare loss of 5.5%. To rationalize why the firmdoes not usemonetary penal-
ties, I explore alternative objective functionswhich take aweighted average of firmprofits and
carrier welfare to proxy for long-run motives of carrier acquisition and retention to the plat-
form. I find that a 45% weight on carrier welfare is sufficient to explain the lack of monetary
penalties. I also explore the effect of transaction or enforcement costs incurred by the firm for
every cancellation fee it collects. Under reasonable levels of transaction costs, the firm finds
it optimal to avoid monetary fees at lower weights on carrier welfare. However, transaction
costs alone are not sufficient to explain the lack of monetary penalties without some weight
on carrier welfare.

While the baseline analysis restricts attention to schedules of cancellation penalties that fol-
low the same time profile as the status quo penalty (which increases sharply for cancellations
within the last 48 hours before pickup), the model can be used to analyze alternative profiles.
I compare the increasing time profile to a flat one, whereby the cancellation penalty is con-
stant over time. For a given maximal penalty level, carrier welfare is lower with a flat penalty
as earlier cancellations are punished more harshly, but this only increases firm profits if the
penalty is a monetary fee. Thus, monetary cancellation penalties may not only incentivize
harsher cancellation penalties than is socially optimal, but earlier penalties as well.

To fully illustrate the value of contractual flexibility in this market, I also investigate the wel-
fare effects of an infinite penalty. Using the same auction format, the full commitment policy
reduces total welfare by 37.4% compared to the status quo, driven by a 25.5% decline in the
number of final successful matches. The average bid increases by 10.2% and the transaction
price of successful matches increases by 4.3%, reflecting the increased opportunity cost that
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carriers price into their bids.

A reasonable conjecture is that full commitment is less costly if carriers are matched to ship-
ments later. I consider another full commitment policy in which auctions are only cleared
in the last 24 hours. This indeed leads to a reduction in the transaction price of successful
matches, but the total number ofmatches is even lower, with a 71.4% reduction relative to the
status quo. This can be explained by a greater rate of attrition to offers outside the platform;
carriers waiting on the uncertain outcome of a bid are more likely to prefer the sure payoff of
an immediate outside offer, as compared to a carrier who has already been matched with a
shipment on the platform. Thus, flexible cancellation policies are a more effective unilateral
policy for mitigating timing frictions when the market cannot be easily coordinated through
a centralized matching process.

Literature Review Timing frictions were first highlighted in entry-level labormarkets (Roth
and Xing 1994; 1997; Li and Rosen 1998; Li and Suen 2000; Kagel and Roth 2000). This liter-
ature explores how the strategic timing of binding offers reduces market efficiency. In an ex-
perimental setting Niederle and Roth (2009) show that market norms enforcing non-binding
agreements can improve efficiency, but that these do not arise in competitive equilibrium. I
contribute to this literature, first by extending the theoretical setting to markets with search
frictions (McCall 1970; Pissarides 2000), where each market participant experiences a differ-
ent sequence of opportunities. Second, I provide the first empirical application of this largely
theoretical and experimental literature in the economically important market of trucking.

Other recent researchhasexplored the strategic incentives tooffernon-bindingoffers in search
markets, in the formof both exploding offers of varying deadlines (Lippman andMamer 2012;
Lau et al. 2014; Armstrong and Zhou 2016; Zorc and Tsetlin 2020; Hu and Tang 2021) and can-
cellation penalties of varying levels (Xie and Gerstner 2007; Zhang et al. 2021; Liu and Chen
2022; Liu andZhang 2023). Mymodel nests both formsof non-binding agreements: exploding
offers can bemodeled as an initial cancellation penalty of zero, jumping to an infinite penalty
at some deadline. I replicate and jointly consider several key mechanisms from the theoret-
ical literature, including the acceptance deterrence effect of holding an attractive offer (Zorc
and Tsetlin 2020), the interaction between the penalty level and the transaction price (Hu and
Tang 2021), and the rent extraction effect of a monetary cancellation penalty (Xie and Gerst-
ner 2007). The rich model allows for the joint effect of all these mechanisms to be quantified
in counterfactual simulations.

For the analogous problem of product returns, Anderson, Hansen, and Simester (2009) show
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that similar incentives exist for firms to offer flexible return policies when consumers are suf-
ficiently uncertain about their preferences for a product. The key differences in the case of
the right to renege is that the relevant uncertainty is over alternative matches in the market,
and that the cost of reneging is endogenously derived from the foregone offers in the market,
rather than from the logistics of returning and restocking a product.

I also contribute to the literatureonauction formatswithoptions to renegeor adaptbidamounts.
The procurement mechanism for Medicare Durable Medical Equipment (DME) received sig-
nificant interest (Merlob, Plott, and Zhang 2012; Cramton, Ellermeyer, and Katzman 2015; Ji
2022) for its auction format in which firms may renege on bids after the auction result and
clearing price have been revealed. In a different setting, Bajari, Houghton, and Tadelis (2014)
emphasize the need to provide flexibility in procurement auctions due to bidders’ own un-
certainties about construction project costs while Haberman and Jagadeesan (2023) provide
a theoretical justification for withdrawals as part of the price-finding process. I show that in
dynamic search settings—similar to Backus and Lewis (2024)— uncertainty over future sub-
stitutes also provides an economic rationale for reneging.

Finally, my paper contributes to the growing literature on the industrial organization of truck-
ing, a market which has garnered significantly more interest from policy-makers since the
supply chain disruptions of the COVID-19 pandemic highlighted the dependency of the U.S.
economy on the trucking industry. Early contributionsmost notably includeHubbard (2000),
Hubbard (2001), Baker and Hubbard (2001), and Baker and Hubbard (2003), focusing on is-
sues of vertical relations and contracts under moral hazard, while more recent work by Yang
(2022) explores spatial frictions caused by the need for drivers to return to their home loca-
tions. The most closely related work in this area is Harris and Nguyen (2022), who also exam-
ine the implications of non-binding agreements in trucking, but with a focus on long-term
relational contracts. They find that, due to the inflexible prices in long-term contracts, an ex-
cessive number of relational contracts are reneged on when the spot market prices rise, and
suggest that reneging can be avoided by indexing the price to themarket. In contrast,mywork
demonstrates the beneficial role of contractual flexibility in alleviating search frictions in the
spotmarket and rationalizing the widespread prevalence of reneging behavior in the industry
even in the absence of pricing frictions.

The rest of this paper is structuredas follows. In Section2, I provide anoverviewof the trucking
industry and the data used in this paper. In Section 3, I present a stylized model of the carrier
search process, which I then extend to a dynamic setting in Section 4. In Section 5, I describe
the estimation of the model, followed by the counterfactual analysis in Section 6. I conclude
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with Section 7.

2 Empirical setting and data

The trucking industry is a vital sector of the U.S. economy, accounting for 2.3% of the GDP
in 2022 (USDOT 2022), and transporting 74.8% of domestic freight 2023 (USDOT 2021). The
market operates on a decentralized basis, through a combination of long-term contracts (typ-
ically severalmonths to a year) between shippers and large carriers or brokers, and spot trans-
actions, often negotiated through brokers. The industry is highly fragmented, with over 55%
of carriers operating a single truck, and 91% operating 10 trucks or fewer (FMCSA 2023). This
fragmentation creates costly search frictions in the spot market, which play a major role in
explaining the prevalence of long-term contracts in the industry (Hubbard 2001).

Unlike most of the industry, which still relies on labor-intensive matching processes, the firm
studied in this paper was an early pioneer of the digital brokerage businessmodel and sought
to heavily automate the matching process. The majority of the broker’s upstream demand
came through long-term contracts with large shippers (such as Nestlé or Starbucks), which
would regularly tender shipments to the platform at the contracted rate. Once the firm ac-
cepts a shipment, it would seek to procure a carrier at the lowest possible cost, using an on-
line auction platform. Despite the firm’s large size in absolute terms, it only accounted for a
small fraction of the overallmarket, with revenues slightly below1%of the $251 billion for-hire
trucking market in 2021.

2.1 Platform design

The study covers the full two-year period of 2021 and 2022, during which the firm imple-
mented its "timed auction" format. This format consists of several rounds, with the reserve
prices increasing across rounds. Additionally, the platform features an option called Accept-
Now, allowing carriers to immediately confirm a shipment at a posted price, fixed over time.
Themajority of shipments are posted to the platformbetween one and twoweeks before their
pickup time. Auction rounds begin to clear five days before pickup, with one to two rounds
per day. If a shipment is unmatched 24 hours before pickup, the auction format changes to
update the reserve price more frequently, with additional intervention from human brokers.

Carriers can discover loads by either searching for specific criteria or browsing a personalized
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feed. Once a shipment appears on their feed or search results, the carrier can click on it to
obtain further details (referred to as a detailed view), as well as place a bid, use the Accept-
Now feature, or simplymove on (referred to as willfully ignoring a shipment). When choosing
whether to bid or Accept Now on a shipment, the carriers can only see the current round’s
closing time and the Accept Now price, in addition to the shipment characteristics. No infor-
mation is provided about other bidders and their bid amounts, and the reserve price is hid-
den.7 Additionally, carriers are never restricted from bidding on additional shipments, even if
these conflict with existing confirmed appointments on the platform.

When an auction reaches one of its pre-determined closing times, if all bids are above the re-
serve price, the auction proceeds to the next round. If there are bids below the reserve price,
the platform accepts the lowest bid and notifies the bidder, who has 10minutes to confirm. If
the bidder does not respond, the process is repeated for the next lowest bid. If no bidders con-
firm, the auction proceeds to the next round. I use the terminology of the platform accepting
bids and carriers confirming them throughout the paper.

Based on these rules, it is clear that bidding entails practically no commitment on the side of
the carrier. After confirmation, the carriers continue to enjoy someflexibility, as the platform’s
official policy is that cancellations only suffer a reputational penalty when made less than 48
hours before the shipment’s pickup time.8 This penalty reduces carrier’s probability of win-
ning future bids through a quality adjustment factor which changes the bid ranking, but does
not result in any directmonetary loss. The exactmechanics of the reputational penalty are not
disclosed to carriers, which is why the empirical strategy will also focus on recovering carrier’s
subjective valuation of this penalty. While it is unclear how widespread explicit cancellation
policies are among traditional brokers, for the period of this study the main rival digital plat-
form has a similar policy, penalizing carriers’ reputation for cancellations in an even shorter
penalized window of 24 hours before pickup.

2.2 Data and Stylized Facts

The design of the platform yields a rich dataset on the endogenous decisions by carriers at the
multiple stages of the matching process, allowing me to examine the empirical determinants

7. Reserve prices were initially publicly displayed at the launch of the auction format, but were hidden soon
after launch, as carrier bids tended to bunch at the reserve price.

8. Prior to Q1 2021, carriers had to contact a firm representative to cancel. The policy was changed to self-
service cancellationswithadisclaimer that “if the request occurswithin48hoursofpickup time, itmaynegatively
affect [the carrier’s] scorecard.”
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of attrition on the platform. The process of attrition, converting views to final matches, is
shown as a funnel in Figure 1. It is immediately apparent that the overwhelming majority of
potential matches do not result in a match, while two-thirds of views do not even result in a
bid. The attrition of carriers across this funnel is a central focus of the empirical analysis.

Figure 1: Funnel from views to matches
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3.66M
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440K

NOTE: Data represents the universe of non-local shipments posted to the auction platform in 2021 and 2022.
Gray areas and numbers represent mass of flows between states.

While the full dataset covers the universe of auctions run by the platform, I exclude all local
shipments (within ametropolitan area) from the analysis, due to their high-frequency nature
allowing carriers to match with multiple shipments in a single day. Furthermore, the struc-
tural empirical analysis is focused on a single shipping lane—defined as a route between two
metropolitan areas—specifically fromSeattle,Washington, to San Francisco, California. Table
1 is a summary and comparison of the two sets of data. The sub-sample is highly representa-
tive of the full sample along the measures of attrition and bidding behavior. The main differ-
ence between subsets is the mean and variance of shipment distance, which is unsurprising
given the focus on a single lane.

As my research question focuses on the short-term dynamics of the market for each pickup
date, I normalize all measures of prices by the average spot market rate of a shipment’s lane
(defined as a metro-to-metro) at the shipment pickup time, to remove price variation that
is due to aggregate market fluctuations that are caused by macroeconomic factors. This rate
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was obtained from a third-party data aggregator and is used internally by the firm for various
prediction and optimization tasks.

Table 1: Summary statistics

Full data Seattle-San Francisco

Unique carriers 87,652 4,592
Unique shipments 792,097 9,098
Number of views 14,859,358 87,887
Number of accept now 161,144 1,368
Number of bids 5,114,504 48,814
Bid acceptance rate 24.98% 28.70%
Bid confirmation rate 37.38% 36.03%
Cancellation rate 14.15% 12.83%
Average bid amount 1.16 1.16

(1.01) (0.27)
Average shipment distance 333.08 757.78

(405.20) (6.41)

NOTE: Full data refers to the universe of non-local shipments posted to the auction platform in 2021 and 2022.
The sub-sample is restricted to the Seattle to San Francisco lane in the same period. Standard deviation of aver-
ages are in parentheses. Bid amount is normalized by the contemporaneous average spot rate of the lane at the
time of shipment pickup.

2.2.1 Cancellation Behavior and Consequences

In the following, I focus on the determinants of, and consequences of carrier cancellations.
Overall, 14.9% of confirmed shipments are cancelled by the carrier. Among carriers cancelling
on a confirmed shipment (reneging on a bid), 27.8% (25.5%) ultimately execute a different
shipment on the platform. This suggests that carriers use the flexibility to cancel and renege to
substitute to other—presumably better—opportunities. The remaining cases likely represent
instances of substitution to off-platform opportunities, given the small size of the platform
relative to the broader market.9

9. As additional evidence for carrier multihoming outside the platform, I find that 95% of carriers drive no
more than 10,638 miles on the platform per year (see the full distribution in Figure A2 in the Appendix). Given
that owner-operators drive over 100,000 miles per year on average, most carriers must find shipments off the
platform for a majority of their mileage (OOIDA 2022). Given this degree of multihoming, a key focus of the
empirical strategy will be to recover a distribution of outside offers.
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Table 2: Impact of Carrier Cancellations on Shipment Metrics

No Cancellation ≥1 Cancellations

Shipment rescheduled 10.7% 18.1%
Shipment cancelled 6.9% 8.1%
Final Margin 7.7% 4.6%

Overall carrier cancellation rate 14.9%

NOTE: Table compares outcomes for shipments with and without at least one carrier cancellation. Shipment
cancelled refers to a cancellation from the shipper side.

In Table 2, I present the tangible consequences of cancellations for the platform. The table
shows that cancellations have a large impact on the rate of shipment rescheduling, with a
muchmoremodest effect on shipment cancellations by the shipper. The low impact on ship-
per cancellation rates suggests minimal disintermediation, unlike findings in Xie and Zhu
(2022), which documented substantial disintermediation on a Chinese intra-city cargo de-
livery platform. This difference likely stems fromU.S. shippers’ preference for long-term con-
tracts with brokers or large carriers who can reliably source drivers, rather than engaging with
small carriers for one-off shipments at a lower price.

The data also show that inmost cases, the platform is able to re-match a shipment following a
carrier cancellation, but does so at a higher price, resulting in a lower margin. These financial
consequences for the platform raise a natural question: what drives carriers to cancel con-
firmed shipments?

Figure 2 shows that both cancellations and bid reneging are affected by (i) the payoff of a ship-
ment and (ii) the time interval available for carriers to change theirminds. Panel (a) shows that
the probability of a carrier cancelling a shipment is decreasing in the price of the shipment,
while panel (b) shows that the probability of a carrier reneging on a bid is decreasing in a sim-
ple measure of the expected shipment payoff. Both panels also show that the probability of
cancelling (reneging) is increasing in the time interval betweenwhen the carrier ismatched to
a shipment (makes a bid) and the pickup time (bid acceptance time). Both of these patterns
are consistent with standard models of search markets (McCall 1970) where a stochastic pro-
cess of outside offers composed of some rate of arrival of outside offers, and somedistribution
of payoffs conditional on the arrival, rationalize the carrier’s decision to exit a match.
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Figure 2: Confirmation/cancellation probability vs. payoff
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NOTE: Figures are obtained through a two-dimensional kernel regression, conditioning both on different time
horizons for attrition, andmeasures of payoffs. Kernel bandwidth chosen in accordance with Silverman’s rule of
thumb. Winprobability inpanel (b) is also computedwith aone-dimensional kernel regressionofbid acceptance
on bid amount.

2.2.2 Reputational Mechanism

As described above, the platform’s stated policy was to punish cancellations that occurred
within 48 hours before the pickup time by penalizing future bids by some quality adjustment
factor, which is simply added on to the bid dollar amount. This adjustment factor was not
disclosed to carriers and its details are confidential. Nevertheless, in Table 3, I present some
descriptive evidence of the effect of the reputational penalty on carriers’ win probability and
their bidding behavior to shed light on the severity of the penalty.

In the first regression, I estimate a linear probability model of the conditional win probability
of an auction on the quality adjustment factor and the bid amount itself. The linear specifi-
cation allows me to control for local market conditions through high-dimensional shipment
lane and calendar month fixed effects. The results show that the quality adjustment factor’s
impact on the win probability is roughly two-thirds of the impact of the bid amount. This is
likely due to the fact that only the rawbid determineswhether a carrier beats the reserve price,
while the quality adjustment factor only affects the ranking of the bids.

In the second regression, I estimate the effect of cancellationson thequality adjustment factor.
The results show that the quality adjustment factor is more sensitive to recent cancellations,
but generally very small—a single cancellation in the past 30 days increases the quality adjust-
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Table 3: Reputational penalty effects

(1) Win Prob (2) Quality Adjustment (3) Bid (4) Naive Win
(1) (2) (3) (4)

Normalized Price -0.746∗∗∗
(1.24e-03)

Quality Adjustment -0.490∗∗∗
(0.011)

Cancellations (30D) 3.51e-05∗∗∗ -7.79e-04∗∗∗ 5.81e-03∗∗∗
(5.24e-06) (5.04e-05) (1.02e-04)

Cancellations (60D) 2.24e-05∗∗∗ -6.85e-05 6.92e-06
(5.52e-06) (5.30e-05) (1.22e-04)

Cancellations (90D) -1.93e-05∗∗∗ -1.93e-04∗∗∗ 2.24e-03∗∗∗
(5.38e-06) (5.17e-05) (1.13e-04)

Observations 2244902 2244539 2244539 2249878
Lane×Month FE Yes No No Yes
Carrier FE No Yes Yes No

NOTE: All prices and quality adjustments are normalized by each shipment’s lane-specific spot rate. 30D cancel-
lation variable is a rolling sumof cancellations in the 30dayspreceding abid, while 60Dand90D refer to the 30-60
and 60-90 day windows, respectively. Standard errors are in parentheses. ∗p<0.100; ∗∗p<0.050; ∗∗∗p<0.010.

ment on a thousand dollar shipment by roughly three and a half cents. I should caution that
these estimates are not strictly causal, as carriers may change their behavior in response to a
cancellation tomaintain their quality score, which can explain the negative coefficient on the
90 day window.

In a similar vein, the third regression shows that carriers reduce their bids in response to can-
cellations. A single cancellation in the past 30 days reduces the bid on a thousand dollar ship-
ment by roughly 80 cents, an order ofmagnitude stronger effect than the actual impact on the
quality adjustment factor. This suggests that carriers may be overestimating the reputational
penalty. Ultimately, the policy’s effects will largely depend on carriers’ subjective beliefs about
the penalty, which will be recovered through the estimation of the structural model.

To summarize, the empirical analysis of the platform data has revealed several stylized facts
that will guide the development of the structural model. First, the platform’s auction format
is characterized by a high degree of attrition, with the majority of views not resulting in a bid,
and themajority of bids not resulting in amatch. Second, the attrition patterns are sensitive to
both price and time, suggesting search behavior driven by off-platform opportunities. Third,
cancellations have a large impact on the platform’s bottom line, yet the reputational penalty
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imposed by the platform has quantitatively small effects on carriers’ win probabilities and
biddingbehavior. A simplifiedmodel capturing thesepatterns is presented in thenext section.

3 Baseline Model

I have shown that cancellation and confirmation behaviors are empirically linked to the price
and timingof the initialmatchbetweenacarrier anda shipment. However, there is not enough
variation in the data to directly measure the impact of a change in the cancellation policy.10

The dual objectives of themodel are thus to account for the empirical patterns in the data and
predict the counterfactual effects of different cancellation policies.

For the sake of exposition, I begin with a simplified baseline model. This captures the two es-
sential economic mechanisms determining the effect of a change in the cancellation penalty,
but abstracts away from the additional complexities of stochastic and heterogeneous arrival
times of carriers, and themulti-unit nature of the auction format. The firstmechanism is that,
holding the match time and price fixed, a higher cancellation penalty should decrease a car-
rier’s propensity to cancel. The secondmechanism is that a carrier’s forward-looking strategy
in the auction depends on the cancellation penalty through their opportunity cost of con-
tinuing to search, following well-established models of dynamic auctions (Jofre-Bonet and
Pesendorfer 2003; Zeithammer 2006; Hendricks andWiseman 2022).

Since the auction format allows bidders to renegewhen theywin, solving for the auction equi-
librium is anon-trivial challenge, as itmust account for theopponent’sprobability of reneging.

3.1 Setup

In the model, the brokerage platform runs an auction for a single shipment for every pickup
date, each of which is treated as a separate market. The auction takes place in the days lead-
ing up to the departure date, with the index d ∈ {4, 3, 2, 1, 0} counting down the number of
days remaining until the pickup time. For each shipment, the platform earns revenue v ∼
N(µv, σv) for a successful match; the payoff for an unsuccessful match is normalized to zero.
Two carriers i ∈ {1, 2} participate in each auction, with marginal costs of shipping ci ∼
N(µc, σc). Eachof these twocarriers also takes independentdraws fromshipment jobsoutside

10. In general, it would be difficult for any firm to experimentally vary their cancellation penalties, as these are
generally less salient than prices, and carriers, or customers, may take time to adapt to a new policy.
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the platform, with net payoffs π − ci, with π ∼ G(.) ≡ N(µG, σG). These three distributions
are the primitives of the model.

The platform’s only policy lever is the cancellation penalty κ. In the status quo, the cancella-
tion penalties κ are reputational, in that they impact a carrier’s utility by reducing their future
profits on theplatform, but donot result in anydirectmonetary transfer to theplatform. While
such reputational mechanisms may also have benefits in terms of screening out low-quality
carriers, Appendix A.8 provides reduced-form evidence that screening has limited benefits for
platform profits, as carriers who cancel more frequently also tend to match at lower prices,
effectively off-setting the cost of their cancellations. Based on this evidence, I assume the
platform simply receives nothing when a carrier cancels, so that κ only provides an incentive
effect. In counterfactual simulations, I also consider monetary cancellation penalties, which
result in a direct monetary transfer of value κ from the carrier to the platform when a cancel-
lation occurs.

The timing of the game is as follows:

• d = 4: carriers submit their bid bi
• d = 3: each carrier receives an outside offer πi,3

– If a carrier takes the outside offer, they exit the market and get payoff πi,3 − ci

• d = 2: auction clears, awarding shipment to lowest bidder still in the market, subject to
bidding less than v11

• d = 1: each carrier receives another outside offer πi,1
– If an unmatched carrier takes the outside offer, they exit themarket and get payoff
πi,1 − ci

– If amatchedcarrier takes theoutsideoffer, theyare subject to a cancellationpenalty
and receive payoff πi,1 − ci − κ

• d = 0: if the auction winner has not cancelled, they receive a payoff bi − ci, while the
platform gets payoff v − bi.

Formally, Imodel the auction as aBayesian gamebetween the two carriers. I focus on the sym-
metric Bayesian Nash equilibrium consisting of conditional win probability beliefs, denoted
γ(b) ∈ [0, 1], and the carriers’ optimal policies, described further below.

11. Setting the reserve price equal to the platform’s valuation is not generally optimal (Riley and Samuelson
1981). However, the optimal reserve price in this model will also depend on the cancellation penalty. For the
sake of tractability, the reserve price is simplified here.
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3.2 Carrier policy

Carriers are searching for the most profitable shipment they can take given their costs (their
type). This may be a shipment from the platform, if they win the auction, or an outside offer
they receive. Their behavior can be characterized by a set of type-specific policy functions,
consisting of a bidding function b∗(c) and reservation wagesRp(b, c),Rm(b),Ru(c), where the
superscripts p, m and u correspond to the pending (bid), matched and unmatched states,
respectively. Any outside offers π that exceed these reservation wages will be accepted.

I can solve for carrier policies through backward induction. Recall that the time index d is
counting backwards from the pickup date. In d = 1, the last period before pickup, a carrier
who has not left the market yet is either matched with the platform’s shipment or not.

If they are matched, their reservation wage depends on the price agreed-upon with the plat-
form, givenby their ownbid bi. The carrier then sees the outside offerπi,1 anddecideswhether
to take it or not, solving max{πi,1 − ci − κ, bi − ci}, which results in a reservation wage of
Rm(bi) = bi+κ. I can describe the ex-ante value function of amatched carrier in period d = 1

in terms of their cutoff strategy:

V1(bi, ci) =

∫
Rm(bi)

(πi,1 − ci − κ)dG(πi,1) +G(Rm(bi))(bi − ci) (1)

An unmatched carrier at d = 1 compares the outside offer to the payoff of not working at all,
solving max{πi,1 − ci, 0}. Their reservation wage is simply Ru(ci) = ci. The ex-ante value
function of an unmatched carrier in period d = 0 is thus:

U1(ci) =

∫
ci

(πi,1 − ci)dG(πi,1) (2)

I thenmove backwards to d = 2, the period in which the auction is cleared. The lowest bidder
who clears the reserve price is awarded the shipment. I assume for now that the equilibrium
probability of winning, given bid b is γ(b), which I solve for later. The ex-ante value function
for this period is thus:

W2(bi, ci) = γ(bi)V1(bi, ci) + (1− γ(bi))U1(ci) (3)

In d = 3, carriers are waiting for the outcome of the auction, while receiving another outside
offer. Their reservation wage at this point is Rp(bi, ci) = W2(bi, ci) + ci. The ex-ante value
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function for this period is then:

W3(bi, ci) =

∫
Rp(bi,ci)

(πi,3 − ci)dG(πi,3) +G(Rp(bi, ci))(W2(bi, ci)) (4)

which is similar to Equation 1, except that the carrier incurs no penalty for taking the outside
offer. Finally, the bidding problem in the first period in d = 4 is to maximize the continuation
value in the next period:

max
bi

W3(bi, ci)

By applying Lemma 1 in the Appendix (which is just a special case of the Envelope theorem),
I can show that the FOC is:

∂W3(bi, ci)

∂bi
= G(Rp(bi, ci))

∂Rp(bi, ci)

∂bi
= 0

⇒∂W2(bi, ci) + ci
∂bi

= γ′(bi)
(
V1(bi, ci)− U1(ci)

)
+ γ(bi)

∂V1(bi, ci)

∂bi
= 0

Using Lemma 1 again, the derivative of the matched value function is given by ∂V1(bi,ci)
∂bi

=

G(R1(bi)) = G(bi + κ).

The optimal bid satisfies the following equation:

b∗(ci) = ci +
(1−G(b∗(ci) + κ))κ+

∫ b+κ

ci
(πi,1 − ci)dG(πi,1)

G(b∗(ci) + κ)︸ ︷︷ ︸
Opportunity cost

− γ(b∗(ci))

γ′(b∗(ci))︸ ︷︷ ︸
Markup

(5)

Thus, a carrier’s optimal bid consists of their marginal cost, the opportunity cost of foregone
outside offers (increasing in the cancellation penalty), and a standard markup term.12 The
bidding function is monotonic in c, so it is invertible. Thus, although the reservation wages
Rp(b, c) andRm(b) are written in terms of the bid, they can also be expressed solely as a func-
tion of the carrier’s type.

12. Note that γ′(b) < 0 in equilibrium, so that the markup is positive.
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3.3 Auction equilibrium

Carrier strategies are a function of the equilibriumconditionalwin probabilities γ(b). Thiswin
probability is given by:13

γ(bi) = P (bi < v)︸ ︷︷ ︸
Beat reserve price

(
P (bi ≤ bj)︸ ︷︷ ︸

Beat opposing bid

+P (bi > bj)Ebj [1− P (confirm|bj)|bj < bi]︸ ︷︷ ︸
Opponent wins but reneges

)
(6)

where P (confirm|bj) = G(Rp(bj, b
∗−1(bj))) is the probability that an opponent with bid bj

doesn’t find an outside offer above their reservation wage. Thus, compared to a typical auc-
tion, each bidder has an additional chance towin if the opponent reneges. The carrier policies
b∗(c), Rp(b, c), Rm(b), Ru(c) jointly influence the above conditional probability, in addition to
the three primitive distributions.

3.4 Decomposing the effect of an increased penalty

As alluded to previously, an increase in the firm’s cancellation penalty will not only affect the
propensity of carriers to cancel, but also their forward-looking bidding behavior, which ul-
timately changes the equilibrium of the auction. To understand how these effects work in
conjunction, I conduct a simple numerical comparative statics exercise, progressively adding
each effect. I also show the difference between reputational penalties, and monetary penal-
ties, with the latter generating additional revenue for the firm with each cancellation. I fix
µv = 1, σv = 0.5, σc = 0.65, σc = 0.3, µG = 0.6, σG = 0.6. As a baseline, I solve for the
equilibrium of themodel with the cancellation penalty κ set to 0. The results are illustrated in
Figure 3.

In panel (a), I hold the carriers’ bidding behavior and the auction outcomes fixed, and only
adjust their reservation wages Rm(b) = b + κ. For a given bid b, the carriers’ propensity to
cancel, given by 1 − G(Rm(b)), thus decreases with the penalty, resulting in a welfare loss for
carriers, but a profit gain for the platform. When the penalty is reputational, the platform’s
profits aremonotonically increasing in the penalty, but when the penalty ismonetary, there is
an interior optimum to the platform’s profits, which suggests that the penalty is a means for
the platform to extract some of the gains that carriers receive from outside offers.

In panel (b), I adjust the carrier bids, incorporating the increased penalty into the opportunity

13. The terms in parentheses are conditional on bi < v, but since bj and v, the expression can be simplified.
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Figure 3: Cumulative effects of an increased cancellation penalty
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(c) Equilibrium effects

NOTE: Figures show the cumulative effects of increasing cancellation penalty κ from a baseline equilibrium of
κ = 0. Dashed lines represent platformpayoffs undermonetary penalties. In (a), carrier bids and auction accep-
tances/confirmations areheldfixed, so that only cancellationbehavior changes. In (b), the carrier bid is changed,
while holding bidding equilibrium and auction acceptances/confirmations fixed. In (c), full equilibrium is ad-
justed, including equilibrium win probabilities and auction acceptances/confirmations. All quantities scaled
relative to average shipment value to the platform. Carrier welfare is relative to non-existence of the platform.

cost term in Equation 5, while holding the auction outcomes and win probability beliefs γ(b)
fixed. The increase in opportunity costs is not uniform across types, since if a carrier with
a high bid b is awarded the auction, they are unlikely to find a better opportunity even with
no cancellation penalty. What the figure illustrates is that—in expectation—carriers increase
their bids enough to more than offset the welfare loss from the increased penalty, when the
auction equilibrium is held fixed. Consequently, it is less attractive for the firm to increase the
penalty, though they may still collect additional revenue from doing so when the penalty is
monetary.

Finally, panel (c) illustrates the full equilibrium effects. This means the auction outcomes are
changed, so that some of the previously winning bids now lose, as the bids have increased. It
also means solving for a fixed point between carrier policies and the equilibrium win prob-
ability defined in Equation 6. As allocations change, some bids are no longer accepted, and
some carriers pre-emptively choose to exit the market, reneging on their winning bids. This
alters the equilibrium win probabilities, leading to a new equilibrium. Overall, this restores
the pattern observed in panel (a), where the platform benefits from a higher penalty and car-
riers incur losses, albeit to a lesser extent. This exercise demonstrates the importance of each
stage of the analysis in understanding the effects of cancellation penalties on the platformand

20



carriers.

3.5 Optimal Cancellation Penalties

In the next exercise I evaluate the social planner’s objective and the platform’s profits over a
range of cancellation penalties, displayed in Figure 4. Once again, in the figure I distinguish
between reputational andmonetary penalties. I repeat the exercise for a scenario with higher
variance in outside offers, with σG = 1.2. Intuitively, a higher variance in a carrier’s outside
option increases the value of the option to cancel.

Figure 4: Social Welfare vs. Firm Profits
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(a) Low variance in outside offers
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(b) High variance in outside offers

NOTE: Dashed lines represent monetary penalties (T=Transfer), solid lines represent reputational penalties
(NT=No Transfer). Triangles denote optimal penalty levels for respective objectives. All quantities are scaled
relative to average shipment value to the platform. Carrier and total welfare is relative to non-existence of the
platform. Low variance is σG = 0.6 and high variance is σG = 1.2.

I start by considering reputational penalties, given their use in the status quo. Since triggering
reputational penalties does not generate any revenue, the firm would—all else equal—prefer
to prevent cancellations altogether. But since carriers’ bids depend on the penalty level, in-
creasing the penalty could potentially leave the firm worse off because of the pass-through
effect. I find that the net effect of these two forces depends crucially on the variance of the
carriers’ outside offers; when the variance is low (high) increasing the penalty monotonically
increases (decreases) firm profits. In both cases, carrier welfare and overall welfare are de-
creasing in the penalty, althoughmore starkly when the variance is high. The takeaway is that,
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under reputational penalties, carrier and firm incentives are aligned when the welfare impact
of the penalties is strong enough, thanks to the upstream effects on bidding behavior.

In the case of monetary penalties, both objective functions have interior maxima in both sce-
narios. However, the profit-maximizing penalty is higher than the social welfare-maximizing
penalty. This aligns with the idea that penalties allow the platform to capture a portion of the
rents that carriers receive fromoutside offers. Undermonetary penalties, the platformand so-
cial planner’s objectives are generally not aligned, although worst-case divergence in optimal
policies is less pronounced than under reputational penalties.

In summary, this illustrative model demonstrates that the welfare implications of different
penalty regimes are theoretically ambiguous and depend heavily on the nature of the outside
offer process as well as the type of penalty. The model also underscores the importance of
considering the equilibrium pass-through of the penalties, rather than just the direct effects
on cancellation behavior.

4 Empirical Model

The baseline model above captures the fundamental economic impacts of the cancellation
penalties on carriers’ bidding strategies and reservation wages. However, it does not fully re-
flect all aspects of the empirical context. To enable a realistic empirical analysis, I enrich the
model with additional features, including themulti-unit nature of the auctions, the stochastic
arrival of carriers and shipments, the Accept-Now feature, and the multiple auction clearing
rounds. With these additions the model better captures the key features of the platform de-
scribed in Section 2.

Formally, this model takes place in continuous time, but as all events and decisions arrive
according to Poisson processes, there is no reference to a continuous time index in what fol-
lows. The dynamics of the model are thus described by a continuous-time Markov chain, as
in Doraszelski and Judd (2012).

The model is specified on a market-by-market basis, where one market is defined as a com-
bination of a shipping lane (metro to metro) and a departure date. As the model parameters
will be estimated on a lane-specific basis, I make no further reference to the lane below. The
decision problem takes place in the days leading up to departure, with the state variable d
indexing the number of full days until departure. As in the baseline model, the index counts
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backwards from the pickup time, so that the period from 0 to 24 hours before departure is in-
dexed as d = 0, the period from 24 to 48 hours before is indexed as d = 1, and so on. Carriers
are indexed by i and shipments are indexed by j.

In the first half of this section I describe the individual decision problem of carriers and their
optimal policies. In the second half I describe the aggregate dynamics of the platform, which
are used to simulate the counterfactuals.

4.1 Carriers

As in the baseline model, the model of carrier behavior includes an optimal bidding function
anda set of reservationwages. The empiricalmodel adds afirst-stage choice ofwhether to bid,
use the Accept-Now feature, or ignore a shipment, as well as a richer cost structure to allow for
match-specific costs in the multi-unit auction setting. In their interactions with a particular
shipment, carriers can go through multiple states: unmatched, meaning they are certain not
to take the shipment, matched, meaning they are certain to take the shipment, and pending
bid, meaning they have placed and are waiting to see if they win the auction.

Carriers vary in their cost of matching with each shipment. Their shipment-specific cost cij
consists of a mean cost c̄i ∼ N(µc

d, σ
c
d) and an idiosyncratic term ϵij ∼ N(0, σϵ). The mean

cost c̄i is interpreted as a combination of real marginal costs c̃i and the opportunity cost of
not taking an outside offer with payoff ūi, so that c̄i = c̃i + ūi.14 The idiosyncratic component
ϵij captures a carrier’s cost of taking on a particular shipment. Anecdotal evidence from the
firmproviding the data suggests that scheduling conflicts and relocation costs are the primary
sources of idiosyncratic variation in costs.

In addition to shipments they view on the platform, carriers also receive outside offers off-
platform. Whereas in the baseline model, the arrival times of the outside offers is determin-
istic, in the empirical model, they are stochastic. Each carrier is subject to a Poisson process
of outside offers, with rate λ̃d. Each offer is characterized by a payoff πij , which is distributed
according toN(µπ

d , σ
π
d ).

Furthermore, each carrier is also subject to a stochastic attention mechanism. For each out-
side offer that arrives, or each auctionwin on the platform, carriers have a day-specific proba-
bility of paying attentionαd. It is also assumed that a carriermust be paying attention in order

14. The real marginal costs can include fuel, depreciation and other trip related costs, as well as the change in
continuation values from arriving in a different location. This follows the notion of inclusive costs in Buchholz
et al. (2020).
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to confirmabid. Ultimately, thismeans that the effective arrival rate of offers isλd = αdλ̃d and
the acceptance rate of winning bids (derived in full later) is multiplied byαd. Thismechanism
is reminiscent of the simple stochastic consideration sets of Manzini andMariotti (2014), and
is a reasonable assumption given the large proportion of carriers who are owner-operators
and lack dedicated administrative staff to monitor their auctions when they are on the road
or off-duty. This model feature also helps explain the high level of attrition at the pending bid
stage and the low level of attrition at the matched stage.

Similarly to the baseline model, carriers’ behavior can be summarized through a set of type-
specific policy functions: the optimal bidding function b∗d(cij), as well as the reservationwages
RU

d (cij), RP
d (bij, cij), and RM

d (bij, cij). These reservation wages determine the thresholds for
accepting outside offers in the unmatched, pending bid, and matched states, respectively.
The empirical model extends carrier policies with the addition of the first-stage choice prob-
abilities Pd,ij(x|cij, bAj ), where x is the choice of whether to ignore, Accept Now, or bid on a
shipment after viewing it. Shipment views are treated as exogenous. Themodel also increases
the dimensionality of the carrier policies, with the time indices d denoting the current time
and d̄i denoting the initial time of arrival to the market, which determines the carrier’s cost
distribution.

Another complication of the empirical setting is the possibility of bidding on multiple auc-
tions simultaneously. In principle, the optimal policy of a carrier should depend on the entire
set of shipments available to them. To reduce the dimensionality of the problem, I make a
simplifying assumption about the carrier policies:

Assumption 1 Carriers’ first-stage choice probabilitiesPd,ij(x|cij, bAj ), bidding function b∗d(cij),
and reservationwagesRU

d (cij), R
P
d (bij,cij), R

M
d (bij, cij)ona shipment j onlydependon their cost

cij for that shipment.

This does not imply that carriers are myopic about other shipment opportunities on the plat-
form. Instead, I assume that they incorporate their beliefs about future opportunities on the
platform into their general belief about future outside options. This is similar to research by
Backus and Lewis (2024), in which bidders have beliefs about future auction opportunities
described by a Markov chain.

I also make a closely related assumption on carriers’ knowledge of their costs:

Assumption 2 In solving for their optimal policy, carriers only know the cost cij of the focal
shipment and not their mean cost c̄i. They form Bayesian beliefs about their mean cost after
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observing cij , usingN(µc
d, σ

c
d) as a prior distribution.

As will be seen further on, this assumption simplifies the computation of the likelihood of the
model. If c̄i were known to carriers, but unknown to the econometrician, this would create
an additional dimension of unobservables to integrate out. The strength of this assumption
depends empirically on the relative variance of themean and idiosyncratic cost components.
The estimation results illustrate that the variance of the idiosyncratic component is relatively
much smaller, so knowledgeof the cost of one shipment is a goodapproximation to knowledge
of the mean cost term.

However, it is a priori important to specify carriers’ rational beliefs about their costs for out-
side offers in amanner consistentwith their cost structure. For example, suppose the variance
of idiosyncratic cost component ϵij were zero, then the distribution of profits of outside offers
would be fully specified by the distribution of the outside offer payoffs πij , independently of
their cost for the focal shipment. On the other hand, if the variance of the idiosyncratic com-
ponent is high, then a carrier that has a particularly low (high) cost on a focal shipment would
expect that their costs on outside offers would be higher (lower), creating some dependence
between the distribution of profits on outside offers and their cost on the focal shipment on
the platform.

The Bayesian beliefs described in Assumption 2 approximate this effect. These beliefs have
a straightforward analytic form under the normality assumptions on the outside offer payoff
and carrier cost distributions. Formally, let the net payoff for an outside offer on alternative
shipment j′ be πij′ −cij′ which can be rewritten as πij′ −(cij′ −cij)−cij . Let π̃ij′ ≡ πij′ −(cij′ −
cij) be the net payoff of an outside offer relative to the focal shipment. Given the normality
assumptions, the conditional distribution is:

π̃ij′ |cij ∼ N
(
µπ
d + ρ(cij, d̄i), σ

π̃
d,d̄i

)
⇔ π̃ij′ + ρ(cij, d̄i)|cij ∼ N

(
(µπ

d , d̄i)
)

where ρ(cij, d̄i) =
σ2
ϵ (cij−µc

d̄i
)

σ2
ϵ+(σc

d̄i
)2
, σπ̃

d,d̄i
=

√
(σπ

d )
2 + (σc

d̄i
)2 + σ2

ϵ −
σ4
c

(σc
d̄i
)2+σ2

ϵ
, and d̄i is the carrier’s ar-

rival date to themarket. Thus, under Assumption 2, the beliefs about net outside offer payoffs
are given by a common normal distribution (which I denote asGd(.) in the following) shifted
by the adjustment factor ρ(cij, d̄i). This captures the fact that when a carrier is matched to a
shipment at a high cost, their costs on other shipments are likely to be lower, and vice versa.

I derive the optimal carrier policies, which are composed of three parts:

1. The choice probabilities of whether to ignore, Accept Now, or bid on a shipment condi-
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tional on viewing it.
2. The bidding function mapping the carrier’s cost to their bid.
3. The state-dependent reservation wage to take on outside offers.

All three policies depend on the carrier’s value functions in one of three states (relative to the
focal shipment): unmatched, matched at price b, and having a pending bid b. These can be
solved via backward induction, starting with the unmatched state.

Unmatched state The value function in the unmatched state is denoted byUd,d̄i(cij). When-
ever anunmatchedcarrier receives anoutsideoffer in this state, they solvemax{Ud,d̄i(cij), π̃ij′−
cij + ρ(cij, d̄i)}, so that their reservation wage in this state is:

RU
d,d̄i

(cij) = Ud,d̄i(cij) + cij − ρ(cij, d̄i) (7)

The unmatched value function is thus:

Ud,d̄i(cij) =
1

η + λd

[
λd

(∫
RU

d,d̄i
(cij)

(π̃ij′ − cij + ρ(cij, d̄i))dGd(π̃ij′) (8)

+Gd(R
U
d,d̄i

(cij))Ud,d̄i(cij)
)
+ ηUd−1(cij)

]
with U−1,d̄i(cij) = 0. Intuitively, the value function in the unmatched state is a weighted aver-
age between two events: the arrival of an outside offer and the arrival of a new day. When an
outside offer arrives, the carrier only takes it if it exceeds their reservation wage. Otherwise,
they remain in the current state.

See Appendix A.1 for the formal derivation of this value function from the continuous time
setup. The other value functions that follow below can be derived in a similar manner.

Matched state The value function in thematched state is denotedbyVd,d̄i(bij, cij). The value
in this state is a function of both the carrier’s cost and the agreed upon payment bij , which
comes from either the carrier’s own bid or the Accept Now feature.

When a matched carrier receives an outside offer, they solve max{Vd,d̄i(bij, cij), π̃ij′ − cij +

ρ(cij, d̄i) − κd}. The platform’s cancellation penalties κd enter into this decision in reduced
formas amonetary equivalent to the reputational costs of cancelling a shipment. The carrier’s
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reservation wage in this state is

RM
d,d̄i

(bij, cij) = Vd,d̄i(bij, cij) + cij − ρ(cij, d̄i) + κd (9)

The matched value function is thus:

Vd,d̄i(bij, cij) =
1

η + λd

[
λd

(∫
RM

d,d̄i
(bij ,cij)

(π̃ij′ − cij − κd + ρ(cij, d̄i))dGd(R
M
d,d̄i

(bij, cij)) (10)

+Gd(π̃ij′)Vd,d̄i(bij, cij)
)
+ ηV̄d−1(b, c)

]
with V−1,d̄i(bij, cij) = bij − cij . Similarly to the unmatched value function, the matched value
function is a weighted average of the payoff from the arrival of an outside offer and the payoff
from the arrival of a new day.

I can also derive the overall probability of a matched carrier cancelling a shipment, which
will be used in constructing themodel’s likelihood. The cancellation probability of amatched
carrier on day d is jointly determined by the arrival process of outside offers and the carrier’s
reservation wage, as follows:

Pd̄i(cancel|bij, cij) =
λd
(
1−Gd(R

M
d,d̄i

(bij, cij))
)

η + λd
(
1−Gd(RM

d,d̄i
(bij, cij))

) (11)

Bidding A carrier with a pending bid bij has the value functionWd,d̄i(bij, cij). At any point
in time, the carrier may win the auction at day-specific rate γd(b). Upon winning, the carrier
may accept or decline the shipment. In the model, they will only decline the shipment if they
have already matched with another shipment, or if they are not paying attention.

While waiting on a pending bid, carriers continue to receive outside offers. When one arrives,
they solvemax{Wd,d̄i(bij, cij), π̃ij′ − cij + ρ(cij, d̄i)}, so that their reservation wage in this state
is

RP
d,d̄i

(bij, cij) = Wd,d̄i(bij, cij) + cij − ρ(cij, d̄i) (12)
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The pending bid value function is:

Wd,d̄i(bij, cij) =
1

η + γd(bij) + λd

[
λd

(∫
RP

d,d̄i
(bij ,cij)

(π̃ij′ − cij + ρ(cij, d̄i))dGd(π̃ij′) (13)

+Gd(R
P
d,d̄i

(bij, cij))Wd,d̄i(bij, cij)
)

+ γd(bij)(αdVd,d̄i(bij, cij) + (1− αd)Ud,d̄i(cij)) + ηWd−1(bij, cij)
]

withW−1,d̄i(bij, cij) = 0. The value function is now a weighted sum of three events: the arrival
of an outside offer, a new day, and the possibility of winning the auction. When a carrier wins
an auction, they have the option to confirm the bid if they are paying attention, which occurs
with probability αd. If the bid is confirmed, the carrier enters the matched state. Otherwise,
they remain unmatched.

I use this to construct the likelihood of bid confirmations in the data, using only knowledge of
the day the carrier placed the bid, denoted dbij , and the day the bid was accepted, denoted daij .
The confirmation probability of a bid is given by:

Pd̄i(confirm|bij, cij, daij, dbij) = αdaij

dbij∏
k=daij

(
1−

λk(1−Gk(R
P
k,d̄i

(bij, cij)))

η + γk(bij) + λk(1−Gk(RP
k,d̄i

(bij, cij)))︸ ︷︷ ︸
Probability of taking an outside offer on day k

)
(14)

Intuitively, the confirmation probability is simply the cumulative probability of the carrier not
taking any outside offer between the bid being placed and being accepted, multiplied by the
probability of paying attention.

I turn to the carrier’s problem of choosing their optimal bid. I assume that bidders cannot
change their bids as time goes on.15 The bidding problem at the time of first viewing the ship-
ment can then be written as:

max
bij

Wdbij ,d̄i
(bij, cij) (15)

The first order condition—shown here in Equation 16—takes the form of a weighted sum of
day-specificmarginal utilities, each of which accounts for the benefit of a higher bid for a win

15. In reality, they can freely change their bids, but this is empirically rare, which may imply a high cognitive
cost of re-optimizing the bid.
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on each particular day. The full derivation is given in Appendix A.3.

∂Wd,d̄i(bij, cij)

∂bij
=

dbij∑
k=0

Probability of bid surviving from d to k︷ ︸︸ ︷[ dbij∏
ℓ=k

1

η + γℓ(bij) + λℓ
(
1−Gℓ(RP

ℓ,d̄i
(bij, cij))

)]η−1

γ′d(bij)
(
αdVd,d̄i(bij, cij) + (1− α)Ud,d̄i(cij)−Wd,d̄i(bij, cij)︸ ︷︷ ︸

Benefit of winning net of opportunity costs

+
αdγd(bij)

γ′d(bij)
Pd,d̄i(no cancel|bij, cij)︸ ︷︷ ︸

Markup

)

= 0 (16)

Let b∗d(cij, d̄i) denote the optimal bidding function implicitly defined by the first-order condi-
tion.

First-Stage choice When first viewing a shipment, a carrier can choose between three op-
tions: ignoring the shipments, bidding on the shipment, or using the Accept-Now feature, to
immediately match with the shipment at the price set by the platform, denoted bAj , which is
observed by the carrier. I can formulate the continuation value associated with each of these
choices. Let ukij, k ∈ {B,A, I} be the continuation value of bidding, using the Accept-Now
feature, and ignoring the shipment.

To increase theflexibility of themodel andfit the empirical first-stage choices, I add additional
non-structural shocks (which do not enter welfare calculations) to rationalize the observed
behavior. I assume that carriers make their first stage choices based on a set of mean pseudo-
values—combining the continuation value of a choice with a “hassle” cost—and a choice-
specific Type-1 Extreme Value shock with scale parameter σchoice.16 The mean pseudo-value
of bidding is given by uBij = Wd,d̄i(b

∗(cij), cij) − cbid. The mean pseudo-value of the Accept-
Now feature is uAij = Vd,d̄i(b

A
j , cij)− cAN , with the value function of a matched shipment given

by Equation 10. The mean pseudo-value of ignoring the shipment is uIij = Ud,d̄i(cij). This
formulation leads to the familiar multinomial logistic choice probabilities:

Pij(X = k) =
exp(ukij/σ

choice)∑
ℓ∈{B,A,I} exp(u

ℓ
ij/σ

choice)
, k ∈ {B,A, I} (17)

16. Hassle costs andchoice-specific shocks areomitted fromwelfare computations as theywouldmechanically
increase carrier utilities for every shipment view. In addition, the estimates of these parameters are implausibly
large, so their economic interpretation is unclear. However, the counterfactual results are qualitatively robust to
alternative values of these parameters, so they are not the main focus of the empirical strategy.
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To summarize, I have solved for the first-stage choice probabilities in Equation 17, the bid-
ding function, defined implicitly through Equation 16, and the reservation wages in the un-
matched, matched, and pending bid states in Equations 7, 9, and 12, respectively. Together,
these fully specify the single-agent behavior of carriers on the platform. Next, I deal with the
aggregate dynamics and equilibrium of the platform.

4.2 Platform

In the counterfactual simulations, the model of carrier behavior is combined with an aggre-
gate dynamic model of the auction platform for each shipment pickup date. This model is
used to simulate the arrival of carriers and shipments, the matching process, and the auction
clearing process. As before, the model dynamics are described by a continuous-time Markov
chain. At any point in time, one of the following events can occur:

1. A carrier i arrives to the market with mean cost c̄i
2. A shipment j arrives to the market with value vj
3. An existing carrier i views an existing shipment j (drawingmatching cost c̄i+ϵij), choos-

ing to ignore, bid, or take the shipment at the Accept-Now price pAN(vj)

4. Acarrier accepts anoutsideoffer andexits themarket, potentially cancelling theirmatched
shipment on the platform

5. A shipment is cancelled and exits the market
6. An auction on the platform attempts to clear at reserve price rd(vj)
7. The days remaining until pickup count down from d to d− 1

These events occur at state-dependent rates, which determine the transition matrix of the
Markov chain. The carrier and shipment arrivals are assumed to occur exogenously at rates
λcarrierd and λshipment

d . Each carrier-shipment pair that has not previously met can generate a
view at independent rate λviewd . Following a view, carriers decide whether to ignore the ship-
ment, bid, or take the shipment at the Accept-Now price based on the value functions derived
above in section 4.1.

Carriers compute their outside offer acceptance threshold as the maximum of all thresholds
on the set of pending bids or their currentlymatched shipment. As above, they receive outside
offers at rate λd with payoff distributionG(.). When they accept an outside offer or a different
offer within the platform, they take the payoff πij′ − cij′ and exit the market, at the additional
cost of a cancellation penalty κd if they were currently matched on the platform.
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Shipment cancellations occur exogenously at rate λshipcanceld . Because the focus of the paper
is on the carrier side of the market, any potential welfare gains from a shipment cancellation
are not modeled.

Every currently unmatched shipment reaches an auction clearing round at rate λcleard . In a
clearing round, all bidders below the reserveprice rd(vj) are offered the shipment in sequence,
starting from the lowest bid, until a carrier accepts. If no bids below the reserve price confirm
their bids, nothing happens. Bids that are rejected by carriers are deleted. Bids that have yet
to be accepted by the platform remain pending.

As before, the rate of transition between days η is normalized to 1. Given the properties of
the Poisson process, all other rates can thus be interpreted as the mean number of the corre-
sponding event per day.

Finally, the equilibrium of the model is once again a fixed point between carrier policies and
the conditional auction win probabilities. However, unlike the baseline model, these win
probabilities do not have a closed form solution. They are solved for numerically through
simulation of the platform dynamics.

5 Estimation

The estimation of the structural model is split into two parts. The parameters of carrier be-
havior, including the cost distributions and the arrival rates of offers, are estimated by max-
imizing the full likelihood derived from the carrier model above. The parameters governing
arrivals to the platform, the distribution of shipment values, and the conditional reserve price
and Accept-Now price models are estimated through the method of moments.

5.1 Carrier Model Estimation

1. FIRST STAGE DECISIONS: For each j, I observe the choice xij ∈ {B,A, I}, corresponding
to the decision to bid, Accept-now, or ignore the shipment. For carrier i, let KB

i ⊆ Ki

denote the set of bids,KA
i ⊆ Ki the set of Accept-Nowmatches, andKI

i ⊆ Ki the set of
ignored shipments.

2. BIDS: For shipments j ∈ KB
i , I also observe the carrier’s bids bij ∈ R+.

3. CONFIRMATIONS: A subset of bids K̄B
i ⊆ KB

i are winning bids, giving the carrier the
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opportunity to confirm their bid. I thus observe yij ∈ {1, 0} for j ∈ K̄B
i , where 1denotes

a confirmation. I let K̃B
i ⊆ K̄B

i denote the set of shipments that a carrier confirms.
4. CANCELLATIONDECISIONS: For shipmentsmatched by confirming a bid or using Accept-

Now (K̃B
i ∪KA

i ), I also observe, for each valid day before pickup d, whether the carrier
canceled on that day or not, so I have cancellation decisions zijd ∈ {1, 0} for j ∈ K̃B

i ∪
KA

i , where 1 denotes a cancellation. Let zij denote the vector of cancellation decisions.

In addition, the likelihood needs to account for the unobservable costs. This includes both
the mean carrier cost c̄i and the shipment-specific costs cij = c̄i + ϵij . To start, I assume that
c̄i is also observed, so that I can condition the likelihood on it, before eventually integrating it
out.

I start by forming the likelihood of the observed bids. Recall that I can use the first-order con-
dition of the carrier’s bidding problem to invert the bid into their cost, so the likelihood of
bids is obtained from the distribution of costs that I aim to estimate. I denote this inversion as
cij = b∗−1

d̄i
(b). Recall that cij = c̄i + ϵij, ϵij ∼ N(0, σϵ). I can then write the likelihood of a bid

conditional on c̄i and parameters θ as:

L(bij|c̄i, θ) = ϕ((b∗−1
d̄i

(b)− c̄i)/σϵ)
∣∣∣∂b∗−1

d̄i
(b)

∂bij

∣∣∣ (18)

where ϕ(.) denotes the density function of a standard Normal distribution. The derivative
term inside the absolute value is needed to properly account for the transformation of the
random variable.

Below, I derive the remaining component of the likelihood by first assuming that I know the
shipment specific cost cij . This is true for shipments a carrier has bid on, as I can invert the
bid to obtain the cost. For the remaining shipments, I integrate out the unobservable cost.

The first stage choices are obtained straightforwardly from Equation 17. I denote their condi-
tional likelihood as P (xij|cij, θ).

Next, the bid confirmation probabilities are obtained from Equation 14. These are only rel-
evant for observations with bids, and can thus all be conditioned on the bid and the corre-
sponding inverted cost cij = b∗−1(bij)

P (yij|bij, θ) = Pd(confirmed|bij, cij)yij(1− Pd(confirmed|bij, cij)yij)(1−yij) (19)

where yij is shorthand for the decision to confirm a bid, conditional on winning. Finally, I ob-
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tain the cancellation probabilities from Equation 11. These cover every day before pickup d
during which a shipment was matched, which rules out multiple cancellations for one ship-
ment.

P (zij|bij, cij, θ) =
dij∏

d=dij

Pd(cancel|bij, cij)zij(1− Pd(cancel|bij, cij))(1−zij) (20)

where zij is shorthand for the vector of cancellation decisions. Computing the full likelihood
for a single carrier index i requires careful consideration of which likelihoods are jointly inte-
grated.

The panel structure of the data requires that the unobservable mean cost c̄i be jointly inte-
grated out over the whole set of decisions of a single carrier. Formally, suppose a carrier bids
on every shipment they see. Then the joint probability of their actions is:∫ ∏

j∈KB
i

[L(bij|c̄i, θ)]
∏

j∈K̄B
i

[P (yij|bij, θ)]
∏

j∈K̃B
i

[P (zij|bij, cij, θ)]

︸ ︷︷ ︸
Independent of variable of integration c̄i

dF (c̄i)

Since the terms relating to confirmation and cancellation decisions are fully determined by
the observed bid bij and the inverted cost cij , these can be moved outside the integral. This
simplification is directly attributable to Assumption 2, which requires that carriers only make
use of cij in the computation of their optimal policies. For carriers that also use the Accept-
Now option or ignore some viewed shipments, additional terms are added to the integral, as
described in the following.

For any shipments where a carrier used Accept-Now, no bid is observed. I first write the like-
lihood conditional on c̄i, and integrate out the idiosyncratic component ϵij jointly over the
first-stage choice and cancellation decisions, as follows:

PA(xij, zij|c̄i, bAij, θ) =
∫
P (xij = A|c̄i + ϵ, θ)P (zij|bAij, c̄i + ϵ, θ)dF (ϵ) (21)

where xij and zij are shorthand for the first-stage choice and cancellation decisions, respec-
tively.

For shipments that were ignored by a carrier, I can simply integrate the likelihood of the first
stage choice:

P I(xij|c̄i, θ) =
∫
P (xij = Ignore|c̄i + ϵ, θ)dF (ϵ) (22)

Now, I can gather all the shipments of carrier i, and write the likelihood of all terms to be
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integrated over the unobserved c̄i:

Lint
i (θ) =

∫ [ ∏
j∈KB

i

L(bij|c̄i, θ)
∏

j∈KA
i

PA(xij, zij|c̄i, bAij, θ)
∏
j∈KI

i

P I(xij|c̄i, θ)
]
dF (c̄i) (23)

And thus, the full likelihood of the model is:

L(θ) =
N∏
i=1

[
Lint

i (θ)
∏

j∈K̄B
i

P (yij|bij, θ)︸ ︷︷ ︸
Confirmations

∏
j∈K̃B

i

P (zij|bij, b∗−1(bij), θ)

︸ ︷︷ ︸
Cancellations

]
(24)

While in principle it is possible to use the full likelihood to jointly estimate all parameters of
themodel, it is computationally expensive to do so and it is more sensitive tomodel misspec-
ification. For example, if themodel of first-stage choices—which is not a primary focus of this
paper—is misspecified, the parameters relating to the outside offer process and cancellation
penalties may be biased to create a better fit. This is a particular concern because there are
many more observations of first-stage choices than of confirmations and cancellations. For
these reasons, I adopt a two-step estimator. Let θ1 = (κ, λ, µπ, σπ) denote the parameters of
the outside offer process and the cancellation penalties, and θ2 = (µc, σc, ϵc, cbid, cAN , σchoice)

denote the parameters of the cost distribution and the first-stage choices. The first step esti-
mates θ1 by maximizing the likelihood of the confirmation and cancellation decisions, while
the second step estimates θ2 by maximizing the full joint likelihood of the first-stage choices,
taking the estimated θ1 as given. The identification arguments I develop below focus on the
first step of the estimation to justify the sufficiency of cancellation decisions to identify the
outside offer process and the penalty schedule.

Implementation Details Here I discuss additional restrictions imposed on the model for
estimation purposes, as well as the implementation of an economically motivated assump-
tion of non-negative costs, which aid in identification. For details on the estimation of the
asymptotic variances of the estimates, the reader is referred to Appendix A.6.

To start, while the model is derived by normalizing utilities into monetary equivalents, they
are not estimated as dollar amounts. Instead, they are estimated as a proportion of the cur-
rent market rate, as in Section 2. The trucking industry experiences regular seasonal fluctu-
ations, in addition to cost variations due to macroeconomic factors (such as the fuel price
shock caused by the Russian invasion of Ukraine in 2022). To remove the noise from these
fluctuations and pool the data across periods, all price variables in the data are first divided
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by the platform’s internal estimate of the prevailing spot price for shipments along the lane,
obtained from third-party data. This will be referred to as the market rate, and all relevant
structural parameters will be expressed as a fraction of this market rate.

I then impose monotonicity and non-negativity assumptions on κd, so that κd−1 ≥ κd ≥
0, ∀d . If cancellation penalties were notmonotonically increasing as the pickup time draws
closer, it would be in the interest of a carrier to hold off on cancelling even when they already
have abetter offer inhand. Todiscipline the timepathof theparameters governing theoutside
offer distribution (µπ

d , σ
π
d , λd), I impose a second-order polynomial structure in the number of

days until pickup. Furthermore, I assume that all day-specific parameters are shared between
d = 4, 5, 6, 7 as no bids are accepted by the platform before then, so there is limited informa-
tion on cancellation and bid reneging behavior.

Before estimating the parameters of the structural model, I first estimate the conditional win
probabilities of the auction at the lane level. The FOC in Equation 16 involves the day-specific
win rates γd(b) and their derivatives γ′d(b). While these can be solved for throughmarket equi-
librium conditions (and are, in the counterfactual simulations), doing so for every evaluation
of the likelihood is computationally expensive, as it involves solving for a fixed point in the
space of bidding strategies (the optimal bid is a function of the win probabilities and the win
probabilities are a function of the optimal bidding strategies). To avoid this computational
burden, I estimate the win probabilities off-line from the data directly, in the spirit of Guerre,
Perrigne, and Vuong (2000).17 This estimation step is detailed in Appendix A.4.

Furthermore, as the model treats the confirmation and cancellation decisions of a carrier on
different shipments as separate, I filter the data to only include confirmations and cancella-
tions on the first bid of each carrier-day pair that is accepted by the platform. This approach
sidesteps the issue of correlated confirmation and cancellation decisions, which would oth-
erwise necessitate integrating over the arrivals of unobserved external offers in the likelihood
calculation, adding a significant computational burden.

Finally, themaximum likelihood estimation is augmentedwith a penalty on negative inverted
costs. Given the interpretation of costs in the model, there is no economic rationale for neg-
ative costs. This implies a restriction on the model parameters θ, which is difficult to charac-
terize analytically, which is why it is enforced through a penalty term. Specifically, rather than

17. In standard auction settings as studied by Guerre, Perrigne, and Vuong (2000), the win probability is a
straightforward function of the bid distribution (which can be efficiently nonparametrically estimated) and the
number of opponents. The complex auction format studied here does not permit such a closed-form relation-
ship, so the conditional win probability is estimated directly.

35



simply maximizing the log-likelihood of the model, the estimator solves:

max
θ

logL(θ) + ψ

 N∑
i=1

kBi∑
j=1

min{cij, 0}


where the costs are obtained by the inversion cij = b∗−1(bij) and where the tuning parameter
ψ is chosen to be large enough to ensure that the overwhelming majority of estimated costs
are non-negative, but small enough to avoid erratic behavior in the optimization routine. This
non-negativity penalty plays a key role in the identification argument that follows.

Identification I begin by discussing the main identification challenge that is unique to this
paper, which concerns the distribution of outside offers. It is not directly observed, but can be
inferred from the conditional cancellation probabilities in the raw data, presented in Figure
2. However, as the cancellation decision depends linearly on the cancellation penalty, the
location of the outside offer distribution is not separately identified from the penalty level
based on the conditional cancellation probability alone.

To deal with this, I develop a partial identification argument to separately identify these ob-
jects based on the non-negativity condition on inverted costs. To enable a tractable analysis,
I develop the argument using the baseline model described in Section 3. Note that the fol-
lowing argues that the parameters are at least partially identified, without making use of any
parametric restrictions imposed in the estimation, as discussed above. It is likely that these
additional restrictions provide further identifying power.

While not shown formally here, it is likely that the additional parametric restrictions on the
shape of the outside offer distribution and its evolution over time provide additional con-
straints on the model that make it point-identified.

Using the thresholdRm
1 (b) = b+ κ, the cancellation probability can be written as:

P (cancel|bi) = 1−G(b+ κ) (25)

Let G̃(x) = G(x + κ) be the location normalized distribution, which is directly identified
from the cancellation probability above. Taking the bid b as given, the first-order condition for
optimal bidding from Equation 16 can be re-written in terms of the normalized distribution
as follows:

b− c−
(1− G̃(b))κ+

∫ b

c−κ
(π̃ − c+ κ)dG̃(π̃)

G̃(b)
+
γ(b)

γ′(b)
= 0 (26)
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The derivative of the implicit function of cwith respect to κ is:

dc

dκ
= −

1− G̃(b) +
∫ b

c−κ
G̃′(π̃) dπ̃

G̃(b) +
∫ b

c−κ
G̃′(π̃) dπ̃

< 0, ∀b s.t. G̃(b) < 1 (27)

Now, let b be the lowest bid in the data. If G̃(b) < 1, that is, the (data-derived) conditional
cancellation probability at the lowest bid is less than 1, then the inverted cost b∗−1(b) is strictly
decreasing in the penalty κ. Given the lower bound c ≥ 0, this provides an upper bound on
the penalty κ. The lower bound κ ≥ 0 is assumed. For any κ in the identified set, there is a
correspondingGκ. Thus, κ and the location ofG(.) are jointly set-identified.

The Monte Carlo exercise in Appendix A.5 provides further evidence for the identification of
the parameters of interest and examines the identification of the attention probability α from
the addition of the confirmation probabilities.

This identification argument also supports the estimation of the outside offer distribution pa-
rameters and cancellation penalties from the confirmation and cancellation behavior alone.
Conditional on these parameters, the identification of carrier’s cost distribution and the pa-
rameters governing their first-stage choice probabilities are straightforward.

The cost distribution is identified from a combination of the costs obtained from the bid in-
version and the first-stage choice probabilities. Carriers with very low costs for a shipwill gen-
erally find it more attractive to use the Accept-Now option, as the posted price will be closer
to their optimal bid, while carriers with very high costs for a shipment will generally prefer to
ignore it, as they stand very low chances of winning. Thus, the first-stage choice probabilities
“fill in” the truncated regions of the cost distribution. The use of the joint likelihood helps to
separately identify the variance of the idiosyncratic cost term ϵij from the variance of themean
cost term c̄i.

Finally, the parameters governing the first-stage choice probabilities are identified from the
first-stage choices alone and effectively act as a residual. The variance of the idiosyncratic
cost term ϵij is identified from the elasticity of choices to the value functions associated with
each choice, while the hassle costs help to fit the overall average choice probabilities.

With these identification arguments in place, I now turn to the estimation results.

Carrier Model Estimates Recall that the carrier model is estimated in two steps, with the
first step estimating the parameters of the outside offer process and the penalty schedule, and
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the second stepestimating the carrier cost distributionand theparameters governing thefirst-
stage choice probabilities. I begin by presenting the results of the first step of the estimation.
In Table A.2 in the appendix I report the raw structural parameter estimates from this step and
their asymptotic standard errors, showing that all parameters are precisely estimated.

Formally, the stochastic process of outside offers consists of four elements: the arrival rates
of offers λd, the mean and standard deviation of the distribution of outside offers µπ

d , σ
π
d , and

the attention probabilityα. However, what is effectively identified under the arguments in the
previous section is the amalgamated distribution of the maximal outside offer received by a
carrier within a day.

Figure 5: Features of the carrier search process
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NOTE: In (a), P(Some offer) is the probability of an offer arriving and being non-negative. In (b), the effective
distribution is integrated over the number of offer arrivals from the Poisson process, and is conditioned on the
offer being non-negative.

The left-hand side of figure 5 presents the offer arrival rates and attention probabilities, along
with the overall probability of receiving a non-negative offer. The estimates imply that, al-
though the arrival rates are declining due to declining attention being paid, the overall proba-
bility of receiving anoffer is slightly increasing, due to thequality of offers changing. The right-
hand presents the effective distribution of the maximal outside offer received by a carrier,
which shows additional mass at the right of the distribution as the pickup date approaches,
which may reflect the added urgency of shippers.

The cancellation penalties are presented in Figure 6, which shows a near-zero cancellation
penalty until the 48-hour pickup window, which is consistent with the platform’s officially
stated policy. Evenwithin thewindow, the penalties are fairlymodest, reaching amaximumof
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Figure 6: Cancellation penalty
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3.5% of the market rate, which is consistent with the notion that relational penalties are weak
in the spot market.

I now turn to the estimates from the second step of the estimation, presented in Table 4,
which include the parameters of the carrier cost distribution and those governing the first-
stage choices. The mean carrier cost is steady over nearly all days, but is substantially lower
on the very last day, which reflects that carriers, like shippers, have a greater urgency tomatch
as the pickup date nears, though the greater variance on the last day indicates that there is
substantial heterogeneity in this respect. The variance of the carrier-shipment idiosyncratic
cost shocks is substantially smaller than the variance across carriers, with an average variance
ratio of 21.56%.

As described in the model section, I do not ascribe a structural significance to the first-stage
choice parameters. Indeed, the estimated variance of the idiosyncratic term in the first-stage
choicemodel is quite high, which is likely due to themodel’s lack of unobserved heterogeneity
in any dimension other than cost. Furthermore, the hassle cost of bidding is negative, while
the hassle cost of using the Accept-Now option is implausibly large. These parameters are
likely to be affected by themodel’smisspecification, but as previously discussed, this does not
pose a great concern for the results of the counterfactual simulations.18

18. Counterfactual simulationswith alternative parameters for the first-stage choicemodel (with amuch lower
σchoice) yielded similar results.
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Table 4: Second stage estimates

d = 0 1 2 3 4

µc
d 0.624 0.801 0.806 0.817 0.792
σc
d 0.219 0.180 0.172 0.186 0.214

∀d

σϵ 0.0902
σchoice 0.247
cbid -0.0633
cAN 0.858

NOTE: Table presents parameters estimated from the second step. Upper half reports day-specific parameters,
lower half reports parameters that are common across days. µc

d and σc
d are the mean and standard deviation of

the distribution of the mean cost c̄i and σϵ is the standard deviation of the idiosyncratic term σϵ. cbid and cAN

are the hassle costs of bidding and using the Accept-Now option, respectively. σchoice is the standard deviation
of the idiosyncratic term in the first-stage choice model.

Model Fit Next, I evaluate the fit of the model to the data. Table 5 shows that the overall fit
of the model in terms of confirmation and cancellation rates is high, with the model closely
matching the data. Figure 7 is presented to check the fit along the temporal dimension of the
model. The fit of cancellation rates over time is very close, but the confirmation rates are too
low early on, and too high in the 72-24 hour window before pickup, and these cancel each
other out in the aggregate.

Table 5: Model fit: reneging behavior

Type Data Model

Confirmation 44.29% 44.04%
Cancellations (bids) 9.08% 9.25%

5.2 Platform Parameters

The additional parameters to be estimated are the arrival rates of carriers, shipments, and
views (a proxy for the search process on the platform), the distribution of shipment values to
the platform, and conditional reserve price and Accept-Now price models. These parameters
are all estimated directly in reduced form from their empirical analogues as they all involve
observable events. More details on the estimationmethod, the parameter estimates and their
standard errors can be found in Appendix A.7. In addition to the estimated parameters, the
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Figure 7: Confirmation and cancellation probabilities in model vs. data
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first-stage choice parameters of carriers are calibrated using the platformmodel tomatch the
empirical first-stage choice probabilities. This calibration will eventually be replaced by the
full likelihood estimation of the carrier model described above.

Figure 8 shows the estimated arrival rates of various events on the platform. The rate of view
events is defined at the carrier-shipment level; for example, between 48 and 24 hours before
pickup, each carrier-shipment pair that has not previously been viewed has a 15% chance of
being viewed by the end of the period.

The shipment and carrier arrival rates reveal an important asymmetry: while shipments are
mostly posted to the platform with at least a week of lead time,19 the arrival rate of carriers
is at its highest in the last few days, before dropping substantially in the last 24 hours before
pickup. This asymmetry has implications for the design of the penalty schedule, as it gives the
platformmany options in the last few days before pickup.

Shipment cancellations are also estimated directly from the data and are part of the coun-
terfactual simulations. They are, however, abstracted away from the carrier’s decision model,
because the existing industry norm is to pay pecuniary cancellation penalties to carrierswhen
cancelling shipments close to the pickup time.20

Finally the auction clearing rounds are also modelled stochastically. In general, the platform

19. Most shipments are posted to the platformbefore the arrivals of the first carriers. To account for this, I draw
an initial set of shipments from a Poisson distribution with rate λ = 11.92
20. Referred to as “TONU” (Truck Order Not Used) in the industry.
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Figure 8: Arrival rates of events
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NOTE: Estimated Poisson arrival rates of carriers, shipments, views, shipper cancellations, and auction clearing
rounds on the platform. Dashed lines represent the 95% confidence intervals.
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would schedule at least one clearing round per auction per day, and sometimes more, begin-
ning when there were fewer than 5 days remaining until pickup. In the last 24 hours, however,
timed auction format is replaced by a continuous auction format with escalating prices and
frequentmanual broker intervention. The clearing rate for this phase is approximated by tak-
ing the count of unique hours in which bids were accepted on the last day.

The other feature of auctions is their reserve prices and Accept-Now prices, which I model
as second-order polynomials of the rate paid to the platform from the shipper. As before, the
estimationdetails of these parameters and their standard errors canbe found inAppendix A.7.
These are plotted in Figure 9.

Figure 9: Reserve and Accept-Now prices
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NOTE: Reserve prices for d ≥ 1 and Accept-Now prices estimated via linear regression on second-order polyno-
mials of the shipment price paid to the platform. Reserve price regression is pooled, with a separate intercept
for each d. Reserve price on d = 0 uses data from the fallback auction model with manual intervention, using
inequality conditions on highest accepted bids and lowest unaccepted bids for each shipment.

All pricing functions are increasing in the ratepaid to theplatform,which is consistentwith the
platform’s profit-maximizing behavior, while the Accept-Nowprice is substantially lower than
the reserve prices on any day. In the last 24 hours, the true reserve price is not observed, due to
the change in formats. Instead, I use the highest accepted bid and the lowest unaccepted bid
as bounds to estimate the reserve price. The much higher curve may imply that the platform
is more desperate to match very high-paying shipments in the last 24 hours.

Finally, the distribution of shipment values to the platform is fitted to a log-normal distribu-
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tion resulting in a mean shipment value of 1.002. See Appendix A.7 for additional details. The
cost of notmatching a shipment is calibrated at 10% of the shipment value, which is the same
heuristic used by the platform in its development of the newer auction format introduced in
2023.

The estimated structural model is then used to simulate counterfactuals, discussed in the fol-
lowing section.

6 Counterfactuals

The counterfactual analysis explores the effect of alternative cancellation policy designs on
platform profits and overall welfare. Several features of the design are of interest. One, what is
the effect of changing the overall level of the penalties? Two, how does the type—reputational
or monetary–of the penalty affect outcomes and incentives?

To evaluate the optimal level and type of the penalties, I consider counterfactual policies that
are linear transformations of the status quo penalty schedule. That is, given the estimated
penalty schedule κ̂d for day d, I consider a counterfactual penalty schedule κd = sκ̂d, where s
is a scaling factor. This allowsme to explore the effect of changing the overall level of penalties,
while keeping the shape of the penalty schedule constant. I consider other variations in the
shape of the penalty below.

Simulating outcomes under each counterfactual policy involves solving for the fixed point of
win probabilities and carrier policies, which is why I restrict attention to a linear grid.21 The
grid is composed of 128 linearly spaced points such that the maximal penalty varies between
0 and approximately 1.2 times the market rate for a single shipment. To reduce simulation
variance, a spline is fitted to the simulation results, thereby averaging out noise across the
grid. Figure A4 in the Appendix compares the raw simulation outcomes to the fitted splines.

The main outcomes of interest are average platform profits, carrier welfare, and total welfare
per market (defined as a lane and pickup date combination). Because a large portion of car-
rier welfare stems from offers outside the platform, I subtract the carrier’s welfare under a no-
platform counterfactual to obtain welfare numbers in platform value-added terms. As in the
stylized model in Section 3, I also distinguish profits and overall welfare under reputational

21. Withfivepossibledaysof cancellationand the restriction thatpenalties arenon-decreasing, exploringagrid
ofK values for each day would require

(
5+K−1
K−1

)
simulations. Simulating a single counterfactual policy requires

approximately 15 hours of computation time on a single thread.

44



penalties (as employed in the status quo) and monetary penalties, which involve a transfer
from cancelling carriers to the platform, providing the latter with an additional source of rev-
enue. In the following sections, I discuss the optimal reputational penalty, and then compare
the trade-offs betweenmonetary and reputational penalties.

6.1 Optimal Reputational Penalty

Figure 10: Visualization of counterfactual penalty policies.
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existing. Maxima of platform profits and total welfare are indicated by triangles in the corresponding color.

Figure 10 presents the evolution of profits and welfare over the range of counterfactual poli-
cies. Is is immediately noticeable that the optimal reputational penalties for both social wel-
fare and platform profits are at zero, so that fully flexible agreements are optimal. This is con-
sistentwith the stylizedmodel under high variance of the outside offers, depicted in Figure 4b.
The status quo reputational penalties, depicted in Figure 6, are very close to this optimum.

To further understand why the profits are decreasing in the level of the reputational penalty, I
decompose the change in profits into three different margins: a change in the number of suc-
cessfully completed shipments (the extensive margin), the firm’s gross profit margin on each
shipment (the intensivemargin), and the indirect losses suffered by the firmas a consequence
of shipments that failed to be matched in time.
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Figure 11: Decomposition of profits under reputational penalties.
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(c) Indirect losses
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NOTE: Profits, losses, and penalties are scaled by average lanemarket price of a shipment. Panel (d) presents the
cumulative effect of the three margins on platform profits.
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The results of the decomposition exercise are presented in Figure 11. Panel (d) presents the
cumulative effect of the threemargins on platform profits. All threemargins contribute to the
decline in profits as the penalty level increases. The effect on the extensivemargin can be fur-
ther decomposed into an effect on the number of initial matches and an effect on the number
of cancellations, which both decline as the penalty level increases. However, the decline in
the number of initial matches is stronger, so that overall the extensive margin monotonically
declines after a slight increase at the lowest penalty levels. The intensive margin is also de-
clining, as the bids are increasing in response to the higher penalties, which is not enough to
offset the decline in the number of matches. Finally, the indirect losses are increasing in the
penalty level as a direct consequence of the decline in the number of matches. The decom-
position exercise highlights the importance of accounting for the strategic response of bids to
changes in the cancellation penalty, which drives both the higher transaction prices and lower
matching rates.

6.2 Trade-offs betweenMonetary and Reputational Penalties

Figure 10 also presents the results of the counterfactual analysis under monetary penalties.
For a given intermediate penalty schedule, monetary penalties are more efficient than rep-
utaional penalties because they do not "burn money." Nevertheless, the counterfactual anal-
ysis shows that, under penalty schedules of the same shape as in the status-quo, the welfare-
maximizing monetary penalties are still at zero. In contrast, the profit-maximizing monetary
penalties are much higher. The increase in profit is accompanied by a large decline in both
carrier and total welfare, suggesting that these penalties mainly transfer rents from carriers to
the platform.

An immediate question that arises iswhy thefirmdoes not usemonetary penalties in practice.
To rationalize these, I can explore two caveats to the baseline results. Firstly, the model does
not account for carrier’s decisions to join or leave the platform. As there may be some set-
up costs and time investment to continuously monitor the platform, the number of active
carriers in the market may be sensitive to the average welfare of carriers. Secondly, I have
so far assumed that charging monetary fees for cancellations is costless. In practice, there
may be significant transaction fees associated with collecting these fees, particularly due to
enforcement costs. Below I provide some quantification of these concerns.

To approximate the effect of long-term carrier acquisition and retention on the platform, I
treat the platform asmaximizing a weighted sumof its own short-term profits and the welfare
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Figure 12: Monetary penalties with weighted objective and transaction costs.
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(b) Grid: weights and transaction costs

NOTE: Profits, losses, and penalties are scaled by average lanemarket price of a shipment. Panel (a) illustrates the
effect of a weighted objective and transaction costs on platform profits and total welfare, with objective maxi-
mizing penalties highlightedwith corresponding triangles. Panel (b) presents the grid of weights and transaction
costs considered, with the corresponding optimal penalty level shown as a color (darker=higher).

of carriers. Different weighted objectives are illustrated in Figure 12a. As the weight on carrier
welfare increases, the optimal penalty level decreases. Secondly, I can suppose that the plat-
form bears some transaction cost for eachmonetary cancellation fee that it collects. In Figure
12a, this transaction cost leads to a discontinuity in the objective function whenmoving from
zero penalties to positive penalties. For a large enough transaction cost, the optimal penalty
level is zero, even for a lower weight on carrier welfare.

The joint effect of the weight on carrier welfare and transaction costs is presented in Figure
12b. A weight of approximately 45% on carrier welfare is sufficient to rationalize why the firm
would not use monetary penalties at all. Transaction costs on their own are not sufficient
to explain the absence of monetary penalties—even for a high transaction cost of 150$, some
weight on carrierwelfare is still necessary to rationalize the avoidanceofmonetarypenalties.22

Furthermore, for a given weight on carrier welfare below the threshold, the optimal penalty
level is increasing in the transaction cost, as the firm is able to pass on part of the transaction
cost to the carriers.

Taken together, the results suggest that the firm avoidsmonetary penalties due to strong con-

22. Monetary fees for shipper cancellations, referred to as a TruckOrderNotUsed (TONU) fee, range from150$
to 300$. The absence of such monetary fees for carrier cancellations in the industry would suggest transaction
or enforcement costs of a similar order of magnitude.
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Figure 13: Comparison of flat and increasing penalties.
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cerns about the long-term growth of the platform, which are not captured by the short-term
profit-maximizing model. The choice of reputational or monetary penalties will thus depend
on the degree of lock-in that the platform has over carriers, which is likely to be low in the
highly fragmented trucking industry.

6.3 Timing of the Penalty

Although the primary focus of the counterfactual analysis has been on the level and type of
the penalties, the rich dynamic model also permits an analysis of different timings of the
penalties—that is, not only how much to charge, but also when to charge a given amount.
This can also be thought of as examining different shapes of the penalty schedule. To illus-
trate this, I compare the stair-shaped increasing penalty schedule of the status quo to a flat
penalty schedule, where the penalty is the same for all days of cancellation.

Figure 13 presents the results of the comparison between flat and increasing penalties. For
reputational penalties, the shape of the profit function is slightly steeper under reputational
penalties, but welfare decreases muchmore dramatically as the penalty level increases. Intu-
itively, carriers are exposed tomore outside offers in the earlier days before pickup (see Figure
5a), so being subject to higher penalties on these days is very costly in terms of opportunity
costs. Monetary penalties, on the other hand, are able to extract more rents from carriers on
these early days, leading to a steeper increase in platform profits. This analysis demonstrates
that profit-seeking firmsmay reduce overall welfare not only by setting penalties too high, but
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also by setting them too early.

6.4 Full commitment and late-clearing policies

Contracts with limited commitments are pervasive in the trucking industry and extend be-
yondcancellationpolicies. For example, long-termcontracts between shippers andcarriers or
brokers typically only specify a price and a general service level, but do not contain strict guar-
antees on the number of shipments to be executed. Prior research on this contracting process
has focused on the negative aspects of these weak commitments. Caplice and Sheffi (2006)
highlight the difficulty of awarding long-term contracts through combinatorial auctions: po-
tential complementarities between different lanes are not guaranteed to be exercised in prac-
tice as both carriers and shippers are free to partner with other parties at any time. Harris
and Nguyen (2022) show how price fluctuations in the spot market can reduce the gains from
long-term relationships, as carriers are incentivized to renege on long-term contracts when
spot prices rise. In contrast, my model explicitly highlights the value of contractual flexibil-
ity in enabling market participants to act on new opportunities they encounter through the
search process.

To fully illustrate the value of flexibility, consider a full-commitment policy with infinite can-
cellation penalties. This policy is the extreme opposite of the profit- and welfare-maximizing
reputational penalty, where carriers are free to cancel at any time. Table 6 summarizes the re-
sults of multiple different counterfactual policies, including the full-commitment policy with
infinite penalties. The full-commitment policy drastically reduces total welfare and the num-
ber of matches, highlighting the value of non-binding agreements in the market.

Finally, I examine the late-clearing policy, which is an alternative means of reducing the op-
portunity cost of transacting. We know that when the entire market is centralized at a later
matching time, timing frictions become less significant (Roth and Xing 1994). However, when
considering a unilateral deviation by the platform to a later matching time, there are severe
negative effects on both total welfare and platform profits, with reductions of 103.1% and
216.5% respectively. The massive reduction in platform profits can be attributed to the large
drop in the number of matches, resulting in large losses for the platform due to penalties for
unmatched shipments. This loss occurs despite an improvement in the per-shipmentmargin,
with a much lower average transaction price, which is likely due to most matches occurring
with late arriving carriers, who have lower opportunity costs at the time of bidding.

Themodel suggests amechanismtoexplainwhy theplatform’sunilateral shift to a latermatch-
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Table 6: Comparison of Counterfactual Policies

Status Quo MaxWelfare Max Profit Zero Penalty Infinite Penalty Late Clearing
Penalty Type Reputational Pecuniary Pecuniary - ∞ ∞

Metric
Total Revenues 8.10 8.14 8.03 8.06 6.08 2.40

(0.4%) (-0.9%) (-0.6%) (-25.0%) (-70.4%)
Total Welfare 2.67 2.76 2.46 2.75 1.67 0.19

(3.5%) (-7.9%) (3.2%) (-37.4%) (-93.0%)
Platform Profit 0.51 0.63 0.94 0.53 -0.17 -0.58

(23.4%) (83.1%) (2.4%) (-132.5%) (-213.6%)
Carrier Welfare 2.15 2.13 1.51 2.22 1.83 0.77

(-1.2%) (-29.6%) (3.3%) (-14.7%) (-64.1%)
Matches 7.99 8.02 7.90 7.95 5.95 2.29

(0.4%) (-1.1%) (-0.5%) (-25.5%) (-71.4%)
Match Rate 0.57 0.58 0.57 0.57 0.43 0.16

(0.3%) (-1.1%) (-0.4%) (-25.6%) (-71.5%)
Match Welfare 0.42 0.41 0.42 0.42 0.47 0.40

(-0.2%) (1.8%) (0.2%) (13.2%) (-2.8%)
Transaction Price 0.88 0.88 0.88 0.87 0.91 0.79

(-0.0%) (0.7%) (-0.4%) (4.3%) (-9.6%)
Average Bid 1.04 1.04 1.06 1.04 1.15 2.10

(-0.1%) (1.5%) (-0.2%) (10.2%) (102.1%)

NOTE: The table presents counterfactual outcomes under different penalty schedules. Change relative to status
quo in parentheses. Absolute numbers aremultiples of average lanemarket price of a shipment. Infinite penalty
is approximated by a penalty of κ = 106. Match welfare is average over final matches on platform.
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ing timeproves detrimental to all parties. Carriers remainpressured to accept or reject outside
offers before knowing the platform auction outcome, leading to high attrition rates. Matching
strong bidders earlier allows them to reject outside offers with greater confidence (reflected
in higher reservation prices), thereby reducing attrition and ultimately fostering a more ef-
ficient allocation of shipments. Consequently, in the absence of centralized matching, early
matching with non-binding agreements emerges as the most effective market design.

7 Conclusion

I provide the first comprehensive empirical analysis of pricing the right to renege inmatching
markets, using a novel dataset from a digital brokerage platformwith detailed information on
reneged matches. In the stylized model, I first show the importance of considering both the
downstream effect of penalties on the propensity to renege and the upstream effects on the
initial matching probability and transaction price. In particular, I show that even when the
penalty itself is non-pecuniary, the value of the right to renege can be priced into the final
transaction price, such that the firm has a sufficiently strong incentive to offer the flexibility.

By extending the model to a dynamic setting and structurally estimating it, I can simulate
counterfactual policies and evaluate the welfare implications of different penalty schedules. I
find that the current near-zero reputational penalties arenearly optimal for both socialwelfare
and firm profits. In contrast, moving to a monetary penalty, which intuitively should enable
more efficient trade, instead distorts the platform’s incentives by allowing it to extract more
rents from carriers, at the cost of overall welfare. Barriers to the implementation of monetary
penalties, whether by regulation or through transaction costs, can thus improve welfare.
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Appendices

A Appendix

A.1 Value Functions in Continuous TimeMarkov Models

As described in Section 4, the model takes place in continuous time, but all payoffs and de-
cisions occur through Poisson arrival processes. This gives rise to a continuous-time Markov
chain, where states proceed from one to another in a discrete way. Furthermore, there is no
discounting over time in this paper, due to the short time horizons involved, which also sim-
plifies the derivation of the value functions.

We start with a general derivation. Suppose we have states s ∈ S , and λs′|s be the Poisson
arrival rates of a state s′ given that the current state is s. Because Poisson arrival rates are
distributed exponentially, we can also describe the transition process as a combined arrival
rate λ̄s =

∑
s′ λs′|s, and a probability distribution over the states P (s

′|s) =
λs′|s
λ̄s

which gives
the probability of transitioning from s to s′ conditional on transitioning at all. Furthermore,
suppose we receive an instantaneous flow payoff ϕ(s′|s) when transitioning from s to s′. If
we assume ϕ(s|s) = 0, then we can ignore transitions from a state to itself without loss of
generality, and let λs|s = 0.

Now, because there is no discounting nor any other time-varying component, the value func-
tion of a state s is simply given by the probabilities of all successor states s′, weighted by the
flow payoff and value function of that state:

Us =
∑
s′

P (s′|s)
[
ϕ(s′|s) + Us′

]
(A.1)

We can now apply this to Equation 8. The implicit state space here is (d, Unmatched), where
the latter variable indicates that carrier i is currently unmatched with shipment j. Two events
can shift a carrier out of this state. Firstly, they may receive an outside offer at rate λd, which
theywill take if it is attractive enough, thereby exiting themarket, or refuse if theywould rather
keep searching. This event thus gives payoff∫

max{Ud,d̄i(cij), π̃ij′ − cij + ρ(cij)}dGd(π̃ij′) (A.2)
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Secondly, they may transition to the next day d − 1, which occurs at exogenous rate η, which
gives payoff Ūd−1(cij). Thus, the value function of a matched carrier is given by:

Ud,d̄i(cij) =
1

η + λd

[
λd

(∫
max{Ud,d̄i(cij), π̃ij′−cij+νd+ρ(cij)}dGd(π̃ij′)

)
+ηUd−1(cij)

]
(A.3)

Eventually, if the carrier hasn’t found any worthwhile shipment, they will end up unmatched
in the absorbing state with payoff U−1(cij) = 0, which makes the value function finite.

Notice that this value function involves some probability of remaining in the current state,
which occurs when an outside offer is not attractive enough to induce a cancellation. This
occurs at the cutoff RU

d,d̄i
(cij) = Ud,d̄i(cij) + cij − νd − ρ(cij). As stated earlier, we can ignore

any transition from a state to itself, so we can rewrite the value function as follows:

Ud,d̄i(cij) =
1

η + λdi

[
λdi

(∫
RU

d,d̄i
(cij)

π̃ij′ − cij + νd + ρ(cij)dGd(π̃ij′)

+G(RU
d,d̄i

(cij))Ud,d̄i(cij)
)
+ ηŪd−1(cij)

]
Which is the form used in the main text. For computational purposes we can further re-
arrange this equation to:

Ud,d̄i(cij) =
1

η + λdi(1−G(RU
d,d̄i

(cij)))

[
λdi

(∫
RU

d,d̄i
(cij)

π̃ij′−cij+νd+ρ(cij)dGd(π̃ij′)
)
+ηŪd−1(cij)

]
Benchmarks of the value function iteration have shown this re-arranged form to converge
faster (when inserting the current iteration into the LHS to obtain the next iteration from the
RHS). Intuitively, the original puts greater weight on the previous iteration of the value, and
thus dampens the iteration, which generally reduces speed but may be more robust to oscil-
lations in the iteration. Note that in both forms, the value function we are solving for shows
up in both sides of the equation (implicitly in RU

d,d̄i
(cij)), so solving the problem still requires

a fixed point iteration even though we have a finite and discrete time index d.

We can similarly re-arrange the value function of a carrier with a matched shipment in Equa-
tion 10. We first define RM

d,d̄i
(bij, cij) = Vd,d̄i(bij, cij) + cij + κd − ρ(cij), so that the value of a

pending bid is now:

Vd,d̄i(bij, cij) =
1

η + λd(1−Gd(RM
d,d̄i

(bij, cij)))

[
λd

(∫ ∞

RM
d,d̄i

(bij ,cij)

(π̃ij′−cij−κd+ρ(cij))dGd(π̃ij′)
)

+ ηV̄d−1(bij, cij)
]
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Finally, we can do the samewith the value function of a carrier with a pending bid in Equation
13. Wefirst defineRP

d,d̄i
(bij, cij) = Wd,d̄i(bij, cij)+cij−νd−ρ(cij), so that the value of a pending

bid is now:

Wd,d̄i(bij, cij) =
1

η + γd(bij) + λd(1−Gd(RP
d,d̄i

(bij, cij)))

[
λd

(∫ ∞

RP
d,d̄i

(bij ,cij)

(π̃ij′−cij+νd+ρ(cij))dGd(π̃ij′)
)

+ γd(bij)(Vd,d̄i(bij, cij) + νd) + ηW̄d−1(bij, cij)
]

A.2 Special case of the envelope theorem

Lemma 1 Given a continuous and differentiable function f(x) and continuous and differen-
tiable distributionG(x), define:

h(x) =

∫
max{f(x), y + g(x) + c}dG(y) = G(f(x)− g(x)− c)f(x) +

∫ ∞

f(x)−g(x)−c

ydG(y)

Then the derivative of h(x) is given by:

∂h(x)

∂x
=

∂

∂x
G(f(x)− g(x)− c)f(x) +

∂

∂x

∫ ∞

f(x)−g(x)−c

ydG(y) =

G(f(x)− g(x)− c)f ′(x) +G′(f(x)− g(x)− c)(f ′(x)− g′(x))f(x)

−G′(f(x)− g(x)− c)(f ′(x)− g′(x))f(x) + (1−G(f(x)− g(x)− c))g′(x)

= G(f(x)− g(x)− c)f ′(x) + (1−G(f(x)− g(x)− c))g′(x)

Note that Lemma 1 is really just a special case of the envelope theorem in a formmore readily
applicable to the model being studied in this paper. It says that the derivative with respect
to the expectation over the maximum of a binary choice with a random payoff is equivalent
to the derivative with respect to the fixed utility component of each choice, weighted by the
respective choice probabilities.

A.3 Derivative of bidding first order condition

To solve the bidding problem, we solve for the first order condition.

Similarly to the value functions themselves, the derivatives can be represented in recursive
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form.

We begin with the derivative ofWd,d̄i(bij, cij) with respect to bij . Making use of Lemma 1, we
have

(η + γd(bij) + λd)
∂Wd,d̄i(bij, cij)

∂bij
+ γ′d(bij)Wd,d̄i(bij, cij) =[

λdGd(R
P
d,d̄i

(bij, cij))
∂Wd,d̄i(bij, cij)

∂bij
+ γ′d(bij)

(
αdVd,d̄i(bij, cij) + (1− α)Ud,d̄i(cij)

)
+ αdγd(bij)

∂Vd,d̄i(bij, cij)

∂bij
+ η

∂Wd−1,d̄i(bij, cij)

∂bij

]

Re-arranging yields the following recursive expression:

⇒
∂Wd,d̄i(bij, cij)

∂bij
=

1

η + γd(bij) + λd
(
1−Gd(RP

d,d̄i
(bij, cij))

)
[
γ′d(bij)

(
αdVd,d̄i(bij, cij) + (1− α)Ud,d̄i(cij)−Wd,d̄i(bij, cij) +

αdγd(bij)

γ′d(bij)

∂Vd,d̄i(bij, cij)

∂bij

)
+ η

∂Wd−1,d̄i(bij, cij)

∂bij

]

We then need the derivative for the matched value (Vd,d̄i):

∂Vd,d̄i(bij, cij)

∂bij
=

η

η + λ(1−Gd(RM
d,d̄i

(bij, cij)))

∂Vd−1,d̄i(bij, cij)

∂bij

∂V−1,d̄i(bij, cij)

∂bij
= 1

⇒
∂Vd,d̄i(bij, cij)

∂bij
=

d∏
k=0

η

η + λ(1−Gk(RM
k,d̄i

(bij, cij)))
≡ Pd,d̄i(no cancel|bij, cij)

We can then write the FOC as a weighted sum:
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∂Wd,d̄i(bij, cij)

∂bij
=

dbij∑
k=0

Probability of bid surviving from d to k︷ ︸︸ ︷[ dbij∏
ℓ=k

1

η + γℓ(bij) + λℓ
(
1−Gℓ(RP

ℓ,d̄i
(bij, cij))

)]η−1

γ′d(bij)
(
αdVd,d̄i(bij, cij) + (1− α)Ud,d̄i(cij)−Wd,d̄i(bij, cij)︸ ︷︷ ︸

Benefit of winning net of opportunity costs

+
αdγd(bij)

γ′d(bij)
Pd,d̄i(no cancel|bij, cij)︸ ︷︷ ︸

Markup

)

= 0

While superficially complicated, this FOC is essentially a weighted sum of day-specific FOCs,
each of which captures the marginal benefit of increasing the bid on the given day. The terms
highlighted in braces (a day-specific derivative) take the familiar form observed in the stan-
dard theory of first-price auctions. These day-specific derivatives are thenweighted according
to the probability of surviving to that day.

A.4 Offline estimation of win rates

The FOC in Equation 16 involves the day-specific win rates γd(b) and their derivatives γ′d(b).
While in principle these can be derived through market equilibrium conditions, doing so is
computationally expensive, as it involves solving for a fixed point in the space of bidding
strategies (the optimal bid is a function of the win probabilities and the win probabilities are
a function of the optimal bidding strategies). To avoid this computational burden, I simply
estimate the win probabilities off-line from the data directly.

As with all other price variables in the data, I normalize all bids by the contemporaneous lane
spot market rate for the respective shipment’s pickup date, in order to pool data over the two-
year period.

I fit a modified logistic function to the hazard rate, i.e., the probability that an auction is won
on day d conditional on the bid still existing on day d:

γ(b; θγ)

η + γ(b; θγ)
=

θγ1
1 + exp((log(b)− θγ2)/θγ3)

(A.4)

62



This yields the following expressions for γ and γ′:

γ(b, θγ) =
ηθγ1

1 + exp((log(b)− θγ2)/θγ3)− θγ1
(A.5)

γ′(b, θγ) = − ηθγ1exp((log(b)− θγ2)/θγ3)

bθγ3
(
1 + exp((log(b)− θγ2)/θγ3)− θγ1

)2 (A.6)

The form of this function is chosen for its reasonable fit. In addition, with θγ1 ≥ 0 and θγ3 ≥ 0,
the function is guaranteed to be monotonically decreasing.

The estimated win probability function is denoted by γ̂(b) and is fitted via maximum likeli-
hood on the full bid data. The fit of the function is presented below in Figure A.1

Figure A.1: Non-parametric vs. fitted estimates of win probabilities (Seattle-San Francisco)

(a) Kernel regression of win probabilities (b) Fitted probabilities

A.5 Monte Carlo Simulation

For the Monte-Carlo exercise, I specifyG(.) as a NormalN(µG, σG), while the win probability
γ(b) is specified as a logistic distribution with location 0.7 and scale 0.2. This version of the
model also adds an attention probability α to be estimated, as well as an additional compo-
nent of the likelihood from the confirmation probability.

Table A.1 shows the results of the Monte-Carlo simulation. The mean estimates for the offer
distribution and the attention probability are very close to their true values. However, esti-
mated cancellation penalty is significantly lower than the true value, whichmay be due to the
set identification of the penalty.

63



Table A.1: Results of Monte Carlo Simulation with 500 runs of 10,000 bidders each

True MCMean MC S.D. S.D. of Mean

µG 1.000 0.966 0.080 0.004
σG 0.500 0.516 0.107 0.005
κ 0.100 0.063 0.085 0.004
α 0.500 0.497 0.032 0.001

NOTE: S.D. ofMean is simply the parameter standard deviation divided by
√
500. On average, 5,672winning bids,

1,615 confirmed bids, 269 cancellations.

A.6 Raw Structural Parameters and Asymptotic Variance

In the following, I providemore detail on the raw structural parameters of themodel and their
asymptotic variances. Because of the penalty term on the inverted costs, the estimator is not
a standard maximum likelihood estimator (MLE). For inference purposes, I draw on Theo-
rems 7.1 and 7.3 of Newey and McFadden (1994) for extremum estimators with nonsmooth
objective functions to derive the asymptotic variance of the estimator. Using their notation,
we have the following objects:

• The sample objective function Q̂n(θ) = n−1
∑n

i=1 qi(θ)

• The derivative of the objective function D̂n(θ) = ∇θQ̂n(θ), with
√
nD̂

d−→ N(0,Ω)

• The Hessian of the true objective function at the true parametersH = ∇θθQ0(θ0)

Then, under additional regularity conditions which I do not verify here, the asymptotic vari-
ance of the estimator is given by

√
n(θ̂ − θ0)

d−→ N(0, H−1ΩH−1).

To obtain standard errors for inference, we then need an estimate of the Hessian Ĥ and of the
asymptotic variance of the derivative Ω̂. The former can be obtained by the sampleHessian of
the objective function at the estimated parameters, as shown byNewey andMcFadden (1994)
in Theorem 7.3. Given the potential nonsmoothness of the objective function and (in this
case) the lack of closed-form expressions for the Hessian, I use numerical differentiation to
obtain the sample Hessian, as suggested in the reference text.

To obtain the asymptotic variance of the derivative, I use the sample variance of the derivative
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of the objective function, which is

Ω̂ =
1

n

n∑
i=1

di(θ)di(θ)
T

where di(θ) = ∇θqi(θ) is the gradient of the objective function evaluated at the estimated
parameters for the i-th observation. This approach is also used in Chapter 14.8 of Greene
(2018) to obtain a robust covariance matrix for pseudo-maximum likelihood estimators.

Table A.2: Raw structural parameter estimates

Parameter Estimate Std. Error

log(κ0 − κ1) -5.043 0.002
log(κ1 − κ2) -4.135 0.008
log(κ2 − κ3) -4.555 0.010
log(κ3 − κ4) -5.922 0.003
log(κ4) -6.813 0.005
log((1− α0)/α0) 0.448 0.000
log((1− α1)/α1) 0.130 0.000
log((1− α2)/α2) 0.133 0.003
log((1− α3)/α3) -0.190 0.002
log((1− α4)/α4) -0.508 0.005
µπ0 -1.402 0.002
µπ1 0.080 0.002
µπ2 -0.062 0.002
σπ0 2.713 0.002
σπ1 0.003 0.007
σπ2 -0.052 0.013
log(λ0) -1.365 0.004
log(λ1) -2.700 0.005
log(λ2) -5.006 0.002

Table A.2 reports the raw structural parameter estimates and their asymptotic standard errors.
The estimates are obtained by maximizing the objective function with the penalty term, and
the standard errors are obtainedby themethoddescribed above. As explained in themain text
in Section 5, additional structure is placed on the parameters. Firstly, the cancellation penalty
schedule is constrained to be non-decreasing. I enforce this by estimating the log of the differ-
ence in the penalty from one day to the next. The attention probabilities are strictly bounded
between 0 and 1 by estimating the logistic transformation of the raw attention probabilities.
The parameters of the outside offer distribution are constrained to be second order polyno-
mials of the number of days until pickup. Thus, the mean of the outside offer distribution for
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day d before pickup is µπ
d = µπ0 + µπ1d+ µπ2d2, and similarly for the standard deviation. The

arrival rates are further constrained to take on a concave form by estimating the log of the rate
coefficients and setting λd = λ0 + λ1d− λ2d2.

Although the parameters lack direct interpretation in the form displayed in the table, it is still
possible to see that the coefficients are precisely estimated. The reader is referred back to the
main text for the interpretation of the parameters in the context of the model.

A.7 Platform Parameters Estimation

This section describes the estimation of the remaining platform parameters, namely:

• The arrival rates of carriers, shipments, views, shipper cancellations, and auction clear-
ing rounds.

• The distribution of shipment values to the platform.

• The conditional reserve and Accept-Now prices.

For the purposes of this section, letm denote each separatemarket, defined as a unique com-
bination of origin and destination, and pickup date.

Arrival Rates We begin by estimating the exponential rates of the three event types which
can be simply counted: carriers, shipments, and auction clearing rounds. For each of these
events e ∈ {carrier, shipment, clear}, letN e

m,d denote the number of events of type e in mar-
ket m ∈ 1, . . . ,M on day d from departure. As the events are assumed to follow a Poisson
process, the count of events follow a Poisson distribution, so that:

E[N e
m,d] = λed.

Thus, a simple method-of-moments estimator for each of these arrival rates is the sample
mean of the counts:

λ̂ed =
1

M

M∑
m=1

N e
m,d

with the asymptotic variance given by the sample variance of the counts divided byM .

Shipment cancellations and views have rates that are specified on a per-shipment and per-
pair basis, and can only occur once, respectively. Let Y shipcancel

j,m,d ∈ {0, 1} denote the event
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that shipment j in marketm on day d is cancelled, and Y view
ij,m,d ∈ {0, 1} denote the event that

shipment j in market m on day d is viewed by carrier i. Given the properties of the Poisson
process, the probabilities of these events are

P (Y shipcancel
j,m,d = 1) =

λshipcanceld

η + λshipcanceld

≡ pshipcanceld

P (Y view
ij,m,d = 1) =

λviewd

η + λviewd

≡ pviewd

where η is the rate of transition between days, normalized to 1. The sample analogues of these
probabilities are the sample proportions of cancellations and views for each market and day,
among the set of uncancelled shipments and unmatched pairs, respectively. These are used
to estimate the arrival rates of cancellations and views:

λ̂shipcanceld =
p̂shipcanceld

1− p̂shipcanceld

λ̂viewd =
p̂viewd

1− p̂viewd

with the asymptotic variances of the estimates obtained by multiplying the variances of the
sample proportions by the derivative of the transformation function.

Due to the large number of arrival rate parameters, the estimates and their confidence inter-
vals are reported graphically in Figure 8 in the main text.

Shipment Values The shipment values to the platform are directly observed. I fit a log-
normal distribution to the data by simply taking the samplemean µ̂ and sample variance σ̂2 of
the log-transformed shipment values, reported in Table A.3. Finally, the cost of not matching
a shipment is calibrated at 10% of the shipment value, which is the same heuristic used by the
platform in its development of the newer auction format introduced in 2023.

Table A.3: Shipment value distribution parameters

Parameter Estimate Standard Error

µ -0.008 0.002
σ2 0.021 0.0003
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Table A.4: Reserve and Accept-Now price estimates

Reserve Price Model Accept Now Price Model

vj 1.3732*** 1.1939***
(0.1856) (0.0823)

v2j -0.3820*** -0.4189***
(0.0878) (0.0388)

d = 1 0.1672***
(0.0432)

d = 2 0.1596***
(0.0432)

d = 3 0.1586***
(0.0431)

d = 4 0.1308***
(0.0432)

Constant -0.2167**
(0.0974)

R-squared 0.3544 0.1554
R-squared Adj. 0.3542 0.1552
N 6841 18250
R2 0.3544 0.1554

Reserve and Accept-Now Prices The conditional Accept-Now price function pAN(vj) and
conditional reserve price functions rd(vj) and are fitted through second-order polynomials.

The Accept-Now price function is estimated through a simple linear regression:

pAN(vj) = θAN
0 + θAN

1 vj + θAN
2 v2j + ϵj

Reserve prices up until the last 24 hours before pickup, namely rd(vj) for d ∈ {1, 2, 3, 4}, are
estimated through a similar regression:

rd(vj) = θR0d + θR1 vj + θR2 v
2
j + ϵj

where the intercept term θR0d is specific to the number of remaining days until departure d.
This allows for the reserve price to increase as the departure date approaches, and avoids any
potential “crossing” of the reserve price functions across different days.

The results of the two regressions are reported in Table A.4.
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The effective reserve price for the last 24 hours at d = 0 is less straightforward to estimate,
as there is no unique reserve price during this period, and human brokers sometimes manu-
ally intervene to accept a carrier bid. I thus use a moment-inequality approach, based on the
simple intuition that the theoretical reserve price must be greater than any bid that was ac-
cepted, and less than any bid that was rejected when no alternatives remained (that is, when
the shipment remains unmatched).

To formalize this notion, we focus on the set of shipments that have yet to be matched by the
start of the last 24 hours before pickup, which we will call J . Let Ij denote the set of bidders
on shipment j and IA

j denote the set of bidders whose bidwas accepted. The lower inequality
is:

r0(vj) ≥ max
i∈IA

j

bij, ∀j ∈ J

Now, let J U ⊆ J denote the set of shipments that were unmatched by the end of the last 24
hours before pickup. The upper inequality is:

r0(vj) ≤ min
i∈Ij\IM

j

bij, ∀j ∈ JM

Parametrizing the function as r0(vj, θR0), I construct the following objective function to be
minimized:

Q(θ) =
∑
j∈J

[
max
i∈IA

j

bij − r0(vj, θ)

]
+

∑
j∈JU

[
r0(vj, θ)− min

i∈Ij\IM
j

bij

]

The derivation of standard errors for this estimator is currently in progress.

A.8 Screening Motives of Reputational Penalties

In the main text, the model focuses on the incentive effects of reputational penalties, assum-
ing they reduce the present discounted value of a carrier’s future profits on the platformwith-
out directly affecting the firm’s profits. However, this assumptionmay not hold if reputational
penalties also help the firm by screening out low-quality carriers. Specifically, if reputational
penalties lead to the exclusion of carriers with high cancellation rates, the firmmight improve
its overall performance by reducing cancellations. A counterpoint to this argument is that ex-
cluding carriers with high cancellation rates may also reduce the platform’s margins, as these
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carriersmay also be offering lower bids (recall the negative relationship between cancellation
rates and bid amounts in Figure 2).

To evaluate this possibility, the following reduced-form exercise—with minimal modelling
assumptions—approximates the potential benefits of screening out frequent cancellers:

1. For each carrier with at least 10 bookings, compute the mean cancellation rate and av-
erage margins directly from the data.

2. Exclude the topX% of carriers ranked by their cancellation rate.

3. Evaluate the impact of this exclusion on the overall cancellation rate andmargins.

We focus on margins here under the assumption that the platform’s remaining carriers will
pick up the slack from the excluded carriers. While unrealistic, this assumption is biased in
favor of screening, as it assumes that the platform can fully replace the excluded carriers with
other carriers and does not suffer any other negative consequences from the reduced car-
rier base (in particular, reduced competition in auctions). Let b denote the booking price of
a shipment booking and let v denote the value of the shipment to the platform. We focus on
two types of margins:

• Booking Margin= v−b
v

(assumes the booking is kept)

• Final Margin= 1[No cancel]v−b
v

− 1
10
1[Cancel]

(accounts for the impact of cancellations)

The final margin is the relevant profit margin we will focus on. It assumes the worst-case sce-
nario in case of a cancellation: that a cancelled bookingwill fail to bematched in time andwill
incur the indirect penalty of 10% of the shipment value.23 The final margin is a more accurate
measure of the platform’s profitability, as it accounts for the impact of cancellations on the
platform’s revenue, but is again biased in favor of screening, as it assumes a worse impact of
cancellations than the platform actually experiences.

Figure A.2 shows the impact of excluding carriers with the highest cancellation rates on the
overall cancellation rate andmargins. Thefigure shows that excludingcarrierswith thehighest

23. Recall from Section A.7 that this heuristic was used internally by the firm as a proxy for the impact of failed
shipments on their clients’ contract renewal probabilities.
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cancellation rates reduces the overall cancellation rate but also reduces the bookingmargins,
implying thatmore frequently cancelling carriers also tend to bid lower. The overall impact of
both forces almost exactly cancel each other out in terms of the final margin, suggesting that
the net benefit of screening out high-cancellation-rate carriers is minimal.

Figure A.2: Effect of Screening Frequent Cancellers on Cancellation Rates andMargins
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NOTE: Figure plots the effect of excluding the topX%(as a fraction of bookings) of carriers based on their average
cancellation rate across all confirmed bookings. Sample restricted to carriers with at least 10 bookings. Left axis
represents effect on cancellation rate and right axis represents effect on margins. Booking margin is defined as
the difference between the shipment value and the booking price, divided by the shipment value. Finalmargin is
defined as the booking margin, adjusted for the impact of cancellations (assuming a cancellation incures a 10%
penalty for a failed shipment).

In conclusion, while reputational penalties might have a screening effect by discouraging or
excluding frequent cancellers, the net benefit to the firm is minimal under conservative as-
sumptions. The loss of low-cost carriers offsets the gains from reduced cancellations. More-
over, reducing the carrier base may adversely affect the platforms ability to meet demand.
Therefore, the incentive effects of reputational penalties, as discussed in themain text, remain
the primary channel through which these penalties influence carrier behavior and platform
performance.
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B Additional Figures

Figure A1: Comparison of lane frequencies on the platform and across the U.S.
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Figure A2: Distribution of carrier miles driven in a year
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Figure A3: Confirmation probability vs. bid or expected value

(a) Bid amount

0.8 0.9 1.0 1.1 1.2
Bid amount × win probability

0.45

0.50

0.55

0.60

0.65

0.70

0.75

0.80

0.85

Bi
d 

re
ne

gi
ng

 p
ro

ba
bi

lit
y

Bid-Accept delta
0 days
1 days
2 days
3 days
4 days

(b) Expected Payoff
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NOTE: Figures are obtained through a two-dimensional kernel regression, conditioning both on different time
horizons for attrition, andmeasures of payoffs. Kernel bandwidth chosen in accordance with Silverman’s rule of
thumb. Winprobability inpanel (b) is also computedwith aone-dimensional kernel regressionofbid acceptance
on bid amount.
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Figure A4: Raw counterfactual outcomes vs. fitted splines
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(b) Carrier Welfare
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NOTE: Figures compare the raw counterfactual outcomes to the fitted splines, which are used to average out
simulation variance. Number of spline knots chosen to achieve amean squared error less than a threshold s. For
platform profits, the threshold is s = 0.001, and for carrier welfare, s = 0.04.
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