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Abstract

Globally, scarce airport capacity is rationed by awarding time-specific slots free of

charge to airlines, incentivising retention regardless of efficiency. I quantify the effi-

ciency losses and welfare effects of market-based reallocation, defining slot values as

equilibrium profits from a structural flight-level model. Reallocating 6% of weekly slot

pairs in two airports generates e213M in consumer surplus through substitution of

under-utilised slots for long-haul flights at suitable hours; fare effects are negligible.

Larger operations yield cost and demand advantages and reduce outside hubs as sub-

stitutes. This reinforces concentration, but unlike in standard markets, the resulting

network convenience benefits consumers at the margin.

JEL: L13, L93, D44, C57

Keywords: Airline industry, Structural analysis, Airport slots, Auctions, Network ef-

fects, Spillovers, Firm heterogeneity, Time preferences

∗KU Leuven, Naamsestraat 69, 3000 Leuven, Belgium, e-mail: marleen.marra@kuleuven.be. I
would like to thank Peter Cramton, Adam Dearing, and Kevin Williams for insightful discussions
of the paper, and Kevin Guitet, Sophie Berthon, and Thierry Delort from the French Civil Aviation
Authority (DGAC) for providing me with the administrative data and for answering my numer-
ous questions. I am also grateful to Sam Altmann, Nicolas Astier, Christian Bontemps, Moshe
Buchinsky, Clément de Chaisemartin, Allan Crawford, Pierre Dubois, Silke Forbes, Jeremy Fox,
Phil Haile, Junnan He, Michele Fioretti, Jan de Loecker, Myrto Kalouptsidi, Thierry Mayer, Ma-
teusz Mysliwski, Aureo de Paula, Mar Reguant, Kevin Renmy, David Salant, Frank Verboven,
and to other seminar participants at MIT, Harvard Univeristy, Columbia University, University of
Berkeley, HEC, INSEAD, Paris School of Economics, Toulouse School of Economics, Tilburg Uni-
versity, Crest, NHH Bergen, Mannheim University, Queen Mary University, Carlos III, University of
Geneva, KU Leuven, Cergy Paris, and Sciences Po, and participants at the 2026 SoAR Symposium,
the 2025 Alpine IO Conference, Cowles Conference 2024, Rice Structural Econometrics 2024, AFSE
2023, Leuven Summer Event 2022, MACCI Summer Institute 2022, CMES 2021, and EARIE 2020
for feedback and useful conversations. Aru Bhardwaj, Miguel Blanco Cocho, Ian Hsieh, and Robert
McDonald provided research assistance, with special thanks to Miguel and Ian. All remaining errors
are my own. Early presentations of the work were titled “Competitive Award of Scarce Airport
Slots: an Empirical Analysis”. This project benefited from financial support from the Sciences Po
Scientific Advisory Board and the Banque de France - Sciences Po partnership. Numerical compu-
tations were partly performed on the S-CAPAD/DANTE platform, IPGP, France, with technical
support from Geneviève Moguilny.



Introduction

The globally adopted system for allocating scarce airport capacity awards time-specific take-

off and landing rights (“airport slots”) free of charge to incumbent carriers based on historic

use, covering over 200 airports and about 50% of passengers worldwide.1Airlines retain their

departure rights from the previous year as long as they cancel less than 20% of associated

flights. The airport slot policy has garnered considerable attention because of its implica-

tions for airline competition, market efficiency, and potential windfall profits for slot-owning

airlines. In discussions on noise reduction, pollution control, and sustainable aviation, the

need for a more efficient allocation policy is becoming increasingly apparent.

Transitioning to auctions may not enhance welfare. First, a firm’s valuation of a slot

depends on the profits it can generate by operating flights in that slot, which need not align

with consumer value. Second, since slots are not tied to specific routes or flights, different

airlines can use them for different markets, disrupting the alignment between allocative and

productive efficiency. Third, consumers derive benefits from carriers holding a larger share

of slots through associated network perks — shorter layovers, better connections, higher fre-

quency — as widely documented in the literature.2 Whether such network benefits outweigh

reduced competition is uncertain ex ante, and the direction is not obvious without simulta-

neously quantifying the product-variety and network-externality channels. This paper does

so and finds that reallocation raises welfare.

While studying this issue, the paper makes three contributions. First, it develops and

estimates a flight-level structural model using novel data on global flights from France,

identifying consumer preferences over departure and arrival times and flight-level network

spillovers in costs and demand. These features are essential to capture why some slots

command substantially higher values than others — and why not all slots are contested

even at the most congested level-3 airports. Time preferences cause carriers to earn higher

equilibrium mark-ups on flights at favourable hours; network spillovers determine how much

a slot is worth to a carrier’s wider network. Without them, it would be hard to rationalise

prices such as the $75 million paid by Oman Air in 2016 for a single Heathrow slot pair

— an early morning arrival connecting businessmen onward to the US and Europe — or to

predict which slots are contested and which are not. The estimated time preferences imply

that business travellers pay e145 more for a morning arrival relative to early afternoon.

The model is estimated on prices and quantities of all direct flights from Paris Charles de

Gaulle (CDG) and Paris Orly (ORY) to 119 global destinations — novel data for this type

of analysis, as the literature predominantly relies on U.S. route-level aggregates. Unlike

1Source: IATA. Section I describes the allocation policy in detail.
2See, e.g., Borenstein (1989), Berry (1990), Brueckner, Dyer and Spiller (1992), Berry and Jia (2010).

1

https://www.iata.org/en/programs/ops-infra/slots/coordinated-airports/


the typical itinerary-level demand model, demand is specified at the flight level, where

consumers value departure timing and flights are linked through a connection technology.

Connecting passengers — 21.7% of CDG departure traffic — are unobserved as itineraries

but captured through connectivity premia at origin and destination airports. Business and

leisure travellers are willing to pay e77 and e24, respectively, for one standard deviation

more connecting flights at the departure airport — roughly three times their valuation of

equivalent connectivity at the destination, reflecting Paris’ hub function for the dominant

carrier in the sample. On the supply side, the model recovers flight-level marginal costs

accounting for scheduling efficiencies and network economies.

The second contribution develops a new approach to valuing slots without bid data.

Slot values are defined as the incremental profit a carrier obtains by operating a flight in

the slot relative to the counterfactual where its worst-case competitor wins instead, cap-

turing the carrier’s full equilibrium profits including network spillovers. Assuming carriers

use additional slots for their best-performing feasible flights, and that this choice is public

information, makes the slot value problem tractable and yields a private values structure

(Jehiel and Moldovanu, 2001), guaranteeing the existence of an efficient incentive-compatible

mechanism despite allocative externalities. Analysing flights in isolation would overstate in-

efficiency and ignore the industry’s characterizing hub strategies. For example, Air France’s

marginal flight earns profits eight times below the sample average, which is consistent with

use-it-or-lose-it retention of slots regardless of direct-route value,3 but misses that marginal

flights might support profitable long-haul connections. To address this, direct spillovers are

recovered from the structural model and hub opportunity costs are proxied by the within-

carrier-hour gap between average and minimum estimated flight profit, validated by its

strong correlation with carriers’ broader flight networks and hub dependence outside Paris.

Estimated slot values are consistent in magnitude with observed Heathrow transaction

prices. Three-quarters of the variation across all carrier–slot combinations is across carriers

within the same slot, reflecting different network opportunities rather than slot timing — an

additional 20% varies across hours of the day. Air France commands higher values for many

slots, attributable to network-related cost and demand advantages and larger expansion

opportunities: connectivity premia, scheduling efficiencies, and a wider set of feasible flight

additions. The median spread between the highest and second-highest value is 133%, lending

credibility to the welfare estimates — unmodelled factors would need to be both large and

systematically correlated with carrier identity to yield very different outcomes.

The third contribution presents the first welfare assessment of market-based slot alloca-

tion linking slot values to flight-level profitability under equilibrium conditions. Reallocating

3Slot hoarding, see, e.g., De Wit and Burghouwt (2008), Fukui (2012), Kösters, Meier and Sieg (2023).
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245 weekly slot pairs — approximately 6% of all pairs in the sample season — generates

e213M in consumer surplus and e269M in variable profits. Gains are driven by short-to-

long-haul repurposing: 55% of slot changes redirect a short-haul flight to a long-haul route,

and long-haul markets account for e165M of the consumer surplus gain. Morning slots gen-

erate 49% of gains despite representing 29% of auctioned slots. Fare increases are negligible

(e0.46 per flight on average), confirming that gains come from improved product offerings

rather than price effects, and consistent with the incremental nature of the reallocation leav-

ing market structures largely intact. A restricted specification imposes that network changes

correspond to observed changes in Paris between the summer of 2018 and 2019, reflecting ad-

ditional constraints like unmodeled destination slot scarcity, return-flight requirements, and

fleet limitations. The welfare effects remain positive, but limiting expansion opportunities

results reduces the consumer surplus gain to e121M.

Whether firms are overall better off depends on the redistribution of auction rents, but as

aggregate welfare gains are positive, a well-designed mechanism can make all participants at

least indifferent. These findings speak to the central ambiguity (Borenstein, 1988): efficient

licence markets do not necessarily improve welfare, but empirically they do here.

This research connects two pillars of empirical Industrial Organization: demand-supply

models for posted-price markets (e.g., Berry, Levinsohn and Pakes, 1995; Berry and Haile,

2014) and bidding models for auctions (e.g., Guerre, Perrigne and Vuong, 2000). The auc-

tion literature identifies bidders’ latent values from observed bids. This paper instead de-

fines value directly as profit-generating potential, estimated via demand and supply — an

approach essential for analysing the welfare effects of introducing a market mechanism when

no revealed-preference data exist. To my knowledge, Doraszelski et al. (2017) is the only

prior ex-ante analysis of this kind, though not basing values on equilibrium estimates.

While Levine (1986) already identified airport slots as important entry barriers, most

empirical IO abstracts from them, partly due to data-driven focus on largely unconstrained

US markets. Exceptions include Ciliberto and Williams (2010) on gate restrictions and Park

(2020) on slot divestitures. Other work examines slot policies without modelling industry

equilibrium responses (e.g., Borenstein, 1989; Odoni, 2020), or addresses computational

feasibility of market mechanisms (e.g., Rassenti, Smith and Bulfin, 1982). This paper is the

first to quantify welfare effects of market-based slot allocation under equilibrium conditions.

Bauer (2025) extends this framework to a broader sample of European airports using route-

carrier aggregates and a genetic algorithm for slot assignment, contributing to a growing

body of research on the European airline industry (e.g., Bergantino et al., 2024; Bontemps,

Martini and Porta, 2026; Chen, Chen and Nesheim, 2026). Adler, Andreana and De Jong

(2026) study the societal value of airport slots within an operations research framework.

3



Lazarev (2013), Aryal, Murry and Williams (2024), and Williams (2022) are closely

related studies that estimate flight-level structural models to move beyond route-level anal-

ysis — in their case, to study dynamic pricing. The disaggregated model here is designed to

capture the relative attractiveness of different slots: consumer preferences for flight timing,

network position, and flight-level costs. Unlike the typical itinerary-level demand model,

demand is specified at the flight level, where consumers value departure timing and flights

are linked through a connection technology adapted from Yuan and Barwick (2024). This

formulation is essential for evaluating slot-specific policies, as it allows network modifications

to generate spillovers across products and markets, and captures that timing and network

position are first-order drivers of slot value differences.

Finally, the paper contributes to the literature on auctions with aftermarkets, where wel-

fare effects of efficient allocation are theoretically uncertain when winners compete down-

stream (e.g., Janssen and Karamychev, 2009; Ershov and Salant, 2022). The existing lit-

erature focuses on spectrum auctions, where licences reduce marginal costs across markets.

Airport slots differ in two respects: network effects operate on both demand and supply

sides, and the slot does not specify which product it applies to — carriers choose which

flight to operate (cf. Borenstein, 1988). This connects to work on endogenous product

choice preceding price competition (e.g., Wollmann, 2018; Fan and Yang, 2020).

The paper proceeds as follows. Section I describes the slot allocation process and data,

and presents model-free evidence of inefficiency. Section II presents the flight-level demand

and supply model, identification, and estimation. Section III discusses estimation results.

Section IV links flight profits to slot values and details counterfactual simulations. Section V

presents welfare impacts of market-based reallocation. Section VI concludes.

I Industry and data description

As of 2024, half of all airline passengers worldwide depart from slot-constrained airports,

where demand for runway and gate access exceeds capacity.4 At these airports, airlines must

obtain slots from a coordinator to operate. The allocation process, governed by IATA’s

World Airport Slot Guidelines (and in Europe by Council Regulation EEC 95/93), has two

key features. First, incumbents retain slots from the previous season if utilized at least 80%

of the time (the “use-it-or-lose-it” rule). Second, slots that are returned, newly created, or

forfeited enter a pool, from which coordinators fulfill waitlist requests—with 50% reserved

for new entrants, typically carriers owning at most six (arrival+departure) slots that day.

This administrative system allocates slots based on historical precedent and queuing

priority rather than willingness to pay. In Europe, the initial allocation following market

4IATA statistics: https://www.iata.org/en/programs/ops-infra/slots/.
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liberalization in 1997 favored previously state-owned flag carriers, who retain dominant

positions in major airports today. Secondary trading is permitted in some jurisdictions but

remains thin. This study aims to quantify the welfare effects of moving toward a market-

based allocation, based on how much carriers value the slots. The focus of the study is two

airports: Paris Charles-de-Gaulle (CDG) and Paris Orly (ORY). Both airports are among

the most slot-constrained international airports in the world, and CDG is the second-busiest

airport in Europe after Heathrow Airport (Milioti and Odoni (2024)), serving more than 30

million passengers per year in 2019. At Paris Orly, the 2019 Aigle Azur bankruptcy released

nearly 10,000 slots midseason; yet only 18% of new entrant requests could be accommodated,

illustrating the magnitude of excess demand. In Appendix A and Marra (2024) I provide

further institutional details.

I.A Data sources

Two main data sources are used. The first is data from the French civil aviation regulator

DGAC, containing a sample of ticket prices and seats occupied for return flights departing

from CDG or ORY in the 2018 summer season (S18, between 26 March and November 3rd).

The administration uses these data to construct the travel component of the consumer price

index. The unique advantage of this data is that it contains flight-level identifiers including

departure time and date—information unavailable in the US Department of Transportation’s

DB1B sample typically used in airline research or in OAG’s quarterly flight aggregates.

The price variable is the average lowest offered fare, weighted by passenger surveys at

CDG and ORY to reflect actual purchase prices. Table 1 shows that DGAC quantities com-

pare well with DB1B data: destinations appearing in both datasets have similar passenger

traffic shares. However, the DGAC sampling algorithm does not condition on departure

time, resulting in missing fares for flights when a lower-priced alternative departed at a

different time that day.5

Since prices reflect average return fares for direct flights, half is attributed as the marginal

revenue contribution per passenger. This rules out that the marginal revenue contribution

from passengers connecting in CDG is different from the direct fare of the flight from CDG.

This proportionality principle holds in a sample of U.S. ticket data (Williams, 2022) as well

as in the sample of US-CDG flights in the SIAT survey data used in Aryal, Murry and

Williams (2024), and is routinely applied to the raw DB1B data.6

5I impute missing fares using random forest, achieving R2 = 0.89 in the held-out test sample; details on
the imputation procedure and its consistency properties are provided in Marra (2024). When the flight-level
unobservable ξ is constant across offers and independent of offer-specific heterogeneity, data are missing at
random conditional on observables and ξ, and imputation yields consistent estimates (Dagenais, 1973).

6The mean fares accounted to the direct flights in Aryal, Murry and Williams (2024) are not statistically
different at the 5% level when the itinerary includes a connection or not. I thank the authors for sharing
this information.
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Table 1: Quantity in DGAC and T100 data: comparing passenger shares by destination

ATL BOS EWR IAD JFK LAX MIA ORD SFO all

DGAC 0.12 0.07 0.06 0.11 0.27 0.11 0.07 0.08 0.12 1.00
T100 0.11 0.07 0.10 0.08 0.27 0.14 0.06 0.06 0.10 1.00

The second data source, purchased from Cirium, contains the universe of scheduled flights

globally for January 2018–October 2019. These data are not limited to Paris-destination

pairs and enable analysis of how flight networks affect slot values. I also compare observed

network changes between the summer season of 2019 (S19) and S18 to validate my model

estimates and to comment on the role of system-wide slot constraints.

Finally, weekly jet fuel prices, city populations, and airport coordinates are obtained from

the US Energy Information Agency, Simplemaps, and Google Maps, respectively. Aircraft-

specific fuel consumption parameters are taken from Seymour et al. (2020)

I.B Estimation sample and summary statistics

Quantity data are available for all 300 destinations reachable from CDG and ORY by com-

mercial flight, but the DGAC collects prices only for a subset. The 119 destinations in

the estimation sample are selected for their importance in terms of carrier count and flight

frequency. The most popular destinations for ticket sales are Nice, Toulouse, Barcelona,

Madrid, Montreal, Lisbon, and New York. All cities are retained regardless of population

size, as smaller cities (such as Toulouse) can still be important in terms of demand volume.

The sample is restricted to the 55carriers for which the DGAC samples fares, which are

more relevant in the sense of serving more destinations and offering more flights. Ghost

flights are not important in the data.7 Only approximately 0.2% of flights depart with fewer

than 25 passengers, and approximately 0.6% with fewer than 25% of seats occupied. Flights

with average fares exceeding the 99th percentile and the 49 flights with fewer than 10 seats

occupied are excluded. The final estimation sample contains 119,810 flights (observations);

summary statistics are presented in Table 3.

The average flight carries 176 passengers, with an average load factor of 0.85; only 5% of

flights are full. The average fare is e301, with a large standard deviation reflecting the mix

of low-cost short-distance and more expensive long-haul flights. Fare variation within and

across departure times is substantial and more pronounced at CDG than at ORY. ORY is

a smaller airport located closer to the city and offers more short-haul flights; average flight

distance is 1,629 km (1,012 miles) at CDG and 972 km (604 miles) at ORY.

Among the 55 carriers, the Air France Group (Air France, KLM, and Transavia, hence-

7A ghost flight is a flight that takes off with no or very few passengers, usually motivated by the 80%
“use-it-or-lose-it” requirement of the current slot allocation process. Flights may also take off (near-)empty
for other reasons, for instance, to support a hub function at the destination.
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Table 2: Networks by carrier

AF LH U2 VY

Panel A: Paris Operations
Destinations served from Paris 105 2 30 13
Mean flights to destination (JatF ) 94.33 184.06 61.11 77.21

Panel B: Outside Network Presence
Mean # flights outside airports to dest. (JatO) 540.63 13,512.38 633.44 865.90
% destinations with outside service 71.59 100.00 100.00 100.00
Mean # outside hubs serving dest. (HatO) 1.25 7.94 8.84 1.68
% destinations served by outside hub 42.07 100.00 98.74 98.13
Mean capacity on outside flights (CapatO) 123.67 167.56 168.07 178.66

Notes. Outside statistics based on Global Schedule data, for all markets in the estimation sample.
The carrier codes are AF=Air France, LH=Lufthansa, U2=easyJet, VY=Vueling Airlines. A hub
serves at least 30 destinations by direct flight.

forth “Air France”) is the dominant carrier, holding more than half of the slots in the

sample at both airports. Air France and Lufthansa both operate hub-and-spoke networks:

Lufthansa’s hubs are at destinations (Frankfurt and Munich), whereas Air France’s primary

hub is at the origin (Paris), with secondary hubs at select destinations such as Amsterdam.

The next two largest carriers, easyJet and Vueling Airlines, follow a more decentralized strat-

egy, though with disproportionately many departures from the UK and Spain, respectively.

Table 2 summarizes network characteristics for these four carriers. Air France dominates

Paris operations, serving 105 markets from CDG/ORY, but maintains limited outside net-

work presence with only 1.25 outside hubs per market on average (a hub is an airport serving

at least 30 destinations by direct flight). Lufthansa presents the opposite pattern: minimal

Paris presence (2 markets) but an extensive outside network with flights from 8 hubs and

over 13,5k outside flights per destination. easyJet and Vueling occupy intermediate po-

sitions, serving 30 and 13 Paris markets respectively, with considerable outside presence.

I.C Suggestive evidence for inefficiency

The raw data provides initial model-free evidence consistent with inefficient slot allocation

and its competitive consequences. On short-haul routes under 400km, Air France operates

63% more flights than competitors yet achieves load factors 5.5 percentage points lower

(81.6% vs 87.1%).8 This is consistent with slot hoarding: under the “use-it-or-lose-it” rule,

incumbents maintain high frequency even when demand does not justify it, retaining valuable

slots and deterring entry (De Wit and Burghouwt (2008), Fukui (2012), Kösters, Meier and

8The following destinations in the data are less than 400km from Paris: Amsterdam, Bordeaux, Bristol,
Frankfurt, Geneva, Liverpool, London, Marseille, Milan, Toulouse, and Zurich, with flights offered by: Air
France, British Airways, Lufthansa, SWISS, Vueling Airlines, and easyJet.
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Table 3: Summary statistics of selected demand and cost variables

All Air France Competitors

Mean SD Mean SD Mean SD p

Fare (100 e) 3.01 2.58 3.08 2.61 2.94 2.55 0.111
Quantity 175.99 81.77 172.73 84.10 179.69 78.87 0.008

Network & Connectivity

Departure = Morning 0.22 0.42 0.26 0.44 0.18 0.38 <0.001
Departure = Mid Day 0.40 0.49 0.38 0.48 0.42 0.49 <0.001
Departure = End Day 0.38 0.48 0.36 0.48 0.40 0.49 <0.001
Nr. Flights to Dest. on Date 0.41 0.30 0.49 0.34 0.32 0.20 <0.001
Connectivity Dep. Airport 0.86 1.04 1.51 1.03 0.13 0.29 <0.001
Connectivity Arr. Airport 0.57 1.01 0.27 0.66 0.92 1.21 <0.001
Spacing 1.34 2.46 0.11 0.05 2.74 3.04 <0.001
Spacing (at Dest.) 3.34 5.75 5.14 6.50 1.28 3.83 <0.001
Nr. Destinations 0.85 0.82 1.45 0.68 0.17 0.21 <0.001
Nr. Destinations (at Dest.) 1.37 0.71 1.34 0.68 1.40 0.73 0.039
Nr. Flights 1.02 0.97 1.81 0.66 0.12 0.12 <0.001
Nr. Flights (at Dest.) 0.73 1.34 0.15 0.50 1.38 1.66 <0.001

Cost Drivers

Fuel Consumption (100 e) 1.81 2.04 1.73 2.02 1.89 2.05 0.008
Medium Haul 0.08 0.27 0.06 0.24 0.09 0.29 <0.001
Long Haul 0.14 0.35 0.14 0.35 0.15 0.36 0.347
Arrival = Mid Day 0.33 0.47 0.32 0.47 0.34 0.47 0.122
Arrival = End Day 0.48 0.50 0.48 0.50 0.48 0.50 0.883
Capacity 205.79 83.91 200.43 85.51 211.87 81.62 <0.001
Wet Lease 0.08 0.27 0.13 0.34 0.02 0.14 <0.001
Slot Constrained Dest. 0.65 0.48 0.61 0.49 0.70 0.46 <0.001
First or Business class (% of seats) 4.00 6.44 3.07 5.09 5.05 7.56 <0.001

Slot Utilization

Load Factor (%): <400km 83.44 15.66 81.59 16.55 87.09 12.97 <0.001
Load Factor (%): Other flights 85.59 15.56 86.91 13.66 84.29 17.14 <0.001
Frequency: <400km 0.72 0.33 0.83 0.32 0.51 0.23 <0.001
Frequency: Other flights 0.24 0.14 0.22 0.11 0.26 0.16 <0.001

Market Concentration All High AF Share Low AF Share

Mean SD Mean SD Mean SD p

AF Slot Share 0.52 0.30 0.76 0.20 0.28 0.18 <0.001
HHI (Flights) 0.64 0.24 0.70 0.23 0.58 0.24 <0.001
Nr. Competitors 2.04 0.84 1.84 0.74 2.25 0.89 <0.001
Fare (All) 4.64 3.00 5.22 3.12 4.04 2.75 <0.001
Fare (Air France) 4.93 3.02 5.31 3.16 4.42 2.74 <0.001
Fare (Competitors) 3.92 2.73 3.86 2.58 3.96 2.82 0.583

Sample Characteristics All CDG ORY

Nr. products (flights) 119,810 80,879 38,931
Nr. Air France flights 63,705 45,615 18,090
Nr. markets (dest.-months) 952 888 431
Avg. products per market 279 242 355
Nr. firms 55 48 12
Avg. firms per market 3.25 3.06 3.65

Notes. The variables Fare, Nr. Destinations, and Nr. Flights, are in units of 100, and Nr. Flights to
Destination is in units of 10, Spacing is in average hours between adjacent flights on the same day,
HHI is on a scale of 0-1, Connectivity is in 100 flights arriving or departing from-to the connectivity
window, Fuel Consumption is in 100 eper seat. Other variables are in units or dummy variables.
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Sieg (2023)). Each under-filled short-haul flight represents a slot that could serve a higher-

value long-haul route or be reallocated to a more efficient carrier. This pattern reverses

on longer routes, where Air France achieves higher load factors than competitors (86.9%

vs 84.3%), suggesting the dominant carrier strategically concentrates efficient operations on

high-value routes while maintaining excess capacity on short routes as a competitive barrier.

Air France’s slot advantage extends beyond quantity to quality: 26% of its flights depart

in the morning versus just 18% for competitors, who concentrate operations at the end of

the day. Morning slots are arguably more valuable, enabling full-day travel and providing

operational buffers against cascading delays. Asymmetries are maintained by the historical

accumulation of the most desirable slots, reinforcing barriers to competition.

Finally, slot dominance links to pricing power. Where Air France holds a high slot

share, its fares are approximately 20% higher (e5.31 vs e4.42), while competitors’ fares

show no significant variation across these market types (e3.86 vs e3.96, p = 0.58). If

high-slot-share markets were intrinsically more valuable — due to higher demand, wealthier

passengers, or premium destinations — all carriers would charge higher fares there. The

fact that only Air France benefits suggests the premium reflects market power derived from

slot dominance rather than underlying demand characteristics. This is reinforced by the

structural differences across markets: those with high Air France slot shares have fewer

competitors (1.84 vs 2.25 firms) and higher concentration (HHI of 0.70 vs 0.58).

However, plausible alternative explanations exist. Air France’s high frequency on short-

haul routes may reflect business travelers’ willingness to pay for schedule flexibility, the

network value of feeding passengers into long-haul connections at its CDG hub, or cost ad-

vantages that make frequent service privately optimal. The raw statistics cannot distinguish

strategic inefficiency from rational responses to demand and cost fundamentals, and, more-

over, the flights and network operated by Air France differs from other firms on many ob-

servable dimensions (Table 3). The structural model addresses this by separately estimating

demand for schedule characteristics, the network value of connectivity, and carrier-specific

marginal costs as a function of network observables.

II Market equilibrium conditional on slot allocation

A departure (or arrival) slot gives the carrier the right to schedule one flight departing from

(or arriving at) that airport at that specified time and day of the week. This flight generates

profit for the operating carrier that depends, in equilibrium, on the timing of the slot, the

costs of and demand for this flight, the role of the flight in the carrier’s network, and the

flight offerings of competing carriers.
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II.A Demand

II.A.1 Setup

The demand model is based on Berry, Carnall and Spiller (2006) and Berry and Jia (2010).

Two latent consumer types vary in their preferences for product characteristics, including the

price of the flight. The two types r ∈ {1, 2} are interpretable as consumers traveling for either

business or leisure purposes. When choosing among products, purchasing a different flight

and not flying altogether are categorically different, justifying a nested logit specification

with one nest for all flights in a market and one nest for the outside option (j = 0). The

indirect utility for consumer i of type r for consuming flight j with non-price characteristics

X operated by carrier a to market t is:

Uijt(Fat) = αrPjt +ND
jt (Fat)

′βN
r +X ′

jtβr + µt + µa + ϵijt(λ), (1)

where Ui0t = λζi0t for the outside option of not flying, and µa and µt are carrier and

destination fixed effects, the latter also captures alternative travel modes such as high-speed

trains. The composite error term ϵijt(λ) equals ξjt+νit(λ)+λζijt; ξjt captures the flight-level

scalar unobserved to the econometrician but (potentially) observed by firms and consumers;

νit captures consumers’ preference for flying over not flying to market t; and ζijt captures

consumer i’s idiosyncratic utility for flight j to market t. Parameter λ ∈ (0, 1] governs how

closely substitutable flights are relative to the outside option. If λ = 1, the model reduces to

a simple logit where substitution to the outside option is as likely as substitution to another

flight within the same market.

The notation Uijt(Fat) indicates that demand for a flight depends on how it is posi-

tioned in the carrier’s network, as measured by the demand-relevant network characteristics

ND
jt (Fat), such as the carrier’s airport presence. Xjt is a vector of flight-level characteris-

tics that consumers value independently from the network, such as departure time. A full

description of which network variables are included and why they are plausibly exogenous

is provided below. Equilibrium prices are potentially endogenous and will be instrumented.

Furthermore, ζijt is assumed Gumbel-distributed, and νit is drawn from the distribution of

Cardell (1997), which ensures ϵijt(λ) is Gumbel-distributed and yields the familiar closed-

form nested logit purchase probabilities.9

9The market share of product j in market t is:

Sjt(Ft; ξt, θ
D) = γ1Dj1

(∑J
k=1 Dk1

)λ−1(
1 +

∑J
k=1 Dk1

)λ + (1− γ1)Dj2

(∑J
k=1 Dk2

)λ−1(
1 +

∑J
k=1 Dk2

)λ , (2)

where
Djr = exp

(
(αrPjt +ND

jt (Fat)
′βN

r +X′
jtβr + ξjt + µa + µt)/λ)

)
.
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II.A.2 Flight-level demand with network effects

An operating carrier must have arrival and departure rights for each slot-constrained airport

on the itineraries of its consumers, for which values must be isolated. Slot values are defined

formally in Section IV, but in short, the carrier’s willingness to pay for a slot is derived from

the additional profits generated (across the carrier’s network) with the single flight that

can be scheduled in that slot, accounting for how this flight’s position in the carrier’s flight

network affects demand and costs across its network. As such, the goal is to incorporate

all major factors driving an airline’s profits that can reasonably be ascribed to the flight in

question, including externalities on its other flights.

The resulting flight-level analysis contrasts with the more typical itinerary-based ap-

proach (see also subplots a) and b) in Figure 1). An itinerary is a set of flights established

between origin and destination for which a passenger buys a ticket. Hence, while itineraries

have connections, flights usually do not. In my global schedules data, only 128 out of

152,531 flights (0.08%) that departed from CDG and none that departed from ORY in S18

were identified as connecting flights. In contrast, Aéroports de Paris has documented that

21.7% of the passengers departing from its airports (CDG and ORY) were connecting from

another flight that year.10 This means that a non-negligible portion of demand for (direct)

flights comes from passengers who are on multi-legged itineraries.

To address this, the utility function allows for a demand premium for flights with better

connection possibilities to other flights by the same carrier or codesharing partners, both at

the origin airport and the destination airport. Specifically, flight characteristics include the

number of other feasible flights by the same carrier or a codesharing partner that arrives

in (depart from) the departure airport (arrival airport) within a time window of 1–6 hours

before the flight takes off (after the flight arrives). The feasibility constraint imposes that

a flight in these arrival or departure windows is only counted as a potential connection if

the flight distance with the connection in Paris would be less than 1.5 times the direct

flight distance between the origin and destination of the itinerary (as in Yuan and Barwick

(2024)). This rules out that consumers consider flying through Paris to travel between two

relatively nearby places.11 The connectivity variables reflect the convenience of the flight

γ1 is the population share of type 1, and θD = (λ, γ1, α1, α2, βN , β) is the vector of all demand parameters.
The market share comprises the share of consumers of type r that purchase any ticket and the share of
those consumers that choose flight j conditional on flying. Sjt depends on the vector of all product-level
unobservables in the market (ξt) as well as the set of flights offered in the market (Ft).

10Source: press release Aéroports de Paris January 15 2019. Overall, the global schedules data contains
the universe of 32,342,819 flights for the 2018 summer season, of which 26,800,445 were scheduled passenger
flights considered relevant for this study. A total of 86.6% of all scheduled passenger flights globally are
direct, 10.5% have one stop, and the remainder have two or more stops. The 128 flights with connections
at CDG were for only 6 routes, as documented Marra (2024).

11As there is a sizable offering of flights from low-cost carriers with point-to-point network strategies in
Europe, it is not mandated that the connection airport is a hub, and simple connectivity measures without
the feasibility constraint are also considered.
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(a) Flights vs. itineraries

CDG

MXP

JFK

DXB

(b) Flight-level Q,P

CDG

DXB

s

(c) Outside itineraries

AMS

CDG

JFK DXB

s

Flights by airline a

Quantity = number seats filled

Passenger’s itinerary (?)

Figure 1: Flight-level analysis to recover the value of slot s to airline a

Notes. From the perspective of a consumer, JFK-CDG-MXP and JFK-CDG-DXB are two dif-
ferent itineraries both with a connecting stop at CDG (plot a), and modelled typically as two
non-directional or four directional markets. From the perspective of an airline carrier, three flights
are involved in each direction. Slots are required for all slot-constrained airports on potential
itineraries. In this paper, slot values are therefore estimated off the demand for the (direct) flight
associated with the slot (s in plot b) incorporating externalities on the rest of the flight network —
including, through network (opportunity) costs, potential outside itineraries (e.g., JFK-AMS-DBX
in plot c) and hub functions.

in relation to other flights on a (potential and unobserved) itinerary, which itinerary-level

analyses account for with, e.g., the number of connections (Berry and Jia, 2010) or the ratio

of itinerary distance over nonstop distance (Gayle, 2013). Estimating high connectivity

premia will make a slot more valuable to airlines who can use it to offer an itinerary with a

short layover at CDG or a destination airport.

Connecting passengers are also accounted for in the market (size) definition.12 Markets

are defined as cities that can be reached in a given month by nonstop flight from Paris, con-

form the directional city-pair market definition and with the estimation sample containing

only one airport per destination city. CDG and ORY airport are substitutes in demand.

As a result, I recover slot-related consumer preferences. Most importantly, consumers

likely have departure and arrival time preferences. Such time preferences will cause some

slots to be more valuable than others, as airlines enjoy higher mark-ups in equilibrium for

flights scheduled at more favorable times. Without this feature, it will be hard to capture

that departure slots are more desirable i) during peak times or ii) when they are suitable

12The market size equals the geometric mean of the population in the destination city and the population
in Paris weighted by the overall share of nonstop passengers in Paris (0.873), plus the average geometric
population mean across all destination cities weighted by the share of connecting passengers (1-0.873). This
reflects that a nonnegligible share of demand for flights departing from Paris is by passengers flying from or
to cities beyond the origin or destination of the flight.
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to arrive at favorable times at profitable long-haul destinations.13 Time preference will

therefore be instrumental to help predict instances like the record price of $75 million that

Oman Air paid in 2016 to Kenya Airways for a single slot pair at Heathrow Airport. Oman

uses the slot for an overnight flight fromMuscat to Heathrow, and needs the early arrival time

to cater to businessmen that make further connections to the US and Europe.14 Likewise,

day of the week preferences are included in demand and consumers may prefer one departure

airport over another due to the implied time it takes to reach the airport and then the gate.

Further, the carrier’s airline presence captured by the number of destinations it serves is

an important demand driver (as documented in the literature dating back at least to Boren-

stein (1989), Berry (1990), and Brueckner, Dyer and Spiller (1992)). The positive airport

presence effect reflects numerous advantages, such as having access to better lounges or more

convenient gates. Carrier (group) fixed effects are included in the utility specification, in

addition to network variables, to capture this enhancement. In addition, more flights on the

same date to the same destination by the same carrier might be preferred if this reduces the

expected wait time when a flight is canceled. The utility specification in (1) contains:

ND =
[
ConnectivityOrigin, ConnectivityDest, log(NrFlightsToDest), NrDestinations

]
X =

[
DepartureAirport,DepT ime,DepDay,ArrivalT ime

]
The specification serves to capture consumer preferences in relation to a carrier’s network

of flights and the role that a certain departure slot could have in it. Including the described

network-based variables in the demand model makes it unclear whether consumers are better

off when transferring a slot from the dominant carrier to a competitor in the same market,

even when prices decrease. The estimated model will illuminate a fundamental trade-off

between higher prices and greater convenience associated with concentration in this industry.

II.B Marginal costs

The marginal cost per seat of flight j to market t is given by

Cjt(Fa) = NS
jt(Fa)

′κN +W ′
jtκ+ ωjt, (3)

where NS
jt(Fa) contains network-related variables such as the average spacing between de-

partures, Wjt captures flight-level cost shifters such as the aircraft’s fuel consumption,

θS = (κN , κ) is a vector of cost parameters, and ωjt is an additive idiosyncratic cost term

13Given short turnover times, departing at peak times means arriving at peak times as well, as is relevant
when thinking about matching arrival-departure slot pairs in the counterfactuals.

14As documented in this 2016 annual report by the Royal Aeronautical Society’s Greener by Design body.
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assumed to satisfy (NS
jt(Fa),Wjt) ⊥ ωjt. Marginal costs are taken to be independent of the

number of flights on a passenger’s itinerary, as it is unlikely that the sequence of flights a

passenger takes influences the cost of operating them. Fuel expenditures constitute a large

share of the variable costs of operating commercial aircraft. The average fuel consumption

per seat is approximated by an aircraft-specific quadratic function in the distance to des-

tination, using the aircraft-specific fuel efficiency coefficients estimated in Seymour et al.

(2020), which mimics physics-based fuel burn performance models used in the industry.15

Carriers’ flight networks naturally affect costs, mainly through the economies of den-

sity associated with hub-and-spoke relative to point-to-point networks. Quantifying these

network-based cost differences is important for computing differences in (counterfactual)

profits across airlines. Transporting passengers from or toward hubs is beneficial, as larger

aircraft can be used and/or load factors increase. The cost specification includes the number

of destinations and flights the carrier serves from the departure airport and from the arrival

airport. Flight timing may also be relevant for costs: flights departing near each other can

share check-in personnel, for example. Inspired by Borenstein and Netz (1999), I include the

average spacing in hours of adjacent departures (by the same carrier on the same date to any

destination). Flight spacing lends another time dimension to the model; estimating positive

flight spacing costs and connectivity premia would endogenously generate a preference for

slots that allow flights to be banked together (cf. the mechanism in Adler, Andreana and

De Jong (2026)) rather than spaced out or randomly positioned.

I furthermore include a departure airport dummy to account for passenger and handling

fee differences, whether the aircraft is wet-leased from another carrier, the share of business

class seats, aircraft capacity, and flight distance bins. Arrival time variables further place

the flight in the carrier’s network, capturing the potential benefit of arriving in time for a

new departure from the arrival airport at a favorable hour.

Taking economies of density and hub-and-spoke strategies seriously, the specified cost

function is more accurately interpretable as the average variable cost per seat on flight

j net of any benefits of transporting passengers to destination t — or equivalently, the

opportunity cost of the seat in the short run when network decisions are already made.

This interpretation is without loss if variable costs are linear in the number of passengers.

Marginal costs are therefore not required to be strictly positive. Negative costs may arise, for

instance, when fares are substantially discounted on feeder flights transporting passengers to

15Physics-based models simulate the geometric, kinematic, and kinetic properties of aircraft performance
and require a wealth of data, such as cruising altitude, lift coefficient, climbing speed, and flight envelope data
(Seymour et al. (2020)). See, for example, https://www.eurocontrol.int/model/bada for EUROCONTROL’s
aircraft performance model. Fuel consumption per seat is multiplied by the Kerosene-type Jet Fuel Spot
Price one month before the departure date in euros to account (imperfectly) for input price variation over
time. The prior literature typically uses flight distance; (Bauer (2025)) adopts my cost shifter as well.
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a hub. For the same reason, the opportunity cost of flying to a slot-constrained destination

is expected to be lower, since demand for onward departures from those airports will be

higher. The marginal cost specification in (3) entails:

NS =
[
NrDestinations, Spacing,NrF lights,NrDest(atDest), Spacing(atDest),

NrF lights(atDest), SlotConstrainedDest, ArrivalT ime
]

W =
[
FuelConsumption,WetLease,DepartureAirport, BusinessClassShare,

LongHaul,MediumHaul, Capacity
]

This model generates spillovers across markets (as in Bontemps, Gualdani and Remmy

(2023)) as well as across products. Consider an airline that receives a slot and adds a flight

to a certain destination. If consumers value flight frequency, demand for all flights by this

carrier to that destination increases, ceteris paribus. Moreover, the airline potentially enjoys

cost savings from reduced spacing and a denser network, lowering the marginal cost of all

flights to any destination on that date. These network effects are taken into account when

computing slot values by updating NS(F) and ND(F) when the flight network F changes.

II.C Network (opportunity) costs

As the model is used to elicit ordinal preferences on slots, omitted fixed costs of operating

flights only affect the results insofar as they vary across airlines above and beyond factors

already included in the cost specification. Relatedly, as in most of the prior literature, I ab-

stract from the decision to cancel a flight when realized demand is insufficient to cover fixed

costs. The “use-it-or-lose-it” rule that applies at both slot-constrained departure airports

and the majority of destinations in the sample makes cancellation particularly unattractive.

However, the different aircraft fleets and global slot holdings of carriers constrain them in

using new slots optimally. Moreover, carriers with extensive outside hub networks face a

higher threshold for operating Paris flights: passengers can be routed through alternative

hubs, so a Paris slot is only worthwhile if direct-route profitability is sufficiently high. Con-

versely, carriers dependent on Paris as their primary hub will tolerate lower-margin flights

to maintain connectivity and the model estimates are used to capture this (Section III.C).

II.D Equilibrium

Multiproduct firms compete in average flight fares for consumers within a market, given

externalities across their flight network as measured by the network variables in the cost and

utility specifications. Demand is assumed to be independent across markets, and equilibrium
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prices are obtained market-by-market. Assuming that observed prices maximize the firm’s

profits across markets, the equilibrium markups and quantities are recovered for each flight

from the standard Bertrand-Nash first-order conditions. This delivers airline a’s flight-level

equilibrium profits K∗
a(F), which stacks the flight-level profits K∗

jt ∀(j, t) ∈ Fa, and is used

to determine slot values to carrier a below. The equilibrium can be interpreted through

the lens of decentralized decision-making, similar to Aguirregabiria and Ho (2012). A local

pricing manager prices all the carrier’s flights out of Paris, disregarding how these prices

affect demand for flights departing from other airports. Externalities on flights arriving in

Paris or departing from the destination are internalized, but substitution to flights on outside

itineraries not involving Paris is ignored.16 Organizational frictions might justify abstracting

from network externalities in pricing (Hortaçsu et al. (2024)), but model simulations defining

slot values address that carriers’ outside options affect the value they place on Paris slots.

II.E Identification and estimation

The identification of model parameters follows Berry and Jia (2010) and the results in Berry

and Haile (2014) for nonparametric differentiated product models with market-level data

and scalar unobserved heterogeneity. Identification requires at least one valid instrument

for each endogenous variable, satisfying exclusion and completeness restrictions.

The price instruments (ZD) must generate variation in average fares across flights in

a market. The primary source is the fuel consumption per seat instrument based on fuel

efficiency coefficients from Seymour et al. (2020) and flight distances, as described ear-

lier. This instrument alone explains 79% of price variation — consistent with evidence

that fuel costs constitute a substantial share of operating expenses (Brueckner, Kahn and

Nickelsburg, 2024). The identifying assumption is that consumers don’t value (or observe)

the aircraft’s fuel efficiency, which seems reasonable for the average traveler in 2018. ZD

also includes the number of products in the market, network-based instruments (shares of

monopoly and duopoly markets at the destination), and BLP-style instruments based on

flights’ positions in characteristics space.17 Instrument validity is assessed via a plain logit

specification (Berry, 1994). Capacity and wet-lease instruments fail the Hansen J test under

market-level clustering, consistent with airlines selecting aircraft on the basis of unobserved

demand. Schedule-based instruments—such as the number of competing flights within a

16For a passenger travelling from New York to Dubai, flying through Paris is just one of several options:
other European airports serve as major connecting hubs, and direct flights may be available — as illustrated
in subplot c) of Figure 1. A more sophisticated pricing strategy would account for the fact that an airline
controlling many alternative itineraries might exploit this by charging higher fares on the CDG–Dubai flight
and being more selective about which Paris routes to operate. One approach would be to model this as
a direct pricing externality across CDG–Dubai flights. Without demand data on outside flights, however,
doing so is infeasible without substantial additional structure and restrictions on outside flight margins.

17Their identifying power may be reduced by large market asymptotics (Armstrong, 2016).
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two-hour window, the number of seats on competing flights, and average flight spacing at

the destination—pass this test, as expected given that slot constraints at congested airports

impose external restrictions on timing that are plausibly orthogonal to demand shocks. The

Wu–Hausman test confirms price endogeneity, and weak instrument tests confirm relevance.

The same instruments enter ZS to identify the supply side, affecting quantities through

equilibrium markups. Since aircraft characteristics are potentially endogenous — airlines

may adjust them based on realized demand — they are instrumented with additional in-

struments exploiting airline fleet composition: the carrier’s average capacity and small-plane

share across other routes and rivals’ capacity choices on the same route. These reflect long-

run capital and network decisions plausibly orthogonal to route-specific demand shocks.

The model thus takes as given the aircraft fleet, route network, and flight scheduling,

determined before slot auctions occur. At level-3 slot-constrained airports like CDG and

ORY, the majority of seasonal slot allocations derive from historic rights.18 While historic

rights constrain new flight offerings, carriers might still reallocate slots in response to realized

shocks. If slot usage changed frequently, estimation would need to address this selection

(Draganska, Mazzeo and Seim, 2009; Fan and Yang, 2020; Ciliberto, Murry and Tamer,

2021; Li et al., 2022). However, the exogeneity of schedule-based instruments suggests

that scheduling patterns do not respond to unobserved demand shocks c.p., supporting the

assumption that slot rigidities generate exogenous variation in competitive pressure.

In the resulting incremental slot allocation model, the observed flight network is assumed

independent of current-season shocks; the timing is visualized in Figure 2. The counterfac-

tual results will therefore reflect primary auctions of small capacity shares — such as slots

returned to the pool or relaxed constraints on secondary markets — rather than mecha-

nisms allocating all capacity simultaneously. At the margin, changes to the slot allocation

are simulated with current-period shocks observed even when the observed networks are

independent of these shocks.

The demand parameters are obtained via a standard generalized method of moments

(GMM) estimator, instrumenting for endogenous prices. The supply parameters are re-

covered with an IV regression of the resulting costs (prices minus equilibrium markups) on

observables, instrumenting for endogenous quantities, aircraft capacity, and wet-lease status.

Additional details on identification and estimation are provided in Appendix C.

18Pouget et al. (2023) document that fewer than 14% of slot requests at CDG in summer 2018 were for
flights not offered in the previous equivalent season. This aligns with Milioti and Odoni (2024), who report
that historic series account for at least 90% of allocations at Europe’s busiest Level 3 airports.
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Figure 2: Incremental slot allocation model.

Notes. The global route network formation takes place at t = 0, before a small share of slots at
one airport gets (re)-allocated in period t = 1. The route network formation depends on route-level
fixed cost shocks that are independent of the idiosyncratic flight-level demand (ξ) and marginal cost
(ω) shocks, which realize after the global flight networks set.

III Estimation results

III.A Demand parameters

The estimation results (Table 4) indicate that a small share of the population (γ̂1 = 0.052)

has preferences diverging substantially from the majority. Based on the estimated price

coefficients, Type 1 consumers exhibit lower price sensitivity (α̂1 = −0.445) and can be

labeled as business travelers. Type 2 consumers, comprising all other passengers including

leisure travelers, are substantially more price-sensitive (α̂2 = −1.462).19

The nested logit coefficient (λ̂ = 0.787) is significantly different from one, confirming that

the nesting structure captures meaningful substitution patterns, and is similar in magnitude

to prior studies. The price elasticity of the leisure type (−5.58) is comparable to the value

found in Berry and Jia (2010) (−5.0 in the base specification), while the smaller share

of business types is less price elastic (−1.69 vs. −0.44). The resulting aggregate price

elasticity is twice as large (−3.48 vs. −1.55). Note that the price elasticities in most

airline studies (including Berry and Jia (2010)) are based on aggregated data, which likely

introduces an upward bias as documented in D’Haultfœuille et al. (2022) in the context of

rail transportation. My estimated aggregate price elasticity of −3.48 is close to the −3.31

average found in Williams (2022), also estimated on flight-level data. The nesting parameter

is stable across all specifications with destination fixed effects.

Consumers consistently rank Air France above Lufthansa and easyJet, but prefer other

flag carriers (e.g., Singapore Airlines, Turkish Airlines) and non-state-owned carriers (e.g.,

Delta Air Lines, United Airlines) over Air France. Table B1 lists the carriers by category.

To rule out that these rankings primarily reflect differences in destinations served rather

than true brand preferences, I estimate the model excluding monopoly routes. The results in

19Because the more price-sensitive leisure types are roughly four times more likely to choose the outside
option (e.g., taking a train, forgoing the trip altogether), the share of each type actually on board is more
evenly balanced — with business travelers filling around 20% of seats on the plane on average across markets.
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Table 4: Demand estimation results

Alternative estimation samples
No Overseas No Monopoly No CDG

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

Model parameters

Nested logit coefficient (lambda) 0.787 (0.008) 0.785 (0.008) 0.782 (0.010) 0.742 (0.010)
Population share type 1 0.052 (0.003) 0.053 (0.003) 0.052 (0.004) 0.125 (0.013)
Fare (type 1) -0.445 (0.015) -0.420 (0.015) -0.474 (0.021) -0.517 (0.020)
Fare (type 2) -1.462 (0.022) -1.487 (0.025) -1.454 (0.023) -1.419 (0.052)

Network & time preferences

Departure Airport = CDG (type 1) -0.596 (0.107) -0.706 (0.105) -0.593 (0.125)
Departure Airport = CDG (type 2) 0.437 (0.036) 0.445 (0.034) 0.441 (0.038)
Arrival time cosine (type 1) 0.646 (0.032) 0.630 (0.030) 0.526 (0.050) 1.180 (0.103)
Arrival time cosine (type 2) 0.019 (0.017) 0.014 (0.017) 0.033 (0.020) 0.528 (0.055)
Nr. Destinations -0.002 (0.024) 0.042 (0.023) -0.003 (0.026) -2.389 (0.229)
log(Nr. Flights to Destination) 0.071 (0.012) 0.040 (0.012) 0.069 (0.012) 0.079 (0.016)
Connectivity Arrival Airport 0.115 (0.010) 0.112 (0.010) 0.118 (0.011) 0.142 (0.016)
Connectivity Departure Airport 0.344 (0.012) 0.339 (0.012) 0.359 (0.012) 0.108 (0.043)

Day of week fixed effects

Day = Tuesday 0.154 (0.013) 0.155 (0.012) 0.195 (0.014) -0.075 (0.013)
Day = Wednesday -0.247 (0.011) -0.237 (0.011) -0.243 (0.012) -0.155 (0.014)
Day = Thursday 0.198 (0.013) 0.203 (0.012) 0.240 (0.014) 0.052 (0.015)
Day = Friday -0.106 (0.012) -0.095 (0.012) -0.103 (0.013) 0.059 (0.016)
Day = Saturday -0.038 (0.013) -0.032 (0.013) -0.023 (0.014) 0.101 (0.018)
Day = Sunday 0.026 (0.013) 0.033 (0.012) 0.032 (0.013) 0.066 (0.016)

Carrier fixed effects

Air France -0.108 (0.038) -0.264 (0.036) -0.132 (0.039) 0.667 (0.097)
easyJet -0.398 (0.034) -0.546 (0.032) -0.406 (0.034) 0.266 (0.053)
Other Flag Carrier 0.148 (0.041) 0.062 (0.042) 0.154 (0.042) 0.080 (0.054)
Lufthansa -0.425 (0.057) -0.482 (0.057) -0.446 (0.059)
Vueling Airlines -0.073 (0.037) -0.209 (0.037) -0.077 (0.038) 0.109 (0.054)

Observations 119,810 117,217 111,534 38,931
MMSC-BIC (scaled by N) -0.001 -0.001 -0.001 -0.003
Share inelastic demand 0.001 0.001 0.001 0.029
Avg. own-price elasticity -3.476 -3.385 -3.568 -2.436
Avg. Lerner index 0.424 0.429 0.412 0.646

Notes. Estimated demand-side coefficients with standard errors clustered at the market level in
parentheses, for the full estimation sample (column 1) and robustness checks excluding French
overseas territories (column 2), monopoly destinations (column 3), and all flights departing from
CDG (column 4). All specifications pass Hansen J-tests (p > 0.99) under destination-level cluster-
ing. Lufthansa only operates out of CDG. Destination fixed effects are omitted; Appendix Table B3
lists the 10 most and least attractive destinations as estimated in the full sample. Units are as
described in the footnote of Table 3

column 3 confirm that the carrier ranking is unchanged and other estimates are largely stable,

supporting the interpretation that these coefficients reflect genuine consumer preferences

rather than supply-side market structure.

The estimated destination fixed effects capture the utility of flying to each destination

relative to alternative modes such as rail. As expected, destinations with the lowest flight

utility are those accessible by high-speed train, including London, Milan, and Marseille,

while those with the highest utility — Atlanta, Saint-Denis, and Dzaoudzi — are separated
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Table 5: Price elasticities, willingness to pay, and diversion patterns

Own price elasticities
Type 1 -1.692
Type 2 -5.580
Both types (population weighted avg.) -3.476

Share of passengers
Type 1 0.052

WTP departing from CDG vs ORY
Type 1 -133.982
Type 2 29.888

WTP +100 potential connections
Departure Airport - Type 1 77.294
Departure Airport - Type 2 23.510
Arrival Airport - Type 1 25.788
Arrival Airport - Type 2 7.844

WTP arriving at 7am vs 1pm
Type 1 145.378
Type 2 1.302

Diversion

Same carrier Rival

Comparing haul type (AF CDG, 06–10h)
Long-haul 74% 26%
Short-haul 60% 40%

Comparing airport/destination set (AF long-haul)
AF ORY 34% 66%
AF CDG 74% 26%

Price spillover AF CDG long-haul (peak):
Same time window +0.01% of fare
Adjacent time windows +0.47% of fare

Comparing time windows (AF CDG long-haul)
Morning (06–10h) 74% 26%
Midday (10–14h) 63% 37%
Afternoon (14–18h) 82% 18%

Notes. Left panel: willingness to pay reported in euros per ticket; type 1 can be labeled a “business”
type and type 2 as traveling for “leisure”. Right panel: diversion shares conditional on purchasing.
AF = Air France. Price effects are average fare changes on same-carrier flights in the same vs other
2-hour departure windows. AF CDG long-haul averages over all time blocks.

from Paris by an ocean. The sample includes five French overseas territories (with destina-

tion cities Saint-Denis, Dzaoudzi, Cayenne, Fort-de-France, and Pointe-à-Pitre), which are

subject to specific subsidy and tax schemes. Estimating the model excluding them (column

2) leaves most estimates unchanged, although the Air France coefficient becomes more neg-

ative, suggesting travelers to these destinations have an above-average preference for the

former state-owned carrier.

The estimates reveal sizeable departure and arrival time preferences. Most strikingly,

business travelers are willing to pay e145 more to arrive at their preferred morning time —

in time for their business day or a connecting flight (Table 5). At about 150% of median

profits per seat, this rejects the hypothesis that airport time slots are perfect substitutes

and explains the large sums paid to secure early morning slots.20

Diversion patterns suggest that destination reachability is an important factor differen-

tiating slots at different times (Table 5, right panel). Removing an Air France long-haul slot

in the morning at CDG retains 74% of within-market demand within the carrier versus 60%

for short-haul at the same airport and time, because long-haul routes face less competition

at the same time. The same long-haul morning slot at ORY retains only 34%, reflecting a

more competitive destination mix. Price spillovers reinforce this: the fare effect concentrates

20Appendix D compares alternative specifications, also highlighting an undesirable consequence of re-
stricting passenger types to have identical time preferences. Under such restrictions, business and leisure
travelers are predicted to substitute in roughly equal proportion to other morning flights (driven only by
price differences). Models with type-specific time preferences obtain more realistic differentiated diversion:
business types divert 2.9 times as much as leisure types to other morning flights. This makes both the size
and timing of slot holdings relevant for market power.
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in adjacent time windows (+0.47%) rather than the same window (+0.01%), as displaced

passengers rebook into the next long-haul bank. Within Air France’s CDG long-haul flights,

within-carrier diversion falls to 63% at midday when US carriers compete on transatlantic

routes, versus 82% in the afternoon bank when Air France faces almost no competition.

The estimated connectivity coefficients indicate that travelers value shorter layovers.

Business and leisure travelers are willing to pay e77 and e24, respectively, for 100 additional

(potentially connecting) flights arriving at the departure airport within 1–6 hours before their

flight — about one standard deviation more connectivity. Willingness to pay for departure

airport connectivity is roughly three times that for arrival airport connectivity, perhaps

because arrival time preferences already partially capture this value. Reallocating slots

from larger to smaller networks thus reduces consumer convenience from short layovers, and

implies a lower connectivity premium for the smaller-network carrier.

Consumers prefer to fly with a large carrier from the departure airport, though this

preference is not explained by the number of destinations served. Instead, consumers value

carriers offering more same-day flights to their desired destination, which enters utility in logs

to reflect decreasing marginal gains from higher frequency. Business travelers also strongly

favor ORY and are willing to pay e134 to avoid CDG, which is less convenient from central

Paris and notorious for inter-terminal transit times.21

Estimation excluding flights from CDG (column 4) reveals furthermore that business

travelers comprise a larger share at ORY (12.5% vs 5.2%), consistent with time-sensitive

travelers valuing ORY’s proximity to central Paris. Connectivity at the departure airport

matters less at point-to-point ORY than at hub CDG, where passengers value access to Air

France’s connecting banks. The larger arrival time coefficient for both types and similar

price sensitivity further suggest that time is more relevant for passengers departing from

ORY. With a different mix of legacy and low-cost carriers at ORY (Table B1), Air France

becomes the preferred carrier out of this airport. Despite these differences, counterfactuals

are based on the main specification estimated jointly on both airports: they serve overlapping

catchment areas with substitution across airports, and slot reallocation at one airport may

shift passengers and competitors to the other. Appendix D provides additional details.

III.B Supply parameters

The cost estimates show that the flight network generates cost synergies (Table 6). I estimate

diseconomies of scope — a larger network is more costly for a given number of flights —

21If CDG and ORY served non-overlapping destinations, a CDG utility premium could reflect destination
preferences as much as airport preferences. This is not the case: of 119 destinations, 48 are reachable
from both airports, 8 exclusively from ORY, and 63 exclusively from CDG. The counterfactual simulations
furthermore select only from carriers’ existing flight networks, so that even if the CDG effect captures some
mix of airport and destination benefits, the same mix drives welfare in the counterfactuals.
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Table 6: Marginal cost estimates

Shadow Cost (75%) Shadow Cost (90%)
(1) (2) (3)

Constant 0.321 (0.019) 0.389 (0.023) 0.416 (0.025)
Nr. Destinations 0.726 (0.016) 0.698 (0.017) 0.681 (0.017)
Spacing 0.067 (0.002) 0.076 (0.003) 0.077 (0.003)
Nr. Flights -0.238 (0.012) -0.199 (0.014) -0.186 (0.014)
Nr. Destinations (at Destination) 0.121 (0.007) 0.113 (0.007) 0.113 (0.007)
Spacing (at Destination) 0.020 (0.001) 0.021 (0.001) 0.021 (0.001)
Nr. Flights (at Destination) 0.131 (0.004) 0.138 (0.004) 0.138 (0.004)
Fuel Consumption 0.326 (0.004) 0.313 (0.005) 0.309 (0.005)
Wet Lease -0.236 (0.032) -0.276 (0.033) -0.297 (0.034)
Departure Airport = CDG 0.175 (0.011) 0.167 (0.011) 0.175 (0.011)
Slot Constrained Destination -0.237 (0.009) -0.240 (0.009) -0.234 (0.009)
Business Class percentage 0.015 (0.001) 0.016 (0.001) 0.016 (0.001)
Flight = Medium Haul 2.179 (0.018) 2.206 (0.019) 2.208 (0.019)
Flight = Long Haul 2.218 (0.027) 2.268 (0.029) 2.292 (0.030)
Arrival = Mid Day 0.288 (0.010) 0.274 (0.010) 0.277 (0.010)
Arrival = End Day 0.180 (0.009) 0.168 (0.009) 0.169 (0.009)
Capacity -0.002 (0.000) -0.003 (0.000) -0.003 (0.000)
Shadow Cost 0.023 (0.004) 0.210 (0.034)

Degrees of Freedom 119,793 119,792 119,792
Adj. R2 0.8445 0.8450 0.8441
F -value vs. (1) 176.36 229.40
p < 0.00001 ✓ ✓

Notes. Estimated costs in 100 euros per ticket. Standard errors are clustered at the market level
and reported in parentheses. Units are as described in the footnote of Table 3.

alongside economies of scale in the number of flights, and scheduling efficiency gains from

bunching flights more closely together. Standardized effects of the cost shifters are given in

panel (b) of Table 7. For example, a one-standard-deviation increase in flight spacing from

the departure airport (by the same carrier and date, to any destination) increases costs by

8%, holding other variables at their sample means.

As expected, flight distance and fuel consumption are the most important cost drivers.

Flights from CDG cost approximately e18 more per ticket partly because the supplemental

per-passenger fee at CDG is more than twice that at ORY, and connecting passengers at

CDG are more expensive.22 Flights with a higher business class share are also more costly to

operate. Arriving in the middle or end of the day is estimated to be costly, which may reflect

the network benefit of having the aircraft available for an onward flight at a popular hour.

For 1.5% of flights I estimate negative costs, interpretable as feeder flights where the benefit

of routing passengers through the destination outweighs operating costs, or slot hoarding.

The estimates also indicate that whether the destination airport is slot-constrained is a

meaningful cost-side network variable: the net cost per seat is approximately e24 lower for

22Source: Fee schedules ORY and CDG for 2018.
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flights to slot-constrained airports, interpretable as the benefit of the aircraft reaching a

popular destination. These results underscore that the estimated marginal cost should be

interpreted as the average variable cost per seat net of any direct network benefits.

A potentially important dimension thus far omitted from the cost model is the oppor-

tunity cost of selling a ticket. The shadow costs associated with a fixed plane size may be

economically significant, and I experiment with the inclusion of a soft capacity constraint.

A soft capacity constraint reflects the common airline practice of overbooking ; airlines are

known to sell between 10% and 15% more tickets than seats (see Suzuki (2006) and the

references therein). To capture this, I consider a smooth (sigmoid) approximation of the

“hockey stick” cost of exceeding a given share of capacity outlined in Ryan (2012), where

shadow costs begin when quantity exceeds φ = 0.75 or φ = 0.90 of the plane’s capacity.23

Shadow costs are a function of quantity and are treated as endogenous in estimation. Both

specifications provide a better statistical fit than the unconstrained baseline (p < 0.00001,

columns (2) and (3) in Table 6), indicating that capacity constraints play a meaningful role

in explaining observed pricing, with the φ = 0.9 specification fitting best. While the esti-

mates imply economically meaningful shadow costs (e37–131 per ticket when selling 15%

more tickets than seats), they are not prohibitive, and the estimates are likely muted by ob-

serving occupied seats rather than sold tickets as quantity. Model simulations are therefore

based on the cost specification without a shadow cost variable, but with a market-specific

overbooking cost calibrated so that counterfactual equilibrium quantities never exceed 15%

of capacity (in line with industry practice; Suzuki (2006)), to account for capacity constraints

and avoid excessive overbooking on higher-margin flights.

Flights generate on average e20k in profits before fixed costs (Table 7). Profits are higher

for long-haul flights, with substantial heterogeneity across distance categories. The median

profit per seat is e55, the average is e98, and at the 90th percentile each seat generates

e235 before fixed costs. Air France has similar profit statistics overall, with the exception

of long-haul flights (higher: e66k vs. e57k per flight on average) and medium-haul flights

(lower: e35k vs. e40k). I estimate an average Lerner index of 0.42, which is lower than the

estimate for direct flights in Berry and Jia (2010), consistent with the higher price elasticity

from the flight-level analysis and the richer cost specification, and reflects relatively tight

margins in this industry.24 The Lerner index for Air France flights is 0.43, close to their

23The soft capacity constraint adds:

Shadow Cost (φ,Q) = exp(−(Q− φCapacity))−1 (Q− φCapacity)2

Capacity
, (4)

where costs rise sharply once the load factor exceeds φ. The sigmoid form yields analytic standard errors
and keeps marginal costs bounded, maintaining a well-defined GMM objective. Lazarev (2013), Williams
(2022), and Aryal, Murry and Williams (2024) develop alternative estimators using hard capacity constraints
in dynamic pricing models.

24Other estimates in the literature range from 0.32 to 0.39 — lower for direct flights without random

23



Table 7: Cost and profit estimates

(a) Estimated profits

All Air France
Lerner Index
Average 0.42 0.43
Median 0.36 0.34

Avg. profits per flight (10k)
All flights 1.98 2.04
Flights from CDG 1.17 1.18
Flights from ORY 1.18 1.23
Short Haul flights 1.10 1.12
Medium Haul flights 3.98 3.47
Long Haul flights 5.66 6.61

90th pct. profits per flight (10k)
Short Haul flights 1.51 1.56
Medium Haul flights 6.97 6.78
Long Haul flights 9.40 10.96

Profits per seat
Average 98.32 101.15
Median 55.10 56.76
90th percentile 235.25 235.25

(b) Cost estimates: marginal effects
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Notes. The marginal effects in (b) give the percentage change in marginal costs when increasing
the variable by one standard deviation, holding the other variables at their means. All estimated
coefficients, given in Appendix Table 6, are statistically significant at at least the 5 percent level.

Table 8: Marginal Flight Profitability by Carrier

Mean Median 5th pct. 95th pct. Air France

Profit of marginal flight 8146.69 5051.83 999.60 26443.94 969.45

Carriers with higher marginal profit than Air France: 52 of 55
Bottom 5 carriers: Air Algérie, Air Caräıbes, Air France, Air Corsica, Aigle Azur

Notes. Summary statistics of the flights with the lowest estimated variable profits of each carrier.
The profit statistics give the mean, median, 5th and 95th percentile across the 55 marginal flights.

self-reported average gross profit margin of 48% across all Air France flights in 2018.25

Comparing the least profitable flights across carriers — their “marginal” flights — pro-

vides additional insight into the potential inefficiency of the current slot allocation, comple-

menting the model-free assessment in Section I.C. The idea is that slot reallocation could

improve welfare if historic grandfather rights allow the dominant carrier to retain slots

despite low-value uses. The estimates support this: Air France operates flights with sub-

stantially lower marginal profits than other carriers (Table 8), with profits on its marginal

flight eight times smaller than the average across the 55 carriers in the sample. Only Air

coefficients (Bontemps, Gualdani and Remmy (2023)), higher for integrated codeshare products (Gayle
(2013)) — all based on U.S. markets using disaggregated DB1B data.

25Air France’s profit numbers include profits from full freighters and from cargo in belly capacity, which
I abstract from, see: Macrotrends.net and Air France’s 2018 financial statement for further details.
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Table 9: Estimated network opportunity costs

Panel A: Summary of Cah Panel B: Determinants of Cah

4 carriers 55 carriers

Mean Std. Dev. (1) (2) (3) (4)

Air France 18111 12541 Outside hubs (HatO) 914.07 -634.39 216.66 112.36
(297.77) (319.72) (263.93) (274.96)

Lufthansa 6733 1368 Outside flights (JatO/1000) -772.65 168.86 -466.36 -701.70
(164.86) (252.12) (275.37) (267.79)

easyJet 6971 2653 Outside capacity (meanCap) -42.92 -188.87 36.34 57.19
(25.60) (63.57) (18.23) (25.24)

Vueling 6166 1808 Paris flights (JatF ) 128.23 -19.80 12.56 31.25
(17.31) (19.79) (15.02) (16.77)

All 4 9495 8109 Observations 72 60 303 128
All 55 14242 16341 Level Carrier Car.-hour Carrier Car.-hour

R2 0.789 0.487 0.142 0.250

Notes. Cah is obtained by carrier-hour according to (5) given model estimates of demand and costs.

Algérie and Air Caräıbes exhibit lower marginal profits.

Even Aigle Azur — which went bankrupt shortly after the sample period — had 16%

higher marginal flight profits. In this light, it is useful to assess whether the reallocation of

the ORY slots returned by Aigle Azur was beneficial. Based on slot coordinator documen-

tation, carriers receiving half of the slots under entrant status used them to add flights to

Glasgow, Munich, Budapest, Sofia, Warsaw, and Frankfurt (see Appendix Table A3) while

Aigle Azur operated flights to Agadir, Algiers, Bamako, Beirut, Berlin, Faro, Oran, and

Porto in my estimation sample. I estimate that the consumer surplus was about 4 percent

higher on average in the set of added markets. However, without knowing how carriers with

non-entrant status used their slots and lacking details on the timing and characteristics of

the newly added flights, this remains inconclusive.

An important caveat also applies to examining flights in isolation: network benefits

accrue across flights, so a mass of low-margin flights could compound to substantial network

value for both carrier and consumer (which the counterfactuals capture) and they might

help sustain network value beyond Paris-destination pairs, which is addressed next.

III.C Network Opportunity Costs

Network opportunity costs are large when a carrier depends heavily on a hub and has few

outside alternatives: losing a slot degrades a wide set of itineraries beyond the affected

route, so the carrier is willing to operate individually marginal flights to preserve that pres-

ence. Conversely, a carrier with dense outside connections can reroute displaced passengers

elsewhere, reducing the network cost of slot loss. If so, the variation in outside-network de-

pendence (Table 2) should be visible in the cross-flight distribution of profitability: a carrier

that retains slots for network reasons will operate some flights well below its own average,
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whereas a carrier unconstrained by hub dependence will not. I capture this with Cah, the

gap between carrier a’s average profit and its least profitable flight in hour h:

Cah =
1

|Fah|
∑

f∈Fah

K̂∗
f − min

f∈Fah

K̂∗
f (5)

where Fah denotes all flights of carrier a departing in hour h and K̂∗
f the estimated equi-

librium flight profit. A larger Cah therefore reflects a wider spread between average and

marginal flights, consistent with the carrier bearing higher costs of slot loss than direct-

route profitability alone would justify.26 Table 9 presents the estimates. Panel A reveals

substantial cross-carrier heterogeneity consistent with this interpretation, focussing on the

four carriers in the counterfactuals. Air France exhibits the largest values (e18k per slot-

hour), reflecting its dependence on Paris as its primary hub. Lufthansa, easyJet, and Vueling

show substantially smaller values (e6–7k), consistent with their greater ability to reroute

passengers through outside hubs. Panel B regresses Cah on outside network characteristics

excluded by construction from the flight-level model. Larger outside flight networks are

associated with lower Cah, and greater Paris dependence with higher Cah, in line with the

proposed mechanism. The positive coefficient on outside hubs in column (1) is unexpected

under hub-and-spoke logic but is consistent with the focal-city model of low-cost carri-

ers, for which Paris substitutes for other bases rather than serving as a unique connection

point. Column (2) introduces within-carrier variation by averaging network variables to the

carrier-hour level; the correlation with outside hubs turns negative, consistent with hours

serving better-connected destinations offering superior rerouting options. Columns (3)–(4)

extend the sample to all 55 carriers, reducing explanatory power (R2 falls from 0.789 to

0.142), though the negative association with outside flight networks remains statistically

significant.

IV Slot values and welfare effects of market-based allocation

This section uses the model estimates to obtain slot values by simulating a carrier’s total

profits with and without a slot, depending on which flight it chooses to operate in the slot

and what its competitors choose (the simulation method is summarized in Appendix F).

26The gap is more informative than the level because average profitability conflates network motives
with route competition, costs, and demand. The dispersion within a carrier-hour cell instead reflects the
coexistence of profitable and marginal flights, consistent with a hub-dependent carrier retaining slots it
would otherwise drop. Route heterogeneity could generate a similar pattern, which is why the correlation
with outside network characteristics provides validation.
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IV.A Slots, carriers, and choice of flight

A slot is defined as a combination of departure airport, hour (between 6am and midnight),

and day of the week. There are 245 unique combinations, and only one is “up for auction”

sequentially, reflecting a directional approach that reallocates a small share of slots at an

airport, or a secondary market where bilateral trades involve small network changes. The

simulations focus on the four largest carriers operating from Paris: Air France, Lufthansa,

easyJet, and Vueling Airlines, which together operate 60% of flights and sell 68% of tickets

in the data. All other carriers hold a small market share individually; excluding them from

the slot auction (but not the market) reduces the computational burden, and counterfactual

expansion by smaller carriers would be more speculative. When selecting which flight to offer

in slot s, airline a is restricted to flights from its existing Paris network (Fa), updating only

the timing of the flight and network variables when operating it in slot s. Restricting the set

of carriers and their use of slots limits the risk of an exposure problem and reduces demands

on the model to predict next-best destinations, which are not first-order for incremental slot

changes. This approach is supported by the observed network changes in the schedules data:

92% of flights newly offered in summer 2019, by any carrier to any destination reachable

from CDG or ORY, served a destination the carrier already flew to in summer 2018.

The value of a slot depends on how it will be used, but the rich flight-level model

with spillovers in cost and demand makes a full optimal slot usage model computationally

infeasible. The following assumptions reduce the computational burden.

The flight that airline a would operate when given slot s, fa(s), is taken to be the

highest-profit potential flight by the airline, where potential flights are all observed flights

by the carrier from the airport where the slot is located, subject to operational constraints.

The most important restriction is that the destination must be served (by any carrier in the

data) within a 3-hour window around the departure hour of slot s on any day, ensuring slots

are matched with reasonable flights given time zones and flight times (e.g., slot-destination

feasibility). I also impose that the same flight cannot be added to the schedule more than

once. How each airline would use the slot is treated as public information, as can be known

through the interaction of network managers at slot conferences.

The difference in flight offerings from Paris when airline a or airline a′ owns the slot

is assumed to consist only of the two flights they would operate in it, fa(s) and fa′(s),

respectively. Moreover, since slots cannot be added to a congested system, a reallocation also

implies that a flight is removed from the schedule (fX(s)).27 Throughout, it is maintained

27To determine fX(s), I first randomly draw a flight from the on average 488 flights per slot across 55
carriers, and identify the operator of that flight the “slot owner.” fX(s) is then chosen as the flight generating
the least baseline profit among all flights operated by the slot owner scheduled in s. As a robustness check,
I also set fX(s) equal to the flight initially drawn.
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that when one flight is added or removed from a carrier’s network, the remaining network

does not change in the short run. The binding slot constraints at many airports globally, and

the complexity of network optimization under those constraints, support this assumption.

IV.B Allocative externalities and private values

Having established how each airline would use the slot, I now turn to what this implies for

their slot values, defined as the difference in expected profits with and without the slot.

Denoting the counterfactual flight network when carrier a obtains the slot by Fs(a), slot

values are generally defined as:

νa(s) =
∑

K∗
a

(
Fs(a)

)
−

∑
a′ ̸=a∈A

ρa′(s)

(∑
K∗

a

(
Fs(a′)

))
+ Cah(s), (6)

ρa′(s) ∈ [0, 1],
∑

a′ ̸=a∈A

ρa′(s) = 1, ρa′(s) ⊥ va′,s ∀(a′, a, s)

The first term captures profits when carrier a wins; the second is the expected profit when

a competitor wins; the third adjusts for wider network value for carrier a at hour h.28 The

second term reflects that this setting features allocative externalities: equilibrium profits

(denoted by the vector K∗
a(F), containing profits for all of carrier a’s flights from Paris)

depend on the full flight network. Carriers therefore care about which competitor obtains

the slot if they do not, making this an auction with aftermarket. The alternative scenarios

conditional on a losing are weighted by beliefs ρa′(s) about which competitor would obtain

the slot. Since the problem is intractable with fully general weights, I restrict ρa′(s) to be

independent of competitors’ values. This restriction renders the setting one with private

values: the realizations of competitors’ cost and demand shocks do not affect νa(s), nor

do competitors’ valuations νa′(s). Private values also allow νa(s) to be estimated for each

carrier separately and guarantee the existence of an efficient mechanism.29

The restrictions on ρa′(s) rule out that firms incorporate competitors’ win probabilities

based on those competitors’ νa′(s), but allow for a range of alternative heuristics. In the

main specification, slot values are based on the firm’s profits when winning versus when

losing the slot to the competitor that would reduce their profits most:

νa(s) =
∑

K∗
a

(
Fs(a)

)
− min

a′ ̸=a∈A

(∑
K∗

a

(
Fs(a′)

))
+ Cah (7)

28The systematic correlation with observable outside network structure (Section III.C) support Cah as a
valid proxy for the hub-connectivity motives omitted from direct-route profitability. But as it is derived in
parallel of the structural model, results are also presented excluding this measure.

29Jehiel and Moldovanu (2001) prove that when values are private, equilibrium existence in Bayes-Nash
incentive-compatible mechanisms for multi-object auctions with interdependent values and allocative exter-
nalities is guaranteed.
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Figure 3: Estimated slot values

Figure 4: Spread between highest and second-highest slot values

Strategic slot hoarding is well-documented even among dominant carriers (e.g., De Wit

and Burghouwt, 2008; Fukui, 2012; Fu et al., 2015), most vividly illustrated by Lufthansa

CEO Carsten Spohr: “We have to operate 18,000 additional, unnecessary flights during

the winter, purely to secure our slots.” (Kösters, Meier and Sieg (2023)).30 This behavior

implies airlines place substantial value on denying slots to competitors or keeping them for

future use, consistent with dynamic entry-deterrence motives (Aguirregabiria and Ho, 2012),

and supports hoarding in (7); similar results obtain when firms ignore the opportunity cost

of winning (ρ = 0).

30Ghost flights—near-empty aircraft operated solely to retain slot rights—gained public attention during
COVID-19 but predate it; see UK CMA (2018) and EU Transportation Committee (2016). The Spohr quote
reflects Lufthansa’s response to COVID-era demand reductions.
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IV.C Resulting slot values and validation

While flights can involve multiple slots, (7) accounts all incremental profits to the departure

slot at one airport—assuming matching arrival/departure slots are available at the same

price for all carriers. Slot values are then scaled across 31 weeks, giving rise to a market for

weekly slot pairs (WSPs).31 Figure 3 plots the estimated WSP values and provides statistics.

The mean (median) WSP value is e855k (e716k), with substantial variation, and the average

contribution of wider network value measured with Cah being 27 percent. Of the 861 slot

values — covering all carrier-slot combinations with non-empty choice sets — 74% of the

variation is across carriers within the same slot, reflecting different network opportunities.

Air France exhibits notably higher values for some slots, indicating greater willingness to pay

to retain its dominant Paris position. These higher values stem from comparative advantages

associated with local network size: connectivity and frequency premia, cost efficiencies, and

larger choice sets from more flights meeting slot-destination feasibility constraints.32 An

additional 20% of variation is across hours within the same day, reflecting both the slot-

destination feasibility constraint and complementarities with existing flight banks during

peak hours that enhance connectivity. Slots hold similar values at the two airports. The

estimates imply prices of the same order of magnitude as prices paid for Heathrow slots.33

The welfare quantification that follows reflects the outcome of an allocatively efficient

market-based mechanism for independent slot allocations, provided the model correctly iden-

tifies the highest-value firm for each slot. What matters is therefore the ranking of νa(s)

across firms, not the level. Figure 4 plots the spread in slot values — the difference be-

tween the highest and second-highest values as a percentage of the second-highest. Despite

substantial variation, a clear pattern emerges: coveted peak hours (6–8 am and 5–7 pm at

CDG; 7–8 am and 8–10 pm at ORY) show much smaller spreads, indicating these times

are consistently attractive to multiple carriers instead of facilitating profitable flights for

individual carriers.

The large spreads overall — with a median of 133% — lend further credibility to the

31WSPs address within-airport pairing of arrival and departure rights and scaling across 31 consecutive
weeks to cover a season. This packaging was applied in the never-adopted FAA JFK proposal. The potential
bias from abstracting from complementarity between multiple slots on the same date at the same airport is
small at the estimated model parameters and given the complementarity with carriers existing operations
that the model does capture (Appendix E). The net bundle premium is at most 6% of the sum of individual
slot values and it is of similar magnitude across carriers, whereas the spread between individual slot values
of the winner and runner-up bidder is usually much larger as detailed below, leaving little room for bias.

32As Air France is not the preferred carrier in demand, this can be interpreted generally: existing network
asymmetries carry through in the slot allocation unless the mechanism is designed to counteract them, for
instance by favoring small bidders or newcomers.

33A perfect match is not expected given differences in airports, time periods, and non-random selection
of transacted slots. However, slot values should be broadly comparable: Heathrow, Charles de Gaulle, and
Orly are among the world’s most slot-constrained airports, are geographically proximate, and share similar
competitive environments with dominant carriers holding large slot shares. Appendix Figure B1 compares
estimated Paris slot values with external Heathrow data.
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Table 10: Observed vs. predicted network changes

Main No Cah No
hoard-
ing

Drop
random

Max
share
0.6

Restricted

Precision (% predicted changes actually occurred)
Expanded carrier-routes 50.0 50.0 55.6 57.1 69.2 100
Thinned carrier-routes - 70.0 70.0 70.0 40.0 68.4 78.9

Excess slot-constraint (predicted - actual % destinations)
Expanded carrier-routes -16.0 -13.1 -38.2 -9.1 17.4 10.7
Thinned carrier-routes 2.8 2.8 2.8 4.0 1.4 0.4

Notes. Precision: share of predicted carrier-routes that expanded or thinned that match actual
S18–S19 changes in the global schedules data. Excess slot-constraint : difference between predicted
and observed share of affected carrier-routes serving slot-constrained destinations.

welfare effects below: unmodeled factors affecting slot values differentially across carriers are

unlikely to change the identity of the winning firm in most cases. However, in the bottom

decile the spread is only 18%, where model misspecification is more likely to affect welfare

estimates. The counterfactuals excluding a slot hoarding motive (setting ρa′(s) = 0 in (6))

yield larger spreads (No Hoarding in Figure 4), as easyJet and Lufthansa experience larger

losses when losing a slot to a competitor. Without this effect, Air France would have a

larger value advantage and win more auctions.

The estimates are also validated by comparing the predicted carrier-route changes to

actual S18–S19 network changes (Table 10). I classify carrier-route combinations by whether

more flights (per week) are scheduled in 2019 compared to 2018, and if so, I label the pair as

“expanded” and otherwise as “thinned”. Likewise, I classify carrier-routes based on whether

I predict that flights are added or removed so that the two can be compared. The majority

of predicted carrier-route expansions are observed (50–69% “precision”), and this number

is (largely) unaffected by excluding broader network value or hoarding motives. Moreover,

68–70% of predicted carrier-routes with flight reductions are observed; well above the 40%

achieved when shutting off the possibility for slot owners to optimize which flight to drop

within the slot window. The “max share 0.6” column excludes carriers after winning 60% of

auctioned slots, better matching observed schedule changes (69% precision), likely reflecting

the first-come-first-serve waitlist mechanism limiting dominant carriers’ expansion.34

Finally, Private values also permit construction of the Vickrey-Clarke-Groves (VCG)

34Together with countering the over-prediction of flight additions to slot-constrained destinations, this
underscores that simulations are deliberately counterfactual—quantifying directional market changes when
slots are reallocated based on values. For comparison, the final column of Table 10 restricts the counterfactual
choice of fa(s) to flights on carrier-routes that actually expanded between S18 and S19, mechanically yielding
100% precision on additions; the modest improvement on contractions arises because correctly identified low-
profit flights are no longer offset by simulated additions on the same routes. These insights are used to present
welfare effects when restricting the choice of flight to the set of expanded carrier-routes in the schedules data.
Appendix E provides further details on validation as well as complementarity among multiple departure slots.
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allocation as a benchmark: with truthful reporting, the VCG-efficient assignment on a slot-

by-slot basis awards each slot to

argmax
a

νa(s) +
∑
a′ ̸=a

(
K∗

a′

(
Fs(a)

)
−K∗

a′

(
Fs(∅)

))
︸ ︷︷ ︸
Externality of a on competing bidders

 ,

augmenting private slot values with the equilibrium profit changes imposed on competitors

when a wins relative to the no-reallocation baseline Fs(∅). The structural model recovers

these externalities from the simulated profit matrix, permitting direct comparison of the

VCG and private-value assignments. The two assignments agree in approximately 72% of

slots. Divergences are systematic: the Air France group wins slots in 31 cases where VCG

would prefer easyJet, and in 15 cases where VCG would prefer Lufthansa, so the VCG cor-

rection shifts some slot wins away from the dominant carrier.35 Taken together, these results

support that a private-value assignment based on νa(s) provides a close approximation to

the socially efficient allocation, and I proceed with it as the basis for the welfare analysis.

V Welfare effects of market-based slot allocation

The market-based allocation is implemented by allocating each s to the carrier with the

highest νa(s), which would be the result of an efficient auction mechanism or secondary

market. After changing the flight network, adding the 245 chosen fa(s) of the winners and

dropping the 245 fX(s), updating all network variables, and recomputing the equilibrium

across all markets, welfare effects are quantified by comparing consumer surplus and firm

profits against the baseline. As such, the welfare effects are based on changes in the network

that go beyond the marginal changes on which the slot values are based. However, the results

reflect directional effects when changing the slot allocation incrementally: 245 WSP make

up about 6 percent of the sample (245× 31/119, 810 = 0.063) and are valued in addition to

the four carriers’ existing operations. For simplicity, I refer to the allocation mechanism as

an “auction”, but the results are independent of specific mechanism design, implying also

that the division of auction rents between bidders and the auctioneer via transaction prices

is not identified.36

Air France initially owned 53% of the auctioned slots, easyJet 10%, Vueling Airlines

35The slot-by-slot VCG is a valid benchmark here because slot values are approximately additively sep-
arable conditional on (substantial) existing networks — the bundle premium from jointly winning slots at
the same date and airport is at most 6% of the sum of individual values (Appendix E) — so the efficient
joint assignment closely tracks the slot-by-slot one.

36Transaction prices resulting from the auction do not affect total welfare, as they are credited to the
auctioneer (the airport or the slot coordinator), and, as a sunk cost at the flight level, do not affect fares.
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Table 11: Slot allocation changes: unilateral direct effects

All ORY only Restricted Restr. no Cah

WSP ∆CS WSP ∆CS WSP ∆CS WSP ∆CS

Total (eM, markets with
flight added & dropped)

245 290.4 119 147.7 245 131.6 245 109.4

By type (e/pp) Drop Add Drop Add Drop Add Drop Add
Business (5% pop.) -0.87 66.81 -1.88 113.06 -1.88 12.88 -2.52 12.31
Leisure (95% pop.) 0.62 -1.31 0.47 -2.22 0.61 -0.55 0.59 -0.68

Reallocation patterns % of total

Different carrier wins 55.1 54.8 52.9 65.6 62.4 39.4 70.2 31.2
Competitor → AF 42.4 59.2 51.3 65.7 26.1 59.8 15.1 79.7
AF → Competitor 8.6 -2.8 0.8 0.1 21.6 21.0 38.8 51.5
Comp. → other comp. 4.1 -1.6 0.8 -0.2 18.0 -15.4 26.9 -56.3

Same carrier, diff. dest. 44.9 45.2 47.1 34.4 37.6 60.6 29.8 68.8
To constrained dest. 4.5 1.7 0.0 0.0 15.1 6.2 9.4 4.6
To unconstrained dest. 40.4 43.5 47.1 34.4 22.4 54.4 20.4 64.2

By winning carrier % of total
Air France 86.5 104.2 98.3 100.1 62.0 118.3 48.2 132.5
easyJet 7.3 -5.0 0.8 0.1 24.5 -14.3 34.3 -23.9
Lufthansa 5.7 0.9 0.0 0.0 0.4 0.3 0.8 0.4
Vueling Airlines 0.4 -0.1 0.8 -0.2 13.1 -4.2 16.7 -9.0

By time of day % of total
Morning rush (6–10am) 28.6 49.0 29.4 81.3 28.6 11.4 28.6 9.1
Mid day (11am–3pm) 28.6 20.7 29.4 0.4 28.6 47.3 28.6 53.1
Evening rush (5–8pm) 22.9 17.5 23.5 8.9 22.9 28.4 22.9 25.0
Late night (9pm–5am) 20.0 12.9 17.6 9.4 20.0 12.9 20.0 12.8

By destination change % of total (241/245 change dest.)
Short to short 12.2 -4.3 1.7 -0.1 58.0 -12.2 58.4 -26.9
Short to long 79.6 96.1 94.1 95.2 33.9 103.9 33.5 118.6
Long to short 1.2 0.1 0.0 0.0 3.7 -3.3 4.1 -6.8
Long to long 6.9 8.1 4.2 4.9 4.5 11.6 4.1 15.1

Flight characteristics Drop New Drop New Drop New Drop New
Load factor (%) 43.3 94.4 42.8 91.7 43.3 96.3 43.3 96.5
Baseline fare (e) 198 937 153 978 198 573 198 564
Capacity (seats) 168 442 175 450 168 322 168 318

Notes. Slot-level effects of reallocating each of the 245 WSPs to the highest-value carrier under
four specifications: main (“All”); ORY slots only (“ORY only”); fa(s) restricted to routes that
expanded S18-S19 (“Restricted”); same restriction excluding Cah (“Restr. no Cah”). ∆ CS captures
the change in consumer surplus in the two directly affected markets per slot; Table 12 reflects
equilibrium including spillovers and interactions after all 245 slots are reallocated.

5%, Lufthansa 4%, and the remaining 49 carriers held the other third. Among the four

carriers considered in the auction, Air France thus held 74%, easyJet 14%, Vueling Airlines

6%, and Lufthansa 5%. In the unconstrained scenario, Air France wins more auctioned

slots than it loses, while Vueling Airlines loses most and easyJet approximately half of their

auctioned slots (columns labelled “All” in Table 11). The associated consumer surplus
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gains predominantly reflect slots being redirected from short-haul to long-haul routes —

whether through carrier reallocation (55% of auctions) or incumbent reoptimization to a

better-matched destination (45%) — and originates disproportionately in the morning rush

hour, which accounts for 49% of consumer surplus gains despite representing 29% of slots.

Looking only at ORY, where connecting traffic is minimal and hub-timing considerations are

least relevant, the short-to-long pattern is even more pronounced (94.1% of reallocations)

and morning slots account for 81.3% of consumer surplus gains.37

Under the restricted scenario, low-cost carrier expansion leads to some surplus-reducing

flight changes for destinations only reachable from ORY (listed in Table B2), as reflected in

the short-to-short destination change row. More generally, markets exclusively served from

CDG—including San Francisco, Johannesburg, and Tel Aviv—show similar welfare effects

as before; these are important expansion markets in both the restricted and unrestricted

predictions, and indeed expanded in reality. Saint-Denis on Réunion is the most important

unrestricted expansion market where no actual expansion occurred, as is the case for the

other long-haul overseas territories served from ORY. Lufthansa’s hands are tied the most

in this scenario; only CDG-Munich flights can be chosen, and the fact that they don’t win

slots shows that these generate less profits than slot usage of competing carriers at CDG,

while Munich is self-reported as a desirable expansion market for multiple carriers from ORY

(Table A4).

Effectively excluding Lufthansa from the auction is necessary for Vueling Airlines to grow,

offering more flights to Barcelona, Rome, and Sevilla. Likewise, the French slot coordinator

awarded the ORY slots freed up by the Aigle Azur bankruptcy to Lufthansa, easyJet, and

Air France but not to Vueling (see Tables A3-A4). However, Vueling had both capacity and

ambition to expand its operations in Paris; it later received all 18 daily slot pairs at ORY

that Air France was required to relinquish in 2021 as a remedy for competition distortions

following state financial support, assigned by the European Commission via a beauty contest

weighing total added seat capacity and connectivity potential of willing carriers with an

operating base at ORY.

These results are robust to omitting the estimated outside network benefits (column

“Restr. no Cah”). Air France’s hub preference determines whether its market share grows

(from 53 to 62 percent) or shrinks (from 53 to 48 percent). When Air France is stripped of

this advantage, low-cost carriers add flights that generate less consumer surplus on average

than those they displace. Specifically, 58% of route substitutions swap one short-haul flight

for another, and these substitutions produce a e27M net reduction in consumer surplus

37The efficiency gains therefore do not appear to be driven by omitted hub-timing effects but rather by
genuine underutilization of short-haul slots at both airports. The drivers and magnitudes of CS gains appear
similar, although Air France wins almost all slots at ORY and Lufthansa does not operate there.
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across the 245 markets where flights are removed and added.

On the whole, only Air France expands in directions that improve consumer surplus–

even under the most conservative specification. When the incumbent is predicted to switch

only the destination, additional forces governing how flight networks are formed in reality

— demand for return flights, fleet constraints, long-run demand projections, or finer time

matching within the hour — might cause consumer gains to be overstated, but it remains

remarkable that when especially easyJet and Vueling Airlines manage to be competitive,

the resulting schedule changes are on average not consumer surplus-increasing.

Business travelers drive the aggregate gains: they gain e67 per person in markets re-

ceiving a new flight, falling to e13 in the restricted specification where fewer short-to-long

morning reallocations occur. This fivefold difference confirms that business traveler gains

are concentrated in precisely the slot type where the efficiency argument is strongest —

morning slots redirected to long-haul routes. Leisure travelers, by contrast, are only mod-

estly affected, losing at most e1.31 per person in markets with added flights and gaining

at most e0.62 where one is removed, reflecting their price sensitivity and the small fare

increases that accompany reallocation.

When including spillovers and interactions after all 245 slots are reallocated (for the

restricted scenario), the slot auction generates e14.6M additional consumer surplus and

e15.6M additional variable profits on average per market (Table 12). Only 167 out of 952

markets are directly affected by the 2×245 flight network changes, and all of the consumer

surplus gain accrues there. Consumer surplus in pure spillover markets reduces by e0.8M

on average. Without restricting flight choice to expanded routes, the spillover is positive

(e0.7M, Table B5). This gap isolates cleanly the cost-side scheduling externality: since no

flight is added or removed in spillover markets, it can only reflect larger winners operating

a denser daily schedule, compressing costs and markups across their network. At 19% of

a total gap in ∆CS of e7.8Mbetween the two scenario’s, cost-driven network externalities

make up a non-negligible share of the benefit of allocating more slots to larger carriers.

The incremental approach leaves market structures largely unaffected, and, consequently,

equilibrium price increases are modest (on average e0.46 across markets, see Table 12).

In the unrestricted scenario, price increases are only slightly more pronounced, while still

resulting in a positive surplus gap compared to the restricted simulations. This confirms

that the majority of surplus gains comes from the dominant carrier having a larger network

and the network expanding in higher-utility directions.

Another clear indication of efficiency gain is that dropped flights consistently have lower

load factors (less than 50% vs more than 90%) and smaller aircraft than the added flights,

both at baseline (Table 11). Airport runway capacity is used by substantially more passen-
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Table 12: Aggregate welfare effects of slot changes

N ∆ CS ∆Π
Averages across N markets (e 10k) Totals

All markets 952 14.6 15.6 ∆Π ∆Cah

By market type Carrier profits (e M) (e 100k)
Directly affected 167 86.9 98.0 Air France 116.0 6.8
Spillover 785 -0.8 -2.0 easyJet 21.8 3.0

Markets operated from Lufthansa -0.7 -0.6
CDG only 521 17.9 19.7 Vueling Airlines 11.0 1.5
ORY only 64 -23.2 17.5 Aggregate effects Total/1000 Per flight

Both airports 367 16.5 9.3 ∆ CO2 (tons) 1.9 0.02
By route type ∆ Capacity (seats) 37.7 0.31
Short-haul (< 3,000 km) 536 10.4 3.3 Pollution (e) 1,682.3 26.00
Long-haul (≥ 3,000 km) 416 20.1 31.4 Total welfare changes (e M)

Price changes a: ∆CS + ∆Π 287.2
∆ Fare (Max/market e) 952 1.0 b: a − Pollution 272.5
∆ Fare (Avg/market e) 952 0.46 c: b + ∆Cah 290.0

Notes. Effects of reallocating 245 slots when limiting flights to carrier-routes that expanded be-
tween S18–S19, corresponding to the “Restricted” column in Table 11. Aggregate effects for the
unrestricted scenario (“All”) or when omitting Cah are in Appendix Tables B5-B6. ∆CS stands for
change in consumer surplus and ∆Π for change in variable profits.

gers per slot, as after the 2021 beauty contest, and a total of 38k seats are added with the

same capacity provided that aircraft is available. Larger aircraft comes with more pollution,

which is computed as e250/∆tons CO2 ×3 to capture the welfare costs of CO2 and other

global pollutants, increased by 21% to proxy for local air and noise pollution, matching the

more detailed account of these environmental damages in Adler, Andreana and De Jong

(2026) at baseline. This broad pollution measure lowers the welfare gains only by e1.68M

to e272.5M.

About half of the welfare gains come from higher variable profits for the participating

firms conform better slot utilization, with small losses for Lufthansa who is effectively the

marginal competitor when restricting expansion opportunities.

VI Concluding remarks

This paper defines airport slot values as the incremental profits a carrier earns by operating

a flight in a slot — estimated from a flight-level structural model that captures network

spillovers in costs and demand, consumer preferences over departure timing, and the role

of connecting traffic. Together with destination reachability and network value, these are

the first-order sources of heterogeneity across slot values. Estimated values are validated

against observed network changes between consecutive seasons.

The results show that reallocating a small share of congested-airport slots to existing

carriers implies welfare gains driven by the addition of long-haul flights that disproportion-
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ately benefit business travellers. Fare effects are negligible, confirming that gains stem from

improved product offerings rather than changes in market power. While the resulting net-

work changes use scarce airport capacity more efficiently, they come with increased pollution

–although even when broadly valued, they amount to less than 1 percent of the welfare gains.

Moreover, these gains are predominantly generated by the dominant carrier expanding on

routes that increase consumer surplus rather than smaller carriers getting larger.

The central policy implication is clear: the current system of administrative slot alloca-

tion, sustained by use-it-or-lose-it hoarding, leaves significant value on the table. The effects

of scaling up, slot packaging, and eligibility rules for new entrants are natural next steps for

further study. The current estimates motivate that work by showing the welfare stakes of

getting the design right are large.
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A The global airport slot allocation policy

The International Air Transport Association (IATA) estimated in 2019 that 1.5 billion pas-

sengers departed from slot-constrained airports worldwide, constituting approximately 43%

of all passengers in 2019.38 As of March 2024, this number had increased to 50% of all

passengers, indicating that demand has increased beyond pre-COVID-19 levels. These air-

ports, also known as Level 3 airports, experience a structural imbalance between demand

and capacity, where the need for airport facilities such as runway availability, arrival and

departure assistance, and gate space consistently exceeds the available supply. As a result,

it is imperative for all airlines and aircraft operators to obtain a slot allocated by a coordi-

nator to access these airports.39 Europe has the highest number of Level 3 airports, having

in 2019 (2024) a total of 104 (114) out of the 204 (217) most congested airports during the

summer season and 80 (84) out of 168 (187) during the winter season. In the US, the Federal

Aviation Administration (FAA) managed slots for three Level 3 airports (JFK, LGA, and

DCA) and coordinated slots for seven Level 2 airports (EWR, JFK, LAX, ORD, and SFO)

in 2019; however, in 2024, only LGA was classified as Level 3. Most international connecting

hubs are also classified as Level 3 airports.40

The allocation and monitoring of slots fall under the jurisdiction of national (or some-

times private) slot coordinators, who generally adhere to IATA’s World Airport Slot Guide-

lines to standardize this process globally.41 This scheduling process takes place twice a year

to accommodate the industry’s summer and winter schedules. In advance of each new sea-

son, regulators determine airport capacities for take-off and landing slots, as well as overall

movements. Airlines submit slot requests to slot coordinators via a “slot clearance message”

SSIM code.42

A crucial feature of the system is that airlines can keep their slots from the previous

season if they utilize them at least 80 % of the time, which is known as the “use-it-or-lose-

it” rule. Specifically, this concerns 80 % of the slot series, i.e., sequences of slots within

a flight season. For example, a slot series would consist of all departure slots at 9 am on

Monday during the 31 weeks of the summer season of 2018 at CDG airport. Any slot series

for which at least 20% of the associated flights are canceled, along with new slots resulting

38Statistics in this paragraph are based on IATA publications; available at https://www.iata.

org/en/programs/ops-infra/slots/coordinated-airports/ and (from 2019) https://www.iata.org/en/

iata-repository/pressroom/fact-sheets/fact-sheet---airport-slots/.
39IATA airport slot fact sheet.
40See Ribeiro et al. (2019) and FAA website.
41The latest WASG, including differences from previous guidelines, can be found here.
42For a beginner’s guide to SSIM, see the European Airport Coordinators Association (EACA) document

available here.
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from capacity enhancements, or slots returned voluntarily, are placed into a “slot pool.” The

coordinators then allocate slots from this pool to fulfill requests from the waitlist.

Another crucial aspect is how pool slots are allocated to airlines on the waitlist. The

World Airport Slot Guidelines (WASG) suggest allocating 50% of pool slots to new en-

trants.43 Airlines are awarded airport-day status if, once their slot requests are accepted,

they hold fewer than 7 slots at that airport on that day, for example, a maximum of 3

departures and 3 arrivals to/from any destination. Furthermore, within these categories,

the guidelines prioritize i) requests that have been pending longer, ii) extending existing

operations into year-round flights, iii) schedules that are effective for longer periods in the

same season, iv) regular services over ad hoc services, and v) operations constrained by a

(night) curfew at the other end of the route. However, even when adhering to all voluntary

guidelines and local regulations where applicable, slot coordinators retain some discretion

over waitlist requests. Most coordinators use one of approximately a dozen available slot

coordination software programs.

In the period after the initial slot offering, slot coordinators and airlines communicate

about slots via coded “SSIM” messages. These messages include codes for actions such as

accepting the offered slot, requesting another slot nearby, remaining on the waitlist for a

better slot, or indicating that no other slots are available. Additionally, the biannual global

slot conference organized by the IATA plays a crucial role in the matching process. During

this conference, airline representatives have the opportunity to meet face-to-face with slot

coordinators. It is also established that airlines with new entrant status lose this status

(for that airport/day) if they have not accepted a slot within one hour before or after the

requested time by the end of the first day of the conference.

i. Slot constraints at CDG and ORY airports

In Europe, national slot coordinators legally operate within the rules set out by Council

Regulation EEC 95/93 (updated in 2004 with EEC 793/2004). This regulation establishes

common rules for the allocation of slots at European Community airports, very much in line

with the IATA WASG guidelines.44 COHOR, which is the slot regulator for France, is also

43The 50% rule is often cited as a fairness measure for new entrants. However, its effectiveness depends on
the proportion of total slots that are available for reallocation through the pool. The guideline was slightly
amended in the August 2019 updated WASG (previously called the World Slot Guidelines and available
here). It now states that “50% of the slots contained in the pool at initial slot allocation must be allocated
to new entrant requests [...], unless new entrant requests are less than 50%. Similarly, 50% of the slots
contained in the pool at the initial slot allocation must be allocated to non-new-entrant requests, unless such
requests are less than 50%.” This update aims to distribute pool slots proportionally between new entrant
requests and non-new entrant requests. Notably, increasing flight movements under new-entrant status may
not always be advantageous, as this may limit scale economies associated with operating more flights from
an airport on a given day.

44One difference is in the new entrant status; the European Slot Regulation, as amended in 2004, stipulates
that an airline qualifies as a new entrant if it has fewer than 5 slots per day at the airport (two return flights)
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Table A1: Known prices paid for traded Heathrow slots, 1998–2013 (CAPA, 2013)

Year Buyer Seller Slots
(daily,
pairs)

Amount
(Million £)

Daily slot
value

(Million £)
1998 BA Air UK 4 15.6 3.9
2002 BA BA Connect 5 13 2.6
2002 BA SN Brussels 7 27.5 3.9
2003 BA SWISS 8 22.5 2.8
2003 BA United 2 12 6
2004 Virgin Flybe 4 20 5
2004 Qantas Flybe 2 20 10
2006 BA BWIA 1 5 5
2007 BA Malev 2 7 3.5
2007 BA BA 7.3 30 4.1
2007 Virgin Air Jamaica 1 5.1 5.1
2007 BMI unknown 77.7 770 9.9
2007 unknown Alitalia 3 67 22.3
2008 Continental GB Airways, Alitalia,

Air France
4 104.5 26.1

2013 Delta unknown 2 30.8 15.4
2013 Etihad Jet 3 46.2 15.4

Notes. Source: CAPA website (date of publication: 08-05-2013) and prices reported in GBP.

Table A2: Known prices paid for traded Heathrow slots, 2013–2017 (Odoni, 2021)

Year Buyer Seller Slots
(daily,
pairs)

Amount
(Million $)

Daily slot
value

(Million $)
2013 Etihad Jet 3 70 23.3
2014 Etihad Alitalia 5 80.46 16.1
2015 Turkish SAS 1 22 22
2015 American SAS 3 60 60
2015 Delta Air France/KLM 6 276 46
2016 Oman Air Air France/KLM 1 75 75
2017 Delta Omni Air 75 37.5

Notes. Source: Odoni (2020), based on Heathrow Airport holdings and prices reported in USD,
with the exception of the price for the Etihad-Alitalia deal that is reported in euros (e60 million)
and converted to dollars using the euro to U.S. dollar exchange rate for August 8 2014, i.e., 1.341.
For comparability of trades reported in table A1, one can rely on the fact that both sources report
the price paid for the Etihad-Jet slot trade in different currencies and use an implied exchange rate
of 1 USD / 1.515 GBP.

c
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subject to a French decree by the transport ministry that makes additional amendments to

European regulation. The European air transport sector was liberalized in 1997, and the

initial “historic” slot allocation was favorable to previously state-owned airlines. These so-

called flag carriers are comparable to legacy carriers in the U.S. in terms of service, frequent-

flyer programs, airport lounges, and tenure. Since 2000, the share of low-cost carriers has

risen steadily to approximately 20% of all flights departing from France in 2013.45

The supply of slots at Level 3 airports Paris Charles de Gaulle (CDG) and Paris Orly

(ORY) falls significantly short of meeting demand. To exemplify this issue at ORY, consider

the 2019 bankruptcy of the Aigle Azur airline.46 This exceptional circumstance led to

COHOR reallocating a substantial pool of 9,868 slots at ORY midseason, equivalent to

approximately 95 take-off and landing pairs for a weekly flight over a full year.47 Despite the

unusually large slot pool, only 18% of new entrant slot requests could be accommodated, and

this was limited to just four out of the 19 entrant airlines. In essence, there was insufficient

capacity for approximately 22,500 flights at ORY in 2020. Table A3 outlines all slot requests

and awards by entrants for the affected period, along with all Aigle Azur slots granted to

incumbent airlines, and Table A4 lists the proposed use of the slots for all entrant requests.

and intends to operate a flight to a route within the European Community that is operated by at most two
other carriers.

45See page 22 of this OECD report on the basis of OAG data.
46The second airline bankruptcy in 2019, namely, XL Airways France, had a lesser impact. XL Air

operated out of CDG but held only 1,488 slots in the 2019 summer season.
47Aigle Azur possessed 12,355 slots at ORY, yet the regulator DGAC reserved 20% of them for designated

routes.

4

http://cohor.fr/web/wp-content/uploads/2013/07/d%C3%A9cret-sanction-du-14-mai-2007English-joe_20070515_0112_0087.pdf
https://www.itf-oecd.org/sites/default/files/docs/dp201504.pdf


Table A3: Slot requests and awards at Orly, S20 season

Entrant statusb

Airline Requesteda 2b-i 2b-ii Awarded

Panel A: Not awarded — entrant status 2b-i only

Air Caräıbes Atlantique 2,084 ✓
Air Nostrum 1,460 ✓
ASL Airlines France 2,190 ✓
Azur Brazilian Airlines 520 ✓
La Compagnie-Dreamjet 416 ✓
EasyJetc 730 ✓
Hop!d 730 ✓
Ryanair 1,460 ✓
Siberia Airlines 730 ✓
Tassili Airlines 730 ✓
Ukraine International Airlines 730 ✓
Volotea 2,190 ✓
Wizz Aire 730 ✓
Chalair Aviation 520 ✓
EasyJet Switzerland 730 ✓
Vueling 2,602 ✓

Panel B: Not awarded — entrant status 2b-i and 2b-ii

Anisec Luftfahrt GmbH 1,352 ✓ ✓
Transavia Airlines C.V.f 624 ✓ ✓

Panel C: Awarded — entrants

EasyJetc 730 ✓ ✓ 730

Hop!d 2,920 ✓ ✓ 1,460
Lufthansa 1,460 ✓ ✓ 1,460
Wizz Aire 1,460 ✓ ✓ 1,460

Total entrant slots 27,722 5,110

Panel D: Awarded — incumbents (requests unknown)

Air Caräıbes International 1,460
Corsair International 1,460

Transavia Francef 1,460
La Compagnie-Dreamjet 312
TAP Air Portugalg 66

Total incumbent slots 4,758

Notes. Source: COHOR website (published 05/12/2019). Requests were made for the S20 season
but allocated based on the full year; airlines could begin operating immediately due to the unusual
bankruptcy context. Only 18.43% of requested entrant slots were awarded to 4 of the 19 applicant
airlines. The number of incumbent requests is unknown. a: Author’s calculations based on proposed
frequencies; a weekly flight corresponds to 104 slots and a daily flight to 730 slots. b: Entrant
status under EU Slot Regulation 95/93 (amended 2004): 2b-i = fewer than 5 daily slots; 2b-ii =
European route with fewer than three carriers. c: EasyJet appears twice because they requested
slots under different entrant statuses. d: Hop! appears separately in Panels A and C for the same
reason. e: Wizz Air appears separately in Panels A and C for the same reason. f: Transavia
Airlines C.V. (Dutch low-cost subsidiary of Air France-KLM) requested 624 slots and was awarded
none. Transavia France (French low-cost subsidiary of Air France-KLM) received 1,460 slots as an
incumbent. g: TAP Air Portugal slots cover the summer season only.
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Table A4: Proposed and realized use of awarded slots, S20 season, Entrants only

Airline Proposed use Requested Realized use

Not awarded

Air Caräıbes Atlantique 3 weekly to Cayenne-Rochambeau;
1 daily to

2,084 —

New York-Newark; 1 daily to São
Paulo-Viracopos;
3 weekly to St-Maarten/Princess
Juliana

Air Nostrum 2 daily to Madrid-Barajas 1,460 —
ASL Airlines France 2 daily to Algiers; 1 daily to Béjäıa,

Belgrade,
2,190 —

Djerba, Oran, Oujda, Tunis
Azur Brazilian Airlines 5 weekly to São Paulo-Viracopos 520 —
La Compagnie-Dreamjet 4 weekly to New York-Newark 416 —
EasyJetc 1 daily to London-Gatwick 730 —

Hop!d 1 daily to Florence 730 —
Ryanair 2 daily to Dublin 1,460 —
Siberia Airlines 1 daily to Moscow-Domodedovo 730 —
Tassili Airlines 1 daily to Algiers 730 —
Ukraine Intl Airlines 1 daily to Kyiv-Boryspil 730 —
Volotea 2 daily to Algiers, Oran; 1 daily to

Béjäıa,
2,190 —

Constantine, Sétif, Tlemcen
Wizz Aire 1 daily to Bucharest, Vienna 730 —
Chalair Aviation 5 weekly to La Rochelle-Laleu 520 —
EasyJet Switzerland 1 daily to Hanover 730 —
Vueling 1 daily to Bergamo, Santiago de

Compostela, Turin;
2,602 —

5 weekly to Bologna; 4 weekly to
Göteborg-Landvetter,
Pisa, Warsaw-Chopin, Zagreb; 3
weekly to Jerez;
6 weekly to Munich

Anisec Luftfahrt GmbH 13 weekly to Vienna 1,352 —

Transavia Airlines C.V.f 2 weekly to Bristol, Glasgow, 624 —
Liverpool; 1 weekly to Gran Ca-
naria;
3 weekly to Kraków, Santiago de
Compostela

Awarded — entrants

EasyJetc 1 daily to Glasgow 730 As proposed

Hop!d 2 daily to Frankfurt; 2,920 Frankfurt only
2 daily to Munich

Lufthansa 2 daily to Munich 1,460 As proposed
Wizz Aire 1 daily to Budapest, Sofia, 1,460 As proposed

Warsaw-Chopin

Notes. For details and c–f: see notes to Table A3. Proposals for incumbents slot usage are unavail-
able.
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B Additional tables and figures

Figure B1: Comparison to price estimates for Heathrow slots
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0

20

40

A
vi

at
io

nE
co

n 
E

st
im

at
es

 
H

ea
th

ro
w

 (
20

08
)

P
ric

es
 P

ai
d 

H
ea

th
ro

w
 (

19
98

−
20

17
)

M
od

el
 E

st
im

at
es

 
P

ar
is

 (
20

18
)

M
ill

io
n 

E
ur

o

Notes. The Heathrow slot value estimates in the box-plot on the left are from a 2008 newsletter
publication by the “strategic aviation consultancy” firm known as Aviation Economics, which is
available upon request. Both their low-value and high-value estimates for each departure hour are
included in the plot. The sources for Heathrow slot prices in the middle box-plot are, for 1998-2013,
this CAPA article, and for 2013-2017, Odoni (2020, Table 3.4). The prices are also listed in Tables
A1 and A2 in the Appendix. All prices are given in 2018 euros for a weekly slot pair for 31 weeks
(as in S18). The model estimate of a slot price in Paris are based on estimated slot values νa(s)
according to the main specification in (7). Prices are computed as the present value of an ordinary
annuity that pays νa(s) per year for 5 years (as in the mock slot auctions described in Ball et al.
(2007)) with an interest rate of 1.17% per year, which is the average 2018 inflation rate in the
European Union (Macrotrends)), taking only νa(s) for the winning bidder of each slot.
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Table B1: Carriers by group

Air France Flag Other Non Flag Other

Air France ANA Aegean Airlines
KLM Aer Lingus Aigle Azur
Transavia France Aeroflot Air Austral

Aeromexico Air Caraibes
Air Algerie Air Transat
Air Canada Asiana Airlines
Air China Limited Atlasglobal
Air Corsica Corsair
Air India Delta Air Lines
Air Madagascar Jet Airways
Air Mauritius LATAMAirlines Brasil
Air Serbia United Airlines
Air Seychelles
American Airlines
Austrian
British Airways
CSA
Cathay Pacific Airways
China Eastern Airlines
El Al
Emirates
Etihad Airways
Finnair
Iberia
JAL
Korean Air Lines
Middle East Airlines
Qatar Airways
Royal Air Maroc
SAS
SWISS
Singapore Airlines
TAP
TAROM
Thai Airways International
Tunisair
Turkish Airlines
Ukraine International
Vietnam Airlines

Notes. The other carriers, Lufthansa, easyJet, and Vueling Airlines, are not grouped in estimation.
Non Flag Other is the excluded category in estimation. Flag Other contains so-called “flag carriers”
or (previously) state-owned national carriers.
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Table B2: Destinations by airport availability and flight distance

CDG only ORY only Both

Long-haul (≥3,000 km)

Antananarivo Mahe Island Cayenne Dzaoudzi Philipsburg
Atlanta Mexico City Fort-de-France Havana Port Louis
Bangkok Miami Pointe-a-Pitre Higuey Saint-Denis
Beijing Mumbai New York
Bengaluru New York
Bogota Osaka
Buenos Aires Rio de Janeiro
Cancun San Francisco
Caracas Santiago
Chicago Sao Paulo
Delhi Seoul
Hanoi Shanghai
Ho Chi Minh City Singapore
Hong Kong Tokyo
Johannesburg Toronto
Lima Washington
Los Angeles

Short- and medium-haul (<3,000 km)

Abu Dhabi Istanbul Agadir Abidjan Lisbon
Belfast Krakow Djerba Ajaccio Madrid
Belgrade Kyiv Fes Algiers Malaga
Boston Lagos Monastir Amsterdam Marrakech
Bristol Libreville Pisa Athens Marseille
Bucharest Liverpool Bamako Milan
Cotonou London Barcelona Montreal
Doha Moscow Bastia Naples
Douala Munich Beirut Nice
Dubai Oslo Berlin Oran
Frankfurt Saint Petersburg Biarritz Porto
Glasgow Stockholm Bordeaux Prague
Hamburg Warsaw Budapest Rabat
Helsinki Zurich Casablanca Rome

Copenhagen Sevilla
Dakar Tel Aviv-Yafo
Dublin Toulouse
Edinburgh Tunis
Faro Venice
Geneva Vienna
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Table B3: Estimated destination fixed effects

City Airport FE
Highest utility
Lima LIM 0.43
Dubai DXB 0.46
Cotonou COO 0.80
Dzaoudzi DZA 0.80
Cancun CUN 0.82
Port Louis MRU 0.84
Higuey PUJ 0.90
Libreville LBV 1.16
Atlanta ATL 1.30
Saint-Denis RUN 2.43

Lowest utility
London LTN -6.87
London LHR -6.23
Liverpool LPL -5.94
Marseille MRS -5.86
Bordeaux BOD -5.67
Milan LIN -5.64
Milan MXP -5.51
Belfast BFS -5.51
Barcelona BCN -5.51
Hamburg HAM -5.44

Notes. Destinations with highest and lowest fixed effects (“FE”).
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Table B4: Routes with changes in S18-S19 in schedule data

Expanded Thinned Total

N ∆/wk N ∆/wk ∆/wk

Total 558 4264.3 611 -1435.0 2829.3

By origin
CDG 429 3735.3 515 -1263.2 2472.1
ORY 129 529.0 96 -171.7 357.3

By carrier
Air France (CDG) 65 171.4 177 -241.8 -70.4
Air France (ORY) 42 98.8 41 -67.6 31.3
Lufthansa (CDG) 6 9.6 4 -1.5 8.1
Lufthansa (ORY) 0 0.0 0 0.0 0.0
Vueling (CDG) 4 16.9 6 -0.9 16.1
Vueling (ORY) 5 19.0 4 -3.3 15.8
easyJet (CDG) 23 14.9 14 -8.0 6.9
easyJet (ORY) 14 3.2 4 -3.6 -0.4

Other carriers
CDG (N=82 carriers) 331 3522.4 314 -1011.1 2511.4
ORY (N=20 carriers) 68 408.0 47 -97.3 310.7

Top expansions Top thinning
Dest ∆/wk Dest ∆/wk

1. SVO 32.4 LIN -14.7
2. OPO 26.3 MAD -11.2
3. MXP 18.5 ALG -10.5
4. RAK 13.6 AMS -10.2
5. LIS 13.0 BCN -8.3
6. SVQ 8.4 ICN -8.1
7. SEA 7.7 IAD -7.8
8. NBO 7.6 FLR -7.7
9. SCQ 7.1 ATL -7.4
10. NCE 7.0 GVA -6.2

Notes. A route is a carrier-origin-destination combination. A route that expanded (thinned) has
more (fewer) flights/week scheduled by the operating carrier in the summer season of 2019 (S19)
relative to 2018 (S18).
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Table B5: Aggregate welfare effects of slot changes (“All” scenario)

Welfare effects, avg. N ∆ CS ∆Π
across N markets (e 10k) (e 10k) Totals (e M)

All markets 952 22.4 28.2 ∆Π ∆Cah

By market type Carrier profits (e M) (e 100k)
Directly affected 158 131.3 179.8 Air France 258.5 13.9
Spillover 794 0.7 -1.9 easyJet 4.9 -0.5

Markets operated from Lufthansa 6.5 0.4
CDG only 521 18.7 21.3 Vueling Airlines -1.3 -0.7
ORY only 64 55.3 57.7 Aggregate effects Total/1000 Per flight

Both airports 367 21.9 32.9 ∆ CO2 (tons) 3.4 0.03
By route type ∆ Capacity (seats) 67.1 0.56

Short-haul (< 3,000 km) 536 9.1 -2.1 Pollution (e) 3,113.8 25.99
Long-haul (≥ 3,000 km) 416 39.5 67.2 Total welfare changes (e M)

Price changes a: ∆CS + ∆Π 481.7
∆ Fare (Max/market e) 952 1.1 b: a − Pollution 478.6
∆ Fare (Avg/market e) 952 0.70 c: b + ∆Cah 479.9

Notes. Effects of reallocating 245 slots when not limiting flights to carrier-routes that expanded
between S18–S19, corresponding to the “All” column in Table 11. ∆ CS stands for change in
consumer surplus and ∆Π for change in variable profits.

Table B6: Aggregate welfare effects of slot changes (“Rests. no Cah” scenario)

Welfare effects, avg. N ∆ CS ∆Π
across N markets (e 10k) (e 10k) Totals (e M)

All markets 952 12.7 16.1 ∆Π ∆Cah

By market type Carrier profits (e M) (e 100k)
Directly affected 171 74.1 99.0 Air France 104.7 0.0
Spillover 781 -0.7 -2.1 easyJet 35.5 0.0

Markets operated from Lufthansa -0.3 0.0
CDG only 521 18.0 19.0 Vueling Airlines 13.2 0.0
ORY only 64 -34.0 18.6 Aggregate effects Total/1000 Per flight

Both airports 367 13.3 11.4 ∆ CO2 (tons) 1.8 0.02
By route type ∆ Capacity (seats) 36.7 0.31

Short-haul (< 3,000 km) 536 7.2 4.7 Pollution (e) 1,662.9 13.88
Long-haul (≥ 3,000 km) 416 19.9 30.8 Total welfare changes (e M)

Price changes a: ∆CS + ∆Π 274.1
∆ Fare (Max/market e) 952 1.2 b: a + SCC 272.4
∆ Fare (Avg/market e) 952 0.47

Notes. Effects of reallocating 245 slots when limiting flights to carrier-routes that expanded between
S18–S19 and omitting network opportunity costs Cah, corresponding to the “Restr. no Cah” column
in Table 11. ∆ CS stands for change in consumer surplus and ∆Π for change in variable profits.
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C Additional details on identification and estimation

The demand model is a random coefficient nested logit (RCNL) model (previously adopted

in, e.g., Brenkers and Verboven (2006) and Miller and Weinberg (2017)) but with discrete

consumer types (traveling for business or leisure), as seen in Berry and Jia (2010). In this

approach, a generalized method of moments (GMM) estimator is derived from the exclusion

restrictions of the instruments for the price (ZD), as described below:

E[ξ(θD)′ZD] = 0. (C1)

In this equation, ξ(θD) is the vector of flight-level structural error terms in consumer utility

Equation (1) that equates the observed market shares (the vector ŝt) to the market shares

predicted by the model at the true values of the parameters, as defined in Equation (2), e.g.,

the implicit function that, in all markets, sets the following:

ŝt = [S0t(Ft; ξt, θ
D), . . . , SJt(Ft; ξt, θ

D)]′. (C2)

I apply the standard fixed-point algorithm of Berry, Levinsohn and Pakes (1995) to solve

the implicit function, using the modified contraction mapping that Grigolon and Verboven

(2014) showed accounts for the nesting structure of the error term. I find that it is important

to include destination fixed effects in the demand model. In specifications without desti-

nation fixed effects, even though the estimates still reveal a preference for morning flights,

the coefficients on the departure hour dummies are driven toward zero. This is because the

availability and price of alternatives vary substantially by destination. Not controlling for

destination effects mixes the utility of flying to the destination airport with the utility of

departing at the time of the available flights.

The destination fixed effects are concentrated in the estimation algorithm, meaning that

they are estimated for each set of candidate parameters θ̃D for which the optimizer computes

the GMM objective function. Specifically, destination fixed effects are estimated with an

ordinary least squares (OLS) regression of ξ(θ̃D) on the 119 destination dummies. The

residual of this regression, ξ̃(θ̃D), forms the basis of the GMM estimator of the remaining

demand parameters θD as follows:

θ̂D = argmin
θD∈Θ

1

N
g(θD)Ag(θD)′ (C3)

g(θD) = ξ̃(θ̃D)′ZD. (C4)

where g(θD) denotes the empirical moment condition (with destination fixed effects concen-
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trated out), A denotes a positive definite weighting matrix, and N denotes the number of

observations. The two-stage GMM estimator of Hansen (1982) is implemented, with a weight

matrix A = ( 1
NZD′

ZD)−1 in the first stage and a weight matrix A = ( 1
N g(θ̂D1)′g(θ̂D1))−1

in the second stage (θ̂D1 denoting the estimation result from the first stage).

The solution to Equation (C3) is obtained with a constrained minimizer via the interior-

point algorithm and analytic gradients, with default convergence criteria (1e-6 for the values

of the objective function and the constraints). The solver starts from initial parameters that

are the estimated coefficients in a nested logit model with one consumer type, obtained from

an instrumental variable (IV) regression of log(ŝjt) − log(ŝ0t) on ZD (see Berry (1994)),

and setting starting values of 0.5 for γ1 and λ. Bounds are set only for the λ ∈ [0.01, 0.99],

γ ∈ [0.01, 0.99], and α ∈ [−10,−0.001] parameters, and the results are always in the interior.

The standard fixed-point algorithm outlined in Berry, Levinsohn and Pakes (1995) is adopted

when solving for ξ(θ̃D), with a tight convergence criterion of 1e-12. Overall, the performance

of the described implementation of the estimator is surprisingly good given the scale of the

problem. The results for the preferred specification are obtained in half an hour on a local

machine.

Similar outcomes are obtained when first using the interior-point algorithm with a con-

vergence criterion of 1e-5 and then switching to the sequential quadratic programming al-

gorithm starting from the interior-point results. Both are large-scale algorithms suitable

for the size of the problem. See Conlon and Gortmaker (2020) for further details about

best practices. The performance is substantially worse when estimating demand and supply

parameters jointly, which takes at least 15 times more function value iterations depending

on the specification.

With the estimated θ̂D in hand, the marginal cost parameters θ̂S are obtained via in-

strumental variable regression. The marginal costs are obtained by subtracting the stan-

dard multi-product Bayes-Nash equilibrium profits of each flight given demand parameters

(B∗
jt(F ; θ̂D)) from prices and regressing the resulting costs Cjt(Fa) on NS

jt(Fa)
′κN and

Wjt, instrumenting for endogenous quantities and iarcraft characteristics as described in

Section II.E.

i. Instrument validity

Table C1 reports the instrument analysis underlying both the demand and supply estimates.

Columns (1)–(2) present first-stage OLS regressions of price on the demand instruments and

exogenous controls, with column (2) restricting the sample to raw (non-imputed) fares and

adding destination fixed effects. Columns (3)–(5) are the analogous first stages for the supply

system, regressing quantity, capacity, and wet-lease share on fleet composition and markup
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instruments alongside the full set of exogenous controls.

The demand instrument set ZD comprises fuel consumption and business-class share

(cost shifters), the number of products in the market, network-based instruments (shares of

monopoly and duopoly markets at the destination), BLP-style instruments based on flights’

positions in characteristics space, and schedule-based instruments: the number of own and

competing flights in the market (overall and from CDG), competing flights within a two-hour

window, seats on competing flights, and average flight spacing at the destination.

A preliminary assessment using a plain logit specification (Berry, 1994) reveals that

capacity and wet-lease instruments fail the Hansen J test under market-level clustering,

consistent with airlines selecting aircraft on the basis of unobserved demand. These in-

struments are therefore excluded from the final demand instrument set. The schedule- and

network-based instruments pass the overidentification test: the Hansen J statistic yields

p = 0.699 in column (1) and p = 1.000 in column (2) (Frankfurt is excluded as a destina-

tion in column (2) since its instruments are not separately identified from destination fixed

effects). This is consistent with the institutional setting: slot constraints at congested air-

ports impose external restrictions on flight timing that are plausibly orthogonal to demand

shocks, and the unit of observation is a single flight, so there is no mechanical correlation

between flight frequency and product-level demand.

The Wu–Hausman test strongly rejects exogeneity of price in both specifications (p =

0.000), confirming the need for instrumentation. Weak instrument tests also confirm rele-

vance (p = 0.000 in both columns), ruling out weak identification as a concern.

The supply instrument set comprises fleet composition variables: average capacity and

the share of small aircraft and wet-leased aircraft on the carrier’s other routes, and the anal-

ogous averages for competing carriers in the market (columns (3)–(5)). These instruments

are strongly relevant—the Sanderson–Windmeijer weak instrument test rejects weakness

for capacity and wet-lease share separately (p = 0.000 in both cases)—and pass the joint

Hansen J overidentification test (p = 0.973, with standard errors clustered at the route level

and quantity as the dependent variable). The Wu–Hausman test rejects exogeneity of the

supply-side endogenous variables jointly (p = 0.000), confirming that quantity, capacity, and

wet-lease share must be instrumented for in the supply system. Note that for these initial

supply-side tests, I take Quantity rather than mark-up as the dependent variable, the latter

being computable with the structural demand estimates only. Hansen J statistics are also

reported alongside the structural estimates.
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Table C1: Analysis of demand and supply instruments

“First stage” (OLS regression) Demand-side Supply-side
Dependent variable: Price Quantity Capacity WetLease

(1) (2) (3) (4) (5)

Fuel Consumption 0.248*** 0.357*** -0.264 -3.026*** -0.004***
(0.009) (0.015) (0.341) (0.157) (0.001)

Business Class percentage -0.003* 0.001 1.628*** 1.416*** -0.003***
(0.001) (0.002) (0.042) (0.028) (0.000)

Monopoly Markets (at Destination) 0.577*** 0.260* 14.926*** 5.371*** -0.008
(0.047) (0.107) (0.990) (1.080) (0.007)

Duopoly Markets (at Destination) 0.127*** -0.073 0.290 0.631 0.090***
(0.029) (0.062) (0.689) (0.692) (0.004)

Number of products in Market 0.000* 0.001*** -0.016*** 0.008*** -0.000***
(0.000) (0.000) (0.005) (0.001) (0.000)

Nr. Destinations -0.088*** -0.087* -3.779*** -13.177*** 0.155***
(0.017) (0.037) (0.703) (0.538) (0.003)

Number own flights from CDG in Market -0.001*** -0.003*** 0.067*** 0.023*** 0.000*
(0.000) (0.001) (0.009) (0.004) (0.000)

Number competing flights from CDG in Market 0.002*** 0.004*** -0.061*** -0.019*** 0.001***
(0.000) (0.000) (0.005) (0.003) (0.000)

Number competing flights in Market 0.020*** -0.014+ -1.588*** -0.832*** 0.001*
(0.003) (0.007) (0.116) (0.088) (0.001)

Nr. own flights in 2 hour window in Market -0.013+ -0.052** -6.738*** -3.272*** -0.001
(0.008) (0.018) (0.229) (0.176) (0.001)

Nr. competing flights in 2 hour window in Market -0.009 -0.001 0.889*** -0.822*** 0.011***
(0.007) (0.014) (0.257) (0.207) (0.001)

Fleet: Avg capacity on carrier’s other flights -0.038*** 0.042*** 0.001***
(0.005) (0.004) (0.000)

Fleet: Share of carrier’s other flights small aircarft -65.061*** -31.895*** 0.250***
(1.434) (0.993) (0.006)

Fleet: Share of carrier’s other flights wet leased 109.160*** 41.049*** 1.018***
(3.743) (2.223) (0.013)

Fleet: Avg capacity on competing flights in Market 0.251*** 0.930*** -0.001***
(0.015) (0.004) (0.000)

Fleet: Share of competing flights in Market small aircraft -16.683*** 6.834*** -0.478***
(2.352) (0.780) (0.005)

Num.Obs. 119,810 48,277 119,794 119,794 119,794
R2 Adj. 0.911 0.888 0.687 0.785 0.261
Destination FE ✓ ✓ ✓
Raw fares only ✓

“Second stage” diagnostics
Dependent variable: ln(sj)− ln(s0) Quantity
Weak instruments (p) 0.000 0.000 0.000 0.000
Wu-Hausman (p) 0.000 0.000 0.000
Hansen J (p, clustered) 0.699 1.000 0.973

+ p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001

Notes. Columns (1)–(2) report the first-stage regressions for the demand IV estimator, showing
the relationship between endogenous prices and the demand instruments conditional on exogenous
demand variables, with or without removing imputed fares. Column (3) is an OLS first stage for
the supply system, regressing quantity on fleet composition and markup instruments alongside the
full set of exogenous controls. Columns (4)–(5) are analogous first stages for capacity and wet-lease
share, respectively. The Weak instruments (p) values report the Sanderson–Windmeijer test for
Capacity and WetLease separately. Wu-Hausman and Hansen J statistics are reported jointly for
the supply system (cols 3–5): the Wu-Hausman test evaluates the exogeneity of the supply-side
endogenous variables, and the Hansen J test assesses overidentification of the instrument set, with
standard errors clustered at the market level.
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D Additional details about the role of time and connectivity preferences

Consumers’ time preferences are a crucial factor for differentiation in slot values. I analyze

different specifications to understand how estimated time preferences interact with schedul-

ing and connectivity of flights (Table D1). Specifications with departure or arrival hour

fixed effects reveal a pattern that peaks in the morning and dips roughly 12 hours later. I

fit a cosine functional form to capture such preferences while smoothing out non-monotonic

hourly effects:

Time Cosine = cos
( π

12
(Hour− h)

)
, (D1)

with h the most preferred hour. The main specifications peak at h = 10am for departure

time and h = 7am for arrival time, fitting the estimated hourly dummies.

Specifications with departure time preferences yield negative coefficients on departure

connectivity despite producing economically sensible Lerner indices of 0.45–0.47, closely

aligned with Air France’s reported gross margin of 0.48.48 This sign reversal reflects a me-

chanical feature: departure connectivity counts feeder arrivals 1–6 hours prior to departure,

but for a preferred 10am departure, this window (4am–9am) captures few arrivals due to

night-time restrictions.

By contrast, arrival hour specifications preserve positive and significant connectivity

coefficients. Arrival connectivity counts onward departures 1–6 hours after arrival; a 7am

arrival accesses the 8am–1pm window with abundant traffic. When introducing type-specific

arrival coefficients, the business segment expands to 16 percent of the population, now

characterized by stronger preferences for early morning arrivals.

The choice of connectivity measure introduces further trade-offs. Simple connectivity,

counting all flights within the temporal window regardless of routing efficiency, yields uni-

formly positive coefficients, unlike the constrained measure requiring connections not exceed

1.5 times direct flight time. The constrained measure may be overly restrictive, excluding

viable connections that passengers value.

The diversion analysis highlights an undesirable consequence of restricting passenger

types to have identical time preferences. Under such restrictions, business and leisure trav-

elers substitute in roughly equal proportion to other morning flights. Models with type-

specific preferences obtain differentiated diversion: business types divert 2.9 times as much

as leisure types to morning flights. This makes both the size and timing of slot holdings

relevant for market power.

To illuminate how passenger composition and network structure shape demand patterns,

I estimate the main specification excluding CDG flights (column 4 of Table 4). The share of

48Source: Macrotrends.net.
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business travelers more than doubles at ORY (γ̂1 = 0.125 versus 0.052), consistent with the

airport preference coefficients in other specifications where business consumers prefer ORY

(negative coefficient on CDG) while leisure consumers prefer CDG. Time-sensitive business

travelers likely value ORY’s proximity to central Paris and faster security screening, whereas

leisure travelers prefer CDG’s larger choice set and superior amenities.

The larger arrival time coefficient for both passenger types at ORY suggests that timing

is more relevant at this airport. ORY operates a predominantly short-haul, point-to-point

network serving domestic and European destinations; early morning arrivals are particu-

larly valuable, enabling business travelers to reach their destination for a full working day.

At CDG, the hub structure with waves of connecting banks dilutes these pure schedule

preferences.

The connectivity coefficients underscore this distinction. Connectivity at the depar-

ture airport drops sharply at ORY (0.108 versus 0.344). CDG passengers—including those

connecting through the Air France hub—place substantial value on departure airport con-

nectivity. With a different mix of legacy and low-cost carriers at ORY (Table B1), Air

France becomes the preferred carrier from this airport.
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Table D1: Alternative time preference specifications

Time Preferences Economics Diversion Connec-
8am→[6-10am]
8am→[>10am] tions

Model C
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Main ✓ ✓ ✓ ✓ 0.42 0.05 0.1 1.46 0.50 2.9 + +
(Arr cosine 7am, 2type, simple connec)

Dep FE ✓ 0.47 0.15 0.0 0.65 0.55 1.2 − +
Dep cosine (10am) 0.45 0.05 0.2 0.71 0.57 1.2 0 +
– 2type ✓ ✓ 0.56 0.11 1.3 1.31 0.28 4.6 − +
– 8am ✓ 0.45 0.05 0.1 0.71 0.57 1.2 0 +
– 8am + 2type ✓ ✓ 0.79 0.15 17.3 1.72 0.07 25.8 − +

Arr FE ✓ ✓ 0.45 0.04 0.4 0.70 0.58 1.2 + +
Arr cosine (7am) ✓ ✓ 0.47 0.04 0.2 0.70 0.57 1.2 0 +
– 2type ✓ ✓ ✓ 0.53 0.16 0.6 1.13 0.29 4.0 − +
– simple connec. ✓ ✓ ✓ 0.39 0.19 0.0 0.67 0.52 1.3 + +
– 8am + 2type ✓ ✓ ✓ 0.52 0.14 0.7 1.61 0.26 6.2 − −
No time 0.39 0.15 0.0 0.65 0.55 1.2

Notes. Comparing models with different time preference specifications against the Main specifica-
tion. Dep FE = departure hour dummies, Arr FE = arrival hour dummies, Cosine specifications
based on equation (D1). Diversion statistics compute predicted diversion from 8am flights to 6–
10am flights as a ratio of diversion to flights after 10am. Final columns indicate significantly positive
(+), negative (−), or insignificant (0) willingness to pay for connectivity.
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E Validation of the Slot Value Model

i. Predicted vs. Observed Network Changes

To validate the assumptions underlying the slot value model, I compare predicted carrier-

route changes to the changes carriers actually made between the 2018 and 2019 observed

flight schedules (Table 10). The reported precision takes all carrier-routes where flights

are predicted to be added (or removed) and measures the share of those that correspond

to actual network changes: carrier-routes with higher (or lower) weekly flight frequencies

in S19 compared to S18, accounting for the one additional week in S19 and selecting only

carrier-routes that existed in both periods. The excess slot-constraint measure captures

whether predicted changes disproportionately involve slot-constrained destinations relative

to actual changes.

Precision for carrier-routes that expanded ranges from 50–69%, while carrier-routes that

thinned achieve 68–70% except under random dropping (40%), in which case the operator

cannot optimize which flight to expire within a slot targeted for reallocation. The main

specification underestimates network expansion to slot-constrained destinations by 16 per-

centage points. This gap narrows under the scenario where slot rights expire randomly

without substitution to lower-profit flights (“drop random”). The difference arises because

the main specification systematically targets lower-profit flights for removal, and these are

disproportionately at slot-constrained destinations. Under random expiration, slots at con-

strained destinations are released in proportion to their frequency share, undoing less of any

subsequent shift toward these airports. This pattern is consistent with the inefficient slot

use driven by the use-it-or-lose-it rule: carriers retain relatively low-profit flights to slot-

constrained destinations to preserve slot rights, making these flights unlikely targets under

profit-based removal but equally likely under random expiration. That random dropping

performs substantially worse at predicting which carrier-routes are actually shed (40% vs.

70% precision) confirms that carriers respond to flight-level profitability as estimated rather

than dropping routes arbitrarily.

The “max share 0.6” column excludes carriers after winning 60% of slots up for auction

while maintaining the incremental character of the model. Better matching of observed

schedule changes (69% precision) likely reflects the first-come-first-serve waitlist mechanism

that limits dominant carriers’ expansion in practice. These results underscore that the

simulations are deliberately counterfactual, quantifying directional market changes when

historic rights and slot constraints are removed, rather than predicting equilibrium network

configurations under the current system.

For comparison, the final column restricts the counterfactual to flights on carrier-routes
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that actually expanded between S18 and S19, mechanically yielding 100% precision on ad-

ditions. The modest improvement in predicting route contractions arises because correctly

identified low-profit flights are no longer offset by simulated additions on the same carrier-

routes. The main body of the paper uses this information to present the welfare effects

achievable under system-wide slot constraints, where new routes require available slots at

both origin and destination.

Taken together, these exercises confirm that the slot value model provides reasonable

predictions despite its simplicity: additions follow a highest-profit heuristic subject to slot

feasibility, removals target lowest-profit flights within slot windows, and Cah accounts for

network motives not captured by direct-route profitability alone. A formal product choice

model with flight-specific fixed costs could improve accuracy, though estimation with indi-

vidual flight products and slot allocation constraints remains a challenge for future research.

ii. Complementarity across slot packages

One potential concern is that complementarities across banks of connecting flights might

be missed since the mechanism allocates slots individually. Efficient market-clearing mech-

anisms can break down in the presence of complementarities (e.g., Milgrom, 2000; Cantillon

and Pesendorfer, 2006). Three types are already incorporated in the Weekly Slot Package

item definition. A fourth — complementarity across multiple reallocated WSPs, which may

vary with carriers’ existing slot holdings — is not, and its magnitude needs to be assessed

empirically.

Indeed, the presented simulations assign slots sequentially, with each carrier bidding its

marginal value νa(s) for slot s. This value is defined in (7) as the difference in total profits

for the carrier with and without the slot, incremental to the carrier’s network at baseline

(Fa). Writing v(s+Fa)− v(Fa) for this quantity, and omitting the carrier subscript on v(·)

to focus on within-carrier structure, the mechanism values a bundle of slots {s1, s2} for a

single carrier as the sum of individual bids:

[
v(s1 + Fa)− v(Fa)

]
+
[
v(s2 + Fa)− v(Fa)

]
. (E1)

Because both bids are computed against the same baseline Fa, this sum need not equal the

true bundle value v(s1 + s2 + Fa) − v(Fa). The difference is exactly the bundle premium

(or “cross-partial”):

Bundle premium ∆(s1, s2) = v(s1 + s2 + Fa)− v(s1 + Fa)− v(s2 + Fa) + v(Fa). (E2)
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When ∆ > 0 (supermodular) the implemented mechanism undervalues the bundle of slots

s1 and s2 by ∆; when ∆ < 0 (submodular) it overvalues the bundle. This misevaluation can

cause misallocation only if it is large enough to change the ranking of bids across carriers.

It is therefore relevant to establish whether |∆| is small relative to the marginal value of a

slot for all carriers.

Analytical bounds on the bundle premium

Computing ∆(s1, s2) exactly requires solving the full pricing equilibrium under four network

configurations: Fa, Fa + s1, Fa + s2, and Fa + s1 + s2. In each configuration, equilibrium

quantities and prices adjust to reflect the changed network variables (FlightstoDest , Spacing ,

NrFlights), and profits depend on all of these jointly. Instead, I characterise ∆(s1, s2) an-

alytically under a first-order approximation: I hold equilibrium quantities fixed at their

baseline values when computing how adding one or two slots changes profits through each

model component. Under this approximation, the bundle premium decomposes additively

into three terms corresponding to the three network variables in the model. Each term has

a determinate sign that follows from the functional form alone, independent of the approxi-

mation. The magnitudes of the three components contributing to the bundle premium, and

the net amount (Rnet), are approximations that omit the second-order effect of quantity

adjustment. Concretely: adding a slot raises FlightstoDest , which raises demand and equi-

librium quantities for all flights on that route, which in turn changes the cost contributions

of Spacing and NrFlights through the changed passenger volumes. The analytical ratios

below treat these cross-effects as zero.

Throughout, let β̂log f = 0.071 denote the estimated demand coefficient on

log(FlightstoDest), and let κ̂spa = 0.067 and κ̂fli = −0.238 denote the estimated marginal

cost coefficients on Spacing and NrFlights/100 respectively. Let nd denote the actual number

of flights the carrier operates to destination d on the relevant date (nd = 10×FlightstoDest)

and N the actual total number of departures from the origin airport (N = 100×NrFlights).

See tables 4 and 6 in the paper for the coefficients, taken from the main specifications.

Demand term (logFlightstoDest in utility). When s1 and s2 both serve destination d on the

same date, adding them jointly raises nd by two instead of one twice from the same base.

Holding equilibrium quantities fixed, the bundle premium of the demand contribution to

profits is proportional to the second difference of log nd:

∆dem = β̂log f · log
(
nd(nd + 2)

(nd + 1)2

)
≤ 0, (E3)

which always non-positive regardless of the approximation: the denominator (nd + 1)2 ex-
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ceeds the numerator nd(nd + 2) by exactly 1 for any nd, so the logarithm is strictly nega-

tive.49 The demand term therefore contributes submodularity : the log-frequency gain from

a second slot on the same route, log[(nd + 2)/(nd + 1)], is smaller than that from the first,

log[(nd + 1)/nd], because log is concave. The ratio of the second to first difference,

∆dem

log[(nd + 1)/nd]
=

log[nd(nd + 2)/(nd + 1)2]

log[(nd + 1)/nd]
, (E4)

is exact and depends only on nd; β̂log f cancels. Note that this is the ratio of the second

to first log-frequency difference, not a ratio of profit increments: translating it into a profit

ratio requires the full equilibrium, which is what the first-order approximation bypasses.

For different-destination pairs, or same-destination pairs on different dates, ∆dem = 0

exactly: log(FlightstoDestd) and log(FlightstoDestd′) are distinct arguments in the utility

function, so adding a slot to d′ leaves the frequency term for d unchanged.

Spacing term (Spacing in marginal cost). Spacing is the average of adjacent hourly departure

gaps on a given date, mathetmatically identical to R/(N − 1), where R = tN − t1 is the

operating range (hours from first to last departure on the date) and N is the total flight

count. Adding a new slot affects Spacing differently depending on whether it falls within

the existing window or extends it.

Let R0 = S0(N − 1) denote the baseline operating range with S0 the baseline Spacing

and N the baseline flight count. Let R1, R2, R12 denote the operating ranges after adding

s1 alone, s2 alone, and both together, with δk = Rk − R0 ≥ 0 the corresponding range

extensions (δk = 0 if slot k is interior to the existing window). The resulting spacings are

S1 = R1/N , S2 = R2/N , S12 = R12/(N + 1).

Under the first-order approximation, the profit contribution of the spacing term for M

flights is −κ̂spa · S ·
∑

f qf , where κ̂spa = 0.067 (in 100 euros per passenger per hour of

spacing) and
∑

f qf is the total number of equilibrium passengers across all flights. Holding

passengers fixed at their baseline values and approximating
∑

f qf ≈ Nq̄ where q̄ is the aver-

age equilibrium passenger count per flight, the bundle premium of the spacing contribution

is:

∆spa = −κ̂spaq̄
[
S12(N + 2)− S1(N + 1)− S2(N + 1) + S0N

]
. (E5)

Substituting Rk = R0+δk and separating the baseline from the range-extension components:

∆spa = −2 κ̂spa S0 q̄

N(N + 1)︸ ︷︷ ︸
interior compression, ≤ 0

− κ̂spaq̄

[
δ12(N + 2)

N + 1
− (N + 1)(δ1 + δ2)

N

]
︸ ︷︷ ︸

range-extension correction, ≥ 0

. (E6)

49Expanding: (nd+1)2−nd(nd+2) = 1. This is the AM-GM inequality applied to a = nd and b = nd+2:

their arithmetic mean nd + 1 strictly exceeds their geometric mean
√

nd(nd + 2) whenever a ̸= b.
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Table E1: Model implications for slot complementarity

Network variables Bundle premium

log(f̃d) Ñ S̄ (h) Rdem Rspa Rfli Rnet

At baseline networks
Air France -1.005 1.765 0.113 -16.0% -1.1% +0.6% +0.6%
Lufthansa -0.445 0.127 1.179 -12.4% -14.6% +7.6% +5.6%
Vueling Airlines -1.401 0.130 1.547 -20.7% -14.3% +7.4% +5.0%
easyJet -1.495 0.311 0.553 -23.6% -6.2% +3.2% +3.1%
At post-reallocation networks
Air France -1.005 1.763 0.113 -16.0% -1.1% +0.6% +0.6%
Lufthansa -0.447 0.126 1.183 -12.4% -14.7% +7.6% +5.6%
Vueling Airlines -1.394 0.131 1.540 -20.7% -14.2% +7.4% +5.0%
easyJet -1.494 0.311 0.551 -23.6% -6.2% +3.2% +3.1%
In polar case: each carrier hypothetically wins all 245 slots
Air France (wins all) 3.239 4.215 0.047 -0.4% -0.5% +0.2% +0.2%
Lufthansa (wins all) 3.229 2.577 0.054 -0.4% -0.8% +0.4% +0.4%
Vueling Airlines (wins all) 3.226 2.580 0.072 -0.4% -0.8% +0.4% +0.4%
easyJet (wins all) 3.220 2.761 0.060 -0.4% -0.7% +0.4% +0.4%

Notes. First-order bundle premium Rnet ≡ ∆(s1, s2)/
[
νa(s1) + νa(s2)

]
and its decomposition into

three channels, evaluated at observed carrier-level network statistics under three scenarios. log(f̃d)
is the log number of flights by the carrier to a given destination on a given date (in tens); Ñ
is the total number of flights by the carrier to any destination on a given date (in hundreds);
S̄ is the average spacing in hours between adjacent departures of the carrier on a given date.
Columns (A) report statistics at baseline networks; columns (B) after the implemented reallocation
under the Restricted scenario (see Section V); columns (C) in the polar case where each carrier in
turn hypothetically wins all 245 auctioned slots, giving an upper bound on Rnet throughout the
auction. Rdem, Rspa, and Rfli give the contribution of log(f̃d), NrFlights, and Spacing respectively
to ∆(s1, s2), each as a share of νa(s1) + νa(s2); see equations (E3)–(E6). All ratios are computed
under a first-order approximation that holds equilibrium quantities fixed at baseline values; the
spacing term additionally assumes interior slot insertion and will be updated once slot-time data
are incorporated. Entries below 2% in absolute value are in italics.

The general expression (E6) decomposes the spacing bundle premium into two components.

The interior compression term is negative: each slot that falls within the existing window

[t1, tN ] splits one gap and reduces Spacing , with the second slot compressing it by less than

the first because the schedule is already denser — submodularity. The range-extension

correction is non-negative: slots that extend the operating window reduce Spacing by less

than interior slots, pushing the spacing bundle premium toward zero or positive. The net

sign and magnitude therefore depend on the distribution of auctioned slot times relative

to the existing departure window, which I assess directly in the simulations reported in

Table E1 using observed values of S0, δ1, δ2, and δ12.

Net bundle premium. The demand term contributes submodularity; the NrFlights term

contributes supermodularity; the sign of the Spacing term depends on the distribution of

auctioned slot times relative to the existing departure window and cannot be determined

analytically. The net ∆(s1, s2) from (E2) therefore cannot be signed analytically without

further information. Table E1 evaluates ∆(s1, s2) and its ratio to the sum of stand-alone slot

24



values, Rnet ≡ ∆(s1, s2) /
[
v(s1+Fa)−v(Fa)+v(s2+Fa)−v(Fa)

]
, at observed carrier-level

network statistics under three scenarios: baseline networks (column A), post-reallocation

networks (column B), and a polar upper bound in which each carrier hypothetically wins

all 245 auctioned slots (column C).

At baseline, Rnet is positive for all four carriers — +0.6% for Air France and +3–6%

for the three sparse carriers — so the Nr. Flights complementarity dominates in all cases

and the mechanism undervalues joint bundles by these margins. Two features of the results

bound the scope for this to affect allocation outcomes.

The first is that the bundle premium is small for the carrier whose bids are decisive. At

Air France’s baseline network of N ≈ 177 daily flights, the 1/N decay in both cost ratios

leaves a net premium of only +0.6%. The sparse carriers face higher premia of +3–6%,

driven by their large spacing (S̄ ≈ 0.6–1.5 hours) and small N (12–31 flights), but their

stand-alone bid levels are often substantially lower than Air France’s as the latter wins most

auctions and the median spread is 133%, as detailed in the main body of the paper. The

polar case confirms that supermodularity does not accumulate as a carrier acquires more

slots: when any single carrier wins all 245, both cost ratios decay to near zero and all premia

fall below 0.5%.

The second is that since all carriers face positive bundle premia of similar order of mag-

nitude, correcting for supermodularity moves all bids in the same direction and is unlikely

to change the allocation ranking. Misallocation requires the corrected ranking (1 + ρA) νA

vs. (1 + ρB) νB to differ from the uncorrected ranking νA vs. νB , which demands that the

difference in premia |ρA − ρB | times the stand-alone value exceeds the winner’s margin of

victory. Given that all premia lie in the range +0.6% to +6%, the maximum differential

is around 5 percentage points, and this would need to exceed a margin of victory that is

typically large relative to the slot value.
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F Summary of simulation approach

This section summarizes the counterfactual simulations. I begin by simulating baseline

equilibrium profits for the four airlines across all flights under the observed schedule, in-

corporating a cost of overbooking to curb this at maximum 15%. A slot s is a departure-

airport–hour–day-of-week combination in which there are flights at baseline, yielding 245

unique values.

Outer loop: For each slot s, starting from the baseline data, I draw one flight at random from

among those departing in s — on average 488 flights per slot across 55 airlines. The drawn

flight’s airline determines which of its flights is displaced from s: in the main specification,

the flight with the lowest baseline profit among all its departures in s; in a robustness check,

the drawn flight itself (I refer to this as “random dropping”). The displaced flight is recorded

as fX(s).

Inner loop. For each of the four airlines, I determine the set of potential flight choices

accounting for slot-destination feasibility and prior network changes, and select the feasible

flight with the highest baseline profit as its preferred addition to slot s, denoted fa(s). I

then update all network variables affected by the removal of fX(s) or the addition of fa(s),

and recompute counterfactual equilibrium profits for each airline. End inner loop.

For each airline, I retain the profit difference between adding its preferred flight to the

schedule and the worst-case outcome for that airline among each of its three competitors

doing the same; in one robustness check I ignore the profit effects of what competitors would

do altogether (I refer to this as “no hoarding”). In the main specification, I subtract the

estimated network opportunity cost Ĉah to obtain the net slot value va(s) according to (7);

one robustness check sets these costs to zero. Slot s is assigned to the airline with the highest

va(s), and its selected flight is recorded as fW (s). End outer loop.

Post-reallocation. Starting from the baseline schedule, I drop the 245 flights in fX , add

the 245 flights in fW , update all relevant network variables, recompute the full equilibrium

under the reallocated network, and calculate the implied welfare effects.
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