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The transportation 
field has changed 
significantly
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Last 5 years

https://livinghistoryfarm.org/farminginthe50s/life_14.html

https://www.bart.gov/

about/history/history2

1950s-60s

https://livinghistoryfarm.org/farminginthe50s/life_14.html
https://www.bart.gov/about/history/history2


Trend 1: Mobility-as-a-
Service (MaaS)
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“MaaS combines transport services from public and private
transport providers through a unified gateway that creates and 
manages the trip, which users can pay for with a single 
account.” – Hensher (2017)

Wong, Y. Z., Hensher, D. A., & Mulley, C. (2020). 

Mobility as a service (MaaS): Charting a future 

context. Transportation Research Part A: Policy and 

Practice, 131, 5-19.



Trend 2: SAV 
fleets
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https://news.theregistrysf.com/testing-
first-autonomous-shuttle-public-roads-
california-begins/

https://www.tudelft.nl/en/2016/tu-delft/wepod-
autonomous-vehicles-operate-as-temporary-bus-service/

https://www.scmp.com/tech/article/215369
4/baidu-says-first-100-self-driving-buses-
have-rolled-production-lines

https://www.forbes.com/sites/heatherfarmbrough
/2018/01/31/ugly-but-useful-stockholm-
introduces-driverless-busses/#44bad00360f4

https://news.theregistrysf.com/testing-first-autonomous-shuttle-public-roads-california-begins/
https://www.tudelft.nl/en/2016/tu-delft/wepod-autonomous-vehicles-operate-as-temporary-bus-service/
https://www.scmp.com/tech/article/2153694/baidu-says-first-100-self-driving-buses-have-rolled-production-lines
https://www.forbes.com/sites/heatherfarmbrough/2018/01/31/ugly-but-useful-stockholm-introduces-driverless-busses/#44bad00360f4


Research questions

• How to evaluate the stability of an ecosystem of mobility providers?
• If a new service enters the market? If a service improves its technology? 

• How can public agencies facilitate these ecosystems?
• Comparing between different interventions: infrastructure investments, 

subsidies, taxes, regulating toward social optimum

• How might automation affect these systems?
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Outline

1. Platform economics for MaaS markets

2. Market evaluation of cyberphysical platforms
a) Model

b) A scalable algorithm

c) Numerical examples

d) Evidence of methodology with Luxembourg microtransit service

3. Impacts of automation
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Platform economics for MaaS 
markets
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Multisided platforms

7

“Multi-sided markets are markets in 
which one or several platforms 
enable interactions between en-users 
and try to get the two (or more) sides 
‘on board’ by appropriately charging 
each side.” – Rochet and Tirole, 2006

Rochet, J. C., & Tirole, J. (2006). Two‐sided markets: a progress 
report. The RAND journal of economics, 37(3), 645-667.



Cities are multisided cyberphysical platforms 
(Chow, 2018)

• The two sets of end users are the 
Travelers (buyers) and the mobility 
Operators (sellers)

• Platforms may interface physically
(built environment) or digitally
(travel apps, e-commerce)

• Cities’ “platform pricing” take 
several forms:
• Built environment affects travel costs
• Taxes/subsidies further augment costs 

to operators/travelers
• Regulations define the pricing 

structures

8Chow, J.Y.J. (2018). Informed Urban transport systems: Classic and emerging mobility methods toward smart cities. 
Elsevier.



There is a 
need to 
model such 
systems as 
platforms
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Market evaluation of 
cyberphysical platforms
Pantelidis, T. P., Chow, J. Y. J., & Rasulkhani, S. (2020). A many-to-many assignment game and 
stable outcome algorithm to evaluate collaborative mobility-as-a-service 
platforms. Transportation Research Part B: Methodological, 140, 79-100.

Ma, T. Y., Chow, J. Y. J., Klein, S., & Ma, Z. (2020). A user-operator assignment game with 
heterogeneous user groups for empirical evaluation of a microtransit service in 
Luxembourg. Transportmetrica A: Transport Science, 1-28.
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How to evaluate platforms that operate with 
multiple operators? 
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• Assignment of travelers to a MaaS 
network is not just determining flows 
that make sense to them, but also 
making sense to operators (which links 
to operate, what price* to charge)

• Blue owns (1,3) and (1,21) – serving 
(1,3) would compete with Orange for 
OD (1,3), but Orange can also cooperate 
with Blue through path (1,21,22,3), and 
(1,21) can also benefit Green

• The system also exhibits flow capacities 
that affect the route choices of travelers

• Each link is owned by at most one 
operator

*price assumed to be a fixed charge to users to access that operator any number of times per trip



Assumptions

Travel utility is transferable between travelers and operators:
• Transit operators’ performance includes traveler disutilities like wait time

• Shared rides (detours) for discounts

• Increased access time to “virtual stops” for discounts

• Transfers/layovers for discounts 

Operators charge single access, constant fares per traveler-path
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If utility is transferable, we can model the 
MaaS platform market as an assignment game
• In a one-to-one assignment game (Shapley and Shubik, 1971):

• Set of buyers 𝑃 and set of sellers 𝑄 are matched together which generates utility 𝑈𝑖𝑗
for each pairing of buyer 𝑖 ∈ 𝑃 to seller 𝑗 ∈ 𝑄 at a cost of 𝑐𝑗

• The optimum matching 𝑥𝑖𝑗 between the two sets is found using a matching 

subproblem to maximize payoffs 𝑎𝑖𝑗 = max 0, 𝑈𝑖𝑗 − 𝑐𝑗
• Given that optimal matching, a stable outcome subproblem determines the cost 

allocations 𝑝 set between seller and buyer that satisfy the incentives of buyers (𝑢𝑖 =
𝑈𝑖𝑗 − 𝑝) and sellers (𝑣𝑗 = 𝑝 − 𝑐𝑗)

• There can be multiple stable cost allocations: a stable mechanism that maximizes 𝑢𝑖
is “buyer-optimal”, one that maximizes 𝑣𝑗 is “seller-optimal”

• An optimal matching that has an empty stable outcome space is not sustainable

13Shapley, L. S., & Shubik, M. (1971). The assignment game I: The core. International Journal of game theory, 1(1), 111-130.



One-to-one assignment game
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max

𝑖∈𝑃



𝑗∈𝑄

𝑎𝑖𝑗𝑥𝑖𝑗

s.t.



𝑖∈𝑃

𝑥𝑖𝑗 ≤ 1, ∀𝑗 ∈ 𝑄



𝑗∈𝑄

𝑥𝑖𝑗 ≤ 1, ∀𝑖 ∈ 𝑃

𝑥𝑖𝑗 ∈ 0,1 , ∀𝑗 ∈ 𝑄, 𝑖 ∈ 𝑃

Matching subproblem Constraints of stable outcome subproblem
(objective depends on cost allocation 
mechanism)

𝑢𝑖 + 𝑣𝑗 ≥ 𝑎𝑖𝑗 , ∀𝑖 ∈ 𝑃, 𝑗 ∈ 𝑄



𝑖∈𝑃

𝑢𝑖 +

𝑗∈𝑄

𝑣𝑗 =

𝑖∈𝑃



𝑗∈𝑄

𝑎𝑖𝑗𝑥𝑖𝑗

𝑢𝑖 , 𝑣𝑗 ≥ 0



Challenges to overcome for MaaS platforms

• Many-to-many assignment game: 
multiple operators serve multimodal 
trip, multiple travelers share a ride

• Link capacities lead to network effects 
that need to be captured by stable 
outcome subproblem

• Matching subproblem is a 
multicommodity capacitated network 
design problem
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Some notation

Parameters

• 𝑡𝑖𝑗: disutility experienced on link 𝑖, 𝑗 on a directed graph 𝐺 𝑁, 𝐴

• 𝑐𝑖𝑗: operating cost of link 𝑖, 𝑗

• 𝑑𝑠: demand of user group 𝑠 ∈ 𝑆

• 𝑤𝑖𝑗: flow capacity of link 𝑖, 𝑗

Decision variables

• 𝑥𝑖𝑗
𝑠 : flow of user group 𝑠 ∈ 𝑆 on link 𝑖, 𝑗

• 𝑦𝑖𝑗: binary variable for whether a link is operated

• 𝑝𝑟𝑓: price charged by operator 𝑓 ∈ 𝐹 to travelers 𝑠 ∈ 𝑆 on path 𝑟 ∈ 𝑅𝑠
∗

• 𝑧𝑟: the flow on path 𝑟 ∈ 𝑅𝑓 served by operator 𝑓 ∈ 𝐹

16



Assignment game model for MaaS market

min𝑍 = 

(𝑖,𝑗)∈𝐴



𝑠∈𝑆

𝑡𝑖𝑗𝑥𝑖𝑗
𝑠 + 

(𝑖,𝑗)∈𝐴

𝑐𝑖𝑗𝑦𝑖𝑗

s.t.



𝑗∈𝑁𝑖 +

𝑥𝑖𝑗
𝑠 − 

𝑗∈𝑁𝑖 −

𝑥𝑗𝑖
𝑠

= ቐ
𝑑𝑠, 𝑖 = 𝑂(𝑠)

−𝑑𝑠, 𝑖 = 𝐷 𝑠 , ∀𝑖 ∈ 𝑁, 𝑠 ∈ 𝑆
0



𝑠∈𝑆

𝑥𝑖𝑗
𝑠 ≤ 𝑤𝑖𝑗𝑦𝑖𝑗 , ∀(𝑖, 𝑗) ∈ 𝐴

𝑥𝑖𝑗
𝑠 ≥ 0, ∀ 𝑖, 𝑗 ∈ 𝐴, 𝑠 ∈ 𝑆
𝑦𝑖𝑗 ∈ 0,1 , ∀(𝑖, 𝑗) ∈ 𝐴

17

Matching subproblem (link variables) Stable outcome subproblem (path variables)

𝑢𝑠 + 

𝑓∈𝐹𝑟

𝑝𝑟𝑓 = 𝑈𝑠 − 

𝑖,𝑗 ∈𝐴𝑟

𝑡𝑖𝑗 , ∀𝑟 ∈ 𝑅𝑠
∗, 𝑠 ∈ 𝑆

𝑢𝑠 ≥ 0, ∀𝑠 ∈ 𝑆

𝑝𝑟𝑓 ≥ 0, ∀𝑟 ∈ 𝑅, 𝑓 ∈ 𝐹



𝑟∈𝑅𝑓

𝑝𝑟𝑓𝑧𝑟
∗ ≥ 

𝑖,𝑗 ∈𝐴𝑓

𝑐𝑖𝑗𝑦𝑖𝑗
∗ , ∀𝑓 ∈ 𝐹

Does this mean we need to enumerate 
alternate paths?



Although paths are non-unique,

• Link flows and total path costs are unique →
• Revenues gained by operators and total consumer surplus are unique

• A unique stable outcome space for a given matching, but cannot guarantee 
the opposite

• Model can be used for ex post evaluation to quantify changes in a 
market

18



Model can be used to analyze stylized 
examples
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In case (a), Orange would collaborate with Blue only if 
its price 𝑝𝑜 can be charged higher than:

In case (b), Orange would enter the market as shown 
only if its price doesn’t exceed the following:



Algorithm to generate constraints without 
explicit path enumeration
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Π FRs∗ is a set of permutations of coalitions of operators drawn from the route being considered, 

i.e. if there are 3 operators on a route, it would iterative check the removal of ({1}, {2}, {3}, {1,2}, 
{1,3}, {2,3}, {1,2,3})



Numerical test
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1000

200
300



Example: 
Sioux 
Falls

22

Firm entry



Algorithm can scale 
up 
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Insights

• Proposed algorithm can take 17 sec to solve Sioux Falls example that would 
require more than 2 hrs with explicit path enumeration

• The base scenario assumes seller-optimal for both. Government rail 
acquisition intervention changes the objective to buyer-optimal but the 
savings end up going to private operator, not the users, due to shared trips

• Addition of a new competitor can result in significant advantages to a third 
party; Operator 1 benefited greatly by being able to increase its price 
because a new Operator 3 entered to compete with Operator 2

• Capacity increases even for single links have nonlinear effects: exceeding a 
threshold improvement can lead to a significant shift in assignment and 
stable outcomes, which can also impact revenues of other operators

24



Significance/next steps

• The assignment game method has been applied 
to the Kussbus microtransit service in 
Luxembourg and correctly predicted its failure

• Currently advising NY State DOT on procuring 
the next statewide mobility services program

• Next research objectives:
• Integrate congestible capacity route choice SUE into 

the assignment game

• Consider assignment game from a multimodal 
activity-scheduling context

25

Stable outcome space for the 
Kussbus service, which ended up 
closing down later



Impacts of automation
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AVs can add optimal learning into fleet 
operations

27
Zhou, J., Lai, X., & Chow, J. Y. J. (2019). Multi-armed bandit on-time arrival algorithms for sequential reliable route 
selection under uncertainty. Transportation Research Record, 2673(10), 673-682.



Optimal learning applied to SAV-based line 
planning as well

28
Yoon, G., & Chow, J. Y. J. (2020). Contextual bandit-based sequential transit route design under demand 
uncertainty. Transportation Research Record, 0361198120917388.

Line planning done sequentially with 
optimal learning can approach oracle line 
planning solution quality



AVs’ ownership can be shared between 
owners (like time-share plans)
• AVs can self-valet, so new fractional ownership business models can be 

added to the MaaS market

• Time of day prices can be derived from users’ activity scheduling behavior

29
Allahviranloo, M., & Chow, J. Y. J. (2019). A fractionally owned autonomous vehicle fleet sizing problem with 
time slot demand substitution effects. Transportation Research Part C: Emerging Technologies, 98, 37-53.



Modular autonomous vehicles 
are feasible
• Dispatch can be more dynamic using stochastic optimization

• Shifts of transfers from stations to in-vehicle can reduce travel 
distance and wait time by 18-19% for Dubai-Sharjah corridor

30

Guo, Q. W., Chow, J. Y. J., & Schonfeld, P. (2018). Stochastic dynamic switching in fixed and flexible transit services as market entry-exit real 
options. Transportation Research Part C: Emerging Technologies, 94, 288-306.
Caros, N. S., & Chow, J. Y. J. (2020). Day-to-day market evaluation of modular autonomous vehicle fleet operations with en-route 
transfers. Transportmetrica B: Transport Dynamics, 1-25.



Conclusion

• MaaS markets need to be evaluated as cyberphysical platforms

• Design of such platforms can be evaluated using many-to-many 
assignment games

• Our approach can be applied to realistic networks to derive important 
insights

• It has been applied to Kussbus microtransit in Luxembourg and 
successfully predicted its instability

• Automation can further improve MaaS markets: optimal learning, 
new business models using self-valet, and modularity without drivers
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