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Summary

Shared mobility services, such as bike-, car-, and ride-sharing, offer significant potential for re-
ducing emissions and congestion and enhancing mobility accessibility. Realizing their potential
depends not only on technological development, policy support, and high-quality service provi-
sion but also on the consideration of the interaction between the choices of providers and users.
Service providers — digital platforms or fleet operators — interact directly with users and deter-
mine service quality and attractiveness through their service design and demand management
decisions. Users, in turn, decide whether to adopt a service, how frequently to use it, and which
option to choose in their engagement with the service (e.g., selecting among trip alternatives
that differ in price, travel time, waiting time, mode, or route). These users’ decisions shape
service uptake and utilization, which ultimately determine whether shared mobility achieves
its intended economical, environmental, and social benefits. Motivated by the interdependence
between providers’ decisions and users’ responses, and their joint role in shaping the success
of shared mobility, this dissertation focuses on the provider—user interaction, examining oper-
ations management from the provider’s perspective while incorporating behavioral aspects of
user decision-making.

In practice, users’ decisions depend on service characteristics shaped by providers’ operations
management and are systematically influenced by interpersonal and intrapersonal behavioral
factors. Interpersonal factors capture external influences from social interactions, such as social
influence (i.e., imitating others’ decisions or conforming to others’ choices). Intrapersonal fac-
tors refer to behavioral phenomena arising from internal cognitive and psychological processes
that shape how individuals evaluate and choose among alternatives. Among these are context
effects, where the composition of the choice set influences user preferences between alternatives
and their choices. Most current models either overlook the link between service design and user
decisions or neglect the behavioral factors that shape how users respond to service design and
demand management decisions. This dissertation aims to bridge this gap by examining how
service providers can incorporate behavioral factors into operations management. To this end,
three interrelated studies are conducted.

Study 1 develops a conceptual framework that links user choice behavior with providers’ deci-
sions. It reviews shared mobility operations management research from a behavioral perspective
and identifies behavioral factors that are highly relevant but remain underexplored. The results
highlight two complementary pathways that are investigated in the subsequent studies: (i) incor-
porating social influence as an interpersonal behavioral factor at the aggregated level to guide
long-term service design, and (ii) using context effects as intrapersonal behavioral factors that
can be leveraged in short-term choice set design decisions.

Study 2 incorporates social influence into users’ adoption decisions for new services, capturing
the resulting S-shaped market penetration curve: slow uptake in the early stages, rapid growth in
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Xiv Summary

the intermediate phase, and eventual stabilization at saturation. We address the strategic service
design problem of determining service location and fleet size by formulating a mixed-integer
linear programming model for phased deployment, where fleet size and coverage expand over
time as adoption grows, with the objective of maximizing total profit over a multi-period plan-
ning horizon. In the model, user adoption depends explicitly on both the number of current
adopters (social influence) and service characteristics (coverage and vehicle availability, i.e.,
level of service) at an aggregated level. Scenario-based analyses using a real bike-sharing ser-
vice dataset show that selective coverage with a high level of service outperforms broad cover-
age with a low level of service. Phased deployment increases profits by up to 4%, while ignoring
service characteristics can reduce profits by up to 54%. This study shifts service design from
static demand assumptions to behaviorally informed planning, highlighting the importance of
social influence and service quality in shaping uptake. Our findings suggest that gradual service
deployment that is aligned with adoption growth is critical for long-term profitability.

Study 3 examines choice set design in shared mobility platforms, with a focus on how con-
text effects shape the composition of alternatives (i.e., the service menu) presented to users.
We develop a framework for choice set selection under the Generalized Random Regret Mini-
mization (G-RRM) choice model, which explicitly incorporates context effects. The proposed
model accounts for the presence of an external mobility alternative (i.e., a competitor), thereby
capturing the possibility that users may reject the offered set entirely and choose the competitor
option instead. To support analysis, we introduce diagnostics that quantify compromise and
attraction structures, enabling investigation of how these effects guide assortment selection. In
addition, we propose an efficient optimization algorithm. In our experiments, we compare as-
sortments generated under the context-sensitive G-RRM model with those generated under the
Multinomial Logit (MNL) model, which ignores context effects and serves as the benchmark.
Our scenario-based analysis shows that incorporating behavioral factors—specifically context
effects—into choice set selection can improve outcomes, whether in terms of expected profit
or the choice share of the set against competitors. Such improvements may result either from
suppressing the appeal of competing options or from strategically eliminating options to avoid
context effects that generate undesired outcomes. These findings demonstrate that context ef-
fects can function both as assets and as liabilities: in the first case, they should be leveraged
when designing the choice set, while in the second case, they should be anticipated and miti-
gated.

This work sheds light on the interaction between service operations and user behavior in shared
mobility services. Across the three studies, it demonstrates that interpersonal and intrapersonal
behavioral mechanisms can be systematically embedded into providers’ decisions. They con-
ceptually and analytically show why and how user decision-making behavior must be integrated
into service design and demand management. It shows that managers should adopt gradual,
high-quality rollouts to secure early adoption, avoid overinvestment, and improve profitability,
while leveraging context effects as behavioral levers instead of relying only on costly incen-
tives. For policymakers, it provides a dual user—provider perspective that supports the design
of promotion schemes, regulations, and subsidies aligned with user adoption dynamics while
ensuring providers’ financial viability to support their sustained engagement. Our models are
theory-driven and tested on synthetic data, which allows controlled experimentation; future
empirical research is needed to examine their generalizability.



Samenvatting

Gedeelde mobiliteitsdiensten, zoals deelfietsen, deelauto’s en carpoolen, bieden aanzienlijke
mogelijkheden om emissies en congestie te verminderen en de toegankelijkheid van mobiliteit
te vergroten. Het realiseren van dit potentieel hangt echter niet alleen af van technologische
ontwikkeling, beleidsmatige ondersteuning en hoogwaardige dienstverlening, maar ook van de
interactie tussen de keuzes van aanbieders en gebruikers. Dienstaanbieders — digitale platforms
of vlootexploitanten — hebben een directe interactie met gebruikers en bepalen de kwaliteit
en aantrekkelijkheid van de dienst via hun beslissingen over serviceontwerp en vraagsturing.
Gebruikers besluiten op hun beurt of zij gebruik maken van een dienst, hoe frequent zij deze
gebruiken en welke optie zij kiezen (bijvoorbeeld het selecteren van reisalternatieven die ver-
schillen in prijs, reistijd, wachttijd, vervoerswijze of route). Deze beslissingen beinvloeden de
mate van adoptie en gebruik, die uiteindelijk bepalen of gedeelde mobiliteit de beoogde econo-
mische, ecologische en maatschappelijke baten oplevert. Vanuit de onderlinge afhankelijkheid
tussen de keuzes van aanbieders en de reacties van gebruikers, en hun gezamenlijke rol in het
succes van gedeelde mobiliteit, richt dit proefschrift zich op de interactie tussen aanbieder en
gebruiker. Het onderzoekt operations management vanuit het perspectief van de aanbieder, met
expliciete aandacht voor de gedragsaspecten van gebruikers. In de praktijk worden gebrui-
kersbeslissingen beinvloed door dienstkenmerken die voortkomen uit operations management
van aanbieders, en systematisch gestuurd door interpersoonlijke en intrapersoonlijke gedrags-
factoren. Interpersoonlijke factoren verwijzen naar externe invloeden uit sociale interacties,
zoals sociale beinvloeding (bijvoorbeeld het imiteren of overnemen van keuzes van anderen).
Intrapersoonlijke factoren hebben betrekking op cognitieve en psychologische processen die
bepalen hoe individuen alternatieven evalueren en kiezen. Voorbeelden hiervan zijn contextef-
fecten, waarbij de samenstelling van het keuzepakket de voorkeuren en keuzes van gebruikers
beinvloedt.

De meeste bestaande modellen negeren ofwel de relatie tussen serviceontwerp en gebruikers-
keuzes, ofwel de gedragsfactoren die bepalen hoe gebruikers reageren op beslissingen over
serviceontwerp en vraagsturing. Dit proefschrift beoogt deze kennislacune te overbruggen door
te onderzoeken hoe aanbieders gedragsfactoren kunnen integreren in operations management.
Hiervoor zijn drie onderling samenhangende studies uitgevoerd.

Studie 1 ontwikkelt een conceptueel kader dat gebruikerskeuzegedrag koppelt aan beslissin-
gen van aanbieders. Het biedt een overzicht van onderzoek naar operations management in
gedeelde mobiliteit vanuit een gedragsmatig perspectief en identificeert relevante maar onder-
belichte gedragsfactoren. De resultaten wijzen op twee complementaire onderzoekspaden die
in de volgende studies verder worden uitgewerkt: (i) het integreren van sociale beinvloeding
als interpersoonlijke gedragsfactor op geaggregeerd niveau om langetermijnbeslissingen in ser-
viceontwerp te ondersteunen, en (ii) het benutten van contexteffecten als intrapersoonlijke ge-
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Xvi Samenvatting

dragsfactor in kortetermijnbeslissingen over keuzesetontwerp.

Studie 2 integreert sociale beinvloeding in gebruikersadoptie van nieuwe diensten en modelleert
de resulterende S-vormige marktpenetratiecurve: trage adoptie in de beginfase, snelle groei in
de tussenfase en stabilisatie bij verzadiging. Het strategische vraagstuk van serviceontwerp — lo-
catiekeuze en vlootomvang — wordt benaderd met een mixed-integer linear programming-model
voor gefaseerde uitrol, waarbij vlootgrootte en dekking groeien naarmate de adoptie toeneemt.
Het doel is het maximaliseren van de totale winst over een multi-periodieke planningshorizon.
In dit model is gebruikersadoptie expliciet athankelijk van zowel het aantal huidige gebruikers
(sociale beinvloeding) als dienstkenmerken (dekking en voertuigbeschikbaarheid). Scenario-
analyses met gegevens van een fietsdeeldienst tonen aan dat selectieve dekking met hoge ser-
vicekwaliteit beter presteert dan brede dekking met lage servicekwaliteit. Gefaseerde uitrol
verhoogt de winst met maximaal 4%, terwijl het negeren van dienstkenmerken kan leiden tot
een winstdaling van wel 54%. Deze studie verschuift de focus van statische vraagaanname naar
gedrag-geinformeerde planning en benadrukt het belang van sociale beinvloeding en service-
kwaliteit in gebruikersadoptie.

Studie 3 onderzoekt het ontwerp van keuzemenu’s in gedeelde mobiliteitsplatforms, met spe-
ciale aandacht voor hoe contexteffecten de samenstelling van alternatieven (d.w.z. het servi-
cemenu) beinvloeden. We ontwikkelen een raamwerk voor keuze—setselectie onder het Ge-
neralized Random Regret Minimization (G-RRM) keuzemodel, dat contexteffecten expliciet
meeneemt. Het voorgestelde model houdt rekening met de aanwezigheid van een externe mobi-
liteitsoptie (d.w.z. een concurrent), en weerspiegelt daarmee de mogelijkheid dat gebruikers de
aangeboden set volledig afwijzen en in plaats daarvan voor een concurrent kiezen. Ter onder-
steuning van de analyse introduceren we diagnostieken die compromis- en aantrekkingsstruc-
turen kwantificeren, waardoor onderzocht kan worden hoe deze effecten de assortimentselectie
sturen. Daarnaast stellen we een efficiént optimalisatie-algoritme voor. In onze experimen-
ten vergelijken we assortimenten die worden gegenereerd onder het contextgevoelige G-RRM-
model met die gegenereerd onder het Multinomial Logit (MNL)-model, dat contexteffecten ne-
geert en als referentiepunt dient. Onze scenario-gebaseerde analyse laat zien dat het opnemen
van gedragsfactoren—met name contexteffecten—in de keuze—setselectie de uitkomsten kan
verbeteren, zowel in termen van verwachte winst als van het keuzedeel ten opzichte van concur-
renten. Deze verbeteringen kunnen ontstaan door het onderdrukken van de aantrekkingskracht
van concurrerende opties of door strategisch opties te elimineren om contexteffecten die tot on-
gewenste resultaten leiden te vermijden. De bevindingen tonen aan dat contexteffecten zowel
als assets als liabilities kunnen fungeren: in het eerste geval zouden ze benut moeten worden bij
het ontwerpen van de keuzemenu’s, terwijl ze in het tweede geval juist voorzien en vermeden
moeten worden.

De bevindingen impliceren dat managers gefaseerde, hoogwaardige uitrolstrategieén zouden
moeten hanteren om vroege adoptie te stimuleren, overinvestering te vermijden en winstgevend-
heid te vergroten, terwijl contexteffecten benut kunnen worden als gedragsmatige hefbomen in
plaats van uitsluitend kostbare prikkels. Voor beleidsmakers biedt dit proefschrift een gecombi-
neerd gebruikers- en aanbiedersperspectief dat kan bijdragen aan de vormgeving van promoties,
regelgeving en subsidies die inspelen op adoptiedynamieken, terwijl tegelijkertijd de financiéle
duurzaamheid van aanbieders wordt gewaarborgd. De modellen zijn theorie-gedreven en getest
met synthetische data, wat gecontroleerde experimenten mogelijk maakt; toekomstig empirisch
onderzoek is noodzakelijk om de generaliseerbaarheid verder te toetsen.



Chapter 1

Introduction

1.1 Motivation

Shared mobility, such as bike-sharing, car-sharing, and ride-pooling, provides short-term, on-
demand vehicle access without ownership burdens. These services attract users by reducing
financial commitments and maintenance responsibilities, while charging only for actual use
(Shaheen & Chan, 2016). They also support societal and environmental goals by reducing
emissions and congestion while improving accessibility (Shaheen et al., 2016; Golbabaei et al.,
2021; Zhu et al., 2023; Martinez et al., 2024).

Despite potential and strong policy support for promoting shared mobility (European Com-
mission, 2020), many services face persistent challenges in sustained adoption, profitability,
and measurable environmental impact (Lagadic et al., 2019; Boer et al., 2022). A key reason
lies in how research and practice model the interaction between service providers and users.
Users’ and providers’ decisions are interdependent. Providers manage operations through de-
cisions on fleet deployment, pricing, and rebalancing, which determine service characteristics
such as price and reliability. Users, in turn, make two types of decisions in response to the
service characteristics. The first is service adoption, whether to use the service at all and how
frequently to use it. The second involves short-term decisions, such as which option to select
among multiple alternatives that differ in price, waiting time, travel time, mode, or route. To-
gether, these adoption and usage decisions shape demand levels and spatial-temporal patterns of
utilization, ultimately conditioning whether shared mobility can deliver its intended economic,
environmental, and social benefits. However, this interdependence between providers and users
is often simplified or ignored.

In practice, users’ decisions are not only shaped by service attributes determined by providers’
operations (Zhang & Kamargianni, 2023; Bachand-Marleau et al., 2012; Ma et al., 2023; Albinski
et al., 2018), but also by a range of behavioral factors. These factors can be divided into intrap-
ersonal and interpersonal dimensions. Intrapersonal factors arise from internal cognitive and
psychological processes, such as using decision heuristics, which systematically bias percep-
tion and evaluation of alternatives from the rationality principles. Interpersonal factors emerge
from social interactions, such as imitating others’ choices, where the behavior or expectations
of others affect an individual’s decisions.

Nevertheless, much of the existing literature on shared mobility operations—including fleet
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sizing, facility location, pricing, and inventory planning (Agatz et al., 2012; Mourad et al.,
2019; Tafreshian et al., 2020; Ho et al., 2018) represents user decisions through the lens of
standard economic theory. In these models, users are typically treated as fully rational agents
with stable preferences, who independently optimize utility!. While analytically convenient,
this assumption neglects the systematic and predictable deviations from rationality documented
in behavioral economics, thereby overlooking opportunities to incorporate user behavior into
demand management strategies for shared mobility services.

While Behavioral Operations Management has demonstrated how behavioral factors shape
operational outcomes (Bendoly et al., 2006; Gino & Pisano, 2008; Croson et al., 2013), their
integration into shared mobility research remains limited. Operations broadly refer to the pro-
cesses through which products and services are developed, produced, delivered, and distributed
(Gino & Pisano, 2008). In this dissertation, we use the term operations to denote the full spec-
trum of decisions that determine how a service is designed, managed, and delivered. In the
context of shared mobility, this encompasses long-term and short-term decisions, including ser-
vice location, fleet sizing, pricing, resource allocation, request—supply matching, and vehicle
repositioning. Accordingly, operational models are defined as analytical frameworks that ad-
dress these operational decisions. Within this view, demand management seeks to align supply
and demand through both long-term service design (e.g., service rollout, fleet sizing, facility
location, pricing, relocation policies) and short-term actions (e.g., dynamic pricing?, targeted
incentives, and availability management).

This dissertation is motivated by the central role of users and providers in realizing the po-
tential of shared mobility services, and by the interdependence between providers’ operational
decisions and users’ behavioral responses. It examines shared mobility through the lens of be-
havioral operations management, with a focus on the provider—user interaction. It recognizes
that adoption of a service and maintaining its use are systematically shaped by intrapersonal
and interpersonal behavioral factors, and that these behaviors can be leveraged as demand man-
agement strategies in shared mobility operations. Positioning user behavior as a central element
of demand management strategies provides a pathway to close the gap between the expected
potential of shared mobility and its often limited performance in practice.

1.2 Research Questions

The goal of this dissertation is to develop effective demand management strategies in shared
mobility services by incorporating user’s behavioral factors into providers’ operations.

Main Research Question. The overarching research question guiding this dissertation is:

How can shared mobility service providers incorporate users’ behavioral factors in their
demand management strategies?

To address this question, the dissertation (i) identifies and analyzes relevant behavioral fac-

! Utility represents decision-makers’ subjective perceptions of value that induce a preference ordering over
actions/choices.

2The difference between pricing and dynamic pricing is that pricing is the general practice of setting a price,
while dynamic pricing is a specific, flexible strategy that uses real-time data to adjust those prices frequently.
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tors that shape user behavior and interact with providers’ operations in shared mobility services,
(ii) develops models to capture and quantify these behavioral factors, and (iii) examines the im-
plications of incorporating them into providers’ operations. We focus on behavioral effects
that are directly relevant to shared mobility operations and can be acted upon within providers’
service design and demand management decisions. In particular, we are interested in effects
that can be anticipated, influenced, or strategically leveraged during different stages of user
interaction with the provided service.

The research is structured around the following sub-questions, each targeting a specific
objective.

SQ1 What users’ behavioral factors should be integrated into the operations of shared mobil-
ity services?
The first step is to identify relevant behavioral factors that systematically affect user deci-
sions in shared mobility. The objective is to build a conceptual framework that links these
behavioral factors to providers’ operations and to identify the research gaps.

Identifying and structuring the behavioral factors most relevant for shared mobility pro-
vides the scientific foundation for embedding behavioral realism into operational models.
It provides an understanding of which aspects of user behavior can be leveraged as pre-
dictable and actionable demand management levers.

Among the wide range of behavioral factors studied in the literature, this dissertation con-
centrates on social influence and context effects that are especially relevant in shared mobility
operations. Social influence refers to changes in individuals’ preferences that arise from the ob-
served or expected behavior of others, often through imitation or conformity (Baddeley, 2010;
Deutsch & Gerard, 1955; Hsu & Lu, 2004; Cialdini & Goldstein, 2004). In shared mobility,
this means that the likelihood of adoption often increases as more people in one’s network or
community begin using the service, creating gradual rather than instantaneous demand uptake.

Context effects, by contrast, describe how the composition of the available choice set can
systematically shift preferences in ways not predicted by rational choice theory. Accordingly,
the probability of selecting a given option depends not only on its attributes but also on the
presence or absence of alternatives (Prelec et al., 1997; Huber et al., 1982; Simonson, 1989).
In shared mobility platforms, this suggests that the menu of routes, vehicles, or price—quality
combinations presented to the user can influence users’ decisions in a predictable way.

These two behavioral elements provide complementary pathways for linking behavioral
insights with demand management through operational models, which in this research refer
specifically to service deployment and menu design. Social influence, as an interpersonal fac-
tor, shapes how adoption unfolds over time and can be incorporated into service deployment
through operational demand management levers. By operational demand management lever,
we mean adjustments in service design and management decisions, such as rollout strategies,
fleet sizing, or facility location, to better align supply with demand. Context effects, as an in-
trapersonal factor, alter user choices when selecting from a menu of options and can be applied
as a behavioral demand management lever, where behavioral insights are intentionally used to
influence users’ choices.

SQ2 How can service design be adapted to the gradual demand realization of new services as
an operational demand management strategy?
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In shared mobility services, the joint consideration of service characteristics and user
behavior in shaping adoption dynamics remains largely absent from operational mod-
els. Service characteristics such as quality and price (Zhang & Kamargianni, 2023;
Bachand-Marleau et al., 2012; Ma et al., 2023; Albinski et al., 2018) determine the po-
tential for adoption, yet this potential demand is realized gradually rather than instan-
taneously. Adoption typically follows an S-shaped trajectory: slow uptake in the early
stages, rapid growth during the intermediate phase, and eventual stabilization at market
saturation (Baddeley, 2010; Deutsch & Gerard, 1955; Hsu & Lu, 2004; Cialdini & Gold-
stein, 2004). This gradual pattern reflects social influence, where users’ adoption depends
not only on service attributes but also on others’ behavior. Accordingly, the likelihood
that an individual adopts a service increases as more people adopt the service. Incorporat-
ing these dynamics into service design enables providers to align rollout strategies, such
as fleet sizing and service location expansion, with the predictable trajectory of adoption
shaped by social influence. This helps to anticipate and regulate the pace of demand real-
ization through service design and reduces the risks of overinvestment, underutilization,
or premature service failure.

SQ3 How can context effects be leveraged as a behavioral demand management strategy for
shared mobility services?
Demand management is often pursued through operational levers such as price-based
incentives or vehicle repositioning. Yet providers interact with users through digital plat-
forms that define the choice set offered at the moment of request. This interaction creates
an opportunity to use the composition of options presented to users as a behavioral de-
mand management strategy, where menus can be adapted to influence user selections
without altering underlying service attributes.

Incorporating context effects in designing the service menus offers a novel and under-
explored approach to guiding user choices in shared mobility. By carefully selecting the
composition of the menu of offered options to each user, providers can influence decisions
toward outcomes that improve system performance, for example, reallocating demand to-
ward oversupplied areas, encouraging parking in undersupplied locations, or promoting
higher-margin options. Embedding these interpersonal behavioral mechanisms into oper-
ations extends demand management strategies beyond merely adjusting service attributes,
such as monetary incentives.

This dissertation adopts a theory-driven analytical modeling approach, supported by insights
from a systematic literature review. SQ1 identifies relevant behavioral factors in shared mobility
operations by reviewing established theories and empirical findings. Building on these insights,
SQ2 and SQ3 each examine one behavioral factor within operations. SQ2 considers social in-
fluence, together with service quality, as drivers of gradual adoption dynamics, and explores
how aligning service rollout with this pattern functions as an operational demand management
lever. SQ3 analyzes context effects, which shape user decisions within a given choice set, and
integrates them into menu design as a behavioral demand management lever. Scenario- and
sensitivity-based analyses are used to evaluate the implications of these mechanisms under con-
trolled conditions. Together, these studies provide conceptual and methodological contributions
that advance the integration of behavioral realism into operational models.
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1.3 Scientific and Societal Relevance

This research provides both scientific and societal contributions as described below.

Scientific contributions. This dissertation is positioned within Behavioral Operations Man-
agement, which studies how actual human behavior influences operational outcomes such as
profitability and resource utilization (Bendoly et al., 2006; Gino & Pisano, 2008; Croson et al.,
2013). It brings this perspective to shared mobility by linking providers’ operations (service
design and demand management) with behavioral factors, specifically, social influence and con-
text effects. The central premise is that user behavior can be treated as a lever, shaping both
opportunities and constraints in operational decision-making.

This dissertation reframes users as actors whose adoption and usage decisions systemat-
ically interact with providers’ strategies, not as passive or fully rational agents. It develops
a framework for incorporating behavioral realism into shared mobility operations by embed-
ding interpersonal factors (social influence) and intrapersonal factors (context effects). In doing
so, it anticipates adoption dynamics in long-term planning and influences user choices within
menu-based decision contexts.

The dissertation develops analytical models that integrate behavioral mechanisms into op-
timization frameworks for shared mobility. It extends adoption modeling by linking service
rollout decisions to gradual, socially influenced demand realization, and develops methods for
quantifying the presence and strength of context effects in any choice sets.

Societal contributions. The transport sector accounts for nearly one-fifth of global CO,
emissions (Ritchie, H., 2020), with private cars as the main source. Shared mobility is often
promoted as a way to reduce vehicle-kilometers traveled, energy use, and emissions, while
improving urban accessibility. Yet many initiatives fail to scale or sustain operations despite
strong policy support (Lagadic et al., 2019; Boer et al., 2022).

This dissertation contributes to overcoming these challenges by showing how behavioral
factors can be incorporated into demand management strategies. The insights help providers
strengthen adoption trajectories, improve profitability, and support the long-term survival of
services. Ensuring that shared mobility services can endure is a prerequisite for realizing their
broader societal promise.

The models and frameworks developed in this dissertation show that user behavior is a
strategic demand management lever. This perspective can inform policy design (e.g., phased de-
ployment requirements, targeted subsidies) and guide provider practices (e.g., demand steering
through behavioral levers such as menu design rather than relying solely on price incentives).
By enabling more effective demand management and improving the chances of long-term prof-
itability, the dissertation supports shared mobility services to realize their societal potential in
terms of sustainability.

1.4 Dissertation Outline

The structure of this dissertation is summarized in Figure 1.1. The chapters address the main
research question by conducting a literature review and a conceptual foundation (Chapter 2),
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incorporating adoption dynamics as part of operational demand management through phased
service rollout in long-term planning (Chapter 3), and investigating how choice set composi-
tion affects users’ decisions and providers’ menu design as a behavioral demand management
strategy (Chapter 4).

Chapter 1
Introduction
sQ1 H
: Chapter 2 Approach: :
i | Conceptual integration of user behavior and providers' operations Literature  }
Interpersonal behavioral i | _Gap Identification review : Intrapersonal behavioral
factors N ‘ factors

7 sQ2 /sQ3
Chapter 3 Approach: Chapter 4 Approach:
phased service-adoption planning in light M'X§d integer Menu design in light of context Non-linear
of social influence as an operational linear . effects as a behavioral demand programming
demand management strategy programming management strategy
*__Analytical Modelling
Chapter 5

Conclusion

Figure 1.1: Overview of this dissertation

Chapter 2 develops the conceptual foundation and addresses the first sub-question (SQ1). It
develops a framework that links user decision-making with providers’ operational choices and
reviews shared mobility studies that integrate user decisions into providers’ operations from a
behavioral perspective. The purpose is to identify behavioral factors that are most relevant but
underrepresented in the existing models. This review highlights two promising directions that
guide the next chapters: using social influence to better anticipate adoption dynamics in service
design, and using context effects as potential levers in menu design.

Chapter 3 examines how users’ adoption behavior can be incorporated into operational de-
mand management strategies. Shared mobility services are often rolled out under the assump-
tion of stabilized demand, yet in practice, adoption develops gradually, shaped by service quality
and social influence. This chapter explores how such gradual demand uptake can be incorpo-
rated into deployment models. An optimization framework is developed that links adoption
growth to service attributes and social influence. This framework synchronizes fleet sizing and
location expansion with users’ adoption trajectories. The focus is not on changing adoption be-
havior itself, but on using adoption patterns to anticipate and regulate demand realization over
time.

Chapter 4 examines behavioral demand management by focusing on context effects in menu
design. When users request service via digital platforms, the choice set they see is generated
by providers. In this chapter, we investigate how the composition of this set can influence user
decisions, beyond what rational-choice models would predict. This chapter explores whether
incorporating context effects alters optimal menu design and under what conditions such mod-
eling changes outcomes. To support this analysis, we define general metrics to quantify context
effects across diverse choice sets and propose computational methods for solving the resulting
menu design problem.
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Chapter 5 concludes by synthesizing the insights from the three studies, outlining their
contributions, reflecting on limitations, and suggesting directions for future work.

Together, these chapters build the argument that behavioral factors, both interpersonal and
intrapersonal, can be treated as levers in demand management strategies, offering a new per-
spective on how shared mobility operations can be aligned with user behavior.
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Chapter 2

Integrating Users’ Decision-Making into
Shared Mobility Operations

Abstract:  Shared mobility services, such as bike-sharing, car-sharing, and ride-sharing, are
widely promoted as sustainable mobility solutions. Yet many services continue to struggle with
user uptake, consistent usage, and profitability. A central reason is that analytical models of
shared mobility often impose restrictive assumptions about user behavior, treating choices as
independent of operations or assuming full rationality. As a result, these models fail to cap-
ture the behavioral mechanisms that shape real-world demand, limiting their ability to inform
strategies for improving performance and sustainability. This study aims to bridge the gap be-
tween operational models and the behavioral realism required for understanding and influencing
demand by integrating a behavioral perspective into shared mobility modeling. We develop a
conceptual framework that links user decision-making and behavioral factors with providers’
operational strategies, offering a structured basis for incorporating behavioral realism into op-
erational models. Guided by this framework, we review existing studies across shared mobility
domains, examine how user decisions are represented, and identify key insights and research
gaps. The contributions of the study are twofold: (1) proposing a framework for integrating
behavioral aspects into shared mobility operations, and (2) synthesizing the literature through
this framework to outline directions for research and practice.

Keywords: Shared mobility; Car-sharing; Ride-sharing; Micromobility; Decision-making;
Choice behavior, Behavioral operations

Research from this chapter contributed to a paper submitted to the journal of Transportation Research Record.
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2.1 Introduction

Existing research has substantially advanced our understanding of shared mobility. Studies
have examined factors influencing service usage and adoption, as well as the broader impacts
of these services on travel behavior. Numerous determinants of shared mobility usage have
been identified. The main categories include service attributes (e.g., cost and quality) (Zhang
& Kamargianni, 2023; Bachand-Marleau et al., 2012; Ma et al., 2023; Albinski et al., 2018),
user characteristics (e.g., age, gender, income, car ownership), and trip characteristics (e.g.,
frequency, purpose, length) (Liao & Correia, 2022; Aguilera-Garcia et al., 2020; Faghih-Imani
et al., 2017). Reviews are available for specific modes such as bike sharing (Zhang & Kamar-
gianni, 2023), scooter sharing (Badia & Jenelius, 2023), and car sharing (Ferrero et al., 2018).
Complementing this user and demand analysis perspective, another line of research addresses
providers’ operations, including fleet sizing, service location, and rebalancing, as reviewed by
Agatz et al. (2012); Mourad et al. (2019); Tafreshian et al. (2020); Ho et al. (2018).

A missing piece in this literature is the explicit connection between user decision-making
and providers’ operational decisions. In particular, little attention has been paid to how users’
behavioral responses interact with providers’ choices in service design and demand manage-
ment, shaping both long-term service adoption and real-time demand-supply dynamics. Ev-
idence from behavioral economics shows that human decision-making systematically departs
from classical rational choice theory and can influence providers’ operational decisions, such as
pricing, inventory management, and resource allocation (Bendoly et al., 2006; Gino & Pisano,
2008; Croson et al., 2013). These behavioral insights are relevant to users of shared mobility.
However, most research that models providers’ operational decisions represents users as fully
rational decision-makers or treats their choices as exogenous inputs, independent of providers’
operations.

To bridge this gap between behavioral science and operations research in the context of
shared mobility services, this study examines how user decision-making can be systematically
integrated into supply-side operations. The contributions of this study are twofold. First, draw-
ing on theories and concepts from behavioral economics, we propose a conceptual framework
that links user choice behavior with provider operations management, providing a structured
basis for embedding behavioral realism into shared mobility operational modeling. We use
the term operational models to denote analytical approaches that address providers’ decisions
on service configuration and resource management (e.g., fleet sizing, location, rebalancing).
Second, guided by this framework, we synthesize studies that incorporate user decisions into
providers’ operational models, evaluate them from a behavioral perspective, and identify key
insights and opportunities for future research.

The remainder of this study is organized as follows. Section 2.2 clarifies the interdependen-
cies between user decision-making and supply-side operations in shared mobility services and
introduces a conceptual framework. Sections 2.3 and 2.4 elaborate on user decision-making
and the behavioral factors most relevant to this context, respectively. Section 2.5 synthesizes the
literature on operational models that incorporate user decisions. Section 2.6 highlights research
gaps and opportunities for future work. Finally, Section 2.7 concludes the study.
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2.2 Interactions of User Decisions and Provider Operations

Shared mobility services operate within a complex ecosystem involving diverse stakeholders,
including service providers, users, regulators, local governments, and infrastructure planners.
This study focuses on the interactions between users and service providers, specifically exam-
ining providers’ operations in light of users’ choice behavior. Users represent the demand side,
with preferences shaped by user characteristics (e.g., age, gender, income, car ownership) and
choice context, elaborated in the following parts. These preferences and users’ requirements,
such as service expectations about travel time and price, translate into both constraints and op-
portunities for providers. On the supply side, service providers, including digital platforms and
fleet operators, must align their operations with user preferences and requirements while also
ensuring efficiency, profitability, and regulatory compliance. Providers’ own operational con-
straints further shape the set of service alternatives they can offer, which in turn constitute the
supply-driven component of the user’s choice context. This user—provider interaction can be
conceptualized as two interdependent decision-making problems: the service provider’s opera-
tional decisions and the user’s decision-making.

Figure 2.1 presents a general framework linking service providers’ operations with user
decisions.
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Figure 2.1: Conceptual framework integrating user behavior with shared-mobility service provider operations

Provider’s Operational Decision-Making

On the supply side, operational decisions involve long-term and short-term decisions, including
fleet sizing, inventory distribution, service zone coverage, service configuration (e.g., pooled
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vs. solo rides), and pricing schemes, as well as real-time matching, dynamic pricing, and rout-
ing. Service providers typically opt for profit maximization, demand fulfillment, or promoting
specific transportation modes. These objectives are pursued under a combination of internal
(e.g., budget and fleet size) and external (e.g., imposed by outsourced operators like freelance
drivers) operational constraints and user-driven constraints (e.g., preferred travel times, service
expectations). Providers’ operational decisions determine the attributes of the service alterna-
tives offered. These include dimensions such as service quality (e.g., fulfillment rate, spatial
and temporal coverage) and price.

Users’ Decision-Making

Users face a decision problem that ranges from adopting a service (e.g., selecting a provider or
mode) to either accepting a single offered alternative or choosing among a set of alternatives
designed and presented by the provider in response to their ride or vehicle request. Users
may also need to decide whether to accept incentives, tolerate differences between offered and
preferred options, wait for service, or cancel their request while considering other available
service options.

Choice context. The choice context is shaped by task characteristics, service alternatives
(defined by attributes such as price, reliability, and convenience), and behavioral factors, all
of which influence users’ decisions. The users’ decision-making problem is characterized by
features such as uncertainty, familiarity (e.g., repeated decisions with known options vs. novel,
unfamiliar scenarios), and complexity, which we call task characteristics. The number of avail-
able options, their composition, and the number and comparability of attributes (e.g., differing
units or vague descriptions) determine the task complexity for the user.

Behavioral factors. Users’ choices are influenced by two broad categories of behavioral
factors. Intrapersonal factors arise from internal cognitive and psychological processes that
shape how individuals perceive and evaluate alternatives, often leading to systematic biases such
as cognitive or motivational biases. Interpersonal factors, by contrast, are external influences
stemming from social interactions, such as social influence, imitation, and conformity, where
the behavior or expectations of others affect one’s choices.

* Cognitive and motivational biases. There is a vast literature on biases that are classified
into motivational and cognitive biases (Montibeller & von Winterfeldt, 2024; Montibeller
& Von Winterfeldt, 2015). Motivational and cognitive biases are systematic deviations
from fully rational decision-making. Motivational biases arise due to motivated reason-
ing, which directs individuals’ decision-making processes in a way that ensures they reach
their desired outcome (Molden & Higgins, 2012). For example, confirmation bias leads
individuals to selectively seek and interpret evidence that supports their existing beliefs
(Nickerson, 1998). Cognitive biases often arise due to simplifying reasoning, typically
involving a decision heuristic (Montibeller & von Winterfeldt, 2024). Cognitive biases
are categorized based on the psychological factors that drive them, including: too much
information to process; not enough meaning, such as ambiguity or incompleteness in
information and outcomes; the need to act quickly; and the need to remember, which
reflects limitations in memory (Manoogian & Benson, 2017).

* Social influence. Individuals’ choices can be influenced by the behavior of others, partic-
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ularly in situations involving unfamiliarity and uncertainty, such as deciding whether to
adopt an innovative service. A common explanation for this behavior is that individuals
feel uncertain about the outcomes of choosing a new or unfamiliar option. In such cases,
they are more likely to follow others, either to get social approval and acceptance (i.e,
normative conformity) or to seek accurate evaluation and make correct decisions (i.e.,
informational conformity), which is known as social influence (Deutsch & Gerard, 1955;
Hsu & Lu, 2004; Cialdini & Goldstein, 2004).

In the subsequent sections, we explain rational decision-making and human decision behav-
ior. We then elaborate on the behavioral factors discussed above, focusing on those specifically
relevant in the context of shared mobility operations.

2.3 Users Decision Behavior

Generally speaking, decision-making refers to the process of selecting one alternative from a set
of feasible options, based on the decision-maker’s preferences. The concept of utility provides
a numerical representation of these preferences, enabling systematic comparison across options
(von Neumann & Morgenstern, 1944; Debreu et al., 1954). Under the principle of utility max-
imization, the decision-maker is assumed to choose the alternative associated with the highest
utility.

2.3.1 Rationality; Axiomatic Definition

The rational choice theory, pioneered by von Neumann & Morgenstern (1944) with their Ex-
pected Utility Maximization model, provides some necessary and sufficient conditions, referred
to as axioms, to describe and model how humans would behave if they were perfectly rational.

Preference relations. Let €) denote the set of feasible alternatives from which a decision-
maker can choose. A preference relation, noted by =, >, or ~, is a binary relation on 2. For
any X, Y € &

X >Y <<= X isatleastaspreferredas Y (weak preference),
X~Y < X>YandY > X (indifference),
X+=Y <= X *>Yandnot(Y = X) (strict preference).

The main rationality axioms (von Neumann & Morgenstern, 1944; Savage, 1972) are as
follows, where XY, Z €

Completeness. Formally, for all X and Y, either X = Y or Y > X (or both).

Completeness means that a decision-maker can always compare any two options. Faced
with two alternatives, they either prefer one or are indifferent between them. This axiom
ensures that all decision problems can be addressed with a well-defined preference. For
example, when deciding between public transport, taxi, or cycling, rational individuals
should be able to form a ranking among these options and make a decision.
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Transitivity. Formally, if X > Y andY > Z, then X > Z.

In words, if an individual prefers X to Y and Y to Z, then they prefer X to Z. Without
transitivity, preferences could form cycles (e.g., X > Y, Y > Z, Z > X), which
undermines coherent decision-making. Transitivity requires consistency in preferences
and guarantees that preferences can be arranged in a stable ordering, enabling a rational
choice.

When preferences are transitive and complete, decision-makers can create a ranking of
options from most to least preferred, known as a preference ordering. Completeness
guarantees that there will be only one ordering, with no gaps or ambiguous comparisons.
Transitivity guarantees that there will be no cycles in strict preference. For example, if
there are three options (X, Y, and 7), they must be fully ranked, such as X is better than
Y is better than Z, or X and Y are indifferent but both are better than Z.

Independence. Formally, if X > Y, then for any third option Z and probability A € (0, 1],
A X+A-NZ=AXY+(1-NZ

This axiom means that if X is preferred to Y, then a compound option that yields X with
probability A and Z with probability (1 — ) will still be preferred to the corresponding
compound option that yields Y with probability A and Z with probability (1 — ).

Continuity. This axiom ensures that preferences are continuous. Formally, if X > Y = Z,
there exists A € (0,1) such that AX + (1 — \)Z ~ Y.

It states that if an individual prefers X to Y and Y to Z, then there exists some probability
A € (0, 1) such that the compound option AX + (1 — X\)Z, which yields the outcome of
option X with probability A and the outcome of option Z with probability 1 — A, is valued
equally to Y. In simpler terms, this means that for any three outcomes ranked from best
to worst, the middle option can be represented as an appropriate combination of the best
and worst outcomes. For example, consider three options with the following outcomes:
X results in winning 100$, Y results in winning 508, and Z results in losing 100$, where
X =Y » Z. Continuity requires that there exists a probability A € (0, 1) such that the
individual is indifferent between receiving 50$ for sure (i.e., option Y') and a compound
option that yields 100 $ with probability A and costs 100$ with probability (1 — ).

The classical axioms of rational choice are completeness, transitivity, continuity, and in-
dependence, as established in expected utility theory (von Neumann & Morgenstern, 1944;
Savage, 1972). In the discrete choice tradition, Luce’s (1959) Independence of Irrelevant Alter-
natives (IIA) condition is a rationality requirement. The IIA condition suggests that the presence
of a third option like Z does not alter the original ordering between two other alternatives like
X and Y. This property allows preferences to be analyzed without requiring the full choice
set, and it simplifies economic models by making preference orderings more stable and pre-
dictable. It is also referred to as the presentation and procedural invariance principle because it
ensures context-independence preferences. Accordingly, preferences between any two options
are not affected by the strategic inclusion or exclusion of alternatives. This independence has
several implications: it allows preferences to be analysed without requiring the full choice set,
it simplifies economic models by making preference orderings more stable and predictable, and
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it assumes that decision outcomes are not affected by the strategic inclusion or exclusion of
alternatives.

If all these axioms are satisfied, then the individual is considered rational. In that case,
preferences can be represented by a utility function, meaning that one can assign numbers to
each alternative to reflect the strength of preference (Mas-Colell et al., 1995).

Formally, a utility function «(-) maps alternatives to real numbers, with larger values as-
signed to more preferred options. These utilities are grounded in the observable characteristics
of the alternatives. An attribute is a measurable feature, such as cost, time, or quality, that
shapes preferences. Multi-attribute utility theory captures this by expressing overall utility as a
function of the attributes that define each alternative.

The preference relation can then be expressed in terms of the utility function as follows
(Mas-Colell et al., 1995):

XY © uX)>uy), X>Y & uX)>uY), X~Y < uX)=uly).

That is, option X is at least as preferred as option Y if and only if u(X) > w(Y); X is
strictly preferred to Y if and only if w(X) > w(Y); and X is indifferent to Y if and only if
w(X) = u(Y).

A rational decision-maker is assumed to select the option with the highest utility (i.e., 7*):

i* = arg max u(1).
2

Example. Consider a mobility context in which a traveler evaluates three alternatives: Op-
tion X (bus), Option Y (bike), and Option Z (car). Each option is described by two attributes:
travel time and cost. Option X requires 40 minutes and costs $2, Option Y requires 60 minutes
with no cost, and Option Z requires 20 minutes and costs $6.

The utility of option i € {X,Y, Z} can be specified as

’M(Z) = W - COStZ’ + wy - Timei,

where w; and w» are weights capturing the traveler’s sensitivity to cost and time, respec-
tively. In this formulation, w; reflects the marginal utility of cost, that is, the change in utility
associated with a one-unit change in monetary cost, while w, reflects the marginal utility of
time, or the change in utility associated with a one-unit change in travel time. Because cost and
time are expressed in different units, these weights simultaneously rescale the attributes onto a
common utility scale and capture the relative importance the traveler assigns to each attribute.
The rational choice is then the option with the highest utility value:

Optimal option = ).
ptimal option = arg iegf?(z}u(z)

These options are evaluated based on how travelers, as decision-makers, value different
attributes. For instance, one traveler may prioritize travel time, while another may be more
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sensitive to costs. A time-sensitive traveler might therefore assign higher utility to faster modes,
for instance u(X) = 0.6, u(Y") = 0, and u(Z) = 0.9 (normalized between 0 and 1); resulting
in the preference ordering Z > Y > X. Since u(Z) is the highest among the three alternatives,
the rational choice is Option Z (car).

2.3.2 Deviations from Rationality

Rationality assumptions ignore humans’ cognitive limitations, such as their limited information
processing capacity. Individuals deal with their cognitive limitations by using simplifying rules.
They often restrict their attention to a subset of alternatives and attributes and settle for an option
that is “good enough” rather than the optimal one, known as bounded rationality (Simon, 1955).

Rationality axioms imply that people have a well-defined preference order of alternatives
that are independent of the alternatives’ composition and description. The notion of constructive
preference, introduced by Payne et al. (1992), contradicts these assumptions and emphasizes the
constructive nature of decision behavior. It suggests that individuals do not have a master list of
preferences to evoke in their decision-making to choose the option with the highest preference
rank in the list. Instead, they often construct their preferences for alternatives in tasks of any
complexity, not in a consistent manner (Payne et al., 1992), which makes their evaluations
subject to deviations from rationality. The constructive nature of preferences, and the resulting
biases, including loss aversion, and context effects, have been widely demonstrated in empirical
studies (Tversky & Simonson, 1993; Huber et al., 1982; Ariely & Wallsten, 1995; Ariely &
Jones, 2008; Huber et al., 2014; Tversky & Kahneman, 1991; Bettman et al., 1998; Yoon &
Simonson, 2008).

Strategies that are applied in constructing preferences depend on individuals’ cognitive abil-
ities and psychological state (e.g., need for justifying their choices (Simonson, 1989; Mont-
gomery, 1983)), the characteristics of the decision-making task (i.e., task unfamiliarity (Bettman
et al., 1998; Yoon & Simonson, 2008), uncertainty (Kahneman & Tversky, 1979; Tversky &
Kahneman, 1992), complexity (Chernev, 2003; Nagpal & Krishnamurthy, 2008)), choice-set
architecture (composition of alternatives) (Prelec et al., 1997; Simonson, 1989), and how they
are presented (framing) (Tversky & Kahneman, 1981, 1989)). These factors motivate the use
of decision heuristics, mental shortcuts that simplify decision-making, to reduce the cognitive
effort required and could result in predictable deviations from idealized rational choices (i.e.,
cognitive biases).

2.4 Behavioral Factors in Shared Mobility Operations

The behavioral effects that are directly relevant to and actionable within service providers’
operations management decisions made by providers include social influence, context, and loss
aversion.

Social influence. In the context of shared mobility, the environment is dynamic and con-
tinuously evolving, with new modes of transport, vehicle types, and service providers. This
dynamic environment introduces considerable uncertainty for users, who must make decisions
about unfamiliar options whose quality and reliability they cannot fully anticipate. In such sit-
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uations, social influence can play a key role in reducing uncertainty and cognitive effort for
decision-making (Cialdini & Goldstein, 2004; Stathopoulos et al., 2017).

Social influence implies that individuals’ preferences may be altered by the choices of oth-
ers, factors that are irrelevant to the actual characteristics of the option being evaluated. For
instance, an individual’s preference for adopting a new service or product is often positively
correlated with the proportion of the population already using it. As a result, after a certain
point in time, people may begin to adopt a service even in the absence of any change to the
service itself. Social influence reflects a behavioral effect, shaping decisions through social
cues rather than changes in a service’s intrinsic attributes. It has been documented in various
domains, including transportation (Stathopoulos et al., 2017; Manca et al., 2019).

Loss and risk aversion. Kahneman & Tversky (1979) introduced Prospect Theory as a
model of decision-making under risk, where outcomes occur with objectively known probabili-
ties (e.g., gambling). The framework was later extended to Cumulative Prospect Theory, which
accommodates both risky and uncertain choices, the latter referring to situations in which out-
come probabilities are unknown (Tversky & Kahneman, 1992).

Example. Consider two urns, each containing red and black balls. Urn A contains exactly 50
red balls and 50 black balls. If drawing a red ball yields $100, then the probability of winning
is objectively known to be 0.5. This setting illustrates decision-making under risk, since the
relevant probabilities are explicitly specified. In contrast, suppose Urn B contains 100 balls that
are either red or black, but the exact proportion is unknown. Drawing a red ball again yields
$100, yet in this case the probability of winning cannot be determined objectively (Ellsberg,
1961). This situation exemplifies decision-making under uncertainty.

Risk aversion means preferring a sure outcome over a risky gamble with the same expected
payoff. In the urn example, consider a third option, Option C, which offers a sure payoff of
50%. Risk-averse individuals will typically prefer Option C to Urn A, even though both yield
the same expected monetary value of 508, because the certainty of payoff is valued more highly
than the gamble. In Expected Utility Theory, this is captured by assuming a concave utility
function, which reflects diminishing marginal utility of wealth (Pratt, 1978).

If the urn example is modified so that drawing a black ball results in a loss of $100 instead
of receiving nothing, most individuals deviate from the predictions of expected utility theory.
While the expected monetary values are symmetric between gaining $100 and losing $100 with
an equal number of black and red balls in Urn A, participants typically require the potential
gain to be substantially larger than the potential loss (e.g., 200$ for drawing a red ball) in order
to accept the gamble. This behavior is known as loss aversion (Kahneman & Tversky, 1979).

Loss aversion plays a central role under both risk and uncertainty. To explain this behavior,
Tversky and Kahneman proposed that individuals evaluate risky or uncertain choices through an
editing and evaluation process. This process involves simplifying or transforming the decision
problem prior to evaluation. In the editing phase, individuals do an initial evaluation and aim to
get a simpler representation of options. In the final evaluation, people’s edited evaluations are
processed to choose the best option.

In the editing phase, people code options as gains and losses in their features relative to
a reference point. This reference-dependent assessment could be affected by loss aversion,
which implies that people outweigh losses against gains in their assessments when comparing
alternatives to a reference (Kahneman et al., 1991). This loss-averse evaluation contradicts
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the independent axiom of rationality. Under risk, another behavioral effect arises that is over-
weighting low probabilities (Kahneman & Tversky, 1979).

Prospect Theory and its cumulative extension capture these behavioral patterns through two
key components: (i) an asymmetric concave value function that is steeper in the loss domain;
and (ii) a nonlinear probability weighting function, which accounts for the tendency to over-
weight small probabilities and underweight large probabilities (Kahneman & Tversky, 1979;
Tversky & Kahneman, 1992).

In the context of shared-mobility services, both risk aversion and loss aversion are highly rel-
evant. Ride outcomes such as travel time, waiting time, or detours are inherently probabilistic,
whereas private solo rides provide greater certainty. Consequently, risk-aversion influences user
choices when they choose between shared and solo rides. Moreover, loss aversion plays a role
when users compare uncertain outcomes to reference points, such as expected travel time. Neg-
ative deviations from these reference levels (e.g., longer waiting times or higher fares) weigh
more heavily than equivalent positive deviations. The loss aversion is also relevant in the pres-
ence of reference levels for some attributes, such as reference prices from previous experiences
or other available options.

Context effect. Context effect refers to how the presence or structure of other options (com-
position or architecture of the choice set) influences choice. The main context effects that are
acknowledged in different applications, as well as the transportation (Chorus & Bierlaire, 2013;
Guevara & Fukushi, 2016), include the compromise and attraction (decoy) effects. compromise
effect occurs when users gravitate toward a middle-ground option that appears more justifiable
relative to extremes, especially under loss aversion (Simonson, 1989). The attraction (or decoy)
effect arises when the introduction of an asymmetrically dominated alternative, an option that is
dominated by one alternative in the set but not by others, increases the probability of choosing
the dominating option. By simplifying trade-offs, such decoys enhance the relative appeal of
the dominating alternative (Huber et al., 1982).

Context effects can be explained by the two main principles: trade-off contrasts and ex-
tremeness aversion. The former asserts that the choice between two items depends on their
relative performance as well as the trade-offs between them and other available options. The
attraction effect is the direct result of this principle. Huber et al. (1982) utilize Parducci’s Range-
Frequency theory (Parducci, 1974) to explain how the trade-off contrasts result in the attraction
effect. Accordingly, the choice probability of a targeted option increases when the decoy option
extends the range of attributes where the target is outperformed by the option that is compared to
(i.e., range principle) or increases the frequency of its best attributes (i.e., frequency principle).
In contrast, the extremeness aversion suggests the tendency to an option that has intermediate
losses and gains compared to the other options, which is equivalent to the compromise effect
(Simonson & Tversky, 1992).

Decisions in shared mobility, such as selecting a mode, provider, route, or specific option
within a platform, are often non-repetitive. Available choices depend on variables like time of
day, day of the week, season, and the specific origin and destination of the trip. This variability
contributes to decision complexity and makes it difficult for users to form stable preferences.
Additionally, in some situations, users need to choose between multiple options (e.g., choosing
between multiple possible ride-matching options or bike-sharing to pick up). As a result, users
are more susceptible to biases such as context effects.
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2.5 Modeling Users’ Decision-Making in Shared Mobility

This section is not intended to be a comprehensive literature review. Rather, our aim is to
provide insight into how user decision-making is incorporated into providers’ operations of
shared mobility services. We focus on studies that: (i) explicitly model user decisions, (ii)
address supply-side decisions (e.g., pricing, fleet management, service area design) within
an optimization-based framework, and (iii) establish a direct link between user behavior and
supply-side decision-making.

Mobility context. In this study, we examine the broad spectrum of shared mobility services,
spanning both car-based and micromobility modes, and including electric as well as non-electric
vehicles. Within this scope, we consider vehicle-sharing systems that operate either as station-
based (docked) models, where vehicles must be picked up and returned to fixed locations, or
as free-floating (dockless) models, where vehicles can be accessed and left anywhere within a
defined service area. We also consider ride-sharing platforms, defined broadly as services en-
abling multi-passenger trips (Furuhata et al., 2013; Shaheen et al., 2016). Within this category,
ride-sourcing (also referred to as ride-hailing) involves a traveler requesting a ride via a digital
platform such as Uber or Lyft, whereas ride-pooling/ride-splitting refers to cases in which inde-
pendent riders with overlapping routes are matched to share a vehicle. Together, these services
are often situated in the literature under the broader concept of Mobility-on-Demand (MOD),
also referred to as Demand Responsive Transit (DRT). MOD serves as an umbrella term for
technology-enabled platforms and services that provide users with on-demand access to diverse
transport options, including vehicle sharing, ride-sourcing, pooling, micromobility, and other
flexible, connected modes (Shaheen & Cohen, 2020).

Classification of User Decisions. We classify the reviewed studies based on the specific
user decisions they incorporate into supply-side modeling. These decisions fall into two main
categories:

1. Service selection (adoption): This refers to a user’s decision on whether to adopt a
particular mobility service (e.g., bike-sharing, ride-hailing, or ride-sharing). Adoption
determines the aggregated service demand.

2. Alternative selection: These are decisions users make during interaction with the service,
often in response to dynamically presented options. This category includes:

« Single offer acceptance: Deciding whether to accept a specific match proposed by
the platform (e.g., an assigned driver or ride).

Unfiltered selection: Choosing freely among all feasible options (e.g., selecting
any nearby bike in a free-floating bike-sharing system), rather than from a platform-
curated subset.

* Menu-based selection (assortment): Selecting from a limited, curated set of alter-
natives offered by the platform (e.g., different ride types or pickup time windows).

Post-selection decisions: Deciding to cancel a previously accepted service or wait
longer when faced with delays or new options.

¢ Decisions under unavailability: Responding to service failure in serving users

(e.g., encountering a full or empty station), including walking to another station
or abandoning the trip.
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2.5.1 Service Adoption

Service adoption in shared mobility systems captures the user’s decision to utilize a service,
shaped by factors such as availability, pricing, and spatial coverage. These individual decisions
are typically aggregated to estimate demand, which in turn informs provider-side planning,
including fleet sizing, pricing, and rebalancing strategies.

Service attributes, such as service costs and convenience and reliability of access, play a
central role in users’ decisions to adopt a service (Zhang & Kamargianni, 2023; Ma et al., 2023).
In practice, convenience is often measured through accessibility, i.e., the proximity of service
stations to users’ origin or destination, and reliability of access is typically measured through
availability, i.e., the probability of finding a vehicle nearby. Several studies model adoption as
a direct function of these attributes.

In the context of one-way electric car sharing, He et al. (2017) focus on location accessibil-
ity as the key service attribute. They assume users follow a satisficing rule, adopting the service
if the total utility of their accessible trips exceeds a threshold. This threshold-based adop-
tion model is embedded in a robust optimization framework that determines fleet size, service
area, and repositioning strategies to maximize provider profit based on the expected number of
adopters across locations. Moreover, fleet size is chosen as the minimum number of vehicles re-
quired to satisfy a predefined availability level, measured as the proportion of requests that can
be served. They benchmark their integrated optimization model against heuristic fleet sizing
and service area designs, showing that the integrated design is more profitable and resilient.

For free-floating bike-sharing systems, Wang et al. (2023) incorporate service availability,
defined as the probability of finding a nearby bike, as a central attribute, with availability shaped
by provider rebalancing actions. Aggregated location-specific demand is modeled as a linear
function of availability and location characteristics such as population density and proximity to
points of interest. This demand model is then embedded in a profit-maximizing optimization
that determines vehicle routing and rebalancing volumes. By comparing models with and with-
out availability and accessibility effects, they show that incorporating these factors improves
operator profit, expands demand coverage, and reduces emissions.

In ride-hailing services, Chen et al. (2020) emphasize service cost and time attributes, fare,
waiting time, and in-vehicle time, by formulating a nonlinear adoption model based on disutility.
Disutility is expressed in monetary terms and depends on fare, waiting time, and in-vehicle
time. Demand is then estimated as spatio-temporal arrival rates derived from these disutilities.
This demand model feeds into a dynamic optimization of pricing and driver incentives, which
simultaneously affects driver participation through expected income, while the platform seeks
to maximize profit or social welfare subject to minimum income constraints. By comparing
their model with static pricing and incentive schemes, Chen et al. (2020) show that considering
a dynamic disutility-based adoption model in pricing decisions leads to higher profit and more
reliable service.

Service attributes not only shape adoption in isolation but also determine demand when ser-
vices compete with other modes or platforms. In competitive settings, users’ adoption decisions
are modeled by comparing the cost or utility of alternatives, each defined as a function of service
attributes such as fare, travel time, waiting time, and availability. Thus, competition requires
explicit modeling of how attributes across options are evaluated and traded off in user choice.
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In dockless bike-sharing, Zheng et al. (2024) model user mode choice as the selection among
shared bikes, walking, and motorized vehicles, where users choose the option with the lowest
generalized travel cost. This cost aggregates service attributes such as fare, travel time, and
access time. Provider decisions on fleet size, rebalancing, and pricing are then optimized under
objectives such as profit maximization, ridership maximization (with profit constraints), or so-
cial welfare maximization, with demand modeled under a market equilibrium condition. This
study compares two policies for influencing the market share of each mode: pricing strategies
and fleet expansion. The analysis shows that pricing is more effective in raising demand and
profit, whereas fleet growth yields diminishing returns.

Competition is also examined in the context of ride-sourcing services. Naumov & Keith
(2023) develop a logit-based demand model to capture user mode choice among private rides,
pooled rides, and outside options such as public transit or personal vehicles. User utility depends
on fare, travel time, and the uncertainty associated with pooled travel, which is incorporated as
an additional term in the utility function. On the supply side, providers adopt long-term pricing
strategies to influence demand distribution across modes. The results of this study indicate that
long-term pricing strategies increase pooled ride shares, sustain revenue, and reduce vehicle
miles traveled.

Competition across ride-sourcing platforms is analyzed by Karamanis et al. (2021), who
employ a logit-based model in which users choose between providers based on comparative
attributes including price, waiting time, and travel time that are shaped by providers’ operational
decisions. Each provider optimizes their vehicle allocation across trip-serving, repositioning,
and reserve functions to minimize operational costs while meeting the captured demand. They
compare redistribution policies that account for platform competition with those that ignore it,
and find that competition-aware models reduce inefficiencies in vehicle allocation.

While most studies link adoption directly to service attributes, some take a different ap-
proach by considering the role of social influence in service adoption decisions. Villa et al.
(2024) study car-sharing adoption as a socially driven process, where an individual’s likelihood
of adopting increases with the number of peers (e.g., friends and neighbors) who have already
done so. This is captured through a threshold-based function: an individual adopts the service at
a specific time if the fraction of adopting peers exceeds a given threshold. This threshold can be
reduced through pricing incentives. Instead of modifying service attributes directly, the provider
intervenes through informational campaigns or subsidies that accelerate adoption. These inter-
ventions are optimized over time using an optimal control framework, with the objective of
maximizing adoption under budget constraints. Their finding show that in contrast to uniform
or untargeted incentives, targeted interventions exploiting peer effects accelerate adoption at
lower cost.

Together, these studies provide valuable insights by formalizing how user adoption can be
modeled and embedded within provider optimization frameworks. They highlight the diverse
ways in which service attributes, behavioral mechanisms, and competitive dynamics can be
captured to inform strategic decisions on pricing, fleet management, and service design.

However, these studies generally overlook the joint impact of service attributes and social
influence on user adoption behavior. Service attributes define the quality of the service and
determine whether it is attractive and feasible for individuals, while social influence shapes the
adoption process, driving a gradual market penetration and adoption growth (Miranda et al.,
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2024; Manca et al., 2019). He et al. (2017); Wang et al. (2023); Chen et al. (2020); Zheng
et al. (2024); Naumov & Keith (2023); Karamanis et al. (2021) design services based on the
total expected demand, implicitly assuming that all demand is realized immediately. Villa et al.
(2024), in contrast, incorporates social influence but neglects the role of service attributes in
adoption decisions.

2.5.2 Alternative Selection

This section reviews studies that focus on users’ responses during their interaction with the
service, such as accepting a match, choosing between multiple offerings, or responding to in-
centives.

Single Offer Acceptance

When users request a ride or mobility service, the provider typically generates an option that is
acceptable to the user.

One group of studies considers single options that match the user’s request, but user accep-
tance is contingent on certain conditions. In ride-hailing, Li & Liu (2021) model acceptance
through a satisficing rule: the user accepts if the total cost, including fare, detour time, and
value of time, remains below a personalized aspiration threshold. This condition is embedded
directly into the provider’s dynamic ride-matching optimization, which only assigns rides that
satisfy the acceptance threshold and jointly optimizes driver-rider matching, routing, and dis-
count pricing over a rolling horizon to maximize profit. Compared with baseline ride-matching,
their aspiration-threshold model shows that incorporating user acceptance thresholds improves
profitability in real-world operations.

In shared rides, uncertainty about service attributes complicates the acceptance decision
model. Actual travel time may differ from the user’s expectation due to detours for serving
multiple users who share their rides. To capture this, Guan et al. (2019) model acceptance
decision using Cumulative Prospect Theory, where users consider some possible trip outcomes
(e.g., trip time levels) and evaluate the outcomes of choosing the shared option relative to a
reference point/level such as expected trip time. Users are assumed to be influenced by the
loss aversion in these evaluations. Accordingly, an acceptance probability is computed for the
shared option. The platform solves an inverse optimization problem to dynamically set fares
such that acceptance probabilities meet system-wide targets. They benchmark prospect-theory-
based acceptance against rational models, showing that accounting for reference dependence
and loss aversion sustains acceptance under uncertain detours.

The other approach is to offer an option that deviates from the user’s original request while
remaining acceptable. Users may, for example, tolerate a delayed pickup time or a longer walk
to the pickup location. Such flexibility can enhance operational efficiency for providers. In
car-sharing, Stréhle et al. (2019) incorporate this flexibility and model user reaction to devia-
tions in time and location. It is assumed that users accept the offered option (with deviations)
if its utility loss relative to the original request remains below a threshold. This study uses a
multinomial mixed logit framework to estimate sensitivities to price, walking distance, and tem-
poral deviation, which is calibrated to stated preference data. The provider incorporates users’
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acceptance thresholds into a mixed-integer programming framework that minimizes the fleet
size and involves rebalancing and matching constraints. Relative to models without flexibility,
incorporating acceptance flexibility enables reassignment and rebalancing that reduce fleet size
by up to 30% in their numerical experiments.

User loss aversion becomes particularly relevant when deviations from the original request
are introduced, since the initial request could serve as a reference point. Wang et al. (2022)
incorporate this behavior in the context of demand-responsive transit, where users evaluate the
single offered option with a delay relative to their original requests. User decisions are modeled
using Prospect Theory, which captures asymmetric time sensitivity: late departures are penal-
ized more heavily than early ones. A delayed departure is accepted if the reference-dependent
perceived cost remains below the user’s acceptance threshold. This model is integrated into
the provider’s routing, discount design, and scheduling optimization, formulated as a multi-
objective framework that optimizes profit and user cost. They show that including the slack
departures with discounts improves operator profit (+63%), increases vehicle load (+30%), and
reduces user travel cost (—12%) compared with a no slack case.

Even if uncertainty about service attributes is neglected or deviations from the user’s original
request are not considered, loss aversion may still be a relevant behavioral effect, as individu-
als’ previous trip experiences or their service expectations could act as a reference point and
shape their decisions, a factor not addressed in the reviewed studies. Moreover, in single-match
studies, user choice is typically framed as a binary accept-reject decision: the user accepts if
the option satisfies their aspirations or requirements, and rejects otherwise. In practice, how-
ever, rejection may not simply mean abandoning the service but instead opting for a competing
alternative.

Unlike the studies discussed above, where users are presented with a single option, the
following studies consider settings in which users choose from a set of options. These studies
fall into two categories: those where the option set is exogenously given, and those where the
service provider actively decides which subset or menu of options to present to users.

Unfiltered Selection

In this group, the set of available options is not controlled or filtered by the provider; rather,
users face all feasible options and make a choice among them. The provider must therefore
predict user choice behavior and incorporate it into operational planning. Providers may also
adjust attributes of the alternatives, most commonly through pricing, to influence user decisions
and optimize system objectives such as balancing vehicle availability, increasing mode share,
or managing energy load in electric services.

In free-floating vehicle-sharing systems, users choose among available nearby vehicles, and
their choices can be affected by real-time pricing decisions aimed at improving vehicle avail-
ability and fleet utilization. Miiller et al. (2023) study this problem by modeling users’ choices
using a Multinomial Logit (MNL) framework, where the utility of each reachable vehicle de-
pends on walking distance and rental price. These utilities are then translated into probabilistic
demand, which feeds directly into an origin-based dynamic pricing framework. The provider
employs Approximate Dynamic Programming (ADP) to adjust prices per vehicle at each de-
cision epoch, using nonparametric value function approximations trained on historical data to
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anticipate future vehicle distribution and demand. Against operator-centric pricing, their logit-
based demand model supports customer-centric pricing that increases profit by up to 8%.

Users of free-floating bike-sharing services may face multiple feasible mode—route combi-
nations (i.e., path). Zhang et al. (2019) model these decisions using a user equilibrium frame-
work, where users choose their path, including cycling, walking, or bus, that minimizes their
generalized travel cost. In this study, the provider offers location- and time-specific mone-
tary incentives to influence choices, motivating users to take bikes from oversupplied areas and
return them to undersupplied ones to improve the supply—demand balance. These incentives
are adjusted in real time based on observed imbalances, linking user route choices to vehicle
availability. Introducing location- and time-based incentives in this study induces voluntary
rebalancing and improves bike distribution.

In multimodal transportation systems, users face simultaneous choices across access and
mainline modes. Fournier et al. (2021) model this case for a single multimodal provider that sets
prices for both access modes (walk, bike, drive) and mainline modes (train, highway) to manage
the demand between modes. The objective is to design coordinated pricing policies (for access
and mainline modes) that shift the aggregate modal split toward an equilibrium minimizing total
travel time. Users make two sequential choices: first, how to access the mainline (access mode);
second, which mainline mode to use. Users minimize their generalized disutility, calculated
as the sum of travel time and monetary cost, with time converted to monetary terms using
user-specific value-of-time parameters. According to the numerical experiments in this study,
coordinated pricing reduces generalized travel time (—22%) and inequality (-30%) compared
with flat or uncoordinated fares.

In electric mobility services, users also face multiple feasible charging options, deciding
either when or where to charge, and providers must anticipate these decisions to balance de-
mand across space and time. Vuelvas et al. (2020) model temporal charging choices in response
to day-ahead time-of-use (TOU) electricity prices. Users are grouped into clusters based on
charging schedules and are assumed to minimize their charging costs over a 24-hour horizon.
The provider sets TOU prices to shift aggregate charging patterns, formulated as a bi-level op-
timization problem in which the provider maximizes expected profit under uncertainty while
users minimize individual costs. Dynamic TOU pricing, compared with flat rates, raises aggre-
gator profit (+15.6%) and shifts charging to off-peak hours. Yang et al. (2021) focus on spatial
charging choices across available locations. In this study, users evaluate all feasible charging
stations, with utilities depending on price, charger availability, congestion, and personal prefer-
ences. User choice is modeled with an MNL framework, while the provider dynamically adjusts
zone-level prices in a rolling-horizon framework to steer demand. The objective is to maximize
system utility, defined as revenue net of congestion and unmet demand penalties. They bench-
mark dynamic zone pricing against static tariffs and show it reduces waiting times, balances
demand, and increases welfare.

Menu-Based Selection

In this group of studies, service providers do not expose users to all feasible service alternatives
but instead construct a curated menu of options based on real-time constraints and anticipated
user choices.
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Providers need to generate feasible alternatives and select the best subset to present via an
online platform, which requires operational decisions on routing, pricing, matching, and as-
signment. User behavior is typically modeled using discrete choice frameworks, where utilities
depend on alternatives’ attributes such as fare, travel time, and are translated into selection
probabilities. Atasoy et al. (2015) study this problem for mobility-on-demand platforms, where
each user request is responded to by a menu of options, including solo taxi, shared taxi, and
mini-bus, based on the user’s origin, destination, and request time. The problem is formulated
as a two-step optimization: first, feasible service options are generated through real-time rout-
ing and vehicle assignment; then, an assortment optimization problem is solved to select the
subset of options that maximizes expected profit. User choice from the menu is modeled using
an MNL framework, where utility depends on fare, in-vehicle time, access and egress time,
schedule delay, and detour. Compared with static menus, optimized dynamic menus raise profit
by up to 74%.

Building on this concept for ride-sharing platforms, Azadeh et al. (2022) incorporate pickup
delays in generating feasible options subject to the condition that any offered option must meet
a minimum acceptance probability. Ride options are defined by fare, pickup time windows,
expected delay, and in-vehicle travel time. As in Atasoy et al. (2015), user choice is modeled
with an MNL framework, but the optimization model is a choice-based Dial-a-Ride Problem
(DARP) that jointly considers routing, pricing, and menu selection. Delays are compensated
by price adjustments to maintain option acceptability, improving vehicle utilization while pre-
serving user acceptance. Relative to classic DARP, their choice-based DARP with assortment
optimization for menu selection serves more customers, reduces routing costs, and increases
profit.

Other studies treat the provider’s menu and external alternatives as separate choice nests,
where users first select a nest (e.g., solo ride vs. shared ride) and then choose an option within
that nest. In this category, Guo et al. (2025) examine a high-capacity ride-sharing system
where user decisions are modeled using a Nested Logit model with three nests: shared op-
tions (e.g., buspooling, customized buses), solo rides, and opt-out alternatives such as other
modes or providers. The provider generates the menu of shared options (the shared nest), while
solo and opt-out options form the other nests. Utilities are defined over fare, travel time, and
comfort. The platform dynamically constructs shared ride alternatives and adjusts pricing, for
both new and on-board passengers, to compensate for detours or reward emissions savings.
The objective is to maximize marginal profit within a rolling-horizon optimization framework.
Compared with traditional ride-hailing, high-capacity pooling reduces operator costs (—10.4%),
lowers fares, and cuts emissions.

As mentioned earlier, in shared-mobility services, users often face uncertainty in service
attributes, such as walking distance to the vehicle, trip duration, and final price, due to dy-
namic vehicle locations, variable traffic conditions, and system-driven pricing policies. Wu
et al. (2022) model this uncertainty in modeling user behavior for a free-floating car-sharing
context by treating these attributes as random variables, represented through triangular distri-
butions. Utilities are formulated using nonlinear functions to reflect risk aversion behavior,
and embedded in an MNL model to capture probabilistic user responses. Anticipating these
responses, the provider optimizes prices across time, location, and user types within a rolling-
horizon framework, aiming to maximize revenue or welfare. Relative to rational (risk-neutral)
assumptions, modeling risk aversion avoids revenue losses of up to 43% and yields more robust
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pricing policies.

Jacob & Roet-Green (2021) add the perspective of freelance drivers in analyzing ride-
sharing platforms. The study examines how the platform jointly designs a service menu (solo,
pooled, or both) and sets prices to maximize revenue, accounting for passenger and driver re-
sponses in a static equilibrium model. Drivers are modeled as homogeneous agents who decide
whether to participate by comparing expected earnings with a reservation wage. Drivers do not
choose among requests and they serve whichever requests are assigned. Passenger behavior
is modeled through deterministic utility maximization, with each user choosing among solo,
pooled, or opting out. Utility consists of four components: (i) a mode-specific constant, (ii)
delay cost determined via a queueing model, (iii) an inconvenience cost of sharing, and (iv)
network effects. The last component creates interdependence across users and drivers: as more
passengers choose pooling or more drivers participate, delays and match probabilities change,
which in turn affects users’ utilities and driver participation. The platform’s decision problem
is to select the service menu and prices that maximize revenue, subject to the joint equilibrium
of passenger and driver decisions. Benchmarking alternative menu designs, they show that
including pooling options increases their share and revenue under the joint passenger—driver
equilibrium.

This body of work provides an essential foundation for platforms that design a menu of
service options. Selecting a menu of service options based on estimated user preferences is
already a valuable tool for platforms. Compared with presenting a single option, a menu gives
users more flexibility; compared with offering all feasible options, it allows the platform to
retain control over demand.

User choice in shared mobility is typically modeled with rationality-based discrete choice
frameworks, most commonly Multinomial or Nested Logit. Beyond this rational optimization
perspective, menu design can also act as a behavioral lever. The composition of alternatives in
the menu may influence user decisions through context effects, yet such effects have not been
systematically explored in the shared mobility literature. Unlike pricing adjustments, which
reduce already low profit margins, careful design of the service menu could exploit context
effects to steer demand. Moreover, these effects could be combined with pricing strategies or
integrated into alternative generation, offering platforms additional tools for influencing user
behavior without relying solely on fare manipulation.

Post-Selection Decision; Cancel or Wait

When users are waiting for the service after placing their order, they face the decision of whether
to continue waiting or drop out, as they may have other alternatives (e.g., public transit or a taxi
when waiting for their vehicle).

Accepting users likely to cancel leads to wasted capacity and poor system performance. For
on-demand shared mobility services, Dong et al. (2022) develop a chance-constrained filtering
mechanism that accepts only those user requests for which the expected utility of the shared
service exceeds that of a private option (as an alternative when waiting for the shared ride)
with high probability. Utility depends on fare, in-vehicle time, detours, and schedule delay, and
the platform solves a mixed-integer linear program that jointly optimizes pricing, routing, and
acceptance, with the objective of maximizing expected profit while avoiding low-satisfaction
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users. Their chance-constrained model filters low-utility requests, reducing cancellations and
improving profit and reliability.

User cancellations can be reduced through pricing strategies. Wang et al. (2019) examine
this approach in ride-sourcing, focusing on real-time cancellations where users may switch to a
street-hail taxi while waiting for the assigned vehicle. User behavior is modeled with a threshold
rule: a cancellation occurs if the perceived cost of switching, including fare difference, waiting
time, psychological and safety factors, and any cancellation penalty, is lower than the cost of
continuing with the original ride. Rather than filtering demand, the provider uses this threshold-
rule model to design pricing schemes and cancellation penalties, optimizing either platform
profit or social welfare by discouraging costly cancellations. They compare cancellation-aware
versus cancellation-ignorant policies, showing that threshold-based modeling guides pricing
and penalties that reduce cancellations and increase profit/welfare.

In ride-sharing platforms with freelance drivers, variation in driver working patterns influ-
ences user waiting time and, consequently, cancellation rates. User cancellations, in turn, affect
the likelihood of successful matches and shape drivers’ income and working patterns. Wang
et al. (2024) incorporate this interdependency between users and drivers by modeling user deci-
sions through a discrete choice framework that compares ride-sharing with public transit based
on fare, waiting time, and travel duration. Driver behavior is represented using a Gaussian Mix-
ture Model, which clusters their working patterns (e.g., part-time vs. full-time). Cancellation
probability then feeds back into drivers’ working patterns. These dynamics are integrated into a
reinforcement learning framework that jointly optimizes dispatching, repositioning, and incen-
tive strategies to reduce cancellations and improve revenue. This study shows that reinforce-
ment learning that incorporates cancellation behavior raises matching rates (2-6%), increases
revenue (3-9%), and reduces cancellations.

These studies provide valuable operational strategies for platforms by incorporating user
cancellation behavior into service design, thereby mitigating its negative impacts. Yet, behav-
ioral aspects such as risk aversion and loss aversion are also highly relevant, as they influence
how users perceive waiting uncertainty and evaluate available alternatives. While waiting for a
vehicle, an alternative option such as a passing taxi or a nearby bus is a certain, immediately
available choice. In contrast, the expected waiting time for the assigned ride remains uncertain,
making continued waiting a risky prospect. Risk-averse users may therefore prefer switching to
the certain alternative rather than facing the uncertainty of extended waiting. At the same time,
available alternatives can serve as reference points in users’ evaluations.

Decision in the Case of Service Unavailability; Leave or Switch

Service unavailability, such as encountering an empty origin station or a full destination station,
poses a critical challenge in station-based bike-sharing systems. From the platform’s perspec-
tive, failure to anticipate user responses to such disruptions can lead to ineffective rebalanc-
ing and unmet demand. Integration of user behavior under these conditions could improve
providers’ resource allocation and inventory planning decisions.

When a user arrives at an empty origin station or a full destination station, they must de-
cide whether to walk to a nearby station or abandon the trip. These decisions directly influence
the distribution of resources across the system, making it essential to anticipate user behavior.
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Datner et al. (2019) model user choices using a deterministic framework, where individuals
select the option that minimizes additional travel time relative to an ideal journey, a measure
termed journey dissatisfaction. These behavioral rules are integrated into an overnight inven-
tory planning model that employs Guided Local Search to optimize bike allocations, with the
objective of minimizing total system dissatisfaction. By comparing rebalancing with and with-
out user continuation (walking to nearby stations), Datner et al. (2019) show that accounting
for continuation reduces failed trips and improves reliability. Instead of a deterministic method,
Costa Affonso et al. (2021) represent user decisions probabilistically, modeling the likelihood
of searching for a bike or dock at a nearby station as a function of walking distance. These
probabilities, estimated from stated preference data, are incorporated into a static rebalanc-
ing optimization model that minimizes lost demand by aligning inventory decisions with user
expectations over a single planning horizon. Relative to ignoring spillover, probabilistic contin-
uation modeling improves coverage and reduces lost demand in station-based bike sharing.

2.5.3 Summary

Table 2.1 summarizes the reviewed references by mobility context, behavioral modeling ap-
proach, provider objectives, decisions, and key findings. The reviewed studies show that incor-
porating user decisions consistently improves provider outcomes, by raising profit, improving
coverage, reducing cancellations, or lowering emissions. Nevertheless, representations of user
behavior remain limited, as most studies rely on rational choice or simple threshold rules, with
only a few explicitly capturing behavioral effects such as loss aversion, risk aversion, or social
influence.



Table 2.1: Summary of reviewed references by behavioral model, effect, objective, formulation, and findings.

Reference  Mobility con-  User decision model Behavioral ~ Objective Formulation & deci- Findings
text effect sions
User Decision: Service selection (adoption)
He et al. EV-sharing Threshold  satisficing: None Maximize MISOCP; fleet sizing, Integrated design improves profitability.
(2017) (FF) adopt if access utility > profit service area, reposition-
aspiration ing
Wang et al. Bike-sharing  Linear demand function None Maximize MILP; routing, rebalanc-  Considering availability and accessibility
(2023) (FF) ( availability & accessi- profit ing increases profit, improves coverage, and
bility) lowers emissions.
Chen et al.  Ride-hailing Disutility-based arrival None Maximize DP; dynamic pricing, Incorporating disutility-based adoption in
(2020) rates (fare, wait, ride profit / wel- driver incentives pricing decisions improves profitability.
time) fare
Zheng Bike-sharing ~ Deterministic cost min- None Maximize Market equilibrium;  Pricing is more effective than fleet growth.
et al. (FF) imization (fare, travel profit / rider- pricing, fleet sizing
(2024) time, access) ship / welfare
Naumov Ride-sourcing  Logit mode choice (fare, None Maximize DP; long-term pricing Long-term pricing increases pooling adop-
& Keith time, uncertainty) revenue and tion, sustains revenue, and reduces VMT.
(2023) pooled share
Karamanis  Ride-sourcing Logit platform choice None Minimize op- Min-cost flow; vehicle Competition-aware redistribution im-
et al. (autonomous) (fare, waiting, and travel erating cost allocation proves allocation efficiency compared
(2021) time) with ignoring competition.
Villa et al. Car-sharing Peer adoption threshold ~ Social influ- Minimize Optimal control; inter- Targeted policy interventions informed by
(2024) ence intervention ventions social effect accelerate adoption at lower
cost cost compared with uniform incentives.
User Decision: Single offer acceptance
Li & Liu Ride-hailing Threshold rule: accept if None Maximize Rolling-horizon MILP; Incorporating users acceptance decision
(2021) cost < aspiration profit matching, routing, improves profitability.
pricing
Guan et al. Ride-pooling ~ Cumulative Prospect Loss aver- Maintain Inverse optimization; dy- Modeling loss aversion sustains user ac-
(2019) Theory; reference-  sion acceptance namic fare adjustment ceptance compared with rational assump-
dependent valuation of probability tions.

uncertainty
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Reference  Mobility con-  User decision model Behavioral ~ Objective Formulation & deci- Findings
text effect sions
Strohle Car-sharing Mixed logit (fare, walk, None Minimize MIP; reassignment, re- Considering users’ time/location flexibility
et al. deviation) fleet size balancing reduces fleet size.
(2019)
Wang et al. MOD Prospect Theory; late- Loss aver- Maximize Multi-objective  MILP; Including the slack departures with dis-
(2022) ness sensitivity sion profit + min- routing, scheduling, counts increases profit, load, and reduces
imize delay discounts user cost.
cost
User Decision: Selection among all alternatives (Unfiltered selection)
Miiller Vehicle- Logit (walk distance, None Maximize ADP; dynamic pricing Customer-centric pricing improves opera-
et al.  sharing (FF) fare) profit tor profit compared with operator-centric
(2023) pricing.
Zhang Bike-sharing ~ Deterministic  disutility ~None Minimize im- User equilibrium; relo- Incentives induce voluntary rebalancing
et al. (FF) minimization (fare, time, balance cation incentives compared with no incentives.
(2019) comfort)
Fournier Multimodal Deterministic  disutility None Minimize Convex  optimization; Coordinated pricing reduces travel time
et al. transit minimization (fare, travel  time coordinated pricing and inequality compared with flat pricing.
(2021) travel time) and inequality
Vuelvas EV charging Deterministic cost mini- None Maximize Bi-level MILP; aggrega- TOU pricing increases profit and shifts de-
et al. mization profit tor pricing and schedul- mand off-peak compared with flat tariffs.
(2020) ing
Yang et al. EV charging Logit (price, congestion, None Maximize Rolling-horizon opti-  Zone-based pricing reduces waiting and in-
(2021) availability) welfare mization; zone pricing creases welfare compared with static pric-
ing.
Wu et al. Car-sharing Logit with nonlinear Risk aver- Maximize Rolling-horizon dy- Modeling risk aversion prevents revenue
(2022) (FF) utility (fare, walk, travel sion profit / wel- namic pricing loss compared with rational demand as-
time) fare sumptions.

User Decision: Choosing from the provider’s selected menu (Menu-based selection)

Atasoy

et al.

(2015)
Azadeh

et al.

(2022)

MOD

Ride-sharing

Logit (fare, time, detour)

Logit (fare, pickup win-
dow, delay, ride time)

None

None

Maximize
profit

Maximize
profit

Assortment optimization
with routing

MILP;
DARP

choice-based

Dynamic menu selection increases profit.

Choice-based dial-a-ride increases served
demand and profit compared with classic
models.
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Reference  Mobility con- User decision model Behavioral  Objective Formulation & deci- Findings
text effect sions
Jacob Ride-sharing ~ Deterministic utility None Maximize Static equilibrium; pric-  Offering pooling in menus increases their
&  Roet- (fare, delay, sharing cost, revenue ing and menus usage and revenue compared with solo-
Green network effects) only menus.
(2021)
Guo et al. High-capacity Nested logit (are, time, None Maximize Rolling-horizon match- High-capacity pooling reduces cost, fares,
(2025) ride-sharing comfort) profit ing and pricing and emissions compared with solo rides.
User Decision: Post-selection; wait or cancel
Dong et al. MOD Chance-constrained None Maximize MILP; request filtering, Chance-constrained acceptance modeling
(2022) threshold: accept service profit routing, pricing reduces cancellations and increases profit.
if utility > private option
with a confidence
Wang et al.  Ride-sourcing Threshold (leave vs None Maximize Pricing and penalty de- Cancellation-aware pricing and penalties
(2019) wait); cancel if switch- profit / wel- sign reduce cancellations and improve out-
ing is cheaper fare comes.
Wang et al. Ride-hailing Logit cancel vs transit None Maximize Multi-agent RL; dis- Reinforcement learning with cancellation
(2024) profit patch, repositioning, modeling increases matching rate and rev-
incentives enue.

User Decision: choose to leave or switch under unavailability

Datner Bike-sharing
et al. (SB)

(2019)

Costa Af- Bike-sharing
fonso et al.  (SB)

(2021)

Threshold rule: walk if None

extra time < tolerance

Probabilistic rule; walk None

vs abandon by distance

Minimize dis-
satisfaction

Minimize lost
demand

GLS; overnight inven-
tory optimization

Static rebalancing opti-
mization

Considering user decision in the case of
unavailability reduces failed trips and im-
proves reliability.
Considering user decision in the case of
unavailability reduces lost demand and im-
proves coverage.

FF = free-floating; SB = station-based; EV = Electric vehicle; MILP = Mixed-Integer Linear Program; MIP = Mixed-Integer Program; MISOCP = Mixed-Integer Second-Order Cone Program; DP = Dynamic

Programming; ADP = Approximate Dynamic Programming; RL = Reinforcement Learning; GLS = Guided Local Search; TOU = Time-of-Use; VMT = Vehicle Miles Traveled.
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2.6 Research Gaps and Directions

Our review underscores that incorporating user decisions is essential, as it improves service
efficiency and performance in terms of profit, coverage, number of served users, and emissions
reduction. These outcomes directly address the persistent challenges of adoption, profitability,
and environmental impact that shared mobility services continue to face (Lagadic et al., 2019;
Boer et al., 2022). Extending models that explicitly incorporate behavioral effects in users’
decisions offers even greater potential. Yet, despite their demonstrated relevance, behavioral
effects such as loss aversion, risk aversion, and social influence have been largely overlooked
in operational modeling, leaving a critical research gap between behavioral insights and opera-
tional models in the shared mobility context.

Incorporating behavioral effects into shared mobility modeling introduces both concep-
tual and algorithmic challenges for supply-side optimization. Supply-side decision-making in
shared mobility systems is inherently complex. Generating feasible service options involves
solving combinatorial problems, such as vehicle routing, dynamic scheduling, and real-time
pricing, that are typically NP'-hard and must be solved under time constraints. To manage these
complexities, many existing models rely on rational choice frameworks, particularly the MNL
model, which offer analytical convenience due to their assumptions of context-independent,
transitive preferences. However, these assumptions often fail to capture empirically observed
behaviors such as context effects, social influence, loss and risk aversion, leading to suboptimal
operational decisions.

In focusing on behavioral effects that are directly relevant and actionable for providers’
operations, we identify two key gaps. These gaps, and their implications, are discussed below.

1. From potential to realized demand. Shared mobility service design, including deci-
sions about station locations, fleet size, and pricing, is typically guided by potential de-
mand estimates, assuming that users will adopt the service immediately upon its launch.
In practice, however, adoption occurs gradually, as users become aware of the service,
evaluate its value, and observe adoption by others. This progression is influenced by both
individual preferences and social influence (Rogers et al., 2014; Bass, 1969; Stathopoulos
et al., 2017).

Service design plays a crucial role in shaping this adoption path: ineffective design or
early service failures can discourage early adopters, slow down diffusion, and ultimately
reduce realized demand. In contrast, well-designed services that align with user expecta-
tions can accelerate uptake and amplify positive social influence. Incorporating adoption
behavior and gradual market penetration into planning models allows for more effective
resource allocation and improved long-term profitability. This perspective shifts trans-
portation planning from a static view of demand to one that explicitly optimizes for dy-
namic, time-dependent growth.

2. Modeling context effects in menu design. In digital mobility platforms, users are often
presented with a menu of service alternatives, such as solo or shared rides, flexible pickup
times, or different price levels. Behavioral research shows that the structure and compo-
sition of this choice set can systematically influence preferences, making certain options
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more attractive not only because of their intrinsic attributes but also because of their rel-
ative position within the set. Accordingly, strategic inclusion or exclusion of alternatives
can therefore steer users toward a particular option.

Although such context effects (e.g., decoy/attraction and compromise effects) have been
empirically demonstrated in mobility settings (Chorus & Bierlaire, 2013; Guevara &
Fukushi, 2016; Ding et al., 2025), they remain largely absent from operational models.

A promising modelling framework for capturing these effects is assortment optimization,
which enables embedding user choice models that are sensitive to the offered set (e.g.,
incorporating decoy, compromise, or dominance effects). Assortment optimization al-
lows planners to design the composition of menus aligned with supply-side goals such
as profit maximization, load balancing, or sustainability. In the digital era of mobility
platforms, assortment optimization offers a mechanism for using behavioral effects to
motivate users toward shared, off-peak, or low-emission options without needing to alter
service attributes.

2.7 Conclusion

This study highlights that user decision-making plays a central role in determining the opera-
tional outcomes of shared mobility systems, including profitability, adoption, and sustainability.
To capture this interdependence between user behavior and provider operations, we proposed a
conceptual framework that links the two and provides a structured lens for analyzing existing
research from both behavioral and operational perspectives. Drawing on behavioral studies, we
identified the factors most relevant to provider operations and examined which user decisions
are considered and how they are modeled in the literature. The analysis revealed critical gaps,
most notably the reliance on rational choice and the limited integration of behavioral effects
such as loss aversion, context effects, and social influence. These findings provide a foundation
for advancing behaviorally richer operational models. They also offer actionable guidance on
how behavioral factors can be used to improve service performance, reduce inefficiencies, and
align user choices with policy goals such as sustainability.
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Chapter 3

Service Design for Shared Micromobility:
Long-Term Planning under Gradual User
Adoption

Abstract: Service design for shared micromobility services, such as e-mopeds, involves deci-
sions on service location, fleet size, pricing, and resource allocation, which are typically based
on potential demand estimates. In practice, however, potential users adopt the service grad-
ually, leading to market penetration over time. Ignoring this gradual penetration can lead to
suboptimal decisions and service failures. We propose a phased optimization model to max-
imize profitability over a planning horizon divided into discrete periods. The model jointly
determines service locations, fleet size, and spatio-temporal resource allocation while ensur-
ing a targeted service level. To model gradual adoption, we apply an extended Bass diffusion
framework in which adoption depends on service quality, defined by accessibility and availabil-
ity, and social influence, reflecting the impact of current users on others’ adoption. The phased
deployment strategy aligns service expansion and investment decisions with adoption growth
(market penetration) over multiple periods. Applied to a bike-sharing case, the proposed ap-
proach improves resource allocation and increases profitability by up to 54% compared to an
upfront rollout that is based on potential rather than realized demand. The results shed light on
the value of synchronizing service design decisions with user adoption dynamics.

Keywords: Service design, Shared micromobility, Phased planning, Bass diffusion, Social
influence

Research from this chapter contributed to a paper submitted to the Research in Transportation Business & Man-
agement.
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3.1 Introduction

Sustained user adoption and profitability are persistent challenges for many shared mobility
services, including micromobility (Lagadic et al., 2019; Boer et al., 2022; Zhao et al., 2021).
These challenges are closely tied to how services are designed and operated, as service design
and user adoption are interconnected and jointly shape demand uptake. Shared micromobility
service design is shaped by operations planning decisions such as service location, fleet size,
pricing, and resource allocation (Laporte et al., 2018). These decisions are typically based on
potential demand, which defines the maximum expected number of service users. Relying on
potential demand estimation results in sub-optimal service design decisions, as it overlooks the
gradual market penetration of the service. Market penetration, defined as the proportion of po-
tential users who adopt the service over time, follows an S-shaped trend: slow uptake in the
early stages of service introduction, rapid growth in the intermediate phase, and eventual satu-
ration when the market is stabilized and reaches saturation. This curve reflects the cumulative
outcome of adoption behavior (Rogers et al., 2014; Bass, 1969; Stathopoulos et al., 2017).

Adoption behavior (how potential users become actual users of an innovation, i.e., a new ser-
vice or product) is influenced by service quality, such as convenient and reliable access (Zhang
& Kamargianni, 2023; Ma et al., 2023), and social influence. Social influence is the effect of
others’ choices on an individual’s decision. In the context of service adoption, as more people
adopt (use) a service, the probability that an individual will also decide to adopt increases (Mi-
randa et al., 2024; Manca et al., 2019). Adoption occurs only when service quality meets user
expectations. Some users adopt based on service quality alone, regardless of others’ choices.
Others adopt when both service quality is adequate and they observe adoption by peers, where
social influence plays a role. In this case, each additional adopter increases the likelihood that
others will adopt, thereby accelerating overall adoption growth. Ignoring adoption dynamics
has repeatedly led to service failures. For example, Beijing’s early bike-share and Melbourne’s
public scheme both expanded capacity before adoption was sufficient, resulting in underutiliza-
tion and financial losses (Liu et al., 2012; Fishman et al., 2012). Similarly, China’s dockless
bike-share sector scaled fleets rapidly ahead of adoption growth, creating severe oversupply
and leading to failures (Zhao et al., 2021). These cases demonstrate that premature expansion,
without aligning deployment to adoption growth, can undermine both operational efficiency and
financial viability. Recent research confirms that calibrating fleet size, distribution, and pricing
to actual adoption rates improves utilization and financial performance (Fuady et al., 2024).

The contribution of this research lies in integrating user adoption behavior into service
design by proposing a long-term planning framework for free-floating micromobility. Con-
ceptually, this shifts transportation planning from designing for static, stabilized demand to
adoption-aware planning that explicitly considers demand uptake dynamics. To address this
adoption-driven service design problem, this study formulates a mathematical model that ex-
plicitly represents adoption behavior in service design decisions and evaluates its implications
using scenario-based analysis. We develop a phased optimization model to maximize profitabil-
ity over a planning horizon divided into discrete periods, incorporating S-shaped market pene-
tration through an adjusted Bass diffusion model. The framework supports phased deployment
strategies and explicitly accounts for interdependencies between decisions across different peri-
ods. The model determines service locations, fleet size, and spatio-temporal resource allocation
needed to maintain target service quality, measured by accessibility and availability, within each
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period.

The proposed model is applied to a bike-sharing case. Simulation results show that align-
ing service deployment with the adoption curve improves resource allocation, avoids over- and
under-supply, and determines the timing of service location and fleet expansion across periods
to match projected demand growth. The phased deployment framework supports continuous
monitoring of adoption and allows adjustments to service design when deviations from projec-
tions occur. Scenario-based analyses are employed both to examine how variations in adoption
behavior and demand patterns affect outcomes and to explore cases where initial adoption esti-
mates are not correct. In the latter, an external belief-updating mechanism (Bayesian updating)
is used to revise demand estimates and adjust service design decisions accordingly. Perfor-
mance is benchmarked against designs based on stabilized demand and against a classical Bass
model without service quality integration. The results demonstrate that accounting for demand
growth across planning periods improves service profitability.

The remainder of this paper is structured as follows: Section 3.2 reviews the related litera-
ture, identifies research gaps, and outlines our contributions. Section 3.3 describes the problem
setting and presents the dynamic programming formulation. Section 3.4 introduces the mixed-
integer linear reformulation of the model. Section 3.5 details the data and scenario development
for the bike-sharing case, followed by results and discussion in Section 3.6 and Section 3.7.
Finally, Section 4.8 concludes the paper.

3.2 Relevant Literature

This study contributes to behavioral operations management in shared mobility by integrating
a behavioral aspect (user adoption behavior) into operations management (long-term service
design) models for free-floating services. To position this contribution within the literature, the
review is structured to first provide an overview of shared free-floating micromobility service
design examined in the literature in Section 3.2.1. Then, in Section 3.2.2, we elaborate on the
adoption behavior and gradual market penetration of shared micromobility services, an aspect
largely overlooked in prior research. Finally, we highlight the specific contributions of the
current study.

3.2.1 Free-Floating Micromobility Service Design

The literature on shared micromobility service optimization is broad. Various papers such as
Laporte et al. (2018); Zheng et al. (2024); Ricci (2015); Atag et al. (2021) summarize the liter-
ature. This section is only intended to provide an overview of the service design problems that
have been addressed for free-floating shared micromobility services.

Service design for free-floating micromobility involves three primary decisions: (1) de-
termining the service area, (2) fleet sizing and resource allocation, and (3) repositioning and
resource management (Laporte et al., 2018; Vogel & Vogel, 2016).

Service area determines the locations where users can take or return shared vehicles, known
as resources hereafter. In free-floating services, pick-up and drop-off points are not restricted
to fixed stations, as in docked systems. Instead, users can pick up and return resources (e.g.,
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bikes or scooters) at any location within the defined service area. The service area design can
be treated as a facility location problem that is used for station-based services by discretizing
the target urban area, known as the operating area, into small zones, and selecting between the
zones as service locations.

Most existing studies on free-floating micromobility systems treat the service region as
given. Celebi et al. (2018) and Giordano & Chow (2024) determine the services by choos-
ing between candidate service zones for bike and scooter-sharing services, respectively. Celebi
et al. (2018) minimize the total unsatisfied demand and Giordano & Chow (2024) maximize the
provider profit.

Fleet sizing is a tactical decision that determines the total resources (i.e., micromobility ve-
hicles, such as bikes or scooters) required to develop the service. It depends on the time- and
location-specific allocation of resources across service zones, known as the resource allocation
problem. Caggiani et al. (2017) propose a strategic-level model to determine fleet size for a
bike-sharing service that minimizes the bicycle equity index, and Jiang et al. (2020) study the
fleet size problem with the objective of maximizing a provider’s profit while incorporating a
competing service provider. Both of these studies assume that the potential demand is given
independently of the service design. On the contrary, Zheng et al. (2024) model the interde-
pendence between demand and service design by jointly optimizing fleet size and pricing under
a mode-choice framework with a profit-maximizing objective. In their model, users choose
between transport modes based on trip time and cost, both of which depend on fleet size and
repositioning operations.

In order to guarantee high levels of service quality and increased resource utilization rates, it
is necessary to monitor and replenish the inventory level at each service location by periodically
repositioning bicycles from one station to another.

Service providers implement either operator-based or user-based rebalancing strategies. In
operator-based rebalancing, the service actively relocates resources using dedicated staff and
rebalancing vehicles such as trucks and vans (Kim et al., 2023; Pal & Zhang, 2017; Reiss &
Bogenberger, 2015; Caggiani et al., 2018; Wang et al., 2023). In user-based approaches, users
are encouraged through incentives, such as discounts or credits, to end trips in under-supplied
areas or begin in over-supplied ones (Jin et al., 2022; Mahmoodian et al., 2022; Zhang et al.,
2019; Cheng et al., 2021). Since rebalancing directly influences resource availability across
space and time, it must be coordinated with fleet sizing and resource allocation to maintain
service quality, specifically availability, and efficiency.

Hybrid approaches that combine user-based and operator-based strategies have also emerged.
Jin et al. (2023) develop a two-stage stochastic optimization model for rebalancing in free-
floating micromobility systems, integrating outsourced third-party logistics (3PL) with user in-
centives.

Research Gap

In all the above studies, demand is treated as fixed, either independent of or dependent on service
design, without considering gradual market penetration. As a result, demand is often modeled
as if it has already reached its potential level. To the best of our knowledge, no prior work
integrates service design with gradual user adoption in the context of micromobility services,
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while explicitly capturing the interdependence between service design and demand. To address
this gap, we develop a phased optimization framework for free-floating micromobility services
that explicitly links adoption behavior to service design through an adjusted Bass diffusion
model. The following section describes the adoption behavior and the Bass diffusion model,
followed by a detailed discussion of our contributions.

3.2.2 Adoption Behavior

An individual’s decision to adopt a service is affected by the choices of others, i.e., social influ-
ence. A common explanation for this effect is that individuals face uncertainty when evaluating
new or unfamiliar options, such as whether to adopt a new micromobility service (Manca et al.,
2019). In such situations, they may follow others either to gain social approval and acceptance
(normative conformity) or to obtain more accurate judgments and make informed decisions
(informational conformity) (Deutsch & Gerard, 1955; Hsu & Lu, 2004; Cialdini & Goldstein,
2004).

The Bass diffusion model (Bass, 1969) is one of the most widely used frameworks for math-
ematically modeling adoption behavior. It distinguishes between two adopter types: innovators,
who adopt independently of others, and imitators, who are influenced by other adopters. The
model captures the cumulative impact of social influence through its imitation parameter and
has been successfully applied in mobility contexts such as electric vehicles, carsharing, and
micromobility (Jensen et al., 2017; Zhang et al., 2020; Ghasri & Vij, 2021; Massiani & Gohs,
2015; Dan et al., 2018; Brdulak et al., 2021).

The original Bass model does not account for the effects of service quality on adoption. To
address this limitation, several extensions have been proposed. For example, Zhang et al. (2020)
introduce an adjusted Bass model for car-sharing services that incorporates service-related ef-
fects. Their model distinguishes between hesitant and fast adopters and predicts station-level
demand over time. Hesitant and fast adopters differ in their timing of adoption after being
informed about a new service station. Their model captures network synergies, where the pres-
ence of one station increases the potential demand at others by enhancing connectivity and
travel options. Similarly, Luo et al. (2024) extended the Bass model to study electric vehicle
(EV) adoption in which the availability of charging stations influences user adoption.

Hybrid approaches have also been explored. Jensen et al. (2017) and El Zarwi et al. (2017)
combine discrete choice models (DCMs) with the Bass framework to integrate socially driven
adoption dynamics with utility-based user decisions. Along similar lines, Rotaris & Scorrano
(2023) embed the Bass model within an agent-based simulation to capture both social influence
and individual behavioral heterogeneity in car-sharing adoption.

The Bass model is a parsimonious model with a clear behavioral interpretation of its pa-
rameters, the distinction between innovators and imitators. This paper extends it to incorporate
both service quality and continued usage behavior. In micromobility services, continued usage
is critical to success, whereas the original Bass model primarily represents first-time adoption
or purchase.



46 3 Long-Term Planning under Gradual User Adoption

3.2.3 Contributions

The main contributions of this study lie in developing a phased optimization framework that
integrates gradual demand realization (service adoption) into service design of shared micro-
mobility systems, and are three-fold:

1. Explicitly modeling the joint impacts of service quality and social influence on the adoption
of micromobility services during the early deployment stages.

II. Developing a phased service-adoption operations planning framework for micromobility
services. This framework considers the full adoption trajectory rather than skipping this
phase and planning only for the ultimate mature market share. By accounting for gradual
adoption, service deployment, including service area and fleet size expansion, is aligned
with actual realized demand at each stage, avoiding the risks of over- or under-supply and
service failure.

III. Proposing an adjusted Bass diffusion model adapted for service design, in which service
quality (i.e., service availability and accessibility) changes over time and directly influ-
ences adoption decisions. Potential users adopt the service if the quality meets their
expectations, and adoption is further shaped by the influence of existing adopters. The
adjusted Bass model provides a mathematical representation of adoption that captures ini-
tial engagement, continued usage, and the possibility of re-joining by previous users when
service quality improves. This model reflects the distinctive nature of mobility services,
where adoption requires not just first-time use but sustained participation.

3.3 Problem Description and Formulation

We study the strategic deployment of free-floating micromobility services in urban areas in light
of social influence on potential users’ decisions about adopting the service. Strategic service
design decisions include service region selection and fleet! size, which together determine ser-
vice quality. Service quality is characterized by two key dimensions (Zhang & Kamargianni,
2023; Bachand-Marleau et al., 2012; Pan, 2022; Ma et al., 2023; Albinski et al., 2018): service
accessibility (i.e., coverage of users’ desired origins and destinations) and availability (i.e., like-
lihood of finding resources when needed). The provider decides about service design so that
their profit is maximized over a considered planning horizon.

The service under consideration is new to the target population, either as an innovative form
of micromobility or as a recent market entrant. In either case, adoption does not occur imme-
diately; individuals need time to assess service quality, through personal use or by observing
others, before committing to continued use. We assume that all potential users are already aware
of the service; therefore, we do not model awareness diffusion.

User adoption is shaped by service quality and reinforced by social influence, which itself
grows with the number of adopters. As service design determines quality, it actively guides the
pace and scale of adoption, making demand a gradual, design-driven process.

'By fleet, we refer to micromobility resources such as bikes or mopeds
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The service provider faces a strategic decision: invest in high-quality service upfront based
on the estimated ultimate number of adopters or expand the service gradually aligned with
demand growth. An upfront commitment to high-quality service imposes unnecessary invest-
ments and underutilization of resources. Alternatively, a gradual expansion allows the provider
to align the investment and service capacity expansions with demand growth while observing
the actual user adoption. The observation can be utilized to update the demand estimations to
reduce demand over- or under-estimations that result in investment inefficiency and poor service
quality, respectively.

To address these challenges, we develop a phased service-adoption planning framework to
maximize profit for micromobility providers over a fixed horizon. This horizon is divided into
H periods indexed by h € H, where H denotes the set of all periods, and it contains two main
phases: (1) implementation phase, and (2) post-implementation phase. The provider deploys
the service during [, implementation periods and stops expanding the fleet or service locations
after that. But the system continues to work, for H, periods after the implementation stage. The
set of implementation and post-implementation periods are denoted by H, and H,, respectively.
Accordingly, H = #; U H,. At each period, the provider could also decide to withdraw the
service.

Time and location discretizations. To approximate the operational costs and trip revenue,
we consider a nominal day as the operational planning horizon and divide it into multiple in-
tervals of the same length of a unit time (e.g, one hour). The unit time is the time basis of
operational planning and is denoted by T""*. The shorter we consider the unit time, the more
accurate our estimations will be. Each period h contains .4;""' unit times, considering the
number of days in each period and the number of intervals that we divide a day into. We also
discretize the targeted urban area into /V identical hexagonal grids, indexed by 4, j € Z, where
7 is the set of all grids.

Profit of period h, noted by &7, contains revenue and costs. Revenue of period h is de-
noted by %}, and it contains revenue from the served trips, subscription fees, and salvage of
extra resources. Costs for the micromobility service are categorized into two main components:
investment and operational costs. Investment costs (i.e., 4]) encompass expenses related to
the purchase and maintenance of resources as well as periodic rental costs of covered grids in
period h. Operational costs (i.e., ¢°) represent expenses associated with rebalancing vehicles
across zones to meet spatial demand. These costs are influenced by the selected grids, fleet size,
resource distribution, and service availability decisions.

The problem can be conceptually viewed as a dynamic program as follows, where decisions
are made sequentially and each decision influences future system states.

V(Wh) = mnax yh + (1 + T)il[V(Wh+l|Wh7 wh)}
wh€Q(Ws)

st Py = Bn(Dn,wn, Wh) — €5 (Dy, wn, Wh) — €,(Dp, wn, Wh) (DP)
) = {wn 13D - (325}
In (DP), D;, denotes the estimated demand in period h, comprising adopters from the previous

periods and newly engaged users in h. Wj, is the system state in period h, including the number
of adopters and fleet size at the beginning of the period. The provider’s decisions (covering
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service region, fleet size, resource distribution, service availability, and rebalancing operations)
are collectively denoted by wy,, with feasible set 2(W,). T is the discount rate, which accounts
for the current value of money. Finally, V' (W),) is the maximum expected total profit from
period h onward, given state W,.

In the subsequent sections, we formulate the problem. We first elaborate on the demand
modeling approach and the connection of demand with service design and social influence.
Then, we compute the investment and operational costs, revenue, and profit.

3.3.1 Demand Model

Demand is a function of the population of potential users, service quality, users’ expectations
and trip patterns, and social influence. Potential users adopt the service based on the service
quality, their expectations (i.e., aspiration levels), and social influence.

Adoption definitions. We define adoption as the continued use of the service, rather than
a one-time engagement, which is essential for service profitability. This aligns with perspec-
tives in the sharing economy literature, where sustained participation is considered as part of
adoption behavior (Wang et al., 2021). Accordingly, adoption comprises two key decisions:
the engagement decision, where a potential user first tries the service, and the confirmation
decision, where a user chooses to continue using the service.

We define potential users as individuals who are aware of the service and are willing to adopt
it if their expectations for service quality are met. When a potential user tries the service for the
first time, which is driven by satisfaction with service accessibility, they become a new user. If
the new user is satisfied with service availability and continues to use the service, they become
an adopter. We refer to both new users and adopters as active users. Those who discontinue
usage due to availability dissatisfaction are considered lost adopters.

User segments. Potential users are grouped into G segments, indexed by g € G, where
G represents the set of all segments. Users in each segment have the same usage frequency
(periodic number of total trips), trip pattern, and service quality expectations. The maximum
number of potential users in each segment, denoted by M, is considered an exogenous input.

Spatio-temporal demand (trip pattern). We assume a time-dependent and segment-
specific origin-destination (OD) matrix that represents the potential number of trips between
grids during each daily interval by each user segment. This potential demand describes the
expected number of trips when all locations are covered and all potential users are captured as
adopters. We model the number of requests between each pair of grids 7 and j as a Poisson pro-
cess, which is a common model used for representing demand rates in micromobility services
where users’ arrivals are occurring independently over time (Chiariotti et al., 2020; Paul et al.,
2023). The parameter of these Poisson processes for each segment and OD pair (i.e., D; ;) is
obtained from the average of the OD matrix over the time intervals to capture trip patterns for
each segment.

In the following sections, we first define the service quality and its connection to users’
adoption decisions. Then, develop the adoption model that simultaneously incorporates service
quality and social influence. A summary of key definitions and notation used in this paper is
provided in Table 3.1.
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Table 3.1: Main definitions and mathematical notations

Adoption definitions

Potential user
New user
Adopter
Active user
Lost adopter

An individual aware of the service and willing to adopt it if quality expectations are met

A potential user who tries the service for the first time because of satisfactory accessibility (engagement)
A user who confirms the service availability and continues using it (confirmation)

A user currently using the service (includes both new users and adopters)

A user who discontinues usage due to availability dissatisfaction

Sets and indices

m);gigﬁ;ﬂ@t\l

Index set of grids, 4,5 € Z = {1,...,N}
Index set of user segments, g € G = {1,...,G}
Index set of planning periods, h, h’',h'" € H = {1,...,H1 + H2}; H = H1 UH2

Index set of implementation periods, h € H1 = {1,...,H1}

Index set of post-implementation periods, h € H1 = {H1 + 1,...,H1 + Ha}
Index set of service availability levels, a € A = {0,..., A}

Index set of service accessibility satisfaction levels, b € B = {0,..., B}

Main parameters

(Ié_'{vg

lock
h,gngL Pg)

Innovation and imitation coefficients for user segment g

Random variable representing the accessibility aspiration of users in segment g

Random variable representing the availability aspiration of users in segment g

Total population of user segment g

Candidate accessibility satisfaction level b for user segment g

Candidate availability level a

Length of the unit time used as the basis for operational planning (e.g., one-hour intervals).
Number of unit times within period h

Total number of trips from grid i to j by user segment g within one time unit

Periodic subscription fee, per-trip unlock fee, and per-minute riding cost for user segment g

Decision variables

Tin
Xi,j,h
Zh
o
3

Th
Yi,h
bah
Ob,9.n
agn
Bg,n,h

Binary variable; 1 if grid 7 is selected at period h, O otherwise

Binary variable; 1 if both grids ¢ and j are selected at period h, 0 otherwise

Total fleet size in period h

Number of purchased resources in period h

Number of salvaged resources in period h

Total number of repositioned resources by trucks in each unit time (i.e., 7%t of period h
Inventory level of resources in gird 4 in each unit time of period h

Binary variable; 1 if availability level a is selected at period h, 0 otherwise.

Binary variable; 1 if accessibility satisfaction level b is selected at period h for user segment g, 0 otherwise.
Total proportion of active users of segment g in period h

Total proportion of lost adopters of segment g in period h’ that rejoin in period A

Service Quality

Service quality is formulated by service accessibility and availability as follows.

Service accessibility. A trip is accessible if both its origin and destination lie within service
locations. The provided service accessibility for user segment g during period A is formulated
as the total utility of accessible trips. We define the binary decision variable x;  that is one
if grid 7 is selected as a service location in period h, collectively represented by x;,. We also
define the binary decision variable x; ; 5 that is one if both ¢ and j are service locations in period

h. Therefore,

Xijh < Tip Vi,j eI, heH 3.
Xij,h < Tjp Vi,j€eZ,heH (3.2)
Xij.h = Tih +Tjp — 1 Vi, j €Z,h € H. (3.3)

We assume that the network expands over the implementation phase, meaning no covered
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location is omitted after inclusion. This can be formulated as below:

Tih > Tih—1 VieZ,2<h<H (3.4)
Tih = Tih—1 VieZ,heHs. 3.5

Let u; ;4 € [0, 1] represent the normalized utility of a trip from i to j for user segment g, which
is a function of trips’ frequency and value. Thus, the provided service accessibility for user
segment g during period h is Z(i,j) Ui g Xi,j,h-

Service availability. We define service availability as the proportion of trip requests for
which at least one resource is available, representing the share of demand that can be success-
fully served. Service availability is selected from a finite set of A levels AZ' for each period. For
a = 0, Ay = 0 that corresponds to withdrawing the service. We define the binary variable ¢, ;,
that is one if we provide the availability rate of A2 in period h. At each period, we select one
of the candidate availability levels that applies for all segments using the following constraints:

A
D ban=1 Vh € H. (3.6)
a=0

Service quality and users’ expectations. We assume that potential users follow a sat-
isficing rule in their adoption decisions, both engagement and confirmation. They adopt the
service if its quality exceeds their expectations. This threshold-based adoption modeling aligns
with Expectancy-Confirmation Theory (Oliver, 1980), which posits that individuals evaluate
services by comparing perceived quality to their expectations, adopting when expectations are
met (Pandita et al., 2025).

Potential users in segment g engage with the service if service accessibility (i.e., Z(i h Ui 5 gXijh)

exceeds their aspiration threshold (i.e., d;“). We model ,saf;ac as a random variable that accounts
for aspiration variation across the population. For segment g, the probability of accessibility

satisfaction (i.e., engagement) during period h, i.e., 7 ;, is:

7, = Prob (Z Wi jgXigh > J;C) vheH,geg. (3.7)
(i)

Users confirm the service quality and continue to use the service based on their experienced
service availability and their aspiration levels, noted by 7. We incorporate the variability of

availability aspiration levels across the population. Therefore, ,QZ:;“’ is a random variable. The
probability of availability satisfaction (i.e., confirmation) for segment g in period h, i.e.,7g,, is:

&), = Prob <Z banAY > %> VheH,geG. (3.8)
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Adoption Model

Original Bass model. Let F'(h) denote the proportion of total adopters by time h. The in-
stantaneous adoption probability at time £ is given by the derivative of the cumulative adoption

function F'(h) with respect to time, i.e., dl;;h) as the following equation (Bass, 1969):

£y =T = (p-+ g () (1 F(R) (an

Here, p and g represent the innovation and imitation coefficients, respectively. These coeffi-
cients correspond to innovators and imitators. p reflects the likelihood that potential users adopt
the service independently of others, driven by intrinsic preferences and external factors such as
marketing efforts. By contrast, the imitation coefficient, q, represents the extent to which the
potential users are influenced by others adoption.

Equation (A1) leads to the following distribution:

o 1 — e~ (Pta)h A
( L) = 1+ (g) ef(p+q)hr ( )
P

For a discrete model, as in our phased planning framework, we can define the cumulative
number of adopters by the beginning of period h as N,_; and n;, as the number of new users
joining during (by the end of) period h. Moreover, M represents the total potential users.
Accordingly, F'(h) = N,/M and f(h) = (N, — Nj_1)/M. The number of new users at time h
for a discrete setting is given by (Mahajan et al., 1990):

. New imitators
New innovators

ANy, ————— 1
np = —=L = p(M — Ny—1) + g~ Npo1 (M — Njp_y)
dp, M
1 1
=pM — pNj,_ — Nj_1M — g—N? A
p ph,1+qM h—1 QM h—1 (A3)

In (A3), the term pM denotes the number of innovators that could have joined by time h,
and the term pN;,_; denotes innovators who have already joined. The term qﬁNh,lM denotes
the population of the imitators that could have joined by A which are determined based on the
population of the current adopters (i.e., N;_1). The final term denotes the imitators that have
joined already.

As the Bass model was originally developed for products with fixed quality and does not
account for disconfirmation, we propose an adjusted model that incorporates the impact of
changing service quality, as well as disconfirmation resulting from service quality dissatisfac-
tion. To this end, we first introduce our assumptions about the adoption behavior of innovators
and imitators, then propose the adjusted Bass model.

Innovators and imitators adoption. We assume that innovators immediately engage with
the service if their expectation about service accessibility is met. However, imitators engage
gradually over the planning horizon, influenced by service accessibility and the number of



52 3 Long-Term Planning under Gradual User Adoption

adopters. After their engagement, both innovators and imitators need one period to evaluate
service availability and confirm their adoption decision. Additionally, we assume that both
groups reassess service quality dynamically throughout the planning horizon. They may decide
to use the service if not yet engaged, rejoin if previously rejected, or reject if currently adopted.

Adjusted Bass model. For the sake of brevity, we leave out the segment index g for con-
structing our adoption model. Based on our definitions, the maximum portion of the potential
users that could adopt the service is a function of 7 which implies the expected proportion of
the potential users whose accessibility aspirations is satisfied at h. Therefore, we multiply p M
and q; N, M by 7 in our proposed model.

Based on our adoption definition, users’ engagement follows with a confirmation based on
the service availability, which determines the proportion of adopters. We multiply the imitation
terms (those including ¢) in (A3) by 7j_,, ensuring that only the proportion of users who have
experienced the service and confirmed its quality (i.e., adopters) contribute to further adoption
in period t. As mentioned earlier, 7j represents the proportion of users whose availability
aspiration is satisfied during period h.

The updated number of new users at period £ is then given by:

1 1 .
: y 2
ny, = pMmy — pNp_1 + qﬂwzleh_lw,“Z]V[ - qﬂﬂﬁlehfl
New imitators
New innovators

—TN——— 1
=M | p(mh = No—1/M) + (a5 Nn-17h 1 )(; — N1 /M)
1 :
=M <(p g Nneami ) — Nh,l/M)> . (A%)

In Equation (A4), the term N,_; 7} _, represents the number of adopters at the start of period h.
The cumulative number of active users at period h is then computed by adding this quantity to
the number of new users entering during the same period:

Ny =7 _Np_1+np

1
=M (ﬂﬁleh,l/]\/f +(p+ qﬂNhflﬂi—l)(ﬂ—g — Nh,,l/]ﬂ)> . (AS)
Defining v, = N;,/M as the cumulative proportion of active users during period /, we obtain:

an = mh_qan—1 + (P + qan_1m, 1) (T — an_1). (A6)

The proportion of new adopters, known as adoption growth, can also be obtained by the formula
A(Jéh, = p — Qp_1.

Re-joining. In each period 4/, a fraction of active users («y,) become lost adopters due
to dissatisfaction with availability, quantified as 1 — 7. If availability improves in a future
period h, these lost adopters may rejoin the service with probability J, starting from period
h + 1 onward to account for a one-period lag for users to become aware of the improvement.
Therefore, rejoining in period i > 3 is only possible for lost adopters from periods A’ < h — 2,
and only if 7, > =f,.
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Let (m; — 7))t = max(0, 7, — w};,) denote the improvement in availability in period h

relative to period /'. We define 7,75, = oy (7§ — w5,)" as the total proportion of lost adopters

from period /' that are eligible to rejoin in period A due to this improvement.

We define (3 5 as the fraction of lost adopters from period I < h — 2 who rejoin in period
h. This is modeled as a fixed fraction J of the eligible pool 7r,1 5, € 10,1], excluding those who

have already rejoined in earlier improvements (i.e., Z ,L,,:h, +1 B ). Hence:

on = ap-17;_ + (P+q(ﬂ2_1ah71))(ﬂﬁ — 1)+ Y B (AT)

Brp =J (Wh b — Z Bhrt he > . (A8)

h'"=h'+1

The segment-based adoption dynamics are formulated as follows:

c
Qghp = ag‘h,—lﬂ-g,h,fl+
h—2

(pg + qg(ﬂ';hfloég,hfl)) (Wg,h —agp1)+ Z Bg.hh VYheH,geG (3.9)
h'=1
nghh,<ug,,h, Vh>3h <h—-2g9g€g (3.10)
TrJ o S g (g =g )+ (L= 81, ) Vh>3 W <h—-29g€G (3.11)
(/hh > ag (g n = Tgn) Vh>3,h <h-2g9€g (3.12)
h—
Bg.nhr =J ( LT ﬂy,hu,h/> Vh>3,h<h-2g€G (3.13)
h'"=h'+1
By =0 Vh<2,g€g, (3.14)

where /)’;fh‘h, is a binary variable that equals 1 if 7y, — 7 ,, > 0. Additionally, the initial
condition is defined as:

a _ ¢ _ —
71—g,l - 7Tg,l - ﬁg‘l - 0-,

which indicates that no users have engaged or confirmed usage at the beginning of the planning
horizon.

Illustrative example. Figure (3.1) displays cumulative adoption, adoption growth, and
rejoining proportions over 15 periods, with parameters p = 0.1, ¢ = 0.6, and J = 0.5. In
Figure (3.1a), full accessibility and availability (77 = m; = 1) are assumed in all periods.
Figure (3.1b) presents a case where accessibility satisfaction starts at 0.5 and increases by 0.1
per period. In both cases, cumulative adoption eventually reaches 1, but the speed of adoption
is influenced by accessibility levels.

Figures (3.1c) and (3.1d) show adoption and rejoining proportions, respectively, under grad-
ually increasing accessibility and availability satisfaction, both starting at 0.5 and increasing by
0.1 per period. Rejoining peaks at i~ = 5, when availability satisfaction reaches 1, and then
declines as no new lost adopters are generated from /4’ > 5. Rejoining ceases entirely at h = 12
when full adoption is reached (o, = 1).

These results show that gradual improvements can lead to full adoption within 15 periods but
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delay the peak adoption rate. The S-shaped cumulative adoption curve (o) aligns with classic
diffusion patterns, with the inflection point matching the peak in adoption growth (A«ay, =

ap — Qp_).
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Figure 3.1: Cumulative adoption, adoption growth, and re-joined proportions for p = 0.1, ¢ =
0.6, and J = 0.5 under various settings for periodic availability and accessibility satisfactions.

3.3.2 Investment Costs

To approximate the investment costs, we first need to determine the required fleet size, which is

elaborated in the following section.

Fleet Size

To approximate the required fleet size that meets a targeted service availability (i.e., ), ¢a AL,
we consider that each resource can be in one of the following three states: (i) in use (rented) by
users, (ii) in transit due to repositioning operations, and (iii) idle.
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Resources in the in-use and in-transit states are approximated by modeling them as ./G/co
queues (Whitt, 1984). This queuing model assumes general service time (no specific distribu-
tion) and an infinite number of servers (resources and reposition trucks in our problem). The
service times for in-use and in-transit queues represent rental and repositioning duration, re-
spectively.

As discussed earlier, users arrive at grid ¢ to take resources following a Poisson process with
arate of ) ; D; ;, per unit time. This rate determines the rate at which resources arrive in the

in-use state. Let T; ; ; denote the trip time from grid 7 to grid j via segment g. Therefore, L;; , =

Faie represents the portion of each unit time that a resource is in use by users, corresponding to
the service time for in-use queues.

The arrival rate of resources into the transit state at grid ¢ is determined by resource surplus
caused by imbalances in trip flows:

max 07 Z (Di,j,_q - D_]Z,i,g)
7.9

This expression ensures that surplus resources in each grid enter the transit state, thus main-
taining flow balance across grids. Only those origin-destination pairs (ODs) that are covered
within a given period (i.e., those for which ; ;  is non-zero) can contribute to flow imbalances.
Thus, we define:

extra . L . L
Zih max § 0, E (Dw,g - Dm-g) Xi,j,h
J»9

extra

where 27" is positive only if the total inflow exceeds the total outflow.

For the in-transit state, we assume that repositioning operations occur in fixed-duration shifts

of length T*" (e.g., one hour). Thus, LMt = ?h': represents the portion of each time interval

that resources are in transit by trucks, corresponding to the in-transit service time.

Applying Little’s Law, the expected number of resources in use by users, zIM"¢, and the
expected number of resources in transit, 2" during each unit time of period 4 at grid i are
the product of the expected service time and the total arrival rate of resources to that state as

below:

in-use __ u . -
Zih = E Lingz,.z,.qu,J,h
J

shift _extra
L Zi,h

V3 =

in-transit
i,h

The number of idle resources, those available to be rented, is modeled using a ./M/1 queue.

User arrivals follow a Poisson process; thus, the service time, which is the time between two
consecutive rentals, is exponentially distributed (Markovian). Each user rents exactly one re-
source during their transaction.

We define the service level ¢, p, as the long-run proportion of service requests that are met,
i.e., the probability that at least one idle resource is available. Under the ./M/1 framework, this
service level requires the following number of resources in the idle state in grid ¢ during period
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idle.
h, zi

i,h 1— Za AZV(Pa,h .

The inventory level of fleets in grid i during each unit time (i.e., T""") of period h, noted by
Yi,h, Must satisfy:

idle in-use in-transit
+ z;

Yi,h Z Zi,h + Zi,h

Finally, the total fleet size, 2, and grid-specific fleet inventory level per unit time, y; 5, during
each period h are determined by the following set of constraints:

idie in-use in-transit
>y A% Gur ‘ e
Yi,h = ﬁfﬂi,h + Z%,h(l — ¢o,1n) Z L3 oXij,hDi g + Lhitein ie ZLheH  (3.15)
a “ta Pa,h g I
aggregated trip flow imbalances for grid i
Zh 2 Z(l = G0.n)tg.n(Dji.g = Dijg)Xijh ViceL,he# (3.16)
9.3
W=D Yin VheH, (.17
i

where oy, and (1 — ¢y 5,) adjust for the adopted proportion and service stop.

Availability Requirements. To ensure a desired level of availability in free-floating services,
users should be able to find resources within a convenient walking distance from their location
(Kabra et al., 2020; Reck et al., 2021; Wang et al., 2018). To ensure users can find at least
one resource within a convenient walking area of A(W) with a minimum probability of P, the
inventory level of resources in each covered grid must satisfy (Soppert et al., 2023):

In(1—P)

iR —————————
Yi,n = ln( _ A(W))
A(Z)

Vh e H. (3.18)

Where A(Z) is the grid area.

Resource purchase and salvage. The number of purchased and salvaged resources of period
h are denoted by z;" and z; , respectively. We formulate the connection between the fleet size,
purchasing, and salvage decisions as follows:

2t =0 Vh € H, (3.19)
Zh = 2ho1+ 2 — 25 Vh € Hy (3.20)

Investment costs. Let B, and M, denote the purchase and maintenance cost per resource,
respectively. Moreover, the provider must pay a periodic cost of Cﬁrid to the authorities to
operate in each grid as their service grid in period h. Therefore, the investment cost for period
h can be computed as follows:
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1 _ np—.+ T grid
Cn =By, 2z, — My 2 — Cf (1—¢o,n) E Tih
i

The term (1 — ¢ ) sets the grid costs to zero when the service stops in period h.

3.3.3 Operational Costs

To estimate operational costs, we consider identical trucks with a capacity of K resources to
reposition them during each time interval. Repositioning trips consist of two components: line-
haul trips, where trucks move resources between excess and deficit locations, and peddling trips,
which involve loading and unloading resources.

To ensure the targeted inventory level y; , is maintained over time, the flow imbalance of
extra

grids caused by trip flow imbalances must be repositioned. This value for grid i equals 2{7", as
discussed above. Therefore, we have:
Th= 2 Vh € H. (3.21)

Repositioning Time Estimation

To estimate the total time required for repositioning operations by trucks, we approximate the
time needed for three main tasks: (i) Travel Time Between Grids, the average time required
for trucks to travel between each pair of grids they visit, (ii) Resource Search and Load/Unload
Time, the time required to find resources scattered within each grid, including load and unload
time, and (iii) Empty Truck Travel Time, the time required for trucks to travel empty to fill up
to their capacity.

Travel time between grids. The centroids of the service grids are considered as visiting
points for trucks. Let &; ; represent the Euclidean distance between the centroids of grids 4 and
j. To estimate the total travel time between consecutive visiting points, we adopt the method
from Daganzo & Smilowitz (2004).

In a fully covered urban area ¢/ with N service locations, the total pairwise distance is
>~ & ;» and the number of points per unit area is g The expected distance between two random
points is given by:

1.1

VNU'

For partial coverage, where only a subset of locations is covered, we adjust the formula to

account for the spatial distribution of the grids. The expected distance becomes —:i—, where
S/ NJU
dp, is the dispersion indicator, which adjusts the expected distance based on the distribution of

selected grids in period h. In period h, Y, x; , grids are covered out of N, and the total pairwise
distance between covered grids is >, ; & jXij.n- The dispersion indicator is thus given by:

_ Zz Ti.h % N
Yij€iiXign 2 €

bn
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Assuming trucks travel at a constant speed V'™*, the total travel time is the product of the
expected travel time and the number of trips ) . x; 5,, giving the total time during period h:

ped

th Vﬁruck Z Tk \/JW

The total travel time, considering all trips, is given by:

1.INVU
tped: 1-— i gz i
no= (1= don) VRS m NS E E 37h§ JXJh:|
1.1V Ni
=(1-¢on) V"“Lkz 5 E S,JX”;L—T E g,]Xz,Jh:| VheH (3.22)
i 53

In (3.22), the term (1 — ¢y ;) ensures that the travel time is zero if the service is stopped during
period h.

Example. Figure 3.2 illustrates different cases, where gray hexagons denote covered grids
(trucks’ visiting points) and white hexagons denote non-covered grids. Each grid covers an area

of 1 km?

(a) Full coverage (b) Compact coverage (c¢) Scattered coverage

Figure 3.2: Various distributions of visiting points (service locations) within the urban area.

The left plot (3.2a) represents full coverage with a density of 1 per km? (i.e., g = %). In this
case, the expected distance between each pair of grids is 1.1 km. The middle plot (3.2b)shows a
concentrated coverage, where service grids are adjacent and form a continuous region. For this
case, we can limit the whole area to the covered grids, and this scenario also maintains a density
of 1 per km2. The right plot (3.2c) represents randomly scattered covered grids, requiring a
density adjustment due to the irregular distribution of the grids.

If we do not adjust for the spatial distribution with the dispersion indicator, and instead
consider the total number of grids divided by the sum of their area, it would approximate the area
as in the middle plot, where all covered grids are adjacent with no non-service grids between
them. However, the proposed formula takes into account the ratio of the distance between
covered grids to the total distance between grids in the fully covered scenario. This adjustment
reflects the actual distribution and spacing of the covered grids.

Resource search and load/unload time. Each unit of repositioned resource requires a time
of T™™ee This time includes the time required for loading/unloading each resource, TP, and
the time required for searching within each grid to find resources, 7¢%. Thus, the total service
time during each unit time of period h can be computed as follows:
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(Trep 4 Tgrid),r_h _ Tservice,r_h

Empty truck travel time (line-haul). As trucks have a limited capacity K, they may need
to make multiple trips to fully load or unload bikes. For each repositioning operation, the
number of empty trips is proportional to the number of repositioning items 7, divided by the
truck’s capacity (i.e., r,/ K). This number is doubled because each empty trip is followed by a
full trip. Let E';;y represent the average distance of each such trip, depending on the urban area.
The total time spent on filling the capacity (starting a new repositioning path or by a new truck)
trips during period h is:

Operational costs. Let CI™* denote costs of using one truck per shift during period h.
Therefore, the operational costs during period A is computed as follows:
truck
h

ne;
O __ unit
Gy =M Tshift

{tl}’,,ed +rp (Tlh + Tservice)] ,

where [tffd + (T + Tse”i“)} represents the total time required for repositioning of re-

sources within each time interval. Dividing this value by the shift length T gives the total
number of truck-shifts within each time interval, each costing Ci™*. Multiplying this by the
total number of intervals in a period gives the total repositioning costs.

3.3.4 Periodic Profit

To compute the profit obtained during period &, we first need to compute the revenue. To this

end, we define R} , as the subscription fee for user segment g for period h. Users are also

charged P, per time unit of riding and an unlock fee of Pg"’Ck per trip. Moreover, the provider
can salvage extra resources at the beginning of each period h that yield a revenue of B} per
resource. Therefore, the revenue is written as below:

Subscription revenue Trip revenue Salvage

—N

Fn = (1— R} M, A A PyT; g+ PV D jgxign + BTz,

Fn = (1~ ¢on) h,gtgQg.n + Ny Ga,nAq agn ) (PyTijg+ PS)DijgXijn+ BTz,
9€g a 9€g 4,3

The first term of the revenue represents the subscription revenue from active users, given by
Moy 1, if the service is not stopped (i.e., 1 — ¢ ). The second term is the total trip revenue,
including unlock and trip fee, which depends on the portion of served demand (selected avail-
ability level A2). The trip demand is influenced by the proportion of active users («ay ) and the
covered locations (D; ;X ). This demand is per time unit, so it must be multiplied by the
total number of time units per period. The last term represents the revenue from selling extra
resources during period h.
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Finally, the profit of period & is formulated as:

Revenue

Py, = {(1 — o) Y RE Moagn + “““Z% WAY Y agn Z (PyT;j.g + P¥)Di j.gXigin + BT 2,

9geG 9€eG

Investment costs Operational costs

C ruck ed " .
i B+ T (T 4 T (3.23)

By 2z — My zp — CE4(1 = ¢o ) me} it Zh
i

Domain constraints. The domains of the defined decision variables are:

Jii,h,Xi,j,h,fﬁa,h,ﬂ;h w € 10,1} (3.24)
— ed
Qg hy ﬁg,h,h/ 3 71'_:;}” 77(’ Jho J h h' < [0 1] & Zhs 2;7 Zp 725,)(}?67 Yi,h, Th € Z+ & tl}j; S R+ (325)

3.4 Mixed-Integer Linear Formulation

In this section, we reformulate the dynamic programming problem (DP) as a deterministic
Mixed-Integer Linear Programming (MILP), referred to as the Phased Service-Adoption Model
(PSAM). Specifically, we replace the recursive formulation of total profit with an equivalent
objective that maximizes the sum of period-wise profits &7, over the planning horizon. We re-
formulate the probabilistic constraints (3.7) and (3.8), linearize the nonlinear expressions, and
express the decision process as a deterministic sequence of period-by-period decisions.

Probabilistic constraints. Let accessibility satisfaction probability 7 , denotes the confi-
dence level for satisfying accessibility aspirations of user segment g in period h. This way, we
could deal with (3.7) as chance constraints wherein the confidence level is a decision variable:

» < Prob (Z Ui j,gXijh = yj;w)

(i,9)

We assume that 7 , is selected from a finite set of B levels IIj | for each period. b = 0
denotes zero accessibility satisfaction (i.e., II§ , = 0) and b = B represents full accessibility
satisfaction (i.e., IT% g =1). We define the binary variable 0,4, that is one if we decide to satisfy
the accessibility expectations with the probability of IIj , for segment g in period h.

We also define:

IT; , = Prob(A} > WZ;V) VYa e {l,...,A}

For normally distributed aspiration levels ,Q{;“C ~ N (e, (o%)?) and 427 & N (s, (02)?),
constraints (3.7) and (3.8) can be reformulated using the followmg set of constramt%

D bhgn=1 VheH,geG  (3.26)



3.4 Mixed-Integer Linear Formulation 61

B
= Ohgnlly, VheH,ge§ (3.27)
b=0
D uiggxty >+ k@M ) — (1= Oh0n) VheM,geG,be{0,...,B} (3.28)
Ly
S uigoxty < pE +oX® TN (Mg, )+ (1—6hgs)  VheH,geGbe{0,....B—1}  (329)
0
A
= Z Gan AYTIG heH,geg. (3.30)
a=0

Here, & '(-) denotes the inverse of the standard normal cumulative distribution function.

Non-linear terms. Constraints (3.9) contain the quadratic term o7 , ;. We define 7, =
(cgn)? and use the piecewise linear approximation to model 7, ,. Let the breakpoints be O; <
O < -+ < Oy, and define auxiliary variables f,,, , € [0, 1] such that:

M
S fmn=1, YheH (3.31)
m=1
M
Qg h = Z fm,hOm Vh € H7 g e g (332)
m=1

Then the piecewise linear approximation of 7, 5, := (ay5)? is*:

M
Mgh = Y fmnOn VheH,geG (3.33)
m=1
We also define the auxiliary variables kqgn = @anngn, Qﬁi,h = QahTih, Vaghh =

Agnans Vg = Qgn(l = don)s Xijn = Xijn(l = Gon)s Vagijh = VaghhXijh» Voijh =
Vg hXijh» A0 Tap g n = Va,gh—1,h—10b4, to linearize the corresponding bilinear using the fol-
lowing set of constraints that are collectively noted by S:

Caish < Gans  Cayih < Tih, Cayih = Gan +Tip —1 VieZ,ae A,heHt
Xijoh < Xighs  Xijh <1 —=00n,  Xijh = Xij,h — Po.h Vi,jeL,heH
Tabigh < Obghs  Tapgh < Vagh—-1h—1> Tapb,gh = Obgh + Vagh-1,n-1 — 1 Vae A, 2<h<H,geg
Va,ghh' < Qghs  Vaghh' < Qan's  Vaghh' = Qgh+ Qap —1 Ya € A hh €¢H,geG
Ugn < Qghy, Vgh <1 —0¢0n, Vgh > Qgn— don VheH,g€§
Ya,giigsh < Va,ghohs  Ya,gyijh < Xighy  Ya,gyigsh = Va,g,hh T Xigh — 1 Vi,jeZ,ac AAheMt,ge§
Ygigh < Vghs  Vgigh < Xighr  Vgigih = Vgh + Xigh — 1 Vi,j €I, heH,geg
Fa,gh < Pahs  Fagh < Mghy  Kagh = Pah +Ngn — 1 Vae A,heH,ge§

The MILP reformulation of the problem (DP) is given by model PSAM, defined as follows:

2In our numerical implementation, we divide the interval [0,1] into 20 equal segments using a step size of 0.05.
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max Y (1+71)~"2, (3.34)
h
s.t.
(3.1) — (3.6), (3.10), (3.13), (3.17) — (3.21), (3.26) — (3.33)
D= R Mg+ (3.35)
g€g

NN AN (PyT g + Py Do Yag,ign | +

a 4.3,9

Btz — By zf — My 2, — O3 > CU;i,h:| -
unit C Ped 1h service
WA 2 o (TN T VheH
h Tshlft

Qg.h = ZHagVagh 1,h—1 + Dy ZH;, gOb.g.n — Qg n— 1)+ (3.36)
Qg Y TG T Tabgn — g Y Woghagn + Z B Vh>2,9eG (337

a,b a,g
ago =g 1T 040 VgeG (3.38)

b
o < anwg(ua,g,hgh ~Vagnn) + (1= By ) Vh>3,h <h-2g€eG (339
w2 ZH (Va,g,hh = Varg,hh) Vh>3, <h—2g€G (340)
Yih 2 Z@l h TN A Z A T ZLLJ o DijgVg.ign + LM VieT,heH (341)
2002 Y (Diig = Dijglgisn VieLheH (342
9]
e = TN & X VheH (3.43)
0,J

(Xirj,h Va,g,hoh' s Vg,hs Yasgisishs Vgyisgsho> Tasbigihs Ka,g,h) € S (3.44)
Tishs Xisjihs Pas B g Ob.g.0 € {0, 1} (3.45)
(O(g‘h,-, ﬂg,h.h’«, 71';1}” W;Z.hu Va,g,h,h's ’)g‘h,v Ya,g,i,j,h> 'yg,v',‘j.,h,s (346)

Ta,b,g,hs Ng,hs Ka,g,hs fm,h7 Ca,i,h) S [07 1]
2, 2 2 AN Yin € 2T, B0 € RT (3.47)

In the objective function (3.34), the present value of profit in period h is computed by
multiplying &7, with the discount factor (1 + Y)~"

3.5 Numerical Study

In this section, we describe the dataset, define the baseline parameter settings, and construct sce-
narios and performance indicators to evaluate the proposed model using a bike-sharing service
design as a showcase application.
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3.5.1 Data Description

We use open-source trip data from CitiBike?, a station-based bike-sharing service in New York
and New Jersey, focusing on the Manhattan core ( 25 km?) from January 1 to March 31, 2024.
The area is divided into 26 hexagonal grids, each with a 460-meter edge length, correspond-
ing to a walkable range of 300-500 meters (Kabra et al., 2020). This grid layout is shown in
Figure 3.3.

Figure 3.3: Hexagonal zone discretization of Manhattan core.

In the data, users are categorized as members (annual subscribers) and casual users (single-
ride or day pass users). We assume all casual users are single-ride users, as fewer than 2% use
day passes *.

We use trip data filtered for the Manhattan core from January 1 to March 31, 2024, during
the 6:00 AM to 6:00 PM period. The average trip duration is 10 minutes for members and
14 minutes for casual users. Since user identifiers are unavailable, we estimate segment sizes
(M,) using CitiBike’s monthly operational statistics. Members take average 15 trips/month.
This value is not available in the data for casual users. To ensure the single-trip fare is more
economical than a monthly membership, casual users are assumed to take 5 trips/month. This
gives an estimated 3,065 members and 1,036 casual users in the Manhattan core.

Pricing scheme. To ensure consistency with real-world practices, our pricing structure
closely aligns with CitiBike’s publicly available policy, as outlined in Table (3.2).

Table 3.2: Pricing scheme

User segment Subscription Fee Unlock Fee  Per Minute Fee
Member 20.00$/month - 025%
Casual (Single ticket) - 5.00%/ride  0.35 $(after 30 min)

Segment-specific OD trips. Each day is divided into 3-hour time intervals, which are suffi-
cient for trip completions, between 6:00 AM and 6:00 PM. Trip origin and destination stations
are assigned to grids using GPS coordinates, which gives segment-specific spatio-temporal OD
trip distributions. For each interval, we compute the average segment-specific OD trips between
grid pairs (i.e., D; j4). To reduce computational complexity, we aggregate adjacent grid pairs,

3https://citibikenyc.com/system-data
4From CitiBike monthly reports: January 2024, February 2024, March 2024.


https://citibikenyc.com/system-data
https://mot-marketing-whitelabel-prod.s3.amazonaws.com/nyc/January-2024-Citi-Bike-Monthly-Report.pdf
https://mot-marketing-whitelabel-prod.s3.amazonaws.com/nyc/February-2024-Citi-Bike-Monthly-Report.pdf
https://mot-marketing-whitelabel-prod.s3.amazonaws.com/nyc/March-2024-Citi-Bike-Monthly-Report.pdf

64 3 Long-Term Planning under Gradual User Adoption

resulting in a total of NV = 13 candidate service grids. Based on Equation (3.18), ensuring a
bike is available within 300 meters with probability P = 0.99998 requires placing at least 12
randomly scattered bikes in each merged zone.

Utility of OD trips. We use the normalized segment-specific OD trips by the total number
of trips per segment as the proxy of trips’ utilities for each segment:

w .~ Diig
59 T N~ .
’ Zi’,j Di’,jyg

The trip share is a suitable proxy for utility because the number of OD trips, D; ; ¢, is determined
by the trip-generating capacity of origins (TG; ), the trip-attracting capacity of destinations
(TA; 4, and the ease of travel between 7 and j (TE, ;). This relationship is expressed as:

Di,j,g = ]:(TGi,gu TA TEZ,7)7

0.9

where F(-) models the interactions among these factors. Therefore, % inherently cap-
il g Pildg

tures user preferences and encapsulates the frequency and value of OD trips for users. With

these definitions, the aspiration threshold, <7, is interpreted as the fraction of covered OD

trips.

Costs. We assume a purchase price of $3,000 per bike and a salvage value of $500. Annual
city costs include a permit fee of $1,000 per grid and $30 per bike, paid to municipal authori-
ties®. Each bike also incurs an annual maintenance cost of 200 $. The annual interest rate Y is
set to 5%.

Repositioning parameters. We consider homogeneous repositioning trucks, each with a
capacity of 20 bikes and an operational cost of $30 per hour, operating in 1-hour shifts. Trucks
are assumed to travel at an average speed of 60 km/h.

We assume a fixed time of 10 minutes for searching and collecting bikes within merged grid
areas (T#%Y = 10 minutes), and 1 minute for each loading or unloading operation. We also set
Ern = 6.8 km, approximated as half of the total distance between all grids.

Trip duration T ;, is estimated using centroid-to-centroid distance at 20 km/h, with 8-
minute and 10.5-minute adjustments for members and casual users, respectively, reflecting 75%
of their average observed durations in the data.

Candidate Levels for Availability and Accessibility. The availability level ¢, is chosen
from {0.85,0.90,0.92,0.94, 0.96, 0.98}, and the target accessibility probability 6, , from
{0,0.35,0.55,0.65,0.75,0.85, 1}.

3.5.2 Baseline Parameter Settings
The Bass diffusion parameters, innovation (p) and imitation (g), can be estimated from surveys

or analogous services. Empirical studies show p typically lies between 0.01 and 0.03, and ¢
between 0.3 and 0.7 (Mahajan et al., 1995).

>These values are informed by data from https://micromobility.mitre.org/resources/city-survey/, which reports
location-specific costs across various cities. We use this as a reference to define realistic values.


https://micromobility.mitre.org/resources/city-survey/
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Time granularity. The Bass model parameters depend on the time scale of estimation. For
a coarse time step (e.g., one year), let p and ¢ denote the innovation and imitation coefficients,
and p’ and ¢’ represent corresponding values over a finer interval (e.g., one month). A commonly
used scaling heuristic (Putsis Jr, 1996) relates (p, q) to (p/, ¢') via:

/ !/

For discrete three-month periods, we use values from Dan et al. (2018) for Mobike: p’ = 0.0138,
¢ = 0.2727, yielding:

p=00138 x 3 =004, ¢=02727x3=0.8.

We define (szf;“, (;zf;av € [0,1] and }_; ;) wijgXijn € [0,1]. Thus, O, = 1 when all locations
are covered, and 0y,, = 1 when none are. Similarly, for 100% availability, Hgg = 1, and for

0% availability, Hgg = 0. To ensure this, we model ;zf;“ and szga" using truncated Normal
distributions:
B, = 0) = —pl, @10, = 1) =1 p,

S N(AY=0):=0, & 1Ay =1):=1
The baseline adoption and aspiration parameters are summarized in Table 3.3. We assume

members have higher expectations than casual users due to their greater commitment through
subscription.

Table 3.3: Baseline Adoption Parameters (3-Month Period)

Segment Dy G J ,;zigac ,szigav

Members (g=1)  0.04 0.8 0 ~ A (0.50,0.03%) ~ A (0.85,0.03%)
Casual users (g=2) 0.04 0.8 0 ~ A(0.45,0.03%) ~ N (0.80,0.03%)

In the following sections, we vary (p,, ¢,) and aspiration levels to evaluate their impact on
the results.

3.5.3 Scenarios and Indicators

We simulate different scenarios of adoption behavior (e.g., baseline setting, faster due to an ag-
gressive marketing campaign, or slower due to strong influence of uncertainty about the service
quality on the population) and trip patterns to evaluate the system performance under various
conditions in terms of: time to the maximum penetration and stabilized adoption as well as the
operational and financial metrics like fleet size, revenue, and profit.

Adoption Scenarios

In the Bass diffusion model, the innovation coefficient defines the steepness of the adoption
curve during the early stages of the service introduction, and the imitation coefficient plays a
significant role in shaping the adoption curve as time elapses in the later stages. Accordingly,
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we define four distinct adoption behavior scenarios by varying these coefficients to examine the
impact of adoption dynamics on service design. Each scenario reflects a theoretically grounded
behavioral pattern:

Low-Innovation Adoption: The innovation effect is weakened by halving the coefficient
Py While maintaining the baseline imitation coefficient g,. This scenario captures a context
where external influences, such as marketing and media exposure, have a limited impact
compared to social influence. We set p; = p; = 0.02, ¢y = ¢2 = 0.8.

Low-Imitation Adoption: The imitation effect is reduced by halving the coefficient g,,
while the innovation coefficient remains unchanged. This represents environments where
social influence is weaker. We use p; = ps = 0.04, g1 = ¢o = 0.4.

Slow Adoption: Both innovation and imitation coefficients are reduced by half, resulting
in a slow pace of adoption across all user segments. This configuration models conser-
vative markets with limited external stimuli and social influence. Here, p; = p, = 0.02,
G =q =04

Segment-Specific Adoption: Members adopt more slowly (p; = 0.01, ¢; = 0.4), while
casual users adopt rapidly (p, = 0.1, g2 = 0.8), reflecting heterogeneity in user behavior.

Demand Patterns

We consider four demand scenarios that vary in origin-destination (OD) trip patterns and/or
total trip volume, as follows:

Baseline Demand (BD): OD patterns are derived directly from CitiBike trip data, serving
as the reference case.

Concentrated Demand (CD): For each user segment, OD pairs are ranked by trip vol-
ume. The top 2N = 26 arcs (where N is the number of grids) retain their original de-
mand, while all remaining arcs have their demand reduced to 25% of the baseline level,
ie., 0.25 X D, .

Decentralized Demand (DD): Total outbound demand per grid is maintained as in the
baseline; however, OD flows are redistributed. Grids are partitioned into two disjoint
subsets, one subset is composed of the high-demand grids, with no trips allowed between
them. Outbound demand from each grid is randomly reassigned within its own subset.

Low-Decentralized Demand (LD): This scenario mirrors the decentralized pattern in
structure but halves the total outbound demand of each grid compared to the decentralized
setting.

Performance Indicators

The main indicators in our results are: time to maximum market penetration (h;), time to adop-
tion steady state (h,), profitability time threshold (h™), fleet size, and total profit.
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Time to maximum market penetration (%;). Adoption follows an S-shaped curve, peak-
ing at hy, which is approximated by (Satoh, 2001):

1 b2
h' = argmax{a,n — Qg h_1t = — In —g> 3.48
9 8h {agn gh—1} o+ 4y (qg ( )

For full accessibility satisfaction, the peak typically occurs after the fourth period (end of year
one). Reduced accessibility or availability may delay this peak.

Table 3.4 shows the estimated periods to reach maximum market penetration growth, calcu-
lated using Equation (3.48), for each adoption scenario.

Table 3.4: Time (number of 3-month periods) to maximum market penetration (h*)
for different adoption scenarios.

Adoption setting  p, g hy

Baseline 0.04 0.8 ~4-5
Slow innovation 0.02 0.8 ~ 56
Slow imitation 0.04 04 ~5-6
Slow adoption-I  0.02 04 ~7-8
Slow adoption-II 0.01 04 ~ 9-10
Fast adoption 0.10 0.8 ~2-3

Time to stabilized adoption (hg). This is the period when adoption reaches a steady state,
meaning the marginal adoption increase is negligible. It satisfies:

hy = arg}mm{ag,h —agp-1 =0}
0]

Profitability time threshold (i"). This is the first period when cumulative revenue exceeds
costs, yielding positive profit:

h=1

h/
At = argmin P, >0, .
gh/ {Z h = }

3.6 Results

We solve the PSAM model using Gurobi 11.0.1 on a system equipped with 10 GB of RAM to
obtain the optimal service design across various defined scenarios. The results are presented in
the following sections.

Calibration and planning horizon. Time plays a critical role in shaping both adoption
dynamics and system profitability. Using baseline adoption parameters (Table 3.3) and the
origin-destination (OD) pattern extracted from CitiBike trip data for Manhattan core, we first
calibrate an appropriate planning horizon for system evaluation.

We solved the PSAM model under varying planning durations, from short-term (1-11 months)
to longer-term horizons (1-4 years). Results show that the service does not achieve profitability
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within the first year. The capital investment required for fleet acquisition and deployment is too
large to be offset by early-stage adoption, even under full spatial coverage and high availability.

Based on these calibration tests, we selected a 3-year planning horizon, divided into a one-
year implementation phase (4 periods) and a two-year post-deployment phase (8 periods), i.e.,
H, =4, H, = 8, and H = 12. Within this horizon, the service reaches near-complete adoption,
making it sufficient for comparing performance across strategies.

3.6.1 Adoption Behavior

Table 3.5: Service design under different adoption scenarios over a three-year planning horizon
(H=12, H =4)

Adoption Grids Fleet size Availability level (h7,h3) (hl s iLz) At Profit($)
pattern No.
Baseline [13,13, [160, 225,240,332 *]  [0.92,0.94, 0.94, 0.94, 0.94, 4,4) 9,9 5 8,194,789
13, 13] 0.94,0.94, 0.94, 0.94, 0.94,
0.94,0.92]
Slow [11,13, [179,218,226,332*]  [0.94,0.94, 0.94,0.94, 0.94, (6, 6) (11,100 6 6,837,272
innovation 13, 13] 0.94,0.94, 0.94, 0.94, 0.94,
0.94,0.92]
Slow [13,13, [214,224,231,270 *]  [0.94,0.94,0.94,0.94, 0.94, 6,5) (X,X) 5 6,005,536
imitation 13, 13] 0.94,0.92*]
Slow [13,13, [157, 162, 221, 250, [0.92,0.92, 0.94, 0.94, 0.94, 6,7) (X,%) 6 4,063,003
adoption 13, 13] 250, 250, 250, 250, 0.94,0.92,0.92,0.92,0.92,
250, 250, 250, 226] 0.92,0.9]
Segment- [13,13, [216, 223, 235, 281, [0.94, 0.94, 0.94, 0.94, 0.94, 9.3) (x,7) 4 5,453,661
specific 13, 13] 281, 281, 281, 281, 0.94,0.94, 0.94, 0.94, 0.92,
281, 252*] 0.92,0.92]

* shows the fixed value until the end of the planning horizon.
x shows that the adoption does not reach the steady state before the end of the planning horizon.

Table 3.5 summarizes the outcomes across different adoption scenarios. The first column
lists the scenarios described in Section 3.5. “Grid No.” reports the number of grids selected
as service locations (i.e., service grids) during the implementation phase (h € {1,2,3,4}). No
expansion occurs beyond this phase, in accordance with the problem description. Subsequent
columns present the fleet size, availability levels, segment-specific values h; and hg, and ht.
The final column, “Profit ($),” shows the total profit (summed over all periods) in dollars. The
accumulated adoption curves are displayed in Figure 3.4. Periodic revenue and profit are also
displayed in Figure 3.5.

In all scenarios except slow innovation, the optimal design starts with full coverage of the
urban area. In contrast, under slow innovation, where early demand is particularly low, the
model begins with partial coverage, focusing on the 11 out of 13 locations that fully meet users’
accessibility aspirations (i.e., 7y, = 1). This targeted approach minimizes initial grid and fleet
costs without hindering adoption, as users’ accessibility expectations are fully satisfied. Partial
coverage under low-demand cases is also observed in the analysis of demand pattern scenarios
presented in the next section, highlighting accessibility as a cost-control lever rather than a
limiting factor on adoption.
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Figure 3.4: Members and casual users accumulated adoption for various adoption scenarios.

Periodic revenue Post periodic profit
1200000

1200000 | —@= paseline

8= slow innovation
1000000 |-~ slow imitation
= slow adoption

1000000

segment-specific

800000 800000

Revenue

600000 2 600000

400000

400000 =@~ baseline

== slow innovation

200000 200000 =@~ slow imitation

~— slow adoption
{’ segment-specific

1 2 3 4 5 6 7 8 9 10 11 12 5 6 7 8 9 10 11 12

Period Period
(a) Periodic revenue %, (b) Post implementation periodic profit &,

Figure 3.5: Periodic revenue and profit for various adoption scenarios.

Availability levels range between 0.92 and 0.94, both sufficient to fully satisfy active users
(i.e., confirmation probability 7; , ~ 1). While 0.94 yields more served trips (and higher
revenue), it requires a larger fleet and increases costs. For the slow adoption, slow imitation,
and segment-specific adoption scenarios, availability is strategically reduced from 0.94 to 0.92
shortly after the peak adoption growth period h; for members, who account for the majority of
trips compared to casual users according to CitiBike reports. Since user satisfaction remains
unaffected, the reduction in availability serves as a cost-saving measure, avoiding overinvest-
ment in fleet capacity at a stage when the cost of high availability is no longer justified by
corresponding gains in revenue.

The results, shown in Figure 3.4 and Table 3.5, indicate that slower innovation and/or im-
itation delays both the onset and magnitude of adoption growth. Faster adoption leads to an
earlier peak in adoption growth, but this does not necessarily mean the service reaches satu-
ration sooner. For example, in the slow innovation case, casual users’ adoption growth peaks
(h% = 6) later than in a slow innovation scenario (h} = 5), yet still eventually reaches saturation
(hg = 11). In contrast, in the slow imitation case, saturation does not occur.

When innovator adoption is slow, the early-stage uptake is limited, which in turn suppresses
imitation effects throughout the horizon, see Figure 3.4. In the case of slow imitation, even
with moderate initial adoption, the weaker social influence results in flatter and slower adop-
tion growth. Both patterns reduce the cumulative number of adopters over time and postpone
saturation, affecting long-term demand and system profitability as discussed below.
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Figure 3.5 shows that the baseline scenario consistently generates the highest revenue across
all periods, driven by a balanced adoption pace (p, and ¢,) among both user segments. In con-
trast, the slow adoption scenario yields the lowest revenue due to the slowest adoption growth
across the scenarios.

The slow innovation scenario starts with lower revenue compared to the baseline case, re-
flecting the delayed adoption by innovators, but its revenue grows fast in later periods and
reaches the baseline revenue after adoption saturation. While the slow imitation scenario gen-
erates relatively high revenue in the early stages due to fast innovator adoption. Yet, its revenue
growth flattens in later periods because of the limited imitation effect.

The segment-specific case shows the highest early revenue, driven by rapid adoption among
casual users. However, it experiences a steep revenue decline in the second half of the horizon.
This drop stems from extremely slow member adoption, who account for the majority of trips.

It is worth mentioning that a part of the observed late-stage revenue decline across scenarios
is due to discounting, as revenue is reported in present value terms.

The differences in profit trajectories across adoption scenarios, as shown in Figure 3.5,
are primarily driven by revenue patterns and variations in fleet-related costs. In the post-
implementation phase, where no additional capital investments are made, profit trends closely
follow the revenue patterns discussed above.

Notably, a smaller value of h™, indicating an earlier point at which profit becomes posi-
tive, does not necessarily correspond to higher total profit. For example, the segment-specific
scenario reaches profitability the fastest but yields the second-lowest total profit due to slow
member adoption. The reason is that members account for the majority of trips as reported in
the data description.

3.6.2 Demand Pattern

This section examines how demand patterns, including the number of potential trips (i.e., de-
mand size) and their distribution, and availability aspirations shape the optimal system con-
figuration and outcomes. Three factors are varied: (i) demand pattern (baseline (i.e., B) vs.
concentrated (i.e., CD) vs. decentralized (i.e., DD) vs. low demand (i.e., LD)), (ii) higher
availability expectations, and (iii) the pace of adoption (baseline vs. slow adoption).

Table 3.6 summarizes the results. The first column (“OD”) refers to the demand patterns
introduced earlier.The second column indicates the adoption scenario: “Base” corresponds to
the baseline case with (p,, ¢;) = (0.04,0.8), while “Slow” represents the slow adoption case
with (pg,g,) = (0.02,0.4). The third column shows the availability aspiration level. If the
aspirations match those reported in Table 3.3, we label them as “Base.” The label .27*'" indicates
that the mean of .</* has been increased to 0.95 for members and 0.9 for casual users. The
remaining columns are consistent with those in the previous tables.

Scenarios with higher availability aspirations (</*") lead to significantly larger fleet sizes
and increased operating costs. To manage this, the system adopts a gradual expansion strategy:
rather than starting with full network coverage, it begins with partial coverage that ensures full
accessibility (g , = 1), effectively balancing cost control with user satisfaction. In low-demand
scenarios (i.e., LD and CD), with the baseline availability aspiration levels, the service also be-
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Table 3.6: Service design under different demand patterns

OD  Adoption Availability Grid No.  Fleet size Availability level ht Profic$)
aspiration
BD Base o™t [9,13, [450, 656, 670, 754, [0.98, 0.98, 0.98, 0.98, 7 6,092,264
13,13] 754,754,754, 754, 0.98,0.98, 0.98, 0.98,
754,754, 754, 265] 0.98, 0.98, 0.98,0.92]
Base Base [12, 12, [147, 151, 175, 239, [0.92,0.92,0.92,0.92, 6 3,104,499
CD 13,13] 239, 239, 239, 239, 0.92,0.92,0.92, 0.92,
239,239, 239, 213] 0.92,0.92,0.92,0.9]
Slow Base [8,8, [96,97, 163,212,212,  [0.92,0.92,0.92,0.92, 8 1,336,861
13,13] 212,212,212, 212, 0.92,0.92, 0.92, 0.92,
212,201, 201] 0.92,0.92,0.9, 0.9]
Base o™t [7,7, [351, 352, 352,369, [0.98, 0.98, 0.96, 0.96, 8 1,452,878
13,13] 369, 369, 369, 369, 0.96, 0.96, 0.96, 0.96,
369, 369, 369, 208] 0.96, 0.96, 0.96, 0.92]
Base Base [13,13, [163, 227, 241, 346, [0.92,0.94,0.94, 0.94, 5 7,373,502
DD 13, 13] 346, 346, 346, 346, 0.94,0.94,0.94, 0.94,
346, 346, 346, 292] 0.94,0.94, 0.94, 0.92]
Slow Base [13,13, [215, 216, 223, 316, [0.94,0.94,0.94, 0.94, 7 3,569,689
13,13] 316,316, 316, 316, 0.94,0.94,0.94, 0.94,
316, 316, 316, 270] 0.94,0.94,0.94, 0.92]
Base o™t [9,9, [451, 456, 671, 766, [0.98,0.98, 0.98, 0.98, 7 5,388,344
13,13] 766, 766, 766, 766, 0.98,0.98, 0.98, 0.98,
766, 766, 766, 277] 0.98,0.98, 0.98, 0.92]
Base Base [7,13, [84, 165, 170, 224, [0.92,0.92,0.92,0.92, 6 3,305,023
LD 13,13] 224,224,224, 224, 0.92,0.92,0.92, 0.92,
224,224,224, 195] 0.92,0.92, 0.92, 0.9]
Slow Base [7,7, [84, 85, 164,207,207,  [0.92,0.92,0.92,0.92, 8 1,454,210
13,13] 207,207, 207, 207, 0.92,0.92,0.92, 0.92,
207,207, 186] 0.92,0.92,0.92, 0.9]
Base o™t [7,7, [350, 351, 351, 362, [0.98, 0.98, 0.96, 0.96, 8 1,626,919
13,13] 362, 362, 362, 362, 0.96, 0.96, 0.96, 0.96,

362, 362, 362, 175]

0.96, 0.96, 0.96, 0.9]

gins with partial coverage and operates with smaller fleets and reduced availability levels. These
configurations lead the model to prioritize high-demand zones that guarantee full accessibility
satisfaction and expand gradually. In the decentralized demand case (DD), although the total
demand matches that of the baseline (BD), the uneven trip distribution increases rebalancing
needs, requiring a larger fleet to maintain service. Despite using similar design parameters (ac-
cessibility and availability), DD yields lower profits, approximately 10% lower than BD under
baseline adoption and aspirations, and up to 12% lower under high availability expectations. To
offset these costs, the model again opts for partial early-stage coverage while preserving full
accessibility, unlike BD, which maintains full coverage from the outset.

3.6.3 Adoption Modeling Strategies

In this section, we compare our proposed adjusted Bass adoption model in Eq. (A7), which
incorporates the effects of service quality and social influence, and enables alignment between
service design and adoption dynamics through the PSAM service design model, with the fol-
lowing two simplified models:
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* Static Adoption Model. This model assumes the adoption process has already stabi-
lized, commonly used in service design studies. Demand is estimated based on the ul-
timate number of adopters whose accessibility and availability aspirations are satisfied.
Service design (service grids, fleet, and availability) is decided upfront and held fixed.
The adoption proportion is computed as:

__a c _ _
agvh - 7Tg,h7TgJL7 pg - 17 QQ - 07

implying immediate adoption by potential users whose expectations are met. This model
ignores the social influence and overestimates early demand.

Original Bass Model. This model accounts for social influence while ignoring the im-
pacts of service quality on adoption proportion. It is formulated as below:

agn = (Pg + qgagn-1)(1 — agn-1).

Table 3.7: Comparison of adoption modeling strategies

Adoption model Service quality  Social influence
Proposed adjusted Bass v v
Static adoption v X
Original Bass X v

In all modeling strategies, user adoption is influenced by availability and accessibility. The
static and original Bass adoption models differ from our proposed model in how the adoption is
estimated from the service provider’s perspective. For comparison, the service designs gener-
ated by each model are evaluated using our PSAM model to compute realized adoption, costs,
and profits under quality and social-driven adoption behavior.

We evaluated the models under three representative conditions: (i) baseline adoption and
availability settings, (ii) slow adoption pattern (p, = 0.02, g, = 0.4) with baseline service aspi-
rations, and (iii) high availability expectations (<7*'T represents increased mean of availability
aspiration to 0.95 for members and to 0.9 for casual users) with baseline adoption pattern.

Table 3.8 summarizes the resulting system designs. The first column lists the adoption
models, as described above. The next two columns follow the same structure and definitions
as in Table 3.6, covering adoption scenarios and availability aspiration levels. The final column
reports profit losses relative to the service design using the adjusted Bass adoption model. The
remaining columns are consistent with those presented in the previous tables.

The results highlight the value of gradual deployment aligned with the adoption growth en-
abled by the proposed PSAM model in this study. The static adoption model assumes immediate
full adoption and plans for steady-state demand from the beginning. This leads to unnecessary
early investment, especially when adoption is slow. Under the slow adoption scenario, the static
model results in a 3.8% profit loss. Even under high availability expectations, where large fleets
are eventually needed, PSAM outperforms by deferring costs until justified by demand.

The importance of service quality inclusion in adoption formulation and designing the ser-
vice accordingly is also evident when comparing the original Bass model against our proposed
formulation. Neglecting the service quality impacts on adoption has a limited impact under
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Table 3.8: Service design under alternative adoption models compared with our proposed ad-
Jjusted Bass formulation

Model Adoption  Availability Gird No.  Fleet size Availability ht  Profit
aspiration level loss
Base Base 13* 332* 0.94* 5 0.4%
Stati
ae Slow Base 13* 3324 0.94* 7 38%
Base T 13* 758* 0.98* 7 3.5%
Base Base 13* [214, 225, 240, 332*] 0.94* 5 0.02%
Original Bass
Slow Base 13* [157, 162, 168, 260* ] 0.92* 6 2%
Base ™t 13* [214, 225, 240, 332*] 0.94* 6 54%

* indicates fixed values for the remainder of the planning horizon.

baseline conditions (0.02% profit loss) and a moderate impact under slow adoption (2% profit
loss). However, when user expectations are high, ignoring the effect of service quality on adop-
tion leads to significant adopter loss and a 54% drop in total profit.

3.6.4 Value of Phased Implementation with Belief-Updating Mechanism

In earlier sections, we showed that accounting for gradual adoption yields up to 4% higher
profit compared to strategies that assume full, stabilized adoption from the outset. While this
improvement may appear modest under ideal parameter knowledge, its value becomes signifi-
cantly amplified when adoption behavior is uncertain or misestimated.

To examine the value of gradual implementation with a belief-updating mechanism and
adjustment of service design in response to adoption growth, we compare two design strategies
under parameter uncertainty:

* Belief-updating strategy: Gradual implementation with periodic re-optimization based
on observed adoption outcomes. Adoption coefficients are treated as random variables
and are sequentially updated via Bayesian inference.

» Upfront strategy: Full service design is fixed at the beginning based on initial beliefs
about adoption rates, without adjustment or belief-updating.

In the following sections, we first describe the belief-updating framework and the simulation
setup used to evaluate it. We then present the results under both the updating-based and upfront
strategies to assess the impact of decision adjustments enabled by phased implementations.

Bayesian Belief-Updating Framework

We assume that the real adoption coefficients p, and g, are unknown. Thus, the innovation
and imitation coefficients are modeled as random variables, denoted by a tilde sign, following
normal distributions:

By~ N (s (7)) g ~ N (u, (09)%) -
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At each period h, we use our current estimate of the expected value of p, and ¢,, which are
denoted by p, » and g, 5, receptively. We also note the observed values by the hat sign (e.g., py,
dg)-

We define ¢!, = 1/(0%)* and ], = 1/(0f)* as the precision of our belief at iteration
(period) h. Moreover, ¢ denotes the precision of observations. At each period h, we observe the
adoption growth:

R R R R . . .
Adgp = Gy — Ggn1 = (pg + qga!]:hfl)’rrg,hfl(ﬂ-g,h — Gy n1),

Given 7y ), 1, g 5, and Ady 1, we define

Adgyh

”;,h—l(ﬂg,h - @9,11—1)7

Egn =
and perform conditional updates:

* Update i given the current belief on u = g, p,

€pg + gg,hpg,h

_= A = L
Pg = =g.h — HegQgh—1, Pght+1 = ég,h = gg,hfl te

P
€+ €gJL
* Update i given pgp+1,
—_ o q
N~ Sgh pg,h+1 Qo1 = qu + ég,h,qg~h q Eq +e
g = - v dghtl = q » Sgh T Sga-1 T &
ag«,hfl €+ £g,h g o

This belief updating mechanism follows the Bayesian sequential belief-updating framework
Powell (2022) and ensures that our parameters’ estimations adapt dynamically to new informa-
tion.

We initialize the prior precisions as fg‘o = Z‘O = 1, and set the observation precision to € =
10 to reflect high trust in observations during early iterations, with increasing the confidence in
the updated beliefs over time. This belief-updating and re-optimization process is summarized
in Algorithm 1.

Algorithm 1 Belief Updating and Re-Optimization Process

q0.

s
for each period h = 1,..., H do

: Solve the model using current belief parameters

1:
2:
3:
4:  Observe adoption growth: Ady
5
6
7

Initialize: prior beliefs 2%, 1u2°; precision &, €7 ; = 1; observation precision e = 10

Compute =, 5, and update estimates of pg 11, ¢g.n+1
Update belief precisions £/, and &7,
Re-optimize the PSAM model for the remaining periods by fixing the decision variables
for all periods up to and including period h.
8: end for
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Simulation Setup and Belief Updates

Belief-updating occurs at the end of each implementation period, triggering a new iteration
where adoption coefficients are updated and future decisions can be adjusted based on improved
parameter estimates. In this section, we adopt a 3-year planning horizon as before but extend
the implementation phase from 4 to 6 periods, with H; = 6 and Hy; = 6. The extended
implementation phase allows the model to make adjustments over more periods (6 rather than
4) as new information becomes available.

We simulate two types of estimation errors:

* Over-estimation: Prior belief overstates real adoption; observed values of p,, g, decline
over time.

* Under-estimation: Prior belief underestimates adoption; observed values increase over
time.

Table 3.9 summarizes the initial beliefs about the adoption coefficients, the observed values,
and the updated beliefs using the belief-updating framework described in Algorithm 1 for the
two underestimation and overestimation scenarios discussed above.

Table 3.9: Prior, observed, and updated values of p, and q4 in over- and under-estimation
scenarios

Innovation coefficient (pg) Imitation coefficient (g4)
Over-estimation: prior 0.04 0.80
Observed values (pg) [0.03, 0.025, 0.022, 0.02, 0.015, 0.01] [0.5,0.55, 0.6, 0.6, 0.65, 0.65]
Updated beliefs (pgy,n) [0.031, 0.028, 0.026, 0.025, 0.023, 0.021]  [0.53, 0.54, 0.56, 0.57, 0.58, 0.60]
Under-estimation: prior 0.02 0.40
Observed values (pg) [0.04, 0.035, 0.035, 0.032, 0.032, 0.03] [0.7,0.7,0.75, 0.8, 0.8, 0.8]
Updated beliefs (pg,n) [0.038, 0.037, 0.036, 0.035, 0.035, 0.034]  [0.67, 0.68, 0.71, 0.73, 0.74, 0.75]

Results

Table 3.10 reports the service design decisions and profit estimates under the belief-updating
strategy. The first column indicates the simulation scenario, either overestimation or underes-
timation of the adoption coefficients. The second column, labeled “It.”, denotes the iteration
number of the updating process. The remaining columns follow the same format as in the pre-
vious tables. In all cases, all grids are selected; therefore, grid selection details are omitted to
avoid repetition.

The results show that in the overestimation scenario, both profit and fleet size are initially
overestimated. As belief-updating progresses, profit estimates decline, and the time to prof-
itability increases due to fleet oversupply and demand overestimation, reflecting the model’s
correction of optimistic adoption assumptions. In contrast, the underestimation scenario shows
increasing profits and earlier profitability.

Figure 3.6 illustrates fleet size evolution across updating iterations, showing the relative
deviation between each iteration’s fleet size and the final value (at iteration h = 6). For over-
estimation, the figure reports relative oversupply, while for underestimation, it shows relative
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Table 3.10: Service design using PSAM combined with belief-updating approach
over a three-year horizon with H, = 6

Scenario It. Fleet size Availability level ht  Profit ($)
1 [214, 225, 240, 260, 286, 332, [0.94,0.94,0.94,0.94,0.94,0.94, 4 8,205,047
332,332, 332,332,332, 277] 0.94,0.94, 0.94, 0.94, 0.94, 0.92]
2 [214, 221, 229, 240, 256, 329, [0.94,0.94,0.94,0.94,0.94,094, 5 6,280,897
329, 329, 329, 329, 329, 276] 0.94,0.94, 0.94, 0.94, 0.94, 0.92]
3 [214, 221, 227, 239, 250, 329, [0.94,0.94,0.94,0.94,0.94,094, 5 6,112,960
329, 329, 329, 329, 329, 276] 0.94, 0.94, 0.94, 0.94, 0.94, 0.92]
Over-
esYieI;ated 4 [214, 221, 227, 237, 249, 329, [0.94,0.94,0.94,0.94,0.94,094, 5 6,074,267
329, 329, 329, 329, 329, 276] 0.94,0.94, 0.94, 0.94, 0.94, 0.92]
5 [214, 221, 227,237, 248, 329, [0.94,0.94,0.94,0.94,0.94,0.94, 5 6,001,892
329, 329, 329, 329, 329, 276] 0.94,0.94, 0.94, 0.94, 0.94, 0.92]
6 [214, 221, 227, 237, 248, 282, [0.94, 0.94, 0.94, 0.94, 0.94, 0.94, 6 5,922,785
282, 276, 276, 276, 276, 276] 0.94,0.92, 0.92, 0.92, 0.92, 0.92]
1 [157,216, 222, 228, 236, 256, [0.92,0.92,0.94,0.94,0.94,094, 6 4,075,718
256,251,251, 251, 251, 227] 0.94,0.92,0.92, 0.92, 0.92, 0.9]
2 [157, 225, 236, 250, 273, 332, [0.9%,0.94,0.94,0.94,0.94,0.94, 5 7,590,411
332,332,332, 332,332,277 0.94,0.94,0.94,0.94,0.94,0.92 ]
3 [157, 225,233, 249, 272, 332, [0.9,0.94, 0.94, 0.94, 0.94, 0.94, 5 7,560,650
332, 332, 332, 332, 332, 277] 0.94,0.94, 0.94, 0.94, 0.94, 0.92]
der-
eSIllin?lgiled 4 [157, 225,233, 249, 273, 332, [0.9,0.94,0.94, 0.94, 0.94, 0.94, 5 7,622,124
332,332, 332,332, 332, 277] 0.94,0.94, 0.94, 0.94, 0.94, 0.92]
5 [157, 225,233, 249, 274, 332, [0.9,0.94,0.94, 0.94, 0.94, 0.94, 5 7,659,147
332,332, 332,332,332, 277] 0.94,0.94, 0.94, 0.94, 0.94, 0.92]
6 [157,225, 233, 249, 274, 332, [0.9, 0.94, 0.94, 0.94, 0.94, 0.94, 5 7,680,297

332,332, 332,332, 332, 277]

0.94,0.94, 0.94, 0.94, 0.94, 0.92]

Note: In all cases, all grids are selected in the first period.

* Based on the updated values of py and g at the end of period 1, the actual availability provided by the selected fleet size in the first period is
0.90, not 0.92 as initially selected.

undersupply. The decreasing trend in deviations indicates the effectiveness of iterative belief-
updating in reducing decision errors.

The patterns of observed values, shown in Table 3.9, significantly influence fleet size devi-
ations. In the underestimation scenario, initial beliefs differ from observed values, but subse-
quent observations are stable, enabling quick adjustment. A significant under-supply is seen in
the first iteration, but deviations drop near zero by the second iteration.

In the overestimation scenario, observed values converge more gradually with larger differ-
ences between successive observations. Initial overestimation results in substantial oversupply,
and while deviations decrease over time, they do not fully vanish. After period 5, fleet size
deviations increase due to the restriction on new fleet acquisitions. The model sets a higher fleet
size before period 6 to meet the expected adoption growth. As shown in Table 3.10, at iteration
5, the fleet size is set to 329 for periods 6-11, but after updates in iteration 6, it is reduced to
282 for periods 6-7 and 276 in period 8.

To examine the value of belief-updating to adjust decisions, we compare the performance
of the belief-updating strategy with the upfront strategy that relies solely on initial parameter
estimates, without any updates or decision adjustments. Table 3.11 presents the results under the
upfront design with incorrect initial beliefs. The first column indicates the simulation scenario.
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Figure 3.6: Fleet size deviation over updating iterations, expressed as a percentage relative to
the final fleet size based on the updated parameters at the last iteration (iteration 6).

The last column reports the profit loss, calculated as the difference (in percentage) between
the total profit achieved by the belief-updating strategy and that of the upfront design. The
remaining columns are consistent with those described previously.

Table 3.11: Upfront service design for under and over-estimations over a one-year implemen-
tation phase

Adoption coef. Grid No.  Fleet size Availability level ht  Profit loss(%)
Over-estimated 13 332 0.94 6 39.3
Under-estimated 13 315 [0.94,0.94,0.94,0.94,0.92%] 5 47

* According to the updated values of p and q, the selected fleet size is not enough for providing the availability
level of 0.94 and it reduces to 0.92 after the fourth period

Ignoring the belief-updating opportunity to adjust decisions based on the observations re-
sults in significant profit losses. In the overestimation scenario, the upfront strategy leads to re-
source oversupply, resulting in a 39.3% reduction in total profit compared to the belief-updating
strategy. In the underestimation scenario, the upfront design fails to meet service quality re-
quirements and leads to a 47% profit loss.

3.7 Discussion

We synthesize the results of our numerical experiments, using a free-floating bike-sharing ser-
vice design as a representative application, into the following managerial insights.

Service design choices (such as fleet size and service coverage) directly determine service
quality, which in turn sets the upper bound of potential user uptake by defining who finds the
service satisfactory. Within this bound, the pace and pattern of user adoption drive demand
growth and profitability. Accurately capturing this interplay between service design and adop-
tion dynamics is essential for realistic demand estimation and effective long-term planning.

Initial service quality is crucial for attracting and retaining innovators, thereby encouraging
adoption among imitators. Even under cost pressures (such as low demand or highly imbalanced
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trip patterns) the optimal strategy maintains high availability and accessibility for the targeted
coverage area. This often translates into offering selective, high-quality service rather than
broad, lower-quality coverage. Doing so preserves user satisfaction, reduces churn, and lays the
foundation for future demand growth.

Allowing for phased implementation aligned with adoption trajectories enables more effi-
cient scaling of operations. By explicitly incorporating social influence and service quality in
demand modeling, the system better matches supply with demand, avoiding the inefficiencies
of over-supply or unmet demand.

While modeling adoption dynamics alone offers performance benefits, incorporating a belief-
updating mechanism substantially enhances adaptability under uncertainty. By updating beliefs
and adjusting future decisions based on observed adoption data, the belief-updating strategy
protects against the long-term costs of misestimation. In contrast, a static upfront strategy,
locked into initial assumptions, risks significant inefficiencies.

Faster convergence of observations allows earlier and more accurate updates, improving
the alignment between supply decisions and actual demand. This highlights the importance
of collecting reliable early-stage data and ensuring mechanisms for timely updates in system
planning.

Overall, our findings highlight the importance of jointly modeling adoption behavior and
service quality within a phased service deployment. This approach enables the gradual imple-
mentation of decisions aligned with the evolving adoption. It also offers the flexibility to revise
design choices, such as fleet size and service coverage, as more is learned about actual user
behavior. By phasing implementation, the model inherently supports a belief-updating process,
allowing the system to update demand estimates based on observed adoption patterns and im-
prove future decisions. This adaptability leads to more efficient resource allocation, sustained
service quality, and greater profitability.

3.8 Conclusion

This paper proposes a phased service-adoption planning framework for shared micromobility
operations that explicitly links user adoption dynamics to service design. By extending the Bass
diffusion model to incorporate service quality and embedding it within a phased deployment
structure, the framework synchronizes fleet sizing and service location decisions with projected
adoption trends. By incorporating the interdependence between service design and adoption
behavior, the proposed framework enables management of demand uptake through periodic ad-
justments in service availability and accessibility. The results of our numerical tests show that
accounting for adoption behavior improves resource utilization and profitability compared with
assuming immediate, socially independent, or service-quality-independent uptake. By scaling
service quality over time, the model avoids the pitfalls of overinvestment in low-demand or
slow-adoption settings and under-provision in high-demand or high-expectation cases, which
can occur when the interdependence between demand, social influence, and service quality
is ignored. While the model itself does not include endogenous learning, our numerical ex-
periments illustrate that its phased structure supports decision adjustments when paired with
external belief-updating processes. In particular, belief-updating simulations reveal how peri-
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odic updates to adoption forecasts can significantly reduce losses under parameter uncertainty
by guiding mid-course adjustments in service design.

The proposed model can be extended to various emerging shared mobility services, be-
yond micromobility, as the core components of service quality are common across different
modes. However, it needs to be adapted to incorporate resource-specific considerations, such
as charging infrastructure for electric vehicles and repositioning operations for different vehicle
types. This study opens several avenues for future work. First, embedding learning mech-
anisms, such as Bayesian inference or reinforcement learning, directly into the optimization
process would enable real-time adaptation to observed user behavior. Second, incorporating
uncertainty through stochastic or robust optimization could improve decision robustness under
incomplete data or uncertainty around adoption. Third, extending the model to capture market
competition or to integrate promotion strategies, such as marketing efforts and targeted incen-
tives, would enhance its applicability to early-stage deployment planning.
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Chapter 4

Assortment Design under Context Effects:
A Regret-Based Optimization Framework
for Transportation Platforms

Abstract: This paper develops a methodological framework for context-aware assortment de-
sign in platform-based transportation systems. User preferences are modeled using the Gener-
alized Random Regret Minimization (G-RRM) model, which accounts for context-dependent
choice behavior such as attraction and compromise effects. We formulate the assortment op-
timization problem under G-RRM, derive structural properties of optimal solutions, and intro-
duce diagnostic indicators that measure the influence of individual alternatives on these effects.
To address computational complexity, we propose an efficient algorithm that embeds behavioral
sensitivity directly into the optimization process. Numerical experiments demonstrate when
context effects meaningfully shift optimal assortments, and when utility-maximization models
yield similar outcomes despite the presence of context-driven distortions. These findings of-
fer practical guidance for integrating behavioral modeling into platform design and operational
decision-making.

Keyword: Context effects, Assortment optimization, Context-RUM models, Platform-based
mobility systems

Research from this chapter contributed to a paper submitted to the Transportation Research Part B: Methodologi-
cal.
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4.1 Introduction

Urban mobility systems—Ilike ride-hailing, micromobility, and on-demand transit—are increas-
ingly shaped by platforms that algorithmically manage user-facing choices. A central mecha-
nism in this design is the construction of travel menus, or assortments: the sets of alternatives
offered to users at the point of decision. These menus shape individual choices and aggregate
demand, with downstream effects on vehicle utilization, congestion, and service reliability. As
such, assortment design plays a pivotal role in aligning platform goals—profitability, opera-
tional efficiency, and user satisfaction (Yang et al., 2016; Atasoy et al., 2015; Ulmer, 2020;
Azadeh et al., 2022; Ausseil et al., 2022).

Assortment optimization is commonly formulated using discrete choice models grounded in
Random Utility Maximization (RUM), such as the Multinomial Logit (MNL) and Nested Logit
(NL) models (Ben-Akiva & Lerman, 1985). These frameworks assume that users evaluate
alternatives independently based on latent utility. However, behavioral research has shown that
preferences are context-dependent—shaped by the presence and structure of competing options
(Simonson, 1989; Huber & Puto, 1983). Two canonical examples are the attraction effect,
where a dominated decoy boosts the appeal of a similar alternative, and the compromise effect,
where users disproportionately favor intermediate options. Such behaviors violate core RUM
assumptions, including regularity and the independence of irrelevant alternatives (IIA) (Luce,
1977).

Contextual random utility models (Context-RUMs) have been developed to capture these
dynamics. Yet most are designed for explanation or prediction in controlled, low-dimensional
settings. Their relevance for real-world optimization—particularly in transportation platforms,
which must generate assortments over large, dynamic alternative spaces—remains unclear. In
these environments, multiple context effects may interact, and design decisions directly influ-
ence user behavior. Failing to account for such effects risks suboptimal system performance.
Clarifying when and how context sensitivity alters optimal assortments is thus essential for
aligning behavioral modeling with operational decision-making.

This paper develops a context-aware framework for assortment optimization in platform-
based transportation systems. We focus on behavioral distortions—such as the attraction and
compromise effects—that violate standard assumptions in Random Utility Maximization (RUM)
models. While these effects are well-documented, their implications for design remain under-
explored. We address this gap by integrating behavioral realism into the optimization process
itself.

Our framework builds on the Generalized Random Regret Minimization (G-RRM) model,
which captures context effects through pairwise, regret-based comparisons. We formulate the
assortment optimization problem under this model, derive structural indicators that quantify the
influence of individual alternatives, and analyze how assortment composition modulates user
responses. These insights inform a scalable algorithm that embeds behavioral dynamics into
assortment construction, balancing computational feasibility with behavioral fidelity.

Numerical experiments compare assortments produced by G-RRM and RUM-based mod-
els. The results show that context-aware designs significantly outperform standard methods in
competitive or sensitivity-driven settings, where behavioral effects are pronounced. In contrast,
both models converge when alternatives are similar or user preferences are stable. This yields a
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practical criterion: behavioral models matter most when design outcomes are sensitive to subtle
shifts in user preferences.

This study makes four contributions. First, it formulates an assortment optimization frame-
work grounded in regret-based modeling. Second, it develops diagnostic tools to expose how
behavioral effects shape design. Third, it introduces a scalable algorithm that integrates these
effects into operational logic. Finally, it identifies the conditions under which behavioral model-
ing changes optimal outcomes, clarifying where behavioral complexity adds value—and where
it can be omitted without loss.

The remainder of the paper is organized as follows. Section 4.2 reviews related work on
transportation assortment design and behavioral choice models. Section 4.3 formulates the
regret-based assortment optimization problem. Section 4.4 formalizes attraction and compro-
mise effects as geometric constructs and illustrates their behavior under G-RRM. Section 4.5
develops diagnostic measures for structural configurations, behavioral gains, competitor sup-
pression, and centrality. Section 4.6 presents the solution method. Section 4.7 reports compu-
tational experiments, including comparisons of G-RRM and MNL. Section 4.8 concludes with
implications and directions for future research.

4.2 Literature Review

Assortment optimization involves selecting a subset of alternatives to maximize expected out-
comes, such as revenue or user welfare. This problem is fundamental to the design and operation
of platform-based transport and logistics services. For instance, it underpins travel menu con-
struction in on-demand transport systems, ride-hailing platforms, and the configuration of deliv-
ery timeframes in last-mile logistics services (e.g., Azadeh et al. (2022); Atasoy et al. (2015)).
The accuracy of customer choice modeling, typically through behavioral models, is critical to
the effectiveness of assortment strategies. These models influence customer decisions, thereby
shaping platform profitability, service efficiency, and user satisfaction.

Classical assortment models are typically grounded in the Random Utility Maximization
(RUM) framework, with Multinomial Logit (MNL) and Nested Logit (NL) models as dominant
examples (Davis et al., 2014; Talluri & Van Ryzin, 2004). For a recent review of assortment
optimization under RUM and a comparative empirical evaluation, see Heger & Klein (2024)
and Berbeglia et al. (2022). However, a growing body of behavioral research highlights system-
atic violations of key RUM assumptions, such as regularity and the independence of irrelevant
alternatives (IIA) (Luce, 1977). These violations emerge in phenomena such as the attraction
effect—where a dominated decoy increases preference for a similar superior option—and the
compromise effect, where intermediate alternatives are disproportionately favored (Simonson,
1989; Huber & Puto, 1983). To address such context-dependent choice behaviors, a range of
Context-RUM models have been developed. Table 4.1 summarizes these models. In the re-
mainder of this section, we review the main variants, assess their applicability to assortment
design, and evaluate empirical evidence—particularly in transportation settings, as in Guevara
& Fukushi (2016).

Emergent Value (EV) models capture context effects by using set-specific dummy variables
to adjust utility based on the alternatives included in each choice set (Simonson, 1989; Rood-
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erkerk et al., 2011). This allows the model to reflect how preferences shift depending on which
options are presented together. In a comparative study of transportation mode choice, Guevara
& Fukushi (2016) report that EV achieved the highest predictive accuracy for both attraction
and compromise effects using stated and revealed preference data. However, because EV lacks
a general utility function that applies across choice sets, it must re-estimate preferences for each
new set. In algorithmic assortment optimization, where many sets are evaluated iteratively, this
makes EV impractical.

Weight-Change (WC) and Value Shift (VS) models capture context effects by adjusting the
importance of attributes based on the composition of the choice set (Huber et al., 1982; Wedell,
1991). In WC models, attribute weights are recalibrated when alternatives with extreme val-
ues are present, which can amplify preferences for compromise options. Empirically, WC has
shown strong performance in predicting compromise effects, though VS models have received
less consistent support Guevara & Fukushi (2016). However, both approaches often yield pa-
rameters that are difficult to interpret or generalize across sets which limits their applicability in
assortment optimization.

The Contextual Concavity Model (CCM) draws on Prospect Theory to explain compromise
behavior through reference dependence and loss aversion (Kivetz et al., 2004). The model as-
sumes that individuals evaluate alternatives relative to a perceived reference point, with losses
weighted more heavily than equivalent gains. In a comparative study using transportation mode
choice data, Guevara & Fukushi (2016) reported that CCM was less effective in capturing de-
coy effects relative to other Context-RUM models. A key limitation is that reference points
must be defined for each choice set, yet in mobility platforms, assortments vary across trips
and users. This variation makes reference points unstable and difficult to define consistently,
limiting CCM’s applicability for assortment design in dynamic transportation environments.

The Random Regret Minimization (RRM) model conceptualizes choice behavior as the min-
imization of anticipated regret, computed through pairwise comparisons among alternatives
(Loomes & Sugden, 1982). Unlike utility-maximization models, RRM emphasizes relative dis-
advantage rather than absolute utility. In a comparative analysis using transportation choice
data, Guevara & Fukushi (2016) found that RRM effectively captured compromise effects and
yielded predictive accuracy competitive with standard MNL. The Generalized Random Regret
Minimization (G-RRM) model extends this framework by introducing a sensitivity parameter
that modulates responsiveness to context. This additional flexibility enables G-RRM to repre-
sent both attraction and compromise effects within a unified structure. In the same study, the
authors report that G-RRM achieved higher predictive accuracy than RRM and provided strong
empirical fit for both context effects. Importantly, G-RRM retains closed-form choice proba-
bilities and does not require recalibration for each assortment, making it especially suitable for
assortment optimization.
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Table 4.1: Empirical and Theoretical Comparison of Context-RUM Models

Model Behavioral Mech- Attraction Effect Compromise Ef- Limitations
anism Prediction fect Prediction

EV Set-specific utility ~Strongest empiri- High empirical ac- Requires dummy variables;
shifts; justification cal support curacy lacks generalizability; needs
heuristics recalibration for each set

WwC Attribute reweight-  Strong empirical fit  Best empirical fit Parameters difficult to inter-
ing based on pret; no closed-form solution;
salience forecasting unstable

VS Salience varies by Strong theoretical Not evaluated em- Identifiability issues; omitted
dominance config- basis pirically from empirical validation
uration

RRM Regret from pair- Moderate predic- Strong fit Parsimonious but may over-
wise attribute com-  tive power simplify ~ multidimensional
parisons trade-offs

G-RRM Regret sensitivity Moderate theoreti- Strong theoretical ~Not directly tested in Guevara
scaling;  general- cal support support & Fukushi (2016); moder-
izes MNL ate computational overhead;

interpretation of parameters
needed
CCM Reference depen- Weak support Weak support Empirical misalignment; un-

dence with loss
aversion

stable reference points; incon-
sistent performance

Behavioral models play a central role in platform operations—shaping not just demand
forecasts but also the structure of design decisions. A model may fit user choices accurately
yet yield similar assortments, or conversely, a simpler model may lead to effective designs.
This study reframes behavioral modeling as a tool for guiding optimization. We integrate the
Generalized Random Regret Minimization (G-RRM) model into an assortment framework to
assess how context effects influence platform design. At the assortment level, we evaluate how
context sensitivity alters the choice set itself. At the within-assortment level, we examine how
behavioral asymmetries redirect user attention toward targeted options. This two-layer analysis
provides operational clarity on when and where behavioral modeling matters.

4.3 Assortment Optimization Under Context-Dependent Pref-
erences

Consider a universal set of alternatives i = {1,..., N}, where N denotes the total number of
available items. An assortment is defined as a subset S C U offered to consumers. Given an
assortment S, the probability that a consumer selects alternative ¢ € S is denoted by 7;(S).
These probabilities are assumed to be influenced by the compromise effect and the attraction
effect.

Let r; € R denote the platform’s profit from offering alternative ¢ € U, and let r =
(r1,...,rn) denote the profit vector. The expected profit from offering assortment S C U
is f(S) = > ,cs7imi(S), and the platform’s objective is to identify the profit-maximizing as-
sortment:

S = argrgggf(‘?).
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We model choice behavior using the Generalized Random Regret Minimization (G-RRM)
framework (Chorus, 2014), which posits that individuals minimize anticipated regret from un-
favorable attribute comparisons. Each alternative ¢ € U is described by an attribute vector
xr; = (‘Tih e le) S RM

Given a choice set S C U, the total regret of selecting i € S is:

where £; ~ Gumbel(0, 1) is an i.i.d. error term, and R;(S) captures deterministic regret from
pairwise comparisons:

M
Ri(S) = Z Z [ln (A/ + eﬂ’”(z”"z“’l)) —In(y+ 1)] ,

jes\{i} m=1

with 3, € R denoting sensitivity to attribute m, and v > 0 controlling smoothness and curva-
ture of regret response.

The resulting choice probability is:
(~Ri(S)

7Tz(8) = Zjes (—R;(S))

4.1)

4.3.1 Behavioral Properties of G-RRM

The parameter v € [0, 1] in the Generalized Random Regret Minimization (G-RRM) model
modulates the curvature of the regret function and determines the extent of context sensitivity.
As 7 increases, the model places greater emphasis on pairwise regret comparisons, amplifying
context effects in choice behavior.

When v = 0, G-RRM becomes behaviorally neutral to the choice context. Under this
setting, and assuming linear utility, the regret function simplifies to a linear form. The following
proposition establishes that, in this regime, G-RRM yields choice probabilities equivalent to
those produced by the Multinomial Logit (MNL) model.

Proposition 1 Let 7;(S) denote the G-RRM choice probability for alternative i € S, as defined
in Equation (4.1). Assume that utility is linear in attributes. Then, in the limit v — 0, G-RRM
converges to a scaled version of the Multinomial Logit (MNL) model with transformed weights
Wm = |S| * B, such that:

M
e (Zmzl wmmm)

lim 7;(S) = — .
’YA)OTFZ( ) Zjese(z‘?lewn,,l'ym)

A complete derivation is provided in A.1.

When v > 0, G-RRM incorporates context-sensitive regret comparisons that induce be-
havioral asymmetries not captured by MNL. In this regime, the model no longer satisfies the
properties of regularity and independence of irrelevant alternatives (IIA), which are central to
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multinomial logit model. The following propositions formally demonstrate that G-RRM vio-
lates these properties through its structural dependence on the composition of the choice set.

Proposition 2 (Violation of Regularity under G-RRM) Let S C U be a choice set, and let
T = SU{k} for some k ¢ S. Under the G-RRM model, there exist attribute vectors {x; }icT
and regret parameters 3, such that for some i € S,

mi(T) > m(S).
Hence, G-RRM violates the regularity property.
The proof is provided in A.2.

Proposition 3 (Violation of ITA under G-RRM) Let S C U be a choice set, and let T =
S U {k} for some k ¢ S. Under the G-RRM model, there exist attribute vectors {x,}ec and
parameters 3, such that for some pairi,j € S,

Therefore, the model does not satisfy the independence of irrelevant alternatives (1IA) property.

The proof is provided in A.3.

In summary, G-RRM recovers MNL behavior as v — 0, satisfying regularity and IIA in
that limit. For v > 0, however, context-sensitive comparisons introduce systematic violations
of these axioms. Propositions 2 and 3 show that choice probabilities may increase for dominated
alternatives or shift disproportionately with added options—patterns inconsistent with classical
RUM logic. These departures motivate the need for diagnostic tools to quantify context effects
in applied assortment design.

4.4 Context Effects in Assortment Design

To characterize when and how context effects distort choice behavior, this section formalizes
attraction and compromise effects using geometric constructs over attribute vectors that remain
invariant under monotonic transformations of utility. Each alternative ¢ € U is represented by
an attribute vector x; € RM, where all attributes are (pre)oriented so that higher values are
weakly preferred.

We first define the structural conditions under which attraction effects arise.

Definition 4.1 Asymmetric Domination
Let z;, x; € RM be attribute vectors for alternatives i and d. Alternative d is asymmetrically
dominated by @ if: x4, < x4, Ym, and there exists m such that x4, < Z;p,.

Definition 4.2 Attraction Zone
Let a;, ¢ € U be alternatives with attribute vectors x,,, z. € RM. The attraction zone A,, . C
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RM is the set of vectors x4 such that: (1) x4 is asymmetrically dominated by Tays 2) T4 s
not asymmetrically dominated by x.; and (3) x.. is not asymmetrically dominated by x,,. This
zone characterizes decoy positions that amplify preference for a; without inducing dominance
over c.

Definition 4.3 Attraction Effect

Letai,c € S C U be two alternatives, and let d € S be a third alternative such that z, € A, ..
An attraction effect is present if the inclusion of d increases the absolute or relative choice
probability of a;:

To ({a1,¢,d}) 7oy ({as, c})
me({ar, e;d}) — me({ar, c})

or 7, ({a1,c,d}) > 7., ({a, c}).

The attraction effect violates regularity and IIA by increasing demand for a; when a dom-
inated alternative from A,, . is added to the choice set. We next formalize the compromise
effect, which emerges from the inclusion of extreme options rather than dominance relations.

Definition 4.4 Compromise Region
Let4,j € S C U be mutually non-dominating alternatives with attribute vectors x;, z; € RM.
The compromise region between ¢ and j is

Cij = {z eRM ‘ min{zim, Tjm} < 2m < max{Timn, Tjm} Vm},
where z,, denotes the m-th coordinate of z.

Definition 4.5 Compromise Effect

Let ¢, € S be mutually non-dominating alternatives and let C;; be their compromise region.
An alternative k € S (k # 1, j) is a compromise candidate with respect to 7 and j if (i) z1, € C;j;
(ii) k is not asymmetrically dominated by ¢ or j; and (iii) ||y — ;|| > € and ||y — ;|| > €
for some € > 0.

A compromise effect is present if

(i k) | mlikY)  midk) | ml kD
m{Ld k) T m{EED T Bk T Bk

and it additionally violates regularity when

me({i,5,k}) > me({i, k}) and - m.({, 4, k}) > ({4, k})-

These constructs provide a testable basis for detecting violations of regularity and IIA in
observed choice behavior. We next use them to construct diagnostic metrics in Section 4.5.

4.4.1 Illustrative Behavior of G-RRM under Context Effects

We use diagrammatic examples to show how G-RRM produces context effects when the posi-
tion of a decoy changes within the attribute space. The setting builds on two diagnostics defined
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earlier: the regularity ratio 7,, and the IIA ratio 7,, ., which respectively capture violations of
regularity and ITA. By mapping these ratios over alternative placements of the decoy, we can
visualize how geometric configuration shapes the strength of these effects.

Figures 4.1a—4.1b consider a three-alternative set composed of focal a;, competitor ¢, and
decoy d. The outlined rectangle marks the attraction zone A,, ., where d is asymmetrically
dominated by a; but not by c. Contour lines show the values of 7,, and 7,, . across the attribute
space. Within A,, ., both ratios are greater than one, and their values increase as d moves deeper
into the zone and farther from the equal-attribute frontier between a; and c. This pattern reflects
the fact that greater dominance of a; over d amplifies the shift in choice probability toward a;.

Figures 4.1c—4.1d add a second focal alternative a; while retaining the same decoy place-
ments in A, .. The presence of a; changes the pairwise regret terms, which now compare d not
only to a; and c but also to as. As a result, placements that previously yielded large increases
in 74, and 7,, . now produce ratios close to one, with only mild increases in the IIA measure.
The reduction occurs because part of the decoy’s disadvantage relative to a; is offset by its
disadvantage relative to as.

These examples show that the impact of a decoy depends jointly on its location in the at-
tribute space and the composition of the choice set.

4.5 Diagnostic Framework

We define four categories of indicators to capture the presence, strength, and strategic conse-
quences of context effects in assortment optimization. Each category plays a distinct role in
diagnosing the influence of compromise and attraction dynamics on the structure and outcomes
of choice sets.

4.5.1 Structural Preconditions for Context Effects

We begin by identifying structural conditions under which context effects can theoretically
arise. These indicators assess the spatial configurations that make an assortment geometrically
susceptible to compromise or attraction influences, independent of user preferences.

Compromise Configurations x°®(S)  This indicator quantifies the number of structural con-
figurations within S that permit a compromise effect. Each valid configuration consists of a pair
of mutually non-dominating extremes {j, k} C S that define a compromise region C;;, contain-
ing at least one intermediate alternative i € S \ {7, k} that is not asymmetrically dominated.

Attraction Configurations o8(S) This indicator quantifies the number of structural config-
urations within S that support attraction effects. Each valid configuration consists of a decoy-
target pair (¢,d) € S x S, where the decoy d is asymmetrically dominated by the focal alterna-
tive ¢, and not by any other competitor j € S\ {i,d}.
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Figure 4.1: Impact of decoy placement on regularity and IIA under G-RRM. In the three-
alternative set (ay, ¢, d), uplifts in both diagnostics occur exclusively within the attraction zone
A, o and intensify as d moves deeper into the zone and farther from the equal-attribute frontier.
Adding a second focal alternative as changes the structure of pairwise regret comparisons, as d
is now evaluated relative to both a, and as in addition to c. This additional competition neutral-
izes most of the uplifts, yielding ratios close to one in much of the attribute space. The contrast
between panels (a)—(b) and (c)—(d) illustrates how decoy effects depend jointly on geometric
dominance and the composition of the choice set.
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4.5.2 Context-Induced Shifts in Choice Probability

This section evaluates how structurally admissible context effects translate into observable dis-
tortions in user choice behavior under the G-RRM model. These indicators measure the behav-
ioral realization of compromise and attraction dynamics for individual alternatives and across
the entire assortment.

Compromise Gain /f,(f) Measures the behavioral uplift in choice probability for an alternative

k € S due to its role in structurally valid compromise configurations. For each pair of mutually
non-dominating extremes {4, j} C S\ {k}, if & € C;;, we evaluate how the inclusion of both
extremes increases k’s probability relative to either extreme alone:

S .o . .. .
A= 0 Im{id k) — me{i kDL (k) = m({. R,
{i.5}CS\{k}
keCij
A positive value signals that &’s appeal is behaviorally amplified by its placement between ex-
tremes. Summing across all alternatives yields the total compromise gain: £"*(S) = >, .o H;és)_

Attraction Gain aﬁs) Captures the behavioral gain in choice probability for a focal alternative

i € S driven by attraction-inducing decoys. For each competitor j € S\ {i} and decoy
d € A; ; NS, we evaluate how the presence of d elevates the appeal of ¢ relative to the baseline
pair {i,7}:
S L. L.
o = > Im{iddh) - m({i g},

jes\{i}
deA; ;NS

This indicator isolates decoy effects that reinforce ¢’s position without also benefiting competi-
tors. The total attraction gain across the assortment is: o"**(S) =3, ¢ afs).

4.5.3 Competitor Suppression

We evaluate how context effects diminish the relative standing of a focal competitor c. Two
indicators quantify suppression via compromise and attraction dynamics.

Compromise-Based Suppression z.(S) Measures the extent to which intermediate alterna-
tives ¢ € C,; weaken c’s position when introduced alongside another extreme j. For each valid
triplet {7, ¢, j }, we compute:

— Wi({i7cv.j}) 777({276})
Re(S) = Z log —% — log : .
i R o R vy

1€Cc;

A positive value indicates a regularity violation, where the presence of a compromise draws
preference away from c.
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Attraction-Based Suppression a.(S) Assesses whether decoys asymmetrically dominated
by a target ¢ distort its comparison with c. For each d € A4, ., we evaluate:

. S\ mlS)
“8= 2 eI

deA; NS

A positive value signals a violation of ITA, as the decoy alters relative odds without directly
competing with c.

4.5.4 Indicators for Spatial and Behavioral Centrality

This section evaluates how assortments align with geometric and preference-based centers. We
define centrality through two constructs: the geometric center, which reflects spatial symmetry,
and the behavioral center, which captures the concentration of user preference. These indicators
assess whether optimization shifts assortments toward central profiles, and whether such shifts
favor high-probability or high-revenue alternatives.

Geometric Center We define spatial centrality to assess how assortment optimization repo-
sitions alternatives relative to the geometric center of the attribute space. The geometric center
of a set S is given by the geometric median:

7 8€0 — ¢ 1 P
ZE°(S) = drgg@z |2 — 2||.
€S

This point minimizes total distance to all alternatives and serves as a spatial anchor for evaluat-
ing symmetry.

To measure how optimization affects this anchor, we compare its distance to a fixed com-
petitor x. before and after optimization:
A2 = |25°(S7) — x| - [|z*°(U) — z]|.
A negative value indicates that the optimized set S* moves the center closer to ¢, suggesting
greater alignment.

We also evaluate the centrality shift for each item i € S* relative to the geometric center:
AR =z — 25U — [l — 25 (ST

Positive values suggest that optimization draws item ¢ closer to the spatial center, reinforcing
its geometric centrality.

Behavioral Center To capture the focal point of user attention within a choice set, we define

the behavioral center as the preference-weighted average of alternative attributes Z£°*"(S) =
> ics Ti(S) - i, where m;(S) is the choice probability of alternative i under the G-RRM model.

This point reflects where user preference is concentrated. To quantify how far each item
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deviates from this center, we define its behavioral distance:d?*" = ||z; — z*(S)||. Lower
values indicate stronger alignment with collective preference, highlighting candidates that act
as behavioral anchors.

Alignment Indicator To evaluate whether preference concentrates near the geometric center,
we compute the Spearman correlation:

pEeo(S) = corr ({{lz: — 2°(S)I}ies > {mil(S)}ies) -

A negative value supports compromise behavior by indicating that central options attract higher
probability.

4.6 Resolution Approach

This section develops solution methods for G-RRM under a common scale normalization ap-
plied uniformly for all . The main results are: (i) at v = 0, the model reduces to MNL and
the optimal assortment is revenue-ordered, computable in O(N log N) (Proposition 1, Theo-
rem 4.1); and (ii) for any fixed v > 0, the cardinality-% assortment problem is NP-hard (The-
orem 4.2), hence the general problem is also NP-hard. We then introduce the Context-Aware
Policy (CAP), a one-exchange local search that evaluates full G-RRM probabilities and coin-
cides with the MNL optimum as 7 — 0. CAP further achieves near-optimal revenue in the
low-regret regime (Corollary 4.3).

4.6.1 Behavior and Solvability at v = 0

As v — 0, the G-RRM probabilities reduce to a logit form with scale proportional to the set
size |S| (Proposition 1). Because this scale varies across sets, the odds between two fixed items
can shift when new options are added, violating IIA and regularity.

To eliminate this artifact, we normalize by dividing each deterministic regret by the number
of displayed rivals,
mi(S;7) o exp(=Ri(85;7)/T(S)),  T(S) := max{|S] - 1,1}.

This convention fixes the comparison scale across sets (equivalently, it rescales the Gumbel
errors) and yields at v = 0 the standard Multinomial Logit model with utilities

M
‘/i = Z ﬁm‘rirrr

m=1

The normalized v = 0 case therefore inherits all structural properties of MNL (IIA, regularity,
monotonicity), enabling polynomial-time solvability and the revenue-ordered optimal assort-
ment results that follow.

Proposition 4 (Structural properties at v = 0) In the normalized v = 0 case, the G-RRM



98 4 Assortment Design under Context Effects

choice rule coincides with the Multinomial Logit model with utilities {V;}. It therefore inher-
its the standard structural properties of MNL: independence of irrelevant alternatives (IIA),
regularity, and monotonicity in utilities.

Proof : From the softmax form 7;(S) = "/ jes eVi: (i) the odds ratio ;/m; depends only
on V;—V}, establishing ITA; (ii) enlarging the choice set increases the denominator while leaving
the numerator unchanged, so 7; cannot increase, proving regularity; and (iii) differentiating with
respect to V; and Vj, yields

o i on i
=m(l—m) >0, =—mm, <0
8‘/2 3 ( z) 3 avk ik )
so choice probabilities are strictly monotone in utilities. a

Proposition 4 establishes that the normalized v = 0 regime behaves exactly as an MNL
model, inheriting its structural axioms. This equivalence allows us to leverage classical assort-
ment theory. In particular, expected revenue admits the standard logit form, which implies that
the optimal assortment follows a simple threshold rule in item revenues. The next theorem
formalizes this revenue-ordered structure.

Theorem 4.1 (Revenue-ordered optimal assortment at v = 0) Ary = 0, the optimal assort-
ment is characterized by a revenue threshold: there exists T* such that

S ={{ield:r>1"}, " = f(8).

Equivalently, ordering items by revenue yields a nested family of assortments {Ak}‘,i'io, and
S§* = Ak~ for some K*. The optimum can therefore be found by sorting revenues and scanning
prefixes, an O(N log N) procedure.

A complete proof is given in Appendix A.4.

4.6.2 Stability Near v =0

A natural question is whether the revenue-ordered assortment that is optimal under MNL (y =
0) continues to be optimal when regret effects are small but positive. The next proposition shows
that this is indeed the case, provided the MNL optimum is unique and we adopt a consistent
normalization across all .

Proposition 5 (Stability near v = 0) Let SN denote the revenue-ordered assortment that is
optimal at v = 0. Suppose this assortment is unique and that the revenue gap

— NR. p .
A= f(S 70) - SIQSEI(Rf(Svo)

is strictly positive. Then there exists o > 0 such that SN® remains optimal for all v € [0, 7).
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Proof: For any fixed S, the revenue f(S;~) is continuous in 7. Since the number of assort-
ments is finite, the difference

= S:v) — F(SNR:A
9(7) = max f(S;7) = f(§75)
is also continuous. Aty = 0, we have g(0) = —A < 0. By continuity, there exists vy > 0 such
that g(y) < 0 for all v € [0, 70|, proving the claim. O

Thus the revenue-ordered structure established at v = 0 is robust under small positive regret.
Beyond this regime, however, assortment optimization becomes computationally intractable.

4.6.3 Computational Limits Beyond v = 0

At v = 0, assortment optimization reduces to MNL and admits a simple revenue-ordered solu-
tion in polynomial time. This tractability is fragile: as soon as regret effects are introduced, the
problem becomes intractable.

Theorem 4.2 (NP-hardness for v > 0) For any fixed v > 0 and 8 > 0, the decision version
of the cardinality-k assortment optimization problem under G-RRM is NP-hard.

Thus, the revenue-ordered solvability of the v = 0 regime is a knife-edge phenomenon:
any positive regret sensitivity makes assortment optimization computationally intractable in
general. This rules out efficient exact optimization and motivates the approximation strategies
developed in the next section. The proof is by reduction from the Densest k-Subgraph problem
and is deferred to A.S5.

4.6.4 Context-Aware Policy (CAP)

Aty = 0, assortment optimization admits a revenue-ordered solution (Theorem 4.1). Once re-
gret interactions are introduced (v > 0), this structure disappears: the marginal effect of an item
depends on the full incumbent set through nonlinear pairwise terms, and the problem becomes
NP-hard (Theorem 4.2). To cope with this complexity, we develop the Context-Aware Policy
(CAP), a local-search method that evaluates exact G-RRM revenues and delivers behaviorally
consistent, computationally efficient solutions.

We formalize the search procedure as follows. The outside option c is always available with
r. = 0. For an assortment S C U/, define
Vi(S;7)

Vi(Siv) = exp{—Ri(S;7)},  m(Siy) = TS S e V(8]

and expected revenue

ZS(’Y) = Zﬁ' 7Ti(8§’Y)-

Given S, its 1-exchange neighborhood is

N(S)={SUfil:i¢ SYU{S\{i}:ieS),
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optionally restricted to enforce |S| < k under a cardinality limit. The Context-Aware Pol-
icy (CAP) iteratively applies the best-improvement rule: from S, it moves to the neighbor
S’ € N(S) with maximum Zg (y) whenever Zs/(y) > Zs(7); otherwise it halts. To re-
duce sensitivity to initialization, CAP is run from each singleton {i} and returns the best final
revenue. The detail of the algorithm is presented in A.6.

Connection to the Nested-by-Revenue Policy

Aty = 0, G-RRM reduces to MNL and the optimal assortment follows the Nested-by-Revenue
(NR) rule (Theorem 4.1). CAP is consistent with this tractable regime: starting from any sin-
gleton, every improving move under MNL admits the highest-revenue remaining item until the
fixed-point condition

S={ield:r,>7Z(S")}
is satisfied. Thus CAP collapses exactly to the NR solution when regret effects vanish.

More generally, if regret comparisons remain aligned with revenue rankings (e.g., higher
revenue implies lower regret, rankings are invariant under expansions, and zero-profit items
are dominated), then CAP selects items monotonically in revenue order. These conditions are
restrictive and mainly serve as a consistency check: they show that CAP degenerates to the
familiar greedy revenue-nesting policy whenever regret interactions behave monotonically.

Robustness of CAP in the Low-Regret Regime

Aty = 0, CAP coincides with the revenue-ordered optimum of the MNL model (Theorem 4.1).
A natural question is whether CAP continues to perform well when ~y is small but positive. To
address this, we derive a first-order expansion of G-RRM probabilities around their MNL limit
and use it to bound the revenue gap of CAP.

Proposition 6 (First-order approximation of G-RRM by MNL) As~ — 0, the G-RRM choice
probabilities converge smoothly to their MNL counterparts. For any fixed assortment S,

Wl_G—RRM(S; ) = 7TMNL(8) +0(v), i1 €S,

[

with deviation bounded linearly in ~y under uniformly bounded attribute differences. More pre-
cisely,

ﬁMW&wwmwﬂwwmw(zyPW&@—AJ+mfx
JjeS

where A; = 1o\ 1y 3, (e @im=eim) — 1) In particular, there exists K(S) > 0 such that

ma |7 (S ) - NH(S)| < K(S)7
US

for all sufficiently small ~.

The result follows by a first-order expansion of the regret terms in .
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Corollary 4.3 (Value guarantee for CAP in the low-regret regime) Suppose revenues are bounded
(r; < T) and attribute differences satisfy the condition of Proposition 6. Then there exists C > 0
such that, for all sufficiently small ~,

sup | fOTM(S;y) — NS | < O

scu -

Consequently, if Scap () is the CAP solution and S*(v) the G-RRM optimum, then

0 < fERN(S ();7) = FE™M(Scar(7);7) < 207,

so CAP attains O(v) near-optimality as vy — 0.

The uniform O(«y) convergence of G-RRM to MNL (Proposition 6), together with bounded
revenues, implies the first bound. The CAP guarantee then follows immediately: both the
G-RRM optimum and the CAP solution lie within Cy of the same MNL benchmark, so their
difference is at most 2Cy by triangle inequality.

4.7 Performance Analysis and Assortment Insights

This section quantifies when context effects matter for assortment design and how they alter op-
timal sets under G-RRM. Section 4.7.1 specifies the experimental design and parameterization.
Section 4.7.2 establishes that the CAP algorithm attains near-optimal solutions with modest
runtime. Section 4.7.3 contrasts MNL and G-RRM outcomes across competitor profiles and di-
mensions, reporting agreement rates, change patterns, and revenue/share impacts. Section 4.7.4
explains the mechanisms: it measures within-set structures (compromise and attraction) and
shows how optimization repositions assortments relative to competitors in attribute and behav-
ioral space.

4.7.1 Experimental Setup

We conduct experiments across three attribute dimensions (M € {2, 3,4}), three universal set
sizes (|U| € {8,12,16}), and five competitor profiles, generating 100 independent instances for
each combination, for a total of 4,500 instances. Competitor performance is summarized by a
relative attribute rank (RAR) o,,, € [0, 1], defined as the percentile position of the competitor on
attribute m. We consider five cases: (i) underperforming (o, = 0), (ii) price-strong (oprice =
0.75, 0,y = 0.25), (iii) balanced (o, = 0.5), (iv) attribute-strong (opicc = 0.25, 0,y = 0.75),
and (v) high-performing (o,,, = 1).

Behavioral variation is introduced through the G-RRM coefficients. For each attribute di-

mension M € {2, 3,4}, we consider five scenarios: (i) equal sensitivities (5, = —1 VYm); (ii)
one attribute stronger (8 = —2 vs. —1); (iii) the reverse; (iv) uniformly weaker (3,, = —0.5);
and (v) very weak (f3,, = —0.25). These cases span environments with symmetric versus

asymmetric sensitivities and with strong versus weak overall preferences.

For each attribute dimension, an MNL surrogate is obtained by projecting G-RRM choice
probabilities onto the MNL model. The projection is implemented via Kullback-Leibler diver-
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gence minimization on training menus, with evaluation on holdout sets. The complete set of
estimated parameters is reported in A.7, Table 1.

4.7.2 Computational Performance

We evaluate the computational efficiency of the Context-Aware Policy (CAP) algorithm by
varying the number of alternatives (|U/| € {6,10,16}) and the number of attributes (M €
{2,3,4}). For these instance sizes, the global optimum can be obtained by exhaustive enumer-
ation, allowing direct measurement of optimality gaps.

Table 4.2 reports the average optimality gap and computation time. Across all cases, the
average gap is 0.02%. Runtime increases with |I/| and M, but remains below one second even
for the largest configuration (|| = 16, M = 4). These results show that CAP computes
solutions that are effectively optimal with modest computation time.

Table 4.2: Computational performance of CAP algorithm

Gap (%) CAP Time (sec)
| M=2 M=3 M=4 Ave. M=2 M=3 M=4 Ave.

6 0.04 0.03 0.01 0.03  0.01 0.01 0.01 0.01
10 003 0 0 001 010 012 0.2 0.11
16 000 0.04 006 0.03 083 .00 1.00 094
Ave. 0.02 0.02 002 0.02 031 038 038 036

4.7.3 Assortment Outcomes under MNL and G-RRM

We compare the optimal assortments under the benchmark MNL model and the context-sensitive
G-RRM model across five competitor profiles and three attribute dimensions (M € {2,3,4}),
averaging over 100 replications. Results are reported as proportions with Wilson 95% con-
fidence intervals and as means with bootstrap 95% intervals; change decompositions and ex-
clusion rates are conditional on non-identical cases, and performance deltas are measured as
relative percentage changes under the G-RRM data-generating process. The main results are
summarized in Table 4.3, with additional tables provided in Appendix A.8.

Table 4.3 summarizes differences between MNL- and G-RRM-optimal assortments across
competitor profiles and attribute dimensions (M = 2, 3,4), with preference coefficients set to
—1 for all attributes. The Agreement columns report the share of identical assortments (Id.), the
Jaccard overlap of products between the two sets (Overlap), and the mean number of differing
items (JAS]). The Change column records the share of non-identical cases in which the G-
RRM set strictly expands the MNL set (Expand). The Exel. columns measure the frequency
with which G-RRM omits the MNL top-revenue item (Top-Rev Excl.) or the MNL top-choice
item (Top-Share Excl.). Finally, the Impact columns report the relative change in expected
revenue (ARev) and market share (AShare) when both assortments are evaluated under the
G-RRM model.

Agreement between MNL- and G-RRM-optimal assortments is high only when competition
is weak. With underperforming rivals, assortments coincide in up to 35% of cases in two dimen-
sions and exceed 60% with more attributes, with Jaccard overlaps of 74-95%. Disagreements
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Table 4.3: MNL vs. G - RRM optimal assortments: compact summary by dimension (M) and
competitor profile (Prof).

| Agreement | Change | Excl. | Impact
o Prof | Id. Overlap |AS| | Expand | Top-Rev  Top-Share | ARev  AShare
(tag) | (%) (Jac,%) (#) (%) Excl. (%) Excl. (%) (%) (%)
2 AS 4 60.5 2.95 13.5 7.3 8.3 -3.2 -4.6
BAL 1 56.0 3.20 0.0 14.1 222 -0.5 -4.3
HP 0 16.0 10.2 0.0 55.0 79.0 11.9 -26.8
PS 11 63.7 3.04 0.0 36.0 449 154 7.3
UP 35 77.2 1.31 98.5 1.5 1.5 -0.5 -0.1
3 AS 0 52.2 4.45 36.0 13.0 18.0 -2.5 -0.8
BAL 2 51.6 4.05 0.0 29.6 34.7 3.0 -6.5
HP 0 10.8 12.6 0.0 76.0 92.0 40.4 -39.5
PS 9 63.6 3.08 0.0 44.0 47.3 19.4 7.8
UP 31 74.4 1.36 100 0.0 0.0 -0.8 -0.4
4 AS 0 42.8 5.61 26.0 41.0 44.0 1.6 -11.0
BAL 3 53.5 3.99 2.1 32.0 38.1 7.3 -3.7
HP 0 9.6 13.8 0.0 87.0 98.0 94.0 -40.3
PS 21 70.0 2.84 16.5 46.8 532 18.2 6.6
UP 12 67.6 1.23 100 0.0 0.0 -0.8 -0.6

Legend. Prof tags: UP=underperforming, PS=price-strong, BAL=balanced, AS=attribute-strong,
HP=high-performing. Agreement: 1d.=share of identical sets; Overlap=Jaccard overlap; | AS|=mean # differing
items (non-identical cases). Change: Expand=share of non-identical cases with S¢ O SM. Excl.: Top-Rev
Excl.=share of non-identical cases where the MNL top revenue-contribution item (r;7; (SM)) is absent from SC;
Top-Share Excl.=analogous for the highest MNL probability item in SM. Impact: ARev, AShare are relative
changes (G-RRM optimal minus MNL optimal), both evaluated under G-RRM.

are minor (|AS| < 1.4) and almost always expansions, while exclusions of top-revenue or top-
choice items are essentially absent. Revenue and share differences remain within £1%. In such
settings, context effects have little impact: the standard MNL model captures assortments well
when competitors are clearly dominated.

As competition strengthens, divergence becomes systematic. High-performing rivals pro-
duce assortments that never coincide with MNL (0% identical across all M), with overlaps
collapsing below 20% and disagreement sizes exceeding 10 items in 2D and 14 in 4D. G-
RRM frequently excludes the very products that MNL highlights: the MNL top-revenue item is
dropped in 55-87% of cases and the top-choice item in 79-98%. These shifts yield substantial
revenue gains under G-RRM evaluation (up to +40% in 3D and +94% in 4D) but at the cost of
steep share losses (—27 to —40 percentage points). Price-strong competitors also drive consis-
tent divergence: assortments coincide in only 9-26% of cases, top-revenue items are excluded
in 36-53%, and revenues rise by 15-19% with modest share gains. In these markets, regret
sensitivity reshapes assortments fundamentally, reversing MNL’s emphasis on “star” products
and altering platform strategy.

Dimensionality amplifies these differences. With balanced competitors, identical assort-
ments fall from 1-5% in two dimensions to 0-3% in four, while Jaccard overlaps decline to
just above 50%. Attribute-strong rivals show a similar trajectory: overlaps drop from 60% in
2D to 43% in 4D, disagreement sizes increase from 3 to over 5, and top-revenue exclusions
climb from 7-13% to 26-41%. These changes magnify performance swings: while revenue
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effects are modest in low dimensions (£3%), in 4D they reach +7% for balanced profiles and
—11% for attribute-strong profiles. As the attribute space expands, behavioral effects interact
with competition to alter assortments more forcefully and with clearer economic consequences.

Overall, three insights emerge. First, MNL suffices in simple, weakly competitive markets,
where ignoring context effects rarely changes outcomes. Second, in stronger markets G-RRM
systematically overturns MNL prescriptions, often displacing the very items MNL deems in-
dispensable. Third, higher dimensionality magnifies these differences, producing larger shifts
in composition and performance. For practice, these findings imply that logit-based models
are adequate for low-stakes design problems, but in competitive and high-dimensional envi-
ronments they risk systematically misguiding decision makers. In such cases, incorporating
regret-based choice is not only behaviorally realistic but economically decisive, as it reshapes
platform menus, revenue potential, and market share in ways that the standard logit framework
cannot anticipate.

4.7.4 Context Effects in Optimal Assortments and Competitive Reposi-
tioning

Compromise and attraction effects are central to behavioral choice theory, but their implications
for assortment optimization remain ambiguous. They can in principle act as assets, amplifying
the demand for targeted items, or as liabilities, distorting substitution patterns and weakening
overall performance.

This section evaluates their role along two dimensions. Internally, we examine how optimal
assortments handle context-sensitive structures—whether they preserve them, eliminate them,
or selectively retain them. Externally, we investigate how optimization shapes the position
of the entire assortment relative to the competitor, through shifts in geometric and behavioral
centers and through suppression mechanisms.

Table 4.4 quantifies the internal composition of assortments by tracking two types of context-
sensitive structures: compromise () and attraction/decoy («). For each, we report both their
frequency (Kcsg, terp) and their aggregate behavioral gain (K, (o), defined as the increase in
the focal item’s choice probability due to the presence of contextual alternatives. The table
presents these diagnostics for the universal set, the G-RRM optimum, and the MNL optimum,
averaged across 100 replications by competitor profile and preference vector. These measures
reveal whether optimization preserves, eliminates, or selectively retains context effects when
forming optimal assortments.

Whereas Table 4.4 focuses on structures within assortments, Table 4.5 evaluates their ex-
ternal positioning relative to competitors. Here, distances (d9¢°, d**") capture how far assort-
ment centers lie from the competitor, with U, S, and Sy, giving levels for the universal set,
the G-RRM optimum, and the MNL optimum. The ASg and AS); columns record changes
relative to the universal baseline. Alignment metrics assess whether optimization reduces dis-
tortions between geometry and behavior, through the change in misalignment (A||x%" — x9¢°||)
and the correlation p9“’ between centrality and choice probability. Finally, k. and &. quan-
tify competitor suppression, capturing how compromise and attraction effects reduce the rival’s
share. Together, these diagnostics establish how assortment optimization shapes both the inter-
nal structure of menus and their external stance in the market.
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Table 4.4: Within-set context effects: compromise (k) and attraction («) structures in the uni-
versal set and under optimal assortments. Values are averaged over 100 replications.

| Universal Set | G -RRM Opt. | MNL Opt.
8 Prof Refg  Qlefg Kot Qtot Refg  Qlefg Kot Qitot Refg Qefg Kot Qitot
(tag) | #) (H (gain) (gain) | (#) (#H (gain) (gain) | () #) (gain) (gain)
(-1,-1) AS 9.31 60.48 0.24 0.28 2.63 3.32 0.01 0.00 3.73 5.84 0.01 0.01
BAL 9.31 60.48 0.24 0.28 0.37 1.93 0.00 0.00 3.86 7.04 0.01 0.00
HP 9.31 60.48 0.24 0.28 0.00 0.00 0.00 0.00 2443 19.24 0.18 0.04
PS 9.31 6048 0.24 0.28 042 154 0.00 0.00 3.80 5.38 0.01 0.01
Up 9.31 60.48 0.24 0.28 0.52 1.59 0.00 0.00 0.04 0.74 0.00 0.00
(-1,-2) AS 9.31 60.48 0.59 0.86 7.00 5.38 0.32 0.08 3.66 6.63 0.04 0.04
BAL 9.31 60.48 0.59 0.86 0.32 1.22 0.00 0.00 1.64 5.88 0.03 0.02
HP 9.31 6048 0.59 0.86 0.00  0.00 0.00 0.00 2755 2783 1.41 0.26
PS 9.31 60.48 0.59 0.86 0.30 1.12 0.00 0.00 0.62 2.66 0.00 0.01
UP 9.31 60.48 0.59 0.86 0.36 1.07 0.00 0.00 0.00 0.13 0.00 0.00
(-2,-1) AS 9.31 60.48 0.63 0.71 7.50  13.98 0.40 0.25 3.51 8.63 0.03 0.06
BAL 9.31 6048 0.63 0.71 566  9.40 0.23 0.11 7.07 1332 0.12 0.12
HP 9.31 6048 0.63 0.71 0.00 0.07 0.00 0.00 10.50  55.32 0.63 0.58
PS 9.31 60.48 0.63 0.71 2.03 6.34 0.00 0.02 7.55 18.33 0.15 0.18

up 931  60.48 0.63 0.71 043 1.47 0.00 0.00 0.05 0.54 0.00 0.00

(-0.5,-0.5) AS 9.31 6048 0.00 0.00 0.50 1.31 0.00 0.00 2.86 4.07 0.00 0.00

BAL 931  60.48 0.00 0.00 0.36 1.00 0.00 0.00 231 5.12 0.00 0.00
HP 931  60.48 0.00 0.00 0.13 0.19 0.00 0.00 8.44 17.06 0.00 0.00
PS 931  60.48 0.00 0.00 046 095 0.00 0.00 217 433 0.00 0.00
UP 931  60.48 0.00 0.00 0.77 1.91 0.00 0.00 0.26 1.63 0.00 0.00
(-0.25.-0.25) AS 931  60.48 0.00 0.00 0.71 1.90 0.00 0.00 1.71 2.31 0.00 0.00
BAL 931  60.48 0.00 0.00 0.62 1.93 0.00 0.00 1.81 3.00 0.00 0.00
HP 931  60.48 0.00 0.00 0.14 024 0.00 0.00 5.36 7.28 0.00 0.00
PS 931  60.48 0.00 0.00 0.61 1.69 0.00 0.00 1.61 2.64 0.00 0.00
Up 931  60.48 0.00 0.00 0.94 1.87 0.00 0.00 0.51 1.87 0.00 0.00

Table 4.4 shows that context-sensitive structures are ubiquitous in universal product sets.
On average, menus contain about nine compromise and sixty attraction opportunities, yet their
aggregate behavioral pull is modest (ko ~ 0.2, uor = 0.3). Most structures are therefore weak
in isolation, but their sheer abundance creates ample potential for distortions if they are carried
over into optimized menus.

Optimization reveals a stark contrast between the two models. G-RRM assortments aggres-
sively prune context effects, typically retaining fewer than one configuration and often none
at all. MNL assortments, by contrast, systematically preserve them, with counts ranging from
single digits to more than fifty depending on the competitive setting. The divergence is sharpest
under high-performing rivals: G-RRM eliminates all compromise and attraction opportunities
(Kefg = ey = 0), whereas MNL preserves dozens, with aggregate attraction pull reaching
o = 0.58 at § = (—2,-1).

Competitive intensity and preference strength amplify these differences. When rivals are
weak, both models converge to nearly structure-free menus, consistent with dominance making
contextual distortions irrelevant. When preferences are strong, MNL retains large totals, expos-
ing assortments to skew and cannibalization, while G-RRM suppresses them entirely. When
preferences are weak, both models again converge, as context effects dissipate when attribute
trade-offs are muted. Taken together, these patterns clarify the mechanism behind the diver-
gences observed in Table 4.3: universal sets contain plentiful but weak context structures, MNL
passes them through into optimal assortments, while G-RRM eliminates them unless strategi-
cally useful. The methodological value of regret-based optimization therefore lies not in ex-
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ploiting context effects, but in preventing their harmful persistence in competitive assortments.

Table 4.5: Distances, alignment, and suppression metrics under MNL- and G-RRM-optimal
assortments compared to the universal set. Distances d9° and d**" are to competitor c; deltas
are relative to the universal set U.

Config. ‘ U ‘ Sa ‘ Sm ‘ ASg ‘ ASy ‘ Align. ‘ Re, Qe
Root Prof. ‘ Jaeo  gbeh ‘ daeo gbeh | gaeo  gbeh ‘ Adoeo Adbeh ‘ Adoeo Adbeh ‘ pIeo Aljxbeh _ xzeo|| ‘ Fe  Ge
(-1,-1) AS | 081 136|035 023|041 0.17| -046 -1.13 | -040 -1.19 |-0.07 -0.35 0.06 0.09
BAL| 0.17 099 [ 094 0.88|0.78 0.72| 0.77 -0.11 0.61 -0.26 |-0.05 -0.33 0.13 0.07
HP | 1.16 006|138 132|133 0.69| 0.22 1.26 0.16 0.63 — -0.31 0.00 0.00
PS |094 130|188 1.86|1.69 1.69| 0.93 0.57 0.74 0.39 |-0.16 -0.35 0.68 0.15
UP | 136 243|127 154|143 157| -008 -089 | 0.07 -0.85 |-0.28 -0.42 0.86 0.98
(-1,-2) AS |0.81 136|039 027|042 021 -042 -1.09 | -0.39 -1.15 |-0.08 -0.30 0.16 0.16
BAL| 0.17 099 | 097 098 | 089 0.86 | 0.80 -0.01 072 -0.13 |-0.04 -0.32 0.53 0.12
HP | 1.16 006|146 140|129 059 0.30 1.34 0.12 0.53 — -0.28 0.00 0.00
PS | 094 131|187 200|185 1.94| 093 0.69 0.90 0.63 |-0.13 -0.28 1.47 0.81
UP | 136 243|128 164|151 164 -007 -079 | 0.15 -0.79 |-0.30 -0.31 1.96 2.21
(-2,-1) AS | 081 137|046 028|041 024 -035 -1.09 | -040 -1.13 |-0.26 -0.37 0.35 0.59
BAL | 0.17 0.99 | 0.67 053|059 045| 050 -046 | 042 -0.55 |-0.07 -0.34 027 029
HP | 1.16 006|071 068|121 0.13| -046 0.63 0.05 0.08 |-0.25 -0.19 0.00 0.00
PS |094 130|173 153|139 131 | 0.79 0.23 0.45 0.01 |-0.13 -0.36 1.48 043
UP | 136 243|128 153|145 158 -007 -090 | 0.09 -0.86 |-0.25 -0.41 0.86 0.99
(-05,-0.5) AS | 0.81 131|036 030|042 025| -045 -1.00 | -0.39 -1.06 |-0.22 -0.38 0.00 0.02
BAL | 0.17 0.92 | 097 0.97|0.87 0.81| 0.80 0.06 070  -0.11 |-0.15 -0.32 0.02 0.01
HP | 1.16 0.13 | 166 1.64| 146 1.12| 0.50 1.51 0.30 0.99 |-0.01 -0.31 0.00 0.00
PS | 094 125|188 188|176 1.75| 0.94 0.64 0.82 0.50 |-0.21 -0.34 0.14 0.02
UP | 136 235|130 145|132 143| -005 -0.90 | -0.04 -092 |-0.24 -0.23 0.66 0.32
(-0.25,-0.25) AS | 0.81 1.11 | 048 042|045 039]| -034 -0.69 | -036 -0.72 |-0.28 -0.38 0.00 0.00
BAL | 0.17 0.65 | 0.99 0.95|0.94 0.88 | 0.82 0.30 0.78 0.23 |-0.28 -0.34 0.01 0.00
HP | 1.16 041|170 170 | 1.63 1.51 | 0.54 1.30 0.47 1.10 |-0.25 -0.22 0.00 0.00
PS 1094 107|187 183|182 1.77| 093 0.76 0.88 0.70 |-0.28 -0.36 0.03 0.00
UP | 136 208|133 134|133 136| -003 -074 | -0.02 -0.73 |-0.29 -0.26 0.34 0.15

Note: Spearman’s p?°° is only reported for assortments with at least 3 items.

Having shown that optimization prunes most context-sensitive structures from universal
menus (Table 4.4), we now examine how assortments reposition relative to the competitor. The
diagnostics in Table 4.5 show consistent adjustments across profiles that reveal how regret-based
optimization reshapes market interactions.

A striking feature is that assortments do not remain neutral in attribute space but systemat-
ically shift with the strength of the rival. Against underperforming or attribute-strong competi-
tors, assortments move inward, drawing closer in both geometric and behavioral distance (e.g.,
AS at (—=1,-1): Adf;:‘;) = —0.46, Adgech = —1.13). In contrast, balanced and price-strong ri-
vals trigger outward shifts (e.g., PS at (—2, —1): Adg? = +0.79), a defensive repositioning that
increases separation. High-performing rivals generate yet another pattern: geometry changes
little, but behavioral centers are pulled closer (e.g., HP at (—1, —1): Ad‘;zh = +1.26), indicating
that demand remains anchored by dominant competitors even when menus move outward.

These positional changes are accompanied by deeper structural adjustments. Across nearly
all cases, behavioral responses exceed geometric ones, with shifts in d°°" outpacing those in d&*°
(e.g., BAL at (—2,—1): Adg, = +0.50 versus Adg" = —0.46). Optimization also reduces
the misalignment between behavioral and geometric centers, producing consistently negative
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Al|xPeh — x#||. The effect is most pronounced under strong rivals (PS, HP), where universal
sets display large distortions (e.g., HP at (—1, —1): Al - || = —1.05).

Finally, competitor suppression emerges as profile-dependent. For underperforming and
price-strong rivals, assortments retain just enough context structures to reduce the rival’s share
(e.g.,PSat (—2,—1): R, = 1.48, a. = 0.43). Balanced and attribute-strong competitors expe-
rience weaker suppression, and in the case of high-performing rivals both measures collapse to
zero, underscoring that contextual mechanisms cannot erode a dominant competitor.

Two mechanisms connect the internal pruning of context effects (Table 4.4) with the external
repositioning of assortments (Table 4.5).

The first is the reduction of behavior—geometry misalignment. In universal sets, abundant
compromise and attraction structures distort predicted choice probabilities, shifting behavioral
centers away from their geometric counterparts. G-RRM eliminates these distortions: by prun-
ing context effects, it produces negative values of A||x"*" — x#>||, bringing behavioral centers
back into line with assortment geometry. MNL, which preserves weak but numerous context
structures, carries these distortions into optimal menus. Thus, regret-based optimization is ef-
fective not because it creates new demand leverage, but because it removes the misalignments
that otherwise dilute geometric positioning.

The second mechanism is strategic suppression. While G-RRM usually eliminates context
effects, it sometimes retains a small number when they weaken moderate rivals. This targeted
use is visible in profiles such as underperforming (UP) and price-strong (PS), where k. and
a, take positive values (e.g., PS at § = (—2,—1): k. = 1.48, &, = 0.43). Against dominant
high-performing (HP) rivals, however, suppression collapses to zero: no local distortion can dis-
lodge a competitor that already anchors demand. Pruning under G-RRM is therefore selective:
harmful structures are eliminated, but those offering tactical leverage are retained.

These contrasts are amplified by preference sensitivity. When preferences are strong (large
|3]), MNL preserves dozens of context structures and often overexposes weak items (e.g., HP at
B =(-2,—1): ayoy = 0.58 with more than 55 attraction structures). G-RRM, in contrast, elim-
inates them entirely (ke = acr, = 0). When preferences are weak (e.g., 5 = (—0.25, —0.25)),
both models converge toward negligible totals, since shallow trade-offs make context effects
largely irrelevant. The advantage of regret-based design therefore emerges most clearly when
preferences are strong, where unpruned context structures would otherwise amplify misalign-
ment and competitor leverage.

Conclusion The evidence across Tables 4.4 and 4.5 shows that G-RRM’s advantage lies in
elimination rather than exploitation. It prunes context structures that dilute demand or misalign
choice probabilities with geometry, and retains them only when they provide tactical suppres-
sion against moderate rivals (UP, PS). As a result, assortments are more internally aligned, more
effectively positioned against competitors, and more robust across preference regimes.

MNL, by contrast, preserves context indiscriminately: it sustains compromise and attrac-
tion configurations even when they amplify distortions or cannibalization. Regret-based op-
timization is therefore best understood as a discipline of selective pruning, not a strategy of
amplification.
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4.8 Conclusion

This study examined the role of context effects in assortment optimization by embedding the
General Random Regret Model (G-RRM) into a competitive choice environment. Our results
show that the value of context-aware optimization does not lie in amplifying compromise or
attraction effects, but in selectively eliminating them when they dilute demand and redeploying
them only when they suppress vulnerable rivals. In weakly competitive settings assortments
under G-RRM and the benchmark Multinomial Logit (MNL) model converge, but in stronger
markets the differences are systematic: G-RRM prunes harmful structures, realigns behavioral
and geometric centers, and strategically repositions assortments relative to competitors.

Methodologically, the paper contributes a unified framework for studying context effects in
assortment design. We introduce diagnostics to quantify compromise and attraction structures,
show how they drive divergences between MNL and G-RRM, and propose an efficient opti-
mization algorithm. Importantly, the model nests MNL as a special case when regret sensitivity
vanishes, ensuring consistency between context-free and context-sensitive regimes.

The experimental evaluation demonstrates that regret-based optimization yields assortments
that are more robust to competition. In revenue-oriented environments, G-RRM systematically
suppresses competitor appeal and reallocates demand to profitable items. In share-oriented en-
vironments, it trims distortions and prevents overexposure to weak alternatives. These results
highlight how behavioral assortment optimization can inform the design of platform-based mo-
bility and logistics services, where competition and attribute trade-offs are central.

Naturally, the analysis rests on synthetic data, which allows systematic exploration but limits
immediate external validity. Future research should complement these findings with empirical
studies, testing whether the pruning and suppression mechanisms observed here also arise in
real-world assortment settings.
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Chapter 5

Conclusions

This dissertation examined demand management strategies for shared mobility services from a
behavioral perspective. The motivation arose from the critical role that both users and service
providers play in realizing the environmental and societal benefits of shared mobility, such as
reducing emissions, improving urban mobility, and enhancing accessibility. Ultimately, users’
decisions determine whether and how these services are utilized, while providers’ decisions
shape the characteristics of the services offered. Although these decisions are inherently in-
terdependent, existing studies often treat user choices as external, independent of providers’
actions, or model them under assumptions of perfect rationality. In reality, user behavior is
influenced not only by service attributes, such as quality, which is determined by providers’ op-
erational strategies, but also by inter- and intrapersonal behavioral factors that cannot be fully
explained by rational choice theory. These behavioral factors can be predicted and incorporated
as demand management levers for shared mobility services.

The research questions outlined in Chapter 1 are addressed in Section 5.1 with a summary
of key findings, the key contributions are discussed in Section 5.2, and practical insights for
providers and policymakers are presented in Section 5.3. Finally, directions for future research
are outlined in Section 5.4.

5.1 Summary of the Key Findings
This dissertation attempted to provide an answer to the following main research question:

How can shared mobility service providers incorporate users’ behavioral factors in their
demand management strategies?

This dissertation addresses this research question by identifying key behavioral factors that have
a predictable impact on user choices with potential implications for shared mobility operations.
To this end, we first conducted a literature review to detect relevant behavioral factors in user
decision-making that are largely unexplored in operational models of shared mobility services.
To integrate these factors and analyze their implications for operations, we adopted an analytical
modeling approach grounded in behavioral theory, embedding the identified factors into opti-
mization models and evaluating their effects through scenario-based sensitivity analysis. The
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specific studies, findings, and implications are presented through the following sub-research
questions, formulated to address the main research question.

SQI1. What users’ behavioral factors should be integrated into the operations of shared
mobility services?

Chapter 2 addresses this question through a literature review and the development of a
general conceptual framework that connects user behavior with provider operations. The
review identified the behavioral factors most relevant yet underrepresented in previous
studies that model providers’ operations. It shows that accounting for user decisions is
essential to tackle the persistent challenges of adoption, profitability, and environmental
impact in shared mobility. Incorporating behavioral effects in modeling users’ decision-
making holds significant potential to make operational models more realistic and impact-
ful, bridging the gap between behavioral insights and mobility practice. Nevertheless,
the existing literature overwhelmingly relies on rational choice theory, overlooking em-
pirically observed behavioral factors that generate systematic and predictable patterns of
behavior.

This study highlights social influence and context effects as highly relevant for the ser-
vice providers’ demand management, which are largely overlooked. Social influence, as
an interpersonal behavioral factor, shapes users’ decisions to adopt and use shared mobil-
ity services. Accordingly, potential users who are willing to use a service often imitate
the choices of others and rely on their experiences before transitioning into active users.
This adoption behavior results in a gradual market penetration of the service. Service
deployment should align with the pace of market penetration and gradual adoption in
order to effectively support the realization of market potential and profitability. In ad-
dition, context effects, as intrapersonal factors, systematically influence user preferences
depending on the set of available alternatives. These effects are particularly relevant in
operations where providers determine which options to present from the set of feasible
service alternatives in response to users’ requests for the service.

SQ2. How can service design be adapted to the gradual demand realization of new ser-
vices as an operational demand management strategy?

Chapter 3 addresses this question by jointly incorporating the impact of service quality
and social influence into the modeling of users’ adoption decisions, whether adopting a
new service provider or a new mobility vehicle. This approach enables the synchroniza-
tion of service design decisions with adoption growth. In the proposed service design
model, user adoption decisions are modeled at an aggregated level and depend explicitly
on both the number of current adopters (social influence) and service characteristics, such
as coverage and vehicle availability (i.e., level of service). We formulated the service de-
sign problem as a mixed-integer linear model for phased deployment, where fleet size
and coverage expand over time as adoption grows, with the objective of maximizing total
profit over a given planning horizon divided into multiple periods (phases).

We conducted scenario-based analysis by defining different adoption behavior scenarios,
with trip patterns from an open-source bike-sharing dataset. The results show that se-
lective coverage with a high level of service (i.e., vehicle availability) outperforms broad
coverage with a low level of service. Phased deployment aligned with adoption trajec-
tories improves profitability by matching supply with evolving demand. This increases
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profits by 4% compared to deployment strategies based on stabilized demand, which as-
sume that all potential users adopt immediately at service introduction, a common but
unrealistic assumption in the literature that ignores social influence. Our experiments
show that both service quality and social influence must be considered in modeling adop-
tion and service design; ignoring service quality while considering the social influence
can reduce profits by up to 54%. We also examined cases where adoption predictions
deviate from observations and explored the benefits of phased deployment, which allows
predictions and decisions to be updated based on observed outcomes. In our simulations,
adjusting predictions and decisions at each deployment phase reduced profit losses caused
by inaccurate adoption estimates by up to 47%.

SQ3. How can context effects be leveraged as a behavioral demand management strategy
for shared mobility services?

Chapter 4 addresses this question by focusing on the problem of selecting which options
to offer a user in response to their mobility request. To this end, we propose an assortment
optimization framework that incorporates context effects when selecting the best subset
from the given set of all feasible options, for the user and provider, in the presence of
a competing option. The competing option represents an external mobility alternative,
reflecting the possibility that a user may reject the entire menu and select the competitor.

The assortment optimization model is formulated using the Generalized Random Regret
Minimization (G-RRM) model, which predicts context effects, specifically compromise
and attraction effects, in user choices. In this Chapter, we also proposed diagnostic met-
rics to quantify the presence of context effects in any choice set, grounded in empirical
and theoretical behavioral insights from the literature. These metrics enable compari-
son of different choice sets based on the presence and strength of context effects and
show how they drive divergences between choice sets selected under context-sensitive
and context-ignorant choice models.

We conducted structured, scenario-based numerical experiments to compare choice sets
designed using the G-RRM model against those designed with the multinomial logit
(MNL) model, which is widely used in assortment optimization due to its tractability
but does not account for context effects. The experimental evaluation demonstrates that
context-sensitive menu selection yields assortments that are more robust to competition.
The context-sensitive G-RRM model improves menu outcomes through two mechanisms:
it either systematically suppresses competitor appeal to steer choices toward profitable
items, or it selectively removes items to prevent preference shifts that weaken market
share against competitors. In weakly competitive settings, assortments generated by G-
RRM and the benchmark MNL model converge. In more competitive markets, how-
ever, systematic differences emerge: G-RRM removes harmful structures and strategi-
cally manages the composition of alternatives. These results highlight how behavioral
assortment optimization can inform the design of platform-based mobility and logistics
services, where competition and attribute trade-offs are central.

Together, our studies highlight that user behavior is as critical for effective demand manage-
ment in shared mobility services as operational factors such as fleet size, resource allocation,
and pricing. The literature shows that user behavior systematically deviates from rationality
assumptions in predictable ways, which can be embedded into operational decision-making.
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Our findings suggest that user behavior should therefore be treated as a central component
of demand management, rather than as an unpredictable or negligible element separate from
operational models. This dissertation develops two complementary modeling frameworks for
integrating user behavior into operations as demand management strategies: (i) using adoption
growth, shaped by interpersonal social influence, to synchronize service design decisions such
as service location, fleet sizing, and repositioning as an operational demand management lever;
and (ii) incorporating intrapersonal context effects into service menu design as a behavioral
demand management lever. These frameworks enable providers to better guide their demand
management strategies, ensuring alignment with user behavior.

5.2 Contributions

This study contributes to behavioral operations management in shared mobility by integrating
a behavioral aspect, user adoption behavior, into an operations management aspect, long-term
service design models for free-floating services. The main contributions of this dissertation are
discussed below.

In this dissertation, we assert that focusing solely on service characteristics is insufficient
for promoting shared mobility adoption and managing demand. A shift is needed from treating
users as passive or fully rational decision-makers to recognizing them as actors who interact
with providers’ choices and respond in systematic and predictable ways. This perspective es-
tablishes directions for embedding behavioral realism into shared mobility operations and re-
frames behavioral effects as opportunities to enhance service design and demand management
strategies.

Despite considerable literature demonstrating the primary role of service characteristics
(e.g., quality and price) (Zhang and Kamargianni, 2023; Bachand-Marleau et al., 2012; Ma
et al., 2023; Albinski et al., 2018) in service adoption decisions and the role of social influ-
ence (Baddeley, 2010; Deutsch and Gerard, 1955; Hsu and Lu, 2004; Cialdini and Goldstein,
2004) in shaping adoption dynamics, the joint consideration of service quality and user be-
havior remains largely absent in operational models. Chapter 3 contributes conceptually by
challenging the prevailing assumption that users adopt a service once quality expectations are
met, and instead introduces an alternative approach that incorporates gradual market penetration
driven jointly by service quality and social influence. The proposed service-adoption planning
framework leverages gradual adoption behavior and service design to guide demand uptake and
optimize profit.

Moreover, this dissertation adopts a different perspective on context effects. While their
empirical presence has been widely demonstrated, including the mobility context (Chorus and
Bierlaire, 2013; Guevara and Fukushi, 2016; Ding et al., 2025), their implications for choice
set design remain underexplored. Chapter 4 conceptualizes context effects as a behavioral de-
mand management lever, demonstrating how behavioral factors (i.e., attraction and compro-
mise effects) can be leveraged to shape preferences and guide choices, thereby expanding the
provider’s toolkit beyond monetary mechanisms such as pricing and incentives. This research
demonstrates that the strength of context-aware optimization lies not in magnifying compro-
mise or attraction effects, but in managing them strategically—removing those that reduce the
choice share of the set of expected outcomes while retaining those that weaken competitors. It
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also highlights that context effects can enhance decision outcomes when harnessed effectively,
but undermine the results if not anticipated and controlled.

This dissertation makes methodological contributions that extend existing modeling ap-
proaches and practical tools for incorporating behavioral aspects into operations. Chapter 3
advances adoption modeling by extending the Bass diffusion model to incorporate the joint
impact of service quality and social influence. This formulation captures the dynamic inter-
play between service availability, accessibility, and peer influence, providing a behaviorally
grounded account of service adoption. This chapter also develops a phased service-adoption
model that links deployment decisions, involving fleet sizing and coverage expansion, to adop-
tion growth. The proposed model captures the full adoption trajectory and enables providers
to scale operations over time rather than committing to static designs based on mature demand
assumptions.

Chapter 4 introduces metrics for quantifying attraction and compromise effects in choice
sets of arbitrary composition, moving beyond the stylized three-option settings with fixed rela-
tive positions of alternatives (see Huber et al. (1982); Simonson (1989); Guevara and Fukushi
(2016)) that are typically examined in the literature. These diagnostic tools translate attraction
and compromise effects into measurable constructs, enabling analysis of how context effects
shape menu composition and serving as validation tools for assessing their impact on the di-
vergence and convergence of choice sets when benchmarking behaviorally informed designs
against rationality-driven models. Moreover, we show that the G-RRM model nests MNL as
a special case when regret sensitivity vanishes, ensuring consistency between context-free and
context-sensitive models. Additionally, this chapter proposes a tractable algorithm for menu
design under the G-RRM model, which captures context effects. The algorithm supports real-
time menu design by efficiently selecting subsets of options, making it suitable for integration
into platform operations such as matching and routing.

5.3 Practical Implications

This dissertation offers actionable guidance for both managers and policymakers.

For managers engaged in the strategic design and deployment of new services or expan-
sions, we propose gradual service deployment, aligned with market penetration, as a demand
management tool that leverages adoption behavior and service design to guide demand uptake
and optimize profitability. Our findings indicate that profitability and adoption are best achieved
by retaining users through consistently high service quality rather than focusing solely on at-
tracting new users. Depending on the mobility pattern (trip distribution) and users’ sensitivity
to social influence and service characteristics, launching services in a smaller, high-potential
area may be more efficient. In all cases, maintaining high service quality is essential: it secures
user retention, supports adoption growth, sustains long-term usage, and underpins profitability.

This research highlights menu design as a competitive tool in providers’ interactions with
users. Because users are not captive and can easily switch to competing services, providers
can strategically present a menu of options rather than only their most desirable offer. By
including additional alternatives, providers can increase the choice probability from the set (i.e.,
probability of purchase) compared to an external competitor. These effects can also be used to
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curate choice sets that increase the attractiveness of a specific targeted option (e.g., a shared ride,
off-peak service, or a highly profitable option) within the choice set and encourage its selection.
The findings suggest that the context-ignorant MNL model may be sufficient in situations where
the competitor is weak. However, in competitive and high-dimensional environments, where
alternatives are evaluated across multiple attributes, ignoring the context effects risks misleading
the design of choice sets. In such cases, the use of the context-sensitive G-RRM model is not
only behaviorally realistic but also economically critical, as it reshapes platform menus, revenue
potential, and market share in ways that the standard logit framework cannot capture. These
effects reshape the optimal menu composition to increase the likelihood of purchase against
competitors or enhance the appeal of options that are aligned with the provider’s objectives
(e.g., promoting higher-priced items to maximize revenue). Importantly, context effects can
serve as a substitute for, or a complement to, monetary incentives, which are the prevalent
demand management strategy.

This work provides policymakers with both the user and provider perspectives on shared
mobility adoption. It shows that adoption follows gradual trajectories that must be accounted
for when setting targets, allocating subsidies, or evaluating societal impacts. By integrating
these perspectives, the research enables the design of regulations and support schemes that
are aligned with user behavior, ensure financial sustainability for providers, and motivate their
continued engagement.

5.4 Limitations and Future Work

This dissertation advances the integration of behavioral effects as levers in service design and
demand management, shifting the focus beyond service quality and attributes toward user be-
havior. However, much remains to be explored. We outline avenues for further investigation as
follows:

* Empirical validation of behavioral effects. Although the proposed models in this dis-
sertation are analytically grounded, they rely on synthetic data, limiting real-world gen-
eralizability. The challenge is the scarcity of high-resolution, purpose-built datasets that
capture both operational attributes and specific behavioral effects. Therefore, future re-
search can prioritize empirical validation of behavioral effects to bridge theory and prac-
tice. This requires different data collection strategies. Longitudinal studies using Obser-
vational Field Data are needed to track adoption patterns in new services, which requires
granular data on user registration and usage patterns to empirically fit the S-shaped adop-
tion curves driven by social influence (Chapter 3) (Jackson and Yariv, 2011). Experimen-
tal data, such as A/B Testing and Discrete Choice Experiments, can validate context ef-
fects (Chapter 4); providers can integrate controlled A/B tests into digital platforms (e.g.,
presenting decoy options) to measure shifts in choice probability (Larsen et al., 2024).
Similarly, stated preference or discrete choice experiments can quantify user sensitivity
to the context effects (Train, 2009).

Integrating broader psychological and behavioral determinants of choice. The pro-
posed framework centers on social influence and context effects that strategically capture
two distinct, yet operationally critical, stages of user interaction with shared-mobility ser-
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vices. Social Influence is treated as a key interpersonal behavioral effect that determines
the aggregated demand and user uptake trajectory. Conversely, Context Effects (Attrac-
tion and Compromise effects) are modeled as intrapersonal behavioral factors, which be-
come highly relevant once users have adopted the service and are actively making choices
among service options. This dual approach ensures that the models account for both long-
term planning based on market penetration (Chapter 3) and short-term decisions (Chapter
4). We acknowledge, however, that the full spectrum of user choice is influenced by
broader factors, including a vast range of psychological and individual characteristics.
Specifically, user choice is affected by individual socio-demographics and psychologi-
cal factors (Faghih-Imani et al., 2017; Najmi et al., 2023) These psychological factors
include attitudes—an individual’s positive or negative evaluative response towards a be-
havior (e.g., adopting an environmentally friendly service), which is influenced by their
beliefs, values, emotions, and perceptions (the subjective interpretation of stimuli, e.g.,
quality perception, resulting from past experience and the service image like reputation
and trust) (Najmi et al., 2023). These are compounded by behavioral factors encom-
passing cognitive and motivational biases, which include a wide range of documented
phenomena, such as reference dependency and loss aversion, risk aversion, the anchoring
effect, and confirmation bias. Incorporating these factors impacts the models, primarily
by influencing the parameters and/or variables (to incorporate the way users perceive at-
tributes, assign importance to attributes, or evaluate attributes relative to a reference). This
may also necessitate changing the structure of the demand functions (i.e., adoption and
choice models in chapters 3 and 4) to capture some behavioral effects like risk aversion
or reference dependency. While the G-RRM Model captures a form of reference depen-
dency and loss aversion by considering each alternative as a reference point for others,
people may also have external reference levels for specific attributes like price. More-
over, people may put more value on the options they are currently using, like their own
cars, known as Status Quo Bias Kahneman et al. (1991). This bias represents a strong
tendency to maintain the current state. These broader factors could also influence the
definition of the choice task itself, as people may ignore certain attributes or alternatives
due to cognitive screening.

Service design under uncertainty. In the proposed service design model (Chapter 3),
user service quality expectations are assumed to follow known distributions with given
parameters. Moreover, adoption parameters, potential market size, and trip distributions
are treated as fixed inputs. Future research could relax this assumption by incorporating
uncertainty, through stochastic or robust optimization, to improve decision robustness
under incomplete data or uncertain adoption and trip patterns.

Adaptive service design. The proposed model for service design under gradual adop-
tion does not incorporate learning mechanisms for updating initial estimates of the adop-
tion based on realized adoption observed during phased implementation. Future research
could embed learning mechanisms, such as Bayesian inference or reinforcement learn-
ing, directly into the optimization process, enabling real-time adaptation to observed user
behavior.

Incorporating competition. In the Service Design model (Chapter 3), competition is
implicitly represented by setting the total available market potential (i.e., the maximum
number of users) after accounting for the static presence of competing transport options
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(e.g., transit, private cars). In the Menu Design model (Chapter 4), competition is intro-
duced explicitly as a single competing alternative within the user’s choice set. However,
competition among shared mobility providers (e.g., two ride-hailing services) introduces
complex, dynamic interactions that significantly affect operational outcomes. The in-
teraction between competing providers can be modeled as a non-cooperative dynamic
game. Providers’ operational decisions—such as pricing, rebalancing, and fleet deploy-
ment—are strategic variables that directly influence a competitor’s optimal response. Fur-
thermore, competition directly affects user behavior. The existence of multiple competing
options shapes user expectations and defines reference points for service attributes (like
price, formed from other platforms). Furthermore, users who are already utilizing a com-
petitor may lead to habitual choices (Gérling and Axhausen, 2003). This established
usage can also lead to biases, such as the status quo bias (Kahneman et al., 1991), where
the current platform is overvalued simply because it is the existing state. Both the for-
mation of habits and the status quo bias significantly impact the user’s choice behavior
between different platforms or modes.

Leveraging digital nudging and serious games for behavioral demand management.
The proposed behavioral demand management strategy explored through menu design
(Chapter 4) can be expanded by integrating principles of digital nudging and gamifica-
tion. Digital nudging, defined as the use of interface design elements to influence behav-
ior (Weinmann et al., 2016), represents a largely untapped opportunity in shared mobility.
Techniques such as social norm framing (e.g., “most chosen”), environmental labeling
(e.g., CO, impact), or default and framing effects (e.g., highlighting a “green route” or
“less congested option”) can steer user choices toward sustainable outcomes or better sys-
tem utilization, often without altering underlying service attributes (Thaler and Sunstein,
2021). Furthermore, incorporating serious games, defined as games primarily designed
for purposes other than pure entertainment, offers a powerful means to shift long-term
user behavior (Ritterfeld et al., 2009). These gamified elements, such as point systems
and badges, reward users for choices that align with provider objectives (e.g., parking
in undersupplied areas or sharing rides). For instance, platforms can use progress bars
showing accumulated CO, savings or employ social comparison mechanisms to accel-
erate adoption through interpersonal influence. Serious games also enable experimental
data collection. Both nudges and serious games can be incorporated into the proposed
models as exogenous behavioral interventions that modify existing behavioral parame-
ters, such as price sensitivity in the G-RRM model or the imitation coefficient (¢g) in the
Bass Diffusion model.

Joint design of alternatives and choice sets under behavioral effects. Our findings in
Chapter 4 indicate that context effects can serve as a demand management lever by influ-
encing user decisions without requiring changes to the configuration of alternatives, like
giving price incentives. However, external incentives may still be necessary to achieve
desired outcomes, given the limitations imposed by exogenous factors such as the per-
formance of competing options, users’ attribute sensitivities, and the composition of the
available choice set.

Future work could go beyond the isolated design of either pricing/incentives or menu
composition and instead explore their joint optimization. Moreover, users exhibit spatial
or temporal flexibility (Boyaci and Zografos, 2019), but their willingness to accept de-
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lays, detours, or pricing trade-offs can be influenced by the choice set composition. Joint
design enables platforms to co-optimize the service attributes (e.g., price, pickup window,
walking distance) and the service menu, in order to maximize both acceptance and oper-
ational efficiency. Context effect helps avoid unnecessary incentives (over-incentivizing).

* Incorporating user heterogeneity. The developed models rely on the assumption of
homogeneous user behavior. However, shared mobility users may exhibit a degree of
heterogeneity. This heterogeneity stems from the fact that individuals vary in their socio-
demographics, travel needs, cognitive abilities, attitudes, and perceptions (Liao and Cor-
reia, 2022; Aguilera-Garcia et al., 2020; Faghih-Imani et al., 2017; Najmi et al., 2023;
Simonson, 1989), which results in variation in their sensitivity to behavioral effects (So-
cial Influence and Context Effects). This variation across users implies that the Bass
Diffusion coefficients (p, ¢q) and acceptable service level used in the adoption model
(Chapter 3) and the regret coefficient v used in the G-RRM choice model (Chapter 4)
should be estimated as segment-specific. Future research can integrate this heterogeneity
using segment-specific parameters into the optimization frameworks of Chapters 3 and 4,
allowing providers to deploy personalized and targeted demand management strategies.

e Multi-objective formulation. The current operational models prioritize a unidimen-
sional objective function (i.e., profit maximization). However, shared mobility services
operate within a broader context that often requires balancing competing objectives, such
as profitability and equity (e.g., ensuring service availability in low-income or under-
served areas) or sustainability (e.g., reducing carbon emissions). To address this, the ana-
lytical models can be extended to Multi-Objective Optimization problems by formulating
multiple objectives. Although computationally demanding, multi-objective optimization
offers strategic flexibility. It enables service providers to balance operational efficiency
and profitability with key policy and user priorities. Rather than producing a single opti-
mal solution, the model generates a set of Pareto-optimal solutions that represent trade-
offs among competing objectives. This Pareto front allows providers to incorporate their
strategic goals, while users benefit from services that better reflect their preferences and
broader societal objectives.

5.5 Concluding Remark

This dissertation demonstrates that demand management in shared mobility is not only about
managing operational aspects such as fleet, pricing, and service quality, but also about account-
ing for user behavior in operational decisions. From a theoretical angle, this research connects
empirically observed behavioral effects, such as social influence and context effects, to opera-
tional models of shared mobility, showing how predictable behavioral factors can be systemat-
ically incorporated into service operations. From a methodological angle, it develops models
that extend existing approaches to long-term service design and short-term menu selection by
incorporating behavioral effects and analyzing their implications through scenario-based exper-
iments. From a practical and managerial angle, it provides insights for providers and policy-
makers on how service design can be aligned with gradual adoption dynamics and how context
effects can be used in menu design to guide user choices.
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A Appendices of Chapter 4

A.1 Proof of Proposition 1

Let the systematic utility of alternative ¢ be
M
= Z WimLim
m=1
with attribute weights w. The systematic regret of 7 in S is
M
D [hl@ + Pm(@m—mim)) _In(1+ 7)] 7
JES,j#i m=1

with parameters 3 and ~.

For v = 0, the regret simplifies to
jES m=1
where c is a fixed competitor. The regret of c is

M M
R?(S) = 7(|S| + 1) Z Bmzcm + Z Z ﬂlnxj'nw

m=1 JES, j#cm=1

The G-RRM choice probability is

exp(—R2(8))
exp(—RE(S)) + > okes exp(—Rf(S))’

mi(S) =

and the MNL probability is

exp(Uy)

PiS) = o 09) T Spes 0 (07)

Substituting the simplified regret yields
exp (U(\S\H)B)

¥=0,8 CXp(U(\SH—l )JFZ SCXp(U(lsHl )

The MNL probability under w = (|S| + 1) is identical. Hence, the equivalence holds.
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A.2 Proof of Proposition 2

In G-RRM, the regret of alternative ¢ in S is determined by pairwise comparisons with all
j € 8,7 # i. Enlarging the set to 7 introduces additional comparisons with &, modifying
R,(T) foralli € S.

When k is asymmetrically dominated by ¢ but not by a stronger competitor j € S, the
marginal reduction in regret is greater for ¢ than for j. Consequently,

mi(T) > m(S),

which establishes a violation of regularity.

A.3 Proof of Proposition 3

In G-RRM, the regret of alternative 7 is determined by pairwise comparisons with all j € S, j #
i. Enlarging the set to 7 introduces additional comparisons with k, yielding new terms in R;(7T)
and R;(7) that depend on @y, — Zim and xy,, — 2, across attributes m.

When these increments differ, the relative change in regret is unequal for ¢ and 7, leading to

This establishes the violation of IIA.

A.4 Proof of Theorem 4.1

Let f(S) denote the revenue of assortment S. If two items 4, k satisfy ; > 7 and S contains k
but not ¢, replacing k with i weakly increases the numerator of f(S) while leaving the denomi-
nator unchanged. Iterating such exchanges implies that any optimal assortment must be defined
by a revenue threshold: if i is excluded while £ is included, then necessarily r; < 7.

Sorting items by r; produces the nested family Ay C A; C --- C Ay, where A;, contains
the k highest-revenue items. The optimal assortment is one of these prefixes, so it suffices to
evaluate them sequentially. The no-purchase option ¢ only shifts the threshold 7 = f(S*)
upward but does not alter the revenue-ordered structure. Thus the optimum is obtained by
sorting once and scanning candidate prefixes, an O(N log N) procedure.

A.5 Proof of Theorem 4.2

We prove NP-hardness by reduction from Densest k-Subgraph (DkS). Fix v > 0 and 5 > 0,
and normalize

mi(Si7) o exp( = Ri(S;)/T(S)),  T(S) = max{|S| 1,1},

Define ¢(z) = In(y + ¢’®) — In(y + 1). Then ¢ is strictly increasing, convex, and satisfies
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¢(B) + ¢(—B) > 0 forall B > 0.
0

e’

For each edge e = {u,v} € F, introduce three coordinates (m2, m}, m_) with attributes

‘TC»mg = B’ xu,m? = xv,m:f = B7 xunng = B7 xv,m; = _B7

and all other entries set to 0. By direct substitution, the contribution of e to R.({c} U S;~) is 0
if at most one endpoint lies in S, and 2 if both do, with v = 2 (¢(B) + ¢(—B)) > 0.

To eliminate degree leakage in R, for each vertex ¢ € V add a singleton coordinate s(7)
defined by
Tesi) =Ty Tis@) =0, Tjew =0 (§ #1),
where T’ < 0 satisfies ¢(—B) + 2¢(B) + ¢(—T') = 0. With this adjustment,

Rc({c} US;v) = Cp + 2a | E[S]],

for a constant C}, depending only on k and fixed parameters.

To enforce symmetry among offered items, for each pair {7, j} C V introduce a coordinate
t{i, 7} with
Tetfijy = S, Titfij} = Ljt{ij} = S,

and 0 otherwise. This yields identical R; for all ¢ € S of fixed size k. Consequently,

1
1+ Apexp(R({c} US;7)/T(S))’

Te({c}US;7) =

with A, = k exp(—Dy/T(S)), and hence f(S;v) = 1 — 7, is strictly increasing in R,.

Combining these relations gives

f(S;7) = »(|E[S]))

for a strictly increasing ¢(-). Thus maximizing revenue over assortments of size k is equivalent
to maximizing | E[S]|. For a DKS instance (G, k, L), construct the above G-RRM instance and
set 7 = ¢(L). Then

IE[S]|>L <= [f(S;vy)>T,

which establishes a polynomial-time reduction.

The construction uses O(|E| + |V|?) attributes with polynomial bit-length constants, and
f(8S;7) is polynomially computable. The reduction is therefore polynomial time, proving NP-
hardness of the decision problem and, consequently, of the optimization problem. o

A.6 Context-Aware Policy (CAP)

Algorithm 2 provides the formal specification of CAP, including an optional cardinality con-
straint. The procedure evaluates each singleton initialization, applies best-improvement local
search over the 1-exchange neighborhood, and returns the best final solution.
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Algorithm 2 Context-Aware Policy (CAP)
Input: item set U, revenues {r;}, regret parameters (3, v), optional size limit k. Output: best
assortment S and value Z.

S« 0,7+ —c0. fori €U do
S + {i}; compute Zs. repeat
// Enumerate all single-item neighbors
Best «+— S; Zgest < Zs. if no size limit or |S| < k then
forc e\ S do
compute Zsugpy; if Zsugey > Zpes: then
‘ Best + SU {é}, ZBest — Zgu{g}.
for / € S do
compute Zs\(py; if Zs\ [y > Zpest then
‘ Best < S \ {6}, ZBest — Zs\{g}
if Zgest > Zs then
S < Best; Zs < Zpest;

else
| break;
until no improving 1-exchange move exists
if Zs > Z then
‘ g +— S, Z Zs.
return S, Z.

Incremental-update variants for evaluating Zs(-y) can be implemented, but do not affect the
policy definition.
A.7 Supplementary Estimation Results

Table 1 reports maximum likelihood estimates of MNL parameters when data are generated
under the G-RRM model with v = 1. Reported estimates are significant at the 10% level.
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Table 1: MNL estimates under G-RRM data-generating process (7 = 1).

# Att. ‘ True G-RRM Parameters

‘ Estimated MNL Parameters

M)y | B B2 B3 Ba | wn wa w3 Wy

2 -1 -1 * * -2.13  -2.19 * *
-2 -1 * * -3.60 -2.32 * *
-1 -2 * * -225 -381 * *
-0.5 -0.5 * * -1.11 -1.11 * *
-0.25 -025 * * -0.56 -0.55 * *

3 -1 -1 -1 * -239 236 -237 %
-2 -1 -1 * -4.02 -244 243 %
-1 -2 -1 * -245 -4.08 -238 *
-0.5  -0.5 -0.5 * -1.22 -121 -1.21 *
-0.25 -025 -025 * -0.60 -0.60 -0.60 *

4 -1 -1 -1 -1 -2.69 -2.57 -256 -2.58
-2 -1 -1 -1 -4.51 -2.64 -257 -2.67
-1 -2 -1 -1 2772 443 257 -2.56
-0.5  -0.5 -0.5 -0.5 -1.38 -1.35 -1.35 -1.36
-0.25 -025 -025 -0.25 | -0.68 -0.68 -0.68 -0.69

A.8 Supplementary Results: MNL vs. G - RRM Assortments

This appendix provides detailed tables comparing the optimal assortments under the Multino-
mial Logit (MNL) model and the Generalized Random Regret Minimization (G - RRM) model.
For each dimensionality of the attribute space (M = 2, 3,4), we report results across different

preference parameterizations (3) and competitor profiles (Prof).
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Table 2: Optimal assortments under MNL vs. G - RRM for M = 2 attributes, summarized by
preference parameters ([3) and competitor profiles (Prof).

| Agreement | Change | Excl. Impact
Pref. Prof | Id. Overlap |AS| | Expand | Top-Rev  Top-Share | ARev AShare

((6)) (tag) | (%) (Jac,%) #) (%) Excl. (%) Excl. (%) (%) (%)
(-1,-2) AS 1 55.5 3.44 18.2 9.1 10.1 -0.25 -1.28
BAL 5 60.5 2.65 1.1 21.1 25.3 7.84 2.72

HP 0 14.0 11.3 0.0 51.0 76.0 529 -12.5

PS 25 72.1 1.97 16.0 24.0 26.7 14.3 9.56

UP 10 67.2 1.18 100 0.0 0.0 -0.08 -0.01

(-2,-1) AS 1 74.8 2.07 66.7 0.0 0.0 -0.90 9.92
BAL 11 68.3 3.24 24.7 34 7.9 -5.59 2.74

HP 0 10.8 134 0.0 67.0 75.0 6.20 -49.4

PS 4 67.3 3.21 0.0 62.5 65.6 29.3 15.1

UP 35 76.4 1.31 100 0.0 0.0 -0.82 -0.41

(-0.5,-0.5) AS 10 66.7 2.28 22 17.8 21.1 -2.70 -7.56
BAL 5 61.6 2.60 0.0 242 347 -2.54 -8.93

HP 0 25.1 7.28 0.0 63.0 96.0 -10.7 -32.2

PS 25 70.4 2.64 0.0 26.7 42.7 2.75 -3.06

UP 37 83.3 1.17 98.4 0.0 0.0 0.80 2.54

(-025,-0.25)  AS 61 90.2 1.41 0.0 0.0 25.6 -1.81 -4.11
BAL 40 84.8 1.47 0.0 0.0 26.7 -2.22 -5.25

HP 0 44.1 4.10 0.0 0.0 63.0 -9.00 -20.5

PS 52 87.4 1.52 0.0 0.0 25.0 -0.79 -3.17

UP 81 95.3 1.21 100 0.0 0.0 1.35 2.10

Table 3: Optimal assortments under MNL vs. G - RRM for M = 3 attributes, summarized by
preference parameters ([3) and competitor profiles (Prof).

| Agreement | Change | Excl. Impact
Pref. Prof | Id. Overlap |AS| | Expand | Top-Rev  Top-Share | ARev  AShare

B (tag) | (%) (Jac,%) #) (%) Excl. (%) Excl. (%) (%) (%)
(-2,-1,-1) AS 2 753 2.37 69.4 1.0 1.0 5.53 13.2
BAL 15 72.5 3.15 28.2 9.4 11.8 -0.16 2.85

HP 0 9.65 14.0 0.0 63.0 67.0 13.0 -46.3

PS 9 70.3 3.07 0.0 74.7 78.0 39.2 16.3

Uup 29 734 1.35 100 0.0 0.0 -1.04 -0.62

(-1,-2,-1) AS 0 46.5 5.18 33.0 16.0 25.0 2.83 1.22
BAL 1 56.8 3.06 1.0 13.1 20.2 11.3 6.07

HP 0 8.92 135 0.0 91.0 97.0 729 -50.6

PS 23 69.8 2.13 14.3 28.6 31.2 15.2 8.38

up 11 66.0 1.24 100 0.0 0.0 -0.13 -0.04

(-0.5,-0.5,-0.5) AS 0 523 3.49 0.0 34.0 37.0 -4.20 -13.2
BAL 1 56.0 3.09 0.0 232 29.3 -2.60 -9.57

HP 0 19.0 8.56 0.0 78.0 96.0 -1.73 -32.1

PS 24 69.7 2.78 0.0 31.6 40.8 3.76 -3.02

UpP 25 79.2 1.21 100 0.0 0.0 -0.19 1.87

(-0.25,-0.25,-0.25)  AS 9 69.3 2.08 0.0 16.5 27.5 -3.52 -9.17
BAL 19 76.3 1.79 0.0 21.0 29.6 -2.70 -7.52

HP 0 36.8 5.15 0.0 47.0 87.0 -8.97 -25.4

PS 51 86.8 1.61 0.0 16.3 26.5 -0.36 -3.02

18)34 78 94.7 1.18 100 0.0 0.0 0.79 1.61
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Table 4: Optimal assortments under MNL vs. G - RRM for M = 4 attributes, summarized by

preference parameters ([3) and competitor profiles (Prof).

Agreement | Change | Excl. Impact
Pref. Prof | I1d. Overlap |AS| | Expand | Top-Rev  Top-Share | ARev AShare

® (tag) | (%) (Jac,%)  (#) (%) Excl. (%) Excl.(%) | (%) (%)
(-1,-2,-1,-1) AS 0 37.6 6.09 16.0 37.0 45.0 8.03 -7.01
BAL 1 58.3 3.02 2.0 222 26.3 12.6 5.39

HP 0 8.24 14.3 0.0 89.0 98.0 170 -41.5

PS 18 67.9 2.05 30.5 22.0 25.6 12.8 6.75

Up 10 65.3 1.19 100 0.0 0.0 -0.16 -0.06

(-2,-1,-1,-1) AS 1 69.2 3.13 50.5 10.1 10.1 6.81 11.8
BAL 5 66.1 3.48 20.0 19.0 19.0 1.76 0.90

HP 0 8.22 14.7 0.0 70.0 94.0 72.7 -28.9

PS 2 65.3 3.24 0.0 81.6 82.7 50.1 16.4

UP 12 67.9 1.19 100 0.0 0.0 -0.90 -0.66

(-0.5,-0.5,-0.5,-0.5) AS 0 48.4 4.06 0.0 45.0 55.0 -1.39 -13.2
BAL 1 55.5 3.20 0.0 28.3 34.3 -0.11 -8.09

HP 0 18.9 9.07 0.0 73.0 96.0 18.8 -24.1

PS 26 71.4 2.61 17.6 324 432 4.72 -1.84

UP 21 75.6 1.28 100 0.0 0.0 -1.68 0.06

(-0.25,-0.25,-0.25,-0.25)  AS 1 61.6 2.54 0.0 26.3 38.4 -1.58 -9.70
BAL 12 70.2 2.15 0.0 33.0 45.5 -1.00 -8.04

HP 0 335 594 0.0 50.0 97.0 -2.15 -23.7

PS 52 88.1 1.46 8.3 14.6 27.1 0.99 -1.12

UP 59 90.9 1.07 100 0.0 0.0 -0.43 0.63
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Summary

This dissertation examines how shared mobility providers can manage demand
by aligning operational decisions with user behavior. It highlights behavioral
factors that generate systematic and predictable demand responses and embeds
them into operational models as demand management levers. By integrating
social influence into phased deployment and context effects into choice set
design, it shows that high-quality, gradual expansion improves profitability and
stabilizes adoption, while behaviorally informed menus strengthen competitive

performance.
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