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ABSTRACT

DESIGNING INTERVENTION STRATEGY FOR
PUBLIC-INTEREST GOODS

Ece Zeliha Demirci
Ph.D. in Industrial Engineering
Advisor: Nesim Erkip
September 2016

Public-interest goods, which are also referred as goods with positive externalities, cre-
ate benefits to individual consumers as well as non-paying third parties. Some signifi-
cant examples include health related products such as vaccines and products with less
carbon emissions. When positive externalities exist, the good may be under-produced
or under-supplied due to incorrect pricing policies or failing to value external benefits
and that is why a need for intervention arises. A central authority such as government
or social planner intervenes into the system of these goods so that their adoption levels
are increased towards socially desirable levels. The central authority seeks to design
and finance an intervention strategy that will impact the decisions of the channel in
line with the good of the society, specified as social welfare. A key issue in design-
ing an intervention mechanism is choosing the intervention tools to incorporate. The
intervention tools can target the supply or demand of the good. One option for the
intervention tool is investment in demand-increasing strategies, which affects the level
of stochastic demand in the market. Second option is investment in strategies that will
improve supply of the good. Alternatives for this option include registering rebates or
subsidies and investment in yield-improving strategies when production process faces
imperfect yield.

As several real life cases indicate, central authority operates under a limited budget
in this environment. Thus, we introduce and analyze social welfare maximization
models with the emphasis on optimal budget allocation. We model the lower level
problem, which represents the channel as a newsvendor problem. We then utilize
bilevel programming for modeling the environment incorporating the role of central
authority. After obtaining single level equivalent formulations of the problems, we
analyze and solve them as non-linear programs.

Our first problem is to analyze an intervention strategy, which uses only subsidy
issued per unit order quantity. We explore the subsidy design problem for single re-
tailer and n retailers cases. We show that all of the budget will be used under mild
conditions and present structural results. Also, we analyze subsidy design problem
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for two echelon setting, where the central authority gives subsidy both to retailer and
manufacturer. We consider centralized and manufacturer-driven problems and present
numerical results.

In the remaining part of the thesis, we focus on joint intervention mechanisms in
which two intervention tools are applied simultaneously. First, we study a joint mecha-
nism composed of demand-increasing strategy and rebate. We present two models and
associated structural properties. First model aims to find optimal budget and allocation
of it among intervention tools. We deduce that rebate amount may be independent
of investment made in demand-increasing strategies and improvement pattern of de-
mand. Second model decides on the optimal allocation of a given budget between
intervention tools. We show that central authority will allocate all budget under mild
conditions. Furthermore, we use real-life data and information of California electric
vehicle market in order to verify the proposed models and show benefits of taking such
an approach. We also explore the application of the joint mechanism under a given
budget for exponentially distributed demand family and fully characterize the optimal
solution. The analysis of the solution reveals that designing an intervention scheme
without considering an explicit budget constraint will result in budget deficit and ex-
cess money transfers to the retailer. As the second modeling environment we consider
a joint mechanism consisting of demand-increasing strategy and yield-improving strat-
egy in a setting where yield uncertainty exists. We introduce lognormal demand and
yield models that take into account the investments made for improving them. We
test the suggested model with a case study relying on the available estimates of US
influenza market. The results indicate that addressing both demand and yield issues by
the proposed mechanism will increase vaccination percentages remarkably.

Keywords: Public-interest good, Intervention, Rebate, Subsidy, Demand-increasing
strategy, Yield-improving strategy, Newsvendor problem, Case study, Bilevel program-
ming.



OZET

KAMU YARARINA OLAN URUNLER ICIN TESVIK
MEKANIZMASI TASARIMI

Ece Zeliha Demirci
Endiistri Miihendisligi, Doktora
Tez Danigsmani: Nesim Erkip
Eyliil 2016

Literatiirde olumlu digsal yarar1 olan iiriinler olarak da bilinen kamu yararina olan
triinler kullanimi arttiginda kullanan disindaki kisilere de yarari olan iriinlerdir.
Salgin hastaliklara kars1 yapilan asilar ve diisiik karbon emisyonu {iireten {iriinler bi-
linen 6nemli orneklerdendir. Olumlu digsal yararin oldugu durumlarda yanlis fiyat
politikalar1 ve iirlinlin faydalarinin g6z ardi edilmesi iiriinlerin gereken miktarda
tiretilememesi veya tedarik edilememesine yol agmakta ve bu durum bu tip sistemlere
miidahale edilmesi gereksinimini dogurmaktadir. Devlet veya uluslararasi kar hedefi
glitmeyen organizasyonlar gibi merkezi bir otorite bu sistemlere {iriinlerin kullanim se-
viyelerinin toplumsal istenen seviyelere yiikseltilebilmesi icin miidahale eder. Merkezi
otoritenin amaci tedarik zincirine toplum yararina karar verdirmeyi saglayacak bir
miidahale stratejisi tasarlamak ve finanse etmektir. Miidahale mekanizmasi tasarlarken
onemli noktalardan biri kullanilacak miidahale tiplerine karar vermektir. Miidahale
tipleri iiriiniin arz veya talebini etkileyebilir. Talep artirici stratejilere yatirim yaparak
pazardaki rassal talep seviyesini etkilemek miidahale tiplerinden biridir. Uriinlerin
arzini etkilemek ise bir diger miidahale tipidir. Bu miidahale tipi i¢in secenekler in-
dirim, tesvik vermek veya verimi iyilestirici stratejilere yatirrm yapmays1 icerir.

Gergek hayat uygulamalari, merkezi otoritenin kisitli bir biitce altinda sisteme
miidahale ettigini gdstermektedir. Bundan yola ¢ikarak biitce planlamasini eniyilemeyi
hedefleyen sosyal refah enbiiyiiltme problemleri gelistirdik. iki seviyeli programlama
yontemini kullanarak gelistirdigimiz modelleri tek seviyeli dogrusal olmayan mod-
ellere indirgedik ve analiz ettik. Alt seviye problemleri gazeteci ¢cocuk problemi olarak
modelledik.

Oncelikle sadece siparis miktar1 basina verilen tesvikten olusan bir miidahale strate-
jisini analiz ettik. Bu problemi tek perakendeci ve n perakendeciden olusan sistemler
icin inceledik ve biit¢enin tamaminin normal kosullar altinda kullanilacagini gosterdik.
Daha sonra bu problemi merkezi otoritenin hem perakendeciye hem de iireticiye tesvik
verdigi iki kademeli tedarik zinciri icin inceledik. Merkezi ve iiretici odakli durumlar
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icin sayisal analizler yaptik.

Tezin geri kalan kisminda, ayni1 anda iki miidahale tipini uygulayan biitiinlesik
miidahale tasarimi iizerine ¢alistik. Ilk olarak, talep artirici strateji ve indirimden
olusan biitiinlesik bir mekanizma 6nerdik. Bu mekanizma icin iki karar modeli ve
analitik sonuglar1 sunduk. Ilk model eniyi biitge miktarin1 ve biitcenin miidahale tip-
lerine paylagimini bulmay1 amaglar. Bu model i¢in indirim miktarinin talep artiric
stratejilere yapilan yatinmdan ve talebin iyilesme seklinden bagimsiz olabilecegini
gosterdik. Ikinci model belirli bir biitcenin miidahale tiplerine paylastirilma sekline
karar verir. Belirli kosullarda merkezi otoritenin biitiin biitceyi kullanacagini gosterdik.
Ayrica, Kaliforniya elektrikli otomobil pazarinin verilerini kullanarak gelistirdigimiz
modeli test ettik ve faydalarim1 gosterdik. Daha sonra bu mekanizmay1 6zel bir du-
rum i¢in analiz ettik ve eniyi ¢ozlimii tantmladik. Eniyi ¢6ziimiin analizi biit¢e kisiti
dikkate alinmadan tasarlanan miidahalelerin biit¢e agiklarina ve perakendeciye fazla
para akis1 yapilmasina neden olacagim gostermektedir. ikinci olarak, iiretim verim-
inde belirsizligin oldugu sistemler i¢in talep artirict ve verimi iyilestirici stratejiler-
den olusan bir biitiinlesik mekanizma Onerdik. Lognormal talep ve verim modelleri
gelistirdik. Onerdigimiz bu modeli Amerika grip asis1 pazari verileriyle test ettik.
Sonuglar, talep ve verimi iyilestirmeyi hedef alan miidahale mekanizmalarinin agilama
yiizdelerini 6nemli 6l¢iide iyilestirdigini gostermektedir.

Anahtar sozciikler: Kamu yararina liriin, Miidahale, Indirim, Tesvik, Talep artirict
strateji, Verimi iyilestiren strateji, Gazeteci cocuk problemi, Vaka analizi, Iki seviyeli
programlama.
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Chapter 1

Introduction

1.1 Motivation and Objective

Public-interest goods, which are also known as goods with positive externalities, ben-
efit consumers in addition to non-paying third parties. Health related products such
as various medicines and vaccines, energy efficient appliances, eco-consumables, and
products with less carbon emissions are some well-known examples. Specifically for
instance, vaccines obviously make the individuals less susceptible to a contagious dis-
ease and also they reduce the chances that non-vaccinated people will get the disease.
Clearly, vaccination is good for the whole society since with only few unvaccinated
individuals the transmission of the disease cannot be maintained and the risk of pan-
demics will be low. Similarly, with electric vehicles, the reduction in transportation-
related air pollution and climate change emissions compared to conventional vehicles
will benefit owners of these vehicles and also provide considerable benefit to other peo-
ple. In a free market, this type of goods are either under-consumed or under-produced
due to incorrect pricing policies or neglecting the external benefits. Thus, there is a
need for regulating this type of goods’ environment by a central authority (government
or social planner) so that their consumption is raised towards socially optimal lev-
els. Here, the main goal of the central authority is to design and fund an intervention

scheme that encourages the channel to choose decisions for the benefit of the society.



A critical issue while designing an intervention mechanism is how it should be in-
corporated into the system. It can be introduced at different levels of the system by
allocating available budget among investment alternatives. One alternative is making
investment in demand-increasing strategies. We assume that this investment is de-
voted to any attempt that will promote the consumption of these goods in the medium
to long run. In practice, the strategies can be advertising, organizing education and
awareness campaigns, and expanding access to this type of goods. Another alternative
is to invest in strategies that will improve system operation. Options for this alter-
native include administering incentives in the form of rebates (i.e. refund of money
awarded to consumers of that particular product) or subsidies (i.e. payment to the firm
that manufactures and/or sells the product for every unit produced/ ordered) in order
to improve good’s availability, and initiating research and development to improve the
production process when imperfect yield and/or yield uncertainty arises inherent to the

environment.

Several rebate schemes have been introduced in practice to encourage usage of these
goods. For instance, a large number of national and local governments have initiated
government incentives to foster sales of electric vehicles. US government provides
federal income tax credit benefits up to $7500 ﬂ Besides federal policy, several states
have been implementing incentive programs. One example is California, which offers
a rebate up to $5000 in addition to federal tax credit. Germany also subsidizes electric
vehicle sales by providing a rebate of €4000 for all electric vehicles and €3000 for
a plug-in hybrid electric vehicle ﬂ Another example is that several tax credit and
rebate programs have been established by federal, state, and local governments in US
for homeowners to switch to renewable energy such as solar panel systems or energy

efficient projects ﬂ

Analysis of intervention through subsidies or rebates is also common in the liter-
ature, especially for public-interest goods. For example, Raz and Ovchinnikov [1]
consider these types of intervention tools for a general class of public-interest goods;

Mamani et al. [2] consider a subsidy program to achieve optimal vaccine coverage,

Thttp://www.fueleconomy.gov/feg/taxevb.shtml
Zhttps://www.theguardian.com/world/2016/apr/28/germany-subsidy-boost-electric-car-sales
3http://www.solarcity.com/residential/solar-energy-tax-credits-rebates



and Lobel and Perakis [3] consider subsidies to achieve a desired adoption target for
solar photovoltaic technology. The reason behind giving incentives to channel is to
make the goods acceptable to customers and viable to buy, and thus to enable their

wider adoption.

Subsidies and rebates are generic tools used for regulating the usage of public-
interest goods, so we start our analysis by considering intervention mechanisms only
composed of subsidies in different settings. However, considering more than one
strategy simultaneously has not been well studied. Joint mechanisms composed of
two intervention tools; demand-increasing strategies and rebates or demand-increasing
strategies and research and development are firstly introduced and analyzed in this the-
sis. For joint mechanisms, the problem of central authority is to decide on the optimal

allocation of available budget among two investment alternatives.

Public-interest goods such as new medicines, energy efficient appliances or eco-
consumables are new goods and technologies, so they face highly uncertain demand.
Decisions on incentives and regulations are taken depending on incomplete or incor-
rect information on demand, good’s performance or future technology advances. Ad-
ditionally, the intervention is implemented until the good under consideration is made
acceptable to customers and its effectual adoption is ensured. Thus, considering the
demand uncertainty and implementation horizon, we formulate a newsvendor model
for the retailer (or manufacturer, depending on the setting under consideration). More-
over, based upon real world applications central authority needs to consider the avail-
able budget amount (or optimal budget) while determining the intervention scheme.
So, we develop models that decide on how to allocate budget among intervention tools
in public-interest good environment. We also find out structural results that facilitate

solving the models.

1.2 Scope and Research Questions

The research presented in this dissertation aims to provide a unifying framework for

designing intervention mechanism for a general class of public-interest goods. We use



this framework to propose a strategy for ensuring wider adoption of the goods in dif-
ferent settings, i.e. single echelon and two echelon systems, with different intervention
tools. We introduce models, which enable decision makers to take right decisions with
the available information and allow one to measure the outcomes in terms of budget
and utility. We also construct case studies relying on real life data in order to illustrate
the positive impacts of using proposed mechanisms and present comparisons with re-

spect to current policies and status.

Specifically, the following research questions are posed in this thesis:

* Generalized formulation to determine subsidy amount to be offered for stochas-

tic exogenous demand

— Can we identify a structure for the optimal solution?

— Can we identify additional structural properties?

* Generalized formulation to design intervention scheme with incentive-sensitive

demand

— Different environments are considered.
— Can we identify structure or structural properties for the optimal solution?

— What would be the impact of applying proposed intervention scheme on

real world cases?

In this thesis, we use bilevel programming to model the framework explained. A
bilevel programming problem is a hierarchical optimization problem that includes two
levels of optimization problems within a single formulation, one of which becoming
part of the constraints of the other one. To summarize, an upper-level decision maker or
leader makes his optimal choice first and then a lower-level decision maker or follower
makes his decision by optimizing own objective function given the dominant player’s
action. A distinguishing property of this programming is that each player’s decision
is affected by the other’s decision, but not completely controlled by it [4} [5]. For

our models, the leader is the central authority with the objective of maximizing social



welfare and the follower is a retailer or a manufacturer whose problem is modeled in a

newsvendor setting.

From a general point of view, there are several contributions of the thesis. The first
one is modeling a newsvendor environment with welfare implications via bilevel pro-
gramming. Note that the modeling structure used is quite general in the sense that it can
be modified for alternative intervention schemes. Using the modeling framework, we
derive analytical results that will generate insights for policy makers as well as ease the
procedure to find an optimal solution. Moreover, we construct two case studies based
on real life data by using novel calibration approaches. We utilize these case studies
to validate our findings and show benefits of applying proposed schemes incorporating
incentive-sensitive demand. Within these case studies, we propose concepts that play
a critical role in evaluating decisions to be made. One of the ways to assess the per-
formance of our approach is to make comparisons with results of benchmark models.
Another important concept is expected excess budget, which measures the risk of de-
cisions made. Lastly, we suggest a model that offers a coordination possibility for one

of the schemes considered.

1.3 Outline

The remainder of the thesis is organized as follows. Chapter [2| summarizes related
literature and provides a brief description of bilevel programming. In Chapter 3| we
study the intervention problem in an environment in which the system is regulated by
the power of subsidies. We firstly analyze basic cases, i.e. single echelon systems
consisting of single retailer and n retailers, respectively. For both of them, we show
that all of the available budget will be used under mild conditions. For the model with
n retailers, the subsidies are allowed to be negative (i.e. tax) and thus the incentive
mechanism imposes a pricing mechanism on the agents depending on their status. By
this way, we allow for money transfers between central authority and retailers, and
among retailers. We find out that under identical cost parameters but different utility
functions, the subsidies allocated can be ordered according to marginal utilities. Next,

we examine two echelon systems for centralized and manufacturer driven settings, in
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which central authority controls the system through the use of subsidies administered
to both retailer and manufacturer. Regarding the centralized case, we find that central-
ized system turns out to be identical with single echelon system and the amounts of

subsidies only affect the expected profit sharing between retailer and manufacturer.

Real life cases depict that intervention through only subsidy or rebate is not enough
to ensure the good of society. For instance; several subsidy programs are under im-
plementation to increase influenza vaccination rates in most of the developed coun-
tries. However, the resulting vaccination percentages are significantly lower than the
targeted percentages [6}/]. Thus, we consider joint mechanisms in the rest of the the-
sis. The joint mechanisms consist of two intervention tools: (i) investment made in
demand-increasing strategies and (ii) investment made in strategies improving system
operation. We investigate the joint mechanisms for a setting consisting of a central
authority and a retailer or a manufacturer. In Chapter ] we consider joint interven-
tion mechanism composed of demand-increasing strategy and rebate. We introduce
two models to determine utility maximizing intervention schemes when budget is op-
timized and budget is exogenous, respectively. Also, we further investigate the models
to derive structural properties for the optimal solution. We present two decentralized
approaches as benchmarks for both models. Finally, we conduct a case study for Cal-
ifornia’s electric vehicle market and validate our findings by a detailed analysis of the
results, including comparisons with the current practice. In Chapter [5] we extend the
problem in Chapter {] under the assumptions that demand is exponentially distributed
and demand-increasing strategy has a constant effect on the mean demand. We charac-
terize the optimal solution structure in terms of budget level and efficiency of demand-
increasing strategy. In Chapter [6] we study the joint intervention mechanism in an
environment that includes production yield imperfection as well as uncertainty. For
this case, the joint mechanism includes demand-increasing strategy and research and
development investment, which improves yield. We enrich this study by constructing

a case study based on available information on US influenza vaccine market.

We conclude the thesis with a summary of results and future research directions in
Chapter



Chapter 2

Literature Review

This thesis focuses on supply chain of a public-interest good; hence it is closely related
to two streams of literature: economics and operations management. We present a
brief review of related studies from each stream in the following sections. The research
problems that we address deal with sequential decision making in a hierarchical system
with independent objectives. We utilize bilevel programming to model the hierarchical
relationship between the decision makers. Hence, last section contains a description of

bilevel programming framework.

2.1 Economics Literature

The economics literature has focused on policy design for regulating monopolies in
the public-interest (see [8, 9] for further details). Subsidy, tax, and lump-sum transfers
are frequently used as public policy instruments in welfare economics. The details
on how they are used and their effects on the economy are discussed thoroughly in
[10]. Moreover, the impact of intervention tools (such as subsidies and advertising)
for accelerating the diffusion of a new product is investigated in the literature. In
this context, government is concerned with maximizing the number of adopters while

determining the intervention scheme. Here, the intervention tools directly affect the



adoption level. On the other hand, in this thesis we study the intervention problem in
a newsvendor setting, thus the tools are affecting the order quantity. Some examples
from this stream of literature are: [11], [12], and [13]. Horsky and Simon [/11]] examine
the effect of firm’s advertising strategy on the adoption level of a new product, whereas
Kalish and Lilien [12] study the problem of determining a time dependent subsidy
scheme under a predetermined government budget. In a recent study, De Cesare and
Di Liddo [13], innovation diffusion problem is examined for a Stackelberg game. The
government chooses the subsidy amount given a predetermined budget, whereas the

monopolist producer determines the pricing and advertising strategies.

Our approach considers a central authority with all available information. However,
the effect of private information is well studied and understood in economics literature
by studies on mechanism design. In mechanism design, a principal aims to optimize
outcome of any organizational or market system composed of self-interested agents. It
is assumed that agents act strategically and may have some private information. Within
this context, the research question is that whether it is possible to design a mechanism
that will induce efficient decisions maximizing total welfare and whether agents will
participate in the mechanism. More detailed information about this field can be found
in Myerson [14] and Jackson [15].

2.2 Operations Management Literature

Newsvendor problem is a part of problem settings that we analyze in this dissertation.
This problem has been studied widely in the literature (see [[16] for taxonomy of the
literature so far). However, our settings have one more decision level (central authority)
and exhibits interrelated decision hierarchy making the analysis of the problem more
complicated. Also, on the contrary to traditional newsvendor problem where quantities
correspond to production or order quantities, in our setting it corresponds to capacity

investment decision.

The problems that we study are also related in part to supply chain contracting

literature. A detailed review can be found in [17]. The problems in this context focus



on the impact of incentives (such as rebates or revenue sharing) on the echelons in a
newsvendor environment. For instance, Taylor [18]], Dreze and Bell [19], and Aydin
and Porteus [20] show the effectiveness of sales-rebates in different settings. Note that
the studies in this context consider the profits of the echelons while designing contracts

rather than social welfare or utility implications.

Although the problems considered in this thesis can be seen in various settings,
studies that combine intervention and its effects on social welfare in a newsvendor
setting are scarce. The studies consider intervention tools in the form of subsidies and
rebates. The existing studies in the literature within this context can be grouped based

on which products it can be applied.

A stream of studies in the literature has been devoted to designing social welfare
maximizing interventions for influenza vaccines in particular. The setting of this good
is distinguished from the others due to characteristics of production process. Envi-
ronment bears long production times, reformulation of vaccine composition each year,
and yield uncertainty risk. The inefficiencies of a vaccine supply chain emanating from
operational issues on the supply side and negative externality effect on the demand side
mostly have not been addressed concurrently in the existing studies. A group of studies
focus on only supply uncertainty and its impact on social welfare. Chick et al. [21]
present first integrated supply chain/health economics model for a system consisting
of a monopolistic manufacturer that sells vaccines to a government. Based on their
results they investigate that manufacturer bears all of the production risks due to lack
of coordination, which results in shortfall of vaccines. Hence, they derive a variant
of cost sharing contract, which provides an incentive to the manufacturer to produce
social optimum quantity. In Chick et al. [22]], the major concern is to design a contract
that will align incentives of government and manufacturer as in Chick et al. [21], but
they consider an environment with asymmetric information about production uncer-
tainty and include the possibility to fulfill the shortfall demand at a higher cost after
the delivery date. Mamani et al. [23] extend the study of Chick et al. [21] to a sce-
nario with multiple governments and risk of disease transmission across borders. They
design a contractual agreement among governments that will enhance global health

outcomes. Using a Cournot competition model, Deo and Corbett [24] argue that the



limited number of entrants in a vaccine market, vaccine undersupply and low soci-
ety surplus can be explained by yield uncertainty inherent to this environment. In all
of these studies demand is exogenous to their models; however the consumer behavior
(reflecting negative network externality effect) is also incorporated in this context more
recently. Briefly, they assume that consumers’ decision of whether to uptake vaccine
depends on the vaccinated fraction of the population. Mamani et al. [2] show that in
an oligopolistic vaccine market, a fixed subsidy should be administered to consumers
so that a socially optimal immunization rate can be reached. However, they ignore the
impact of yield uncertainty on the subsidy design and social welfare. Later, Adida et
al. [25]] study a similar problem in a setting that includes consumer behavior as well
as yield uncertainty, and show that a fixed two-part subsidy scheme is not sufficient
to coordinate even the monopoly market. They propose a two-part menu of subsidies
that includes a subsidy dependent on coverage level given to the consumers and a unit
production payment to the manufacturer in order to eliminate the market inefficien-
cies. In contrast to previous studies, Arifoglu at al. [26]] do not formalize the setting
as an incentive design problem, but instead explore the implications of demand side
versus supply side interventions on the manufacturer’s decision and societal outcome
under different conditions. Regarding health related products, Taylor and Xiao [27]
study design of subsidies from the perspective of a donor with a budget constraint for
improving the availability of malaria drugs. The authors show that the optimal sub-
sidy scheme of donor should include only purchase subsidy (i.e. optimal sales subsidy

should be zero).

There is a growing literature dealing with implications of incentives on sustainabil-
ity. Atasu et al. [28] study the design of e-waste take-back legislation considering two
alternative policies. One is tax-based legislation and the other is legislation enforcing
manufacturers a certain take-back rate. Here, tax corresponds to a negative subsidy per
unit of sales. They analyze the impacts of both policies on manufacturers, consumers,
and social welfare, and identify policy preferences. Krass et al. [29] and Drake et
al. [30] both address the technology choice problem under emissions regulation. In
particular, Krass et al. [29] study the effect of environmental taxation, subsidies, and
rebates on the technology choice of a monopolistic firm. They study the problem as

a Stackelberg game: regulator being the leader and profit maximizing firm being the
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follower. The firm faces deterministic price dependent demand and has to choose from
technology alternatives that produce varying levels of emissions. In response to regu-
lator’s environmental policy, firm decides on the technology, production quantity, and
price. Drake et al. [30] examine the technology choice and capacity decisions of a firm
under both emission tax and cap and trade regulation. In contrast with Krass et al. [29]
that consider multiple technologies, Drake et al. [30] consider two technology types

having different emissions intensities.

The closest papers in this context are [[1] and [31] in terms of analyzing welfare
implications in a newsvendor environment. Our newsvendor setting differs from these
studies in that they present a price-setting newsvendor model, whereas we either use
stochastic exogenous demand or assume that demand distribution changes based on
investment made in demand-increasing strategies. Raz and Ovchinnikov [[1] study the
government incentive design problem for a general class of public-interest goods. They
consider an environment composed of a price-setting newsvendor firm and a govern-
ment whose goal is to maximize social welfare, which in their model has four compo-
nents: newsvendor firms profit, consumer surplus, externality benefit, and governments
cost. The government coordinates the system with two types of intervention tools:
(i) rebates (payments to consumers) and (ii) subsidies (payments to the newsvendor
firm). They analyze three different mechanisms to coordinate the price and/or quan-
tity: two simplified mechanisms that are only composed of rebates or subsidies, and
a joint mechanism that consists of both rebates and subsidies. They show that joint
mechanism can coordinate the system, whereas simplified mechanisms can coordinate
either price or quantity. They also show that the coordinating solution leads to posi-
tive rebate and a negative subsidy (actually a tax) unless the externality is small. The
authors examine the effectiveness of rebates compared to subsidies for the adoption of
public-interest goods, and find out that using a mechanism with rebates only results
in lower welfare losses. Lastly, they conduct computational study based on industry
data of Chevy Volt and compare the current policy with the proposed joint mechanism
and analyze the effect of uncertainty and externality on the design of incentives and
social welfare. They observe that consumers benefit from uncertainty in the market.
The latter study, Cohen et al. [31] explore subsidy design problem for green tech-

nology adoption. The paper proposes a model to find optimal subsidy scheme that
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maximizes social welfare while meeting a certain adoption target level. The social
welfare function considered composed of supplier’s profit, a consumer surplus, and
government expenditures. They show that ignorance of demand uncertainty blocks the
desired adoption target level to be achieved. Moreover, they also validate their findings

by a case study for Chevy Volt in the US market.

Basically, our thesis differs from the above-mentioned studies in three dimensions:
(1) joint intervention mechanisms affecting both demand and supply of the good; (2)
an explicit budget consideration on the intervention mechanism; (3) a relatively general
social welfare function with an emphasis on optimizing the budget allocation problem;

and (4) incentive-sensitive demand (not only dependent on price, but more general).

2.3 Methodology: Bilevel Programming

Bracken and McGill are the first to study bilevel programming in three consecutive
papers [32, 33, [34] presenting applications in the field of defense, production and
marketing. In these early studies, bilevel programming is referred as mathematical
programs with optimization problems in the constraints. Later, the designation bilevel
and multilevel programming is first used by Candler and Norton [35]]. Multilevel pro-
gramming facilitates to model decision making process in a hierarchical system with
multiple decision makers. It is an extension of bilevel programming to more than
two decision levels. Particularly, bilevel programming formulation contains two levels
of optimization problems, one of which is embedded in the constraints of the other
one. From hierarchical system point of view, the levels operate sequentially and that
is why lower level decision maker’s problem (leader) becomes part of the constraints
of the upper level decision maker (leader). A key feature of bilevel programming is
that each party optimizes their own objectives; however their decisions are affected by
each other but not completely controlled. First, the upper level decision maker begins
determining levels of decision variables in anticipation of lower level decision maker’s
reaction. Following, the lower level decision maker makes his choices. More detailed
description of bilevel programming as well as solution methodologies and application

examples can be found in [4} 5} 36} 137]].
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Bilevel programming is related to Stackelberg model in the game theory field.
Specifically, in a Stackelberg model the leader takes into account the follower’s re-
action while choosing his optimal strategy. Note that Stackelberg model and bilevel
programming are similar as both possess hierarchical structure. However, lower level

problem of a Stackelberg model is an equilibrium instead of an optimization problem.

Several real-world problems that include nested decision hierarchy can be mod-
eled utilizing bilevel programs. Successful application domains of the concept include
revenue management (e.g. [38]), congestion management (e.g. [39, 40]), hazardous
materials management (e.g. [41]), network design problems (e.g. [42]), energy sector
(e.g. [43]]), engineering problems (e.g. [44]), and principal-agent problem (e.g. [43])
[4]. Also, one can suggest that bilevel programs may serve as a reasonable option
for modeling managerial decisions as they have bilevel nature in terms of influencing

subordinate level and having independent objectives.

The general formulation of a bilevel programming problem can be expressed as
follows [4,, 5]

I)'Crg(l F(x,y) (2.1)
s.t. G(x,y) <0 (2.2)
minyecy f(x,y) (2.3)
s.t. g(x,y) <0 (2.4)

The variables of the formulation can be grouped in two categories: x € X C R" cor-
responds to upper level variables, whereas y € Y C R™ stands for lower level variables.
The functions F, f : R"* x R” — R! are called the upper level and lower level objective
functions, respectively. In a similar manner, G : R” x R” — R? and g : R" x R" — R
are vector-valued functions representing the upper level and lower level constraints,

respectively.

Bilevel programs are categorized in sub-classes depending on the functional forms
of F, f,G,g. These programs are inherently difficult to solve. Jeroslow [46] show that
even the simplest sub-class, in which all functions are linear is NP-hard. Thus, mostly

simpler cases, i.e. problems with linear, quadratic or convex objective functions and/or
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constraints have been studied. Extreme point approach for linear case, branch and
bound, complementary pivoting, descent method, penalty function method, and trust
region method are some significant solution techniques developed to solve bilevel pro-
grams [4,15]. Primary approach for solving bilevel optimization problems is to replace
the lower level problem by its KKT conditions or first order condition whenever it is
convex. In this case, the resultant KKT system is added to the constraints of the upper
level problem, which yields a single level reformulation of the problem with comple-
mentarity constraints. Then, this formulation can be solved using nonlinear program-
ming techniques. The bilevel programming problems that we analyze throughout this
thesis possess the convex lower level problem structure, hence we obtain their corre-
sponding single level equivalent formulations and treat them as nonlinear programs.
Note that the decisions of lower and upper levels are determined simultaneously in this

case.
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Chapter 3

Intervention by Incentives

The aim of intervention is to achieve results close to socially desirable levels. Incentive
(i.e. subsidy or rebate) is the most commonly used tool for this interest, especially for
public-interest goods. Incentives have both direct and indirect effects on the system’s
operations: the central authority regulates the price of the good by altering costs and

consequently influences the quantity or service level provided.

We start our study by investigating environments in which the system is controlled
by the power of subsidies given per unit ordered. Some examples from literature ana-
lyzing intervention including subsidies are Chick et al. [21], Taylor and Xiao [27]], and
Raz and Ovchinnikov [[1]. Our main goal is to examine the subsidy design problem
from a general point of view subject to a constraint on central authority’s budget. We
firstly analyze basic cases, i.e. single echelon systems composed of a single retailer
and n retailers, respectively. Next, we examine two echelon systems for centralized
and manufacturer driven settings, in which central authority intervenes in the system
through the use of incentives administered to both retailer and manufacturer. Finally,
we introduce a general formulation for single echelon case with incentive-sensitive

demand, which will be elaborated in the forthcoming chapters of the dissertation.
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3.1 Basic Model

We firstly introduce the basic model with a single retailer and we follow up with its

extension consisting of n retailers.

The system consists of a single retailer and a central authority. The central authority
takes the role of the leader with the objective of maximizing utility achieved by the or-
der quantity choice of the retailer, i.e. u(Q). We assume that utility function is concave
with respect to its argument. On the other hand, retailer is the follower with the ob-
jective of maximizing expected profit. The retailer’s problem is a typical newsvendor
problem, which decides on the order quantity Q. The retailer observes random demand
x, with pdf f and cdf F. We assume that there is an upper limit on the demand antic-
ipated, which is denoted by D,,,. The cumulative distribution function of demand is

defined as follows:

0 if x <0,
F(x)=4q [y f(x)dx  if0<x< Dyg,
1 if x = Dyyyx.

The unit revenue of selling product is p and the unit cost of buying the product is c.
Also, there is a salvage value s per unit of unsold products. Besides, central authority
administers incentive, r, per unit ordered to the retailer, which is limited with a fixed
budget amount, B. In the classical newsvendor problem the relations between the cost

values are assumed as p > ¢ > s. However, we allow for ¢ > p in our models.

The bilevel programming formulation of the problem is as follows:

Model BM-BLP: max u(Q) (3.1)
s.t. rQ<B (3.2)

maxp E[P(Q)] (3.3)

5.t. Dye > 0 >0 (3.4)

where E[P(Q)] = [Z(px+5(Q—x) — cQ+rQ) f(x)dx + Jo (p—c+r)Qf(x)dx s the
expected profit of the retailer.
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In the model, (3.1)) is the central authority’s objective of maximizing utility and
(3.2) is the constraint on the level of budget to be allocated to the retailer. Besides, the

retailer’s problem is part of central authority’s constraints, which is given by (3.3) and

G4).

Lemma 3.1 The problem defined by (3.3)-(3.4) is concave with respect to Q, so it can
be replaced by its first-order condition [5]].

Utilizing Lemma 3.1 the formulation is reduced to a single level formulation.

Model BM-SLPI: nggx u(Q) (3.5)
s.t. rQ <B (3.6)
F(Q) = p—CcTHE (3.7)
p—s
p—c+r>0 (3.8)
c—s—r>0 (3.9

Consider the model given by (3.5)-(3.9). is the first-order condition that the
optimal order quantity should satisfy. Note that constraints (3.8)) and (3.9) are added
to guarantee that the right hand side of is a well-defined probability, i.e. it takes
values between 0 and 1. Also, note that the problem is well-posed, i.e., for any r
the optimal solution Q(r) is unique. From the leader’s perspective, we have a model
with an implicitly defined feasible region by the follower’s problem. In other words,
whenever r is chosen by the central authority, retailer only chooses the optimizer of the
newsvendor problem. The central authority has control over r and an implicit control
over the real price of the good and consequently the order quantity.

. .. o -1 —c+
By using the condition on Q, Q = F (%) , the model can be reformulated.
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The reformulation is as follows:

Model BM-SLP2: max  z(r) =u (F—l (p_—m» (3.10)
r p—s
_1{p—c+r
s.t. g(r)=rF (—) —B<0 (3.11)
p—s
h(r)=—p+c—r<0 (3.12)
t(r)y=—c+s+r<0 (3.13)

Now, we have a single level problem with a single decision variable. However, due
to nonlinearity of objective function (3.10) and constraint (3.11), Karush-Kuhn-Tucker
(KKT) conditions are necessary but not sufficient for optimality. But still we can utilize

them to help us in characterizing the optimal solution.

According to KKT conditions, an optimal solution should satisfy the constraints

(3.11), (3.12), and (3.13)). Also, there must be multipliers A;, i = 1,2, 3, corresponding

to each constraint respectively, and they must satisfy the following set of equations:

dz(r) dg(r) dh(r) ot (r)

or =M or 4 or +4 or (3.14)
A [B—rFl (p_—m)] —0 (3.15)
p—s
Mlp—c+r]=0 (3.16)
AM[c—s—r]=0 (3.17)
M, A2, A3 >0 (3.18)

Proposition 3.1
a) There is a maximum budget value, (¢ — s)Dyqy, above which the budget constraint
may not be active.

b) If 0 < B < (¢ — §)Dyax, the budget constraint will be always binding.

Proof is presented in Appendix

This result is quite intuitive. Since the dominant objective is to maximize utility,
which is dependent on the order quantity, the problem becomes equivalent to the max-

imization of the order quantity. From the first-order condition, we know that the order
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quantity is increasing with the increase in r, so the central authority wants to allocate
as much as possible from the budget. Thus, all of the budget will be used at the optimal

solution in most of the cases.

This model is a simple one, indicating that a reasonable solution can be found for
a given budget level. In this respect, the model can be seen as a simple version of the
available studies in the literature with a given budget level. It nicely shows the effect

of changing budget on the utility as defined.

3.2 Basic Model with n Retailers

In a decentralized supply chain, each member acts with respect to its self-interest and
this brings inequality and disparity issues between the members at the same level.
Especially for products or services that are for public-interest, this problem is signif-
icantly critical. Behaving with respect to self-interest, allows the ones with sufficient
income to hoard the goods, while leaving the other ones worse off. In order to ensure
equivalence between the members or to encourage a public-interest operation, a central

authority’s intervention might be needed.

In this setting, incentives are allowed to be negative. Positive incentives motivates
to order more or to engage in activities. However, the implications of the negative
incentives are totally the opposite. It can be regarded as charging tax or applying
higher price to that specific party under consideration. The most vital implication of
negative incentive in the system is that it increases the budget of the central authority to
be allocated. Thus, more demanding parties can get more benefit of the budget of the
central control mechanism. In other words, what this intervention mechanism does is
imposing a pricing mechanism by allowing money transfer between central authority

and retailers, and between retailers.

In this section, we concentrate on the extended setting of the basic model with
n retailers. An example associated with this case can be given as allocation of in-

fluenza vaccines between countries. The problem is determining subsidies of different

19



purchasers of influenza vaccines. Here, purchasers/retailers correspond to countries
and central authority may correspond to World Health Organization. The decisions
on subsidy amounts are important as they may lead to suboptimal allocation of vac-
cines between countries when the objective is to minimize global financial costs of
influenza. Different countries have different economic sensitiveness to influenza out-
breaks and different objectives. Moreover, large quantities of vaccines may be reserved
for wealthier developed countries such as US and European countries. On the other
hand, some countries are less capable of buying in bulk quantities. It is known that
majority of influenza outbreaks were first detected in Southeast Asia, and then spread
to other countries. Thus, different utilities would be obtained from different coun-
tries. With a similar reasoning, cost and price of the good may be different in different

countries.

All of the assumptions and cost parameters are the same with the basic model and
they are indexed from 1,---,n. Similar with the basic model, we assume that utility

function, ;(.), is concave with respect to its argument for all retailers.

Model NBM-MLP: max z”: u;(Qi) (3.19)
i i=1

st Y roi<B (3.20)
i=1

maxo, E[P,(Q;)] (3.21)

st.D' . >0;>0i=1,---.n (322

where E[P(0;)] = J& (pixi + si(Qi — xi) — ¢iQi + 1:0;) filxi) dxy + Jo.(pi — ci +
ri) Qi fi(x;i) dx is the expected profit of the retailer i.

By implementing the same manipulations with the single retailer problem, we ob-

e e

n
uj
=1
n PR— . .
Y rF ! (M) ~B<0  (3.24)
i=1

tain the following problem:

Model NBM-SLP: max

r

z(r)
s.t.  g(r)

Pi—Si
hi(ri)=—pi+ci—r<0i=1,---|n (3.25)
ti(ri):—ci+si+ri§0 i=1,---,n (3.26)
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*

KKT conditions imply that an optimal solution (r},---,r;) should satisfy con-

straints (3.24)-(3.26)), and there must be multipliers 8, A;, and ¥, i = 1,--- ,n corre-
sponding to constraints (3.24)-(3.26), which satisfy the following equations:

8;(:) :eagg) +)Lia}g£:i) +%8ta,~(:>7i: 1o (3.27)
Ailpi—ci+ri] =0, i=1,---,n (3.29)
Yilci—si—ri]=0, i=1,---|n (3.30)
0>0, 4, %>0i=1,-n 3.31)

Remark 3.1 The problem is well-posed, i.e. for any r;, the optimal solution of the

lower level problems, Q;(r;) are unique foralli=1,--- ,n

Proposition 3.2 If 0 < B < Y" (¢; — 5;)D.,,,,, the budget constraint will be always

active.

Proof is presented in Appendix[A.1]

Proposition 3.3 If all retailers are identical, there exists an optimal solution (r*,Q™)

such that all r; and Q; values are equal, i.e., 1] =15 =---=71,and Q] = Q5 =--- = Q.

Proof is presented in Appendix

Corollary 3.1 When all retailers are identical, at the optimal solution r{ =r; =--- =
rm=r"and Qi =Q5="---=Qp = Q" Thus, r*fQ* =B/n when 0 <B <YY" (c;—
Sl')Di

max-

Proof is presented in Appendix

Corollary [3.1| implies that as the number of retailers increases both r* and Q* de-

crease for a given budget.
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Proposition 3.4 Assume that all cost parameters and demand distribution functions
of retailers are identical and assume that without loss of generality the retailers are
indexed from 1 through n in ascending order of marginal utilities at the optimal so-
lution and there are no ties. Then, at the optimal solution we will have the following

structure: Q] < Q5 <--- < Qnandry <ry <---<rp.

Proof is presented in Appendix

The rebates may not be necessarily the same if utility of goods are not the same.
For instance, one good is sold with an additional service whereas the other is not.
One good example is that a pharmacy offering influenza vaccines and free vaccination

service will have a higher utility compared to the one only selling vaccines.

3.3 Two-Echelon Problem

In this section, we investigate our problem under the classical two-echelon problem
setting, which consists of a retailer and a manufacturer. The assumptions of the retailer
is the same with the ones in our basic model. In addition, the manufacturer incurs a
manufacturing cost of m. Note that there is no need for ¢ > m or p > c. In the two-
echelon case, the central authority can give incentive to both parties, which are denoted
by r,, for the manufacturer and r, for the retailer, respectively. The central authority
may help manufacturer to charge lower prices to the retailer by administering subsidies
to the manufacturer or it may decrease the prices implicitly by assigning subsidies
to the retailer. In this section, we analyze the centralized problem and manufacturer

driven problem.

3.3.1 Centralized Problem

We first consider the case in which the manufacturer and retailer are owned or con-
trolled by the same company. In this case, the company wants to maximize the ex-

pected system profit and the central authority wants to maximize the utility obtained

22



from the company under the budget constraint. Here, we define r; as the total subsidy
amount issued to manufacturer and retailer per unit order quantity (i.e. r; = ry, + ;).
Note that there is no need to optimize c in this setting. The problem under considera-

tion can be formulated as follows:

Model C-BLP: max u(Q) (3.32)
s.t. QO <B (3.33)

maXgp E[PT(Q)] (334)

st. 0>0 (3.35)

where E[Pr(Q)] = [ (px+s(Q—x) —mQ + 1, Q) f(x) dx + [ (p — m+ 1) Qf, (x) dx
is the expected profit of the system.

By following the same iterations with the previous problems, we have the following

problem:
Model C-SLP: max  u (Fl (W)) (3.36)
Tt p—S
S.t. ! (w) <B (3.37)
p—s
rr>m—p (3.38)
rn<m-—s (3.39)

Property 3.1 Centralized problem turns out to be identical with single echelon sys-
tem’s problem. Note that the amount of subsidies, r,, and r,, only affect the profit

sharing between the retailer and the manufacturer.

3.3.2 Manufacturer Driven Problem

In this section, we consider a hierarchical situation in which the manufacturer sets
the purchasing price of the retailer c¢; then the retailer chooses the order quantity Q.
As in the previous cases, central authority is the leader and controls the system by

giving subsidies to the both parties. He administers subsidy amounts of r,, per unit
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sold to the manufacturer and r, per unit ordered to the retailer. By this way, the central
authority will either decrease the price of the good ordered by the retailer through
subsidizing him, or influence the manufacturer to set a lower price via subsidizing the

manufacturer, or both.

The multi-level formulation of the system under consideration is as follows:

Model MD-MLP: max u(0) (3.40)
s.t. (rm+7,)0<B (3.41)
rm=>0 (3.42)
max. E[P,(c)] (3.43)
maxg E[P.(Q)] (3.44)
st.0>0 (3.45)
where,
E[Py(c)] = (c—m+ry)Q and (3.46)

Y oo
EIP(Q)) = | (pr+5(Q—) ~cQ +r@)f()de+ | (p—ctr)0f, (1) ds
(3.47)

are the expected profits of the manufacturer and retailer, respectively.

After replacing the retailer’s problem by its first order condition and Q by Q =

F1 <%> , the model can be reformulated as follows:

Model MD-BLP:  max u (F—1 (lﬂ)) (3.48)
Ty p—s
1({P—C +ry
max, E[P,(c)] = (c —m—+ry)F ! (ﬂ)
p—s

(3.50)
st. —p+c—r, <0 (3.51)
—c+s+r<0 (3.52)
—c+m—r, <0 (3.53)
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The constraints (3.51)-(3.52) are added to guarantee that the ratio (’%_t”) takes

values between 0 and 1. Also, constraint (3.53) is added to make sure that the manu-

facturer stays in the business.

Lemma 3.2 If demand follows uniform distribution on [a, D), the lower level problem
given by (3.50)- can be replaced by its KKT conditions.

Proof'is presented in Appendix

Note that to represent Model-BLP as a single level programming problem, one has
to guarantee that problem stated in (3.50)-(3.53) has a unique solution. Lemma
shows that this is true if demand follows uniform distribution. However, one can show
that this is not true for exponential distribution as the problem is neither concave nor
convex in that case. Hence, it does not always guarantee a unique solution. Of course,
one can find other distributions for which the problem given by (3.50)-(3.53) will be

concave, but we will not make further analysis of it here.

Using Lemma we create an alternative respresentation of Model MD-BLP for
the case when demand is uniformly distributed. Let A; fori = 1,--- ;3 denote the KKT
multipliers of constraints (3.51)) through (3.53)), respectively. Then, the formulation is

as follows:

Model MD-SLP: omax (F—l <p;c_t'">) (3.54)
s.t. (P 1, )F ) (”;_t”) <B (3.55)

aE[g’Z(C)] — A=A~ (3.56)

—p+c—r, <0 (3.57)

—c+s+r<0 (3.58)

—c+m—r, <0 (3.59)

M(p—ctr)=0 (3.60)

M(c—s—r)=0 (3.61)

AM(c—m+r,)=0 (3.62)

M, A2, A5 >0 (3.63)
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3.3.3 Observations Obtained from Numerical Examples

In this subsection, we present a summary of results and insights obtained from numer-
ical studies. We choose objective function as expected sales as one would be interested
in increasing the adoption level of public-interest goods. We conduct our numerical
studies for uniformly distributed demand. The aims of the numerical study are (i) to
find out how centralized and manufacturer driven systems work and (ii) to investigate
performance of manufacturer driven system compared to centralized system. The de-
tails about the numerical studies can be found in Appendix [A.2l The summary of

observations is as follows:

* Observation 1: Model MD-SLP yields infinitely many solutions for (c,r, )

when constraints (3.57)-(3.59) are not binding.

* Observation 2: As expected, expected sales and Q increase with the increase in

the available budget.

* Observation 3: Results found in Tables [A.THA.5] show that centralized problem
yields remarkably better solutions compared to manufacturer-driven system in

terms of expected sales.

Note that application of a contract that coordinates retailer’s and manufacturer’s

actions will lead to centralized system’s solution [17]].

3.4 A General Approach for a Single Echelon Model

with Incentive-sensitive Demand

As the real-world cases would suggest, rebates and subsidies are frequently used to
lower high costs of public-interest goods and make the goods viable to buy. Some

significant examples are implementation of Clean Vehicle Rebate Project to promote
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electric vehicles in Califomiﬂ offering tax credits and rebates to encourage wider us-
age of renewable resources in Uﬂ and subsidizing influenza vaccine costs of children
in Hong Kong ﬂ While these tools are deployed to address the market adoption issues,
real life statistics show that they fail to achieve socially desirable levels of usage. For
instance, in 2011 Obama set a goal of having 1 million electric vehicle on the road in
US by 2015, however there are only about 330,000 vehicles in 2015@ This type of
statistics indicate that right policy requires application of multiple intervention tools
simultaneously so that the intervention will have differentiated effects on system dy-
namics eventually accelerating the diffusion of goods. Aligned with this aim, we con-
sider a joint intervention mechanism consisting of investment in demand-increasing
strategies that will foster the demand and investment in strategies that will improve the
system operation (such as subsidies, rebates or research and development investment

to improve yield).

The formulations studied in the previous sections of this thesis lack the following

(although they follow most of the literature):

* A subsidy rewarding the manufacturer/retailer per unit manufactured/ordered
may not be always desired, as it may lead to excessive leftovers. The gap be-
tween the centralized model and decentralized model in Section is a good
indication of this observation. Additionally, following the exact number manu-

factured/ordered may be difficult.

* One technical issue results in giving a subsidy as done in the previous sections
is its constant effect on the selling price. This is how one can utilize the same
demand distribution. However, in the case of a joint intervention mechanism,
we want to make sure that customers’ willingness to buy price does not change
even if the actual selling price differs. We achieve this with the formulation we

present in this section.

Thttps://cleanvehiclerebate.org/eng

Zhttp://energy.gov/savings

3http://www.chp.gov.hk/en/view_content/17984.html

“http://www.nytimes.com/2015/12/01/science/electric-car-auto-dealers.html?smid=nytcore-ipad-
share&smprod=nytcore-ipad& =0
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* Finally, budget decision is not a fixed one when we consider a model that spans
over a long-time period. To work with expectations being limited by a budget

level is reasonable.

Below we introduce a generic formulation of joint intervention design problem for
a single echelon system. Note that the formulation can be particularized for any en-
vironment and alternative intervention mechanisms. The following notation and as-
sumptions are used to describe the model.
p: unit revenue
c: unit acquisition cost
s: unit salvage price for unsold goods
B: budget of central authority
B,: investment amount for demand-increasing strategies
B,: investment amount for improving system operation (subsidies/rebates or research
and development)
r: subsidy/rebate amount
Q: order or production quantity

u(): utility function (a general increasing concave function with respect to Q)

The general bilevel programming formulation of the problem is as follows:

BLP: Br;}gfr u(Q,By) (3.64)
s.t. B;+B,<B (3.65)

h(r,Q) < B: (3.66)

B;,B, >0 (3.67)

Lower Level Problemg (3.68)

Similar to the models in this chapter, the central authority is assigned to the role of
leader with the objective of maximizing utility (3.64). Note that utility is a function of
Q and B;. The reason behind this is that the main goal is to increase adoption level
in this type of environments. Adoption level is closely related with the availability
of the good (Q) and demand level which is affected by investment made in demand-

increasing strategies (B;). The central authority begins by deciding on the investments
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made in demand-increasing strategies and strategies improving system operation, and
rebate/subsidy amount. It is assumed that the investment made in demand-increasing
strategies affects the demand distribution. On the other hand, investment in strategies
for improving system operation will influence the operation of the follower. Given in-
tervention scheme, the lower level decision maker devises his plan. Constraint
restricts the investments made in demand-increasing strategies and strategies improv-
ing system operation to the central authority’s budget. The relation between the sub-
sidy/rebate amount and total budget allocated to subsidies/rebates is reflected by con-
straint (3.66). Of course, if subsidy/rebate is omitted from the model, constraint
will be excluded. Next, we discuss alternative modeling approaches of the above for-

mulation.

Budget: The model BLP decides on the allocation of a given budget among two
intervention tools. It is motivated by the fact that central authority operates under a
limited resource in practice. Another possibility is to decide on the budget as well. In
Chapter [, the model is extended to the case where central authority decides on the

budget amount and its allocation between intervention alternatives.

Subsidy or rebate: Two common intervention tools used to improve system op-
eration are subsidy given per unit ordered and rebate issued per unit sales. In this
chapter, we analyze intervention strategies incorporating subsidies. However, we ob-
serve that this tool imposes an upper limit on the amount of subsidy to be administered
which makes problem more complicated. Also, policies in practice that we will ana-
lyze through case studies offer rebates to consumers. Thus, we consider rebates in the

remainder of the thesis.

For the rebate case, we assume that there is a price customer is willing to pay for the
good p, and rebate r is offered to the customers by the central authority. Thus, retailer
earns a revenue of r+ p. Rebate directly changes the fractile value and so availabil-
ity of the good. Note that customer base is constant with respect to changes in the
rebate amount. Budget limitation over total rebate expenditures is expressed in terms
of expected rebate amount registered. Hence, it may be necessary to calculate risk
associated with this constraint such as expected excess budget required and maximum

excess budget required.
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Lower level problem: Lower level problem can be modeled depending upon the
environment considered. Particularly, the follower can be a retailer, manufacturer or a
coordinated manufacturer-retailer system. The key point is that the lower level prob-
lem’s objective function should be concave and constraint set should be linear or con-
vex so that it can be replaced with its KKT conditions (first order condition if it is

unconstrained) to create a single level formulation.

The corresponding single level representation of BLP is

SLP: Bdr,%ixr, 0 u(Q,By) (3.69)
s.t. B;+B,<B (3.70)

h(r,Q) < B, (3.71)

B,,B,>0 (3.72)

Q =n(By,r) (3.73)

LL<r<UL (3.74)

where constraint (3.73)) represents the first order condition of the lower level problem
and LL and UL are the lower limits and upper limits on r, which are derived from

characteristics of the lower level problem.

In the following chapters of the thesis, we provide detailed analysis of specific joint

intervention mechanisms.
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Chapter 4

Joint Mechanism Composed of
Demand-increasing Strategies and
Rebates

This chapter is partly based on [47].

4.1 Introduction

In Chapter [3) we have considered intervention through subsidies. In particular, the
central authority administers subsidy per unit ordered or manufactured. However, real
life cases indicate that intervention through only subsidies or rebates is not sufficient
to achieve socially desirable levels of adoption for public-interest goods. Thus, in this
chapter we propose two intervention tools applied simultaneously: (1) investing in
demand-increasing strategies, which affects the level of the stochastic demand in the

market; and (2) rebates that affect revenue per unit received by the retailer.

We consider a general setting composed of a retailer and a central authority that

regulates the system through an intervention scheme. As in Chapter [3] the main goal
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of intervention is to maximize expected utility or social welfare rather than to solely
maximize expected profit. A key issue in designing a joint intervention mechanism
is to choose the intervention tools to apply. One alternative is to invest in demand-
increasing strategies, such as advertising, education, research and development, and
awareness campaigns, so that the demand pool is enhanced in the medium to long run.
Another alternative can be either offering rebates to customers or administering subsi-
dies to each unit sold. In fact, rebates and subsidies per unit sold operate similar to each
other in terms of improving availability of the product at the retailer via increased unit
revenue, and at the same time making the good more attractive for the customers given
the level of their willingness to pay. So, we refer to the second tool as rebates in the rest
of the chapter. Our work is the first to consider alternative strategies for intervention,
affecting both supply and demand. Specifically, we propose a joint mechanism, where
the central authority uses investment in demand-increasing strategies and rebates si-
multaneously. In some sense, then, the problem is to decide on the optimal allocation

of the central authority’s budget among these two intervention tools.

We formulate this setting by bilevel programming. In this case, the central authority
is the leader, whose objective is to maximize social welfare, whereas the retailer is
the follower, whose objective is to maximize expected profit. The central authority
decides on the direct investment amount for the demand-increasing strategies and on
the rebate amount per unit, then the retailer decides on the order quantity. There are few
well-documented cases of direct investment response functions, but they are generally
assumed to be concave for advertising (e.g. [48, 49,150, 51]]), and we follow the same
assumption in our analysis. The concave response function indicates that as the money
invested increases, so does the expected demand, but with a monotonically diminishing
rate. On the other hand, the retailer’s problem is a newsvendor problem incorporating

the rebate amount. The retailer decides on the profit maximizing order quantity.

We first consider a general case for which the central authority decides on the bud-
get amount and details of the intervention scheme. An alternative case is the one for
which budget is exogenously determined but allocation of budget among intervention
tools is of interest. In this chapter, we analyze both settings, but explore the former
one in the numerical studies. In addition to developing the modeling perspective, we

characterize the optimal intervention strategy and provide useful insights for regulating
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these goods. We also present three benchmark approaches for both cases: one is a no-
intervention case and two are decentralized approaches that work with a predetermined
rebate amount. Finally, we provide a detailed case study for the California electric ve-
hicle market to analyze the benefit of using the proposed approach, implementing a

novel parameter calibration approach.

4.2 Model I: Optimal Budget and Allocation Among

Intervention Tools

We study the problem in a setting composed of a retailer and a central authority. In this
context, the retailer refers to either an entity that both manufactures and sells the good,
or a coordinated manufacturer-retailer system. The retailer sells the good to individual
customers and by its consumption not only the buying individual but also other individ-
uals benefit. The main goal of the central authority is to regulate the system to increase

the good’s availability and consumption, and hence collective societal welfare.

The central authority regulates the system by two different tools: (1) investment
in demand-increasing strategies; and (2) rebates. The central authority decides on the
direct investment amount made in demand-increasing strategies By, the total amount
assigned to rebates B,, the rebate amount r, and the budget B. Depending on B, the
distribution function of demand changes. Note that r is a rebate available to the end
customers. More specifically, let p denote the price the customer is willing to pay
for the good; then the retailer earns a revenue of p + r from each unit sold. This
scheme helps customers buy a good that costs more money than they would otherwise
be willing to pay and improves the availability of the good at the retailer. Note that in
this case customer base does not change with the rebate amount, however actual price
of the good differs. We define objective function as u(Q, B;) — B to maximize utility
(or can be named as social welfare), u(Q, B;) reflecting benefits to society in monetary

units, and B capturing the budgetary expenses of intervention mechanism.

We model the retailer’s problem similar to a newsvendor problem. The retailer
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decides on the order quantity Q by incurring a unit acquisition cost ¢, gaining a unit
retail price p+ r, and a unit salvage price s for unsold goods, with the intention of
maximizing the expected profit. However, the distribution of demand depends on the
amount the central authority invested in demand-increasing strategies, B;, with pdf
f8,(.) and cdf Fp,(.). Throughout the study it is assumed that the cdf of demand is
monotone increasing in its argument. The monotonicity of Fg,(.) allows us to use
the following implicit fact while showing our results: as the fractile increases, Q also
increases. We assume that there is a family of demand distribution functions dependent
on By, and that changes in the value of B, lead to a first order stochastic dominance
order between cdfs, i.e. let B; > 1/9; ; then FE has a first order stochastic dominance
over FB}' Specifically, we impose the assumption that the cdf of demand at a given
value is a decreasing function of B;. Thus, it is guaranteed that as B, increases, so
does Q.

The bilevel programming formulation of the problem is as follows:

Model JM1: r,g/l.,%)f,B u(Q,By) —B 4.1)
s.t. B;+B,<B 4.2)

rE[min{Q,D} |By] < B, 4.3)

r>c—p 4.4)

r>0 4.5)

By,B, >0 (4.6)

maxE[P(0)|B.] @)

where E[P(Q)[B4] = [i*((p + r)x + s(Q — x) — cQ)fa,(x)dx + [5(p + 1 —
c)Qfp,(x)dx is the retailer’s expected profit.

Notice that D denotes the demand. (.1))-(#.6) express the upper-level problem while
corresponds to the lower-level problem. Constraint (4.2)) ensures that the money
invested in B, and B, is not more than the budget, whereas constraint limits the
expected total rebate amount to the budget allocated to rebates. For constraint (.3,
the actual cost of rebates could be higher than B, once the demand is realized. We

will make further analysis related with this constraint in a later section. Note that By
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determines the level of demand to be considered. Constraint restricts the values
that r can take, i.e. it assures that r is greater than ¢ — p so that the cost of underage is
greater than 0. This constraint assures a minimum rebate needed to have the product
available in the market. The non-negativity of r, By, and B, are guaranteed by (4.5)
and (4.6). Lastly, reflects the retailer’s problem.

The context discussed can be viewed as a classical leader-follower game, in which
the central authority has the role of leader (or a higher-level decision maker), with
the objective of maximizing utility (4.I) and the retailer has the role of follower (or
a lower-level decision maker), with the objective of maximizing expected profit (4.7).
Note that we do not solely maximize utility or expected profit; rather we maximize the

retailer’s expected profit under the dominant objective of the central authority.

Remark 4.1

(i) The total budget will be summation of B; and B, at the optimal solution. Thus, B
can be eliminated from the formulation using equality.

(ii) rE[min{Q, D} |B,] = B, holds at the optimal solution.

Remark 4.2 For a given By, B,, and r, E[P(Q)] is concave in Q, thus the solution
for the lower-level optimization problem is unique, implying that the rational reaction
set R(By,By,r) is single valued and unique. The uniqueness of R(Bg,B,,r) guarantees

that the leader achieves his maximum objective (by Proposition 8.1.1, pg. 303 [5]).

Lemma 4.1 E[P(Q)] is concave in Q for every By, By, and r. This assures that the

solution to the lower-level problem is unique, implying that it can be replaced by its
first-order condition (by pg. 308 of [3]).

35



Accordingly, Model JM1 can be written as the following single-level mathematical

program:
Model JM1-SLP: b{nanQ u(Q,B;) — (By+ By) (4.8)
bd,Dr,
s.t. rE[min{Q,D} |B;| = B, 4.9)
F>c—p (4.10)
r>0 @.11)
By, B, >0 4.12)
ptr—c

F — g 4.13

By (Q) Dir—s ( )

A general bilevel programming problem is the most challenging of bilevel programs
both theoretically and computationally. By reducing the Model JM1 to a single-level
program, we obtain a relatively easy to solve program. Henceforth, we continue our
analysis with Model JM1-SLP, which is a standard nonlinear program with a nonlinear
objective function and constraints. Note that the constraint set of Model JM1-SLP is

not necessarily convex.

4.2.1 Special Case: Societal benefit is a linear function of expected

sales

In this subsection, we analyze Model JM1-SLP for a specific objective function of the

central authority and mean demand function.

Assumption 1 Suppose that utility function is defined as BE[min{Q,D}|B,] — (Bs+
B,). Note that B times expected sales is used to capture the monetary benefits to
society, where B is the monetary value ($) per expected sales. In practice, the central
authority is generally interested in increasing the number of adopters, so expected sales

is a reasonable measure to quantify benefits.
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Assumption 2 Similar to the approach in the advertising literature [48), 149, 50, 51],
we consider an increasing and concave response function of B;, which is in the fol-

lowing form:

d
By) = o — —————, wh . 4.14
1(Bq) = 1 (kB Where a,d,k>0 (4.14)

Specifically, mean demand increases as B, increases, but with a monotonically di-
minishing rate. In this form, as B; approaches infinity, demand distribution approaches
a limiting distribution with a mean of .. Note that if other parameters of a distribution
are also affected by By, they can be modeled similar to (#.T4).

Under this utility function, we can modify the model Model JM1-SLP as follows:

Model SC: rga)é (B —r)E[min{Q,D} |B;] — By (4.15)
r7 d?
p+r—c
.t F = 4.16
S 5,(Q) Pir—s ( )
r>c—p 4.17)
r>0 (4.18)
B; >0 (4.19)

We further analyze Model SC under specific distributions for demand. We consider
exponential and lognormal distributions to represent family of distributions induced by
B,.

Proposition 4.1 Consider the Model SC given in (#.15)-{.19). Demand follows a
family of distributions dependent on By, where mean of the distribution follows ({#.14).
If the family of demand distributions is exponential or lognormal with constant coeffi-

cient of variation, then the optimal rebate amount is independent of optimal B.

Proof is presented in Appendix
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Proposition 4.1|indicates that the optimal rebate amount is not affected by the invest-
ment made in demand-increasing strategies, efficiency of the strategies, and mean de-
mand before and after investment. From another perspective, the rebates are inde-
pendent of the planning horizon considered, as one would think that planning horizon
considered will change the parameters of demand. From the perspective of retailer,
optimal fractile value is constant, regardless of the demand parameters, as dictated by

the form of the objective function.

Note that for the lognormal distribution, we hold the coefficient of variation constant
with respect to the changes in the values of B, i.e. variation of demand increases with
the increase in mean demand. Next, we consider an environment in which demand-

increasing strategies will also reduce variability in the following form:

m, where Cl,k > 0. (420)
d

cv(Bg) = CVmin +

Note that we can define cv;,,,, as portion of the coefficient of variation value that can
be eliminated. In particular, coefficient of variation decreases as B, increases, but with
a monotonically diminishing rate. As B; approaches infinity, the demand distribution
approaches a limiting distribution with a mean of U. and coefficient of variation of

Clen .

Proposition 4.2 Consider the model Model SC given in (#.15)-({#.19), mean demand
function given in ({.14)), and coefficient of variation function given in ({.20). If demand
is lognormally distributed, then the optimal rebate amount will be dependent on the

optimal By.

Proof is presented in Appendix

Intuitively, if demand-increasing strategies also decrease the variability of demand,

the optimal rebate amount, i.e. optimal fractile, becomes a function of B, as well.
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4.3 Model II: Optimal Allocation of a Given Budget

Among Intervention Tools

In this section, we consider a similar setting as in the previous section, however budget
is exogenously determined in this case. The problem is modeled by bilevel program-
ming and then reduced to a single level programming formulation using the uniqueness
of newsvendor problem at the lower level with a similar reasoning as in JM1. In par-

ticular, the formulation of the problem is as the following:

Model JM2-SLP

 mazd 8(0.By) (4.21)
s.t. B;+B,<B (4.22)
rE[min{Q,D}|B,] < B, (4.23)
r>c—p (4.24)
r>0 (4.25)
By,B, >0 (4.26)
Fp,(Q) = % (4.27)

Model JM2-SLP decides on By, B,, r, and Q with the objective of maximizing utility
(denoted by g(Q,By)) for a given budget level. The constraints are similar to those in
Model JM1. Note that the utility function may also be affected by other variables of

the system, implicitly or explicitly.

Proposition 4.3 For an increasing concave utility function with respect to Q, the fol-
lowing relationships hold at the optimal solution, (r*,Q*,B};,By):

o) r*Elmin{Q*,D} |BJ] = B,

b) B+ By = B.

Proof is presented in Appendix
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By exploiting the assumptions of the demand distribution function, we have shown
that the central authority always allocates all of the available budget among the two
intervention tools for the benefit of the whole system and always uses all of the budget
assigned to rebates. When utility is an increasing concave function with respect to Q,
it exhibits diminishing marginal increases in utility as Q increases. Therefore, a higher
Q is always more desirable. Note that increases in both B; and B, lead to an increase

in Q, i.e. by affecting the distribution function and the fractile respectively.

The Model JM2-SLP is not necessarily convex even for a problem with a concave
utility function and specific demand distribution. Thus, we limit our analysis with an
increasing concave utility function with respect to Q so that one can solve the problem
using the tightness of the budget-related constraints, (.22]) and (@.23).

4.4 Benchmark Models

This section explores three benchmark cases that can be used to assess the performance
of our approaches given in Sections {.2] and The benchmark approaches consid-
ered are representations of the mechanism taking place in practice, where the rebate

amount is decided by the central authority [52].

The first benchmark is an obvious one, no-intervention case, which may help us
better understand the impact of intervention in this type of system. However, if ¢ > p,
the system would not operate without intervention. Hence, we cannot employ a no
intervention scenario even as a benchmark for ¢ > p cases. Note that this benchmark

applies to both optimal budget and exogenous budget models.

The second benchmark is a decentralized approach as decisions on intervention
tools are not taken simultaneously and the third benchmark emerges as an extension
of it. The explanations of these two benchmarks together with the formulations are

presented below for each model separately.
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4.4.1 Benchmark Approaches for Optimal Budget Model
4.4.1.1 Joint Mechanism with Fixed Rebate

The difference of this benchmark from the joint mechanism is that the problem is
solved for a prespecified rebate amount. In other words, decisions about interven-
tion tools are not made jointly; specifically, the rebate amount is preset by the central
authority. Under certain demand functions considered in Proposition 1], the preset
amount by the central authority may be the optimal solution. However, under condi-

tions stated by Proposition the rebate amount is a function of By.

Our model formulation for this approach is as follows:
Model JMFRI: max u(Q,By) — (Bs+ By)

deBr,Q
@.9), @12,

4.4.1.2 Fixed Rebate Approach

Inspired from the previous case, we construct another reference, in which the central
authority regulates the system only by rebates that are predetermined by the central
authority (i.e. B4=0 in this case). The aim of this approach is to see how the system
operates with a preconcerted rebate amount. No optimization is needed; newsven-
dor quantity and expected sales corresponding to the predetermined rebate amount are
computed, and central authority will assign B, accordingly. The following lines sum-
marize Model FRAI.

Model FRAI: Compute u(Q,B; =0)—B,
p+r—c
h Fp =
where (@) = 2=

rE[min{Q,D}|B; = 0] =B,
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4.4.2 Benchmark Approaches for Exogenous Budget Model

4.4.2.1 Joint Mechanism with Fixed Rebate

As in the joint mechanism with fixed rebate for optimal budget model, the problem
is solved for a predetermined rebate amount. In this case; since r is fixed, the profit
maximizing quantity may not be feasible to satisfy the budget-related constraints, i.e.
the budget may not be enough to attain rebates for the optimal newsvendor quantity. In
that case, the central authority will devote all available budget to the rebates to attain
a quantity nearest to the optimal newsvendor quantity. Thus, we write the newsvendor
optimality condition as an inequality constraint in the problem formulation. Note that
one can also show that all of the available budget will be used for a concave utility

function with respect to Q (similar to the proof of Proposition .3).

Our model formulation for this approach is as follows:

Model IMFR2: max 2(Q,By) (4.28)
s.t. B;+B,<B (4.29)
rE[min{Q,D} |B;| < B, (4.30)
By,B, >0 (4.31)
pt+r—c
F < — 4.32
Bd(Q) = p +r—s ( )

4.4.2.2 Fixed Rebate Approach

The formulation is very similar to the formulation given for the joint mechanism with

fixed rebate and is shown below:

Model FRA2: Iélaé( g(0,B;=0) (4.33)
s.t. 0<B,<B (4.34)
rE[min{Q,D}|B; = 0] < B, (4.35)
ptr—c
Fig,— G 4.36
(B,~0)(Q) < pir—s (4.36)
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With a similar reasoning as in the joint mechanism with fixed rebate, the newsven-
dor condition is represented as an inequality (see constraint (4.36)). How the constraint
works in this case can be summarized as follows (for a concave utility function with
respect to Q): (1) If the budget is not enough to issue rebates up to the optimal newsven-
dor quantity, it will bring the quantity to the point that budget allows, or (2) It may be
that the budget is higher than the rebate amount assigned to the expected sales of the
optimal newsvendor quantity. Then, Q will be equal to the newsvendor optimal, but

not all of the available budget will be utilized.

4.5 Case Study: The California Electric Vehicle Mar-
ket

In this section, we employ the joint intervention mechanism introduced in the previous
section to explore the intervention mechanism in the California electric vehicle (EV)
market. As it is more general, we conduct the case study with the optimal budget
model and its benchmarks (i.e. Model SC, Model JMFRI, Model FRAI).

According to a report of the World Business Council for Sustainable Development
[53], the global light duty vehicle fleet is projected to be two billion by 2050. Globally,
light duty vehicles are the main contributor of greenhouse gas emissions and depletion
of fossil fuel resources [54]. As a response to the increasing pattern in vehicles on
the road and its associated implications on climate change and resources, EVs have
received increased attention from environmentalists, industry, governments, and aca-
demics in the last decade, and have emerged as a strong alternative to conventional
internal combustion engine vehicles. As EVs are considered a significant technolog-
ical breakthrough with potential environmental benefits, they can be categorized as
public-interest goods. However, they face a combination of cost and performance is-
sues that limit their competitiveness, which is why their introduction in the market is
ensured by governmental policies. Foremost examples of such policies are in the US
and European Union, which promote EVs through several programmes and strategies.

A notable number of governments have also announced the number of EV's they aim to
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have on roads by certain dates. For instance, in 2011, US President Obama expressed

a target of one million EVs on the road by 2015E]

In this study, we consider the intervention design problem for a specific applica-
tion, the California EV market. Note that we refer to plug-in hybrids (PHEVs) and all
electric vehicles (also called battery-electric vehicles (BEVs)) as EVs throughout the
case study. In the US, various subsidy schemes have been adopted at the federal level
and even the local level to encourage EV sales. Under the current policy at the federal
level, the government offers subsidies in the form of a federal income tax credit of up
to $7,500 for EVs purchased in or after 2010, based on the capacity of the battery used
to fuel the vehicleE] At the state level, California implements a special consumer in-
centive program, the Clean Vehicle Rebate Project (CVRP), to promote the adoption of
clean Vehiclesﬂ The project was launched in March 2010 and expected to end in 2015.
Under the CVRP, individuals, nonprofits, government entities, and businesses can re-
ceive a rebate up to $5000 on top of the $7500 federal tax credit for the purchase of
eligible vehicles, which include zero emission vehicles (ZEVs) (BEVs are categorized
as ZEVs), PHEVs, neighborhood electric vehicles (NEVs), and zero emission motor-
cycles (ZEMs). According to current statistics, California is the leading state in clean
vehicle adoption: although the state constitutes 10% of the total US car market, 40%
of all PHEVs purchases are from Californiaﬂ Also, a May 2013 PHEV driver survey
ﬂreports that 47% of purchasers rate the state rebate as the most important factor in
their decision to purchase a PHEV. From these statistics, we can better understand the

significance of a state rebate on the motivation for EV purchases.

Most of the infrastructural investment to increase the efficiency and reliability of the
technology is expected to attract more customer demand (see page 8, [S3]]). Following
the discussion on page 6-7 of the document [S5], on the other hand, these R&D invest-
ments mostly were completed before 2012, and hence we assume that those effects are

already reflected in the current demand estimates

Uhttp://www.whitehouse.gov/the-press-office/2011/01/25/remarks-president-state-union-address
Zhttp://www.fueleconomy.gov/feg/taxevb.shtml
3http://energycenter.org/clean-vehicle-rebate-project
“http://www.government-fleet.com/channel/green-fleet/news/story/2013/03/california-ev-and-zero-
emission-rebate-program-extended.aspx ?prestitial=1
Shttp://energycenter.org/clean-vehicle-rebate-project/vehicle-owner-survey/may-2013-survey
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Unfortunately, however, the statistics indicate that current policies are insufficient to
reach nationwide goals on clean vehicle market growth. According to an Information
Technology and Innovation Foundation report [54]], the right policy to encourage mass
adoption of electric vehicles is a combination of subsidies and battery research funding
to remove technological barriers, which parallels the mechanism we introduce in the
previous section. Electric vehicles have been only recently introduced in the market
and their ongoing development is open ended, dependent on investments in battery
improvement technologies and production processes. Several research projects are
currently underway to improve battery technology, but these developments must be
fostered more aggressively. Thus, balancing available funds between research and

development, and rebates is a key issue in resolving the adoption problem.

We use the newsvendor context in the EV example, which implies that there is a
single period and a monopolist retailer. Obviously, the retailer does not make a single
production decision; instead he is making major decisions each year, and then more
detailed decisions each month or week. Hence, it is critical to emphasize that the quan-
tities found should be interpreted as capacity decisions of the retailer. Also, there are
many EV models and hence competing manufacturing firms available in the market.
However, in this problem we aggregate the retailers and investigate the industry-wide
problem, because our main concern is the reaction of the industry to the intervention

mechanism.

Specifically, our numerical study addresses the following issues: (1) the value of
the joint mechanism, (2) the performance of the joint mechanism in short-term versus
long-term planning, (3) the impact of uncertainty on the results, and (4) the applicabil-

ity of the proposed model.

Before proceeding with the numerical results, we first describe the demand model,

objective function, and how we chose and calibrated parameter values.
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4.5.1 Demand model and objective function

We use two different distributions to represent EV demand and conduct separate com-
putational studies to evaluate the robustness of the results with respect to distribution.
The demand of a product like an EV, which is in the early stages of adoption, is ex-
pected to be highly uncertain. So, at first we assume demand to be exponentially
distributed. Subsequently, we consider the case that demand follows a lognormal dis-
tribution, as it allows us to assess the impact of demand uncertainty on the results.

Note that we consider the mean demand function given in (@.14) for both distributions.

Motivated by the EV market’s circumstances, we choose the central authority’s util-
ity function as given by Assumption I in Section By utilizing this objective, we
choose expected sales value to assess the benefits to society for this application. The
US government is concerned with increasing the number of EVs on the road, and Pres-
ident Obama has announced an adoption target. Therefore, the expected sales will be
a realistic function to capture benefits to society and it is consistent with the current

market environmentE]

4.5.2 Choice of parameter values

The cost parameters in this numerical study are based on the market data of a specific
model, the Nissan Leaf. The Leaf is an all electric vehicle constituting a global market
share of 45% as of the first quarter of 2014 [S6]. The manufacturer’s suggested retail
price (MSRP) for the Leaf 2013 is $28,800 [57] in the US, and it is eligible for a rebate
of $2,500 by the CVRP ['| on top of a federal income tax credit of $7,SOOEI Thus, the
price the customer is willing to pay is reduced to $18,800. Also, from market data we

find out that the factory invoice, i.e. the amount the manufacturer charges the dealer

One discussion is whether increasing sales of vehicles really does benefit society, regardless of
whether what is sold is an EV. The utility function considered is expected to decrease for some large sales
levels due to both concavity of expected sales and subtraction of budgetary expenses from monetary
value of expected sales.

http://energycenter.org/clean-vehicle-rebate-project

8http://www.fueleconomy.gov/feg/taxevb.shtml
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(c), is $26,986 [58] [

The demand model’s parameters are derived from the California Energy Commis-
sion’s report on state energy demand forecasts between the years 2012 and 2022 [59]
and statistics obtained from the California Center for Sustainable Energy (CCSE)’s
websitem The California Energy Commission’s report tabulates the projected number
of BEVs and PHEVs on the road for low scenario and high scenario cases for selected
years between 2011 and 2022. Accordingly, the forecasts of the relevant periods are
listed in Table 4.1l

Table 4.1: Demand forecasts of EVs

Period  Low Scenario High Scenario

2011-2013 43,113 332,559
2011-2015 108,907 1,081,703
2011-2022 834,489 3,574,670

The CCSE’s website offers interactive access to data and analyses of the CVRP
project. From the database accessed at the end of January 2014, we determine that the
rebates issued under this program as of the end of 2013 were approximately $95 million
for 45,000 vehicles (note that we only consider rebates given to ZEVs and PHEVs in
this calculation). Thus, the realized rebate is $2116 per vehicle for the current case in
addition to the federal tax credit of $7500.

We utilize the current structure of the intervention mechanism and realized out-
comes to set the demand model’s parameters (. and d in equation (4.14))) for the
three years period of 2011 through 2013, and set the salvage value to its final values.
As noted earlier, r is $2116 per vehicle and sales up to end of 2013 were 45,000. By
setting expected sales equal to 45,000 we obtain a condition that yields a relationship
between s and . —d when solved together with the newsvendor optimality condition,
particularly for each distribution. Note that these conditions are determined under the
assumption that no investment is made in battery development during these years (i.e.
B, = 0). Note that this is consistent with what is reported on pages 6-7 of [S5]. How-

ever, we can also interpret the value of B, as additional investment, if the current policy

9We assume that this environment is composed of a retailer and a central authority. Thus, we consider
the price charged to dealer by manufacturer for c.
10http://energycenter.org/clean-vehicle-rebate-project/cvrp-project-statistics
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includes investment for battery development. We test our model for both low and high
salvage values, which are 65% and 80% of the MSRP value, respectively. Following
the conditions we derived, s and ., — d pairs considered for the current structure ap-
pear to be as tabulated in Table[#.2] Next, we find d values corresponding to these pairs
by fixing U to the total forecast of the high scenario for these years, 332,559. Notice
that as the salvage value increases so does d. This result indicates that the potential to
improve demand by investing in battery development is high for larger salvage values.
Moreover, we assume the values of a and k to be, respectively, 1.1 and 108 throughout

the analysis.

Table 4.2: Demand model’s parameters for base case scenario

Distribution cv s Uoo —d d a
23,040 169,175 163,384 0.56

prponcglgl 18,720 305,119 27,440 0.09
0.8 23,040 97,543 235,016 081
1 23,040 118,124 214435 0.74
Lognormal 2 23040 141205 191354 066
0.8 18720 125453 207,106 0.72

1 18,720 159,500 173,059 0.60
1.2 18,720 198,963 133,596 0.46

Suppose that the low scenario occurs with probability &c. Combining the estimate of
U — d, and the yearly forecasts in years 2011 and 2013 for the low and high scenarios
(i.e. a(43,113)+ (1 — «)(332,559) = e —d), we obtain o values, as in Table
Assuming the same state of the world is preserved, we use o values to estimate the
demand parameters of future periods for each particular data set. Similar to Table {4.2]
above, we present the demand model’s parameters to be used for medium- and long-

term scenarios in Appendix (B.2

To determine the monetary value per expected sales (f3), we use Model JM2-SLP
to calibrate the parameter. We specifically solve Model JM2-SLP with the objective of
maximizing expected sales. As input, we rely on the cost and demand model’s data
described above and we consider the budget spent as of the end of 2013 ($95 million).
We solve the the problem for exponential distribution and lognormal distribution with
varying coefficient of variation values. Next, we extract the Lagrange multiplier value

of constraint (4.22)), which gives us the marginal increase in the expected sales from
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a unit relaxation of the budget. Note that reciprocal of the Lagrange multiplier corre-
sponds to the monetary value of expected sales, 3. We report the estimated 8 values
for each case in Table in Appendix B.2] To be inclusive, we consider the range
for B as [3200-5100], and use the upper and lower limit, and intermediate value of the
range in the numerical studies, which are {3200, 4150, 5100}.

We conduct three sets of analyses for exponential distribution and lognormal dis-
tribution with varying coefficient of variation values: (1) base-case scenario (current
structure) using the estimates discussed in this subsection, (2) medium-term scenario
including the years 2011 through 2015, and (3) long term scenario including the years
2011 through 2022.

Before continuing with the numerical results, we list the parameters that take the
same values for each scenario: p = 26,300, c = 26,986, a = 1.1, and k = 10~8. Note
that p = 26,300 considers 18,800, amount customer is willing to pay, plus 7,500 tax
credit that comes from the federal government, which is not a part of California’s
budget. Further, if lognormal distribution is used to represent the demand, we restrict

our analysis for constant coefficient of variation.

4.5.3 Main Results

The cases considered in the computational study are labeled and summarized in Ta-
ble Notice that the letters in labels are assigned in the order of increasing values
of B first, then in increasing values of coefficient of variation. For each set, we tab-
ulate the results in Appendix D for the joint mechanism (JM), and also for the joint
mechanism with fixed rebate (JMFR) and fixed rebate approach (FRA), which can be
regarded as benchmarks. The tables include utility values, expected sales, details of
the mechanisms, mean demand, and expected profit of the retailer, which is calculated
by expression (4.7)). For the case study, we solve the joint mechanism with fixed rebate
and fixed rebate approach with a given rebate of $2116, which is the current realized
rebate in California. A no-intervention case cannot be employed as a benchmark for
this case, because ¢ > p and rebate must be given for the system to operate. It is nec-

essary to reemphasize that the quantities presented throughout the study should not be
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interpreted as the number of vehicles to be manufactured, but as the capacity plan of
the retailer. Finally, notice that the rebate amount is found for given the federal tax
credit of $7,500 throughout the analysis, because we only focus on California’s policy,

rather than on any other policy.

Table 4.3: Cases considered in the computational study

Case no. Distribution cv Horizon s ($) B $)
la, 1b, Ic Exponential 1 Base Case 23,040 {32007 4150,5100}
2a, 2b, 2¢ Exponential 1 Base Case 18,720  {3200,4150,5100}
3a-3i Lognormal {0.8,1,1.2} Base Case 23,040  {3200,4150,5100}
4a-4i Lognormal ~ {0.8,1,1.2} Base Case 18,720  {3200,4150,5100}
5a, 5b, 5¢ Exponential 1 Medium Term 23,040  {3200,4150,5100}
6a, 6b, 6¢ Exponential 1 Medium Term 18,720  {3200,4150,5100}
Ta-Ti Lognormal  {0.8,1,1.2} = Medium Term 23,040  {3200,4150,5100}
8a-8i Lognormal ~ {0.8,1,1.2}  Medium Term 18,720  {3200,4150,5100}
9a, 9b, 9¢ Exponential 1 Long Term 23,040  {3200,4150,5100}
10a, 10b, 10c  Exponential 1 Long Term 18,720  {3200,4150,5100}
1la-11i Lognormal {0.8,1,1.2} Long Term 23,040  {3200,4150,5100}
12a-12i Lognormal  {0.8,1,1.2} Long Term 18,720  {3200,4150,5100}

4.5.3.1 Base-case scenario (2011-2013)

For this scenario set, we consider cases la through 4i and demonstrate their associated

results in Tables[B.4] through [B.6]in Appendix

When exponential distribution is used to represent demand, we observe that the
joint mechanism is not applied in general, mainly due to the structure of distribution
and the cost values. Since ¢ > p for the vehicles and uncertainty is very high, the
central authority gives priority to increasing the vehicle’s profitability to encourage the
retailer to order more. However, when lognormal distribution is under consideration,

the joint mechanism is implemented for most of the cases.

For this scenario set, we report the percentage improvement obtained by implement-
ing the joint mechanism compared to the current policy (Model FRA) for the medium
B value in Table The percentage values indicate that the percentage utility loss
is minimal, less than 1%, when demand distribution is exponential. Thus, we can say
that the current policy is reasonable if exponential distribution is a better candidate to
represent the demand. On the other hand, the joint mechanism performs better than the

current policy under lognormal distribution.
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One can also see from the solutions that the changes in results are as expected in
response to the changes in 3. Particularly, utility, expected sales, rebate amount, quan-
tity ordered, and the retailer’s expected profit are increasing in increasing 8 values.
Also, for the cases that implement the joint mechanism, B, increases if 8 increases,
which consequently makes the joint mechanism more valuable. In summary, as very
much expected, the adoption of vehicles is accelerated with an increase in the benefits

to society per unit of expected sales.

Table 4.4: Percentage improvement of the utility with respect to current policy when
B=4150

[ s=$23,040 s=$18,720 ]
cv | Exp. Dist.  Logn. Dist. | Exp. Dist.  Logn. Dist.
0.8 47.0% 19.8%

1 0.03% 20.1% 0.8% 5.4%
1.2 6.5% 3.0%

4.5.3.2 Medium- (2011-2015) and long-term scenarios (2011-2022)

The details of the solutions for the cases considered can be found in Tables [B.7|through

and in Tables [B.10] through [B.12] in Appendix for medium- and long-term,
respectively.

After analyzing all scenarios, we see that the value of the joint mechanism in terms
of utility is substantial for the cases with high s or d values. Moreover, we observe that
the value of the joint mechanism is especially recognized in long-term planning (see
Table 4.5). Long-term planning allows one to clearly see the evolution of demand by

the investment amount and thus helps the central authority better manage the budget.

The other observations and findings related to mechanism performance are similar

to the base-case.

Table 4.5: Percentage improvement of the utility with respect to current policy in the
long-term when 3=4150

[ 5=$23,040 s=$18,720 ]
cv | Exp. Dist. Logn. Dist. | Exp. Dist.  Logn. Dist.
0.8 123.7% 85.0%

1 34.7% 87.5% 0.8% 49.2%
1.2 60.2% 24.8%
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4.5.3.3 Consistency check with US administration targets

We perform the medium-term scenario analysis to observe whether the 2015 goalﬁ
are met under the mild assumption that the same state of the world is preserved. As
discussed earlier, California constitutes 10% of the total car market in 2013. Thus,
using 10% the goal for our case emerges as having about 100,000 EVs on the road in
California by 2015. On the other hand, 2013 statistics on EV purchases reveal that
40% of sales are in California. The results obtained by joint mechanism take values
between 100,000 and 400,000, which imply that the numbers obtained by the proposed
mechanism are within the 10%-40% bound. This can be interpreted as follows: as the
number of vehicles on the road increases, one would expect California dominance on

sales percentage to drop, as there will be increasing sales in other US states as well.

Moreover, according to an article published in New York Timeﬂ there are 150,000
electric vehicles in California by the end of 2015. Expected sales values found by fixed
rebate approach (reflecting the current practice) in the medium term are very close to
the realized sales, i.e. in the range of [134,600, 146,600], which can be considered as

another benchmark validating our parameter estimations.

4.5.4 Analysis of Results

In this section, we use the numerical results provided in the previous section as a basis
to further investigate two main issues: (1) the impact of uncertainty on the solutions,

and (2) expected excess budget required.

4.5.4.1 Impact of uncertainty:

The results of the lognormal distribution case indicate that demand uncertainty can

have a huge impact on the results, hence this leads us to investigate the impact of

Uhttp://www.whitehouse.gov/the-press-office/2011/01/25/remarks-president-state-union-address
2http://www.nytimes.com/2015/12/01/science/electric-car-auto-dealers.html?smid=nytcore-ipad-
share&smprod=nytcore-ipad& =0
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uncertainty on four specific outcomes: (i) rebate amounts issued, (ii) the retailer’s

expected profit, (iii) utility attained, and (iv) percentage improvement compared to

fixed rebate approach. We report the analysis for only one salvage value, i.e. $23,040,

at the medium S level, i.e. 4150, since the findings are similar to other combinations

of salvage value and 8 values. Tables and show how each of

these outcomes varies with the level of uncertainty under different horizons.

e Rebate amount

The impact of the increase in demand variability is in two levels, i.e. it decreases
the potential to improve demand (d value) while increasing the retailer’s risks of
over ordering and under ordering. These conditions thus result in larger rebate
amounts for higher coefficient of variation values. Moreover, we observe that the
rebate amounts remain constant with respect to changes in the horizon length as

shown in Proposition {.1]

Table 4.6: Rebate Amounts ($) when 8 = 4150 and s = 23,040

cv Base Case Medium Term Long Term
Exp. Dist.  Logn. Dist. | Exp. Dist.  Logn. Dist. | Exp. Dist.  Logn. Dist.
0.8 1,569 1,569 1,569
1 2,147 1,689 2,147 1,689 2,147 1,689

1.2

1,785

1,785

1,785

* Retailer’s expected profit

The values given in Table[4.7|are the retailer’s expected profit for the whole hori-
zon of the associated scenario. When comparing the expected profit for varying
demand uncertainty levels, as expected profit is smaller for higher values of the
coefficient of variation. This observation implies that the retailer suffers from

increasing levels of demand uncertainty in terms of expected profit.

Table 4.7: Retailer’s expected profit ($(x 10°)) when B = 4150 and s = 23,040

cv Base Case Medium Term Long Term
Exp. Dist.  Logn. Dist. | Exp. Dist.  Logn. Dist. | Exp. Dist.  Logn. Dist.
0.8 49.6 215.7 822.7
1 36.9 42.7 171.8 1923 674.7 743.0
1.2 36.8 170.1 663.8
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 Utility and percentage improvement with respect to the current policy

The best results in terms of utility (or utility per year, which can roughly be
found by dividing the numbers in Table by the number of years considered
in the corresponding case) appears when the coefficient of variation is lowest.
Moreover, the results in Table 4.9] display the negative impact of uncertainty
on the performance of the joint mechanism relative to the current policy (fixed
rebate approach). The reason behind this finding is that the investment made in
battery development only affects the mean of the demand while increasing the
variation proportionally. However, if a demand-increasing strategy that will also
reduce variability is implemented, the joint mechanism will be more effective

for higher demand values.

Table 4.8: Utility ($(x10%)) when 8 = 4150 and s = 23,040

cv Base Case Medium Term Long Term
Exp. Dist.  Logn. Dist. | Exp. Dist.  Logn. Dist. | Exp. Dist.  Logn. Dist.
0.8 134.5 656.2 2,833.9
1 91.6 109.9 351.1 515.1 1,487.3 2,244.2
1.2 97.5 422.1 1,830.9

Table 4.9: Percentage improvement of utility achieved by joint mechanism with respect

to fixed rebate approach (%) when 3 = 4150 and s = 23,040

cv Base Case Medium Term Long Term
Exp. Dist.  Logn. Dist. | Exp. Dist.  Logn. Dist. | Exp. Dist.  Logn. Dist.
0.8 47.0% 139.6% 123.7%
1 0.03% 20.1% 20.9% 84.1% 34.7% 87.5%
1.2 6.5% 48.5% 60.2%

Another benchmark to use would be joint mechanism with fixed rebate (Model
JMFRI). Model JMFRI allows for spending on demand-increasing strategies,
while setting the rebate value to its current level. Percentage improvement of
utility achieved by Model JMFRI relative to current practice is presented in Ta-
ble Note that considering both intervention strategies, even if one of them

is set with respect to other considerations, will improve today’s solution.
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Table 4.10: Percentage improvement of utility achieved by joint mechanism with fixed
rebate with respect to fixed rebate approach (%) when 8 = 4150 and s = 23,040

cv Base Case Medium Term Long Term
Exp. Dist.  Logn. Dist. | Exp. Dist.  Logn. Dist. | Exp. Dist.  Logn. Dist.
0.8 32.1% 117.8% 105.7%
1 0.0% 12.8% 20.8% 73.4% 34.7% 77.8%
1.2 2.9% 43.1% 55.0%

4.54.2 Expected excess budget required

We express the budget constraint on the amount of rebates (constraint (4.3)) in terms
of expected sales. This formulation may lead to the discovery that the actual cost of
rebates is higher than B, once the demand is realized. Thus, we quantify the expected
excess budget required to check whether the amounts are reasonable. Defining E[EB]

as expected excess budget required, we measure it by

0

]E[EB]:rx[/

a (x — E[sales)) f, (x)dx + /M(Q — E[sales)) f,(x)dx].
[sales] 0

Note that the expected budget overflow is equal to this amount.

Table displays the expected excess budget required and its percentage relative
to the applicable budget in parentheses, respectively. Again, we only show the results
for the salvage value of $23,040 at the medium S value for the three mechanisms
considered. Recall that the rebates issued under the joint mechanism are less in relation
to the joint mechanism with fixed rebate and fixed rebate approach, which is why in
general the percentage of E[EB] relative to budget is larger for the joint mechanism
with fixed rebate, and fixed rebate approach. The results indicate that the government
has more risk if it regulates the system by a single intervention tool. Moreover, if we
evaluate the expected excess budget required on the basis of the percentage of budget
under consideration, we observe that the percentages vary from 3.1% to 12.4%. Thus,
we can conclude that the expected excess budget required does not appear to be too

large relative to government’s budget.

Note that this comparison can also be made with maximum excess budget required.
The expression for the worst case expected excess budget required is given by r(Q —
E[sales)).
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Table 4.11: Expected excess budget required ($(x 109),%) when P =4150 and s =
23,040

Mechanism | cv Base Case Medium Term Long Term
Exp. Dist.  Logn. Dist. Exp. Dist. ~ Logn. Dist. Exp. Dist. Logn. Dist.
0.8 (5.3,3.1%) (23.3,3.4%) (88.7,3.9%)
M 1 (12.1,12.4%) | (5.84.3%) | (56.6,10.6%) | (26.2,44%) | (222.1,11.2%) | (101.2,5.0%)
1.2 (6.0,5.7%) (27.6,5.4%) (107.6,6.0%)
0.8 (12.3,5.3%) (54.5,5.6%) (209.5,6.1%)
JMFR 1 (11.6,12.2%) | (11.0,6.3%) | (54.1,10.4%) | (50.3,6.4%) | (212.3,11.0%) | (195.2,7.0%)
1.2 (9.8,7.5%) (45.5,7.1%) (178.0,7.6%)
0.8 (6.5,6.8%) (19.4,6.8%) (89.9,6.8%)
FRA 1 (11.6,12.2%) | (7.4,7.8%) | (36.9,12.2%) | (22.6,7.8%) | (140.0,12.2%) | (96.7,7.8%)
1.2 (8.1,8.5%) (25.2,8.5%) (101.3,8.5%)

4.6 Extensions of Exogenous Budget Case

In the computational studies thus far, we have utilized the optimal budget model
(Model SC) and its benchmarks to explore the performance and implications of our
proposed intervention mechanism. We now consider the exogenous budget model
(Model JM2-SLP) and investigate the following issues: (i) the performance of joint
mechanism including subsidies per unit ordered instead of rebates and (ii) a possible

scheme for coordination.

We use the data explained in Section for cost and demand model’s parameters
in the numerical studies. For sensitivity analysis with respect to the budget amount, we
take values that are 20% lower and higher than the current budget allocated until the
end of 2013 under the CVRP project: $95 million. Moreover, we choose the expected

sales value to assess the utility.

4.6.1 Subsidy Given Per Unit Ordered

In our main analysis, we assume that rebate is issued per unit sold in order to make
the goods more viable for the customers and to stimulate the retailer to order more.
Another common incentive used is to introduce retailer subsidies per unit ordered so
that retailer would increase his order quantity. Thus, an alternative is to intervene in
the system through subsidies given per unit ordered instead of rebates in addition to

demand-increasing strategies. For this case, we can reformulate the problem with a
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similar reasoning as follows:

Model JM3-SLP

x| g(Q,By) (4.37)
s.t. B;+B,<B (4.38)
rQ < B, (4.39)
r>c—p (4.40)
r<c-—s 4.41)
By,B, >0 (4.42)
Fr,(0) = ot @43

Tables through in Appendix present the results of Model JM2-
SLP and Model JM3-SLP for the base-case scenario. As the findings are similar for
medium- and long-term scenarios, we only report the results for the base-case. With
Model JM3-SLP, we observe an improved performance relative to Model JM2-SLP in
terms of utility, which is used as expected sales throughout the computational studies.

Comparison of these models analytically is an interesting future research question.

Although retailer subsidy case shows an improved performance compared to mech-
anism with rebates in terms of utility attained, the applicability of subsidies should
be put into perspective. Regarding retailer subsidies, it cannot be guaranteed that the
retailer uses the grant only for the benefit of this good. Thus, we can claim that the

efficiency of financial support given to retailer can be limited.

4.6.2 Coordination

So far we have analyzed a decentralized system, where the retailer’s decision is con-
trolled by a central authority. However, there may be the case where, the system is
completely centralized, i.e. the retailer is owned by the central authority and thus deci-

sions about the intervention mechanism and order quantity are made by a single entity
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simultaneously. We have a single-level model for this case, which is formulated as

follows:
max 8(0Q,Bq) (4.44)
s.t.  Byg+cQ < B+ pE[min{Q,D}|By] + sE[max{Q — D,0} |B,] (4.45)

The fundamental difference in this model is that budget includes expected revenue
and salvage in addition to the central authority’s available fund. It is thus straight-
forward to confirm that the centralized solution will always give better solutions in
terms of utility compared to the original model because the former operates with a
higher budget and ignores the objective of the retailer. Although it does not include
a rebate as an intervention tool, one can denote and compute the implied rebate by
7= (B—B;)/E[min{Q,D}|B,], and can subsequently find the retailer’s implied ex-
pected profit with the realized rebate. Another way to interpret this implied rebate
is through the minimum rebate amount that can be issued under the joint mechanism.
Also, one can further show that the retailer’s expected profit will be zero under the cen-
tralized solution. With this in mind, we can conclude that coordination can be achieved
only when the retailer’s expected profit is zero or when operating with a higher budget
value. Obviously, the retailer would not be willing to comply with this policy, which
begs the question of whether coordination is possible. This question will be discussed
in the next section. We do not present any numerical examples regarding this model

because this policy is not applicable in real life.
A proposal for coordination:

Under the centralized system, the central authority plans the budget allocation
among intervention tools and order quantity such that the overall utility of the system
is maximized. However, the objective/expected profit of the retailer is zero, because
the impact of central authority’s actions on the retailer is ignored. Thus, coordination
requires directly giving a lump sum amount to the retailer so that he is not affected
by coordination. We can ensure this by imposing an additional constraint in the cen-

tralized model to guarantee that the retailer earns at least the same profit as in the
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joint mechanism. Note that coordination is possible under full information only. Let
E[P(QM2~5LP)] denote the retailer’s expected profit based on Model JM2-SLP. Then,

the model giving a coordinated solution is as follows:

glaé g(Q,By) (4.46)
st.  By+cQ < B+ pE[min{Q,D} |By] + sE[max{Q — D,0}|B,] (4.47)
0 o
/0 (p+7)x+s(Q—x)—cQ)fp,(x) dx+/Q (p+7—c)0fs, (x)dx > E[P(Q"M>SLP)|
(4.48)

We can also calculate the expected excess budget required for this model with a

similar reasoning as in the joint mechanism. The formula used is as follows:

[sales]
(p—s) X /OE (E[sales| —x) fp,(x)dx

When we analyze the results, we recognize that the proposal for coordination results
in higher utility, rebate, order quantity, and B, values relative to the joint mechanism,
as expected. Coordination brings remarkable benefits in terms of utility, up to 8.4%,
compared to the joint mechanism. It is interesting to recognize that the expected excess
budget required comprised in the coordinated approach is relatively higher in compar-
ison with the joint mechanism (Model JM2-SLP). Nevertheless, comparing expected
excess budget values on the percentage of available budget basis gives lower percent-
age values for the coordinated solution relative to the joint mechanism. However, these
values still highlight the increased budgetary burden of the coordinated approach on

the government.

4.7 Concluding Remarks

In this chapter, we study the problem of designing an intervention mechanism for

public-interest goods. More specifically, we consider a system composed of a retailer
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and a central authority that regulates the system through a joint mechanism composed
of demand-increasing strategies and rebates. The main goal of the intervention is to
encourage the retailer to make decisions that would best benefit the system. By formu-
lating the system via bilevel programming, we do not solely maximize utility, but also
consider the retailer’s expected profit. We characterize the structure of the solution.
We further show that the rebate amount may be independent of investment made in

demand-increasing strategies and improvement pattern of mean demand.

In this study, we define expected excess budget that plays a supportive role in deci-
sions to be made. We believe that with stochastic constraints, such quantities should

be computed to reflect possible risks in the decisions made.

We attempt to validate the benefits of our model with available data from the Cali-
fornia electric vehicle market. The results of the case demonstrate that the joint mech-

anism brings considerable benefits in terms of utility.

Another important finding of the case study is that the proposed joint mechanism
exploits the range of possibilities more extensively, when the problem is solved consid-
ering longer horizons. Also, demand variability turns out to be an extremely important
factor for the environment considered in the case study. Based on our results, we con-
clude that approaches that do not consider demand variability may lead to erroneous
decisions. This finding is especially apparent in the decision on rebate quantity, as well

as in the expected budget that would be required by the central authority.

Note that this modeling framework can be modified for alternative intervention
mechanisms, i.e. direct investment affecting any other parameter of the system. This
possibility allows the central authority the ability to formulate a bilevel program for
each intervention scheme and compare the effect of each scheme. Another improve-
ment can be to represent more than one factor that will change the mean demand,
each factor requiring a separate budget. A good example can be depicted from [60]:
R&D efficiency is not only a function of research expenditure, but also research man-

power. Hence, more realistic representations can be used to replace equations (4.14)

and (4.20).
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In the following chapter, we examine a special case of Model JM2-SLP presented
in this chapter to study circumstances where demand is exponentially distributed and
demand-increasing strategy has a constant effect on mean demand, and characterize

optimal intervention strategy for a new innovative product.
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Chapter 5

Joint Intervention Mechanism for a
New Innovative Product-Structural
Results Under Family of Exponential

Demand Functions

5.1 Introduction

In this chapter, we explore the intervention scheme for a new innovative product such
as recent developments in green technology. The model we focus on is mainly an
adaptation of Model JM2-SLP, which is presented in Section Model JM2-SLP
mainly decides on the allocation of budget among two intervention tools, which are
demand-increasing strategies and rebates. In the previous chapter, we pose the model
without any limitations on the demand distribution, mean demand response function,
and utility function. However, here we analyze the model subject to some special cases.
We consider the following assumptions: (i) demand is exponentially distributed, (ii)
mean demand is a linear function of investment made in demand-increasing strategies,
and (ii1) objective function is specified as expected sales. Several motivating scenarios

can be given for these assumptions. For a new product, the demand is expected to be
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highly uncertain, thus exponential distribution is a reasonable assumption. Moreover,
main goal is to increase adoption level of this type of goods and this objective can be

reflected by choosing utility as expected sales.

The remainder of the chapter is organized as follows. In Section [5.2] we present
Model JM2-SLP under the assumptions described above. In Section[5.3] we derive the
optimal solution structure using solution alternatives and KKT conditions and after-
wards we analyze the results in Section [5.4, We conclude in Section [5.5] with discus-

sion of results.

5.2 Model

The notation is summarized in Table [5.1] and additional notation is defined and ex-

plained as needed. As presented earlier, Model JM2-SLP is as follows:

B
x| 8(0,By)
s.t. B,+B,<B

rE[min{Q,D} |B;| < B,

rzc—p

r>0

By,Br >0
ptr—c

F =—

Bd(Q) ptr—s

We assume that (i) demand is exponentially distributed; (ii) mean demand is a linear
function of investment made in demand-increasing strategies; and (iii) objective func-
tion of central authority is specified as expected sales. Under these assumptions, one
can recognize that budget constraints will be tight at the optimal solution as shown in

Proposition 4.3 In our analysis, we use the mean demand function given by

W(By) = Ueo —d + kBy,where k>0, B; <d/k (5.1)
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: Unit revenue

: Unit acquisition cost

: Unit salvage price

: Unit rebate (given directly to each customer who buys the good)
B, : Investment made to demand-increasing strategies

SN v 0T

B, : Investment made to rebate
B : Total available budget of central authority
Q : Order quantity of retailer
g(.) : Utility function of central authority

Table 5.1: Notation

U — d is the initial mean demand and k is a constant reflecting the effectiveness of
demand-increasing strategy. Note that there is an upper bound that central authority
can invest in demand-increasing strategy, which is d/k and mean demand approaches

to U at B;’s upper limit.

Q and expected sales can be written explicitly in terms of other variables and param-
eters for exponential distribution. Specifically, the first order condition of newsvendor
problem under exponential distribution with a mean of y(By) is given by

| — o—0/n(Ba) I;:’r_:i (5.2)

Using Equation (5.2)), optimal order quantity and expected sales of retailer can be

expressed as follows:

Q" = u(By)in <m> (5.3)
cC— S
. X _O* +r—
Binin {0',D} 18] = () (1~ K50) = () 20— 64

64



Then, using (5.3) and (5.4)) the problem can be represented as an optimization prob-

lem for two variables as follows:

ptr—c

max ﬂ(Bd)m (5.5)
St ru(Bd)% —B+By=0 (5.6)
—r+c—p<0 5.7
—r<o0 (5.8)
—B;<0 (5.9)
By—d/k<0 (5.10)

5.3 Optimal Solution Structure

In this section, we characterize the structure of the optimal solution depending on the

parameters by utilizing the KKT conditions and solution alternatives.

Let A; be the multipliers of constraints (5.6) through (5.10) respectively. The KKT
conditions imply that in addition to constraints (5.6)-(5.10), the following set of equa-

tions should be satisfied:

k<m> — yrk (m) F A= Ast s (5.11)
ptr—s ptr—s
(e () = o) (=) ) (s )| e
(5.12)
Aar =0 (5.13)
A(—ptc—r)=0 (5.14)
MB; =0 (5.15)
As(Bg—d /k) =0 (5.16)
A2, A3, A As > 0 (5.17)
A free (5.18)
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The solution alternatives for the formulation given by (5.5)-(5.10) can be listed as

follows:
Al.B;=0andr>0
A2.B;=d/kandr >0
A3.0<B;<d/kandr=0
A4.0<B;<d/kandr>0

Note that the linear independence constraint qualification holds for each solution
alternative. Thus, KKT conditions are necessary for optimality. Hereafter, we analyze

the KKT system for each solution alternative one at a time.
Al.Bg=0andr>0:

One can find the optimal value of r for this case by solving the quadratic equation
given below, which is obtained by substituting value of B; = 0 into constraint (5.6):
ptr—c
—_ [ EY=—/————)—B=0. 5.19
e )(p+r—s) 19
Equivalently, r*(te —d) 4 r[(Ueo —d)(p —¢) — B] —B(p —5) = 0.

(Hoo—d) (¢=p)+BE/[(Heo—d) (p—) — B> +4 (e —d) B(p—s5)
2(Moo—d) ‘
Note that for both » > ¢ — p (i.e. corresponds to ¢ > p) and r > 0 (i.e. corresponds to

The roots of this equation are given by, r =

p > c), the following root is valid:

(Moo —d)(c—p) + B+ /[(Heo —d)(p — ¢) — B> + 4(lies —d)B(p — 5)
2(peo — d) '

ra1 =

(5.20)
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Since KKT conditions are necessary for optimality, 741 is the value of unique opti-
mum for this alternative solution. Note that the optimal values of Lagrange multipliers

for this alternative are as follows:

(ptr—c)(ptr—s)+r(c—s)

M:;Wk(m%ll_k(m)
ptr—s ptr—s

A=

KKT conditions indicate that Ay > 0, and it is true for B < Btl, where B[1 =
(o= (c=p)+y/ )
H—\/(c—s)k g

The optimal solution for this case will be (B}, = 0,7 = ra1)
A2.Bg=d/kandr > 0:

Similar with the previous alternative, the optimal values of r can be found by sub-
stituting B; = d/k into constraint (5.6) and solving for r.
p+tr—c
w| — | —B+d/k=0.
i (p o s) v
Equivalently, r*lle + r[tlee(p — ) —B+d/k] — (B—d/k)(p—s) =0.

oo (¢—p) +B—d /kt\/[Uen (p—) — B+d k> +411e (B—d /&) (p—5)
2o

Note that for both » > ¢ — p (i.e. corresponds to ¢ > p) and r > 0 (i.e. corresponds to

The roots of this equation are given by, r =

p > c) only one of the roots is valid, which is:

Moo (¢ = p) +B—d [k + \/[heo(p — ¢) = B+d k> +4}1ee(B —d k) (p — 5)
2o '

ra2 =

(5.21)
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r42 1s the value of unique optimum for this alternative solution, because KKT condi-
tions are necessary for optimality. The values of Lagrange multipliers for this alterna-

tive are:

(ptr—c)(ptr—s)+r(c—s)

=k () (=)
ptr—s ptr—s

A=

KKT conditions indicate that As > 0, and it is true for B > B,Z, where B,2 = % +

ol (c—p) 1/ 2]
[1-++/(c—s)k]

The optimal solution for this case will be (B, = d/k,r* = ra2)
A3. 0 <Bg <d/k and r = 0 (only realized when p > ¢) :

It is obvious that, By43 = B for this case. The values of Lagrange multipliers can be

given as follows:

A=Ay =As=0
_(P—€

)LI_(p—S)

as= B0 Gip e (es).

(p—s)?

KKT system implies that A, > 0, and this is true if k > k; = (i,c:;))z-

The optimal solution for this case will be (B, = B,r* = 0)
A4 0<Bg<d/kandr >0

Using Equation (5.6), we can represent By in terms of r, which is given below:

B(p+r—s)—r(p+r—c)(o—d)

B, =
k=t (ptr—s)
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By substituting the value of B, into objective function, we can express the objective

function in terms of r. We have:

kB(p+r—s)—kr(p—f—r—c)(uoo—d)) (p+r—c)

max o —d+
; (“ rk(p+r—c)+(p+r—s) prr—s

We apply the first order condition on the objective function with respect to r, and
find out two possible values for r as follows, r =c—p =+ 4/ % One can show that
only one of the value is valid, which is given below:

c—S

k

For r > 0 the following condition on k should hold: k£ < k; = (;:;)2.

Note that second derivative of the objective function is always negative at r44, which
guarantees that it is the unique maximizer. Next, we express the optimal value of B, in

terms of problem parameters by substituting optimal value of r and we obtain:

Blle=s)k+ Vie=s)l+[(p—c)V(c=sk=(c=9)l(He=d) 5,3
((c=s)k+/(c=9)k]+[(c =) = (p—c)/(c — s)klk

Bgas =

Note that the following conditions on B should be ensured so that non-negativity

constraint and upper bound constraint on B, hold.

B! <B < B?
(beo —d)[(c = p)/(c =)k + (¢ = 5)]
(c—s)k++/(c—s)k
B [(c —s)k+ /(c —s)kld + [(c —5) = (p — )/ (c — 5)k] pockk (5.25)
! [((c—s)k++/(c—s)klk
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Bi=0&r>0 0<By<d/k&r>0 By—d/k&r>0

O O
A4 A4

B! B.?

Budget

Figure 5.1: Optimal solution structure for ¢ > p

In a simplified form:

(too —d)[(c = p) + 1/ S 4 Hel(c—p)+ /2

2—_
1+/(c—s)k sBsBi=t [14/(c—5)k]

B! =

Therefore, this solution alternative will arise when B,1 <B< Btz, and optimal solu-

tion will be (BZ = B4, 7" = rA4).

The optimal values corresponding to intervention tools are given below each so-
lution alternative. Notice that the alternatives are valid only in certain ranges, which
are defined in terms of k and B. Next, we characterize the solution structure for two

different parameter settings: (i) ¢ > p and (ii) ¢ < p, separately.

531 Casel:c>p

The solution alternatives that may appear for this case are A1, A2, and A4. The optimal

solution structure is illustrated in Figure[S.1]and also it can be represented as follows:

(O,I”Al) B SB}
(By,7*) =14 (Buas,ras) ifB} <B<B?
(d/k,ra2) if B > B?

where B! and B? are given by (5.24) and (5.25)), respectively.
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53.2 Case2: p>c

Figure shows the optimal solution structure in the defined ranges for this case and

the optimal solution in terms of parameters can be summarized as follows:

(0,7a1) if B<B! k<k
(B}, r) = (Baaa,raa)  ifB} <B<B} k<k
(B,ra3) if B<d/k,k>k

(d/k,l’Az) oW

where B! and B? are given by (5.24) and (5.25), respectively.

d/k
k
0<B §< d/k
r=0
B d:d/ k. r0
U
. D<By<d/k T
-~ emh B
R r constant t
Budget

Figure 5.2: Optimal solution structure for p > ¢

5.4 Analysis of Results

5.4.1 General Results

Figure [5.3|shows the effect of budget on the optimal solution, B}, r*, O*, and expected
sales, respectively, when ¢ > p. As expected, Q* and expected sales increase with the

increase in budget. Regarding B%, it is zero until budget threshold B/; then increases
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between B! and B? up to its upper limit d /k; and then it stays constant at d /k. For r*,

it increases up to B/ ; and stays constant between B} and BZ; and continues to increase

after B2,
. o
Budget Budget
(a) (b)
3
&
g
w
Budget Budget
() (d)

Figure 5.3: Budget vs optimal solution for ¢ > p

Similarly, Figures and [5.5] present the change of optimal solution with respect
to budget, when p > c¢. For both k > k; and k < k; cases, as budget increases, Q* and
expected sales increase. When k < k;, r* and B); show a similar trend with respect to
change in budget as in ¢ > p case. For k > k;, r* = 0 and B}, is increasing up to a
budget of d/k; and when budget is above d /k, B, = d /k and r* is increasing with the

increase in budget.

Solution structures for both ¢ > p and p > ¢ cases show that if B} < B < B? fixed
rebate amount will be administered irrespective of budget amount. For the case when
p > ¢, if demand-increasing strategy has a remarkable effect on society or in other
words efficiency of demand-increasing strategy (k) is high, central authority will only

invest in this strategy up to a certain budget threshold.
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Budget Budget

(a) (b)

Q
Expected Sales

Budget Budget

(c) (d)
Figure 5.4: Budget vs optimal solution for p > c and k < k;

5.4.2 Expected Profit of Retailer

Optimal expected profit of the retailer is given as:

E[P(Q")] = 1(Bq) |(p+7—¢)+(c—s)in (%ﬂ . (5.26)

As expected, expected profit wise retailer is always better off under intervention
mechanism. Figure [5.6] includes plots for expected profit with respect to budget for
the case p < c and p > c, respectively. Note that budget thresholds B} and B,2 have
different values for the two parameter settings. As seen from the figures, expected
profit of retailer increases incrementally as a function of budget for both of the cases.
However, the magnitude of increase differs under two different parameter settings.
To gain insight about optimal budget level of central authority, it is useful to analyze
expected profit of retailer in comparison with the budget amount reserved by the central
authority. Plots show that the best budget interval to operate for the central authority is
the one that assigns fixed rebate to the retailer (i.e. B! < B < B?). The reason behind
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Budget Budget

(a) (b)

Q
Expected Sales

Budget Budget

(©) (d)
Figure 5.5: Budget vs optimal solution for p > c and k > k;

this is that when B > Btz, the intervention turns out to be money transfer to the retailer.
Thus, increasing the budget amount after this threshold is gainless. Thus, strategies that

will trigger competition would be more reasonable after this threshold budget level.

5.4.3 Expected Excess Budget Required

We define expected excess budget required as in Subsection [4.5.4.2] of Chapter d Un-
der exponential distribution with constant demand-increasing strategy effect, expected

excess budget required becomes:

E[EB] = r(it — d + kBy) <e‘(?3-i) - 1%) (5.27)

Figure plot expected excess budget required as a function of budget for cases
p < cand p > c, respectively. As in the plots of expected profit, budget thresholds B/

and B? are different for the two parameter settings. Recall that expected excess budget
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amount can be interpreted as the risk of implementing intervention mechanism from
central authority’s point of view. The calculated expected excess budget amounts are
lower than the available budget amount of central authority. Besides, plots indicate that
magnitude of expected excess budget is growing increasingly when budget is higher
than B?. The risk associated with expected excess budget amount indicates that it is

not reasonable to operate with a budget higher than B? for the central authority.

Budget Budget

Expected Profit of Retailer
Expected Profit of Retailer

g/ Budget g2 Budget
t

BZ

(@p<c (b)p>c
Figure 5.6: Expected Profit of Retailer

Budget Budget

Expected Excess Budget Required
Expected Excess Budget Required

1 Budget 2 1 Budget 2
B, B B B

(ap<c (b)p>c
Figure 5.7: Expected Excess Budget Required

5.5 Concluding Remarks

In this chapter, we study the problem of designing an intervention mechanism for a

new innovative product. We figure out that use of a fixed rebate without considering
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budget as in current practices may lead to remarkable budget deficits. In addition,
increasing the rebate amount after a certain budget level may result in excess money
transfer to retailers. One can show that demand-increasing strategies may yield better
utilities than rebates depending on the budget value. Thus, we can conclude that if we
ignore budget constraint while designing intervention mechanism we most likely lose

efficiency and effectiveness.
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Chapter 6

Joint Intervention Mechanism In the

Presence of Yield Uncertainty

In this chapter, we explore the intervention design problem for a public-interest good

facing yield uncertainty in production.

6.1 Introduction

The motivation of this study is based on influenza vaccine supply chain. Influenza is a
very well-known acute respiratory illness that circulates quickly resulting in seasonal
outbreaks. World Health Organization (WHO) reports that each year the outbreaks end
up with 250,000 to 500,000 deaths globally; additionally annual costs of outbreaks
in terms of health care, lost days of work and schooling, and social disruption vary
between $1 million and $6 million per 100,000 inhabitants in industrialized countries
like France, Germany, and the United States [61]. Annual vaccination is known to
be the most effective and efficient strategy for fighting influenza to prevent morbidity
and mortality. Therefore, majority of the countries carry out influenza vaccination
programmes targeting nationwide coverage levels. In spite of the programmes having

been implemented, current statistics show that the vaccine coverage lag behind the
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targeted goals in most of the developed countries [6, [/]. Also, WHO reports that all
countries in the world are facing influenza vaccine shortage. These problems originate

from issues that are inherent to influenza vaccine supply chains.

One of the challenges of this system arises mainly due to characteristics of pro-
duction process such as long production times, reformulation of vaccine composition
each year, and yield issues. Majority of the production depends on flu virus grown in
chicken eggs. The process starts with the announcement of the WHO Global Influenza
Program on the virus strains that will be included in the forthcoming season’s vaccines.
The manufacturing procedure takes approximately six months and can be summarized
as follows: growing the virus in chicken eggs, harvesting the virus containing fluid
from the eggs after several days, inactivating viruses, purifying, testing, and packaging
[62]]. Vaccine composition is controlled each year and updated if needed due to con-
tinuous antigenic changes in the virus strains. The uncertain growth characteristics of
strains in chicken eggs causes yield uncertainty, i.e. either the production may result

in fewer quantities or it may need extra time to end up with desired quantities [63].

Another problem is insufficient demand for reaching an effectual or socially de-
sirable coverage level. The reasons behind this are free-rider phenomenon (negative
network externality effect) and lack of incentives. Individual’s decisions on whether
to uptake vaccine may be influenced by the decisions of the rest of the society. Vac-
cines enable individuals to receive benefits of other’s vaccination without a payment
(free-ride), because individuals are aware that vaccination reduces the probability of

transmission.

The focus of this chapter is designing an intervention strategy for influenza vac-
cines, which will decrease the effects of inefficiencies described above and encourage
the channel to take a solution closer to socially optimal decision. In the strategy, we
consider possibility of different efforts that will eventually increase the production
quantity. We enable this by considering a total budget, which can be used for different

efforts, and solve a budget allocation problem.

The production processes in many industries face yield uncertainty such as agri-

culture, biofuel production, mining, and etc. Note that although the framework of the
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study is inspired from influenza vaccines, it can be applied to other goods with similar
characteristics. Throughout the chapter, we study the problem for a system consist-
ing of a newsvendor firm that faces yield issues and a central authority having a fixed
budget. Relating with the influenza vaccine case, newsvendor firm corresponds to a
vaccine manufacturer, whereas central authority refers to a social planner like WHO,
Centers for Disease Control and Prevention (CDC), etc. or a government. The role of
the central authority is to coordinate the expenditures limited by the budget and maxi-
mize the social welfare. A critical issue while designing an intervention mechanism is

to choose the intervention tools to be considered and their associated effects.

One alternative is making investment to demand-increasing strategies. We assume
that this investment is devoted to any attempt that will promote vaccination. In prac-
tice, these may correspond to subsidizing vaccine cost, public education, media cam-
paigns to inform those at high risk, expanding access to vaccination services (i.e. via
pharmacy, immunization centers near schools and worksites, home visits), organizing
school vaccination programs, and establishing client reminder and recall systems [7]].
A different example to demand-increasing strategies can be given based on a recent
news discussing low immunization rates for HPV [64]. Current policy issues and lack
of MD endorsement (and recommendation) are found to be responsible for the shortfall
in the usage of these vaccines. For this case mentioned in the news, organizing infor-
mation briefing for doctors can be a good example for demand-increasing strategies so

that they will make timely recommendations to children for receiving the vaccine.

Another intervention tool is yield increasing strategy through which production
yield will be improved. Current production technologies of flu vaccines have several
limitations like yield issues, production capacity, and ability to accelerate production
in case of pandemics. These inefficiencies can be overcome through financial support
to manufacturer to increase yield and improve availability. Deo and Corbett [24] high-
light that it is required to subsidize research on production processes instead of only

implementing immunization programs that encourage vaccination.

In brief, we analyze an intervention mechanism composed of the two intervention
tools described above. We note that the proposed joint mechanism’s objectives are

parallel with the objectives of GAP (Global action plan for influenza vaccines), which
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is carried on by WHO [65]]. GAP is an exhaustive project aimed at achieving higher

vaccine usage, improving production capacity, and research and development.

Unlike the existing studies in the literature, our model is a budget allocation problem
and further decides on the quantity to be produced and intervention scheme under both
demand and yield uncertainty. Also, our work is differentiated from previous work in
terms of intervention tools considered and their effects on the system dynamics. We do
not take into account epidemiological details and this makes this framework applicable

to other types of goods with similar characteristics.

To analyze the above mentioned framework, we build a bilevel programming model,
which enables us to integrate manufacturer’s point of view into the central authority’s
decision making process. We assume that demand and yield are correlated random
variables without loss of generality and follow bivariate lognormal distribution. Bi-
variate lognormal distribution is quite general as one can represent distributions with
various values for coefficient of variation. We express demand and yield as functions of
corresponding investments made to improve them. Under the lognormal demand and
yield models proposed, given central authority’s decisions we obtain closed form ex-
pression for the optimal quantity to be produced by the manufacturer. We also charac-
terize the optimal solution for specific forms of authority’s objective function, and de-
mand and yield functions. We complete our presentation with numerical experiments.
The numerical experiments rely on available estimates from studies on influenza vac-
cine supply chains in literature and CDC'’s statistics on flu vaccination coverage in US.
We propose a parameter calibration procedure based on available information. Our
results indicate that proposed joint mechanism challenges the current policy including
only demand-increasing strategies in two dimensions: vaccination coverage and budget
required. Moreover, we compare the results with the case where yield is approximated
by a deterministic function dependent on investment made to improve it. The solutions
show that the vaccination coverage obtained with deterministic yield function are very
close to the ones achieved under yield uncertainty if the demand function’s parame-
ters are calibrated accurately for each version. Finally, we add a discussion and our

findings on the selection of total budget level to support decision makers.
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6.2 Model and Assumptions

This section presents demand and yield models, and the decision model to determine

the allocation of budget among intervention tools.

6.2.1 Representation of Demand and Yield

We use lognormal distribution for demand and yield because it is flexible in terms of

providing various forms of distribution with two parameters.

We assume that demand comes from a family of lognormal distributions with pa-
rameter B;. To represent it we define a lognormal demand function dependent on B,;.

Once By is set, the demand distribution will be known accordingly.
D = Hp(By)e 2%+00Wp,

where Wp has standard normal distribution and op is a parameter of the distribu-
tion. It can be verified that E[D] = Hp(B), where Hp(By) is a function of By, and
Var(D) = Hp (Bd)z(e"l% —1). The mean and variance change in a proportional fashion

. . . . . . 2
with respect to By, thus coefficient of variation is preserved (i.e. cvp=V e®> — 1).

Remark 6.1 If Hp(B,) is an increasing function of By, there will be a first order
stochastic dominance order between cdfs of demand. Specifically, the cdf with higher

By value will stochastically dominate all others with smaller By.

We model yield uncertainty with stochastically proportional yield approach, which
is widely studied in the literature (i.e. see [66] for a detailed review of approaches
solving lot sizing problem with random yield). This approach is applicable to systems
like influenza vaccine production system, in which yield uncertainty emanates from

inflexibility of production system to adapt to changes in the environment or material.
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We construct the yield function with a similar reasoning as in demand function. We

use a lognormal yield function dependent on parameter B,.
Y = Hy (By)e*%6%+ﬁywya

where Wy has standard normal distribution and oy is a parameter of the distribution.
As in the demand function, E[Y] = Hy(B,), where Hy(By) is an increasing concave
function in By and takes values in the interval [0,1], and Var(Y) = Hy (By)z(e"lg —1).
Similarly, coefficient of variation is independent of By (i.e. cvy= V %7 — 1). Further-
more, note that similar to Remark [6.1] first order stochastic dominance order holds for

the yield model.

We assume that demand and yield are jointly lognormally distributed. Specifically,
natural logarithms of random variables D and Y have bivariate normal distribution with
means In(Hp(B;)) — 63/2 and In(Hy(By)) — 67/2, and standard deviations o) and
oy, respectively, and correlated by p. Specifically, (Wp, Wy) has a standard bivariate

normal distribution with correlation coefficient p, E[Wp, Wy] = p.

In our model, B; denotes the investment amount allocated to demand-increasing
strategies, whereas By reflects the investment amount allocated to yield increasing
strategies. Any effort targeted to achieve higher demand attracts more consumers for
vaccine uptake and thus shifts the mean demand upwards. Besides, investment devoted
to yield increasing strategies decreases the risks included in the manufacturing process
and improves the yield. Thus, an increase in the investment amounts B, or By leads to
a first order stochastic dominance order between cdfs of demand or yield, respectively
as described in Remark Note that we can also envision a correlation between the
uncertain components of demand and yield variables. Positive correlation indicates
that higher demand motivates the manufacturer to improve yield. On the other hand,
negative correlation can be explained by prevention of artificial demand amplification

through a more successful production.

In the later sections of the chapter, we assume specific forms for Hp(B;) and

Hy(By). Although there are not many studies on investment response functions, an
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advertising response function is generally assumed to be concave in advertising ex-
penditure in previous studies (e.g. [48,49,50]), and we follow the same assumption in
our analysis. Under a concave response function, as the money invested increases the
mean demand and mean yield also increase but with a monotonically diminishing rate.
In our analysis, we use the mean demand function analyzed in [48]], which is given

below:

Hp(By) = 1+ 1uwBj

where U is the initial mean demand (i.e. mean demand before intervention), and
wand a (0 < o < 1) are constants that reflect effectiveness of demand-increasing
strategy. For a fixed w > 0, mean demand increases at a faster rate for larger values of

0. When w = 0, mean demand is not influenced by demand-increasing strategies.

One possible form for Hy (By) is as follows:

 kBy+1
~ kBy+a’

Hy(By) fora > 1and k > 0.

As B, — 0, Hy(By) — é and as By — oo, Hy(By) — 1. 1/a gives the initial yield
(yield rate without intervention) and k is a measure for the efficiency of the yield im-

proving technology.

6.2.2 Decision model

We model intervention design problem for the context discussed by bilevel program-
ming. Similar to previous chapters, the central authority is the leader, who is interested
in maximizing the social welfare, whereas newsvendor firm is the follower with the
objective of maximizing expected profit. Central authority intervenes in the system
through a joint mechanism composed of two intervention tools: (i) investment made in
demand-increasing strategies, By, and (ii) investment made in yield improving strate-
gies, By. Any effort aimed at increasing demand will shift the demand distribution, and

similarly investment made in yield increasing strategies will affect yield distribution.
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We assume that the social welfare is assessed by an increasing concave function of
production quantity, which in turn is a function of the intervention mechanism (i.e. By
and B)).

Let p, ¢, s be unit selling price, manufacturing cost, and salvage value respectively.
u(.) denotes the utility function that is dependent on the production quantity Q, and
assumed to be concave in its arguments for detailed analysis. The bilevel programming

formulation of the problem (BLP) is as follows:

s u(Q(Ba,By)) (6.1)
s.t. Bs+By<B (6.2)
By,By >0 (6.3)
maxg E[P(Q)]. (6.4)

where P(Q) is the profit function of the newsvendor firm and is given by:

P(Q) = pYQlyyo<p}y +rDliyg>p} +5(YQ—D)l{yg>p) —cQ

with 14 = 1 if A is true, and O otherwise. Note that we explore the model for
stochastically proportional yield, that is the quantity that will be received at the end of

manufacturing process is Y Q.

In this problem, the central authority goes first and determines the investment
amounts made to intervention tools, and later in view of his decisions manufacturer
decides on production quantity. (6.1)-(6.3) express the upper level (central authority’s)
problem, while (6.4) corresponds to the lower level (manufacturer’s) problem. The
objective of the central authority is to find the utility maximizing investment amounts,
B, and By. The selection of B, and By, affects the solution and objective function of
the manufacturer by affecting the distributions used to evaluate P(Q), and in turn man-
ufacturer’s decision influences the central authority’s utility. Constraint imposes
budget constraint on the total money invested for demand-increasing activities, and re-
search and development. (6.3) guarantees non-negativity of B, and By. Lastly, (6.4)

reflects the newsvendor problem under random supply for given B, and B,.
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6.2.3 Solution
6.2.3.1 Analysis of lower level problem:

Primary approach for solving bilevel optimization problems is replacing lower level
problem by its first order conditions. Thus, we start our analysis by lower level prob-

lem.

We find out that the expected profit maximizing Q occurs at
pE[Y]—c¢
p—s

The details of derivation can be found in Appendix [C.1]

We use the properties of lognormal random variables to derive E[Y 1{D§YQ}]-
Theorem 2.1 of [67] gives an explicit expression for moments of the form
E[X"Y"Ixy(a,b,K)], where (X,Y)T have bivariate lognormal distribution and
Ixy(a,b,K) is an indicator function which takes value of 1 when X%Y? < K and 0

otherwise. After applying this theorem to our case, we obtain the following form:

In(Q) + In(Hy (By)) — In(Hp(By)) + 03 /2 + 63 /2 — poyop 66)
\/0',§+Gl% —2poyop
Solving (6.5)-(6.6) for Q, we come up with:

E[Y Lip<ygy] = Hy (By)® (

1Py | /621 62 “2poy op—In(Hy (B,))+In(Hp(Bs)) 02 /2~ 3 /2
Q:e[ (to=sy By V OF T0p—2p 0y op—In(Hy (By))+In(Hp (By))— 0y /2—0p/ +P<7YGD}7 6.7)

where ®~1(.) denotes the inverse of the standard normal cdf.

Remark 6.2 Along with the fact that the argument of ®~'(.) should be between 0 and
1, we deduce the following conditions on Hy (By) from (6.7):

Hy(By) > ]%, (6.8)
Hy(By) < <. 6.9)

S
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The second condition is readily satisfied by the assumptions of the newsvendor prob-
lem and definition of the Hy (By). Thus, it is critical to check whether the condition
given by equation (6.8) is always satisfied or not while solving the model.

For the specific form Hy (By) = %—Ii,
ally, this condition on the model parameters is a natural assumption for the newsvendor

this condition is always satisfied if p > ac. Actu-

so that it is economic to operate. In other words, it guarantees that revenue is higher
than the average cost. In the opposite case (if p < ac), the intervention mechanism
is able to make the system economic by investing on yield increasing strategies, and

consequently increasing the yield. Note that in this case, there is a minimum budget

ac—p

(=)’ that will enable the manufacturer to

requirement constraint for By, i.e. By >

operate.

6.2.3.2 Analysis of the problem:

Remark 6.3 For given B; and By, the solution for the lower level problem (equation

(6-7)) is unique, implying that the rational reaction set is single valued and unique.

Remark 6.4 Following Remark the uniqueness of the reaction set (lower level
problem) guarantee that the leader achieves his maximum objective (by Proposition
8.1.1 pg. 303 [5]]).

Lemma 6.1 E[P(Q)] is concave in Q for every By and By. This assures that the solu-
tion to the lower level problem is unique, implying that the lower level problem can be

replaced by its first order condition (by pg. 308 of [3]).

Accordingly, (BLP) can be written as the following single-level mathematical pro-
gram (SP):

max u(Q(By4,By)) (6.10)
.t By+B,<B (6.11)
By,By >0 (6.12)
(-7 (6.13)

86



Now, we obtain a relatively easy to solve standard nonlinear program. In this formu-
lation, the central authority optimizes utility (social welfare) subject to her constraints

and optimal decision of manufacturer.

Proposition 6.1 All of the budget will be used at the central authority’s optimal inter-
vention scheme, i.e. By + B} = B holds at the optimal solution (Q*,B;'},B;).

Proof: See Appendix[C.1]

Remark 6.5 If\/G% +03—2poyop > 0.3989 (2) , then 52 > 0.

Proof: See Appendix

Remark @ states a sufficient condition to ensure an increase in By will in turn in-
crease . However, at the same time, it implies that when uncertainty is low or when
the system is very profitable, yield increasing strategies may have no effect or negative
effect on Q. Note that this does not necessarily mean that expected sales is decreas-
ing. Figure depicts an example for this case. Briefly, the figure illustrates optimal
manufacturing quantity and expected sales as a function of By, for a given value of By.
The intuition is that the improvement in yield does not necessarily imply an increase in
targeted quantity, Q*, since the realized quantity will be more by manufacturing with

a higher yield.

6.2.4 Further results when utility function is expected sales

Motivated by the vaccine markets environment, we use the expected sales value to
assess the utility for this problem. Note that one can use any objective function that
will reflect societal benefit. The governments’ or social planner’s main goal is to reach
(or get closer to) socially optimal level of vaccine coverage, which is usually stated as
a coverage rate. Therefore, for budgets that are not extremely large the expected sales

will be a realistic objective function consistent with the current market environment.
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Figure 6.1: Example for Remark 5

We discuss the effect of the budget size in subsection In the remaining part of

the study, we continue our analysis by taking the objective as expected sales.

Expected sales with respect to our demand and yield models can be expressed as
follows (by Theorem 2.1 in [67]]) :

m<Q>—zn<HD<Bd>>—05/2+zn<HY<By>>—c%/z+ponay)

E[min{YQ,D}| =  Hp(By)®
\/65 + 0% —2popoy

—ll’l(Q) + ln(HD(Bd)) — (712)/2 — ll’l(Hy(By)) — G%/z-i‘p(fpay)

+ HY(By)Qq>
\/GLZ) + 62 —2popoy

(6.14)

6.2.4.1 Reformulation

In this part, using expected sales as the objective function and utilizing the optimal
solution characteristics of the problem for a concave utility function of Q (i.e. Propo-

sition [6.1|and Equation (6.7)), we express the problem in terms of a single variable.
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_ Hy (By) —c¢ ¢ —sHy (By)
max  Hp(B—B,)® (@ '<p7>>ﬂ/02+0272 o G>+H B <7y x
g Hol-me (p—s)Hy (B,)) ~ VO 7 =200 | HY )\ (= )
e[qu ( (z’fg)f,‘;{;;) )\/ 02 +03 —2p0y op—In(Hy (By))+In(Hp (B—By))—02 /2~ 03 /2+poy op)] 6.15)

st 0<B,<B (6.16)

We conduct a set of numerical experiments to study the structure of the problem for
the following mean demand and yield functions; Hp(B — By) = u + uw(B — B,)% and
kBy+1
Hy (By) = kB;—l—a'
concave with respect to B,.

In the examples solved, we observe that the objective function is

6.2.4.2 What if we use only E[Y] in the expected sales expression?

In this subsection, we define a new objective function that is E[min{E[Y]Q,D}], which
is alike expected sales, and compare its value with the former one for given intervention
design. Specifically, we replace E[min{YQ,D}| term with E[min{E[Y]Q,D}]. We
consider this situation as one would see such cases in practice. The new objective

function for bivariate lognormal distribution can be written down as follows:

In(E[Y]Q) — In(Hp(Baq)) — 65/2>
Op

—In(E[Y]Q) +In(Hp(Ba)) — 05/2
Op

E[min{E[Y|Q,D}] = Hp(By)® <

+ HY(By)Qop( ) (6.17)

Proposition 6.2 Given B, and By, the following relations hold between the two objec-

tive function candidates:

If p <0, E[min{E[Y]Q,D}] > E[min{Y Q,D}] :
Otherwise, E[min{E[Y]Q,D}] = E[min{YQ,D}] if oy =2pop
E[min{E[Y]Q,D}] > E[min{YQ,D}] if oy >2pop
[ [ [ ]

E[min{E[Y])Q,D}] < E[min{YQ,D}] if oy <2pcp

Proof: See Appendix
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The conditions indicate that if demand and yield are uncorrelated or negatively cor-
related, E[min{E[Y]Q, D}] overestimates the expected sales value. In general, the ob-
jective function value with E[Y] replacing the random yield variable will either an over

or under-estimate of the expected sales value.

6.3 Numerical analysis

In this section, we present a numerical study using demand and yield functions ex-
plained in Section and decision model (SP) given in Section with the
objective of maximizing expected sales in order to gain insights about the impact of
applying joint mechanism on US influenza vaccine market. The numerical study is
conducted based on available information from prior studies on influenza vaccine sup-
ply chain and US influenza vaccine market. We investigate how the proposed inter-
vention mechanism proceeds and provide a detailed discussion of the results. Before
continuing with the numerical results, we first explain how we set up our parameter

sets.

6.3.1 Data set and calibration procedure for demand model’s pa-

rameters

We choose the cost parameters and yield information from prior related studies in the

literature, the details can be found in Table The remaining parameters to calibrate

Table 6.1: Base parameter set

Parameter Value Reference

14 $15 [26]
c $3 [26]
s $0 [26]
a 1.43 [68]

are related to the demand and yield functions, namely k, cvg, cvy, p, 4, w, and a.

Our available information allows us to calibrate only two of these variables given the
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others. With the limited available information, our approach is then to set some of

these parameters to certain values and calibrate the remaining.

We think that the key parameters to calibrate are t and o, both describing the shape
of the demand function. So, we will set the remaining parameters, i.e. k, cvy, cvy, p,
and w to a value and find p and &, accordingly. Of course, our intention is to analyze
the effect of varying these set parameter values on the results. Table summarizes

the range of values for these selected parameters.

Table 6.2: Parameter values used in numerical experiments

Parameter Value
k {107°,107%,10""}
w 0.05

cvp = cvy {0.5,1,2}
p {-0.9,-0.5,0,0.5,0.9}

Note that we use only one value for w, as we think that the calibration procedure
will adjust the results obtained for the demand function. Additionally, relative values
for k and w are important and hence varying only k will suffice. Note that k value
is exogenously taken, since we do not have any information on the yield increasing

strategies.

The available data used for calibration is explained below. CDC reports that 2009-
2010 influenza season vaccination coverage among all persons aged higher than six
months in the United States is 41.2%, which corresponds to 123.3 million people
([69]). Note that the population size under consideration is 299.272 million people.
Besides, according to Department of Health and Human Resources’ report CDC'’s fis-
cal year 2010 budget request for Influenza Program is $158,992,000 ([70]).

Set 0.99 percentile Set expected

Y e IR el Y e I
distribution to 100 population size E=D| million and solve @
and solve for p P fora

Figure 6.2: Steps utilized for calibrating parameters of the demand model

The steps of calibration used are briefly illustrated in Figure [0.2] Details of the
procedure are presented in Appendix[C.2] Calibrated u and « values for varying values
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of coefficient of variation of demand, yield, and p are tabulated in Tables[C.1|and
respectively in Appendix

6.3.2 Analysis of results

In this section, we use the numerical results obtained as a basis to demonstrate the im-
provements that can be obtained by applying the proposed joint mechanism. Specifi-
cally, we investigate two main issues: (i) improvement in vaccination percentage, and
(i1) budget savings with joint mechanism, both to get more complete information on
the value of applying the joint mechanism. We further analyze two issues: the effect
of considering yield uncertainty in this framework and the meaning of the total bud-
get for the policy makers. The details of how computations are made are explained
in Appendix Note that each numerical problem solved for a given budget level
corresponds to a completely different problem environment due to change in demand
model’s parameter calibration process, so comparisons among problems may not be
consistent. Of course, the problems where the only change is the total budget or k, the

results are comparable.

6.3.2.1 Improvement in vaccination percentage

One of the reasonable measures to evaluate the performance of joint mechanism is
vaccination percentage, which is the ratio of expected sales to population size un-
der consideration. First, we analyze the vaccination percentage to be reached if joint
mechanism is applied under that period’s budget amount of 158.992 million. Table[6.3]
reports the outcomes for varying values of k, coefficient variation of demand and yield,
and p. The results demonstrate the importance of considering a joint mechanism that
eliminates the inefficiencies emanating from both supply and demand sides. The nu-
merical studies show that the vaccination rates of the 2009-2010 season is raised from
41.2% to a range between 42.46% and up to 58.28% depending on the values of %,
cvp, cvy, and p. The gap in the vaccinated percentage between the statistics of 2009-

2010 season (41.2%) and the realized percentage under proposed strategy is quite high
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based on the fact that each percentage corresponds to approximately 2.9 million peo-
ple. Also, we observe that the improvement in vaccination rates is greater for higher

values of efficiency of yield improving strategy (k) as expected.

Besides, we compute and tabulate the vaccination rates for a representative set of
budget values in Tables [C.4]through[C.6]in Appendix We observe that unless total
budget is very tight, higher uncertainty in the system and negative correlation between
demand and yield raise vaccination percentages even more with efficient allocation of

budget among intervention alternatives

Table 6.3: Vaccination percentages achieved by joint mechanism (%), as opposed to
reported 41.2%

CVp = CVy

0.5 0] 05
1072 | 44.99 | 44.06 | 42.99
0.5 107° | 44.69 | 43.84 | 42.86
1077 [ 43.79 | 43.18 | 42.46
1072 | 49.91 | 47.56 | 44.99
1 107° [ 48.90 | 46.81 | 44.50
1077 [ 46.11 | 44.71 | 43.15
1077 | 58.28 | 53.46 | 48.28
2 107° [ 56.18 | 51.93 | 47.32
1077 [50.55 | 47.79 | 44.76

6.3.2.2 Budget savings with joint mechanism

We further analyze the value of the joint mechanism proposed in terms of total budget
spent. Specifically, we determine the budget required to achieve the aforementioned
season’s vaccination percentage with the joint mechanism, and demonstrate the sav-
ings in the required budget. In Table [6.4], we present percentage savings for varying

values of k, cvp, cvy, and p. The budget savings ranges between 28.01% and 89.81%.

'Note that cases with different p’s and coefficient of variation values are not comparable, as the
calibration procedure utilized yields different parameter values. We can see the effect of calibration
under low budget values. However, the calibration procedure seems to work well under higher budgets.
For instance, in the case where cvp = cvy = 0.5 and budget is 30 million $, the vaccination percentage
first increases when p rises from -0.9 to -0.5 and then starts to decrease with more increase in the value
of p. On the other hand, vaccination percentage decreases with p at higher budget values.
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Clearly, applying joint mechanism substantially reduces the required budget to achieve
the desired vaccination coverage, especially when uncertainty in the system is low.
Also, the budget savings are reasonably high even the yield improving strategy’s effi-
ciency is tenfold lower. Based on the results depicted in Table [6.4] one can conclude
that under higher uncertainty in the system, knowing the correlation would be very

significant, of course, if it exists.

Table 6.4: Budget savings relative to current practice (%)

P
-0.5 0 0.5

1075 | 87.90 | 89.10 | 89.81
0.5 107° | 82.45 | 83.84 | 84.71
1077 |1 65.47 | 67.28 | 68.55
1077 | 64.89 | 60.67 | 51.31
1 107° | 58.44 | 54.26 | 45.12
1077 | 40.03 | 36.16 | 28.06
1077 | 65.82 | 61.29 | 51.37
2 107° | 59.36 | 54.86 | 45.14
10~7 | 40.90 | 36.67 | 28.01

cvp = Cvy k

6.3.2.3 What if yield is approximated by a deterministic function?

Although one can have estimates for the yield’s mean and variance, it may as well be
hard to fit a distribution. Thus, while solving these types of decision problems there is
a tendency to represent yield by its average value, i.e. in our case this corresponds to
a deterministic function of By. Here, we examine the influence of an imperfect yield

without uncertainty on the vaccination percentage.

To obtain the optimal investment amounts (Bz and B;l ) for deterministic yield case,
we solve the decision model together with parameter calibration structure by setting
yield’s variance to zero. However, yield is uncertain in reality and this affects both the
calibration and decision structures (See Table for u values and for o values
in Appendix [C.2)). Using the parameters reflecting yield variability, we evaluate Q and
expected sales for BZ and Bg in order to observe the effect of considering deterministic

yield. A representative set of results for equal values of cvp and cvy, and k = 107°
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are provided in Table [6.5] where optimal vaccination percentage found by taking into
account yield’s variability and realized percentage with deterministic yield are given
in parentheses, respectively. Average loss in vaccination percentages is 0.05%, with
the maximum being 0.12%. Comparing the two cases, one can observe that even if the
central authority ignores yield uncertainty, it might end up with a vaccination rate in the

ballpark of optimal solution by solving calibration and decision problems successively.

Table 6.5: Optimal vs realized vaccination percentages with deterministic yield (%, %)

o cv Budget (x 106)

i 30 50 100 150 200 250 300 350
09,1 | (35.01,3496) | (39.18,39.12) | (45.61,45.56) | (49.8549.80) | (53.10,53.05) | (55.77,55.73) | (58.06,58.01) | (60.06,60.02)
0.1 (35.7435.73) | (38.79.38.77) | (43.39.4337) | (46.364635) | (48.61,48.60) | (50.45,50.44) | (52.01,52.00) | (53.37.53.36)
00, 1 (36.19,36.14) | (37.88,37.84) | (40.39,4036) | (41.9941.96) | (43.1843.16) | (44.1544.12) | (44.964494) | (45.67.45.65)
09,2 | (31.0430.94) | (38.06,37.96) | (49.83,49.72) | (58.16,58.04) | (64.82,6470) | (70.46,70.35) | (75.42,75.30) | (79.85,79.74)
0,2 (31.84,31.82) | (37.05,37.02) | (45.39.4536) | (51.06,51.03) | (55.49,55.46) | (59.18,59.15) | (62.36,62.3%) | (65.19,65.17)
09,2 | (32.393229) | (352435.16) | (39.6339.56) | (42.52,4245) | (44714465 | (46.514646) | (48.0547.99) | (49.39,49.34)

6.3.2.4 Which total budget is sufficient?

The effect of spending more is obviously going to result in more people being vacci-
nated. Given the structure of the objective function as well as the strategies considered,
one may be interested in the effect of any additional budget on the outcome. Table [6.6]
summarizes $ spent per additional person vaccinated using an additional budget of
$10 x 10° (i.e. if total budget is $160x 10°, then we record $ spent per additional per-
son vaccinated with the additional $10 x 10° budget used over $150x 10°) for different

values of cvp, cvy, p, and k = 107°.

Table 6.6: $ spent per additional person vaccinated with the additional budget of $10 x
10°

o Total Budget (x 10°)
b,y | P 160 | 170 180 | 190 | 200
05 | 2449 | 25.05 | 27.39 | 28.83 | 30.26
0 | 3445 | 3654 | 38.61 | 40.68 | 42.73
0.5 05 | 5747 | 61.03 | 6458 | 68.12 | 71.64
05 | 543 | 570 | 598 | 624 | 651
0 | 675 | 7.1 | 745 | 7.80 | 8.13
1 05 | 899 | 947 | 995 | 1042 | 10.88
05| 273 | 285 | 297 | 3.08 | 3.19
0 | 347 | 363 | 3.79 | 394 | 4.10
2 05 | 476 | 499 | 522 | 545 | 567

Note that the results given above represent the additional budget spent to the cost

of vaccine paid by the consumer. Comparing these numbers will be a good indication
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for the policy makers. At 150 million budget, the money spent per person ranges
between $0.86 and $1.20 depending on cvp, cvy, and p. However, we see that the
additional budget spent per person can be considerably high for some cases due to
concave structure of demand and yield models. For the cases where the budget spent
per additional person vaccinated is higher than $15, the policy maker may prefer to
subsidize whole cost of vaccines instead of investing in demand and yield increasing
strategies. Moreover, we can interpret whether the budget used in current practice is
reasonable based on these results. If uncertainty in the system is high, the current
budget used in practice seems to be reasonable and can be increased further; otherwise
for low uncertainty case a much lower budget looks to be sufficient for investing in

demand and yield increasing strategies.

6.4 Conclusion

Inspired from influenza vaccines, this chapter suggests a model to design intervention
mechanism for a public-interest good facing yield issues in order to achieve socially
desirable consumption/usage level. In particular, we consider a system composed of a
manufacturer and a central planner that intervenes to the system through demand and
yield increasing strategies. The goal of the intervention is to resolve the inefficiencies
like insufficient demand and yield issues that are inherent to the system and motivate
the channel to take socially more acceptable decisions. We develop and incorporate
lognormal demand and yield models to our decision problem, general enough to be

used in different contexts as well.

Strategies only targeting to improve demand may not be sufficient to reach optimal
coverage levels in most of the cases, additional investments should be made to further
improve the outcomes. This is also the case in US influenza vaccine market. Along
with the numerical study, we show that the vaccination coverage in US can be increased
considerably via the proposed joint mechanism by addressing both demand and yield
issues in the system. Note that in addition to enhancing social welfare, proposed mech-

anism decreases total budget requirements for a desired level of vaccination.
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Chapter 7

Conclusion

Wider adoption of health related goods, such as vaccines, or products with less carbon
emissions have become a major focus of interest as social and environmental respon-
sibility are becoming mainstream concerns. Within this focus, there is a need for a
central authority implementing policies to promote usage of this type of goods. A key
issue in this context is how to intervene in the supply chain of a such good so that
its usage level is increased towards socially desirable levels. By intervention one can
influence the demand of the good through demand-increasing strategies or supply for
the good through subsidies, rebates or yield improving strategies. Here, main goal of
the central authority is to allocate available budget among intervention alternatives so
that the channel will react for the benefit of the system. This thesis provides guidelines
to a central authority on designing intervention strategies to increase usage of public-
interest goods. Specifically, we provided a unifying framework to produce strategies
that will be influential in wider adoption of these goods in different settings with alter-
native intervention tools. We approached the problem as a budget allocation problem
and especially explored the division of budget among intervention tools and their as-
sociated implications on the outcomes. We utilized bilevel programming for modeling
this environment and after reducing the problems into single level mathematical pro-

grams, we solved them as non-linear programs.

The research conducted in this thesis can be categorized into three main groups in
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terms of intervention tools considered. Firstly, in Chapter[3|we were interested in inter-
vention strategies including only subsidies in different settings. Central authority deals
with registering subsidies under a budget constraint to improve supply of the public-
interest good. Specifically, we first analyzed the problem for single echelon setting
including single retailer and n retailers. For both cases, we derived upper limits on
budget below which the central authority uses whole budget with the aim of maximiz-
ing utility. Following, we focused on a two echelon setting to analyze the problem for
centralized and manufacturer driven systems. We present the modeling approach for
the two systems. We noticed that the centralized system’s formulation becomes identi-
cal with the single echelon model with single retailer. Regarding manufacturer driven
system with uniformly distributed demand, we observed that the amount of subsidies

only have influence over the profits of parties.

Next, motivated by the fact that current policies with rebates fail to reach targeted
usage levels, we concentrated on joint intervention mechanisms that require two in-
tervention tools to be applied simultaneously. Chapter [4] is devoted to analyzing a
joint mechanism consisting of demand-increasing strategies and rebates. We formu-
lated two social welfare maximization problems for a single echelon system with the
aims of (i) optimizing budget and allocation among intervention tools and (ii) opti-
mizing allocation of an exogenously determined budget among intervention tools. For
both models, we characterized the structure of the optimal solution and showed that
all budget will be used. For the model that optimizes budget and allocation among
intervention tools, we found out that optimal rebate amount and investment made in
demand-increasing strategies may be independent. Furthermore, we presented three
benchmark approaches to assess the performance of proposed approaches. Finally, we
used real-life data and information of California electric vehicle market in order to

verify the proposed model and show benefits.

In Chapter [5] we considered a specific case of the model deciding on the optimal
allocation of a given budget among intervention tools with exponentially distributed
demand and constant demand effect. We found the optimal investment amounts to be
made for each intervention tool and identified the optimal strategy in terms of bud-

get level and efficiency of demand-increasing strategy. Our analysis on the optimal

98



solution structure revealed that decisions made on intervention scheme without con-
sidering budget may result in significant budget deficits and excess money transfers to

the retailer.

Lastly, we proposed a joint intervention mechanism composed of demand-
increasing strategies and yield improving strategies for a public-interest good facing
imperfect yield and yield uncertainty issues in Chapter [ We analyzed the problem
for a system composed of a manufacturer and a central authority with a certain budget
amount. Demand and yield are assumed to follow bivariate lognormal distribution and
expressed as functions of investments made to improve them. We characterized the
optimal solution for specific forms of central authority’s objective, and demand and
yield functions. Finally, the models suggested are tested by a case study relying on the
available estimates of US influenza market. The results imply that proposed strategy is
very efficient in terms of vaccination percentages achieved and budget savings realized
compared to the current practice, and the improvement in vaccination percentages is

even greater when uncertainty in the system is higher.

One of the contributions of the thesis is to investigate a newsvendor environ-
ment with welfare implications using bilevel programming. We develop a modeling
structure that is quite general and adaptable for alternative settings and intervention
schemes. This opportunity enables the central authority to formulate different inter-
vention schemes and examine the outcomes of each scheme. We find out structural
results that will ease the procedure to find the optimal solution and also provide in-
sights to central authority while generating policies. Besides, exploring an intervention
mechanism consisting of investment in demand-increasing strategies as an additional

intervention tool and considering an explicit budget constraint are new.

Further, we conduct two case studies based on real life data to analyze the benefits
of proposed mechanisms by implementing novel parameter calibration approaches.
Within case studies, we develop notions that play a supportive role in decisions to be
made. One of the notions is the expected excess budget. We believe that with stochas-
tic constraints, such quantities should be computed to reflect possible risks in the de-
cisions made. One can evaluate the values of this risk measure while determining the

applicability of the model’s results. Another important proposal regards coordination.
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We present the model that offers a coordination possibility for one of the models of
Chapter 4] We elaborate the problem as a supply chain coordination problem, with the
central authority being the firm with an integrated supply chain, and running demand-
increasing strategies and incentivizing customer rebates. The model matches supply
chain coordination topic, however it does not exactly suit public-interest good con-
text. Using such a coordination scheme is more reasonable for a general newsvendor

environment.

There are several directions for future research. First is to investigate the models
in Chapter [3| with sales rebate and thus stochastic constraint. In the current studies we
analyze joint intervention mechanisms with two intervention tools applied simultane-
ously. An extension would be to consider one more intervention tool. Note that another
alternative for intervention tools can be investment which will decrease the manufac-
turing cost. Another future research direction would be to analyze models in Chapter
with a chance constraint instead of an expected value constraint. The constraint that
we use in the models of Chapter {4 satisfies the budget limitation on rebate amounts in
expectation as realized sales is stochastic. Thus, one can consider the case in which the
probability of meeting the budget limitation on rebates is above a certain level when

the central authority is risk-averse.

In this thesis, we address the intervention design problem in a single period setting.
Analysis of the intervention mechanisms in a multi-period setting would be worthwhile
as technology change and/or market adoption level are expected to affect the policy sig-
nificantly. A reasonable approach is to model this problem as a two-stage stochastic
program with demand learning. Then as the demand distribution is improved, the inter-
vention scheme will be updated accordingly. Here, one would expect use of different
intervention tools depending on the market conditions as in the single period setting

case.

Another area of future work is to apply intervention design problem in different
contexts. One example can be renewable energy investment problem. Renewable en-
ergy sources have received significant attention in the last decade due to increasing

environmental concerns. However, volatility in energy prices and random yield issue
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inherent to renewable resources make this problem a challenging one. Recently, sev-
eral incentive programs have been implemented in the US to encourage wider usage of
renewable resources. Analysis of this problem together with a case study will gener-
ate key insights for policy makers who would like to make renewable resources more

viable.
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Appendix A

Intervention by Incentives

A.1 Proofs

Proof of Proposition 3.1}

a)If r = ¢ — p, then Q* = 0 from the definition of cdf of demand. Note that this case

can only arise when B = 0.

If r=c—s, Q" = Dy following the assumption on cdf of demand. In this case,
the budget constraint will be active when B = (¢ — 5)Dyqy and will not be binding

otherwise.

b)When 0 < B < (¢ — 5)Dpqy, the budget constraint will be always binding. The

reason behind this is that utility is an increasing concave function of Q, which is also

an increasing function of r. For this instance, ag(:) = ll% will be satisfied by the

optimal solution following the KKT conditions.
Proof of Proposition 3.2}

The proof is similar to that of Proposition [3.1| part b.
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Proof of Proposition 3.3}

Suppose for a contradiction that there exists some solution (¥, Q) such that (¥, Q) is
different than (r*,Q*) and (¥, Q) has a larger total utility. This implies that ¥ and r*,
and so Q and Q* should differ at least in two coordinates. Therefore, Jiand j€ 1,--- ,n
such that 7; < 7; and consequently 0,<0 ;- If we decrease 7; by € and increase 7; by
€, we will arrive at a solution (T, (N)) for which éi > Q; and Q i < 0 ;- Assume that € is
large enough so that (T, 6) # (T,Q). The decrease in the utility of agent j will be less
than the increase in the utility of agent i, hence the total value of (T, (3) is greater than
(¥,Q)’s. Hence this contradicts with the optimality of (F, Q).

Continuing in this manner, i.e. by increasing and decreasing r values, we will reach at

(r ,Q").
Proof of Lemma 3.1k
It follows from Proposition [3.2]and Proposition
Proof of Proposition [3.4}

Suppose for a contradiction that there exists a solution different than (r*,Q*), say
(F,G) such that given solution structure does not hold. Then, there exists i, j € 1,--- ,n
such that i < j and 7; > 7; and Q; > Q;. But if we decrease 7; and increase 7; by the
same amount, we will arrive at a solution with larger total value since marginal utility
of agent j is greater than marginal utility of agent i. Hence, this contradicts with the

optimality of (F,Q).
Proof of Lemma 3.2k

If demand is uniformly distributed over interval [a, b], then the newsvendor optimal

(pr,—)(b—a) -
PEEST=2 +a. In that case, E[Py(c)] is

concave with respect to c¢. Also, note that the constraints of the follower’s problem

order quantity can be expressed as Q =
are linear. Thus, instead of analyzing Model MD-BLP directly, we can address an

alternative formulation by replacing lower level problem by its KKT conditions (by
pg. 312 of [3]).
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A.2 Numerical Studies for Two-Echelon Model

In this section, we provide a summary of the results obtained from the computational
studies and list the observations in the main text. The aim of these studies is to ex-
plore how central authority registers subsidies to each party under different parameter
settings. We solve Model C-SLP and Model MD-SLP by nonlinear solver CONOPT
within GAMS environment. Note that we can not guarantee that the solutions obtained

are optimal.

Throughout the numerical studies, we assume that demand is uniformly distributed
on [0,1000], p =25, m = 15, s = 3 unless otherwise stated.

Table A.1: Results when p =25, m = 15,5 =3

Centralized Pr. Manuf.-Driven Pr.

Budget Exp. Sales Q | Exp. Sales Q
0 351.24 454.55 201.45 227.27
1000 393.69 538.89 256.69 302.42
1250 401.71 556.62 266.70 316.92
1500 409.03 573.44 275.85 330.44
1750 415.74 589.49 284.29 343.17
2000 421.93 604.85 292.14 355.23
2250 427.65 619.61 299.48 366.72
2500 43296 633.83 306.37 377.70
2750 43790 647.57 312.88 388.25
3000 442.50 660.88 319.04 398.41
3250 446.79 673.79 32490 408.22
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Table A.2: Results when p =25, m =20, s =3

Centralized Pr. Manuf.-Driven Pr.

Budget Exp. Sales Q | Exp. Sales Q
0 201.45 227.27 107.18 113.64
1000 292.14 355.23 194.18 217.93
1250 306.37 377.70 207.15 234.69
1500 319.04 398.41 218.75 250.00
1750 33047 417.71 229.29 264.19
2000 340.87 435.85 238.97 277.46
2250 350.41 453.03 24794 289.98
2500 359.22 469.37 256.30 301.86
2750 367.39 485.00 264.15 313.19
3000 375.00 500.00 271.54 324.04
3250 382.11 514.44 278.54 334.47

Table A.3: Results when p =25, m =23, 5 =3

Centralized Pr. Manuf.-Driven Pr.

Budget Exp. Sales Q | Exp. Sales Q
0 86.78 9091 44.42 4545
1000 228.74 263.45 159.84 175.19
1250 246.61 288.12 17422 192.80
1500 262.29 310.50 186.97 208.76
1750 276.31 331.13 198.48 223.45
2000 288.99 350.37 209.02 237.14
2250 300.58 368.47 218.75 250.00
2500 311.26 385.61 227.81 262.17
2750 321.15 401.92 236.29 273.76
3000 330.36 417.52 24427 284.83
3250 338.96 432.49 251.81 295.45
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Table A.4: Results when p =25, m = 15,5 =10

Centralized Pr. Manuf.-Driven Pr.

Budget Exp. Sales Q | Exp. Sales Q
0 444.44 666.67 277.78 333.33
1000 469.98 754.97 328.23 413.87
1250 474.53 774.29 337.66 430.19
1500 478.53 792.80 346.29 445.55
1750 482.06 810.59 35426 460.11
2000 485.16 827.75 361.65 473.98
2250 487.88 844.32 368.55 487.26
2500 490.25 860.38 375.00 500.00
2750 492.31 875.96 381.06 512.27
3000 494.07 891.11 386.77 524.13
3250 495.57 905.85 392.17 535.60

Table A.5: Results when p =25, m =23,5s =10

Centralized Pr. Manuf.-Driven Pr.

Budget Exp. Sales Q | Exp. Sales Q
0 124.44 133.33 64.44  66.67
1000 277.78 333.33 19496 218.93
1250 297.08 362.94 211.32  240.16
1500 313.86 389.85 22576 259.41
1750 328.70 414.68 238.74 277.15
2000 341.99 437.85 250.55 293.67
2250 354.02 459.66 261.41 309.22
2500 364.97 480.32 271.46 323.93
2750 375.00 500.00 280.83 337.93
3000 384.23 518.82 289.60 351.31
3250 392.77 536.89 297.85 364.16
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Appendix B

Joint Mechanism Composed of
Demand-increasing Strategies and
Rebates

B.1 Proofs

Proof of Corollary 4.1}

Considering (4.16), Q = FB’d1 (Zi::‘y) and 1 —Fp,(Q) = (1%) Hence, we can

express expected sales as:

—1( ptr—c
) (55)

Elmin {Q.D} B = | ™

c—s 1 ({pt+r—c
d F B.1
*fi(¥)dx+ (p-l-r—s) Ba (p-l—r—s) @1

Using for the expected sales, the objective function can be written as:

Fy (s - ~ —
wvan= 0 [ aminaes (G ) (55 oo
(B.2)
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Next, we consider first order condition of (B.2)) with respect to r, which is given below:

in;(';iﬁ:) c—s p+r—c
det (=8 Vg (=
/0 xfp, (x)dx+ (p+r_s> By (p+r_s>

(-1 S
I8, (FB_dl (ﬁiﬁii)) (ptr=s)’

After evaluating (B.3) for exponential and lognormal distribution and rearranging, it

(B.3)

can be shown that optimal rebate is independent of u(B;) for the mentioned distribu-

tions.

(i) Assume that demand is exponentially distributed with mean p(B). Then, (B.3)

can be written as:

w5 (5555 ) n (555 ot (55)
— U(By) (i) In (C__S) :(ﬁ_r)u(Bd)c—_s (B.4)

p+r—s p+r—s (p+r—s)?

After rearranging (B.4), one can show that  can be found by \/B(c —s) +c(p —s) —s(p—s) —
(p—s), which is independent of B; and (By).

(i) Assume that demand is lognormally distributed with parameters (v, T) and mean
1(By). Note that u(By) = ¢"*7/2. Given the optimal solution of the newsvendor

problem, FB:,I <’; i;:;) = ¢"t™, Then, (B.3) can be expressed as follows:

ev“z/zcb(z —T) e <—C —7 >

ptr—s
=(B—r)e' T 271:6_22/2—(0 )’ (B.5)
(p+r—s)

Using u(By) = ¢"*7/2, one can show that lb can be expressed independent of
1 (By) and the result follows. [
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Proof of Corollary 4.2:

This proof is similar to that of Corollary Specifically, evaluating (B.3) with
mean demand function given in (4.14) and coefficient of variation function (.20)), and

rearranging give the result. Of course, in this case B4 cannot be eliminated in (B.3). O
Proof of Proposition 4.3}

a) Suppose to the contrary that there exists some solution (?,@,BZ},Bf) such that
F#£r*, Q# Q" FE[min{Q,D} |B; = Bj] < B}, and it has a higher objective function
value. Assume that we keep B}, and B; constant and increase 7 by &, then we will
arrive at a solution (7, Q,B* ,BY), for which Q > Q by the monotonicity of Fp,. Since
the objective function is increasing concave with respect to Q, the new solution will
give a higher objective value, which contradicts with optimality. Continuing in this
manner, i.e. increasing r by small increments, we will reach (r*,0Q*,B;,B;). The

result then follows.

b) We follow the same logic as in part (a). Suppose for a contradiction that there
exists some solution (7, Q, By, B,) such that B; + B, < B, and it has a higher objective
function value. This implies that either B; < B}, or B, < B, or both.

When B, < BY; if we increase By by €, we will arrive at a solution (7,0, By, B,) for
which Q > Q by the first order stochastic dominance order of cdfs. Since the objective
function is increasing with respect to Q and B, the new solution will result in a higher

objective function value, which contradicts with optimality.

When B, < B?; if we increase B, by &, 7 and Q also increase by part (a). Now,
we arrive at a new solution (7, Q,B_d,gr), for which 7 > 7 and thus Q > Q by the
monotonicity of cdf. é has a higher objective function value, which contradicts with

optimality.

Last, if both B; < BY and B, < B}, we can arrive at a better solution by playing with
B, and B, values in the same manner as in the previous cases, and this contradicts with
the optimality of (T’,Q By, B,). In each of the three cases, by continuing to increase the

values of B, or/and B,, we can achieve the optimal solution (r*,Q*, B, B}). The result
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then follows. [

B.2 Demand Model’s Parameters for Medium- and

Long-Term Scenarios and Calibrated  Values

Table B.1: Demand model’s parameters (e, d) for medium-term scenario

[ [ s=$23,040 [ s=$18,720 ]
cv Exp. Dist. Logn. Dist. Exp. Dist. Logn. Dist.
0.8 (1,081,703, 789,863) (1,081,703, 696,060)
1 (1,081,703, 544,766) (1,081,703, 720,692) | (1,081,703, 87,552) (1,081,703, 581,632)
1.2 (1,081,703, 643,120) (1,081,703, 449,001)

Table B.2: Demand model’s parameters (U, d) for long-term scenario

[ ] $=523,040 | 5=$18,720
cv Exp. Dist. Logn. Dist. Exp. Dist. Logn. Dist.
0.8 (3,574,670, 2,224,893) (3,574,670, 1,960,669)
1 (3,574,670, 1,534,501) (3,574,670, 2,030,053) | (3,574,670, 246,616) (3,574,670, 1,638,347)
1.2 (3,574,670, 1,811,545) (3,574,670, 1,264,751)

The numbers are presented with precision so that they can be used for performing explicit calculations for

comparison if needed.

Table B.3: Calibrated 3 values

[ [ 5=$23,040 [ s=$18,720 ]
cv | Exp.Dist. Logn. Dist. | Exp. Dist.  Logn. Dist.
0.8 3,132 3,802

1 4,058 3,582 3,788 4,487
1.2 4,012 5,161

B.3 Computational Results for Optimal Budget Case

We solve our models by the nonlinear solver CONOPT within the GAMS environment.
We also perform runs with different nonlinear solvers included in GAMS environment,
such as MINOS, BARON, KNITRO, etc. However, we attempt to solve our data in-

stances with CONOPT because it produces more reliable results. The solutions are
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obtained very quickly, in approximately 0.004 seconds, because the problems are not

very large.
Table B.4: Solutions of base-case scenario for cases 1 and 2
Case B Mechanism Objective Exp. Sales r By B, EP[Q] 1(By)
Nb. $) ($x10% | (x10% vehicles) | (x10% vehicles) $) ($x109 | ($x10% | ($x10% | (x10% vehicles)
™ 52.1 37.0 17 1,789 0.0 66.1 22.0 169.2
la 3200 [ JMER 738 750 523 2,116 0.0 952 355 169.2
FRA 138 750 523 2,116 0.0 952 355 169.2
M 916 157 533 2147 0.0 982 369 1692
1b 4150 [ IMFR 915 150 523 2116 0.0 952 355 1692
FRA 915 150 523 2,116 0.0 952 355 169.2
™M 1428 623 747 2484 202 1548 63.0 199.1
lc 5100 [ JMEFR 1379 524 60.0 2116 134 110.8 I3 196.9
FRA 1343 150 523 2116 0.0 952 355 1692
™M 50.8 379 405 1,860 0.0 70.6 232 305.1
2a 3200 [ IMER 138 750 a37 2116 0.0 952 339 305.1
FRA 138 750 I37 2116 0.0 952 339 305.1
™ 922 49.0 534 2,267 0.0 111.0 410 305.1
2b 4150 [IMFR 915 750 737 2,116 0.0 952 339 305.1
FRA 915 750 737 2,176 0.0 952 339 305.1
™ 1435 58.8 65.3 2,658 0.0 156.2 62.1 305.1
2 5100 [ JMER 1343 750 137 2,116 0.0 952 339 305.1
TRA 1343 750 737 2,116 0.0 952 339 305.1
Table B.5: Solutions of base-case scenario for case 3
Case B Mechanism Objective Exp. Sales [9) r By B, EP[Q] 1(By)
Nb. $) ($x 109 | (x103 vehicles) | (x10% vehicles) ($) ($x100) | ($x10% | ($x10°) | (x10% vehicles)
™ 72.9 542 56.3 1324 287 717 262 154.6
3a 3200 [ IMER 50.6 58.6 64.0 2,116 3.0 124.1 629 127.1
TRA 138 750 291 2,116 0.0 952 133 975
™M 1345 74.6 78.7 1,569 58.0 117.0 496 190.5
3b 4150 [ JMFR 1209 853 93.0 2,116 525 180.4 914 184.8
FRA 915 75.0 9.1 2,116 0.0 952 133 975
™ 2132 904 968 1,806 345 1632 76.0 2127
3¢ 5100 [ JMER 208 4 97.7 106.5 2116 330 206.6 1047 20177
FRA 1343 750 791 2,116 0.0 952 133 975
™ 62.1 103 04 1413 99 57.0 211 1393
3d 3200 [ IMER 138 150 96 2116 0.0 952 76.0 181
FRA 33 150 96 2116 0.0 952 76.0 181
™M 109.9 594 63.7 1,689 363 100.3 07 180.0
3e 4150 [ IMFR 1033 671 IZ3! 2116 333 1420 687 1762
FRA 915 150 96 2116 0.0 952 76.0 181
™M 173.7 744 813 1,956 60.3 145.6 67.7 204.9
3f 5100 [ JMFR 17277 78.0 86.0 2,176 599 165.0 79.7 204.6
FRA 1343 750 96 2,116 0.0 952 76.0 T18.1
™ 589 343 36.4 1483 0.0 50.0 19.0 1412
3g 3200 [ IMER 138 750 50.1 2,116 0.0 952 [Y%) 1412
TRA 138 750 501 2,116 0.0 952 [r%) 412
™ 975 136 52.9 1,785 17.6 86.8 36.8 1724
3h 4150 [ IMFR 942 542 60.3 2,116 150 114.6 532 169.9
FRA 915 75.0 50.1 2,116 0.0 952 [Z%) 1412
™ 150.6 62.8 69.7 2,077 392 1304 60.0 1995
3i 5100 [ JMER 150.6 63.6 70.8 2,116 392 1345 625 1995
FRA 1343 150 50.1 2116 0.0 952 Zrw) 1412
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Table B.6: Solutions of base-case scenario for case 4

Case B Mechanism Objective Exp. Sales r By B, EP[Q] 1(By)
Nb. $) ($x 109 | (x103 vehicles) | (x10% vehicles) ($) ($x100 | ($x10% | ($x10°) | (x10% vehicles)
™M 65.2 384 39.1 1,299 7.8 49.9 13.1 142.0
4a 3200 [ JMFR 733 75.0 46.9 2,116 0.0 952 487 1255
FRA 433 45.0 46.9 2,116 0.0 952 487 1255
M 109.6 545 55.8 1,549 32.1 84.4 359 180.0
4b 4150 [ IMFR 995 624 65.0 2,116 274 132.0 674 173.8
FRA 915 75.0 46.9 2,116 0.0 952 487 1255
™M 167.6 67.1 69.3 1,799 540 120.8 56.8 203.8
4c 5100 [ JMFR 641 727 758 2,116 529 153.9 786 202.7
FRA 1343 45.0 46.9 2,116 0.0 952 487 1255
™ 614 339 347 1,388 0.0 470 175 159.5
4d 3200 [ JMFR 133 5.0 72 2,116 0.0 952 765 159.5
FRA 133 75.0 72 2,116 0.0 952 165 159.5
™M 96.5 41.6 43.0 1,672 6.7 69.6 29.9 1714
4e 4150 [IMFR 91,7 772 195 2,116 13 99.9 183 167.3
FRA 915 75.0 72 2,116 0.0 952 765 159.5
™M 1417 53.1 55.4 1,955 254 103.9 489 197.7
4f 5100 [ JMFR 41,0 55.7 584 2,116 252 117.8 575 1974
FRA 1343 75.0 772 2,116 0.0 952 765 159.5
™M 59.2 340 35.0 1,459 0.0 49.6 13.6 199.0
4g 3200 [ JMFR 733 75.0 74 2,116 0.0 952 743 199.0
FRA 483 45.0 74 2,116 0.0 952 743 199.0
M 943 39.6 412 1,770 0.0 70.1 30.1 199.0
4h 4150 [ JMFR o1.5 45.0 774 2,116 0.0 952 143 199.0
FRA 915 45.0 74 2,116 0.0 952 143 199.0
™M 1343 445 46.8 2,080 0.0 925 432 199.0
4i 5100 [ JMFR 1343 15.0 74 2,116 0.0 952 143 199.0
FRA 1343 5.0 174 2116 0.0 952 438 199.0
Table B.7: Solutions of medium-term scenario for cases 5 and 6
Case B Mechanism Objective Exp. Sales [9] r By B, EP[Q] u(By)
Nb. ($) ($x 109 | (x103 vehicles) | (x10% vehicles) ($) ($x10% | ($x10% | ($x10° | (x103 vehicles)
™M 177.7 150.0 169.2 1,789 339 2633 39.5 636.7
5a 3200 [ JMFR 1642 178.9 208.0 2,116 29.7 3786 411 672.6
FRA 154.3 1428 166.0 2,116 0.0 302.2 112.6 536.9
™ 351.1 212.8 2431 2,147 75.1 457.1 171.8 787.6
5b 4150 [ IMFR 351.0 209.5 2435 2,116 75.1 432 165.2 7875
FRA 290.5 428 166.0 2,116 0.0 302.2 112.6 536.9
™M 578.6 2644 317.2 2,434 113.3 656.7 2673 8449
5c 5100 [ JMFR 5574 223.7 260.1 2,116 110.1 1734 176.4 841.0
FRA 4262 1428 166.0 2,116 0.0 302.2 112.6 536.9
™M 165.7 123.6 132.0 1,860 0.0 2299 75.7 9942
6a 3200 [ JMFR 158.9 146.6 158.6 2116 0.0 310.2 110.4 9942
FRA 158.9 146.6 158.6 2116 0.0 310.2 110.4 9942
™ 300.6 159.6 174.0 2,267 0.0 361.8 1335 994.2
6b 4150 [ IMFR 2982 146.6 158.6 2,116 0.0 310.2 1104 9942
FRA 2982 146.6 158.6 2,116 0.0 310.2 1104 9942
™ 467.6 1915 212.7 2,658 0.0 508.9 202.2 994.2
6c 5100 [ JMFR 375 146.6 158.6 2,116 0.0 310.2 1104 9942
FRA 1375 146.6 158.6 2,116 0.0 310.2 1104 9942
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Table B.8: Solutions of medium-term scenario for case 7

Case B Mechanism Objective Exp. Sales [9] r By B, EP[Q] n(By)
Nb. ($) ($x 100 | (x103 vehicles) | (x10% vehicles) ($) ($x10% | ($x10% | ($x10° | (x103 vehicles)
™ 3735 268.0 278.6 1324 129.3 354.9 129.5 764.7
Ta 3200 [ JMFR 256.7 3302 360.1 2,116 1013 693.7 3542 715.8
FRA 1459 1346 146.3 2,116 0.0 2349 1444 2918
™M 656.2 3245 3424 1,569 181.4 509.1 215.7 828.6
7b 4150 [ IMFR 596.5 3776 71138 2,116 716 799.1 705.0 818.6
FRA 273.8 134.6 146.3 2,116 0.0 2849 444 2918
™M 986.3 368.9 394.9 1,806 2285 666.3 3104 868.2
e 5100 [ JMFR 966.7 399.7 4359 2,116 226.0 8458 287 866.4
FRA 7013 134.6 146.3 2,116 0.0 2349 444 2918
™ 285.7 213.4 2244 1413 95.8 301.5 111.9 737.6
7d 3200 [ JMER 210.9 264.6 291.9 2,116 75.9 559.8 270.6 694.5
FRA 491 1375 151.7 2,116 0.0 291.0 140.7 361.0
™M 515.1 267.3 286.4 1,689 1427 4513 1923 810.0
e 4150 [ JMFR 735.0 306.0 3376 2,116 137.4 6475 313.0 803.2
FRA 279.7 1375 151.7 2,116 0.0 291.0 140.7 361.0
™ 790.1 3103 3388 1,956 185.5 607.2 2822 854.4
7 5100 [ JMFR 785.8 3253 3588 2,116 184.9 6333 3327 85390
FRA 4104 1375 1517 2,116 0.0 291.0 130.7 361.0
™ 231.7 1742 185.1 1,483 67.4 2585 96.3 716.9
7g 3200 [ JMFR 815 2164 240.9 2,116 53.0 4579 212.7 679.0
FRA 1515 139.8 155.6 2,116 0.0 2958 1374 1386
™M 4221 2247 2442 1,785 109.4 401.0 170.1 796.4
7h 4150 [ IMFR 706.9 2524 281.0 2,116 106.5 5341 2481 792.1
FRA 2843 139.8 155.6 2,116 0.0 295.8 1374 7386
™M 655.7 265.8 295.1 2,077 147.9 552.0 254.1 844.8
7i 5100 [ JMFR 655.5 269.2 299.7 2,116 147.9 569.6 264.6 8448
FRA 7171 139.8 155.6 2,116 0.0 2958 137.4 7386
Table B.9: Solutions of medium-term scenario for case 8
Case B Mechanism Objective Exp. Sales r By B, EP[Q] u(By)
Nb. ($) ($x 109 | (x103 vehicles) | (x103 vehicles) ($) ($x10% | ($x10% | ($x10° | (x103 vehicles)
™ 289.7 200.8 204.2 1,299 92.1 260.7 94.8 742.2
8a 3200 [ JMFR 199.6 2470 2574 2,116 63.1 522.7 2671 633.6
FRA 150.0 1383 1442 2,116 0.0 292.7 149.6 3856
™ 502.3 245.1 251.1 1,549 135.2 379.6 161.6 810.0
8b 4150 [ IMFR 756.1 286.6 2937 2,116 126.9 606.5 309.9 799.0
FRA 2814 1383 1442 2,116 0.0 292.7 1496 3856
™M 752.6 280.8 289.9 1,799 174.4 505.2 237.6 852.4
8c 5100 [ JMFR 738.0 305.1 317.9 2,116 1723 645.5 329.9 850.4
FRA 7123 1383 144.2 2,116 0.0 292.7 149.6 385.6
™M 2234 1529 156.3 1,388 537 2121 780 719.1
8d 3200 [ JMFR 163.0 189.7 1938 2,116 37.7 015 196.0 672.5
FRA 152.9 411 1479 2,116 0.0 2985 145.8 500.1
™M 3884 193.1 1993 1,672 90.1 32238 1388 7947
8¢ 4150 [ IMFR 366.1 2222 2328 2,116 358 270.1 2295 7874
FRA 287.0 411 479 2,116 0.0 2985 145.8 500.1
™ 588.0 226.2 235.8 1,955 1234 4424 208.1 8415
8f 5100 [ JMFR 585.0 2373 2436 2,116 123.0 502.0 2451 8409
FRA 210 411 479 2,116 0.0 2935 14538 500.1
™ 192.7 1223 125.6 1,459 20.2 178.4 66.9 714.9
8g 3200 [ JMFR 156.1 152.8 160.3 2,116 95 3233 152.0 675.5
FRA 155.1 431 150.6 2,116 0.0 302.8 423 632.7
™ 3265 1582 164.4 1,770 49.9 280.0 120.1 794.1
8h 4150 [ IMFR 3154 178.6 183.0 2,116 773 377.9 177.6 789.6
FRA 29T.1 431 150.6 2,116 0.0 302.8 1423 632.7
™M 4915 188.4 193.1 2,080 714 392.0 182.3 842.8
8i 5100 [ JMFR 2913 190.6 200.6 2,116 T4 4033 189.6 842.7
FRA 7.0 43.1 150.6 2,116 0.0 302.8 423 632.7
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Table B.10: Solutions of long-term scenario for cases 9 and 10

Case B Mechanism Objective Exp. Sales Q r By By EP[Q] u(By)
Nb. $) ($x10% | (x103 vehicles) | (x10% vehicles) ($) $x10% | $x10% | ($x10% | (x103 vehicles)
M 7832 639.6 721.6 1,789 119.3 1,144.1 381.6 2,027.8
9% 3200 [ JMER 725.1 7727 8983 2,116 1125 1,635.0 600.2 2,004.8
FRA 5833 5427 630.9 2,116 0.0 11483 279 2,040.2
™ 14873 8350 9745 2147 186.7 1,795.0 674.7 3,003.0
9b 4150 [ JMFR 1,486.7 822.7 956.5 2,116 186.7 1,740.9 648.7 3,002.9
FRA 1,103.8 5427 630.9 2,116 0.0 1,1483 279 2,040.2
™M 2,360.4 997.4 1196.3 2,484 2492 24772 1,008.1 3,186.9
9% 5100 [ JMFR 22804 846.0 933.6 2,116 2441 1,790.2 667.1 3,180.6
FRA 16194 5427 630.9 2,116 0.0 1,1483 279 2,040.2
™M 554.6 4138 4419 1,860 0.0 769.5 253.6 3328.1
10a 3200 [ JMFR 532.1 490.8 531.0 2,116 0.0 1,038.6 369.6 33281
FRA 532.1 4908 531.0 2,116 0.0 1,038.6 369.6 33281
™M 1,006.2 5343 582.4 2,267 0.0 12112 446.9 33281
10b 4150 [IMFR 9984 790.8 531.0 2.116.0 0.0 1,038.6 369.6 33281
FRA 9984 790.8 531.0 2,116 0.0 1,038.6 369.6 33281
™M 1,567.0 646.7 7183 2,658 123 1,718.8 633.0 3357.6
10¢ 5100 [ JMFR 14655 2941 5345 2,116 88 10454 372.0 33499
FRA 1.464.6 790.8 531.0 2,116 0.0 1,038.6 369.6 33281
Table B.11: Solutions of long-term scenario for case 11
Case B Mechanism Objective Exp. Sales Q r By B, EP[Q] u(By)
Nb. $) ($x10% | (x10% vehicles) | (x10% vehicles) $) ($x10% | ($x10% | ($x10% | (x10% vehicles)
™M 1,733.9 1,071.1 11131 1324 2755 1.418.0 5174 3,055.6
lla 3200 [ JMFR 12584 1372.7 14971 2,116 2296 2,004.6 14723 29755
FRA 675.0 622.7 679.1 2,116 0.0 1317.6 667.0 1349.8
™ 2,833.9 1237.6 1,306.0 1,569 360.8 19415 822.7 3,160.3
11b 4150 [ IMFR 2,605.2 14503 15817 2,116 3448 3,068.0 15555 31438
FRA 1.266.6 622.7 679.1 2,116 0.0 13176 667.9 13498
™ 40747 1370.1 1,467.0 1,806 438.0 2,475.0 1,152.8 3,225.1
1lc 5100 [ JMFR 2,001.9 14365 T.621.1 2,116 13338 3,1454 15943 32222
FRA 13581 622.7 679.1 2,116 0.0 13176 667.9 13498
™M 1336.8 871.3 916.0 1413 220.6 12308 456.8 3,011.1
11d 3200 [ JMFR 1,026.3 1,120.2 12358 2,116 188.0 23704 11459 2,940.6
FRA 637.9 5884 649.1 2,116 0.0 12451 601.9 15446
™ 22442 1,032.7 1,106.8 1,689 2975 1,7439 743.0 3,129.7
1le 4150 [ IMFR 2,127.9 T,188.1 1310.6 2,116 288.7 2,514.0 12153 3,118.7
FRA 1,196.9 5884 649.1 2,116 0.0 12451 601.9 1,544.6
™ 3,280.2 1,1633 1,269.7 1,956 3675 22759 1,057.8 32025
11f 5100 [ JMFR 3,273.0 1219.7 13455 2,116 366.5 2,580.8 12476 3,201.6
FRA 1,755.9 588.4 649.1 2,116 0.0 12451 601.9 1,544.6
™M 1,068.1 723.6 7635 1483 1742 10734 399.9 29773
11g 3200 [ JMER 856.5 929.0 1,0343 2,116 150.6 1,965.8 9133 20152
FRA 600.1 561.9 6255 2,116 0.0 1,188.9 5524 17631
™ 1,830.9 376.8 952.7 1,785 2429 1,564.8 663.8 3,107.6
11h 4150 [ IMFR 17716 9831 1,100.0 2,116 2382 2,000.7 9713 3,1004
FRA 11429 561.0 6255 2,116 0.0 T.188.0 5524 17631
™ 27254 1,002.6 1,113.0 2,077 305.9 2,082.1 958.7 3,186.7
11i 5100 [ JMFR 27245 10155 1.130.6 2,116 305.9 2,1489 99383 3,186.7
FRA 1.676.7 561.9 6255 2,116 0.0 1,188.0 5524 17631
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Table B.12: Solutions of long-term scenario for case 12

Case B Mechanism Objective Exp. Sales r By B, EP[Q] n(By)
Nb. ($) ($x 109 | (x103 vehicles) | (x10% vehicles) ($) ($x10% | ($x10% | ($x10° | (x103 vehicles)
™ 1338.1 316.6 8304 1,299 2145 1,060.4 3855 3,018.8
12a 3200 [ JMFR 9644 10514 1,095.7 2,116 1753 22247 1.136.9 2,931.0
FRA 627.6 578.9 603.4 2,116 0.0 12250 626.0 1.614.0
™M 2,178.1 946.9 970.2 1,549 285.1 1,466.5 624.4 3,129.8
12b 4150 [ IMFR 1,998.9 1,116.2 1,163.3 2,116 2715 2,361.9 1,207.0 31118
FRA 11776 578.9 603.4 2,116 0.0 12250 626.0 T,614.0
™M 3,130.0 1,054.0 1,088.1 1,799 3493 1,896.3 891.7 3,199.1
12¢ 5100 [ JMFR 3,075.0 1,146.4 1,1948 2,116 3459 24258 1239.7 3,196.0
FRA 1,7276 578.9 603.4 2,116 0.0 12250 626.0 T,614.0
™M 996.8 633.6 647.8 1,388 151.6 879.2 327.1 2,980.9
12d 3200 [ JMFR 762.9 819.5 858.8 2,116 1254 1,734.0 346.7 2,904.6
FRA 592.2 5463 5725 2,116 0.0 1,156.0 564.5 1,936.3
™M 1,658.0 7542 778.6 1,672 2112 1,260.9 5421 3,104.7
12¢ 4150 [ JMFR 1,570.6 872.6 9145 2,116 2042 18464 901.6 3,002.8
FRA 11112 5463 5725 2,116 0.0 1,156.0 564.5 19363
™ 24237 855.3 891.5 1,955 265.8 16725 786.6 3,181.3
12f 5100 [ JMFR 24125 3973 9404 2,116 265.1 1.898.7 927.1 3,1804
FRA 1,630.2 5463 5725 2,116 0.0 1,156.0 5645 19363
™ 788.9 508.7 522.6 1,459 96.8 742.1 2782 2,974.0
12g 3200 [ JMFR 634.0 658.1 692.7 2,116 794 13925 6545 2,900.6
FRA 5663 5224 550.0 2,116 0.0 1,105.5 519.6 2,300.0
™M 13257 618.2 642.5 1,770 145.5 1,094.3 469.6 3,103.8
12h 4150 [ IMFR 12824 700.3 7372 2,116 142.0 14819 696.5 3,006.4
FRA 1,062.6 5224 550.0 2,116 0.0 1,105.5 519.6 2,300.9
™M 19584 7117 7432 2,080 190.5 1,480.6 690.6 3,183.4
12i 5100 [ JMFR 1957.9 720.0 757.9 2,116 190.5 1,523.5 716.1 3,183.4
FRA 1,559.0 5224 550.0 2,116 0.0 1,105.5 519.6 2,300.9
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B.4 Computational Results for Exogenous Budget

Case

Table B.13: Cases considered in the computational study

Case no. Distribution cv Horizon s ($) Budget ($ x10°)
13a, 13b, 13¢ ~ Exponential 1 Base Case 23,040 {76,95,114}
14a, 14b, 14c  Exponential 1 Base Case 18,720 {76,95,114}

15a-15i Lognormal  {0.8,1,1.2}  Base Case 23,040 {76,95,114}
16a-16i Lognormal {0.8,1,1.2} Base Case 18,720 {76,95,114}

Note that the letters in labels are assigned in the order of increasing values of budget

first, then in increasing values of coefficient of variation.

Table B.14: Solutions of base-case scenario for cases 13 and 14

Case Budget Mechanism Exp. Sales 0 r By B, EP[Q] u(By)
Nb. ($ % 100) (x103 vehicles) | (x103 vehicles) $) $x100 | $x10% | ($x10% | (x10? vehicles)

13 - JM2-SLP 39.9 455 1,904 0.0 76.0 26.5 169.2

TM3-SLP B33 50.0 1,520 0.0 76.0 19.8 169.2

- e TM2-SLP 449 522 2114 0.0 95.0 354 169.2

TM3-SLP 492 58.1 1,634 0.0 95.0 26.0 169.2

13 1 TM2-SLP 494 58.0 2,228 39 110.1 23 175.9

i TM3-SLP 544 65.7 1,735 0.0 114.0 322 169.2

i 76 TM2-SLP 39.6 424 1919 0.0 76.0 255 305.1

TM3-SLP 13 4% 1712 0.0 76.0 222 305.1

b s TM2-SLP 449 48.6 2,114 0.0 95.0 338 305.1

- TM3-SLP 771 512 1,356 0.0 95.0 291 305.1

\4e 4 TM2-SLP 497 542 2,294 0.0 114.0 03 305.1

TM3-SLP 523 574 1,986 0.0 T14.0 36.1 305.1

Table B.15: Solutions of base-case scenario for case 15

Case Budget Mechanism Exp. Sales Q r B, B, EP[Q] u(By)
Nb. ($x 10°) (x103 vehicles) | (x103 vehicles) $) $x10% | ($x10% | ($x10% | (x103 vehicles)

15 % TM2-SLP 46.3 4738 1,241 18.6 574 19.6 137.8

TM3-SLP 796 52.1 1,239 45 615 208 130.1

15b s JM2-SLP 52.6 545 1,302 26.5 68.5 24.6 1511

TM3-SLP 56.7 59.9 1,299 214 73.6 26.2 1426

15 4 TM2-SLP 584 60.9 1,364 343 79.7 30.1 162.6

TM3-SLP 634 674 1358 279 36.1 321 1533

1sd % TM2-SLP 32 455 1,446 13.6 62.4 237 146.1

- TM3-SLP 176 516 1429 30 63.0 254 135.5

150 s TM2-SLP 437 516 1,522 20.9 741 29.4 1585

TM3-SLP 541 592 1,498 4.0 310 315 146.9

st 1 JM2-SLP 53.8 573 1,597 28.1 85.9 353 169.2

TM3-SLP 60.2 66.5 1,565 19.7 943 38.0 156.6

15¢ 76 TM2-SLP 415 446 1,648 75 63.5 277 155.9

> TM3-SLP 7.1 52.8 1,603 0.5 755 208 422

1sh s TM2-SLP 465 50.3 1,736 143 30.7 338 167.4

TM3-SLP 532 604 1,678 58 392 364 152.6

Isi 1 TM2-SLP 51.0 55.6 1823 20.9 93.1 40.2 177.3

TM3-SLP 59.0 67.8 1,751 10.7 103.3 34 615
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Table B.16: Solutions of base-case scenario for case 16

Case Budget Mechanism Exp. Sales [ r B, B, EP[Q] u(By)
Nb. ($ % 100) (x103 vehicles) | (x103 vehicles) ($) $x10% | ($x10% | ($x10% | (x103 vehicles)
o 76 TM2-SLP 44.0 448 1371 15.7 60.3 232 156.1
TM3-SLP 75.6 6.6 1375 133 62.7 241 152.1
L6 s JM2-SLP 492 50.3 1452 235 715 29.0 168.4
TM3-SLP 51.2 525 1,456 20.5 745 30.1 163.9
L6 L TM2-SLP 54.0 553 1,533 312 82.8 35.1 178.9
TM3-SLP 56.3 58.0 1,536 275 86.5 36.6 174.0
l6d % TM2-SLP 417 43.0 1,666 6.6 69.4 20.8 1713
TM3-SLP 739 456 1,660 32 72.8 311 1653
16 95 TM2-SLP 46.1 477 1,768 13.6 814 36.4 182.1
TM3-SLP 4877 350.9 1,759 93 85.7 37.9 175.6
L6 1 TM2-SLP 50.2 52.1 1,870 20.2 93.8 432 191.3
JM3-SLP 53.3 56.0 1,856 15.1 98.9 45.1 184.3
16 % JM2-SLP 41.1 023 1,848 0.0 76.0 336 199.0
TM3-SLP 33 159 1,737 0.0 76.0 322 199.0
L6h o5 TM2-SLP 45.1 474 2,092 0.6 94.4 444 199.9
TM3-SLP 485 515 1957 0.0 95.0 3.0 199.0
161 114 TM2-SLP 487 514 2212 6.4 107.6 51.8 207.7
TM3-SLP 528 56.7 2,160 0.0 114.0 54.0 199.0
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Appendix C

Joint Intervention Mechanism In the

Presence of Yield Uncertainty

C.1 Proofs and derivations

Analysis of lower level problem

We can rewrite the manufacturer’s profit and expected profit functions as follows:
P(Q)=(p—s)min{YQ,D} —cQ+sYQ
EP(Q)] = (p—s)E[min{YQ,D}] — cQ+sE[Y]Q

E[min{YQ,D}] is given by

w (Y0 oo
Elmin{vQ.0}| = | { | e+ | QYQfﬁdy<x|y>dx}gBy<y)dy (o8

Note that fB4(.) and gB(.) are pdfs of demand and yield, respectively. The pdfs are

dependent on the investment amounts allocated to improve demand and yield.
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First derivative of expected sales is given by

[mm{YQ D}] / /YQ ! (xly) dx} S (y)dy )

Utilizing (C.3) one can write the first derivative of expected profit and equate it to zero,

and derive the first order optimality condition as in (C.6)).

JE[P
% =(p—$)E[Y 1 p>ygy] +sE[Y] —c (C4)
= pE[Y]— (p—$)E[Y 1 p<ygy] — ¢ (C5)
EY|—
E[Y1p<yoyl = % (C.6)
Proof of Proposition [6.1}

The result follows from the facts that g—BQd > ( and utility is an increasing concave
function of Q. If g—B% > 0, then central authority will allocate all budget between B, and
By. Otherwise, whole budget will be assigned to By, leading to complete expenditure

of the total budget.
Proof of Remark [6.5:

Differentiating (6.7) with respect to By, and using the fact that Hy (By) is increasing

in By, we obtain the following:

a_Q _ e[(bfl((ilz)g}{)(;;)) 6§+Gg—2p6y60—ln(Hy(By))—Q—ln(HD(Bd))—G%/Z—G%/Z—i—pcrycrp]X
JB,
Hy(B,)’ 1 \/
02+ 03 —2poyop — 1
Hy (B _1(_PHy(By)—c — s)Hy ( LA
VB \ 9@ (o) P s) V(B

For deriving the condition that will make J5, 20 0, it suffices to find out when

! ; = \/62+(72—2pGyGD—1 > 0.
<¢(q>l(m) (p—s)Hy (By) Y D
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Note that Hy (By) takes the value of at most 1 and ¢(.) takes the value of at most
0.3989. Thus, when \/0'1% + 0p—2poyop > 0.3989 (2=*), the result follows.

Proof of Proposition

Let T = In(Hy(By)Q) —In(Hp(Bg)), then the functions can be expressed as follows:

T — (GD Gy) /2+( —I)Gpcy>
V/(op—oy)2+2(1—p)opoy

—T — (GD Gy) /2+( —I)GDGY
" HY(By)QCD( v/ (op —oy)2+2(1—p)opoy ) (€D

—_ a2 B A)
E[min{E[Y]0,D}] = Hp(B.)® (T—"D/z) + Hy (B,) 0 (TG—"D/Z) (C.8)

Op D

Note that the following conditions always hold:

V(60— 07)>+2(1 — p)opoy > op if oy >2pap (C.9)
(op—oy)*/2+ (1—p)opoy > 65/2 if oy >2pop (C.10)

Using the expressions (C.7) and (C.8]), and conditions (C.9) and (C.10), we obtain

the following relations between the functions:

E[min{E[Y]Q,D}] = E[min{YQ,D}] if oy =2pocp (C.11)
E[min{E[Y]Q,D}] > E[min{YQ,D}] if oy >2pop (C.12)
E[min{E[Y)Q,D}] < Elmin{YQ,D}] if oy <2pop (C.13)
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C.2 Details of the computations and calibration for the

parameters of the demand model

Details of calibration for the parameters of the demand model:

The calibration method is briefly described in Figure First two steps of the cal-
ibration are reiterated for each different pair of coefficient of variation of demand and
yield, whereas last step is repeated for each coefficient of variation value of demand
and yield, as well as p. Firstly, following the value of population size used in [26]’s
numerical study, i.e. N = 100, we assume that 0.99 percentile in demand distribution
corresponds to 100 vaccines, and obtain mean demand before investment, Hp(B; = 0)
or u. Then, we rescale u along with the assumption that total population size of
299.272 million corresponds to 100 people. Lastly, we obtain & by setting expected
sales to that aforementioned season’s vaccination level. Note that last step is solved

under the observation that all budget is invested in demand-increasing strategies.

Calibrated values for the parameters of the demand model:

Table C.1: Calibrated u values

(evp,evy) | u(x10%)
(0.5,0.5) 111,497.6
(1,1 61,014.7
(2,2) 34,980.2

Table C.2: Calibrated o values

D= 9T 05 po 05 ] 09
05 0.13 | 0.12 | 0.11 | 0.09 | 0.06

1 024 | 023 | 021 | 0.19 | 0.17
036 | 033 | 029 | 0.25 | 0.22

Table C.3: Calibrated o values when yield is assumed to be deterministic

[4Y%)) o
0.5 | 0.08
1 0.19
0.25
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Details of the computations:

We solve model SP given in Section[6.2.3.2]by the nonlinear solver CONOPT within
the GAMS environment. We also tested the model with different nonlinear solvers in
GAMS environment that can solve logarithmic functions, like KNITRO. However, we
observe that CONOPT produces more reliable results. The problems are solved very
fast like within approximately 0.003 seconds. We also verify whether the solution ob-

tained is optimal by enumerating the problem presented in Section [6.2.4.1]

C.3 Numerical results

Table C.4: Vaccination percentages when cvp = cvy = 0.5 (%)

X Budget ($ x 10%)

P 30 50 100 150 200 250 300 350
1073 41.94 | 43.02 | 44.58 | 4555 | 46.27 | 46.84 | 47.33 | 47.74
-0.9 10°° 41.23 4244 | 44.14 | 45.18 | 4594 | 46.54 | 47.04 | 47.47
1077 39.38 | 40.82 | 42.84 | 44.05 | 4493 | 45.61 | 46.17 | 46.66
1075 41.94 | 42.82 | 44.09 | 44.88 | 4546 | 4592 | 46.30 | 46.64
-0.5 10°° 4134 | 42.34 | 43.73 44,57 | 45.18 | 45.67 | 46.07 | 46.42
1077 39.77 | 40.98 | 42.65 | 43.64 | 44.35 | 4491 | 4536 | 45.75
1075 41.86 | 42.50 | 43.41 4397 | 44.38 | 44.71 4498 | 45.21
0 10°° 4142 | 42.15 43.15 4375 | 44.19 | 44.53 | 44.81 45.06
1077 40.23 | 41.13 | 42.36 | 43.07 | 43.58 | 4398 | 44.30 | 44.58
1073 41.66 | 42.06 | 42.61 4295 | 43.19 | 43.38 | 43.54 | 43.68
0.5 10°° 4139 | 41.84 | 4245 42.81 43.07 | 43.27 | 43.44 | 43.59
1077 | 40.64 | 41.20 | 41.96 | 42.40 | 42.70 | 4294 | 43.13 | 43.30
1073 39.38 | 40.82 | 42.84 | 44.05 | 4493 | 45.61 | 46.17 | 46.66
0.9 10°° | 41.16 | 41.36 | 41.63 | 41.79 | 41.90 | 41.99 | 42.06 | 42.13
10— 40.87 | 41.11 | 4144 | 41.63 | 41.76 | 41.86 | 41.94 | 42.01
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Table C.5: Vaccination percentages when cvp = cvy =1 (%)

f Budget ($ x10°)
P 30 50 100 150 | 200 | 250 | 300 | 350

107> | 36.81 | 40.77 | 46.96 | 51.07 | 54.24 | 56.85 | 59.08 | 61.05
-0.9 [ 107® | 35.01 | 39.18 | 45.61 | 49.85 | 53.10 | 55.77 | 58.06 | 60.06
10~ 31.17 | 3534 | 42.03 | 46.48 | 49.90 | 52.71 | 55.10 | 57.20

107> | 36.80 | 40.39 | 45.80 | 49.37 | 52.10 | 54.35 | 56.26 | 57.95
-0.5 | 107° | 3534 | 39.03 | 44.66 | 48.35 | 51.16 | 53.45 | 55.42 | 57.13
10~ 32.01 | 35.74 | 41.63 | 4552 | 48.49 | 5091 | 52.97 | 54.77

107> | 36.96 | 39.84 | 44.25 | 47.13 | 49.32 | 51.11 | 52.64 | 53.97
0 107° | 35.74 | 38.79 | 4339 | 46.36 | 48.61 | 50.45 | 52.01 | 53.37
10~ 33.15 | 36.25 | 41.09 | 44.24 | 46.62 | 48.55 | 50.20 | 51.63

107> | 36.80 | 39.12 | 42.49 | 44.67 | 4631 | 47.65 | 48.78 | 49.77
0.5 10°° | 36.07 | 38.42 | 41.92 | 44.16 | 4585 | 47.22 | 4838 | 49.39
1077 | 34.39 | 36.77 | 40.43 | 42.80 | 44.58 | 46.01 | 47.23 | 48.28

107> | 36.57 | 3821 | 40.66 | 42.22 | 43.40 | 44.35 | 45.15 | 4585
0.9 107 [ 36.19 | 37.88 | 40.39 | 41.99 | 43.18 | 44.15 | 44.96 | 45.67
10-7 | 35.61 | 37.25 | 39.77 | 41.41 | 42.63 | 43.63 | 44.46 | 45.19

Table C.6: Vaccination percentages when cvp = cvy =2 (%)

x Budget ($ x10°)
P 30 50 100 150 200 250 300 350

107> | 3402 | 40.93 | 52.52 | 60.72 | 67.30 | 72.88 | 77.78 | 82.17
-0.9 [ 107° | 31.04 | 38.06 | 49.83 | 58.16 | 64.82 | 70.46 | 75.42 | 79.85
10-7 | 25.14 [ 31.59 | 43.02 | 51.32 | 58.03 | 63.74 | 68.75 | 73.25

107> | 33.99 | 40.10 | 50.17 | 57.19 | 62.76 | 67.45 | 71.54 | 75.19
-0.5 [ 107° | 31.40 | 37.66 | 47.94 | 55.08 | 60.74 | 65.49 | 69.64 | 73.33
1077 | 2622 [ 32.09 | 4222 | 49.43 | 55.18 | 60.02 | 64.25 | 68.03

107> | 33.88 | 3893 | 47.06 | 52.61 | 56.95 | 60.58 | 63.72 | 66.50
0 107° | 31.84 | 37.05 | 4539 | 51.06 | 55.49 | 59.18 | 62.36 | 65.19
1077 [ 27.75 [ 3275 | 41.11 | 46.90 | 51.45 | 5524 | 5852 | 61.43

107> | 33.62 | 37.49 | 43.58 | 47.66 | 50.81 | 53.41 | 55.65 | 57.62
0.5 107° | 32.24 [ 36.25 | 42.52 | 46.69 | 49.90 | 52.55 | 54.82 | 56.83
1077 | 29.58 | 33.48 | 39.82 | 44.11 | 47.42 | 50.16 | 52.50 | 54.57

107> | 33.00 | 35.79 | 40.10 | 42.93 | 45.10 | 46.88 | 48.40 | 49.73
0.9 107 [ 3239 | 3524 | 39.63 | 42.52 | 44.71 | 46.51 | 48.05 | 49.39
10~7 | 31.53 | 34.24 | 38.59 | 41.50 | 43.73 | 4556 | 47.12 | 48.49

130



	Introduction
	Motivation and Objective
	Scope and Research Questions
	Outline

	Literature Review
	Economics Literature
	Operations Management Literature
	Methodology: Bilevel Programming

	Intervention by Incentives
	Basic Model
	Basic Model with n Retailers
	Two-Echelon Problem
	Centralized Problem
	Manufacturer Driven Problem
	Observations Obtained from Numerical Examples

	A General Approach for a Single Echelon Model with Incentive-sensitive Demand

	Joint Mechanism Composed of Demand-increasing Strategies and Rebates
	Introduction
	Model I: Optimal Budget and Allocation Among Intervention Tools
	Special Case: Societal benefit is a linear function of expected sales

	Model II: Optimal Allocation of a Given Budget Among Intervention Tools
	Benchmark Models
	Benchmark Approaches for Optimal Budget Model
	Joint Mechanism with Fixed Rebate
	Fixed Rebate Approach

	Benchmark Approaches for Exogenous Budget Model
	Joint Mechanism with Fixed Rebate
	Fixed Rebate Approach


	Case Study: The California Electric Vehicle Market
	Demand model and objective function
	Choice of parameter values
	Main Results
	Base-case scenario (2011-2013)
	Medium- (2011-2015) and long-term scenarios (2011-2022)
	Consistency check with US administration targets

	Analysis of Results
	Impact of uncertainty:
	Expected excess budget required


	Extensions of Exogenous Budget Case
	Subsidy Given Per Unit Ordered
	Coordination

	Concluding Remarks

	Joint Intervention Mechanism for a New Innovative Product-Structural Results Under Family of Exponential Demand Functions
	Introduction
	Model
	Optimal Solution Structure
	Case 1: cp
	Case 2: p>c

	Analysis of Results
	General Results
	Expected Profit of Retailer
	Expected Excess Budget Required

	Concluding Remarks

	Joint Intervention Mechanism In the Presence of Yield Uncertainty
	Introduction
	Model and Assumptions
	Representation of Demand and Yield
	Decision model
	Solution
	Analysis of lower level problem:
	Analysis of the problem: 

	Further results when utility function is expected sales
	Reformulation 
	What if we use only E[Y] in the expected sales expression?


	Numerical analysis
	Data set and calibration procedure for demand model's parameters 
	Analysis of results
	Improvement in vaccination percentage
	Budget savings with joint mechanism
	What if yield is approximated by a deterministic function?
	Which total budget is sufficient? 


	Conclusion

	Conclusion
	Intervention by Incentives
	Proofs
	Numerical Studies for Two-Echelon Model

	Joint Mechanism Composed of Demand-increasing Strategies and Rebates
	Proofs
	Demand Model's Parameters for Medium- and Long-Term Scenarios and Calibrated  Values
	Computational Results for Optimal Budget Case
	Computational Results for Exogenous Budget Case

	Joint Intervention Mechanism In the Presence of Yield Uncertainty
	Proofs and derivations
	Details of the computations and calibration for the parameters of the demand model
	Numerical results


