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Summary

Appropriately allocating inventories across the supply network is essential to a firm’s

success. To manage inventory effectively, a firm must navigate complex trade-offs and ac-

count for constraints such as limited production capacity, raw material availability, stor-

age space, transportation capacity, and capital restrictions, all within an often uncertain

business environment. Moreover, distributed decision-making and conflicting objectives

among the involved actors further complicate inventory allocation in many real-world

environments (Romano 2003, Tuomikangas and Kaipia 2014).

This thesis is based on a collaboration with a multinational agrochemical supplier and

addresses three key inventory allocation challenges faced by the case company. Chapter II

proposes an optimization-based budget planning model to support the annual budget

planning cycle of the case company’s business units, where the sales and supply chain de-

partments align on a set of volume guarantees to be supplied along the planning horizon

while ensuring adherence to a strict inventory investment cap imposed by the business

unit head. While Chapter II considers a single business unit under a given maximum

inventory investment ceiling, Chapter III focuses on how the company’s headquarters

should disaggregate a total inventory investment ceiling into business unit-specific ceil-

ings under private information and conflicting incentives. To this end, we propose an

auction mechanism through which business units can acquire a share of the total inven-

tory investment budget. Chapter IV addresses the question of how much of which final

product the headquarters of the firm should produce from a limited set of raw materials.

The allocation problem is complicated by uncertain customer demand and private infor-

mation held by local product managers who optimize local instead of global profits. We

propose a two-step allocation mechanism that combines an initial top-down allocation

with subsequent bottom-up adjustments facilitated through transfer payments.
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Chapter I

Introduction

Allocating the right amount of inventory to each point in a firm’s supply network is

a critical challenge for corporations (Cachon and Lariviere 1999b). Effective inventory

management is essential for navigating the complex trade-offs between minimizing costs

from manufacturing, procurement, and warehousing, reducing total capital employed,

and mitigating the risk of lost sales due to stockouts. When addressing these trade-offs,

firms must consider various constraints such as limited production capacity, raw material

availability, storage space, transportation capacity, and capital restrictions. Determin-

ing optimal inventory allocation decisions in real-world environments is often further

complicated by conflicting goals and distributed decision-making (Mishra et al. 2007).

In modern enterprises, corporate success is thereby no longer evaluated solely based

on profitability. Instead, stakeholders rely on a diverse set of financial and non-financial

metrics to assess firm performance. Consequently, management teams must align opera-

tional decisions with a multidimensional scorecard of potentially conflicting performance

metrics (Bhagwat and Sharma 2007).

This dissertation is based on an industry collaboration with a multinational agrochem-

ical supplier. At the case company, as in many real-world settings, decision-making power

is distributed across different departments. Effective collaboration among functions such

as sales, marketing, production, finance, and supply chain management is critical, but

often challenged by asymmetric information and conflicting incentives (Romano 2003,

Tuomikangas and Kaipia 2014). The case company operates a multi-echelon, long-lead-

time supply chain to meet the global demand for crop protection products. Demand in

this industry is highly seasonal and uncertain, influenced by hard-to-predict factors such

as local disease pressure and crop prices (Hausen et al. 2006). Long supply lead times,

limited production capacities, and high demand uncertainty contribute to high inventory

1



Chapter I. Introduction

levels and capital employment, making effective inventory management a critical lever

for maximizing expected profits.

In addition, the case company considers inventory not only as part of its cost function,

but as a key performance indicator (KPI) in its own right (Agrawal and Osadchiy 2024,

Lai and Xiao 2018). Financial analysts commonly use the total cash invested in invento-

ries as an independent measure to evaluate the firm’s operating efficiency and benchmark

it against core competitors (Hendricks and Singhal 2009). As a result, the management

team considers inventory investment levels as an independent KPI that must be actively

managed to meet investor expectations and those of the broader financial market.

The company’s global operations are divided into distinct functional areas, each char-

acterized by unique decision-making power, proprietary information, and incentive struc-

tures. This dissertation studies three specific inventory allocation problems faced by the

case company. For each of them, we identify the actors involved, their roles and incen-

tives, and the coordination mechanisms currently in place. We then propose solution

approaches that are implementable in the decision-making context of the case company,

evaluate their performance against benchmarks based on synthetic and real-world data,

and study the resulting solution structure.

Chapter II (joint work with Steffen Klosterhalfen, Tobias Hausen, and Moritz Fleis-

chmann) addresses a critical challenge faced by the case company: aligning the commer-

cial plans of the sales department with the supply plans of the supply chain department.

At the case company, cross-functional coordination is achieved through annual Sales and

Operations Planning (S&OP) budget meetings. During this process, the sales and sup-

ply chain organizations agree on a set of supply volume guarantees to align commercial

and production plans. Our research focuses on determining these volume guarantees. To

limit total inventory investment while minimizing expected lost margins, the business

unit head imposes a maximum allowable inventory investment that the organization

must not exceed.

We develop an optimization-based budget planning model to support the S&OP ne-

gotiation process. The model explicitly accounts for differences in decision-making scope

and authority among relevant actors. Furthermore, it incorporates flexibility for future

plan adjustments through an affinely adjustable robust optimization framework.

Based on two numerical studies, we find that optimizing volume guarantees can sub-

stantially reduce expected lost margins compared to uniform guarantees. For our real-

world data set, our approach saves up to 32% relative to a current practice benchmark.

2



Chapter I. Introduction

While the first essay examines how to coordinate the sales and supply chain depart-

ments under an exogenously given total inventory investment ceiling, the second essay

(joint work with Steffen Klosterhalfen and Moritz Fleischmann), presented in Chap-

ter III, addresses the higher-level planning problem of determining the business-unit-

specific inventory investment ceilings. Specifically, we consider a corporation composed

of multiple independently managed business units overseen by an overarching manage-

ment board. Prior to the start of the business year, the management board sets a total

inventory investment ceiling for the corporation and subsequently disaggregates this

ceiling into business unit-specific upper limits. However, private information held by

self-optimizing business unit heads complicates this allocation task. As business units

compete for a higher share of the total inventory investment ceiling, they have an incen-

tive to strategically withhold or distort private information. Our work focuses on how

to best distribute a given total inventory investment ceiling across business units.

The case company currently applies an allocation heuristic that relies solely on infor-

mation centrally available to the management board. While this heuristic avoids adverse

selection between the management board and its business units, its performance impli-

cations have been questioned by both parties.

As an alternative, we propose an auction-based allocation mechanism that transforms

the inventory investment ceiling into tradable inventory permits, which are then auc-

tioned among business unit heads. We analyze the optimal decision-making of business

unit heads and provide closed-form solutions. The proposed mechanism is evaluated

through two numerical studies based on synthetic data and real-world data from the

case company. Results indicate that the auction-based approach improves expected total

profit on average by 4% compared to the firm’s current allocation method. Furthermore,

we uncover non-monotonic relationships between business unit characteristics, inventory

ceilings, and supply quantities, highlighting the importance of leveraging private infor-

mation through market-based mechanisms rather than relying solely on limited central

data when determining business unit-specific inventory investment ceilings.

In Chapters II and III, we examine how to allocate a limited inventory investment

budget across products and business units. In Chapter IV (joint work with Pardis Sahraei

and Moritz Fleischmann), we turn to another critical allocation problem faced by the

case company, namely which final products to produce from a limited volume of active

ingredients to maximize the expected profits of the firm.

3



Chapter I. Introduction

The production of crop protection products follows a two-stage process which is cen-

trally managed by the headquarters. The first stage involves synthesizing active ingre-

dients in large, capital-intensive facilities, where high utilization rates are essential for

cost efficiency. To prepare for the highly seasonal demand for crop protection products,

the company must ramp up active ingredient production approximately a year in ad-

vance (Shah 2004). Since expanding capacity requires long-term investments (Fritz and

Hausen 2009), available active ingredient volumes remain fixed in the short and medium

term. Shortly before the selling season, headquarters initiates the second production

stage where one or more active ingredients are combined into finished products. At this

point, headquarters faces a complex allocation decision: selecting which final products

to manufacture given limited active ingredient volumes to maximize expected profits. To

decide on how much of which final product to produce, the case company relies on or-

ders from local product managers who are the only ones with direct market access. This

information asymmetry, combined with an incentive structure that encourages product

managers to prioritize their own local over global profits, complicates the allocation prob-

lem. Currently, the company applies a lexicographic allocation approach that prioritizes

orders from product managers based on their profitability. While this approach discour-

ages strategic behaviors such as order inflation, its appropriateness has been questioned.

In particular, product managers who suffered significant lost sales have criticized the

current approach after observing other, often only marginally more profitable, product

managers carrying large unsold inventories into the next season.

To address these concerns, we propose a hybrid mechanism denoted as base-and-

refine, which combines an initial top-down allocation with a refinement step that al-

lows product managers to trade portions of their allocations through transfer payments

based on centrally set transfer prices. Our numerical experiments demonstrate that our

proposed method consistently outperforms both theoretical and company benchmarks,

significantly narrowing the gap to the first-best solution achievable under full informa-

tion. Moreover, we show that the two-step design, integrating top-down allocation with

transfer-price-based adjustments, delivers superior performance compared to either step

alone and is more robust to transfer price misspecification than a pure transfer-pricing

approach.

4



Chapter II

Decision support for sales and

operations planning under

asymmetric power: A case study

from the agrochemical industry

with Steffen Klosterhalfen, Tobias Hausen, andMoritz Fleischmann

Abstract

Agrochemical companies operate multi-echelon, long-lead-time supply chains to serve

seasonal and uncertain demand for crop protection products from farmers around the

globe. To match supply and demand in this challenging setting, alignment of the sales

and supply chain functions is crucial. We investigate this alignment task, building on

a case study. At the case company, cross-functional coordination is achieved through

annual sales and operations planning budget meetings. In the budgeting process, sales

and supply chain organizations agree on a set of supply volume guarantees to align

commercial and production plans. The guarantees must respect a maximum allowable

inventory investment imposed by the business unit head. Our work focuses on the choice

of these volume guarantees. Specifically, we support the S&OP negotiation process by de-

veloping an optimization-based budget planning model. Importantly, the model reflects

differences in the decision-making scope and power of the relevant actors. Moreover,
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it captures the available flexibility of future plan adjustments by means of an affinely

adjustable robust optimization approach. We evaluate the performance of our model

against relevant benchmarks in two numerical studies, based on synthetic and real-world

data. We also study the structure of the obtained solution. We find that optimizing the

volume guarantees can substantially reduce lost margins, relative to uniform guarantees.

For our real-world data set, our approach saves up to 32% relative to a current practice

benchmark.

2.1. Introduction

A company’s success depends on the efficient and effective collaboration of its individual

functions, such as sales, marketing, production, finance and supply chain. However, cross-

functional alignment is often hampered by opposing incentives, asymmetric information

and distributed decision-making power (Romano 2003, Tuomikangas and Kaipia 2014).

Sales and operations planning (S&OP) meetings are a means of coordination that many

companies have put in place to align their mid-term commercial aspirations with given

operational constraints (Thomé et al. 2012, Oliva and Watson 2011). Although a sub-

stantial amount of literature has been published on various aspects of S&OP, such as its

procedural setup and empirical effectiveness (Tuomikangas and Kaipia 2014), research on

analytical models that support S&OP decision-making is limited (Pereira et al. 2020).

Moreover, many analytical contributions assume, at least implicitly, a single, central

decision-maker, optimizing a single objective function. By doing so, they ignore the very

reason for establishing an S&OP process, namely, conflicting incentives as well as differ-

ences in information availability and decision-making power. Consequently, such model

formulations face two major challenges that limit their value in practice. First, asymmet-

ric and incomplete information hinders appropriate model parameterization. Second, any

globally optimized solution that conflicts with the incentives of strong decision-makers

will likely be blocked and thus not be implementable.

In this paper, we consider a real-world S&OP problem from the agrochemical indus-

try that is characterized by the above-mentioned incentive, information, and decision-

making power challenges. The case company operates a global, multi-echelon, capaci-

tated, long-lead-time supply chain to serve the seasonal and uncertain demand for agro-

chemical products. To align the commercial plan of the sales organization with the
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production and distribution plan of the supply chain, both functions agree on a set of

supply volume guarantees. The guarantees must respect a maximum allowable inventory

investment constraint imposed by the business unit head to steer working capital and

cash flow requirements. At present, the volume guarantees at the case company result

from an unstructured and iterative negotiation process, which employs rather simple

allocation strategies. We propose an alternative optimization-based approach to deter-

mine these guarantees. By closely reflecting the existing power and incentive structure

at the case company, we ensure that the identified solution is implementable in practice.

Our paper is rooted in the S&OP literature. Our main contributions are fourfold.

First, we provide insights into a real-life S&OP problem in the agrochemical industry.

We discuss the actors involved, their roles, incentives, and decision power, as well as

the coordination mechanism that is currently in place at the case company. We point

out that the setting is at odds with common assumptions in the literature concerning

differences in power, information availability, and objectives between key stakeholders.

We argue that these observations extend beyond our specific case and call for a critical

reflection on how to model S&OP decisions.

Second, we disentangle the elements of a currently unstructured negotiation process

governing the interplay between sales, production, and distribution. We derive a con-

ceptual model of this process, thereby enhancing transparency and providing a basis for

a formal mathematical model.

Third, we formulate an advanced optimization model that captures core S&OP ele-

ments in their organizational context. We propose to reflect the distribution of decision-

making power within the case company through a nested optimization model. The inner

problem captures the task of the supply chain department to supply volumes to the

sales department while guaranteeing robust adherence to an exogenous maximum in-

ventory investment target introduced by the business unit head under uncertain market

demands. We argue that adjustable robust optimization is a well-suited methodology for

this task. The outer problem represents the decision of the sales department. The task

of the sales department is to pick a volume plan which minimizes expected lost mar-

gin and is suppliable under the maximum inventory investment constraint managed by

the supply chain department. To accurately reflect the different decision scopes of both

departments, we therefore nest a robust minimization problem (supply chain depart-

ment) as a constraint in an expected value minimization problem (sales department).

This distinguishes our work methodologically from the existing S&OP literature. While
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the details of S&OP differ between companies, we believe that the arguments for our

methodological choice apply more broadly and may help to add realism to the modeling

of S&OP in general.

Fourth, we test our model numerically, and compare it against relevant benchmarks

relying on simpler heuristics. Using a controlled synthetic data set, we identify key

performance drivers. We then calibrate the observed effects on the basis of a real-world

data set from the case company.

The remainder of this paper is structured as follows. In the next section, we provide

an overview of the related literature. In Section 2.3, we present relevant aspects of

agrochemical supply chains, as well as the budget planning problem within the case

company’s S&OP process. We develop our analytical model formulation in Section 2.4.

In Sections 2.5 and 2.6, we assess the performance of our approach based on synthetic

and real-world data from the case company, respectively. We conclude our work by

discussing limitations and opportunities for future research in Section 2.7.

2.2. Literature review

The concept of S&OP has received substantial attention since its emergence in the 1980s

(Wallace and Stahl 1999). Although S&OP cannot dispel cross-functional conflicts, its

goals are to establish a temporal consensus on mid-term priorities based on overarching

strategic plans and to obtain a single and aligned tactical plan, balancing the sales

aspirations of the commercial functions with the supply and distribution capabilities of

operations (Goh and Eldridge 2019). We contribute to the S&OP literature by providing

practical insights into processes and coordination mechanisms used to facilitate S&OP

at a multinational agrochemical company.

As opposed to the rich research streams covering the procedural setup and the empiri-

cal analyses of S&OP (Grimson and Pyke 2007, Gunasekaran et al. 2001, Kristensen and

Jonsson 2018), the literature on analytical models to guide S&OP decisions is sparse.

Moreover, these works mostly focus on extending traditional production planning prob-

lems with selective decisions of a single additional function. We refer the reader to

Pereira et al. (2020) for a comprehensive overview. Only a few authors have proposed

holistic model formulations that fully integrate the supply and sales decisions commonly

addressed by S&OP. In the majority of the existing contributions, optimal solutions
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are obtained by consolidating the performance trade-offs of different cross-functional

decisions into a single, integrated objective function of a central decision-maker.

In this vein, Nemati and Alavidoost (2019) provide a fuzzy mixed-integer program

(MIP) to jointly optimize purchasing, production, distribution, and sales planning at an

Iranian fast-moving consumer goods company. Susarla and Karimi (2018) combine pro-

curement, multi-echelon production and distribution planning, and cross-market sales.

They develop a deterministic MIP formulation to optimize the total profits of a multi-

national pharmaceutical supply chain. Based on a case study from an oriented strand

board company in Canada, Feng et al. (2008) present an MIP capturing decisions of

sales, production, distribution, and procurement in a deterministic make-to-order en-

vironment, which they later extend to the stochastic case (Feng et al. 2013). Bajgiran

et al. (2016) provide a deterministic MIP to support the S&OP problem of a Cana-

dian lumber supply chain that demands joint optimization of harvesting, procurement,

production, inventory, transportation, and sales activities. Motivated by the planning

problem of an automotive company, Torabi and Hassini (2009) capture procurement,

production, distribution, and sales decisions in a single, integrated fuzzy goal program-

ming formulation. For a comprehensive value-based view on S&OP models, Hahn and

Kuhn (2011) combine the physical product flow driven by overtime, production, trans-

portation, and marketing campaign plans with the financial perspective of associated

cash flows, financing costs, and constraints in a deterministic linear program (LP).

Assuming that all cross-functional decisions can be jointly optimized through a sin-

gle global objective function does not capture the reality of distributed decision-making

power and conflicting cross-functional incentives. These are the core arguments for the

importance and establishment of S&OP, however (Oliva and Watson 2011). Very few

authors explicitly address distributed, asymmetric decision-making in their model for-

mulations (Rius-Sorolla et al. 2020). Hu et al. (2011) model conflicting incentives and the

distributed decision-making power of production and sales departments through Nash

and Stackelberg games and assess its implications on the outcomes of a generic tactical

production and distribution planning problem. Based on a case study from the semi-

conductor industry, Karabuk and Wu (2003) propose a capacity planning model under

distributed decision-making that incorporates information asymmetry and conflicting

incentives of manufacturing, marketing, and the divisional head in a stochastic program

(SP). To capture the impact of distributed tactical decision-making under conflicting

objectives, Hjaila et al. (2017) integrate game-theoretical concepts in a mathematical
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programming formulation to determine production, distribution, and sales plans for an

energy production and chemical manufacturing supply chain. Our paper contributes to

the latter research stream on S&OP models that explicitly reflect distributed decision-

making and commonly perceived organizational behavior in their model formulations.

Scholars have studied various supply chain planning problems in the agrochemical

industry, both in the crop protection and in the seeds business. Bassett and Gardner

(2010) discuss the network design, as well as monthly production and shipping prob-

lem of an agrochemical supply chain. The authors propose an integrated mixed integer

linear program to optimize total profitability and apply it to a single product of Dow

AgroSciences. Naraghi and Jiang (2023) address a production and distribution planning

problem of an agrochemical active ingredient under uncertain demand. The authors

develop a stochastic mixed-integer nonlinear programming model to minimize total sup-

ply costs and expected lost demand. Motivated by the inventory management of crop

protection products characterized by highly seasonal and uncertain demand, Schlapp

et al. (2022) examine how firms should determine both inventory quantity and timing

to maximize expected profits. Their work introduces a time dimension to the classical

newsvendor problem. Bansal and Nagarajan (2017) address the production planning

problem of a seeds supplier facing limited raw material availability and uncertain pro-

duction yields. The authors analyze the option of investing in an additional production

location that serves as a backup in the case of low production yield. Also in the seeds

business, Bansal and Dyer (2020) develop an optimization approach for an inventory

planning problem for a product portfolio in a newsvendor-like environment with de-

mand substitution. Comhaire and Papier (2015) study the seed production network of

Syngenta subject to supply- and demand-side uncertainties. The authors propose a sim-

ulation tool to improve the expected profit of the firm. Our study contributes to the

literature on agrochemical supply chain planning by providing a real-world case study

of the S&OP process of a multinational agrochemical supplier.

Based on the research collaboration, we propose a decision-support model for S&OP in

the agrochemical industry. At the case company, supply and sales plans must be aligned

with an overarching maximum allowable inventory investment through a shared budget

plan that consists of a set of volume guarantees to be supplied by the supply chain

organization to the sales regions. The agreed volume guarantees must comply with the

maximum allowable inventory investment even under uncertain demand. We ensure this

requirement by choosing a robust optimization formulation for modeling the multi-stage
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production of agrochemical products. We refer to Ben-Tal et al. (2009), Bertsimas et al.

(2011) and Gorissen et al. (2015) for an overview of robust optimization. This modeling

approach distinguishes our work methodologically from that in the existing literature.

To appropriately capture the existing flexibility to adjust decisions over time in response

to revealed uncertainties and thus to avoid overly conservative assessments of worst-case

performance through a traditional static model, we use an affinely adjustable robust

optimization (AARO) formulation based on Ben-Tal et al. (2004). Over the last two

decades, AARO approaches have been applied to various operations research problems,

such as robust inventory management in multi-stage supply chains (Aharon et al. 2009,

Kim and Chung 2017), strategic network planning (Ning and You 2017) and cross-

organizational coordination (Ben-Tal et al. 2005). For an overview on adjustable robust

optimization, see Yanıkoğlu et al. (2019).

2.3. Problem description

Farmers use crop protection products (CPPs) to safeguard production yields by prevent-

ing crop damage through weeds (herbicides), insects (insecticides) or fungi (fungicides)

on their fields (Agovino et al. 2019, Oerke and Dehne 2004). As both the research and

production processes of agrochemicals are capital intensive, the global market of CPPs

is served by a small number of multinational organizations operating global supply net-

works.

Similar to pharmaceuticals (Shah 2004), CPPs rely on active ingredients (AIs) to

provide the desired crop protection effects. AIs are synthesized in large-scale reactors and

typically produced at global production sites. While this exploits economies of scale and

makes complex chemical production economically viable, it also renders the supply chain

less responsive. Capacity and therefore AI volumes are inflexible. Moreover, the lead

times to the next production step, referred to as formulation, are long. In the formulation

stage, AIs are blended with several formulants (inert ingredients) and processed into

the final bulk product, which is then filled, packaged, and labeled in compliance with

local regulations into a marketable sales article (Gehen et al. 2019). In contrast to AI

production, the formulation and subsequent tasks are conducted in regionally distributed

sites from where the final products are sold through one or multiple distribution layers

to farmers (Fritz and Hausen 2009).
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The demand for CPPs is both highly seasonal and uncertain. To successfully meet

this demand with the above-described long lead time and capacitated supply chain,

thorough cross-functional coordination is crucial. This is commonly achieved through

S&OP. At the case company, S&OP processes are composed of a cascade of meetings

held regularly throughout the year at different hierarchical levels with various regional

and product portfolio scopes.

Most prominently and to provide all lower-level S&OP activities with an overarching

directive, an annual budget meeting is hosted by the business unit (BU) head, together

with the senior management of the relevant functions, namely, sales and supply chain. As

an integral part of the process, a budget plan is developed to coordinate the commercial

ambitions of the sales department (SD) with the supply capability of the supply chain

department (SCD) for the upcoming seasons. The alignment is complicated by several

distinct functional business challenges, both on the demand and the supply side.

On the demand side, the application of CPPs by farmers is limited to only a few

weeks per year. It is affected by various hard-to-predict factors, such as local weather

conditions driving the disease pressure on the fields, fluctuating prices for agricultural

commodities, and the sales activities of competitors. Due to this high demand seasonality

and uncertainty, the SD is enticed to adjust sales plans dynamically in response to current

but volatile regional market conditions.

On the supply side, the constrained production capacity as well as the long production

and distribution lead times demand pre-production and inventory build-up prior to the

selling season. This limits the SCD’s ability to react and adjust to changing in-season

sales plans (Affonso et al. 2008, Lahloua et al. 2018).

Acknowledging both perspectives, the SD and the SCD therefore agree during the

budgeting process on a set of monthly volume guarantees to be supplied over the next

two years. These guarantees serve as tactical guardrails within which sales teams can

structure their marketing activities across the product portfolio, and the supply chain

can detail production and distribution planning (Thomé et al. 2012, Romano 2003).

Prior to any budget discussions on how to allocate guarantees across the product

portfolio, the BU head imposes a maximum allowable inventory investment target. This

target serves two purposes. First, it can be used to actively control the ”operating mode”

of the organization. The chosen target level impacts the trade-off between high inventory

investment associated with high volume guarantees and the risk of lost margins. Second,

it is a means to introduce aspects to the budgeting process that are neither directly SD-

12



Chapter II. Decision support for sales and operations planning under asymmetric power

nor SCD-related. Such factors include the current competitive situation of the global

crop protection market, strategic growth aspirations and/or potential working capital

and cash flow requirements imposed by the board of directors.

To understand the role and incentives of the SD during the budgeting process, we

highlight the implemented key performance indicators (KPIs) and the associated com-

pensation schemes for sales managers. On the organizational level, the performance of

the overall SD is predominantly measured based on the generated revenue and, most

importantly, the associated contribution margin. To align the efforts of individual sales

managers with the SD target, their compensation packages strongly depend on their

individual contribution to those KPIs. Therefore, the SD has an incentive to capture as

much of the seasonal and uncertain customer demand as possible. Consequently, it is

in the SD’s interest to strategically request volume guarantees that minimize the risk

of lost margins, irrespective of other related costs caused by producing and stocking

the requested quantities. The ability of noncommercial functions, such as the SCD, to

challenge communicated sales aspirations is limited. The SCD does not have detailed

information on local market conditions or on the overall competitive environment, nor

does it have direct access to customers. This puts the SD in a stronger position to

influence the outcome of the budgeting process.

Expectations toward the SCD are twofold. First, it needs to secure the supply of

the volume guarantees agreed on during the budgeting process. Second, it needs to

ensure that the maximum allowable inventory investment set by the BU head is not

violated. One particular challenge is that the required inventory depends not only on

the tactical supply plan but also on the available flexibility to adjust this plan over

time in response to observed sales. Both requirements are reflected in the compensation

scheme of the SCD at the case company. Supply chain managers receive a lump sum

bonus payment at the end of the business year if the total inventory investment did not

exceed the defined target and if the agreed volume guarantees were reliably supplied to

the SD. Note that while the sales managers’ compensation depends proportionally on

generated contribution margin, the SCD receives a lump sum bonus for satisfying supply

and inventory-related conditions. Our modeling approach presented in the next section

reflects this difference in compensation between the SD and the SCD.

It is noteworthy that the BU head at the case company opted not to design a mecha-

nism that aligns the incentives of the SD and the SCD to jointly minimize expected lost

margin while adhering to the inventory investment target. Instead, the case company
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operationalized both performance targets separately by incentivizing the SD to focus on

margin optimization and the SCD to prioritize inventory control. This strategy diverges

from a mechanism design approach, which would seek to align agent incentives with the

overall objectives of the firm (Groves and Loeb 1979). Discussions with the case com-

pany revealed that incorporating conflicting incentives in the S&OP process is viewed

as desirable and is intended to foster accountability within each department’s span of

control. The S&OP process is thereby conceptualized as an arena in which interdepart-

mental conflicts can be constructively negotiated, particularly prior to and during the

budget meeting. As the alignment process is iterative, unstructured and highly nontriv-

ial, analytical support can help to guide the discussions and to limit the risk of subpar

supply guarantees.

Based on the above characteristics, the goal of the budget planning process can be

formulated as follows:

Given the set of potential volume guarantees that the supply chain organization can offer

while respecting the inventory ceiling, select the guarantee set that minimizes the expected

lost margin over the planning horizon, given uncertain sales.

Figure 2.1 visualizes this process with notation to be introduced in Section 2.4.

Figure 2.1.: Overview of proposed S&OP budget planning model subject to asymmetric
decision-making power.
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2.4. Model formulation

In this section, we propose a model of the outlined budget planning problem that con-

siders the highlighted asymmetries in incentives and decision-making power between the

SD and the SCD. The proposed model framework captures the power of the SD to choose

a set of margin-oriented supply volumes as well as the SCD’s task to assess feasibility

with respect to both capacities and the admissible inventory investment ceiling. While

capacity feasibility is a deterministic constraint, inventory levels result from uncertain

demand, and adherence to the imposed ceiling has to be guaranteed for any realiza-

tion. We model this guarantee as a robust, i.e. worst-case oriented, inventory investment

minimization problem which the SCD has to solve to assess feasibility of a given set of

supply volume guarantees. We then model the interaction between the SD and the SCD

during the budgeting process by nesting the robust optimization subproblem faced by

the SCD as a constraint in the expected lost margin minimization problem solved by the

SD (see problem (2.3) to (2.6)). We formalize this modeling framework in Subsection

2.4.1. In Subsections 2.4.2 and 2.4.3, we then specify in detail how to model the expected

value minimization problem of the SD and the worst-case problem faced by the SCD,

respectively.

2.4.1. S&OP budget planning model

To coordinate mid-term sales and production plans, the SD and the SCD agree on a

set of monthly AI volume guarantees to meet uncertain customer demand dr,a,t for AI

a ∈ A = {1, ..., A} in sales region r ∈ R = {1, ..., R} in month t ∈ T = {1, ..., T}. Let
vr,a,t denote the volume that the SCD guarantees for AI a in region r and month t. A

complete set of guarantees is denoted as

v⃗ = (v1,1,1, . . . , vR,A,T ). (2.1)

A set of guarantees v⃗ is feasible if it respects available production capacities and the

resulting total inventory investment Inv(v⃗, d⃗) does not exceed the imposed admissible

level β for any possible demand realization d⃗ ∈ DR×A×T . The SCD can determine the
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worst-case, i.e., maximum, total inventory investment resulting from the supply of v⃗,

denoted by WC(v⃗), by solving the following robust optimization problem:

WC(v⃗) = min
w

w : w ≥ Inv(v⃗, d⃗) ∀d⃗ ∈ DR×A×T . (2.2)

Feasibility of v⃗ can then be expressed as WC(v⃗) ≤ β.

As discussed in the previous section, the SD chooses the feasible volume guarantee set

that minimizes the expected lost margins. Using the above notation, we can therefore

formalize the considered S&OP budget planning problem as follows (comp. Fig. 2.1):

min
v⃗

Ed⃗[LM(v⃗)] (2.3)

s.t. WC(v⃗) ≤ β (2.4)

with WC(v⃗) = min
w

w (2.5)

s.t. w ≥ Inv(v⃗, d⃗) ∀d⃗ ∈ DR×A×T . (2.6)

2.4.2. Lost margin estimation

To decide which of the feasible volume guarantees (v⃗) to choose, the SD must estimate

the expected total lost margin for each of the candidate guarantees in objective function

(2.3) of the budget planning problem, where we assume that the SD does not consider

guarantees exceeding the upper support of the demand distribution. For any v⃗, the

expected total lost margin across regions and AIs along the planning horizon is obtained

as follows:

Ed⃗[LM(v⃗)] =
R∑

r=1

A∑
a=1

T∑
t=1

mr,a · Ed⃗((dr,a,t − vr,a,t)
+), (2.7)

where mr,a denotes the per unit margin of met customer demand dr,a. During the bud-

get meeting, any monthly demand exceeding the agreed monthly AI volume guarantee

is assumed to be lost. While during the execution phase of the budget plan, along the

business year, the SCD and the SD might work together to try and identify and supply

potential excess inventories to markets experiencing demand levels beyond the agreed

guarantees, such interventions are addressed on shorter-term planning levels, below the

discussed budget planning problem.
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2.4.3. Worst-case inventory assessment

While the SD focuses on minimizing the expected total lost margin, the SCD is re-

sponsible for assessing whether a given set of volume guarantees is compatible with the

imposed maximum allowable inventory investment. For this assessment, the SCD solves

the subproblem (2.5) - (2.6) of the budget planning problem.

Any given volume guarantee can be realized via various supply plans with different

associated inventory investments. In Subsection 2.4.3, we first present a deterministic

supply chain model to minimize the total inventory investment linked to the supply of

a given set of volume guarantees v⃗ under certain demands.

In reality, customer demand is, however, uncertain. To ensure that the volume guaran-

tees can be supplied in adherence to the imposed inventory budget under any realization

of market demand, the SCD must identify a tactical production and distribution plan

that minimizes the associated worst-case total inventory investment. We model this plan-

ning task as an RO problem in Subsection 2.4.3 and extend it to an AARO formulation

in Subsection 2.4.3 to account for existing SC flexibilities. For an overview of techniques

available for formulating and solving robust models, we refer to Ben-Tal et al. (2009).

Deterministic supply chain model

We model the global AI production and the subsequent regional distribution over the

next T months as follows. First, A active ingredients are synthesized in large central

and dedicated sites able to continuously produce AI a in month t (Pa,t) at a monthly

maximum capacity of ca. Produced AIs can be stored at the production sites. We denote

the corresponding inventory level of AI a at the end of month t by Igloa,t . This inventory

is valued at a unit cost of goods of pgloa .1 To ensure sufficient inventory coverage beyond

period T , at least igloa,T units of AI a must be held in global storage at the end of the

planning horizon. Second, regions r ∈ R order AIs from central storage facilities. We

refer to the order of region r for AI a at the beginning of month t as Or,a,t. After order

placement, AIs are shipped from the central storage facilities to the regions, with a

distribution lead time of lr,a months.

1Note that although the case of multiple production facilities per AI could be covered by the model
through the introduction of an additional decision variable index, we directly present the single AI
facility model that applies to the setting of the case company.
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To ensure sufficient time for regional formulation, filling, packaging, and distribu-

tion, the SCD steers regional AI availability through minimum stock level requirements.

Therefore, the regional inventory of AI a in region r at the end of month t, Iregr,a,t, must

cover at least the AI volume guarantees of the next λr,a months at all times. In addition,

at least iregr,a,T units of AI a must be held in stock in region r at the end of the plan-

ning horizon. Similar to those at central storage facilities, regional stocks and in-transit

inventories are valued at a unit cost of goods of pregr,a .

Finally, the SD fulfills regional market demands up to the monthly volume guarantee

aligned with the SCD during budgeting. We summarize the presented supply chain setup

in Figure 2.2.

Figure 2.2.: Schematic overview of the modeled agrochemical supply chain.

Based on the described supply chain setup, the following deterministic linear program

can be formulated to determine the minimal total inventory investment (Inv(v⃗, d⃗)) for

a given set of volume guarantees under deterministic market demands:

18



Chapter II. Decision support for sales and operations planning under asymmetric power

min Inv(v⃗, d⃗) = min F =
∑
a∈A

∑
t∈T

(pgloa Igloa,t +
∑
r∈R

pregr,a (I
reg
r,a,t +

lr,a−1∑
i=0|t+i≤T

Or,a,t)) (2.8)

s.t. Pa,t ≤ ca ∀ a ∈ A, t ∈ T (2.9)

Igloa,t = Igloa,t−1 + Pa,t −
∑
r∈R

Or,a,t ∀ a ∈ A, t ∈ T (2.10)

Igloa,0 = igloa,0 ∀ a ∈ A (2.11)

Igloa,T ≥ igloa,T ∀ a ∈ A (2.12)

Iregr,a,t = Iregr,a,t−1 +Or,a,t−lr,a −min{dr,a,t, vr,a,t} ∀ r ∈ R, a ∈ A, t ∈ T (2.13)

Iregr,a,0 = iregr,a,0 ∀ r ∈ R, a ∈ A (2.14)

Iregr,a,t ≥
λr,a∑
m=1

vr,a,t+m ∀ r ∈ R, a ∈ A, t ∈ T (2.15)

Iregr,a,T ≥ iregr,a,T ∀ r ∈ R, a ∈ A (2.16)

Pa,t ≥ 0 ∀ a ∈ A, t ∈ T (2.17)

Igloa,t ≥ 0 ∀ a ∈ A, t ∈ T (2.18)

Or,a,t ≥ 0 ∀ r ∈ R, a ∈ A, t ∈ T (2.19)

By minimizing the objective function (2.8), we obtain the minimal total inventory

investment linked to the supply of the volume guarantee v⃗ for given, deterministic de-

mands.

Constraints (2.9) through (2.12) reflect the global production level. Constraints (2.9)

ensure that AI production does not exceed capacity for any AI and period. Constraints

(2.10) and (2.11) capture the inventory balance at central AI production sites, given

available starting inventories of igloa,0. Constraints (2.12) ensure that at least igloa,T units

of AI a are available at central storage facilities at the end of the planning horizon to

ensure sufficient inventories for future periods beyond T .

At the regional level, constraints (2.13) and (2.14) capture regional stock levels while

considering regional starting inventories of igloa,0. The discussed minimum regional stock

requirements are incorporated via constraints (2.15), which ensure that inventory levels

at the end of each period t are sufficient to cover the total volume guarantees of the
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succeeding λr,a months. As for global storage, constraints (2.16) ensure the minimum

regional target stocks of iregr,a,T at the end of the planning horizon. Finally, constraints

(2.17) through (2.19) are nonnegativity constraints for AI production, global inventories,

and regional ordering decisions, respectively. Note that both dr,a,t and vr,a,t are input

parameters to the supply chain sub-problem and the min-expressions in (2.13) do thus

not violate the linearity assumption of the model.

Robust supply chain model

As stated in Section 2.4.1, customer demand is uncertain. To ensure adherence to the

inventory target even under uncertain demands, we reformulate the presented determin-

istic supply chain model into a robust optimization problem to determine the worst-case

inventory investment linked to a given set of volume guarantees (v⃗) under uncertain

demands. To this end, we define the uncertainty set of demand U as a box bounded by

the support of the demand distribution (supp(dr,a,t) = [d−r,a,t, d
+
r,a,t]):

U = {dr,a,t : dr,a,t ∈ [d−r,a,t, d
+
r,a,t], ∀ r ∈ R, a ∈ A, t ∈ T }. (2.20)

Recall that we assume that the SD will not request volumes exceeding the upper

bound of the uncertain demand distribution, i.e., vr,a,t ≤ d+r,a,t ∀ r ∈ R, a ∈ A, t ∈ T .
To robustify the inventory balance equality constraints (2.10), (2.11), (2.13) and (2.14),

we eliminate the inventory state variables Igloa,t and Iregr,a,t and reformulate the inventory

balance equations in terms of the cumulative product in- and outflow (comp. Ben-Tal

et al.,2009):

Igloa,t = igloa,0 +
t∑

t′=1

(Pa,t′ −
∑
r∈R

Or,a,t′) ∀ a ∈ A, t ∈ T (2.21)

Iregr,a,t = iregr,a,0 +

t−lr,a∑
t′=1

Or,a,t′ −
t∑

t′=1

vr,a,t′ ∀ r ∈ R, a ∈ A, t ∈ T (2.22)

Moreover, we reformulate the objective function as the maximum over all demand sce-

narios.
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Using these ingredients, we then formulate the following robust linear program to

obtain the minimum worst-case total inventory investment (WC(v⃗)) associated with a

given set of volume guarantees (v⃗) under the defined uncertainty set:

WC(v⃗) = min F (2.23)

s.t.
∑
a∈A

∑
t∈T

(pgloa (igloa,0 +
t∑

t′=1

(Pa,t′ −
∑
r∈R

Or,a,t′))

+
∑
r∈R

pregr,a (i
reg
r,a,0 +

t∑
t′=1

(Or,a,t′ −min{dr,a,t′ , vr,a,t′})))

≤ F ∀ dr,a,t′ ∈ U

(2.24)

Pa,t ≤ ca ∀ a ∈ A, t ∈ T (2.25)

igloa,0 +
t∑

t′=1

(Pa,t′ −
∑
r∈R

Or,a,t′) ≥ 0 ∀ a ∈ A, t ∈ T (2.26)

igloa,0 +
∑
t∈T

(Pa,t −
∑
r∈R

Or,a,t) ≥ igloa,T ∀ a ∈ A (2.27)

iregr,a,0 +

t−lr,a∑
t′=1

Or,a,t′ −
t∑

t′=1

min{dr,a,t′ , vr,a,t′} ≥
λr,a∑
m=1

vr,a,t+m

∀ r ∈ R, a ∈ A, t ∈ T , dr,a,t′ ∈ U

(2.28)

iregr,a,0 +

t−lr,a∑
t′=1

Or,a,t′ −
t∑

t′=1

min{dr,a,t′ , vr,a,t′} ≥ iregr,a,T ∀ r ∈ R, a ∈ A, dr,a,t′ ∈ U (2.29)

Pa,t ≥ 0 ∀ a ∈ A, t ∈ T (2.30)

Or,a,t ≥ 0 ∀ r ∈ R, a ∈ A, t ∈ T (2.31)

In this approach, the introduction of demand uncertainty leads to a semi-infinite

problem that is computationally intractable. However, we can reformulate the above

model as a computationally tractable one by replacing the for all (∀) quantifiers on the

uncertainty set with the worst-case realization of demand, i.e., the realization of demand

which tightens the respective block of constraints the most (Gorissen et al. 2015).

In addition, we use min{d−r,a,t, vr,a,t} to express the minimum quantity sold of AI a in

region r and period t which equals the lower limit of uncertain demand if at least the

certain component is supplied and the agreed volume guarantee otherwise.
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We obtain the following tractable reformulation:

WC(v⃗) = min F (2.32)

s.t.
∑
a∈A

∑
t∈T

(pgloa (igloa,0 +
t∑

t′=1

(Pa,t′ −
∑
r∈R

Or,a,t′))

+
∑
r∈R

pregr,a (i
reg
r,a,0 +

t∑
t′=1

(Or,a,t′ −min{d−r,a,t′ , vr,a,t′}))) ≤ F

(2.33)

Pa,t ≤ ca ∀ a ∈ A, t ∈ T (2.34)

igloa,0 +
t∑

t′=1

(Pa,t′ −
∑
r∈R

Or,a,t′) ≥ 0 ∀ a ∈ A, t ∈ T (2.35)

igloa,0 +
∑
t∈T

(Pa,t −
∑
r∈R

Or,a,t) ≥ igloa,T ∀ a ∈ A (2.36)

iregr,a,0 +

t−lr,a∑
t′=1

Or,a,t′ −
t∑

t′=1

vr,a,t′ ≥
λr,a∑
m=1

vr,a,t+m ∀ r ∈ R, a ∈ A, t ∈ T (2.37)

iregr,a,0 +

t−lr,a∑
t′=1

Or,a,t′ −
t∑

t′=1

vr,a,t′ ≥ iregr,a,T ∀ r ∈ R, a ∈ A (2.38)

Pa,t ≥ 0 ∀ a ∈ A, t ∈ T (2.39)

Or,a,t ≥ 0 ∀ r ∈ R, a ∈ A, t ∈ T (2.40)

Affinely adjustable robust supply chain model

The presented robust supply chain model assumes that all decisions required to secure the

supply guarantees are static, i.e., here-and-now decisions that must be fixed during the

budgeting process, prior to any realization of demand uncertainty. In reality, the supply

processes can commonly be adjusted, to some degree, in response to market signals that

materialize as the planning horizon elapses. Ignoring this flexibility may lead to an overly

conservative worst-case assessment in a robust optimization formulation (Ben-Tal et al.

2004). For the budgeting problem at hand, this translates into overstated worst-case

inventories and thus into under-utilizing the allowable inventory investment budget, at

the expense of avoidable lost margins.

Anticipating and appropriately capturing the ability of the supply chain organization

to adapt its supply plan in response to observed market signals is therefore crucial
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for realistically assessing worst-case inventories of potential sets of volume guarantees.

One way to capture the dynamic nature of supply chain decisions is to reformulate the

static robust model as a stochastic dynamic program (SDP) with a min-max-structured

objective function. Solving an SDP recursively for the T periods of the planning horizon,

however, imposes substantial computational challenges and is not a viable course of

action for the problem at hand.

As an alternative approach to incorporating dynamic decisions into robust optimiza-

tion, Ben-Tal et al. (2004) introduce the concept of adjustable robust optimization

(ARO). Here, decision variables are not defined as static here-and-now decisions but

as decision policies contingent on realized uncertainties while still providing the same

robust guarantees. Ben-Tal et al. (2004) show that while solutions determined through

an ARO can be substantially less conservative than their static counterparts, deter-

mining general decision policies is again computationally intractable. This challenges

the applicability of the concept to real-world problems. The authors, therefore, suggest

approximating decision policies through affine functions of the realized uncertainties.

Similar affine approximation strategies are also applied to other modeling techniques

used for uncertain multi-stage problems to address the ”curse of dimensionality”. Chen

(2007) and Chen et al. (2008) use affine decision rules to formulate a tractable multi-

period stochastic program, de Farias and Roy (2003) use a linear approximation of the

cost-to-go function for an approximate dynamic programming approach, and Shapiro

(2011) discusses the conceptual link between adjustable robust optimization, dynamic,

and stochastic programming in general.

In an inventory planning context, treating decisions as contingent on demand real-

izations is intuitively appealing. For example, under a simple base-stock policy with

backordering, replenishment orders equal demand - a special case of an affine function

of demand. The AARO approach generalizes this policy by allowing other affine func-

tions. If unmet demand is lost, rather than backordered, replenishment orders under a

base-stock policy are equal to and thus an affine function of realized sales, rather than

demand.

To apply AARO to our worst-case inventory assessment problem, we replace the de-

cision variables in the static RO model (2.23) - (2.31) by decision policies. Since in our

setting unmet demand is lost, we consider policies that are affine functions of realized
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sales (min{dr,a,t, vr,a,t}), analogous to the base-stock example sketched above. Specif-

ically, we consider the following affinely adjustable decision policies for the ordering

(Or,a,t) and production (Pa,t) decisions:

Or,a,t =O0
r,a,t +

t−δ∑
τ=1

Oτ
r,a,tmin{dr,a,τ , vr,a,τ} ∀r ∈ R, a ∈ A, t ∈ T (2.41)

Pa,t =P 0
a,t +

∑
r∈R

t−δ∑
τ=1

P τ
r,a,tmin{dr,a,τ , vr,a,τ} ∀r ∈ R, a ∈ A, t ∈ T (2.42)

In this formulation, Oτ
r,a,t and P τ

r,a,t are decision variables that reflect the per unit impact

of realized sales of AI a in region r in period τ on the ordering decision Or,a,t, in region

r for AI a in period t and the production decision Pa,t of AI a in period t, respectively.

The decision variables O0
r,a,t and P 0

a,t are corresponding intercepts. To illustrate the

approach, we note that by setting O0
r,a,1 = S, Ot−1

r,a,t = 1 for t ≥ 2 and dropping all

other coefficients and intercepts, we obtain a base-stock policy with base-stock level S

for AI a in region r.

As pointed out previously, the AARO formulation (2.41) is more general since it

allows more general affine dependencies. However, note that while we allow production

quantities to depend on sales in all regions, we consider ordering decisions to depend on

sales in that same region only. Finally, we use the parameter δ ≥ 0 to capture potential

information delays that restrict the timely availability of market signals. To this end,

we only allow ordering and production decisions to respond to sales realized at least δ

periods before.

By replacing the ordering and production variables in (2.23) - (2.31) using the affine

expressions (2.41) and (2.42), we obtain an AARO formulation of the worst-case inven-

tory investment assessment problem that factors in the SCD’s ability to adjust planned

production and order quantities as actual sales unfold over time. However, as for the ini-

tial static RO, the formulation obtained in this way is computationally intractable. Yet

we can again rewrite the model in a tractable form by identifying the most constraining

demand realizations in each of the constraints.

In the following, we first illustrate this reformulation for individual constraints, before

providing the full tractable AARO model. We closely follow the approach of Ben-Tal

et al. (2004).
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Consider the robust non-negativity constraints (2.31) of the ordering decisions for all

regions, AIs and months. Using (2.41), we obtain the affinely adjustable version (2.43) of

these constraints. Which demand scenario is the most constraining depends on the sign of

Oτ
r,a,t. For a positive coefficient, it is d−r,a,τ , corresponding with sales of min{d−r,a,τ , vr,a,τ},

whereas for a negative coefficient it is d+r,a,τ , corresponding with sales of vr,a,τ , given our

assumption that supply guarantees never exceed maximum possible demand. Using this

observation, and introducing a new decision variable Ōτ
r,a,t capturing the negative part

of Oτ
r,a,t we can rewrite the considered non-negativity constraint as follows.

O0
r,a,t +

t−δ∑
τ=1

Oτ
r,a,tmin{dr,a,τ , vr,a,τ} ≥ 0 ∀ r ∈ R, a ∈ A, t ∈ T , dr,a,τ ∈ U (2.43)

⇔

O0
r,a,t +

t−δ∑
τ=1

Oτ
r,a,tmin{d−r,a,τ , vr,a,τ}+

t−δ∑
τ=1:Oτ

r,a,t<0

Oτ
r,a,t(vr,a,τ −min{d−r,a,τ , vr,a,τ}) (2.44)

≥ 0 ∀ r ∈ R, a ∈ A, t ∈ T

⇔

O0
r,a,t +

t−δ∑
τ=1

Oτ
r,a,tmin{d−r,a,τ , vr,a,τ}+

t−δ∑
τ=1

Ōτ
r,a,t(vr,a,τ −min{d−r,a,τ , vr,a,τ}) ≥ 0 (2.45)

∀ r ∈ R, a ∈ A, t ∈ T

Ōτ
r,a,t ≤ 0 ∀r ∈ R, a ∈ A, τ ∈ T , t ∈ T

Ōτ
r,a,t ≤ Oτ

r,a,t ∀r ∈ R, a ∈ A, τ ∈ T , t ∈ T

We can use a similar approach to reformulate ≤-constraints, as illustrated here for the

capacity constraints (2.34).

P 0
a,t +

∑
r∈R

t−δ∑
τ=1

P τ
r,a,tmin{dr,a,τ , vr,a,τ} ≤ ca ∀ a ∈ A, t ∈ T , dr,a,τ ∈ U (2.46)

⇔
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P 0
a,t +

∑
r∈R

t−δ∑
τ=1

P τ
r,a,tmin{d−r,a,τ , vr,a,τ}+

∑
r∈R

t−δ∑
τ=1:P τ

r,a,t>0

P τ
r,a,t(vr,a,τ (2.47)

−min{d−r,a,τ , vr,a,τ}) ≤ ca ∀ a ∈ A, t ∈ T

⇔

P 0
a,t +

∑
r∈R

t−δ∑
τ=1

P τ
r,a,tvr,a,τ +

∑
r∈R

t−δ∑
τ=1:P τ

r,a,t<0

P τ
r,a,t(vr,a,τ −min{d−r,a,τ , vr,a,τ}) ≤ ca (2.48)

∀ a ∈ A, t ∈ T

⇔

P 0
a,t +

∑
r∈R

t−δ∑
τ=1

P τ
r,a,tvr,a,τ −

∑
r∈R

t−δ∑
τ=1

P̄ τ
r,a,t(vr,a,τ −min{d−r,a,τ , vr,a,τ}) ≤ ca (2.49)

∀ a ∈ A, t ∈ T

P̄ τ
r,a,t ≤ 0 ∀r ∈ R, a ∈ A, τ ∈ T , t ∈ T

P̄ τ
r,a,t ≤ P τ

r,a,t ∀r ∈ R, a ∈ A, τ ∈ T , t ∈ T

Repeating these steps for all constraints, we can convert the complete static RO into a

tractable formulation of its AARO counterpart. For notational convenience and following

Ben-Tal et al. (2004), we introduce additional variables

Iglo,τr,a,t ≡
t∑

t′=1

(P τ
r,a,t′ −Oτ

r,a,t′) ∀r ∈ R, a ∈ A, τ ∈ T , t ∈ T (2.50)

Ireg,τr,a,t ≡
t−lr,a∑
t′=1

Oτ
r,a,t′ − 1 ∀r ∈ R, a ∈ A, τ ∈ T , t ∈ T (2.51)

F τ
r,a ≡

∑
t∈T

(pgloa Iglo,τr,a,t + pregr,a (I
reg,τ
r,a,t +

lr,a−1∑
i=0:t+i≤T

Oτ
r,a,t)) ∀r ∈ R, a ∈ A, τ ∈ T (2.52)
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which capture the per unit impact of realized sales on global and regional stock levels

and on the objective value. Using this notation, we obtain the following final AARO

formulation:

WC(v⃗) = min F (2.53)

s.t.

Objective function:

(
∑
a∈A

∑
t∈T

(pgloa igloa,0 +
∑
r∈R

pregr,a i
reg
r,a,0 +

t∑
t′=1

(pgloa (P 0
a,t′ −

∑
r∈R

O0
r,a,t′) + pregr,a

∑
r∈R

O0
r,a,t′))

+
∑
r∈R

∑
a∈A

∑
τ∈T

(F τ
r,avr,a,τ − F̄ τ

r,a(vr,a,τ −min{d−r,a,τ , vr,a,τ}))) ≤ F

(2.54)

∑
t∈T

(pgloa Iglo,τr,a,t + pregr,a (I
reg,τ
r,a,t +

lr,a−1∑
i=0:t+i≤T

Oτ
r,a,t)) = F τ

r,a ∀r ∈ R, a ∈ A, τ ∈ T (2.55)

F̄ τ
r,a ≤ 0 ∀r ∈ R, a ∈ A, τ ∈ T (2.56)

F̄ τ
r,a ≤ F τ

r,a ∀r ∈ R, a ∈ A, τ ∈ T (2.57)

Global AI production constraints:

P 0
a,t +

∑
r∈R

t−δ∑
τ=1

P τ
r,a,tmin{d−r,a,τ , vr,a,τ} +

∑
r∈R

t−δ∑
τ=1

P̄ τ
r,a,t(vr,a,τ −min{d−r,a,τ , vr,a,τ})

≥ 0 ∀a ∈ A, t ∈ T

(2.58)

P 0
a,t +

∑
r∈R

t−δ∑
τ=1

P τ
r,a,tvr,a,τ −

∑
r∈R

t−δ∑
τ=1

P̄ τ
r,a,t(vr,a,τ −min{d−r,a,τ , vr,a,τ})

≤ ca ∀a ∈ A, t ∈ T

(2.59)

t∑
t′=1

(P τ
r,a,t′ −Oτ

r,a,t′) = Iglo,τr,a,t ∀r ∈ R, a ∈ A, τ ∈ T , t ∈ T (2.60)

igloa,0 +
t∑

t′=1

(P 0
a,t′ −

∑
r∈R

O0
r,a,t′) +

∑
r∈R

t∑
τ=1

Iglo,τr,a,t min{d−r,a,τ , vr,a,τ}

+
∑
r∈R

t∑
τ=1

Īglo,τr,a,t (vr,a,τ −min{d−r,a,τ , vr,a,τ}) ≥ 0 ∀a ∈ A, t ∈ T

(2.61)

igloa,0 +
∑
t∈T

(P 0
a,t −

∑
r∈R

O0
r,a,t) +

∑
r∈R

∑
τ∈T

Iglo,τr,a,Tmin{d−r,a,τ , vr,a,τ}

+
∑
r∈R

∑
τ∈T

Īglo,τr,a,T (vr,a,τ −min{d−r,a,τ , vr,a,τ}) ≥ igloa,T ∀a ∈ A

(2.62)
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P̄ τ
r,a,t ≤ 0 ∀r ∈ R, a ∈ A, τ ∈ T , t ∈ T (2.63)

P̄ τ
r,a,t ≤ P τ

r,a,t ∀r ∈ R, a ∈ A, τ ∈ T , t ∈ T (2.64)

Īglo,τr,a,t ≤ 0 ∀r ∈ R, a ∈ A, τ ∈ T , t ∈ T (2.65)

Īglo,τr,a,t ≤ Iglo,τr,a,t ∀r ∈ R, a ∈ A, τ ∈ T , t ∈ T (2.66)

P τ
r,a,t = 0 ∀r ∈ R, a ∈ A, τ ∈ T , t ∈ T , τ + δ > t (2.67)

Regional constraints:

O0
r,a,t +

t−δ∑
τ=1

Oτ
r,a,tmin{d−r,a,τ , vr,a,τ} +

t−δ∑
τ=1

Ōτ
r,a,t(vr,a,τ −min{d−r,a,τ , vr,a,τ}) ≥ 0

∀ r ∈ R, a ∈ A, t ∈ T

(2.68)

iregr,a,0 +

t−lr,a∑
t′=1

O0
r,a,t′ +

t∑
τ=1

Ireg,τr,a,t min{d−r,a,τ , vr,a,τ}

+
t∑

τ=1

Īreg,τr,a,t (vr,a,τ −min{d−r,a,τ , vr,a,τ})

≥
λr,a∑
m=1

vr,a,t+m ∀r ∈ R, a ∈ A, t ∈ T

(2.69)

iregr,a,0 +

T−lr,a∑
t=1

O0
r,a,t +

∑
τ∈T

Ireg,τr,a,T min{d−r,a,τ , vr,a,τ}

+
∑
τ∈T

Īreg,τr,a,T (vr,a,τ −min{d−r,a,τ , vr,a,τ})

≥ iregr,a,T ∀r ∈ R, a ∈ A

(2.70)

t−lr,a∑
t′=1

Oτ
r,a,t′ − 1 = Ireg,τr,a,t ∀r ∈ R, a ∈ A, τ ∈ T , t ∈ T (2.71)

Ōτ
r,a,t ≤ 0 ∀r ∈ R, a ∈ A, τ ∈ T , t ∈ T (2.72)

Ōτ
r,a,t ≤ Oτ

r,a,t ∀r ∈ R, a ∈ A, τ ∈ T , t ∈ T (2.73)

Īreg,τr,a,t ≤ 0 ∀r ∈ R, a ∈ A, τ ∈ T , t ∈ T (2.74)

Īreg,τr,a,t ≤ Ireg,τr,a,t ∀r ∈ R, a ∈ A, τ ∈ T , t ∈ T (2.75)

Oτ
r,a,t = 0 ∀r ∈ R, a ∈ A, τ ∈ T , t ∈ T , τ + δ > t (2.76)
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Through the presented AARO model, the SCD can obtain an assessment of worst-

case inventories of a given set of volume guarantees that considers uncertainty and, in

contrast to static RO, the existing flexibility for adjusting relevant decisions over time.

As illustrated in Figure 2.1, the SCD’s assessment serves as subproblem (2.5) - (2.6) of

the budget planning problem.

2.5. Numerical study based on synthetic data

Our goal in this section is to gain insights into the performance and solution structure of

our proposed modeling approach. To this end, we use a synthetic data set which allows

us to systematically vary the input parameters.

2.5.1. Study setup and benchmark strategies

We assess the performance of the guarantees (v⃗∗) derived with the proposed budget

planning model, which we refer to as DG (differentiated guarantees), by comparing them

to those of two simple benchmark strategies: fixed factor (FF ) and fixed guarantee level

(FL).

Under a FF strategy, the SCD guarantees the supply of a fixed fraction f of the

demand point forecast for any AI-region-time combination, i.e. vr,a,t = f · dFC
r,a,t with

some fixed multiplier f . This approach comes closest to the current practice at the case

company. Effectively tailoring volume guarantees to different AIs and sales regions is

prohibitively complex for a manual approach. Moreover, decision-makers find it difficult

to systematically factor in demand uncertainty. The S&OP process at the case company

therefore largely uses a fixed fraction of the point forecast and concentrates on calibrating

this fixed fraction to match the allowable inventory investment. In our analysis, we chose

f by numerically determining the highest multiplier for which the resulting guarantees

can still be supplied by the SCD without exceeding the inventory investment target.

The FL rule is a slightly more advanced extension of FF . It again guarantees a

fixed fraction, but applies it to the uncertainty range of demand, rather than to a point

forecast, i.e. vr,a,t = d−r,a,t + g · (d+r,a,t − d−r,a,t). We calibrate the fraction g by numerically

deriving the highest g for which the resulting guarantees can still be supplied without

exceeding the inventory investment target.
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In addition, we compare the performance of the proposed AARO-based budget plan-

ning model (DG) to an approach that assesses worst-case inventories based on the static

RO model presented in Section 2.4.3. We denote this approach as DGstatic. This compar-

ison provides insights into the importance of taking supply adjustment flexibility into

account during the budget process.

In our numerical study, we consider 18 AIs supplied to three sales regions, leading

to 18x3=54 regional AI value chains. This problem size is similar to the one in the

real-life case application presented in Section 2.6. Within this setting, we investigate

four scenarios that differ in the degree of diversity in parameter values between regions

and products. Specifically, we combine high/low diversity of supply parameters with

high/low diversity of demand parameters.

In smaller prestudies, we have identified the supply and demand parameters most

relevant to the overall problem results, namely, distribution lead time, regional cost of

goods, product margins, and level of demand uncertainty. For each of these, we define

two sets of relatively homogeneous versus markedly heterogeneous parameter values (see

Table 2.1). For a given scenario, we then parameterize each of the 54 regional AI value

chains through a different combination of the 3x3x3x2=54 values of lr,a, p
reg
r,a , mr,a and

d+r,a,t−d−r,a,t
E(dr,a,t) in the respective cells in Table 2.1.

Scenarios
Domain Parameter Low diversity High diversity

Supply
lr,a {1, 1, 1} {0, 1, 2}
pregr,a {7, 10, 13} {3, 10, 17}

Demand
mr,a {7, 10, 13} {3, 10, 17}

d+r,a,t−d−r,a,t
E(dr,a,t) {0.36, 0.44} {0.20, 0.60}

Table 2.1.: Sets of values of relevant supply and demand parameters used to construct
different benchmark portfolios with a low or high degree of parameter diversity.

For simplicity and transparency, we keep the other parameters constant across all

portfolios and set them to realistic levels observed in the industry, relative to the other

parameters: ca = 390, pglor,a = 2, λr,a = 2, δ = 1, T = 24.

Similarly, we consider a single monthly demand pattern that follows a typical seasonal

cycle commonly observed at the case company and shown in Table 2.2. Forecast errors are

sampled from a normal, zero-mean symmetrically cropped distribution with a standard
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deviation such that E(dr,a,t)± 0.5(d+r,a,t − d−r,a,t) corresponds to its support and the 95th

percentile of the original uncropped normal distribution.

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

Exp. Demand 4 6 7 10 11 12 12 11 10 7 6 4

Table 2.2.: Seasonal monthly demand pattern used for the synthetic data study. Months
1 to 12 are identical to months 13 to 24.

For each of the four scenarios, we derive the expected lost-margin-minimal guarantees

according to the proposed budget planning model.

As the budget planning problem (2.3) - (2.6) is structurally complex, we cannot solve

it exactly. Instead, we derive the guarantees for DG heuristically through a gradient-

based local search. To simplify the search, we follow the practice of the case company

to focus the discussions during budgeting on deriving total seasonal guarantee levels

per AI and region for the upcoming business year. Following this practice, we drop the

time index t in the guarantee vector and assume that guarantee levels for regional AI

demands are chosen such that the same share of the uncertain demand component is

covered across time:

vr,a,t(gr,a) = d−r,a,t + gr,a(d
+
r,a,t − d−r,a,t) ∀r ∈ R, a ∈ A, t ∈ T (2.77)

Details on the solution heuristic are provided in Appendix A.

Finally, we account for a business rule at the case company which requires that at

least the certain component of uncertain regional AI sales must be supplied. We therefore

require gr,a to be nonnegative ∀r ∈ R, a ∈ A. We discuss the implications of this rule in

Section 2.6.

2.5.2. Performance analysis of allocation strategies

We now present the core results of our numerical study, which concern the performance

of our proposed S&OP support model. To this end, we report the expected lost margins

associated with the set of volume guarantees determined by our proposed model and

compare them with the solutions of the benchmark strategies on the set of scenarios

defined in Section 2.5.1. In addition to the overall results, we analyze their sensitivity

along three dimensions: (1) the level of the inventory investment budget and the level of
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diversity in the relevant (2) supply and (3) demand parameters within the AI portfolio.

Table 2.3 summarizes the results. The percentage values in parentheses indicate the

relative difference to the results obtained with the FF strategy.

DG FL FF DGstatic

Avg. 934.8 (-22.6%) 1161.1 (-3.8%) 1207.2 1769.5

Inventory target (β):
L 1719.6 (-21.7%) 2117.1 (-3.6%) 2196.6 2229.8
H 150.0 (-31.1%) 205.1 (-5.8%) 217.8 1309.2

Supply Diversity:
L 1017.3 (-15.7%) 1161.1 (-3.8%) 1207.2 1884.7
H 852.3 (-29.4%) 1161.0 (-3.8%) 1207.2 1654.2

Demand Diversity:
L 978.3 (-15.8%) 1160.8 (-0.1%) 1162.4 1834.0
H 891.2 (-28.8%) 1161.4 (-7.2%) 1252.0 1705.0

Table 2.3.: Expected total lost margins based on guarantees determined by different
budget models for different inventory targets and portfolio parameter diversities (δ = 1).

Across all considered portfolios and inventory investment budgets, the DG-based vol-

ume guarantees lead to an average reduction in the expected total lost margin by 22.6%

compared to that of the undifferentiated, single-parameter allocation strategy FF . In

contrast, FL barely outperforms FF , with a mere 3.8% reduction in the expected total

lost margin, on average. These figures clearly document the benefits of differentiated

supply guarantees. A manual approach cannot effectively handle this level of complex-

ity. Our approach demonstrates the power of optimization and substantially reduces

expected lost margins, relative to current practice, while respecting the same inventory

budget.

The results also underline that it is important for the inventory assessment of supply

guarantees to factor in inherent sources of flexibility, i.e. capabilities of the SCD to

adjust supply decisions in response to updated demand information. Ignoring the option

value of such flexibilities leads to unnecessarily low supply guarantees caused by an overly

conservative assessment of worst-case inventories. Due to the observed clear performance

benefit of the adjustable model formulation relative to the static one, we henceforth

exclude DGstatic from our analysis .
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Naturally, the aforementioned effects depend on key problem parameters. We observe

the following relationships. We find that the reduction of expected lost margins from

DG relative to those from FF increases from 21.7% for a low inventory budget to 31.1%

for a high budget. The observed lower reduction potential for low allowable inventory

investments is partly due to the company’s business rule, which requires that at least

the certain component of demand must be supplied. The inventory needed to satisfy

this requirement consumes an increasing share of the inventory budget if the budget

decreases, thereby leaving less room for optimization. We discuss this issue in more detail

in Section 2.6.3. Note that despite the lower percentage values, the absolute reduction

in lost margins is much higher for a low inventory budget than for a high budget. In

all cases, the benefits of FL over FF are much lower, amounting to 3.6% and 5.8%, on

average, for a low and high inventory budget, respectively.

As for the degree of diversity in the relevant supply and demand parameters, we ob-

serve that the relative benefit of the proposed DG strategy over that of the benchmarks

is larger for more diverse portfolios. On the supply parameter side, the reduction in ex-

pected lost margins increases from 15.7% for low diversity to 29.4% for high diversity. For

the demand parameters, we observe a similar increase from 15.8% to 28.8%, respectively.

Intuitively, a more heterogeneous portfolio offers more opportunities to differentiate and

thereby minimize the impact of inventory budget restrictions on lost margins. Consid-

ering the benchmarks, FL again only slightly outperforms FF for both low and high

diversity in supply parameters. The level of diversity of the demand parameter values

appears to have a stronger impact on the relative performance gap between these meth-

ods. While FL clearly outperforms FF in high diversity, both methods perform roughly

at par for low demand diversity.

In summary, these results highlight the relevance of supporting the S&OP decision-

making process on volume guarantees by a systematic model. The size and complexity

of the problem prohibit a manual solution, and resorting to simplistic heuristics is not

effective. In addition, differentiating supply guarantees based on relevant supply and

demand characteristics is especially important if the underlying product portfolio is

strongly heterogeneous.
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2.5.3. Solution structure and driver analysis

Besides the performance analysis, we investigate the structure of the solution. To isolate

the key drivers for differentiation in the resulting regional AI supply guarantees, we

apply our model to the portfolio with high supply and demand parameter diversity and

derive the optimal sets of guarantees for low and high inventory targets. To simplify

the comparison of different regional AI volume guarantees, we translate the derived

guarantee levels (v⃗∗) into the corresponding expected service levels, expressed as the

percentage of uncertain margin potential captured by the guaranteed volumes.

To determine the impact and relative importance of problem parameters both indi-

vidually and interactively for the derived volume guarantees, we ran a linear regression

analysis. The problem parameters pregr,a , lr,a, mr,a,
d+r,a,t−d−r,a,t
E(dr,a,t) are treated as the indepen-

dent variables, and the expected service levels resulting from the optimized regional AI

volume guarantees as the dependent variable of the linear regression. We report the re-

sulting standardized regression coefficients under a low and high inventory investment

target in Table 2.4.

Standardized regression coefficients

Inventory investment (β) pregr,a lr,a mr,a
d+r,a,t−d−r,a,t
E(dr,a,t)

L -0.45 -0.09 0.38 -0.64
H -0.38 -0.19 0.46 -0.26

Table 2.4.: Standardized regression coefficients of the linear regression analysis ex-
amining the influence of problem parameters on the expected service levels based on
guarantees determined through DG under a low and high inventory target (δ = 1).

We observe that our AARO model proposes higher service levels for regional AI sup-

ply chains with low inventory costs, short lead times, high margins, and low levels of

uncertainty.

None of these directional effects are surprising as such. What nevertheless renders

the solution complex is the difference in effect strengths and their interaction. For the

current data set, our model differentiates volume guarantees and resulting service levels

strongly on the basis of demand uncertainty (-0.64) and regional inventory costs (-0.45)

if the inventory investment target is low. For high inventory budgets, the differences in

profitability (0.46) become more important while the relative importance of the degree

of demand uncertainty decreases.
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2.5.4. Impact of information and material flow delays on

inventory

In the previous sections, we analysed the performance of the proposed budget planning

model with respect to expected lost margins and expected service levels, for a given in-

ventory investment target. In the following, we assess drivers of the worst-case inventory

investment associated with a given set of volume guarantees. In particular, we investi-

gate how the inventory investment depends on the level of supply chain responsiveness.

We express supply chain responsiveness by two factors, namely, the information delay

(δ) and the material flow delay caused by the distribution lead time (lr,a).

We analyze the changes in the worst-case inventory investment as we vary both factors

between 1 and 3 months. Table 2.5 shows the worst-case inventories if the supply of the

upper bound of the uncertain demand distribution is guaranteed (v⃗ = d⃗+) for a portfolio

with a high diversity in both supply and demand parameters (comp. Table 2.1). In

addition to the AARO results, the table includes the static RO outcome, which can be

interpreted as a special case with an information delay of at least T months.

lr,a
WC Inventory δ 1 2 3

AARO

1 3767 5295 6796
2 4274 5813 7318
3 4776 6314 7806

RO T 7179 8707 10197

Table 2.5.: Worst-case inventories based on AARO models with different information
delays (δ) and a non-adjustable RO benchmark for different lead times (lr,a).

From Table 2.5, we find that while both forms of delays increase the required worst-case

inventory investments, the overall impact of distribution lead times is higher. Compared

to a worst-case inventory investment of 3767 for an information delay and lead time of

one month, worst-case inventories increase by 80% to 6796 when raising the distribution

lead time to three months. In contrast, an information delay increase to 3 months lets the

inventory investment grow by only 27% to 4776. The strong impact of distribution lead

times on inventory levels can be explained by two reasons. First, an increase in transit

times directly causes an increase in in-transit stocks. Second, regional orders need to be
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placed increasingly in advance of the peak sales months, which limits in-season order

adjustment flexibility.

Despite its strong impact, reducing transportation times usually comes at a significant

cost. It requires either a shift in the mode of transport from ship or truck to air freight or

a redesign of the company’s production network. Neither may be economically feasible

or achievable in the short run. A reduction in information lead times across and within

functions, on the other hand, may be achievable by highlighting the value of introducing

collaborative processes and information systems to support information sharing and a

rapid adjustment of production and distribution decisions throughout the organization

in response to recent market signals (Lapide 2004).

Another important observation from Table 2.5 is that it is crucial for an appropriate

inventory investment assessment to capture the existing level of supply chain flexibility.

For a distribution lead time of one month, a static RO overstates the worst-case inventory

investment derived by a corresponding AARO with an information delay of one month by

91% (7179 vs. 3767). Incorporating the ability of the supply chain to adjust decisions over

time, in response to unfolding uncertainties is thus key to avoiding an overly conservative

allocation of volume guarantees and to preventing unnecessary lost margins.

The qualitative conclusions concerning the impact of information and material flow

delays on inventory remain valid for portfolios with less heterogeneous problem param-

eters.

2.6. Application to real-world data of the case

company

In this section, we complement the general findings from the synthetic data analysis by

quantifying the improvement potential of our proposed model in a real-world context.

2.6.1. Data collection and scope of analysis

For the performance assessment of the proposed approach in practice, we use real-world

data to derive volume guarantees for the 15 most business-relevant AIs of the case

company. Each of the AIs is centrally synthesized and stored before being distributed

and sold in up to four regions. For each of the AIs, we collect the relevant production

capacity, distribution lead times, inventory costs at global and regional storage facilities,
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and the relevant AI-equivalent sales forecasts for the next 24 months. Moreover, we assess

demand uncertainty based on historical forecast errors. To obtain robust distributional

information under limited data availability per AI, we pool historical forecast errors of

similar AIs within the company’s portfolio, i.e., AIs of the same product type with similar

sales patterns sold in the same region. We assume that the distribution of relative forecast

errors is constant over time and obtain the box uncertainty set based on the distributional

bounds. For the assessment of the expected lost margins for a given volume guarantee,

we sample from the pooled distribution. To protect the confidentiality interests of the

case company, we anonymize the input data and normalize the presented model outputs.

2.6.2. Performance analysis of allocation strategies

In Table 2.6, we compare the resulting expected total lost margin for volume guarantees

derived through DG, FL, and FF for low, medium, and high maximum inventory in-

vestments (β) and three levels of information delay (δ), ranging between one and three

months.

δ β DG FL FF

1

L 637.3 (-18.0%) 759.9 (-2.2%) 777.0
M 189.6 (-29.0%) 279.1 (4.5%) 267.1
H 37.7 (-31.7%) 50.4 (-8.6%) 55.2

2

L 679.7 (-16.1%) 783.9 (-3.2%) 810.2
M 249.3 (-26.7%) 352.0 (3.6%) 339.9
H 74.9 (-26.6%) 104.2 (2.2%) 102.0

3

L 710.6 (-15.2%) 802.4 (-4.3%) 838.3
M 298.2 (-24.9%) 407.9 (2.7%) 397.2
H 107.6 (-27.2%) 154.8 (4.7%) 147.8

Table 2.6.: Expected lost margins based on guarantees determined by different budget
models for different inventory investment targets (β) and information delays (δ).

DG again outperforms the simple, single parameter benchmark strategies, with a

reduction in expected lost margins between 15% and 32% compared to that of FF .

This range is similar to the one derived for the synthetic data. Additionally, the relative

improvement potential of DG over FF again increases in β. The explanation is the same

as that discussed in Section 2.5.2.
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Considering the reduction potential of the expected lost margin in absolute terms, we

observe that it is the largest for tight inventory investment limits. This highlights the

importance of agreeing on differentiated volume guarantees during the budgeting process.

An increase in the information delay has a negative effect on the lost margin reduction

potential, as expected. However, differentiated guarantees remain highly superior to

undifferentiated guarantees.

The comparison of the relative performance of the benchmark strategies FL and FF

shows a different picture than for the synthetic data. Whereas FL at least marginally

outperforms FF for all instances in the synthetic data set, as it links the provision of

volume guarantees to the degree of demand uncertainty in an otherwise symmetrically

constructed AI portfolio, the results for the real-world data are mixed. None of the

simple, single-parameter strategies provides consistently better results than the other.

Overall, the numerical results obtained for the real-world data of the case company’s

budget planning problem demonstrate a considerable improvement potential of our pro-

posed model over the current planning practice.

2.6.3. Solution structure analysis

In this section, we investigate what factors drive the guarantee allocation for the given

real-world data. To this end and in line with the analysis conducted in Section 2.5.3 ,

Table 2.7 displays the resulting standardized regression coefficients from the linear regres-

sion of the expected service levels of volume guarantees determined by DG (dependent

variable) on the problem parameters (independent variables) under a low, medium and

high inventory investment target.

Standardized regression coefficients

Inventory investment (β) pregr,a lr,a mr,a
d+r,a,t−d−r,a,t
E(dr,a,t)

L -0.55 -0.29 0.74 -0.53
M -0.49 -0.23 0.75 -0.13
H -0.52 -0.25 0.75 -0.01

Table 2.7.: Standardized regression coefficients of the linear regression analysis ex-
amining the influence of problem parameters on the expected service levels based on
guarantees determined through DG under a low, medium, and high inventory target
(δ = 1).
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The signs of all regression coefficients are identical to those in the synthetic data study.

This confirms the intuition that the AARO-based budget process prioritizes regional AI

supply chains with low inventory costs, short lead times, high margins, and low levels

of uncertainty. In addition, an increasing allowable inventory investment again reduces

the relative importance of demand uncertainty as a differentiating factor. Different from

the synthetic data study, the relative importance of the other three considered factors

remains rather stable across different inventory investment levels, with their ranking cor-

responding to that under high inventory allowance in the synthetic study. We attribute

the observed differences between the results of both numerical studies to structural dif-

ferences in the underlying data sets. Recall that the synthetic data set uses a full factorial

combination of the problem parameters listed in Table 2.1. This implies that parame-

ter values are uncorrelated. In the real-world data, in contrast, we found the regional

cost of goods and product margin to be positively correlated, which leads to a stable

importance of both parameters across the three studied inventory investment levels. Fur-

thermore, the variance in distribution lead times of regional AI supply chains is higher

in the real-world data than in the synthetic data set. Consequently, distribution lead

time emerges as a more influential differentiation factor, even under scenarios with low

inventory investment targets.

All in all, the changes in the relative importance of the different market characteristics

underscore the complexity of the budget planning problem and the need for a systematic

case-by-case analysis. Simple fixed priority rules are clearly insufficient.

2.7. Conclusion

In this paper, we addressed the cross-functional decision problem faced by an agro-

chemical supplier as part of the annual budget planning cycle. Through the budgeting

process, sales and supply chain activities are aligned by agreeing on a set of volume

guarantees to be supplied throughout the planning horizon while adhering to a maxi-

mum allowable inventory investment imposed by the business unit head. We developed

an optimization-based decision-support tool to obtain these volume guarantees. A key

contribution of our model formulation is that it captures the conflicting incentives and

asymmetric decision-making power of the parties involved.
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In two numerical studies based on synthetic as well as real-world data, we analyzed

key drivers for the obtained solutions, and we explored the performance of our proposed

model compared to that of the simple heuristics currently in place at the case company.

We found that a considerable lost margin reduction can be achieved by allocating more

volume guarantees toward AIs suppliable under low lead times and with low per unit

inventory costs, high per unit margins, and low demand uncertainty. For the real-world

data set, the achievable expected lost margin reduction amounts to 32%.

Our work provides several insights that extend beyond the specific setting of the case

company. Much of the existing literature on decision support for S&OP assumes a cen-

tralized decision-maker optimizing a single objective function. Such model formulations

ignore real-world complexities due to conflicting incentives, asymmetric information, and

distributed decision-making authority, which limits their applicability in practice. De-

signing coordination mechanisms to resolve existing incentive conflicts is complex and

therefore not always considered to be a feasible option. Our work introduces a third

path by integrating common real-world conflicts and power differences between organi-

zational units in an overarching decision-support tool. This approach also allows us to

capture the implications of different bonus systems in different departments - a common

observation in practice.

In addition, our analysis highlights the critical importance of acknowledging future

decision flexibility in a medium-term budget planning process. By comparing models

based on static RO and AARO, we quantify the value of the real option of being able

to adjust production volumes based on observed sales. Our analysis shows that this

option value is substantial, which underlines the importance of having processes and

information systems in place that ensure rapid availability of latest market information

to decision-makers.

Our work opens several opportunities for future research. First, the goal of this pa-

per was to provide an analytic representation of the coordination mechanism used to

align functions within the current organizational setup at the case company. We have

not aimed at changing this setup but rather at supporting the currently unstructured

negotiation process through a formal decision-making approach. Therefore, we have not

investigated the optimality of the current coordination scheme and its implications for

overall organizational performance. Such an analysis would be highly worthwhile, as

would be a discussion of potential coordination schemes for alternative KPIs.
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Second, we focused exclusively on the coordination across business functions and as-

sumed that sales and supply chain can each be modeled as a single, global actor. In

reality, competing objectives also exist within a function. Extending the proposed model

in this respect would be another interesting route for further analysis.

Third, for the sake of focus, we have considered production capacities and inventory

investment budget as the only factors that constrain the sales department in minimizing

expected lost margins. In practice, strategic considerations imply additional constraints.

These include, for example, allocating higher volumes to emerging but currently less

profitable markets to foster growth, or introducing minimum supply levels for selected

active ingredients to defend market share against substitute products of competitors.

Future research could explore how such strategic constraints can be systematically inte-

grated into the model and how they change the results. This would allow for a deeper

analysis of the trade-off between short-term profit optimization and long-term strategic

goals.
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Managing inventory investments in

multi-divisional companies: An

auction-based approach

with Steffen Klosterhalfen and Moritz Fleischmann

Abstract

Effective inventory management is a critical challenge for corporations and has been the

subject of extensive research. In the literature, inventories are typically modeled as a

holding cost in the objective function. Our work is based on a research collaboration

with a global supplier of agricultural solutions. In contrast to most existing literature,

the firm treats inventory not only as a cost component but also as a key performance

indicator (KPI) in its own right. To limit total inventory investment while maximizing

the firm’s expected profit, the management board (MB) establishes a total inventory

investment ceiling, which it then allocates across its business units (BUs). However,

private information held by self-optimizing BU heads (BUHs) complicates this allocation

task.

We propose an auction-based allocation mechanism that converts the inventory in-

vestment ceiling into inventory permits, which are then auctioned among BUHs. We

analyze the optimal decision-making of BUHs and provide closed-form solutions. We

evaluate the approach through two numerical studies based on synthetic data and real-

world data from the case company. Results indicate that the proposed auction-based

42



Chapter III. Managing inventory investments in multi-divisional companies

approach improves expected total profit on average by 4% compared to the firm’s cur-

rent top-down allocation approach. Moreover, we identify non-monotonic relationships

among BU characteristics, BU-specific inventory ceilings, and supply quantities, under-

scoring the importance of leveraging private information through an auction mechanism

rather than relying solely on limited central data.

3.1. Introduction

The field of supply chain management provides an extensive body of literature on manag-

ing inventories in alignment with firm objectives. In the planning literature, inventories

are typically modeled through holding costs within the objective function. However, in-

ventory is not only a cost driver, but also an asset. Financial analysts commonly use the

total cash invested in inventories as an independent KPI to evaluate an organization’s

operating efficiency (Agrawal and Osadchiy 2024, Lai and Xiao 2018). Several authors,

including Hendricks and Singhal (2009), have statistically linked high levels of cash tied

up in inventories to negative stock market reactions. As a result, management teams

consider inventory investment levels as an independent KPI that must be actively man-

aged to meet investor expectations and those of the broader financial market (Bhagwat

and Sharma 2007, Lai and Xiao 2018).

Our paper assumes this asset perspective on inventory and addresses the resulting allo-

cation problem. The analysis is based on a research collaboration with a global provider

of agricultural solutions. In addition to total profit, the case company is benchmarked

by its investors and financial analysts against core competitors based on its inventory

efficiency, i.e., the total inventory investment required to enable its operations. As a

result, the MB must manage a balanced scorecard (BSC) that includes both total profit

and the capital tied up in inventories. Due to limited capacity for supplying products to

meet highly seasonal and uncertain demand, the case company must carry substantial

levels of inventory, making the management of total inventory investments particularly

critical. To implement its BSC and steer its inventories, the MB introduces an inven-

tory investment cap for the business year and seeks to maximize total profit without

exceeding this inventory ceiling (IC).

To serve the global market for agricultural solutions, the operations of the case com-

pany are structured into BUs. Each BU is independently managed by a BUH and serves
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its own market segment. To implement its maximum inventory condition in this setting,

the company must translate its overall IC into inventory limits for each BU. However,

distributed decision-making and private information complicate this disaggregation. Our

paper addresses the problem of how to distribute the total inventory investment ceiling

across BUs to maximize the firm’s total expected profit while respecting BU autonomy.

The task of the MB to set appropriate BU-specific inventory investment ceilings is

complicated by the private information held by BUHs on relevant parameters such as

profitability levels and the distribution of uncertain demand in their market, which is

neither known to the MB nor to other BUHs. As BUs compete for a higher share of the

total inventory investment budget, BUHs have an incentive to strategically disclose this

information, thereby introducing an agency problem between the MB and the BUHs.

Our work focuses on how to deal with this agency issue in the disaggregation of the

ceiling. Currently, the MB uses an allocation heuristic that only requires centrally avail-

able information and does not rely on BUHs to share private information. While this

approach resolves the agency issue, the quality of the resulting BU inventory budgets

has increasingly been questioned by both the MB and the BUHs. Concerns have par-

ticularly arisen in situations where selected BUs lost a substantial share of uncertain

market demand due to the need to constrain product supply to adhere to the inventory

investment ceiling, while the total inventory investment of other BUs simultaneously

remained well below their IC.

The problem of allocating a central resource is not unique to inventory management,

but also arises in the allocation of carbon credits, water rights, computing capacity, ad

space, and spectrum management (Milgrom 2004). In those settings, auctions have been

suggested to coordinate the allocation of a central resource across decentralized agents

under private information and competing incentives. We transfer this idea to the above

problem setting and explore the application of an auction mechanism to the problem at

hand. Specifically, we suggest splitting the total IC into inventory permits, which can

be purchased by BUHs during an auction prior to the start of the business year. By

allocating the global IC via an auction instead of a central, top-down allocation based

on limited information available to the MB, the firm can align the incentives of BUHs

with the corporation’s goal of maximizing total profit.

Our contributions in this paper are threefold. First, we provide insights into how a

large, multinational organization manages its inventory KPIs beyond a pure holding

cost perspective to guide its business decisions. We discuss current company practices
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and the resulting agency problem caused by private information held by decision-makers

with competing incentives.

Second, we propose an auction-based allocation approach to split the total inventory

investment ceiling into BU-specific ceilings in an environment of private information and

unaligned incentives. We derive optimal, closed-form decision policies for the BUHs and

analyze core decision drivers.

Third, we numerically benchmark our proposed allocation scheme against the mech-

anism currently used at the case company, based on both controlled synthetic data

and real company data. We find that using real-world data, the proposed approach can

increase expected total profit on average by 4% compared to current company practices.

The remainder of this paper is structured as follows. Section 3.2 provides an overview

of the related literature. Section 3.3 formally describes the decision problem. In Section

3.4, we propose an auction-based approach to distribute the IC across BUs and derive the

resulting decision-making policies of BUHs, which we then analyze. We assess the per-

formance of the proposed approach compared to current practices at the case company

based on synthetic and real-world data in Sections 3.5 and 3.6, respectively. Section 3.7

concludes by summarizing the core findings and outlining directions for future research.

3.2. Literature review

In vast parts of the literature on inventory management, inventories are considered

through holding costs in the objective function. This narrow cost-based perspective over-

looks the role of inventory as an asset on a company’s balance sheet, which is tracked

as an independent KPI by both internal and external stakeholders (Agrawal and Osad-

chiy 2024, Lai and Xiao 2018, Schroeder and Krishnan 1976). Only a limited number of

studies have treated inventory as an additional, independent KPI alongside total profit

within a firm’s BSC (Nahmias and Schmidt 1984, Lee 1994, Bhagwat and Sharma 2007,

Agrawal and Osadchiy 2024).

Within this limited body of research, the inventory KPI is typically incorporated

into the decision problem either by optimizing return on inventory rather than profit

maximization (Schroeder and Krishnan 1976, Li et al. 2008) or by introducing inventory

as a separate constraint to limit the maximum inventory level or the total inventory

investment (Beckmann 1952, Nahmias and Schmidt 1984, Lee 1994, Bretthauer et al.
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2006). Our work focuses on the latter and addresses the real-world problem faced by

the case company: how to maximize the firm’s total expected profit while limiting the

capital invested in inventories in a decentralized decision-making context involving the

MB and multiple BUs.

Schroeder and Krishnan (1976) argue that viewing inventories as a cost driver is

insufficient and propose to interpret stocks as a financial asset. The authors suggest

that firms should maximize profit relative to the required inventory investment and

derive economic order quantities under a return-on-inventory maximization objective.

Similarly, Li et al. (2008) formulate and solve a production planning problem in which

a firm allocates limited funds between inventories and investments in fixed assets to

maximize the return on capital employed.

Nahmias and Schmidt (1984) derive the optimal order quantity in a multi-item newsven-

dor problem. The authors maximize expected profit while ensuring compliance with an

inventory constraint related to total available storage space or capital available for in-

ventory investment. To solve the decision problem, the authors provide the Lagrangian

and propose several heuristics. Beckmann (1952) proposes an approximate solution pro-

cedure using Lagrange multipliers to account for limited storage capacities or capital

budgets while simultaneously minimizing total cost in a multi-item lot-sizing problem.

Subsequent research by Ziegler (1982) and Ventura and Klein (1988) refines this ap-

proach by incorporating appropriate bounds and enhancing the search strategy.

Lee (1994) examines a multi-item economic order quantity problem where order quan-

tities and sales prices are jointly optimized to maximize profit. Beyond the impact of

inventory holding cost on total profit, the author introduces inventory constraints on

both the maximum available storage space and the total inventory investment budget.

The problem is solved using geometric programming. Bretthauer et al. (2006) present a

model and solution approach for both continuous and integer-variable versions of produc-

tion and inventory management problems under multiple resource constraints. In their

model formulation, inventories are captured both as holding cost within the objective

function and through a constraint on the upper limit of total inventory investment.

We contribute to the aforementioned literature by providing real-world insights into

how a multinational agricultural solutions provider manages its inventory levels beyond

the standard holding-cost-based approach by implementing a maximum total inventory

investment ceiling. A key distinction of our work is that all previously discussed studies

assume centralized decision-making by a single decision-maker. In practice, however,
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decision-making power is often distributed across multiple agents. At the case company,

operations are divided into distinct BUs, each led by a dedicated BUH. Our work provides

insights into how the case company balances total expected firm profit and the total

inventory investment across its BUs through the disaggregation of a global inventory

investment ceiling into BU-specific limits.

In our problem context, the IC can be interpreted as a shared scarce resource that must

be distributed across BUs. The challenge of allocating limited resources across agents has

received substantial research attention across management sciences and has been widely

applied to various operations research problems, including production planning, network

optimization, and inventory management since the 1950s (Patriksson 2008, Kaihara

2001, Benjaafar et al. 2017).

The effective allocation of resources is often complicated by the distributed structure

of most modern corporations, where decision-making power is frequently shared between

headquarters and regional managers. In such environments, local managers typically hold

private information about the benefits of deploying resources in their markets (Harris

et al. 1982). Local managers might therefore be incentivized to withhold or strategically

manipulate private information to secure favorable access to global resources that align

with their own objectives (Alonso et al. 2008, Rajan and Reichelstein 2004). Similarly,

the process of allocating the total IC across the BUs of the case company is complicated

by private information held by self-optimizing BUHs. We contribute to the literature

on resource allocation (RA) under distributed decision-making and private information

by providing insights into a real-life allocation problem faced by the case company.

We discuss the stakeholders involved, their incentives, decision-making power, and the

allocation mechanism currently implemented at the case company.

To ensure effective resource allocation despite private information, the research field

of mechanism design has emerged as a sub-field of game theory that develops incentive

schemes to align the actions of rational agents with private information to an overall

organizational objective. This approach has been widely applied to various resource

allocation problems in operations research (Hurwicz 1973).

Groves and Loeb (1979) examine a problem in which BU managers hold private knowl-

edge regarding the productivity of consuming a shared global resource within their BU.

The authors propose a truth-inducing incentive mechanism in which BU managers are

compensated based on their contribution to overall profit. Karabuk and Wu (2005)
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analyze the internal capacity allocation game faced by a major US semiconductor man-

ufacturer, where multiple product managers compete for access to limited production

capacity. To overcome the conflicts arising from incentivizing product managers purely

based on generated profit, the authors propose a scheme that compensates product man-

agers not only for the profit of their own BU but also through an additional side-payment

to ensure that coordination benefits are appropriately shared among product managers

and to encourage cooperation. Mallik and Harker (2004) extend the problem to a set-

ting with multiple production facilities. Celikbas et al. (1999) introduce an approach to

coordinate the marketing and manufacturing departments of a leading electronics and

computer manufacturer by implementing penalties for marketing managers who over-

forecast demand and manufacturing managers who under-forecast supply volumes to

better align demand forecasts with production capacities.

One common approach in mechanism design is to coordinate self-interested agents by

introducing internal markets (Katok and Villa 2022). To this end, a substantial body

of literature has emerged on how to design such markets, for example, by leveraging

auctions.

Harris et al. (1982) address an intrafirm allocation problem by introducing a trans-

fer pricing scheme in which divisional managers, who hold private information on their

own productivity, signal their willingness to pay for a limited global resource. In cases

of shortages, the allocation of resources is prioritized based on ranked transfer bids.

To ensure truthful bidding, managers are compensated based on a fixed salary minus

the cost of the resource allocated to them at the chosen transfer price. Kouvelis and

Lariviere (2000) propose internal markets through which business functions can offer

and receive outputs. The authors apply their approach to different settings, including a

multi-newsvendor problem with a shared capacity constraint and the coordination of a

multi-stage production system. Kaihara (2001) presents a market-oriented approach to

general supply chain coordination problems based on a bidding system, in which agents

can submit supply and demand bids for resources. Through an auction mechanism, a

resource price is determined to clear the respective resource market. The author con-

ducts a simulation analysis to confirm that the resulting allocation converges to the

Pareto-optimal solution. Ertogral and Wu (2000) solve a multi-level, multi-item capaci-

tated lot-sizing problem in an environment of self-interested decision-makers by resolving

scheduling conflicts through conflict pricing, thereby allocating the constrained resource

to the highest bidder. Malone (2004) proposes a mechanism to coordinate sales and
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production plant managers subject to planning constraints by using future contracts to

trade the guaranteed availability of products at distinct points in the future. McAdams

and Malone (2011) further explore this idea through their collaboration with Intel Cor-

poration. In addition to providing a formal market model, the authors discuss risks

and potential solutions for market efficiency issues arising from factors such as collu-

sion among agents and negative externalities. Karabati and Yalçin (2014) propose an

auction-based market design to simultaneously solve a production scheduling problem

and allocate inventories to buyers.

The above studies primarily address the allocation of scarce physical resources, such

as limited raw materials or machine capacities. In our work, we address the allocation

of a maximum inventory investment cap, which the case company aims to not exceed.

Similarly, BP implemented an internal market to coordinate the disaggregation of their

corporate carbon reduction target into individual, BU-specific reduction targets. Ini-

tially, BP distributed annual carbon emission permits through a top-down approach.

Subsequently, BP opened an electronic trading system that allowed BU managers to

buy and sell permits at derived market prices. In 2001, following the initial allocation,

the BP’s BUHs traded emission permits worth more than $180 million (Malone 2004).

We contribute to the mechanism design literature by examining how a multi-unit

auction can be applied to the coordination problem faced by the case company in disag-

gregating the total IC into BU-specific ICs under conditions of private information and

conflicting incentives. To this end, we derive the optimal closed-form decision policies

for the BUHs and discuss key drivers of optimal decision-making.

Throughout our work, we assume that agents act rationally and engage in ”sincere

bidding” by truthfully revealing their valuations during the auction. Therefore, we do

not discuss in detail the market design options that could enhance the robustness of

allocation outcomes against market efficiency issues. Such issues may arise from strong

imbalances in the relative market power of involved bidders, which could provide strate-

gic incentives for large bidders to engage in bid shading (Cramton and Kerr 2002). For

further insights into multi-unit auction design across different application environments,

we refer to Vickrey (1961), Ausubel (2004) and Milgrom (2004).
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3.3. Problem definition and model formulation

In the following section, we provide a detailed description of the decision problem faced

by the case company, followed by its formal model representation.

3.3.1. Problem description

Our study is based on a collaboration with an agricultural solutions supplier. The case

company provides both chemical and biological crop protection products, as well as

seeds and seed treatments, to farmers worldwide. The demand for agricultural solutions

is highly seasonal and uncertain, driven by a range of hard-to-predict factors, including

global agricultural commodity prices, weather conditions, and local disease pressure.

Due to limited production and processing capacities, the case company pre-produces

products to build up sufficient inventories before the selling season. As a result, the

company must determine the volumes to be supplied before the realization of uncertain

seasonal demand. Any unsold product must be stored until the next selling season. Both

pre-production and leftover inventories lead to substantial inventory investments. Pre-

production inventories are deterministic, dictated by available capacity and production

volumes. In contrast, the cash tied up in leftover inventories depends on actual demand

realization and is thus uncertain.

The case company has the option to reduce leftover inventories after the selling season

through various measures, such as selling leftover seeds into secondary value chains (e.g.,

livestock feed) or placing crop protection products into distributor inventories. While

helping to free up capital tied up in inventory, these strategies generate additional costs.

The company operates through multiple BUs, each managed by a dedicated BUH who

is responsible for its own production assets and performance. All BUHs report to the

MB of the company, which retains influence over BU decision-making through target-

setting and incentive schemes. The MB also engages with capital markets, including

shareholders and creditors.

Pre-production and demand uncertainty lead to significant inventory levels. As high-

lighted in the introduction, inventory management is critical not only for maximizing

profit but also because the total cash invested in inventories is considered a core KPI

by the firm’s investors and is used to assess the firm’s operating efficiency. Financial an-

alysts frequently benchmark the case company against key competitors based on total
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profit relative to overall inventory investment. Consequently, the MB must balance two

KPIs: (i) total corporate profit and (ii) total capital investment in inventories.

However, simultaneously optimizing both KPIs presents a challenge: higher inventory

investments ensure adequate product supply to capture uncertain demand, while lower

capital deployment increases the risk of lost sales. To manage this trade-off, the MB

imposes an annual inventory investment ceiling. Within the limits of this constraint, the

MB aims to maximize total expected corporate profit. Due to a highly volatile business

environment, the case company focuses its steering efforts predominantly on the current

business year.

To operationalize the steering of both KPIs, the MB allocates the total inventory

investment ceiling across its BUs by setting individual BU-specific inventory investment

ceilings. The MB communicates these ceilings to the BUHs prior to the start of the

business year. Subsequently, each BUH is incentivized through an incentive scheme to

maximize their own profit while ensuring adherence to the allocated inventory investment

budget. Our research focuses on how to optimally allocate the total inventory investment

ceiling across BUs to maximize the expected total profit of the firm.

This allocation decision is complicated by two factors:

1. Private information: Key parameters, such as profitability and the distribution of

uncertain demand, are privately known only by each BUH, as they require direct

customer interaction. Such information is neither known to the MB nor to other

BUHs. At the case company, the MB relies on central information systems and

industry studies to estimate the value of selected parameters, such as monthly

production capacities and expected market demands.

2. Conflicting incentives: Each BUH is compensated based on BU-specific profit. Since

the inventory investment ceiling limits product supply and thus profit potential,

BUHs have an incentive to strategically disclose private information in an attempt

to secure a higher share of the inventory budget.

Given these challenges, the MB currently bypasses direct BU input and instead es-

timates inventory investment needs using market growth expectations from industry

studies and production capacities based on historical production data. Based on these es-

timates, inventory investment ceilings are allocated proportionally to the pre-production

inventory volumes associated with the supply of expected market demands across BUs.
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However, the current allocation approach, formalized in Section 3.5.1, has led to dissat-

isfaction among both the MB and BUHs, particularly due to its inability to account for

differences in demand uncertainty and profitability across BUs.

In this paper, we therefore develop an alternative method. Inspired by the success in

other domains (Malone 2004), we propose an auction-based mechanism to distribute the

inventory investment ceiling across BUs.

3.3.2. Model formulation

We formalize the decision problem as follows. The firm consists of i = 1, ..., I BUs. The

goal of the firm is to maximize total expected profit (π) while ensuring that the total

inventory investment (l) does not exceed the total inventory investment ceiling (τ). We

do not consider the decision of how to set τ itself, as this decision depends on several

factors, such as shareholder expectations and market conditions, which are beyond the

scope of this study.

In line with steering practices at the case company, we focus our analysis on a single

business year and assume that all actors adopt this perspective. Figure 3.1 summarizes

the sequence of events. Before the start of the business year, the MB must allocate

the total inventory investment ceiling (τ) among the BUs, setting BU-specific inventory

investment ceilings (τi), such that τ =
∑I

i=1 τi.

Our work focuses on how to optimally split τ into BU-specific ceilings.

Figure 3.1.: Overview of sequence of events along the business year.

The demand for agricultural solutions is highly seasonal, driven by the annual growing

cycle and narrow, product-specific application windows that last only a few weeks each

year. We therefore assume that all annual demand of BU i is realized at a single point

in time. Consequently, the business year can be divided into tbi months before and tai

months after the selling season, such that tbi + tai = 12 months. In addition, we simplify
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the analysis by aggregating the demand for the individual solutions offered by BU i into

a single product representing the total market demand faced by BU i. The total market

demand of BU i, denoted as di, is uncertain (di ∈ Di), with a distribution function (DF)

of finite support fi(x) and a corresponding cumulative distribution function (CDF) Fi(x).

We assume that market demand is independent across BUs.

Notation Description

Deterministic parameters:

ci Production capacities available at BU i in units per month.
mi Per unit profit of BU i.
vi Per unit inventory value of BU i.
hi Inventory holding cost per unit of inventory value and month of BU i.
ki Cost per unit of reduced leftover inventories after realization of demand of BU i.
si Units of starting inventory at beginning of business year of BU i.
tbi Number of months between start of business year and start of selling season of BU i.
tai Number of months between end of selling season and end of business year of BU i.
τi IC of BU i (transformed from parameter to decision variable for BUHs during auction).

Stochastic parameters:

di Uncertain annual market demand (di ∈ Di) faced by BU i with DF fi(x) and CDF Fi(x).

Decisions variables:

Qi Total product volume supplied by BU i to its market for business year.
Ri Total volume of reduced leftover inventories by BU i after realization of demand.
πi Expected profit of BU i.
li Total inventory investment of BU i.

Table 3.1.: Overview of used notation.

Each BUH aims to maximize the expected profit (πi) of their BU while ensuring that

the total inventory investment (li) does not exceed the allocated ceiling (τi). In line

with the introductory motivation, we therefore treat inventory not only as part of the

profit function through holding costs, but also as an asset with a distinct KPI of its

own. Once the MB has communicated the allocated inventory investment ceilings, each

BUH determines the volume (Qi) to be supplied to their market for the upcoming selling

season.

BUs operate in a continuous production environment, where production is capacity-

constrained at ci units per month. Given an initial stock of si units, the BU must ramp

up production (Qi−si)
+

ci
months in advance of the selling season. Pre-produced product

volumes are kept in BU inventories.

Each unit sold generates a profit of mi. Any unsold product results in leftover inven-

tory, which can either be carried over to the next selling season or eliminated through

dedicated reduction measures. We denote the units of reduced leftover inventory after
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demand realization as Ri(di). Reducing leftover inventory generates an extra cost of ki

per unit. Any remaining unsold product is held in stock until the next selling season,

thereby contributing to the total annual inventory investment (li) for the remaining tai

months of the business year. Figure 3.2 illustrates the relationship between key param-

eters, decisions, and inventory levels.

Figure 3.2.: Inventory level along business year.

Each unit of product has a per-unit inventory value of vi. The total inventory in-

vestment (li) of BU i consists of two parts: deterministic pre-production inventory held

before the selling season and unsold, non-reduced leftover products that remain in stock

until the end of the business year. Thus, the total inventory investment is given by:

li = vi · (tbi · si +
(Qi − si)

2

2 · ci
+ tai · (Qi − di −Ri(di))

+). (3.1)

If the BU invests capital in inventory, it forgoes returns that could be gained from

alternative investments. We denote hi as the opportunity cost associated with holding

one monetary unit worth of inventory for one month. BU i therefore faces a total cost

of capital due to inventory investments over the course of the business year of hi · li. We

assume that the per-unit inventory reduction cost exceeds the capital cost of holding

one unit of unsold product from the selling season to the end of the business year, i.e.,

ki > vi · hi · tai .
In the case of centralized information, we can formulate an integrated decision prob-

lem in which the MB jointly determines BU-specific inventory investment ceilings (τ⃗ =

(τ1, . . . , τI)) and supply volumes (Q⃗ = (Q1, . . . , QI)) at the start of the business year,
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such that total expected profit of the firm is maximized while ensuring that none of

the BUs exceed their respective inventory investment ceilings. As discussed in Section

3.3.1, the problem is complicated by information asymmetry. We assume that expected

market demands (E[di]) and monthly production capacities (ci) are known to the MB,

and that all other parameters are private information of the respective BUH, unknown

to both the MB and other BUHs. We summarize the notation used in Table 3.1.

Integrated inventory ceiling allocation problem

Under central information availability, the integrated inventory ceiling allocation prob-

lem (ICAP) can be formulated as a two-stage stochastic optimization model with re-

course:

max
Q⃗,τ⃗

Ed⃗[π] =
I∑

i=1

Edi [πi(τi, Qi, di)] (3.2)

s.t.:
I∑

i=1

τi ≤ τ (3.3)

τi ≥ 0 ∀i ∈ {1, ..., I} (3.4)

Qi ≥ si ∀i ∈ {1, ..., I} (3.5)

with

πi(τi, Qi, di) = max
Ri

{mi ·min{Qi, di} − hi · li − ki ·Ri)} (3.6)

s.t.: li = vi · (tbi · si +
(Qi − si)

2

2ci
+ tai · (Qi − di −Ri)

+) (3.7)

li ≤ τi (3.8)

Ri ≥ 0 (3.9)

τi ∈ R+, Qi ∈ R+, di ∈ Di (3.10)

Objective function (3.2) to constraints (3.5) form the first stage, and objective function

(3.6) to constraint (3.9) constitute the second stage of the stochastic decision problem

with recourse. In the first stage, optimal supply volumes and BU-specific inventory in-

vestment ceilings are determined. Objective function (3.2) represents the firm’s total

expected profit, which is to be maximized and calculated as the sum of expected profit
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of each BU. Constraint (3.3) ensures that the sum of the BU-specific inventory invest-

ment ceilings does not exceed the firm’s total inventory investment ceiling. Constraints

(3.4) ensure that all BU-specific inventory investment ceilings are non-negative, and

constraints (3.5) enforce that each BU must supply at least its initial inventory to its

respective market

In the second stage, the optimal volume of leftover stocks Ri to be reduced after

the realization of uncertain market demand di is determined so that the BU’s profit

is maximized while ensuring adherence to the inventory investment ceilings. Objective

function (3.6) represents the profit of BU i, which consists of realized margins minus

inventory holding and inventory reduction costs. Constraint (3.7) specifies the total

inventory investment, and constraint (3.8) enforces that it cannot exceed the allocated

inventory investment ceiling. Constraint (3.9) ensures that the reduced leftover volume

is non-negative.

Note that the model captures the complexities associated with maximizing total ex-

pected profit while simultaneously disaggregating the total inventory investment budget

into BU-specific inventory investment ceilings, which must not be exceeded under any

realization of market demand. Mathematically, the admissible inventory budget is cap-

tured by constraints (3.3), (3.4), and (3.8). Omitting these constraints turns the model

into a traditional inventory planning problem, in which inventory levels are set based on

the trade-off between holding costs and the risk of lost sales. In the absence of an inven-

tory investment constraint, the optimal inventory reduction quantity is zero (Ri = 0),

since reducing leftover stocks is more expensive than holding inventory until the end of

the business year (ki > vi · hi · tai ).
We can simplify the ICAP by determining the optimal decision policy of Ri in the

second stage based on the following proposition.

Proposition 3.1. Let τi ≥ vi · (tbi · si +
(Qi−si)

2

2·ci ), then the optimal leftover reduction

decision Ri(di) after the realization of di is

Ri(di) = (λi − di)
+ (3.11)

with

λi ≡ Qi −
τi − vi · (tbi · si +

(Qi−si)
2

2·ci )

vi · tai
. (3.12)
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We provide the proof of Proposition 3.1 in Section B.1 of Appendix B. Note that λi

represents the lowest demand realization at which all resulting leftovers (Qi − λi) can

be kept in stock without exceeding the total IC τi. λi can thus be interpreted as the

inventory reduction threshold, i.e., any additional leftover volumes caused by demand

realizations below λi must be fully reduced to ensure adherence to the IC. Based on

Proposition 3.1, we can reformulate the ICAP as a single-stage stochastic problem.

The solution to the integrated problem formulation represents the first-best solution of

the ICAP. To solve the ICAP centrally, the MBmust possess full knowledge of all relevant

problem parameters. However, as motivated in previous sections, relevant parameters are

private knowledge of self-optimizing BUHs and we assume that only expected market

demands and monthly production capacities are known to the MB. All other parameters

are private information of the responsible BUH and are neither known to the MB, nor

to other BUHs.

To incorporate information asymmetries and the distributed decision-making structure

of the problem summarized in Figure 3.1, we split the problem into I lower-level decision

problems faced by each individual BUH and a single upper-level problem faced by the

MB.

Decision problem of the BUHs: Optimal supply volume under an exogenous

inventory investment ceiling

In the lower-level problem, each BUH decides on their optimal supply and leftover reduc-

tion quantities to maximize the expected profit of their respective BU, given a specified

inventory investment ceiling. Note that in the lower-level problems, τ⃗ is no longer a deci-

sion variable, but a parameter set by the MB in the upper-level problem. We formulate
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the optimal supply response problem (SRP), which is solved by each BUH i for a given

inventory ceiling τi, as follows:

max
Qi

Edi [πi(τi)] = Edi [mi ·min{Qi, di} − hi · li − ki ·Ri] (3.13)

s.t.: Qi ≥ si (3.14)

Ri = (Qi −
τi − vi · (tbi · si +

(Qi−si)
2

2·ci )

vi · tai
− di)

+ (3.15)

li = vi · (tbi · si +
(Qi − si)

2

2 · ci
+ tai · (Qi − di −Ri)

+) (3.16)

τi ≥ vi · (tbi · si +
(Qi − si)

2

2 · ci
) (3.17)

Objective function (3.13) represents the expected BU-level profit to be maximized.

Constraint (3.14) ensures that each BU must at least supply its starting stocks. Equa-

tion (3.15) sets the optimal leftover reduction decision based on Proposition (3.1) and

equation (3.16) sets the associated total inventory investment. Constraint (3.17) enforces

that deterministic pre-production inventories cannot exceed the total inventory invest-

ment ceiling to ensure that robust adherence can be ensured under any realization of

uncertain demand by reducing leftover inventories.

Proposition 3.2. Let vi · tbi · si ≤ τi, then the optimal supply quantity of BU i under a

given τi of the SRP is:

Q∗
i =

min(Qint
i , Qi) si ≤ min(Qint

i , Qi)

si Qint
i < si ≤ Qi

(3.18)

with

Qi ≡
c

2 · ci(
τi
vi
− tbi · si) + si (3.19)

Qint
i : mi +

vi · hi · si
ci

=mi · Fi(Qi) + vi · hi · (
Qi − si

ci
+ tai · Fi(Qi)) (3.20)

+ (1 +
Qi − si
ci · tai

) · (ki · vi · hi ·+tai ) · Fi(λi)
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Note that if vi · tbi ·si > τi, the provided inventory investment ceiling τi is not sufficient

to cover the deterministic pre-season inventory investment linked to the starting stocks

si of BU i, rendering the problem infeasible. We provide the proof of Proposition 3.2 in

Section B.2 of Appendix B.

By analyzing the optimality conditions, we can derive key insights into the optimal

supply decisions of BUHs in response to a given inventory investment ceiling.

Observation III.1. The optimal supply decision is non-decreasing in the inventory

investment ceiling.

Following its definition, and assuming all else equal, λi is decreasing in τi. Based on

the optimality condition (3.20), the optimal Qi is non-increasing in λi, and therefore

non-decreasing in τi.

Observation III.2. For a given inventory investment ceiling, the optimal supply quan-

tity is increasing in margin and production capacity and decreasing in inventory value,

inventory holding cost, and inventory reduction cost.

We can rearrange the optimality condition (3.20) to find that the expected marginal

benefit of increasing the supply quantity (mi · (1 − Fi(Qi)) · Qi) equals the marginal

increase in expected cost under the optimal Qi. The marginal cost increase consists of

the additional inventory holding cost from pre-production (vi ·hi ·(Qi−si
ci

)), the increase in

expected inventory holding cost from carrying non-sold and non-reduced stocks until the

end of the business year (vi ·hi · tai · (Fi(Qi)− ∂λi

∂Qi
·F (λi))), and the marginal cost increase

of (partially) reducing leftover inventories (ki · ∂λi

∂Qi
· F (λi)), where

∂λi

∂Qi
= 1+ Qi−si

ci·tai
. Qi is

thus increasing in mi and ci, and decreasing in vi, hi, and ki.

Decision problem of the MB: Split of the overall inventory investment

ceiling across BUs

In the upper-level problem, the MB decides how to allocate the overall inventory in-

vestment ceiling (τ) into BU-specific ceilings (τ⃗), such that the firm’s total expected

profit is maximized (objective function (3.21)), the total inventory investment ceiling is

not exceeded (constraint (3.22)), and all BU-specific inventory ceilings are non-negative
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(constraints (3.23)). We formulate the inventory ceiling splitting problem (CSP), which

is solved by the MB, as follows:

max
τ⃗

Ed⃗[π] =
I∑

i=1

Edi [πi(τi)] (3.21)

s.t.:
I∑

i=1

τi ≤ τ (3.22)

τi ≥ 0 ∀i ∈ {1, ..., I} (3.23)

Due to the private information held by each BUH, the MB cannot solve the CSP,

as it cannot determine the expected profit resulting from BUHs solving their SRPs in

response to a given τ⃗ . At the case company, the MB relies on an allocation heuristic

based on the limited centrally available information, which we present in Subsection

3.5.1.

Note that the coordination problem between the MB and the BUHs arises because the

BUHs compete for a higher share of the total inventory investment ceiling to maximize

their own BU profits. In the absence of an inventory investment constraint, there would

be no need for the MB to intervene, as self-optimizing BUHs would collectively optimize

the MB’s overall objective function, which is composed of the sum of expected individual

BU profits. Without an inventory investment constraint, the inventory level of each BU

would be driven by the traditional trade-off between inventory holding cost and the risk

of lost sales.

3.4. Auction-based distribution of inventory

investment ceiling

To mitigate the risk of suboptimal top-down allocations based on the MB’s limited

information, we propose eliminating the top-down split of the total investment ceiling

into BU-specific targets altogether.

In various domains, auction mechanisms have been successfully applied to allocate

limited central resources among self-interested agents with private information. For ex-

ample, carbon emission auctions are widely used to distribute a fixed cap on carbon

emissions across private and public organizations as a means to combat climate change.
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During such auctions, bidders purchase carbon emission permits that entitle them to

emit a predefined amount of carbon per permit purchased (Cramton and Kerr 2002).

3.4.1. Auction mechanism

We propose replacing the MB’s central allocation of inventory investment ceilings with

an auction-based mechanism through which BUHs are charged for access to the total

inventory investment budget. Instead of assigning investment ceilings to BUs top-down,

the total inventory investment ceiling is split into τ inventory investment permits. Each

permit entitles its owner to invest one monetary unit in inventory for one month. These

permits are auctioned to BUHs through a multi-unit auction, conducted by the MB be-

fore the start of the business year. Note that we do not discuss specific auction designs in

the following. For an overview of different multi-unit auction designs, see Vickrey (1961),

Ausubel (2004), and Milgrom (2004). Instead, we focus on how an auction can be applied

to coordinate the problem faced by the case company. Specifically, we assume that BUHs

act rationally and engage in ”sincere bidding”, meaning that they reveal their true val-

uation of inventory investment permits, and that these permits are therefore allocated

to the BUH with the highest willingness to pay under the chosen auction mechanism.

While this is a common assumption in the literature, authors such as Vickrey (1961)

have shown that sincere bidding might not always be the optimal strategy, particularly

in markets with large, dominant bidders. We refer the reader to Ausubel et al. (2014)

for a general discussion on the risk of inefficient market outcomes in multi-unit auctions.

In the following, we describe how a multi-unit ascending-clock auction can be applied

by the MB to allocate permits across BUHs.

At the beginning of the auction, the MB announces an initial starting price and asks

the BUHs to submit bids on the number of permits they intend to purchase at the current

per unit price of p. Subsequently, the MB continuously increases the auction price p in

discrete steps of ϵ. After each increase, the MB collects bids from each BUH based

on the current auction price p. The auction terminates when the total bids no longer

exceed τ . At this point, each BUH is allocated the number of permits corresponding

to their winning bids, which define its BU-specific inventory investment ceiling (τi) for

the upcoming business year. The steps of the multi-unit ascending-clock auction are

summarized in Algorithm 3.1.
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Algorithm 3.1: Auction mechanism: Allocate τ inventory permits across BUs.

Result: τ⃗ = (τ1, ..., τI) and p
p← 0;
Collect new bids based on p from BUs: τi(p);

while
∑I

i=1 τi(p) > τ do
p← p+ ϵ;
Collect new bids based on p from BUs: τi(p);
τ⃗ ← (τ1(p), ..., τI(p));

Auction terminates with allocation τ⃗ at price p

To ensure an efficient allocation of permits and incentive compatibility, BUHs are

compensated based on their BU profit minus the permit purchase cost accrued during

the auction, i.e., πi − p · τi at the end of the business year. This compensation structure

ensures that permits are allocated to BUHs with the highest willingness-to-pay, i.e.,

those that can generate the highest marginal increase in expected profit from receiving

additional inventory investment permits.

By introducing a permit auction, the BUH’s objective of maximizing their own ex-

pected profit aligns with the MB’s objective of allocating inventory permits in a way

that maximizes the firm’s total expected profit. Thus, the auction mechanism allows the

MB to implement the first-best allocation despite decentralized decision-making and the

private information held by the BUHs.

Furthermore, the market-clearing price p determined during the auction provides valu-

able insights for the MB regarding the trade-off between the firm’s total expected profit

and its maximum inventory investment ceiling. We discuss this trade-off further in Sec-

tion 3.6.

In the following, we derive and analyze the optimal decision-making policies of each

BUH in order to maximize their own expected profit. In Subsection 3.3.2, we first deter-

mine the optimal BU response to a given inventory investment ceiling τi. In Subsection

3.4.2, we subsequently analyze the optimal decision-making policies when BUHs set their

own inventory investment ceilings by acquiring permits through an auction.
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3.4.2. Optimal supply decision under an endogenous inventory

ceiling

In the following subsection, we determine the optimal bidding strategy of BUHs during

the inventory investment permit auction at the beginning of the business year. Each

BUH must decide how many permits τi to bid for at a given auction price p, as well as

the corresponding optimal supply quantity Qi, to maximize their own expected profit.

We reformulate the decision problem from the previous subsection by converting τi

from a parameter to a decision variable, and by incorporating the permit purchase cost

into the objective function:

max
Qi,τi

E[πi]− p · τi

= mi · E[min{Qi, di}] (3.24)

− hi ·min{τi, vi · (tbi · si +
(Qi − si)

2

2 · ci
+ tai · (Qi − di)

+}

− ki · E[(λi − di)
+]− p · τi

s.t.: vi · (tbi · si +
(Qi − si)

2

2 · ci
) ≤ τi (3.25)

si ≤ Qi (3.26)

For an auction price of p = 0, the model above represents a decision problem without a

maximum inventory investment constraint in which the impact of inventory is captured

purely through holding cost in the objective function.

Proposition 3.3. Let

A ≡mi +
hi + p

ci
· vi · si (3.27)

B(x) ≡p · vi · tai + (mi + vi · hi · tai ) · Fi(x) +
hi + p

ci
· vi · x (3.28)

C(x) ≡(mi + ki) · Fi(x) + (p+ hi) ·
vi · x
ci

(3.29)
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Then the optimal decision policies of BUHs during the inventory permit auction are

as follows:
Optimal decisions

Case Q∗
i λ∗

i τ ∗
i

max{A,B(si)} ≥ B(F−1
i (

p·vi·tai
ki−vi·hi·tai

))

1
mi−p·vi·tai
mi+vi·hi·tai

≥ Fi(si) Qi : A = B(Qi) F−1
i (

p·vi·tai
ki−vi·hi·tai

) vi · (tbi · si +
(Qi−si)

2

2·ci + tai · (Qi − λi))

2
mi−p·vi·tai
mi+vi·hi·tai

< Fi(si) si F−1
i (

p·vi·tai
ki−vi·hi·tai

) vi · (tbi · si + tai · (si − λi))

max{A,B(si)} < B(F−1
i (

p·vi·tai
ki−vi·hi·tai

))

3 mi

mi+ki
≥ Fi(si) Qi : A = C(Qi) Qi vi · (tbi · si +

(Qi−si)
2

2·ci )

4 mi

mi+ki
< Fi(si) si si tbi · si · vi

We provide the proof of Proposition 3.3 in Section B.3 of Appendix B.

Again, we can analyze the optimality conditions of the different cases to gain general

insights into the optimal decision-making of BUHs during the inventory investment

permit auction. We focus on Cases 1 and 3, in which it is optimal for the BUs to supply

volumes beyond their starting inventories and production is therefore larger than zero

(Qi > si).

If constraint (3.25) is non-binding (Case 1), it is optimal for BUHs to purchase per-

mits beyond those required to cover deterministic pre-production inventories (λi < Qi),

thereby reducing the risk of costly leftover reduction measures needed to ensure adher-

ence to the inventory investment ceiling. The BUH’s decision on λi can be interpreted

as a newsvendor trade-off: if λi < di, the BUH has set λi too low by purchasing too

many permits to cover the risk of additional capital tied up in leftovers. Underage cost

corresponds to p · vi · tai per unit of λi below di. If λi > di, the BUH has set λi too high,

and it would have been optimal to purchase more permits during the auction to avoid

costly reduction measures. Per-unit overage cost corresponds to the leftover reduction

cost (ki) minus the saved permit purchase cost (p · vi · tai ), as well as inventory holding

cost (hi · vi · tai ). We thus obtain λi = F−1
i

´

p·vi·tai
ki−vi·hi·tai

¯

based on the critical fractile of the

newsvendor trade-off.

We can rearrange the optimality condition of Qi to mi(1 − Fi(Qi)) = (p + hi) · vi ·
Qi−si

ci
+ vi · tai · (p+ hi ·Fi(Qi)). The optimal Qi balances the expected marginal increase

in gross profit (left-hand side) with the expected marginal increase in cost (right-hand

side).
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Observation III.3. Under Case 1, the optimal supply quantity is increasing in margin

and capacity and decreasing in inventory holding cost, inventory value, and the auction

price. The optimal supply quantity is independent of the leftover reduction cost.

Observation III.4. Under Case 1, the optimal number of purchased permits is increas-

ing in margin and leftover reduction cost and decreasing in holding cost and the auction

price.

Under Case 3, it is optimal for BUHs to only purchase permits to cover the certain pre-

production inventories and to ensure adherence to the inventory ceiling by reducing any

leftover inventories. We can rearrange the optimality condition to obtainmi(1−Fi(Qi)) =

(vi ·hi+p ·vi) · Qi−si
ci

+ki ·Fi(Qi). Under the optimal Qi, the marginal benefit of additional

expected margin equals the expected marginal cost caused by the holding and permit

purchase cost of additional pre-production inventories and the leftover reduction cost if

di < Qi.

Observation III.5. Under Case 3 and in line with Case 1, the optimal supply quantity

is increasing in margin and capacity and decreasing in holding cost, inventory value, and

the auction price. In contrast to Case 1, the optimal supply quantity is decreasing in the

leftover reduction cost.

Observation III.6. In line with Case 1, the optimal number of purchased permits in-

creases in margin and decreases in holding cost and the auction price. In contrast to Case

1, the optimal number of purchased permits decreases in the leftover reduction cost.

3.5. Numerical study based on synthetic data

The objective of the following section is to gain insights into the performance of the

proposed auction-based mechanism for allocating the overall inventory investment ceiling

across BUs, which we denote by AB. To this end, we evaluate its overall performance,

analyze the resulting solution structure, and compare it to the current company practice

(IP ) as well as two additional theoretical benchmarks, V P and EQ.

3.5.1. Study setup and benchmark strategies

We generate a synthetic data set comprising 128 BUs to analyze the performance of the

different allocation methods. The 27 = 128 BUs represent the full combination of low
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and high levels for the seven parameters shown in Table 3.2. Additionally, we assume

that demand for all BUs follows a normal distribution with an expected demand and

a coefficient of variation as stated in Table 3.2. As discussed previously, our analysis

focuses on a single business year. For simplicity, we assume that all demand occurs at

the end of month 10, dividing the business year into 10 months before (tbi = 10) and 2

months after the selling season (tai = 2). Furthermore, we assume no starting inventories

from the previous season (si = 0).

Parameter Realizations

E[di] {50, 100}
cvi {0.1, 0.4}
vi {5, 10}
hi {0.1

12
, 0.3

12
}

mi {0.25 vi, 0.75 vi}
ki {0.10 vi, 0.25 vi}
ci {E[di]

0.8 tbi
, E[di]

0.4 tbi
}

Table 3.2.: Sets of problem parameters used to construct the synthetic data set.

We evaluate the performance of the studied allocation mechanisms across five inven-

tory investment ceiling levels (ICLs), which are defined relative to the total inventory

investment required to meet the expected market demand across all BUs:

τ ICL = ICL ·
I∑

i=1

vi ·
E[di]

2

2 ci
. (3.30)

An ICL of 100% corresponds to an inventory investment ceiling equivalent to the total

inventory investment required for pre-producing the expected market demand of all BUs.

In our analysis, we consider ICLs of 50%, 75%, 100%, 125%, and 150%.

At the case company, the MB currently allocates the total inventory investment ceiling

in a top-down manner, setting BU-specific ceilings based on limited central information

about expected market volumes (E[di]) and monthly capacity levels (ci). Specifically,

the MB estimates the pre-production inventory volume required by each BU to meet
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expected market demand, and distributes the total investment ceiling proportionally

across these estimated volumes:

τ IPi =

E[di]
2

2 ci∑I
i=1

E[di]2

2 ci

· τ. (3.31)

We refer to the current company practice as IP (inventory-proportional).

Beyond the current company practice, we introduce two additional benchmark strate-

gies. Under volume-proportional allocation (V P ), the total inventory investment ceiling

is distributed in proportion to the expected market demands across the BUs:

τV P
i =

E[di]∑I
i=1 E[di]

· τ. (3.32)

Under equal distribution (EQ), the total inventory investment ceiling is divided equally

among all BUs:

τEQ
i =

τ

I
. (3.33)

3.5.2. Performance analysis of allocation strategies

In the following, we present the results of the numerical study, evaluating the perfor-

mance of the proposed auction-based allocation mechanism (AB) against the current

company practice (IP ) and the benchmark strategies. Table 3.3 reports the expected

total corporate profit under different ICLs for each method. Note that for AB, the to-

tal corporate profit is not influenced by auction payments between the BUs and the

MB. The percentage values in parentheses indicate the relative difference to the current

company strategy (IP ). We decompose total expected profit into its three components:

the expected gross margin generated from sales to customers, the expected inventory

holding cost, and the expected inventory reduction cost required to ensure adherence to

the inventory investment ceiling. In addition to presenting the results of the mechanisms

under different total inventory investment ceilings, we also provide the results for a pure

holding-cost-based model without any constraint on the total inventory investment in

the final row of Table 3.3 (ICL = ∞). This represents a traditional model setup in

which inventory levels are accounted for solely through the holding cost in the objective
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function, as discussed in Section 3.3.2. The results are equivalent to those of AB under

an auction price of zero.

Total profit Gross margin Holding cost Reduction cost

ICL AB IP V P EQ AB IP V P EQ AB IP V P EQ AB IP V P EQ

Avg. 280.1 (7%) 262.5 264.1 (1%) 258.8 (-1%) 314.4 295.6 296.5 289.8 30.9 29.3 28.9 27.7 3.4 3.8 3.5 3.3

50% 248.6 (13%) 219.2 224.8 (3%) 219.9 (0%) 270.3 239.9 245.8 240.2 17.4 17.7 17.5 17.2 4.4 3.0 3.5 3.2
75% 274.1 (9%) 251.0 255.1 (2%) 248.2 (-1%) 304.9 280.0 283.9 275.5 25.1 25.0 24.6 23.8 5.6 4.0 4.2 3.6
100% 287.1 (6%) 270.8 271.6 (0%) 266.0 (-2%) 323.2 305.5 305.9 298.6 31.8 30.7 30.2 29.0 4.3 4.1 4.0 3.6
125% 293.9 (4%) 282.8 281.5 (0%) 276.7 (-2%) 333.7 322.2 319.2 313.1 37.7 35.1 34.5 32.9 2.2 4.3 3.3 3.4
150% 296.8 (3%) 288.6 287.6 (0%) 283.1 (-2%) 340.0 330.3 327.7 321.7 42.4 38.1 37.5 35.9 0.7 3.6 2.6 2.7

∞ 297.7 343.6 45.9 0.0

Table 3.3.: Expected total corporate profit, gross margin, inventory holding cost, and
inventory reduction cost for different methods and ICLs.

AB outperforms all benchmark methods across all ICLs. By closing the gap to the first

best solution, AB improves total expected profit compared to IP by 7%, on average.

The improvement potential of AB is especially strong under low inventory investment

ceilings, i.e., 13% expected profit improvement under an ICL of 50%, which reduces

to 3% under a high ICL of 150%. These findings emphasize the critical importance of

effectively distributing the inventory ceiling, particularly under constrained investment

budgets. Simplistic allocation strategies relying solely on limited central information

prove inadequate. AB, by contrast, incentivizes BUHs to leverage their full private in-

formation through bidding strategies in the auction.

Among the benchmark methods, no single strategy consistently outperforms the oth-

ers. V P performs best on average, particularly under low ICLs, whereas IP slightly

outperforms V P at high ICLs. EQ performs the worst, especially under high ICLs. As

limiting the total inventory investment introduces a constraint to the decision problem,

total expected profits are below the expected profits of a pure holding-cost-based model

without any inventory investment constraint. As the ICL increases, expected profits con-

verge towards the expected total profit of the holding-cost-based model (297.7). Over-

all, the results highlight the need for allocation strategies that incorporate BU-specific

characteristics beyond centrally available information on expected demand volumes and

production capacities.

By analyzing the components of total profit separately, we find the following. AB

achieves the highest expected gross margin from sales across all ICLs, as the most prof-

itable BUHs purchase a larger share of the permits, particularly under low ICLs. For low
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and medium ICLs, AB incurs a higher expected reduction cost compared to the bench-

mark methods, as permits are predominantly used to cover deterministic pre-production

inventories to maximize supply and increase gross margin. As a result, a high share

of leftovers must be reduced, leading to higher expected reduction costs. If ICLs are

high, AB results in a lower expected reduction cost by minimizing instances where un-

derallocated BUs must reduce leftovers while overallocated BUs hold excess permits.

Overall, higher ICLs lead to a higher expected inventory holding cost as supply quan-

tities increase, and to a lower expected reduction cost required to ensure adherence to

the inventory investment ceiling, which aligns with the results of the pure holding-cost

model without an inventory investment constraint. As the per-unit reduction cost ex-

ceeds the inventory holding cost of keeping one unit in stock from the selling season to

the end of the business year (ki > vi · hi · tai ), the expected reduction volumes converge

to zero under a high ICL.

3.5.3. Solution structure and driver analysis

In the previous section, we analyzed the performance of AB in terms of expected profit.

We now examine the solution structure of AB. Specifically, we evaluate the relation

between problem parameters and the resulting optimal supply quantity, as well as the

optimal number of purchased permits under different ICLs. To this end, we run two sets

of linear regression analyses, treating the problem parameters E[di], cvi, vi,mi, ki, ci, and

hi as independent variables, and the supply quantity Qi and the number of purchased

permits τi resulting from AB as dependent variables. We derive the linear regression

models for all five ICLs and report the standardized regression coefficients in Table 3.4

and Figure 3.3. The numerical results extend the analytical insights on the directional

impact of problem parameters on optimal supply quantities and the number of purchased

permits obtained from the analysis of the closed-form solutions in Subsection 3.4.2.

We find that supplied volumes and the number of purchased permits are both increas-

ing in E[di] and mi, and decreasing in hi across all ICLs. Under low ICLs, BUs with a

higher degree of demand uncertainty (cvi) supply lower volumes and, consequently, pur-

chase fewer permits to cover the associated inventory investment. If the total inventory

investment ceiling is tight, more inventory permits are therefore invested in the supply

of products serving low-risk markets. Under high ICLs, BUs facing a higher degree of

69



Chapter III. Managing inventory investments in multi-divisional companies

Supply quantity (Qi) Purchased inventory permits (τi)
ICL E[di] cvi vi mi ki ci hi E[di] cvi vi mi ki ci hi

50% 0.36 -0.13 -0.32 0.65 -0.03 0.47 -0.09 0.49 -0.16 -0.01 0.81 -0.04 -0.14 -0.09
75% 0.56 -0.09 -0.24 0.49 -0.04 0.36 -0.13 0.67 -0.07 0.10 0.67 0.01 -0.29 -0.16
100% 0.68 -0.01 -0.21 0.40 -0.02 0.27 -0.15 0.73 0.08 0.13 0.57 0.09 -0.35 -0.21
125% 0.74 0.07 -0.18 0.33 0.00 0.22 -0.18 0.75 0.21 0.20 0.46 0.09 -0.37 -0.25
150% 0.76 0.13 -0.15 0.28 0.00 0.19 -0.20 0.76 0.31 0.27 0.37 0.07 -0.37 -0.25

Table 3.4.: Standardized regression coefficients of the linear regression analysis exam-
ining the influence of problem parameters on the supply quantity (Qi) and the number
of purchased inventory permits (τi) under AB by ICL.

demand uncertainty purchase a disproportionately larger number of permits to serve

uncertain but potentially high market demands.

We observe that BUs with a higher per-unit inventory value (vi) supply lower volumes

but are required to purchase more permits to cover the higher inventory investment. BUs

with high leftover reduction costs (ki) supply lower volumes and purchase fewer permits

under low ICLs. Under high ICLs, leftover reduction costs have no influence on Qi but

lead to higher permit purchases. The findings are consistent with the analytical insights

derived from the closed-form solution in Subsection 3.4.2. Low ICLs lead to high auction

prices, and an increasing number of BUs purchase permits only to cover deterministic

pre-production inventories (see Case 3 in Subsection 3.4.2). Under higher ICLs and lower

auction prices, BUs purchase permits to partially cover the risk of additional inventory

investments caused by leftover stocks, i.e., λi < Qi (see Case 1 in Subsection 3.4.2). For

BUs with a higher ki, the optimal inventory reduction threshold (λi) decreases, leading

to a higher number of purchased permits. The optimal number of purchased permits to

cover the risk of leftover stocks is thereby set through a separate newsvendor trade-off

determining λi, independent of the BU’s optimal supply volume. Finally, we find that

BUs with higher production capacities supply higher volumes to their markets while

requiring fewer inventory permits due to lower pre-production inventories.

Based on the standardized regression coefficients, we can gain insights not only into the

directional effect of parameter values on supplied volumes and purchased permits, but

also assess their relative importance for different ICLs. Under low ICLs, supply volumes

of different BUs are primarily differentiated by the profitability and production capacity

of the BU. As a result, BUs with high profitability purchase a disproportionately large

share of the overall inventory investment ceiling, and the available inventory investment

is primarily allocated to BUs with the highest profitability. Note that while BUs with
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high production capacity supply higher volumes to their markets, they purchase fewer

inventory permits because higher production capacities lead to lower pre-production in-

ventories. Under high ICLs, supply volumes are mainly differentiated by expected market

size (E[di]). As overall supply volumes increase with higher ICLs, inventory holding costs

become more important since pre-production inventories increase quadratically with Qi.

As a result, BUs with larger expected demand and lower production capacities purchase

more permits.

Figure 3.3.: Visualization of regression results presented in Table 3.4.

The analysis reveals several complex relationships between the problem parameters,

the optimal supply quantity, the optimal inventory investment ceiling by BU, and the

total inventory investment budget. The findings highlight the importance of a sophisti-

cated auction-based allocation mechanism compared to simple benchmarks.

3.5.4. Expected inventory investment levels

When setting the supply quantity and, under AB, determining the number of permits

to purchase, each BUH must decide how many permits to reserve to cover the additional

capital tied up in potential leftover inventories and thereby avoid the need for costly

leftover reduction measures while ensuring compliance with the inventory investment

ceiling. This decision relies on a newsvendor trade-off in setting the leftover reduction

threshold λi to balance overage cost (post-season leftover reductions) and underage cost

(excess permits), as discussed in Subsections 3.3.2 and 3.4.2. Consequently, the actual

total inventory investment will be below the inventory investment ceiling whenever mar-

ket demand di exceeds the leftover reduction threshold λi. Table 3.5 reports the gap
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between the expected total inventory investment across all BUs (E[l]) and the total

inventory investment ceiling (τ) for different allocation methods across varying ICLs.

Exp. inv. (E[l]) vs. inv. invest ceiling (τ )

ICL AB IP V P EQ

Avg. -6.3% -13.4% -14.7% -17.6%

50% 0.0% -1.7% -2.5% -4.2%
75% -1.7% -6.3% -7.6% -10.6%
100% -5.5% -12.8% -14.4% -17.7%
125% -10.0% -19.8% -21.2% -24.8%
150% -14.5% -26.4% -27.7% -30.8%

Table 3.5.: Gap between expected total inventory levels versus total inventory invest-
ment ceiling resulting from different mechanisms under different ICLs.

For all studied strategies, expected inventory investments fall below the inventory

investment ceiling. Among the studied methods, AB consistently results in the lowest

gap between the expected total inventory investment and the ceiling. For an ICL of 50%,

all permits are used exclusively to cover pre-production inventory, and all leftover stock

is fully reduced, leading to a gap of zero. For medium and high ICLs, all benchmark

methods exhibit substantially larger gaps than AB. EQ generates the largest expected

undershoot because it fails to account for relevant parameters, causing the strongest

simultaneous over- and under-allocation of permits. While gaps between the expected

inventory investment and the ceiling do not necessarily translate into lower total profit,

they present a challenge for the MB as they constrain its ability to precisely manage

the total inventory investment through the introduction of strict inventory investment

ceilings.

3.5.5. Inventory efficiency

As outlined in the introduction and problem description, a key rationale behind the

MB’s implementation of inventory investment ceilings is its strategic view of inventory

not merely as a cost factor within the profit function, but as a standalone asset. This

perspective drives the MB’s efforts to optimize inventory efficiency across its BUs, which

is defined as the ratio of generated profit to the capital tied up in inventory. To assess

differences in the inventory efficiency resulting from the studied methods, we derive the
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inventory investment allocations resulting from each method under different ICLs (50%

to 150%). For each ICL and method, we derive the expected total corporate profit and the

resulting expected total inventory investment. The results shown in Figure 3.4 provide

insights into how the allocation mechanism influences the overall inventory efficiency

of the corporation. The results confirm that AB outperforms all benchmark methods

in inventory efficiency. The advantage is particularly pronounced under low expected

inventory investments resulting from tight ICLs. Among the benchmark methods, V P

demonstrates superior efficiency relative to the other benchmarks, while the current

company practice (IP ) performs the worst at low ICLs.

Figure 3.4.: Expected total profit compared to expected total inventory investment by
allocation strategy.

3.6. Application to real-world data of the case

company

Building on the insights from the synthetic data study, we now assess the improvement

potential of the proposed allocation mechanism (AB) in a real-world setting using data

from the case company.

To this end, we use real-world data from the case company’s 20 BUs. Each BU is

managed by a dedicated leadership team and operates its own production assets. We
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set BU-specific production capacities, profitability levels, and inventory values based on

historical averages. Demand uncertainty is assumed to follow a normal distribution, with

a BU-specific coefficient of variation derived by comparing historical demand forecasts

with actual market demands from past business years. Since the historical per-unit cost

of reducing leftover inventories is not readily available in the company’s reporting system,

we rely on expert judgment obtained through interviews. To protect confidentiality, we

anonymize and normalize all input data and results.

3.6.1. Performance analysis of allocation strategies

Table 3.6 summarizes the expected total profit, gross margin, inventory holding cost, and

inventory reduction cost for each allocation method under different ICLs, along with the

results of a pure holding cost-based model without any constraint on the total inventory

investment (ICL =∞), using real-world data.

AB improves the total expected profit compared to the current company practice

(IP ) by 4%, on average, and outperforms all other benchmarks. However, the relative

improvement potential of AB over IP is lower under the real-world data compared to

the synthetic data study, particularly under low ICLs. The key reason for this difference

lies in the degree of parameter differentiation. The synthetic data set was constructed

as a full combination of the presented parameter sets. In contrast to other benchmark

strategies, AB can tailor BU-specific investment targets to the high degree of parameter

differentiation. For the real-world data, the degree of parameter differentiation across

BUs is relatively lower, particularly in terms of profitability, which reduces the relative

advantage of AB over the benchmarks.

Nonetheless, a 4% profit improvement based solely on how the global inventory in-

vestment ceiling is split across BUs is regarded as significant by the case company.

In contrast to the synthetic study results, IP outperforms all other benchmark meth-

ods across all ICLs in the real-world setting. Notably, EQ performs significantly worse

than in the synthetic data study, where it was on par with IP and V P for low and

medium ICLs. This decline in performance is driven by the greater variation in BU

sizes in the real-world data, which makes an equal split of inventory investment ceilings

especially insufficient. The findings on the expected gross margin, reduction cost, and

holding cost for different strategies and ICLs, as well as the pure holding cost-based

model, align closely with those from the synthetic data study.
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Total profit Gross margin Holding cost Reduction cost

ICL AB IP V P EQ AB IP V P EQ AB IP V P EQ AB IP V P EQ

Avg. 228.0 (4%) 219.3 215.9 (-2%) 199.9 (-9%) 256.6 246.4 241.5 222.5 25.6 24.4 23.1 20.2 3.0 2.6 2.6 2.4

50% 195.6 (5%) 185.6 181.1 (-2%) 168.0 (-9%) 212.4 201.8 196.2 182.3 13.8 14.2 13.3 12.6 2.9 2.0 1.8 1.7
75% 222.2 (5%) 211.9 207.7 (-2%) 190.4 (-10%) 247.0 234.5 228.8 209.8 20.6 20.2 18.9 17.3 4.2 2.4 2.2 2.0
100% 235.6 (4%) 227.1 223.6 (-2%) 204.8 (-10%) 266.3 256.0 250.8 228.8 26.6 25.6 24.1 21.2 4.1 3.3 3.1 2.8
125% 241.9 (3%) 234.2 231.4 (-1%) 214.3 (-8%) 275.8 267.2 262.9 240.9 31.4 29.8 28.2 23.9 2.6 3.3 3.3 2.8
150% 244.8 (3%) 237.9 235.6 (-1%) 221.8 (-7%) 281.6 272.3 268.9 250.7 35.7 32.2 30.9 26.2 1.0 2.2 2.5 2.7

∞ 245.9 285.3 39.4 0.0

Table 3.6.: Expected total corporate profit, gross margin, inventory holding cost, and
inventory reduction cost for different methods and ICLs.

3.6.2. Expected auction price for different ICLs

Through the auction, we determine a per-unit price at which BUHs can purchase inven-

tory investment permits, ensuring that the total bids match the total inventory invest-

ment ceiling. Beyond aligning BUH incentives with the MB’s objective of maximizing

the firm’s expected profit, the auction price provides valuable insights for the MB. The

auction price can be interpreted as the shadow price of the inventory investment ceil-

ing constraint. Figure 3.5 shows the numerically obtained auction price across different

ICLs. For example, an auction price of 0.02 obtained when issuing an amount of permits

that corresponds to an ICL of 100% implies that total expected profit would increase

marginally by 0.02 for each additional permit issued. The results highlight the trade-off

between the total inventory investment ceiling and the total expected profit, providing

the MB with a quantitative basis for evaluating adjustments to inventory investment

limits.

Figure 3.5.: Auction price (p) resulting from issuing different ICLs as inventory invest-
ment permits to BUs.
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3.7. Conclusion

The majority of inventory models in the literature capture inventory exclusively via

holding costs in the objective function. This narrow cost-based perspective overlooks

the role of inventory as an asset on a company’s balance sheet. In practice, the capital

invested in inventories is commonly tracked as an independent KPI, serving as a critical

metric for financial analysts and market participants when evaluating a corporation’s

operational efficiency (Agrawal and Osadchiy 2024, Lai and Xiao 2018). Our work ad-

dresses the non-trivial planning problem that arises from treating the total inventory

investment as a separate KPI in addition to total profits. It is grounded in a collabora-

tion with a global supplier of agricultural solutions. The case company is benchmarked

by its investors based on total profit and total inventory investment against its core

competitors. To manage both profitability and inventory investment simultaneously, the

MB of the case company imposes a total inventory investment ceiling, which is then allo-

cated across BUs as BU-specific inventory investment ceilings. However, this allocation

is complicated by the presence of private information held by self-optimizing BUHs. Our

work focuses on how to efficiently convert a total inventory investment ceiling into BU-

specific ceilings in this context. To this end, we propose translating the overall inventory

investment ceiling into inventory investment permits, which can be acquired by BUs

during an auction. By selling inventory permits to the highest bidder, the MB increases

the cost associated with binding cash in inventories, thereby ensuring that the right to

carry stocks is allocated to the BUs with the highest willingness-to-pay. We formalize the

decision problem faced by BUHs during the auction and derive optimal decision policies

in closed-form solutions.

Through two numerical studies based on synthetic and real-world data, we evaluate

the performance of the proposed auction-based mechanism against the current top-down

allocation approach of the case company and additional benchmark strategies.

We find that for real-world data, applying the proposed approach can improve ex-

pected total profit on average by 4% compared to current company practices. Moreover,

we observe that the profit-optimal allocation of the total inventory investment ceiling

across BUs depends on several BU characteristics, many of which are private information

held by the BUHs. The relative importance of these characteristics varies with the size

of the total inventory investment ceiling, revealing several non-monotonic relationships

between BU characteristics, the optimal inventory investment ceiling, and the resulting
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supply quantity of the BUs. These findings underscore the value of leveraging private

information held by BUHs through an auction mechanism, as opposed to allocating

inventory ceilings top-down based on limited information available to the MB.

Our study opens several opportunities for further research. First, our work focuses on a

myopic strategy in which decision-makers optimize performance within a single business

year. However, year-end inventory levels determine starting inventories for the following

year. Future research could explore optimal decision-making in a multi-period setting.

Second, the goal of this work is to support the current business steering mechanism of

the case company, in which the total inventory investment ceiling is distributed into

individual BU-specific investment ceilings. Our numerical study shows that this leads

to expected inventory investments below the investment ceiling, particularly creating

situations in which some BUs engage in costly post-season inventory reductions to en-

sure adherence to the BU-specific ceiling, while other BUs simultaneously undershoot

their inventory investment ceiling due to high market demands. Future research should

focus on designing an incentive-compatible pooling mechanism that allows BUs to share

unused permits, thereby reducing excessive inventory reductions and further improving

total profit. Third, while this study focuses on the two core KPIs of the case company

(total profit and total inventory investment), corporate performance is typically assessed

using a broader set of financial and non-financial KPIs. Managing these KPIs within a

decentralized decision-making framework introduces additional complexities. Extending

the analysis to explore how to simultaneously steer a wider range of KPIs would be a

highly valuable research direction.
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Allocating inventories in distributed

organizations: A hybrid approach

applied in the agrochemical industry

with Pardis Sahraei and Moritz Fleischmann

Abstract

We study a multi-resource allocation problem in a distributed organization where a cen-

tral decision maker (headquarters) lacks direct market demand information and therefore

relies on orders from local product managers (PMs) with market access. This informa-

tion asymmetry, combined with conflicting incentives among self-interested agents, en-

courages strategic behavior such as order inflation, underscoring the need for an effective

allocation mechanism. We propose a novel base-and-refine (BR) mechanism, which com-

bines an initial top-down allocation with a second step that allows PMs to swap portions

of their allocations through transfer payments based on transfer prices set by the head-

quarters. Our numerical analysis demonstrates that BR outperforms both, theoretical

and practical benchmarks, thereby significantly narrowing the gap to the first-best solu-

tion achievable under full information. Furthermore, we show that the two-step design,

integrating a top-down allocation with transfer-price-based adjustments, outperforms

either step in isolation and is substantially more robust to misspecified transfer prices

than a pure transfer-pricing approach.
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4.1. Introduction

In today’s uncertain and volatile global supply chain environment, business success is

tied to the ability of organizations to manage limited resources, such as production and

distribution capacities, raw materials, and inventories, through effective allocation deci-

sions. Over the past few decades, a substantial body of literature has addressed a wide

range of allocation problems (Luss and Gupta 1975, Curry 1990, Cachon and Lariviere

1999b). Most existing literature proposes integrated, monolithic optimization models to

centrally determine optimal resource allocations to be implemented by a single decision-

maker (Bretthauer and Shetty 1995, Lau and Lau 1996, Barahona et al. 2005, Claro and

De Sousa 2012). Such models typically assume, at least implicitly, a singular, central

decision-maker optimizing the single objective function of the organization. However,

monolithic model formulations ignore the complexities arising from information asym-

metries caused by the structure of large-scale organizations in which decision-making

power is distributed across multiple agents. In such an environment, local decision-

makers typically possess information that is inaccessible to others. Depending on the

incentive structure in place, self-optimizing decision-makers might withhold or distort

private information relevant to the allocation problem, causing an adverse selection prob-

lem. This study addresses the challenge of allocating central resources among distributed,

self-optimizing agents holding private information.

4.1.1. Case description

Our work is based on a collaboration with a global agrochemical corporation that sup-

plies crop protection products (CPPs) to farmers to protect crops against weeds, insects,

and fungi (Sparks and Lorsbach 2017). CPPs are produced in a two-step production pro-

cess. At the case company, both production steps and all intermediate material flows

are centrally managed by the headquarters (HQ). In the first production step, active

ingredients (AIs) are synthesized in large, capital-intensive facilities, requiring high uti-

lization rates for cost-efficiency. To meet the highly seasonal demand for CPPs, which

lasts only a few weeks per year, the case company starts pre-production of AIs up to a

year in advance (Shah 2004). Since expanding production capacity requires long-term

investments (Fritz and Hausen 2009), available AI volumes are fixed in the short- and

medium-term. Close to the selling season, the HQ triggers the second production step,
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referred to as formulation, in which one or multiple AIs are blended into a final product.

At this stage, the HQ faces the allocation problem of deciding which final products to

manufacture from the limited AI volumes to maximize the firm’s expected profits.

This allocation decision is complicated by high uncertainty in CPP demand, which is

influenced by several hard-to-forecast factors, including disease pressure and local farm-

ing conditions (Fritz and Hausen 2009). Because evaluating these local drivers centrally

is difficult, the HQ relies on distributed product managers (PMs). Each PM is respon-

sible for forecasting demand within their assigned sales territory, placing orders for the

required product volumes with the HQ before the selling season, and subsequently ful-

filling customer demand. If submitted orders cannot be supplied based on the available

AI volumes, the HQ must centrally decide how to allocate AI quantities across final

products and PMs.

The allocation problem of the case company is further complicated by information

asymmetry and conflicting incentives. Knowledge of local market conditions requires

access to local customers. As neither the HQ nor other PMs directly interact with cus-

tomers of a given PM, the PM is the only one able to generate a probabilistic demand

forecast for the following selling season. To obtain some information on the range of plau-

sible demands without direct access to customers, the HQ develops worst- and best-case

demand scenarios per product based on centrally available market intelligence studies

on the range of expected crop areas and market shares. Other information such as profit

margins, warehousing costs, and the bill of material of final products is accessible through

a shared controlling system and therefore available to both the responsible PM and the

HQ.

To reward sales performance, the PMs of the case company are compensated in pro-

portion to local profits, calculated as gross profits generated from sales to customers

minus additional local operational expenses, primarily handling and storage costs for

unsold products after the end of the selling season. Based on the compensation scheme,

PMs are incentivised to strategically place orders in an attempt to maximize their own

local, rather than global, profits, introducing an adverse selection problem between the

PMs and the HQ. In the past, prior to the introduction of a formal allocation process,

the case company faced significant challenges with PMs strategically inflating their or-

ders to secure a higher share of limited AI volumes, especially when a shortage was

feared. This led to mistrust within the organization and a tedious, unstructured, and
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time-consuming allocation effort, often spanning multiple weeks of iterative negotiations

(Harris et al. 1982).

The HQ therefore introduced a formal, two-step lexicographic allocation mechanism,

which it announces to all PMs prior to order submission. Once all orders are collected,

the HQ verifies whether they can be fulfilled with the available AI volumes. If this is

not the case, it initiates the allocation process. In the first step, PMs receive a volume

confirmation corresponding to the lower bound of uncertain demand, based on the worst-

case scenario estimated by the HQ using centrally available market intelligence. In the

second step, volumes are increased to the submitted order until AIs are fully allocated or

all orders are met. In both steps, PMs are prioritized based on their relative profitability.

We present the approach in more detail in Section 4.4.2. By establishing this mechanism,

the case company has streamlined volume allocations and eliminated the incentive for

order inflation. However, questions arose regarding the potential negative impact of the

allocation method on overall performance. These concerns were particularly voiced by

PMs who experienced significant lost sales while observing other, often only marginally

more profitable PMs, carrying large volumes of unsold products into the next selling

season.

This situation highlights the fundamental dilemma faced by the HQ when designing an

allocation mechanism. If allocations are based solely on centrally available information,

the HQ does not need to rely on PMs to truthfully share private data. However, this

approach risks ignoring critical allocation criteria, most notably demand uncertainty,

which is only known locally. As a result, the allocation may be robust against strategic

manipulation but suffer from poor overall performance. Conversely, if the HQ seeks to

incorporate relevant but decentralized information into the allocation process, it must

depend on PMs to truthfully disclose their private knowledge. This introduces the risk

of basing decisions on strategically distorted inputs, which can also lead to suboptimal

performance outcomes.

The goal of this study is to navigate the above dilemma and enhance the current al-

location process of the case company to improve total expected profits in the described

context of private information and conflicting incentives. To address this challenge, we

propose a hybrid allocation mechanism, referred to in the following as base-and-refine

(BR), that combines centralized decision-making with decentralized adjustments, en-

abling the HQ to leverage local information while mitigating strategic misreporting. BR
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consists of two allocation steps. In the first allocation step, the HQ determines a top-

down base allocation, based on centrally available information. After announcing the

base allocation, PMs have the option to swap initially allocated volumes in exchange for

a centrally defined transfer payment in the second step. Through the second step, PMs

are incentivized to jointly correct the initial top-down allocation based on bottom-up

adjustments by leveraging their private information to improve the resulting expected

total profit of the firm.

To ensure implementability, we aligned with the case company that any developed

allocation mechanism must fulfill the following three properties:

1. Implementable: The allocation mechanism must be implementable under the pre-

sented asymmetric information conditions, particularly considering the limited

knowledge of the HQ regarding the distribution of uncertain local market demands.

2. Feasible: Any allocation mechanism must fully eliminate shortages for each AI,

ensuring that the confirmed product volumes can be produced within the limits of

available AI supply.

3. Strategy-Proof: An allocation mechanism is strategy-proof if it is incentive com-

patible, i.e., each PM’s dominant strategy is to order his self-optimizing quantity

(Satterthwaite 1979). In this context, strategy-proofness does not require PMs to

maximize overall company performance but only to truthfully reveal their self-

interested preferences.

4.1.2. Main contributions

Our work offers three key contributions to the existing literature and practice.

First, we provide insights into a real-world allocation problem within the agrochemical

industry. We analyze the roles and incentives of the actors involved and present the cur-

rent allocation heuristics employed by the case company. In addition, we formalize the

presented allocation problem through a monolithic, first-best model formulation and crit-

ically assess its limited applicability in the studied environment. Based on the discussed

problem setting, we point out that many of the approaches proposed in the literature for

allocating resources under private information suffer from severe practical limitations.

Easy-to-implement mechanisms such as rationing policies tend to be overly simplistic,

risking significantly suboptimal allocation outcomes. More sophisticated mechanisms
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such as internal markets, while theoretically sound, are often too complex and costly to

implement in many real-world environments. We argue that this tension between overly

simplistic and theoretically sound yet hard-to-implement approaches limits the practical

relevance of existing research. This conflict is further amplified in settings where mul-

tiple scarce resources must be allocated in parallel, as in our case with multiple AIs,

a complexity rarely addressed by simple allocation mechanisms. This underscores the

need for solutions that balance ease of implementation and performance.

Second, we propose a novel two-step hybrid allocation mechanism that integrates an

initial top-down allocation with bottom-up refinements based on decentralized informa-

tion. In the first step, the HQ allocates quantities using centrally available data. In the

second step, PMs adjust these allocations through a trading process, exchanging part of

their initial allocations for a transfer payment set by the HQ. The proposed mechanism

incentivizes PMs to truthfully leverage their private information to improve the initial

top-down allocation. At the same time, our method is easier to implement than other

methods from the literature which, for example, require a complex combinatorial auc-

tion to determine allocations. Our hybrid approach addresses the previously discussed

dilemma by balancing simplicity with the need to incorporate relevant but distributed

information in allocation decisions and is applicable in complex settings where multiple

resources must be allocated in parallel.

Third, we test our allocation mechanism numerically against current company bench-

marks and other common heuristics. Based on a controlled synthetic data set, we identify

key performance drivers and discuss the robustness of the obtained results. We then eval-

uate the performance of the proposed mechanism based on a real-world data set from

the case company.

The remainder of this paper is structured as follows. In Section 4.2, we provide an

overview of the relevant literature. In Section 4.3, we formalize the allocation problem

and the resulting decision problems of the PMs and the HQ. We provide the monolithic

model representation of the allocation problem in Section 4.4.1 to derive the first-best

solution and present the heuristic currently employed by the case company in Section

4.4.2. We describe the mechanism proposed by this work in Section 4.4.3. We finally

assess the performance of our method compared to current company practice and addi-

tional benchmarks based on a synthetic data study in Section 4.5 and real-world data

of the case company in Section 4.6. We summarize our work and discuss limitations as

well as opportunities for future research in Section 4.7.
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4.2. Literature review

Resource allocation has been widely studied across multiple domains such as portfolio

management (Cooper et al. 2000), revenue management in hospitality and aviation (Ay-

din and Birbil 2018, Curry 1990), and inventory management (Hadley and Within 1963,

Agrawal and Cohen 2001). In symmetric information environments, integrated optimiza-

tion models effectively address allocation problems. In asymmetric information settings,

potential incentive conflicts can lead to adverse selection, which complicates effective

resource allocation and requires appropriate allocation mechanisms (Mishra et al. 2007).

This study contributes to the resource allocation literature by proposing a novel mech-

anism that combines top-down allocations based on limited information with bottom-up

adjustments incentivized by transfer payments. To determine transfer prices based on

limited central information, our method leverages the model structure of the capacitated

newsvendor problem (NVP). The following subsections review the relevant literature on

optimization-based resource allocation, rationing policies, and mechanism design.

4.2.1. Optimization-based resource allocation

Optimization-based techniques for resource allocation and capacity planning have been

extensively studied in both deterministic and stochastic contexts. For instance, Bret-

thauer and Shetty (1995) introduce a general non-linear deterministic resource allocation

model that addresses a single capacity constraint, with applications in manufacturing

capacity planning and capital budgeting, and solve it using a branch-and-bound algo-

rithm. In stochastic settings, models incorporate demand uncertainties through scenario-

based methods, such as Barahona et al. (2005) for semiconductor planning, Claro and

De Sousa (2012) for pharmaceutical capacity management under regulatory uncertain-

ties, and studies on capacity allocation in the TFT-LCD industry by Lin et al. (2011)

and Chen and Lu (2012), which employ stochastic mixed-integer programming models.

Within the inventory management domain, the NVP has emerged as a classical stochas-

tic model for determining the optimal inventory level of a single product prior to the

realization of uncertain demand by balancing expected overage and underage costs (Birge

and Louveaux 2011, Maggioni et al. 2019). In many real-world problems, such as the

one discussed in this study, firms must optimize the inventory levels of multiple products

in parallel while accounting for additional resource constraints. Authors have therefore
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extended the traditional NVP to more complex scenarios. Lau and Lau (1996) pro-

pose a solution procedure for the multi-product NVP with a single resource constraint

and general demand distributions. Erlebacher (2000) derive a closed-form solution for

a multi-item NVP subject to a single capacity constraint. Zhang et al. (2009) solve a

multi-item NVP with multiple non-negativity constraints and a single budget constraint.

Building on this work, Zhang (2012) extends the multi-product NVP to multiple capacity

constraints and introduces a multi-tier binary search method grounded in Karush-Kuhn-

Tucker (KKT) conditions. In our study, we model the allocation problem faced by the

case company as a multi-capacitated NVP, incorporating underage and overage costs for

each final product while respecting availability constraints for multiple AIs.

While such monolithic optimization models are effective in symmetric information en-

vironments, they fail in asymmetric settings where key input parameters remain private

to specific agents (Karabati and Yalçin 2014, Kim et al. 2021). In modern, large-scale

organizations, distributed decision-making power often results in relevant information

not being equally accessible to all agents (Karabuk and Wu 2005). For the problem at

hand, local PMs are the only ones with detailed knowledge of the likelihood of specific

demand realizations. As PMs are incentivized by their own profits, the allocation prob-

lem is complicated by their strategic use of private information to secure a larger share

of limited AI volumes. The HQ can address the challenge of private information held

by distributed PMs either by applying simple allocation heuristics, such as rationing

policies, that rely solely on centrally available information, or by designing allocation

mechanisms that incentivize PMs to truthfully disclose their private information. In

the following subsections, we review the relevant literature on rationing policies and

mechanism design.

4.2.2. Allocation heuristics

Rationing policies have been extensively studied and applied in practice, especially in

industries characterized by long lead times, uncertain demand, and inflexible capac-

ity, such as electronics, automotive, and pharmaceuticals (Li et al. 2017, Hofstra and

Spiliotopoulou 2022). Rationing policies typically require minimal centrally available

information, making them particularly suitable for environments in which distributed

agents possess private information (Cachon and Lariviere 1999b). Common rationing
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policies include linear, proportional, uniform, lexicographic, and turn-and-earn alloca-

tion rules. Each mechanism uses different inputs to determine allocation outcomes and

creates distinct incentives for strategic behavior among agents. In the following subsec-

tion, we present and compare the most commonly used rationing policies.

Under linear allocation, a fixed quantity is deducted uniformly from all orders submit-

ted by agents. Proportional allocation allocates resources proportionally to submitted

order volumes. Both methods naturally incentivize order inflation as agents aim to secure

a higher allocation (Lee et al. 1997, Cachon and Lariviere 1999b). Turn-and-earn policies

base future allocations on actual sales from previous periods and have found widespread

application in the supply chain of fast-moving consumer goods and in the automotive

industry (Lu and Lariviere 2012, Cachon and Lariviere 1999a). As turn-and-earn bases

allocations on past sales, it does not incentivize order inflation. Under uniform allocation,

the available capacity is equally divided among agents, with each agent receiving the

minimum of their original order quantity and an equal share, irrespective of other char-

acteristics such as profitability (Cachon and Lariviere 1999c). Lexicographic allocation

policies fulfill orders based on a predetermined priority list, which can be constructed

using criteria such as relative profitability or strategic importance of the agents (Cachon

and Lariviere 1999b, Chen et al. 2013). Both methods are robust against gaming, as

participants cannot increase their allocation through strategic behavior such as order

inflation.

While rationing policies are easy to implement, their appropriateness for resolving a

given allocation problem must be carefully assessed. For the problem studied in this

paper, linear and proportional allocation both incentivize PMs to inflate orders in an

attempt to maximize their own profits and are thus not considered appropriate. While

uniform allocations and turn-and-earn policies are robust against gaming, they do not

consider relevant parameters such as profitability levels which vary substantially across

PMs. In addition, turn-and-earn is especially unsuitable for the problem at hand, as

it bases future allocations purely on past sales realizations. The market for CPPs is,

however, highly uncertain and single demand realizations are an insufficient basis for

future allocation decisions. The case company currently uses a lexicographic allocation

policy, which we discuss in detail in Subsection 4.4.2.
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4.2.3. Mechanism design

Mechanism design aims to construct environments in which self-interested agents be-

have in line with the objective of the mechanism designer and in which truthfully dis-

closing private information is in the agents’ best interest (Vohra 2012, Narahari et al.

2009). The literature on mechanism design includes market- or auction-based coordi-

nation approaches (McAfee and McMillan 1987, Samuelson 2001, Karabati and Yalçin

2014), as well as various other measures such as penalty schemes, bonuses, transfer

pricing, and performance assessments, which aim to encourage truthful information dis-

closure (Karabuk and Wu 2005). While these mechanisms could theoretically solve the

discussed allocation problem, their practical implementation is complex. Coordinating

resource allocations based on transfer payments, for example, requires an internal market

to determine transfer prices (Vohra 2012, Karabati and Yalçin 2014, Kim et al. 2021).

For the problem at hand, a separate transfer price must be derived for each AI, which

would require a complex market design such as a combinatorial auction. Determining

the transfer prices of each AI through an internal market is deemed too complex by the

case company.

Our work contributes to the existing literature by proposing a hybrid allocation ap-

proach that leverages concepts from mechanism design, while remaining practical to

implement. Our approach incentivizes agents to enhance an initial top-down allocation

determined by the HQ, through subsequent bottom-up adjustments in exchange for a

transfer payment. Instead of determining appropriate transfer prices through a complex

market mechanism, we propose approximating transfer prices by leveraging the limited

information available to the HQ, using the multi-tier binary search developed by Zhang

(2012).

4.3. Model formulation

In the following, we first provide a formal model representation of the previously intro-

duced allocation problem. We then discuss the generic lower-level decision problem faced

by each PM on how to respond to a given allocation mechanism in Subsection 4.3.1, fol-

lowed by the upper-level problem faced by HQ, namely which allocation mechanism to

apply, in Subsection 4.3.2.
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We consider a corporation consisting of a central HQ and multiple PMs. The corpo-

ration sells f ∈ F = {1, ..., F} final products. The HQ is responsible for organizational

steering, production, and coordinating the distribution of products through the global

supply chain network. PMs are responsible for marketing the company’s products to

customers. Each final product is managed by exactly one PM, and each PM manages

exactly one final product. To provide the desired crop protection effects, the corporation

produces active ingredients a ∈ A = {1, ..., A} and blends them into formulations as

final products. Each final product requires at least one active ingredient, but could po-

tentially require multiple AIs. We refer to the units of AI a required to produce one unit

of final product f as ia,f . Available AI quantities are fixed and determined by limited

AI production capacities. For the upcoming sales season, ca units of AI a are available

and can be blended into final products to meet market demands. Each final product is

market-specific and thus only sold in a single sales market. By deciding how much of

each product to blend, the HQ determines the total volumes available to each PM to

meet the demand of his respective sales market and allocates the available AI volumes

across the corporation.

The demand for CPPs is uncertain. We refer to the uncertain seasonal market demand

for final product f as df , characterized by a probability distribution ff with finite sup-

ports (d−f , d
+
f ) and a cumulative distribution function Ff . We assume the lower support

is non-negative, i.e., d−f ≥ 0. Because of the limited selling season for CPPs, decisions

on how much of each formulation to supply to each sales region must be made before

any realization of uncertain market demand. Each unit of final product f sold generates

a profit of mf . Any unit of produced but unsold product must be carried over in local

warehouses to the next selling season, which generates handling and storage costs of hf .

The case company operates a single business planning tool for supply chain and finan-

cial planning, which is accessible to both the HQ and the PMs. We therefore assume that

per unit profits of product f (mf ), required units of AI a to produce one unit of product

f (ia,f ), available AI quantities (ca), and warehousing costs (hf ) associated with carrying

one unit of unsold product f over into the next selling season are known to both the

HQ and the PMs. Conversely, assessing the probability of different demand realizations

requires direct market access, which is exclusively held by the responsible PM. We there-

fore assume that the CDF of uncertain market demand for final product f , Ff (df ), is

only known to the respective PM. Despite lacking direct access to its local markets, the

HQ of the case company leverages centrally available market intelligence information on
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the range of expected crop areas and market shares to estimate worst-case and best-case

demands for each market. We assume that these lower and upper bounds correspond to

the support of the distribution of uncertain demands. While this assumption simplifies

both the analysis and notation in the following, any worst-case and best-case bounds

specified by HQ are sufficient and need not coincide with the actual support.

Prior to the start of the annual selling season, HQ must decide how much of each

final product to blend from the available AI volumes. By determining the volumes to be

blended, HQ allocates the available AI volumes across its final products and determines

the inventory of finished goods available to meet the uncertain demand of each market.

During this allocation process, HQ applies a predefined and communicated allocation

mechanism. The allocation mechanism is a functionM that takes a vector of submitted

orders by PMs as input (O⃗ = (O1, . . . , OF )) and returns a vector of confirmed supply

quantities (Q⃗ = (Q1, . . . , QF )), i.e.,M : O⃗ → Q⃗ . Figure 4.1 summarizes the sequence

of events in the allocation process.

Figure 4.1.: Sequence of events in the allocation process.

In the following section, we first analyze the inner decision problem faced by each

PM on how much to order under a given allocation mechanism and then examine the

resulting outer decision problem faced by the HQ, namely which allocation mechanism

to choose while anticipating the PMs’ responses in the inner problem.

4.3.1. Decision problem of the PM: Optimal order quantity in

response to a given allocation mechanism

The goal of each PM is to optimize their expected local profits (E[πf ]), which consist

of gross profits from sales to customers minus handling and storage costs generated by
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holding unsold products in local storage until the next selling season. We denote Os
f as

the self-optimizing quantity that maximizes the expected profits (E[πf ]) of PM f . This

quantity can be determined by solving a traditional single-item NVP, which balances

the risk of lost market profits against the risk of additional costs associated with leftover

inventory:

max
Os

f

E[πf ] = mf · E[min(df , O
s
f )]− hf · E[(Os

f − df )
+]. (4.1)

The self-optimizing quantity Os
f of PM f can be expressed as:

Os
f = F−1

f (
mf

mf + hf

). (4.2)

4.3.2. Decision problem of the HQ: Definition of allocation

mechanism

We now turn to the decision problem faced by HQ regarding which allocation mechanism

M to choose for the upcoming selling season.

As discussed in Subsection 4.1.1, the case company has expressed a clear preference

for strategy-proof allocation mechanisms. Consequently, we focus exclusively on such

mechanisms in the following. Let O⃗i̸=f denote the vector of order quantities of all PMs

except PM f . An allocation mechanism M is strategy-proof if truthfully ordering the

self-optimizing quantity is a dominant strategy for all PMs:

E[πf (Mf (O
s
f , O⃗i̸=f )] ≥ E[πf (Mf (O⃗)] ∀ O⃗ ∈ RF , ∀f ∈ {1, . . . , F}. (4.3)

We will separately derive and analyze the optimal order policy of PMs in response to

each of the allocation mechanisms in the following sections.

In addition to being strategy-proof, the properties outlined in Subsection 4.1.1 specify

that any allocation mechanism M must be implementable and feasible. An allocation

mechanism is implementable if it respects the asymmetric information environment pre-

sented earlier. An allocation mechanism is feasible if it transforms any order vector
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O⃗ ∈ RF into a vector of supply quantities Q⃗ that can be produced from the available AI

volumes, i.e.,

M(O⃗ ∈ RF )→ Q⃗ :
∑
f∈F

ia,f ·Qf ≤ ca ∀a ∈ A & Qf ≥ 0 ∀f ∈ F . (4.4)

In addition to fulfilling the three properties, the HQ aims to design an allocation mech-

anismM that maximizes the firm’s total expected profits.

4.4. Solution approaches

In the following, we first provide an optimization model to derive the first-best solution of

the allocation problem under symmetric information in Subsection 4.4.1. We then present

the approach currently used by the case company in Subsection 4.4.2 and subsequently

introduce our proposed hybrid allocation approach in Subsection 4.4.3.

4.4.1. First-best solution

We derive the first-best solution of the allocation problem under symmetric information

based on a monolithic, integrated optimization model. The problem of determining which

final products to produce from the available AI volumes in order to maximize the total

expected profits of the company can be formulated as a multi-product NVP with multiple

resource constraints:

max
Q⃗

E[π] =
∑
f∈F

(mf · E[min(df , Qf )]− hf · E[(Qf − df )
+]) (4.5)

s.t.
∑
f∈F

ia,f ·Qf ≤ ca ∀a ∈ {1, . . . , A} (4.6)

Qf ≥ 0 ∀f ∈ {1, . . . , F} (4.7)

Objective function (4.5), which is to be maximized, represents the firm’s expected total

profits. It consists of the sum of expected profits generated from the sale of each final

product minus the expected costs generated by holding leftover products in local inven-

tory until the next selling season. Constraints (4.6) ensure that final products can be
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blended from available AI quantities. Constraints (4.7) enforce that supplied product

volumes must be non-negative.

To solve the capacitated multi-product NVP, we apply the approach proposed by

Zhang (2012). Using Proposition 1 from Zhang (2012), we introduce λ⃗ = (λ1, . . . , λA)

as a vector of Lagrange multipliers representing the shadow prices of the AI availability

constraints (4.6), and reformulate the original optimization problem as follows:

max
λ⃗

E[π] =
∑
f∈F

(mf · E[min(df , Qf )]− hf · E[(Qf − df )
+]) (4.8)

s.t.Qf = F−1((
mf −

∑
a ia,f · λa

mf + hf

)+) ∀f ∈ {1, . . . , F} (4.9)∑
f∈F

ia,f ·Qf ≤ ca ∀a ∈ {1, . . . , A} (4.10)

To solve the reformulated decision problem and derive the optimal allocation quanti-

ties, we compute the optimal shadow price vector λ⃗ based on the multi-tier binary search

method presented by Zhang (2012). We refer the reader to Zhang (2012) for more details

on the solution method employed. In the distributed information environment faced by

the case company, the NVP is not implementable. Instead, we use it as a theoretical

first-best benchmark in Sections 4.5 and 4.6.

4.4.2. Current practice: Step-wise lexicographic allocation

The case company currently employs a two-step lexicographic allocation mechanism

(SLA) to determine how much of the submitted order volume to supply to each PM.

In the first round of SLA, the HQ ensures that the minimum demand of all products

is covered. In the second round, the remaining AI volumes are allocated lexicographi-

cally up to the full order volume. To determine the sequence in which PMs are served

in the allocation process, the HQ ranks all PMs in descending order of their per-unit

profitability. The per-unit profitability of product f is derived by dividing the total AI

quantity (
∑

a∈A ia,f ) required to formulate one unit of product f by the margin (mf )

generated per unit sold:

Rankf =

∑
a∈A ia,f

mf

. (4.11)
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Rankf therefore expresses the inverse of the profit per total required AI volume. Note

that the ranking is based on information known to the HQ and cannot be influenced by

the PMs, i.e., through the submitted orders.

After receiving all orders, the HQ allocates the lower of the minimum market demand

and the submitted order quantity to each PM lexicographically. In the second allocation

step, the remaining AI volumes are again distributed among PMs by lexicographically

confirming the full ordered quantity until either none of the volumes can be increased

further due to limited AI availability, or each PM has received his full order.

Since PMs cannot influence the allocation sequence and ultimately receive their sub-

mitted order when possible, there is no strategic incentive to deviate from ordering Os
f .

Thus, the optimal order quantity of PM f under SLA is OSLA
f = Os

f and the mechanism

is strategy-proof.

4.4.3. Proposed allocation mechanism: Base-and-refine

One common strategy-proof mechanism to ensure that limited resources are allocated

appropriately across agents to maximize the firm’s expected profits under private infor-

mation is to charge agents for claiming access to limited corporate resources through

transfer pricing (Vohra 2012). By charging a cost to agents for consuming a shared re-

source, the central decision maker can ensure that self-interested agents who optimize

their own local profits only claim the resource if the expected generated value from its

local use exceeds the requested transfer payment.

If the HQ were to charge the shadow prices of the AI availability constraints (4.6)

associated with the first-best solution in Subsection 4.4.1 as the transfer price for each

respective AI, the resulting self-optimizing quantity of each PM would maximize the

firm’s expected total profit. Under limited central information availability, the HQ can-

not solve the integrated optimization model to determine the optimal shadow prices. One

approach to determine appropriate transfer prices under private information is to lever-

age a market mechanism, such as a combinatorial auction, which is, however, considered

too complex for practical implementation by the case company.

Rather than using a market mechanism to determine transfer prices, the HQ can

leverage its available information to set transfer prices centrally. This centralized pricing

approach faces several problems. If transfer prices are set too low, submitted orders

are too high and cannot be served based on the available AI volumes. The HQ must
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therefore determine how to prioritize the submitted orders to resolve any remaining

shortages. If the transfer prices are set too high, orders submitted by the PMs are

too low, and available AIs remain unused, resulting in excessive lost sales. We assess

the performance impact of deviations between charged transfer prices and true shadow

prices in Subsection 4.5.5, and find that expected performance rapidly deteriorates when

the charged transfer prices deviate from the true shadow prices.

Instead, we propose a hybrid mechanism, referred to as base-and-refine, which com-

bines an initial top-down allocation by the HQ, with the possibility for PMs to exchange

initially allocated volumes bottom-up for a centrally defined transfer payment.

The proposed mechanism offers two advantages. First, the transfer payment scheme in

the second step offers the PMs both the opportunity and an incentive to jointly correct

the initial top-down allocation by leveraging their private information. Any adjustment

to the initial top-down allocation will improve the firm’s total expected profit, as self-

optimizing PMs only request to receive more or fewer volumes if the expected impact

on local profits exceeds the associated transfer payment owed or received. Second, by

starting with a feasible base allocation and only leveraging the transfer payment to

swap selected volumes between PMs in the second allocation step, the performance of

our proposed mechanism is substantially more robust to transfer price errors than a pure

transfer-pricing-based approach (TP ). We assess the latter in more detail in Subsection

4.5.5.

Our proposed approach consists of two steps.

In the first step, the HQmust determine a top-down base allocation (B⃗ = (B1, . . . , BF ))

and a transfer price per AI (τ⃗ = (τ1, . . . , τA)) at which PMs can submit transfer requests

in the second step. Both the base allocation and the transfer prices are communicated

to the PMs.

In the second step, each PM can submit transfer requests (S⃗ = (S1, . . . , SF )) to the

HQ. A positive/negative transfer request indicates that a PM would like to receive

more/less than the base volumes. Any confirmed positive/negative transfer request trig-

gers a per-unit transfer payment of
∑

a∈A ia,f · τa to or from the PM, respectively. Each

PM submits a single transfer request to the HQ.

Subsequently, the HQ matches positive with negative transfer requests. To decide

which PMs to match, we use the lexicographic profitability-based priority list currently

used by the case company. The HQ decides which requests to confirm by matching the

PM highest up the priority list with an open transfer request to the PM highest on the
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list with an open opposing transfer request. The process continues until all requests are

confirmed or no additional matches can be identified. Subsequently, PMs receive the

adjusted allocated quantities to meet market demands. After the end of the business

year, the performance of the PMs is assessed based on their realized market profits

adjusted by the received/paid transfer charges. We provide further details on each of the

three stages below.

Step 1: HQ derives base allocation and sets transfer prices

To determine the base allocation (B⃗) and derive transfer prices (τ⃗), we use the model

structure of the first-best solution presented in Subsection 4.4.1 and leverage all infor-

mation available to the HQ. As full information on the distribution of uncertain market

demands is private knowledge held by the responsible local PM, we assume that demand

is uniformly distributed between the lower and upper support, which are known to HQ:

FU
f (df ) ∼ U(d−f , d

+
f ). (4.12)

We solve the integrated problem formulation (4.8)-(4.10) based on the problem pa-

rameters known to the HQ and the assumption of uniformly distributed demand to

obtain the base allocation B⃗, and we use the shadow prices determined by the solution

process of Zhang (2012) as transfer prices τ⃗ . We refer to the model used to derive the

base allocation as IOU . The HQ communicates both the base allocation and transfer

prices to its PMs.

Step 2: PMs submit transfer requests to HQ. HQ determines final allocation quantities

After receiving B⃗ and τ⃗ , PMs have the opportunity to submit transfer requests to the

HQ. Through transfer requests, PMs have a chance to request volumes above (Sf > 0)

or below (Sf < 0) the base allocation, in exchange for making or receiving a per-unit

transfer payment of
∑

a∈A ia,f · τa.
After collecting all transfer requests from PMs, the HQ determines which requests to

confirm. To do so, the HQ ranks PMs according to the profitability-based lexicographic

list used in the company’s current allocation approach (see Section 4.4.2). The HQ

processes the requests sequentially based on lexicographic priorities, starting with the

highest-ranked PM. At each step of the list, the HQ matches the PM with the highest

priority and an open request to the next PM on the list with an open opposing request

for each of the AIs required by PM f . If a transfer request Sf is confirmed, the base

allocation Bf of PM f is updated to Qf = Bf + Sf . Any confirmed transfer generates
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cross-payments, and the PMs receiving additional volumes pay (
∑

a∈A ia,f · τa) · Sf to

the matched PMs. After each match, the request list is updated. The process continues

until all requests are met or no further transfers are possible due to the absence of open

opposing requests. We provide the full process in Algorithm C.1 in Appendix C.

Under the proposed method, PMs only communicate with the HQ based on the sub-

mitted transfer requests. Through these requests, PMs can neither influence the base

allocation, the charged transfer prices, nor the process through which transfer requests

are matched. If PM f is up for evaluation based on the priority list in the matching

phase, the HQ will adjust the base allocation of f and confirm as much of the submitted

transfer request (Sf ) as allowed by the sum of opposing transfer requests submitted by

lower-priority PMs. It is thus in each PM’s best interest to truthfully submit the trans-

fer request they would ideally like to have fulfilled in order to maximize their own local

expected profits:

max
Sf

E[πf ] = mf · E[min(df , (Bf + Sf )]− hf · E[(Bf + Sf − df )
+]−

∑
a∈A

τa · ia,f · Sf

(4.13)

s.t. Bf + Sf ≥ 0 (4.14)

which leads to the following optimal transfer request:

Sf = F−1((
mf −

∑
a∈A τa · ia,f

mf + hf

)+)−Bf . (4.15)

If the transfer prices set by the HQ equal the true shadow prices obtained from the

integrated model formulation, PMs will correct any base allocation to a final allocation

that leads to the same expected total profits as the first-best solution obtained in the

absence of private information in Subsection 4.4.1. BR fulfills the three properties desired

by the case company. As discussed, BR is strategy-proof because PMs have an incentive

to truthfully reveal their self-optimizing preferences when submitting transfer requests

to the HQ. Furthermore, BR is both feasible and implementable, as the initial base

allocation and any bottom-up adjusted volume allocations solve the allocation problem,

and the mechanism can be implemented within the decision-making context of the case

company.
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4.5. Numerical study based on synthetic data

In this section, we evaluate the performance of our proposed allocation method (BR)

against the company’s current practice (SLA), additional benchmarks from theory and

practice, as well as the first-best solution achievable under full central information avail-

ability based on the integrated model formulation (IO). Using a synthetic data set with

systematically varied input parameters, we aim to analyze the performance and solu-

tion structure of our proposed allocation mechanism. The study setup is detailed in

Subsection 4.5.1, the benchmark methods are formalized in Subsection 4.5.2, and the

performance analysis is presented in Subsection 4.5.3 onward.

4.5.1. Study setup

In our numerical study, we consider two AIs from which a portfolio of 12 final products

can be produced. The final products are blended from either one or both AIs. Each prod-

uct is managed by one dedicated PM. To evaluate the allocation methods, we construct

12 different portfolios, each containing 12 final products. To construct the portfolios, we

differentiate between parameters held constant across all portfolios (see Table (4.1)) and

parameters that are varied (see Table (4.2)).

We assume that each final product has an expected demand (E[d]) of 1000 units. As

all studied allocation methods adjust allocation results proportionally to level shifts in

expected demand, studying the impact of different market sizes on allocation outcomes

is not relevant. Carrying leftover inventory to the next selling season generates additional

local handling and storage costs (hf ) of 1.5 per unit. In addition, we assume that each

unit of final product requires a total of 0.2 units of AI. The portfolio consists of final

products that can be produced from one of three different AI consumption vectors (⃗if ),

requiring either 0.2 units of AI 1, 0.2 units of AI 2, or 0.1 units of both AI 1 and AI 2. The

number of mixed AIs and the AI density realistically reflect the composition of CPPs

currently sold in the market. We summarize the fixed parameters used to construct the

product portfolio in Table 4.1.

Our preliminary studies reveal that allocation outcomes are strongly sensitive to the

skewness of assumed market demand distributions (γ), as well as to the degree of diver-

sity in demand uncertainty (cv) and profitability levels (m) across final products. Thus,
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we design 12 distinct portfolios, combining left-, right-, or non-skewed demand distribu-

tions with both homogeneous and heterogeneous demand uncertainties and profitability

levels, as detailed in Table 4.2. The ratios of the different profitability levels to the

holding cost parameter are realistically aligned with those observed in the industry.

Parameter Value

E[df ] 1000
hf 1.5

i⃗f {0.2, 0.0}, {0.0, 0.2}, {0.1, 0.1}

Table 4.1.: Problem parameters not varied across portfolios.

Parameter Low diversity High diversity

cv {0.17, 0.23} {0.1, 0.3}
m {7, 9} {4, 12}

γ {−0.995, 0.000, 0.995}

Table 4.2.: Problem parameters varied across portfolios.

We model uncertain market demand using a skew normal distribution, defined by

the given coefficient of variation (cvf ) and skewness (γf ), truncated at the 1st and 99th

percentiles.

For each portfolio, we parameterize the 12 final products based on all possible combi-

nations of the three different AI consumption vectors (⃗if ) in Table 4.1 and the respective

values of high or low diversity in cvf and mf from Table 4.2 such that 3(⃗if ) · 2(cvf ) ·
2(mf ) = 12 final products.

We determine allocations for each of the 12 portfolios across three AI availability

scenarios: both AIs with high availability (H/H), one AI with high and the other with

low availability (H/L), and both AIs with low availability (L/L). ‘High’ and ‘low’ AI

availability is defined relative to the total volumes required to satisfy the unconstrained,

self-interested orders of all PMs (Os
f ), with high availability set at 90% and low avail-

ability at 70% of the required AI volumes.
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4.5.2. Benchmark methods

We evaluate the performance of the proposed allocation method (BR) by comparing it

to several benchmark strategies outlined in Table 4.3. In addition to the proposed alloca-

tion mechanism (BR), the current company practice (SLA), and the first-best solution

under full central information availability (IO), we also test the performance of the base

allocation B⃗ used in BR, which is derived by using the integrated problem formulation

under the assumption of uniformly distributed market demands (IOU). Furthermore,

we include several additional benchmark methods that are either well-established in the

literature or currently under consideration by the case company. These methods are

presented below.

Proposed Method Description

BR Base-and-refine.

Theoretical Benchmark Description

IO First-best solution obtainable under full central infor-
mation availability.

LA Traditional lexicographic allocation method.

IOU Base allocation used by BR and derived through inte-
grated model under the assumption of uniformly dis-
tributed demand.

TP Allocation based on traditional transfer pricing.

In-company Benchmark Description

SLA Step-wise lexicographic allocation. Current company
practice.

UPA Uniform-proportional allocation. Under discussion at
case company to potentially improve SLA.

Table 4.3.: Summary of studied allocation methods.

Note that all allocation methods face the challenge of imposing the right level of pri-

oritization among the articles in the company’s portfolio. If volumes are too aggressively

allocated toward the most profitable products, the case company might experience high

leftovers in high-profit products while dealing with shortages in products with lower

profitability. If volumes are, however, allocated too equally, the company might increase

sales of low-profit products but simultaneously lose substantial profits from articles with

the highest profitability. The methods studied span a broad range of prioritization strate-

gies. While LA, for example, prioritizes volume allocations purely based on profitability,
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UPA allocates volumes uniformly across all PMs and fully disregards relative differences

in profitability.

Lexicographic Allocation (LA)

While the case company currently employs a two-step lexicographic allocation approach,

we include the traditional single-step lexicographic approach (LA) as an additional

benchmark in the following analysis (Cachon and Lariviere 1999b). By including LA,

we enable a direct comparison between the company’s current practice and a closely

related, well-established allocation method.

Allocation mechanism applied by the HQ:

Under LA, the HQ uses the same profit-based ranking of PMs as in SLA (see equation

(4.11)) to determine the sequence in which PM orders are fulfilled. LA is therefore both

implementable and feasible.

Optimal order strategy of PMs under allocation mechanism:

Similar to SLA, LA provides no incentives for PMs to deviate from ordering the

unconstrained, self-optimizing quantity (Cachon and Lariviere 1999b). Thus, the optimal

order policy for PMs under LA is

OLA
f = Os

f (4.16)

and LA is strategy-proof.

Allocation based on transfer prices (TP )

In the second step of our proposed allocation method, we suggest leveraging the concept

of transfer prices to improve a top-down base allocation provided by the HQ. To assess

the performance of our approach, we compare it to the performance of a traditional pure

transfer price-based mechanism (TP ) commonly found in the literature.

Allocation mechanism applied by the HQ:

Under TP , the HQ first announces a vector of transfer prices (τ⃗) to its PMs. As in

BR, we set transfer prices based on the shadow prices obtained when determining the

base allocation B⃗ based on IOU . Subsequently, PMs submit orders to the HQ. If all

orders can be blended from the available AI volumes, PMs receive their full orders. If

required AI quantities exceed available AI volumes, the HQ performs a lexicographic

100



Chapter IV. Allocating inventories in distributed organizations

allocation based on LA on the submitted orders. The HQ blends and supplies the final

confirmed volumes to the PMs in exchange for the associated transfer payment. As TP

relies solely on centrally available information and fully resolves any allocation conflict,

the method is implementable and feasible.

Optimal order strategy of PMs under allocation mechanism:

As with the other lexicographic-based mechanisms, it remains optimal for PMs to

order the self-optimizing quantity while accounting for the transfer payment due, in

order to maximize expected local profits. The self-optimizing quantity of a PM under

τ⃗ can be characterized by the newsvendor trade-off presented in equation (4.9). TP is

therefore strategy-proof.

Uniform-proportional allocation (UPA)

By using SLA, the case company currently generates allocation plans in which the most

profitable PMs receive their full, self-optimizing, unconstrained order quantities, while

product supply for other PMs is reduced to at most the lower bound of uncertain demand.

This has resulted in multiple years in which some PMs held substantial leftover stocks,

while others simultaneously failed to capture significant market demand. Prior to engag-

ing in the research collaboration, the case company therefore considered implementing

an allocation mechanism that distributes volumes more uniformly across its PMs. We

present the approach under discussion, referred to as uniform-proportional allocation

(UPA), together with the optimal order policy of PMs, and assess its performance as

an additional benchmark.

Allocation mechanism applied by the HQ:

Under UPA, all PMs initially place an order for final products with the HQ. Subse-

quently, the HQ offers each PM requiring a given AI their certain market demand (d−f )

plus the same share (sa) of their uncertain demand component (d+f − d−f ). Note that the

HQ, in contrast to the uniform allocation discussed in the literature review, does not offer

volumes proportional to submitted orders, but based on the range of uncertain demand

derived from centrally available information. In cases of severe allocation constraints,

where not even the lower bound of uncertain demand for final products can be supplied,

each PM is offered the same share sa of the lower bound of their market demand. If a

final product is blended from more than one AI, the offered volume corresponds to the
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lowest quantity determined across the required AIs. Finally, PMs receive the minimum

of the offered volumes and their submitted orders.

We therefore define Qf,a as

Qf,a(sa) =

min{d−f + sa · (d+f − d−f ), Of} if
∑

f∈F ia,f ·min(Of , d
−
f ) ≤ ca

min{sa · d−f , Of} if
∑

f∈F ia,f ·min(Of , d
−
f ) > ca

(4.17)

where the maximal feasible share sa suppliable for final products requiring AI a is defined

as

max
sa
{sa :

∑
f∈F

ia,f ·Qf,a(sa) ≤ ca}. (4.18)

The final allocated quantity QUPA
f is the lowest AI-specific quantity Qf,a derived for

final product f :

QUPA
f = min

a∈A, ia,f>0
{Qf,a}. (4.19)

Any leftover AI volumes after determining supply quantities based on equation (4.19)

are distributed to final products requiring only this single AI by proportionally increasing

the supplied share of those products up to the submitted orders. In line with the desired

properties defined by the case company, SLA can be implemented in the context of

distributed information and fully eliminates AI shortages. SLA is thus implementable

and feasible.

Optimal order strategy of PMs under allocation mechanism:

Under UPA, PMs receive the lower of the quantity derived based on the uniform share

applied by the HQ and the submitted order. The share-based quantity is determined

by the HQ based on centrally available information on the lower and upper bounds of

uncertain market demands. PMs cannot increase their allocation share through strategic

order placement. However, by truthfully reporting their self-optimizing quantities, PMs

can ensure that the HQ does not oversupply them and avoid high expected leftover costs

in case of high allocation shares. UPA is therefore strategy-proof and PMs will order

OUPA
f = Os

f . (4.20)
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4.5.3. Performance analysis of allocation methods

We assess the performance of the different allocation mechanisms based on the expected

total allocation impact (TAI). TAIM quantifies the expected total profit impact of

limited AI availabilities by subtracting the expected total profits of the corporation

resulting from allocating volumes based on mechanism M in a given AI availability

scenario, π(Q⃗M), from the expected total profits if all PMs receive their unconstrained,

self-optimizing quantities in the absence of limited AI availabilities, π(O⃗s):

TAIM = π(O⃗s)− π(Q⃗M). (4.21)

During the research collaboration with the case company, using TAI as the perfor-

mance metric has allowed for two discussions. First, we can use the absolute TAI of

the first-best solution to assess the expected profit loss under different availability sce-

narios. This offers the case company an important perspective on the isolated impact

of AI availability constraints on expected profits. The analysis provides the case com-

pany a first intuition on how much to invest in relaxing AI availability constraints by,

for example, expanding AI production capacities. Second, we can use the performance

gap between the first-best solution and the studied allocation methods to quantify the

additional allocation impact on expected total profits resulting from limited central in-

formation and incentive misalignment when applying different allocation mechanisms.

As the objective of this paper is to propose an allocation mechanism that performs well

in the presented problem environment, we focus on the latter in the following analysis.

We present the expected TAI when applying our proposed allocation mechanism and

the introduced benchmarks, including the case company’s current practice, to the 12

different portfolios under three availability scenarios as defined in Section 4.5.1. We

summarize the overall results in Table 4.4. In addition to reporting the average perfor-

mance across all portfolios and availability scenarios, we filter the results by AI avail-

ability scenario, diversity in the coefficient of variation of uncertain market demands

and profitability levels, and the assumed distribution shape of uncertain demands. The

percentage values in parentheses indicate the gap to the TAI of the first-best solution

obtainable under full central information (IO).
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First-best Proposal Theoretical benchmark In-company benchmark

IO BR LA IOU TP SLA UPA

Avg: 49.7 52.8 (6.3%) 124.2 (149.9%) 56.2 (13.1%) 81.5 (64.0%) 98.9 (98.9%) 63.7 (28.2%)

Avail

L/L 87.0 89.8 (3.2%) 179.6 (106.6%) 96.0 (10.4%) 117.1 (34.6%) 146.0 (67.9%) 105.7 (21.5%)
H/L 52.8 56.1 (6.2%) 142.1 (168.8%) 59.6 (12.9%) 82.1 (55.5%) 106.1 (100.7%) 71.1 (34.5%)
H/H 9.3 12.5 (35.2%) 50.9 (448.7%) 13.0 (40.1%) 45.2 (387.6%) 44.5 (379.9%) 14.4 (55.1%)

Div cv
L 49.1 52.3 (6.5%) 121.4 (147.2%) 55.6 (13.3%) 82.5 (68.0%) 100.7 (105.0%) 62.9 (28.0%)
H 50.3 53.3 (6.1%) 126.9 (152.5%) 56.8 (13.0%) 80.5 (60.1%) 97.0 (93.0%) 64.6 (28.5%)

Div m
L 55.3 56.4 (1.9%) 156.6 (183.1%) 56.5 (2.1%) 98.0 (77.2%) 119.8 (116.6%) 58.7 (6.1%)
H 44.1 49.3 (11.8%) 91.7 (108.2%) 56.0 (27.1%) 64.9 (47.4%) 77.9 (76.8%) 68.7 (56.0%)

Shape

L Skew 61.0 62.0 (1.8%) 126.2 (106.9%) 62.4 (2.4%) 91.2 (49.6%) 110.4 (81.1%) 79.1 (29.7%)
Symmetric 47.9 49.5 (3.4%) 123.7 (158.5%) 52.0 (8.7%) 55.3 (15.5%) 100.2 (109.5%) 61.3 (28.1%)
R Skew 40.3 46.9 (16.5%) 122.7 (204.8%) 54.2 (34.7%) 98.0 (143.4%) 86.0 (113.5%) 50.8 (26.2%)

Table 4.4.: Expected total allocation impact across portfolios by availability scenario
and portfolio characteristics.

Overall, BR-based allocations lead to a TAI that is 6.3% higher than the first-best

solution and outperform all other benchmark methods. Among the benchmarks, the

base allocation IOU (13.1%) and UPA (28.2%) perform best, followed by TP (64.0%).

Both methods based on pure lexicographic prioritization perform the worst. Specifically,

the current company practice SLA results in an average TAI that is 98.9% higher

than that of IO, while LA shows a gap of 149.9%. The results confirm the benefit of

leveraging all centrally available information (IOU) and demonstrate that offering PMs

the opportunity to adjust a top-down allocation in exchange for a transfer payment

(BR) outperforms the unadjusted base allocation. Note that although BR combines

IOU and the concept of transfer prices behind TP , the performance of BR aligns much

more closely with IOU , as the base allocation determined by IOU is only selectively

adjusted based on bottom-up volume transfers in the second step to enhance overall

performance. In addition, the results highlight that prioritizing the allocation of volumes

purely based on profitability while ignoring other relevant factors is insufficient. This is

evident in the poor performance of LA, which applies a purely profit-based prioritization,

and SLA, which follows a solely profitability-driven ranking in the second allocation

step. Conversely, incorporating even limited information about market uncertainty (as

in UPA) proves beneficial and enhances performance.

The aforementioned effects depend on the structure of the studied portfolio. We find

that methods based on lexicographic priorities (SLA, LA, and TP ) perform substan-

tially worse under scenarios of high availability. Under these methods, AI shortages

are resolved by cutting the demand of a few selected PMs while fully supplying the
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remaining PMs. Particularly in high AI availability scenarios, this approach results in

outcomes where selected PMs experience significant lost sales, whereas fully served PMs

incur high expected leftovers. This finding confirms the case company’s concern about

the performance imbalance caused by fully satisfying the most profitable PMs’ orders

while other PMs face severe shortages. Employing an allocation method that achieves

an appropriate level of prioritization is therefore essential.

We observe that the degree of diversity in the coefficient of variation of uncertain

market demands across PMs has no significant impact on the overall performance of the

studied allocation methods. In contrast, diversity in profitability levels has a stronger

influence on performance across the different methods. BR performs best when prof-

itability diversity is low. When profitability diversity is high, the base allocation (IOU)

performs worse due to its assumption of uniformly distributed demand, which leads to

increased over-allocation to the most profitable PMs. BR can only partially mitigate this

initial over-allocation through volume swaps (reducing the gap from 27.1% to 11.8%).

The performance of all methods that allocate (partially) based on lexicographic priorities

(SLA, LA, TP ) improves under high profitability diversity. Conversely, the performance

of UPA deteriorates as profitability diversity increases.

Regarding the distribution shape of market demands, BR consistently outperforms

other mechanisms on average across all distribution shapes. However, the gap to the

first-best solution increases from 1.8% for left-skewed to 16.5% for right-skewed demand

distributions. This widening gap is primarily driven by the performance limitations of the

base allocation (IOU), which BR can only partially correct through volume transfers. If

true demands are right-skewed, assuming uniformly distributed demands overestimates

the probability of high market-demand scenarios, which in turn leads to increased over-

allocation to the most profitable PMs, driven by high optimal service levels determined

by the critical fractile in equation (4.9).

First-best Proposal Theoretical benchmark In-company benchmark

IO BR LA IOU TP SLA UPA

Avg: 37.4 48.5 (29.4%) 91.7 (145.0%) 63.9 (70.6%) 76.9 (105.4%) 82.7 (120.8%) 56.4 (50.6%)

Avail

L/L 65.9 75.2 (14.1%) 131.7 (99.8%) 105.8 (60.4%) 96.4 (46.2%) 122.0 (85.0%) 91.4 (38.6%)
H/L 40.3 50.5 (25.4%) 106.6 (164.7%) 66.2 (64.5%) 74.5 (84.9%) 102.4 (154.4%) 62.5 (55.3%)
H/H 6.1 19.7 (221.5%) 36.9 (502.0%) 19.7 (221.5%) 59.8 (877.5%) 23.6 (286.2%) 15.3 (149.2%)

Table 4.5.: Expected total allocation impact for a portfolio with high variability in
profitability and uncertainty under right-skewed demand distributions by availability
scenario.
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In addition to the aggregated results across all studied portfolios, we present the out-

comes for a single portfolio characterized by right-skewed demand distributions and high

diversity in both profitability and uncertainty levels among final products in Table 4.5.

This portfolio most closely reflects the real-world data of the case company. Again, BR

outperforms the other benchmarks (29.4%), followed by UPA (50.6%) and IOU (70.6%).

TP , SLA, and LA perform worse, with 105.4%, 120.8%, and 145.0%, respectively. These

results underscore both the superior performance of BR compared to the studied bench-

marks and the benefits of allowing PMs to adjust a top-down base allocation through

volume transfers, as evidenced by the significant improvement from 70.6% (IOU) to

29.4% (BR).

The gap between IO and BR widens in high-availability scenarios. Specifically, when

the availability of both AIs is high, BR (221.5%) performs even worse than UPA

(149.2%). This large percentage deviation stems from the low absolute value of TAI

for IO. However, the performance gap for BR is primarily driven by two factors: the

limitations of the base allocation and the estimation error between the charged transfer

prices and the true shadow prices. When the true demand distribution is right-skewed,

the base allocation, assuming uniform demand, tends to over-allocate AIs to the most

profitable PMs at the expense of those with lower profitability levels. Simultaneously, the

resulting transfer prices are overestimated, discouraging PMs from taking on additional

volumes to correct the initial allocation. The consequences of overestimated transfer

prices are also evident in the poor performance of TP . When charged transfer prices are

set too high, a share of the available AIs remains with HQ, leading to a TAI substan-

tially exceeding the optimal allocation under IO (877.5%). These results highlight the

risks of determining allocations solely based on a transfer pricing scheme. We discuss

the impact of transfer pricing errors on overall allocation performance in the following

section.

4.5.4. Solution structure and driver analysis

Besides the performance analysis, we now investigate the structure of the obtained solu-

tions. Specifically, we investigate how differences in demand uncertainty (cv) and prof-

itability (m) across products translate into differentiated volume allocations across the

different mechanisms.
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To this end, we consider the portfolios studied in Subsection 4.5.3 under both low and

high availability scenarios for both AIs. For each availability scenario, we calculate the

resulting average supply quantity of products with low and high coefficients of variation

and margins for each allocation method. Under each availability scenario, an identical

amount of AI is allocated across products by each allocation mechanism. We can there-

fore simplify the analysis and focus solely on the interval length and the direction of

differentiation between average supply quantities of products with low and high param-

eter realizations. Accordingly, Table 4.6 reports the percentage difference between the

average supply quantity of high versus low parameter realizations by availability sce-

nario and allocation method. Under a low availability scenario, the first-best solution,

for example, allocates 8.5% less to products with high demand uncertainty than to those

with low demand uncertainty.

First-best Proposal Theoretical benchmark In-company benchmark

Avail IO BR LA IOU TP SLA UPA

cv
L/L -8.5% -8.1% 24.1% -4.1% -8.5% -11.7% -6.5%
H/H 11.3% 12.4% 3.8% 12.9% 0.0% 7.6% 12.9%

m
L/L 36.9% 42.7% 189.7% 60.6% 57.3% 147.8% 0.0%
H/H 14.0% 24.7% 37.1% 25.9% 24.3% 37.1% 0.0%

Table 4.6.: Percentage difference in average supply quantities between products with
high and low coefficients of variation and profitability by AI availability scenario.

We can determine the optimal degree and direction of differentiation by studying the

allocations obtained through the first-best solution. We find that if the demand uncer-

tainty of a product is high, it is optimal to allocate lower volumes under low availability

scenarios (-8.5%) and higher volumes under high availability scenarios (11.3%). If avail-

able AI volumes are scarce, it is optimal to prioritize the supply of products with more

certain demands. If AI volumes are more abundant, allocating additional volumes to

high-uncertainty markets becomes optimal to capture a larger share of uncertain de-

mand. Intuitively, it is optimal to allocate higher volumes to more profitable products

under both availability scenarios. The relative degree of differentiation is stronger under

the low availability scenario (36.9%) compared to the high availability scenario (14.0%).

We can use the results of the first-best solution to assess how closely the allocation

mechanism proposed by this paper and the studied benchmarks follow the optimal dif-

ferentiation pattern. We find that for the degree of demand uncertainty, BR, IOU , SLA,
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and UPA follow the pattern of IO and allocate less to products facing high demand un-

certainty under a low AI availability scenario while allocating more to high-uncertainty

products when AI availability is high. Interestingly, LA is the only method that allocates

substantially higher volumes to products facing high demand uncertainty under a low

availability of AIs. Under LA, orders of PMs are strictly prioritized based on per-unit

margins. If the availability of AIs is low, the majority of PMs receive no volumes, while

a small number of the most profitable PMs receive their full, unconstrained orders. The

optimal self-optimizing order quantity of PMs can be determined based on the NVP (see

equation (4.2)). For the most profitable products, the critical fractile is above 0.5 for the

studied data, which leads PMs with high demand uncertainty to order more than those

with lower demand uncertainty.

When examining differentiation patterns based on profitability, all methods except

UPA allocate more to PMs with higher per-unit margins under both availability scenar-

ios. As for IO, the degree of differentiation is lower under a high availability scenario.

LA and SLA prioritize orders of PMs purely based on profitability, which leads to

over-differentiation when compared to the degree of differentiation resulting from the

first-best solution. UPA only allocates volumes based on the degree of demand uncer-

tainty and does not consider differences in profitability across PMs. Overall, we find that

our proposed method follows both the optimal direction and the degree of differentia-

tion of the first-best solution more closely and consistently than any other benchmark

method.

4.5.5. Impact of shadow price estimation errors on expected

performance

The proposed allocation mechanism (BR) and the benchmark method based on a pure

transfer pricing scheme (TR) rely on transfer prices centrally set by the HQ. If the HQ

had full information, it would ideally charge the true shadow price of each AI-availability

constraint, as determined in the first-best solution, to each PM in order to fully align

the maximization of the firm’s expected total profits with the incentives of PMs to

maximize their local expected profits. Due to private information held by each PM,

the HQ must set transfer prices by approximating true shadow prices based on limited

central information (see step 1 in Section 4.4.3).
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In the following, we first assess the approximation error between the true shadow

prices and the approximated transfer prices, as reported in Table 4.7, and subsequently

evaluate the performance impact of these estimation errors on the overall performance

of both methods, as shown in Table 4.8 and Table 4.9.

λIO
1 λU

1 λIO
2 λU

2

Avg: 12.5 13.5 (7.5%) 12.5 13.5 (7.5%)

Avail

L/L 19.0 17.6 (-7.3%) 19.0 17.6 (-7.3%)
L/H 21.8 19.4 (-10.7%) 3.2 7.5 (136.5%)
H/L 3.2 7.5 (136.5%) 21.8 19.4 (-10.7%)
H/H 6.1 9.2 (50.7%) 6.1 9.2 (50.8%)

Div cv
L 12.4 12.8 (3.5%) 12.4 12.8 (3.5%)
H 12.7 14.1 (11.3%) 12.7 14.1 (11.3%)

Div m
L 14.0 15.3 (9.0%) 14.0 15.3 (9.0%)
H 11.0 11.6 (5.5%) 11.0 11.6 (5.5%)

Shape

L Skew 14.3 6.5 (-54.7%) 14.3 6.5 (-54.7%)
Symmetric 12.3 13.4 (9.6%) 12.3 13.4 (9.6%)
R Skew 11.0 20.4 (86.4%) 11.0 20.4 (86.3%)

Table 4.7.: Comparison of shadow prices obtained under IO and IOU across portfolio
characteristics and availability scenarios.

In Table 4.7, we assess the average true shadow price (λIO
i ) together with the esti-

mated transfer price based on the shadow prices obtained when solving IOU (λU
i ), which

are derived from centrally available information under the assumption of uniformly dis-

tributed demands. We indicate the percentage gap between the true and approximated

shadow prices in parentheses. Across all studied availability scenarios and portfolios, the

estimated shadow price exceeds the true shadow price on average by 7.5%. However,

this overall average is not an appropriate measure, as the approximation error strongly

depends on the problem parameters, which we examine in the following.

Under low availability scenarios (L/L), IOU underestimates true shadow prices by

7.3%. This occurs because the uniform distribution overestimates the likelihood of very

low demand, thereby underestimating the marginal profit impact of additional AI vol-

umes under low availability scenarios. Conversely, in high availability scenarios (H/H),

IOU overestimates true shadow prices by 50.7%, as it overestimates the probability of

high demand realizations.
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Compared to differences across availability scenarios, shadow price errors exhibit only

low sensitivity to the degree of diversity in the coefficient of variation of uncertain de-

mands (3.5% vs. 11.3%) and profitability levels (9.0% vs. 5.5%). However, the skewness

of the demand distribution has a stronger impact on the approximation errors. When

the true demand distribution is left-skewed, shadow prices estimated based on the as-

sumption of uniform demand are 54.7% lower than the true shadow prices. Conversely,

when the true demand distribution is right-skewed, estimated shadow prices exceed the

true values by 86.4%. Similar to the discussion on availability levels, the error arises

from the uniform distribution’s systematic under- and overestimation of demand at risk

due to limited availabilities, depending on whether the true demand distribution is left-

or right-skewed.

The results in Table 4.7 demonstrate that the accuracy of the approximation of true

shadow prices is influenced by the specific parameter characteristics of the problem. To

evaluate the robustness of the proposed approach and the traditional transfer pricing

method with respect to shadow price estimation errors, we analyze their impact on

the expected TAI. To this end, we quantify the expected TAI under varying shadow

price approximation errors for both AIs. We present the percentage gap of the resulting

expected TAI to the expected TAI of the first-best solution for the traditional transfer

scheme TP in Table 4.8 and for BR in Table 4.9.

Error τ2

-40% -20% 0% +20% +40%

E
rr
or

τ 1

-40% 49.3% 37.5% 32.8% 61.8% 94.5%
-20% 37.5% 19.8% 14.0% 44.6% 78.8%
0% 32.8% 14.0% 0.0% 36.8% 78.2%

+20% 61.8% 44.6% 36.8% 77.0% 121.5%
+40% 94.5% 78.8% 78.2% 121.5% 161.0%

Table 4.8.: Impact of shadow price estimation errors on expected TAI compared to the
first-best solution under TP .

If estimated shadow prices match true shadow prices, the expected performance of

both BR and TP aligns with the performance of the first-best solution IO. As errors

increase, the expected allocation impact worsens for both methods. For every error

combination, the TAI increase of BR (Table 4.9) is significantly below the TAI increase

under TP (Table 4.8). BR is therefore substantially more robust to deviations of transfer
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Error τ2

-40% -20% 0% +20% +40%

E
rr
or

τ 1

-40% 4.7% 3.9% 3.3% 7.5% 10.6%
-20% 3.9% 2.9% 2.0% 6.4% 9.9%
0% 3.3% 2.0% 0.0% 5.5% 8.4%

+20% 7.5% 6.4% 5.5% 8.6% 12.4%
+40% 10.6% 9.9% 8.4% 12.4% 13.2%

Table 4.9.: Impact of shadow price estimation errors on expected TAI compared to the
first-best solution under BR.

prices from true shadow prices than TP , consistently performing better across all error

scenarios. For both methods, setting transfer prices too high has a stronger negative

impact on expected performance than setting them too low.

Under TP , understated transfer prices lead to orders whose AI requirements exceed

available AI volumes. Any remaining AI shortage must be resolved in an additional

step, for example, by applying the lexicographic priority list of LA. As underestimations

increase, TP outcomes converge to those of LA. Conversely, when shadow prices are

overestimated, submitted orders can be served based on available AI volumes, but an

increasing portion of AI remains unused at the HQ, resulting in substantial profit losses.

The expected TAI of BR demonstrates significantly greater robustness to errors in

charged transfer prices. Under BR, transfer prices are used to incentivize PMs to adjust

the initial base allocation based on their private information in exchange for a transfer

payment. If charged transfer prices are too low/too high, it becomes less attractive for

PMs to offer/purchase additional volumes from other PMs. As a result, the volume trans-

ferred decreases as estimation errors increase, and the BR solution gradually converges

to the base allocation.

4.6. Application to real-world data for the case

company

In the following section, we complement the findings based on synthetic data by assessing

the performance of the proposed allocation mechanism within the real-world context of

the case company.
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4.6.1. Data collection and scope of analysis

To assess the performance of the proposed mechanism alongside the discussed bench-

marks, we use real-world data from the product portfolio of two key AIs. Both AIs are

of special interest to the case company because the associated portfolios generate a sub-

stantial share of the company’s revenues and profits. For both AIs, the requests of PMs

could not be fulfilled based on available AI volumes in several previous selling seasons.

The company produces a total of 119 different final products from both AIs. Of these,

86 final products require only one of the AIs, while the remaining 33 require both AIs.

For each final product, we collect the relevant per-unit profits, coefficients of required

AI quantities, and local handling and storage costs for leftover products. The probabil-

ities of different demand scenarios for future selling seasons are not known to the HQ

of the case company. For the sake of the computational study, we assume that market

uncertainties can be quantified based on historical forecast errors. As the lifespan of

CPPs is limited, we pool historic forecast errors for similar products sold in similar mar-

kets together. This approach allows us to approximate a distribution that represents the

demand uncertainty of an average historic selling season, which we use to evaluate the

general performance of the different allocation methods. To solve the actual allocation

problem of a future selling season, this historic approximation is of limited value be-

cause the probabilities of different demand scenarios for a single future season vary with

highly volatile and rapidly evolving local farming environments, which remain private

knowledge held by the local PMs.

To define the different availability scenarios, we first determine the AI volumes required

to fulfill the unconstrained orders of all PMs. We then define 70% of the unconstrained

AI requirement as the “low” and 90% as the “high” availability scenario.

4.6.2. Performance analysis

In Table 4.10, we compare the performance of the studied allocation mechanisms under

different availability scenarios using real-world data from the case company. BR out-

performs all other benchmark methods with an average gap to the first-best solution of

29.0%. Among the benchmark methods, UPA performs best (55.4%), followed by IOU

(87.7%), LA (90.8%), SLA (91.9%), and TP (103.1%). The overall average findings,

as well as those for the different availability scenarios, are consistent with the results
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obtained for the portfolio characterized by high diversity in profitability and demand

uncertainty with right-skewed demand distributions, as presented in Table 4.5.

First-best Proposal Theoretical benchmark In-company benchmark

IO BR LA IOU TP SLA UPA

Avg: 92.6 119.5 (29.0%) 176.6 (90.8%) 173.8 (87.7%) 188.1 (103.1%) 177.7 (91.9%) 143.9 (55.4%)

Avail

L/L 146.8 184.9 (26.0%) 257.2 (75.3%) 236.3 (61.0%) 256.2 (74.6%) 253.2 (72.5%) 230.7 (57.2%)
L/H 93.0 121.1 (30.2%) 208.1 (123.7%) 164.2 (76.5%) 180.0 (93.5%) 209.9 (125.6%) 126.7 (36.2%)
H/L 116.0 141.7 (22.1%) 189.0 (62.9%) 199.0 (71.5%) 208.7 (79.8%) 199.2 (71.6%) 188.7 (62.6%)
H/H 14.6 30.2 (106.9%) 52.4 (259.1%) 95.8 (557.2%) 107.5 (637.7%) 48.6 (233.5%) 29.7 (103.7%)

Table 4.10.: Expected total allocation impact by availability scenario for company data.

The results underline the performance improvement potential when switching from

the current company practice, SLA, to the proposed allocation method, BR. If the

complexities associated with introducing transfer payments are a concern for successful

short-term implementation, UPA offers significant improvement potential, even when

employed as an intermediate step.

In addition, the results confirm the strength of BR in allowing PMs to correct and

improve an initial, top-down base allocation (IOU) through subsequent volume transfers.

To capture this potential, the case company must, however, establish processes that

enable PMs to offer or request volumes during the transfer phase, and to track all

transactions appropriately. To this end, it is important to assess the extent to which

trades are expected to occur.

Transferred volumes

Avg: 6.7%

Avail

L/L 5.6%
L/H 7.2%
H/L 6.1%
H/H 7.6%

Table 4.11.: Proportion of total product volume reallocated through bottom-up ad-
justments in BR.

We therefore show the expected share of volumes to be transferred between PMs during

the transfer phase of BR under the different availability scenarios in Table 4.11. Overall,

PMs are expected to trade 6.7% of the total volume of allocated AIs. By transferring

6.7% of AI volumes, the expected TAI can be reduced by 31.2%, from 173.8 for IOU to

119.5 for BR.
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Note that the findings from the analysis of the impact of shadow price approximation

errors on expected performance are consistent with those obtained using synthetic data

and are therefore omitted.

4.6.3. Distribution of shortage impact across PM

While our primary focus is on evaluating the performance of various allocation mecha-

nisms with respect to the overall profit implications for the corporation, we also examine

how the different allocation mechanisms distribute expected allocation impacts among

PMs. This analysis is valuable for the case company for two reasons. First, it allows us to

use the first-best solution of IO to determine the optimal level of differentiation. We then

compare how well different allocation mechanisms replicate this optimal differentiation

profile. Second, the analysis allows us to inform decision makers about the implications of

implementing different mechanisms in practice beyond total expected profits. It thereby

addresses past concerns regarding the degree of appropriate distribution of allocation

burden across PMs.

We evaluate the degree to which the allocation impact is evenly distributed across the

PMs by deriving the standard deviation of the ratio rMf , which represents the expected

profit impact of an individual PM under a given allocation mechanism relative to the

expected profits if a PM receives the unconstrained, self-optimizing quantity:

rMf =
π(Os

f )− π(QM
f )

π(Os
f )

. (4.22)

In addition to the average standard deviation across the studied portfolios, we show the

gap in percentage points (pp) between each method and the average standard deviation

of IO.

First-best Proposal Theoretical benchmark In-company benchmark

IO BR LA IOU TP SLA UPA

Avg: 9.0% 13.7% (4.7 pp) 21.7% (12.7 pp) 15.3% (6.4 pp) 14.6% (5.6 pp) 17.6% (8.6 pp) 3.3% (-5.6 pp)

Avail

L/L 11.5% 17.2% (5.7 pp) 25.1% (13.7 pp) 18.5% (7.1 pp) 17.5% (6.0 pp) 20.5% (9.1 pp) 3.2% (-8.3 pp)
L/H 15.4% 15.1% (-0.3 pp) 23.6% (8.3 pp) 18.1% (2.7 pp) 17.5% (2.1 pp) 19.4% (4.0 pp) 4.4% (-10.9 pp)
H/L 8.3% 12.8% (4.5 pp) 22.2% (13.8 pp) 14.3% (6.0 pp) 12.9% (4.6 pp) 18.4% (10.0 pp) 4.7% (-3.7 pp)
H/H 0.7% 9.7% (9.1 pp) 15.8% (15.2 pp) 10.5% (9.8 pp) 10.3% (9.7 pp) 12.1% (11.5 pp) 1.1% (0.5 pp)

Table 4.12.: Standard deviation of the share of unconstrained profits captured by PMs
under different AI availability scenarios.
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All methods except UPA lead to a higher degree of differentiation compared to IO.

On average, BR most closely replicates the optimal degree of differentiation (+4.7 pp),

followed by TP (+5.6 pp) and UPA (-5.6 pp). Both lexicographic methods lead to

substantially higher levels of differentiation across PMs. By employing a two-step lexi-

cographic approach, SLA reduces the gap from LA (+12.7 pp) to +8.6 pp. If the case

company decides to implement either BR or UPA to replace SLA, it can improve overall

performance while simultaneously distributing lost profits due to limited AI availability

more evenly across its PMs.

4.7. Conclusion

In this paper, we addressed a real-world allocation problem faced by an agrochemical

supplier of CPPs. At the case company, the production and distribution of products

are handled centrally by the HQ, while distributed PMs are dedicated to selling a given

product to local customers within a market territory. CPPs are produced by blending

one or multiple AIs into final products that are applied by farmers worldwide. Prior to

the start of the selling season, the HQ of the case company faces the allocation problem

of determining how much of each final product to blend from the limited available AI

volumes in order to maximize the firm’s expected total profits. The allocation is com-

plicated by the high uncertainty in the market demand for CPPs. Based on frequent

interactions with local customers, only the local PM can estimate the probability of

different demand scenarios in their market. This knowledge is private to the responsi-

ble PM and not known to the HQ or other PMs. To leverage this proprietary market

knowledge, the HQ asks PMs to submit product orders prior to the selling season. As

PMs are compensated based on local market profits, the allocation process is challenged

by PMs leveraging this information asymmetry by strategically ordering products from

the HQ in an attempt to maximize their own profitability rather than the firm’s overall

profitability.

To support the allocation problem of the case company, we developed a hybrid alloca-

tion mechanism that is applicable in the context of distributed decision making, private

information, and conflicting incentives.
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We assessed the performance of our proposed approach against current company prac-

tice and several benchmarks from the literature in a numerical study based on a con-

trolled synthetic data set and real-world data from the case company. We find that our

proposed method (BR) leads on average to expected lost profits that are 29.0% higher

than those obtainable under the first-best solution under full central information avail-

ability for the studied real-world data of the case company. Our method thereby closes

two-thirds of the gap between the current company practice (SLA) and the first-best

solution (91.9%).

Leveraging the proposed approach, which combines a top-down allocation in the first

step with an opportunity for PMs to adjust the initial allocation bottom-up in a second

step in exchange for a transfer payment, results in better performance than using either

step in isolation. Any bottom-up adjustment of an initial top-down allocation improves

the firm’s total expected profit, as self-optimizing PMs request additional or reduced

volumes only when the expected impact on local profits exceeds the associated transfer

payment owed or received. By reallocating AIs to PMs with a higher willingness to pay,

the expected profits of the firm are improved. In addition, we find that the performance

of our proposed mechanism is substantially more robust to misspecified transfer prices

than a pure transfer-pricing approach.

Our work opens several opportunities for future research. First, the goal of this paper

was to propose an allocation mechanism applicable within the existing incentive scheme

of the case company, in which PMs are compensated based on local profits. Exploring how

insights from the mechanism design literature could be applied to fundamentally redesign

the incentive scheme to address intrafirm conflicts would be an interesting avenue for

future work. Second, we discussed the allocation of limited AIs to final products as a

single-period problem. In reality, PMs might consider expectations regarding availability

scenarios in future selling seasons when engaging in strategic interactions with the HQ

during the current season. Extending the analysis to a multi-season allocation problem

would be worthwhile. Finally, we captured the interaction of two groups of agents through

a bi-level game. In reality, more agents might strategically interact with each other. For

the discussed allocation problem, it might be particularly interesting to analyze the

interaction between the HQ, multiple regionally managed production sites, and local

product managers.
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Appendix to Chapter II: Solution

heuristic and computational

improvements

In the following section, we present a näıve solution heuristic to solve the budget plan-

ning model (Section A.1), for which we subsequently propose several computational

improvements (Section A.2).

A.1. Näıve solution heuristic

We solve the discussed budget planning problem with a gradient search approach to

determine the minimum expected lost margin volume guarantee, v⃗∗, which ensures that

the associated inventory investment, assessed by the AARO nested in subproblem (2.5)

- (2.6), complies with the maximum allowable inventory investment.

As outlined in Section 2.5.1 and equation (2.77), we follow the practice of the case

company to simplify the derivation of volume guarantees by only determining overall

guarantee levels by region and AI which are subsequently disaggregated to a monthly

guarantee plan such that the same share of the uncertain demand component is covered

along all months of the budget year:

vr,a,t(gr,a) = d−r,a,t + gr,a(d
+
r,a,t − d−r,a,t) ∀r ∈ R, a ∈ A, t ∈ T . (A.1)
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Initially, we set all guarantees, vr,a,t, such that they cover the full support of uncertain

demand distributions: gr,a ← 1 ∀r ∈ R, a ∈ A. Supplying maximum volume guaran-

tees to all regions is most likely incompatible with the maximum allowable inventory

investment β. We, therefore, iteratively select and subsequently reduce regional AI vol-

ume guarantees by a fixed step size ϵ until the associated total worst-case inventories

no longer exceed β. To decide which guarantee to cut in each search iteration, the ex-

pected impact of reducing a single regional AI guarantee (gr,a,) in a given guarantee

level vector (g⃗) by ϵ is assessed based on the implied change in expected lost margin

(δLM(g⃗r,a)) relative to the change in worst-case inventories (δWC(g⃗r,a)), given by the

following gradient:

γr,a =
δLM(g⃗r,a)

δWC(g⃗r,a)
. (A.2)

We determine the lost margin-minimal g⃗∗ by iteratively selecting and reducing the

volume guarantee with the highest gradient value, i.e., the regional AI guarantee with the

lowest expected lost margin increase per unit of worst-case inventory decrease. In each

iteration, we reduce the chosen regional AI guarantee by step size ϵ, update the gradient

values of all regional AI guarantees based on the latest gr,a and continue in this fashion as

long as the associated worst-case inventories exceed the maximum allowable inventory

investment. Note that due to the company’s business rule that at least the certain

component of uncertain regional AI demand must be supplied, gr,a ≥ 0∀r ∈ R, a ∈ A is

a lower bound. We summarize the search approach in Algorithm A.1.

Algorithm A.1: Näıve search

Result: g⃗∗

gr,a ← 1∀r ∈ R, a ∈ A;
while β < WC(g⃗) do

Update γr,a based on g⃗ ∀r ∈ R, a ∈ A;
(r′, a′)← argmax(γr,a : gr,a − ϵ ≥ 0) ;
gr′,a′ ← gr′,a′ − ϵ;

g⃗∗ ← g⃗ = (g1,1, . . . , gR,A)
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A.2. Computational improvements of local search

The proposed search procedure can be computationally intense even for medium-sized

problems. In each search iteration all r×a gradients must be updated, each requiring us

to solve an AARO problem instance in order to derive worst-case inventory deltas. Even

though the AARO reformulation preserves the LP model structure of the original static

RO, the overall problem size substantially increases as each static decision variable is

transformed into an affine policy specified through a (T +1)-dimensional decision vector

together with T additional auxiliary variables required for the reformulation of the robust

constraints. Therefore, we strive to solve as few AARO model instances as possible. We

propose two levers to improve the overall search performance: first, reducing the solution

time of an individual AARO model through reducing the size of the coefficient matrices

(Section A.2.1) and, second, limiting the number of gradients recalculated per search

iteration (Section A.2.2).

A.2.1. Reducing the AARO model size

In the AARO formulation presented in Section 2.4, decisions in period t can be affinely

conditioned on all realized uncertainties up to period t − δ through the respective co-

efficient matrices. In line with observations from Ben-Tal et al. (2005) and See and

Sim (2010), the solution structure of the coefficient matrices obtained when solving the

AARO is commonly sparse, i.e., decisions are adjusted based on only few and recently

revealed uncertainties. Intuitively, as new actual sales realizations become available,

supply chain will adjust affected production and ordering decisions, while considering

inventories, remaining volume guarantees and relevant constraints such as lead times or

capacities. After the decision adjustments in response to an actual monthly regional AI

sale are completed, no further future decisions in subsequent periods are influenced by

the previously revealed uncertainty.

Based on this observation, we introduce a look-back period (LBP) to reduce the di-

mensions of the coefficient matrices specifying the decision policies. We, thereby, reduce

the overall size of the AARO model formulation by ensuring that decisions in period t

can only be affinely adjusted based on uncertainty realizations of the last LBP periods.

Thus, the dimensionality of a given coefficient matrix such as Oτ
r,a,t can be reduced from

R × A× T × T to R × A× T × LBP . Through the specification of LBP, we can trade
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off the complexity of affine policies, the model size and the solution time against the

solution quality of a tight and not overly conservative worst-case inventory assessment.

To derive the smallest possible LBP which does not lead to a deterioration of the so-

lution quality for a given problem instance, i.e., an increase in the derived worst-case

objective function value, we initially solve the AARO under an unrestricted informa-

tion base (i.e., LBP = T ) for maximum volume guarantees across all regions and AIs

(gr,a = 1 ∀r ∈ R, a ∈ A). Subsequently, we gradually reduce the LBP by one period

as long as the objective value obtained when solving the restricted AARO remains un-

changed and the solution quality of the worst-case inventory assessment is thus not yet

affected by the reduced size of the coefficient matrices specifying the decision policies.

The process is depicted in Algorithm A.2.

Algorithm A.2: Determining look-back period (LBP)

Result: LBP ∗

gr,a ← 1 ∀r ∈ R, a ∈ A;
wc←WCT (g⃗); /* Solution from original AARO with full LBP T */

n← T − 1;
while WCn(g⃗) = wc& n ≥ 0 do

n← n− 1;

LBP ∗ ← n;

Note that, through Algorithm A.2, we conservatively determine the LBP for a prob-

lem instance with volume guarantees corresponding to the upper support of uncertain

demand in order to maximize the need for worst-case decision adjustments in response

to AI sales under low demands. As volume guarantees decrease along the gradient search

process and the gap between volume guarantees and worst-case sales under low demands

is reduced, the number of periods required to adjust supply chain decisions in response

to worst-case sales realizations by, for example, cutting production and regional orders,

is non-increasing. Eventually, for the case of gr,a ≤ 0 ∀r ∈ R, a ∈ A, the LPB will be 0

as guaranteed volumes will always be retrieved in full to meet certain demands and no

decisions must be adjusted.

In addition, the derivation of the LBP offers an interesting perspective on the reactive-

ness of the supply chain in dealing with demand-side signals as LBP can be interpreted
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as the maximum number of periods required to actively react to realized uncertain-

ties through decision adjustments until any impact on worst-case performance is fully

mitigated.

By introducing the LBP, we can cut the average number of constraints by 58%, the

number of decision variables by 59%, and the computation time per AARO model run

by 93% from about 60 seconds to 4 seconds for the synthetic data set.1

A.2.2. Reducing the number of gradients to be updated

After improving the computation time per gradient, we focus on how to limit the number

of gradients to be updated per search iteration. We therefore examine if and when a

gradient γi
r′,a′ updated in iteration i can be utilized in any following search iteration j

(i < j).

In the gradient’s numerator, the delta in expected lost margin (δLMr′,a′(g⃗r′,a′)) when

reducing the provided regional AI guarantee gr′,a′ by step size ϵ is independent of the

AI volumes provided to other regions. Any marginal expected lost margin assessment

derived in iteration i for (r′, a′) is thus unaffected by potential reductions in other regional

AI guarantees and remains valid in subsequent iterations until the regional AI guarantee

itself is selected for reduction.

For assessing worst-case inventories, the supply plan of AI a′ to its selling regions is,

in the proposed model formulation, fully decoupled from decisions related to other AIs

due to both dedicated global production capacities per AI and separated regional hand-

ing. For any (r′, a′), a worst-case inventory delta as part of the gradient’s denominator

assessed in iteration i remains therefore valid for any succeeding iteration j (i < j) as

long as no regional guarantee of the same AI a′ has been cut in the meantime.

By utilizing both observations, we can reduce the number of gradients to be updated

per iteration from r×a to only r by solely updating the gradients of all regions associated

with the AI selected for reduction during the iteration (γr,a′ ∀r ∈ 1, ..., R). For the

synthetic data set with 18 AIs supplied to three regions, this corresponds in a reduction

of 94% in the number of gradients to be updated per search iteration.

1Executed on an Intel(R) Core(TM) i5-8350U CPU with 16 GB memory using FICO Xpress Optimizer
Version 30.01.04.
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Both, the reduced information base (LBP) and the limited gradient updates, thus sub-

stantially enhance the computational efficiency of the basic gradient search introduced

in Section A.1. The refined search procedure is outlined in Algorithm A.3.

Algorithm A.3: Computationally improved search

Result: g⃗∗

gr,a ← 1 ∀r ∈ R, a ∈ A;
n← LBP (g⃗);
for r ∈ R, a ∈ A do

Calculate initial γr,a based on g⃗ ∀r ∈ R, a ∈ A;
while β < WC(g⃗) do

(r′, a′)← argmax(γr,a : gr,a − ϵ ≥ 0);
gr′,a′ ← gr′,a′ − ϵ;
Update γr,a′ based on updated g⃗ ∀r ∈ R

g⃗∗ ← g⃗ = (g1,1, . . . , gR,A)
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Appendix to Chapter III: Proofs

In the following section, we present the proofs of Proposition 3.1 to Proposition 3.3.

B.1. Proof of Proposition 3.1

By definition of the decision problem, Qi and Ri(di) must be chosen for a given τi such

that the total actual inventory investment (li) of the BU does not exceed the BU-specific

inventory investment ceiling (τi) under any realization of di:

li ≤ τi ∀di ∈ Di. (B.1)

Since we assume that per unit inventory reduction cost exceeds the capital cost of holding

one unit of leftover product until the end of the business year, i.e., ki > vi ·hi · tai , leftover
inventories will only be reduced if it is necessary to ensure adherence to the imposed

inventory investment constraint.

To ensure that reducing leftover inventories is sufficient to ensure robust adherence to

the total inventory investment ceiling under any realization of di ∈ Di, the deterministic

pre-production inventories associated with the supply of Qi cannot exceed the total

inventory investment ceiling, i.e., τi ≥ vi · (tbi · si +
(Qi−si)

2

2·ci ).

If τi ≥ vi ·(tbi ·si+
(Qi−si)

2

2·ci ), we can therefore reformulate the total inventory investment

of BU i expressed in equation (3.1) to

li = min{τi, vi · (tbi · si +
(Qi − si)

2

2 · ci
+ tai · (Qi − di)

+)}. (B.2)
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For a given Qi and τi, λi represents the lowest demand realization at which all re-

sulting leftovers (Qi − λi) can be kept in stock without exceeding the total inventory

investment ceiling τi. λi can thus be interpreted as the inventory reduction threshold,

i.e., any additional leftover volumes caused by demand realizations below λi must be

fully reduced, leading to the optimal reduction decision expressed in equation (3.11).

B.2. Proof of Proposition 3.2

The optimal supply quantity Q∗
i must be feasible with respect to constraint (3.13) and

constraint (3.17). We rearrange constraint (3.17) to derive the maximum supply quantity

Qi that can be supplied under τi as defined in expression (3.19).

We thus know that

si ≤ Q∗
i ≤ Qi (B.3)

and that the problem is infeasible if available permits are not sufficient to cover the

pre-season inventory investment associated with the supply of starting inventories si,

i.e., vi · tbi · si ≤ τi.

We take the first derivative of the objective function

∂

∂Qi

E[πi] = mi(1− Fi(Qi))− vi · hi(
Qi − si

ci
+ tai · Fi(Qi)) (B.4)

− (1 +
Qi − si
ci · tai

) · (ki − vi · hi · tai ) · Fi(λi) = 0

to solve for the interior solution (Qint
i ) as denoted in expression (3.20).

The optimization problem is convex, as the objective function to be maximized is

concave

(
∂

∂Qi

)2E[πi] =− (mi + vi · hi · tia) · fi(Qi)−
vi · hi

ci
(B.5)

− (1 +
Qi − si
ci · tai

)2 · (ki − vi · hi · tai ) · fi(λi)−
ki − vi · hi · tai

ci · tai
· Fi(λi) ≤ 0

as all parameters are non-negative, ki > vi · hi · tai and both constraints are convex.
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The interior solution is thus optimal if Qint
i violates neither of the constraints, i.e.,

si ≤ Qint
i ≤ Qi. Otherwise, Q∗

i is characterized by either of the two bounds, i.e., Qi if

si ≤ Qi < Qint
i or si if Q

int
i < si ≤ Qi.

B.3. Proof of Proposition 3.3

To derive optimal decision policies, we define µi as the Lagrange multiplier of constraint

(3.25) and γi as the Lagrange multiplier of constraint (3.26). The Lagrangian function

is:

L(Qi, τi, µi, γi) = E[πi]− p · τi + µi(τi − vi(t
b
i · si +

(Qi − si)
2

2 · ci
)) + γi(Qi − si) (B.6)

We obtain the following first-order Karush-Kuhn-Tucker (KKT) conditions:

Stationarity conditions:

∂

∂Qi

L(Qi, τi, µi, γi) =mi(1− Fi(Qi))− vi · hi(
Qi − si

ci
+ tai · Fi(Qi)) (B.7)

− (1 +
Qi − si
ci · tai

) · (ki − vi · hi · tai ) · Fi(λi)

− µi(
vi(Qi − si)

ci
) + γi = 0

∂

∂τi
L(Qi, τi, µi, γi) =(

ki
vi · tai

− hi) · Fi(λi)− p+ µi = 0 (B.8)

Primal feasibility:

vi(t
b
i · si +

(Qi − si)
2

2 · ci
))− τi ≤ 0 (B.9)

si −Qi ≤ 0 (B.10)

Complementary slackness:

µi(vi(t
b
i · si +

(Qi − si)
2

2 · ci
))− τi) = 0 (B.11)

γi(Qi − si) = 0 (B.12)
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Dual feasibility:

µi ≥ 0 (B.13)

γi ≥ 0 (B.14)

Convexity of optimization problem:

The KKT conditions are necessary and sufficient if the optimization problem is convex.

For this to hold, the objective function must be concave in Qi and τi. We take the

following second-order derivatives:

∂E[πi]
2

∂Q2
i

=− (mi + vi · hi · tia) · fi(Qi)−
vi · hi

ci
(B.15)

− (ki − vi · hi · tai ) · (
Fi(λi)

ci · tai
+ (1 +

Qi − si
ci · tai

)2 · fi(λi)) (B.16)

∂E[πi]
2

∂τ 2i
=− 1

vi · tai
(

ki
vi · tai

− hi)fi(λi) (B.17)

∂E[πi]
2

∂Qi∂τi
=(1 +

Qi − si
ci · tai

)(
ki

vi · tai
− hi)fi(λi) (B.18)

The objective function is concave if the following conditions apply:

∂E[πi]
2

∂Q2
i

≤ 0 (B.19)

∂E[πi]
2

∂τ 2i
≤ 0 (B.20)

∂E[πi]
2

∂Q2
i

· ∂E[πi]
2

∂τ 2i
− (

∂E[πi]
2

∂Qi∂τi
)2 ≥ 0 (B.21)

Condition (B.19) and condition (B.20) are fulfilled as ki > vi · hi · tai . We can plug the

second order derivatives into condition (B.21) and rearrange to

((
mi

vi · tai
+ hi) · fi(Qi) +

hi

ci · tai
) · (Fi(λi)

ci · tai
+ (1 +

Qi − si
ci · tai

)2 · fi(λi)) + (
ki

vi · tai
− hi) ·

Fi(λi)

ci · tai
≥ 0

which holds as all parameters are non-negative and ki > vi · hi · tai . The KKT conditions

are thus necessary and sufficient to characterize the optimal Qi and τi.
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We assess four cases based on whether constraints (3.25) and (3.26) are binding:

Case Constraint (3.25) Constraint (3.26)
1 not binding not binding
2 not binding binding
3 binding not binding
4 binding binding

Table B.1.: Cases to be assessed via KKTs.

Case 1: Interior solution (µi = 0, γi = 0)

By rearranging the stationary condition (B.8), we obtain λC1
i = F−1

i (
p·vi·tai

ki−vi·hi·tai
) which

we insert into the stationary condition (B.7) to obtain the optimality condition for QC1
i

QC1
i : mi +

hi + p

ci
· vi · si = p · vi · tai + (mi + vi · hi · tai ) · Fi(Q

C1
i ) +

hi + p

ci
· vi ·QC1

i .

(B.22)

To simplify the analysis in the following, we define the left-hand side of the optimality

condition (B.22) as A ≡ mi +
hi+p
ci
· vi · si and the right-hand side as B(x) ≡ p · vi ·

tai + (mi + vi · hi · tai ) · Fi(x) +
hi+p
ci
· vi · x. Condition (B.22) is therefore equivalent to

QC1
i : A = B(QC1

i ), which we can solve numerically.

We rearrange the definition of λi in equation (3.12) to obtain the optimal number of

purchased permits τi for a known Qi and λi: τ
C1
i = vi ·(tbi ·si+

(QC1
i −si)

2

2·ci +tai ·(QC1
i −λC1

i )).

For QC1
i , λC1

i , and τC1
i to be the optimal solution to the problem, it must satisfy

primal feasibility of constraint (B.9) and constraint (B.10). Constraint (B.9) is satisfied

whenever QC1
i ≥ λC1

i , i.e., the number of purchased permits covers at least the determin-

istic pre-season inventory investment. As B(x) is non-decreasing in x and A = B(QC1
i ),

we know that constraint (B.9) is fulfilled if A ≥ B(λC1
i = F−1

i (
p·vi·tai

ki−vi·hi·tai
)). Similarly,

constraint (B.10) is ensured if A ≥ B(si) which we can rearrange to
mi−p·vi·tai
mi+vi·hi·tai

≥ Fi(si).

Case 2: µi = 0, QC2
i = si

By definition of case 2, QC2
i = si. Based on the stationary condition (B.8) and as

µi = 0, we know that λC2
i = F−1

i (
p·vi·tai

ki−vi·hi·tai
) and τC2

i = vi·(tbi ·si+tai ·(si−F−1
i (

p·vi·tai
ki−vi·hi·tai

))).

Case 2 is the applicable if QC2
i , λC2

i and τC2
i fulfill primal and dual feasibility.

The stationary condition requires QC2
i : A = B(QC2

i )− γi and, as Q
C2
i = si, A+ γi =

B(si). Primal feasibility of constraint (B.9) is ensured if QC2
i = si ≥ λC2

i or equivalently

A+ γi = B(si) ≥ B(F−1
i (

p·vi·tai
ki−vi·hi·tai

)).
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We can check for dual feasibility (γi ≥ 0) by rearranging the stationarity condition

(B.7) for γi

γi = −mi(1− Fi(si)) + vi · hi · tai · Fi(si) + p · vi · tai . (B.23)

which will be non-negative if
mi−p·vi·tai
mi+vi·hi·tai

≤ Fi(si).

Case 3: τC3
i = vi(t

b
i · si +

(QC3
i −si)

2

2·ci ), γi = 0

Under case 3, constraint (3.25), ensuring that at least the certain pre-season inventory

investment is covered by inventory investment permits purchased during the auction, is

binding. Consequently, any leftovers must be fully reduced after the selling season to

adhere to the inventory investment ceiling, i.e., QC3
i = λC3

i . We set QC3
i = λC3

i , rearrange

the stationary condition (B.8) for µi, and insert the term into stationary condition (B.7).

We obtain the following optimality condition for QC3
i and λC3

i :

QC3
i : mi + (p+ hi) ·

vi · si
ci

= (mi + ki) · Fi(Q
C3
i ) + (p+ hi) ·

vi ·QC3
i

ci
(B.24)

In line with case 1, we define C(x) as the right-hand side of equation (B.24), i.e.,

C(x) ≡ (mi + ki) · Fi(x) + (p+ hi) · vi·xci .
Condition (B.24) is thus equivalent to QC3

i : A = C(QC3
i ) which we can solve nu-

merically. Optimal decisions under case 3 are: QC3
i : A = C(QC3

i ), λC3
i = QC3

i , τC3
i =

vi · (tbi · si +
(QC3

i −si)
2

2·ci ).

Primal feasibility (si ≤ QC3
i ) is fulfilled if A = C(QC3

i ) ≥ C(si) which we can rearrange

to mi

mi+ki
≥ Fi(si).

Based on condition (B.8), dual feasibility (µi ≥ 0) requires that µi = −( ki
vi·tai
− hi) ·

Fi(λ
C3
i )+p ≥ 0, which is equivalent to F−1

i (
p·vi·tai

ki−vi·hi·tai
) ≥ λC3

i . For λC3
i and QC3

i to be the

optimal solution, it must thus not exceed the λC1
i of the interior solution (case 1) which

is ensured if A ≤ C(F−1
i (

p·vi·tai
ki−vi·hi·tai

)). As B(F−1
i (

p·vi·tai
ki−vi·hi·tai

)) = C(F−1
i (

p·vi·tai
ki−vi·hi·tai

)), this is

equivalent to A ≤ B(F−1
i (

p·vi·tai
ki−vi·hi·tai

)).

Case 4: QC4
i = λC4

i = si, τ
C4
i = tbi · si · vi

In case 4, both constraints are binding. Complementary slackness and primary feasibil-

ity requires thatQC4
i = si, λ

C4
i = si, τ

C4
i = tbi ·si·vi. We rearrange the stationary condition

QC4
i : A = C(QC4

i )−γi to check for γi ≥ 0 and obtain γi = −mi(1−Fi(si))+ki·Fi(si) ≥ 0.

We can simplify to Fi(si) ≥ mi

mi+ki
.
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Similarly, we rearrange the stationary condition (B.8) and check for µi ≥ 0. The

condition holds if µi = p−Fi(si)(
ki

vi·tai
−hi) ≥ 0, which we simplify to

p·vi·tai
ki−hi·vi·tai

≥ Fi(si).

To simplify the split of optimal decision policies, this can equivalently be expressed as

B(F−1
i (

p·vi·tai
ki−vi·hi·tai

)) ≥ B(si).

Note that B(F−1
i (

p·vi·tai
ki−vi·hi·tai

)) = C(F−1
i (

p·vi·tai
ki−vi·hi·tai

)) which we use to separate case 1 and

2 from case 3 and 4 in Proposition 3.3.
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Appendix to Chapter IV: Algorithm

of base-and-refine

Algorithm C.1 formalizes the full allocation process of the base-and-refine method pre-

sented in Section 4.4.3.

Algorithm C.1: Proposed allocation mechanism: Base-and-refine (BR).

Result: Q⃗

Order set of final products f ∈ F = {1, ..., F} such that
∑

a∈A ia,1
m1

≤ ... ≤
∑

a∈A ia,F
mf

;

Each PM f submits order (Of ) to HQ (O⃗ = (O1, . . . , OF ));

HQ derives base allocation (B⃗) and transfer prices (τ⃗) ;

B⃗ ← IOU ;

τ⃗ ← λ⃗IOU
;

PMs determine transfer requests (S⃗) based on base allocation and transfer
prices ;

for f ← 1 to F do

Sf = F−1((
mf−

∑
a∈A τa·ia,f

mf+hf
)+)−Bf ;

Continue on next page.
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HQ matches transfer requests of PMs and confirms supply quantity Q⃗ ;

Q⃗← B⃗;
⃗SAI = (SAI1,1, ..., SAIA,F ) ; /* Transfer requests in pure AI volumes */

⃗SAI ← (i1,1 · S1, ..., iA,F · SF ));
⃗TrAI = (TrAI1,1,1, ..., T rAIa,i,j , ..., SAIA,F,F ) ; /* Result matrix: Volumes of AI

a shifted to product i from product j */

⃗TrAI = (0, ..., 0) ;
for f ← 1 to F − 1 do

if Sf > 0 then

s← min{Sf , min
a∈A
{
∑F

j=1, ia,f>0
((

−SAIa,j
ia,j

)+)} ; /* Determine how much of

Sf can be fulfilled (s) based on opposing requests from other

PMs */

for a← 1 to A & ia,f · s > 0 do
sai← s · ia,f ; /* Determine volume of AI a to be swapped */

SAIa,f ← SAIa,f − sai ;
Match PMs with opposing requests ;
for j ← 1 to F & sai > 0 & SAIa,j < 0 do

TrAIf,j,a ← min{sai,−SAIa,j};
SAIa,j ← SAIa,j + TrAIf,j,a ;
sai← sai− TrAIf,j,a;

if Sf < 0 then

s← max{Sf , max
a∈A
{
∑F

j=1, ia,f>0
((

−SAIa,j
ia,j

)−)} ; /* Determine how much of

Sf can be fulfilled (s) based on opposing requests from other

PMs */

for a← 1 to A & ia,f · s > 0 do
sai← s · ia,f ; /* Determine volume of AI a to be swapped */

SAIa,f ← SAIa,f + sai ;
Match PMs with opposing requests ;
for j ← 1 to F & sai < 0 & SAIa,j > 0 do

TrAIf,j,a ← max{sai,−SAIa,j};
SAIa,j ← SAIa,j + TrAIf,j,a ;
sai← sai− TrAIf,j,a;

for f ← 1 to F do

Qf ← Qf + min
a∈A, ia,f>0

{
∑F

j=1
TrAIf,j,a

ia,f
} ; /* Determine final allocation

quantity based on transferred AI volumes */
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