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Chapter 1

Introduction
This dissertation consists of four distinct chapters. The general theme of these

chapters is commitment, demand uncertainty, and incentive schemes, and the

influence that these have on (auction) outcomes in a procurement context.

Chapter 2 carries the title The Role of Commitment in First-Price Auctions,

and is joint work with Nicolas Fugger and Philippe Gillen.1 In this chapter, we

theoretically and experimentally study what the implications are of a buyer who

lacks the commitment not to negotiate with the winning seller upon conclusion

of the procurement auction. We show theoretically that without commitment,

competition breaks down, leading to higher buyer expenses. Experimentally,

we find the opposite: buyer expenses are actually significantly lower in the no-

commitment setting. This result proves robust not only to buyers and sellers who

are equipped with decision support, but also holds when letting state-of-the-art

artificial intelligence agents take the role of buyer and seller. As a result, at least

at this moment in time, a lack of commitment may actually be beneficial to the

buyer.

Chapter 3, titled Commitment in Auctions: Extensions, is a single-author

paper. It expands the theoretical findings of the previous chapter by studying

how robust the finding is that a lack of commitment leads to a break down of

competition. To this end, we consider different auction formats and seller costs.

We demonstrate that our theoretical findings are not a relic of first-price auctions

with continuous cost types and a continuous bid grid. Rather, our findings on

the importance of commitment carry over more generally. To be precise, in

the context of first-price auctions, commitment matters even when sellers are

bidding on a discrete grid. However, introducing bidders who differ in their level
1Financial support of the Deutsche Forschungsgemeinschaft (DFG) is gratefully acknowledged.
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Chapter 1. Introduction

of sophistication, we demonstrate that there are cases in which it is beneficial

for the buyer not to commit. Next, we consider sealed-bid second-price and

English auctions. In both cases—for both continuous and discrete seller costs—we

demonstrate that a lack of commitment can lead to a break down of competition.

This is an interesting result, given that English auctions are historically considered

immune to the commitment issues an auctioneer in a sealed-bid second-price

auction is faced with.

Chapter 4, with the title Procurement Auctions with Demand Uncertainty,

is joint work with Nicolas Fugger and Ulrich Laitenberger.2 In this chapter, we

consider a buyer facing demand uncertainty. The question we seek to answer

is: how should the buyer account for this demand uncertainty when running

their procurement auction? We consider three distinct possibilities—(1) having

the auction price serve as a framework contract that is valid irrespective of the

actual demand, (2) defining contracts contingent on the actual demand, and (3)

negotiating with the contract supplier only if and when additional demand occurs.

We demonstrate theoretically that all three options yield the same expected

profits to both buyers and sellers. However, this equivalency does not hold

experimentally. As a result of aggressive bidding, sellers do best with contingent

contracts. Buyers, on the other hand, do best in the simplest of the three settings

we consider: the framework contract. However, we demonstrate that this result is

driven by aggressive negotiations on the part of buyers, leading to a breakdown of

negotiations in about a third of rounds.

Chapter 5 carries the title Improving Incentive Schemes for Procurement

Managers, and is joint work with Sandra Hartmann. In this chapter, drawing

inspiration from procurement practice, we consider a procurement manager who

is rewarded for both securing low initial contract prices and for negotiating
2Financial support of the Deutsche Forschungsgemeinschaft (DFG), as well as of Tilburg

University, is gratefully acknowledged.
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price reductions over the duration of the contract. There is anecdotal evidence

that such dual incentives create a trade-off between receiving a bonus now and

receiving a bonus later. To formally capture this dynamic, we introduce a game-

theoretic model of a procurement manager with savings targets in a dynamic

game of incomplete information, where the firm delegates costly qualification and

investment decisions to the manager. Qualification, which increases competition

by adding more bidders, lowers initial prices, but also reduces the future value of

investment—the effort devoted to identifying and resolving inefficiencies with the

supplier—thereby making it harder to secure a second-period bonus. We show that

even under optimal incentivisation, the procurement manager’s trade-off leads to

inefficient qualification and/or investment choices, which directly translate into

higher procurement expenses for the firm. Our analysis further demonstrates that

these inefficiencies can be minimised if the firm commits to an incentive scheme

across both periods from the outset.

3



Chapter 2

The Role of Commitment in First-

Price Auctions
Consider a first-price procurement auction in which the buyer lacks the commit-

ment not to renegotiate with the winning seller upon conclusion of the auction.

The theoretical prediction for such a setting is stark: only pooling equilibria

exist in which bids are both high and uninformative to the buyer. The buyer

responds by selecting a winning seller, and making them a take-it-or-leave-it

offer. This leads to higher buyer expenses than in a setting with commitment.

Of course, this equilibrium requires a high degree of sophistication on the part

of the sellers. We therefore take this setting to the laboratory. While we find

that sellers bid significantly higher in the no-commitment setting vis-à-vis the

setting with commitment, buyer expenses are actually significantly lower in the

no-commitment setting. This finding holds even when providing buyer and sellers

with decision support. It also holds when letting artificial intelligence partake in

these auctions. These findings moderate the theoretical prediction, suggesting

that, at least at this moment in time, a lack of commitment may actually be

beneficial to the buyer.

2.1 Introduction

Commitment is widely regarded by both practitioners and scholars as a critical

determinant of success in negotiations and procurement processes. In recent reports

of procurement professionals (see e.g. PwC, 2025; Inverto, 2025a,b), management

and stakeholder commitment to the negotiation process—whether bilateral or

competitive— is overwhelmingly identified as one of the most important drivers

4



Chapter 2. The Role of Commitment in First-Price Auctions

of project outcomes. Organizations that secure such commitment are consistently

more likely to achieve favourable results, while the absence of commitment is

frequently cited as a primary reason for project underperformance. Despite this

broad consensus among practitioners, systematic research on the causal effects of

commitment remains limited.

In spite of near-universal agreement about its importance, commitment remains

notoriously difficult to test and quantify in organizational research. Commitment,

by its nature, is both a process variable and an outcome, shaped by context,

incentives, and discretion. Existing studies in negotiation and procurement

management often invoke commitment as an assumed input, but few offer credible

empirical strategies to isolate its causal impact or measure its effects in a controlled

environment. This disconnect between the perceived centrality of commitment in

practice and the limitations of empirical research design leaves a significant gap

in both theory and practice.

This study addresses this challenge by leveraging a unique research design

that allows commitment to be rigorously tested within a process that is both

theoretically tractable and widely used in practice: the first-price procurement

auction. First-price auctions represent a cornerstone of industrial procurement,

with applications spanning public and private sectors and annual volumes measured

in the billions (Bajari et al., 2009). Crucially, while economic theory typically

presumes that buyers are bound by auction rules and cannot renegotiate after

bids are submitted, in reality, many procurement processes permit or even expect

some degree of post-auction negotiation (Jap, 2002). This discrepancy between

theoretical models and practical realities is an inspiration to study a setting that

allows us to examine the true value of commitment.

By exploiting the structure of first-price auctions—where the buyer’s ability

to commit can be directly manipulated—this study provides a direct experimental

5



Chapter 2. The Role of Commitment in First-Price Auctions

test of commitment in a negotiation process that closely mirrors real-world pro-

curement practice. The theoretical framework delivers sharp predictions regarding

equilibrium behaviour and outcomes with and without commitment. Specifically,

we will compare a procurement auction in which the buyer commits to the rules

of the auction to a procurement auction in which, upon seeing the bids, the buyer

may make the winning seller a counteroffer.We show that this seemingly trivial

change—the option, not the obligation, to make a counteroffer on the part of

the buyer—destroys competition. This leads to higher expected buyer expenses

vis-à-vis an auction with commitment. Our results hold independently of both

the distribution of sellers’ costs, and the numbers of sellers in the auction.

We then take this setting to the laboratory. The experimental approach, using

both human subjects and artificial intelligence agents, tests our predictions in

controlled yet realistic settings. While we find that sellers bid significantly higher

when the buyer lacks commitment, buyer expenses are actually significantly lower.

This finding holds even when providing buyer and sellers with decision support.

Moreover, it also holds when letting artificial intelligence partake in these auctions.

Taken together, these findings imply that, at least in the short run, a lack of

commitment in first-price procurement auctions may actually be beneficial to the

buyer.

In sum, this research makes three main contributions. First, it bridges the

gap between theory and practice by empirically examining commitment in a

procurement setting of direct managerial importance. Second, it demonstrates

that commitment can be isolated and tested using an industry-standard process,

enabling a more nuanced understanding of its effects on negotiation outcomes.

Third, it provides actionable insights for practitioners on the design and governance

of procurement processes where commitment cannot be taken for granted.

The rest of the paper is structured as follows: section 2.2 connects this research

6
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with the existing literature; section 2.3 introduces the model, and derives the

theoretical predictions; section 2.4 introduces the experiment, while section 2.5

discusses the experimental results. Finally, section 2.6 concludes.

2.2 Literature

The importance of having commitment has long been recognised in the literature

on auction theory. However, its presence is often presumed in this body of

literature. Consider, for example, the seminal work of Vickrey (1961). While

Vickrey assumes the auctioneer is bound to outcomes of the auction, he recognises

that the auctioneer may indeed face commitment issues, and discusses this issue

explicitly in the case of sealed-bid second-price auctions.

This leaves us with a notable paradox. If commitment is so important and

so widely acknowledged, why is it so frequently absent in practice, and why has

it received relatively limited systematic attention in empirical research? One

explanation lies in the inherent challenges associated with defining, measuring,

and manipulating commitment as a variable. Commitment is fundamentally

relational and context-dependent: it is shaped by organizational culture, incentive

structures, and interpersonal dynamics (Ring and Van de Ven, 1994; Schelling,

1960). Its presence or absence is often revealed only ex-post, and it resists

straightforward quantification in surveys or archival datasets (Gulati, 1995). As a

result, most empirical research in negotiation and procurement has tended to focus

on more readily observable factors—such as contract terms, bidding mechanisms,

or price outcomes—rather than on the softer, yet foundational, process variable

of commitment (Macaulay, 2018; Poppo and Zenger, 2002).

Furthermore, commitment often operates in the background, as an assumed

norm or cultural expectation, rather than as an explicit managerial lever. This may

7
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lead to a “taken-for-granted” status in both organizations and research designs,

where its effects are assumed rather than directly tested. The limited experimental

and field research that does exist has focused primarily on the consequences of

contract enforcement or renegotiation, rather than on the broader organizational

process of securing and sustaining commitment (Malhotra and Lumineau, 2011).

As a result, while practitioners almost universally recognize the importance of

commitment, the difficulties inherent in defining, observing, and experimentally

varying this construct have contributed to a relative paucity of direct empirical

research—a gap that this study seeks to address. That being said, there is a small

body of literature that explicitly studies the theoretical implications of (a lack

of) commitment in auctions. However, in this literature, what exactly the word

commitment entails differs strongly.

In Fugger et al. (2016), the lack of commitment comes in the form of a buyer-

determined auction, that is, an auction in which the buyer need not necessarily

procure from the lowest bidder. In the procurement setting they consider, sellers

have uncertainty about the quality score that the buyer associates with each of the

sellers. The authors show that in open-outcry auctions (for example, an English

auction), even a small amount of uncertainty can lead to non-competitive prices.

The reason is that sellers cannot be sure that a reduction in price leads to a higher

probability of winning. However, Fugger et al. find that the existence of the

pooling equilibrium depends on both the distribution of the quality components,

and the value of the reserve price.

Liu et al. (2019) study the implications of a buyer who cannot commit to

the reserve price. They demonstrate that an effective reserve price requires

commitment. To be precise, they consider a setting in which a buyer runs a

procurement auction that is profit-maximising in the one-shot case, i.e. a standard

auction with an optimal reserve price. However, if nobody bids in the auction, the

8
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buyer may increase the reserve price. They find that in this case, sellers may like

to wait for an auction with a higher reserve price, and thus, an auction without a

reserve price is optimal.

Fugger et al. (2019) consider a multi-period procurement setting. In their

model, the buyer lacks the commitment not to renegotiate the terms of a two-

period contract after the first period. In a first-price auction, they find that

whenever the second-period contract is sufficiently high, suppliers will pool on

a high bid to conceal their private information, since this information would be

used against them in the renegotiation. However, the pooling equilibrium they

find is not unique.

How does our paper relate to the papers listed above? While we also make

the point that lacking commitment can be detrimental to the auctioneer, we do

so in a simpler model. To be precise, we show that a lack of commitment is not

only problematic when the auctioneer’s preferences are unknown, in the face of

a reserve price, or when the procurement process is sequential. Commitment

matters generally, even in plain vanilla one-shot auctions. As soon as the sellers

expect the buyer to make a counteroffer, there can only exist pooling equilibria.

This brings us to the paper with the setting most similar to ours, the one

of Shachat and Tan (2015). They consider an English procurement auction in

which the buyer reserves the right to bargain further concessions from the winner.

Unlike in our paper—or the papers mentioned previously—they show that this

lack of commitment is not detrimental to the buyer. Sellers still have a weakly

dominant strategy of exiting the auction at their costs. We show that this result

hinges crucially on the auction format. In particular, it does not carry over to

first-price auctions.

9
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2.3 Theory

In this section, we will introduce the theoretical model. Thereafter, we will derive

the equilibrium predictions for the commitment and no-commitment settings,

respectively.

2.3.1 Model

Consider a first-price procurement auction. A buyer is looking to buy a good from

one of n potential sellers, with n ≥ 2. We assume that all involved parties are

risk-neutral profit maximisers.

Each seller’s cost c is independently drawn from C = [c, c], with c ≥ 0,

according to the cumulative density function F with a strictly positive probability

density function f on its support. A seller’s cost is their private information;

however, the cost distribution is commonly known. The buyer’s commonly-known

value for the good is v = c. The buyer implements a reserve price r = c.

Each seller submits a bid b ∈ [0, r]. At this point, the two settings we consider

differ.

Commitment In the commitment setting, the seller with the lowest bid b∗ wins,

and is paid what they bid, yielding a payoff of b∗ − c. The losing sellers’ payoffs

are all 0. The buyer’s payoff is given by the difference between the value for the

good and the price paid for it, v − b∗.

No-Commitment In the no-commitment setting, after seeing the bids, the

buyer either accepts the lowest bid—yielding the payoffs described above for the

commitment setting—or makes the winning seller a counteroffer o ∈ [0, b∗], which

10
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the winning seller may either accept or reject.

If the counteroffer is accepted, o is the price at which trade takes place. The

winning seller’s payoff is o − c; the losing sellers’ payoffs are all 0. Again, the

buyer’s payoff is given by the difference between the value for the good and the

price paid for it, v − o.

If the counteroffer is rejected, the buyer falls back on the lowest-bidding losing

seller and pays them their bid b′. Therefore, this losing seller’s payoff is b′ − c,

all other losing sellers’ payoffs are 0. The winning seller’s payoff is also 0. The

buyer’s payoff is given by v − b′.

2.3.2 Analysis

In this section, we will derive the theoretical predictions of the commitment and

no-commitment settings.

Commitment setting

Proposition 1. The unique equilibrium in the commitment setting is separating:
the sellers bid according to the bidding function

β(c) = − 1
G(c)

∫ c

c
x · g(x) dx = c+ 1

G(c)

∫ c

c
G(x) dx

where G(c) = (1 − F (c))n−1 denotes the probability of a seller with costs of c
winning the auction in a symmetric equilibrium.

Proof. The equilibrium bidding function is derived analogously to the one of

a forward auction (see e.g. Krishna, 2010).

No-commitment setting

11
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Proposition 2. The unique equilibrium in the no-commitment setting is a pooling
equilibrium. This equilibrium can be characterised as follows:

(a) All sellers pool on the reserve price r.1

(b) The buyer responds to these bids by selecting a winning seller, and offering
them a counteroffer of

arg max
o

(v − o)F (o).

When observing a bid 6= c, the buyer makes a counteroffer of c to (one of)
the winning seller(s).

(c) The winning seller accepts the counteroffer whenever it is weakly profitable,
and rejects the counteroffer otherwise.

Proof. First, note that this indeed constitutes an equilibrium. Sellers pool on

the reserve price r = c. The winning seller is made a counteroffer as defined above.

Evidently, it is optimal to accept this counteroffer whenever it is at least as high

as their cost, and to reject it otherwise. Note that sellers have no incentive to bid

lower, since a deviating bid will be met with a counteroffer of c. For all possible

seller costs, this guarantees a payoff of 0. Similarly, the buyer has no incentive

to deviate either. The bids they receive are uninformative of sellers’ costs. Thus,

they cannot do better than selecting one of the sellers as the winner and making

the optimal counteroffer as defined above.

To establish the uniqueness of this equilibrium, we will show that there exists

neither a fully separating equilibrium, nor a partial pooling equilibrium. In a

fully separating equilibrium, the bidding function is bijective: different seller cost

types submit different bids. That is, for any two costs c1, c2 ∈ C, the bidding

function β(c1) 6= β(c2) ∀c1 6= c2. Therefore, in such an equilibrium, the buyer

is able to infer a seller’s cost from their bid. By inverting the bidding function
1If r > c, then a continuum of pooling equilibria exist: sellers mix over a set of bids such

that the lowest bid in this set is ≥ c.
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and offering the winning seller a counteroffer of β−1(b∗), the buyer is able to

extract full surplus. The winning seller would then simply receive their cost as a

counteroffer, and can profitably deviate by misrepresenting as a type with higher

cost. This rules out the existence of a fully separating equilibrium. We adopt

the Intuitive Criterion for out-of-equilibrium beliefs. Under this refinement, any

deviation from a pooling set is attributed to the highest cost type in that set,

which then no longer finds the deviation profitable. Hence, partial pooling and

mixed equilibria are eliminated, leaving the unique full-pooling equilibrium.

To see this, consider first a partial pooling equilibrium, i.e. an equilibrium in

which multiple types submit the same bid. We will show that such an equilibrium

cannot exist. The argument is by contradiction. Let Cp ⊂ C be the set of types

that submit the same bid bp in a partial pooling equilibrium, and let c̃ denote

the type with the highest cost in Cp. Evidently, bp must be smaller than c, since

otherwise, the sellers in Cp could increase their probability of winning by excluding

type c, which can be achieved through a deviation to bp − ε. If, upon conclusion

of the auction, bp is the lowest bid, the buyer will make a counteroffer at most c̃

to one of the sellers in Cp. However, this means that type c̃ is guaranteed a payoff

of 0, and can thus profitably deviate by misrepresenting as a type with higher

cost. This contradicts the assumption that type c̃ bids bp in equilibrium. There

therefore exists no partial pooling equilibrium. Note that a similar argument rules

out the existence of a mixed strategy equilibrium. For such an equilibrium to

exist, a seller would have to be indifferent between all bids they mix over. But now

note that, just like in the proof above, the highest cost type that places a certain

bid is guaranteed zero profits with that bid, which contradicts the assumption

that the seller be indifferent between this bid and all others they mix over.

Finally, let us turn to the buyer’s counteroffer when observing a bid lower

than c. Assume to the contrary that the buyer makes a counteroffer greater than c
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to a deviating seller. Some types will then find a deviation away from the pooling

equilibrium profitable. However, just like in the argument for the partial pooling

equilibrium, observe that the highest cost type in this set of deviating types is

guaranteed a payoff of 0; a contradiction to the assumption that this type wants

to deviate away from the pooling equilibrium. For any counteroffer in the case

of deviation that is smaller than c, no type wants to deviate from the pooling

equilibrium. Now recall that counteroffers are ∈ C. Taken the points made above

together, we are left with the unique equilibrium as described in the proposition.

At this point, we want to stress that proposition 2 holds for any shape of the

sellers’ cost distribution, provided it is continuous with strictly positive density

over its support, and is independent of (i) the particular functional form of that

distribution, (ii) the number of sellers in the auction, and (iii) the presence of a

fallback option. The first two points follow immediately since the proof does not

depend on these features. For the last point, note that in equilibrium, the buyer

makes no profit in case the counteroffer is rejected by the winning seller: they fall

back on the bid r = v. Therefore, the proposition also holds if there is no fallback

option, that is, if no trade takes place in case the counteroffer is rejected.

In what follows, we will consider the following metrics: bids, auction prices,

buyer expenses, and efficiency. In both treatments, the auction price is given by

the winning bid. In the commitment setting, buyer expenses are given by the

auction price. By contrast, in the no-commitment setting, buyer expenses are not

equal to the auction price whenever the buyer decides to make a counteroffer: if

the counteroffer gets accepted, buyer expenses are given by the counteroffer; if

the counteroffer gets rejected, buyer expenses are given by the lowest losing bid.

Lastly, we will call an outcome efficient only if the seller with the lowest costs
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supplies the buyer. Observe that in the no-commitment setting, the outcome can

also be efficient if the auction was won by an inefficient seller, namely in the case

where this seller rejects the buyer’s counteroffer and the efficient supplier was the

runner-up in the auction. There are multiple theoretical predictions we can derive

from proposition 2.

Proposition 3. In equilibrium, both the expected bid and the expected auction
price are higher in the no-commitment setting than in the commitment setting.

Proof. This follows directly from the separating equilibrium of the commitment

setting, in which only the type c submits a bid of c. In the no-commitment setting,

all types submit a bid of c. The claim in the proposition follows.

Proposition 4. In equilibrium, expected buyer expenses are higher in the no-
commitment setting than in the commitment setting.

Proof. Note that, because v = c, if the counteroffer is rejected, the buyer

makes a profit of zero, since the lowest-bidding losing seller’s bid is given by c. In

the no-commitment setting, then, the situation the buyer is in is mathematically

equivalent to one in which they are facing only one seller. By contrast, in the

commitment setting, the buyer is running an auction with n ≥ 2 sellers. This

being the case, we may leverage the result derived by Bulow and Klemperer

(1996): from the buyer’s perspective, additional competition is more valuable than

running an auction with an optimal reserve price. That is, having an additional

seller in an auction is preferable in terms of the expected buyer expenses to any

mechanism one could run with one less seller. This completes the proof.

Proposition 5. In equilibrium, expected efficiency is lower in the no-commitment
setting than in the commitment setting.

Proof. Note that in the commitment setting, the outcome is always efficient,

since the seller with the lowest cost always wins. In contrast, inefficient outcomes
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occur with positive probability in the no-commitment setting, e.g. if the inefficient

seller is selected as the winner, and made a counteroffer which they accept.

The theoretical predictions for the commitment setting and the no-commitment

setting differ widely. To determine whether this stark difference holds in practice—

even in the face of decision support and artificial intelligence—we take these

settings to the laboratory.

2.4 Experiment

In this section, we will begin by describing the design and organisation of the

experiment, before deriving concrete hypotheses for both our settings.

2.4.1 Design

In the experiment, one buyer is matched with n = 2 sellers. Sellers’ private costs

are independently and uniformly drawn from the set C = [0, 100]. The buyer’s

value for the good is set to v = 100. Bids and counteroffers are both in C. Ties

are broken randomly.

We have two treatments: commitment and no-commitment.

In the commitment treatment, the lowest bidder always wins and is paid their

bid. In this treatment, the buyer has a passive role, since they cannot influence

their payoff.2 However, given the active role of the buyer in the no-commitment

treatment, the human buyer was kept in order to rule out that any observed

differences are driven by sellers facing a computerised buyer.
2In order to provide buyers with a task, at the end of every auction, we asked them to submit

their best guess of the winning seller’s costs. This guess did not influence buyers’ payoffs.
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In the no-commitment treatment, upon seeing the bids, the buyer either

accepts the lowest bid b∗, or makes the winning seller a counteroffer o < b∗. The

counteroffer is automatically accepted by the winning seller if it is at least as high

as their costs, and rejected if it is below their costs.

In all treatments, at the end of each round, all subjects are informed of

the two bids that were placed, what the buyer’s decision was in the case of the

no-commitment treatments—including, if applicable, the counteroffer and whether

or not the winning seller accepted it—and what their resulting payoff is.

2.4.2 Organisation

The experiment was conducted on-site in a computer laboratory using the software

oTree (Chen et al., 2016). Subjects were recruited from the subject pool of a

large western European university, with cash being the only incentive offered. The

average payment was 23.01 EUR, which corresponds to about 25.31 USD at the

time of the experiment. Subjects were mostly undergraduates and came from a

variety of majors.

In order to ensure an understanding of the rules, all participants had to cor-

rectly answer the control questions before the experiment could begin. Thereafter,

in order to familiarise themselves with the setting, all subjects played 10 rounds

of a commitment auction in the role of a seller. They were competing against a

computerised seller who bids uniformly between 50 and 100. The computerised

buyer bought the good from the lowest seller, and paid them their bid. In the

results section below, these ten initial rounds will be called the pre-treatment.

Thereafter, the respective treatment was played. Subjects were randomly

assigned a role—either buyer or seller—and this role remained constant throughout

the 40 rounds played. Subjects were divided into matching groups of six, with
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each group consisting of four sellers and two buyers. In each round, a buyer was

randomly paired with two sellers. For each treatment, 60 subjects were recruited.

In total, this gives us 10 independent observations per treatment.

2.4.3 Hypotheses

In the commitment setting, applying proposition 1, risk-neutral sellers are predicted

to bid according to the bidding function

β(c) = 100 + c

2 . (2.1)

In the no-commitment setting, applying proposition 2, sellers are predicted

to pool on the highest possible bid of 100. The buyer responds by selecting a

winning seller and making them an optimal take-it-or-leave-it offer of 50.

We can now translate propositions 1–2 into concrete hypotheses. The expected

bid in the commitment setting is 75, and the expected winning bid (i.e. the auction

price) is 66.7. By contrast, both the expected bid and the auction price bid are

100 in the no-commitment setting. This gives us the first hypothesis.

Hypothesis 1. The bids are higher in the no-commitment setting than in the
commitment setting.

Hypothesis 2. The auction prices are higher in the no-commitment setting than
in the commitment setting.

Buyer expenses in the commitment setting are given by the auction price.

In the no-commitment setting, however, we must distinguish between two cases:

namely the case in which the winning seller accepts the counteroffer, and the case

in which they do not. Since the optimal counteroffer is given by 50, each of these

two cases occurs with a probability of 1
2 . Recall that in the case of rejection, buyer
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expenses are given by the losing seller’s bid. The expected buyer expenses in the

no-commitment setting are therefore 1
2 · (50 + 100) = 75. This gives us our next

hypothesis.

Hypothesis 3. Buyer expenses are higher in the no-commitment setting than in
the commitment setting.

Next, let us turn to efficiency. We will call an outcome efficient if the seller

with the lowest cost supplies the buyer. In the commitment setting, the winning

seller is always the one with the lowest cost, yielding an efficiency of 100%. By

contrast, in the no-commitment setting, half the time, the winning seller is the

one with the lowest cost, who accepts the counteroffer with a probability of 75%.

Equally half the time, the winning seller is the one with the higher cost, who rejects

the counteroffer with a probability of 75%. This yields an expected efficiency of

75% in the no-commitment setting.3

Hypothesis 4. Expected efficiency is lower in the no-commitment setting than
in the commitment setting.

2.5 Results

In this section, we will discuss the experimental results. We obtain independent

observations by aggregating on the matching group level. Unless stated otherwise,

all comparisons in this section are made using Wilcoxon rank-sum tests on

independent observations.

Figure 2.1 below provides a summary of the experiments we ran. To start,

each subject played ten rounds of the pre-treatment. Thereafter, subjects moved
3These probabilities were calculated using the cumulative density functions of the lowest-

and second-lowest of n = 2 cost draws from a uniform distribution on [0, 1], respectively, which
we will denote by G1(c) and G2(c). G1(c) = 2c− c2 and G2(c) = c2. Calculating the probability
that the seller with lower costs accepts the buyer’s counteroffer, as well as the probability that
the seller with the higher costs rejects it, we get G1(0.5) = 1−G2(0.5) = 0.75.
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on to the main treatment. In each of the main treatments, a matching group

consisting of six subjects played forty rounds of the experiment. The figure also

shows three greyed-out main treatments. These will be described in sections 2.5.1

and 2.5.3, respectively.

Pre-treatment
No. of subjects: 180

Commitment
No. of subjects: 60
Independent obs.: 10

No-commitment
No. of subjects: 60,
Independent obs.: 10

No-commitment DS
No. of subjects: 60,
Independent obs.: 10

Commitment AI
No. of subjects: 60,
Independent obs.: 10

No-commitment AI
No. of subjects: 60,
Independent obs.: 10

Data

Figure 2.1: Overview of all treatments ran.

Comparing the bids of the initial ten rounds of the pre-treatment across the

two main treatments allows us to check for differences in the subject pools. A

two-sided Wilcoxon rank-sum test yields no significant difference (p = 0.39). This

gives us an indication that our randomisation of subjects across treatments was

successful.

Table 4.1 below reports the results of the experiment. For each treatment, we

report the averages, as well as the theoretical predictions based on the realised

cost draws of the experiment, including non-parametric tests. In addition to the

averages and the results of two-sided tests against the theoretical predictions, we

also report the results of one-sided tests that compare the two treatments across

the four metrics. This allows us to directly use table 4.1 to test the hypotheses

from above.

Let us begin by comparing bids.
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Observed Theoretical
Metric Commitment No-commitment Commitment No-commitment

Bid 69.7 72.0∗ 74.4††† 100.0†††
(2.1) (3.3) — —

Price 60.6 61.0 64.8††† 100.0†††
(3.5) (4.6) — —

Expenses 60.6 57.5∗∗ 64.8††† 75.0†††
(3.5) (3.4) — —

Efficiency [%] 85.0 79.0∗∗ 100.0††† 75.0
(4.5) (6.6) — —

Table 2.1: Average bid, auction price, buyer expenses, and efficiency across treatments.
Standard errors in parentheses. H0: Identical to commitment treatment, H1: greater or smaller
than commitment treatment; ∗p < 0.1, ∗∗p < 0.05, ∗∗∗p < 0.01.
H0: Observed = Theoretical, H1: Observed 6= Theoretical; †p < 0.1, ††p < 0.05, †††p < 0.01.

Result 1. In line with hypothesis 1, bids are significantly higher in the no-
commitment treatment (p = 0.10).

While bids are higher under no-commitment, auction prices are not.

Result 2. In aggregate, auction prices are not significantly different in the no-
commitment treatment (p = 0.91). Therefore, we find no support for hypothesis 2.

For the central metric of our analysis—buyer expenses—counter to the theo-

retical prediction, we observe lower buyer expenses under no-commitment.

Result 3. In contrast to hypothesis 3, buyer expenses are significantly lower in
the no-commitment treatment (p = 0.03).

Let us turn next to our last metric: efficiency.

Result 4. In line with hypothesis 4, we find that efficiency is significantly lower
in the no-commitment treatment relative to the commitment treatment.

Looking holistically at our results, the higher bids observed under no-commitment

suggest that sellers recognise the buyer’s lack of commitment should lead them

to bid less aggressively, in anticipation of a subsequent counteroffer. Interest-

ingly, auction prices do not differ significantly between the commitment and

no-commitment settings. If all sellers anticipated that buyers were likely to make
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a counteroffer to the winning seller—which occurs in more than three-quarters

of cases—we would expect bids to be adjusted upward, resulting in significantly

higher auction prices. The absence of such a difference implies that winning sellers

are disproportionately those who are less sensitive to the distinction between

commitment and no-commitment, and therefore fail to adjust their bids adequately

to account for the possibility of a counteroffer. While auction prices remain similar

across treatments, buyers’ counteroffers are accepted by the winning seller in

roughly two-thirds of the cases. This enables buyers to achieve substantially lower

total expenses under the no-commitment condition.

A median split of buyers on their payoff in the main treatment allows us to

demonstrate this. Buyers in the top half of the payoff distribution (henceforth

successful buyers) use their option to make counteroffers more frequently—78% vs

75% of the time—however, this difference is not statistically significant (p = 0.36).

Nevertheless, the difference between the auction price and the counteroffer—

henceforth, the margin—is significantly higher for buyers in the top half of the

payoff distribution: 15.3 versus vs 11.9 (p < 0.01). In other words, buyers who

make more frequent and aggressive counteroffers attain higher payoffs in the

experiment.

Looking more closely at buyers’ behaviour when making counteroffers: the

margin should be positively associated with the auction price and negatively

associated with the distance between winning and losing bid. For the former,

this is because the higher the auction price, the more the buyer stands to gain

by making a counteroffer. For the latter, this is because the further the winning

and losing bid are apart, the worse a rejected counteroffer is for the buyer, which

should lead to lower margins. Table 2.2 provides the results of a random-effects

panel regression of the buyer’s margin on the auction price and the distance

between winning and losing bid. As predicted, looking at model (1) we find a
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positive coefficient for the auction price and a negative coefficient for the distance.

Table 2.2 also includes models with a dummy variable for successful buyers.4 As

demonstrated by models (2) and (3), successful buyers make more aggressive

counteroffers and are less influenced by the auction price, but more influenced by

the distance between winning and losing bid.

Dependent variable:
Margin

(1) (2) (3)
Constant 15.774∗∗∗ 13.226∗∗∗ 8.448∗

(3.411) (3.831) (5.090)

AuctionPrice 0.059 0.060∗ 0.126∗∗
(0.036) (0.036) (0.054)

DistanceWinningLosingBid −0.071∗ −0.072∗ −0.046
(0.041) (0.040) (0.065)

SuccessfulBuyer 4.996 13.775∗∗
(3.379) (6.826)

AuctionPrice × SuccessfulBuyer −0.123∗
(0.072)

SuccessfulBuyer × DistanceWinningLosingBid −0.054
(0.083)

Observations 613 613 613
R2 0.053 0.057 0.064
Adjusted R2 0.050 0.052 0.056
F Statistic 32.318∗∗∗ 34.664∗∗∗ 39.277∗∗∗
Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 2.2: Random effects model for buyer margin in the no-commitment treatment.

Taken together, the results above demonstrate that while seller bidding be-

haviour and buyer counteroffer behaviour is directionally in line with the theoretical

predictions, sellers may benefit from a better understanding of what counteroffers

to expect for a given bid, while buyers may benefit from information on the which

seller costs are associated with a given winning bid. As a result, there may well

be room for improvement for both. We therefore introduce another treatment
4Note that the correlation between a buyer’s counteroffer margins and the dummy for whether

or not they were successful is −0.09. As such, we can rule out that these two variables are
simultaneously determined by a buyer’s payoff.
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that includes decision support.

2.5.1 Decision support

In this section, we introduce a new treatment—no-commitment with decision

support, henceforth no-commitment DS—to study the effects of decision support

in the no-commitment setting. The no-commitment DS treatment is identical

to no-commitment, except that subjects are additionally given decision support.

This treatment was run after all no-commitment sessions had been concluded. We

use the empirical data collected from the no-commitment treatment to give sellers

and buyers decision support. To be precise, in each round, sellers are informed

which bid would have maximised their expected profit in the no-commitment

treatment without DS if (1) the buyer accepts the lowest bid, and if (2) the buyer

makes the counteroffer which would have maximised their expected profit in the

no-commitment treatment without DS. Additionally, sellers were informed of the

range of counteroffers the buyer will see if they win with their currently entered

bid.5 Similarly, buyers are informed what the profit-maximising counteroffer would

have been against the two observed bids in the no-commitment treatment without

DS.6

Recall that we observed no difference in auction prices between commitment

and no-commitment. Decision support was intended to make salient to sellers that

the buyer is likely to make them a counteroffer. It also provides information on

the counteroffer recommendation the buyer will see, which allows sellers to better

account for the counteroffer when submitting their bids. We therefore hypothesise
5For example, assume the seller’s currently entered bid is 75. Winning with this bid means

that the other seller bids ∈ [75, 100]. For each of these possible bids, we compute the buyer’s
profit-maximising counteroffer. We then report the minimum and maximum of these possible
counteroffers to the seller. In this concrete example, the minimum counteroffer is 25, and the
maximum counteroffer is 66.

6If the buyer sees a winning bid that was not observed in the no-commitment treatment, the
suggestion is based on the next-highest observed winning bid.
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that providing decision support will move us closer to the theoretical predictions.

That is, we predict that DS leads to higher bids and auction prices. The effect on

buyer expenses is less clear. On the one hand, higher auction prices may drive

buyer expenses up. On the other hand, buyer’s decision support may result in

more aggressive counteroffers, driving buyer expenses down. In aggregate, the

effect of decision support on buyer expenses—if any—is unclear.

This gives us three hypotheses.

Hypothesis 5. The bids are higher in the no-commitment DS setting than in the
no-commitment setting.

Hypothesis 6. The auction prices are higher in the no-commitment DS setting
than in the no-commitment setting.

Hypothesis 7. Counteroffers are more aggressive in the no-commitment DS
setting than in the no-commitment setting.

The experimental setup is just as described above for the other treatments:

subjects in the no-commitment DS play ten rounds of the pre-treatment, before

playing 40 rounds of the main experiment in a matching group consisting of

six subjects. Just like in the other two treatments, we collect ten independent

observations.

Comparing the bids of the initial ten rounds of the pre-treatment across all

three main treatments allows us to check for differences in the subject pools. A

Kruskal-Wallis rank sum test yields no significant difference between the three

groups (p = 0.58). Similarly, when making pair-wise comparisons, two-sided

Wilcoxon rank-sum tests also yield no significant differences (p = 0.39 for the

comparison between commitment and no-commitment, p = 0.52 for the comparison

between commitment and no-commitment DS, and p = 0.57 for the comparison

between no-commitment and no-commitment DS).

Table 2.3 below reports the results of the no-commitment DS experiment. For
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ease of comparison, we have included the results of the no-commitment treatment.

Moreover, in italics, we report the results of no-commitment SIM and SIM2—that

is, a simulation of the no-commitment setting assuming both the sellers and the

buyer or only the buyer had adhered to the DS recommendation, respectively.

Just like before, in addition to the averages and the results of two-sided tests

against the theoretical predictions, we also report the results of one-sided tests

that compare no-commitment DS with no-commitment across the four metrics.

Observed Theoretical

No-co DS No-co No-co SIM1 No-co SIM2 No-co DS No-co

Bid 75.0∗∗ 72.0 86 .2∗∗∗ 75 .0∗∗ 100.0††† 100.0†††
(3.3) (3.3) — (3 .3) — —

Price 64.2∗ 61.0 81 .9∗∗∗ 64 .2∗ 100.0††† 100.0†††
(3.9) (4.6) — (3 .9) — —

Expenses 57.0 57.5 68 .2∗∗∗ 53 .9∗∗ 75.0††† 75.0†††
(4.2) (3.4) — (3 .5) — —

Efficiency [%] 79.0 79.0 70 .0∗∗∗ 78 .5 75.0†† 75.0
(3.2) (6.6) — (6 .5) — —

Table 2.3: Average bid, auction price, buyer expenses, and efficiency across treatments.
Standard errors in parentheses. Italics indicate a simulation of the no-commitment setting
assuming both the sellers and the buyer (No-co SIM1 ) or only the buyer (No-co SIM2 ) had
adhered to the DS recommendation.
H0: Identical to no-commitment treatment, H1: greater or smaller than no-commitment
treatment; ∗p < 0.1, ∗∗p < 0.05, ∗∗∗p < 0.01.
H0: Observed = Theoretical, H1: Observed 6= Theoretical; †p < 0.1, ††p < 0.05, †††p < 0.01

Result 5. In line with hypothesis 5, bids are higher in the presence of DS (p =
0.04).

Result 6. In line with hypothesis 6, auction prices are higher in the presence of
DS (p = 0.05).

As hypothesised, in the presence of DS, we find significantly higher bids and

auction prices compared to the no-commitment setting. However, a two-sided test

yields no significant difference in buyer expenses (p = 0.74).

Let us look at this result in more detail. First, DS makes the possibility

of receiving a counteroffer more salient to sellers, who, as predicted, respond

by bidding higher. This leads to significantly higher auction prices. On the

buyer’s side, we find that DS causes them to make counteroffers significantly
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more often (p = 0.09): counteroffers were made 77% and 83% of the time in the

no-commitment and no-commitment DS settings, respectively. Looking at the

acceptance rate of counteroffers, while DS leads to buyers making counteroffers

that winning sellers accept more often—72% of the time compared with 67% of

the time—a two-sided test yields no significant difference (p = 0.35).

Table 2.4 reports the results of a random effects regression of the buyer’s

counteroffer on the auction price, the distance between winning and losing bid,

the recommended counteroffer of the DS, as well as whether or not a buyer was

successful, that is, fell in the top half of the payoff distribution.7 As seen in model

(1), buyers are in line with theoretical predictions: counteroffers are less aggressive

for higher auction prices and larger distances between winning and losing bid.

Moreover, counteroffers are positively associated with the DS recommendation.

Once more, just like in the no-commitment setting, looking at model (2), successful

buyers are those who make more aggressive counteroffers. Importantly, model (3)

demonstrates that successful buyers are those who put more weight on the DS

recommendation.

Why do we not see a significant difference in buyer expenses? The answer

can be found by comparing buyers’ average difference between auction price and

counteroffer under no-commitment with and without DS. Under no-commitment

DS, this counteroffer margin is 16.6 on average; without DS, on average 13.6.

Result 7. In line with hypothesis 7, buyer counteroffer margins are higher in the
presence of DS (p = 0.099).

In other words, as exemplified in figure 2.2, while bids and auction prices

are higher with DS, more frequent and aggressive counteroffers—which also get

accepted more often—drive the buyer expenses back down. In aggregate, these
7Note that the correlation between a buyer’s counteroffers and the dummy for whether or not

they were successful is 0.11. As such, we can rule out that these two variables are simultaneously
determined by a buyer’s payoff.
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Dependent variable:
Counteroffer

(1) (2) (3)
Constant 4.494 8.080∗∗ 15.370∗∗∗

(3.805) (3.914) (3.993)

AuctionPrice 0.336∗∗∗ 0.331∗∗∗ 0.307∗∗∗
(0.047) (0.048) (0.046)

DistanceWinningLosingBid 0.160∗∗∗ 0.158∗∗∗ 0.147∗∗∗
(0.048) (0.048) (0.046)

CounterofferDS 0.426∗∗∗ 0.425∗∗∗ 0.305∗∗∗
(0.027) (0.028) (0.032)

SuccessfulBuyer −6.422∗∗∗ −18.250∗∗∗
(2.420) (3.067)

CounterofferDS × SuccessfulBuyer 0.272∗∗∗
(0.042)

Observations 660 660 660
R2 0.565 0.567 0.594
Adjusted R2 0.563 0.564 0.591
F Statistic 835.882∗∗∗ 834.213∗∗∗ 932.972∗∗∗
Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 2.4: Random effects model for buyer counteroffers in the no-commitment DS treatment.

two opposing effects cancel each other out. Another way to see this is to compare

payoffs with and without DS. Using a two-sided test, we find no statistically

significant difference, neither for sellers, nor for buyers (p = 0.74 and p = 0.85,

respectively). Therefore, it seems that both sellers and buyers profit from DS to a

similar degree.
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Figure 2.2: Comparison of bids, prices, counteroffer margins, and buyer expenses across the
no-commitment treatments.

Figure 2.3 breaks the auction prices down into the winning seller’s costs and

their margin, as well as into buyer expenses and their counteroffer margin. We

display cases in which the buyer’s counteroffer was accepted separately. Comparing

the counteroffer margin to the winning seller’s cost margin, the figure demonstrates

that there is room for improvement on the buyer’s side when making counteroffers.
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Figure 2.3: Breakdown of auction prices into average costs, margins, and buyer expenses
across the no-commitment treatments. The height of a bar corresponds to the respective
auction price.
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In the following section, we will use the data we collected to run simulations

that allow us to study what would have happened had subjects stuck to DS

recommendations.

2.5.2 Simulations

In the previous section, we saw that DS leads to higher bids and auction prices.

However, the central metric, buyer expenses, remains unchanged. The data allows

us to run simulations to reveal what would have happened had (1) buyers and

sellers, and (2) only buyers followed DS advice.

What if sellers and buyers had both followed DS advice? To be precise,

imagine sellers had always placed the bid that would have maximised their expected

profit in the no-commitment treatment, assuming the buyer will respond with a

counteroffer that maximises their expected profit. What would the outcomes be?

Referencing No-co SIM1 in table 2.3 above, we find that—relative to the

no-commitment with decision support treatment—bids, auction prices, and buyer

expenses are all higher, while efficiency is lower. Note that these differences are

all statistically significant (all p < 0.01). In short: had both sellers and buyers

followed the DS recommendations, sellers would be better off, buyers would be

worse off, and from an efficiency standpoint, the outcomes are less desirable too.

What if buyers had followed DS advice? In 82.5% of rounds, buyers made

a counteroffer in the no-commitment with DS treatment. However, in only

approximately a fifth of these rounds did they follow the advice of the decision

support system regarding the counteroffer.8 This begs the question: would buyers

have been better off following the advice given by the decision support system. A
8In 60% of cases, they departed from the recommendation by more than 5 ECU.
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numerical simulation of the counterfactual allows us to answer this question.

In the no-commitment with DS treatment, buyer expenses were, on average,

57.0 ECU. As demonstrated by No-co SIM2, had buyers followed the advice

regarding counteroffers, buyer expenses would have averaged 53.9 ECU. This

is significantly lower (p = 0.095). Put simply, buyers would have attained

significantly higher profits had they followed the DS advice.

Summing up the results thus far, we find a lack of commitment to be beneficial

to buyers when faced with human subjects. This finding holds even when subjects

are equipped with decision support. However, we also find that buyers’ lack of

commitment could be detrimental if decision support is followed more closely.

Therefore, as a buyer, an important question to ask is how relevant commitment

is when faced not with human subjects, but with AI. To answer this question, we

run another experiment.

2.5.3 Artificial intelligence

With the rising importance of artificial intelligence (AI) in the procurement context

(see e.g. Cui et al., 2022), AI-supported—or even AI-only auctions—are no longer

a thing of the future. A natural question this raises is how important commitment

is in the face of AI subjects. We expect commitment to matter more if we have

AI instead of humans subjects in the auction. This is because we expect the

difference between an auction with and without commitment to be clearer to AI

than to human subjects. Therefore, just like in the case of DS, we expect the AI

treatments to be closer to the theoretical predictions. Focusing on our central

metric of buyer expenses, this gives us two hypotheses.

Hypothesis 8. Buyer expenses in the commitment AI treatment are higher vis-
à-vis the treatment with human subjects.
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Hypothesis 9. Buyer expenses in the no-commitment AI treatment are higher
vis-à-vis the treatment with human subjects.

Moreover, we expect that the hypotheses 1 to 3 also apply to AI subjects.

We therefore expect higher bids, auction prices, and buyer expenses in the no-

commitment setting vis-à-vis the commitment setting.

Setup

To test the hypotheses above, we let OpenAI’s GPT-4o play the commitment and

no-commitment treatments.9 We went through exactly the same steps as in the

experiment with human subjects. To mirror the matching group structure of the

experiment with human subjects, a group consisted of six separate AI threads:

two buyers, and four sellers. In each round, one buyer was randomly matched with

two sellers. Each AI thread was given the instructions of the respective treatment,

and was informed that its goal is to maximise its total profit over all 40 rounds

of the experiment. It was asked to devise a strategy to do just that. Moreover,

each AI thread was provided with the control questions and their answers before

the experiment began. Thereafter, each AI thread was informed of their role, and

then the experiment proceeded precisely as described above for human subjects.

To be precise, in each round, sellers were informed of their private costs

before submitting a bid. Then—in the no-commitment treatment—the buyer

was informed of the bids before deciding whether or not to make a counteroffer.

Thereafter, everyone was informed of all the decisions that were made in that

round—bids, and if applicable, whether the buyer accepted the lowest bid, what

counteroffer the buyer made to the winning seller if they did not accept the lowest

bid, as well as whether or not this counteroffer was accepted by the winning seller.

Lastly, each thread was informed what their resulting profit is.
9We used OpenAI’s GPT-4o engine with the temperature set to 0.5.
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Note that in each round, the respective AI thread includes the entire history of

the game thus far, i.e. it includes the instructions, control questions, their strategy

to maximise profits, as well as their decisions in and the results of previous rounds.

For exemplary purposes, sections 2.B and 2.C contain the full thread of an AI

subject for the first three rounds in the commitment and no-commitment setting,

respectively.

Just like in the case of human subjects, we let AI independently play each

treatment ten times. This gives us the same number of independent observations

as in the experiment with human subjects.

Results

Let us turn to the results of the experiment. In the commitment treatment, 79.8%

of the time, AI sellers bid according to the the risk-neutral profit-maximising

bidding function as described in eq. (2.1) above. A less aggressive bid is submitted

only 3.2% of the time, which means that 17.1% of the time, AI sellers are bidding

more aggressively. As reported in table 2.5, this yields, on average, a bid of 71.2,

buyer expenses of 59.5, and an efficiency of 94.4%.

Observed Theoretical

Co AI No-co AI Co No-co Co AI No-co AI Co No-co

Bid 71.2 67.7∗∗ 69.7 72.0‡‡ 74.4††† 100.0††† 74.4††† 100.0†††
(4.0) (4.4) (2.1) (3.3) — — — —

Price 59.5 54.6∗∗ 60.6 61.0‡‡ 64.8†† 100.0††† 64.8††† 100.0†††
(6.2) (6.4) (3.5) (4.6) — — — —

Expenses 59.5 53.3∗∗ 60.6 57.5‡‡ 64.8†† 75.0††† 64.8††† 75.0†††
(6.2) (5.0) (3.5) (3.4) — — — —

Efficiency [%] 94.4 85.4∗∗ 85.0‡‡‡ 79.0 100.0††† 75.0††† 100.0††† 75.0
(6.2) (10.1) (4.5) (6.6) — — — —

Table 2.5: Average bid, auction price, buyer expenses, and efficiency across AI treatments.
Standard errors in parentheses. Human treatments listed for comparison.
H0: Identical to no-commitment treatment, H1: greater or smaller than no-commitment
treatment; ∗p < 0.1, ∗∗p < 0.05, ∗∗∗p < 0.01.
H0: Observed = Theoretical, H1: Observed 6= Theoretical; †p < 0.1, ††p < 0.05, †††p < 0.01.
H0: Identical to human treatment, H1: greater or smaller than human treatment; ‡p < 0.1,
‡‡p < 0.05, ‡‡‡p < 0.01.

Let us start with the commitment treatment. The majority of the results
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are statistically indistinguishable between human and AI subjects. Two-sided

Wilcoxon rank-sum tests yield no significant difference for bids (p = 0.43) or buyer

expenses (p = 0.79). However, we do observe higher efficiency in the commitment

setting with AI subjects (p < 0.01).

Result 8. In contrast to hypothesis 8, we do not observe higher buyer expenses
in the commitment AI treatment.

Human subjects are known to bid more aggressively than the risk-neutral profit-

maximising bidding function in first-price auctions with commitment.10 It seems

that the same is true for a share of AI subjects. Taken together, while the vast

majority of AI subjects bid according to the risk-neutral profit-maximising strategy,

the presence of the small share of aggressive sellers means that, in aggregate, we

observe lower buyer expenses than theoretically predicted (p = 0.04).

In the no-commitment treatment, bidding behaviour is more heterogeneous.

A large share of AI sellers are impervious to the difference between an auction

with and an auction without commitment: 27% of all bids are derived using the

risk-neutral profit-maximising bidding function of the commitment setting. More

surprisingly, only 18% of bids are above this benchmark. This means that the

remaining 55% of the time, AI sellers are bidding more aggressively than the risk-

neutral profit-maximising benchmark of the commitment setting. In aggregate,

this means that bids, auction prices, and buyer expenses are significantly lower

with AI subjects than with human subjects (p = 0.01, p = 0.01, and p = 0.02,

respectively).

Result 9. In contrast to hypothesis 9, we find lower buyer expenses in the no-
commitment treatment with AI subjects.

When it comes to the comparison between the two treatments with AI subjects,

we expected AI sellers in the no-commitment setting to adjust their bids upwards
10See e.g the discussion on overbidding in first-price auctions started by Cox et al. (1982).
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from eq. (2.1) in order to account for the buyer’s possibility to make counteroffers.

However, we find the opposite.

Result 10. Compared to the commitment setting, bids and auction prices are
significantly lower in the no-commitment setting (both p = 0.03).

The same is true for buyer expenses.

Result 11. Compared to the commitment setting, buyer expenses are significantly
lower in the no-commitment setting (p = 0.01).

Experiments with AI subjects give us the opportunity to directly ask subjects

what the reasoning behind their decisions is. We did just that: we asked AI

subjects to describe their bidding strategy before the actual experiment began.

The analysis shows that the large share of aggressive bids is driven by flawed

reasoning on the part of the AI sellers. The assumption of some AI sellers is

that the buyer will either make conservative counteroffers that get accepted by

the winning seller, or simply accept the winning bid, and thus, it is beneficial to

bid aggressively to win the auction more often. While this is true, bidding more

aggressively than in the commitment setting—which subjects did more than half

the time—is not optimal.

To see a concrete example of this, consider the AI seller in section 2.C. We

asked subjects in the no-commitment treatment to first describe their bidding

function in the commitment setting, and then to modify this bidding function to

account for the buyer’s lack of commitment. The AI subject in question correctly

determined the risk-neutral profit-maximising function for the commitment setting.

However, when asked to determine the bidding function for the no-commitment

setting, they set their bidding function to β(c) = c + 5, in order to ensure that

the markup on costs is “small enough to remain competitive but large enough to

allow room for a profitable counteroffer”. Even if the buyer always accepts the
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outcome of the auction, the bidding function above cannot be optimal, since the

profit is bounded by this small markup on costs.

Note that this strategy of essentially bidding costs is not unique to this

example. Of the 40 sellers in the no-commitment treatment, across all rounds,

seven sellers added on average less than 5 ECU to their costs when submitting

their bids. The presence of these bidders translates directly into lower buyer

expenses.

Note that we can rule that subjects’ flawed reasoning comes from a lack

of understanding of the no-commitment setting. This is because the strategy

to maximise total profits was derived at a point in time in which the control

questions and their answers had already been given to the AI. Therefore, the

setting—especially the fact that it is possible to make a profit as the losing seller,

namely in the case where the winning seller rejects the buyer’s counteroffer—is

known to the AI.

What about the AI buyers? Their counteroffer strategies are similar: for low

winning bids, simply accept; otherwise, derive the counteroffer by subtracting e.g.

10 from the winning bid. It is interesting to note that this strategy was predicted

by the small share of sellers who, in anticipation of a counteroffer, adjusted

their bids upward from the risk-neutral profit-maximising bidding function of the

commitment setting by a constant.

To conclude then, for our central metric—buyer expenses—it does not matter

whether humans or AI are participating in an auction with commitment. However,

in the no-commitment setting, the buyer obtains more favourable results if they

are facing AI sellers. As a result—at least at this moment in time—buyer expenses

are lower in auctions without commitment. We have shown that this result is

robust to both subjects equipped with decision support as well as AI agents.
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2.6 Conclusion

In this paper, we study the role of commitment in first-price auctions. The question

we seek to answer is: how important is it for a buyer to commit not to renegotiate

with the winning seller? From a theoretical standpoint, we show that commitment

is indispensable. Without it, competition breaks down, leading to higher buyer

expenses than in a setting with commitment. However, the equilibrium in the

no-commitment setting requires a high level of sophistication on the part of sellers.

Therefore, we take this setting to the laboratory.

We show experimentally that while sellers bid higher in an auction without

commitment, auction prices remain the same. This finding is in line with winning

sellers who are not sensitive to the difference between an auction with and without

commitment. That is, winning sellers essentially bid as if they were participating

in an auction with commitment. As a result of their ability to make counteroffers,

buyers obtain significantly lower expenses under no-commitment.

We extend our experimental analysis by introducing decision support for both

sellers and buyers that aims at making the implications of a lack of commitment

clearer. To be precise, sellers are informed what counteroffers to expect for

a given bid, while buyers are recommended a counteroffer given the auction

outcomes. While decision support leads to higher auction prices, it also leads

to more aggressive counteroffers on the buyer’s side. As a result, in aggregate,

total buyer expenses remain unchanged. However, we show using simulations

that the full potential of the decision support was not exploited: both sellers and

buyers could have done better by adhering more closely to the decision support

recommendations.

Due to the rising importance of artificial intelligence (AI) in the procurement

context, we extend our experimental analysis even further by allowing current
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state-of-the-art artificial intelligence agents to take the role of seller and buyer.

We find no difference between AI and human subjects in the commitment setting.

However, under no-commitment, flawed reasoning on the seller’s part leads to

significantly lower buyer expenses than with human subjects.

Our experimental results demonstrate that buyer commitment is not as

important as theoretically predicted: sellers—even those equipped with decision

support, or state-of-the-art AI agents—simply do not adjust their bids upwards

enough to account for the buyer’s lack of commitment. As a result, buyers’ ability

to make counteroffers allows them to obtain significantly lower expenses under

no-commitment.

The main managerial implication for real-world procurement auctions is that,

as a buyer, running an auction without commitment is beneficial. Surprisingly,

this finding proves robust both to sellers with decision support as well as AI

agents, with the buyer actually preferring to face AI instead of human sellers.

Whether this result is one that the advance of artificial intelligence may overturn

in the future is an interesting question to ponder for future research.
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2.A Experiment: screenshots

2.A.1 Pre-treatment
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2.A.2 Commitment
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2.A.3 No-Commitment

47



Chapter 2. The Role of Commitment in First-Price Auctions

48



Chapter 2. The Role of Commitment in First-Price Auctions

49



Chapter 2. The Role of Commitment in First-Price Auctions

Buyer accepts lowest bid
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Buyer makes counteroffer that gets accepted
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Buyer makes counteroffer that gets rejected
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2.A.4 No-Commitment DS
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Buyer accepts lowest bid
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Buyer makes counteroffer that gets accepted
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Buyer makes counteroffer that gets rejected
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2.A.5 Final screen
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2.B Commitment AI treatment

Below, we provide the full JSON payloads of one of the AI sellers for the first

three rounds. In these payloads, role: system refers to information we provide the

AI subject, while role: assistant refers to the AI subject’s response.

{‘role’: ‘system’, ‘content’: ‘You are playing an economics experiment. The

next message will give you the HTML instructions of this experiment.’}

{‘role’: ‘system’, ‘content’: ‘The experiment consists of 40 rounds, and in each

round, you will have the same role. You will be playing the role of seller. At the

beginning of each round, one buyer and two sellers will be randomly matched.In

each round, the buyer will conduct an auction to purchase a good that they value

at 100 ECU (ECU = Experimental Currency Unit). The buyer’s profit is equal

to the difference between their valuation for the good and the price they pay.

Buyer’s Profit = 100 ECU ? Price For the seller who supplies the buyer, there

are costs associated with providing the good. At the beginning of each round,

these costs are randomly and independently determined for each seller. All costs

between 0 and 100 ECU are equally likely. The profit of the seller who supplies

the buyer is given by Profit of the seller supplying the buyer = Price ? Costs The

seller who does not supply the buyer makes a profit of 0 ECU. At the end of the

experiment, your profits will be converted into Euros. 60 ECU corresponds to

1 Euro. Additionally, you will receive 5 Euros for your participation. Procedure

Each seller observes their own costs and places a bid. The buyer observes the two

bids and estimates the costs of the seller who placed the lowest bid. The buyer

accepts the lowest bid. Note: if both sellers submit the same bid, one of them

will be randomly selected as the seller with the lowest bid.’}

{‘role’: ‘system’, ‘content’: ‘Please write a concise summary of the five most
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important points of the instructions.’}

{‘role’: ‘assistant’, ‘content’: "1. **Role and Matching**: You play as a

seller in 40 rounds, where each round involves one buyer and two sellers randomly

matched. 2. **Buyer’s Valuation and Profit**: The buyer values the good at

100 ECU, and their profit is the difference between this valuation and the price

paid. 3. **Seller’s Costs and Profit**: Each seller has randomly determined costs

between 0 and 100 ECU. The seller’s profit is the price received minus these costs.

The non-supplying seller earns 0 ECU. 4. **Bidding Process**: Sellers observe

their costs and place bids. The buyer accepts the lowest bid, and if bids are tied,

one seller is chosen randomly. 5. **Earnings Conversion**: Profits are converted

to euros at a rate of 60 ECU per 1 Euro, with an additional 5 Euro participation

fee."}

{‘role’: ‘system’, ‘content’: ‘In the next message, we will provide you with

control questions as well as their answers to make sure you understand the

experiment.’}

{‘role’: ‘system’, ‘content’: "Control questions You are in the role of the seller.

Your costs are 45 ECU. You submit a bid of 70 ECU to the buyer. Now consider

the following cases: Your bid is the lowest bid. What is your profit? The answer

is 25 ECU. What is the buyer’s profit in this case? The answer is 30 ECU. Your

competitor submits the lowest bid. What is your profit? The answer is 0 ECU. "}

{‘role’: ‘system’, ‘content’: ‘For the entire experiment, you will be playing in

the role of seller.’}

{‘role’: ‘system’, ‘content’: "Your goal is to maximise your profit over all 40

rounds of the experiment. Devise a step-by-step strategy to achieve this goal. Be

concise. Think about what auction type this is and what your bidding function

should look like. That is, for each possible cost realisation, which bid should you
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place in order to maximise your expected profit? Assume that the other seller

will use the same bidding function as yours. Ensure that your bidding function

is indeed optimal in this case. Note that (i) no bidding function in which you

bid below your costs can be optimal. Note too that (ii) all bids must be between

0 and 100. Derive a function that takes as input your costs and outputs your

profit-maximising bid. Confirm that (i) and (ii) are satisfied by plugging costs of

100 into your bidding function. I’ll tip you 100 EUR if you put effort into this."}

{‘role’: ‘assistant’, ‘content’: "To maximize your profit over the 40 rounds as

a seller, you need to devise a bidding strategy that balances competitiveness with

profitability. Here’s a step-by-step strategy: 1. **Understand the Auction Type**:

This is a first-price sealed-bid auction. The lowest bidder wins and receives the

price they bid. 2. **Objective**: Maximize your profit, which is calculated as the

difference between the price you bid and your costs. 3. **Bidding Function**: You

need a function that takes your costs as input and outputs a bid that maximizes

your expected profit while considering the competitor’s strategy. 4. **Strategy

Development**: - **Bid Above Costs**: Always bid above your costs to ensure

profitability if you win. This satisfies condition (i). - **Estimate Competitor

Behavior**: Assume competitors will use a similar strategy. This means they will

also bid above their costs. - **Balance Competitiveness and Profit**: Your bid

should be competitive enough to win but high enough to ensure a good profit

margin. 5. **Optimal Bidding Function**: - Let’s denote your costs as C . - A

simple linear bidding function can be: Bid = C + k x (100 - C), where k is a

fraction (0 < k < 1) representing your risk tolerance and competitiveness. Higher

k means more aggressive bidding. - This function ensures that you bid above your

costs and within the range of 0 to 100. 6. **Verification**: - **Condition (i)**:

The bid is always above costs since k > 0 . - **Condition (ii)**: For C = 100 , the

bid is 100 + k x (100 - 100) = 100, which is within the allowed range. 7. **Adjust

k Dynamically**: Monitor outcomes and adjust k based on observed competitor
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behavior and winning rates. If you’re winning too infrequently, consider increasing

k to be more aggressive. 8. **Iterate and Optimize**: Use early rounds to refine

your estimate of k by observing the bidding patterns and adjust accordingly to

maximize profits over the entire experiment. By following this strategy, you can

effectively balance the need to win bids with the need to maintain profitability,

thereby maximizing your expected profit over the 40 rounds."}

{‘role’: ‘system’, ‘content’: ‘Stick to this strategy during the experiment.’}

{‘role’: ‘system’, ‘content’: ‘In each round, you will be told your costs. You

will submit a bid. Respond only with the number you want to bid.’}

{‘role’: ‘system’, ‘content’: ‘It is round 1. Your costs are 2.0. Submit your

bid. The maximum bid you can submit is 100. Respond only with the number

you want to bid.’}

{‘role’: ‘assistant’, ‘content’: ‘51.0’}

{‘role’: ‘system’, ‘content’: ‘You submitted a bid of 51.0. The other seller

submitted a bid of 87.5. The buyer buys the good from you for 51.0. Therefore,

your profit in this round is 49.0.’}

{‘role’: ‘system’, ‘content’: ‘It is round 2. Your costs are 93.0. Submit your

bid. The maximum bid you can submit is 100. Respond only with the number

you want to bid.’}

{‘role’: ‘assistant’, ‘content’: ‘96.5’}

{‘role’: ‘system’, ‘content’: ‘You submitted a bid of 96.5. The other seller

submitted a bid of 10.0. The buyer buys the good from the other seller for 10.0.

Therefore, your profit in this round is 0.’}

{‘role’: ‘system’, ‘content’: ‘It is round 3. Your costs are 91.0. Submit your

bid. The maximum bid you can submit is 100. Respond only with the number
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you want to bid.’}

{‘role’: ‘assistant’, ‘content’: ‘95.5’}

{‘role’: ‘system’, ‘content’: ‘You submitted a bid of 95.5. The other seller

submitted a bid of 57.0. The buyer buys the good from the other seller for 57.0.

Therefore, your profit in this round is 0.’}
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2.C No-Commitment AI treatment

Below, we provide the full JSON payloads of one of the AI buyers and sellers,

respectively, for the first three rounds. In these payloads, role: system refers

to information we provide the AI subject, while role: assistant refers to the AI

subject’s response.

Buyer

{‘role’: ‘system’, ‘content’: ‘You are playing an economics experiment. The next

message will give you the HTML instructions of this experiment.’}

{‘role’: ‘system’, ‘content’: ‘The experiment consists of 40 rounds, and in each

round, you will have the same role. The possible roles are buyer or seller. At the

beginning of each round, one buyer and two sellers will be randomly matched.In

each round, the buyer will conduct an auction to purchase a good that they value

at 100 ECU (ECU = Experimental Currency Unit). The buyer’s profit is equal to

the difference between their valuation for the good and the price they pay. Buyerś

Profit = 100 ECU ? Price For the seller who supplies the buyer, there are costs

associated with providing the good. At the beginning of each round, these costs

are randomly and independently determined for each seller. All costs between 0

and 100 ECU are equally likely. The profit of the seller who supplies the buyer is

given by Profit of the seller supplying the buyer = Price ? Costs The seller who

does not supply the buyer makes a profit of 0 ECU.At the end of the experiment,

your profits will be converted into ?. 60 ECU corresponds to 1 Euro. Additionally,

you will receive 5 Euros for your participation. Procedure Each seller observes

their own costs and places a bid. The buyer observes the two bids and estimates

the costs of the seller who placed the lowest bid. Additionally, the buyer decides
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whether to... ...accept the lowest bid. In this case, the seller who submitted the

lowest bid will supply the good to the buyer, and the price is equal to the lowest

bid. ...make the seller with the lowest bid a counteroffer. If the counteroffer is

greater than or equal to the costs of the seller who submitted the lowest bid, the

counteroffer will be automatically accepted by them. The price is then equal

to the counteroffer, and the seller who submitted the lowest bid will supply the

good to the buyer. If the counteroffer is smaller than the costs of the seller who

submitted the lowest bid, the counteroffer will be automatically rejected by them.

The price is then equal to the bid of the seller who submitted the higher bid, and

the seller who submitted the higher bid will supply the good to the buyer. Note:

if both sellers submit the same bid, one of them will be randomly selected as the

seller with the lowest bid.’}

{‘role’: ‘system’, ‘content’: ‘Please write a concise summary of the five most

important points of the instructions.’}

{‘role’: ‘assistant’, ‘content’: "1. **Roles and Matching**: The experiment

involves 40 rounds where participants are assigned the role of either a buyer or a

seller. Each round consists of one buyer and two sellers being randomly matched.

2. **Buyer’s Objective**: The buyer values the good at 100 ECU and aims

to maximize profit, calculated as 100 ECU minus the price paid. 3. **Seller’s

Objective**: Each seller has a randomly determined cost (between 0 and 100

ECU) and submits a bid. The seller’s profit is the price received minus their cost.

Only the seller who supplies the buyer earns a profit. 4. **Bidding and Offers**:

Sellers submit bids based on their costs. The buyer can accept the lowest bid

or make a counteroffer. If the counteroffer is at least equal to the seller’s cost,

it is accepted; otherwise, it is rejected, and the higher bidder supplies the good.

5. **Profit Conversion**: At the end of the experiment, profits are converted

to euros at a rate of 60 ECU to 1 Euro, with an additional 5 Euro participation
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fee."}

{‘role’: ‘system’, ‘content’: ‘In the next message, we will provide you with

control questions as well as their answers to make sure you understand the

experiment.’}

{‘role’: ‘system’, ‘content’: "Control questions Imagine you are in the role of

the seller. Your costs are 45 ECU. You submit a bid of 70 ECU to the buyer.

Now consider the following cases:Your bid is the lowest bid, and the buyer accepts

it. What is your profit? The answer is 25 ECU. What is the buyer’s profit in this

case? The answer is 30 ECU.Your competitor submits the lowest bid, and this bid

is accepted by the buyer. What is your profit? The answer is 0 ECU. Your bid is

the lowest bid, and the buyer makes you a counteroffer of 50 ECU. What is your

profit? The answer is 5 ECU. What is the buyer’s profit in this case, assuming

the other seller submitted a bid of 90 ECU? The answer is 50 ECU. Your bid is

the lowest bid, and the buyer makes you a counteroffer of 30 ECU. What is your

profit? The answer is 0 ECU. What is the buyer’s profit in this case, assuming

the other seller submitted a bid of 90 ECU? The answer is 10 ECU. "}

{‘role’: ‘system’, ‘content’: ‘For the entire experiment, you will be playing in

the role of buyer.’}

{‘role’: ‘system’, ‘content’: "Your goal is to maximise your profit over all 40

rounds of the experiment. Devise a step-by-step strategy to achieve this goal.

Be concise. Think about what auction type this is and what your counteroffer

function should look like. That is, for each possible pair of bids, think about

whether you should accept the lowest bid, or which counteroffer you should make

in order to maximise your expected profit. Note that the sellers’ objective is also

to maximise their profit. They are aware that you can make the winning bidder a

counteroffer. Ensure that your counteroffer function is indeed optimal in this case.

Note that (i) no counteroffer function in which you make a counteroffer above the
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winning bid can be optimal. Note too that (ii) all counteroffers must be between

0 and 100. Derive a function that takes as input the two bids and outputs your

profit-maximising counteroffer. Confirm that (i) and (ii) are satisfied by plugging

the bids of 100 and 100 into your counteroffer function. Lastly, do not forget that

you if your counteroffer is rejected, you fall back on the losing bid. I’ll tip you

100 EUR if you put effort into this."}

{‘role’: ‘assistant’, ‘content’: "To maximize your profit as the buyer, you need

a strategic approach to decide when to accept bids and when to make counteroffers.

Here’s a step-by-step strategy: 1. **Understand the Auction Type**: This is a

first-price auction with an option for the buyer to make a counteroffer. The sellers

aim to maximize their profit, so they will submit bids that are above their costs

but competitive enough to win the auction. 2. **Analyze the Bids**: In each

round, observe the two bids submitted by the sellers. Let the bids be B1 lower

bid and B2 higher bid. 3. **Decision on Lowest Bid**: - If B1 leq 50 , accept

the lowest bid B1 . This ensures a buyer profit of at least 50 ECU, which is a

good margin. - If B1 > 50 , consider making a counteroffer. 4. **Counteroffer

Strategy**: - If B1 > 50 , calculate a counteroffer C that maximizes your profit

while being likely to be accepted by the seller. A reasonable counteroffer can be

C = frac{B1 + text{Seller’s estimated cost}}{2} , ensuring it’s above the seller’s

cost but below your maximum willingness to pay 50 ECU profit margin. - Adjust

C to ensure it is between 0 and 100 and does not exceed B1. 5. **Fallback on

Higher Bid**: If your counteroffer C is rejected, you will automatically fall back

on the higher bid B2 . Ensure that C is set such that the risk of rejection is

minimized while still offering a better profit margin than B2. 6. **Verification of

Constraints**: - Ensure no counteroffer exceeds B1 i.e., C leq B1 . - Ensure all

counteroffers are between 0 and 100. 7. **Plug-in Verification**: If both bids are

100, your counteroffer function should output a value less than 100 e.g., around

75-90 to maximize acceptance probability while still ensuring a fallback on the
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losing bid if rejected.By following this strategy, you can systematically decide

whether to accept bids or make counteroffers, maximizing your profit across all

rounds."}

{‘role’: ‘system’, ‘content’: ‘Stick to this strategy during the experiment.’}

{‘role’: ‘system’, ‘content’: "It is round 1. The bids were [85.0, 26.0]. Do

you want to accept the bid of 26.0 or make the winning bidder a counteroffer? If

you make a counteroffer, this counteroffer must be smaller than 26.0. Respond

only either with the word ‘accept’ (all lowercase) or with the number you want to

submit as a counteroffer."}

{‘role’: ‘assistant’, ‘content’: ‘24.0’}

{‘role’: ‘system’, ‘content’: ‘The bids were [85.0, 26.0]. You decided to make

the winner a counteroffer of 24.0. This counteroffer was accepted. Therefore, your

profit in this round is 76.0.’}

{‘role’: ‘system’, ‘content’: "It is round 2. The bids were [84.0, 79.6]. Do

you want to accept the bid of 79.6 or make the winning bidder a counteroffer? If

you make a counteroffer, this counteroffer must be smaller than 79.6. Respond

only either with the word ‘accept’ (all lowercase) or with the number you want to

submit as a counteroffer."}

{‘role’: ‘assistant’, ‘content’: ‘70.0’}

{‘role’: ‘system’, ‘content’: ‘The bids were [84.0, 79.6]. You decided to make

the winner a counteroffer of 70.0. This counteroffer was accepted. Therefore, your

profit in this round is 30.0.’}

{‘role’: ‘system’, ‘content’: "It is round 3. The bids were [80.33, 70.0]. Do

you want to accept the bid of 70.0 or make the winning bidder a counteroffer? If

you make a counteroffer, this counteroffer must be smaller than 70.0. Respond
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only either with the word ‘accept’ (all lowercase) or with the number you want to

submit as a counteroffer."}

{‘role’: ‘assistant’, ‘content’: ‘60.0’}

{‘role’: ‘system’, ‘content’: ‘The bids were [80.33, 70.0]. You decided to make

the winner a counteroffer of 60.0. This counteroffer was rejected. You buy the

good from the losing seller for 80.33. Therefore, your profit in this round is 19.67.’}

Seller

{role’: ‘system’, ‘content’: ‘You are playing an economics experiment. The next

message will give you the HTML instructions of this experiment.’}

{‘role’: ‘system’, ‘content’: ‘The experiment consists of 40 rounds, and in each

round, you will have the same role. The possible roles are buyer or seller. At the

beginning of each round, one buyer and two sellers will be randomly matched.In

each round, the buyer will conduct an auction to purchase a good that they value

at 100 ECU (ECU = Experimental Currency Unit). The buyerś profit is equal

to the difference between their valuation for the good and the price they pay.

Buyerś Profit = 100 ECU ? Price For the seller who supplies the buyer, there

are costs associated with providing the good. At the beginning of each round,

these costs are randomly and independently determined for each seller. All costs

between 0 and 100 ECU are equally likely. The profit of the seller who supplies

the buyer is given by Profit of the seller supplying the buyer = Price ? Costs The

seller who does not supply the buyer makes a profit of 0 ECU.At the end of the

experiment, your profits will be converted into Euros. 60 ECU corresponds to 1

Euro. Additionally, you will receive 5 Euros for your participation. Procedure

Each seller observes their own costs and places a bid. The buyer observes the two

bids and estimates the costs of the seller who placed the lowest bid. Additionally,
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the buyer decides whether to... ...accept the lowest bid. In this case, the seller

who submitted the lowest bid will supply the good to the buyer, and the price is

equal to the lowest bid. ...make the seller with the lowest bid a counteroffer. If

the counteroffer is greater than or equal to the costs of the seller who submitted

the lowest bid, the counteroffer will be automatically accepted by them. The price

is then equal to the counteroffer, and the seller who submitted the lowest bid

will supply the good to the buyer. If the counteroffer is smaller than the costs of

the seller who submitted the lowest bid, the counteroffer will be automatically

rejected by them. The price is then equal to the bid of the seller who submitted

the higher bid, and the seller who submitted the higher bid will supply the good

to the buyer. Note: if both sellers submit the same bid, one of them will be

randomly selected as the seller with the lowest bid.’}

{‘role’: ‘system’, ‘content’: ‘Please write a concise summary of the five most

important points of the instructions.’}

{‘role’: ‘assistant’, ‘content’: "1. **Roles and Matching**: The experiment

involves 40 rounds where participants are assigned the role of either a buyer or a

seller. Each round consists of one buyer and two sellers being randomly matched.

2. **Buyer’s Objective**: The buyer values the good at 100 ECU and aims

to maximize profit, calculated as 100 ECU minus the price paid. 3. **Seller’s

Objective**: Each seller has a randomly determined cost (between 0 and 100

ECU) and submits a bid. The seller’s profit is the price received minus their cost.

Only the seller who supplies the buyer earns a profit. 4. **Bidding and Offers**:

Sellers submit bids based on their costs. The buyer can accept the lowest bid

or make a counteroffer. If the counteroffer is at least equal to the seller’s cost,

it is accepted; otherwise, it is rejected, and the higher bidder supplies the good.

5. **Profit Conversion**: At the end of the experiment, profits are converted

to euros at a rate of 60 ECU to 1 Euro, with an additional 5 Euro participation
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fee."}

{‘role’: ‘system’, ‘content’: ‘In the next message, we will provide you with

control questions as well as their answers to make sure you understand the

experiment.’}

{‘role’: ‘system’, ‘content’: "Control questions Imagine you are in the role of

the seller. Your costs are 45 ECU. You submit a bid of 70 ECU to the buyer.

Now consider the following cases:Your bid is the lowest bid, and the buyer accepts

it. What is your profit? The answer is 25 ECU. What is the buyer’s profit in this

case? The answer is 30 ECU.Your competitor submits the lowest bid, and this bid

is accepted by the buyer. What is your profit? The answer is 0 ECU. Your bid is

the lowest bid, and the buyer makes you a counteroffer of 50 ECU. What is your

profit? The answer is 5 ECU. What is the buyer’s profit in this case, assuming

the other seller submitted a bid of 90 ECU? The answer is 50 ECU. Your bid is

the lowest bid, and the buyer makes you a counteroffer of 30 ECU. What is your

profit? The answer is 0 ECU. What is the buyer’s profit in this case, assuming

the other seller submitted a bid of 90 ECU? The answer is 10 ECU. "}

{‘role’: ‘system’, ‘content’: ‘For the entire experiment, you will be playing in

the role of seller.’}

{‘role’: ‘system’, ‘content’: "Your goal is to maximise your profit over all 40

rounds of the experiment. Devise a step-by-step strategy to achieve this goal. Be

concise. Start by thinking about how you would bid if you knew the buyer will

always accept the lowest bid. Think about what auction type this is and what

your bidding function should look like. That is, for each possible cost realisation,

which bid should you place in order to maximise your expected profit? Assume

that the other seller will use the same bidding function as yours. Ensure that

your bidding function is indeed optimal in this case. Note that (i) no bidding

function in which you bid below your costs can be optimal. Note too that (ii) all
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bids must be between 0 and 100. Derive a function that takes as input your costs

and outputs your profit-maximising bid. Confirm that (i) and (ii) are satisfied by

plugging costs of 100 into your bidding function. I’ll tip you 100 EUR if you put

effort into this."}

{‘role’: ‘assistant’, ‘content’: "To devise a strategy as a seller aiming to

maximize profit, we need to consider the auction type and optimal bidding

strategy given the rules. The situation resembles a first-price sealed-bid auction

where each seller submits a bid without knowing the competitor’s bid, and the

lowest bid wins.**Step-by-Step Strategy:** 1. **Understand the Auction Type**:

This is a first-price sealed-bid auction. The seller with the lowest bid wins and

receives the bid amount as the selling price, but must cover their own costs. 2.

**Objective**: Maximize profit, which is the difference between the bid price

(if accepted) and your costs. 3. **Avoid Bidding Below Costs**: Never bid

below your costs as this would result in a negative profit if your bid is accepted.

This satisfies condition (i). 4. **Determine Optimal Bidding Function**: - In

a symmetric equilibrium where both sellers use the same strategy, consider the

expected profit maximization. - Assume costs are uniformly distributed between 0

and 100 ECU. - A linear bidding function often works well in such environments:

( b(c) = frac{c + 100}{2} ). - **Rationale**: This function ensures that the

bid is always above the cost and increases linearly with the cost, balancing the

probability of winning with the potential profit margin. - **Verification**: For

the maximum cost of 100 ECU, ( b(100) = frac{100 + 100}{2} = 100 ), satisfying

condition (ii). 5. **Implementation**: - For each cost realization ( c ), calculate

your bid using ( b(c) = frac{c + 100}{2} ). - Submit this bid in each round. 6.

**Consider Buyer Behavior**: - If the buyer often makes counteroffers, adjust your

strategy by slightly lowering your bids to increase the likelihood of acceptance

without compromising profitability. 7. **Adapt and Learn**: Pay attention to

patterns in the buyer’s behavior and competitor’s bids. Adjust your strategy
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if you notice consistent trends.By following this strategy, you aim to maximize

expected profit while adhering to the constraints of the auction environment."}

{‘role’: ‘system’, ‘content’: "Now, account for the fact that the buyer can

make the winning bidder a counteroffer. Should you be bidding higher or lower

than in the case without counteroffers? Don’t derive the bidding function yet.

Only answer this question."}

{‘role’: ‘assistant’, ‘content’: ‘Considering that the buyer can make a coun-

teroffer to the winning bidder, it would generally be strategic to bid slightly higher

than in the case without counteroffers. By bidding higher, you leave room for

the buyer to make a counteroffer that is still above your cost, thus potentially

increasing your profit margin. However, the bid should not be so high that it

significantly reduces your chances of being the lowest bid and winning the auc-

tion. This approach balances the opportunity to benefit from counteroffers while

maintaining competitiveness in the auction.’}

{‘role’: ‘system’, ‘content’: "Now you will derive the modified bidding function.

Build up on your last answer. Just like before, your goal is to maximise your

profit over all 40 rounds of the experiment. Devise a step-by-step strategy to

achieve this goal. Be concise. Modify the strategy you described for the case

without counteroffers. Note that the buyer’s objective is also to maximise their

profit. How does this change your bidding function? Ensure that your bidding

function is indeed profit-maximising if the buyer can make counteroffers. For each

possible cost realisation, which bid should you place in order to maximise your

expected profit? Assume that the other seller will use the same bidding function

as yours. Note that (i) no bidding function in which you bid below your costs

can be optimal. Note too that (ii) all bids must be between 0 and 100. Derive a

function that takes as input your costs and outputs your profit-maximising bid.

Confirm that (i) and (ii) are satisfied by plugging costs of 100 into your bidding
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function. Remember that if both sellers place the same bid, one is randomly

selected as the winner. Lastly, do not forget that you can make a profit even if

you do not submit the lowest bid, namely in the case when the buyer makes the

other seller a counteroffer which they reject. I’ll tip you 100 EUR if you put effort

into this."}

{‘role’: ‘assistant’, ‘content’: "To account for the possibility of counteroffers

from the buyer and maximize profit over all rounds, we need to adjust our bidding

strategy. The buyer’s objective is to minimize their cost while maximizing their

profit, which means they are likely to make counteroffers that are above the seller’s

cost but below the initial bid. Here’s how we can derive a profit-maximizing bidding

function: Step-by-Step Strategy: 1. **Understand the Auction Dynamics**:

Recognize that the buyer can make counteroffers. The buyer’s aim is to pay as

little as possible while ensuring the transaction occurs, which introduces a strategic

element for sellers. 2. **Objective and Constraints**: - **Objective**: Maximize

profit, which is the difference between the accepted price bid or counteroffer and

your costs. - **Constraints**: Bids must be above costs i and between 0 and

100 ii. 3. **Adjust Bidding Strategy**: - Given the possibility of counteroffers,

you can afford to bid slightly higher than the basic first-price auction strategy.

This allows the buyer room to negotiate but still results in a profit for you if

a counteroffer is made. - Consider the buyer’s incentive to make counteroffers

when the bid is slightly above the expected cost. 4. **Derive the Bidding

Function**: - **Assumption**: Both sellers use the same strategy. The buyer

makes counteroffers when bids are above their expected cost estimate. - **Bidding

Function**: A potential function could be bc = c + k , where k is a small

positive value representing the premium over cost that accounts for counteroffers.

- **Choosing k **: k should be small enough to remain competitive but large

enough to allow room for a profitable counteroffer. For simplicity and testing,

start with k = 5 . 5. **Verification**: - **No Below-Cost Bidding i**: Since bc =

81



Chapter 2. The Role of Commitment in First-Price Auctions

c + k , bc is always above cost. - **Within Range ii**: For c = 100 , b100 = 100

+ k . Choose k such that b100 leq 100 . Adjust k to ensure this condition holds,

for example, k = 0 for the edge case. 6. **Implementation**: - For each cost

realization c , calculate your bid using bc = c + k . - Monitor outcomes and adjust

k based on observed buyer behavior and competitor bids. 7. **Consider Buyer

Behavior**: - If buyers frequently make counteroffers, you might slightly increase k

to capture more profit from accepted counteroffers. 8. **Dynamic Adjustment**:

- Continuously observe and adjust based on the outcomes of previous rounds.

If you notice that bids are frequently accepted without counteroffers, you may

need to adjust k downward to remain competitive.By using this strategy and

bidding function, you aim to maximize expected profit while taking into account

the possibility of counteroffers from the buyer."}

{‘role’: ‘system’, ‘content’: ‘Stick to this strategy during the experiment.’}

{‘role’: ‘system’, ‘content’: ‘In each round, you will be told your costs. You

will submit a bid. Respond only with the number you want to bid.’}

{‘role’: ‘system’, ‘content’: ‘It is round 1. Your costs are 75.0. Submit your

bid. The maximum bid you can submit is 100. Respond only with the number

you want to bid.’}

{‘role’: ‘assistant’, ‘content’: ‘80.0’}

{‘role’: ‘system’, ‘content’: ‘You submitted a bid of 80.0. The other seller

submitted a bid of 51.0. The buyer decided to make the other seller a counteroffer

of 50.0. This counteroffer was accepted by the other seller. Therefore, your profit

in this round is 0.’}

{‘role’: ‘system’, ‘content’: ‘It is round 2. Your costs are 66.0. Submit your

bid. The maximum bid you can submit is 100. Respond only with the number

you want to bid.’}

82



Chapter 2. The Role of Commitment in First-Price Auctions

{‘role’: ‘assistant’, ‘content’: ‘71.0’}

{‘role’: ‘system’, ‘content’: ‘You submitted a bid of 71.0. The other seller

submitted a bid of 84.0. The buyer decided to make you a counteroffer of 50.0.

This counteroffer is smaller than your costs of 66.0, so you rejected the counteroffer.

Therefore, your profit in this round is 0.’}

{‘role’: ‘system’, ‘content’: ‘It is round 3. Your costs are 14.0. Submit your

bid. The maximum bid you can submit is 100. Respond only with the number

you want to bid.’}

{‘role’: ‘assistant’, ‘content’: ‘19.0’}

{‘role’: ‘system’, ‘content’: ‘You submitted a bid of 19.0. The other seller

submitted a bid of 95.5. The buyer decided to accept your bid of 19.0. Therefore,

your profit in this round is 5.0.’}

83



Chapter 3

Commitment in Auctions: Exten-

sions
In the previous chapter, we considered a first-price procurement auction in which

the buyer lacks the commitment not to renegotiate with the winning seller upon

conclusion of the auction. We showed theoretically that this lack of commitment

is detrimental to the buyer. In this paper, we show that this finding is not a

relic of first-price auctions with continuous cost types and a continuous bid grid.

Rather, it holds more generally. To be precise, in the context of first-price auctions,

commitment matters even when sellers are bidding on a discrete grid. However,

there may be cases when not committing is beneficial to the buyer. To show this,

we introduce bidders who differ in their level of sophistication. We find that if the

probability of facing a sophisticated seller is sufficiently low, the buyer is better off

not committing. Next, we consider sealed-bid second-price and English auctions,

and allow for both continuous and discrete cost types. We demonstrate that the

pooling equilibrium exists in all of these cases.

3.1 Introduction

Procurement auctions are important. As described by Jap (2002), their annual

throughput is in the billions of US dollars—with the potential for trillions of US

dollars. In the previous chapter, we focused on first-price auctions, one of the

most common procurement mechanisms (Bajari et al., 2009). Theoretically, it is

implicitly assumed that auctions are binding in the sense that the buyer sticks

to the rules of the auction. However, Jap points out that this assumption is

not met in practice: the majority of procurement auctions are carried out in a
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non-binding fashion. We studied the implications of this theoretically. Specifically,

we compared a procurement auction in which the buyer commits to the rules of

the auction to a procurement auction in which, upon seeing the bids, the buyer

may make the winning seller a counteroffer.1

We showed that this seemingly trivial change—the option, not the obligation,

to make a counteroffer on the part of the buyer—destroys competition. To be

precise, without commitment, there cannot be a separating equilibrium: there

exist only pooling equilibria in which the sellers pool on a bid at or above the

highest possible cost draw. The buyer responds to these uninformative bids by

selecting a winning seller, and making them a take-it-or-leave-it offer. This leads to

a higher expected price, and lower efficiency vis-à-vis an auction with commitment.

These results hold independently of both the distribution of sellers’ costs, and the

numbers of sellers in the auction.

Why can there not be a separating equilibrium? The intuition is as follows:

in any separating equilibrium, the buyer is able to infer the seller’s cost type from

their bid. The buyer’s optimal counteroffer is then simply given by the winning

seller’s cost (plus an infinitesimal amount). In other words, in any separating

equilibrium, all sellers are guaranteed a profit of zero.

In this paper, we will investigate how general this result is. To do so, we will

begin by extending the first-price auction setting we previously considered by

considering unsophisticated bidders that do not understand the different between

the commitment and no-commitment settings. We will show that if the probability

of the buyer facing an unsophisticated bidder is sufficiently high, the buyer is

actually better off when they do not commit. Next, we introduce a discrete bid

grid. We will show that in this setting, the pooling equilibrium remains the unique

equilibrium in the no-commitment setting.
1Note that considering a forward auction instead does not change our results; they all carry

over accordingly.
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A natural question to ask is how important commitment is in second-price

auction formats. It is clear that at least for the sealed-bid second price auction,

the answer is a yes. The same logic as for the first-price auction applies: if different

cost types were to submit different bids, the buyer would work backwards, and

make the winning seller a counteroffer at or just above their cost. This leaves us

with the dynamic implementation of a second-price auction, the English auction.

Traditionally, the English auction has been considered immune to the commitment

problems faced by a buyer conducting a sealed-bid second-price auction. After

all, in an English procurement auction, the buyer is only furnished with an upper

bound on the winning seller’s cost. By contrast, we will show that for both

continuous and discrete types, in the face of a fallback option—given in our case

by the closing price of the auction—a pooling equilibrium can exist even in English

auctions.

At this point, we want to stress that our equilibrium results for the first-price,

and the sealed-bid second-price auctions are independent of this assumption; the

results also carry through if there is no fallback option. However, as we will discuss

in the following section, a pooling equilibrium in an English auction can only exist

in the presence of a fallback option.

The rest of the paper is structured as follows. Section 3.2 connects this

research with the existing literature. In section 3.3, we discuss the extensions to

our first-price setting. Section 3.4 explores the effect of commitment in second-price

formats. Finally, section 3.5 concludes.

3.2 Literature

We are not the first to consider the role of commitment in auctions. Far from

it, Vickrey (1961) himself recognised that the sealed-bid second-price auction
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lends itself to the kinds of commitment issues we will discuss in the section on

second-price auctions below.2

For brevity, we will not provide a complete overview of the literature on

commitment in auctions, but refer the reader to section 2.2 in the previous

chapter. That being said, it is nevertheless worthwhile to briefly position our

paper relative to this aforementioned literature. While we also make the point

that lacking commitment can be detrimental to the auctioneer, we do so in a

simpler model. To be precise, we show that a lack of commitment is not only

problematic in buyer-determined auctions where where the auctioneer’s preferences

are unknown (Fugger et al., 2016), or when the procurement process is sequential

(Fugger et al., 2019). Commitment matters generally, even in plain vanilla one-shot

auctions. As soon as the auctioneer reserves the right to make the winning seller a

counteroffer, the separating equilibrium can break down. In the sealed-bid formats,

this is always the case; in the English auction, it depends on the distribution of

sellers’ costs.

This brings us to the paper with the setting most similar to ours, the one

of Shachat and Tan (2015). They consider an English procurement auction in

which the buyer reserves the right to bargain further concessions from the winner.

Unlike in our paper—or the papers mentioned previously—they show that this

lack of commitment is not detrimental to the buyer. Sellers still have a weakly

dominant strategy of exiting the auction at their costs. Another one of Shachat

and Tan’s prominent results is that the optimal counteroffer does not depend on

the price at which the auction ends: below a certain threshold, the buyer accepts

the outcome of the auction; above this threshold, the buyers makes the optimal

counteroffer to the winner. Put differently, the ex-ante optimal counteroffer is
2From this critique, one may infer that sealed-bid second-price auctions are uncommon in

practice. Interestingly, this is not true. The most prominent example is perhaps Google’s
generalised second-price advertisement auction. While interesting, we will not dwell further on
this point here.
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equal to the ex-post optimal counteroffer.

This last paper seemingly contradicts our previous statement that the pooling

equilibrium can be sustained in an English auction. But this is not so. The

reason is that the results of the paper above crucially hinge on the seller’s lack

of a fallback option in case their counteroffer is rejected. In Shachat and Tan’s

setting, no trade takes place in case the counteroffer is rejected. By contrast,

because the buyer must procure the good in our setting, the buyer falls back on

the runner-up in case their counteroffer is rejected by the winning seller. The price

is given by the closing price of the auction; i.e. the price at which the runner-up

dropped out. In the face of a fallback option, we will show that for both contin-

uous and discrete types, the pooling equilibrium can exist even in English auctions.

In this paper, we show that if the buyer reserves the right to make the win-

ning seller a counteroffer, there can only be pooling equilibria in the sealed-bid

auctions—irrespective of the number of sellers in the auction, the distribution

of sellers’ costs, and the presence of a fallback option. In English auctions, the

results are not as general as for the sealed-bid formats. Nevertheless, building

on the work of Shachat and Tan (2015), we challenge the commonly-held view

that English auctions are immune to commitment problems: in the presence of

a fallback option, we show that pooling equilibria can exist even in English auctions.

3.3 First-price auctions

For the general model we consider, we refer to section 2.3 of the previous chapter.

Building on our results, we extend the model to consider (1) bidder sophistication,

as well as (2) a discrete bid grid. In the case of the former, we show that there are
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cases in which the buyer is better off not committing, namely when the probability

of facing a sophisticated bidder is sufficiently low. In the case of the latter, we

demonstrate that pooling remains the unique equilibrium.

3.3.1 Bidder sophistication

The equilibrium we derived in the previous chapter requires a high degree of

sophistication on the part of the sellers. What if this level of sophistication is not

present among all sellers?

To answer this question, we extend the model by introducing sellers types

into the model. sellers are either sophisticated, or unsophisticated. Unsophisticated

suppliers are oblivious to the difference between commitment and no-commitment,

and continue to bid as if they were in the commitment setting. Sophisticated

suppliers, on the other hand, take the buyer’s lack of commitment into account.

Specifically, they anticipate that the buyer will make the winning bidder a coun-

teroffer, and adjust their bid accordingly.

For each seller, a random and independent draw determines whether they are

sophisticated. The probability of being sophisticated is p ∈ [0, 1]. Observe that

from our previous analysis, we already know what happens in the border cases.

If p = 0, all suppliers are unsophisticated, and thus bid as if they were in the

commitment setting. The buyer is able to extract full surplus by inverting the

bidding function as described in proposition 1, and offering this as a counteroffer

to the winning bidder. If p = 1, we are in the no-commitment setting as described

above: all suppliers are sophisticated, and pool on the reserve price r. What

happens if p is somewhere between these two extremes? We will show that if

the probability of facing a sophisticated seller is sufficiently small, the buyer is

actually better off when they do not commit.
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For ease of exposition, we will use the same setting as we did in the experiment

of the previous chapter. That is, we will consider the case of where one buyer is

matched with n = 2 sellers. Sellers’ private costs are independently and uniformly

drawn from the set C = [0, 100]. The buyer’s value for the good is set to v = 100.

Bids and counteroffers are both ∈ C. Ties are broken randomly.

Recall that the unsophisticated supplier (U) will continue to bid

βU(c) = 50 + c

2 .

These leaves us with two open questions. How should the sophisticated supplier

(S) bid? And what counteroffer does the buyer want to make to the winning

seller? Assume for now that the buyer will make a counteroffer o∗ of

β−1
U (b∗) = 2b∗ − 100

to the winner, where b∗ denotes the winning bid. We will derive below for which

p this assumption holds.

Let us start with the former question. Note that if S bids just like U , this

implies that they will make zero profit. We can therefore rule this out. Similarly,

we can also rule out that S bids more aggressively than U . If they would, S

always rejects the buyer’s counteroffer, which again implies zero profit. Therefore,

it must be that S bids less aggressively than U . But how much less aggressively?

Observe that S wins if their bid

b < βU(c) ⇐⇒ U ’s cost c > 2b− 100.

This occurs with probability 100−b
50 . The maximisation problem S faces is
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arg max
b

P[winning] · [price− cost]

= arg max
b

100− b
50 · [(2b− 100)− c]

Solving the first-order condition, we find that

βS(c) = 75 + c

4 .

Note that this bidding function holds regardless of whether S is facing a fellow

sophisticated or an unsophisticated seller in the auction. What is left to show

is that the buyer indeed wants to make a counteroffer of β−1
U (b∗) to the winning

seller.

Proposition 6. If the probability of facing a sophisticated seller p < 0.746,
the optimal counteroffer o∗ is β−1

U (b∗). For these p, the buyer is better off not
committing.

Proof. Note that there are only two candidates for the optimal counteroffer:

β−1
U (b∗) and β−1

S (b∗).

Observe next that a counteroffer of β−1
U (b∗) is accepted by all seller types, while

a counteroffer of β−1
S (b∗) is only accepted if the winning seller is sophisticated.

The buyer knows there are two types of sellers in the auction. Since n = 2,

this means that there are three cases in the auction: (i) two sophisticated sellers,

(ii) two unsophisticated sellers, and (iii) one sophisticated and one unsophisticated

seller.

Now, all that is left to do is to compute the expected prices to the buyer in

each of the three cases and for both possible counteroffers.
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Case 1: two sophisticated bidders; occurs with probability p2.

E[price|o∗ = β−1
U (b∗)] = 200

3
E[price|o∗ = β−1

S (b∗)] = 100
3

Case 2: two unsophisticated bidders; occurs with probability (1− p)2.

E[price|o∗ = β−1
U (b∗)] = 100

3
E[price|o∗ = β−1

S (b∗)] = 100

Case 3: one unsophisticated bidder, and one sophisticated bidder; occurs

with probability 1− p2 − (1− p)2.

E[price|o∗ = β−1
U (b∗)] = 275

6
E[price|o∗ = β−1

S (b∗)] = 250
3

Weighting the expected profits with the respective probability of a case

occurring, we find that for p < 0.746, the buyer wants to offer the winning seller

a counteroffer of β−1
U (b∗).

Moreover, for this optimal counteroffer, observe that in case (i), the expected

price is identical to the one in the commitment setting. In cases (ii) and (iii),

however, the expected prices are lower than in the commitment setting. Therefore,

since p < 0.746, the probability of (i) occurring is < 1, and thus, the overall
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expected price is lower than in the commitment setting.

Let us take stock. In our initial analysis, we show that no commitment is

detrimental to the buyer, since it leads to higher prices. However, by extending

the analysis to allow for sophisticated and unsophisticated bidders, we have shown

that there are cases where the buyer may actually be better off not committing,

namely when the probability of facing a sophisticated seller is sufficiently low. In

the following section, we will look at what happens if we introduce a discrete bid

grid. We will find that pooling remains the unique equilibrium.

3.3.2 Continuous types with discrete bid and counteroffer

grid

The seminal paper on first-price auctions with continuous types and a discrete

bid grid is Chwe (1989). Since their paper considers a first-price forward auction,

and because we rely on their proofs, for ease of exposition, we will briefly depart

from the reverse auction setting and consider a forward auction instead. Note

that considering a forward auction does not change our results; they all carry over

accordingly.

In this section, we are considering a forward auction in which the auctioneer

is a seller with a valuation of 0 for the good. Bidders are buyers whose private

valuations are continuously and uniformly distributed on [0, 1], and drawn inde-

pendently. The bid and counteroffer grid is discrete: bids and counteroffers can

only take values from the set {0, 0.2, 0.4, 0.6, 0.8, 1}.
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Commitment setting

In the commitment setting, we can use Chwe (1989) to derive the unique equilib-

rium as

β(v) =



0 if v ∈ [0, 2
7)

0.2 if v ∈ [2
7 ,

2
3)

0.4 if v ∈ [2
3 , 1]

No-commitment setting

In order to prove that pooling is still the unique equilibrium in the no-commitment

setting, we will require two lemmas.

Lemma 1. Counteroffers are strictly increasing in the winning bid.

Proof. The proof will be by contradiction. Take two bids, b and b′, with b′ > b.

Denote by ṽ the valuation type that is indifferent between these two bids. Assume

that the seller makes the same counteroffer o when observing these winning bids.

By the indifference condition, we must have that

P[win with b] · (ṽ − o) = P[win with b′] · (ṽ − o)

Since winning probabilities are strictly positive, and ṽ ≥ o, this condition is only

satisfied for ṽ = o. But observe that in this case, making o is no longer optimal

against a winning bid of b, since the probability of acceptance is zero. The seller

is therefore strictly better off making a counteroffer < o. This gives us the desired

contradiction.
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An alternative way to see this is to note that ṽ > o. Therefore, the condition

only holds if P[win with b] = P[win with b′]. This gives us the desired contradic-

tion, since the probability of winning is strictly increasing in the submitted bid.

Lemma 2. If the winning bid is zero, the optimal counteroffer is strictly larger
than zero.

Proof. By accepting the winning bid, the sellers guarantees themselves a profit

of zero. Now observe that in equilibrium, the largest valuation type that bids

zero must be larger than 0.2, since otherwise, some types bid above valuation

when submitting a bid of 0.2—for these types, deviating to a bid of zero is strictly

better. Therefore, when observing a winning bid of zero, a counteroffer of 0.2 is

accepted with positive probability, which completes the proof.

Proposition 7. The unique equilibrium in the no-commitment setting is a pooling
equilibrium. This equilibrium can be characterised as follows:

(a) All bidders pool on the lowest permissible bid of zero.

(b) The seller responds to these bids by selecting a winning bidder, and offering
them the optimal take-it-or-leave-it-offer of 0.6 as a counteroffer.

When observing a bid > 0, the buyer makes a counteroffer of 1 to (one of)
the deviating bidder(s).

Proof. First, note that this indeed constitutes an equilibrium. Bidders have

no incentive to deviate, since a deviating bid will be met with a counteroffer of

1, thus guaranteeing a payoff of 0. The seller has no incentive to deviate either:

they make the optimal take-it-or-leave-it-offer to the winning bidder.

Note that—just like in the continuous case—a counteroffer of 1 when observing

a deviating bid is the only stable situation. To see why, assume to the contrary

that the seller makes an equilibrium counteroffer of 0.8 when observing a deviating
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bid. Observe that in that case, the only type for which deviation is (weakly)

profitable is v = 1. But this being the case, the seller would be strictly better off

increasing the counteroffer to 1, which gives us the desired contradiction.

To show the uniqueness of the pooling equilibrium, we will consider two cases.

The first is when bidders distribute themselves over two bids; the second when

bidders distribute themselves over three bids. In both cases, we will find the

desired contradictions, which leaves us with the pooling equilibrium. Note that

we do not have to consider cases in which bidders distribute themselves over

more than three bids, since this is the upper limit set by the equilibrium of the

commitment setting.

Two bids We are considering an equilibrium of the form

β(v) =


b if v ∈ [0, v1)

b′ if v ∈ [v1, 1]

Denote by o the seller’s counteroffer against a winning bid of b, and by o′ the

seller’s counteroffer against a winning bid of b′. The indifference condition, in

conjunction with the two lemmas above, gives us

v1 = o′

1− o′ + o
(3.1)

which must hold with v1 < 1 in an equilibrium in which bidders distribute

themselves over two bids.

In addition, in equilibrium, o′ must still be optimal against b′. To be precise,

the seller may not do better by increasing to the next highest counteroffer o′′ when
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observing a winning bid of b′. Clearly, o′ is optimal whenever

1− o′′
1− v1

· o′′ ≤ o′ (3.2)

where the term on the left-hand-side denotes the expected seller profit when

making a counteroffer of o′′, which is given by the probability of acceptance

multiplied with the value of o′′.

Going through all combinations of o and o′ permissible by lemmas 1 and 2,

we find that in all cases, either eq. (3.1) or eq. (3.2) is violated. We can therefore

conclude that no equilibrium exists in which bidders distribute themselves over two

bids. The only thing left for us to show is that there cannot exist an equilibrium

in which bidders distribute themselves over three bids either.

Three bids Using the same procedure as above, we also find the desired con-

tradictions here.

To recap then, we have shown that their exist no equilibria in which bidders

distribute themselves over more than one bid. This leaves us only with the pooling

equilibrium proposed above, which completes the proof.

In this section, we have shown that not committing is also detrimental to

the auctioneer when facing bidders with continuous types and a discrete bid and

counteroffer grid. In the following section, we will return to reverse auctions, and

show that our results regarding buyer commitment also hold true in second-price

auction formats. In a sealed-bid second-price auction, this is trivially always the

case. In an English auction, the existence of a pooling equilibrium depends on

how sellers’ costs are distributed, and the number of sellers in the auction.
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3.4 Second-price auctions

In this section, we will consider both the static sealed-bid second-price auction,

as well as the dynamic English auction. Let us begin with the former. It is a

well-known result that bidding your true valuation is a weakly dominant strategy

in a standard sealed-bid second-price auction. However, in such an auction, there

clearly exists a temptation for the auctioneer to increase revenues by inventing a

bid somewhere between the highest bid and the second-highest bid. The following

quote, taken from Lucking-Reiley (2000, pp. 189f.), is from a stamp auctioneer,

and makes the point beautifully.

I swore I would never do many of the things I’d seen other auctioneers do

as far as how they handled mail bids. My terms of sale were the same as all the

others when it came to this issue. I assured prospective bidders they could bid

with confidence since all mail bids “would be reduced to one advance over the

next highest bid.” And in the beginning, that is what we did. But I found there

are inherent conflicts of interest every auctioneer must deal with in his role as

agent for both the consignors and the bidders, and I’m ashamed to admit I did not

handle those conflicts very well. Looking back, I learned the mind is amazingly

creative when it comes to rationalizing bad behavior.

After some time in the business, I ran an auction with some high mail bids

from an elderly gentleman who’d been a good customer of ours and obviously

trusted us. My wife Melissa, who ran the business with me, stormed into my office

the day after the sale, upset that I’d used his full bid on every lot, even when it

was considerably higher than the second-highest bid. She threw his invoice on

my desk and said, “I thought we weren’t going to do this crap!” I glanced at the

paperwork and without even thinking about it, said, “I don’t like having to do

this, honey, but you know our bank loan is due tomorrow.” After some thought,

she said, “Okay, I’ll do this, but only if you agree to change the rules in our next

auction to read, ‘All lots are sold to the highest mail bidder at one advance over

the second highest bid, unless we need the money.’ ” With that one sentence she

stripped me of all my rationalizations and excuses. She held a mirror up to my
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conduct and I hated what I saw. I had no choice but to recalculate all our invoices

for that sale to conform with our rules.

That’s when I decided to leave the business of running auctions.

The stamp auctioneer’s situation can be interpreted as one in which he cannot

commit not to negotiate with the winner upon conclusion of the auction. We will

show that the pooling equilibrium we found in the first-price auction exists too in

the second-price formats, for both continuous as well as discrete cost types. In the

case of sealed bids, always. In the case of the English auction, only if the buyer

has a fallback option in case their counteroffer gets rejected.

Let us start with continuous cost types.

Continuous cost types

In this section, we will show that the pooling equilibrium in the no-commitment

setting can be sustained even in second-price auction formats. For now, the model

is exactly as described in section 3.3; the only difference being the pricing rule:

now, the winning seller is not paid their bid, but rather the second-lowest bid.

Later on, we will look at the case of discrete cost types.

If we think back to the stamp auctioneer and his sealed-bid second-price

auction that introduced this section, it becomes clear that all our results carry

over from the first-price auction. For brevity, we will not repeat the full arguments

here, but only provide the intuition.

Assume for the moment that the sellers are naïve in the sense that they

continue to bid their true costs in the no-commitment setting. The buyer then has

it easy: just offer the winning seller their cost (plus an infinitesimal amount). Of

course, the same logic applies to any separating equilibrium, since the bid reveals

the seller’s cost. Working backwards, the buyer would just offer the winning
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seller their cost (plus an infinitesimal amount). This rules out any separating

equilibrium. Consequently, we find that pooling on the highest possible cost is an

equilibrium in the no-commitment setting of the sealed-bid second-price auction.

Observe that this result carries through regardless of whether or not the buyer

falls back on the second-lowest bid in case their counteroffer is rejected.

For the English auction—which we will consider next—this is not true. If

there is no fallback option, we find ourselves in the setting of Shachat and Tan

(2015), in which truthful bidding remains an equilibrium. However, in the face

of a fallback option, we will see that the pooling equilibrium can exist; both for

continuous, and for discrete cost types. Observe that in our setting—in which

the buyer must procure the good—the fallback option in case the winning seller

rejects the counteroffer is given by the stopping price of the auction.

Consider a continuous English clock auction with two sellers, where each seller’s

cost is independently drawn from the same continuous distribution. Assume for

the moment that both sellers pool in the sense that they both immediately drop

out of the auction. Whether or not this indeed constitutes an equilibrium depends

on the exact distribution of sellers’ costs. If costs are uniformly distributed, our

results from the first-price auction carry over; if costs are e.g. normally distributed,

they do not.

Regarding the former case, uniformly distributed costs on [c, c]: from proposi-

tion 2, when faced with uninformative bids, we can derive the buyer’s optimal

counteroffer as

o∗ = c+ c

2 ,

a given seller’s expected costs.

Evidently, we only have to check whether types c < o∗ have an incentive to

deviate away from the posited pooling equilibrium; for other types to deviate
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guarantees zero profit. The question of existence of the pooling equilibrium boils

down to whether or not types c < o∗ find it profitable to stay in the auction

marginally longer, thus winning for sure. Note that the buyer cannot observe this

deviation; they are only informed of the winning seller and the stopping price at

the end of the auction.

Consider a seller S who may find deviation profitable. In the pooling equi-

librium, S drops out immediately. With probability 1
2 , S is then selected as the

winning seller, in which case their profit is given by o∗− c. With probability 1
2 , S’s

competitor is selected as the winner, who rejects the counteroffer with probability

1− F (o∗) = 1
2 . In this case, the buyer will buy the good from S at the dropout

price c. The expected profit of S when pooling is therefore

1
2 · (o

∗ − c) + 1
2 ·

1
2 · (c− c).

On the other hand, if S stays in the auction marginally longer—thus winning

for sure—their profit is given by

o∗ − c.

Comparing the two, we find that deviating away from the pooling equilibrium

is profitable for S whenever c < c, a contradiction. Taken together, we have shown

that the pooling equilibrium can be sustained in a two-seller English auction if

sellers’ costs are uniformly distributed. However, some comments are in order.

First, as mentioned above, the existence of the pooling equilibrium depends on

the cost distribution. For example, doing the same calculations when seller’s costs

are normally distributed yields that the posited pooling equilibrium cannot be

sustained. Second, unlike in the case of the first-price auction, the existence of the

pooling equilibrium is not independent of the number of sellers. Indeed, even in

the example above, for three sellers, the posited pooling equilibrium breaks down,
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since some cost types find deviating profitable.3 Interestingly, if sellers’ costs are

discrete, the pooling equilibrium can be sustained independently of the number of

sellers in the auction. Let us see why.

Discrete cost types with discrete grid

The general setting from above is unchanged: we still find ourselves in an English

clock auction with two sellers. However, now, both the type space and the

auction’s price grid are discrete, with each seller’s cost independently drawn from

the set C, which also defines the allowable clock prices.

Binary cost types Let us start with n ≥ 2 sellers and binary types, i.e. C =

{cl, ch}, with 0 ≤ cl < ch. Denote by ph ∈ (0, 1) the probability of a seller having

costs of ch. The cost draws are independent across sellers. As before, the buyer’s

valuation is v = ch.

Observe that for a seller of type ch, it is optimal to drop out of the auction

immediately. Also, if the auction ends at a price of ch, the buyer’s optimal

counteroffer is given by cl.4

Assume that all sellers immediately drop out of the auction. Does a seller S of

type cl want to deviate? No. Deviating away from the posited pooling equilibrium

yields zero profit. While deviating by staying in the auction marginally longer

guarantees that S wins for sure, it also ensures zero profit, since the counteroffer

they receive is equal to their costs. By contrast, immediately dropping out of the
3For completeness, for the case n = 3, all sellers with costs c <

2c+c
3 find deviating profitable.

4The fallback option of ch yields zero profit to the buyer. By making a counteroffer of cl, the
buyer makes a positive profit with a probability of 1− ph.
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auction yields a positive expected profit, namely

1
n
· (cl − cl)︸ ︷︷ ︸
winner

+ (1− 1
n

) · ph · 1
n− 1 · (c

h − cl)︸ ︷︷ ︸
loser

= ph

n
(ch − cl) > 0. (3.3)

With a probability of 1
n
, seller S will be selected as the winner, in which case their

profit is zero. With the counterprobability, another seller will be selected as the

winner, and they will reject the buyer’s counteroffer whenever they are of type

ch; this happens with a probability of ph. Seller S will then be selected as the

runner-up with a probability of 1
n−1 . In this case, the buyer will buy from S at

the stopping price ch, yielding a profit of ch − cl.

Interestingly, unlike the case of continuous costs above, for binary costs, the

pooling equilibrium can be sustained independently of the number of sellers in

the auction. Taking stock, let us preserve this finding in a proposition.

Proposition 8. For binary cost types, there exists a pooling equilibrium in the
English auction, irrespective of the number of sellers in the auction, and also
irrespective of the probability distribution over the cost types.

Proof. The proof follows directly from eq. (3.3).

What happens if we extend the model to allow for more than two cost types?

Three or more cost types Consider the same setting as above with n ≥ 2

sellers, except that the set of possible cost types is now C = {cl, cm, ch}, with

0 ≤ cl < cm < ch. For the subsequent analysis, the probability of a seller being

of type cm is pm; the probability of a seller being of type ch is ph; and the

remaining probability mass is on cl. As before, all probabilities are ∈ (0, 1), and

the probabilities sum to one. The cost draws remain independent across sellers.

Whether or not the pooling equilibrium exists depends on what the buyer’s
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optimal counteroffer is when faced with uninformative bids. Note that, because

the buyer can always fall back on the dropout price ch, the optimal counteroffer

is always given either by cl or cm.

Case 1: o∗ = cl Assume the auction ends immediately. If the buyer’s optimal

counteroffer in such a case is given by cl, we know from the previous section

that the pooling equilibrium can be sustained. Types ch and cm want to drop

out immediately, and types cl cannot do better by deviating and staying in the

auction, since this guarantees zero profit. An example for a case where o∗ = cl is

if {cl, cm, ch} = {0, 2, 3}, each with equal probability.

Generalising this result, we can preserve it in a proposition.

Proposition 9. Consider an English auction in which ties are broken randomly
with n ≥ 2 sellers in the no-commitment setting. Each seller’s cost is independently
drawn from the discrete set {cl, . . . , ch}. If the buyer’s optimal counteroffer when
faced with uninformative bids is given by cl, it is an equilibrium for all cost types
to drop out of the auction immediately. The buyer responds by making the winning
seller a counteroffer of cl. If this counteroffer is rejected, the buyer buys the good
from the second-lowest bidder at the dropout price ch.

Proof. The proof follows directly from the previous examples. None of the

sellers has an incentive to deviate, since this guarantees zero profit. Neither does

the buyer want to deviate: they make the optimal counteroffer to the winning

seller. The claim in the proposition follows.

Case 2: o∗ = cm Consider again the case of three cost types, C = {cl, cm, ch},

with n ≥ 2 sellers. If the buyer’s optimal take-it-or-leave-it offer is given by cm,

whether or not the posited pooling equilibrium exists depends on the exact values

of sellers’ possible costs. Once again, consider a seller S of type cl, who may find

deviation profitable.
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Deviating by staying in the auction marginally longer yields a profit of

cm − cl,

whereas the pooling equilibrium yields an expected profit of

1
n
· (cm − cl)︸ ︷︷ ︸
winner

+ (1− 1
n

) · ph · 1
n− 1 · (c

h − cl)︸ ︷︷ ︸
loser

= 1
n
· (cm − cl) + ph

n
(ch − cl).

Comparing the two, we find that S wants to deviate whenever

cm > cl + ph

n− 1(ch − cl) (3.4)

To sum up, for certain parameter constellations, the pooling equilibrium can

be sustained; but for other constellations, type cl finds deviating profitable. Note

that in this case, not only does the pooling equilibrium break down, it may also

no longer be optimal for the buyer to make a counteroffer of cm. Let us look at

an example. For n = 3, if each of the three possible costs is equally likely, pooling

can be sustained for {cl, cm, ch} = {0, 1
4 , 3}. However, pooling breaks down if

{cl, cm, ch} = {0, 5
4 , 3}. Generalising this result, we obtain a proposition.

Proposition 10. Consider an auction with n sellers and k ≥ 3 discrete cost
types. That is, C = {c1, c2, . . . , ck}, where 0 ≤ c1 < c2 < . . . < ck. If the buyer’s
optimal take-it-or-leave-it offer is given by c′ ∈ C \ {c1, ck}, there always exist cost
parameters for which the pooling equilibrium can be sustained.

Proof. This follows directly from eq. (3.4) above. Replace cm with c′, then cl

with c1, and lastly ph and ch with pk and ck, respectively. If we flip the inequality,

the claim immediately follows.
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3.5 Conclusion

In this paper, we build on the results of the previous chapter in which we

showed that in first-price procurement auctions with continuous cost types, lacking

commitment is detrimental to the buyer: it leads to higher buyer expenses vis-à-vis

an auction with commitment. In this paper, we have shown that this result is

more general. For the sealed-bid first- and second-price formats, we show the

existence of the pooling equilibrium independently of both the number of bidders

in the auction and the presence of a fallback option.

Historically, the English auction is considered immune to the commitment

problems faced by a buyer conducting a sealed-bid second-price auction. In this

paper, we show that this result hinges crucially on the buyer lacking a fallback

option can in case of a rejected counteroffer. By contrast, in the case of a fallback

option given by the closing price of the auction, we show that a pooling equilibrium

can exist even in English auctions. For discrete seller costs, this is always true.

For continuous seller costs, the existence of pooling equilibrium depends on the

number of bidders and how costs are distributed.
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Chapter 4

Procurement Auctions with

Demand Uncertainty
Consider a buyer with uncertain demand. How should this buyer account for this

demand uncertainty when running a procurement auction? We consider three

options: (1) run an auction in which the per-unit price is valid uniformly, regardless

of the actual demand; (2) contractually define what happens in case additional

units are required by setting a fixed price premium in the case of additional

demand; and (3) negotiate the price for additional demand with the winning

seller only if and when it occurs. We show theoretically that—for buyers and

sellers alike—all three options yield the same expected profits. We then take these

settings to the laboratory. Experimentally, we find that the equivalence between

the three settings does not hold, neither for buyers, nor for sellers. Sellers—as a

result of low-markup bidding—do best when in the setting with a price premium.

Buyers, on the other hand, do best in the simplest of the three settings, the

uniform price setting. However, a closer look reveals that this result is mainly

driven by the large share of failed negotiations—approximately one third—in the

negotiation setting. Higher maximum prices on the buyer’s part would likely have

increased their profit.

4.1 Introduction

In many procurement contexts, buyers enter into procurement contracts with

their suppliers without knowing what their total demand will be. This demand

uncertainty presents a critical challenge for buyers and suppliers alike, affecting

both contractual arrangements and operational performance. This is particularly
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salient in industries characterized by high specificity and limited supplier substi-

tutability, such as the automotive sector. Unlike commodities markets, where

demand fluctuations can be absorbed by shifting to alternative sources of supply,

in industries with asset-specific investments and complex technical standards,

buyers are often locked into relationships with designated suppliers (Williamson,

1985; Crocker and Reynolds, 1993).

The automotive industry exemplifies this issue. Automakers rely heavily

on customised parts manufactured to precise specifications, which are often co-

developed with suppliers during lengthy design and validation processes (Helper

and Sako, 2010). When actual demand exceeds forecasted levels, buyers cannot

simply pivot to alternative original equipment manufacturers (OEMs) to source

additional units. Instead, they must negotiate with their incumbent suppliers,

who now possess increased bargaining power due to the buyer’s lack of alternatives

and the time-sensitive nature of automotive production schedules (Taylor and

Plambeck, 2007). This asymmetry can lead to ex-post renegotiation, price markups,

and strained buyer-supplier relationships, see e.g. Mogge (2023) for a discussion

on this. Another prominent and recent example for demand uncertainty comes

from the public sector, in the form of vaccine procurement. During the COVID-19

pandemic, governments entered into contracts with vaccine manufacturers without

knowing what their actual demand will be. The EU dealt with this uncertainty by

procuring a fixed quantity of 2.4 billion doses, and reserving the right to procure

an additional 2.2 billion doses if necessary (European Union, 2022).

Naturally, the degree of demand uncertainty varies by product. For new

products, demand uncertainty is typically higher, as it is unclear how the market

will respond to them. For established products, forecasting demand is generally

easier, as historical data provides a good basis for making predictions. Of course,

both buyer and sellers would benefit from efforts to reduce demand uncertainty.
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However, the buyer’s ability to reduce demand uncertainty may often be limited,

especially in terms of pricing and promotion, which are common strategies used to

mitigate risk. In practice, there are multiple ways with which demand uncertainty

can be dealt with, which differ in the way the uncertainty is distributed between

buyer and seller. On the one extreme, we have framework contracts, in which

the buyer has the right—but not the obligation—to have the seller deliver goods

at a pre-determined price, irrespective of the final demand. The other extreme—

negotiations—favours the seller, since the buyer must enter into negotiations with

the seller for any demand above the quantity agreed upon. This is the result of

what Williamson (1985) calls the “fundamental transformation”, which transforms

an ex-ante competitive, open environment into one of bilateral dependency as soon

as a contract is signed. Hart and Moore (2008) demonstrate how this dependency

can lead to opportunism. The question we seek to answer in this paper is as

follows: how should the buyer account for demand uncertainty? In this paper,

we will consider auctions as the procurement mechanism. Procurement auctions

are ubiquitous, are used by the private and sector alike, and have an annual

throughput in the billions of US dollars—with the potential for trillions of US

dollars (Jap, 2002). We draw inspiration from the two extremes discussed above

by considering three settings with which to deal with demand uncertainty in the

context of auctions. The first is that of a framework contract, i.e. buyers provide a

demand forecast to sellers and simply request a unit price irrespective of the final

demand. The second option is for buyers to buy a fixed quantity and then to enter

into further negotiations for additional quantity only if and when it arises. The

third option we consider is that of a buyer entering into a contract that defines

contingencies. That is, buyers request bids for the fixed quantity and contractually

define what happens in case they require additional demand. In our specific case,

buyers offer the seller a fixed price premium on the auction price for additional

quantity.To answer our research question, we translate the three settings from
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above—uniform price, price premium, and negotiation—into mathematical models.

We show theoretically that when it comes to both buyer expenses and seller profits,

all three settings yield the same expected buyer expenses.

That being said, actual bidding behavior in auctions frequently diverges

from theoretical predictions. Empirical studies have consistently shown that

bidders systematically deviate from equilibrium strategies, see e.g the discussion

on overbidding in first-price auctions started by Cox et al. (1982) and continued by

Kagel and Levin (1993). Behavioral factors, including risk aversion, regret aversion,

and bounded rationality, contribute to these deviations (Thaler, 1988; Engelbrecht-

Wiggans and Katok, 2007). Moreover, experiments have demonstrated that bidders

may also be influenced by social preferences and psychological biases (Tversky

and Kahneman, 1974; Dufwenberg and Gneezy, 2000). Therefore, we take these

three settings to the laboratory to test this whether the theoretical equivalence

also holds experimentally. It does not: we find that both buyer expenses as well

as seller profits differ across our three experimental settings.

For the buyer, their total expenses are lowest in the uniform price and

negotiation settings, but the variance in buyer expenses is also higher in these two

settings compared to the price premium setting. However, there seems to be further

room for improvement in the negotiation setting: buyers reject profitable offers

from contract suppliers in approximately a third of the time. A counterfactual

analysis suggests that had buyers been willing to accept higher prices, they could

have reduced their expenses by 8.5%. On the other hand, sellers are best-off in the

price premium setting. This is driven by the fact that sellers in the negotiation

setting request a low premium for the additional demand: sellers in the negotiation

treatment request an average premium of approximately one quarter of the fixed

premium offered in the price premium treatment.

The rest of the paper is structured as follows: section 4.2 connects this research
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with the existing literature; section 4.3 introduces the model, and derives the

theoretical predictions. In section 4.4, we discuss the experimental results, while

section 4.5 discusses the robustness of our theoretical model. Finally, section 4.6

concludes.

4.2 Related Literature

Our paper is related to the literature that studies procurement mechanisms and

supply chains under various forms of uncertainty. Starting with the seminal work

of Arrow et al. (1951), a large stream of literature on procurement decisions in

newsvendor-like settings has emerged, see e.g. Khouja (1999) for an overview. An

important feature of the newsvendor setting is that the buyer faces exogenous

prices. By contrast, in this paper, we will specifically be considering auctions

as the procurement mechanism, that is, prices are endogenously determined. As

such, this paper finds itself at the intersection of auction theory with operations

management. Since the seminal paper by Vickrey (1961), the field of auction

theory has grown strongly. An overview of the field of auction theory can be

found in McAfee and McMillan (1987) and Klemperer (1999), while a discussion

of auctions—or other price-discovery mechanisms—in an operations context can

be found in Elmaghraby (2000).

In general, the setting we consider is one in which the buyer’s demand is

uncertain, and sellers have private production costs. Therefore, our paper is

related to the work of Chen (2007), who demonstrate that in such a setting, an

auction is an optimal procurement mechanism. Their auction is characterised by

the buyer defining a payment for each possible order quantity, and then inviting

sellers to bid. Naturally, Chen’s proposed procurement mechanism becomes less

tractable as the set of possible quantities grows. Addressing this issue, Duenyas
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et al. (2013) demonstrate that a variant of the open-descending auction for a

fixed quantity—a much simpler model, and one more familiar to sellers—is also

an optimal procurement mechanism. Various extensions to the general model

have been made to cover e.g. a buyer facing price-sensitive demand (Zhang, 2010),

or sellers with capacity constraints (Li and Scheller-Wolf, 2011). While we also

consider auctions with uncertain buyer demand, the papers listed above only

consider a one-shot quantity decision. By contrast, we extend the literature by

studying a setting in which re-stocking is possible. That is, we find ourselves

in a situation in which the buyer is always able to meet demand by procuring

additional units should the need arise.

Gur et al. (2017) consider such a setting. They study a buyer who has

uncertain demand that must be met in the context of auctioning off framework

contracts. They consider a case in which sellers’ costs—which are composed of both

a private as well as common component—are uncertain over the duration of the

framework contract. They show that this cost uncertainty means that procurement

costs are higher when auctioning off a framework contract compared to running

auctions as the need for additional units arises. Similarly, Schummer and Vohra

(2003) study the mechanism design problem of a buyer facing an uncertain future

demand and capacity-constrained sellers in the context of electricity markets.

They demonstrate how the buyer can efficiently ensure that demand will be always

be met by procuring “options”: that is, the right, but not the obligation, to have

a specified quantity of electricity delivered by a given seller. Our paper is different

from the two above in that we assume independent seller costs and single sourcing.

Moreover, unlike in the case Schummer and Vohra, we allow the buyer to negotiate

with the seller upon realisation of additional demand, thereby explicitly allowing

situations in which the negotiation breaks down and demand is left unfulfilled.

In our paper, we will consider a setting in which, upon completion of the
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auction, a price negotiation takes place for any potential additional demand. As

such, our research is also related to the literature on auction and negotiations. A

key result in this area of enquiry was delivered by Bulow and Klemperer (1996),

who show that, for the buyer, having an additional seller in an auction is preferable

to any procurement mechanism one could run with one fewer seller. However,

note that in our setting, we are not pitting auctions against negotiations. Rather,

we consider are considering both sequentially. More recently, Tunca and Zenios

(2006) study a setting in which a buyer needs to procure goods of varying quality.

They derive conditions under which both procurement channels—auctions and

negotiations—co-exist.

Our negotiation treatment, in which a price negotiation for any additional

demand takes place, can be interpreted as a setting in which sellers compete in

an auction for the right to to participate in ultimatum bargaining in the role

of proposer with the buyer. As such, this setting is similar to that of Shachat

and Swarthout (2013), with the difference that in their case, both the proposer

and the responder were determined through auction. In our case, the buyer

does not compete with others for the role of responder in the ultimatum game.

Experimentally, Shachat and Swarthout find that, compared to a setting with

exogenous participation costs, auctioning the right to participate in ultimatum

bargaining leads to higher proposer (in our case, read: seller) profits, with this

effect being driven by the fact that buyers accept the sellers’ more aggressive

proposals in approximately 90% of rounds. While selection of the proposer always

occurs through auction in our setting—which means we cannot benchmark against

a case with exogenous participation costs—it nevertheless worth noting that we

find the opposite: of the three treatments we consider, seller profits are lowest in

the negotiation treatment in which sellers compete in an auction for the right to

participate in ultimatum bargaining with the buyer, with this result being driven

by high rejection rates on the part of the buyer.
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Katok and Tan (2025) study negotiations in the context of another type of

uncertainty: supply disruptions. In the setting they consider, a buyer with a fixed

demand enters into a purchase contract with a single seller. During the duration

of the contract, a costly supply disruption can occur. Varying relationship length,

bargaining power, and the ability of buyer and seller to communicate with each

other, Katok and Tan demonstrate experimentally that the ability to renegotiate

with the seller in the event of a supply disruption increases buyer profit vis-à-vis

a fixed contract, but only when considering short-term contracts. Observe that in

our setting, we are considering a different type of uncertainty—demand uncertainty.

Nevertheless, the fact that we are studying one-shot interactions between buyer

and seller, i.e. short-term contracts, gives us the opportunity to test whether

this result also holds in the case of demand uncertainty. While buyer profits are

indistinguishable between the fixed contract and negotiation treatments in our

setting, we show that this is the result of buyers negotiating too aggressively. A

buyer who is willing to accept higher prices could indeed, ceteris paribus, obtain

higher profits when negotiation is possible.

4.3 Theory

4.3.1 Setting

We consider a setting where a buyer seeks to procure an essential input for the

production of a new product and faces n potential suppliers. The buyer’s valuation

for each unit of the input is denoted by v. The total quantity of the input required

q is uncertain and follows a distribution H with support [q, q] and 0 ≤ q < q. This

demand distribution H is common knowledge among all market participants.

Each supplier i ∈ {1, . . . , n} has constant marginal cost ci, which is indepen-
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dently drawn from a distribution F with support [c, c] and 0 ≤ c < c ≤ v. The

cost distribution F is common knowledge, but each supplier’s realized cost ci

is private information. Let c(1:k) and c(2:k) denote the lowest and second-lowest

costs, respectively, among k independent cost draws from F . Define G(k) as the

cumulative distribution function of the minimum of k independent cost draws

from F , i.e., G(k)(x) = Pr{c(1:k) ≤ x} = 1− [1− F (x)]k.

To award the contract, the buyer conducts an auction in which one of the

n suppliers is selected as the contract supplier. The contract supplier will then

be responsible for delivering the required quantity q of the input once demand is

realized.

We consider three different types of procurement contracts that the buyer can

award via two types of auctions: a first-price auction and a second-price auction.

(a) Uniform Price Contract: Under a uniform price contract, the buyer pays

a constant per-unit price pU for each unit procured. Suppliers submit bids

specifying a per unit-price, and the supplier offering the lowest bid wins the

contract. The total payment to the contract supplier is given by

q · pU .

If the buyer conducts a first-price auction, pU corresponds to the lowest bid.

In a second-price auction, pU is set equal to the second-lowest bid.

(b) Price Premium Contract: Under a price premium contract, the buyer

commits to sourcing at least a minimum quantity q from the contract

supplier at a per-unit price pP , determined through the auction. If the

realized demand q exceeds q, the buyer procures the additional quantity

q− q at a higher per-unit price of pP + ∆, where ∆ is a fixed price premium

that the buyer announces before the auction. The supplier offering the
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lowest base price pP wins the contract. The total payment to the contract

supplier is

q · pP + (q − q) · (pP + ∆).

If the buyer conducts a first-price auction, pP corresponds to the lowest bid.

In a second-price auction, pP is set equal to the second-lowest bid.

(c) Fixed-Quantity Contract: Under the fixed-quantity contract, the buyer

commits to sourcing a baseline quantity q from the contract supplier at a

per-unit price pF . Suppliers submit bids specifying pF , and the supplier

offering the lowest bid wins the contract. If realized demand q exceeds q, the

buyer and the contract supplier may engage in ex-post bilateral negotiation

over the additional quantity q−q. If an agreement is reached, the buyer pays

a per-unit price pA for the extra units. The total payment to the supplier in

the case of agreement is

q · pF + (q − q) · pA.

Without an agreement, the total payment to the supplier is

q · pF .

If the buyer conducts a first-price auction, pF corresponds to the lowest bid.

In a second-price auction, pF is set equal to the second-lowest bid.

4.3.2 Analysis

Next, we characterize the suppliers’ equilibrium bidding strategies in each auction

format under each of the three contract types. Based on these strategies, we derive

the buyer’s expected total procurement costs and compare the cost implications
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across contract variants.

Uniform Price Contract

Under a uniform price contract, the expected profit of supplier i is

ΠU
i =


(pU − ci) · E[q] if bi < minj 6=i bj

0 if bi > minj 6=i bj.

Proposition 11. The following bidding strategies constitute symmetric equilibrium
strategies in a first-price and second-price auction for uniform price contracts,
respectively:

(a) βU,1(c) = E[c(1:n−1)|c(1:n−1) > c]

(b) βU,2(c) = c

Proof. The equilibrium bidding function for the first-price auction is derived

analogously to the one of a forward auction. In the second-price auction, it is a

weakly dominant strategy for sellers to bid their costs. For a detailed exposition

of both these equilibria, see e.g. Krishna (2010).

Proposition 11 directly implies that, regardless of the auction format, the

buyer’s total expected expenditure under a uniform price contract is KU =

E[q] · E[c(2:n)].

Price Premium Contract

Under a price premium contract, the expected profit of supplier i is

ΠP
i =


(P P − ci) · q + ∆ · [E[q]− q] if bi < minj 6=i bj

0 if bi > minj 6=i bj.
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In a second-price auction for a price premium contract, it is optimal for a

supplier to submit a bid such that, if the auction price pP equals this bid, the

supplier is indifferent between winning and not winning the contract.

Proposition 12. The following bidding strategies constitute symmetric equilibrium
strategies in a first-price and second-price auction for price premium contracts,
respectively:

(a) βP,1(c) = E[c(1:n−1)|c(1:n−1) > c]−∆ · E[q]−q

E[q]

(b) βP,2(c) = c−∆ · E[q]−q

E[q]

Proof. Utilizing the same method as for the uniform price contract above, in

the first-price auction, the first-order condition is given by

∂

∂c
[βP,1(c) ·G(c)] · E[q] = g(c) · [c−∆ · (E[q]− q)]

Solving the derivative and rearranging yields

βP,1(c) = E[c(1:n−1)|c(1:n−1) > c]−∆ · E[q]−q

E[q]

= βU,1 −∆ · E[q]−q

E[q] ,

the bidding function of the uniform price contract, minus a constant.

For the second-price auction, it is a weakly dominant strategy for sellers to

bid the value βP,2 that makes them indifferent between winning and losing. A

seller’s profit when bidding βP,2 is

(βP,2 − c) · q + (βP,2 + ∆− c) · (E[q]− q)

Solving for βP,2 yields c−∆ · E[q]−q

E[q] .
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Proposition 12 directly implies that, regardless of the auction format, the

buyer’s total expected expenditure under a price premium contract is KP = KU .

The analysis of the bidding behavior shows that suppliers compete away additional

profits connected to the price premium by bidding more aggressively and lowering

the auction price pP compared to pU .

Fixed Quantity Contract

Under a fixed quantity contract, the expected profit of supplier i is

ΠF
i =



(pF − ci) · q + (pA − ci) · (E[q]− q) if bi < minj 6=i bj and buyer accepts

(pF − ci) · q if bi < minj 6=i bj and buyer rejects

0 if bi > minj 6=i bj.

If the realized quantity exceeds q, the contract supplier makes a take-it-or-

leave-it offer to the buyer for a per-unit price pA. The buyer is better off accepting

than rejecting whenever pA ≤ v, which renders it optimal for the contract supplier

to offer pA = v. Hence, the expected profit of the winning supplier can be written

as

(pF − ci) · q + (v − ci) · [E[q]− q].

Proposition 13. The following bidding strategies constitute symmetric equilibrium
strategies in a first-price and second-price auction for fixed quantity contracts,
respectively:

(a) βF,1(c) = E[c(1:n−1)|c(1:n−1) > c]− (v − E[c(1:n−1)|c(1:n−1) > c]) · E[q]−q

q

(b) βF,2(c) = c− (v − c) · E[q]−q

q

Proof. Utilizing the same method above, in the first-price auction, the first-

119



Chapter 4. Procurement Auctions with Demand Uncertainty

order condition is given by

∂

∂c
[βF,1(c) ·G(c)] · q = g(c) · [c− (v − c) · (E[q]− q)]

Solving the derivative and rearranging yields

βF,1(c) = E[c(1:n−1)|c(1:n−1) > c]− (v − E[c(1:n−1)|c(1:n−1) > c]) · E[q]−q

q
.

For the second-price auction, it is a weakly dominant strategy for sellers to

bid the value βF,2 that makes them indifferent between winning and losing. A

seller’s profit when bidding βF,2 is

(βF,2 − ci) · q + (v − ci) · [E[q]− q]

Solving for βF,2 yields c− (v − c) · E[q]−q

q
.

Proposition 13 directly implies that, regardless of the auction format, the

buyer’s total expected expenditure under a fixed quantity contract is KF = KP =

KU .

Taken together, we have shown that all three contracts yield the same total

expenditure to the buyer. In the following section, we will test this prediction

experimentally.
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4.4 Experiment

In this section, we will take the three settings described above—uniform price,

price premium, and negotiation—into the laboratory.

4.4.1 Design

In the experiment, one buyer is matched with n = 2 sellers. The buyer has a fixed

demand of 100 units, plus an additional 100 units with probability 50%. The

buyer’s value for each unit of the good is set to v = 1.30.

Sellers’ private per-unit costs are independently and uniformly drawn from

the set C = {0.01, 0.02, . . . , 0.99, 1.00}.

We have three treatments: uniform price, price premium, and negotiation.

Uniform price

In the uniform price treatment, sellers submit a single per-unit bid for both the

fixed and additional demand. The lowest bidder wins and the per-unit price they

are paid is given by their bid, irrespective of the number of units the buyer buys.

Price premium

In the price premium treatment, sellers submit a bid only for the fixed demand.

The lowest bidder wins and is paid their bid for the fixed demand. Should the

additional demand realise, the winner of the auction will be paid a per-unit

premium of 0.30 in addition to their bid. This information is communicated to

sellers before the auction.
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Negotiation

In the negotiation treatment, sellers submit only a bid for the fixed demand.

The lowest bidder wins and is paid their bid for the fixed demand. The price

negotiation for the additional demand is implemented as follows. In addition to

their bid for the fixed demand, all sellers submit a price request for additional

demand. The buyer is informed of the auction price, and is asked to submit

a maximum per-unit price for the additional demand. Only hereafter does the

additional demand realise. Trade for the additional demand takes place only if the

buyer’s maximum price is equal or greater to the winning seller’s requested price.

In all of the treatments, per-unit bids for the fixed quantity are in ∈ C. For the

additional quantity in the negotiation treatment, bids are in ∈ [0.01, 0.02, . . . , 1.29, v].

Ties are broken randomly.

Note that in the uniform price and price premium treatments, the buyer has a

passive role, since they cannot influence their payoff. Given the active role of the

buyer in the negotiation treatment, the human buyer was kept in order to rule out

that any observed differences are driven by sellers facing a computerised buyer.

In all treatments, at the end of each round, all subjects are informed of the bids

that were placed, as well as whether or not the additional demand realised. In the

negotiation treatment, subjects are also informed of the winning seller’s requested

price for additional demand, as well as the buyer’s maximum willingness-to-pay.

Lastly, all subjects are informed what their resulting payoff is. Note that in each

round, sellers were given a fixed payment of 30 monetary units in addition to their

payoff. This was done to ensure that a seller’s expected payment at the end of

the experiment meets the minimum payment set out in the laboratory guidelines.
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4.4.2 Organisation

The experiment was conducted on-site in a computer laboratory of a large western

European university using the software oTree (Chen et al., 2016). Subjects were

recruited from the university’s subject pool, with cash being the only incentive

offered. The average payment was 15.58 EUR, which corresponds to about 16.89

USD at the time of the experiment. Subjects were mostly undergraduates and

came from a variety of majors.

Upon correctly answering the control questions, all subjects played 10 rounds

of a first-price auction in the role of a seller. This was done in order to allow

subjects to familiarise themselves with the auction setting. Moreover, it allows us

to check if the randomisation of subjects across treatments was successful. In each

of the ten rounds, every seller was competing against a computerised seller whose

per-unit bids are uniformly distributed between 0.50 and 1.00. The computerised

buyer had a constant demand of 100 units, bought the good from the lowest

bidder, and paid them their bid. In the results section below, these ten initial

rounds will be called the pre-treatment.

Thereafter, the respective treatment was played. Subjects were randomly

assigned a role—either buyer or seller—and this role remained constant throughout

the 40 rounds played. Subjects were divided into matching groups of six, with

each group consisting of four sellers and two buyers. In each round, a buyer was

randomly paired with two sellers. Each laboratory session consisted of between

24 and 54 subjects. For each treatment, 60 subjects were recruited. In total, this

gives us 10 independent observations per treatment. Figure 2.1 below provides a

summary of the experiments we ran. The experiment ended with a survey that

allows us to determine subjects’ personality traits. The survey is described in

section 4.4.4.
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Pre-treatment
No. of subjects: 180

Uniform price
Number of subjects: 60
Independent obs.: 10

Price premium
Number of subjects: 60,
Independent obs.: 10

Negotiation
Number of subjects: 60,
Independent obs.: 10

Survey
No. of subjects: 180

Figure 4.1: Overview of all treatments ran.

4.4.3 Hypotheses

In the uniform price setting, applying proposition 11, risk-neutral sellers are

predicted to submit a per-unit bid according to the bidding function

β(c) = 1 + c

2 (4.1)

Applying proposition 12, sellers in the price premium treatment bid according

to

β(c) = 7 + 13c
20 (4.2)

In the negotiation treatment, applying proposition 13, sellers bid according to

β(c) = 1 + 39c
40 (4.3)

We can now translate these bidding functions into concrete hypotheses. As

presented in table 4.1, for the fixed quantity, the expected bids are 0.75, 0.68, and
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0.51 for the fixed price, price premium, and negotiation treatment, respectively.

This leads to respective expected prices of 0.67, 0.58, and 0.36.

This gives us the first two hypotheses. Denote by PF the per-unit price for

the fixed demand and by PA the per-unit price for the additional demand.

Hypothesis 10. Price ranking for the fixed demand.

The price PF is highest in the uniform price treatment and lowest in the
negotiation treatment.

Let us turn to the expected price for the additional demand. In the negotiation

treatment, the theoretical prediction is that buyer sets a maximum willingness-

to-pay of v. Note that this is optimal for the buyer: if the buyer’s maximum

willingness-to-pay is at least as high as the winning seller’s price request for

additional demand, the price for the additional demand is given by the minimum

of the two. Therefore, it is a dominant strategy for the buyer to set v as their

maximum willingness-to-pay. This is because any maximum willingness-to-pay

less than v puts the buyer at risk of of rejecting a profitable trade. Observe that

the winning seller knows the buyer’s per-unit valuation for the good. Therefore,

the winning seller will demand a price of v for the additional demand. This gives

us the next two hypothesis.

Hypothesis 11. Price ranking for the additional demand.

The price PA is lowest in the uniform price treatment and highest in the
negotiation treatment.

The total profit to the buyer is given by the product of their per-unit valuation

and their total demand, minus the cost of procuring these units. Leveraging

propositions 11 to 13, buyer profit is expected to be identical across treatments.

Given the parameters of the experiment, average buyer profit across all rounds is

expected to be 95.00.

Hypothesis 12. Buyer profit is identical across treatments.
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While expected buyer profit is identical across the treatments, the variances

are not.

Hypothesis 13. The variance in buyer profit is lowest in the uniform price
treatment and highest in the negotiation treatment.

The hypothesis above was formulated from the buyer’s perspective, however,

the ranking carries over to sellers too. Note too that in the negotiation treatment,

the theoretical model predicts that trade will always takes place for the additional

demand

Next, let us turn to efficiency. An outcome is efficient if the seller with the

lowest costs supplies the buyer. In all treatments, the bidding functions are

increasing in c. Therefore, the seller with the lowest cost always wins the auction

for the fixed demand. As such, regardless of the treatment, outcomes are always

expected to be efficient.

4.4.4 Results

In this section, we will present the experimental results. We consider each matching

group as an independent observation. Unless stated otherwise, all comparisons in

this section are made using Wilcoxon rank-sum tests on independent observations.

Comparing the bids of the initial ten rounds of the pre-treatment across the

three main treatments allows us to check for differences in the subject pools. A

Kruskal-Wallis rank sum test yields no significant difference between the three

groups (p = 0.19). Similarly, when making pair-wise comparisons, two-sided

Wilcoxon rank-sum tests also yield no significant differences (p = 0.27 for the

comparison between uniform price and price premium, p = 0.11 for the comparison

between uniform price and negotiation, and p = 0.34 for the comparison between

price premium and negotiation). Taken together, this gives us an indication that
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our randomisation of subjects across treatments was successful.

Table 4.1 reports the results of the experiment. For each treatment, we report

the averages, as well as the theoretical predictions based on the realised cost draws

of the experiment, including non-parametric tests.

Across all treatments, we find that bids for the fixed demand, prices, and

efficiency are all significantly different to the theoretical predictions (all p < 0.05).

Except in the case of the price premium treatment, buyer profit is significantly

different too.

Result 12. Prices for the fixed demand are highest in the uniform price treatment
(p < 0.10 and p < 0.05, compared to the price premium and negotiation treatments,
respectively) and lowest in the negotiation treatment (both p < 0.05).

We find support for hypothesis 10, which predicted this ranking of bids and

prices across treatments. This finding is in line with the theoretical prediction

that, compared with the uniform price treatment, sellers’ expected profits are

higher for the additional demand in the other two treatments. This makes winning

the auction for the fixed demand more attractive, which translates into lower bids

and prices.

Let us turn next to the additional demand.

Result 13. Prices for the additional demand are lowest in the uniform price
treatment (both p < 0.01). However, prices for the additional demand in the
negotiation treatment are significantly lower than in the price premium treatment
(p < 0.10).

We therefore find partial support for hypothesis 11, which predicted the

highest prices for the additional demand in the negotiation setting.

Next, we will consider the central metric of buyer profit.

Result 14. While theory predicts identical buyer profits across treatments, buyer
profit is lowest in the price premium treatment (both p < 0.05). There is no
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Observed Theoretical

Uniform price Price premium Negotiation Uniform price Price premium Negotiation

Pricefixed 0.57 0.53∗ 0.50∗∗ 0.67†† 0.58††† 0.36†††
(0.03) (0.01) (0.02)

Priceadditional 0.57 0.83∗∗∗ 0.76∗∗∗ 0.67†† 0.88††† 1.30†††
(0.03) (0.01) (0.04)

Profitbuyer 103.57 95.20∗∗∗ 102.57 93.66† 93.66 93.66††
(4.06) (1.35) (2.48)

Bidfixed 0.69 0.64∗∗ 0.62∗∗∗ 0.75† 0.68††† 0.51††
(0.02) (0.01) (0.01)

Profitseller 43.90 48.28∗∗∗ 39.21∗∗ 52.93††† 52.93††† 52.93†††
(1.87) (0.64) (0.87)

Ratereject [%] — — 30.88 — — 0.00†††
— — (0.05)

Efficiency [%] 86.25 85.38 89.63 100.00††† 100.00††† 100.00†††
(2.48) (0.89) (1.07)

No. of obs. 2,400 2,400 2,400 — — —

Table 4.1: Average bids, prices, buyer profit, efficiency, and rejection rate across treatments
(all rounds). Standard errors in parentheses. All tests are Wilcoxon rank-sum tests.
Note: If no trade took place in the negotiation treatment for additional demand, to ensure
comparability with the other treatments, this price is fictitiously set to 1.30.
H0: Identical to uniform price treatment, H1: greater or smaller than uniform price treatment;
∗p < 0.1, ∗∗p < 0.05, ∗∗∗p < 0.01.
H0: Observed = Theoretical, H1: Observed 6= Theoretical; †p < 0.1, ††p < 0.05, †††p < 0.01.

significant difference in buyer profit between the uniform price and negotiation
treatments (p = 0.80).

We therefore find partial support for hypothesis 12, which predicted no

difference in buyer profits across treatments. The variances in buyer profits are

different too.

Result 15. While theory predicts the lowest variance in buyer profit, we find the
variance to be the highest in the uniform price treatment. Using an F-test on
independent observations, we find significantly higher variances in buyer profit
in the uniform price treatment vis-à-vis the price premium treatment (p = 0.04).
There is no significant difference in variances between the uniform price and
negotiation treatments (p = 0.29).

We therefore find no support for hypothesis 13.

Let us consider in more detail the additional demand. We hypothesised

that trade would always take place for the additional demand in the negotiation

treatment. This is not what we see. In approximately one-third of the rounds

in which the buyer had additional demand, trade did not take place because

128



Chapter 4. Procurement Auctions with Demand Uncertainty

the winning seller’s price for additional demand exceeded the buyer’s maximum

willingness-to-pay.

The high rejection rate in the negotiation treatment is an indication that

money is being left on the table. Indeed, had the buyer followed the theoretical

prediction of setting their maximum willingness-to-pay to v = 1.30 instead of 0.67,

ceteris paribus, their average profit would have been significantly larger at 110.45

vis-à-vis both the negotiation and price premium treatments (both p < 0.01).

Observe that trade not taking place is a two-fold blow to the buyer: first, because

it is always profitable for the buyer to trade, and second, because sellers whose

price requests for the additional demand were rejected should revise their belief

about the attractiveness of winning the auction downward and thus respond by

bidding less aggressively in future auctions, leading to higher prices for the fixed

demand.

But it is not only the buyers whose maximum willingness-to-pay is too low

when it comes to the additional demand. While sellers bid most aggressively

for the fixed quantity in the negotiation treatment, their bids for the additional

quantity are not high enough to make up for this. To see this, note that the

average seller profit for the additional demand is given by 7.6 in the uniform

price treatment, 20.0 in the price premium treatment, and 8.6 in the negotiation

treatment. Theoretically, seller profits should be increasing across these treatments.

Another way to look at this is to compare the requested price premiums in the

negotiation treatment to the price premium of 0.30 in the price premium treatment.

On average, sellers in the negotiation treatment requested a price premium of

0.08, which is significantly lower than 0.30 (p < 0.01). However, it is close to

the buyer’s average accepted price premium of 0.09. In order to attain the same

profit on the additional demand as in the price premium treatment—assuming the

buyer always accepts the price request—sellers would have to increase their price
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premium in the negotiation treatment by on average 0.23. Lower bids for the fixed

quantity, coupled with lower price premiums for the additional quantity, result in

significantly lower sellers profits than in both the price premium treatment and

uniform price treatments (both p < 0.05).

Lastly, efficiency is significantly lower than theoretically predicted in all

treatments (all p < 0.01), and significantly higher in the negotiation treatment

than in the price premium treatment (p < 0.05).

Looking holistically at the results: recall that the theoretical prediction is that,

compared to the uniform price treatment, sellers stand to make more profit on the

additional demand in the price premium and negotiation treatments. Our results

show that sellers submit significantly more aggressive bids to win the contract for

the fixed quantity in these two treatments. More than that, our results exhibit the

theoretical ranking of bids and prices for the fixed demand across the treatments.

Our results for the additional demand in the negotiation treatment follows the

theoretical prediction less closely. This is driven by sellers who bid too aggressively

for the fixed demand, given that the buyers are only willing to accept low price

premiums for the additional demand.

Exploratory analysis

In this section, we will conduct an exploratory analysis of the experimental results.

We saw above that while sellers are in line with the theoretical prediction of

bidding most aggressively in the negotiation treatment, their price requests for

the additional demand are not high enough to make up for the low prices for the

fixed demand. As such, seller profit is lowest in the negotiation treatment. A

potential explanation for sellers’ behaviour comes by comparing the negotiation

treatment with the price premium treatment. In the price premium treatment,
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sellers receive a fixed per-unit premium for the additional demand. While there

is demand uncertainty in the price premium treatment, there is no uncertainty

over whether or not trade will take place should the additional demand realise.

Rather, trade will always take place and sellers know for which price they will sell

any additional units. Of course, in the negotiation treatment, this in not the case:

it is possible that negotiations break down for the additional quantity. The fact

that negotiations break down regularly leads sellers to request conservative price

premiums for the additional quantity.

While uncertainty about trade taking place may be a plausible explanation for

sellers’ low price premiums, the behaviour of buyers is harder to explain. At 0.67,

the buyer’s average maximum willingness-to-pay is far away from the theoretical

prediction. As described above, if buyers had followed their dominant strategy

of setting the maximum willingness-to-pay to v = 1.30, ceteris paribus, they

would have made significantly more profit. In ultimatum bargaining, fairness

concerns are frequently cited as a explanation for deviations from the theoretical

predictions (see e.g. Van Dijk et al. (2004)). The argument goes that subjects are

willing to reject profitable but unbalanced splits as a result of their preference for

fairness. That being said, in our specific case, we can rule out fairness concerns

as a potential explanation for buyer behaviour with a high degree of certainty.

This is because the results show that the total profit for the additional demand

is, if anything, split in favour of the buyer. When simply accepting the seller’s

requested price for additional quantity, buyers would, on average, receive more

than four-fifths of the total profit. Note that this share is computed using the

winning seller’s actual cost. If instead the buyer inverted eq. (4.3) to estimate the

winning seller’s costs, the buyer share of profits becomes even larger. Note that in

82% of cases in which negotiations broke down, buyers would have made a higher

profit than the seller.

131



Chapter 4. Procurement Auctions with Demand Uncertainty

At the end of the experiment, all subjects participated in a survey intended to

characterise subjects’ personality traits. To this end, subjects answered a battery

of questions taken from Brandstätter (1988). All questions are on a nine-point

Likert scale, and we averaged across all questions for a given personality trait to

determine a subject’s level of Risk-aversion, Self-control, Independence, Tough-

mindedness, and Extraversion. The summary statistics of the survey are reported

in table 4.2, while the battery of questions can be found in section 4.A.5.

Risk aversion Self control Independence Tough-mindedness Extraversion
Min. 2.0 3.0 3.0 1.0 2.6
1. Quartile 5.0 4.8 4.7 4.5 4.6
Median 6.0 5.7 5.3 5.5 5.6
Mean 5.9 5.8 5.4 5.5 5.6
3. Quartile 7.0 6.5 6.0 6.5 6.4
Max. 9.0 9.0 9.0 9.0 8.6

Table 4.2: Summary statistics of survey results. All 180 subjects participated in the survey.

An interesting question to ask is whether the deviations from the theoretical

predictions we observe are correlated with differences in personality. Table 4.3

reports the results of a random-effects panel regression of sellers’ bids for the fixed

demand on their costs, the respective treatment, their personality traits, as well as

the respective round number, which allows us to capture learning effects over time.

We also include interactions between the treatment dummies and the personality

traits, which allows the personality traits to have differing effects across treatments.

Looking at the full model that includes the round number, the panel regression

demonstrates that personality traits do not seem to be driving bidding behaviour

for the fixed demand: the only significant effect we find is that higher extraversion

is associated with lower bids in the price premium treatment. Overall though,

we observe that bids are decreasing over time, that is, sellers’ bids become more

aggressive. Note that the coefficient on the round number remains negative and

significant even when only considering the negotiation treatment (p < 0.01). This

is a surprising finding. Recall that we observe a higher-than-expected rejection

rate for the additional quantity in the negotiation treatment. This means that

seller profits on the additional demand are lower than theoretically predicted,
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which should result in sellers bidding higher for the fixed demand over time to

make up for this. We observe the opposite. Another way to check for learning

effects is to regress (winning) sellers’ profits on the round number. In both cases,

a random-effects panel regression yields a coefficient on the round number that

is both negative and not statistically significant (p = 0.42 for all sellers, and

p = 0.16 when considering only winning sellers). As a result, we find no evidence

for learning on the sellers’ side.
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Dependent variable:
Bid for the fixed demand

(1) (2) (3) (4)
Constant 0.272∗∗∗ 0.393∗∗∗ 0.410∗∗∗ 0.101

(0.064) (0.096) (0.096) (0.113)

Cost 0.670∗∗∗ 0.670∗∗∗ 0.670∗∗∗ 0.670∗∗∗
(0.005) (0.005) (0.005) (0.005)

Risk aversion 0.006 −0.007 −0.007 −0.008
(0.005) (0.008) (0.008) (0.008)

Self control −0.004 −0.003 −0.003 −0.008
(0.006) (0.009) (0.009) (0.009)

Independence 0.013∗ 0.005 0.005 0.004
(0.008) (0.010) (0.010) (0.010)

Tough minded −0.004 −0.013 −0.013 −0.008
(0.006) (0.010) (0.010) (0.009)

Extraversion −0.003 0.015 0.015 0.008
(0.006) (0.010) (0.010) (0.009)

TreatmentPP −0.024 −0.024 −0.090
(0.147) (0.147) (0.136)

TreatmentNeg −0.200 −0.200 −0.299∗∗
(0.151) (0.151) (0.141)

TreatmentPP× Risk aversion 0.017 0.017 0.013
(0.012) (0.012) (0.011)

TreatmentNeg× Risk aversion 0.005 0.005 0.004
(0.011) (0.011) (0.010)

TreatmentPP × Self control −0.013 −0.013 −0.0004
(0.015) (0.015) (0.014)

TreatmentNeg× Self control 0.003 0.003 0.013
(0.014) (0.014) (0.013)

TreatmentPP × Independence 0.008 0.008 0.003
(0.017) (0.017) (0.016)

TreatmentNeg× Independence 0.009 0.009 0.006
(0.017) (0.017) (0.015)

TreatmentPP × Tough-mindedness 0.013 0.013 0.004
(0.013) (0.013) (0.012)

TreatmentNeg× Tough-mindedness 0.015 0.015 0.014
(0.014) (0.014) (0.013)

TreatmentPP × Extraversion −0.031∗∗ −0.031∗∗ −0.015
(0.013) (0.013) (0.013)

TreatmentNeg× Extraversion −0.011 −0.011 −0.0003
(0.014) (0.014) (0.013)

Round −0.001∗∗∗ −0.001∗∗∗
(0.0001) (0.0001)

BidPreTreatment 0.005∗∗∗
(0.001)

Observations 4,800 4,800 4,800 4,800
R2 0.804 0.805 0.807 0.807
Adjusted R2 0.804 0.804 0.806 0.806
F Statistic 19,631.950∗∗∗ 19,676.510∗∗∗ 19,970.450∗∗∗ 20,002.920∗∗∗
Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 4.3: Random effects panel regression of the sellers’ bids for the fixed demand across
treatments and including personality traits. BidPreTreatment refers to a subject’s average bid
in the pre-treatment.
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However, personality traits are correlated with sellers’ price requests for the

additional demand in the negotiation treatment; the results of the random-effects

panel regression are reported in table 4.4. Higher levels of self control, tough-

mindedness, and extraversion are associated with lower price requests, while higher

independence is associated with higher price requests. It is of note that neither risk

aversion nor the round number seems to influence sellers’ price requests. How do

these findings compare with the literature? First of all, risk aversion is often found

to influence behaviour in ultimatum bargaining, see e.g. Holt and Laury (2002);

Fehr and Gächter (2000), something we do not find in our context. Nevertheless,

generally speaking, personality traits have been shown to influence behaviour in

negotiation contexts. That being said, the direction of the effect that a given

personality trait has on behaviour is anything but homogeneous. A review of this

literature is provided in John et al. (1999).
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Dependent variable:
Price request for the additional demand

(1) (2)
Constant 0.443∗∗∗ 0.449∗∗∗

(0.153) (0.153)

Cost 0.692∗∗∗ 0.692∗∗∗
(0.011) (0.011)

Risk aversion 0.00004 0.00004
(0.009) (0.009)

Self control −0.027∗∗ −0.027∗∗
(0.013) (0.013)

Independence 0.057∗∗∗ 0.057∗∗∗
(0.017) (0.017)

Tough mindedness −0.016 −0.016
(0.013) (0.013)

Extraversion −0.030∗∗ −0.030∗∗
(0.012) (0.012)

Round −0.0003
(0.0003)

Observations 1,600 1,600
R2 0.710 0.710
Adjusted R2 0.709 0.709
F Statistic 3,893.291∗∗∗ 3,895.743∗∗∗
Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 4.4: Random effects panel regression of the sellers’ requests for the additional demand
including personality traits.

136



Chapter 4. Procurement Auctions with Demand Uncertainty

Consider the buyers next. Table 4.5 reports the results of a random-effects

panel regression of buyers’ maximum willingness-to-pay for the additional demand

on the auction price and their personality traits. Looking at model (1), we see that

buyers’ maximum willingness-to-pay is positively associated with the auction price.

The theoretical prediction is that the maximum willingness-to-pay is independent

of the auction price. In model (2), we include the buyer’s expected payoff in the

pre-treatment as a proxy for their sophistication. However, it is of note that this

coefficient is not significant in any of the models. In model (3), we see that the

personality do not directly influence the willingness-to-pay. However, they do

correlate with how strong the influence of the auction price is. As seen in model

(4), higher degrees of tough-mindedness and extraversion are associated with a

smaller influence of the auction price on the buyer’s maximum willingness-to-pay

for additional demand. It is worth noting that the maximum willingness-to-pay

does increase over time, i.e. moves closer to the theoretical prediction. However,

this does not have an influence on buyer profits: the coefficient of a random-effects

panel regression of the buyers’ profits on the round number yields p = 0.27.
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Dependent variable:
Maximum willingness-to-pay for the additional demand

(1) (2) (3) (4)
Constant 0.435∗∗∗ 0.411 0.549 1.187∗∗

(0.038) (0.295) (0.424) (0.533)

AuctionPrice 0.469∗∗∗ 0.469∗∗∗ 0.492∗∗∗ −0.777∗
(0.038) (0.038) (0.037) (0.405)

PayoffPreTreatment 0.001 0.030 0.028
(0.018) (0.025) (0.030)

Risk aversion −0.046 −0.041
(0.031) (0.039)

Self control −0.037 −0.065
(0.043) (0.056)

Independence −0.005 0.021
(0.050) (0.064)

Tough-mind. −0.067∗ −0.128∗∗∗
(0.039) (0.048)

Extraversion 0.029 −0.027
(0.048) (0.061)

Round 0.003∗∗∗ 0.003∗∗∗
(0.001) (0.001)

AuctionPrice × Risk aversion −0.010
(0.031)

AuctionPrice × Self control 0.055
(0.045)

AuctionPrice × Independence −0.044
(0.053)

AuctionPrice × Tough-mind. 0.131∗∗∗
(0.032)

AuctionPrice × Extraversion 0.107∗∗
(0.050)

Observations 800 800 800 800
R2 0.159 0.159 0.202 0.237
Adjusted R2 0.158 0.157 0.194 0.224
F Statistic 150.889∗∗∗ 151.042∗∗∗ 199.780∗∗∗ 244.124∗∗∗
Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 4.5: Random effects panel regression of the buyers’ maximum willingness-to-pay for the
additional demand including personality traits. PayoffPreTreatment refers to a subject’s
expected payoff in the pre-treatment.
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Taken together, when looking at the additional demand, we find that sellers’

price requests for the additional demand are decreasing over time (albeit not

statistically significantly), while buyers’ maximum willingness-to-pay increases

with the rounds. Lower price requests coupled with a higher willingess-to-pay

means that that trade in the negotiation treatment is more likely to take place.

This should result in lower prices for the additional demand in later rounds.

Table 4.6 reports the results of random-effects panel regression of the price for the

additional demand in the negotiation treatment. Indeed, as expected, we find a

coefficient on the round number that is both negative and significant (p < 0.05).

Dependent variable:
Price for additional quantity

(1) (2)
Constant 0.517∗∗∗ 0.568∗∗∗

(0.038) (0.044)

WinnerCost 0.677∗∗∗ 0.670∗∗∗
(0.052) (0.052)

Round −0.002∗∗
(0.001)

Observations 800 800
R2 0.173 0.179
Adjusted R2 0.172 0.177
F Statistic 167.242∗∗∗ 173.635∗∗∗
Notes: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.

Table 4.6: Random effects panel regression of the price for additional quantity on the winner’s
costs and round.

To sum up: for the fixed quantity, our results are in line with theoretical

predictions. Across treatments, sellers bid more aggressively the higher their

expected profit for the additional demand is. As a result, we observe the theoretical

ranking of prices for the fixed demand. For the additional demand, however, our

results in the negotiation treatment do not follow the theoretical predictions as

closely. Rather, a high rejection rate on the part of buyers means that sellers’

profits for the additional demand are lower than expected. While this should
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result in sellers adjusting their bids upwards for the fixed demand, we find no

evidence for this. Our analysis above also shows that personality traits influence

negotiation dynamics for both sides, indicating that outcomes are shaped not only

by economic incentives but also by behavioural factors.

4.5 Discussion of the model

In this section, we will discuss the robustness of our game theoretic model. We

will demonstrate that the theoretical predictions we derive are robust to many

alternative formulations of the model, but also discuss formulations for which this

is not the case.

Constant marginal production costs In our model, we assume sellers have

constant marginal production costs of c. This is without loss of generality as long

as the equilibrium quantities traded are equivalent across the three settings. In

such a case, even with convex or concave production costs, all three settings yield

the same expected buyer expenses. A sufficient condition for identical equilibrium

trading quantities is that it is always beneficial to trade. That is, if c̄ < v, our

results hold even for alternative formulations of sellers’ production costs.

Bargaining power In the negotiation treatment—mirroring the “fundamental

transformation” of Williamson (1985) that we have discussed in the introduction—

the winning seller has all the bargaining power in the price negotiation for the

additional demand. As a result, the theoretical prediction is that they extract full

surplus by requesting a unit price of v for all additional units. What would happen

in a case in which sellers had less bargaining power? Consider, for example in the

case where buyer and seller engage in Rubinstein bargaining (Rubinstein, 1982).

Less bargaining power on the seller’s part translates directly into lower expected
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profit for the additional demand. The seller accounts for this by bidding less

aggressively in the auction. In aggregate, their expected payoff remains unchanged.

However, note that there may exist a critical threshold for the buyer’s bargaining

power above which sellers may find it attractive to pool in the auction for the

fixed demand in order to conceal their private information. Pooling may be worth

it because if a seller’s bid is indicative of their costs, the buyer can leverage this

information in the negotiation, which, in the extreme case, means sellers would

make no profit for the additional demand. An example for a case in which sellers

pool in order to conceal their private information can be found in Fugger et al.

(2019).

Fallback option In our model, the buyer does not have a fallback option for

the additional quantity in the negotiation treatment. That is, if the winning

seller’s requested price for additional quantity exceeds the buyer’s maximum

willingness-to-pay, no trade takes place for this additional quantity, leaving both

buyer and seller with zero profit for these units. Qualitatively, our results do not

change even in the presence of a fallback option. In fact, the model in its current

form is mathematically equivalent to a situation in which the buyer can purchase

additional units at a unit price of v in case the negotiation fails. If the buyer

had an outside option c̄ < r < v, then r would be the maximum the buyer is

willing to pay for additional units. Note that even in this setting, the equivalence

between the three settings we consider still holds. The argument is that the better

the buyer’s outside option is, the lower the seller’s expected profit for additional

demand becomes, which leads to less aggressive bidding in the auction for the

fixed demand. In aggregate, seller profit is unchanged.

Delivery obligation In our model, we have an implicit assumption that the

winning seller is always obligated to deliver. For the uniform cost distribution and
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the parameters we consider in the experiment, this assumption is unproblematic,

since sellers never bid below their costs. Hence, it is always beneficial for the

winning seller to deliver, since the price they receive exceeds their costs. However,

for a sufficiently high price premium, sellers would bid below their costs. For

example, any price premium in the experiment greater than 1 makes winning the

auction so attractive that sellers would bid below their costs. The same would

happen in the negotiation treatment for sufficiently high v. In both these cases, if

sellers were not obligated to deliver at a loss, the equivalence we show between

the three settings would break down. However, note that this is only true if

sellers observe the total demand before having to deliver to the buyer. If the

additional quantity were revealed only after having delivered the fixed quantity,

the equivalency between the three settings holds even if sellers bid below their

costs for the fixed quantity.

To sum up, the theoretical result on the equivalency of the three settings we

consider holds more generally. To be precise, it holds for alternative assumptions

on sellers’ production costs, for different distributions of bargaining power between

buyer and seller, as well as when sellers bid below their costs for the fixed quantity.

4.6 Conclusion

This paper set out to answer a central question in procurement under demand

uncertainty: how should a buyer design an auction when the total demand

is unknown? We compared three relevant contracting settings: (1) a uniform

price setting, in which all units—fixed and additional—are procured at the same

per-unit price determined in the auction; (2) a price premium setting, in which

the buyer defines a fixed contingency in the case of additional demand; and

(3) a negotiation setting, in which the buyer procures the fixed demand via
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auction and bargains ex-post with the winning seller for additional units if needed.

Our theoretical framework demonstrated that—even when considering differing

assumptions about sellers’ costs, bargaining power, and delivery obligations—all

three formats should yield identical expected profits for buyers and sellers. The

intuition is straightforward: sellers adjust their auction bids to reflect the expected

value of any additional demand, competing away format-specific advantages in

the auction stage. Thus, even though the ex-post pricing rules differ, the ex-ante

competitive process equalises outcomes.

We tested these predictions in a controlled laboratory experiment and found

that actual behaviour diverges substantially from the theoretical benchmark.

In line with the model, sellers did bid more aggressively in formats where they

expected higher profits from additional demand, reproducing the predicted ranking

of prices for the fixed demand: highest in the uniform price treatment, lower in

the price premium treatment, and lowest in the negotiation treatment. However,

the negotiation format revealed significant inefficiencies. Buyers often set their

maximum willingness-to-pay for additional units far below the theoretical optimum,

resulting in failed negotiations in roughly one-third of cases where extra units

were needed. This behaviour meant passing up profitable trades and reduced the

potential cost advantage of negotiation. The behaviour of sellers in the negotiation

treatment also does not follow the theoretical predictions. Rather than requesting

the high premiums predicted by theory, they demanded amounts far lower than the

fixed premium offered in the price premium treatment. Consequently, their profits

from additional demand were modest, and total seller profits in the negotiation

treatment fell below those in both the price premium and uniform price settings.

Personality traits such as independence, self-control, and extraversion correlated

with differences in negotiation behaviour, suggesting that individual characteristics

can influence outcomes in subtle but important ways.
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The broader implication is that behavioural frictions—aggressive bargaining

by buyers, cautious premium-setting by sellers, and possibly personality-driven

decision patterns—can erode the theoretical equivalence of procurement formats

under demand uncertainty. While the uniform price format performed relatively

well for buyers in our setting, this advantage likely arose from the absence of

negotiation breakdowns. With improved negotiation strategies—such as buyers

consistently setting willingness-to-pay closer to their valuation and sellers recog-

nising their bargaining position—the flexible negotiation format could match or

outperform the other settings in terms of buyer surplus and allocative efficiency.

For practitioners, these results carry two key messages. First, simpler procure-

ment formats may be more reliable in delivering predictable outcomes. Second,

where negotiation is feasible and potentially beneficial, targeted interventions—

such as clear decision rules, transparency about counterparties’ incentives, or

structured bargaining protocols—could help unlock latent gains and reduce the

frequency of failed trades. Future research could explore how changes in bargain-

ing power, the presence of fallback supply options, or alternative cost structures

affect both theoretical predictions and experimental behaviour. Extending the

model to richer strategic environments and testing interventions in the laboratory

would help bridge the gap between normative auction theory and the behavioural

realities of procurement under uncertainty. In doing so, we can better understand

not only which formats are theoretically equivalent, but also which are most likely

to deliver desirable outcomes in practice.
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4.A Experiment: screenshots

4.A.1 Pre-treatment
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4.A.2 Uniform price
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4.A.3 Price premium
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4.A.4 Negotiation
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4.A.5 Survey
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4.A.6 Final screen
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Chapter 5

Improving Incentive Schemes for

Procurement Managers
There is anecdotal evidence that procurement managers who are rewarded for both

low contract prices and continual price reductions may face a trade-off between

receiving a bonus now and receiving a bonus later. We introduce a game-theoretic

model to formally study the conflict of interest faced by a procurement manager

with savings targets. We consider a dynamic game of incomplete information

in which a firm delegates costly qualification and investment decisions to a

procurement manager. Qualification increases competition, while investment

refers to the effort exerted to identify and resolve potential inefficiencies with the

contract supplier. The firm implements an incentive scheme that rewards low prices

for the initial awarding as well as price reductions in the second period. We use

this model to characterize the procurement manager’s key trade-off: qualification

increases competition, which leads to lower initial prices, but makes it harder for

the procurement manager to secure a future bonus, since the value of investing

decreases with the number of qualified bidders. Our main result is that even

under an optimal incentive scheme, a procurement manager makes inefficient

qualification and/or investment decisions, which directly translates into higher

procurement expenses for the firm. We extend our analysis to show that the firm

can minimize these inefficiencies by committing to an incentive scheme across

both periods upfront.
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5.1 Introduction and motivation

In 2021, procurement departments across industries managed an average of 78%

of a firm’s sourceable spend (CAPS, 2022). Given this substantial influence on

financial resources, firms must ensure the efficient utilization of their funds by

incentivizing procurement managers to act in alignment with the firm’s long-term

goals. Recently, incentive schemes based on annual savings targets have gained

prominence (McKinsey & Company, 2014). In practice, this means that firms set

annual savings targets for procurement departments and offer performance-based

bonuses to managers who achieve these targets. Although performance-based

bonuses are typically associated with explicit monetary payments, they may also

be complemented or even substituted by more implicit forms of reward, such as

(faster) promotions, preferential project assignments, or increased visibility to

senior management. Depending on the design of the incentive scheme, target

fulfillment can be measured, for example, as a reduction relative to the previous

year’s prices or relative to a cost calculation. To meet these targets, managers

negotiate price reductions with their suppliers. This approach aims to foster a

culture of cost discipline by encouraging consistent savings that benefit the firm

over time.

In practice, measuring performance and target fulfillment is not straightfor-

ward. A central difficulty lies in the fact that observable outcomes, such as the

negotiated price, only reveal full value creation relative to a counterfactual that

is typically not observable. Without knowing what the price would have been

without the manager’s effort, performance cannot be reliably inferred from the

observed outcome alone. For example, in a market with rising resource costs, being

able to negotiate the same price for the coming period may be considered a success.

In addition, by shifting the reference point for the savings calculation, managerial
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efforts undertaken early in a project to improve the competitive environment

may make it harder to demonstrate savings in subsequent annual negotiations.

To see this, consider two procurement managers starting in equally challenging

market conditions with limited competition. The first procurement manager

engages primarily in ‘firefighting’ during negotiations, stressing the difficulty of

the situation while investing little to address its root causes. As a result of

the state of emergency, this procurement manager may still receive substantial

recognition for achieving modest savings. In contrast, the second procurement

manager invests significant effort throughout the year to screen and qualify new

suppliers. These efforts strengthen the firm’s negotiation position and allow for

lower prices in the long run. However, because the final negotiation appears

comparatively easy, the contribution of this procurement manager is less visible

and often underappreciated.

In general, challenges related to the measurement of value interact with the

dynamic nature of savings generation. As a result, at first glance, continuous

price reductions driven by savings targets seem beneficial. However, in such

incentive schemes, procurement managers may face a trade-off: meeting savings

targets in one period makes it more difficult to achieve savings targets in future

periods. As such, the timing of savings becomes relevant to the procurement

manager. Industry consultants underline this, noting that “many buyers are

inherently incentivized not to harvest the full savings potential in year one [...]

because that would mean they are not having much to offer in the following

one(s)” (Scharlach, 2024). As pointed out by Johnson and Leenders (2010), this

strategic timing of savings can be harmful to the firm. Ellram et al. (2020) provide

a concrete example of this. Using case studies, they highlight that incentive

schemes that reward ongoing price reductions can lead to inflated initial prices,

with procurement managers continually negotiating price reductions to secure

bonuses. At the expense of the firm, this strategic behavior can benefit both
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suppliers, who secure higher prices initially, and procurement managers, who meet

their savings targets. Indeed, procurement professionals surveyed by Ellram et al.

acknowledge that strategically delaying savings occurs in practice. The severity of

the problem is difficult to overstate; increased procurement costs directly influence

a firm’s market competitiveness.

Thus far, to the best of our knowledge, the trade-offs a procurement manager

faces as a result of such incentive schemes have only been studied anecdotally or

using case studies, but not formally. This study aims to fill this gap. We formally

characterize the trade-off a procurement manager faces under an incentive scheme

that encourages cost savings and show that this trade-off results in higher expenses

for the firm, even under optimal incentivization. Moreover, we use our model to

demonstrate how a firm can use incentives to improve the overall outcome despite

the procurement manager’s trade-off.

To this end, we introduce a game-theoretic model to study the conflict of

interest faced by a procurement manager with savings targets. We consider a

dynamic two-stage game of incomplete information, in which the firm delegates

costly qualification and investment decisions to a procurement manager. Qual-

ification increases competition, whereas investment refers to the effort exerted

to identify and resolve potential inefficiencies with the contract supplier. Both

qualification and investment reduce the firm’s total expenses in expectation. The

firm implements an incentive scheme that rewards low prices in the first period,

and price reductions in the second period. We use this model to characterize the

procurement manager’s key trade-off: qualification increases competition—which

leads to lower initial prices—but makes it harder for the procurement manager

to secure a future bonus, since the value of investing is decreasing in the number

of qualified bidders. Our main result is that even under an optimal two-period

incentive scheme, the total procurement expenses remain inefficiently high for the
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firm. Under such an incentive scheme, a procurement manager makes inefficient

qualification and investment decisions, which directly translates into higher pro-

curement expenses for the firm. In our initial analysis, we consider a firm that

sets optimal incentives at the beginning of each period. We extend our analysis

to include a firm that can credibly commit to an incentive scheme across both

periods upfront. We show that this commitment is beneficial: it allows the firm to

reduce the incentive necessary for qualification in the first period at the expense

of less investment in the second period. In aggregate, the former effect outweighs

the latter, resulting in lower total procurement costs. Nevertheless, even under

an optimal two-period incentive scheme, the total procurement expenses remain

inefficiently high for the firm.

The remainder of this paper is structured as follows. Section 5.2 connects our

work with the related literature. The model is formally introduced in section 5.3

and analyzed in section 5.4. In sections 5.4.1 and 5.4.2, we solve the model with

and without delegation, respectively. In section 5.5, we discuss the assumptions

of our game-theoretic model, as well as various attempts to mitigate the trade-off

between qualification and investment. Finally, section 5.6 discusses the managerial

implications and concludes the paper.

5.2 Related Literature

Our research relates to the literature on procurement incentives and dynamic

contracts, bridging the insights from business and economics research. We con-

tribute by providing a theoretical framework that characterizes a key trade-off

procurement managers face, namely, between creating competition on the one

hand and the ability to negotiate price reductions on the other.

Our research builds on and extends the existing literature on dynamic incentive
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contracts, a field that is mainly concerned with the regulatory perspective. Much

of the early work in this area focused on public goods provision (e.g., Laffont and

Tirole (1986, 1987, 1988)), central planning (e.g., Freixas et al. (1985); Holstrom

(1982)), and monopoly regulation (for example, Baron and Myerson (1982)). A

typical model considers a two-period principal-agent setting with asymmetric

information. The agent’s efficiency type and effort level are unknown to the

principal, who observes only the resulting costs after the first period. A challenge

of commitment arises because the principal cannot credibly commit to a second-

period incentive scheme at the outset of the interaction. Instead, after observing

the first-period performance, the principal updates its beliefs about the agent’s

type and selects an optimal incentive structure for the second period (Laffont

and Tirole, 1988). Such dynamic adjustments to incentive schemes can lead

to a “ratchet effect”, whereby an agent initially deliberately underperforms to

make future incentives more attainable (Freixas et al., 1985; Laffont and Tirole,

1988). Various strategies have been proposed to address these problems. For

instance, Baron and Besanko (1987) extend the model to allow for a principal

who can guarantee the agent a non-negative profit if the agent forfeits the right

to refuse participation in the second period. They characterize cases in which

both the principal and agent are better off under such a scheme. Alternatively,

Holstrom (1982) theoretically demonstrate that involving the agent when setting

their targets and reward structure can reduce the commitment challenges faced

by the principal.

We contribute to the literature by considering a principal-agent model com-

monly used in procurement contexts. In the setting we consider, the agent makes

a qualification and an investment decision on the principal’s behalf. In our model,

we also find a “ratchet effect” that arises from price reduction targets: the agent

is rewarded for achieving a certain price in the first period and a price reduction

in the second period. However, this incentive scheme causes a conflict of interest
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for the agent: lower prices in the first period make it more difficult for the agent

to meet the targets in subsequent periods. We demonstrate that this leads to

inefficiently low supplier qualification in the first period and/or inefficiently low

investment in the second period. As a result, the total procurement expenses for

the firm are inefficiently high.

Our work also ties into the management literature. Conflicts of interest faced

by agents have been studied, for example, in the context of physicians (Dai et al.,

2022). Dai et al. empirically study the case of cardiologists to whom a test becomes

available that informs their decision on whether or not a patient should undergo

surgery. The authors demonstrated that overtreatment in cardiology cannot be

avoided simply by the availability of better testing methodologies. Rather, because

the testing decision is endogenous, a change in physicians’ financial incentives

is required. This is closely related to what we will demonstrate: while both

qualification and investment are beneficial to the principal, the financial incentives

of the agent can get in the way of their efficient use.

Looking specifically at literature concerned with the field of procurement,

related work highlights that procurement managers may delay or forego poten-

tial savings owing to inadequate performance metrics, such as the inconsistent

treatment of cost avoidance versus cost savings (Ellram and Tate, 2021), or as

a result of goal misalignment between different actors within the firm (Ellram

et al., 2020). For example, when the responsibility for initial procurement and

recurring purchases is split between different departments, managers may lack

the incentive to optimize total costs. We formalize the incentives a procurement

manager faces and show that conflicts of interest can arise even with adequate

performance tracking and when only considering a single principal and a single

agent. Specifically, our model shows that having a single procurement manager

responsible for both initial and recurring purchases does not necessarily ensure
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goal alignment. Rather, the trade-off between competitive prices upfront and the

ability to negotiate price reductions results in inefficiently high total procurement

costs.

Moving from private to public procurement, Coviello et al. (2018) leverage

data on public procurement tenders in Italy to provide empirical evidence that

procurement managers limit upfront competition. For tenders below a certain

threshold, Italian legislation gives buyers more discretion on whom (not) to invite

to bid. By studying tenders in the neighborhood of this threshold, they identify

that this buyer discretion directly leads to an increased likelihood that the same

firm will repeatedly win tenders.

The studies listed above have in common that they rely on empirical case

studies. In contrast, we introduce a theoretical model in this study. Using this

model, we show that even under optimal incentivization, a firm’s delegation of

qualification and investment decisions to a procurement manager can lead to

inefficiencies. In the following section, we formally introduce our model.

5.3 Model

In this section, we begin by formally introducing the model. Next, we solve the

model assuming that the firm can make all decisions. This serves as a benchmark

for a setting in which the firm must delegate its decisions to a procurement

manager.

5.3.1 General Framework

We model a two-period setting in which a firm awards a contract to a single supplier.

The firm initially has access to a supplier base consisting of two prequalified
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suppliers. In each period, the firm faces a binary decision: (i) in the first period

(t = 1), it chooses whether to qualify an additional supplier to expand the

supplier base; and (ii) in the second period (t = 2), it decides whether to

invest in improving the efficiency of the selected contract supplier. Such an

investment aims to reduce the price paid for the good by addressing potential

inefficiencies in the supplier’s operations. These inefficiencies may stem from

outdated production processes, coordination and scheduling problems, quality-

related rework, or equipment constraints. An example of such investments comes

from the automotive industry: Toyota continually invests to increase the efficiency

of its suppliers’ production processes and thus reduce procurement costs (Toyota,

2024).

Importantly, the firm does not observe suppliers’ efficiency levels ex ante;

thus, investment outcomes are uncertain—the supplier may already be operating

efficiently, in which case the investment yields no benefit. In both periods, the

firm may alternatively opt to take no action. The firm’s objective is to minimize

the total procurement cost.

t = 1 t = 2

Information

Firm decisions

Outcomes

Supplier observes costs C, ∆
Decision maker observes
qualification cost q > 0

Decision maker observes
investment cost I ∈ {0, ī}

Qualification?
yes/no

Investment?
yes/no

Auction with n suppliers:
determines winner & P n

1
P2 =

{
P n

1 − 1{∆cs=1} · 1 if invest.
P n

1 if no invest.

Figure 5.1: Timeline of information, decisions, and outcomes

At the beginning of t = 1, the firm selects a supplier through a second-

price auction. We denote by n the number of suppliers that participate in the
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auction. The winning supplier becomes the contract supplier (indexed as “cs” in

the analysis), and the auction determines the price for the good in the first period,

denoted P n
1 . Without further action by the firm, the price remains unchanged in

the second period, that is, P n
2 = P n

1 .

The total cost of a supplier consists of two independent components: (i)

production costs C ∈ {0, 1}, each with equal probability, and (ii) inefficiency costs

∆ ∈ {0, 1}, again with equal probability. A supplier is considered inefficient if

its inefficiency cost is 1. Supplier costs are private information, and we abstract

from potential quality differences.1 Observe that in the setting we consider, it is a

weakly dominant strategy for suppliers to bid their total costs in the auction, see

for example the proof in Krishna (2010).

In t = 1, the firm can qualify an additional supplier, which increases compe-

tition and—on average—lowers procurement costs. Additionally, it lowers the

probability of contracting an inefficient supplier. The qualification cost is q > 0.

In t = 2, the firm can invest in potentially improving the contracted supplier’s

efficiency. The investment cost is denoted by I ∈ {0, ī}, with probabilities 1
4 and

3
4 , respectively, and with ī > 0. The realization of I occurs at the beginning of

t = 2, after the supplier is selected. In our model, investment cost uncertainty

reflects the interaction between the firm and the contracted supplier; it captures

how difficult it is for the firm to assess and resolve potential inefficiencies in the

supplier’s operations. The value of I captures whether the interaction is feasible

at low or high cost. Alternatively, I can also be read as a good or poor fit between

the firm and supplier; in the following, we will use this interpretation. If the

firm invests and the contract supplier is inefficient (∆ = 1), the inefficiency is

resolved, reducing the second-period price to P2 = P1−∆. If the contract supplier
1Throughout the analysis, prices are considered to be quality-adjusted. Without loss of

generality, any quality disparities can be incorporated through a bonus-penalty system without
affecting the general structure of the model.

173



Chapter 5. Improving Incentive Schemes for Procurement Managers

is not inefficient, the price remains unchanged, but the investment cost applies

nonetheless.

5.4 Analysis

In this section, we start by deriving the first-best solution, which serves as a

benchmark for the other settings.

5.4.1 First-best

In the first-best setting, the firm makes all decisions, bears all resulting costs, and

reaps the resulting benefits. We solve the model using backward induction.

Period t = 2

Table 5.1 shows, for both n = 2 and n = 3, the respective probability of a given

first-period price occurring, as well as the probability of the contract supplier

being inefficient for this price. For example, consider the case where n = 2, that

is, the case in which no qualification takes place. With a probability of 8
16 , the

auction price is 1. For this price, the probability of the contract supplier being

inefficient is 1
4 . If n = 3, that is, if qualification takes place, the auction price

is 1 with a probability of 22
32 , and the probability of the contract supplier being

inefficient is 5
22 .
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n = 2 n = 3
P1 P[P1] P[∆ = 1|P1] P[P1] P[∆cs = 1|P1]
0 1

16 0 5
32 0

1 1
2

1
4

22
32

5
22

2 7
16

3
7

5
32

2
5

E[P1] 11
8 — 1 —

Table 5.1: First-period prices and inefficiency probabilities for n = 2 and n = 3 suppliers.

Investment is beneficial for a firm whenever the expected savings exceed the

investment costs. That is, whenever

P[∆cs = 1|p] ·∆ ≥ I. (5.1)

For a firm with a good firm-supplier fit (I = 0), this always holds, and the

firm always invests. For a firm with a poor firm-supplier fit (I = ī), the investment

decision depends on the realization of p and ī.

Due to the model design, three price realizations are possible: 0, 1, 2. Denote

by P̂ n the cut-off price from which, if realized, a firm with high investment

costs and n qualified suppliers invests. The cut-off price P̂ n is endogenous to

the realization of ī: higher investment costs increase the cut-off price (less price

realizations for which investments take place) and lower investment costs lower

the cut-off price (see Figure 5.2).

Figure 5.2 shows the first-period prices at which a firm with a poor firm-supplier

fit invests, depending on the number of qualified suppliers and the investment

costs. For example, for ī ∈ (1
4 ,

2
5), the high-cost firm invests only when observing

P1 = 2 with both n = 2 and n = 3: P̂ n=2 = P̂ n=3 = 2.

175



Chapter 5. Improving Incentive Schemes for Procurement Managers

n = 3

n = 2

P̂ n=3 = 1 P̂ n=3 = 2 P̂ n=3 > 2

P̂ n=2 = 1 P̂ n=2 = 2 P̂ n=2 > 2

assumption of ī

ī0 5
22

1
4

2
5

3
7

Figure 5.2: Investment decision of high-cost firm depending on i and n

Period t = 1

In the first period, the firm must weigh the costs and benefits of qualifying an

additional supplier. An additional supplier promotes competition in the auction,

lowers expected procurement costs, and reduces the probability of selecting an

inefficient supplier. However, this comes at a fixed qualification cost q > 0, which

must be justified by the potential downstream benefits. The firm’s total cost is

given by

TCn =
∑

p

Pn[p] · p+
∑

p<P̂ n

Pn[p] ·
(
p− 1

4 · P
n[∆cs = 1 | p]

)

+
∑

p≥P̂ n

Pn[p] ·
(
p− Pn[∆cs = 1 | p] + 3

4 · ī
)

+ 1[n=3] · q.
(5.2)

The first term in eq. (5.2) represents the expected price in t = 1. In t = 2,

for p < P̂ n, only firms with a good firm-supplier fit invest. The expected price

reduction in this case is the product of the probability that the firm has a good

firm-supplier fit and the probability that the contract supplier is inefficient. For

p ≥ P̂ n, all firms invest; however, firms with a poor firm-supplier fit incur ī.

If the firm decides to qualify the additional supplier, the computation of its

176



Chapter 5. Improving Incentive Schemes for Procurement Managers

total cost is analogous, except that it also bears the qualification cost in t = 1

(see the indicator function in eq. (5.2)).

It is beneficial for a firm to qualify whenever TCn=3 ≤ TCn=2. Table 5.2 lists

the qualification thresholds for each interval of ī. If q ≤ q(̄i) in an interval, a firm

qualifies an additional supplier.

TCn=2 TCn=3 q(̄i)

0 < ī ≤ 5
22

39
16 + 45

64 · ī
57
32 + 81

128 · ī+ q 21
32 + 9

128 · ī
5
22 < ī ≤ 1

4
39
16 + 45

64 · ī
243
128 + 15

128 · ī+ q 69
128 + 79

128 ī

1
4 < ī ≤ 2

5
81
32 + 21

64 · ī
243
128 + 15

128 · ī+ q 81
128 + 27

128 ī

2
5 < ī ≤ 3

7
81
32 + 21

64 · ī
249
128 + q 75

128 + 21
64 ī

3
7 < ī 171

64
249
128 + q 93

128

Table 5.2: First-best qualification thresholds and total cost depending on ī.

Figure 5.3 summarizes the firm’s qualification and investment decisions across

both periods. The qualification threshold curve shows that qualification becomes

more attractive when investment costs increase; that is, the firm is willing to

incur higher qualification costs when investing in the second period becomes more

expensive. The colored regions indicate the first-period cut-off prices above which

the firm chooses to invest. As investment costs increase, it becomes less attractive

for the firm to invest, and the cut-off price increases accordingly. For certain

realizations of ī, the cut-off price also depends on the qualification decision: when

no additional supplier is qualified, the firm is willing to invest for a wider range of

first-period prices, as the potential gains from investment become more valuable as

a result of the higher probability of the contract supplier being inefficient. Outside

these ranges, the investment regions are identical for n = 2 and n = 3.
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Figure 5.3: Qualification and investment decision dependent on q and ī

As shown in the figure above, multiple cases must be considered. For example,

for very low ī, the firm will invest for all P1 > 0, while for very high ī, the firm

never invests. We will consider the intermediate case of ī ∈ (1
4 ,

2
5) (see the red

interval in Figure 5.2). In this case, a firm with a poor firm-supplier fit invests

only when observing P1 = 2 with both n = 2 and n = 3: P̂ n=2 = P̂ n=3 = 2,

whereas a firm with a good firm-supplier fit always invests. We consider this case

because, in extreme cases, studying the effects of delegation to a procurement

manager is less interesting, since the decisions do not change. For example, for

large ī, neither the firm nor the procurement manager would invest.

The corresponding qualification threshold (for both types of firms) for the

case we consider is given by:

qF B ≤
81
128 + 27

128 ī. (5.3)

In this section, we determine the optimal qualification and investment levels.

In the following section, we analyze a situation in which the firm delegates

qualification and investment decisions to a procurement manager.
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5.4.2 Delegation to a procurement manager

In large firms, the owner(s) cannot make all operational decisions themselves

and, therefore, delegate the responsibility to functional managers within the firm.

Incentive schemes are implemented to ensure that delegated decisions serve the

firm’s objectives. However, incentive schemes can lead managers to take actions

that increase their personal gain at the expense of the firm’s cost efficiency. We

extend our model by assuming that procurement decisions are delegated to a

procurement manager. The manager seeks to maximize personal profit, which

may—and, as we will see below, does—conflict with the firm’s cost-minimization

objective.

What happens if the firm must delegate the qualification and investment

decisions to an agent? As we show below, there exists a trade-off between

qualification and investment: qualifying the additional supplier increases the

agent’s first-period payoff but decreases the likelihood of the contract supplier

being inefficient and thus of receiving a bonus in the second period. Consequently,

the first-best solution cannot be obtained through delegation. With delegation,

a procurement manager makes inefficiently low qualification and/or investment

decisions, which directly translates into higher procurement expenses for the firm.

Under delegation, the procurement manager bears the qualification cost q

and the investment cost I, whereas the firm benefits from any resulting price

reduction. Without additional incentives, the procurement manager will not

qualify an additional supplier and, when incurring a poor firm-supplier fit, will

not invest in resolving a potential inefficiency. Therefore, the firm implements a

bonus scheme. This scheme encompasses both periods and is communicated to

the procurement manager at the beginning of t = 1 before any decisions are made.

Consider t = 1. If the firm wants the manager to qualify the additional
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supplier, it will set the first-period bonus such that the manager is exactly

indifferent between qualifying and not qualifying. In other words, the expected

first-period bonus is the lowest amount the firm can pay the manager and still

have them qualify. We show that it suffices to consider optimal bonus schemes

that reward the manager only for achieving the lowest possible price in t = 1. The

following lemma formalizes this observation.

Lemma 3. An optimal incentive scheme can be implemented in t = 1 by offering
the procurement manager a bonus B1 ≥ 0 only if the best possible price, P1 = 0 is
attained.

Proof. First, observe that P1 ∈ {0, 1, 2}. Next, note that we do not have to

consider a case in which the manager receives a bonus B′1, B′′1 , B′′′1 > 0 if P1 = 0,

P1 = 1, and P1 = 2 respectively, since such a bonus scheme rewards the manager

for attaining the worst possible price, which cannot be optimal.

We show that any incentive scheme that rewards multiple price realizations

and under which the manager qualifies can also be represented by an incentive

scheme in which the procurement manager receives a bonus only if P1 = 0.

Suppose there is a bonus scheme under which the manager qualifies that pays

a bonus B′1, B′′1 > 0 when attaining prices P1 = 0 and P1 = 1, respectively. The

expected payment to the manager is given by

P[P = 0] ·B′1 + P[P = 1] ·B′′1 .

Then, there is always an incentive scheme under which the manager qualifies

that only pays a bonus for attaining P1 = 0 and yields the same or lower total

cost to the firm. To see this, note that the expected payment to the manager

under our proposed incentive scheme is given by

P[P = 0] ·B1.
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Observe that setting

B1 := B′1 + P[P = 1]
P[P = 0] ·B

′′
1

yields the same expected payment to the manager. This holds whenever P[P =

0] > 0.

Now, observe that in any optimal t = 1 incentive scheme, the manager must

be exactly indifferent between qualifying and not qualifying. In other words, it is

optimal for the firm to pay the manager the lowest possible bonus B∗1 such that

they still qualify. Clearly, B∗1 ≤ B1. This concludes the proof.

In t = 2, the bonus scheme entails a bonus B2 > 0 for the procurement manager

if a price reduction is achieved, that is, if the contract supplier is inefficient and

the inefficiency is resolved. No bonus is awarded if an investment is undertaken,

but no price reduction occurs.

We consider two cases: no-commitment and commitment.

In the no-commitment case, the firm sets bonuses sequentially: it chooses

B1 at the beginning of t = 1, and B2 after observing the realized outcomes of

t = 1, at the beginning of t = 2. Consequently, the firm selects B2 to minimize its

second-period cost, given the observed first-period outcome.

In the commitment case, the firm decides on both bonuses ex ante: it sets

B1 and B2 simultaneously at the beginning of t = 1, and commits to not revise

them after observing the outcomes of t = 1. Consequently, it sets both bonuses to

minimize expected total cost across both periods, based on information available

at t = 1. The commitment bonus scheme can be seen as more complex for the
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firm because the bonuses are functions of the not-yet-realized first-period price.

We will show two key results. First, the ranking of the three settings from most

to least beneficial for the firm in terms of total cost is: first-best, commitment, no-

commitment. Second, delegation to an agent leads to inefficiently low qualification

and investment in both settings. At this point, we want to stress that these results

are not a relic of the specific intermediate case we are considering. Rather, they

hold generally for all cut-off prices smaller than 2 (so all situations where prices

can realize that lead to investment). The proofs have been relegated to section 5.A

(see Propositions 20 and 21).

We will consider both settings in turn, starting with the no-commitment

setting.

5.4.3 No-commitment

Period t = 2:

Recall that the firm does not know whether it is in a situation with a good or

poor firm-supplier fit. In general, procurement managers invest if their expected

bonus is at least as high as their investment costs. This is always fulfilled when

the firm-supplier fit is good. The expected payoff to the manager from investing

in a situation where the firm-supplier fit is poor is given by

P(∆cs = 1|P1) ·B2 − ī. (5.4)

Rearranging yields the optimal bonus in t = 2

B∗2 = ī

P(∆cs = 1|P1) . (5.5)
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This is the optimal bonus because it minimizes the firm’s expected cost in t = 2

while ensuring that managers choose to invest when the firm-supplier fit is poor.

Specifically, the firm sets B2 such that in a situation with a poor firm-supplier fit,

managers are indifferent between investing and not investing.

Note that managers with a good firm-supplier fit make a surplus under this

bonus scheme. This surplus is an information rent and derives from the fact

that the firm offers B∗2—which incorporates the high investment costs of ī—but

investment costs are 0 when the firm-supplier fit is good.

Proposition 14. Relative to first-best, investment is inefficiently low in the
no-commitment setting.

Proof. Consider a price p ≥ P̂ n. In the first-best case, the firm will always

invest for this p. In the no-commitment case, whether the firm wants to incentivize

investment depends on ī.

If the firm does not incentivize investment, their cost in t = 2 is given by

p− P(∆cs = 1|p) · 1
4 .

In this case, investment will only take place when the firm-supplier fit is good,

which is the case in a quarter of the time. The price reduction only occurs when

investment takes place and the contract supplier is inefficient.

On the other hand, if the firm decides to incentivize the manager to invest,

firm cost in t = 2 is given by

p− P(∆cs = 1|p) · (1−B∗2).
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All managers invest independently of the firm-supplier fit, and the price is

reduced whenever the contract supplier is inefficient. However, the firm must pay

B∗2 to achieve this.

We find that the firm does not want the manager to invest whenever

ī ≥ īcrit := 3
4 · P(∆cs = 1|p). (5.6)

We have shown that for certain investment costs, the firm will not incentivize

investment, even though this is optimal in first-best. This concludes the proof.

For the analysis that follows, denote by P̂NC ≥ P̂ the cut-off price above

which the firm wants to incentivize the manager to invest in the non-commitment

setting.

We show that investment is inefficiently low in the no-commitment setting.

Next, we consider the manager’s qualification decision.

Period t = 1:

In the first period, the firm must decide whether to incentivize the manager to

qualify the additional supplier.

Considering only optimal bonus schemes, the firm has two options: (i) pay no

bonus in t = 1, which means the manager will not qualify the additional supplier,

or (ii) pay a B1 such that, in expectation, the manager makes at least as much

profit when they qualify as when they do not qualify. Comparing the firm’s total

costs reveals when the firm wants to incentivize the manager to qualify.

Note that the manager faces a trade-off. Qualifying increases the chances of
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receiving B1, but—because more suppliers in the auction lead to lower probabilities

of the contract supplier being inefficient— decreases the chances of receiving B2.

The firm must account for this when setting B1.

When will the manager qualify? Whenever their total profit with qualification

is weakly greater than their total profit when they do not qualify.

The manager’s total profit is given by

P[P n
1 = 0] ·B1 + 1

4
∑

p≥P̂NC

Pn[p] · Pn[∆cs = 1|p] ·B∗2 −


0, if n = 2

q, if n = 3

= P[P n
1 = 0] ·B1 + 1

4
∑

p≥P̂NC

Pn[p] · ī−


0, if n = 2

q, if n = 3
(5.7)

Whether the firm is willing to incentivize the manager depends on the in-

vestment cost ī and qualification cost q. Based on Proposition 14, three relevant

intervals can be distinguished:

ī t = 2 t = 1

[1
4 ,

3
10) P̂NC = P̂ = 2 q ≤ q

(1)
NC := 3

5 · (
81
128 + 21

128 ī)

[ 3
10 ,

9
28) P̂ n=2

NC = P̂ = 2 and P̂ n=3
NC > 2 q ≤ q

(2)
NC := 3

5 · (
75
128 + 49

192 ī)

[ 9
28 ,

2
5 ] P̂NC = P̂ > 2 q ≤ q

(3)
NC := 3

5 ·
93
128

Table 5.3: Qualification incentives for different ī and q

Table 5.3 summarizes the firm’s investment and qualification incentives for

the manager as a function of ī and q. Column t = 2 shows the cut-off price above

which the firm would invest in the first-best setting, as well as the cut-off price

above which the firm chooses to incentivize investment in the no-commitment

setting. Column t = 1 shows the maximum qualification cost q for which the
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firm finds it optimal to incentivize the manager to qualify an additional supplier

in the no-commitment setting. If q exceeds this threshold, the cost of providing

incentives becomes too high, and the firm refrains from incentivizing qualification,

resulting in no qualification. These results highlight that under no-commitment,

qualification occurs less frequently than in the first-best scenario. The derivation

of the maximum qualification cost per interval is relegated to section 5.A.

Proposition 15. Qualification is inefficiently low in the no-commitment setting.

Proof. Denote by qF B the threshold below which the additional supplier is

qualified in the first-best setting. Denote by q(1)
NC , q

(2)
NC , q

(3)
NC the thresholds below

which the additional supplier is qualified in each of the three intervals in the

no-commitment setting.

Comparing the different thresholds, we find that q(1)
NC < q

(2)
NC < q

(3)
NC < qF B.

This means that for a given interval k in the no-commitment setting, ∀q ∈

(q(k)
NC , qF B), no qualification takes place in the no-commitment setting even though

it would in first-best.

This establishes that the qualification cost threshold is inefficiently low in the

no-commitment setting. As a result, there are parameter ranges in which qualifi-

cation would be efficient, but no qualification takes place as it is not incentivized

by the firm. This completes the proof.

We have shown that the no-commitment setting leads to inefficiently low

investment and qualification. These inefficiencies translate directly into higher

total costs for the firm.

Proposition 16. The total costs to the firm are higher in the no-commitment
setting than in the first-best setting.
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Proof. Depending on the values of ī and q, there are multiple avenues through

which firm costs can be higher in the no-commitment setting.

By definition, inefficient investment and qualification translate directly into

higher costs for the firm. However, even in the case of efficient investment and

qualification, firm costs are higher than in first-best. In the former case, this is

a result of the firm not knowing which type of manager they are facing. This

information asymmetry means that low-cost managers make a positive profit in

t = 2. In the latter case, the firm needs to pay B∗1 > q to incentivize qualification

because the procurement manager internalizes the impact of qualification on future

bonus prospects.

In all possible cases, costs to the firm are higher than in first-best, which

concludes the proof.

We show that delegation in the no-commitment setting leads to inefficiently

low investment and qualification, which translates into higher total costs for the

firm. In the following section, we show that commitment is beneficial to the firm.

5.4.4 Commitment

In this section, we examine the case in which the firm simultaneously sets both

bonuses at the beginning of t = 1 and credibly commits to not revising them

thereafter. We show that such a commitment is beneficial to the firm. In the

no-commitment setting, the firm considers each period separately when setting

incentives. Credible commitment allows the firm to jointly consider both periods

when setting the incentive scheme. As we will show below, under joint optimization,

there are cases in which it is worth it for the firm to reduce the second-period
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bonus B2 (to B2 = 0).2

While this weakens investment incentives, it also lowers the bonus B1 necessary

to incentivize qualification. In aggregate, the cost savings from the lower B1 out-

weigh the efficiency loss from reduced investment. Through decreased investment

and increased qualification, the commitment setting leads to a lower total cost for

the firm compared to the no-commitment setting. However, overall, the firm’s

total cost in the commitment setting remains above the first-best benchmark.

To understand the trade-off between qualification and investment, we revisit the

three relevant investment cost intervals defined earlier and explore how the firm

adjusts its strategy under commitment compared to the no-commitment setting.

The detailed derivation is relegated to section 5.A.

• Interval 1: ī ∈ [1
4 ,

3
10 ]: In the no-commitment setting discussed above, we

saw that in t = 2, for all n, the firm incentivizes the manager to invest for

P1 = 2 and incentivizes to qualify when q ≤ q
(1)
NC . In the commitment setting,

firms deviate from this strategy. It is optimal for the firm not to incentivize

investment at all and to incentivize qualification when q(1)
NC < q ≤ qC , where:

qC := 3
5 · (

75
128 + 7

16 ī). (5.8)

In summary, for Interval 1, we find that through decreased investment and

increased qualification, the commitment setting leads to lower total cost to

the firm compared to the no-commitment setting.

• Interval 2: ī ∈ [ 3
10 ,

9
28): In the no-commitment setting, the firm incentivizes

investment for P1 = 2 only when no qualification took place (n = 2) and

incentivizes to qualify when q ≤ q
(2)
NC . In the commitment setting, the firm

2First, note that offering B2 > B∗2 is not beneficial to the firm, as all managers already invest
for B∗2 independent of the firm-supplier fit. Second, offering 0 < B2 < B∗2 is not beneficial
either, since under such a bonus, investment only takes place when there is a good firm-supplier
fit—but in these cases investment would also take place for B2 = 0.
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deviates from this strategy for a certain range of qualification costs q:

– For q ≤ q
(2)
NC , the firm sets the same incentives as under no-commitment.

– For q(2)
NC < q < qC , the firm incentivizes qualification, but does not

incentivize investment.

In summary, for Interval 2, we find that through decreased investment and

increased qualification, the commitment setting leads to lower total cost for

the firm compared to the no-commitment setting.

• Interval 3: ī ≥ 9
28 : In the no-commitment setting, the firm never incen-

tivizes the manager to invest, and only incentivizes the manager to qualify

when q ≤ q
(3)
NC . In this interval, the firm sets the same incentives in the

commitment setting as it does in the no-commitment setting. In summary,

for Interval 3, the firm’s incentives for the manager are identical in both the

no-commitment and commitment settings.

The above analysis leads to three key results.

Proposition 17. Investment is lower in the commitment setting than in the
no-commitment and first-best settings.

Proof. Denote by P̂F B, P̂NC , and P̂C the cut-off prices above which a firm (or

manager) with a poor firm-supplier fit invests in the first-best, no-commitment,

and commitment settings, respectively.

First, in Interval 3, the investment strategies do not differ between the com-

mitment and no-commitment settings. That is,

P̂C = P̂NC .
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Next, observe that in the no-commitment setting, in Intervals 1 and 2, the

manager always invests when the firm would in first-best. That is,

P̂NC = P̂F B.

However, we have shown that there exist values of ī and q for which the total

cost to the firm is lower in the commitment setting than in the no-commitment

setting. Put differently, in these cases, it is beneficial for the firm to deviate from

the first-best investment strategy by setting

P̂C > P̂F B.

Therefore, in Intervals 1 and 2, only managers in situations with a good firm-

supplier fit invest in the commitment setting, while all managers, independent of

the firm-supplier fit, invest in the no-commitment and first-best settings. This

concludes the proof.

The intuition behind this result is that by committing to an ex-post sub-optimal

bonus in t = 2, the firm is able to to reduce its total cost by incentivizing qualifica-

tion at the expense of investment. This means that we have more qualification in

the commitment setting compared with no-commitment, which gives us another

proposition.

Proposition 18. Qualification is inefficiently low in the commitment setting
compared to first-best. However, qualification is higher than in the no-commitment
setting.

Proof. Denote by qF B, qNC and qC the thresholds below which the additional

supplier is qualified in the first-best, no-commitment, and commitment settings,
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respectively.

Interval 1 and 2: We find that qNC < qC < qF B (see eqs. (5.3), (5.9) and (5.30)

in sections 5.A, 5.4.1 and 5.4.2).

This means that ∀q ∈ (qNC , qC), no qualification takes place in the no-

commitment setting, even though it would in commitment. Similarly, ∀q ∈

(qC , qF B), no qualification takes place in the commitment setting, even though it

would in first-best.

Interval 3: We find that qNC = qC < qF B (see eqs. (5.3) and (5.29) in sec-

tions 5.A and 5.4.1).

This means that ∀q ∈ (qNC , qF B), no qualification takes place in the no-

commitment and commitment settings even though it would in first-best.

This concludes the proof.

One way to think about the commitment setting is that it places fewer restrictions

on the firm’s second-period bonus scheme. Under no-commitment, the firm is

forced to implement an optimal second-period incentive scheme. On the other

hand, under commitment, by jointly optimizing the first- and second-period in-

centive schemes, the firm can credibly commit even to an ex-post sub-optimal

second period incentive scheme. As described above, by incentivizing qualification

instead of investment, the firm can leverage this additional freedom and attain

lower total costs. This leads to our final proposition.

Proposition 19. The total cost to the firm is lower in the commitment setting
than in the no-commitment setting but higher than in the first-best setting.
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Proof. This follows immediately from the two previous propositions. Invest-

ment and qualification are inefficient in the commitment setting. Thus, total costs

are higher than in the first-best setting. However, we have demonstrated cases in

which total costs are lower for the firm in the commitment setting than in the

no-commitment setting. This concludes the proof.

This follows directly from the previous two propositions. Although commitment

leads to inefficient qualification and investment, the total cost is lower in the

commitment setting than in the no-commitment setting.

The commitment setting shows how increased flexibility in bonus choice can be

strategically valuable for the firm. By committing to a suboptimal bonus scheme

in the second period, the firm credibly shifts incentives toward qualification and

away from costly investment. This is not efficient, but it is cost-minimizing

relative to the no-commitment setting. In summary, commitment allows the firm

to restructure incentives in a way that outperforms a simple period-by-period

optimization.

5.5 Discussion

In this section, we discuss the assumptions of our game-theoretic model and exam-

ine the efficacy of various attempts to mitigate the trade-off between qualification

and investment.

5.5.1 Investment costs of the procurement manager

We start with the assumption of the investment costs of the procurement manager.

In our model, high (low) investment costs (i.e., good (poor) firm-supplier fit) occur
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with a probability of 3
4 (1

4). These values were chosen for illustrative purposes;

our model generally holds for all probabilities of low investment costs below a

critical threshold. To see this, first observe that the higher the probability of low

investment costs, the less attractive it is for the firm to offer a bonus for investment

in the second period. Specifically, rearranging eq. (5.6) from proposition 14, we find

that firm will not incentivize investment in t = 2 at all whenever the probability

of low investment costs exceeds

1− ī

P(∆cs = 1|p) .

For probabilities of low investment costs above this threshold, there is no

longer a trade-off for the procurement manager: both the low and high investment

cost managers make zero profit in t = 2. As such, only the first-period bonus

is relevant, resulting in optimal qualification on the manager’s part. Looking at

this through a practitioner’s lens, this means that funding programs to reduce

the share of procurement managers with high investment costs (or improving

the firm’s capacity to assess and resolve potential inefficiencies in the supplier’s

operations) for example, through training, may well be worth it for the firm.

5.5.2 Level of inefficiency

Next, let us consider the assumption on the level of inefficiency ∆. For ease of

exposition, we assume ∆ = 1. Doing so reduces the number of possible first-period

prices from four to three, which considerably reduces the number of cases we

need to consider when delegating qualification and investment decisions to the

procurement manager.3 However, note that our results hold independently of

this assumption on ∆. This is because the dynamics of our model do not change
3For general ∆, we have P1 ∈ {0, ∆, 1, 1 + ∆}.
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even with the addition of a further possible price: the probability of a given

price occurring decreases in n, while the probability of the contract supplier

being inefficient increases with price. As such, our results remain qualitatively

unchanged.

5.5.3 Firm as sole beneficiary of a resolved inefficiency

Another assumption of our model is that a resolved inefficiency in the second

period exclusively benefits the firm and not the contract supplier. By relaxing this

assumption and sharing the cost reduction created by resolving inefficiencies, the

supplier’s bidding strategies in the first period are altered. In our current setting,

bidding one’s true cost is a dominant strategy, which simplifies the analysis and

avoids the need for distributional assumptions regarding supplier types. However,

if suppliers anticipate capturing a portion of future gains, they may choose to

bid below their costs to increase their probability of winning the contract. This

behavior reflects a willingness to incur short-term losses in exchange for expected

future gains. However, because these gains are uncertain and depend on both the

probability of inefficiency and the firm’s investment decision, bidding below cost

is not ex-post optimal. Consequently, dominant strategies no longer exist, and

optimal supplier offers become belief-dependent, requiring additional assumptions

regarding their type distributions for analysis. We expect the degree of distortion

in bidding behavior to increase with the size of the potential future gains. As

such, when the prospective gains are small, the supplier’s incentives remain closely

aligned with the baseline case analyzed in this study, and the qualitative nature

of our results is preserved.
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5.5.4 Assigning decisions to different managers

When it comes to attempts to mitigate the trade-off procurement managers face

in our model, two prominent possibilities come to mind. First, that of assigning

the qualification and investment decisions to different procurement managers.

This would remove the dynamic interdependence between bonus periods, ensuring

that qualification and investment decisions are not distorted by concerns about

future cost-saving targets. However, this approach might only work in markets

for commoditized goods, where deep knowledge of the product is not necessary

for a successful awarding and no significant synergy effects exist between initial

awarding and future price negotiations. Indeed, as illustrated by Cöster et al.

(2023), domain-specific expertise often prevents such a division of qualification

and investment decisions across more than one procurement manager.

5.5.5 Incentivizing action instead of outcome

Another possibility would be to make the bonus in t = 1 dependent not on

the price that was attained, but rather to explicitly incentivize managers to

build competition and strengthen the firm’s negotiation position. This fosters

supplier development and the qualification of new suppliers. Observe that even

when directly rewarding the manager for qualification, the fundamental trade-

off of the procurement manager remains unchanged: qualifying an additional

supplier increases the first-period bonus at the expense of the second-period bonus.

Moreover, there are also risks associated with such an approach, namely that

such incentives could lead to over-qualification or the inclusion of non-competitive

suppliers. As a result, such an incentive scheme need not necessarily reduce total

costs to the firm. In fact, if the procurement manager qualifies a high-cost inefficient

supplier, they are actually better off than under this incentive scheme than under
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the one we consider in our model. This is because such a qualification allows the

procurement manager to receive the first-period bonus without reducing their

second-period bonus. Therefore, incentive schemes that encourage the creation of

competition require, among other safeguards, a performance measurement system

that looks at more than just the number of qualified suppliers.

5.6 Conclusion

In this paper, we formally examine the trade-offs faced by a procurement manager

with cost-saving incentives. In our model, the procurement manager makes

qualification and investment decisions on the firm’s behalf. While both qualification

and investment reduce procurement costs, we show that there is an inherent trade-

off in any incentive scheme that solely rewards cost savings: achieving low costs

upfront makes future cost savings harder to attain.

In our model, this means that there is a conflict between qualification and

investment for the procurement manager. Specifically, qualifying an additional

supplier enhances competition and increases the manager’s first-period bonus, but

simultaneously reduces the scope for achieving savings in subsequent negotiations,

thereby lowering the second-period bonus. As a result, we show that—even under

optimal incentivization—delegation of qualification and investment decisions to

procurement managers directly translates into higher procurement expenses for the

firm. This result formalizes the anecdotal evidence we have previously discussed

regarding procurement managers not acting in the firm’s best interest whenever

they are offered cost-saving incentives.

The managerial implications of this are clear: firms should holistically consider

the incentives their procurement managers face. What appears straightforward at

first—rewarding managers for driving down costs—proves counterproductive when
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considered in a larger context. Managers are forced to trade-off between short-term

and long-term bonuses, resulting in decisions that undermine the firm’s broader

sourcing strategy. While our model outlines that a firm’s ability to commit to an

incentive scheme upfront can mitigate these trade-offs, we also show that outcomes

remain inefficient. This highlights the limitations of purely savings-based incentive

schemes. Moreover, as discussed above, overcoming this problem in practice may

prove difficult. Domain-specific expertise often prohibits the simple splitting of

qualification and investment decisions across different procurement managers.

Similarly, incentivizing the creation of competition instead of rewarding low

prices may result in over-qualification or even the qualification of non-competitive

suppliers.

All in all, our analysis shows that designing effective incentive schemes in

the field of procurement is a problem of dynamic optimization rather than static

measurement. Future research could contribute by developing incentive schemes

along the proposed lines that are applicable in practice.
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Appendix of Chapter 5

5.A Appendix

5.A.1 Appendix: First-best

Proposition 20. In all cases in which investment takes place at at least one
price realization (at least one cut-off price is below 2), there exists ī for which
investment is lower under delegation than under first-best.

Proof. Observe that proposition 14 holds for all ī. The claim immediately

follows.

Proposition 21. In all cases in which investment takes place at at least one
price realization (at least one cut-off price is below 2), there exists ī for which
qualification is lower under delegation than under first-best.

Proof. Observe first that, by definition, qualification can never be higher

under delegation. For certain values of ī, the qualification decision does not differ

across delegation and first-best. However, in the delegation setting, the firm

must account for the procurement manager’s conflict between qualification and

investment. This results in an expected payment to the manager in t = 1 that

is greater than q. In other words, to get the manager to qualify, the firm must

compensate the manager for more than the qualification costs. This implies that

there exist values for ī for which qualification occurs under first-best, but not

under delegation.

To see this, consider the case of q = qF B. That is, q is equal to the highest

qualification cost for which the firm will qualify the additional supplier under

first-best. Above, we have just argued above that under delegation, managers

need be over-compensated for qualification. As such, for the ī for which q = qF B,

the firm will not incentivize the manager to qualify.
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5.A.2 Appendix: No-commitment

Derivation of the maximum qualification cost per interval for which the firm is

willing to incentivize the manager:

Lemma 4. When ī ∈ [1
4 ,

3
10), the firm wants the manager to invest for P1 = 2 for

both n = 2 and n = 3 and incentivizes the manager to qualify whenever

q ≤ q
(1)
NC := 3

5 · (
81
128 + 21

128 ī) (5.9)

Proof. We know that for ī ∈ [1
4 ,

3
10), the firm wants the manager to invest for

P1 = 2 for both n = 2 and n = 3. That is, we have P̂NC = P̂ = 2. In this case

The manager’s total profit is then

1
16B1 + 7

64 ī (5.10)

for n = 2, and

5
32B1 + 5

128 ī− q (5.11)

for n = 3.

Using these two equations, we find that the manager will qualify the additional

supplier whenever the first-period bonus is at least

B∗1 = 32
3 q + 3

4 ī (5.12)

Does the firm incentivize the manager to qualify? This depends on the firm’s

total costs.

If the firm offers B∗1 , their total cost is given by
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TCn =


Pn[P1 = 0] ·B1, if B1 = B∗1

0, if B1 = 0

+
∑

p

Pn[p] · p+
∑

p<P̂NC

Pn[p] · (p− 1
4 · P

n[∆cs = 1|p]) +
∑

p≥P̂NC

Pn[p] · (p− Pn[∆cs = 1|p] + ī)

(5.13)

This gives us:

TCn=2 = 81
32 + 7

16 ī (5.14)

and

TCn=3 = 243
128 + 35

128 ī+ 5
3q (5.15)

Lemma 5. When ī ∈ [ 3
10 ,

9
28), the firm only incentivizes investment for P1 = 2 if

n = 2 and incentivizes the manager to qualify whenever

q ≤ q
(2)
NC := 3

5 · (
75
128 + 49

192 ī) (5.16)

Proof. We know that for ī ∈ [ 3
10 ,

9
28), the firm only incentivizes investment for

P1 = 2 if n = 2. In the case of n = 3, the firm does not incentivize investment;

formally, P̂ n=2
NC = P̂ = 2 and P̂ n=3

NC > 2.The manager’s total profit is then

1
16B1 + 7

64 ī (5.17)

for n = 2, and

5
32B1 − q (5.18)
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for n = 3.

Using these two equations, we find that the manager will qualify the additional

supplier whenever the first-period bonus is at least

B∗1 = 32
3 q + 7

6 ī (5.19)

Does the firm incentivize the manager to qualify? This depends on the firm’s

total cost.

Using eq. (5.13), firm total cost is

TCn=2 = 81
32 + 7

16 ī (5.20)

and

TCn=3 = 249
128 + 35

192 ī+ 5
3q (5.21)

We find that the firm incentivizes the manager to qualify whenever

q ≤ q
(2)
NC := 3

5 · (
75
128 + 49

192 ī) (5.22)

Lemma 6. When ī ∈ [ 9
28 ,

2
5 ], the firm never wants to incentivize the manager to

invest and but incentivizes the manager to qualify whenever

q ≤ q
(3)
NC := 3

5 ·
93
128 (5.23)

Proof. When ī ∈ [ 9
28 ,

2
5 ], the firm never wants to incentivize the manager to

invest. That is, P̂NC > 2. In other words, the firm offers no bonus in t = 2, and

thus, all manager types make zero profit in the second stage.

The manager’s total profit is then
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1
16B1 (5.24)

for n = 2, and

5
32B1 − q (5.25)

for n = 3.

Using these two equations, we find that the manager will qualify the additional

supplier whenever the first-period bonus is at least

B∗1 = 32
3 q (5.26)

Does the firm incentivize the manager to qualify? This depends on the firm’s

total cost.

Using eq. (5.13), firm total cost is

TCn=2 = 171
64 (5.27)

and

TCn=3 = 249
128 + 5

3q (5.28)

We therefore find that the firm incentivizes the manager to qualify whenever

q ≤ q
(3)
NC := 3

5 ·
93
128 (5.29)

This concludes the proof.
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5.A.3 Appendix: Commitment

Interval 1: ī ∈ [1
4 ,

3
10) In the no-commitment setting discussed above, we saw

that in t = 2, for all n, the firm incentivizes the manager to invest for P1 = 2.

Given this price realization, this is the firm’s optimal strategy. However, what if, at

the beginning of t = 1, the firm could credibly commit to a different second-period

bonus scheme?

First, note that offering B2 > B∗2 is not beneficial to the firm, as all manager

types already invest for B∗2 . Second, offering 0 < B2 < B∗2 is not beneficial either,

since under such a bonus, only low-cost managers invest, but these managers

would also do so for B2 = 0. Therefore, the only potentially beneficial alternative

is to commit setting B2 = 0.

We must analyze two subcases within Interval 1.

Sub-case (i): q ≤ q
(1)
NC In the no-commitment setting, the firm incentivizes the

manager to qualify and invest for all n. In the commitment setting, the firm has

two additional options available: (a) incentivize investment only for n = 2, or (b)

refrain from incentivizing investment altogether.

Comparing eq. (5.15) with eq. (5.21), we find that deviating to option (a) is

only worthwhile for values of ī larger than the maximum value of ī in Case 1,

which is a contradiction.

By comparing eq. (5.15) with eq. (5.28), we find that option (b) yields a lower

total cost to the firm for all values of ī permitted in Case 1. In other words, the

ability to commit to an ex-post suboptimal bonus scheme in t = 2 is beneficial for

the firm.
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Sub-case (ii): q > q
(1)
NC In the no-commitment setting, the firm does not

incentivize qualification, but it incentivizes investment for all n. In the commitment

setting, the firm has three other options available: (a) do not incentivize investment

at all, (b) incentivize qualification but investment only for n = 2, and (c) incentivize

qualification but no investment.

For option (a), comparing eq. (5.14) with eq. (5.27), we find a contradiction

for the investment cost ī.

Similarly, for option (b), comparing eq. (5.14) with eq. (5.21), we find a

contradiction for the qualification cost q.

However, comparing eq. (5.14) with eq. (5.28), we find that option (c) is worth

it ∀q ∈ (q(1)
NC , qC), with

qC := 3
5 · (

75
128 + 7

16 ī) (5.30)

In summary, for Interval 1, we find that through decreased investment and

increased qualification, the commitment setting leads to lower total cost to the

firm vis-à-vis the no-commitment setting.

Interval 2: ī ∈ [ 3
10 ,

9
28) In the no-commitment setting, in t = 2, the firm

incentivizes the manager to invest only for n = 2.

Similar to the above, we must analyze two sub-cases within Interval 2.

Sub-case (i): q ≤ q
(2)
NC In the no-commitment setting, the firm incentivizes

qualification but not investment. Since no investment takes place in the no-

commitment setting, for this sub-case, there is no difference between commitment
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and no-commitment.

Sub-case (ii): q > q
(2)
NC In the no-commitment setting, the firm does not incen-

tivize qualification, but it incentivizes investment for n = 2. In the commitment

setting, the firm has two other options available: (a) do not incentivize investment

at all, and (b) incentivize qualification but no investment.

For option (a), comparing eq. (5.20) with eq. (5.27), we find a contradiction

for the investment cost ī.

However, comparing eq. (5.20) with eq. (5.28), we find that option (b) is

beneficial ∀q ∈ (q(2)
NC , qC), with qC as defined above.

In summary, for Interval 2, we find that through decreased investment and

increased qualification, the commitment setting leads to lower total costs to the

firm vis-à-vis the no-commitment setting.
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